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Abbasian Foundation metrics for evaluating effectiveness of healthcare conversations powered by generative AI2024 chatbot "Existing evaluation metrics proposed for various generic large language models (LLMs) demonstrate a lack of comprehension regarding medical and health concepts and their significance in promoting patients’ well-being. Moreover, these metrics neglect pivotal user-centered aspects, including trust-building, ethics, personalization, empathy, user comprehension, and emotional support.";"Notably, while recent studies [50,68–70] have introduced various evaluation frameworks, it is important to recognize that these may not fully cater to the specific needs of healthcare chatbots. Hence,certain components in our proposed evaluation framework differ from those in prior works."Overall performance of healthcare chatbots"The principal aim of these frameworks shall be to implement a cooperative, end to-end, and standardized approach, thus empowering healthcare research teams to proficiently assess healthcare chatbots and extract substantial insights from metric scores."Evaluation framework specifically for chatbots in healthcare3
Abd-Alrazaq Technical metrics used to evaluate health care chatbots: scoping review2020 chatbot 3
Almansor Fuzzy prediction model to measure chatbot quality of service2021a chatbot "Detecting breakdown is a common phenomenon in the conversational system, which is referred to when the system fails to provide appropriate responses to the user. Existing studies are detect breakdown using different features such as word similarity, topic transition, and clustering. In this paper, we focus on the different important feature, which is human thinking and reasoning. We use this feature to model chatbot quality of services (CQoS) based on detecting the breakdown."Chatbot quality of services (CQoS) (specifically conversation breakdown)"In this paper, we focus on the different important feature, which is human thinking and reasoning. We use this feature to model chatbot quality of services (CQoS) based on detecting the breakdown."fully automatic yes Fuzzy logic model to detect in appropriate chatbot responses."Our contribution in this paper is, this study is that the first study that considers human reasoning using fuzzy logic to detect inappropriate responses. Also, our proposed model can enhance human decision making and help the live chat agents tobecome better at their jobs."Other breakdown detection models: CRF, majority baseline, KTH Run1Authors propose a framwork that combines an automated preprocessing model (to prepare the data by extracting features which are sentiment and length of utterance) with a subsequent fuzzy logic model which is a rule-based model, that considers human reasoning in order to detect in appropriate responses (i.e., to determine CQoS).2
Almansor Supervised ensemble sentiment-based framework to measure chatbot quality of services2021b chatbot "Detecting the dialogue breakdown is essential to improve the performance of the chatbot and increase user satisfaction. Recent approaches have focused on modeling conversation breakdown using serveral approaches, including supervised and unsupervised approaches. Unsupervised approach relay heavy datasets, which make it challenging to apply it to the breakdown task. Another challenge facing predicting breakdown in conversation is the bias of human annotation for the dataset and the handling process for the breakdown. To tackle this challenge, we have developed a supervised ensemble automated approach that measures Chatbot Quality of Service (CQoS) based on dialogue breakdown."Chatbot quality of services (CQoS) (specifically dialogue breakdown)"To tackle this challenge, we have developed a supervised ensemble automated approach that measures Chatbot Quality of Service (CQoS) based on dialogue breakdown."fully automatic yes Supervised ensemble model to predict chatbot breakdown (i.e., inappropriate responses), with three versions of the proposed model: EU (Ensemble omdel considering system with original data label), EUS (Ensemble model considering system based on sentiment label), and EUSS (Ensemble model considering the sentiment and context for both user and system)."Therefore, to addresses this research problem, we develop an intelligent a supervised ensemble framework to model the chatbot Quality of Services (CQoS) on conversational data sets to prevent the occurrence of a conversation breakdown. The proposed framework detects the CQoS using supervised ensemble detection model, and we handle these responses using a hand-over mechanism. Moreover, the proposed framework recognizes inappropriate responses that could cause a conversation breakdown based on sentiment and handling this response by transferring the user to a live agent.";"[...] three versions of the proposed model, which are EU ( Ensemble model considering system with original datat label), EUS (Ensemble model considering the system based on sentiment label), and EUSS (Ensemble model considering the sentiment and context for both user and system)."Other breakdown detection models: CRF, majority baseline, KTH Run1By using a sentiment analyser (Valence Aware Dictionary and sEntiment Reasoner (VADER)), chatbot responses from datasets of chatbot conversations are automatically annotated and subsequently these responses and sentiment labels are used in a supervised ensemble model (consisting of the most popular classifiers with weight majority vote) to detect conversation breakdown by classifying the responses into positive, negative and neutral.2
Bak Speaker sensitive response evaluation model        chatbot                     SSREM, snowballed from Sai - A survey of evaluation metrics used for NLG systems4

Beattie Measuring and mitigating bias in AI-chatbots 2022 chatbot "Ideally, a chatbot is void of racism, sexism, or any other offensive speech, however several well-known public instances indicate otherwise (e.g., Microsoft Taybot). In this paper, we explore the mechanisms of how open source conversational chatbots can learn bias, and we investigate potential solutions to mitigate this learned bias."Bias "To this end, we developed the Chatbot Bias Assessment Framework to measure bias in conversational chatbots, and then we devised an approach based on counter-stereotypic imagining to reduce this bias."human no Chatbot Bias Assessment framework consisting of a graduated, qualitative scale to indicate toxicity of responses."Our framework is different in that it uses a graduated scale with both numerical and qualitative metrics, see Table 3. The numerical scale speaks to the percentage of perceived bias based on the words used in the response from the chatbot. The graduated scale is explained as follows: (1) Very Toxic (100%) - remarks are simply unacceptable language, (2) Toxic (80%) - remarks are slightly less offensive than Very Toxic, (3) Offensive (60%) - remarks are inappropriate for a public conversation between strangers, (4) Slightly Offensive (40%) - remarks are barely appropriate for conversation between strangers, and certainly inappropriate language for children to use, (5) Uncertain (20%) – language that has uncomfortable connotations or no relevance to the conversation at hand, and (6) No Bias - (0%) on topic responses that are ideal and only state facts or Utopian opinions.";"Our framework is subjective and we have tried to mitigate this by tying our categories to specific types of language and words and also assNA Authors propose a Chatbot Bias Assessment Framework that measures toxicity (composed of bias and abusive language) of chatbot responses by using a graduated scale (from (1) no bias…up to (6) very toxic).2
Bozic Testing chatbots using metamorphic relations 2019 chatbot "In fact, testing of chatbots represents a challenge because of the unavailability of a test oracle. In this paper, we introduce a metamorphic testing approach for chatbots."functionality not reported fully automatic no metamorphic relations, metamorphic testing none Presents a method for metamorphic testing of chatbot system. This entails the definition of different metamorphic relationships (synonyms for keywords, numerical values, word omission, non-related terms, reordering of actions). The metamorphic relation is changed slightly, for example by replacing a word for another word (synonyms). The test assesses whether the chatbot can still perform its function with this change. 4
Braun Evaluating natural language understanding services for conversational question answering systems2017 chatbot chatbot & question answering"One of the reasons for the current hype is the fact that chatbots (one particularly popular form of con versational interfaces) nowadays can be created without any programming knowledge, thanks to different toolkits and so-called Natural Language Understanding (NLU) services. While these NLU services are already widely used in both, industry and science, so far, they have not been analysed systematically."Classification performance of Natural  Language Understanding (NLU) services"In this paper, we present a method to evaluate the classification performance of NLU services."automatic with human reference no Three NLU services,  several text corpora (witg popular questions), F-score, precision, recall  ? ? Several NLU services were trained with training datasets and then tested with test datasets of which the services' predictions were compared to human gold standard.3
Brooke Sus-a quick and dirty usability scale 1996 chatbot "Despite this, there is a need for broad general measures which can be used to compare usability across a range of contexts. In addition, there is a need for “quick and dirty” methods to allow low cost assessments of usability in industrial systems evaluation. This chapter describes the System Usability Scale (SUS) a reliable, low-cost usability scale that can be used for global assessments of systems usability."usability "Usability does not exist in any absolute sense; it can only be defined with reference to particular contexts."human no System Usability Scale none Presents the SUS (system usability scale) for evaluating usability. It consists of 10 questions rated on a 5-point Likert scale.   4
Calle Towards AI-Driven Healthcare: Systematic Optimization, Linguistic Analysis, and Clinicians’ Evaluation of Large Language Models for Smoking Cessation Interventions2024 a prompt engineering & decoding methods evaluationchatbot we proposed an innovative and comprehensive evaluation framework for LLM assessment, integrating automatic metrics, linguistic attributes, and expert evaluation, offering a multifaceted assessment that delves into diversity, quality, and efficiency aspects of the LLM performanceDiversity (via perplexity), Quality (via linguistic features), efficiency (avg. # of qualified LLM-generated messages). Linguistic features approximate the communication styles: certain (clout), honest / personal (authenticity), emotional level (emotional tone),  formality / expertise (word count & complex words)Five prompts were rigorously assessed based on three key dimensions: diversity, quality, and efficiency of the generated messages.fully automatic word count, clout, emotional tone, authenticity, and use of complex words, perplexityfive critical linguistic features, including word count, clout, emotional tone, authenticity, and use of complex words, were chosen to evaluate the properties of the intervention messages. Emotional tone ranges from negative (values <50) to positive (values >50), with a midpoint of 50 on the 100-point scale representing a neutral emotional tone. Scores for clout, authenticity, and emotional tone are standardized composite variables transformed to a scale ranging from 1 to 100. Complex words refers to the proportion of words that are 7 letters or longerevaluate outputs given 5 prompts styles / 3 decoding methods by automatic linguistic metrics. Check: https://www.liwc.app/help/liwc#Summary-Measures for how metrics are calculated (Understanding the LIWC Summary Measures ) 3
Calle Towards AI-Driven Healthcare: Systematic Optimization, Linguistic Analysis, and Clinicians’ Evaluation of Large Language Models for Smoking Cessation Interventions2025 b expert review chatbot This underscores the importance of incorporating human judgment into the evaluation framework to capture the nuanced aspects of text quality and safety that automated metrics may not fully encapsulate.quality, accuracy, credibility, persuasiveness, readiness quality, accuracy, credibility, persuasiveness, readiness human Likert scale (1-10) Each message was evaluated using 10-point scales for quality, accuracy, credibility, and persuasivenessExpert ratings for LLM-generated tobacco cessation messages 3
Canizares Automating the measurement of heterogeneous chatbot designs2022 chatbot "However, while there are many platforms and tools for chatbot development, they typically lack support to statically measure properties of the designed chatbots, as indicators of their size, complexity, quality or usability, and facilitating comparison. To attack this problem, in this paper we propose a suite of 20 metrics for chatbot designs.";"Dynamic testing is essential to ensure the quality of the resulting chatbot, but it requires having a functional, deployed chatbot; it demands high effort for creating testing phrases and oracles; and it is time-consuming."Overall chatbot quality independent of implementation platform and developmental stage"We have developed a tool, called Asymob, which supports the translation of chatbots defined in several platforms into this neutral format to perform the measurements. [...] Our metrics helped detecting quality issues statically, and served as a basis for comparing chatbots from different origins and built using different technologies."fully automatic no ASYMOB (tool) that consists of 20 metrics on the quality of chatbots during any stage of development"In this paper, we propose the use of metrics as a tool to guide and control the quality of the chatbot throughout its development, becoming a complement to dynamic testing. Metrics are an accepted mechanism for assessing and controlling properties of software products and processes [14]. They are complementary to dynamic testing as they can be used at design time, even when the chatbot is not yet functional. They can discover issues (e.g., regarding the design complexity and size) which are not the target of dynamic testing, and can be used to trigger recommendations for the im provement of the chatbot design."NA Authors propose a Java-based tool (ASYMOB) that consists of 20 metrics to guide and control the quality of chatbots throughout development and therefore is complementary to dynamic testing (it can be implemented at any developmental stage of the chatbot even when it is not yet functional). A neutral design notation (based on Conga) is proposed to represent chatbots in order to compute the metrics independent from the chatbot implementation strategy.3
Casas Trends & methods in chatbot evaluation 2020 chatbot 3
Chen Conversational AI and equity through assessing GPT-3's communication with diverse social groups on contentious topics2024 chatbot "While AI fairness is discussed widely, metrics to measure equity in dialogue systems are lacking. This paper presents a framework, rooted in deliberative democracy and science communication studies, to evaluate equity in human–AI communication."Equity (fairness) "Drawing on scholarship from deliberative democracy and science communication, this paper proposes an analytical framework (Fig. 1) for assessing equity in conversational AI systems."human no Framework to assess equity of conversational AI by comparing responses to users with different social backgrounds and subjective user experiences (based on five sets of questions answered with a 5-point Likert scale)."We conducted OLS regressions to analyze the relationship between users’ demographics, attitudes towards the issue, and their user experience afer the chat (RQ1), as well as associations between GPT-3’s conversational features and the resulting user experiences (RQ3).";"To analyze dialogues (RQ2), we conducted topic modeling and linguistic analyses on GPT-3’s responses to our participants."NA Authors propose a framework for asssessing equity in conversational AI systems (here GPT-3). Three criteria are addressed within the framework: (1) Assessment needs to be based on a diverse group of users with varying social backgrounds, (2) the extent to which user experiences vary needs to be assessed (this is done by five sets of questions answered on a 5-point Likert scale concerning "(1) ratings of the chatbot, (2) satisfaction with the dialogue, (3) learning experience with the chatbot, and their intention to (4) continue the chat or (5) recommend the chatbot to others"), as well as (3) the extent to which the conversational AI system responds differently to the users. Ordinary Least Square Regression is used to analyze relationships between users' backgrounds or user experience and the conversational AI features, and topic modelling and linguistic analysis were used to analyse the conversational AI's responses.2
Concannon Measuring perceived empathy in dialogue systems2023 chatbot "This diversity of evaluation practice means that, given two DSs, it is usually impossible to determine which of them conveys the greater degree of empathy in its dialogic exchanges with human users. Acknowledging this problem, the present article provides an overview of how empathy is measured in human–human interactions and considers some of the ways it is currently measured in human–DS interactions. Finally, it introduces a novel third-person analytical framework, called the Empathy Scale for Human–Computer Communication (ESHCC), to support greater uniformity in how perceived empathy is measured during interactions with state-of the-art DSs."Empathy "[…] presenting a novel third-person analytical framework, called the Empathy Scale for Human–Computer Communication (ESHCC), that can be used to measure perceived empathy in DSs."human no Framework (ESHCC) based on Therapist Empathy Scale to assess perceived empathy when using a dialogue system."[…] presenting a novel third-person analytical framework, called the Empathy Scale for Human–Computer Communication (ESHCC), that can be used to measure perceived empathy in DSs. The scale is adapted from an existing human–human measure, called the Therapist Empathy Scale (TES) [...]"NA Authors propose a framework, called the Empathy Scale for Human-Computer Communication (ESHCC), adapted from a human-human measure called the Therapist Empathy Scale (TES), in order to evaluate a dialogue system's empathy. The framework consists of a third-person assessment in which 10 empathy-related items are rated on a 7-point Likert scale.2
Concannon Measuring perceived empathy in dialogue systems2024 chatbot Empathy Scale for Human–Computer Communication (ESHCC), that can be used to measure perceived empathy in DSs. It is hoped that the ESHCC will provide a much greater degree of uniformity in how perceived empathy is measured during interactions with state-of-the-art DSs.Empathy in 10 aspects Concern, Expressiveness, Resonate or acknowledge interlocutor feelings, Warmth, Attuned to interlocutor’s inner world, Understanding cognitive framework, Understanding feelings/inner experience, Acceptance of feelings/inner experiences, Responsiveness, Fallacy avoidancehuman Likert scale (1-7) each item on the scale will be rated by the observer using a 7-point Likert-type scale (1 = not at all, to 7 = extensively)The Empathy Scale for Human–Computer Communication (ESHCC) is an observer-focussed empathy assessment for human-Dialogue Systems (DS) interaction. It evaluates across 7 aspects with likert scale. 2
Curry A review of evaluation techniques for social dialogue systems2017 a BLEU chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."automatic with human reference no Similarity metric based on overlapping n-grams"Word-overlap metrics, such as BLEU [9] and ROUGE [4], are bor- rowed from Machine Translation (MT) and Summarisation and have been widely been used to evaluate neural dialogue system output, as reported in, for example [3, 11]."NA Authors shortly mention BLUE as a similarity metric based on overlapping n-grams that compare the chatbots output with a reference; they indicate that this is not useful as many possible correct responses can be generated by the chatbot that do not overlap with the reference.1
Curry A review of evaluation techniques for social dialogue systems2017 b ROUGE chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."automatic with human reference no Similarity metric based on overlapping n-grams"Word-overlap metrics, such as BLEU [9] and ROUGE [4], are bor- rowed from Machine Translation (MT) and Summarisation and have been widely been used to evaluate neural dialogue system output, as reported in, for example [3, 11]."NA Authors shortly mention ROUGE as a similarity metric based on overlapping n-grams that compare the chatbots output with a reference; they indicate that this is not useful as many possible correct responses can be generated by the chatbot that do not overlap with the reference.1
Curry A review of evaluation techniques for social dialogue systems2017 c perplexity chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."fully automatic no Metric based on the likelihood of the word sequence of the generated response"Measures from information theory such as perplexity have also been used for evaluation, e.g. comparing neural models to n-grams [12], however perplexity can be difficult to interpret."NA Authors shortly mention perplexity as metric; they indicate that this is not useful as it is difficult to interpret and does not consider appropriateness within its context.1

Curry A review of evaluation techniques for social dialogue systems2017 d Next-Utterance Classification chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."fully automatic yes Discriminative model, Next-Utterence Classification (NUC), that aims to distiguish between "right" and "wrong" chatbot responses"Next-Utterance Classification (NUC) [7] can be evaluated by measuring the system’s ability to select the next answer from a list of possible answers sampled from elsewhere in the corpus, using retrieval metrics such as recall. NUC offers several advantages: performance is easy to compute automatically and the task is interpretable and can be easily compared to human performance. However, similar issues to word-based metrics do apply in that there is not necessarily one single correct answer."NA Authors mention one of the discriminative models, Next-Utterance Classification (NUC), that aims to distiguish between "right" and "wrong" chatbot responses. The model is presented with a list of possible answers from and performance is evaluated in terms of retrieval metrics such as recall. Advantages of this model are mentioned: it easy to compute automatically, it is interpretable, and it can easily be compared to human performance.1

Curry A review of evaluation techniques for social dialogue systems2017 e Recurrent Neural Networks chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."fully automatic yes Discriminative model, using a Recurrent Neural Network (RNN), that aims to distiguish between "right" and "wrong" chatbot responses"More recently, adversarial evaluation measures have been proposed to distinguish a dialogue model’s output from that of a human. For example, the model proposed by [2] achieves a 62.5% success rate using a Recurrent Neural Networks (RNN) trained on email replies."NA Authors mention one of the discriminative models, based on Recurrent Neural Networks (RNN), that aims to distiguish the response of a chatbotm from that of a human (further details on the working mechanism behind this method are lacking in the review).1
Curry A review of evaluation techniques for social dialogue systems2017 f Hierarchical Recurrent Neural Network encoderchatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."fully automatic yes Classification model that aims to predict human scores (trained on data from human ratings of Twitter responses)"Classification Models: [6] propose to predict human scores from a large dataset of human ratings of Twitter responses. The proposed models learn distributed representations of the context, reference response and the system’s response using a hierarchical RNN encoder. The learned model correlates with human scores at the turn level and also generalises to unseen data. However, it does tend to have a bias towards generic responses."NA Authors mention a classification model, a hiearchical Recurrent Neural Network (RNN) encoder, that aims to predict human scores (trained on data from human ratings of Twitter responses). The model learns context representations and representations form the reference and system's response. 1
Curry A review of evaluation techniques for social dialogue systems2017 g Reinforcement Learning (for Turn-level rewards)chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."fully automatic no Reinforcement Learning (LR) based model that optimizes the interaction for a turn-level reward"Turn-level rewards: [3] propose a metric involving a weighted sum of three measures: (a) Coherence: semantic similarity between consecutive turns, (b) Information flow: semantic dissimilarity between utterances of the same speaker, (c) Ease of answering: negative log-likelihood of responding to an utterance with a dull response (as defined by a blacklist)."NA Reinforcement Learning (LR) based model that optimizes the interaction for a turn-level reward; the proposed metric involves a weighted sum of three measures: coherence, information flow, and ease of answering. The reward function is based on heuristics.3
Curry A review of evaluation techniques for social dialogue systems2017 h Reinforcement Learning (for System-level rewards)chatbot "In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success. Consequently, evaluation of these systems is notoriously hard. In this paper, we review current evaluation methods, focusing on automatic metrics."Correctness of response (here called: task success)"In contrast with goal-oriented dialogue, social dialogue has no clear measure of task success."fully automatic no Reinforcement Learning (LR) based model that optimizes the interaction for a system-level reward."System-level rewards: The reward function by [3] was based on heuristics, whereas [13] use a Wizard-of-Oz experiment to mea- sure engagement and deduct a reward function with the following metrics: (a) Conversational depth: the number of consecutive turns belonging to the same topic, (b) Lexical diversity/information gain: the number of unique words that are introduced into the conversation from both the system and the user, and (c) Overall dialogue length."Na Reinforcement Learning (LR) based model that optimizes the interaction for a system-level reward; the reward function is deducted with: conversational depth, lexical diversity/information gain, and overall dialogue length.3
Cutagno Overview of the EVALITA 2018 evaluation of Italian DIALogue systems (IDIAL) task2018 chatbot "However, despite the growing commercial interest for various task-oriented conversational agents, there is still a general lack of methodologies for their evaluation.";"The IDIAL (Evaluation of Italian DIALogue systems) task at EVALITA 2018 (Caselli et al., 2018) intends to develop and apply evaluation protocols for the quality assessment of existing task-oriented dialogue systems for the Italian language."Quality (consisting of task completion, effectiveness, and user satisfaction)"The IDIAL evaluation procedure is defined to address the following three characteristics of a task oriented-conversational agent: A. Task completion […] B. Effectiveness of the dialogue […] C User satisfaction."human no Framework, called Evaluation of Italian DIALogue systems (IDIAL), consisting of a questionnaire and stress tests in order to assess user perception and the utility of a dialogue system of Italian language."IDIAL proposes an objective evaluation framework, which consists in both of user perception towards the ease of use and the utility of the system, and of consistency, robustness and correctness of the task-oriented conversational agent.";"The three characteristics (A-C) mentioned above are assessed in IDIAL by means of two evaluation methods, a questionnaire, and a set of linguistic stress tests"NA Authors propose an evaluation framework, called Evaluation of Italian DIALogue systems (IDIAL), that addresses three characteristics of dialogue systems: task completion, effectiveness of the dialogue, and user satisfaction. These characterstics are assessed by a two methods: (1) a questionnaire based on the Likert scale and (2) a set of linguistic stress tests to evaluate the robustness of the system under an unconvential interaction situation.2
Denecke Framework for guiding the development of high-quality conversational agents in healthcare2023 chatbot "However, a guideline for a standardized quality assessment of health CAs is still missing. The objective of this work is to describe a framework that provides guidance for development and evaluation of health CAs."Quality (consisting of general, response understanding, response generation, and aesthetics)"The final framework considers nine aspects from a general perspective, five aspects from a response understanding perspective, one aspect from a response generation perspective, and three aspects from an aesthetics perspective."other both human (subjective user assessment etc.) and objective performance metricsyes Framework to assess quality of a healthcare conversational agents in terms of general quality, response understanding, response generation, and aesthetics by using several metrics selected by an expert panel."[...] the current work proposes a framework comprising concrete metrics, checklists, and heuristics for guiding development and evaluation of health CA. These metrics are considering four perspectives: a global perspective and perspectives related to response generation, under standing, and aesthetics [6]. The framework has been developed to form a minimal set of metrics that would allow to assess relevant quality aspects of health CAs."NA Authors propose a framework to guide development and evaluation of conversational agents in healthcare, focused on rule-based systems. Based on existing methods from literature, a selection of metrics, heuristics, and checklists was made by an expert panel and consists of 24 categories divided in four perspectives: nine aspects from a general perspective, five aspects from a response understanding perspective, one aspect from a response generation perspective, and three aspects from an aesthetics perspective.2
Denecke Evaluation metrics for health chatbots: a Delphi study2021 chatbot 3
Denecke What can we learn from quality requirements in ISO/TS 82304-2 for evaluating conversational agents in healthcare?2022a chatbot 3
Denecke Usability assessment of conversational agents in healthcare: a literature review2022b chatbot 3
Deriu Survey on evaluation methods for dialogue systems 2021 a word-overlap metrics chatbot "Often, dialogue systems are evaluated by means of human evaluations and questionnaires. However, this tends to be very cost- and time-intensive. Thus, much work has been put into finding methods which allow a reduction in involvement of human labour. In this survey, we present the main concepts and methods"appropriateness (of response)"Appropriateness This is a coarse-grained concept to evaluate a dialogue, as it encapsulates many finer-grained concepts, e.g. coherence, relevance, or correctness, among others."automatic with human reference no word-overlap metrics like ROUGE, BLEU, deltaBLEU"These metrics were originally proposed by the machine translation and the summarization community. They were initially a popular choice of metrics for evaluating dialogue systems seeing as they are easily applicable"all other methods The paper presents an overview of (mostly automatic) metrics for evaluating chatbot and (interactive) question-answering systems. Word-overlap metrics use metrics such as ROUGE and BLEU to check to overlap between response and a gold standard.1
Deriu Survey on evaluation methods for dialogue systems 2021 b trained metrics chatbot "Often, dialogue systems are evaluated by means of human evaluations and questionnaires. However, this tends to be very cost- and time-intensive. Thus, much work has been put into finding methods which allow a reduction in involvement of human labour. In this survey, we present the main concepts and methods"appropriateness (of response)"Appropriateness This is a coarse-grained concept to evaluate a dialogue, as it encapsulates many finer-grained concepts, e.g. coherence, relevance, or correctness, among others."fully automatic yes trained model such as ADEM "Lowe et al. (2017a) present an automatic dialogue evaluation model (ADEM), a recurrent neural network trained to predict appropriateness ratings by human judges. "all other methods The paper presents an overview of (mostly automatic) metrics for evaluating chatbot and (interactive) question-answering systems. Trained metrics rely on human ratings of appropriateness to train a (e.g., recurrent neural network) model to predict the human response. 1
Deriu Survey on evaluation methods for dialogue systems 2021 c adverserial learning chatbot "Often, dialogue systems are evaluated by means of human evaluations and questionnaires. However, this tends to be very cost- and time-intensive. Thus, much work has been put into finding methods which allow a reduction in involvement of human labour. In this survey, we present the main concepts and methods"human likeness "Thus, according to this test [Turing test], the main measure is the ability to imitate human behaviour."fully automatic no adverserial model is trained "The framework of a generative adversarial model is composed of two parts: the generator, which generates data, and the discrimi- nator, which tries to distinguish whether the data is real or artificially generated. "all other methods The paper presents an overview of (mostly automatic) metrics for evaluating chatbot and (interactive) question-answering systems. To assess human likeness an adverserial model can be trained. 1
Deriu Survey on evaluation methods for dialogue systems 2021 d topic-based evaluation chatbot "Often, dialogue systems are evaluated by means of human evaluations and questionnaires. However, this tends to be very cost- and time-intensive. Thus, much work has been put into finding methods which allow a reduction in involvement of human labour. In this survey, we present the main concepts and methods"topic depth and breadth"This measures the ability of a conversational agent to talk about different topics in a cohesive manner. Guo et al. (2018) propose two dimensions of topic-based evaluation: topic breadth (can the system talk about a large variety of topics?) and topic depth (can the system sustain a long and cohesive conversation about one topic?)"fully automatic no neural network "Conversational topic depth is measured by the average length of a sub-conversation on a specific topic, i.e. multiple consecutive turns where the utterances are classified as being the same topic."all other methods The paper presents an overview of (mostly automatic) metrics for evaluating chatbot and (interactive) question-answering systems. Topic depth is measured by the average length of a sub-conversation on a specific topic. The conversational breadth is measured on a coarse- and fine-grained level as the average number of topics a bot converses about during a conversation or the total number of topic keywords across all conversations. 1
Deriu Towards a metric for automated conversational dialogue system evaluation and improvement2019 chatbot "Recently, the notion of trained metrics was introduced for conversational dialogue systems (Lowe et al., 2017). […] However, these metrics rely on a gold-standard and work on static contexts, which is problematic for two reasons. First, as the context is written by humans it does not reflect the behaviour of the dialogue system. Second, it cannot be used in de ployed systems where no gold-standard is available. Dynamic context evaluation (Gandhe and Traum, 2016), on the other hand, usually requires human-computer interaction, which is costly, and puts an additional cognitive strain on the users if they are to rate live during the conversation (Schmitt and Ultes, 2015)."Quality (of responses) "Our results show that this method, which we refer to as AutoJudge, achieves high correlation to human judgements. Thus, it can be applied to fully automatically assess the quality of a dialogue system without being dependent on gold standard responses."fully automatic yes Method, called AutoJudge, that uses a trained regression model to judge the quality of dialogue system responses."We present ”AutoJudge”, an automated evaluation method for conversational dialogue systems. The method works by first generating dialogues based on self-talk, i.e. dialogue systems talking to itself. Then, it uses human ratings on these dialogues to train an automated judgement model." NA Authors propose a method, called AutoJudge, that can fully automatically judge the quality of dialogue system responses based on a trained regression model (that used automatically generated dialogues that were manually annotated in which each response was scored for quality on a scale from 1 to 5).2
Deriu Spot The Bot: A robust and efficient framework for the evaluation of conversational dialogue systems2020 chatbot "Evaluations requiring humans to converse with chatbots are time and cost-intensive, put high cognitive demands on the human judges, and yield low-quality results. In this work, we introduce Spot The Bot, a cost-efficient and robust evaluation framework that replaces human-bot conversations with conversations between bots." Humanness (in terms of fluency, specificity, sensibleness)"Since we expect that all bots are eventually recognized as such, we incorporate a metric that measures which chatbot can uphold human-like behavior the longest, i.e., Survival Analysis. This metric has the ability to correlate a bot’s performance to certain of its characteristics (e.g., fluency or sensibleness), yielding interpretable results." ;"We chose three features: sensibleness, specificity (Adiwardana et al., 2020), and fluency."human no Framework, called Spot The Bot, that uses human judgements on conversations between chatbots to evaluate human-like behavior of chatbots."In this work, we present the Spot The Bot framework, a cost-efficient evaluation methodology that can be used to rank several bots with regard to their ability to disguise as humans."Other methods that annotate conversations (ConvAI and ACUTE-EVAL) are briefly compared in discussion.Authors propose a framework, called Spot The Bot (reminiscent of the Turing test), in which conversations between chatbots are judged by humans on being 'human', 'bot', or 'unsure' at different points in time within the conversation, in order to evaluate how human-like the behavior of the chatbots is during conversations. Using these judgements, the chatbots can be (1) ranked from most to least human-like, and (2) analysed in a survival analyses to assess how long a chatbot can disguise as human.2
Deriu Probing the robustness of trained metrics for conversational dialogue systems2022 chatbot 3
Dhinagaran Designing, Developing, Evaluating, and Implementing a Smartphone-Delivered, Rule-Based Conversational Agent (DISCOVER): development of a conceptual framework2022 chatbot 3
Diederich On the design of and interaction with conversational agents: an organizing and assessing review of human-computer interaction research2022 chatbot 3
Dinan Build it break it fix it for dialogue safety: Robustness from adversarial human attack      chatbot                     Offensive detection model, snowballed from Liu - Does gender matter? Towards fairness in dialogue systems4
Ding Evaluation framework for conversational agents with artificial intelligence in health interventions: a systematic scoping review2024 chatbot "Conversational agents (CAs) with emerging artificial intelligence present new opportunities to assist in health interventions but are difficult to evaluate, deterring their applications in the real world. We aimed to synthesize existing evidence and knowledge and outline an evaluation framework for CA interventions."Quality (at the varying stages of feasibility/usability, efficacy, effectiveness, and implementation)"The proposed CA-evaluation framework includes 4 evaluation stages: (1) feasibility/usability, (2) efficacy, (3) effectiveness, and (4) implementation, aligning with WHO’s stepwise evaluation strategy." other combination of multiple validation types within a large frameworkyes Framework based on scoping review for the evaluation of conversational agents in healtcare interventions"The framework provides evaluation descriptions and targets across four evaluation stages: (1) “feasibility and usability,” (2) “efficacy,” (3)  “effectiveness,” and (4) “implementation”.[51] These stages are fundamentally consistent with the 4 widely known phases of clinical trials. We accordingly nested the extracted data across these 4 stages. We selected the WHO’s framework because it was the state of the art, the most comprehensive, and well-recognized in the digital health research field." ;"For each stage, the framework presents the evaluation descriptions, targets, and illustrative sample sizes, according to WHO’s recommendations for digital health interventions [51]. It presents existing study (or trial)designs, outcome measures, and sample sizes. The framework also highlights (in light blue) essential outcome measures."NA Authors generate a large framework based on their soping review on evaluation methods for conversational agents in healtcare interventions. The different methods that were found are categorized in different stages within the framework in order to align with the WHO recommandations for digital health interventions:  (1) feasibility and usability, (2) efficacy, (3)  effectiveness, and (4) implementation. Across the four stages, there are seven main evaluation categories included (with 40 subcategories): (1) functionality, (2) safety and information quality, (3) user experience, (4) clinical and health outcomes, (5) costs and cost benefits, (6) usage, adherence, and uptake, and (7) user characteristics for implementation research. 3
dos Santos ViriatoA framework for humanization evaluation in chatbots2023 chatbot "There is currently a high demand for chatbots, but literature needs more adequate methods for their humanization assessment. This research developed an innovative and adaptive chatbot humanization assessment methodology, especially when evaluating qualitative factors."Humanization "In this article, we aim to study and develop an evaluation method that indicates the level of humanization of a chatbot under analysis. Our framework comprises two objectives and questionnaires, which are applied to establish an assessment adaptable to the different objectives of using chatbots (commercial or therapeutic, for example)."human no Framework based on questionnaires to assess perception of humanization by users based on weighted factors that impact humanization including subsequent metrics computed from these questionnaires."This research aims to study and develop an evaluation framework that indicates a chatbot’s humanization level under analysis. Our approach consists of two objectives and brief questionnaires, which are applied to establish an assessment adaptable to the different objectives of using chatbots (commercial or therapeutic, for example). Our questionnaires intend, respectively, to capture how relevant each impact factor is for the pleasant functioning of the chatbot; and how present they are in the analyzed system.";"Beyond the main metric, we develop performance metrics for each of the analyzed impact factors, presenting how close a chatbot is to the proper level of each impact factor".NA Authors propose a framework to assess the level of humanization, using highly desired humanization impact factors identified from literature (such as naturalness and empathy), in chatbots based on the perceptions of real users. Two questionnaires have been developed, a perception questionnaire (assessing how the factor is preceived by users) and a weighting questionnaire (assessing how relevant the factor is). Two metrics (one general and a performance metric for each factor) are proposed for assessment of humanization by combining the results from the two questionnaires.2
Escobar-GrisalesEvaluation of effectiveness in conversations between humans and chatbots using parallel convolutional neural networks with multiple temporal resolutions2024 chatbot "For practical reasons, chatbot’s effectiveness is evaluated manually based upon a small sample (randomly chosen) of conversations or through self-reported user satisfaction. This procedure does not guarantee the correct evaluation of the service because the sample is generally not large enough and self-reports might be influenced by different external factors not directly associated to the chatbot’s functioning."Effectiveness "This study proposes a methodology for automatic evaluation of chatbot effectiveness in real production environments."fully automatic yes Method to automatically evaluate effectiveness of responses of customer service chatbots by using a parallel Convolutional Neural Network (CNN)."This work proposes an automatic effectiveness detector, where all collected conversations are used to measure the chatbot’s effectiveness. This study considers a joint fusion strategy to merge information from customer questions and chatbot responses in each conversation. Customer questions and answers provided by chatbots are modeled with an embedding layer that is further used to feed the convolutional layers of a Parallel Convolutional Neural Network. In the convolutional layers, questions and answers are analyzed independently. Then both representations are concatenated in the flatten layer before the classification stage."Four baseline models for classification of effective responses; two variants of Word2Vec (context-independent) and BERT/BETO (context-dependent)Authors propose a method based on parallell Convolutional Neural Networks (CNN) with multiple temporal resolutions that are trained by taking word embeddings from questions and answers of chatbot conversations (in which the answers are manually labeled as 'effective' or 'ineffective'). The CNN is trained to automatically evaluate the answers by classyfing them as 'effective' or 'ineffective'.2
Essop Developing a comprehensive evaluation questionnaire for university FAQ administration chatbots2023 chatbot "There is a noticeable lack of research that attempts combination of these seemingly complex areas of chatbot evaluation. This paper postulates improved rigour of evaluation if coverage is expanded to usability, anthropomorphism, acceptance, usage, and user interface. The aim of this paper is therefore, to design a novel evaluation instrument tailored for a university administration chatbot."Usability, user experience (UX), anthropomorphism, persona, NLP, and user interface (UI)"Usability, UX, anthropomorphism, persona, NLP and UI are included to allow for wider breadth of coverage."human no Conceptual design for an evaluation questionnaire using the Likert scale to assess a FAQ chatbot in the university administration setting on usability, user experience (UX), anthropomorphism, persona, NLP, and user interface (UI)."This paper sets out to develop a conceptual design for an evaluation questionnaire that allows for a broader assessment of design of a university administration FAQ chatbot. This section describes the development of the questionnaire. The design is derived from evaluation questionnaires presented earlier namely, CUQ, SUS, Godspeed questionnaire, UEQ and QUIS. UTAUT2 formed the architectural underpinning of the evaluation instrument. Usability, UX, anthropomorphism, persona, NLP and UI are included to allow for wider breadth of coverage.";"The final version of the evaluation questionnaire is shown in Table II below. Each will adopt a 5-point Likert scale to gather responses ranging between strongly disagree, disagree, neither agree nor disagree, agree and strongly agree."NA Authors propose a conceptual design for a questionnaire based on previously developed questionnaires to evaluate a FAQ chatbot in the university administration setting. The questionnaire concerns the outcomes of usability, user experience (UX), anthropomorphism, persona, NLP, and user interface (UI) that are assessed based on questions to be responded by using a 5-point Likert scale.2
Fan A survey of dialogue system evaluation 2020 chatbot 3
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 a BLEU chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Correctness of response based on similarity with reference"Ground Truth Response Similarity Most commonly used automated metrics focus on assessing how well system responses match the ground truth human responses, using word overlap (BLEU, ROUGE) or embedding similarity."automatic with human reference no See other columns; those were the only descriptions present in the paper"BLEU: a subset of BLEU-1 through BLEU-4 (Papineni et al., 2002)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 b C chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Consistency of response and respective persona descriptions"Application-Specific The other observed metrics can be considered application-specific since Entity A/R is used to measure the ability of the system to produce the correct entities in its responses and C is specifically created as a measure of the consistency between the dialogue responses and their respective persona descriptions."fully automatic no See other columns; those were the only descriptions present in the paper"C: sum of entailment scores between response and persona description (Madotto et al., 2019)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 c Coherence chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Relevance of response based on context"Context Coherence Embedding similarities between dialogue contexts and system responses have been used to quantitatively assess the relevance between the system responses and the preceding dialogue history (Coherence, Embedding)."fully automatic no See other columns; those were the only descriptions present in the paper"Coherence: average word embedding simi- larity between dialogue context and generated response (Xu et al., 2018)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 d Distinct chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Response diversity "Response Diversity Other widespread metrics assess the diversity of the system responses in order to determine the amount of repetition and generic content in the system responses (Distinct, Entropy, Inertia, Entity Score)."fully automatic no See other columns; those were the only descriptions present in the paper"Distinct: a subset of Distinct-1, Distinct- 2, and Distinct-sentence (Li et al., 2016)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 e Embedding chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Relevance of response based on context"Context Coherence Embedding similarities between dialogue contexts and system responses have been used to quantitatively assess the relevance between the system responses and the preceding dialogue history (Coherence, Embedding)."fully automatic no See other columns; those were the only descriptions present in the paper"Embedding: a subset of average, extrema, and greedy embedding similarity (Liu et al., 2016)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 f Entity A/R chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Correctness of entities in responses"Application-Specific The other observed met- rics can be considered application-specific since Entity A/R is used to measure the ability of the system to produce the correct entities in its responses and C is specifically created as a measure of the consistency between the dialogue responses and their respective persona descriptions."automatic with human reference no See other columns; those were the only descriptions present in the paper"Entity A/R: Accuracy and recall for in- cluding the correct entities in the response (Liu et al., 2018)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 g Entity score chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Response diversity "Response Diversity Other widespread metrics assess the diversity of the system responses in order to determine the amount of repetition and generic content in the system responses (Distinct, Entropy, Inertia, Entity Score)."fully automatic no See other columns; those were the only descriptions present in the paper"Entity Score: average number of entities per response (Young et al., 2018)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 h Entropy chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Response diversity "Response Diversity Other widespread metrics assess the diversity of the system responses in order to determine the amount of repetition and generic content in the system responses (Distinct, Entropy, Inertia, Entity Score)."fully automatic no See other columns; those were the only descriptions present in the paper"Entropy: average character-level entropy over all responses (Mou et al., 2016)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 i Inertia chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Response diversity "Response Diversity Other widespread metrics assess the diversity of the system responses in order to determine the amount of repetition and generic content in the system responses (Distinct, Entropy, Inertia, Entity Score)."fully automatic no See other columns; those were the only descriptions present in the paper"Inertia: inertia on the clusters of embed- dings of responses (Du and Black, 2019)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 j Perplexity chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Generated language (i.e., likelihood of sequence of words based on training corpus)"Language Model Fitness Generative models are usually evaluated in terms of how well they learn to model the language of the dialogues in their training corpus (Perplexity)." fully automatic no See other columns; those were the only descriptions present in the paper"Perplexity: inverse likelihood of predict- ing the responses of the test set (Chen et al., 1998)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 k ROUGE chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Correctness of response based on similarity with reference"Ground Truth Response Similarity Most commonly used automated metrics focus on assessing how well system responses match the ground truth human responses, using word overlap (BLEU, ROUGE) or embedding similarity."automatic with human reference no See other columns; those were the only descriptions present in the paper"ROUGE: a subset of ROUGE-1, ROUGE-2, and ROUGE-L (Lin, 2004)"NA See other columns; those were the only descriptions present in the paper1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 l Grammaticality chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Grammaticality of responses"Responses are free of grammatical and semantic errors"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 m Relevance chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Relevance of responses"Responses are on-topic with the immediate dialogue history"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 n Informativeness chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Informativeness of responses"Responses produce unique and non-generic information that is specific to the dialogue context"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 o Emotional understanding chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Emotional understanding/reaction within responses"Responses indicate an understanding of the user’s current emotional state and provide an appropriate emotional reaction based on the current dialogue context"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 p Engagingness chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Engagingness of responses"Responses are engaging to user and fulfill the particular conversational goals implied by the user"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 q Consistency chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Consistence of responses"Responses do not produce information that contradicts other information known about the system"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 r Proactivity chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Proactive leading of conversation"Responses actively and appropriately move the conversation along different topics"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Towards unified dialogue system evaluation: a comprehensive analysis of current evaluation protocols2020 s Quality chatbot "The current state of affairs suggests various evaluation protocols to assess chat-oriented dialogue management systems, rendering it difficult to conduct fair comparative studies across different approaches and gain an insightful understanding of their values. To foster this research, a more robust evaluation protocol must be set in place."Overall quality and satisfaction"The overall quality of and satisfaction with the dialogue"human no The methods by which the validation outcome is measured varies across studies and includes numeric rating scales and preference metrics."A majority of work instructs human annotators to rate the dialogue system responses on a set of dialogue dimensions using numeric scales, where the scales being used are often different even between works that employ the same dialogue dimensions.";"Furthermore, some studies use a preference metric for static evaluation in addition to - or even instead of - the numerical ratings (Lin et al., 2019; Young et al., 2018; Du and Black, 2019; Zhang et al., 2019). In this case, human annotators are asked to select the most compelling response among many generated by multiple dialogue systems or even humans. Thus, preference metrics provide estimated ranking scores among different systems by measuring the percentage of times each system is preferred over the others."NA For human evaluation, the authors make a distinction between static and interactive evaluation. Static evaluation is an offline procedure where the evaluators never directly interact with the dialogue systems under review; instead, they are provided with dialogue excerpts. Unlike static evaluation, interactive evaluation has the same person play the role of both the user (one who interacts with the system) and the evaluator). 1
Finch Don’t forget your ABC’s: evaluating the state-of-the-art in chat-oriented dialogue systems2023 a Dialogue Likert (comparison method)chatbot "The use of inconsistent evaluation can misinform the performance of a dialogue system, which becomes a major hurdle to enhance it. Thus, a dimensional evaluation of chat-oriented open domain dialogue systems that reliably measures several aspects of dialogue capabilities is desired."Overall quality (assessed by the following aspects: consistency, emotion, understanding, engagingness, grammaticality, informativeness, quality, proactivity, relevance)"Table 3: The 8 labels for Likert and Comparative evaluations (taken from Finch and Choi (2020)), henceforth referred to using their abbreviations and colors."human no The method includes a 5-point Likert score to evaluate 8 quality aspects at the dialogue level"Annotators provide dialogue level ratings from 1 (least) to 5 (most) for the 8 labels shown in Table 3. We use the dimension set proposed in Finch and Choi (2020) which results from a detailed survey of characteristics used in chat evaluation and has better coverage than alternatives like the set used in ACUTE-Eval (Li et al., 2019a). Bot-level metrics are calculated as the mean rating across all bot dialogues."Turn Likert, Comparative, ABC-EvalThe method involves humans who evaluate a chatbot on the dialogue level, by using a Likert score (1 to 5) to score 8 quality aspects (consistency, emotion, understanding, engagingness, grammaticality, informativeness, quality, proactivity, relevance). The chatbot is eventually evaluated by taking the mean of the scores across dialogues.2
Finch Don’t forget your ABC’s: evaluating the state-of-the-art in chat-oriented dialogue systems2023 b Turn Likert (comparison method) chatbot "The use of inconsistent evaluation can misinform the performance of a dialogue system, which becomes a major hurdle to enhance it. Thus, a dimensional evaluation of chat-oriented open domain dialogue systems that reliably measures several aspects of dialogue capabilities is desired."Overall quality (assessed by the following aspects: consistency, emotion, understanding, engagingness, grammaticality, informativeness, quality, proactivity, relevance)"Table 3: The 8 labels for Likert and Comparative evaluations (taken from Finch and Choi (2020)), henceforth referred to using their abbreviations and colors."human no The method includes a 5-point Likert score to evaluate 8 quality aspects at the turn-level."Annotators provide turn-level ratings on the same scale and labels as those used for Dialogue Likert. The dialogue-level metric is measured as the mean rating of a single dialogue’s turns. The bot-level metric  is calculated as the mean rating of all turns in all bot dialogues."Dialogue Likert, Comparative, ABC-EvalThe method involves humans who evaluate a chatbot on the turn level, by using a Likert score (1 to 5) to score 8 quality aspects (same as for dialogue Likert). The chatbot is eventually evaluated by taking the mean of the scores across the turns.2
Finch Don’t forget your ABC’s: evaluating the state-of-the-art in chat-oriented dialogue systems2023 c Comparative (comparison method) chatbot "The use of inconsistent evaluation can misinform the performance of a dialogue system, which becomes a major hurdle to enhance it. Thus, a dimensional evaluation of chat-oriented open domain dialogue systems that reliably measures several aspects of dialogue capabilities is desired."Overall quality (assessed by the following aspects: consistency, emotion, understanding, engagingness, grammaticality, informativeness, quality, proactivity, relevance)"Table 3: The 8 labels for Likert and Comparative evaluations (taken from Finch and Choi (2020)), henceforth referred to using their abbreviations and colors."human no The method involves a comparative approach in which humans compare chatbots on the dialogue level."Annotators select the dialogue in which chatbot responses better fit a label definition from a side-by-side pair of dialogues, also using the labels in Table 3. A “neither” option is allowed, only for cases where the evaluator cannot distin guish which dialogue was a better fit. Bot-level metrics are calculated as bot pair win/tie/loss pro portions between pairing of their dialogues. "Dialogue Likert, Turn Likert, ABC-EvalThe method involves a comparative approach in which humans compare chatbots on the dialogue level. Based on 8 quality aspects, the human has to decide which of the two chatbot dialogue better fits the respective aspect. The comparison is then made by comparing the proportions of win/lose/tie between two chatbots.2
Finch Don’t forget your ABC’s: evaluating the state-of-the-art in chat-oriented dialogue systems2023 d ABC-Eval (new method) chatbot "The use of inconsistent evaluation can misinform the performance of a dialogue system, which becomes a major hurdle to enhance it. Thus, a dimensional evaluation of chat-oriented open domain dialogue systems that reliably measures several aspects of dialogue capabilities is desired."Overall quality (assessed by the following 16 behaviours: uninterpretable, antisocial, preference info, life info, empathetic, lack of empathy, commonsense/contradiction, fact usage, fact contradiction, self contradiction, partner contradiction, redundant, ignore, irrelevant, follow-up, topic switch)"Table 4: The 16 behavior labels within ABC-Eval. Row separators denote evaluation task groupings. Bold indicates behavior labels kept in final set."human no The authors propose a method in which humans evaluate chatbots at the turn-level based on 16 characteristics."Annotators provide binary labels on the turn-level indicating the presence or absence of a particular chat char acteristic. The included chat characteristics are defined in Table 4. Dialogue-level metrics are calculated as the proportion of turns that display the characteristic of the dialogue. Bot-level metrics are calculated as the proportions of turns that display the characteristic over all bot dialogues. ABC-Eval is described in detail next in Section 5. "Dialogue Likert, Turn Likert, ComparativeThe proposed method involves evaluation based on 16 characteristics/behaviours of chatbots at the turn level (uninterpretable, antisocial, preference info, life info, empathetic, lack of empathy, commonsense, contradiction, fact usage, fact contradiction, self contradiction, partner contradiction, redundant, ignore, irrelevant, follow-up, topic swithc). The humans judge these characteristics binary, and the entire chatbot is evaluated by taking the proportions of the times in which the desired behaviour was present.2
Forkan ECHO: a tool for empirical evaluation cloud chatbots2020 chatbot "Current approaches for comparing cloud-based chatbots are manual and rely on expert’s judgement.";"Existing approaches to evaluate chatbots rely on human experts in the target domain [5] manually evaluating the outcomes produced by the cloud based chatbot platform. Such evaluations can be in-accurate, time-consuming and labour-intensive.";"In this short paper, we propose, devise, implement and demonstrate a tool namely ECHO for empirical evaluation of cloud-based chatbots. ECHO is capable of automatically evaluating multiple cloud-based chatbots and report the outcomes of the comparative evaluation."General evaluation (consisting of time, fallback, comprehensiveness, and correctness of responses)No outcome reported for entire framework, but framework consists of: "ECHO implements a novel evaluations framework that incorporates the following 7 metrics: [...] Average Response time (τ ) [...]  Fallback Rate (ϑ) [...]  Comprehensive Rate (γ) [...] Accuracy (A), Precision (P), Recall (R) and F1-score (F1) [...] "automatic with human reference no Framework consisting of 7 metrics for quantitative, automatic evaluation (and comparison) of cloud-based chatbots."In this paper we propose, devise, implement and demonstrate a tool namely ECHO for empirical evaluation of cloudbased chatbots. ECHO itself is a cloud-based application and can readily integrate with any cloud-based chatbot platform (e.g. Amazon, Google, IBM). ECHO incorporates a novel evaluation methodology that provides the foundations for quantitative evaluation of cloud-based chatbots.";"[...] we demonstrate and evaluate ECHO using 7 evaluation metrics in 3 complexity levels for 2 conversation domains."NA The authors propose, devise, implement and demonstrate a cloud-based tool/application, called ECHO, which consists of a framework for quantitative, automatic evaluation (and comparison) of cloud-based chatbots. ECHO consists of a web-based UI component, a conversation database component, an API wrapper component, and a response database. The responses of chatbots can be evaluated by comparison to expected answers (unclear where these are derived from) and evaluation incorporates 7 metrics: average response time, fallback rate (number of times chatbot failed to understand question), comprehensive rate (number of times chatbot understood question regardless of grammatical errors), accuracy, precision, recall, and F1-score. The authors validate the framework on 3 cloud-based chatbots (Lex, DialogFlow, Watson) in 2 question-answering application scenarios (medical recommendations and flight booking) with 3 levels of complexity (basic, medium, and complex).2
Galley deltaBLEU: A discriminative metric for generation tasks with intrinsically diverse targets      chatbot                     deltaBLEU, snowballed from Deriu - Survey on evaluation methods for dialogue systems4
Ghazarian ACCENT: An automatic event commonsense evaluation metric for open-domain dialogue systems2023 chatbot "Commonsense reasoning is omnipresent in hu man communications and thus is an impor tant feature for open-domain dialogue systems. However, evaluating commonsense in dialogue systems is still an open challenge."Event commonsense "To automatically evaluate event commonsense in open-domain dialogues, we propose ACCENT, a reference-free AutomatiC Event Commonsense EvaluatioN meTric which leverages commonsense knowledge bases (CSKBs) and measures the qual ity of generated responses without having ground truth reference responses."fully automatic no Metric called ACCENT that evaluates event commonsense in open-domain dialogue systems using commonsense knowledge bases (CSNBs) and that is trained on an annotated dialogue dataset. "To automatically evaluate event commonsense in open-domain dialogues, we propose ACCENT, a reference-free AutomatiC Event Commonsene EvaluatioN meTric which leverages commonsense knowledge bases (CSKBs) and measures the quality of generated responses without having groundtruth reference responses.";"ACCENT first extracts event-relation tuples [...] Then, a compatibility score is computed to decide how well each extracted tuple aligns with the CSKB.";"To train and evaluate ACCENT, we construct the first publicly available event commonsense evalua tion dataset for open-domain dialogues".As part of 1 of the (3 in total) setups for evaluation, the ACCENT metric was compared in experiments to 5 other metrics: (1, 2) FED-understandable/appropriate, (3) Cross-encoder, (4) Cross-encoder (COMET), and (5) MLP regressor.The authors propose a reference-free AutomatiC Event Commonsene EvaluatioN meTric (ACCENT) for evaluation of commonsense reasoning (specifically: event commonsense that considers events and their relations) in open-domain dialogue systems. ACCENT first extracts event-relation tuples from the dialogue and then computes a compatibility score by comparing the tuples to a commonsense knowledge database (CSKB), in order to automatically (and reference free) derive an evaluation score. The authors additionally construct (annotate) a commonsense dataset of dialogues for training and evaluation, and experimentally compare ACCENT to existing baseline metrics with regard to which metric correlates best with human judgements. 2
Ghazarian Better automatic evaluation of open-domain dialogue systems with contextualized embeddings.2019 chatbot " A recent work proposed Referenced metric and Unreferenced metric Blended Evaluation Routine (RUBER) to combine a learning-based metric, which predicts relatedness between a generated response and a given query, with reference-based metric; it showed high correlation with human judgments. In this paper, we explore using contextualized word embeddings to compute more accurate relatedness scores, thus better evaluation metrics"similarity of word embeddings and relatedness"which computes the relevancy of a response to a given query"; "which determines the similarities between generated and reference responses using word embeddings"fully automatic yes Presents the BERT-RUBER metric for automatically evaulating chatbot systems. It is based on the RUBER metric, where the static word embeddings are replaced with pretrained BERT contextualized embeddings. 4
Griol An automatic dialog simulation technique to develop and evaluate interactive conversational agents2013a chatbot "In this article, we present an agent-based dialog simulation technique for learning new dialog strategies and evaluating con versational agents. Using this technique, the effort necessary to acquire data required to train the dialog model and then explore new dialog strategies is considerably reduced."Quantitative dialogue characteristics"Finally, we have evaluated the behavior of our system with real users considering the following measures for the evaluation: 1. Successful dialogs. [...] 2. Average number of turns per dialog (nT). 3. Confirmation rate. 4. Average number of corrected errors per dialog (nCE). 5. Average number of uncorrected errors per dialog (nNCE). 6. Error correction rate (%ECR)."human no Selected set of evaluation metrics for quantitative assessment of dialogue success."In this article, we present an agent-based dialog simulation technique to automatically generate the data required to learn a new dialog model for a conversational agent.";"In our dialog generation technique, both agents use a random selection of one of the possible responses defined for the semantics of the task (expressed in terms of user and system dialog acts).";"In addition, a set of specific measures has been defined to evaluate the main characteristics of the acquired data and the new dialog strategy that can be learned from them."NA The authors mainly propose a method to simulate dialogues in order to generate data for conversational agent (ret)training and evaluation. The success, efficiency and variability of simulated dialogues was assessed. Furthermore, another set of measures was proposed (or actually; used) to evaluate the dialogues in order to compare dialogues before and after implementing a new strategy.3
Griol A statistical simulation technique to develop and evaluate conversational agents2013b chatbot 3
Griol An agent-based dialog simulation technique to develop and evaluate conversational agents2011 chatbot 3
Guichard Assessing the robustness of conversational agents using paraphrases2019 chatbot "Assessing a conversational agent’s understanding capabilities is critical, as poor user interactions could seal the agent’s fate at the very beginning of its lifecycle with users abandoning the system. In this paper we explore the use of paraphrases as a testing tool for conversational agents."Robustness (in terms of understanding capabilities of the CA)"In this paper we explore the use of paraphrases as a testing tool for conversational agents. Paraphrases, which are different ways of expressing the same intent, are generated based on known working input by per forming lexical substitutions. As the expected outcome for this newly generated data is known, we can use it to assess the agent’s robustness to language variation and detect potential understanding weaknesses."automatic with human reference yes Framework based on diverse example testing to evaluate the robustness of conversational agents."As presented previously, the context in which this work takes place is the testing of conversational agents, based on the principle of divergent example testing [19]: a basecase is altered while retaining the same expected outcome to assess the robustness of the subject under test [11].";"The goal is to generate data that is as close as possible to utterances [sentences] produced by human users, but also as diverse as possible, in order to anticipate real cases of misunderstanding.";"In the following we propose an approach to paraphrasing through lexical substitutions, that is we replace words occurring in a given input utterance with their synonyms.";"The processing of each input utterance starts with tokenization and Parts-of-Speech tagging [...] lemma forms are then used to retrieve the possible synonyms from lexical databases, namely WordNet [14]. These synonyms are in turn inflected and inserted into the input utterance, yielding candidate paraphrases. [...] Filtering out poor paraphrases is therefore nNA The authors propose a framework to test the robustness of conversational agents based on the principle of divergent example testing. First, human sentences are altered through lexical substitutions in which words are replaced by synonyms. This is done by starting with tokenization and Parts-of-Speech tagging of the sentences, followed by lemmazation and these lemma's are used to search for synonyms in databases, which are then inserted into the sentence in order to create a variation of the sentence. These sentences are then presented to the conversational agent, and its performance in still identifying the intent (regardless of the lexical substitutions) is measured in terms of recall and precision. Robustness is defined as the the divergent utterances that are correctly classified as of intent i divided by all the divergent utterances of intent i. The framework is tested on a case study: the AirlineBot.2
Gupta Answerability: a custom metric for evaluating chatbot performance2022 a individual model metrics chatbot "Despite our understanding of each of the constituent models, we often do not have a clear view as to how these models affect the overall platform metrics. To bridge this gap, we define a metric known as answerability, which penalizes not only irrelevant or incorrect chatbot responses but also unhelpful responses that do not serve the chatbot’s purpose despite being correct or relevant"answerability "he first is to define a stringent global effectiveness metric for a task-oriented chatbot called “answerability,” which penalizes not only incorrect or irrelevant responses but also unhelpful responses"fully automatic yes chatbot model  is trained with different text classifiers, the classifier scores feed into answerability metric"We define the chatbot answerability metric as follows: for a given response by the chatbot to a user’s question, we assign it a score between -1 and +1 based on the criteria described in Table 1."; "For a text classification model, if the predicted label is correct, then the answerability will be the true answerability associated with that class of intent. Otherwise, we assume that the answerability will be 0."multi-class classification modelThe paper present a metric for answerability consisting of different components. Answerability can be used to calculate other model metrics such as precision. A chatbot is trained to first classify intent. If it does this correctly the answerability will be true, otherwise it will be 0. If it is not a product specific query, the model is trained to answer using standard templates. If it is product specific a binary classifier is used that predicts whether the query is factual or subjective. Factual queries are sent to a question-answering model and subjective queries to a semantic text similarity model based on FAQs. Answerability is measured on a scale from -1 to 1. 2
Gupta Answerability: a custom metric for evaluating chatbot performance2022 b multi-class classification chatbot "Despite our understanding of each of the constituent models, we often do not have a clear view as to how these models affect the overall platform metrics. To bridge this gap, we define a metric known as answerability, which penalizes not only irrelevant or incorrect chatbot responses but also unhelpful responses that do not serve the chatbot’s purpose despite being correct or relevant"answerability "he first is to define a stringent global effectiveness metric for a task-oriented chatbot called “answerability,” which penalizes not only incorrect or irrelevant responses but also unhelpful responses"fully automatic yes BERT model trained on helpful/unhelpful answers"We propose to model helpful/unhelpful answer prediction as a multi-class classification task at the query level by using the question and its cor- responding response from the chatbot as the in- put. We chose an in-house Large Language Model (LLM) based on the BERT architecture"individual model metricsThe paper present a metric for answerability consisting of different components. Answerability can be used to calculate other model metrics such as precision. A BERT model is trained to classify answers as unhelpful and poor relevance, unhelpful and good relevance, helpful and good relevance. 2
Han Democratizing chatbot debugging: a computational framework for evaluating and explaining inappropriate chatbot responses2023 chatbot "To democratize the debugging process of chatbot misbehaviors for non-technical designers, we propose a framework that leverages dialogue act (DA) modeling to automate the evaluation and explanation of chatbot response inappropriateness"response appropriateness"To democratize the debugging process of chatbot misbehaviors for non-technical designers, we propose a framework that leverages dialogue act (DA) modeling to automate the evaluation and explanation of chatbot response inappropriateness"fully automatic yes context aware Dialogue Act characterization, feature identification and automatic extraction, expert annotator annotating the intent"The framework addresses the problem of chatbot response appropriateness by formulating it as a three-class classifcation problem that distinguishes between appropriate, inappropriate, and neutral response"; "our framework identifes key features in human-chatbot dialogues from three diferent levels: linguistic level, intentional level and attentional level"none The paper presents a framework to assess the response appropriateness of chatbots. It uses context-aware Dialogue Act characterization (modelling a single utterance with functional tags which respresent the communicative intentions based on human annotations of intent), feature identification and automatic extraction with characterized Dialogue Acts (identifying specific linguistic markers that contribute to the discourse structure, utterance-level features, and relation between utterances, based on a dialogue behavior classifier), and modeling and explaining (classifier is trained based on the extracted features to detect chatbot response appropriateness). Four standard metrics are used: precision, recall, F1, and accuracy. 2
Han Preliminary evaluation of a conversational agent to support self-management of individuals living with posttraumatic stress disorder: interview study with clinical experts2023a chatbot 3
Hart Development of NASA-TLX (Task Load Index): Results of empirical and theoretical reearch      chatbot                     NASA TLX, snowballed from Deriu - Survey on evaluation methods for dialogue systems4
Hastie A comparative evaluation methodology for NLG in interactive systems2014 chatbot 3
Heuer Towards effective conversational agents: a prototype-based approach for facilitating their evaluation and improvement2023 chatbot "However, user satisfaction and engagement with CA adoption stay behind expectations. In this context, quality criteria (e.g., regarding dialog flow or repre sentation) can serve as a basis to evaluate CAs and improve their effectiveness to consequently affect user satisfaction and engagement. Hereby, we contribute to emerging research of quality criteria by proposing a prototype-based approach to facilitate the evaluation and improvement of CAs design and effectiveness."Quality/effectiveness "Based on this, we offer an approach for instantiating criteria, comparing CA versions and showing that incorporating which criteria is important for successful CA adoption and high effectiveness. Thereby, we contribute to facilitating the ‘design, development and training’ phase as well as the ‘operation and improvement’ phase of CAs [8] by identifying the most influential quality criteria."human no Prototype-based approach based on selecting criteria, deriving scnearios, creating prototypes and evaluating these in expert interviews."Our approach involves deriving scenarios from synthesized CA criteria from preliminary work, creating prototypes, and evaluating them in expert interviews.";"A set of criteria has been derived in this study’s preliminary to assess and enhance the quality of CAs throughout their lifecycle. The set includes 6 meta-criteria, 15 criteria, and 33 sub-criteria.";"The set comprises six meta-criteria: Input, Output, Dialog Control, Anthropomorphism, Data Privacy, and Performance, as illustrated in Fig. 1.";"The approach first requires an analysis of the criteria to be examined. In a systematic procedure, the criteria must be identified and selected based on different criteria. In the second step, we developed interaction scenarios from the identified criteria.";"The third step is to develop prototypes for these scenarios, which thus transitively instantiate th criteria.";"The fourth step involves reflection by experts on the prototypes for each scenario.";"To conduct the expert interviews, we developed an interview NA The authors propose a systematic approach to evaluate different versions of a conversational agent in terms of design and effectiveness, both in the 'design, development and training' phase and the 'operation and improvement' phase of conversational agents. The approach consists of four steps: (1) first select criteria for evaluation o f the effectiveness and design of conversational agents; the authors derived a set of 6 meta-criteria (input, output, dialog control, anthropomorphism, data privacy, and performance), 15 criteria, and 33 sub-criteria through literature/interviews in a preliminary study (Lewandowski et al., 2023b), (2) derive scenarios from these criteria, (3) create prototypes and then (4) evaluate these by reflection by expert on the prototypes for each scenario, derived by performing interviews. The approach is demonstrated in a case study on the 'ExpertBot listener'.3

Höhn Heuristic evaluation of COVID-19 chatbots 2021 chatbot "While conversational capabilities of chatbots improve, little attention has been given to the evaluation of the user experience and chatbot usabily."Usability/User experience"This paper, therefore, seeks to evaluate the usability of 24 COVID-19 chat bots to answer the research questions: 1. What types of COVID-19 chatbots exist? (a) On which channels are they available? (b) Which service, content or topic within the COVID-19 area do they offer? (c) Which interaction styles do they use? 2. How usable are COVID-19 chatbots?"human no Framework consisting of 12 heuristics, scored by human experts, that is applied on 24 COVID-19 chatbots."This paper presents the results of a heuristic review of 24 COVID-19 chatbots on different channels (webchat vs messengers), for diverse topics (symptom-checker vs FAQ) and with varying interaction styles (visualcentric vs content-centric vs conversation-centric). It proposes a generic evaluation framework with 12 heuristics based on Nielsen’s ten heuristics and adapted to the conversational interface context.";"The paper contributes conversational UX analysis with a new framework for the evaluation of conversational interfaces that, in contrast with most recent scholar work [21], covers chatbots of all interaction styles.";"12 heuristics to assess Conversational UX based on Nielsen’s ten heuristics [17], Shevat’s chatbot design guidelines [20] and Conversational UX design guidelines formulated by Moore and Arar [14].";"To establish a usability score for each chatbot, we first summed the values of the sub-heuristics for each heuristic and then divided the sum by the number of applicable items inside the heurNA The authors propose an evaluation framework to assess usability/user experience of COVID-19 chatbots. The framework consist of 12 heuristics (criteria) and covers all chatbot interaction styles, based on Nielsen's heuristics, Shevat's chatbot design guidelines and Conversational UX design guidelines by Moore and Arar. The heuristics are visibility of system status, match between system and the real world, user control and freedom, consistency and standards, error prevention, recognition rather than recall, flexibility and efficiency of use, aesthetic and minimalist design, help users recognise, diagnose, recover from errors, help and documentation, context understanding and interaction management capabilities. A usability score is derived from the sum of the scores, as assigned by experts, on the sub-heuristics. The framework is then applied to 24 COVID-19 chatbots.2
Huang Grade: Automatic graph-enhanced coherence metric for evaluating open-domain dialogue systems2020 chatbot "However, current evaluation met rics consider only surface features or utterance level semantics, without explicitly considering the fine-grained topic transition dynamics of dialogue flows. Here, we first consider that the graph structure constituted with topics in a dialogue can accurately depict the underlying communication logic, which is a more natural way to produce persuasive metrics"dialogue coherence "Automatically evaluating dialogue coherence is a challenging but high-demand ability for de veloping high-quality open-domain dialogue systems"fully automatic yes Presents the GRADE metric to automatically evaluate chatbot systems. GRADE constructs a dialogue graph and obtaines graph representations at the topic-level. 4
Hutto VADER: A parsimonious rule-based model for sentiment analysis of social media tekst      chatbot                     VADER, snowballed from Liu - Does gender matter? Towards fairness in dialogue systems4
Jabir Evaluating conversational agents for mental health: scoping review of outcomes and outcome measurement instruments2023 chatbot 3
Ji Achieving reliable human assessment of open-domain dialogue systems2022 chatbot "In this paper, we present a new method of open-domain dialogue evaluation based on human assessment of live conversations with models that avoids the need for pre-created reference dialogues and ensures full familiarity with dialogue history, ticking two important boxes in terms of validity."Dialogue quality (assessed in terms of being non-robotic, interesting, fun, consistent, fluent, non-repetitive, and on-topic)"Each human assessor is firstly asked to carry out a live conversation with a randomly selected model, comprised of a minimum of 10 conversa tional inputs, before rating the quality of the con versation that just took place under a number of criteria shown in Figure 1."human no Method consisting of 7 criteria for human evaluation of open-domain dialogue systems, tested on pre-trained models from ParlAI: Poly-Encoder Transformer (Humeau et al., 2019), Bi-Encoder Transformer (Dinan et al., 2018), Sequence to Sequence (Sutskever et al., 2014), Key-Value Memory Networks (Miller et al., 2016), and a LSTM based Model (Hochreiter and Schmidhuber, 1997)."Each human assessor is firstly asked to carry out a live conversation with a randomly selected model, comprised of a minimum of 10 conversational inputs, before rating the quality of the conversation that just took place under a number of criteria";"[...] from each individual worker who participated, asking each to hold six conversations, comprised of a shuffled arrangement of five dialogue models and a single quality control model.";"A continuous (0–100) rating scale is employed [...]";"Additionally, the evaluation can be carried out cheaply and on a large scale through strict quality controlled crowd-sourcing, as well as including score standardization for fairer ranking of competing models."Correlation with word-overlap-based metrics (BLEU, ROUGE-L, METEOR, GLEU (Google-BLEU)) and reference-free metrics (FED, USR) was assessed.The authors propose a method for evaluation of open-domain dialogue systems based on human assessments of live conversations. Humans rate a minimum of 10 conversations on 7 criteria (robotic, interesting, fun, consistent, fluent, repetitive, and topic) on a continuous rating scale (0-100) that corresponds to from 'strongly disagree' to 'strongly agree'. Scores of all measurement criteria are averaged to compute an overall score. Quality control is conducted by assessing conversations that are based on lower quality models (i.e., checking that the human assessor also indeed rates these lower). The evaluation can be conducted cheaply and on a large scale by using quality controlled crowd-sourcing. The correlation of the scores with automated metrics is low, indicating that these automated scores are less reliable. 2
Jwalapuram Rethinking self-supervision objectives for generalizable coherence modeling      chatbot                     Discourse Coherence Model, snowballed from Chen - Beyond factuality: A comprehensive evaluation of large language models as knowledge generators4
Kelly Questionnaires for eliciting evaluation data from users of interactive question answering systems      chatbot                     Task and system questionnaires, snowballed from Deriu - Survey on evaluation methods for dialogue systems4
Lan PONE: a novel automatic evaluation metric for open-domain generative dialogue systems2020 chatbot "Extensive experiments demonstrate that learning-based metrics are the most effective evaluation metrics for open-domain generative dialogue systems. Moreover, we observe that nearly all learning-based metrics depend on the negative sampling mechanism, which obtains extremely imbalanced and low-quality samples to train a score model. To address this issue, we propose a novel learning-based metric that significantly improves the correlation with human judgments by using augmented POsitive samples and valuable NEgative samples, called PONE."Fluency, coherence, and engagement"In this article, we conduct a comprehensive analysis of the existing evaluation methods of open domain generative dialogue systems from fluency, coherence, engagement."fully automatic yes First, existing open-domain dialogue systems evaluation metrics are compared using the datasets Tencent, Xiaohuangji, DailyDialog, and the Cornell corpus. Then a new learning-based evaluation metric (PONE) is proposed, which is based on sampling more positive examples and valuable negative examples, and is evaluated on single-turn and multi-turn benchmarks."To narrow the difference between the real decision boundary and the generated decision boundary, we propose a novel learning-based evaluation method by using augmented POsitive samples and valuable NEgative samples to train the score model of the learning-based metric, called PONE. Specifically, we ap ply the data augmentation techniques to obtain lots of generated positive samples, which can effectively address the imbalanced issue. Then, we adopt a novel negative sampling strategy to collect the valuable negative samples, called weighted negative sampling. Finally, it should be noted that the augmented positive samples usually contain low-quality responses, which may se riously affect the performance of the score models. So, we also propose a novel iterative algorithm to overcome the impact of the noise in augmented data samples."The newly proposed metric (PONE) is compared to BERTScore, BERT-RUBER, and human, embedding-average, vector-extrema, greedy-matching, BLEU, ROUGE, METEORThe authors propose a new learning-based evaluation metric, called POsitive samples and valuable NEgative samples (PONE), to tackle the weakness of imbalanced samples and low-quality negative samples in existing metrics. In the PONE metric, augmented samples such that lots of positive samples and valuable negative samples (weighted negative sampling) are drawn are taken to train a score model (only in training the model ground-truth resoponses are used for training). The PONE metric contains four components: (1) positive data generator (to provide lots of effective positive samples), (2) weighted negative sampler (to select valuable negative samples), (3) label filter (to detect noise in the positive data), and (4) scorer (scoring model that binary classifies quality of responses).2
Leite Filho Evaluating chatbot user experience (UX) through electroencephalography measures: a systematic literature review2024 chatbot 3
Lewandowski Enhancing conversational agents for successful operation: a multi-perspective evaluation approach for continuous improvement2023b chatbot "However, despite their hype in research and practice, many organizations still fail to seize CAs’ potential because they lack knowledge of how to evaluate and improve the quality of CAs to sustain them in organizational operations. We aim to fll this knowledge gap by conducting a design science research project in which we aggregate insights from the lit erature and practice to derive an applicable set of quality criteria for CAs."Quality "Therefore, this article explores the following research question: What are relevant criteria for continuously evaluating the quality of CAs, and how can they be applied?"human no A set of evaluation criteria for continuous evaluation and improvement of conversational agents consisting of 6 meta-criteria, subdivided into 14 criteria, and subsequently 33 sub-criteria. The approach is implemented in a case study on 'ExpertBot'."[...] this article aims to  systematize the continuous evaluation and improvement  of CAs to counteract CA failure in organizational environments.";"Therefore, we pursued a twofold contribution: (1) a set of relevant criteria to evaluate the quality of CAs and (2) a procedure model as part of the instantiation of the quality criteria set in an IT organization [...]";"To achieve this objective, we used the DSR [Design Science Research] paradigm and applied the three-cycle view presented by Hevner (2007).";"This set incorporates a hierarchical structure consisting of 6 metacriteria, 14 criteria, and 33 sub-criteria, enabling a systematic and rigorous evaluation process."NA The authors propose a set of evaluation criteria for continuous evaluation and improvement of conversational agents, based on a structured literature review followed by interviews with experts. The set consists of 6 meta-criteria ((1) input, (2) output, (3) anthropomorphism, (4) Dialog control, (5) performance, and (6) data privacy), subdivided into 14 criteria ((1a) interaction abilities, (1b) context awareness, (2a) format, (2b) content, (2c) calibration, (2d) time, (3a) humanlike identity, (3b) verbal cues, (3c) nonverbal cues, (4a) regular operation, (4b) failure operation, (5a) effectiveness, (5b) efficiency, (6) realization and communcation) and subsequently 33 sub-criteria. The approach is implemented in a case study on 'ExpertBot'.3
Lewandowski Leveraging the potential of conversational agents: quality criteria for the continuous evaluation and improvement2023a chatbot 3
Li Addressing inquiries about history: an efficient and practical framework for evaluating open-domain chatbot consistency2021 chatbot "However, evaluating the consistency capacity of a chatbot is still challenging. Employing human judges to interact with chatbots on purpose to check their capacities is costly and low-efficient, and difficult to get rid of subjective bias."Consistency "In this paper, we propose the Addressing Inquiries about History (AIH), an efficient and practical framework for the consistency evaluation. "fully automatic yes The Auto Evaluator is part of a framework, called Adressing Inquiries about History (AIH), to evaluate open-domain chatbot consistency. A Named Entity Recognition tool, UniLM, and  Roberta-large model are part of the framework and the ready-to-use tool of the framework is evaluated using the chatbots Blender, Plato, DialoGPT, and DialoFLow."We propose the Addressing Inquiries about History(AIH), an effective and practical framework for open-domain chatbot consistency evaluation.";"there are five 'agents' in the framework: Chatbot1, Chatbot2, Inquirer, Auto Evaluator, and Human Evaluator. The Chatbot1 and Chatbot2 are the participants in the bot-bot conversation. The Inquirer extracts opinion- or fact-related entities and generates inquiries based on the entities. The Auto Evaluator is generally a contradiction detection model to automatically evaluate if the responses from Chatbot2 are consistent. The Human Evaluator is used for more accurate evaluation.";"Experiments show that AIH can produce effective, efficient, and reliable consistency evaluation. We release the framework as a ready-to-use tool for evaluating the consistency of chatbots."NA The authors propose a framework, called Adressing Inquiries about History (AIH), to evaluate open-domain chatbot consistency. This framework can be applied to bot-bot conversations (i.e., between Chatbot1 and Chatbot2) in which an Inquirer (i.e., a Named Entity Recognition tool) extracts opinion- or fact-related entities, and then a model (consisting of UniLM) generates questions on these entities that are then inserted in the bot-bot conversation and responses are collected. The Auto Evaluator (consisting of a Roberta-large model) is then used to automatically detect contradiction (and a Human Evaluator is used for more accurate evaluation of contradiction (yes/no contradiction based on response to question and previous utterence related to respective entity)). The authors evaluated the ready-to-use tool of their framework using the chatbots Blender, Plato, DialoGPT, and DialoFLow, and show effective, efficient, and reliable evaluation of consistency.1
Li Addressing inquiries about history: an efficient and practical framework for evaluating open-domain chatbot consistency2021 chatbot "However, evaluating the consistency capacity of a chatbot is still challenging. Employing human judges to interact with chatbots on purpose to check their capacities is costly and low-efficient, and difficult to get rid of subjective bias."Consistency "In this paper, we propose the Addressing Inquiries about History (AIH), an efficient and practical framework for the consistency evaluation. "human no The Human Evaluator is part of a framework, called Adressing Inquiries about History (AIH), to evaluate open-domain chatbot consistency. A Named Entity Recognition tool, UniLM, and  Roberta-large model are part of the framework and the ready-to-use tool of the framework is evaluated using the chatbots Blender, Plato, DialoGPT, and DialoFLow."We propose the Addressing Inquiries about History(AIH), an effective and practical framework for open-domain chatbot consistency evaluation.";"there are five 'agents' in the framework: Chatbot1, Chatbot2, Inquirer, Auto Evaluator, and Human Evaluator. The Chatbot1 and Chatbot2 are the participants in the bot-bot conversation. The Inquirer extracts opinion- or fact-related entities and generates inquiries based on the entities. The Auto Evaluator is generally a contradiction detection model to automatically evaluate if the responses from Chatbot2 are consistent. The Human Evaluator is used for more accurate evaluation.";"Experiments show that AIH can produce effective, efficient, and reliable consistency evaluation. We release the framework as a ready-to-use tool for evaluating the consistency of chatbots."NA The authors propose a framework, called Adressing Inquiries about History (AIH), to evaluate open-domain chatbot consistency. This framework can be applied to bot-bot conversations (i.e., between Chatbot1 and Chatbot2) in which an Inquirer (i.e., a Named Entity Recognition tool) extracts opinion- or fact-related entities, and then a model (consisting of UniLM) generates questions on these entities that are then inserted in the bot-bot conversation and responses are collected. (The Auto Evaluator (consisting of a Roberta-large model) is then used to automatically detect contradiction.) A Human Evaluator is used for more accurate evaluation of contradiction (yes/no contradiction based on response to question and previous utterence related to respective entity). The authors evaluated the ready-to-use tool of their framework using the chatbots Blender, Plato, DialoGPT, and DialoFLow, and show effective, efficient, and reliable evaluation of consistency.1
Li A review of quality assurance research of dialogue systems2022 chatbot 3
Lin LLM-EVAL: unified multi-dimensional automatic evaluation for open-domain conversations with large language models2023 chatbot "Existing evaluation methods often rely on human annotations, ground-truth responses, or multiple LLM prompts, which can be expensive and time-consuming. To address these issues, we design a single prompt-based evaluation method that leverages a unified evaluation schema to cover multiple dimensions of conversation quality in a single model call."Conversation quality (such as content, grammar, relevance, and appropriateness)"Our goal is to develop an efficient and accurate evaluation method that covers multiple dimensions of conversation quality, such as content, grammar, relevance, and appropriateness, without requiring human references or multiple prompts."LLM no Method, called LLM-EVAL, which is a single-prompt-based evaluation method using a unified evaluation schema to assess multiple dimensions of conversation quality. The method is tested with several datasets (DSTC10 Hidden Set, TopicalChat-USR, PersonaChat-USR, ConvAI2-GRADE, DailyDialog-GRADE, EmpatheticDialogue-GRADE, DSTC6, DailyDialog-PredictiveEngagement, FED, DSTC9) and on several open-domain conversation systems (Anthropic Claude, OpenAI ChatGPT, Anthropic Claude-instant, OpenAI GPT-3.5)."We propose LLM-EVAL, a unified multi-dimensional automatic evaluation method for open-domain conversations with large language models (LLMs).";" We build upon recent advances in LLMs (Brown et al., 2020; Bai et al., 2022; OpenAI, 2023), and propose a unified multi-dimensional evaluation method called LLM-EVAL.";"In LLM-EVAL, we design a natural language instruction that defines the evaluation task and desired criteria, as well as a format instruction that specifies the structure and range of scores for each dimension. The single prompt is created by concatenating the dialogue context, reference (if available), and generated response, and then fed to a large language model, which outputs scores for each dimension based on the defined schema.";"Our experiments demonstrate that LLM-EVAL consistently outperforms most baselines and state-of-the-art evaluation methods in terms of correlation with human judgments."Compared to Deep-AM-FM, DSTC10 Team 1, MME-CRS, BERTScore, DEB, GRADE, USR, USL-H, DynaEval, FlowScore, GPTScore, BLEU, ROUGEThe authors propose a method, called LLM-EVAL, in which open-domain conversation systems are automatically evaluated with large language models (LLMs) in multiple dimensions (such as content, grammar, relevance, and appropriateness) with a single prompt. The prompt contains the dialogue context, the generated response to be evaluated along with the instruction that contains the evaluation task and desired criteria to assess, including a format instruction which indicates the structure and the range of the scores for each criterion. In this way, no human references or multiple prompts are required.1
Liu How not to evaluate your dialogue system: an empirical study of unsupervised evaluation metrics for dialogue response generation2016 a BLEU chatbot "Recent works in response generation have adopted metrics from machine translation to compare a model’s generated response to a single target response. We show that these metrics correlate very weakly with human judgements in the non-technical Twitter domain, and not at all in the technical Ubuntu domain."Quality (correctness) of response"In this paper, we investigate the correlation be tween the scores from several automatic evaluation metrics and human judgements of dialogue response quality, for a variety of response generation models. "automatic with human reference no Word overlap-based metric that analyzes the co-occurrence of n-grams between the proposed response and the ground truth."BLEU (Papineni et al., 2002a) analyzes the co-occurrences of n-grams in the ground truth and the proposed responses."METEOR, ROUGE, greedy matching, embedding average, vector extrema 1
Liu How not to evaluate your dialogue system: an empirical study of unsupervised evaluation metrics for dialogue response generation2016 b METEOR chatbot "Recent works in response generation have adopted metrics from machine translation to compare a model’s generated response to a single target response. We show that these metrics correlate very weakly with human judgements in the non-technical Twitter domain, and not at all in the technical Ubuntu domain."Quality (correctness) of response"In this paper, we investigate the correlation be tween the scores from several automatic evaluation metrics and human judgements of dialogue response quality, for a variety of response generation models. "automatic with human reference no Word overlap-based metric that aligns the candidate and target response based on exact token matching, WordNet synonyms, stemmed tokens, and paraphrases. The score is computed as the harmonic mean of the precision and recall between the candidate and target response."The METEOR metric (Banerjee and Lavie, 2005) was introduced to address several weaknesses in BLEU. It creates an explicit align ment between the candidate and target responses. The alignment is based on exact token matching, followed by WordNet synonyms, stemmed tokens, and then paraphrases. Given a set of alignments, the METEOR score is the harmonic mean of precision and recall between the proposed and ground truth sentence."BLEU, ROUGE, greedy matching, embedding average, vector extrema 1
Liu How not to evaluate your dialogue system: an empirical study of unsupervised evaluation metrics for dialogue response generation2016 c ROUGE chatbot "Recent works in response generation have adopted metrics from machine translation to compare a model’s generated response to a single target response. We show that these metrics correlate very weakly with human judgements in the non-technical Twitter domain, and not at all in the technical Ubuntu domain."Quality (correctness) of response"In this paper, we investigate the correlation be tween the scores from several automatic evaluation metrics and human judgements of dialogue response quality, for a variety of response generation models. "automatic with human reference no Word overlap-based metric (here ROUGE-L is used) which is an F-measure that is based on the Longest Common Subsequence between the candidate and target response. "ROUGE (Lin, 2004) is a set of evaluation metrics used for automatic summarization. We consider ROUGE-L, which is a F-measure based on the Longest Common Subsequence (LCS) between a candidate and target sentence. The LCS is a set of words which occur in two sentences in the same order; however, unlike n-grams the words do not have to be contiguous, i.e. there can be other words in be tween the words of the LCS."BLEU, METEOR, greedy matching, embedding average, vector extrema 1
Liu How not to evaluate your dialogue system: an empirical study of unsupervised evaluation metrics for dialogue response generation2016 d Greedy matching chatbot "Recent works in response generation have adopted metrics from machine translation to compare a model’s generated response to a single target response. We show that these metrics correlate very weakly with human judgements in the non-technical Twitter domain, and not at all in the technical Ubuntu domain."Quality (correctness) of response"In this paper, we investigate the correlation be tween the scores from several automatic evaluation metrics and human judgements of dialogue response quality, for a variety of response generation models. "automatic with human reference no Embedding-based metric in which each token of a sentence is matched with a token from the other sentence based on the cosine similarity of their word embeddings. "Greedy matching is the one embedding-based metric that does not compute sentence-level embeddings. Instead, given two sequences r and rˆ, each token w ∈ r is greedily matched with a token wˆ ∈ rˆ based on the cosine similarity of their word embeddings (ew), and the total score is then averaged across all words."BLEU, METEOR, ROUGE, embedding average, vector extrema 1
Liu How not to evaluate your dialogue system: an empirical study of unsupervised evaluation metrics for dialogue response generation2016 e Embedding average chatbot "Recent works in response generation have adopted metrics from machine translation to compare a model’s generated response to a single target response. We show that these metrics correlate very weakly with human judgements in the non-technical Twitter domain, and not at all in the technical Ubuntu domain."Quality (correctness) of response"In this paper, we investigate the correlation be tween the scores from several automatic evaluation metrics and human judgements of dialogue response quality, for a variety of response generation models. "automatic with human reference no Embedding-based metric in which the candidate reponse and target response are compared based on the cosine similarity between their sentence level embeddings, which are computed as the ambedding average of the word embeddings of each token in the response."The embedding average metric calculates sentence-level embeddings using additive composition, a method for computing the meanings of phrases by averaging the vector representations of their constituent words (Foltz et al., 1998; Landauer and Dumais, 1997; Mitchell and Lapata, 2008)."BLEU, METEOR, ROUGE, greedy matching, vector extrema 1
Liu How not to evaluate your dialogue system: an empirical study of unsupervised evaluation metrics for dialogue response generation2016 f Vector extrema chatbot "Recent works in response generation have adopted metrics from machine translation to compare a model’s generated response to a single target response. We show that these metrics correlate very weakly with human judgements in the non-technical Twitter domain, and not at all in the technical Ubuntu domain."Quality (correctness) of response"In this paper, we investigate the correlation be tween the scores from several automatic evaluation metrics and human judgements of dialogue response quality, for a variety of response generation models. "automatic with human reference no Embedding-based metric in which the sentence-level embeddings are calculated by taking the most extreme value amongst the word vectors in the sentence."Another way to calculate sentence-level embeddings is using vector extrema (Forgues et al., 2014). For each dimension of the word vectors, take the most extreme value amongst all word vectors in the sentence, and use that value in the sentence-level embedding."BLEU, METEOR, ROUGE, greedy matching, embedding average 1
Liu Naturalness evaluation of natural language generation in task-oriented dialogues using BERT2021 chatbot "This paper presents an automatic method to evaluate the naturalness of natural language generation in dialogue systems. While this task was previously rendered through expen sive and time-consuming human labor, we present this novel task of automatic natural ness evaluation of generated language."Naturalness "To alle viate the manual effort previously needed, the goal of this paper is to render the task of assessing the naturalness of generated language as an automatic reference-based classification problem having each Likert scale rating representing one class."LLM yes A pre-trained BERT model is used to automatically estimate the naturalness of responses from a task-oriented dialogue system. Theretofore, the pre-trained model is fine-tuned on data from three NLG systems (RNNLG, TGEN, and LOLS), that were manually annotated on naturalness, quality, and informativeness on a 6-point Likert scale."The contribution of this paper is two-fold: a pre-trained BERT model is fine-tuned to estimate the naturalness of a generated sentence based on a reference sentence. Three baselines are proposed for robust performance comparison: a support vector machine (SVM) baseline using bag-of-words (BoW) vectors for input representation, a bi-directional Long Short Term Memory (LSTM) neural network, and the pre-trained BLEURT model (Sellam et al., 2020). Second, based on the positive correlation between naturalness and other annotated informa tion: quality and informativeness of the generated sentence, the proposed method is extended to lever age this additional information through transfer learning."a bag-of-words (BoW) followed by support vactor machine (SVM), a bi-directional Long Short Term Memory (LSTM) neural network, and a pre-trained BLEURT model (NB: all three were proposed by the authors, i.e., these are non-existent, newly created/selected methods)The authors propose to use pre-trained BERT model to automatically estimate the naturalness of responses from a task-oriented dialogue system. The pre-trained model is fine-tuned for the estimation of naturalness of a sentence. The BERT model outperforms the (proposed!) comparisons: a bag-of-words (BoW) followed by support vactor machine (SVM), a bi-directional Long Short Term Memory (LSTM) neural network, and a pre-trained BLEURT model. Through transfer learning, the BERT model is extened to also estimate quality and informativeness of the responses.1
Liu Does gender matter? towards fairness in dialogue systems2020 chatbot "However, the fairness of dialogue systems has not been well investigated. In this paper, we per form a pioneering study about the fairness issues in dialogue systems."bias "However, the fairness of dialogue systems has not been well investigated. In this paper, we per form a pioneering study about the fairness issues in dialogue systems."fully automatic no Provide a framework to measure fairness by counting the probability of specific attributes appearing in dialgoues of different groups. It uses the distinct metric to measure diversity in respones. A politness model is used to detect offensive responses. A sentiment analysis tool is used to assess the sentiment of a given response. Attribute words are measured in the responses to different groups. 4

Liu Information quality of conversational agents in healthcare2023 chatbot 3
Lopez-MoralesAsymob: a platform for measuring and clustering chatbots2022 chatbot "Many platforms and tools have been proposed for their construction, like Google’s Dialogflow, Amazon’s Lex or Rasa. However, most of them still miss integrated quality assurance methods like metrics. Moreover, there is currently a lack of mechanisms to compare and classify chatbots possibly developed with heterogeneous technologies."Quality (design size, complexity, and user experience)"In order to address these challenges, we present the web platform Asymob for chatbot measurement and clustering. The tool features a repository where chatbots developed using different technologies (currently Dialogflow and Rasa) can be uploaded. It offers a suite of 20 metrics that measure aspects of design size, complexity, and user experience."fully automatic no A web platform, called ASYMOB, that can be used to measure the quality of chatbots based on 20 metrics."Asymob includes a metrics engine to analyse static characteristics related to the correct design of chatbots. This provides a suite of 20 metrics, which we proposed in [6], covering both global design aspects and specific features concerning the design of intents, entities and conversation flows.";"Global metrics capture global properties of the chatbot.";"Intent metrics measure quality and complexity aspects of intents [...]";"Entity metrics analyse the user-defined entities, which represent domain concepts.";"Flow metrics are concerned with the complexity of the conversation flows and the sophistication of the bot responses.";"When a chatbot is uploaded, Asymob computes its metrics [...]"NA The authors propose a tool, called ASYMOB, which is a web platform on which chatbot quality can be assessed and compared with the use of 20 metrics. Chatbots can be uploaded and are automatically assessed with the 20 metrics that represent the aspects of design size, complexity and user experience. The metrics can be devided into both global design aspects (capture global properties of the chatbot), and specific features that concern the design of intents (measure quality and complexity aspects of intents), entities (analyse the user-defined entities which represent domain concepts), and conversation flows (which measure the complexity of the conversation flows and the bot response).3
Lowe Towards an automatic turing test: Learning to evaluate dialogue responses2017 chatbot "Automatically evaluating the quality of dialogue responses for unstructured domains is a challenging problem."response quality "Automatically evaluating the quality of dialogue responses for unstructured domains is a challenging problem."fully automatic yes Presents the ADEM metric for automatically evaluating chatbot systems. ADEM (Automatic Dialogue Evaluation Model) uses hierarchical Recurrent neural network encoder to obtain vector representations of context, model response and reference response, and then calculated the dot-product between them as the response score. 4
Ma FFAEVAL: evaluating dialogue system via free-for-all ranking2023 a FFAEval (new method) chatbot "Automatic evaluation metrics have shown poor correlation with human assessment in dialogue generation tasks. Human evaluation, which involves annotators for multi-dimension scoring, is trustworthy but time-consuming. In this work, we propose FFAEVAL, a reliable and efficient human EVALuation framework using Free-For-All ranking approach."Response quality (informally based on contextual coherence, informativeness, and veracity)"Best Response Selection. After all the participated dialogue systems generate their utterance, the user is asked to choose the response that is most appropriate to continue the conversation.";"Although selecting appropriate response is the easiest way to use FFAEVAL, it lacks a strict definition with explicit evaluation guideline. Thus, we also refer to the score-based human evaluation principles, and ask the annotators to consider the contextual coherence, informativeness of the response, and veracity of the content."human no Evaluation framework in which uses a Free-For-All ranking approach in which humans converse with chatbots and choose which one is better. The framework is tested with English chatbots (BART, BB-90m, DialoGPT, PLATO-XL, BB-3b) and Chinese chatbots (CDial-GPT, EVA, PLATO-2, XDAI, GLM-Dialog)."In this paper, we present FFAEVAL, a human EVALuation framework for dialogue system that uses Free-For-All ranking approach. The core idea is to enable annotators to converse with multiple dialogue systems simultaneously in a single-blind, multi-turn fashion by sharing the dialogue history. The subsequent free-for-all allows annotators to select the most favourable model in each turn from among all the participating dialogue systems. The final performance of each model is represented by calculating the TrueSkill (Herbrich et al., 2006) score derived from the free-for-all competition."Chatbot Arena, F1, BERTScore, ChatMatch, Preference RankingThe authors propose an evaluation framework, called FFAEval, which is a human EVALuation framework for dialogue systems using a Free-For-All ranking approach. In this framework, human annotators converse with multiple dialogue systems and select the most favourable model. The TrueSkill score is calculated to assess which model performs best.2
Ma FFAEVAL: evaluating dialogue system via free-for-all ranking2023 b Chatbot Arena (comparison method)chatbot "Automatic evaluation metrics have shown poor correlation with human assessment in dialogue generation tasks. Human evaluation, which involves annotators for multi-dimension scoring, is trustworthy but time-consuming. In this work, we propose FFAEVAL, a reliable and efficient human EVALuation framework using Free-For-All ranking approach."Response quality "Chatbot Arena (CA) (Zheng et al., 2023) enables users to converse with two anonymous models side-by-side and vote for which one is better. The rating of each model is updated via the Elo rating system."human no Evaluation framework in which humans rate two models by conversing to the models side-by-side and choose which model is better. An Elo rating system is then implemented to update the rating of each model."Chatbot Arena (CA) (Zheng et al., 2023) enables users to converse with two anonymous models side-by-side and vote for which one is better. The rating of each model is updated via the Elo rating system."FFAEval, , F1, BERTScore, ChatMatch, Preference RankingThe proposed method is compared to Chatbot Arena, which is a similar method to the proposed FFAEval method, but it compares two models side-by-side/pairwise (as opposed to comparing all participates together) and the rating is computed via the Elo rating system (as opposed to the TrueSkill Estimation).2
Mafra Defining requirements for the development of useful and usable chatbots: an analysis of quality attributes from academy and industry2022 chatbot "Despite the existence of techniques to evaluate these tools, there is an urgent need to propose solutions that also support the chatbot design process. Currently, there is no knowledge of a specific list of requirements capable of supporting development teams in the process of designing these tools. In view of this, this directed study proposes a literature review aiming at deepening the knowledge about these tools and identifying important quality attributes in academic and industry sources."Usefulness, ease of use, and presence"As a result, this directed study presents a list composed of 82 requirements related to Usefulness, Ease of Use and Presence to aid the design of these tools. These requirements presented in this study are useful to guide developers in the process of building quality chatbots, making this task less challenging and for researchers who aim to propose technologies that contribute to the development of better and better chatbots."human no Set of 82 requirements/quality attributes for the development of chatbots, catagorized into usefulness, ease of use, and presence."As a result, this directed study presents a list composed of 82 requirements related to Usefulness, Ease of Use and Presence to aid the design of these tools.";"In Table 1, the identified requirements were categorized according to the aspect they focus on: (U) Usefulness, (E) Ease of Use and (P) Presence. According to Weng et al. [32], Ease of Use refers to the perceived ease of using the chatbot from the users’ point of view. Usefulness refers to the degree of usefulness of the chatbot to perform tasks subjectively perceived by users [32]. Finally, Presence, according to Toader et al. [28] represents the feeling that the user is interacting with a person."NA The authors propose a set of 82 requirements/quality attributes for the development of chatbots based on a literature review. These quality attributets  come from both academy and industry and are related to and categorized on Ease of Use (ease of using as perceived by users), Usefulness (task performance as perceived by users), and Presence (feeling as if chatbot is a person as perceived by users).3
Mahajan Towards evaluation of multi-party dialogue systems2022 chatbot 3
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Maroengsit A survey on evaluation methods for chatbots 2019 a precision (content evaluation, automatic)chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." Content "Precision and recall are one way to evaluate the performance of chatbots in term of response."automatic with human reference no Precision is formally the proportion of true predicted positives among all positive predicitons. The Mean Average Precision (MAP) and Mean Reciprocal Rank (MRR) are also mentioned as information retrieval metrics but not discussed."Precision and recall are one way to evaluate the  performance of chatbots in term of response. Both precision  and recall are a method for automatic evaluation of text  summarization, which concerns identifying information and  context which is relevant to the conversation by using a  mathematical method.";"Precision is referred to as the  measurement of how many times the information given to conversation is relevant to the topic of discussion in percentage. "NA Precision is formally the proportion of true predicted positives among all positive predicitons based on a reference.1
Maroengsit A survey on evaluation methods for chatbots 2019 b recall (content evaluation, automatic)chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." Content "Precision and recall are one way to evaluate the performance of chatbots in term of response."automatic with human reference no Recall is formally the proportion of true predicted positives among all true positves."Precision and recall are one way to evaluate the  performance of chatbots in term of response. Both precision  and recall are a method for automatic evaluation of text  summarization, which concerns identifying information and  context which is relevant to the conversation by using a  mathematical method.";"Recall is referred to as the measurement of total response that the system can categorize into the relevance  topic based on the conversation between users and system  in percentage."NA Recall is formally the proportion of true predicted positives among all true positves based on a reference.1
Maroengsit A survey on evaluation methods for chatbots 2019 c ROUGE (content evaluation, automatic)chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." Content "ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [25] is a metric used to automatically determine the quality of word summary from computer compared with those from a human [...]"automatic with human reference no ROUGE (Recall-Oriented Understudy for Gisting Evaluation) score is based on word overlap between an input and output (summary). Multiple types of ROUGE exist but are not further discussed."ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [25] is a metric used to automatically determine the quality of word summary from computer compared with those from a human, which is a more developed method of recall. Measure by count the number of overlap word using N-gram, word sequence, or skip- grams etc. And from reviewed articles mostly use three types of ROUGE which are ROUGE-1 (Unigram), ROUGE-2 (Bi-gram), and ROUGE-SP4 (Skip-gram)."NA ROUGE (Recall-Oriented Understudy for Gisting Evaluation) score is based on word overlap between an input and output (summary). Multiple types of ROUGE exist but are not further discussed.1
Maroengsit A survey on evaluation methods for chatbots 2019 d BLEU (content evaluation, automatic)chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." Content "BLEU (bilingual evaluation understudy) [31] is a method that develops from a precision method that uses for automatic evaluation of machine translation to measure the quality of the translation [...]"automatic with human reference no BLEU (bilingual evaluation understudy) score is based on N-gram overlap to evaluate content similarity between an input and output (translation). The score ranges from 0 to 1. "BLEU (bilingual evaluation understudy) [31] is a method that develops from a precision method that uses for automatic evaluation of machine translation to measure the quality of the translation, which requires a corpus of good quality human translation as a reference to compare to. BLEU grades an output response from machine to the reference, where a BLEU score ranges from 0 to 1. A machine translation identical to the reference receives a score of 1, but few translations will attain such a score."NA BLEU score is based on N-gram overlap to evaluate content similarity between an input and output (often used for translation evaluation). The score ranges from 0 to 1. 1
Maroengsit A survey on evaluation methods for chatbots 2019 f User experience (session level) chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." User experience (multiple aspects)"Session Level Evaluation is the user evaluation, where users are asked to evaluate the entire chat session on different factors.";"The session level evaluation metrics are normally related to how the bot is perceived in comparison to a human, such as attentiveness, positivity, etc. and naturalness and coherent of the conversation."human no A set of questionnaires/surveys is reported that can be used to evaluate chatbots on a range of aspects at the session level."Session Level Evaluation is the user evaluation, where users are asked to evaluate the entire chat session on different factors. For example, a negotiation chatbot SOGO [40] was evaluated using questionnaire of rapport assessment (n=60), using six factors: attentiveness, positivity, face, feeling about the negotiation, perceived rapport, information disclosure. Xu et al. [39] performed an evaluation on their proposed deep learning chatbot, against an IR chatbot and a human agent chat (n=703), using three factors, appropriateness, empathy, helpfulness. Chat experience of Freudbot [14] (n=53), was measured on a 5-point scale, on 7 factors: expandability, engagement, memorability, overall rating, usefulness, enjoyment, recommendability. Other articles also conducted user satisfaction survey, including La Liga [34] (n=6), Higashinaka et al. [16] (n=30), CSIEC [20], Pharmabot [8] (n=14+4), Li et al. [24] (n=8). The session level evaluation metrics are normally related to how the bot is perceived in comparison to NA A set of questionnaires/surveys (e.g. using 5-point Likert scale) is reported that can be used to evaluate chatbots on a range of aspects at the session level.1
Maroengsit A survey on evaluation methods for chatbots 2019 g User experience (turn level) chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." User experience (multiple aspects)"Turn Level Evaluation is the user evaluation, where users are asked to evaluate each response from a chatbot. For example, La Liga [34] evaluated two models of chatbots, QA model and chitchat model on the appropriateness of response (n=6). The QA model generates appropriate response 72% of the time, while chitchat model generates appropriate response 68% of the time. MedChatBot [22] was evaluated by three medical experts on responses to 150 questions on a 5-point Likert Scale of satisfaction, resulting on an average expert rating from 2-4.5 (depending on query category). A different evaluation approach that has been conducted on turn-level evaluation is done to directly compare answers on the same question between two chatbots. AliMe chatbot [32] was compared to a publicly available chatbot1 using the same 878 questions, and two business analysts chose which answers were better for each question. The result shows that AliMe answers win, equal, and lose to the public chatbot on 37.64%, 43.52%, and 18.84% of thuman no A set of questionnaires/surveys (e.g. using 5-point Likert scale) is reported that can be used to evaluate chatbots on a range of aspects at the turn level."Turn Level Evaluation is the user evaluation, where users are asked to evaluate each response from a chatbot. For example, La Liga [34] evaluated two models of chatbots, QA model and chitchat model on the appropriateness of response (n=6). The QA model generates appropriate response 72% of the time, while chitchat model generates appropriate response 68% of the time. MedChatBot [22] was evaluated by three medical experts on responses to 150 questions on a 5-point Likert Scale of satisfaction, resulting on an average expert rating from 2-4.5 (depending on query category). A different evaluation approach that has been conducted on turn-level evaluation is done to directly compare answers on the same question between two chatbots. AliMe chatbot [32] was compared to a publicly available chatbot1 using the same 878 questions, and two business analysts chose which answers were better for each question. The result shows that AliMe answers win, equal, and lose to the public chatbot on 37.64%, 43.52%, and 18.84% of tNA A set of questionnaires/surveys is reported that can be used to evaluate chatbots on a range of aspects at the turn level.1
Maroengsit A survey on evaluation methods for chatbots 2019 e Top-1 accuracy chatbot "It is a challenge to evaluate and compare various chatbot systems in terms of effectiveness, efficiency, goal achievability, and the ability to satisfy users. This paper presents a survey [...] the survey is conducted with classification of chatbot evaluation methods and their analysis according to chatbot types and three main evaluation schemes; content evaluation, user satisfaction, and chat function." Content (suitability) "human experts (business analysts) to judge whether an answer is unsuitable, neutral, or suitable. For a set of questions, a top-1 accuracy Ptop1 = (Nsuitable + Nneutral)/Ntotal is a measure for the percentage of the top candidate of the proposed model (as IR model can produce more than one candidate) is suitable or neutral."human no Top-1 accuracy evaluates the percentage of responses that is suitable or neutral (in the example it is on the top candidate in Information Retrieval)."human experts (business analysts) to judge whether an answer is unsuitable, neutral, or suitable. For a set of questions, a top-1 accuracy Ptop1 = (Nsuitable + Nneutral)/Ntotal is a measure for the percentage of the top candidate of the proposed model (as IR model can produce more than one candidate) is suitable or neutral."NA Human experts judge answers as either unsuitable, neutral, or suitable. Tthe top-1 accuracy then evaluates the percentage of responses that is suitable or neutral (in the example it is on the top candidate in Information Retrieval).2
Mendonca Simple LLM prompting is state-of-the-art for robust and multilingual dialogue evaluation2023 chatbot "Despite significant research effort in the development of automatic dialogue evaluation metrics, little thought is given to evaluating dialogues other than in English. At the same time, ensuring metrics are invariant to semantically similar responses is also an overlooked topic. In order to achieve the desired properties of ro bustness and multilinguality for dialogue evaluation metrics, we propose a novel framework that takes advantage of the strengths of current evaluation models with the newly-established paradigm of prompting Large Language Models (LLMs)."General (aspect is flexible)"[...] we employ several submetrics to evaluate dialogue responses – ranging from zero-shot prediction using pretrained LLMs to trained models using self-supervised and supervised methods – and weigh them according to the aspect we wish to predict."LLM no An evaluation framework, called DialEvalML, is proposed in which encoder-based approaches (next sentence prediction (NSP), valid sentence prediction (VSP), masked language modelling (MLM), and engagement (ENG)) and ChatGPT are combined for the general assessment of chatbots. ChatGPT is prompted to assess the response based on a desired aspect to assess."We propose a comprehensive framework, incorporating earlier encoder-based approaches and ChatGPT, as illustrated in Figure 1. By combining multiple models and submetrics through ensembling, our approach aims to improve the performance and robustness of dialogue evaluation, ultimately contributing to the advancement of dialogue system research and development.";"Our framework, which we call DIALEVALML, can be viewed as a dual layered ensemble which are done at the model and submetric level, and that employ strong multilingual pretrained encoder and decoder models which were finetuned or prompted1 .";"[...] we employ several submetrics to evaluate dialogue responses – ranging from zero-shot prediction using pretrained LLMs to trained models using self-supervised and supervised methods – and weigh them according to the aspect we wish to predict. "NA An evaluation framework, called DialEvalML, is proposed in which encoder-based approaches and ChatGPT are combined for the general assessment of chatbots. ChatGPT is prompted to assess the response based on a desired aspect to assess. The framework is multilingual, robust, and evaluates both on the turn-level and dialogue-level.2
Mesgar Dialogue coherence assessment without explicit dialogue act labels2019 chatbot "Recent dialogue coherence models use the coherence features designed for monologue texts, e.g. nominal entities, to represent utter ances and then explicitly augment them with dialogue-relevant features, e.g., dialogue act labels. It indicates two drawbacks, (a) seman tics of utterances is limited to entity mentions, and (b) the performance of coherence mod els strongly relies on the quality of the input dialogue act labels. We address these issues by introducing a novel approach to dialogue coherence assessment. We use dialogue act prediction as an auxiliary task in a multi-task learning scenario to obtain informative utter ance representations for coherence assessment."coherence "We use dialogue act prediction as an auxiliary task in a multi-task learning scenario to obtain informative utterance representations for coherence assessment."fully automatic yes Proposes a method for coherence evaluation for chatbots. A dialogue act prediction is used as an auxiliary task in multi-task learning. 4
Pang Towards holistic and automatic evaluation of open-domain dialogue generation2022 a coherence chatbot "As human evaluation is inefficient and costly, an automated substitute is highly desirable. In this paper, we propose holis tic evaluation metrics that capture different as pects of open-domain dialogues."coherence "Our metrics consist of (1) GPT-2 based context coherence between sentences in a dialogue, (2) GPT-2 based fluency in phrasing, (3) n-gram based di versity in responses to augmented queries, and (4) textual-entailment-inference based logical self-consistency"LLM no Proposes evaluation metrics from context coherence, language fluency, responses diversity and logical self-consistency. Coherence is measured using GPT-2. It ranges between 0 and 1. 4
Pang Towards holistic and automatic evaluation of open-domain dialogue generation2022 b fluency chatbot "As human evaluation is inefficient and costly, an automated substitute is highly desirable. In this paper, we propose holis tic evaluation metrics that capture different as pects of open-domain dialogues."fluency "Our metrics consist of (1) GPT-2 based context coherence between sentences in a dialogue, (2) GPT-2 based fluency in phrasing, (3) n-gram based di versity in responses to augmented queries, and (4) textual-entailment-inference based logical self-consistency"LLM no Proposes evaluation metrics from context coherence, language fluency, responses diversity and logical self-consistency. Fluency is measured using GPT-2. 4
Pang Towards holistic and automatic evaluation of open-domain dialogue generation2022 c diversity in responses chatbot "As human evaluation is inefficient and costly, an automated substitute is highly desirable. In this paper, we propose holis tic evaluation metrics that capture different as pects of open-domain dialogues."diversity in responses "Our metrics consist of (1) GPT-2 based context coherence between sentences in a dialogue, (2) GPT-2 based fluency in phrasing, (3) n-gram based di versity in responses to augmented queries, and (4) textual-entailment-inference based logical self-consistency"fully automatic no Proposes evaluation metrics from context coherence, language fluency, responses diversity and logical self-consistency. Response diversity is measured by augmenting the queries to measure the conditional entrpoy of responses. WordNet Substitution and Conditional Text Generator are used to substitute parts of the querie. The n-gram entropy is calcualted for samples in the augmented set. 4
Pang Towards holistic and automatic evaluation of open-domain dialogue generation2022 d self-consistency chatbot "As human evaluation is inefficient and costly, an automated substitute is highly desirable. In this paper, we propose holis tic evaluation metrics that capture different as pects of open-domain dialogues."self-consistency "Our metrics consist of (1) GPT-2 based context coherence between sentences in a dialogue, (2) GPT-2 based fluency in phrasing, (3) n-gram based di versity in responses to augmented queries, and (4) textual-entailment-inference based logical self-consistency"fully automatic yes Proposes evaluation metrics from context coherence, language fluency, responses diversity and logical self-consistency. Logical self-consistency is measured by training a multi-genre natural language inference model to label if the relation of the responses and the utterance history of the same agent is logically consistent. 4
Pereira What matters for chatbots? Analyzing quality measures for facebook messenger’s 100 most popular chatbots2019 chatbot "Hence, this work tackles the following research question: is there any correlation between these non-natural-language quality attributes and chatbot success? The answer to this question is important for new developments to find a balance between the new features (e.g., machine learning, natural-language abil ities) and the more traditional features (e.g., conversational interfaces) in order to optimize developers’ efforts."Quality (in terms of support of a minimal set of commands, foresee language variations, human-assistance provision, and timeliness)"we introduce four quality attributes: “support of a minimal set of commands”, “foresee language variations”, “human-assistance provision” and “timeliness”. The selection is grounded on scholarly but also reputed blog references from 2016 and 2017."other automatic with scripts but manual checking is required in some casesno The authors aim to assess four quality attributes of (Facebook Messenger) chatbots. They aim to do this automatically by gaining access to the chatbots and using a command script to experiment with the quality attributes."To this end, we introduce four quality attributes, namely, “support of a minimal set of commands”, “foresee language variations”, “human-assistance provision” and “timeliness”. These criteria are applied to the 100 most popular Facebook Messenger chatbots. We review and measure both capacities and performance in order to find correlations between quality attribute fulfilment and popularity (chatbots’ ’likes’).";"Our evaluation framework rests on a custom NodeJS solution that leverages Puppeteer, a library for managing a Chromium headless browser.";"Our solution resorts to Puppeteer, a Node library which provides a high-level API to control the headless Chrome browser over the DevTools protocol. Using Puppeteer, our implemented analyzer communicates with Facebook Messenger bots programmatically, simulating real-user actions."NA The authors propose a method to evaluate (Facebook Messenger) chatbots based on four quality attributes: support of a minimal set of commands (i.e., responds correctly to basic, frequently used commands), foresee language variations (i.e., chatbot must understand and create variations in language use), provide human assistance (i.e., chatbot redirects to human assistence when requested to), and efficiency (i.e., the time it takes to generate a response). These quality attributes are assessed binary, i.e., passing or failing using a script that does this automatically with in some cases the need for checking by a human. The authors used the method to evaluate 100 Facebook Messenger chatbots and link the quality attributes to popularity (though no correlation using a linear regression model in R was found).3
Platek Three ways of using large language models to evaluate chat2023 chatbot "The task of evaluating responses in a chat is challenging because it requires an understanding of the interlocutor’s roles (pragmatics), the conversation’s context, and the response’s meaning (semantics). At the same time, the conversations are often ungrammatical (Rodríguez-Cantelar et al., 2023) and vary in style (Zhang et al., 2018). The commonly used metrics, such as BLEU (Papineni et al., 2002), METEOR (Banerjee and Lavie, 2005), or BERTScore (Zhang et al., 2019), are based on comparison to human references and thus correlate poorly with human judgments on the turn level, as they penalize many correct responses for a given chat context (Zhao et al., 2017). At the same time, human evaluation is expensive and time consuming."Appropriateness, content richness, grammatical correctness, and relevance"For each dialogue turn, considering the preceding dialogue history, the participants were to submit a system to predict the score of the target metrics, defined by the organizers as: • Appropriateness – The response is appropriate given the preceding dialogue. • Content Richnes – The response is informa tive, with long sentences including multiple entities and conceptual or emotional words. • Grammatical Correctness – Responses are free of grammatical and semantic errors. • Relevance – Responses are on-topic with the immediate dialogue history."LLM no Method 1 (of the 3) that the authors propose using LLMs with manually designed few-shot prompting. The dataset for training, developing, and testing the methods were provided by the track competition."We present three different systems used for our three submissions, all of which are based on LLMs and few-shot prompting: (1) We evaluate a straightforward approach with manually designed fixed prompts for off-the-shelf open LLMs checkpoints. (2) We train a simple feed-forward regression neu ral network (FNN) on top of frozen LLM embed dings to predict the turn-level metrics scores. (3) We used the ChatGPT API and few-shot examples retrieved dynamically from the development set to improve the prompting performance."Compared with other submissions of the DSTC 11 Track 4As part of a competition (DSTC 11 Track 4) the authors use LLM and prompting to rate several turn-level qualities of chatbots (appropriateness, content richness, grammatical correctness, and relevance). They propose three methods in total: (1) manually designed prompts wtih LLMs, (2) trained feed-forward regression neural network on top of LLM embeddings to predict metrics scores, and (3) ChatGPT API with few-shot to improve prompting.2
Platek Three ways of using large language models to evaluate chat2023 chatbot "The task of evaluating responses in a chat is challenging because it requires an understanding of the interlocutor’s roles (pragmatics), the conversation’s context, and the response’s meaning (semantics). At the same time, the conversations are often ungrammatical (Rodríguez-Cantelar et al., 2023) and vary in style (Zhang et al., 2018). The commonly used metrics, such as BLEU (Papineni et al., 2002), METEOR (Banerjee and Lavie, 2005), or BERTScore (Zhang et al., 2019), are based on comparison to human references and thus correlate poorly with human judgments on the turn level, as they penalize many correct responses for a given chat context (Zhao et al., 2017). At the same time, human evaluation is expensive and time consuming."Appropriateness, content richness, grammatical correctness, and relevance"For each dialogue turn, considering the preceding dialogue history, the participants were to submit a system to predict the score of the target metrics, defined by the organizers as: • Appropriateness – The response is appropriate given the preceding dialogue. • Content Richnes – The response is informa tive, with long sentences including multiple entities and conceptual or emotional words. • Grammatical Correctness – Responses are free of grammatical and semantic errors. • Relevance – Responses are on-topic with the immediate dialogue history."LLM no Method 2 (out of 3) that the authors propose uses a "feed-forward regression neural network (FNN) on top of frozen LLM embeddings". The dataset for training, developing, and testing the methods were provided by the track competition."We present three different systems used for our three submissions, all of which are based on LLMs and few-shot prompting: (1) We evaluate a straightforward approach with manually designed fixed prompts for off-the-shelf open LLMs checkpoints. (2) We train a simple feed-forward regression neu ral network (FNN) on top of frozen LLM embed dings to predict the turn-level metrics scores. (3) We used the ChatGPT API and few-shot examples retrieved dynamically from the development set to improve the prompting performance."Compared with other submissions of the DSTC 11 Track 4As part of a competition (DSTC 11 Track 4) the authors use LLM and prompting to rate several turn-level qualities of chatbots (appropriateness, content richness, grammatical correctness, and relevance). They propose three methods in total: (1) manually designed prompts wtih LLMs, (2) trained feed-forward regression neural network on top of LLM embeddings to predict metrics scores, and (3) ChatGPT API with few-shot to improve prompting.2
Platek Three ways of using large language models to evaluate chat2023 chatbot "The task of evaluating responses in a chat is challenging because it requires an understanding of the interlocutor’s roles (pragmatics), the conversation’s context, and the response’s meaning (semantics). At the same time, the conversations are often ungrammatical (Rodríguez-Cantelar et al., 2023) and vary in style (Zhang et al., 2018). The commonly used metrics, such as BLEU (Papineni et al., 2002), METEOR (Banerjee and Lavie, 2005), or BERTScore (Zhang et al., 2019), are based on comparison to human references and thus correlate poorly with human judgments on the turn level, as they penalize many correct responses for a given chat context (Zhao et al., 2017). At the same time, human evaluation is expensive and time consuming."Appropriateness, content richness, grammatical correctness, and relevance"For each dialogue turn, considering the preceding dialogue history, the participants were to submit a system to predict the score of the target metrics, defined by the organizers as: • Appropriateness – The response is appropriate given the preceding dialogue. • Content Richnes – The response is informa tive, with long sentences including multiple entities and conceptual or emotional words. • Grammatical Correctness – Responses are free of grammatical and semantic errors. • Relevance – Responses are on-topic with the immediate dialogue history."LLM yes Method 3 (out of 3) that the authors propose uses the ChatGPT API with dynamically retrieved few-short prompts. The dataset for training, developing, and testing the methods were provided by the track competition."We present three different systems used for our three submissions, all of which are based on LLMs and few-shot prompting: (1) We evaluate a straightforward approach with manually designed fixed prompts for off-the-shelf open LLMs checkpoints. (2) We train a simple feed-forward regression neu ral network (FNN) on top of frozen LLM embed dings to predict the turn-level metrics scores. (3) We used the ChatGPT API and few-shot examples retrieved dynamically from the development set to improve the prompting performance."Compared with other submissions of the DSTC 11 Track 4As part of a competition (DSTC 11 Track 4) the authors use LLM and prompting to rate several turn-level qualities of chatbots (appropriateness, content richness, grammatical correctness, and relevance). They propose three methods in total: (1) manually designed prompts wtih LLMs, (2) trained feed-forward regression neural network on top of LLM embeddings to predict metrics scores, and (3) ChatGPT API with few-shot to improve prompting.2
Ray Benchmarking, ethical alignment, and evaluation framework for conversational AI: Advancing responsible development of ChatGPT2023 chatbot "Conversational AI systems like ChatGPT have seen remarkable advancements in recent years, revolutionizing human–computer interactions. However, evaluating the performance and ethical implications of these systems remains a challenge. This paper delves into the creation of rigorous benchmarks, adaptable standards, and an intelligent evaluation methodology tailored specifically for ChatGPT."General evaluation (wide range of criteria)"Our proposed evaluation framework for ChatGPT is a six-layered and comprehensive model that accounts for a wide range of evaluation criteria from task-specific to human-based assessments. This robust evaluation framework is necessary to ensure that the AI system is capable of understanding and responding to human queries, maintaining coherence, providing relevant and accurate responses, and upholding ethical considerations."other can be any type depending on the benchmarkno The authors propose a framework consisting of 6 layers for ChatGPT benchmark evaluation, a wide range of tools/technique/questionnares are summed."In terms of evaluation, we explore traditional methods like BLEU, ROUGE, METEOR, precision–recall, F1 score, perplexity, and user feedback, while also proposing a novel evaluation approach that harnesses the power of reinforcement learning. Our proposed evaluation framework is multidimensional, incorporating task-specific, real-world application, and multi-turn dialogue benchmarks. We perform feasibility analysis, SWOT analysis and adaptability analysis of the proposed framework.";"Our proposed evaluation framework for ChatGPT is a six-layered and comprehensive model that accounts for a wide range of evaluation criteria from task-specific to human-based assessments."NA The authors propose a framework for ChatGPT benchmark evaluation. It consist of six layers: task-oriented benchmarks, real-world application benchmarks, multi-turn dialogue benchmarks, ethical and moral evaluation, user feedback and human evaluation, and reinforcement learning-based evaluation. The benchmarks are further explained and adressed in detail and strengths and weaknesses are discussed per layer.3
Ren Evaluation techniques for chatbot usability: a systematic mapping study2019 chatbot "Our objective is to identify the state-of-the-art in chatbot usability and applied human–computer interaction techniques, to analyze how to evaluate chatbot usability"usability "Our objective is to identify the state-of-the-art in chatbot usability and applied human–computer interaction techniques, to analyze how to evaluate chatbot usability" 3
Rodriguez Overview of robust and multilingual automatic evaluation metrics for open-domain dialogue systems at DSTC 11 Track 42023 a Submission of team 4 chatbot "Despite the consistent ef forts to improve automatic metrics’ correlations with human evaluation, there have been very few attempts to assess their robustness over multiple domains and dimensions. Also, their focus is mainly on the English language. All of these challenges prompt the development of automatic evaluation metrics that are reliable in various domains, dimensions, and languages. "Quality of response (turn-level: appropriateness, content richness, grammatical correctness, relevance; dialogue-level: coherence, engageness/likeability, informativeness, overall)"[...] the metrics should provide constructive and explicit feedback to the generative models in terms of the quality of their generated responses. For instance, if a generative model contradicts itself, the evaluation metrics should signal such behavior.";"[...] we include the following dimensions at turn-level and dialogue-level annotations (Mehri et al., 2022): – Turn-level dimensions: Appropriateness - The response is appropriate given the preceding dialogue. Content Richness - The response is informative, with long sentences including multiple entities and conceptual or emotional words. Grammatical Correctness - Responses are free of grammatical and semantic errors. Relevance - Responses are on-topic with the immediate dialogue history. – Dialogue-level dimensions: Coherence - Throughout the dialogue, is the system maintaining a good conversation flow. Engageness/Likeability - Throughout the dialogue, the system displays a likeable personality. Informativeness - Throughout the dialogue, the system providLLM no The authors propose an evaluation method that consists of XLM-Roberta-Large encoder model and ChatGPT for the evaluation dialogue responses on different quality aspects. "Their approach utilizes two submetric groups, XLM-R and ChatGPT, for evaluating dialogue responses. The XLM-R group employs the XLM-Roberta-Large encoder model, consisting of NSP (Next Sentence Prediction), VSP (Valid Sentence Prediction), MLM (Masked Language Modeling), and ENG (Engagement) submetrics.";"The ChatGPT group prompts gpt-3.5-turbo to evaluate responses based on the dimensions of the DSTC11 test, with submetrics for dialogue and turn level. Weighted sums of the submetrics are calculated, with the weights learned from a subset of the dev dataset. For the test set, four variations were submitted, including weighted sums of XLMR and ChatGPT, direct mapping of ChatGPT, and a weighted sum of all models." Compared with human judgements and with other submissions of the DSTC 11 Track 4The authors propose an automatic evaluation metric in which the XLM-Roberta-Large encoder model, consisting of NSP, VSP, MLM, and ENG submetrics is used together with ChatGPT which is prompted to evaluate the dialogue responses on several aspects at the turn-level and dialogue level.3
Rodriguez Overview of robust and multilingual automatic evaluation metrics for open-domain dialogue systems at DSTC 11 Track 42023 b Submission of team 7 chatbot "Despite the consistent ef forts to improve automatic metrics’ correlations with human evaluation, there have been very few attempts to assess their robustness over multiple domains and dimensions. Also, their focus is mainly on the English language. All of these challenges prompt the development of automatic evaluation metrics that are reliable in various domains, dimensions, and languages. "Quality of response (turn-level: appropriateness, content richness, grammatical correctness, relevance; dialogue-level: coherence, engageness/likeability, informativeness, overall)"[...] the metrics should provide constructive and explicit feedback to the generative models in terms of the quality of their generated responses. For instance, if a generative model contradicts itself, the evaluation metrics should signal such behavior.";"[...] we include the following dimensions at turn-level and dialogue-level annotations (Mehri et al., 2022): – Turn-level dimensions: Appropriateness - The response is appropriate given the preceding dialogue. Content Richness - The response is informative, with long sentences including multiple entities and conceptual or emotional words. Grammatical Correctness - Responses are free of grammatical and semantic errors. Relevance - Responses are on-topic with the immediate dialogue history. – Dialogue-level dimensions: Coherence - Throughout the dialogue, is the system maintaining a good conversation flow. Engageness/Likeability - Throughout the dialogue, the system displays a likeable personality. Informativeness - Throughout the dialogue, the system providLLM no The authors propose a method in which xlm-roberta-large and bert-base are used."Their Parallel Corpus Alignment Framework enhances model evaluation on parallel corpora, focusing on Robust and Multilingual Automatic Evaluation Metrics for Open-Domain Dialogue systems. By utilizing xlm-roberta-large and bert-base as baseline models, they leverage representations from different languages, paraphrases, and translations to align parallel corpora in the semantic space. Through contrastive learning and multi-dataset distillation, they strengthen the model’s scoring robustness and evaluation capability across various data domains." Compared with human judgements and with other submissions of the DSTC 11 Track 4The authors propose an evaluation method based on alighnment of parallel corpora. By using xlm-roberta-large and bert-base, representations are obtained and aligned in the semantic space.3
Rodriguez Overview of robust and multilingual automatic evaluation metrics for open-domain dialogue systems at DSTC 11 Track 42023 c Submission of team 3 chatbot "Despite the consistent ef forts to improve automatic metrics’ correlations with human evaluation, there have been very few attempts to assess their robustness over multiple domains and dimensions. Also, their focus is mainly on the English language. All of these challenges prompt the development of automatic evaluation metrics that are reliable in various domains, dimensions, and languages. "Quality of response (turn-level: appropriateness, content richness, grammatical correctness, relevance; dialogue-level: coherence, engageness/likeability, informativeness, overall)"[...] the metrics should provide constructive and explicit feedback to the generative models in terms of the quality of their generated responses. For instance, if a generative model contradicts itself, the evaluation metrics should signal such behavior.";"[...] we include the following dimensions at turn-level and dialogue-level annotations (Mehri et al., 2022): – Turn-level dimensions: Appropriateness - The response is appropriate given the preceding dialogue. Content Richness - The response is informative, with long sentences including multiple entities and conceptual or emotional words. Grammatical Correctness - Responses are free of grammatical and semantic errors. Relevance - Responses are on-topic with the immediate dialogue history. – Dialogue-level dimensions: Coherence - Throughout the dialogue, is the system maintaining a good conversation flow. Engageness/Likeability - Throughout the dialogue, the system displays a likeable personality. Informativeness - Throughout the dialogue, the system providLLM yes The authors propose an evaluation method, called IDEL, in which multiple metrics are combined. They used a list-wise learning-to-rank objective, the LLaMa 65B dataset, and the incontext-learning method."To address the variability of metrics in evaluating different dimensions and mitigate overfitting on scarce human-annotated data, they propose IDEL. This approach combines multiple metrics to achieve a higher correlation with human judgment across all dimensions. To avoid overfitting, they employed a list-wise learning-to-rank objective, leveraging the relative positions of examples rather than absolute coordinates. Furthermore, they utilized the LLaMa 65B dataset and the incontext-learning method for direct evaluation of examples, considering their context."Compared with human judgements and with other submissions of the DSTC 11 Track 4The proposed evaluation method, called IDEL combines multiple metrics and is aimed to mitigate overfitting.3
Rodriguez Overview of robust and multilingual automatic evaluation metrics for open-domain dialogue systems at DSTC 11 Track 42023 d Submission of team 6 chatbot "Despite the consistent ef forts to improve automatic metrics’ correlations with human evaluation, there have been very few attempts to assess their robustness over multiple domains and dimensions. Also, their focus is mainly on the English language. All of these challenges prompt the development of automatic evaluation metrics that are reliable in various domains, dimensions, and languages. "Quality of response (turn-level: appropriateness, content richness, grammatical correctness, relevance; dialogue-level: coherence, engageness/likeability, informativeness, overall)"[...] the metrics should provide constructive and explicit feedback to the generative models in terms of the quality of their generated responses. For instance, if a generative model contradicts itself, the evaluation metrics should signal such behavior.";"[...] we include the following dimensions at turn-level and dialogue-level annotations (Mehri et al., 2022): – Turn-level dimensions: Appropriateness - The response is appropriate given the preceding dialogue. Content Richness - The response is informative, with long sentences including multiple entities and conceptual or emotional words. Grammatical Correctness - Responses are free of grammatical and semantic errors. Relevance - Responses are on-topic with the immediate dialogue history. – Dialogue-level dimensions: Coherence - Throughout the dialogue, is the system maintaining a good conversation flow. Engageness/Likeability - Throughout the dialogue, the system displays a likeable personality. Informativeness - Throughout the dialogue, the system providLLM yes  The authors propose an evaluation method for assessing qualities on the turn-level. They use pre-trained LLMs alone and also LLMs combined with a feed-forward neural network."Their approach focused on predicting turn-level qualities. They utilized pre-trained Large Language Models (LLMs) with manually designed prompts and two selected dialogues as few-shot examples to adapt the LLM output. Additionally, they built a feed-forward neural network (FNN) using frozen LLM representations as features to predict the desired metrics." Compared with human judgements and with other submissions of the DSTC 11 Track 4The authors propose an evaluation method that uses pre-trained LLMs with few-shot examples alone and also LLMs combined with a feed-forward neural network for prediction of the evaluation metrics based on the dialogue system responses at the turn-level.3
Ruane BoTest: A framework to test the quality of conversational agents using divergent input examples2018 chatbot "Quality of conversational agents is important as users have high expectations. Consequently, poor interactions may lead to the user abandoning the system. In this paper, we propose a framework to test the quality of conversational agents. Our solution transforms working input that the conversational agent accurately recognises to generate divergent input examples that introduce complexity and stress the agent."Robustness (i.e., handling divergent inputs correctly)"As the divergent inputs are based on known utterances for which we have the ‘normal’ outputs, we can assess how robust the conversational agent is to variations in the input."other not reported no The authors created a framework, called BoTest, that uses algorithms to create divergent inputs from an original input utterence and algorithms that compare the responses with the response to the original input. The authors built their own chatbot, called ChitChatBot to test their framework. "We propose a framework (see Figure 1) to test the quality of CAs using divergent input examples. The framework takes a textual user utterance as input. Divergent examples of this input are generated that introduce language complexity for the CA to deal with but which maintain the intent of the original input. As such, the CA should produce the same or a similar output. Divergent examples can represent various challenges from grammatical errors to register changes. The CAs performance on these divergent examples can be compared to its response to the original input utterance and analysed to highlight areas in which the quality of the agent is reduced. This can paint a picture of the CAs robustness and meaningful feedback can be provided to the developers."NA The authors propose a framework, called BoTest, in which algorithms are used to create divergent inputs from an original input utterence, but which have the same intent. Then the inputs are presented to the chatbot and the responses should be similar to the response that the chatbot gives to the original input. In this way the robustness of the chatbot is assessed. The number of times the chatbot did not correctly recognize the input can then be counted.2
Rus A comparison of greedy and optimal assessment of natural language student input using word-to-word similarity metrics      chatbot                     Greedy Matching, snowballed from Sai - A survey of evaluation metrics used for NLG systems4
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ac ADEM chatbot Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference yes Trained model that evaluates reponses of a dialogue system given the context of the dialogue and a reference responseADEM [95] is trained to evaluate responses, given the dialogue context and a reference response, on a scale of 1 to 5.All other measures in the paperContext-dependent end-to-end trained metric that evaluates responses of a dialogue system given the dialogue context and a reference response1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ad RUBER chatbot Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference yes Trained model that combines a referenced metric, that has a reference response along with the dialogue context, and an unreferenced metric that is based only on the generated response and the dialogue contexSpecifically, RUBER uses a combination of a referenced metric and an unreferenced metric to score the dialogue response on a scale 0 to 1. Here, the term “referenced” indicates the need for a reference response whereas “unreferenced” means that only the context and the proposed response are considered.All other measures in the paperContext-dependent end-to-end trained metric that evaluates reponses of a dialogue system with a combination of a referenced (with reference response) and unreferenced metric (based only on generated response and dialogue context)1

Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ae SSREM chatbot Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference yes Trained model with a reference-based score and unreferenced score using speaker sensitive samples (by considering additional speaker-related information)The SSREM metric follows the strategy of RUBER to combine a reference-based score and an unreferenced score. However, unlike RUBER, SSREM uses ‘speaker sensitive samples’, instead of one positive sample and one random negative response sample for each context. The speaker sensitive samples are obtained by considering additional speaker-related information while probing for negative samples, in order to obtain responses that have varying degrees of similarity with the reference response.All other measures in the paperContext-dependent end-to-end trained metric that evaluates reponses of a dialogue system with a combination of a referenced (with reference response) and unreferenced metric (based only on generated response and dialogue context) considering speaker sensitive samples1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 af RUBER with BERT embeddings chatbot Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported LLM yes Trained model that combines a referenced metric, that has a reference response along with the dialogue context, and an unreferenced metric that is based only on the generated response and the dialogue contex that uses BERT embeddings instead of word2vec embeddingsenhancing RUBER with contextualized embeddings. The modification to the referenced part of RUBER is to simply replace the word2vec embeddings with BERT embeddings. The unreferenced model’s architectural changes include (i) replacing the Bi-RNN unit which encodes the word2vec embeddings with a pooling unit which aggregates the BERT embeddings of the words and (ii) replacing the MLP network which outputs a single unreferenced score in RUBER with a binary MLP classifier that assigns label 1 to positive responses and 0 to negative responses.All other measures in the paperTransformer based metric that evaluates reponses of a dialogue system with a combination of a referenced (with reference response) and unreferenced metric (based only on generated response and dialogue context) and uses BERT embeddings of response1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ag MaUde chatbot Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported LLM yes Trained model that scores dialogue responses without any need for reference responses, using BERT encodings for each utterance in the context and passing it thoruhg a BiLSTMSinha et al. [146] propose MaUde to score dialogue responses without any need for reference responses. MaUde obtains the BERT encodings for each utterance 𝑢𝑖 in the context, which are then downsampled (to reduce the dimensions) using a learnt matrix 𝐷𝑔. These downsampled BERT representations h𝑢𝑖 for every utterance 𝑢𝑖 are sequentially passed through a bidirectional-LSTM (BiLSTM). The BiLSTM hidden states are combined using max-pooling to get the context representation which is then transformed to the same vector space as the encoded candidate response vector using weight matrix 𝑊 . This transformed context encoding 𝑐 is combined with the response encoding 𝑝 and fed to a sigmoid classifier to produce the MaUde score.All other measures in the paperTransformer based metric that evaluates dialogue responses without the need for any reference response1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ah RoBERTa-eval chatbot Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported LLM yes Uses the contextualized text embeddings from a RoBERTa model to encode dialogue context and generated response into a single vector, after which an MLP classifier is used to obtain a score.Zhao et al. [183] utilize the contextualized text embeddings produced by RoBERTa model to encode the dialogue context and proposed response into a single vector 𝑑 . An MLP classifier with sigmoid activation is used to obtain a score between 1 to 5. All other measures in the paperTransformer based metric that evaluates dialogue responses based on the dialogue context and an MLP classifier1
Sedoc ChatEval: a tool for chatbot evaluation 2019  chatbot "The current best practice for analyzing and comparing these dialog systems is the use of human judgments. However, the lack of standardization in evaluation procedures, and the fact that model parameters and code are rarely published hinder systematic human evaluation experiments. We introduce a unified framework for human evaluation of chatbots that augments existing tools and provides a web-based hub for researchers to share and compare their dialog systems."Quality/correctness of responsenot reported automatic with human reference no The authors propose a framework, called ChatEval, for evaluation of chatbots. It consists of an webportal that can be used to upload chatbot models and evaluate them based on a set of automatic metrics and human evaluation. The automatic metrics are: lexical diversity, average cosine-similarity, sentence average BLEU-2 score, and response perplexity."To address these concerns, we have built ChatEval, a scientific framework for evaluating chatbots. ChatEval consists of two main components: (1) an open-source codebase for conducting automatic and human evaluation of chatbots in a standardized way, and (2) a web portal for accessing model code, trained parameters, and evaluation results, which grows with participation. In addition, ChatEval  includes newly created and curated evaluation datasets with both human annotated and automated baselines.";"The ChatEval evaluation toolkit is used to evaluate submitted models. It consists of an automatic evaluation and a human evaluation component. Automatic Evaluation Automatic evaluation metrics include: • Lexical diversity (distinct-n), the number of unique n-grams in the model’s responses divided by the total number of generated tokens (Li et al., 2016). • Average cosine-similarity between the mean of the word embeddings of a generated response and ground-truth response (Liu et al., 2016). • Sentence average BLEU-NA The proposed framework, called ChatEval, consists of two components which are (1) a base for standardized evaluation of chatbots and (2) a portal to access the corresponding chatbot model specifics. The evaluation consists of automatic evaluation metrics (number of unique n-grams of the response devided by the total number of tokens, the average cosine-similarity, sentence average BLEU-2 score, and response perplexity) and human evaluation (comparing two responses: which one is better or is there a tie). The main aim of this framework is that evaluation and comparison of chatbots is standardized and models/evaluation can be collected in one place.2
Sedoc ChatEval: a tool for chatbot evaluation 2020 chatbot "The current best practice for analyzing and comparing these dialog systems is the use of human judgments. However, the lack of standardization in evaluation procedures, and the fact that model parameters and code are rarely published hinder systematic human evaluation experiments. We introduce a unified framework for human evaluation of chatbots that augments existing tools and provides a web-based hub for researchers to share and compare their dialog systems."Quality/correctness of responsenot reported human no The authors propose a framework, called ChatEval, for evaluation of chatbots. It consists of an webportal that can be used to upload chatbot models and evaluate them based on a set of automatic metrics and human evaluation. The human evaluation concerns a judgement on two possibles responses and the human decides which responds is better or whether it is a tie."To address these concerns, we have built ChatEval, a scientific framework for evaluating chatbots. ChatEval consists of two main components: (1) an open-source codebase for conducting automatic and human evaluation of chatbots in a standardized way, and (2) a web portal for accessing model code, trained parameters, and evaluation results, which grows with participation. In addition, ChatEval  includes newly created and curated evaluation datasets with both human annotated and automated baselines.";"The ChatEval evaluation toolkit is used to evaluate submitted models. It consists of an automatic evaluation and a human evaluation component.";"Human Evaluation A/B comparison tests consist of showing the evaluator a prompt and two possible responses from models which are being compared. The prompt can consist of a single utterance or a series of utterances. The user picks the better response or specifies a tie."NA The proposed framework, called ChatEval, consists of two components which are (1) a base for standardized evaluation of chatbots and (2) a portal to access the corresponding chatbot model specifics. The evaluation consists of automatic evaluation metrics (number of unique n-grams of the response devided by the total number of tokens, the average cosine-similarity, sentence average BLEU-2 score, and response perplexity) and human evaluation (comparing two responses: which one is better or is there a tie). The main aim of this framework is that evaluation and comparison of chatbots is standardized and models/evaluation can be collected in one place.2
Sedoc ChatEval: a tool for the systematic evaluation of chatbots2018 chatbot "The current best practice for ana lyzing and comparing these dialog systems is the use of human judgments. However, the lack of standardization in evaluation proce dures, and the fact that model parameters and code are rarely published hinder systematic human evaluation experiments. We introduce a unified framework for human evaluation of chatbots that augments existing chatbot tools, and provides a web-based hub for researchers to share and compare their dialog systems. "Quality/correctness of responsenot reported other Combination of human evaluation and a set of extensible automatic evaluation metricsno The authors propose a framework, called ChatEval, for evaluation of chatbots. It consists of an webportal that can be used to upload chatbot models and evaluate them based on a set of automatic metrics and human evaluation."To address these concerns, we have built ChatEval, a scientific framework for evaluating chatbots. ChatEval consists of two main components: (1) an open-source codebase for conducting automatic and human evaluation of chatbots in a standardized way, and (2) a web portal for accessing model code, trained parameters, and evaluation results, which grows with participation. In addition, ChatEval includes newly created and curated evaluation datasets with both human annotated and automated baselines.";"Automatic evaluation metrics include: The number of unique n-grams in the model’s responses divided by the total number of generated tokens. Average cosine-similarity between the mean of the word embeddings of a generated response and ground-truth response (Liu et al., 2016). Sentence average BLEU-2 score (Liu et al., 2016). Response perplexity, measured using the likelihood that the model predicts the correct. response (Zhang et al., 2018). Our system is easily extensible to  support other evaluation metrics.";"HuNA The proposed framework, called ChatEval, consists of two components which are (1) a base for standardized evaluation of chatbots and (2) a portal to access the corresponding chatbot model specifics. The evaluation consists of automatic evaluation metrics (number of unique n-grams of the response devided by the total number of tokens, the average cosine-similarity, sentence average BLEU-2 score, and response perplexity) and human evaluation (comparing two responses: which one is better or is there a tie). The main aim of this framework is that evaluation and comparison of chatbots is standardized and models/evaluation can be collected in one place.3
Si Why so toxic?: Measuring and triggering toxic behavior in open-domain chatbots2022 chatbot "Chatbots are used in many applications, e.g., automated agents, smart home assistants, interactive characters in online games, etc. Therefore, it is crucial to ensure they do not behave in undesired manners, providing offensive or toxic responses to users."Toxicity (i.e., toxic speech)"In this paper, we study toxic speech—offensive language that involves hate or violent content—in the context of chatbots"automatic with human reference yes The authors use queries from two datasets (4chan and Reddit) and collecting the responses from two chatbots (BlenderBot-small (BBs) and TwitterBot (TB)). Google's Percpective API is used to score if the query or response is toxic."First, we feed datasets to two different open-domain chatbots that could be easily acquired online. This allows us to collect query response pairs, where the query comes from the dataset, and the response is generated from the chatbot.";"we use data from 4chan and Reddit as queries";"Second, we quantify the toxicity of all the queries and responses using Google’s Perspective API [1]. Google’s Perspective API has been used widely for offensive content studies in different domains [36, 39, 47]. Third, we categorize the query-response pairs, based on the toxicity of queries and responses, into four categories: Non-Toxic to Toxic (NT2T), Non-Toxic to Non-Toxic (NT2NT), Toxic to Toxic (T2T), Toxic to Non-Toxic (T2NT).";"We use Google’s Perspective API to assign toxicity scores to each query (Q-score) and response (R-score). The API uses a machine learning model to assign a score to a sentence for several attributes, including toxicity, insult, threat, etc. Its output range is from 0 to 1, depending on the toxicitNA The authors first show how toxicity of chatbots can be measured by using queries from two datasets (4chan and Reddit) and collecting the responses from two chatbots (BlenderBot-small (BBs) and TwitterBot (TB)). Google's Percpective API, which uses a machine learning algorithm, can then score if the query or response is toxic (if probability > 0.5). It is undesireable if the query is scored non-toxic, while the chatbot response is score toxic. The authors then also designed a tool, calld ToxicBuddy, to trigger toxic responses in open-domain chatbots. 2
Sinha Learning an unreferenced metric for online dialogue evaluation      chatbot                     MuADE, snowballed from Sai - A survey of evaluation metrics used for NLG systems4
Siro Evaluating task-oriented dialogue systems with users2023 chatbot 3
Sugiyama Automatic evaluation of chat-oriented dialogue systems using large-scale multi-references2018 a Average of metrics (AM) chatbot We propose a regression-based approach that automatically evaluates chat-oriented dialogue systems by leveraging the distances between system utterances and a large number of positive and negative references. We expect our regression-based approach to appropriately evaluate sentences that are not similar to all of the references.(Average)  similarity This method outputs an estimation score of target sentence T with the average of sentence-wise similarities s(T,Rm) with top-M similar reference sentences Rm. automatic with human reference Similarity score: BLEU, RIBE, Word Error Rate (WER)Similarity metrics s used in AM, WS, and Regression are either sentenceBLEU (BLEU), RIBES [9], or Word Error Rate (WER). Here, WER, which is calculated as normalized Levenshtein distance NL to a reference sentence, is converted to a similarity with either W ER=1−NL (ranges from 0 to 1) or W ER=1−2NL (-1 to 1).m-BLEU, delta-BLEU (Average) sentence-wise similarity over top similar N examples 2
Sugiyama Automatic evaluation of chat-oriented dialogue systems using large-scale multi-references2018 b Weighted Score (WS) chatbot see above (weighted) similarity This method first calculates the sentence-wise similarities s(T,Rm) with top-M similar reference sentences Rm. This method also calculates the evaluated scores em (winning rates) of the top-M similar references. Then it outputs the average of the scores em of the top-N similar references weighted by the similarities s(T,Rm)automatic with human reference see above see above see above Weighted similarity. Weights are "winning rate" which is a human evaluation metric used to compare multiple references. An example is scored 1 if it is the most natural and 0 if it is least natural among all examples.2
Sugiyama Automatic evaluation of chat-oriented dialogue systems using large-scale multi-references2018 c Regression chatbot see above (estimated) naturalness scoreThis estimates the evaluation scores with regression models like Support Vector Regression (SVR) [7]. We used similarity metrics s(T, Rn) for N references as features and trained the modeltrained metric see above see above see above Trained regression preditor for scores 2
Sun MoralDial: a framework to train and evaluate moral dialogue systems via moral discussions2023 a agreement chatbot We propose a reference-free method to evaluate the ability of answering, explanation, revision and inference under our framework based on dynamic interacting. This method primarily learns a trainable metric to measure the agreement between an answer and a RoT given a question.alignment score (agree to disagree)Given the input, we  adopt the weighted output probability of labels to compute the final agreement scoretrained metric fine-tuned RoBERTa RoBERTa with extra question input performs the best on the task. Therefore, we use the fine-tuned RoBERTa as the following answer-RoT agreement scorer.The agreement score between robot's answer and RoT (Rules of thumb - conceptual units / expressions on morality) is (the probability of agree) - (weighted probability of disagree). The range is -1 to 1 (disagree to agree). 2
Sun MoralDial: a framework to train and evaluate moral dialogue systems via moral discussions2023 b safety chatbot this score directly reflects the extent to which the generated responses conform with the most accepted social norms.safety In moral answer generation, we detect those immoral or unsafe answers by measuring the agreement between the generated answer A and “safety RoTs”. We define “safety RoTs” as those RoTs with the highest global consensus and severity of violation in MIC dataset (Ziems et al., 2022) and SOCIAL-CHEM 101 datasettrained metric see above see above All the other metrics  It calculates the agreement score between robot's answer and top-k safety RoT. 2
Sun MoralDial: a framework to train and evaluate moral dialogue systems via moral discussions2023 c self-consistency chatbot Moral explanation requires that when asked why, the chatbot generates an RoT-like sentence, which reveals the potential moral principle of its last-turn answer.self-consistency After getting the chatbot’s answer A, we ask why and the chatbot gives the moral reason Rbot. We measure the agreement between A and Rbot.trained metric see above see above All the other metrics The agreement score (calculated by roberta) between robot answers and robot's reasoning of its own answer. 2
Sun MoralDial: a framework to train and evaluate moral dialogue systems via moral discussions2023 d moral alignment with user chatbot If a user receives an unsatisfactory answer and then presents her/his RoT, the chatbot is expected to revise its original answer and generate a new answer grounded on human values.moral revision In moral revision generation, we first  measure the agreement SMR1 between the generated answer A and user RoT Ruser. If A violates  Ruser, then the chatbot revises its answer to A′  after getting Ruser. We compute the agreement  score SMR2 between A′ and Ruser. ; if SMR1 and  SMR2 are both lower than a threshold λ = −0.35,  it means that the chatbot performs poorly on moral revision.trained metric see above see above All the other metrics It measures if model produces more morally-alignment answers with users  after moral revision. Inputs are revised robot answers and user's RoT. 2
Sun MoralDial: a framework to train and evaluate moral dialogue systems via moral discussions2023 e huamn evaluation chatbot We conduct human interactive experiments to verify that (1) our proposed metrics in §4 are in accord with the golden metric, i.e. human evaluation results; (2) by learning in limited moral discussions, the moral models can generalize to more generic scenarios.embodiment, morality, sensibleness, specificityMeanwhile, for each sentence generated by conversational models, the crowdworkers are asked to annotate (1) whether the sentence embodies morality (Embodiment, 1: yes, 0:  no), and (2) If it does, how much proportion of people would accept the moral standpoint (Morality,  from 1: none to 5: all). Following Adiwardana et al. (2020), we also evaluate Sensibleness and  Specificity of each sentence, which measures the  general dialogue ability (1: yes, 0: no).human annotation (1:yes, 0:no), rating (1-5)The crowd-workers annotate according to the following guideline.  • Does this sentence embody any morals of the chatbot? Options: [True], [False]  • If the last question is [True], Do you think what percent of people (globally) do you think agree with the moral standpoint? Options: [1: Nobody], [2: Rare], [3: Controversial], [4: Most], [5:All]  • Is this sentence sensible? Options: [True], [False]  • Is this sentence specific? Options: [True], [False]None Questionnaire for embodiment, morality, sensibleness, specificity.2
Sun Metaphorical user simulators for evaluating task-oriented dialogue systems2023 chatbot 3
Tao Ruber: An unsupervised method for automatic evaluation of open-domain dialog systems2018 chatbot "there does not exist a standard automatic evaluation metric for open-domain dialog systems; researchers usually resort to human annotation for model evaluation, which is time- and labor-intensive. In this paper, we propose RUBER, a Referenced metric and Unreferenced metric Blended Evaluation Routine, which evaluates a reply by taking into consideration both a groundtruth reply and a query (previous user-issued utterance)"similarity of word embeddings and relatedness"we measure the similarity by pooling of word embedding"; "A neural network-based scorer measures the relatedness between the generated reply and its query"fully automatic yes Presents the RUBER metric for automatically evaluating chatbot systems. RUBER is a combination of a referenced metric and an unreferenced metric. The references metric calculates the cosine similarity between generated responses and reference responses. The unreferenced metric uses negative sampling method to train a multi-layer perception to predict the relatedness scores between queries and generated responses. The two scores are mixed using some heuristics as the final score. 4
Tsuta vBLEU: uncertainty-aware automatic evaluation method for open-domain dialogue systems2020 a υBLEU chatbot To remove the human intervention in ∆BLEU, we propose an automatic, uncertainty-aware evaluation metric, υBLEU. This metric exploits reference responses that are retrieved from massive dialogue logs and rated by a neural network trained with automatically collected training dataappropriateness & quality of the response We then judged the quality of each retrieved reference response by humans for ∆BLEU and by NN-rater for υBLEU in terms of appropriateness as a response to a given utterance.trained metric BLEU score, methods of delta-BLEUWe have so far proposed two modifications to improve and automate ∆BLEU: more diverse reference retrieval (§ 4.1) and automatic reference quality judgment (§ 4.2).BLEU with only one reference, ∆BLEU, RUBERIt is a modified version of delta-bleu: 1) it uses cosine similarity instead of BM25 to caclulate the similarity of to-be-retrieved responses, 2) it uses a neural network instead of human as rater to output the appropriateness (i.e., probability) that the retrieved repsonse R2 can be a response to Utterance U1 (and prob that R1 can be a response to U2.) 1
Tsuta vBLEU: uncertainty-aware automatic evaluation method for open-domain dialogue systems2020 b RUBER + υBLEU chatbot We also propose integrating υBLEU into the state of the art evaluation method, RUBER (Tao et al., 2018) (§ 2) to advance the state of the art by replacing its reference-based scorer.quality of the response not reported trained metric RUBER RUBER (Tao et al., 2018) is an automatic evaluation method that combines two approaches: its referenced scorer evaluates the similarity between a reference and a generated response by using the cosine similarity of their vector representations, while its unreferenced scorer, trained by negative sampling, evaluates the relevance between an input utterance and a generated response. ; By replacing the reference scorer in RUBER with our υBLEU, however, we obtained the best overall correlations, which advances the state of the art.delta-BLEU, vBLEU, original RUBER, RUBER (ref scorer only), RUBER (unref scorer only)It replaces the reference scorer (i.e., measures how closely a response matches a human reference) with vBLEU. The final components used in RUBER is "unreferenced scorer" + "vBLEU"1
Tubin User experience with conversational agent: a systematic review of assessment methods2023 chatbot 3
Valtolina Methods for evaluating conversational agents' communicability, acceptability and accessibility degree2023 a acceptance chatbot we analysed and extended the Unified Theory of Acceptance and Use of Technology (UTAUT2) model and the Communicability Evaluation Method (CEM). Our models aim to investigate how much the agent is accessible, how much the communication is understandable, and if it brings to a successful conclusion.user's acceptance (Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Hedonic Motivation, Habit, Trust)The UTAUT presents several significant constructs to determine the user’s acceptance and intent to use new technology. Performance Expectancy (PE) measures how much an individual considers a valuable system for improving performance. Effort Expectancy (EE) measures how easy a system is to use. Social Influence (SI) measures the influence of colleagues, relatives or friends on the intention to use new technology. Finally, Facilitating Conditions (FC) measure how much external aid can facilitate the adoption and use of the system. ; we decided to integrate new constructs to investigate the acceptability level of a chatbot. Hedonic Motivation (HM) measures the degree of appreciation of the system by users. Habit (H) estimates how much experience and the habit of using new technology can be helpful in its more concrete acceptance. And finally, Trust (T) that measures how much trust in the chatbot can affect its acceptance and future use.human questionnaires At the end of the indicated period, we asked them to fill in the questionnaire developed to evaluate the hypotheses of the extended UTAUT2 model.None UTAUT provides some dimensions to measure user's acceptance2
Valtolina Methods for evaluating conversational agents' communicability, acceptability and accessibility degree2023 b accessibility chatbot see above Accessibility (Perceivability, Operability, Understandability)The Perceivability (P) evaluates the clarity of the proposed functions and interfaces. The Operability (O) determines how much the operations are accessible. The Understandability (U) aims to study if the information is easily understood.human see above see above None This is the extended part of UTAUT model 2
Valtolina Methods for evaluating conversational agents' communicability, acceptability and accessibility degree2023 c communicability chatbot see above communicability CEM tests identify all communicability breakdowns in the user’s interaction using specific tags.human Certain expressions ("tag") that can be used by users. Each conveys different communicability problems not reported None Expressions ("communicability tag") with different types of  communication failures.  3
Venkatesh On evaluating and comparing open domain dialog systems2018 chatbot "The subjectivity associated with evaluating conversations is key element underlying the challenge of building non-goal oriented dialogue systems. In this paper, we propose a comprehensive evaluation strategy with mul tiple metrics designed to reduce subjectivity by selecting metrics which correlate well with human judgement"engagement "we developed a framework based on engagement, domain coverage, coherence, topical diversity and conversational depth"fully automatic no Proposes to measure engagement using the number of dialogue turns and total conversations duration. 4
Virvou VIRTSI: A novel trust dynamics model enhancing Artificial Intelligence collaboration with human users – Insights from a ChatGPT evaluation study2024 a Human's trust level to AI chatbot this paper introduces VIRTSI (Variability and Impact of Reciprocal Trust States towards Intelligent systems), a novel computational framework designed to simulate and model the dynamics of human cognitive states of trust in human-AI Interaction. ; In a session of interactions between a human user and an AI-Based program, we identify four states of trust: “Neutral”, “Trust,” “Overtrust,” “Distrust,” and “Mistrust.” Transitions between these states are based on the human decision to accept an AI response or not. In this respect transitions are labelled either P (Positive) or N (Negative).Human's (sub)degrees of trust towards AI: (Unconditional, Defective, Random)Overtrust, Trust, (Defective, Justified, Random)Mistrust, (Unconditional)Distrust.In a session of interactions between a human user and an AI-Based program, we identify four states of trust: “Neutral”, “Trust,” “Overtrust,” “Distrust,” and “Mistrust.” Transitions between these states are based on the human decision to accept an AI response or not. In this respect transitions are labelled either P (Positive) or N (Negative).human Finite state Automata (DFAs)The Deterministic Finite Automaton (DFA) named “Cognitive Trust State Dynamics” (Fig. 2) is defined by a 5-tuple, D_P = {Q, Σ, q, F, δ}, and its formal description is as follows:  1) Q: a finite set of states. Q= {U_O, D_O, R_O, T, U_D, D_M, J_M, R_M}. 2) Σ: a finite set of input symbols, the alphabet. Σ= {P_sv, P_uv, P_cv, N_sv, N_uv, N_rv }. 3) q: the initial state. q = T 4) F: a set of final (accepting) states. F= {T} 5) δ: the transition function, which maps a state and an input symbol to the next stateNone “Cognitive Trust State Dynamics” is a Deterministic Finite state Automata (DFAs) which contains a set of states (i.e., trust levels) and input symbols (i.e., human's positive/negative acceptance). 3
Virvou VIRTSI: A novel trust dynamics model enhancing Artificial Intelligence collaboration with human users – Insights from a ChatGPT evaluation study2024 b Confusion Matrices: The evaluation model of human-AI trust dynamicschatbot This application serves to evaluate the accuracy of human decisions regarding the acceptance or rejection of AI-generated responses. ; . The main question to be answered is whether the AI response is to be accepted or not. To reach a decision on the acceptance or rejection, the user will first think whether validation of the AI response is required or whether to skip this. If the users’ decision is to validate the response, then they will think whether they have the ability to do this. If they believe that they have the ability to validate the response they will start a process of validation which will result in confirming or refuting the content of the AI response. In any case, users will finally accept or reject the content of the AI response.Correctness of human's decisions (influenced by trust level) on accepting AI's reponseA high accuracy value indicates that the human user is making correct decisions on acceptance or rejection of the AI-generated responses on a large portion of the dataset of the AI responses.human Humans construct confusion matrix then automatic metrics are caculated Confusion matrix Accuracy, Precision, Recall, Selectivity, Probability of False Alarm, False Discovery Rate (FDR), Miss Rate (False Negative Rate), Matthews correlation coefficient (MCC)None Experts (as observers) evaluate user's trust towards AI in a series interaction and classifies into 4 categories: True Positive (correctly accepted AI's assertion), True Negative (correctly denied AI's assertion), False Positive (incorrectly accepted AI's assertion), False Negative (incorrectly denied AI's assertion). Automatic metrics (e.g., accuracy) are calculated. 3
Wu Learning the human judgment for the automatic evaluation of chatbot2020 chatbot We try to build a model that can judge which model is preferred based on the voting of human. If the machine learns how to evaluate the text like human, it can do the automatic evaluation.Prediction on human preference (preffered or not) The target class is the human preference on Model A or Model B, given the posttrained metric BERT + linear classifier We created an automatic evaluation model based on the BERT (Devlin et al., 2018) pre-trained language model and a simple linear classification that can classify which generated sentenceNone Given 2 replies from chotbots, the model (BERT + linear classifier) predicts which reply is preferred. 3
Xu Data Set and Benchmark (MedGPTEval) to Evaluate Responses From Large Language Models in Medicine: Evaluation Development and Validation2024 a Evaluation criterion chatbot To conduct an exhaustive study, we developed a comprehensive assessment system, MedGPTEval, composed of criteria, medical data sets in Chinese, and publicly available benchmarks.Evaluation across 3 aspects (Medical, social, contextual) and 13 dimensionsThe draft evaluation criteria for assessing the LLMs were summarized by a thorough literature review from 4 aspects: medical professional  capabilities, social comprehensive capabilities, contextual capabilities, and computational robustness.human Likert scale, scoring per dimension None Evaluation across 3 aspects (Medical, social, contextual) and 13 dimensions1
Xu Data Set and Benchmark (MedGPTEval) to Evaluate Responses From Large Language Models in Medicine: Evaluation Development and Validation2024 b robustness chatbot see above robustness  robustness other Not specified Classification into three categories: "Semantic consistency",  "Semantically inconsistent but medically sound", "Complete error"not reported None LLMs are prompted with rephrased questions with semantic / grammatical / punctuational changes. Answers are evaluated and classified. 3
Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 a ChatMatch method chatbot we propose an automatic interactive evaluation framework, which is called ChatMatch(CM) for chitchat agents. This framework can be used to rank a number of bots with little time and minimum human effort.overall quality Our framework consists of two components: competition and scoring, which interoperate with each other; From bottom up, they are: game-level, match-level and tournament-level. Each match consists of several games. During a game, two bots will converse freely with each other and a virtual judge will score their performances according to a set of userdefined criteria such as consistency and fluency, etc.; we score each dialogue turn based on seven aspects: consistency, fluency, knowledge, specificity, diversity, relevance and proactivity.fully automatic scoring, ranking At the end of each game, each bot gets seven raw scores, one for each dimension. A bot receives one point on a dimension if it gets a higher raw score compared with the other bot in the game and zero point otherwise. The final score of each game for each bot is the sum of the points on these seven dimensions, which will not surpass 7. ; For Tounrnament level, we count the points by summing up the scores gained in every match.Perplexity, Token Accuracy, BERTScore, Holistic and Automatic Evaluation, Spot The BotChatMatch includes two level scoring: 1) game-level:  The best-performing bot on each of the 7 metrics earns 1 point per metric, and the final score is the total number of points a bot accumulates across all metrics, 2) tournament-level: There will be n(n−1) bot-bot matches (one for each bot pairing, in both directions), where each bot earns points based on the outcome of each match (winner, tie, or loser), and the final score is the sum of these points across all matches.1
Yang A fine-grained social bias measurement framework for open-domain dialogue systems2022 chatbot Since a dialogue system is directly interacting with the user, if it produces biased responses, it can have pernicious effects and can also hinder the deployment and development of dialogue systems based on largescale generative language models. Therefore, it is crucial to address the issue of social bias in dialogue contexts. In Task-7 Fine-grain dialogue social bias measurement of NLPCC 2022, we propose a framework for identifying social bias present in dialogue contexts based on prompt learning and contrastive learning.Bias classification (irrelevant, anti-bias, neutral, and biased)two-stage prompt learning that first identifies whether a text is involved in a fairness topic and then identifies the bias of a text that is involved in a fairness topic. ; The addition of contrastive learning after the two-stage prompt learning is used to bring the first-stage probability representations between positive samples under the complete labeling system in the first stage as close as possible while distancing the negative samples from the positive samples.trained metric BERT + prompt learning + contrasive learning The general representation module uses BERT [26] to extract semantic representations of the dialogue.compared classification results: RoBERTa, BERT, macBERT(Base), macBERT(Large), PERT, macBERT(Large) + LSTM, macBERT(Large) + FGM, macBERT(Large) + LSTM + FGM, macBERT(Large) + two-stage prompt learning A method to improve the performance of bias classification. Two-stage prompt learning is to identify if a bias is there and then if so, which bias topic it is. Contrastive learning aligns positive samples' probabilities and separates them from negatives after two-stage prompt learning. 2
Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 b Fluency chatbot see above Fluency Responses are fluent and natural. fully automatic perplexity We choose the most widespread reference-free approach, perplexity, to evaluate the fluency of each generated turn.see above perplexity 3
Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 c Knowledge chatbot see above Knowledge Responses indicate the bot has the knowledgefully automatic # of entities we count the numer of entities per hundred exchanges see above # of entities per hundred conversation exchanges 3

Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 d Proactivity chatbot see above Proactivity Responses actively proceed the conversationfully automatic # of questions by bot The number of times the bot raises a question.see above # of questions by bot 3

Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 e Specificity chatbot see above Specificity Responses are not generic fully automatic unigram & bigram diversity The average of Distinct-1 and Distinct-2see above # of distinct unigram & bigram averaged by total word numbers3
Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 f Diversity chatbot see above Diversity Responses are diverse and non-repetitive fully automatic repetition penalty at each turnWe evaluate diversity by punishing repetition in one dialogue. At each turn t, we first check if there exists any repetitive question.see above For each conversation turn, the algorithm checks its similarity score against previous turns. Similar questions and reponses are penalized.  3
Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 g Consistency chatbot see above Consistency Responses do not contracdict chat historyfully automatic inconsistency penalty consistency is evaluated by penalizing inconsistent behaviors. The detection of inconsistency is always triggered after the detection of repeated questions. If the answers to the same questions are different, we will penalize the current turnsee above Given the same question, it measures the similarity between two responses. If they are similar, then it is penalised. 3
Yang ChatMatch: evaluating chatbots by autonomous chat tournaments2022 h Relevancy chatbot see above Relevancy Responses are relevant to current contextfully automatic relevant concept detection Relevance is assessed as a bonus to reward a bot if it is able to memorize the important relevant concepts that have shown up before in the conversation. We sort the concepts that have shown up in chat history by their IDF scores.see above Check each token if 1) it was not mentioned in the last  turns and 2) it is a less frequent but important token (on IDF list). If both conditions are met, it scores for relevance. 3
Zhang Deep am-fm: Toolkit for automatic dialogue evaluation2021 chatbot "The study of AM-FM (Ade quacyMetric - FluencyMetric) suggests an automatic evaluation metric, that achieves good performance in terms of correlation with human judgements. AM-FM frame work intends to measure the quality of dialogue generation along two dimensions with the help of gold references: (1) The semantic closeness of generated response to the corresponding gold references; (2) The syntactic quality of the sentence construction"adequacy; syntactic quality (fluency)"AM-FM frame work intends to measure the quality of dialogue generation along two dimensions with the help of gold references: (1) The semantic closeness of generated response to the corresponding gold references; (2) The syntactic quality of the sentence construction"automatic with human reference no Presents a toolkit for the evaluation of fluency in chatbots. They use an LSTM-RNN language model to gain the fluency scores of responses. 4
Zhang Personalizing dialogue agents: I have a dog, do you have pets too?      chatbot                     Response perplexity, snowballed from Sedoc - ChatEval: A tool for chatbot evaluation4
Zhao Designing precise and robust dialogue response evaluators      chatbot                     RoBERTa-eval snowballed from Sai - A survey of evaluation metrics used for NLG systems4
Zheng Judging LLM-as-a-judge with MT-Bench and Chatbot Arena      chatbot                     Chatbot Arena, snowballed from Ma - FFAEval: Evaluating dialogue system via free-for-all ranking4
Zhong How to evaluate single-round dialogues like humans: An information-oriented metric2020 chatbot "Such methods are incapable of assessing whether a dialogue response generation system can pro duce high-quality, knowledge-related and informative dialogues. In response to this challenge, we design an information-oriented framework to simulate human subjective evaluation."dialogue quality "Using this framework, we implement a learning-based metric to evaluate the quality of a dialogue"fully automatic no Presents the Learning-based Information Evaluation Metric (LIEM). LIEM consists of information extraction and information matching. The former uses a triple extraction algorithm to extract the main contents of dialogues, while the latter calculates the relevance between question triples and response triples based on a matching algorithm. 4
Zhou Learning to compare for better training and evaluation of open domain natural language generation models2020 chatbot The motivation of our approach is that we can better assess the quality of generated samples or trained NLG model by comparing it with another one. Our model is a text pair classification model trained to compare the task-specific quality of two samples, which is then used to evaluate the quality of trained NLG models. ; We propose a “learning to compare” model to better assess the quality of text generated by NLG models based on pairwise comparison. Our model is able to transfer natural language understanding knowledge from BERT by finetuning in a self-supervised way while also able to be further fine-tuned with human preference annotation. Once trained, our model is able to perform inter-model comparison without the need for gold references, which greatly enlarges the potentially available test set and reduces the potential risk of overfitting the reference in the test set.Quality (classification)The comparative evaluator learns a total order of sample quality by classifying whether the first compared sample is better (>), worse (<), or indistinguishable (≈) in terms of its quality compared with another sample.trained metric fine-tuned BERT-large our comparative evaluator is formulated as a sentence pair classification model, we propose to fine-tune BERT (Devlin et al. 2018) as the comparative evaluatorBLEU score (average of 2-, 3-, 4-grams), perplexity, Automated Dialogue Evaluation Model (ADEM)A fine-tuned BERT-large model trained with strong and weak supervision examples can compare the quality of two inputs and classify their quality relationship as better, worse, or indistinguishable.1
Ahuja MEGA: Multilingual Evaluation of Generative AI 2023 MEGA general Generative AI models have shown impressive performance on many Natural Language Processing tasks such as language understanding, reasoning, and language generation. An important question being asked by the AI community today is about the capabilities and limits of these models, and it is clear that evaluating generative AI is very challenging. Most studies on generative LLMs have been restricted to English and it is unclear how capable these models are at understanding and generating text in other languages.Performance and multilingual capabilitiesNot reported fully automatic no 16 datasets for five different tasks (classification, question answering, sequence labeling, generation and responsible AI), different prompting strategies (monolingual promtping, zero-shot cross-lingual, translate-test)We broadly consider five families of NLP tasks in our experiments covering 16 different datasets: Classification Tasks. Here, we further have four different sub-tasks, i) Natural Language In- ference (classify if a hypothesis is entailed in the premise, contradicts it or neither), which includes XNLI (Conneau et al., 2018) , Indic-XNLI (Aggarwal et al., 2022) (version of XNLI translated to 11 Indian languages), and GLUECos NLI(Khanuja et al., 2020b) for English-Hindi code-mixed data; ii) Commonsense Reasoning datasets including causal commonsense reasoning bench-mark XCOPA (Ponti et al., 2020) and XStoryCloze (Lin et al., 2022a), where the correct ending of a story with four sentences is to be predicted; iii) Paraphrase Identification task PAWS-X (Yang et al., 2019a), where given two sentences, the model must predict if the two have the same meaning; iv) EN-ES-CS dataset for Sentiment Analysis on English-Spanish code-mixed tweets. Question Answering (QA). For QA we consider Span-Prediction tasks, where the anNot applicable Benchmark for the multilingual capabilities of generative LLMs, based on five NLP tasks (classification, question answering, sequence labeling, generation, responsible AI) covering 16 datasets, using three different prompting strategies (monolingual prompting, zero-shot cross-lingual and translate-test)2
Aiyappa Can we trust the evaluation on ChatGPT? 2023 general "We highlight the issue of data contamination in ChatGPT evaluations, with a case study in stance detection. We discuss the challenge of preventing data contamination and ensuring fair model evaluation in the age of closed and continuously trained models." 3
Alkaoud A bilingual benchmark for evaluating large language models2024 general "While LLMs have gained significant attention and have been extensively evaluated forEnglish (OpenAI, 2023; Bubeck et al., 2023; Anil et al., 2023; Nori et al., 2023; Katz et al.,2023), their application and evaluation in the context of non-English languages such asArabic have received relatively less attention."; "The problem that we noticed in both academia and industry is that there is no clarity regarding the best LLM in Arabic."reading comprehension; word analogies; contextual errors, sentence completion"We build the first GAT questions dataset which can be used to evaluate four linguistic tasks: reading comprehension, word analogies, contextual errors, and sentence completion."fully automatic no GAT exam in English and Arabic. ChatGPT and fastText (traditional embedding approach)"We build the first GAT questions dataset which can be used to evaluate four linguistictasks: reading comprehension, word analogies, contextual errors, and sentencecompletion."; "We start by constructing a prompt for every question in our dataset."; "After that, we use OpenAI's ChatGPT API to ask the model to answer the question"; "If only one choice is found, then we consider it to be the LLM chosen answer. For other cases, where we have: (1) more than one choice, or (2) no choices returned; we conduct a manual check by investigating the response and mapping it to a choice."; "We decided to see how well traditional embedding approaches will perform on the GAT word analogies questions. To check for that we used a fastText (Bojanowski et al., 2017) model to check which choice amongst the four given choices for a word analogy question is the correct one."None A bechmark is created based on an English and Arabic GAT (verbal comprehension) exam that provdies its own scores in the categories: reading comprehension, analogy, contextual error, and sentence completion. 3
Amidei The use of rating and likert scales in natural language generation human evaluation tasks: A review and some recommendations2019 a Rating scales general "Rating and Likert scales are popular tools used in surveys to estimate feeling, opinions or attitudes of responders. Although both instruments are widely used, their nature and their appropriate statistical analysis remain a matter of controversy. In particular, it can be controversial whether rating and Likert scales should be considered as ordinal or interval scales"Human preference Quality of NLG systems human no Rating scales Rating scales are items used in surveys to estimate feeling, opinions or attitudes of responders. The data collected through a rating scale can be interpreted both as ordinal and interval. A rating scale is composed of an n-point scale. Scales with 3, 5, 7, 10 or 11 points are used most often. Rating scales can be both numerical and verbal.Likert scales Humans filling in rating scales to evaluate a non-specified metric of generated natural language2
Amidei The use of rating and likert scales in natural language generation human evaluation tasks: A review and some recommendations2019 b Likert scales general "Rating and Likert scales are popular tools used in surveys to estimate feeling, opinions or attitudes of responders. Although both instruments are widely used, their nature and their appropriate statistical analysis remain a matter of controversy. In particular, it can be controversial whether rating and Likert scales should be considered as ordinal or interval scales"Human preference Quality of NLG systems human no Likert scales A Likert scale is an aggregate scale. The items that make a Likert scale are graphic rating scales. In this context, each graphic rating scale is called a Likert item. Likert scales are usually expressed in terms of agreement and disagreement. The items that make a Likert scales are designed to collectively capture the phenomenon under analysis. Accordingly, they shouldn’t be considered in isolation and they should be summed or averaged to produce a total score.Rating scales Humans filling in Likert scales to evaluate a non-specified metric of generated natural language2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 a F1 Score general "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Accuracy It is a measure of a test's accuracy automatic with human reference no Precision and recall The F1 score is the harmonic mean of precision and recall. The formula is F1 = 2 * (precision * recall)/(precision + recall)BLEU; Recall; METEOR; CIDEr; Median rank; EM-Diff; BLEURT; RMSREMeasure of accuracy considering both precision and recall; the formula is F1 = 2 * (precision * recall)/(precision + recall)2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 b BLEU (Bilingual Evaluation Understudy)general "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Similarity This is a metric for evaluating the similarity between a generated sentence and a reference sentenceautomatic with human reference no Reference sentences Not reported F1 Score; Recall; METEOR; CIDEr; Median rank; EM-Diff; BLEURT; RMSREAutomatic metric looking for similarity between generated and reference sentences2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 c Recall general "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Recall Ability of a model to find all the relevant cases within a dataset.automatic with human reference no Not reported Not reported F1 Score; BLEU; METEOR; CIDEr; Median rank; EM-Diff; BLEURT; RMSREFraction of relevant instances that were retrieved, i.e. sensitivity or true positive rate2
Bannour Evaluating the carbon footbprint of NLP methods: a survey and analysis of existing tools2021 a Green Algorithms general "Deep learning programs can have a high environmental impact in terms of Greenhouse Gas (GHG) emissions due in particular to the energy consumption of the computational facilities used to run them (Strubell et al., 2019)."environmental impact of NLP experiments"Based on these findings, we propose actionable recommendations to accurately measure the environmental impact of NLP experiments."other automatic with human inputyes online tool "Green Algorithms (Lannelongue et al., 2021) is an online tool developed by researchers in the UK that calculates the energy consumption and carbon footprint of computer use based on information supplied by the user in a web interface: runtime, number of cores, memory requested, type of platform used (PC, local server, cloud computing), type of cores, location."all other methods An online tool that calculates energy consumption and carbon footprint based on runtime, number of cores, memory requested, type of platform used, type of cores and location.2
Bannour Evaluating the carbon footbprint of NLP methods: a survey and analysis of existing tools2021 b Carbon Tracker general "Deep learning programs can have a high environmental impact in terms of Greenhouse Gas (GHG) emissions due in particular to the energy consumption of the computational facilities used to run them (Strubell et al., 2019)."environmental impact of NLP experiments"Based on these findings, we propose actionable recommendations to accurately measure the environmental impact of NLP experiments."other automatic with human inputyes python package "Carbon tracker (Anthony et al., 2020) was developed by researchers from Denmark for tracking and predicting the energy consumption and carbon footprint of training deep learning models."all other methods An online tool that predicts the energy consumption and carbon footprint of training deep learning models based on GPU, CPU and DRAM information.2
Bannour Evaluating the carbon footbprint of NLP methods: a survey and analysis of existing tools2021 c Experiment Impact Tracker general "Deep learning programs can have a high environmental impact in terms of Greenhouse Gas (GHG) emissions due in particular to the energy consumption of the computational facilities used to run them (Strubell et al., 2019)."environmental impact of NLP experiments"Based on these findings, we propose actionable recommendations to accurately measure the environmental impact of NLP experiments."other automatic with human inputyes python package "Experiment impact tracker (Henderson et al., 2020) was developed by researchers in north America to assist researchers in measuring and reporting the impact of their machine learning experiments."all other methods An online tool that calculates the impact of machine learning experiments based on GPU, CPU and DRAM information.2
Bannour Evaluating the carbon footbprint of NLP methods: a survey and analysis of existing tools2021 d Energy Use general "Deep learning programs can have a high environmental impact in terms of Greenhouse Gas (GHG) emissions due in particular to the energy consumption of the computational facilities used to run them (Strubell et al., 2019)."environmental impact of NLP experiments"Based on these findings, we propose actionable recommendations to accurately measure the environmental impact of NLP experiments."other automatic with human inputyes python package "Energy Usage (Lottick et al., 2019) was developed by researchers in the United States with the goal of improving accountability in machine learning research."all other methods An online tool that aims to improve accountability in machine learning research based on GPU, CPU and DRAM information.2
Bannour Evaluating the carbon footbprint of NLP methods: a survey and analysis of existing tools2021 e Cumulator general "Deep learning programs can have a high environmental impact in terms of Greenhouse Gas (GHG) emissions due in particular to the energy consumption of the computational facilities used to run them (Strubell et al., 2019)."environmental impact of NLP experiments"Based on these findings, we propose actionable recommendations to accurately measure the environmental impact of NLP experiments."other automatic with human inputyes python package "Cumulator (Tristan Trebaol and Ghadikolaei, 2020) is also a python package developed in Switzerland. Its estimates the energy consumption of computation based on runtime, GPU load and carbon intensity, with a fixed value for consumption of a typical GPU. It also estimates the energy consumption of communication based on the file sizes and the 1 byte model from The Shift Project (The Shift Project, 2018)."all other methods An online tool that calculates energy consumption based on runtime, CPU load and carbon intensity. It also estimates the energy consumption of communication based on the file size and the 1 byte model.2
Bannour Evaluating the carbon footbprint of NLP methods: a survey and analysis of existing tools2021 f ML CO2 Impact general "Deep learning programs can have a high environmental impact in terms of Greenhouse Gas (GHG) emissions due in particular to the energy consumption of the computational facilities used to run them (Strubell et al., 2019)."environmental impact of NLP experiments"Based on these findings, we propose actionable recommendations to accurately measure the environmental impact of NLP experiments."other automatic with human inputyes online tool "ML CO2 Impact (Lacoste et al., 2019) is an online tool developed by researchers in Canada that calculates the energy consumption and carbon footprint of computer use based on user supplied information including hardware, runtime, cloud provider and location of the computing facilities operated."all other methods An online tool that calculates energy consumption and carbon footprint based on hardware, runtime, cloud provider and location of computing facilities operate.2
Belz Non-Repeatable Experiments and Non-Reproducible Results: The Reproducibility Crisis in Human Evaluation in NLP2023 a Repeatability general A basic requirement of all evaluations, but in particular where used for meta-evaluation, is that they should support the same conclusions if repeated. However, the reproducibility of human evaluations is virtually never queried in NLP, let alone formally tested, and their repeatability and reproducibility of results is currently an open question.Repeatability In the second stage we annotated seven paper-level properties including language(s), number of systems, dataset and participants. We then split each paper into the experiments it reports and started annotating each experiment with our fine-grained annotation scheme.human no Annotation scheme of properties to be evaluatedWe then split each paper into the experiments it reports and started annotating each experiment with our fine-grained annotation scheme.Not applicable Humans assessing properties of human evaluations of NLP papers using an annotation scheme2
Belz Non-Repeatable Experiments and Non-Reproducible Results: The Reproducibility Crisis in Human Evaluation in NLP2023 b Reproducibility - similarity of scores general A basic requirement of all evaluations, but in particular where used for meta-evaluation, is that they should support the same conclusions if repeated. However, the reproducibility of human evaluations is virtually never queried in NLP, let alone formally tested, and their repeatability and reproducibility of results is currently an open question.Reproducibility of scoresTo complement the assessment of the repeatability of human evaluations in NLP above, here we look at the reproducibility of results, as collated from recent reproduction studies. We examine similarity in system-level scores between original and reproduction studies.human no Coefficients of variability and rank preservationMean study-level and mean criterion-level coefficients of variation and rank preservationNot applicable Humans assessing the variability between original and reproductions of human evaluations of NLP using coefficients of variability and rank preservation2
Belz Non-Repeatable Experiments and Non-Reproducible Results: The Reproducibility Crisis in Human Evaluation in NLP2023 c Reproducibility - confirmation of conclusionsgeneral A basic requirement of all evaluations, but in particular where used for meta-evaluation, is that they should support the same conclusions if repeated. However, the reproducibility of human evaluations is virtually never queried in NLP, let alone formally tested, and their repeatability and reproducibility of results is currently an open question.Reproducibility of conclusionsTo complement the assessment of the repeatability of human evaluations in NLP above, here we look at the reproducibility of results, as collated from recent reproduction studies. We assess whether scores support the same conclusions which can be the case even for dissimilar scores.human no Correlation with Spearman's rhoSpearman’s ρ as an indication of how closely matched system ranks are between original and reproduction studiesNot applicable Humans assessing the correlation between original and reproductions of human evaluations of NLP with Spearman's rho2
Berbatova Evaluating Hallucinations in Large Language Models for Bulgarian Language2023 a Fact-checking evaluation general Hallucination in large language models (LLMs) refers to the generation of non-factual statements or information that cannot be verified from the source. The latest generative language models, such as Llama, GPT-4 and other GPT-based models, are known to suffer from hallucination problems. The lack of trustworthiness of the generated outputs of LLMs is one of the main factors that stop their employment in sectors like education and healthcare, where there are high standards for factual accuracy.Hallucination - accuracyFacts presented in the generated text are accurate and supported by evidenceautomatic with human reference no Reference source Comparing the generated outputs of a model with a knowledge base or trusted sourcesHuman evaluation; Contrastive evaluation;  Zero-resource evaluationComparison of facts generated by a LLM to a trusted reference source2
Berbatova Evaluating Hallucinations in Large Language Models for Bulgarian Language2023 b Human evaluation general Hallucination in large language models (LLMs) refers to the generation of non-factual statements or information that cannot be verified from the source. The latest generative language models, such as Llama, GPT-4 and other GPT-based models, are known to suffer from hallucination problems. The lack of trustworthiness of the generated outputs of LLMs is one of the main factors that stop their employment in sectors like education and healthcare, where there are high standards for factual accuracy.Hallucination - relevance and truthfulnessRelevance and truthfulness of the generated outputshuman no Human judgment Employing human evaluators to assess the relevance and truthfulness of the generated outputsFact-checking evaluation; Contrastive evaluation;  Zero-resource evaluationHuman evaluators assess subjective aspects (relevance and truthfulness) of generated outputs2
Berbatova Evaluating Hallucinations in Large Language Models for Bulgarian Language2023 c Contrastive evaluation general Hallucination in large language models (LLMs) refers to the generation of non-factual statements or information that cannot be verified from the source. The latest generative language models, such as Llama, GPT-4 and other GPT-based models, are known to suffer from hallucination problems. The lack of trustworthiness of the generated outputs of LLMs is one of the main factors that stop their employment in sectors like education and healthcare, where there are high standards for factual accuracy.Hallucination - correctness/plausibilityAbility to select the correct or most plausbile output among presented alternatives.automatic with human reference no Alternative responses Involves presenting the model with a set of alternative completions or responses, where some options may include hallucinated informationFact-checking evaluation; Human evaluation; Zero-resource evaluationMetric to measure the ability of a model to select the correct output among a set of alternative responses that may contain hallucinations2
Berbatova Evaluating Hallucinations in Large Language Models for Bulgarian Language2023 d Zero-Resource evaluation (SelfCheckGPT)general Hallucination in large language models (LLMs) refers to the generation of non-factual statements or information that cannot be verified from the source. The latest generative language models, such as Llama, GPT-4 and other GPT-based models, are known to suffer from hallucination problems. The lack of trustworthiness of the generated outputs of LLMs is one of the main factors that stop their employment in sectors like education and healthcare, where there are high standards for factual accuracy.Hallucination Prediction of whether responses generated by large language models are hallucinated or factualLLM yes SelfCheckGPT, BERTscore The underlying idea behind SelfCheckGPT is that when a large language model has a deep understanding of a specific concept, the responses it generates will tend to be similar and consistently contain factual information. Conversely, when the model generates hallucinated facts, the sampled responses are likely to diverge and may even contradict one another. By obtaining multiple responses through stochastic sampling from the LLM, it becomes possible to assess the level of information consistency among these responses. This approach enables the identification of factual statements versus those that are likely to be hallucinated, without relying on an external knowledge base.Fact-checking evaluation; Human evaluation; Contrastive evaluation; BERTScore; average unigram score; maximum unigram scoresStochastic sampling of LLM responses (by SelfCheckGPT) to assess the level of information consistency, where higher consistency indicates less chance for hallucination2
Blagec A global analysis of metrics used for measuring performance in natural language processing2022 b GLEU general Not reported Fluency GLEU aims to assess how well the generated text conforms to ‘normal’ use of human language, i.e., its ‘fluency’.automatic with human reference no Individual parser-derived metrics as featuresIt is a Support Vector Machine-based metric that uses a combination of individual parser-derived metrics as featuresMETEOR; TER; BERTScoreMetric based on a support vector machine that used individual parser-derived metrics as features to assess the fluency of a generated text2
Blagec A global analysis of metrics used for measuring performance in natural language processing2022 d BERTScore general BERTScore was proposed as a task-agnostic performance metric in 2019Similarity Computes the similarity of two sentencesLLM yes Token's contextual embeddings (BERT)It computes the similarity of two sentences based on the sum of cosine similarities between their token’s contextual embeddings (BERT), and optionally weighs them by inverse document frequency scoresMETEOR; GLEU; TER Measures the similarity of two sentences based on the sum of cosine similarities between their token's contextual embeddings (BERT) and optionally weighs them by inverse document frequency scores2
Bojic Hierarchical Evaluation Framework: Best Practices for Human Evaluation2023 general The findings of our literature review revealed three significant gaps: (i) the absence of evaluation metrics for NLP system inputs, (ii) the lack of consideration for interdependencies among different characteristics of assessed NLP systems, and (iii) a limited utilization of metrics for extrinsic evaluation of NLP systems. We hope to bridge the aforementioned gaps by providing a standardized human evaluation frame- work that can be used across different NLP tasks.Performance NLP system's performance human no Hierarchical evaluation framework for an NLP system, consisting of five steps: 1) define the purpose of the system; 2) design a hierarchical evalaution metric; 3) conduct testing of the system; 4) do an evaluation of system's inputs and outputs; 5) calculate the composite score.In order to address those gaps, we propose a framework as shown in Figure 4. By defining a system’s purpose as the first step, our framework supports extrinsic evaluation. The second step is to define interdependencies between the evaluated characteristics and consequently to design a hierar- chical evaluation metric that supports calculating a composite score that encompasses the overall qual- ity of an NLP system. Namely, the evaluation stops if any of the evaluated characteristics is deemed un- satisfactory and, in this case, the composite score is “bad” as the system did not pass the evaluation. Otherwise, if the evaluation goes to the end, then the composite score is “good”. We hypothesize that our framework facilitates a shorter evaluation time for evaluators by allowing early termination of evaluation in cases where any evaluated charac- teristic does not meet satisfactory quality. The third step is to do testing of the system according to the defined purpose. Testers are independent of evalua- tors whNot applicable Hierarchical evaluation framework for an NLP system, consisting of five steps: 1) define the purpose of the system; 2) design a hierarchical evalaution metric; 3) conduct testing of the system; 4) do an evaluation of system's inputs and outputs; 5) calculate the composite score.2
Chen Reproducibility Issues for BERT-based Evaluation Metrics2022 Multiple metrics general Reproducibility is of utmost concern in machine learning and natural language processing (NLP).Reproducibility Not reported human Datasets for MT evaluation, text summarization evaluation, image captioning evaluation and data-to-text generation evaluation; and four different BERT-based metricsIn our reproduction experiments (Section 4), following Zhang et al. (2019), Zhao et al. (2019) and Colombo et al. (2021), we use WMT15-18 (Stanojevic et al., 2015; Bojar et al., 2016, 2017; Ma et al., 2018) for MT evaluation. Besides, we follow Zhao et al. (2019) to use TAC20082 and TAC20093 for text summarization evaluation, MSCOCO (Guo et al., 2018) for image captioning (IC) evalua- tion, and BAGEL (Wen et al., 2015) and SFHO- TEL (Mairesse et al., 2010) for data-to-text generation (D2T) evaluation. For the reference-free metric SentSim, we will mainly report results on the MLQE-PE dataset (Fomicheva et al., 2020b). In further experiments (Section 5), we consider WMT19 (Ma et al., 2019) for MT as well. The datasets for each NLG task are described in detail in theappendix(SectionA.1). For our reproduction attempts, we consider MoverScore, BERTScore, BaryScore, and SentSim.Not applicable Comparison of reproduced scores to reported scores, by four different BERT-based metrics on multiple datasets and different tasks2
Cheng CoMPosT: characterizing and evaluating caricature in LLM simulations2024 general "Recent work has aimed to capture nuances of human behavior by using LLMs to simulate responses from particular demographics in settings like social science experiments and public opinion surveys. However, there are currently no established ways to discuss or evaluate the quality of such LLM simulations. Moreover, there is growing concern that these simulations are flattened caricatures of the personas that they aim to simulate, failing to capture the multidimensionality of people and perpetuating stereotypes."Fairness (susceptibility/amount of to caricature, i.e., exaggerated personas that the LLM aims to simulate)"We introduce CoMPosT, a descriptive framework with four dimensions to characterize LLM simulations: Context, Model, Persona, and Topic. Inspired by existing descriptive frameworks for AI fairness.";"Next, we introduce a new evaluation metric that addresses growing concerns of modal responses and essentializing narratives in LLM outputs (Santurkar et al., 2023; Cheng et al., 2023b; Shumailov et al., 2023). Our metric focuses on a simulation’s susceptibility to caricature: an exaggerated narrative of the persona (the demographic that we aim to simulate) rather than a meaningful response to the topic (Figure 2)."fully automatic no Caricature detection method that aims to detect exaggeration of the persona the LLM aims to simulate (in which the LLM simulation is defined by context, model, persona, and topic)."We introduce CoMPosT, a descriptive framework with four dimensions to characterize LLM simulations: Context, Model, Persona, and Topic.";"To measure the amount of caricature in a given simulation Sp,t,c, our method has three steps, each of which rely on the persona and topic dimensions of CoMPosT (Figure 3): (1) defining defaults, (2) measuring individuation, and (3) measuring exaggeration."NA Authors propose a descriptive framework (CoMPosT) that consists of four dimensions to characterize LLM simulations (Context (where and when the situation takes place), Model (training data and processes), Persona (entity that is aimed to be simulated), and Topic (of the discussion/question)). Authors additionally propose a new metric to measure the amount of caricature of the LLM simulation based on the Persona and Topic component of CoMPosT. This metric works by first defining (1) a default, then (2) the individuation (the differentiability of the simulation from the default), and if individuated, then (3) the exaggeration of the LLM simulation.2
Clinciu It’s Common Sense, isn’t it? Demystifying Human Evaluations in Commonsense-enhanced NLG systems2021 CEC general Recent efforts in Natural Language Generation (NLG) have focused on incorporating commonsense knowledge through large-scale pre-trained language models or by incorporating external knowledge bases. Such systems exhibit reasoning capabilities without common sense being explicitly encoded in the training set. These systems require careful evaluation, as they incorporate additional resources during training which adds additional sources of errors. Additionally, human evaluation of such systems can have significant variation, making it impossible to compare different systems and define baselines. The Commonsense Evaluation Card (CEC) aims to standardise human evaluation and reporting of commonsense-enhanced NLG systems, enabling researchers to compare models not only in terms of classic NLG quality criteria, but also by focusing on the core capabilities of such models.Common sense Includes three main sections: (1) definition of common sense in the context of the reported work and the type of commonsense knowledge; (2) evaluation of the validity of external commonsense knowledge; and (3) evaluation of commonsense knowledge in a generated text.human no Commonsense evaluation card with information to be filled in on commonsense knowlege definition, basic information regarding the use of external knowledge and evaluation settings.Commonsense Evaluation Card (CEC) Commonsense Knowledge Definition: Basic definition of commonsense knowledge in the reported work. – Definition – Type of commonsense – Example output of generated text that displays the intended commonsense capabilities. External Knowledge: Basic information regarding the use of external knowledge and its evaluation. – Structured Knowledge – Pre-trained Language Models – Other – Metrics for Evaluation of External Knowledge Commonsense Knowledge in Generated Text: Evaluation Settings – Automatic Metrics for Evaluation of commonsense knowledge in generated text – Human Evaluation of commonsense knowledge in generated textNot applicable Method to support the evaluation of commonsense in generated text, by helping evaluators define the commonsense knowledge definition, provide information on external commonsense knowledge bases and which automatic metrics or human evalutaion they will use to evaluate commonsense.2
Colombo The Glass Ceiling of Automatic Evaluation in Natural Language Generation2023 general Automatic evaluation metrics capable of replacing human judgments are critical to allowing fast development of new methods. Thus, numerous research efforts have focused on crafting such metrics. In this work, we take a step back and analyze recent progress by comparing the body of existing automatic metrics and human metrics altogether.Complementarity We measure the complementarity between two metrics - humans or automatic - by the average over utterances of the distance between their rankings of systems.fully automatic no Datasets on four problems (dialogue generation, image description, summary evaluation and translation), automatic evaluation metrics (such as JS, BLEU, Chrfpp, S3, ROUGE, BERTScore, MoverScore) ahd human evaluation criteria specific to each dataset.To ensure a wide coverage of NLG we focus on four different problems, i.e., dialogue generation (using PersonaChat (PC) and TopicalChat (TC)), image description (relying on FLICKR), summary evaluation (via TAC08, TAC10, TAC11, RSUM and SEVAL), and translation (focusing on multilingual quality estimation (MLQE). For each task, we gather datasets and rely on automatic evaluation metrics (AEM) such as JS, BLEU, Chrfpp, S3 (both variant pyr/resp), ROUGE (including 5 of its variants), BERTScore, MoverScore. For MLQE we solely consider several version of BERTScore, MoverScore and ContrastScore. The human evaluations criterion are specific to each dataset.Not applicable Assessment of complementarity between two metrics (human or automatic) by calculating the average (normalized Kendall's) distance between the vectors of rankings of systems of both metrics. Complementarity between a metric and a set of other metrics is the average pairwise complementarity.2
Deng Compression, Transduction, and Creation: A Unified Framework for Evaluating Natural Language Generation2021 c Creation: engagingness general Natural language generation (NLG) spans a broad range of tasks, each of which serves for specific objectives and desires different properties of generated text. The complexity makes automatic evaluation of NLG particularly challenging. Previous work has typically focused on a single task and developed individual evaluation metrics based on specific intuitions. In this paper, we propose a unifying perspective based on the nature of information change in NLG tasks.Engagingness A creation task (e.g., dialog) generates output that adds on top of input (e.g., dialog history) new information (e.g., from external knowledge). Information alignment between the output, input, and external sources is thus essential for evaluating how well the created content engages with the context and how meaningful the content is by grounding to the external sources. LLM yes Engagingness is the sum of the alignment between the generated response and the history of information and the contextENGAGINGNESS(y, x, c) = sum (align(y → [x, c])), where we concatenate the history x and knowledge context c, and measure the extent of response y’s acknowledgement of the information.F-1; ROUGE-L; BLEU-4; METEOR; BERTScore; FED; USR-MLM; USR-DR; USR; Response LengthAutomatic metric for engagingness of 'creation' in NLG tasks, where a response is scored based on the sum of the alignment between the response and the concatenation of the information history and knowledge content2
Deng Compression, Transduction, and Creation: A Unified Framework for Evaluating Natural Language Generation2021 d Creation: groundedness general Natural language generation (NLG) spans a broad range of tasks, each of which serves for specific objectives and desires different properties of generated text. The complexity makes automatic evaluation of NLG particularly challenging. Previous work has typically focused on a single task and developed individual evaluation metrics based on specific intuitions. In this paper, we propose a unifying perspective based on the nature of information change in NLG tasks.Groundedness A creation task (e.g., dialog) generates output that adds on top of input (e.g., dialog history) new information (e.g., from external knowledge). Information alignment between the output, input, and external sources is thus essential for evaluating how well the created content engages with the context and how meaningful the content is by grounding to the external sources. LLM yes Groundedness only measures the sum of the alignment between the response and the knowledge contentGROUNDEDNESS(y, c) = sum (align(y → c)), which measures the alignment between the response y and knowledge context c.F-1; ROUGE-L; BLEU-4; METEOR; BERTScore; FED; USR-MLM; USR-DR; USR; Response LengthAutomatic metric for groundedness of 'creation' in NLG tasks, where a response is scored based on the sum of the alignment between the generated response and the knowledge context.2
Deriu Correction of Errors in Preference Ratings from Automated Metrics for Text Generation2023 general In this paper, we propose a statistical model of Text Generation evaluation that accounts for the error-proneness of automated metrics when used to generate preference rankings between system outputs. Our model enables an efficient combination of human and automated ratings to remedy the error-proneness of the automated metrics.Quality/preference The model can be used to determine whether two systems are significantly different or if they are of equal quality.automatic with human reference no Statistical model that compares two text generation systems that takes into account three sources of uncertainty (due to sample size of error-free and error-prone ratings, introduced by errors from the error-prone metric, and over the true error-rates of the error-prone metric). It is given by an algorithm that compares a pair of systems for a set of inputs and a set of human annotations.In this section, we introduce the statistical model that is used to compare two TG systems πa and πb. The model encompasses three main sources of uncertainty. 1. Uncertainty due to sample size of both error- free and error-prone ratings 2. Uncertainty introduced by errors from the error-prone metric 3. Uncertainty over the true error-rates of the error-prone metricNot applicable Partially automatic metric that can compare multiple text generation systems and rank them based on preference. The metric takes into account that automated metrics are error-prone.2
Dev On Measures of Biases and Harms in NLP 2022 general Recent studies show that Natural Language Processing (NLP) technologies propagate societal biases about demographic groups associated with attributes such as gender, race, and nationality. To create interventions and mitigate these biases and associated harms, it is vital to be able to detect and measure such biases.Bias/harms There remains a need to cohesively understand the biases and the specific harms they measure, and how different measures compare with each otherhuman no Heuristic framework with questions for practitioners to help evaluate a bias measure, including questions on stereotyping, erasure, disparagement, dehumanization and quality of service.Our practical framework of harms builds upon existing taxonomies of representational harms and establishes specific heuristics to disentangle the characteristics of five non-mutually exclusive categories (stereotyping, disparagement, dehumanization, erasure, quality of service).Not applicable List of questions that can be used by practitioners to evaluate bias measures in NLG, to determine the specific harm(s) the measure evaluates (stereotyping, erasure, disparagement, dehumanization, quality of service).2
Dong Revisit Input Perturbation Problems for LLMs: A Unified Robustness Evaluation Framework for Noisy Slot Filling Task2023 Noise-LLM general With the increasing capabilities of large language models (LLMs), these high-performance models have achieved state-of-the-art results on a wide range of natural language processing (NLP) tasks. However, the models’ performance on commonly-used benchmark datasets often fails to accurately reflect their reliability and robustness when applied to real-world noisy data. To address these challenges, we propose a unified robustness evaluation framework based on the slot-filling task to systematically evaluate the dialogue understanding capability of LLMs in diverse input perturbation scenarios.Perturbation robustnessExploring the robustness and generalization of LLMs under various input perturbationsautomatic with human reference no Clean data is augmented by NLPAug with character-level, word-level and sentence-level augmentation, and creation of three candidate data pools (clean, augmented and mixed). A task demonstration is constructed by taking instance examples from a dataset. ChatGPT was used to create prompts in English and Chinese. The Noise-LLM dataset includes single perturbation and mixed perturbation settings.We utilize the data augmentation tool NLPAug to transform the clean training set into an augmented dataset. The specific data augmentation methods employed in this study can be categorized into the following three types: Character-level augmentation: randomly add, delete and replace characters in one token with the probability p. Word-level augmentation: randomly delete and insert words and replace words with homophones in one sentence with probability p. Sentence-level augmentation: replace sentences with synonymous ones.  Task demonstration D is constructed by retrieving instance examples from a dataset. The role of constructing task demonstration is to select appropriate examples that can effectively demonstrate how the LLM should solve the task. We categorize the demonstration into two types: (1) Entity-oriented demonstration, and (2) Instance-oriented demonstration.  Prompt template. ChatGPT is a large language model that relies on prompts to guide its output generation. The quality of the output can be Not applicable Benchmark input perturbation evaluation dataset (Noise-LLM) with five types of single perturbation and four types of mixed perturbation data, a multi-level data augmentation method to create a candidate data pool, and two ways of automatic task demonstration construction strategies (instance-level and entitiy-level) with various prompt templates.2
Duskin Evaluating and Explaining Natural Language Generation with GenX2021 GenX general Current methods for evaluation of natural language generation models focus on measuring text quality but fail to probe the model creativity, i.e., its ability to generate novel but coherent text sequences not seen in the training corpus. We present the GenX tool which is designed to enable interactive exploration and explanation of natural language generation outputs with a focus on the detection of memorization.Memorization: distinctiveness and diversityBecause of the limited prior work on model memorization and lack of existing metrics, we introduce these two new metrics to quantitatively capture the patterns of sentence-level (distinctiveness) and document-level (diversity) memorization by the models. fully automatic no GenX is implemented as a Jupyter Notebook that requires Pandas DataFrames as inputs (train text, train embeddings, test text and test embeddings). The tool can indicate which parts of generated sentences are copied from the training data. It also presents a scatter plot of distinctiveness and diversity.GenX is implemented as a Jupyter Notebook widget, which allows for an interactive user experience that is tightly integrated with a popular computational environment for data science. The inputs to GenX are Pandas DataFrames for the raw text (each row in the data frame corresponds a sentence), the corresponding sentence-level embedding representation of that text, and an identifier for which document the sentence belongs to. GenX requires that the raw text and embeddings are also split into train and test sets. The test set may either be text generated from an NLG model or the test split of the real data. Thus GenX inputs are train text, train embedding, test text, and test embedding DataFrames.  During preprocessing, i.e., after input but before rendering, the Python half of GenX computes the cosine distance between each sentence in the train and test embeddings. The 10 nearest neighbors of each sentence in the test split and their respective distances are passed to the JavaScript half of the widget along wiNot applicable A tool implemented as a Jupyter notebook widget, that takes four Pandas DataFrames as input (raw text for training and testing and corresponding sentence-level embeddings), and can automatically evaluate memorization of NLG outputs based on distinctiveness and diversity.2
Ernst Re-examining summarization evaluation across multiple quality criteria2023 general "an intricate setting arises when anNLP task is evaluated by multiple Quality Criteria(QCs), like for text summarization whereprominent criteria include relevance, consistency,fluency and coherence. In this paper, wechallenge the soundness of this methodologywhen multiple QCs are involved"; "NA NA automatic with human reference no correlations between quality criteria with human annotations, method to detect spurious correlations by removing effect of confouding variable"Next, we suggest a systematic method to detect a confounding QC that undermines correlationsmetric with other QCs. To that end, we propose to remove the effect of each QC, in turn, on the remaining QCs by annulling the correlationshuman between them. To do this, we calculated correlationsmetric over small subsets (i.e., buckets) of instances in which the annulled QC has low variance. We show that for most metrics when the correlationhuman to Relevance is annulled, the correlationsmetric to Flu ency, Coherence and Consistency drops drastically, while the correlationsmetric to Relevance is immune to similar manipulations of the other three QCs."None A method to investigate conventional schemes for metric ranking based on correlations of automatic metrics with human annotations. A method is introduced to detect metric-to-human correlation scores that are suspected as spurious. 2
Gehrmann Repairing the Cracked Foundation: A Survey of Obstacles in Evaluation Practices for Generated Text2023 general Before we can make any further progress and better understand model limitations, we need to improve documentation standards and avoid the documentation pitfalls discussed throughout this survey.General evaluation The long-term goal of evaluation reports are performance guarantees: exactly what to expect of a model for a given input.other the report itself is human validation, but it may include automatic metricsno The evaluation report consists of multiple sections, describing benchmark evaluations (with explanations of the used datasets, automatic metrics and human evaluations), erorr analysis (hallucinations, grammaticality, other), and evaluation suite for model audit results on specific input types.A model should be evaluated on multiple datasets via multiple metrics and well-documented human evaluation. The outputs, scores, and any human assessments should be easy to download. In addition, each dataset should be the most current version and accompanied by an up-to-date data card. The evaluation report next reports fine-grained error types such as hallucinations (intrinsic, extrinsic, factual), or grammatical errors (subject-verb agreement, spelling, etc.). Finally, evaluation suites are used to produce model audit results on specific input types. Model audits can also include breakdowns of performances by input types or dialects. The entire report is part of the model card.Not applicable Introduction of an evaluation report that can be used as documentation standard for NLG evaluation. It consists of information on the model itself, evaluation results through benchmarks (with explanations of datasets, automatic metrics and human evaluation), erorr analysis (hallucinations, grammaticality, other) and evaluation suite for model audits on specific input types.2
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Gu Perception Score: A Learned Metric for Open-ended Text Generation Evaluation2021 Perception score general With the recent advances in natural language generation (NLG), automatic evaluation has drawn more attention from the research community. However, current automatic evaluation metrics often have limitations in measuring the actual generation quality. In contrast, human evaluation is considered more reliable than the automatic evaluation metrics, but it is expensive and time-consuming, especially for the generation tasks that require extensive domain expertise. Therefore, it is important to have an evaluation metric that provides an acceptable proxy for quality and is relatively affordable.Quality Perception Score is a learned metric that measures the overall quality of a generative model via assigning a single holistic score based on the distribution difference between the generations and the references.LLM yes The Perception Score Model is a pre-trained neural language model that distinguishes between each generated sentence and its corresponding reference sentence, taking into account context to both. It also calculates data uncertainty and model uncertainty and takes this into account as weights during computation of the overall socre.We experiment with two versions of Perception Model, RoBERTabase and RoBERTalargeN-gram matching (BLEU, METEOR, ROUGE); Perplexity; Text embedding based metrics (FED, BERTScore, MoverScore); Learned metrics (RUSE, BLEURT, HUSE)Perception Score is a metric based on a pre-trained neural language model to distinguish between generated sentences and reference sentences that takes into account context to sentences. It calculates data uncertainty and model uncertainty and takes this into account when generating a final score.2
Gupta John is 50 years old, can his son be 65? Evaluating NLP Models' Understanding of Feasibility2023 FeasibilityQA general In current NLP research, large-scale language models and their abilities are widely being discussed. Some recent works have also found notable failures of these models. Often these failure examples involve complex reasoning abilities. This work focuses on a simple commonsense ability, reasoning about when an action (or its effect) is feasible.Feasibility We proposed FeasibilityQA, a question-answering dataset that evaluates the understanding of feasibility.automatic with human reference no Context statements from five categories (attribute comparison, implicit numerical, change with action, change with time and non-numerical) based on real-life situations, each with two binary classifcation questions (one with answer true and one with answer false) and one multiple choice question conditioned on the context that tests the understanding of feasibility by comparing the system's answers to the gold label for each question.We create context statements from real-life situations spanning diverse topics such as elementary physics, profit-loss scenarios, temporal comparisons, and quantity comparisons. We divide the contexts into the following five categories: Attribute comparison: This category consists of questions that test feasibility aspects involving the comparison of attributes of two quantities. Implicit numerical: Questions in this category involve fundamental mathematical facts that test the ability to use those facts in real-world situations. Change with action: This category tests the ability to perceive a change in an item or state as an outcome of an action. Change with time: Here, questions test the understanding of feasibility related to temporal-based events. Non Numerical: This category includes questions where numbers are not explicitly involved in reasoning about feasibility.  From each context, we create two binary classification and one multiple-choice question. The context may not provide sufficient informatioNot applicable A dataset consisting of contexts and context-question pairs (binary classificaiton or multiple-choice questions) spanning five categories (attribute comparison, implicit numerical, change with action, change with time, non numerical) to evaluate the feasibility of NLP models across three settings (zero shot, one shot, few shot). An exact match accuracy can be calculated against the gold label for all questions, as well as recll, false negative rate and false positive rate for multiple choice questions.2
Hämäläinen Human evaluation of creative NLG systems: An interdisciplinary survey on recent papers2021     general                       3
Hardcastle Can we evaluate the quality of generated text? 2008 a Metric-based: Fidelity general Dale and Mellish (1998) propose a focus on evaluating the component tasks of an NLG system, such as lexicalization or aggregation, using agreed metrics to determine how each component of the system is performing. The merits of such an approach include the fact that it can be automated, that the results can be compared across systems, and that it takes us closer to being able to build component-based NLG architectures, which would promote reuse.Fidelity The first measured the ability of the system to represent the content of the cryptic puzzle accuratelyhuman no Not reported Not reported Metric-based: Fluency; Task-based evaluation; Domain expert review; Turing-style testChecking generated clues (case study = cryptogram clues) for accuracy in content to assess fidelity2
Hardcastle Can we evaluate the quality of generated text? 2008 b Metric-based: Fluency general Dale and Mellish (1998) propose a focus on evaluating the component tasks of an NLG system, such as lexicalization or aggregation, using agreed metrics to determine how each component of the system is performing. The merits of such an approach include the fact that it can be automated, that the results can be compared across systems, and that it takes us closer to being able to build component-based NLG architectures, which would promote reuse.Fluency The second test measured the fluency of the clues by checking grammaticalityautomatic with human reference no Sample of 150 human-authored clues as comparison. Stanford parser for generated clues in the experiment (generated clues with syntactic and semantic constraints turned off and generated clues with those constraints in place). Human-authored clues were assigned manually with pos tags. Matching of of the pos tags assigned by the parser to the pos tags assigned by the system.The test involved running ENIGMA with syntactic and semantic constraints turned off as a control and comparing the grammaticality of the output with clues generated by the system when running with full syntactic and semantic checking in place. As a point of comparison a sample of 150 human-authored clues taken from the Independent newspaper were also analysed. The parser used was a statistical parser – the Stanford parser (Klein and Manning, 2003) – and so a parse was returned for all clues in the experiment, including those with no syntactic constraints. The test involved checking whether the tags assigned by the parser matched the tags assigned by the generator.Metric-based: Fidelity; Task-based evaluation; Domain expert review; Turing-style testChecking whether the pos tags assigned by the parser matched the tags assigned by the generator for generated clues (case study = cryptogram clues).2
Hardcastle Can we evaluate the quality of generated text? 2008 c Task-based evaluation general Not reported Quality Effectiveness of the system's output in the performance of a third party system or in a related taskfully automatic no Third party system or related task, in this case study a cryptic crossword solving application called Crossword Maestro. Two sets of clues to solve; a set generated by the system and a setof clues written by professional crossword compilers.In the case of ENIGMA, we performed an automated task-based evaluation using a third party cryptic crossword solving application called Crossword Maestro. In this test Crossword Maestro was given two sets of 30 clues to solve, the first set contained clues generated by the system and the second set clues for the same words written by professional crossword compilers for two national newspapers – the Independent and the Sun.Metric-based: Fidelity; Metric-based: Fluency; Domain expert review; Turing-style testMeasuring performance of a system through a third party system or related task; comparing generated text to human-authored text and see which performs better2
Hardcastle Can we evaluate the quality of generated text? 2008 d Domain expert review general Not reported Quality A selection of clues generated by ENIGMA was sent to seven domain experts, including professional compilers, editors and commentators who were asked to rate the clues in comparison with cryptic clues written by professionals for publication.human no Domain experts Seven domain experts, including professional compilers, editors and commentatorsMetric-based: Fidelity; Metric-based: Fluency; Task-based evaluation; Turing-style testDomain experts rate generated clues in comparison to human written clues (case study = cryptogram clues) and provide commentary2
Hardcastle Can we evaluate the quality of generated text? 2008 e Turing-style test general Evaluations of NLG systems focus on a wide range of textual features, such as readability (Williams and Reiter, 2005), grammaticality (Habash, 2003), fluency (Mutton et al., 2007), and fidelity (Hartley and Scott, 2001), to cite just a small sample. While all of these measures are useful aids to development, none individually characterises text quality. As Dale and Mellish (1998) point out “there is no agreed objective criterion for comparing the ‘goodness’ of texts”. Indeed, we propose that text quality, in addition to being subjective, is a non-compositional, epiphenomenal property of the text – a property that emerges only through a holistic appraisal of the features of a specific text in some context, and one that is more than just the sum of its parts.Quality [Participants] were told to choose the human-authored clue for each pair.human no 30 pairs of clues (computer-generated and human-written) for the same answer wordThe experiment consisted of a Turing-style test (Turing, 1950) in which subjects were presented with 30 pairs of clues, with each pair cluing the same answer word, and were told to choose the human-authored clue for each pair.Metric-based: Fidelity; Metric-based: Fluency; Task-based evaluation; Domain expert reviewParticipants were asked to choose the human-authored clue from clue pairs with a human-authored and computer-generated clue (case study = cryptogram clues), and asked to detail features of the computer-generated clue that 'gave it away'.2
Harispe The semantic measures library: Assessing semantic similarity from knowledge representation analysis2014 Semantic Measures Library general Due to the particular interest of numerous communities for semantic measures (SMs), a large diversity of measures have been proposed in the literature. SMs are used in information retrieval, recommendation and question answering systems, to support knowledge inference, and to improve data mining treatments, to cite a few. SMs are also of great importance for the NLP community in which they are used to resolve syntactic/semantic ambiguities, to generate ontologies from texts, to extract semantic relations between words/concepts, to summarize texts, to identify discourse structure, to detect plagiarism, to design systems, etc Several tools have been proposed to compare lexical units using distributional SMs. However, no generic tools have been proposed to compute knowledge-based SMs. Indeed, most of the developments in this area have been done for specific KRs; domain-specific implementations are numerous, e.g. WordNet, the Gene Ontology. Thus, all the efforts made for specific KRs (e.g. algorithms implementatiSemantic similarity Semantic similarity and relatedness fully automatic no Java library (Semantic Measures Library) and toolkit, in which a knowledge base has to be loaded and a metric has to be specifiedThe Semantic Measures Library (SML) is an extensive Java library dedicated to the analysis, development and computation of Semantic Measures (SMs). It provides numerous algorithms and measures implementations which can be used with a large diversity of Knowledge Representations.  The SML gives access to a large collection of measures, metrics and algorithms which enables hundreds of measure configurations to be expressed. Numerous state- of-the-art strategies proposed for the design of SMs are implemented [1]. These measures can be used to compute the semantic similarity, relatedness or distance between a pair of terms/concepts defined in a KR. Several measures can also be used to compare groups of terms/concepts, e.g., annotated documents or paragraphs.  The SML-Toolkit: A Command-Line Program. Numerous functionalities provided by the SML are also available within the SML-Toolkit, a command-line program which can be used (by non-programmers) to easily compute SMs on personal computers or computer clusters. TNot applicable Java library and associated toolkit (the Semantic Measures Library) that can be used in specific use cases (Knowledge Representations, e.g. with particular ontologies) to compute semantic measure scores (such as similarity, relatedness or distance between a pair of terms) using a wide range of measures2
Howcroft What happens if you treat ordinal ratings as interval data? Human evaluations in NLP are even more under-powered than you think2021 general Previous work has shown that human evaluations in NLP are notoriously under-powered. Here, we argue that there are two common factors which make this problem even worse: NLP studies usually (a) treat ordinal data as interval data and (b) operate under high variance settings while the differences they are hoping to detect are often subtle.Analysis of ordinal dataMost importantly, however, we recommend researchers use ordinal models to analyse ordinal data to have the greatest statistical power when testing hypotheses. This is especially important for setups with high variance and small data samples, as often the case for human evaluations in NLP.human no Power simulation with ordinal statistical models and six datasets of human evaluationsOur experiments take the form of a power simulation, i.e. an analysis of the statistical power of a given test in typical or expected experimental conditions. In our case, we begin by fitting ordinal models on several NLG evaluation datasets. We use 6 datasets to estimate parameters for our simulations.Not applicable Simulations to show that ordinal mixed effects models are good at detecting small differences between text generation models (and that they should not be analyzed as interval data);  and tools for researchers to do power calculations2
Hung Walking a Tightrope - Evaluating Large Language Models in High-Risk Domains2023 a Factuality general Factuality is considered as the ability of LLMs to provide factual and precise responses. Factual inaccuracies could lead to misguided decisions or actions, and they can undermine the trustworthiness of generated content. By evaluating factuality, we seek to ensure that the responses of LLMs align with accurate information, which is of utmost importance in high-risk applications.Factuality Factuality is considered as the ability of LLMs to provide factual and precise responses.LLM yes Two metrics that compute factuality by comparing against ground truth (QAFactEval) and by measuring coherence, consistency, fluency and relevance (UniEval)Two metrics are considered and have been shown to align with human judgments: QAFactEval (Fabbri et al., 2022), which measures fine-grained overlap of the generated text against the ground truth, and UniEval (Zhong et al., 2022), which computes over several dimensions, namely coherence, consis- tency, fluency, and relevance.Not applicable Factuality of generated language, considering two evaluation metrics; QAFactEval that compares generated text to a ground truth, and UniEval that combines several dimensions, namely coherence, consistency, fluency, and relevance2



Hung Walking a Tightrope - Evaluating Large Language Models in High-Risk Domains2023 b Safety general High-risk domains often involve sensitive topics, legal regulations, and ethical considerations, thus ensuring safety in the generated contents mitigates the potential of unintended consequences, such as perpetuating harmful stereotypes or generating discriminatory contentSafety Safety is defined as the degree of insensibility and responsibility in the generated content that is safe, unbiased, and reliable. Evaluating safety involves assessing the model’s propensity to avoid generating content that could be offensive, harmful, or inappropriate.other SafetyKit contains both automatic metrics and human evaluation metricsno Two tools (Detoxify and SafetyKit) that can be used to measure offensive content and safety concernsWe consider Detoxify and SafetyKit, which measure a model’s tendencies to agree to offensive content or give the user false impressions of its capabilities as well as other safety concerns.Not applicable Safety of generated language, evaluated using two tools (Detoxify and SafetyKit) that measure a model's tendencies to agree with offensive content, give a false impressions of its capabilities, or other safety concerns2
Kano Integrated NLP Evaluation System for Pluggable Evaluation Metrics with Extensive Interoperable Toolkit2009 general To understand the key characteristics of NLP tools, evaluation and comparison against different tools is important. And as NLP applications tend to consist of multiple semi-independent sub-components, it is not always enough to just evaluate complete systems, a fine grained evaluation of underlying compo- nents is also often worthwhile. Standardization of NLP components and resources is not only significant for reusability, but also in that it allows the comparison of individual components in terms of reliability and robustness in a wider range of target domains. But as many evaluation metrics exist in even a single domain, any system seeking to aid inter-domain evaluation needs not just predefined metrics, but must also support pluggable user-defined metrics.Not specified Not reported fully automatic no Integrated system that can calculate precision, recall and F1 scores or user-defined metricsNot reported Not applicable Evaluation of NLP annotations using an integrated system that can calculate known metrics or evaluate user-defined metrics2
Ke DecompEval: Evaluating Generated Texts as Unsupervised Decomposed Question Answering2023 DecompEval general Existing evaluation metrics for natural lan- guage generation (NLG) tasks face the chal- lenges on generalization ability and inter- pretability. Specifically, most of the well- performed metrics are required to train on eval- uation datasets of specific NLG tasks and evalu- ation dimensions, which may cause over-fitting to task-specific datasets. Furthermore, exist- ing metrics only provide an evaluation score for each dimension without revealing the evi- dence to interpret how this score is obtained. To deal with these challenges, we propose a simple yet effective metric called DecompE- val.Not specified (examples are coherence, consistency, fluency, relevance, naturalness, engagingness, groundedness, informativeness)Not reported (dependend on task) LLM yes An instructon-tuned PLM solves a QA task to evaluate a quality domain of generated tekst; the question is subdivided into subquestions to enhance interpretabilityFirst of all, we transform the input of NLG evaluation into an instruction-style question which contains an instruction s, the input of evaluation tasks (c, x, r), and a yes/no question q for each dimension. Then, we decompose this question into the subquestions, which evaluate each sentence in the generated text x respectively and acquire the answers to these subquestions via the instruction- tuned PLM Pθ. The answer to each subquestion is appended to the input prompt of the PLM, which may help to solve subsequent subquestions as in-context examples. Finally, we recompose all the subquestions with their answers as evidence and make the instruction-tuned PLM answer the original question, which can be used to compute the evaluation result.MoverScore, BERTScore, USR, BARTScore, CTRLEval, UniEval, BLEU, METEOR, ROUGEQuestion-answering style evaluation of NLG with instruction-tuned pre-trained language models, consisting of an instruction, an NLG evaluation input and a yes/no question for evaluation of multiple metrics2
Khashabi GENIE Toward Reproducible and Standardized Human Evaluation for Text Generation2022 human evaluation/crowdsourcing general While often assumed a gold standard, effective human evaluation of text generation remains an important, open area for research. We revisit this problem with a focus on producing consistent evaluations that are reproducible—over time and across different populations.Standardized system for human evaluation of automated text generationGENIE: a system for running standardized human evaluations across different generation tasks.human no GENIE, Amazon Mechanical TurkGENIE offers a leaderboard that automatically crowdsources annotations for submissions, evaluating them along axes such as correctness, conciseness, and fluency.ROUGE, METEOR, BLEU, SacreBLEU, BLEURT, BERTScoreA standardized system to evaluate text generation tasks that works via leaderboards and integrates with Amazon mechanical turk2
Kuo Automated Assessment of Fidelity and Interpretability: An Evaluation Framework for Large Language Models' Explanations2024 a Fidelity general As Large Language Models (LLMs) become more preva- lent in various fields, it is crucial to rigorously assess the quality of their explanations. Our research introduces a task- agnostic framework for evaluating free-text rationales, draw- ing on insights from both linguistics and machine learning.Fidelity Fidelity pertains to how accurately an explanation represents a model’s actual behaviorfully automatic no Fidelity is based on faithfulness and utility. Faithfulness is assessed by modifying the original text in ways the model should remain robust against. Utility is assessed by how well a different model can predict a model's decision based on its explanation.Two primary components of fidelity are Faithfulness and Utility. Faithfulness (F) is defined as the extent to which an explanation mirrors the internal workings of the model. Given the limitations of accessing closed-source models, we propose a ”textual per- turbation” approach, modifying the original input text in ways the model should remain robust against, then evaluat- ing the explanations’ consistency. Utility (U) measures an explanation’s effectiveness by evaluating its informativeness and brevity. To assess utility, we use the forward simulatability metric, evaluating informativeness based on how well an auxiliary model can forecast a model’s decision based on its expla- nation, and brevity by observing the performance drop of the auxiliary model when various amounts of explanation information are removed. Utility is then derived from these calculations, capturing both the depth and succinctness.Not applicable Assessment of fidelity based on measurement of faithfulness (are explanations robust against text perturbation) and utility (can a different model base the decision on the explanation given by the model to be evaluated) of a generated model explanation2
Kuo Automated Assessment of Fidelity and Interpretability: An Evaluation Framework for Large Language Models' Explanations2024 b Interpretability general As Large Language Models (LLMs) become more preva- lent in various fields, it is crucial to rigorously assess the quality of their explanations. Our research introduces a task- agnostic framework for evaluating free-text rationales, draw- ing on insights from both linguistics and machine learning.Interpretability Interpretability gauges how easily a user can understand a model’s rationaleLLM yes Three cognititive dimensions: rationale coherence, cognitive fluency and cognitive salience. Rationale coherence is measured by an external model that is used to spot contradictions between individual sentences of an explanation. Cognitive fluency is measured with an LLM that forecasts human preference over explanations. Cognitive salience is measured with transformer-based encoders that evaluate text difficulty.We divide interpretability into three main cognitive dimensions. Rationale Coherence (RC) emphasizes the logical con- sistency within an explanation, as inconsistencies lead to confusion and doubts towards its credibility. To measure this, explanations are divided into sentences, and an exter- nal model (like an LM fine-tuned for Natural Language In- ference) is used to spot contradictions between these sen- tences. Cognitive Fluency (CF), on the other hand, assesses how closely an explanation’s logic aligns with common hu- man thought patterns (Unkelbach 2006). We score CF with LLMs due to their proven performance in benchmarks eval- uating the understanding of human-like rationale such as DROP (Dua et al. 2019) and ability to forecast over human preference of explanations (Wiegreffe et al. 2022). The main difference between CF and plausibility is that CF aligns with general human cognitive structures while plausibility can be influenced by individual beliefs and experiences. Lastly, as difficult language (sNot applicable Assessment of three domains of interpretability (rationale coherence, cognitive fluency and cognitive salience) of a generated explanation, using external LLMs2
Li HaluEval: a large-scale hallucination evaluation benchmark for large language models2023 general "Most exiting work mainly focuses on investigating the causes of hallucination for specific tasks and small language models (Cao et al., 2022; Zheng et al., 2023; Das et al., 2023). However, it still remains unclear what types of con tent and to which extent LLMs tend to hallucinate. To facilitate research in this direction, we present the Hallucination Evaluation benchmark for Large Language Models (HaluEval) [...]"LLM hallucinations (content and extent)"As the goal of HaluEval is to understand what types of content and to which extent LLMs tend to hallu cinate, the benchmark contains a myriad of correct samples and their hallucinated counterparts."fully automatic yes A benchmark to evaluate LLM's hallucinations, which can be used in an evaluation in which the LLM needs to classify (i.e. recognize) a sample from the benchmark as normal or hallucination. "To facilitate research in this direction, we present the Hallucination Evaluation benchmark for Large Language Models (HaluEval): a large collection of 35,000 hallucinated/normal samples for LLMs analysis and evaluation. HaluEval includes 5,000 general user queries with ChatGPT responses and 30,000 task-specific examples from three tasks, i.e., question answering, knowledge-grounded dialogue, and text summarization.";" This collection is created via two ways, i.e., automatic generation and human annotation.";"To better understand the performance of LLMs in HaluEval, we conduct experiments with several existing powerful LLMs (e.g., ChatGPT, GPT-3).";"To evaluate the ability of LLMs to recognize hallucinations, we randomly select the hallucinated or normal output (e.g., an answer) of each sample for classification. The evaluation instructions of QA, dialogue, and summarization are presented in Table 13, Table 14 and Table 15 in Appendix C."NA The authors composed a benchmark, called the Hallucination Evaluation benchmark for Large Language Models (HaluEval), consisting of 35,000 human-annotated hallicunated/normal samples. The benchmark is created via automatic generation and human annotation and the goal of this benchmark is to evaluate what types of content and to which extent LLMs hallucinate. The authors do not directly propose an evaluation methodology, but do use this benchmark to evaluate several LLMs by randomly sampling hallucinations and normal output from the benchmark and present it to LLMs to classify it as normal or hallucination.3
Liu G-EVAL: NLG evaluation using GPT-4 with better human alignment2023 general "Conventional referencebased metrics, such as BLEU and ROUGE, have been shown to have relatively low correlation with human judgments, especially for tasks that require creativity and diversity. Recent studies suggest using large language models (LLMs) as reference-free metrics for NLG evaluation, which have the benefit of being applicable to new tasks that lack human reference"quality of text "The quality of texts generated by natural language generation (NLG) systems is hard to measure automatically"LLM no task introduction, evaluation criteria, LLM"By only feeding the Task Introduction and the Evaluation Criteria as a prompt, we ask LLMs to generate a CoT of detailed Evaluation Steps"BERTScore, MoverScore, BARTScore, FactCC, QAGS, USR, UniEval, GPTScoreValidation method making use of LLMs for open ended generation tasks with chain-of-thought. Prompt consists of task introduction and evaluation criteria. Evaluator output is formatted as a form.2
Marchenko Improving Text Generation Through Introducing Coherence Metrics2020 coherence general The main purpose of this paper is to research and develop effective methods for constructing coherent texts on request without using lexical-semantic knowledge bases specially prepared for this problem.coherence There is a set of correct sentences S . It is necessary to form a coherent text consisting of 2 or 3 sentences relevant to query Q by choosing from S a set of the most appropriate instances (with possible subsequent modification of these sentences at the syntax level, where necessary).automatic with human reference yes WordNet, Sentence database, Support Vector Classifier, clusteringhuman evaluation metrics (readability, likability, appropriateness)This study uses a coherence metric to find appropriate sentences in a database to use as output.2
Mehandru Evaluating large language models as agents in the clinic 2024 general "Rather than relying on benchmarks that measure a model’s ability to process clinical data or answer standardized test questions, LLM agents can be modeled in high- delity simulations of clinical settings and should be assessed for their impact on clinical work ows. These evaluation frameworks, which we refer to as “Arti cial Intelligence Structured Clinical Examinations” (“AI-SCE”), can draw from comparable technologies where machines operate with varying degrees of self-governance, such as self-driving cars, in dynamic environments with multiple stakeholders. Developing these robust, real-world clinical evaluations will be crucial towards deploying LLM agents in medical settings."3
Min FACTSCORE: Fine-grained Atomic Evaluation of Factual Precision in Long Form Text Generation2023 a Human FActScore general Evaluating the factuality of long-form text generated by large language models (LMs) is non- trivial because (1) generations often contain a mixture of supported and unsupported pieces of information, making binary judgments of quality inadequate, and (2) human evaluation is time-consuming and costly.Factuality Factual precision—whether each piece of information conveyed in a generation is factually accuratehuman no Generated text is broken into a series of 'atomic facts' with one piece of information, each of which is assigned a binary label by a human evaluatorComputing FACTSCORE involves (1) breaking a generation into a series of atomic facts—short statements that each contain one piece of information and (2) assigning a binary label to each atomic fact, allowing a fine-grained evaluation of factual precision.Automatic FActScoreHuman evaluation of the factuality of a generated text by assigning a binary label to each separate piece of information2
Min FACTSCORE: Fine-grained Atomic Evaluation of Factual Precision in Long Form Text Generation2023 b Automatic FActScore general Evaluating the factuality of long-form text generated by large language models (LMs) is non- trivial because (1) generations often contain a mixture of supported and unsupported pieces of information, making binary judgments of quality inadequate, and (2) human evaluation is time-consuming and costly.Factuality Factual precision—whether each piece of information conveyed in a generation is factually accurateLLM yes Generated text is broken into a series of 'atomic facts' with one piece of information, and validated against a given knowledge source (another LLM) by supplying the other LLM with a promptOur estimator of FACTSCORE first breaks a gen- eration into a series of atomic facts and then validates each against the given knowledge source. The validation is based on zero-shot prompting of an LM referred to as an LMEVAL. The prediction is then made by comparing the conditional probability of True and False from the LMEVAL.Human FActScore LLM evaluation of the factuality of a generated text by prompting an evaluation LLM with each piece of the generated tekst and comparing conditional probabilities of True and False2
Mohankumar Active Evaluation: Efficient NLG Evaluation with Few Pairwise Comparisons2022 Active evaluation framework general Given k systems, a naive approach for identifying the top-ranked system would be to uniformly obtain pairwise comparisons from all (k 2) pairs of systems. However, this can be very expensive as the number of human annotations required would grow quadratically with k. In this work, we introduce Active Evaluation, a framework to efficiently identify the top-ranked system by actively choosing system pairs for comparison using dueling bandit algorithms.Identifying top-ranked systema framework to efficiently identify the top-ranked systemhuman or combination of human and automaticyes Active evaluation framework that reduces the number of human annotations necessary ot find the top-ranked system by incorporating active learning (using multiple possible algorithms). Can also include automatic evaluation metrics.Our Active Evaluation framework consists of a learner that selects a pair of systems to compare at each time step. The learner, then, receives a feedback signal indicating the (human) preference between the selected systems on one input context, randomly sampled from the test dataset. The learner’s objective is to reliably compute the top-ranked system with as few human annotations as possible.  To further reduce human annotations, we leverage automatic evaluation metrics in our Active Evaluation framework. To incorporate such evaluation metrics in our Active Evaluation framework, we propose three model-based dueling bandits algorithms, viz.,  (i) Random Mixing: human annotations and evaluation metric predictions are randomly mixed,  (ii) Uncertainty-aware selection: human annotations are obtained only when the predictions from the evaluation metric is highly uncertain,  (iii) UCB Elimination: poorly performing NLG systems are eliminated using an Upper Confidence Bound (UCB) on the evaluation metric scores.Normal' human evaluationActive evaluation framework that reduces the number of human annotations necessary ot find the top-ranked system by incorporating active learning (using multiple possible algorithms). Can also include automatic evaluation metrics by randomly mixing human annotations and evaluation metric predictions, by obtaining human annotations when automatic evaluation is highly uncertain, or by eliminating systems that perform poorly on automated evaluation metrics.4
Mordido Assessing image and text generation with topological analysis and fuzzy logic2021 a Quality general Objective and interpretable metrics to evaluate current artificial intelligent systems are of great importance, not only to analyze the current state of such systems but also to objectively measure progress in the future.Quality Not reported fully automatic yes A graph is created where each node represents the embeddings from a pre-trained model of each sample, that is designed to maintain the topoloical representations of the embeddings using fuzzy logic. For each new sample, the drop in average probability of existence is measured (called Fuzzy Topology Impact). Quality if measured by calculating the impact that the fake samples have in the real samples' graph.Following the method proposed by UMAP, we create a graph where each node represents the embeddings from a pre-trained model of each sample. The resulting weighted, directed graph is designed to maintain the topological representations of the embeddings using Fuzzy logic, with each weight representing the probability of the existence of a given edge. Then, we measure the drop in the average probability of existence that a new sample has in the original graph, which we call the Fuzzy Topology Impact (FTI). Following this principle, we separately analyze the quality, by calculating the impact that fake samples have in the real samples’ graph, and diversity, by measuring the impact that real samples have in the fake samples’ graph.Human evaluation Metric that measures the quality of a generated text by calculating the drop in average probability of existence in a graph of pre-trained embeddings from real samples, that is caused by a new, fake, sample2
Mordido Assessing image and text generation with topological analysis and fuzzy logic2021 b Diversity general Objective and interpretable metrics to evaluate current artificial intelligent systems are of great importance, not only to analyze the current state of such systems but also to objectively measure progress in the future.Diversity Not reported fully automatic yes A graph is created where each node represents the embeddings from a pre-trained model of each sample, that is designed to maintain the topoloical representations of the embeddings using fuzzy logic. For each new sample, the drop in average probability of existence is measured (called Fuzzy Topology Impact). Diversity is measured by calculating the impact that real samples have in the fake samples' graph.Following the method proposed by UMAP, we create a graph where each node represents the embeddings from a pre-trained model of each sample. The resulting weighted, directed graph is designed to maintain the topological representations of the embeddings using Fuzzy logic, with each weight representing the probability of the existence of a given edge. Then, we measure the drop in the average probability of existence that a new sample has in the original graph, which we call the Fuzzy Topology Impact (FTI). Following this principle, we separately analyze the quality, by calculating the impact that fake samples have in the real samples’ graph, and diversity, by measuring the impact that real samples have in the fake samples’ graph.Human evaluation Metric that measures the quality of a generated text by calculating the drop in average probability of existence in a graph of pre-trained embeddings from fake samples, that is caused by a new, real, sample2
Murthy A methodology and tool suite for evaluation of accuracy of interoperating statistical natural language processing engines2008 general Evaluation of accuracy of natural language processing (NLP) engines plays an important role in their development and improvement. Such evaluation usually takes place at a per-engine level. For example, there are evaluation methods for engines such as speech recognition, machine translation, story boundary detection, etc. Many real-world applications require combinations of these functions. This has become possible now with NLP engines attaining sufficient accuracy to be able to combine them for complex tasks. However, it is not evident how the accuracy of output of such aggregates of engines will be evaluated.Accuracy Closeness to the ground truth indicates a high quality processing engineautomatic with human reference no Evaluation space where machine- and human-generated outputs can be compared at each stage (choosing a metric, BLEU as example) in an aggregate. Evaluation modules that can evaluate all combinations of ground truths and machine outputs for an aggregate.The core of the evaluation methodology is the evaluation space for machine and human-generated outputs that would be compared at each stage in an aggregate. By evaluation space, we mean the pattern of human- and machine-generated labeling used to generate a reference against which the aggregate’s output is to be compared.  Using this evaluation space as a guide, we developed two example evaluation modules. The function of an evaluation module is to evaluate all combinations of ground truths and machine outputs for an aggregate as specified by the evaluation space.Not applicable Evaluation methodology to measure the accuracy of multiple interoperating LLMs by comparing machine outputs at several stages to ground truths2
Murugesan MISMATCH: Fine-grained Evaluation of Machine-generated Text with Mismatch Error Types2023 MISMATCH general With the growing interest in large language models, the need for evaluating the quality of machine text compared to reference (typically human-generated) text has become focal attention. Most recent works focus either on task-specific evaluation metrics or study the properties of machine-generated text captured by the existing metrics.Quality The quality of the machine text is measured using different task-specific human eval- uation criteria such as fluency, coherence, correct- ness, consistency, relevance, adequacy, etc.LLM yes Task-agnostic list of 13 fine-grained mismatch error types that can be used to predict human judgments; training with synthetic examples from error types to train a neural network model (using BERT)Our approach to model human judgments in- volves two steps: 1) task-agnostic pre-training step where we use the synthetic examples from mismatch error types to train a shared (base) neural network model for all the 7 NLP tasks and 2) task-specific finetuning step where we finetune the pre-trained model for a specific task to predict the human ratings over different evaluation criteria. The output from the task-specific models approximates the human judgments along with the interpretable mismatches between the given pair of texts.Human evaluation, ANLI, FactCC, Q2, QuestEval, summaCConv, summaCZS, summaQA, S3, r1, r2, rL, ROUGE, BLEURT, BARTScore, BERTScore, BLANC, BLEU, SUPERT, Chrf, Cider, METEOR, rmr, sms, wms, compression, coverage, density, summary length, novel 1-gram, repeated 1/2/3-gramEvaluation of quality based on a neural network model that uses 13 mismatch error types to model human judgment of generated texts2
Nazir LangTest: A comprehensive evaluation library for custom LLM and NLP models[Formula presented]2024 LangTest general The use of natural language processing (NLP) models, including the more recent large language models (LLM) in real-world applications obtained relevant success in the past years. To measure the performance of these systems, traditional performance metrics such as accuracy, precision, recall, and f1-score are used. Although it is important to measure the performance of the models in those terms, natural language often requires an holistic evaluation that consider other important aspects such as robustness, bias, accuracy, toxicity, fairness, safety, efficiency, clinical relevance, security, representation, disinformation, political orientation, sensitivity, factuality, legal concerns, and vulnerabilities.Performance 60 test types, ensuring a more comprehensive understanding of a model’s behavior and responsible AI use.other many different metrics A toolkit (LangTest) that can holistically evaluate LLMs in multiple tasks, using custom evaluation scenarios, and help developers train their models to mitigate potential issuesLangTest is an open-source toolkit written in Python programming language that aims to provide the required tools to evaluate LLMs and NLP models in real-world applications considering a holistic view of the models’ performance.  LangTest workflow involves a systematic process to improve lan- guage models. Initially, the library trains a language model using a diverse real world data set. Subsequently, it rigorously tests the model’s performance in various dimensions, including bias, robustness, accuracy, fairness, and security. If the model fails on specific tests, data augmentation can be used on training data to incorporate extra exam- ples specific to the gaps identified. The model is then retrained using this augmented data set, leading to a more reliable version.  To test the model on different aspects and considering the ever-evolving condition of languages, LangTest designed a test case generation system to dynamically create custom evaluation scenarios for each model and data set.Not applicable A toolkit (LangTest) that can holistically evaluate LLMs in multiple tasks, using custom evaluation scenarios, and help developers train their models to mitigate potential issues2
Novikova Why we need new evaluation metrics for NLG 2017 a Readability general In this paper, we motivate the need for novel, system- and data-independent automatic evaluation methods: We investigate a wide range of metrics, including state-of-the-art word-based and novel grammar-based ones.Readability Readability quantifies the difficulty with which a reader understands a text.fully automatic no Readibility was measured by the Flesch Reading Ease score (ratio between number of characters per sentence, number of words per sentence and number of syllables per word) and other related measures (characters per utterance/word, words per sentence, syllables per sentence/word, polysyllabic words per utterance/word)We measure readability by the Flesch Reading Ease score (RE)  which calculates a ratio between the number of characters per sentence, the number of words per sentence, and the number of syllables per word. Higher RE score indicates a less complex utterance that is easier to read and understand. We also consider related measures, such as characters per utterance (len) and per word (cpw), words per sentence (wps), syllables per sentence (sps) and per word (spw), as well as polysyllabic words per utterance (pol) and per word (ppw). The higher these scores, the more complex the utterance.Word-overlap metrics (TER, BLEU, ROUGE, NIST, LEPOR, CIDER, METEOR), semantic similarity, grammaticality, informativeness, naturalness, qualityAutomatic evaluation of readibility by calculating the Flesch Reading Ease score and other related scores2
Novikova Why we need new evaluation metrics for NLG 2017 b Grammaticality general In this paper, we motivate the need for novel, system- and data-independent automatic evaluation methods: We investigate a wide range of metrics, including state-of-the-art word-based and novel grammar-based ones.Grammaticality Not reported fully automatic no As an approximation of grammaticality, the number of misspellings and the parsing score from the Stanford parser.As a first approximation of grammaticality, we measure the number of misspellings (msp) and the parsing score as returned by the Stanford parser (prs). The lower the msp, the more grammatically correct an utterance is.Word-overlap metrics (TER, BLEU, ROUGE, NIST, LEPOR, CIDER, METEOR), semantic similarity, readibility, informativeness, naturalness, qualityAutomatic evaluation of grammaticality by calculating the number of misspellings and looking at the parsing score from the Stanford parser2
Novikova Why we need new evaluation metrics for NLG 2017 c Informativeness general In this paper, we motivate the need for novel, system- and data-independent automatic evaluation methods: We investigate a wide range of metrics, including state-of-the-art word-based and novel grammar-based ones.Informativeness Does the utterance provide all the useful information from the meaning representation?human no Crowdworkers judge the informativeness on a 6-point Likert scaleTo collect human rankings, we presented the MR together with 2 utterances generated by different systems side-by-side to crowdworkers, which were asked to score each utterance on a 6-point Likert scale. Each system output was scored by 3 different crowdworkers.Word-overlap metrics (TER, BLEU, ROUGE, NIST, LEPOR, CIDER, METEOR), semantic similarity, readibility, grammaticality, naturalness, qualityHuman rankings of informativeness of generated text, judged on a Likert scale2
Novikova Why we need new evaluation metrics for NLG 2017 d Naturalness general In this paper, we motivate the need for novel, system- and data-independent automatic evaluation methods: We investigate a wide range of metrics, including state-of-the-art word-based and novel grammar-based ones.Naturalness Could the utterance have been produced by a native speaker?human no Crowdworkers judge the naturalness on a 6-point Likert scaleTo collect human rankings, we presented the MR together with 2 utterances generated by different systems side-by-side to crowdworkers, which were asked to score each utterance on a 6-point Likert scale. Each system output was scored by 3 different crowdworkers.Word-overlap metrics (TER, BLEU, ROUGE, NIST, LEPOR, CIDER, METEOR), semantic similarity, readibility, grammaticality, informativeness, qualityHuman rankings of naturalness of generated text, judged on a Likert scale2
Novikova Why we need new evaluation metrics for NLG 2017 e Quality general In this paper, we motivate the need for novel, system- and data-independent automatic evaluation methods: We investigate a wide range of metrics, including state-of-the-art word-based and novel grammar-based ones.Quality How do you judge the overall quality of the utterance in terms of its grammatical correctness and fluency?human no Crowdworkers judge the quality on a 6-point Likert scaleTo collect human rankings, we presented the MR together with 2 utterances generated by different systems side-by-side to crowdworkers, which were asked to score each utterance on a 6-point Likert scale. Each system output was scored by 3 different crowdworkers.Word-overlap metrics (TER, BLEU, ROUGE, NIST, LEPOR, CIDER, METEOR), semantic similarity, readibility, grammaticality, informativeness, naturalnessHuman rankings of quality of generated text, judged on a Likert scale2
Park Assessing the research landscape and clinical utility of large language models: a scoping review2024 general Research on LLMs has revealed their potential and pitfalls, especially in clinical settings. However, the evolving landscape of LLM research in medicine has left several gaps regarding their evaluation, application, and evidence base.Clinical utility Not reported human no Suggestion for a standardized evaluation framework for assessing LLMs clinical utility, including disease selection, contextual information, exact phrasing used when interacting with LLM, inclusion of multiple question types, research with one-shot or few-shot learning and reporting results with a standardized metric (e.g. BLEU, ROUGE, METEOR).Our review aimed to propose a more rigorous research design and present two main areas where such improvements can be made: in the study methods, and in how studies report their results. i) Disease/condition selection and contextual information: To provide a comprehensive evaluation, we recommend researchers include a brief description of the epidemiology of the presented disease/condition in their articles.  ii) Exact wording and phrasing: Based on our extracted articles, we recommend authors continue both recording and reporting the exact phrasing used when interacting with ChatGPT is paramount. iii) Inclusion of multiple question types: To expand the application of research on LLMs, researchers could also incorporate both open-ended and closed-ended question formats in their evaluation. iv) Research with one-shot or few-shot learning rather than zero-shot learning: In order to determine what constitutes a “correct” diagnosis and ensure the accuracy of results from ChatGPT, it is beneficial to employ one-shNot applicable Suggestion for a standardized evaluation framework for assessing LLMs clinical utility (multiple question types, one-shot or few-shot learning, standardized metrics) including recommendations for reporting2
Patel MAGNIFICO: Evaluating the In-Context Learning Ability of Large Language Models to Generalize to Novel Interpretations2023 MAGNIFICo general Therefore, it is crucial for LLMs to learn novel interpretations in-context. In this paper, we systematically analyse the ability of LLMs to acquire novel interpretations using in-context learning. In-context learning abilityCapable of assigning novel interpretations to words and phrasesother automatic calculation of the metric, but with use of LLM generated examples.no Evaluation suite (MAGNIFICo) that consists of examples (all text-to-SQL semantic parsing problems) derived from an existing text-to-SQL benchmark (Spider), in which the relative performance is measured (comparison of execution accuracy on the base example and the novel interpretation) as a measure of the generalization ability of models towards acquiring novel interpretations.To facilitate our analysis, we create an evaluation suite, MAGNIFICO: Measuring Adaptability and Generalization to Novel Interpretations For In-Context Learning. Each example in MAGNIFICO is a text-to-SQL semantic parsing problem that requires models to understand one or more novel interpretations used in the input text to generate the correct SQL query. We cre- ate MAGNIFICO by modifying and re-tasking examples from an existing text-to-SQL benchmark, Spider. We create MAGNIFICO examples by modifying examples in the Spider dataset such that understanding a novel interpretation used in the input is necessary to successfully generate the corresponding SQL query. We use a metric called Relative Performance to measure the generalization ability of models towards acquiring novel interpretations.Not applicable Evaluation suite (MAGNIFICo) that consists of examples (all text-to-SQL semantic parsing problems) derived from an existing text-to-SQL benchmark (Spider), in which the relative performance is measured (comparison of execution accuracy on the base example and the novel interpretation) as a measure of the generalization ability of models towards acquiring novel interpretations.2
Pellert AI Psychometrics: Assessing the Psychological Profiles of Large Language Models Through Psychometric Inventories2024 general The traits that LLMs acquire in such a way can potentially influence their behavior, that is, their outputs in downstream tasks and applications in which they are employed, which in turn may have real-world consequences for individuals and social groups. By eliciting LLMs’ responses to language-based psychometric inventories, we can bring their traits to light.Psychological profilingPsychological profiles of an LLM automatic with human reference no Assessment of LLM personality (Big Five, Short Dark Tetrad), value orientations (Revised Portrait Values Questionnaire), moral norms (Moral Foundations Questionnaire) and beliefs about gender (Gender/Sex Diversity Beliefs Scale)The BFI assesses the Big Five dimensions (openness, conscientiousness, extraversion, agreeableness, and neuroticism) with 44 items that are each to be rated on a 5-point scale ranging from disagree strongly to agree strongly.  We employ the Short Dark Tetrad questionnaire, which assesses these four traits with 28 items (seven per trait) that are answered on a 5-point scale ranging from disagree strongly to agree strongly.  We used the recent 57-item Revised Portrait Values Questionnaire to assess these basic values. This inventory relies on a portrait format in which each item consists of a statement describing a person in terms of their values. Respondents indicate how similar they are to the person described in the statement on a 6-point scale ranging from 1= not like me at all to 6= very much like me. In our demonstration, we illustrate the direct application of the established Moral Foundations Questionnaire to various models. We use the recently developed Gender/Sex Diversity Beliefs Scale to measure theNot applicable Psychological profiling of LLMs using standard psychometric inventories originally designed for human traits, including assessment of personality, value orientations, moral norms and beliefs about gender2
Peyrard Better than Average: Paired Evaluation of NLP Systems2021 Bradley-Terry and variants general Evaluation in NLP is usually done by comparing the scores of competing systems independently averaged over a common set of test instances. In this work, we question the use of averages for aggregating evaluation scores into a final number used to decide which system is best, since the average, as well as alternatives such as the median, ignores the pairing arising from the fact that systems are evaluated on the same test instances.The relative performance of one NLP model over another by pair-wise comparisonTo facilitate the adoption of pairwise evaluation, we release a practical tool for performing the full analysis of evaluation scores with the mean, median, BT, and two variants of BT (Elo and TrueSkill)other meta (this method does not calculate a metric, but rather relative performance on a certain metric)no Bradley-Terry, ELO, TrueSkill we release a practical tool for performing the full analysis of evaluation scores with the mean, median, BT, and two variants of BT (Elo and TrueSkill)Average and median of metricsThe paper proposes pairwise evaluation with the Bradley-Terry model as a more robust and interpretable method for ranking NLP systems, outperforming traditional mean and median aggregation methods by preserving instance-level pairing.2
Pratapa Evaluating the Morphosyntactic Well-formedness of Generated Texts2021 L'Ambre general Text generation systems are ubiquitous in natural language processing applications. However, evaluation of these systems remains a challenge, especially in multilingual settingsFluency Grammatical well-formedness of text produced by NLG systemsfully automatic yes A generated text is segmented, tokenized, tagged and parsed. Given the tagged dependency tree for a segment of text and the series of language-specific rules, the percentage of times that each rule is satisfied is calculated. The final score is the weighted average of the scores on individual rules.Our metric assumes a machine-readable grammatical description, which we define as a series of language-specific rules. Given a text, we compute a score by verifying the satisfiability of all applicable morphosyntactic rules from the grammatical description. Similar to standard metrics for evaluating NLG, our scoring framework allows for computing scores at both segment-level and corpus-level granularities. Computing L’AMBRE first requires segmentation, tokenization, tagging, and parsing of the corpus. Given the tagged dependency tree for a segment of text and a set of rules in the language, we identify all rules that are applicable to the segment. We then compute the percentage of times that each such rule is satisfied within the segment, based on the parser/tagger annotations. The final score is a weighted average of the scores of individual rules.Human evaluation Linguistically aware morphosyntax-based rule evaluation (L'Ambre) is a metric that computes a score based on how often segments in a generated text comply with a series of language-specific rules1
Rashkin Measuring Attribution in Natural Language Generation Models2023 AIS general Yet, generative neural models are known to hallucinate often, lacking faithfulness to underlying sources—for example, in summarization or in grounded dialogue systems. Accurate evaluation with respect to these issues is important.Attribution Attribution, by which we mean the accurate use of source documents to support generated texthuman no Human annotators determine whether a model output is interpretable and whether all the generated information can be attributed to a reference sourceFirst, the annotators are asked if they are able to understand and identify the information being shared in the model output without seeing the source document (i.e., whether it is interpretable on its own). Then, if the output is deemed interpretable, the annotators are shown the “identified source” P and asked whether all of the information that is shared in S can be attributed to P (i.e., whether it is AIS). Not applicable Attribution to Identified Sources (AIS) is an evaluation framework in which human annotators determine whether a generated text is interpretable on its own and whether its information can be attributed to a source document2
Reddy Evaluating large language models for use in healthcare: A framework for translational value assessment2023 a TEHAI general As LLMs are explored for utility in healthcare, including generating discharge summaries, interpreting medical records and providing medical advice, it is necessary to ensure safeguards around their use in healthcare. Notably, there must be an evaluation process that assesses LLMs for their natural language processing performance and their translational value.Translational value for use in healthcare (capability, utility, and adoption)The performance of large language models and explore an appropriate governance and monitoring mechanism for their use in healthcarehuman no Translational Evaluation of Healthcare AI (TEHAI) framework with three main components (capability, utility, and adoption) that can be used to assess AI systems at different stagesTEHAI includes three main components (capability, utility, and adoption), with fifteen subcomponents identified based on a critical review of related literature and frameworks/guidelines covering AI in healthcare reporting and evaluation. The components and subcomponents are designed to assess various aspects of AI systems at different development and deployment stages. - Capability: objective, data source and integrity, internal validity, external validity, performance metrics, use case - Utility: generalizability and contextualization, safety and quality, transparency, privacy, non-maleficence - Adoption: use in a healthcare setting, technical integration, number of services, alignment with domainGMAIH; combined frameworkTEHAI is an evaluation framework to assess the translational value of AI in healthcare, by assessing capability, utility, and adoption2
Reddy Evaluating large language models for use in healthcare: A framework for translational value assessment2023 b GMAIH general As LLMs are explored for utility in healthcare, including generating discharge summaries, interpreting medical records and providing medical advice, it is necessary to ensure safeguards around their use in healthcare. Notably, there must be an evaluation process that assesses LLMs for their natural language processing performance and their translational value.Translational value for use in healthcare (fairness, transparency, trustworthiness, and accountability)The performance of large language models and explore an appropriate governance and monitoring mechanism for their use in healthcarehuman no Governance Model for AI in Healthcare (GMAIH) is a specialised governance model for healthcare, consisting of four main components: fairness, transparency, trustworthiness, and accountabilityThe Governance Model for AI in Healthcare (GMAIH)’, which consists of four main components: fairness, transparency, trustworthiness, and accountability. - Fairness: To ensure fairness in data collection and utilisation, a data governance panel comprising AI developers, patient and target group representatives, clinical experts, and individuals with relevant ethical and legal expertise is proposed. - Transparency: Appropriate governance emphasises ongoing or continual explainability and interpretable frameworks to enhance the decision-making process. - Trustworthiness: The potential autonomous functioning of AI applications and potential unintended consequences must be considered. The trustworthiness of AI models can be enhanced by ensuring data privacy, security, and confidentiality. - Accountability: Clear policies, procedures, and regulations should be in place to ensure compliance with legal and ethical standards. TEHAI; combined frameworkGMAIH is an evaluation framework that assesses governance of AI using four components: fairness, transparency, trustworthiness and accountability2
Reddy Evaluating large language models for use in healthcare: A framework for translational value assessment2023 c Combined framework general As LLMs are explored for utility in healthcare, including generating discharge summaries, interpreting medical records and providing medical advice, it is necessary to ensure safeguards around their use in healthcare. Notably, there must be an evaluation process that assesses LLMs for their natural language processing performance and their translational value.Translational value for use in healthcare (combination of TEHAI and GMAIH)The performance of large language models and explore an appropriate governance and monitoring mechanism for their use in healthcarehuman no Combination of a core layer of NLP metrics and the TEHAI and GMAIH framework as translational assessment layer and governance layer, respectivelyTEHAI (Translational Evaluation of Healthcare AI) framework: a multi-stage and comprehensive evaluation framework that assessed AI models beyond regulatory and reporting requirements. To complement the translational assessment, a layer of governance is added to the evaluation framework. Specialised governance models for healthcare ensure aspects such as bio-medical ethics, medico-legal and patient safety are adequately assessed and monitored. One such specialised framework is ’The Governance Model for AI in Healthcare (GMAIH).TEHAI; GMAIH The framework proposed in this article is a combination of NLP metrics (the core layer), the TEHAI framework (translational assessment layer) and the GMAIH framework (governance layer)2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 a Human: output quality general In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Output quality Reflecting readability, clarity, and general appropriatenesshuman no Forecasts from the SumTime-Meteo corpus that were rated by nine experts and 21 people without experience in this field on a scale of 0-5 with a single score based on readibility, clarity, and general appropriatenessWe used a randomly selected subset of 21 forecast dates from the SUMTIME-METEO corpus. For our human evaluators, we recruited nine people with experience reading fore- casts for offshore oil rigs (‘experts’). Note that these were experienced forecast readers, not forecast writers. We also recruited 21 people with no experience in reading forecasts for offshore oil rigs (‘non-experts’). Subjects were shown forecast texts from all the content-to-text generators, and from the corpus, and asked to give each text a single score on a scale of 0 to 5, which was explained as reflecting readability, clarity, and general appropriateness.Linguistic quality, content quality, NIST-5, BLEU-4, ROUGE-SU4, ROUGE-2, SEHuman ratings (scale 0-5) based on readibility, clarity, and general appropriateness2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 b Human: linguistic quality general In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Linguistic quality “Clarity and readability” (which was intended to elicit an assessment of linguistic quality)human no Forecasts from the SumTime-Meteo corpus that were rated by 14 experts on a scale of 0-6 with a score based on clarity and readibility (linguistic quality)We used 14 new randomly selected forecast dates [from SumTime-Meteo], and 14 new expert subjects (we did not ask non-experts to rate these texts, because we were not confident that they could assess the accuracy and appropriateness of texts). We also made a number of changes to our experimental design, based on issues identified in the first experiment with expert subjects. The most important ones were that we used a Latin Square design (with two subjects rating each system/date combi- nation), we asked for ratings on a seven-point scale instead of a six-point one (so the scale had a middle position which subjects could select), we explicitly gave instructions as to what the ratings meant (to reduce variation due to differing interpretations of the scale).Output quality, content quality, NIST-5, BLEU-4, ROUGE-SU4, ROUGE-2, SEHuman ratings (scale 0-6) based on clarity and readibility2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 c Human: content quality general In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Content quality “Accuracy and appropriateness” (which was intended to elicit an assessment of content quality)human no Forecasts from the SumTime-Meteo corpus that were rated by 14 experts on a scale of 0-6 with a score based on accuracy and appropriateness (content quality)We used 14 new randomly selected forecast dates [from SumTime-Meteo], and 14 new expert subjects (we did not ask non-experts to rate these texts, because we were not confident that they could assess the accuracy and appropriateness of texts). We also made a number of changes to our experimental design, based on issues identified in the first experiment with expert subjects. The most important ones were that we used a Latin Square design (with two subjects rating each system/date combi- nation), we asked for ratings on a seven-point scale instead of a six-point one (so the scale had a middle position which subjects could select), we explicitly gave instructions as to what the ratings meant (to reduce variation due to differing interpretations of the scale).Output quality, linguistic quality, NIST-5, BLEU-4, ROUGE-SU4, ROUGE-2, SEHuman ratings (scale 0-6) based on accuracy and appropriateness2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 d NIST-5 general In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Similarity/quality Quality of a generated text automatic with human reference no Proportion of word n-grams in a generated text that is shared with reference texts, with more weight given to less frequent n-grams that are more informativeBLEU is a precision metric that assesses the quality of a generated text in terms of the proportion of its word n-grams that it shares with reference texts. We used BLEU-42 (that is, BLEU calculated using n-grams of size up to n = 4).Output quality, linguistic quality, content quality, BLEU-4, ROUGE-SU4, ROUGE-2, SEAutomatic metric that calculates proportion of n-grams shared between a generated and a reference text, and gives more weight to infrequent n-grams that are more informative2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 e BLEU-4 general In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Similarity/quality Quality of a generated text automatic with human reference no Proportion of word n-grams (up to size n=4) in a generated text that is shared with reference textsBLEU is a precision metric that assesses the quality of a generated text in terms of the proportion of its word n-grams that it shares with reference texts. We also used the NIST3 MT evaluation score; this is an adaptation of BLEU which gives more weight to less frequent n-grams which are assumed to be more informative.Output quality, linguistic quality, content quality, NIST-5, ROUGE-SU4, ROUGE-2, SEAutomatic metric that calculates proportion of n-grams shared between a generated and a reference tekst2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 h String edit general In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Similarity Not reported automatic with human reference no Measure of similarity of stringsString-edit distance (SE) was computed with substitution at cost 2, and deletion and insertion at cost 1, and normalized to range 0 to 1 (perfect match). Output quality, linguistic quality, content quality, NIST-5, BLEU-4, ROUGE-SU4, ROUGE-2Automatic metric that measures the similarity of strings by counting the minimum number of operations required to transform one string into the other2
Riyadh Towards Automatic Evaluation of NLG Tasks Using Conversational Large Language Models2023 general Even though there have been dramatic advancements in the machine learning technologies that propelled the research work concerning Natural Language Generation (NLG), a subdivision of NLP that focuses on text generation, a promising and widely adopted automatic evaluation technique for NLG tasks is yet to be developed. In this paper, we propose leveraging conversational Large Language Models (LLMs) as automatic evaluators for several open-ended NLG tasks.Evaluation of ChatGPT's ability to judge other modelsWe experimented with five NLG tasks to understand if ChatGPT, a recently released conversational LLM, can be an automatic evaluator for these tasks.LLM yes ChatGPT In this study, we evaluate ChatGPT as an automatic evaluator for five NLG tasks.None The authors ask ChatGPT to perform NLG tasks to see if it can be used as a judge for other NLG systems.2
Ruan Better than Random: Reliable NLG Human Evaluation with Constrained Active Sampling2024 general To give a more correct inter-system ranking and make the gold standard human evaluation more reliable, we propose a Constrained Active Sampling Framework (CASF) for reliable human judgment.Correct/reliable human rankingCorrect inter-system ranking/reliability of the gold standard human evaluationother the evaluation is human, but the sampling method is a trained 'learner'yes Method to select samples for human evaluation based on iterative quality prediction by a regressor and sample selection based on predicted qualityThe proposed Constrained Active Sampling Framework [CASF] aims to select representative samples for human evaluation in multiple phases to get a more correct inter-system ranking. The proposed CASF operates through a Learner, a Systematic Sampler and a Constrained Controller. The goal of the Learner is to predict the quality of samples and give a ranking of sample quality by a regressor. The Systematic Sampler divides samples into multiple buckets according to the sample quality ranking given by the Learner. The Constrained Controller controls the Redundancy of samples and selects a final sample from each bucket given by the Systematic Sampler. The selected samples are then evaluated by human beings. In the current batch active sampling phase, samples selected in all previous phases together with the corresponding human scores, then, are fed to the regressor of the learner, and the regressor of the learner is updated and applied to predict the quality of the rest samples with the sample’s scores over var- iouRandom sampling, heuristic sampling, eight metric, single metric, online samplingFramework that intends to improve the reliability of human ranking through better sampling. Sampling is based on the predicted quality by a regressor, that is trained after each sampling and evaluation stage.2
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 a BLEU general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Precision Precision-based metric automatic with human reference no Calculation of the n-gram overlap between reference and generated textIt is a precision-based metric that computes the 𝑛-gram overlap between the reference and the hypothesis. In particular, BLUE is the ratio of the number of overlapping 𝑛-grams to the total number of 𝑛-grams in the hypothesis.All other measures in the paperUntrained word-based metric that calculates n-gram overlap between reference and generated text1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 b NIST general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Precision 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 scores automatic with human reference no Variant of BLEU that calculates n-gram overlap and weighs n-grams based on precision gainThis metric can be thought of as a variant of BLEU which weighs each matched 𝑛-gram based on its information gain. The idea is to give more credit if a matched 𝑛-gram is rare and less credit if a matched 𝑛-gram is common.All other measures in the paperUntrained word-based metric that calculates n-gram overlap between reference and generated text and gives more weight to n-grams that are rare1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 c GTM general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Combination of precision and recallcombination of precision and recall automatic with human reference no F-score based metric but with more weight given to word sequences that match between the reference and generated text that border eachotherTowards this end they propose ‘GTM’, an F-Score based metric, with greater weights for contiguous word sequences matched between the hypothesis and reference.All other measures in the paperUntrained word-based metric based on precision and recall that matches words between a reference and generated text and gives more weight to matches that border each other1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 e ROUGE general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Recall recall-based measure automatic with human reference no Recall-based measure that counts n-gram matches between generated and reference textROUGE-N is similar to BLEU-N in counting the 𝑛-gram matches between the hypothesis and reference, however, it a recall-based measure unlike BLEU which is precision-based.All other measures in the paperUntrained word-based metric (recall based) that counts the n-gram matches between a generated and reference text1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 f WER general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference no Measurement of edit distance between a generated and reference textThere is a family of WER-based metrics which measure the edit distance 𝑑(𝑐,𝑟), i.e., the number of insertions, deletions, substitutions and, possibly, transpositions required to transform the candidate into the reference string.All other measures in the paperUntrained word-based metric that measures the edit distance between a generated and reference text, i.e. the number of insertions, deletions, substitutions and transpositions needed to transform the generated text into the reference text1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 g characTER general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference no Two stage approach; first performs edits at a word level with relaxed matching criteria, then splits it into characters and calculates the Levenshtein distanceCharacTER first performs shift edits at the word level, using a relaxed matching criteria where a word in the hypothesis is considered to match a word in the reference if the character based edit distance between them is below a threshold value. Then the shifted hypothesis sequence and the reference are split into characters and the Levenshtein distance between them is calculated.All other measures in the paperUntrained character-based metric that first performs shift edits on word level, splits the word up into characters and calculate the Levenshtein distance between generated and reference text1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 h EED general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference no Metric based on edit operations and can include a jump operation at the character levelThis metric is inspired by CDER and extends the conventional edit operations (insertions, deletions and substitutions) to include a jump operation, but at the character level.All other measures in the paperUntrained character-based metric that evaluates based on edits and allows a jump operation at the character level1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 i chrF general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Combination of precision and recallprecision and recall automatic with human reference no F-measure based on calculation of overlap of character n-grams between reference and generated textThis metric compares character 𝑛-grams in the reference and candidate sentences, instead of match- ing word 𝑛-grams as done in BLEU, ROUGE, etc. The precision and recall are computed over the character 𝑛-grams for various values of 𝑛 (upto 6) and are combined using arithmetic averaging to get the overall precision (𝑐h𝑟𝑃) and recall (𝑐h𝑟𝑅) respectively. All other measures in the paperUntrained character-based metric that calculates precision and recall based on n-gram character overlap between a reference and generated text1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 j Greedy Matching general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity cosine similarity automatic with human reference yes Matching of tokens between the generated and reference text based on embeddings of the tokensThis metric considers each token in the reference and greedily matches it to the closest token in the hypothesis based on the cosine similarity between the embeddings of the tokens. The aggregate score is obtained by averaging across all the tokens in the reference.All other measures in the paperEmbedding based metric that matches each token in the generated text to the closest token in the reference text based on cosine similarity between their embeddings1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 k Embedding Average metric general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity cosine similarity automatic with human reference yes Computation and comparison of embeddings of generated and reference sentencesInstead of computing a score for the hypothesis by comparing the embeddings of the words/tokens in the hypothesis and the reference, one could directly compute and compare the embeddings of the sentences involved (i.e., the hypothesis sentence and the reference sentence). The Vector Averaging or Embedding Average metric does exactly this by first computing a sentence-level embedding by averaging the word embeddings of all the tokens in the sentence.All other measures in the paperEmbedding based metric that compares the embeddings of reference and generated sentences1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 l Vector extrema general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity cosine similarity automatic with human reference yes A way to calculate sentence-level embeddings by constructing k-dimensional word embeddings of all words in a sentence and taking the most extreme value in each dimensiona 𝑘-dimensional sentence embedding is constructed using the 𝑘-dimensional word embeddings of all the words in the sentence. However, instead of taking an average of the word embeddings, a dimension-wise max/min operation is performed over the word embeddings. In other words, the most extreme value (i.e., the value farthest from 0) along each dimension is chosen by considering the embeddings corresponding to all the words in the sentence.All other measures in the paperEmbedding based metric that computes sentence-level embeddings by making a k-dimensional word embeddings of all the words in the sentence and taking the most extreme value of each dimension1

Sai A Survey of Evaluation Metrics Used for NLG Systems2020 m WMD general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Dissimilarity dissimilarity automatic with human reference yes Measurement of dissimilarity between a generated and reference text by calculating the cumulative distance between embeddings of their wordsThis metric was proposed to measure dissimilarity between text documents by computing the minimum cumulative distance between the embeddings of their constituent words.All other measures in the paperEmbedding based metric that measures dissimilarity between a generated and reference text based on the minimum cumulative distance between embeddings of constituent words1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 n MEANT general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity Not reported automatic with human reference yes Weighted combination of F-scores that takes into account semantic roles of words in sentencesSemantic role labelling, also called shallow semantic parsing, is the process of assigning labels to words or phrases to indicate their role in the sentence, such as doer, receiver or goal of an action, etc. MEANT was proposed as a weighted combination of F-scores computed over the semantic frames as well as their role fillers to evaluate the “adequacy" of the hypothesis in representing the meaning of the reference.All other measures in the paperEmbedding based metric based on precision and recall that takes into account the semantic role of words in sentence1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 o YiSi general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity similarity LLM yes Evaluation metric based on contextual word embeddings from BERT that calculates weighted word embeddings cosine similarityYiSi-1 is a metric similar to MEANT2.0, that uses contextual word embeddings from BERT rather than word2vec embeddings. YiSi-1 is an F-score that computes 𝑛-gram similarity as an aggregate of weighted word embeddings cosine similarity, optionally taking the shallow semantic structure into account.All other measures in the paperContextualized embedding based metric that calculates word embeddings (based on BERT) cosine similarity1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 p BERTr general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Recall recall LLM yes Recall score of token matching based on BERT embeddingsThe BERTr score is the average recall score over all tokens, using a relaxed version of token matching based on BERT embeddings, i.e., by computing the maximum cosine similarity between the embedding of a reference token 𝑗 and any token in the hypothesis.All other measures in the paperContextualized embedding based metric that calculates a recall score based on relaxed token matching based on BERT embeddings1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 q BERTscore general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity cosine similarity LLM yes F1 measure that computes cosine similarity of contextualized embeddings using a greedy matching approachZhang et al. [181] compute cosine similarity of each hypothesis token 𝑗 with each token 𝑖 in the reference sentence using contextualized embeddings. They use a greedy matching approach instead of a time-consuming best-case matching approach, and then compute the F1 measureAll other measures in the paperContextualized embedding based metric that computes cosine similarity between a reference and generated text token1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 r MoverScore general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity Not reported LLM yes Matching metric that uses contextualized embeddings to compute Euclidean distance between words or n-gramsMoverScore, which uses contextualized embeddings to compute the Euclidean distances between words or 𝑛-grams.All other measures in the paperContextualized embedding based metric that computes Euclidean distance between words or n-grams1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 s BEER general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference yes Linear regression with input features such as precision, recall and F1-scoreThe set of input features used by BEER include precision, recall and F1-score on character 𝑛-grams for various 𝑛 and on word-level unigrams. Additionally, they use features based on permutation trees [179] to evaluate word order or fluency. The unigram statistics are computed on function words and content words separately as well as on the entire set of words. The BEER model is a simple linear function of the input featuresAll other measures in the paperFeature-based trained metric that uses linear regression with input features such as precision, recall and F1 score1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 t BLEND general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference yes SVM regressor with 57 different metric scores (lexical, syntactic and semantic-based)It uses an SVM regressor with 57 metric scores as features and the DA scores (direct assessment scores on translation quality obtained through human evaluators [55]) from WMT15[149] and WMT16[14] as the gold standard target. The metrics are classified into 3 categories as lexical, syntactic and semantic based metrics.All other measures in the paperFeature-based trained metric that uses an SVM regressor with 57 metric scores as feature1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 u Q-Metrics general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Answerability Answerability automatic with human reference yes Calculates n-gram precision and recall separately for four categories of words and includes a metric based on BLUE, NIST, METEOR and ROUGEHence they categorize the words of the hypothesis and reference question into four categories viz. function words, question words (7 Wh-words including ‘how’), named entities and content words (identified as belonging to none of the previous categories). The 𝑛-gram precision and recall are computed separately for each of these categories and a weighted average of them to computed to obtain 𝑃𝑎𝑣𝑔 and 𝑅𝑎𝑣𝑔All other measures in the paperFeature-based trained metric that calculates precision and recall for four different categories of words in a generated text, as well as takes into account a metric based on BLEU, NIST, METEOR and ROUGE1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 v SIMILE general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity cosine similarity automatic with human reference yes Measure of cosine similarity of sentence embeddings of a generated and reference textTo facilitate better comparison of hypothesis and reference sentences, Wieting et al. [168] train a sentence encoder, 𝑔, on a set of paraphrase pairs (from ParaNMT corpus [169]) using the max margin loss. The authors define the metric ‘SIM’ as the cosine similarity of the sentence embeddings of the reference and candidate sentences.All other measures in the paperEnd-to-end trained metric that calculates cosine similarity of sentence embeddings of a reference and generated sentence1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 w ESIM general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Similarity similarity automatic with human reference yes Uses a trained BiLSTM model to compute sentence representations of the generated and reference text and than calculates similarity between them using a cross-sentence attention mechanismIt consists of a trained BiLSTM model to first compute sentence representations of the reference and hypothesis. Next, the similarity between the reference and hypothesis is calculated using a cross-sentence attention mechanism.All other measures in the paperEnd-to-end trained metric that uses a trained BiLSTM model to compute sentence representations and than calculates the similarity using a cross-sentence attention mechanism1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 x RUSE general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported automatic with human reference yes MLP based regression model that predicts a score by using a combination of three sentence embeddings from the generated and reference textRUSE is a MultiLayer Perceptron (MLP) based regression model that combines three pre-trained sentence embeddings. The three types of sentence embeddings used are InferSent [26], Quick-Thought [94] and Universal Sentence Encoder[18]. Through these embeddings, RUSE aims to utilize the global sentence information that cannot be captured by any local features that are based on character or word 𝑛-grams. An MLP regressor predicts the RUSE score by using a combination of the sentence embeddings of the hypothesis and reference.All other measures in the paperEnd-to-end trained metric that uses an MLP-based regression model combining three pre-trained sentence embeddings to predict the RUSE score1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 y BERT for MTE general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported LLM yes A model encodes generated and reference sentences together by concatenating them and passing them through BERT, and an MLP-regressor provides the score.This model encodes the reference and hypothesis sentences together by concatenating them and passing them through BERT. A ‘[SEP]’ token is added for separation and a ‘[CLS]’ token is prepended to the pair as per the input-requirements of BERT. An MLP-regressor on top of the final representation of the [CLS] token provides the score.All other measures in the paperTransformer based trained metric that encodes generated and reference sentences and uses an MLP-regressor to provide a scor1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 z BLEURT general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported LLM yes Pretraining a BERT model with multiple signals including BLEU, ROUGE, and BERTScoreSellam et al. [138] pretrained BERT with synthetically generated sentence pairs obtained by perturbing Wikipedia sentences via mask-filling with BERT, back-translation or randomly dropping words. A set of pretraining signals are employed including: (i) BLEU, ROUGE and BERTscore, (the latter 2 are split into 3 signals each, using the precision, recall and F-score), (ii) back-translation likelihood indicating the probability that the two sentences are back-translations of the other with either German or French as the intermediate language, (iii) textual entailment signal (indicating Entailment, Contradiction or Neutral) obtained from BERT fine-tuned on entailment task with MNLI (Multi-Genre Natural Language Inference) dataset[170]. (iv) back-translation flag to indicate if the perturbation was actually generated through back-translation or mask-filling. The various signal/task-level losses are aggregated using weighted sum.All other measures in the paperTransformer based trained metric based on pretraining a BERT model with multiple pretraining signals including BLEU, ROUGE and BERTscore1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 aa NUBIA general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Quality Not reported LLM yes NUBIA consists of neural feature extraction, a model to provide a quality score (linear regression model or feed forward neural network) and a calibration step to make sure the final value is between 0 and 1The first step is neu- ral feature extraction using various transformer based architectures to represent sentence similarity, logical inference and sentence likelihood/legibility. The models used for this are: • RoBERTa large pretrained model, finetuned on STS-B-benchmark dataset to predict sentence similarity between hypothesis and reference • RoBERTa large pretrained model, finetuned on MNLI challenge of GLUE for capturing logical relationship between the hypothesis and reference. • GPT-2 model’s perplexity score to determine the grammatical correctness of the hypothesis. The next step/module is termed an aggregator which is either a linear regression model or a feed forward neural network trained to provide a quality score on the hypothesis on its interchangeability with the reference. Finally the calibration step ensures the final value is between 0 and 1, and also that providing the reference sentence as the hypothesis generates a score of 1.All other measures in the paperTransformer based trained metric consisting of neural feature extraction to represent sentence similarity, logical inference and sentence likelihood/legibility and a model that aggregates to provide a quality scor1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ai Pearson correlation coefficient general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Correlation correlation fully automatic no Measurement of the linear dependence between two continuous variables (i.e. two evaluation metrics)Pearson correlation coefficient measures the linear dependence between two continuous variables. Pearson correla- tion assumes that (i) there is a linear relationship between the two variables, and (ii) the two variables follow a bi-variate normal distribution.Spearman's correlation coefficient, Kendall's tau coefficient, William's testCorrelation measure that measures the linear dependence between two continous variables (two evaluation metrics)1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 aj Spearman's correlation coefficient general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Correlation correlation fully automatic no Measurement of the monotonic relationship between two variables (i.e. two evaluation metrics)Spearman’s correlation coefficient measures the monotonic relationship (whether linear or not) between two variables. The Spearman correlation between two variables is equal to the Pearson correlation between the rank values of those two variables.Pearson correlation coefficient, Kendall's tau coefficient, William's testCorrelation measure that measures the monotonic relationship between two variables (two evaluation metrics)1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ak Kendall's tau coefficient general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Correlation correlation fully automatic no Measurement of rank correlation that is based on the number of observations that are concordant and disconcordantKendall’s 𝜏 coefficient is another rank correlation measure that is computed based on the number of observation pairs that are concordant and discordant.Pearson correlation coefficient, Spearman's correlation coefficient, William's testCorrelation measure that measures rank correlation based on the number of observation pairs that are concordant and disconcordant between two evaluation metrics1
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 al William's test general Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Correlation significancesignificance between two dependent correlationsfully automatic no Evaluation of the significance between two correlations sharing one variable (i.e. evaluation of two automatic metrics both with human judgement)William’s test [171] evaluates the significance between two dependent correlations sharing one variable. The null hypothesis of the William’s test is defined as follows: The population correlation between 𝑋1 and 𝑋3 equals the population correlation between 𝑋2 and 𝑋3. In our case, 𝑋1 and 𝑋2 are the scores of the two metrics and 𝑋3 corresponds to human judgement scores.Pearson correlation coefficient, Spearman's correlation coefficient, Kendall's tau coefficientSignificance test that evaluates the significance between two dependent correlations (i.e. automated metric 1 vs. human judgmentn and automated metric 2 vs. human judgment) sharing one variable (human judgment).1
Sblendorio Integrating human expertise & automated methods for a dynamic and multi-parametric evaluation of large language models’ feasibility in clinical decision-making2024 general The aim of this study is to provide a methodological approach for evaluating the Feasibility of an extensive range of LLMs prior to their routine adoption.7 domains, 17 items across safety, accuracy, privacy, consistency, adaptation, innovation, general capability1) State of the Art Alignment & Safety, 2) Focus, Accuracy & Management of Prompt Ambiguity, 3) Privacy, Data Integrity & Security, Democratic Principles, 4) Automated Assessment of Temporal Variability of Responses (Consistency), 5) Adaptation to Specific Standardized Terminology & Classifications, 6) General Capabilities, 7) Ability to Drive Evolution in Healthcarehuman Likert scale (1-7). An Average Likert Scale Score (ALiSS) over items per domain is calculated for classifying LLMs feasibility. To ensure the accuracy and relevance of the methodological approach, a 7-point Likert scale for responses to each item, ranging from “strongly disagree” to “strongly agree”, is proposed.7 key domains are identified for evaluating LLMs for clinical decision making . A decision tree with recommended minimum acceptance criterions (i.e., ALiSS) can be used to classify LLMs as “suspend use of LLM”, “usable with high caution”, and “recommended” categories.1
Schuff How to do human evaluation: A brief introduction to user studies in NLP2023 a Likert scales general Many research topics in natural language processing (NLP), such as explanation generation, dialog modeling, or machine translation, require evaluation that goes beyond standard metrics like accuracy or F1 score toward a more human-centered approach. Therefore, understanding how to design user studies becomes increasingly important. However, few comprehensive resources exist on planning, conducting, and eval- uating user studies for NLP, making it hard to get started for researchers without prior experience in the field of human evaluation.Not specified Not specified human no Scores for items on a Likert scale that can be combined into scores for a dimension or constructA scale is designed to quantify a construct, for example, “system usability,” that may com- prise multiple aspects, called dimensions, e.g., efficiency, effectiveness, and satisfaction (Brooke 1996; Finstad 2010). The most common type of scale is the Likert scale, containing (multiple) items, rated by the user on a discrete range. Figure 3 shows an example for a scale containing five- point Likert items. The overall score for a dimension or construct is calculated by combining the numbers related to the answer from each item (Körber 2018).Continuous scales, ranked order, error classification, qualitative analysisScale that can be answered by human subjects and combined into a single score for a dimension or construct2
Schuff How to do human evaluation: A brief introduction to user studies in NLP2023 b Continuous scales general Many research topics in natural language processing (NLP), such as explanation generation, dialog modeling, or machine translation, require evaluation that goes beyond standard metrics like accuracy or F1 score toward a more human-centered approach. Therefore, understanding how to design user studies becomes increasingly important. However, few comprehensive resources exist on planning, conducting, and eval- uating user studies for NLP, making it hard to get started for researchers without prior experience in the field of human evaluation.Not specified Not specified human no Scores for items on a continous scale such as the visual analog scaleAs an alternative to Likert scales, continuous rating scales like the visual analog scale (VAS) can be used to measure a construct.Likert scales, ranked order, error classification, qualitative analysisEvaluation of text based on human participants filling in a continuous scale2
Schuff How to do human evaluation: A brief introduction to user studies in NLP2023 c Ranked order general Many research topics in natural language processing (NLP), such as explanation generation, dialog modeling, or machine translation, require evaluation that goes beyond standard metrics like accuracy or F1 score toward a more human-centered approach. Therefore, understanding how to design user studies becomes increasingly important. However, few comprehensive resources exist on planning, conducting, and eval- uating user studies for NLP, making it hard to get started for researchers without prior experience in the field of human evaluation.Not specified Not specified human no Ranking the generated output of systems based on a prespecified criteriondirect comparisons or ranked order comparisons (ranked output from multiple systems best to worst)Likert scales, continuous scales, error classification, qualitative analysisEvaluation of multiple generated outputs by having human subjects rank them2
Schuff How to do human evaluation: A brief introduction to user studies in NLP2023 d Error classification general Many research topics in natural language processing (NLP), such as explanation generation, dialog modeling, or machine translation, require evaluation that goes beyond standard metrics like accuracy or F1 score toward a more human-centered approach. Therefore, understanding how to design user studies becomes increasingly important. However, few comprehensive resources exist on planning, conducting, and eval- uating user studies for NLP, making it hard to get started for researchers without prior experience in the field of human evaluation.Quality Not reported human no Annotation of generated text with predefined error labelsAnother option for tasks involving text generation is error classification, which involves users annotating text output from a set of predefined error labelsLikert scales, continuous scales, ranked order, qualitative analysisEvaluation of generated text through human annotation of errors2
Schuff How to do human evaluation: A brief introduction to user studies in NLP2023 e Qualitative analysis general Many research topics in natural language processing (NLP), such as explanation generation, dialog modeling, or machine translation, require evaluation that goes beyond standard metrics like accuracy or F1 score toward a more human-centered approach. Therefore, understanding how to design user studies becomes increasingly important. However, few comprehensive resources exist on planning, conducting, and eval- uating user studies for NLP, making it hard to get started for researchers without prior experience in the field of human evaluation.Not specified Not specified human no Free response questions to human participants that provide more freedom of expression, followed by coding of responsesIn addition to quantitative analysis, qualitative analysis can provide valuable insights into users’ perspectives by allowing them more freedom of expression than metrics like a Likert scale. These responses can then be analyzed with techniques such as content/theme analysis (Hsieh and Shannon 2005; Braun and Clarke 2006), where user responses are “coded” using a set of labels generated from the collected data, to identify similar themes across responses.Likert scales, continuous scales, ranked order, error classificationEvaluation of generated text using free response questions to human participants and coding the answers2
Shimorina The Human Evaluation Datasheet: A Template for Recording Details of Human Evaluation Experiments in NLP2022 HEDS general HEDS facilitates the recording of properties of human evaluations in sufficient detail, and with sufficient standardisation, to support comparability, meta-evaluation, and reproducibility assessments for human evaluations.Human evaluation Human Evaluation Datasheet (HEDS)human no A template for recording properties of human evaluation experiments, consisting of five sections: 1) paper and resources, 2) evaluated system, 3) output sample, evaluators and experimental design, 4) quality criteria, 5) ethicsHEDS is a template for recording properties of single human evaluation experiments. HEDS is designed to be generally applicable to human evaluations across NLP. It consists of 29 experiment-level questions plus 17 for each quality criterion, available as an online form which also contains explanations and guidance for completing it.  The full HEDS sheet can be found in Ap- pendix A. In its template form as well as in this paper, HEDS is divided into five sections, addressing topics and containing questions as follows: 1. Paper and Resources: HEDS Questions 1.1– 1.3, listed in Appendix Section A.1; 2. Evaluated System: HEDS Questions 2.1–2.5, Section A.2; 3. Output Sample, Evaluators and Experimental Design: HEDS Questions 3.1.1–3.3.8, Section A.3; 4. Quality Criteria: HEDS Questions 4.1.1– 4.3.11, listed in Section 6 of the paper and, for completeness also in Section A.4 in the Appendix—this section is completed separately for each quality criterion used as part of the same evaluation experiment; 5. Ethics: HNot applicable Evaluation template that can be used to record properties of human evaluation experiments, including information on the paper, the system, the experimental design, the quality criteria and ethics. 2
Skopek Towards Better Evaluation of Instruction-Following: A Case-Study in Summarization2023 a ROUGEaverage general Despite recent advances, evaluating how well large language models (LLMs) follow user instructions remains an open problem. While evaluation methods of language models have seen a rise in prompt-based approaches, limited work on the correctness of these methods has been conducted.Lexical overlap ROUGE (n-gram-based) also take (candidate, reference) pairs as input and measure n-gram overlap to provide a numerical estimate of how well the candidate resembles the reference.automatic with human reference no ROUGE ROUGE human evaluation ROUGE measures lexical overlap, they use an average ROUGE over various ROUGE settings2
Skopek Towards Better Evaluation of Instruction-Following: A Case-Study in Summarization2023 b BLEURT general Despite recent advances, evaluating how well large language models (LLMs) follow user instructions remains an open problem. While evaluation methods of language models have seen a rise in prompt-based approaches, limited work on the correctness of these methods has been conducted.Semantic similarity BLEURT (model-based) take a (candidate, reference) answer pair as input and aim to model semantic similarity between the two texts.LLM no BERT BERT human evaluation BLEURT is similar to BLEU but with semantic matching by using BERT embeddings2
Skopek Towards Better Evaluation of Instruction-Following: A Case-Study in Summarization2023 c BARTScore general Despite recent advances, evaluating how well large language models (LLMs) follow user instructions remains an open problem. While evaluation methods of language models have seen a rise in prompt-based approaches, limited work on the correctness of these methods has been conducted.Semantic similarity Not reported LLM no BART BART human evaluation Semantic similarity is calculated using BART embeddings2
Skopek Towards Better Evaluation of Instruction-Following: A Case-Study in Summarization2023 d T5ANLI general Despite recent advances, evaluating how well large language models (LLMs) follow user instructions remains an open problem. While evaluation methods of language models have seen a rise in prompt-based approaches, limited work on the correctness of these methods has been conducted.Semantic similarity Not reported LLM no T5 T5 human evaluation Semantic similarity is calculated using T5 embeddings 2
Skopek Towards Better Evaluation of Instruction-Following: A Case-Study in Summarization2023 e LLM asking general Despite recent advances, evaluating how well large language models (LLMs) follow user instructions remains an open problem. While evaluation methods of language models have seen a rise in prompt-based approaches, limited work on the correctness of these methods has been conducted.Rating of answer quality given by LLMsWe feed the underlying model two prompts: one for the “Follows instruction? (Y/N)” question, and another for the “How well? (1-5)” question.LLM no PALM 2 Though we use PaLM 2 models in our experiments, these methods are model agnostic, and any LLM can be used in their place. For the following methods, we leverage either the base PaLM 2-S/L models, or the instruction-tuned F-PaLM 2-Sc/Lc.human evaluation The authors implement various methods of questioning LLMs about the quality of the output, such as multi-LLM questioning and different prompting techniques.2
Tam A framework for human evaluation of large language models in healthcare derived from literature review2024 general Establishing guidelines for consistent, high-quality human evaluations is paramount for realizing the full potential of LLMs in healthcare. Our findings are intended to serve as a foundation for catalyzing further research into this underexplored yet critical area at the intersection of GenAI and medicine.5 principles and 17 dimensions across safety, reliability, effectiveness ; These include Quality of Information, Understanding and Reasoning, Expression Style and Persona, Safety and Harm, and Trust and ConfidenceWe categorized the evaluation methods in the reviewed articles into 17 dimensions that are further grouped into five principles. These include Quality of Information, Understanding and Reasoning, Expression Style and Persona, Safety and Harm, and Trust and Confidencehuman Likert scale, accuracy, F1, CategoriesLikert scale is another widely adopted tool used in human evaluations of LLMs, ranging from simple binary scales to more nuanced 5-point or 7-point scales. The evaluation also extends to identifying errors or limitations in the model’s responses, categorized into logical, informational, and statistical errors. ; Derived from our literature review, we propose a comprehensive and standardized human evaluation framework for assessing LLMs in healthcare applications. Named the QUEST Human Evaluation Framework, it adheres to the QUEST dimensions and is designed for broad adoption by the community.None A standardized human evaluation framework - 17 dimensions across 5 principles.  It also includes 3 stages process that can be adopted - Planning, Implementation and Adjudication, and Scoring and Review.1
Tao Generative AI for Intelligence Augmentation: Categorization and Evaluation Frameworks for Large Language Model Adaptation2024 b evaluation framework general To address the challenges in choosing adaptation strategies that meet users’ needs or preferences, we propose an evaluation framework for LLM adaptation. given the need to involve human intelligence in adapting LLMs, we categorize evaluation measures for LLM adaptation into two dimensions (human centered and machine centered) and propose evaluation measures for each dimension.• Human: effort, complexity, reliabilityThe human-centered dimension contains human control (the effort required to align the generated content with human expected outcome), prompt complexity (the complexity of human intelligence that feeds into LLMs), ease of use (the technical knowledge required for human-LLM interactions), and catastrophic forgetting resistance (LLMs’ capability to retain skills beyond the specific task they are fine-tuned for).human likert scale (1-4) We tasked the raters with ranking the selected models with respect to each dataset (1 = the highest rank (best) and 4 = the lowest rank (worst)).Human ratings for human-centered aspects (how user experinces the interaction with LLMs) and machine-centered aspects (objective measures)1
Tao Generative AI for Intelligence Augmentation: Categorization and Evaluation Frameworks for Large Language Model Adaptation2024 c evaluation framework general see above • Machine: performance, efficiency, robustnessThe machine-centered dimension encompasses measures such as performance (alignment between generated content and specific downstream tasks), computational efficiency (resources required for LLMs to enhance human intelligence), and robustness to hallucination (alignment between generated content and human intelligence).fully automatic accuracy, inference time (minutes), hallucinated contents/labelsSince we selected text classification as the use case for this study, we adopted commonly used metrics (e.g., accuracy) to measure performance. ; We operationalize computational efficiency as the inference time (minutes) only, while treating fine-tuning time and required VRAM as the computational overhead. ; In our study, we operationalize hallucinations as the model generating contents that do not contain any of the predefined labels in the given problem.The study uses text classification as its use case, measuring performance with metrics like accuracy, computational efficiency via inference time, and defining hallucinations as outputs without predefined labels2
Tevet Evaluating the evaluation of diversity in natural language generation2021 general Despite growing interest in natural language generation (NLG) models that produce diverse outputs, there is currently no principled method for evaluating the diversity of an NLG system. In this work, we propose a framework for evaluating diversity metrics.Diversity metrics Diversity metrics automatic with human reference no Measure of the relationship between the output of a diversity metric and the diversity parameter that controls an aspect of diversity in a generated textOur framework provides a way to evaluate metrics for different aspects of diversity under moderate assumptions. We define a diversity metric mdiv (Sc)∈ R as a function that takes a set of generated responses Sc as an input, and outputs a diversity score. Each response s ∈ Sc is generated for the same input context c, hence Sc is a sample from a generative distribution Pgen(s | c). The overall diversity score of a generative model can be obtained by averaging mdiv over sets Sc sampled from the model given multiple contexts c ∈ C. To evaluate mdiv(·), we assume access to some deterministic diversity parameter d that controls an aspect of diversity in Sc. We test the relation between mdiv and the parameter d. By varying d and measuring mdiv, we can compute the correlation ρ between mdiv and an aspect of diversity represented by d.Not applicable Evaluation of the performance of diversity metrics by comparing their output to a diversity parameter that controls diversity in a generated text (generated by a human or a neural model)2
Van der Lee Human evaluation of automatically generated text: Current trends and best practice guidelines2021 general Currently, there is little agreement as to how Natural Language Generation (NLG) systems should be evaluated, with a particularly high degree of variation in the way that human eval-uation is carried out. This paper provides an overview of how (mostly intrinsic) human evaluation is currently conducted and presents a set of best practices, grounded in the literature.Human evaluation best practices for carrying out and reporting human evaluation in NLGhuman no Framework that shows the best practice for each step in the human evaluation of generated textThis section discusses what we view as best practices for carrying out and reporting human evaluation in NLG. List of stages and steps for conducting a human evaluation research of automatically generated text, accompanied by best practices per step. Planning stage 1. Determine the goal of the evaluation * The goal should be summarized in an explicit research question. * Determine if you are testing hypotheses. Explicitly state these. * Choose strong, representative baselines, and baselines that contextualize the performance of the system. 2. Determine the type of evaluation (intrinsic/extrinsic; real-world/lab-setting) * The type of evaluation should depend on the goal and the constraints within which the evaluation takes place. 3. Determine the type of research (qualitative/quantitative) * Qualitative is preferred if the goal is to improve the system. * Quantitative is preferred if the goal is to judge the merit of the system. 4. Definet he constructs of interest * Determine whether to ask implementation quNot applicable Framework that shows the best practice for each step in the human evaluation of generated text, including steps on 1) determining the goal of the evaluation, 2) determining the type of evaluation, 3) determining the type of research, 4) defining the constructs of interest, 5) determining the appropriate scales and scale size, 6) determining the sample, 7) specifying the study design, 8) selecting a statistical approach, 9) preregistering the task, 10) selecting an evaluation platform, 11) developing a consent form and debriefing statement, 12) applying for ethical clearance, 13) conducting a pretest, 14) conducting the evaluation study, and 15) publishing the raw data and materials.2
van der Lee Best practices for the human evaluation of automatically generated text2019 general "Currently, there is little agreement as to how Natural Language Generation (NLG) systems should be evaluated, with a particularly high degree of variation in the way that human evaluation is carried out. This paper provides an overview of how human evaluation is currently conducted, and presents a set of best practices, grounded in the literature"not specified not specified human no NA NA none This paper presents best practices for human evaluation of NLG output. It provides an overview of reported outcome criteria (fluency, naturalness, quality, meaning preservation, relevance, grammaticality, overall quality, readability, clarity, manipulation check, informativeness, correctness, syntactic correctness, qualitative analysis, appropriateness, non-redundancy, semantic adequacy, other). The paper provides best practices for defining evaluation criteria, sample size, number of questions and types of scales, design, statistics and data analysis. 1
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 a Bias Direction general As Large Language Models and Natural Language Processing (NLP) technology rapidly develop and spread into daily life, it becomes crucial to anticipate how their use could harm people.Bias Bias automatic with human reference no Measure of bias of a word by determining its place in the subspace that captures the difference between two word setsProjection of word vectors on a subspace that captures the semantic difference between two word sets, typically signifying binary gender: {man, he, boy} - {woman, she, girl} (Bolukbasi et al., 2016). The (gender) bias for a word is determined by its place in this subspace (i.e., its place’s direction and distance from a neutral baseline).CrowS-Pairs, STS-B for genders, WinoBiasMeasurement of bias by determining the place of a word in a subspace of words that capture the semantic difference between two word sets (typically signifying gender)2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 b CrowS-Pairs general As Large Language Models and Natural Language Processing (NLP) technology rapidly develop and spread into daily life, it becomes crucial to anticipate how their use could harm people.Bias Bias automatic with human reference no Probabilities of a language model for sentences with stereotypes compared to sentences with their non-stereotypical counterpartsDifferences in language model’s probabilities for sentences describing common stereotypes and their non-stereotypical counterparts: “It was a very important discovery, one you wouldn’t expect from a female/male astrophysicist.” (Nangia et al., 2020). If the language model considers the stereotype-consistent sentence more probable, this indicates bias.Bias Direction, STS-B for genders, WinoBiasProbabilities of a language model for sentences with stereotypes compared to sentences with their non-stereotypical counterparts, it indicates bias if the language model considers the sentence with the stereotype more probable2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 c STS-B for genders general As Large Language Models and Natural Language Processing (NLP) technology rapidly develop and spread into daily life, it becomes crucial to anticipate how their use could harm people.Bias Bias automatic with human reference no Differences in similarity estimates for a sentence containing an occupational title and an identical sentence that has 'man' or 'woman' in it insteadDifferences in language model’s estimates for the similarity of a sen- tence containing an occupational title and otherwise identical sentences that mention “man” or “woman” instead: “A man/woman/nurse is walking.” (Webster et al., 2020). If the language model’s estimated semantic similarities align with gender stereotypes (e.g., “woman” is closer to “nurse” than “man” is close to “nurse”), this indicates bias.Bias Direction, CrowS-Pairs, WinoBiasDifferences in similarity estimates for a sentence containing an occupational title and an identical sentence that has 'man' or 'woman' in it instead; if similarity is higher for a sentence with a gender stereotype, this indicates bia2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 d WinoBias general As Large Language Models and Natural Language Processing (NLP) technology rapidly develop and spread into daily life, it becomes crucial to anticipate how their use could harm people.Bias Bias automatic with human reference no Measures bias through coreference resolution of a gendered pronoun to one of two occupation termsA model’s coreference resolution of a gendered pronoun to one of the two occupation terms (either with or without syntactic cues to help with disambiguation): “The secretary called the physician and told him/her about a new patient.” (Zhao et al., 2018). A model is considered bi- ased, if its performance between the stereotypical and anti-stereotypical examples diverges.Bias Direction, CrowS-Pairs, STS-B for gendersMeasures bias through coreference resolution of a gendered pronoun to one of two occupation terms; if the performance of the model differs between a stereotypical and anti-stereotypical example, this indicates bias.2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 e Reliability: Inter-rater reliability general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Reliability of bias measureReliability of bias measure fully automatic no The extent to which independent raters agree in their ratingsAs inter-rater reliability concerns the degree to which human raters agree in their judg- ments, we believe that it is a useful concept for evaluating bias measures based on bias benchmark data sets whose items were evaluated by human annotatorsReliability: Internal consistency, Reliability: Parallel-form reliability, Reliability: Test-retest reliability, Validity: Convergent validity, Validity: Divergent validity, Validity: Content validityInter-rater reliability is the extent in wich human raters agree in their ratings on different bias measures2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 f Reliability: Internal consistency general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Reliability of bias measureReliability of bias measure fully automatic no Measures the extent to which different items of a metric are consistent with one-anotherInternal consistency can be relevant for evaluating the quality of bias measures based on different items (see Section 2.1). It reflects the extent to which different items of a test (e.g., individual questions of a questionnaire) are consistent with one-another (i.e., whether each of them, individually, is a good predictor of the overall judgment): If the model overall performs poorly, does it also make a mistake on a particular question?Reliability: Inter-rater reliability, Reliability: Parallel-form reliability, Reliability: Test-retest reliability, Validity: Convergent validity, Validity: Divergent validity, Validity: Content validityInternal consistency is a measure of the extent to which different items of a metric are consistent with one-another2

Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 g Reliability: Parallel-form reliability general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Reliability of bias measureReliability of bias measure fully automatic no Measures the extent to which two versions of a metric lead to similar conclusions (e.g. performance of LLMs varies significantly across prompts)Specifically, parallel-form reliability represents the extent to which two (intended to be equivalent) versions of a measure lead to similar conclusions, when applied to the same test-taker.Reliability: Inter-rater reliability, Reliability: Internal consistency, Reliability: Test-retest reliability, Validity: Convergent validity, Validity: Divergent validity, Validity: Content validityParallel-form reliability measures the extent to which two versions of a metric lead to similar conclusions (e.g. performance of LLMs varies significantly across prompts)2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 h Reliability: Test-retest reliability general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Reliability of bias measureReliability of bias measure fully automatic no Tests whether the performance stays consistent over multiple measurement instances, either across random seeds, across training corpora or the same corpora collected at different points in timeTest-retest reliability (or repeatability) tests whether a test-taker’s performance stays con- sistent over multiple measurement instances. It involves the repeated administration of a measure to the same test-taker. Here we discuss three such ways: the consistency of bias measures i) when varying the model’s random seeds, ii) when varying the training data set, and iii) when varying the time at which the data set is obtained (if the data set changes over time). Low consistency between bias measurement scores across random seeds (e.g., used for initializing the model before training and deciding the training data batch order) would suggest that the measured bias is more representative of the particular random seed than the bias of the corpus or NLP model, more generally. Significant inconsistencies in bias measures between the two resulting models would thus suggest poor reliability of the bias measure (or unstable biasedness of the model; as mentioned above, distinguishing between these two options would be Reliability: Inter-rater reliability, Reliability: Internal consistency, Reliability: Parallel-form reliability, Validity: Convergent validity, Validity: Divergent validity, Validity: Content validityTest-retest reliability measures whether the performance stays consistent over multiple measurement instances, either across random seeds, across training corpora or the same corpora collected at different points in time2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 i Validity: Convergent validity general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Validity of bias measureValidity of bias measure fully automatic no Tests the extent to which a measure relates to other measures that it should be related to (because it measures the same construct)Convergent validity refers to the extent to which a measure relates to other measures that it should theoretically be related to (see Figure 2). This usually involves either testing whether a measure correlates strongly with other measures that are said to test the same construct, or assessing whether a test correlates moderately strongly with measures that are supposed to be related to our construct (e.g., things that result from the construct, cause it, or co-occur with it).Reliability: Inter-rater reliability, Reliability: Internal consistency, Reliability: Parallel-form reliability, Reliability: Test-retest reliability, Validity: Divergent validity, Validity: Content validityConvergent validity tests the extent to which a measure relates to other measures that it should be related to (because it measures the same construct)2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 j Validity: Divergent validity general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Validity of bias measureValidity of bias measure fully automatic no Tests the extent to which a measure does not relate to other measures that it should not relate to (because it does not measure the same construct)Divergent validity represents the flip side of convergent validity: the extent to which a measure does not correlate (or correlates only weakly) with measures that it should theo- retically not relate to (see Figure 2). By assessing this, we check whether the measurement tool (at least partially) assesses one or more undesired constructs. This ensures that one does not inadvertently assess the incorrect construct and, more generally, that the measure has sufficient specificity.Reliability: Inter-rater reliability, Reliability: Internal consistency, Reliability: Parallel-form reliability, Reliability: Test-retest reliability, Validity: Convergent validity, Validity: Content validityDivergent validity is the opposite of convergent validity and it measures the extent to which a measure does not correlate to measures that it should in theory not correlate to (because they measure a different construct for example)2
Van der Wal Undesirable Biases in NLP: Addressing Challenges of Measurement2024 k Validity: Content validity general One problem that has received a lot of attention in recent years is that this technology has displayed harmful biases, from generating derogatory stereotypes to producing disparate outcomes for different social groups. Although a lot of effort has been invested in assessing and mitigating these biases, our methods of measuring the biases of NLP models have serious problems and it is often unclear what they actually measure.Validity of bias measureValidity of bias measure fully automatic no Measures the extent to which a measurement tool contains items for all relevant subconstructs, without including irrelevant contentContent validity becomes relevant if we do not conceptualize model bias as unidimensional, but hypothesize the existence of subcomponents of the construct. In such cases, a bias measure usually involves the aggregation of subscores for these subcomponents (analogous to how different test scores are aggregated into one IQ score). For such composite scores, it would be important to establish content validity: the extent to which a measurement tool contains submeasures for all important subconstructs, without including construct- irrelevant content.Reliability: Inter-rater reliability, Reliability: Internal consistency, Reliability: Parallel-form reliability, Reliability: Test-retest reliability, Validity: Convergent validity, Validity: Divergent validityContent validity measures the extent to which a measurement tool contains items for all relevant subconstructs, without including irrelevant content2
Von Däniken On the Effectiveness of Automated Metrics for Text Generation Systems2022 general One of the main issues is the lack of theoretically founded guidelines when running an evaluation. For instance, how many samples are needed to be able to significantly distinguish the performance of two systems? Or how do we handle the errors made by automated metrics? Under which circumstances is it still possible to run an evaluation campaign that yields significant results?Sample size determinationdetermining the number of samples needed to reliably distinguish the performance of a set of Text Generation systems in a given settingfully automatic no Theoretical foundation that can be used to determine an adequate sample size to distinguish performance of two text generation systems, based on either all automated ratings, human ratings or a mix between automated and human ratingsWe introduced a theoretical framework for binary metrics that can be used to extract guidelines for designing an evaluation of text generation systems. The framework estimates the performance of a text generation system from a mix of human and automated ratings giving guarantees of which level of significance can be achieved. Using the formulas, one can design the evaluation setup and compute estimates of how many human and automated samples are needed for a significant evaluation.Not applicable Theoretical foundation that can be used to determine an adequate sample size to distinguish performance of two text generation systems, based on either all automated ratings, human ratings or a mix between automated and human ratings2
Wang TextFlint: Unified multilingual robustness evaluation toolkit for natural language processing2021 general "The detection of model robustness has been attracting increasing attention in recent years, given that deep neural networks (DNNs) of high accuracy can still be vulnerable to carefully crafted adversarial examples (Li et al., 2020), distribution shift (Miller et al., 2020), data transformation (Xing et al., 2020), and shortcut learning (Geirhos et al., 2020). Existing approaches to textual robustness evaluation focus on slightly modifying the input data, which maintains the original meaning and results in a different prediction. However, these methods often concentrate on either universal or task-specific generalization capabilities, which is difficult to comprehensively evaluate."model robustness "The detection of model robustness ahs been attracting increasing attention in recent years"automatic with human reference no text transformations, human annotations on original and transformed texts, accuracy, F1"TextFlint offers 20 general transformationsand 60 task-specific transformations,as well as thousands of their combinations thatcover a variety of aspects of text transformationsto enable a comprehensive evaluation ofrobustness."; "Currently, 12 NLP tasks are available and more are on the way."None This paper presents a toolkit for assessing the robustness of a model. It evaluates 95 state-of-the-art models on transformation data. Tasks studied are prediction, named entity recognition, and natural language inference. TextFlint has an input layer which prepare the information for sample generation, generation layer which applies generation functions to each sample (transformation, subpopulation, and attackrecipe), and reporter layer which analyzes the evaluation results. Accuracy and F1 score can be used for evaluation and comparison purposes.2
Xiao Evaluating Evaluation Metrics: A Framework for Analyzing NLG Evaluation Metrics using Measurement Theory2023 a MetricEval: Reliability - stability general We address a fundamental challenge in Natural Language Generation (NLG) model evaluation—the design and evaluation of evaluation metrics. Recognizing the limitations of existing automatic metrics and noises from how current human evaluation was conducted, we propose METRICEVAL, a framework informed by measurement theory, the foundation of educational test design, for conceptualizing and evaluating the reliability and validity of NLG evaluation metrics.Stability of evaluation metricMetric Stability refers to how a metric score may fluctuate when evaluated again on the same model output.fully automatic no Pearson correlation between the same metric score twice for each modelWe propose to quantify metric stability via the test-retest reliability coefficient: on the output generated by N models, we compute the metric score with the same output twice for each model. Across different models, the Pearson correlation between the two sets of scores is the test-retest reliability coefficient.Not applicable MetricEval is a theoretical framework to evaluate an evaluation metric, based on its reliability and validity. Stability is measured through Pearson correlation of two sets of scores, obtained by evaluating the same models twice.4
Xiao Evaluating Evaluation Metrics: A Framework for Analyzing NLG Evaluation Metrics using Measurement Theory2023 b MetricEval: Reliability - consistency general We address a fundamental challenge in Natural Language Generation (NLG) model evaluation—the design and evaluation of evaluation metrics. Recognizing the limitations of existing automatic metrics and noises from how current human evaluation was conducted, we propose METRICEVAL, a framework informed by measurement theory, the foundation of educational test design, for conceptualizing and evaluating the reliability and validity of NLG evaluation metrics.Consistency of evaluation metricMetric Consistency describes how the metric score fluctuates within a benchmark datasetfully automatic no Cronbach's alpha Formula. From another source: Cronbach's alpha is best understood as a function of the number of questions or items in a measure, the average covariance between pairs of items, and the overall variance of the total measured score.Not applicable MetricEval is a theoretical framework to evaluate an evaluation metric, based on its reliability and validity. Consistency is calculated with Cronbach's alpha.4
Xiao Evaluating Evaluation Metrics: A Framework for Analyzing NLG Evaluation Metrics using Measurement Theory2023 c MetricEval: Validity - construct validitygeneral We address a fundamental challenge in Natural Language Generation (NLG) model evaluation—the design and evaluation of evaluation metrics. Recognizing the limitations of existing automatic metrics and noises from how current human evaluation was conducted, we propose METRICEVAL, a framework informed by measurement theory, the foundation of educational test design, for conceptualizing and evaluating the reliability and validity of NLG evaluation metrics.Construct validity of evaluation metricMetric Construct Validity human no Measures whether the metric actually reflects the intended construct, through a multitrait-multimethod (MTMM) table and factor analysisMeasurement theory, therefore, provides statistical tools to assess the construct validity of a measure through its relation with other observable variables (e.g., other tests purported to reflect the same or different constructs).  The MTMM (multitrait-multimethod) table presents a way to scrutinize whether observed metric scores act in concert with theory on what they intend to measure, when two or more constructs are measured using two or more methods.  Factor Analysis examines Metric Factorial Validity (e.g., Thurstone, 1947) when the observed metric scores are assumed to measure a smaller number of unobserved factors. By establishing the Metric Factorial Validity through factor analysis, we could further develop more effective metrics by answering the following questions: • Fit indices: For confirmatory factor analysis, how well does the theorized factorial structure align with the observed data? • Factor scores: What is an NLG model’s factor score on a particular dimension? • Factor loadings: How much dNot applicable MetricEval is a theoretical framework to evaluate an evaluation metric, based on its reliability and validity. Construct validity measures whether the metric actually reflects the intended construct, through a multitrait-multimethod (MTMM) table and factor analysis4
Xiao Evaluating Evaluation Metrics: A Framework for Analyzing NLG Evaluation Metrics using Measurement Theory2023 d MetricEval: Validity - concurrent validitygeneral We address a fundamental challenge in Natural Language Generation (NLG) model evaluation—the design and evaluation of evaluation metrics. Recognizing the limitations of existing automatic metrics and noises from how current human evaluation was conducted, we propose METRICEVAL, a framework informed by measurement theory, the foundation of educational test design, for conceptualizing and evaluating the reliability and validity of NLG evaluation metrics.Concurrent validity of evaluation metricMetric Concurrent Validity fully automatic no Comparison of one evaluation metric to another reference criterion through correlation (Pearson)One can conclude that an automatic metric is a valid proxy if it has high concurrent validity using the expert evaluation results as the reference criterion. When both the target evaluation metric (X, e.g., a new automatic metric) and the reference criterion (Y, e.g., expert evaluation) are continuous, a straightforward way to quantify concurrent validity is via their Pearson correlationNot applicable MetricEval is a theoretical framework to evaluate an evaluation metric, based on its reliability and validity. Concurrent validity is evaluated by comparing a new metric to a gold standard.4
Xu INSTRUCTSCORE: Explainable text generation evaluaiton with fine-grained feedback2023 general "Although recent learned metrics show high correlation with human judgement, these metrics do not provide explicit explanation of their verdict, nor associate the scores with defects in the generated text. To address this limitation, we present INSTRUCTSCORE, a fine-grained explainable evaluation metric for text generation."quality of text "Our goal is to learn an explainable metric model that not only predicts the quality score of candidate text comparing to a reference but also generates a diagnostic report in natural language"LLM no GPT-4, LLaMa, references (human annotations)"By harnessingboth explicit human instruction and theimplicit knowledge of GPT-4, we fine-tune atext evaluation metric based on LLaMA, producingboth a score for generated text and ahuman readable diagnostic report.";"To this end, we first extract latent evaluationknowledge from an instruction-following model, such as GPT-4 (OpenAI, 2023), to construct a synthetic dataset with a predetermined explanation structure. Next, we determine a range of explanation failure modes and devise automated feedback to meta-evaluate error explanations. Finally, we further fine-tune INSTRUCTSCORE model on self-generated outputs that optimize feedback scores, resulting in diagnostic reports that are better aligned with humans."BLEU, ChrF, METEOR, CIDEr, BERTScore, BARTScore, PRISM, GEMBA-GPT4, SEScore2This paper presents a metric for automatic text generation evaluation without requiring human annotations. The score assesses the quality of a text regarding a reference. GPT-4 is prompted to synthesize data for designated generation errors.  LLaMa is trained on the synthetic data, learning to identify the error type, error location, severity label and the explanation. The quality score is determined based on the number of errors and their severity labels in the diagnostic report. 2
Yang GLUE-X: Evaluating Natural Language Understanding Models from an Out-of-Distribution Generalization Perspective2023 GLUE-X general Pre-trained language models (PLMs) are known to improve the generalization performance of natural language understanding models by leveraging large amounts of data during the pre-training phase. However, the out-of-distribution (OOD) generalization problem remains a challenge in many NLP tasks, limiting the real-world deployment of these methods.Robustness out-of-distribution (OOD) generalizationautomatic with human reference no GLUE-X benchmark with 15 datasets, evaluations on 8 NLP tasks (sentiment analysis, linguistic acceptability, textual similarity, natural language inference, question answering, textual entailment, paraphrase) used to measure the out-of-domain robustness of a model.As a benchmark styled after GLUE (Wang et al., 2019b), we consider eight tasks in GLUE-X: Sentiment Analysis (SST-2), Natural Language In- ference (MNLI, QNLI), Textual Entailment (RTE), Paraphrase (MRPC, QQP), Textual Similarity (STS- B) and Linguistic Acceptability (CoLA).  To construct the out-of- domain test, we adopt popular datasets extracted from different domains while keeping the same pre- diction labels as the original tasks in GLUE.  We first average metrics to get a score for those tasks with multiple metrics. Following GLUE and SuperGLUE, we then report the score of NLU mod- els by averaging the scores of all tasks as the OOD performance.Not applicable GLUE-X benchmark with 15 datasets, evaluations on 8 NLP tasks used to measure robustness of a model. It averages the score over metrics for each task and than averages the score over all tasks to give an overall score.2
Yu Measuring Robustness for NLP 2022 general Since the evaluation results highly depend on the test set, they may not apply to real-world test inputs that come from an unknown distribution. For example, one may query a legal document while the system is trained on the news. Therefore, it is necessary to define a measure that can give an idea of how robust system performance will be on unseen test data so that we can predict whether our model is generalizable to new domains.Robustness consistency in the behavior of a machine-learned systemfully automatic no Three robustness metrics to test the consistency of a modelUsing our definition of robustness (see Section 2), we create three different robustness metrics. The first metric (Algorithm 2) computes the variance for all the samples in the test pool. The second metric (Algorithm 3) scales variance by the mean of all samples. The third metric (Algorithm 4) computes the (ε, γ)-Robustness given a pre-defined parameter ε.Not applicable Measurement of the robustness of a system  by calculating the variance in NLP model accuracy (which can be measured through any metric) and scaling it by the mean accuracy2
Yuan BARTSCORE: Evaluating Generated Text as Text Generation2021 BARTScore general In this paper, we instead argue for a formulation of evaluation of generated text as a text generation problem, directly evaluating text through the lens of its probability of being generated from or generat- ing other textual inputs and outputs. This is a better match with the underlying pre-training tasks and allows us to more fully take advantage of the parameters learned during the pre-training phase.Quality quality of generated text LLM yes Weighted log probability of a generated text given a source text, with weights that can be based on different methods (e.g. IDF). BARTScore can be used to measure faithfulness, precision, recall and F-score. Two variants: BARTScore-Prompt that incorporates short phrases to the input or output to encourage performance of the specific task, and fine-tuning using generation-based tasks.The most general form of our proposed BARTSCORE is shown in Eq. 2, where we use the weighted log probability of one text y given another text x. The weights are used to put different emphasis on different tokens, which can be instantiated using different methods like Inverse Document Frequency (IDF) [25] etc.  Due to its generation task-based formulation and ability to utilize the entirety of BART’s pre-trained parameters, BARTSCORE can be flexibly used in different evaluation scenarios. We specifically present four methods for using BARTSCORE based on different generation directions, which are, • Faithfulness (s → h): from source document to hypothesis p(h|s, θ). This direction measures how likely it is that the hypothesis could be generated based on the source text. Potential application scenarios are factuality and relevance introduced in §2.2. This measure can also be used for estimating measures of the quality of only the target text, such as coherence and fluency (§2.2). • Precision (r → h): from refereCOMET, BLEURT, BLEU, ROUGE-1, ROUGE-2, ROUGE-L, CHRF, PRISM, MoverScore, BERTScore, FactCC, QAGS, Human evaluationBARTScore is an unsupervised metric based on the weighted log probability of a generated text given a source text, that can calculate faithfulness, precision, recall and F-score.1
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 a Onsite star scoring general As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnesshuman no Human annotators (on-site) are instructed to give 1 to 3 stars to each response on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)For the onsite annotators, they are instructed to evaluate the answers for each question based on five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness) with one to three stars.Crowd-sourcing pairwise comparison, public pairwise comparison, GPT-4 star scoring, GPT-4 pairwise comparisonHuman annotators (on-site) are instructed to give 1 to 3 stars to each response on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)2
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 b Crowd-sourcing pairwise comparisongeneral As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnesshuman no Crowd-sourced annotators choose a better response out of two presented LLM-generated responses (or say they are equally good) based on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)For crowd- sourcing annotators, we pair the responses from LLMs for the same question in a pairwise manner. These pairs are randomly presented side by side to the annotators. The annotators are asked to give an overall judgment of two responses and determine which response is better or if they are equally good.Onsite star scoring, public pairwise comparison, GPT-4 star scoring, GPT-4 pairwise comparisonCrowd-sourced annotators choose a better response out of two presented LLM-generated responses (or say they are equally good) based on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)2
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 c Public pairwise comparison general As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnesshuman no Annotators from the general public choose a better response out of two presented LLM-generated responses (or say they are equally good) based on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)In the public pairwise comparison evaluation, we employ a method similar to crowd-sourcing, with the difference being that annotators are replaced by the general public.Onsite star scoring, crowd-sourcing pairwise comparison, GPT-4 star scoring, GPT-4 pairwise comparisonAnnotators from the general public choose a better response out of two presented LLM-generated responses (or say they are equally good) based on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)2
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 d GPT-4 star scoring general As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnessLLM yes GPT-4 is instructed to give 1 to 3 stars to each response on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)To compare manual evaluation with GPT-4 automated evaluation, we utilize the criteria used (accuracy, fluency, informativeness, logical coherence, harmlessness) in onsite star scoring and the response of an LLM as inputs and conduct evaluations using the GPT-4 API.Onsite star scoring, crowd-sourcing pairwise comparison, public pairwise comparison, GPT-4 pairwise comparisonGPT-4 is instructed to give 1 to 3 stars to each response on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)2
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 e GPT-4 pairwise comparison general As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnessLLM yes GPT-4 chooses a better response out of two presented LLM-generated responses (or says they are equally good) based on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)Similarly, we conduct evaluations using the GPT-4 API for the pairwise comparison annotation.Onsite star scoring, crowd-sourcing pairwise comparison, public pairwise comparison, GPT-4 star scoringGPT-4 chooses a better response out of two presented LLM-generated responses (or says they are equally good) based on each of the five criteria (accuracy, fluency, informativeness, logical coherence, harmlessness)2
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 f Points scoring system general As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnessfully automatic no After all pairwise comparisons are done, the points scoring system can be used to rank the systems, it updates the points for each system after each comparison by adding 1 point for a 'win', 0.5 points for a 'draw' and 0 points for a 'loss'.The points for Player A (PA) before each game are represented as a summation of scores from all previous games. After each game, the points are updated using the formula: PA′=PA+SA Here, P ′ denotes the updated points for Player A, and PA stands for Player A's points before the game. The scoring for Player A (SA) from each game is represented as: SA = 1 if Player A wins SA = 0.5 if the game is a draw SA = 0 if Player A losesElo rating system After all pairwise comparisons are done, the points scoring system can be used to rank the systems, it updates the points for each system after each comparison by adding 1 point for a 'win', 0.5 points for a 'draw' and 0 points for a 'loss'.2
Zhang LLMEval: A Preliminary Study on How to Evaluate Large Language Models2024 g Elo rating system general As for the third question, which is about what standards to use, the types of evaluators, how to score, and how to rank, there hasn’t been much discussion. In this paper, we analyze evaluation methods by comparing various criteria with both manual and automatic evaluation, utilizing onsite, crowd-sourcing, public annotators and GPT- 4, with different scoring methods and ranking systems.Accuracy/fluency/informativeness/logical coherence/harmlessnesfive rating criteria, accuracy, fluency, informativeness, logical coherence, and harmlessnessfully automatic no After all pairwise comparisons are done, the elo rating system can be used to rank the systems; it consists of two equations in which the first one predicts the expected winning probability for a system based on the current ratings for the two 'competing' systems, and the second calculates the updated rating for a system based on its current rating, the result of the game and a weighting factor.The Elo rating system, initially devised for chess, is a method for quantifying the relative skill levels in player vs. player games. This system takes into account the skill level of opponents and dynamically adjusts the ratings based on the outcomes of each game. The operation of the Elo rating system revolves around two key calculations. The first one predicts the expected score or winning probability for a player. After the game concludes, player A’s Elo rating gets updated using the following formula: RA′ =RA+K·(SA−EA) (4) Here, RA′ signifies the updated Elo rating for player A, RA denotes player A’s prior Elo rating, K is a constant factor typically ranging from 10 to 40, which signifies the weight of the game, and SA represents the actual game result for player A (1 for a win, 0.5 for a draw, and 0 for a loss).Points scoring systemAfter all pairwise comparisons are done, the elo rating system can be used to rank the systems; it consists of two equations in which the first one predicts the expected winning probability for a system based on the current ratings for the two 'competing' systems, and the second calculates the updated rating for a system based on its current rating, the result of the game and a weighting factor.2
Zhao Moverscore: Text generation evaluating with contextualized embeddings and earth mover distance2019 MoverScore general A desirable metric compares system output against references based on their semantics rather than surface forms. In this paper we investigate strategies to encode system and reference texts to devise a metric that shows a high correlation with human judgment of text quality.Semantic similarity Not reported LLM yes MoverScore is a combination of contextualized representations of words or sentences in a generated and reference text (based on embeddings from Word2Vec, BERT, or ELMo) and calculating the semantic difference between them (e.g. based on WMD).MoverScore, built upon a combination of (i) contextualized repre- sentations of system and reference texts and (ii) a distance between these representations measur- ing the semantic distance between system outputs and references.  Word Mover’s Distance (WMD) (Kusner et al., 2015), a special case of Earth Mover’s Dis- tance (Rubner et al., 2000), measures semantic distance between texts by aligning semantically similar words and finding the amount of flow trav- eling between these words. In practice, we compute the Euclidean dis- tance between the embedding representations of n-grams  Usually, static word embeddings like word2vec are used to com- pute E but these cannot capture word order or compositionality. Alternatively, we investigate contextualized embeddings like ELMo and BERT because they encode information about the whole sentence into each word vector.METEOR, RUSE, BERTScore-F1Metric that calculates the semantic distance (e.g. Word Mover's Distance) between contextualized representations (based on word embeddings like word2vec, ELMo and BERT) of a generated text and a reference text.1
Abdallah Multi-domain evaluation framework for named entity recognition tools2017 information extraction "we survey and evaluate the robustness of state-of-the-art NLP tools developed for Named Entity Recognition across a wide range of domains"; we have developed a standardised framework for evaluating the performance of the tools which are applied onto corpora with different types of text across various domains. The framework is expandable and flexible to accommodate new tools as well as corpora with non-standardised annotation schemas. The performance of the tools has been analysed according to many criteria with different evaluation dimensions"robustness NER tools "we survey and evaluate the robustness of state-of-the-art NLP tools developed for Named Entity Recognition across a wide range of domains"automatic with human reference no Authors developed an extensivle and flexible framework where different NER tools and corpora can be integrated. "The framework provides a standardised methodology for integrating both NLP tools and corpora. The framework is flexible and can be extended in two directions. The first one concerns the tools to be integrated into the framework, while the other direction concerns the corpora applied for evaluation."; No comparison is taking place on the robustness methods. Different validation statistics are used: precision, recall, F-measure, micro-averaging, Nemenyi test.An evaluation framework that can evaluate different named entity extractors using various corpora. The following evaluation criteria are used: precision, recall, F-measure, and micro-averaging. Tools can be compared collectively with the Nemenyi test to demonstrate the variance of rank among domains.2
Alamoodi A Novel Evaluation Framework for Medical LLMs: Combining Fuzzy Logic and MCDM for Medical Relation and Clinical Concept Extraction2024 criteria importance information extraction this study contributes to the body of knowledge in the assessment and medical domains of LLMs by developing an MCDM-based assessment approach for medical LLMs based on training them on synthetic data and using different datasets and ML matricesThis study proposed an MCDM approach thatemploys innovative weighting and ranking methods to evaluate the effectiveness of LLMs in medical applications such as biomedical relation extraction and question answering.p, q − QROFS − FWZIC (“p, q-quasirung orthopair Fuzzy-Weighted Zero-InConsistency”); a novel MCDM approach for evaluating the significance levels of LLM’s evaluation criteria based on clinical concept extraction and medical relation extraction.fully automatic Also expert rating of importance of criteriap, q-QROFS with Fuzzy-weighted zero-inconsistence (FWZIC)the following step takes the q-QROFS to transfer the crisp values (numerical values) into their fuzzy number, represented in Table 1. The next step includes having each expert’s mean preference computed using Eqs. (4) and (6) to generate the fuzzy weight. After that, the defuzzification process is established, resulting in both crisp weights normalized into the final weight,None 1. Calculate weights of criteria (e.g., accuracy) derived from expert ratings using p, q-QROFS with Fuzzy-weighted zero-inconsistence (FWZIC) 2. Rank LLMs using Multi-Attributive Ideal-Real Comparative Analysis (MAIRCA) LLM with the smallest deviation fro ideal solution is considered the best choice. 2

Baumgartner An open-source framework for large-scale, flexible evaluation of biomedical text mining systems2008 information extraction "Conducting better evaluations, then, requires complex comparisons involving many alternative combinations of software and data."accuracy of annotations named entity recognizer"An example CAS consumer, particularly relevant to this paper, would be an evaluation platform that compares annotations added to the CAS by an upstream named entity recognizer analysis engine to a set of predefined gold standard annotations."automatic with human reference no evaluation platform, recall, F1, precision, annotations"The evaluation component, which exists as a CAS consumer, computes the precision, recall, and F measure for each upstream analysis engine by comparing the results to those pre-defined in the evaluation corpora"all other methods The evaluation platform provides a wrapper for different biomedical information extraction tools. In this platform, both the document text and annotations can be stored. The evaluation platform compares annotations added by a named entity recognizer to a set of predefined gold standard annotations. The evaluation consists of precision, recall, and F-measure compared to pre-defined result in the evaluation corpora. 2
Bronzi Automatic evaluation of relation extraction systems on large-scale2012 a precision information extraction "A major challenge for the advancement of this research field has been the lack of meaningful evaluation frame works based on realistic-sized corpora. In this paper we propose a framework for large-scale evaluation of relation extraction systems based on an automatic annotator that uses a public online database and a large web corpus."true precision and recall"In this paper we discuss an automatic method to estimate true precision and recall of open RE systems."automatic with human reference no precision, database, web (as a large external text corpus)"We now describe how our method measures both true precision and true recall, using a database and the web (as a large external text corpus)"true recall This method is focussed on the extraction of relations between entities. Precision is measured by how many of the facts produced by the system have been correctly extracted. A fact is said to be correct if we can find the fact in the database or we can detect a statistically significant association between the two entities and their relation on the web. 2
Bronzi Automatic evaluation of relation extraction systems on large-scale2012 b recall information extraction "A major challenge for the advancement of this research field has been the lack of meaningful evaluation frame works based on realistic-sized corpora. In this paper we propose a framework for large-scale evaluation of relation extraction systems based on an automatic annotator that uses a public online database and a large web corpus."true precision and recall"In this paper we discuss an automatic method to estimate true precision and recall of open RE systems."automatic with human reference no recall, database, web (as a large external text corpus)"We now describe how our method measures both true precision and true recall, using a database and the web (as a large external text corpus)"true precision This method is focussed on the extraction of relations between entities. For recall, the size of the ground trugh is estimated. A fact is said to be correct if we can find the fact in the database or we can detect a statistically significant association between the two entities and their relation on the web. 2



Canales Assessing the performance of clinical natural language processing systems: Development of en evaluation methodology2021 information extraction "However, carrying out robust evaluations of those cNLP systems is a complex task that is hindered by a lack of standard guidance on how to systematically approach them."not reported not reported other combination human and automaticno Framework consisting of five phases of NLP evaluation: 1) definition of the target population, 2) statistical document collection, 3) design of the annotaiton guidelines and annotation project, 4) external annotations and gold standard creation, and 5) cNLP system performance evaluation."Our evaluation methodology is a set of methods and principles used to perform a cNLP system evaluation, which extends from the establishment of the reference standard to the measurement and presentation of the evaluation metrics. It consists of five phases : (1) definition of the target population, (2) statistical document collection, (3) design of the annotation guidelines and annotation project, (4) external annotations and gold standard creation, and (5) cNLP system performance evaluation (Figure 1)."None Framework consisting of five phases of NLP evaluation: 1) definition of the target population, 2) statistical document collection, 3) design of the annotaiton guidelines and annotation project, 4) external annotations and gold standard creation, and 5) cNLP system performance evaluation.2
Crystal A methodology for extrinsically evaluating informatione extraction performance2005 information extraction 3
Derczynski Complementarity, F-score, and NLP evaluation 2016 a precision information extraction "When two approaches to an NLP problem achieve similar F-scores, they are not necessarily successful at the same kind of thing. This paper attempts to address this lack of detail, describing some of its impacts and putting forward an evaluation measure to be used alongside F-score that alleviates some of these problems."entity extraction accuracynot reported automatic with human reference no complementarity precision "Precision describes the proportion of en tities – e.g. mentions of people, events, or any given target phenomenon – which a system returns that are correct."all other metrics Complementarity recall is the proportion of interesting positive items missed by A that are not missed by B. It describes the error reduction in false negatives that B offers over A.1
Derczynski Complementarity, F-score, and NLP evaluation 2016 b recall information extraction "When two approaches to an NLP problem achieve similar F-scores, they are not necessarily successful at the same kind of thing. This paper attempts to address this lack of detail, describing some of its impacts and putting forward an evaluation measure to be used alongside F-score that alleviates some of these problems."entity extraction accuracynot reported automatic with human reference no complementarity recall "Recalldescribes the proportion of all entities that potentiallyshould be found, that a given system actually returns."; "Complementary recall RComp is the proportion of interesting (i.e. positive) items missed by A that are not missed by B. It describes the error reduction in false negatives that B offers over A."all other metrics Complementarity precision is the proportion of uninteresting (negative) items included in A that are not included by B. It describes the error reduction in false positives that B offers over A. 1
Derczynski Complementarity, F-score, and NLP evaluation 2016 c F-score information extraction "When two approaches to an NLP problem achieve similar F-scores, they are not necessarily successful at the same kind of thing. This paper attempts to address this lack of detail, describing some of its impacts and putting forward an evaluation measure to be used alongside F-score that alleviates some of these problems."entity extraction accuracynot reported automatic with human reference no complementarity F-score "Therefore, it is common practice to combine precision and recall with a weighted harmonic mean, as an Fscore (Van Rijsbergen, 1974)."all other metrics Complementarity F-score describes the overall improvement over A that is possible with B. 1
Esuli Evaluating information extraction 2010 a segmentation F-score information extraction "The issue of how to measure the effectiveness of information extraction (IE) systems has received little attention, and hardly any definitive answer, in the literature."not reported not reported automatic with human reference no F1 metric/segmentation F-score, human annotation of IE"In the IE incarnation of F1, the symbols TP, FP, and stand for the numbers FN of true positives, false positives, and false negatives, resulting from a standard binary contingency table computed on the true and predicted “segments”, where a segment is taken to be correctly recognized only when its boundaries have been exactly identified"token and separator F1 (segmentation) F-score calculated the harmonic mean of precision and recall, where the TP, FP, and FN are the true and predicted segments. The boundaries of the segments have to be exactly identified. Different predicted annotations are compared to different contingency tables (cardinality of the set of events depends on the prediction).1
Esuli Evaluating information extraction 2010 b token and seperator F-score information extraction "The issue of how to measure the effectiveness of information extraction (IE) systems has received little attention, and hardly any definitive answer, in the literature."not reported not reported automatic with human reference no F1 metric/token and separator F-score, human annotation of IE of events as tokens and separators (spaces)"By moving from a model of events as segments to a more granular model ofevents as tokens and separators, this model thus takes in the right account thedegree of overlap of true and predicted segments, and does so without resortingto numerical parameters that would require arbitrary decisions for their setting"; "Given the fact that we advocate using (a) the set of tokens and separators as the set of events, (b) as the evaluation function, and (c) macroaveraging F1 as the method for averaging results across tags, we will henceforth refer to our proposed model as the token & separator FM model (or TS- FM model ).  1"segmentation F1 Token and separator F-score is more granular than segmentation F-score, where TP, FP, FN events are modelles as tokens and separators (spaces) and not entire segments. By taking separators into account, it correctly distinguishes the case of consecutive but separate segments, from the case of a single long segment. Different predicted annotations are compared with reference to the same contingency table. Macroaveraging can be applied to average results across tags. 1
Feilmayr EVALIEX - A proposal for an extended evaluation methodology for information extractions sytems2012 a precision information extraction "Existing IE evaluation tools lack transparency and flexibility in scoring and provide insufficient support in performing the evaluation. The main contribution of our research work is twofold: (i) Based on longtime research and practical experience in IE, we identified concepts missing in traditional measures and devised an extended evaluation methodology that provides the flexibility and effectiveness needed for comprehensive performance measurement."correctness of extracted data"Assessing the correctness of extracted data requires evaluating the performance of an IE system, which is accomplished by calculating quality metrics."automatic with human reference no modified precision "Established criteria for performance evaluation are precision(P), (i.e., the number of slots filled correctly (C) divided bythe number of fills attempted (M)) and recall (R) (i.e., thenumber of slots filled correctly divided by the number ofpossible correct fills (N) according to manual extraction). Precision (cf. 1) deals with substitution (S) and insertion (I)errors, while recall (cf. 2) deals with substitution anddeletion (D) errors."; "The definitions of the performance measures described in Section 2 were modified by multiplying each type of error with an individual weight (wI, wD, and wS)."all other metrics Precision is the number of slots filled correctly divided by the number of fills attempted. Insertion, deletion, and substitution can all be modified by multiplying each type of error with an individual weight.  Positive scoring is equivalent to subtracting weight from the error type. Negative scoring is equivalent to adding weight to the error type. If an error type is not weighted, the weight is set to 1. 2
Feilmayr EVALIEX - A proposal for an extended evaluation methodology for information extractions sytems2012 b recall information extraction "Existing IE evaluation tools lack transparency and flexibility in scoring and provide insufficient support in performing the evaluation. The main contribution of our research work is twofold: (i) Based on longtime research and practical experience in IE, we identified concepts missing in traditional measures and devised an extended evaluation methodology that provides the flexibility and effectiveness needed for comprehensive performance measurement."correctness of extracted data"Assessing the correctness of extracted data requires evaluating the performance of an IE system, which is accomplished by calculating quality metrics."automatic with human reference no modified recall "Established criteria for performance evaluation are precision(P), (i.e., the number of slots filled correctly (C) divided bythe number of fills attempted (M)) and recall (R) (i.e., thenumber of slots filled correctly divided by the number ofpossible correct fills (N) according to manual extraction). Precision (cf. 1) deals with substitution (S) and insertion (I)errors, while recall (cf. 2) deals with substitution anddeletion (D) errors."; "The definitions of the performance measures described in Section 2 were modified by multiplying each type of error with an individual weight (wI, wD, and wS)."all other metrics Recall is the number of slots filled correctly divided by the number of possible correct fills. Insertion, deletion, and substitution can all be modified by multiplying each type of error with an individual weight.  Positive scoring is equivalent to subtracting weight from the error type. Negative scoring is equivalent to adding weight to the error type. If an error type is not weighted, the weight is set to 1. 2
Feilmayr EVALIEX - A proposal for an extended evaluation methodology for information extractions sytems2012 c F-score information extraction "Existing IE evaluation tools lack transparency and flexibility in scoring and provide insufficient support in performing the evaluation. The main contribution of our research work is twofold: (i) Based on longtime research and practical experience in IE, we identified concepts missing in traditional measures and devised an extended evaluation methodology that provides the flexibility and effectiveness needed for comprehensive performance measurement."correctness of extracted data"Assessing the correctness of extracted data requires evaluating the performance of an IE system, which is accomplished by calculating quality metrics."automatic with human reference no modified F-score "The F-measure (F) considers all threetypes of errors and is defined as the weighted harmonicmean of precision and recall (cf. 3)."; "The definitions of the performance measures described in Section 2 were modified by multiplying each type of error with an individual weight (wI, wD, and wS)."all other metrics The F-measure considers substitution, insertion, and deletion errors and is defined as the weighted harmonic means of precision and recall. Insertion, deletion, and substitution can all be modified by multiplying each type of error with an individual weight.  Positive scoring is equivalent to subtracting weight from the error type. Negative scoring is equivalent to adding weight to the error type. If an error type is not weighted, the weight is set to 1. 2
Feilmayr EVALIEX - A proposal for an extended evaluation methodology for information extractions sytems2012 d error measure information extraction "Existing IE evaluation tools lack transparency and flexibility in scoring and provide insufficient support in performing the evaluation. The main contribution of our research work is twofold: (i) Based on longtime research and practical experience in IE, we identified concepts missing in traditional measures and devised an extended evaluation methodology that provides the flexibility and effectiveness needed for comprehensive performance measurement."correctness of extracted data"Assessing the correctness of extracted data requires evaluating the performance of an IE system, which is accomplished by calculating quality metrics."automatic with human reference no modified error measure "The error measure E corresponds to the F-measure"; "The definitions of the performance measures described in Section 2 were modified by multiplying each type of error with an individual weight (wI, wD, and wS)."all other metrics The error measure is defined as 1-F. Insertion, deletion, and substitution can all be modified by multiplying each type of error with an individual weight.  Positive scoring is equivalent to subtracting weight from the error type. Negative scoring is equivalent to adding weight to the error type. If an error type is not weighted, the weight is set to 1. 2
Feilmayr EVALIEX - A proposal for an extended evaluation methodology for information extractions sytems2012 e error rate information extraction "Existing IE evaluation tools lack transparency and flexibility in scoring and provide insufficient support in performing the evaluation. The main contribution of our research work is twofold: (i) Based on longtime research and practical experience in IE, we identified concepts missing in traditional measures and devised an extended evaluation methodology that provides the flexibility and effectiveness needed for comprehensive performance measurement."correctness of extracted data"Assessing the correctness of extracted data requires evaluating the performance of an IE system, which is accomplished by calculating quality metrics."automatic with human reference no modified error rate "Also of interest is the accuracy of a system, which isexpressed by the error rate ERR (cf. 5). The primarylimitation of the F-measure is that it implicitly discounts theoverall error rate, which makes a system appear to performbetter than it actually does. In other words, no matter whatweight is chosen for α (for combining P and R), thesubtraction of weight from D and I relative to S isguaranteed. ERR removes the subtraction of weight from Dand I by simply removing the α weights in (4) (Chinor &Dungca, 1995) (Makhoul et al., 1999)."; "The definitions of the performance measures described in Section 2 were modified by multiplying each type of error with an individual weight (wI, wD, and wS)."all other metrics The error rate is defined as an F-measure without the alpha weights. Insertion, deletion, and substitution can all be modified by multiplying each type of error with an individual weight.  Positive scoring is equivalent to subtracting weight from the error type. Negative scoring is equivalent to adding weight to the error type. If an error type is not weighted, the weight is set to 1. 2
Feilmayr EVALIEX - A proposal for an extended evaluation methodology for information extractions sytems2012 f slot rate information extraction "Existing IE evaluation tools lack transparency and flexibility in scoring and provide insufficient support in performing the evaluation. The main contribution of our research work is twofold: (i) Based on longtime research and practical experience in IE, we identified concepts missing in traditional measures and devised an extended evaluation methodology that provides the flexibility and effectiveness needed for comprehensive performance measurement."correctness of extracted data"Assessing the correctness of extracted data requires evaluating the performance of an IE system, which is accomplished by calculating quality metrics."automatic with human reference no modified slot rate "The Slot Error Rate (SER, cf. 6) is the ratio of the totalnumber of slot errors divided by the total number of slots inthe reference, which is fixed for a given test."; "The definitions of the performance measures described in Section 2 were modified by multiplying each type of error with an individual weight (wI, wD, and wS)."all other metrics The slot error rate is the ratio of total number of slot errors divided by the total number of slots in the reference. Insertion, deletion, and substitution can all be modified by multiplying each type of error with an individual weight.  Positive scoring is equivalent to subtracting weight from the error type. Negative scoring is equivalent to adding weight to the error type. If an error type is not weighted, the weight is set to 1. 2
Fu Interpretable multi-dataset evaluation for named entity recognition2020 a standard F1-score information extraction "Simply looking at differences between holistic metrics such as accuracy, BLEU, or F1 does not tell us why or how particular methods perform differently and how diverse datasets influence the model design choices. In this paper, we present a general methodology for interpretable evaluation for the named entity recognition (NER) task."accuracy "This proliferation of methods poses a great challenge for the current evaluation methodology, which usually is based on comparing systems on a single holistic score assessing accuracy (usually entity F1-score)"automatic with human reference no F-score, human annotations of named entities"Thecommon evaluation metric for NER systems (Sangand De Meulder, 2003) is to compute a corpuslevelmetric using micro-averaged F1 score"all other metrics F1-score is the common evaluation metric for NER systems. It computes a corpus-level metric using micro-averaged F1 score, combing the percentage of named entities output by learning system that are correct and the percentage of gold entities identified by the system. A named entity is correct only if it is is an exact match of an annotated entity. 2
Fu Interpretable multi-dataset evaluation for named entity recognition2020 b attribute-aided evaluation information extraction "Simply looking at differences between holistic metrics such as accuracy, BLEU, or F1 does not tell us why or how particular methods perform differently and how diverse datasets influence the model design choices. In this paper, we present a general methodology for interpretable evaluation for the named entity recognition (NER) task."accuracy "This proliferation of methods poses a great challenge for the current evaluation methodology, which usually is based on comparing systems on a single holistic score assessing accuracy (usually entity F1-score)"automatic with human reference no attribute-aided evaluation "Specifically, it leverages the notion of “attributes”, values which characterize the properties of an entity that may be correlated with the NER performance (e.g. entity length in words). Afterward, we partition test entities into a set of buckets based on the entity’s attributes, where entities in different buckets may have different performance scores on average (e.g. entities with more words may be predicted less accurately)."all other metrics In attribute-aided evaluation, diverse attributes are defined for each entity (e.g., entity length in words). The entities are partitioned into different buckets based on their attributes and performance is calculated for each bucket. Examples of local attributes are: entity length, sentence length, OOV density, entity density. Examples of aggregate attributes are: label consistency of token, token frequency, label consistency of entity, entity frequency.2
Gashteovski BenchIE: A framework for multi-faceted fact-based open information extraction evaluation2022 a precision information extraction "the ground truth extractions do not include all ac ceptable variants of the same fact, leading to unreliable assessment of the models’ perfor mance. Moreover, the existing OIE bench marks are available for English only. In this work, we introduce BenchIE: a benchmark and evaluation framework for comprehensive evaluation of OIE systems for English, Chi nese, and German."intrinsic correctness of the extracted facts"While valuable in concrete applications, such extrinsic evaluations do not measure the intrinsic correctness of the extracted facts: for that purpose, several benchmarks for intrinsic OIE evaluation have been proposed"automatic with human reference no precision, benchmark with human annotations of all possible extraction for a given fact type"The number of true positives (TPs) is the number of fact synsets (i.e., different facts) covered by (at least one of the) system extractions. This way, a system that extracts different triples of the same fact, will N be rewarded only once for the correct extraction of the fact. BenchIE’s false negatives (FNs) are then, intuitively, fact synsets not covered by any of the system extractions. Finally, each system extraction that does not exactly match any gold triple (from any synset) counts as a false positive (FP). We then compute Precision, Recall, and F1 score (as the final score) from TP, FP, and FN in standard fashion."all other metrics BenchIE is the first fact-centered approach to open information extraction evaluation. It provides a complete set of fact-equivalent extractions in the benchmark (synsets). It relies on exact matching of system extractions against the gold fact synsets. True positives is the number of fact synsets covered by (at least one of) the system extractions. False negatives are fact synsets not covered by any of the system extractions. False positives are system extraction not exactly matchin any fact synset. 1
Gashteovski BenchIE: A framework for multi-faceted fact-based open information extraction evaluation2022 b recall information extraction "the ground truth extractions do not include all ac ceptable variants of the same fact, leading to unreliable assessment of the models’ perfor mance. Moreover, the existing OIE bench marks are available for English only. In this work, we introduce BenchIE: a benchmark and evaluation framework for comprehensive evaluation of OIE systems for English, Chi nese, and German."intrinsic correctness of the extracted facts"While valuable in concrete applications, such extrinsic evaluations do not measure the intrinsic correctness of the extracted facts: for that purpose, several benchmarks for intrinsic OIE evaluation have been proposed"automatic with human reference no recall, benchmark with human annotations of all possible extraction for a given fact type"The number of true positives (TPs) is the number of fact synsets (i.e., different facts) covered by (at least one of the) system extractions. This way, a system that extracts different triples of the same fact, will N be rewarded only once for the correct extraction of the fact. BenchIE’s false negatives (FNs) are then, intuitively, fact synsets not covered by any of the system extractions. Finally, each system extraction that does not exactly match any gold triple (from any synset) counts as a false positive (FP). We then compute Precision, Recall, and F1 score (as the final score) from TP, FP, and FN in standard fashion."all other metrics BenchIE is the first fact-centered approach to open information extraction evaluation. It provides a complete set of fact-equivalent extractions in the benchmark (synsets). It relies on exact matching of system extractions against the gold fact synsets. True positives is the number of fact synsets covered by (at least one of) the system extractions. False negatives are fact synsets not covered by any of the system extractions. False positives are system extraction not exactly matchin any fact synset. 1

Gashteovski BenchIE: A framework for multi-faceted fact-based open information extraction evaluation2022 c F1-score information extraction "the ground truth extractions do not include all ac ceptable variants of the same fact, leading to unreliable assessment of the models’ perfor mance. Moreover, the existing OIE bench marks are available for English only. In this work, we introduce BenchIE: a benchmark and evaluation framework for comprehensive evaluation of OIE systems for English, Chi nese, and German."intrinsic correctness of the extracted facts"While valuable in concrete applications, such extrinsic evaluations do not measure the intrinsic correctness of the extracted facts: for that purpose, several benchmarks for intrinsic OIE evaluation have been proposed"automatic with human reference no F1-score, benchmark with human annotations of all possible extraction for a given fact type"The number of true positives (TPs) is the number of fact synsets (i.e., different facts) covered by (at least one of the) system extractions. This way, a system that extracts different triples of the same fact, will N be rewarded only once for the correct extraction of the fact. BenchIE’s false negatives (FNs) are then, intuitively, fact synsets not covered by any of the system extractions. Finally, each system extraction that does not exactly match any gold triple (from any synset) counts as a false positive (FP). We then compute Precision, Recall, and F1 score (as the final score) from TP, FP, and FN in standard fashion."all other metrics BenchIE is the first fact-centered approach to open information extraction evaluation. It provides a complete set of fact-equivalent extractions in the benchmark (synsets). It relies on exact matching of system extractions against the gold fact synsets. True positives is the number of fact synsets covered by (at least one of) the system extractions. False negatives are fact synsets not covered by any of the system extractions. False positives are system extraction not exactly matchin any fact synset. 1
Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 a NER F1 information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no NER F1, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance thewidely-used DocRED dataset [36] (already labeled with entities,coreferences, and relations) by annotating each entitywith entity-linking. Since DocRED documents are taken fromWikipedia articles, we propose to use Wikipedia hyperlinksto generate entity-linking annotations."; "The NER is the only module working with entity mentions. Similarly to previous works (e.g., Zhong and Chen [41]), we consider a predicted mention to be correct if its boundaries and type are the same as the ones of a ground truth mention. We use the micro aggregation for entity types to compute the F1 score11."None A dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. A predicted mention is considered to be correct if its boundaries and type are the same as the ones of a ground truth mention. Micro aggregation is used for entity types to compute the F1 score.1

Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 b Coref B3 information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Coref B3, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance thewidely-used DocRED dataset [36] (already labeled with entities,coreferences, and relations) by annotating each entitywith entity-linking. Since DocRED documents are taken fromWikipedia articles, we propose to use Wikipedia hyperlinksto generate entity-linking annotations."; "To evaluate coreferences, we use the B3 metric [1], which is used to evaluate clustering. This metric, among others, is recommended to evaluate coreference resolution models [27, 24, 37]."None A dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. The B3 metric is used, which is used to evaluate clustering.1
Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 c Entity F1 information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Entity F1, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance thewidely-used DocRED dataset [36] (already labeled with entities,coreferences, and relations) by annotating each entitywith entity-linking. Since DocRED documents are taken fromWikipedia articles, we propose to use Wikipedia hyperlinksto generate entity-linking annotations."; "To provide a global metric to evaluate the extraction of entities (taking into account NER and coreferences), we recommend using the soft entity-level metric proposed by Zaporojets et al. [37]."None A dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. A soft-entity level metric is proposed to provide a global metric to evaluate the extraction of entities. 1

Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 d Relation F1 information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Relation F1, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance thewidely-used DocRED dataset [36] (already labeled with entities,coreferences, and relations) by annotating each entitywith entity-linking. Since DocRED documents are taken fromWikipedia articles, we propose to use Wikipedia hyperlinksto generate entity-linking annotations."; "Relation F1 score, which tackles this problem. In a nutshell, it compares the relations at a mention level, checking that both predicted mentions correspond to gold entities and that there is a relation between them. Then it aggregates the results at the entity level."None A dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. Soft entity-level relation F1 score is proposed to compare the relations at a mention level.1
Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 e Entity-linking Hit@1 information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Entity linking, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance the widely-used DocRED dataset [36] (already labeled with entities, coreferences, and relations) by annotating each entity with entity-linking. Since DocRED documents are taken from Wikipedia articles, we propose to use Wikipedia hyperlinks to generate entity-linking annotations."; "We also continue the work of Zaporojets et al. [37] by establishinga clear and coherent set of entity-centric metrics toevaluate the performance of an IE pipeline. In particular, wedene an entity-centric metric to assess entity-linking"other entity-linking metricsA dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. An entity-centric metric is provided to assess entity-linking. Hit@1 is the proportion of entities where the correct resource is the first candidate returned by the entity-linker. 3
Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 f Entity-linking Hit@5 information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Entity linking, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance the widely-used DocRED dataset [36] (already labeled with entities, coreferences, and relations) by annotating each entity with entity-linking. Since DocRED documents are taken from Wikipedia articles, we propose to use Wikipedia hyperlinks to generate entity-linking annotations."; "We also continue the work of Zaporojets et al. [37] by establishinga clear and coherent set of entity-centric metrics toevaluate the performance of an IE pipeline. In particular, wedene an entity-centric metric to assess entity-linking"other entity-linking metricsA dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. An entity-centric metric is provided to assess entity-linking. Hit@5 is the proportion of entities where the correct resource is in the first five candidates returned by the entity-linker. 3
Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 g Entity-linking Not Found information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Entity linking, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance the widely-used DocRED dataset [36] (already labeled with entities, coreferences, and relations) by annotating each entity with entity-linking. Since DocRED documents are taken from Wikipedia articles, we propose to use Wikipedia hyperlinks to generate entity-linking annotations."; "We also continue the work of Zaporojets et al. [37] by establishinga clear and coherent set of entity-centric metrics toevaluate the performance of an IE pipeline. In particular, wedene an entity-centric metric to assess entity-linking"other entity-linking metricsA dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. An entity-centric metric is provided to assess entity-linking. Not found is the proportion of entities where the entity-linker does not find the correct resource.3
Genest Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction2023 h Entity-linking Mean Rank information extraction "On the one hand, most datasets focus on NER, Coref, and RE, ignoring the last entity-linking step [36, 5]. Nonetheless, entity-linking is one of the most important steps, if not the most important, as it transforms ambiguous extracted triples into structured and disambiguated nodes and relations."NA NA automatic with human reference no Entity linking, dataset providing annotations for entities, coreferences, relations, and entity-linking"Instead of creating a dataset from scratch, we enhance the widely-used DocRED dataset [36] (already labeled with entities, coreferences, and relations) by annotating each entity with entity-linking. Since DocRED documents are taken from Wikipedia articles, we propose to use Wikipedia hyperlinks to generate entity-linking annotations."; "We also continue the work of Zaporojets et al. [37] by establishinga clear and coherent set of entity-centric metrics toevaluate the performance of an IE pipeline. In particular, wedene an entity-centric metric to assess entity-linking"other entity-linking metricsA dataset to evaluate the entire information extraction pipeline, emphasizing the entity-linking step. An entity-centric metric is provided to assess entity-linking. For found entities only, Mean Rank is the average rank where the correct resource is found.3
Gharagozlou Semantic relation extraction: A review of approaches, datasets, and evaluation methods with looking at the methods and datasets in the Persian language2023 a supervised evaluation precision information extraction "This article presents a comprehensive review of relation extraction in English and an overview of relation extraction methods, datasets, and unique challenges in Persian."effectiveness of relation extraction"Relation extraction is a classification challenge in supervised techniques; therefore, measures in- cluding precision, recall, and F-measure are used to assess effectiveness"automatic with human reference no precision, annotated dataset"Relation extraction is a classification challenge in supervised techniques; therefore, measures in- cluding precision, recall, and F-measure are used to assess effectiveness"other supervised metricsPrecision is named as one of the supervised evaluation methods. 1
Gharagozlou Semantic relation extraction: A review of approaches, datasets, and evaluation methods with looking at the methods and datasets in the Persian language2023 b supervised evaluation recall information extraction "This article presents a comprehensive review of relation extraction in English and an overview of relation extraction methods, datasets, and unique challenges in Persian."effectiveness of relation extraction"Relation extraction is a classification challenge in supervised techniques; therefore, measures in- cluding precision, recall, and F-measure are used to assess effectiveness"automatic with human reference no recall, annotated dataset "Relation extraction is a classification challenge in supervised techniques; therefore, measures in- cluding precision, recall, and F-measure are used to assess effectiveness"other supervised metricsRecall is named as one of the supervised evaluation methods. 1
Gharagozlou Semantic relation extraction: A review of approaches, datasets, and evaluation methods with looking at the methods and datasets in the Persian language2023 c supervised evaluation F-measure information extraction "This article presents a comprehensive review of relation extraction in English and an overview of relation extraction methods, datasets, and unique challenges in Persian."effectiveness of relation extraction"Relation extraction is a classification challenge in supervised techniques; therefore, measures in- cluding precision, recall, and F-measure are used to assess effectiveness"automatic with human reference no F-measure, annotated dataset"Relation extraction is a classification challenge in supervised techniques; therefore, measures in- cluding precision, recall, and F-measure are used to assess effectiveness"other supervised metricsF1-score is named as one of the supervised evaluation methods. It is the harmonic average of the corresponding mean recall and precision values. It is commonly used in relation extraction evaluation.1
Gharagozlou Semantic relation extraction: A review of approaches, datasets, and evaluation methods with looking at the methods and datasets in the Persian language2023 d semi-supervised evaluation precisioninformation extraction "This article presents a comprehensive review of relation extraction in English and an overview of relation extraction methods, datasets, and unique challenges in Persian."not reported not reported automatic with human reference no precision, no labeled test data"Large volumes of data are often used to apply semi-supervised algorithms for relation extraction, frequently identifying several new pat- terns and associations. As a result, it is challenging to quantify precision and recall in part. The result is assumed to be typical of a small sample chosen at random, and any genuine relation- ships are carefully verified. The concept from Section 6.1 (Evaluation of Supervised Methods) is then utilized to produce the approximate precision estimate"none A small sample is chosen at random from a large volume of data. The extracted relationships are carefully verified. Precision can be calculated. Recall is challenging due to the enormous volume of data. 1
Gharagozlou Semantic relation extraction: A review of approaches, datasets, and evaluation methods with looking at the methods and datasets in the Persian language2023 f adjusted F-measure information extraction "This article presents a comprehensive review of relation extraction in English and an overview of relation extraction methods, datasets, and unique challenges in Persian."actual efficiency of relation extraction"Deußer et al. [ 2022 ] proposed an adjusted F1-score based on a weighting scheme as a new metric for performance measurement in the relation extraction task. The purpose of defining this new metric is to calculate the actual efficiency of relation extraction. In many cases, predictions ignore parts of non-numerical entities."automatic with human reference no adjusted F1-score, annotated dataset"Deußer et al. [ 2022 ] proposed an adjusted F1-score based on a weighting scheme as a new metric for performance measurement in the relation extraction task. The purpose of defining this new metric is to calculate the actual efficiency of relation extraction. In many cases, predictions ignore parts of non-numerical entities."other supervised metricsThe adjusted F1-score uses a weighting scheme. 1

Gharagozlou Semantic relation extraction: A review of approaches, datasets, and evaluation methods with looking at the methods and datasets in the Persian language2023 e unsupervised evaluation information extraction "This article presents a comprehensive review of relation extraction in English and an overview of relation extraction methods, datasets, and unique challenges in Persian."not reported not reported fully automatic no clustering, no labeled test data"The extracted can- didates are grouped in the relation clustering phase to gather close relationships. It is crucial to provide a better perspective of the actual relations among named entities. This stage makes use of both a clustering technique and a similarity metric. Therefore, clustering techniques and their evaluation are crucial for unsupervised information extraction methods"None Unsupervised evaluation makes use of clustering techniques to group the extracted candidates to gather close relationships. It makes use of both a clustering technique and a similarity metric.3
Henning A web-based collaborative evaluation tool for automatically learned relation extraction patterns2015 information extraction "Patterns extracted from dependency parses of sentences are a major source of knowledge for most state-of-the-art relation ex- traction systems, but can be of low quality in distantly supervised settings. We present a linguistic annotation tool that allows human experts to analyze and categorize automatically learned patterns, and to identify common error classes."quality of dependency patterns"We present a linguistic annotation tool for human expert-driven quality control of dependency patterns"human no human annotators, web interface to facilitate annotation (PatternJudge)"The annotation tab on the right-hand side collects the human expert’s feedback on the quality of the selected pattern. Currently available options include labeling the pattern as “CORRECT”, “CORRECT, BUT TOO SPECIFIC”, “INCORRECT” or “UNCERTAIN/DON’T KNOW”."none PatternJudge is a tool to facilitate manual evaluation of dependency patterns (dependency patterns are relations between two or more entities). The tool is focussed on assessing the correctness of a dependency pattern (correct, correct but too specific, incorrect, uncertain). 2
Ireson Evaluating machine learning for information retrieval 2005 a precision information extraction "In order to determine the appropriate ML techniques to use for IE from textual data it is necessary to perform comparative evaluations. However, to-date such evaluations have been hampered by under-defined experimental procedures. not reported not reported automatic with human reference no precision, human annotations"The performance of the systems was evaluated using the MUC scorer. Each system was evaluated on its ability to identify every occurrence of an annotation and only exact matches were scored. Performance is reported using standard Information Extraction (IE) measures of Precision, Recall and F-measure. The systems overall performance is calcualted by micro-averaging the performance on each of the eleven slots."the other metrics Precision is used to calcualte the information extraction accuracy. Micro-avering is used to calculate performance on each of the eleven slots. 2
Ireson Evaluating machine learning for information retrieval 2005 b recall information extraction "In order to determine the appropriate ML techniques to use for IE from textual data it is necessary to perform comparative evaluations. However, to-date such evaluations have been hampered by under-defined experimental procedures. not reported not reported automatic with human reference no recall, human annotations "The performance of the systems was evaluated using the MUC scorer. Each system was evaluated on its ability to identify every occurrence of an annotation and only exact matches were scored. Performance is reported using standard Information Extraction (IE) measures of Precision, Recall and F-measure. The systems overall performance is calcualted by micro-averaging the performance on each of the eleven slots."the other metrics Recall is used to calcualte the information extraction accuracy. Micro-avering is used to calculate performance on each of the eleven slots. 2
Ireson Evaluating machine learning for information retrieval 2005 c F-measure information extraction "In order to determine the appropriate ML techniques to use for IE from textual data it is necessary to perform comparative evaluations. However, to-date such evaluations have been hampered by under-defined experimental procedures. not reported not reported automatic with human reference no F-measure, human annotations"The performance of the systems was evaluated using the MUC scorer. Each system was evaluated on its ability to identify every occurrence of an annotation and only exact matches were scored. Performance is reported using standard Information Extraction (IE) measures of Precision, Recall and F-measure. The systems overall performance is calcualted by micro-averaging the performance on each of the eleven slots."the other metrics F-measure is used to calcualte the information extraction accuracy. Micro-avering is used to calculate performance on each of the eleven slots. 2
Jahan A comprehensive evaluation of large Language models on benchmark biomedical text processing tasks2024 a Task: relation extraction information extraction Recently, Large Language Models (LLMs) have demonstrated impressive capability to solve a wide range of tasks. However, despite their success across various tasks, no prior work has investigated their capability in the biomedical domain yet.Performance Performance of LLMs on benchmark biomedical taskshuman no Precision, recall and F1 scoreNot reported Not applicable Performance of LLMs on the biomedical task relation extraction, using the metrics precision, recall and F1 score2
Jahan A comprehensive evaluation of large Language models on benchmark biomedical text processing tasks2024 b Task: named entity recognition information extraction Recently, Large Language Models (LLMs) have demonstrated impressive capability to solve a wide range of tasks. However, despite their success across various tasks, no prior work has investigated their capability in the biomedical domain yet.Performance Performance of LLMs on benchmark biomedical tasksother both human and automaticno Precision, recall and F1 scoreNot reported Not applicable Performance of LLMs on the biomedical task named entity recognition, using the metrics precision, recall and F1 score2
Jahan A comprehensive evaluation of large Language models on benchmark biomedical text processing tasks2024 c Task: entity linking information extraction Recently, Large Language Models (LLMs) have demonstrated impressive capability to solve a wide range of tasks. However, despite their success across various tasks, no prior work has investigated their capability in the biomedical domain yet.Performance Performance of LLMs on benchmark biomedical tasksother both human and automaticno Recall Not reported Not applicable Performance of LLMs on the biomedical task entity linking, using the metric recall2
Jain A quality-aware optimizer for information extraction 2009 information extraction "So far, estimating the output quality of an information extraction task has been an ad hoc procedure, based mainly on heuristics. In this article, we show how to use Receiver Operating Characteristic (ROC) curves to estimate the extraction quality in a statistically robust way and show how to use ROC analysis to select the extraction parameters in a principled manner."behavior of a stand-alone information extraction system"We begin our discussion by showing how to characterize, in a statistically robust way, the behavior of a stand-alone information extraction system."automatic with human reference no ROC curve, annotated data "Given that ROC curves are more robust than precision-recall curves, it wouldbe natural to use ROC curves for characterizing the performance and trade-offsof different extraction systems"; "We define the set of good and bad tuples as the set of tuples extracted by anextraction system across all possible configurations of the extraction system"; "The first step is to use a test set of documents Dt ,and a set of “gold standard” tuples Tgold that are correct and comprehensive (e.g.,extracted by manually inspecting the documents in Dt ). Then, to construct theROC curve for an extraction system E,we begin with identifying the maximumsensitivitysetting of θ: This is the value(s) of θ at which E extracts as manytuples (good and bad) as possible. Using the maximum-sensitivity setting of E,we extract all possible candidate tuples T (good and bad); by examining theintersection of T with Tgold, we identify all the good tuples Tgood (signal) andthe bad tuples Tbad (noise) that appear in Dt . The sets Tgood and Tbad can tNone ROC curve is used to evaluate information extraction tuples. The method relies on the calculation of all true and false tuples. It then calculates sensitivity and specificity as expected for different IE parameters (theta). As there can be more than one parameter involved the false positive/true positive points are calculated for each setting of the different parameters. Then, the Pareto-optimal points are retained.  3
Koopman Evaluating medical information retrieval 2011 information extraction "With the advent of electronic medical records and the con- tinued increase of medical documents online (e.g. MED- LINE) there is an increasing need for information retrieval systems tailored to searching medical free-text"not reported not reported automatic with human reference no corpus of medical records, coded by professional using ICD-9 classification, precision"Our test corpus is the BLULab NLP repository1, a col-lection of 81,617 de-identi ed clinical records from multipleU.S. hospitals during 2007."; "Each record has been coded by professional clinical ter- minologists using the ICD-9 classi cation system."none The authors present an evaluation framework mostly focussing on the benchmark consisting of medical recrods with ICD codes to test information retrieval on. Precision and MAP are used as the metrics. 3
Lavelli Evaluation of machine learning-based information extraction algorithms: criticisms and recommendations2008 a F1 information extraction "Because of the complexity of the task, the limited availability of tools, and the difficulty of reimplementing published algorithms (usually quite complex and sometimes not fully described in papers), in IE there are very few comparative articles in the sense mentioned in Hoste"not reported not reported automatic with human reference no human annotations, MUC scorer, F1 score"The only such tool that is widely available is the MUC scorer."; "Related to this issue is the fact that sometimes papers report only F-measure but not precision and recall, while the trade-off between precision and recall is a fundamental aspect of performance"the other methods Authors recommend the use of F1 score on a per slot basis as well as microaveraged over all slots.1
Lavelli Evaluation of machine learning-based information extraction algorithms: criticisms and recommendations2008 b precision information extraction "Because of the complexity of the task, the limited availability of tools, and the difficulty of reimplementing published algorithms (usually quite complex and sometimes not fully described in papers), in IE there are very few comparative articles in the sense mentioned in Hoste"not reported not reported automatic with human reference no human annotations, MUC scorer, precision"The only such tool that is widely available is the MUC scorer."; "Related to this issue is the fact that sometimes papers report only F-measure but not precision and recall, while the trade-off between precision and recall is a fundamental aspect of performance"the other methods Authors recommend the use of precision on a per slot basis as well as microaveraged over all slots.1
Lavelli Evaluation of machine learning-based information extraction algorithms: criticisms and recommendations2008 c recall information extraction "Because of the complexity of the task, the limited availability of tools, and the difficulty of reimplementing published algorithms (usually quite complex and sometimes not fully described in papers), in IE there are very few comparative articles in the sense mentioned in Hoste"not reported not reported automatic with human reference no human annotations, MUC scorer, recall"The only such tool that is widely available is the MUC scorer."; "Related to this issue is the fact that sometimes papers report only F-measure but not precision and recall, while the trade-off between precision and recall is a fundamental aspect of performance"the other methods Authors recommend the use of recall on a per slot basis as well as microaveraged over all slots.1
Ogren Constructing evaluation corpora for automated clinical named entity recognition2008 information extraction 3
Palen-Michel SeqScore: Addressing barriers to reproducible named entity recognition evaluation2020 information extraction "To address a looming crisis of unreproducible evaluation for named entity recognition, we propose guidelines and introduce SeqScore, a software package to improve reproducibility."transparency around encoding and scoring of chunks"The guidelines we propose are extremely simple and center around transparency regarding how chunks are encoded and scored."automatic with human reference no guidelines, BIO (begin, inside, outside) encoding, F1, precision, recall"We propose that in order to have sound and reproducibleNER evaluation, the following guidelinesshould be followed:1. Report what chunk encoding scheme was used(e.g. BIO).2. Use an external scorer—not one internal to thesystem—and report which scorer was used.3. Be explicit regarding what form of invalidlabel sequence repair was used. 4. Only score against a gold standard that faithfullyfollows the chunk encoding scheme (e.g.BIO) in use.5. Use good statistical practices when reportingresults."; "While some models may use more complex encodings,the current standard for datasets is that chunks are encoded using BIO (begin, inside, outside), where the first token of each chunk receives a B- label, any following tokens in the chunk receive an I- label, and any tokens not contained in a chunk receive O label."Other packages for scoring and working with sequence labeling data (Stanza, NCRF++, iobes, etc.)The paper describes the following guidelines for named entity recognition: 1. report what chunk encoding scheme was used 2. use an external scorer and report which scorer was used 3. be explicit regarding what form of invalid label sequence repair was used 4. only score against a gold standard that faithfully follows the chunk encoding scheme 5. use good statistical practices when reporting results. It describes houw evaluation of NER involves precision, recall and F1 of the extractedchunks.  Chunks are standardly encoded using BIO (begin, inside, outside). The scorer proposed in this research aims to score chunk extraction sequency labelling tasks such as NER. It is designed to address the entire lifecycle of working with data.2
Reshadat Confidence measure estimation for open information extraction2017 information extraction "One of the main challenges for an Open IE system is estimating the probability that its extracted relation is correct. A confidence measure shows that how an extracted relation is a correct instance of a relation among entities. This paper proposes a new method of confidence estimation for OIE called Relation Confidence Estimator for Open Information Extraction (RCE-OIE)."This paper concerns the confidence estimation for open information extraction without requiring a pre-specified vocabulary.3
Roller Held-out versus gold standard: Comparison of evaluation strategies for distantly supervised relation extraction from medline abstracts2015 information extraction "However, held-out evaluation means that systems are tested against noisy data, mak ing it difficult to determine their true ac curacy. This paper examines the effec tiveness of using held-out data to evalu ate relation extraction systems by com paring the results that are produced with those generated using manually labelled versions of the same data."accuracy "If we assume that we have a classifier that is able to identify the may-treat and may-prevent relations with perfect accuracy then performance on the ML data sets would be precision=1.0, recall= 1.0 and f-score=1.0."automatic with human reference no "An alternative approach, which does not require any labelled data, is held-out evaluation. This ap proach splits facts from the knowledge base into two parts: one to generate distantly supervised training data and the other to generate distantly supervised evaluation data"This paper focuses on relation extraction using distant supervision. This means a system is created without manually labelling the data. The held-out validation procedure splits facts from the knowledge base into two parts: one to generate distantly supervised training data and the other to generate distantly supervised evaluation data. 3
Zaporojets DWIE: An entity-centric dataset for multi-task document-level information extraction      information extraction                   Soft entity F1-score, snowballed from Genest - Linked-DocRED - Enhancing DocRED with entity-linking to evaluate end-to-end document-level information extraction4
Dušek Evaluating the state-of-the-art of End-to-End Natural Language Generation: The E2E NLG challenge2019 a BLEU note generationNLG from semantic data Automatic metrics are popular in NLG because they are cheaper and faster to run than human evaluation. However, sole use of automatic metrics is only sensible if they are known to be sufficiently correlated with human preferences.lexical overlap (n-gram precision)The harmonic mean of n-gram precisions of the system output with respect to human-authored reference sentencesautomatic with human reference no BLEU The harmonic mean of n-gram precisions of the system output with respect to human-authored reference sentencesEach other, human evaluationMeasures n-gram precision with a brevity penalty to avoid favoring overly short summaries.2
Dušek Evaluating the state-of-the-art of End-to-End Natural Language Generation: The E2E NLG challenge2019 b NIST note generationNLG from semantic data Automatic metrics are popular in NLG because they are cheaper and faster to run than human evaluation. However, sole use of automatic metrics is only sensible if they are known to be sufficiently correlated with human preferences.lexical overlap (weighted towards rare n-grams)A version of BLEU with higher weighting for less frequent (i.e., more informative) n-grams and a different length penalty.automatic with human reference no n-grams, similar to BLEU A version of BLEU with higher weighting for less frequent (i.e., more informative) n-grams and a different length penalty.Each other, human evaluationSimilar to BLEU but emphasizes rarer, more informative n-grams.2
Dušek Evaluating the state-of-the-art of End-to-End Natural Language Generation: The E2E NLG challenge2019 c METEOR note generationNLG from semantic data Automatic metrics are popular in NLG because they are cheaper and faster to run than human evaluation. However, sole use of automatic metrics is only sensible if they are known to be sufficiently correlated with human preferences.lexical overlap with morphological variationsMeasures both precision and recall of unigrams by aligning the system output with the individual human references. In addition to exact word matches, it uses fuzzy matchingautomatic with human reference no METEOR Measures both precision and recall of unigrams by aligning the system output with the individual human references. In addition to exact word matches, it uses fuzzy matchingEach other, human evaluationMeasures overlap between generated and reference summaries using 'fuzzy' matches, i.e. morphological variations and paraphrases2
Dušek Evaluating the state-of-the-art of End-to-End Natural Language Generation: The E2E NLG challenge2019 d ROUGE-L note generationNLG from semantic data Automatic metrics are popular in NLG because they are cheaper and faster to run than human evaluation. However, sole use of automatic metrics is only sensible if they are known to be sufficiently correlated with human preferences.lexical overlap (n-gram recall)Based on longest common subsequences (LCS) between the system output and the human references, where a common subsequence requires the same words in the same order but allows additional, non-covered words in the middle of either sequence.automatic with human reference no ROUGE Based on longest common subsequences (LCS) between the system output and the human references, where a common subsequence requires the same words in the same order but allows additional, non-covered words in the middle of either sequence.Each other, human evaluationMeasures lexical overlap 2
Dušek Evaluating the state-of-the-art of End-to-End Natural Language Generation: The E2E NLG challenge2019 e CIDEr note generationNLG from semantic data Automatic metrics are popular in NLG because they are cheaper and faster to run than human evaluation. However, sole use of automatic metrics is only sensible if they are known to be sufficiently correlated with human preferences.TF-IDF cosine similaritycIDEr is computed as the average cosine similarity between the system output and the reference sentences on the level of n-grams, n ∈ {1, . . . , 4}. The importance of the individual n-grams is given by the Term Frequency Inverse Document Frequency (TF-IDF) measure,automatic with human reference no TF-IDF IDEr is computed as the average cosine similarity between the system output and the reference sentences on the level of n-grams, n ∈ {1, . . . , 4}. The importance of the individual n-grams is given by the Term Frequency Inverse Document Frequency (TF-IDF) measure,Each other, human evaluationComputes similarity using TF-IDF-weighted cosine similarity of n-grams.2
Hashimoto Unifying human and statistical evaluation for natural language generation2019 HUSE note generation How can we measure whether a natural language generation system produces both high quality and diverse outputs? Human evaluation captures quality but not diversity, as it does not catch models that simply plagiarize from the training set. On the other hand, statistical evaluation (i.e., perplexity) captures diversity but not quality, as models that occasionally emit low quality samples would be insufficiently penalized.Quality and diversity based on classification error of distinguishing between human- and model-generated textWe propose HUSE, a general purpose evaluation strategy which can be applied to any model for which we can calculate a model’s sampling probabilities. HUSE is an upper bound on the optimal classification error of distinguishing reference and modelgenerated texthuman combined with automatic metricsno k-NN classifier not reported human evaluation aloneHUSE unifies human judgment and model probabilities to evaluate both quality and diversity of NLG outputs through a classification-based framework that reveals tradeoffs and model deficiencies.2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 e CIDEr (Consensus-based Image Description Evaluation)other image description generation"Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Quality Quality of image descriptions automatic with human reference yes Not reported Not reported F1 Score; BLEU; Recall; METEOR; Median rank; EM-Diff; BLEURT; RMSREAutomatic metric that measures the similarity between generated text and a set of human reference texts by emphasizing n-grams that are more distinctive or informative.2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 f Median Rank other retrieval "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Relevance Not reported automatic with human reference yes Ranks A system receives a query and retrieves a list of items ranked according to their relevance. The rank of the first item that is deemed relevant is recorded, and the median of these ranks across a collection of queries is then calculated to determine the median rank.F1 Score; BLEU; Recall; METEOR; CIDEr; EM-Diff; BLEURT; RMSREMedian rank of retrieved items according to their relevance2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 i Root Mean Squared Relative Error (RMRSE)other predictions/forecasts "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Accuracy Evaluation metric used to measure the accuracy of predictions or forecastsautomatic with human reference no Actual values The RMSRE calculates the square root of the average of the squared relative errors between the predicted and actual valuesF1 Score; BLEU; Recall; METEOR; CIDEr; Median rank; EM-Diff; BLEURTMetric that represents average error in predictions by calculating the square root of the average of the squared relative errors between the predicted and actual values2
Blagec A global analysis of metrics used for measuring performance in natural language processing2022 c TER (Translation Error Rate) other translation Not reported Quality Evaluating machine translation qualityautomatic with human reference no Not reported Not reported GLEU; METEOR; BERTScoreMeasures quality by the number of edits (i.e. matches, insertions, deletions, substitutions and shifts) that are needed to change the machine-generated text into the reference text(s)2
Chen Beyond Factuality: A Comprehensive Evaluation of Large Language Models as Knowledge Generators2023 a factuality other question answering & chatbot"Large language models (LLMs) outperform information retrieval techniques for down- stream knowledge-intensive tasks when being prompted to generate world knowledge. Yet, community concerns abound regarding the fac- tuality and potential implications of using this uncensored knowledge. In light of this, we introduce CONNER"factuality "automatically evaluate generated knowledge from six important perspectives – Factuality, Relevance, Coherence, Informative- ness, Helpfulness and Validity"LLM no natural language inference model (NLI-RoBERTa-large, ColBERTv2) processes checks whether the sentence knowledge is entailed in a knowledge base or search engineCapitalizing on the advantages of unsupervised metrics, our framework eliminates the need for human-labeled reference knowledge and stan- dardizes scores within an intuitive range of [0,1], simplifying comparison and interpretation.;"we devised four intrinsic metrics for knowledge evaluation and two extrinsic metrics for answer evaluation,"hallucination ratio, entailment ratio, F1 of knowledge, NLI-weak-supervised, NLI-decompose-claim, NLI-multitask, exact matchThe authors present a framework to evaluate knowledge quality obtained from LLMs in dialogue or via question answering. They present four intrinsic metrics for knowledge evaluation (factuality, relevance, informativeness and coherence) and two extrinsic metrics for answer evaluation (helpfulness, validity).  Factuality is calculated by checking the sentence level knowledge with a larger knowledge base or search engine. An error score is calculated.2
Chen Beyond Factuality: A Comprehensive Evaluation of Large Language Models as Knowledge Generators2023 b relevance other question answering & chatbot"Large language models (LLMs) outperform information retrieval techniques for down- stream knowledge-intensive tasks when being prompted to generate world knowledge. Yet, community concerns abound regarding the fac- tuality and potential implications of using this uncensored knowledge. In light of this, we introduce CONNER"relevance "automatically evaluate generated knowledge from six important perspectives – Factuality, Relevance, Coherence, Informative- ness, Helpfulness and Validity"LLM no BERT ranking model (BERT-ranking-large)Capitalizing on the advantages of unsupervised metrics, our framework eliminates the need for human-labeled reference knowledge and stan- dardizes scores within an intuitive range of [0,1], simplifying comparison and interpretation.;"we devised four intrinsic metrics for knowledge evaluation and two extrinsic metrics for answer evaluation,"hallucination ratio, entailment ratio, F1 of knowledge, NLI-weak-supervised, NLI-decompose-claim, NLI-multitask, exact matchThe authors present a framework to evaluate knowledge quality obtained from LLMs in dialogue or via question answering. They present four intrinsic metrics for knowledge evaluation (factuality, relevance, informativeness and coherence) and two extrinsic metrics for answer evaluation (helpfulness, validity).  For relevance, the authors use a matching function based on a BERT ranking model to assess the relevance between the query and knowledge. 2
Chen Beyond Factuality: A Comprehensive Evaluation of Large Language Models as Knowledge Generators2023 c coherence other question answering & chatbot"Large language models (LLMs) outperform information retrieval techniques for down- stream knowledge-intensive tasks when being prompted to generate world knowledge. Yet, community concerns abound regarding the fac- tuality and potential implications of using this uncensored knowledge. In light of this, we introduce CONNER"coherence "automatically evaluate generated knowledge from six important perspectives – Factuality, Relevance, Coherence, Informative- ness, Helpfulness and Validity"LLM no GPT-based model (gpt-neo-2.7B), Coherence-MomentumCapitalizing on the advantages of unsupervised metrics, our framework eliminates the need for human-labeled reference knowledge and stan- dardizes scores within an intuitive range of [0,1], simplifying comparison and interpretation.;"we devised four intrinsic metrics for knowledge evaluation and two extrinsic metrics for answer evaluation,"hallucination ratio, entailment ratio, F1 of knowledge, NLI-weak-supervised, NLI-decompose-claim, NLI-multitask, exact matchThe authors present a framework to evaluate knowledge quality obtained from LLMs in dialogue or via question answering. They present four intrinsic metrics for knowledge evaluation (factuality, relevance, informativeness and coherence) and two extrinsic metrics for answer evaluation (helpfulness, validity).  Coherence at the sentence level is measured by a GPT-based model, measuring perplexity for each sentence. Coherence at the paragraph level is scored by a discourse coherence model. 2
Chen Beyond Factuality: A Comprehensive Evaluation of Large Language Models as Knowledge Generators2023 d informativeness other question answering & chatbot"Large language models (LLMs) outperform information retrieval techniques for down- stream knowledge-intensive tasks when being prompted to generate world knowledge. Yet, community concerns abound regarding the fac- tuality and potential implications of using this uncensored knowledge. In light of this, we introduce CONNER"informativeness "automatically evaluate generated knowledge from six important perspectives – Factuality, Relevance, Coherence, Informative- ness, Helpfulness and Validity"LLM no GPT-based model (GPT-neo-2.7B)Capitalizing on the advantages of unsupervised metrics, our framework eliminates the need for human-labeled reference knowledge and stan- dardizes scores within an intuitive range of [0,1], simplifying comparison and interpretation.;"we devised four intrinsic metrics for knowledge evaluation and two extrinsic metrics for answer evaluation,"hallucination ratio, entailment ratio, F1 of knowledge, NLI-weak-supervised, NLI-decompose-claim, NLI-multitask, exact matchThe authors present a framework to evaluate knowledge quality obtained from LLMs in dialogue or via question answering. They present four intrinsic metrics for knowledge evaluation (factuality, relevance, informativeness and coherence) and two extrinsic metrics for answer evaluation (helpfulness, validity).  Informativeness (the degree to which the knowledge is novel or unexpected) is measured using GPT-2 model. It uses the probability of generating a fact. If this probability is high, informativeness is low and vice versa. 2
Chen Beyond Factuality: A Comprehensive Evaluation of Large Language Models as Knowledge Generators2023 e helpfulness other question answering & chatbot"Large language models (LLMs) outperform information retrieval techniques for down- stream knowledge-intensive tasks when being prompted to generate world knowledge. Yet, community concerns abound regarding the fac- tuality and potential implications of using this uncensored knowledge. In light of this, we introduce CONNER"helpfulnesss "automatically evaluate generated knowledge from six important perspectives – Factuality, Relevance, Coherence, Informative- ness, Helpfulness and Validity"LLM no random knowledge (LLaMA-65B)Capitalizing on the advantages of unsupervised metrics, our framework eliminates the need for human-labeled reference knowledge and stan- dardizes scores within an intuitive range of [0,1], simplifying comparison and interpretation.;"we devised four intrinsic metrics for knowledge evaluation and two extrinsic metrics for answer evaluation,"hallucination ratio, entailment ratio, F1 of knowledge, NLI-weak-supervised, NLI-decompose-claim, NLI-multitask, exact matchThe authors present a framework to evaluate knowledge quality obtained from LLMs in dialogue or via question answering. They present four intrinsic metrics for knowledge evaluation (factuality, relevance, informativeness and coherence) and two extrinsic metrics for answer evaluation (helpfulness, validity).  Helpfulness is measured by randomly sampling knowledge and checking to what extent the generated knowledge can reduce the cross entropy loss to zero. 2
Chen Beyond Factuality: A Comprehensive Evaluation of Large Language Models as Knowledge Generators2023 f validity other question answering & chatbot"Large language models (LLMs) outperform information retrieval techniques for down- stream knowledge-intensive tasks when being prompted to generate world knowledge. Yet, community concerns abound regarding the fac- tuality and potential implications of using this uncensored knowledge. In light of this, we introduce CONNER"validity "automatically evaluate generated knowledge from six important perspectives – Factuality, Relevance, Coherence, Informative- ness, Helpfulness and Validity"LLM no natural language inference model (NLI-RoBERTa-large, ColBERTv2)Capitalizing on the advantages of unsupervised metrics, our framework eliminates the need for human-labeled reference knowledge and stan- dardizes scores within an intuitive range of [0,1], simplifying comparison and interpretation.;"we devised four intrinsic metrics for knowledge evaluation and two extrinsic metrics for answer evaluation,"hallucination ratio, entailment ratio, F1 of knowledge, NLI-weak-supervised, NLI-decompose-claim, NLI-multitask, exact matchThe authors present a framework to evaluate knowledge quality obtained from LLMs in dialogue or via question answering. They present four intrinsic metrics for knowledge evaluation (factuality, relevance, informativeness and coherence) and two extrinsic metrics for answer evaluation (helpfulness, validity).  Validity is measured by concatenating the question answer pair as the premise and the question and ground-truth answer pair as the hypothesis and checking the factual-consistency in an Natural Language Inference model (same as for consistency). 2
Corlatescu The automated model of comprehension version 4.0 – Validation studies and integration of ChatGPT2024 other other 3
Croxford Development of a Human Evaluation Framework and Correlation with Automated Metrics for Natural Language Generation of  Medical Diagnoses2024 a Diagnostic accuracy other diagnosis This work aimed to examine the current state of automated evaluation metrics in NLG in healthcare. To have a robust and well-validated baseline with which to examine the alignment of these metrics, we created a comprehensive human evaluation framework.Diagnostic accuracy The diagnostic accuracy framework was categorized into the following components: (1) Overall accuracy, (2) Plausibility, (3) Specificity, and (4) Omission / Uncertainty. Accuracy represented how well it met the definition of a diagnosis as stated above. Plausibility represented if the diagnosis was hallucinated and could pose potential harm. Finally, Specificity captured the level of detail in the diagnosis. Omission captured instances in which a diagnosis was missing from the output, but would be considered in a clinical setting. Uncertainty, which is conditional on Omission, further penalized a model for not utilizing the information it was provided versus not being provided with enough information.human no Data from the Problem List BioNLP Summarization 2023 Shared Task in whcih the goal was to summarize a patient's diagnoses given the Subjective, Objective, and Assessment sections from the daily progress notes. Prompts designed by humans were paraphrased by ChatGPT and later, ChatGPT was asked to generate a differential diagnosis for each of the prompts. Humans assessed diagnostic accuracy based on questions posed to them in REDCap, that could be answered on a 5-point Likert scale or as a binary decision. An overall score was calculated using a linear combination of the components ascribed to each component (overall accuracy, plausibility, specificity, omission, uncertainty).We utilized data from the Problem List BioNLP Summarization (ProbSum) 2023 Shared Task [1], which was one of the first natural language generation tasks in the medical domain. The goal of this task was to summarize a patient’s active problems/diagnoses given the Subjective, Objective, and Assessment sections from the daily progress notes. The Plan section was used to label the gold standard diagnoses. For prompt design in the task, ChatGPT was asked to paraphrase 50 prompts from a prompt initially authored by human subject matter experts. The lowest perplexity prompt was chosen and self-consistency metrics were also performed to achieve the final, optimal prompt. The final prompt in the persona of a physician was the following: ”Imagine you are a medical professional, and generate the top three direct and indirect, differential diagnoses from the input note. Use # to separate the output diagnoses, then write a separate text that starts with <Reasoning> to explain the reasoning behind your answer: ”. In additiROUGE-L; UMLS Scorer; CUI F-Score; SapBERT Score; clinicalBERT Score; PubMedBERT Score; clinicalBART Score; COMET; ProbSum Trained COMET; clinicalBLEURTHuman evaluation (using surveys) of the diagnostic accuracy of ChatGPT based on overall accuracy, plausibility, specificity, omission and uncertainty, resulting in a normalized score between 0 and 1 that could be directly compared to automated evaluation metrics.2
Croxford Development of a Human Evaluation Framework and Correlation with Automated Metrics for Natural Language Generation of  Medical Diagnoses2024 b Diagnostic reasoning other diagnosis This work aimed to examine the current state of automated evaluation metrics in NLG in healthcare. To have a robust and well-validated baseline with which to examine the alignment of these metrics, we created a comprehensive human evaluation framework.Diagnostic reasoning The Reasoning Evaluation was categorized into the following components: (1) Comprehension, (2) Rationale, (3) Recall, and (4) Omission. Comprehension referred to reading comprehension and captured instances where the model did not understand information from the clinical note. Rationale captured instances in which the model took incorrect reasoning steps. Finally, Recall referred to the recall of knowledge and penalized a model for irrelevant, incorrect, or hallucinated facts. At the output level, Omission captured when a model failed to include explanations for diagnostic choices or conclusions.human no Data from the Problem List BioNLP Summarization 2023 Shared Task in whcih the goal was to summarize a patient's diagnoses given the Subjective, Objective, and Assessment sections from the daily progress notes. Prompts designed by humans were paraphrased by ChatGPT and later, ChatGPT was asked to generate a differential diagnosis for each of the prompts. Humans assessed diagnostic reasoning based on questions posed to them in REDCap, that could be answered on a 5-point Likert scale or as a binary decision. An overall socre was calculated using a linear combination of the components ascribed to each component (comprehension, rationale, recall, omission).We utilized data from the Problem List BioNLP Summarization (ProbSum) 2023 Shared Task [1], which was one of the first natural language generation tasks in the medical domain. The goal of this task was to summarize a patient’s active problems/diagnoses given the Subjective, Objective, and Assessment sections from the daily progress notes. The Plan section was used to label the gold standard diagnoses. For prompt design in the task, ChatGPT was asked to paraphrase 50 prompts from a prompt initially authored by human subject matter experts. The lowest perplexity prompt was chosen and self-consistency metrics were also performed to achieve the final, optimal prompt. The final prompt in the persona of a physician was the following: ”Imagine you are a medical professional, and generate the top three direct and indirect, differential diagnoses from the input note. Use # to separate the output diagnoses, then write a separate text that starts with <Reasoning> to explain the reasoning behind your answer: ”. In additiROUGE-L; UMLS Scorer; CUI F-Score; SapBERT Score; clinicalBERT Score; PubMedBERT Score; clinicalBART Score; COMET; ProbSum Trained COMET; clinicalBLEURTHuman evaluation (using surveys) of the diagnostic reasoning of ChatGPT based on comprehension, rationale, recall and omission, resulting in a normalized score between 0 and 1 that could be directly compared to automated evaluation metrics.2
Deriu Survey on evaluation methods for dialogue systems 2021 e correctness other question answering & chatbot"Often, dialogue systems are evaluated by means of human evaluations and questionnaires. However, this tends to be very cost- and time-intensive. Thus, much work has been put into finding methods which allow a reduction in involvement of human labour. In this survey, we present the main concepts and methods"correctness "The evaluation of QA systems has two aspects: the correctness of the answer and the flow of the conversation."automatic with human reference no correctness metrics "The evaluation of QA systems depends on the output of the sys- tem. For open QA, where the output is a ranking of sentences with potential answers, the evaluation is mostly based on ranking measures such as Mean Average Precision (MAP) or Mean Reciprocal Rank (MRR), but there are also evaluations based on precision, recall and F1 (Yang et al. 2015)."all other methods The paper presents an overview of (mostly automatic) metrics for evaluating chatbot and (interactive) question-answering systems. Correctnerss metrics consist of Mean Average Precision, Mean Reciprocal Rank (ranking of sentences with potential answers), precision, recall, F1. For extractive QA the output is a span of text. The retrieved span is compared to ground truth answers leading to exact matching metrics, or approximate matching based on F1. 1
Deriu Survey on evaluation methods for dialogue systems 2021 f dialogue evaluation other question answering & chatbot"Often, dialogue systems are evaluated by means of human evaluations and questionnaires. However, this tends to be very cost- and time-intensive. Thus, much work has been put into finding methods which allow a reduction in involvement of human labour. In this survey, we present the main concepts and methods"dialogue "The nature of multi-turn QA systems makes it quite hard to design accurate evaluation frameworks that go beyond the correctness measures, which do not take into consideration the dialogue aspect of the interaction."human no questionnaires "Thus, they evaluate the usage of different questionnaires in order to assess the different systems."all other methods The paper presents an overview of (mostly automatic) metrics for evaluating chatbot and (interactive) question-answering systems. Dialogue aspects are assessed via questionnaires, like NASSA TLX (cognitive workload questionnaire), task questionnaire (experience of using system for a specific task), system questionnaire (overall experience). The task questionnaire was deemed most effective at distinguishing among systems. 1
Deutsch On the Limitations of Reference-Free Evaluations of Generated Text2022 a Prism-src other translation we demonstrate that these reference-free metrics are inherently biased and limited in their ability to evaluate gener ated text, and we argue that they should not be used to measure progress on tasks like ma chine translation or summarization. We show how reference-free metrics are equivalent to using one generation model to evaluate an other, which has several limitationsmachine translation quality based on source instead of (human) referenceWe show how reference-free metrics are equivalent to using one generation model to evaluate another, which has several limitations: (1) the metrics can be optimized at test time to find the approximate best-possible output, (2) they are inherently biased toward models which are more similar to their own, and (3) they can be biased against higher-quality outputs, including those written by humans.LLM yes Learned model that scores translation based on original and translated text as inputPrism-src is a reference-free evaluation translation metric that scores a translated text according to the log-probability of the translation conditioned on the original source text under a learned sequence-to-sequence translation model (Thompson and Post, 2020). The model is a multilingual MT model, meaning it was trained using many different language pairs, so the same learned parameters can be used to score translations in various languages.BLUERT and ROUGE-2 scores WITH reference summariesThis paper shows that learned metrics that are only based on the original translation/summary instead of a human created reference can be biased, even preferring the machine created translations/summaries over the human created ones.1
Deutsch On the Limitations of Reference-Free Evaluations of Generated Text2022 b COMET-QE other translation we demonstrate that these reference-free metrics are inherently biased and limited in their ability to evaluate gener ated text, and we argue that they should not be used to measure progress on tasks like ma chine translation or summarization. We show how reference-free metrics are equivalent to using one generation model to evaluate an other, which has several limitationsmachine translation quality based on source instead of (human) referenceWe show how reference-free metrics are equivalent to using one generation model to evaluate another, which has several limitations: (1) the metrics can be optimized at test time to find the approximate best-possible output, (2) they are inherently biased toward models which are more similar to their own, and (3) they can be biased against higher-quality outputs, including those written by humans.LLM yes Learned model that scores translation based on original and translated text as inputCOMET-QE (Rei et al., 2021) is a modification of the learned reference-based MT evaluation metric COMET (Rei et al., 2020). COMET embeds the candidate translation, source text, and reference translation using a cross-lingual encoder, creates a pooled featured representation using the three encodings, and trains the model endto-end to predict human judgments of the quality of the candidate translation. COMET-QE uses the same architecture to predict a score for the candidate translation but only uses the candidate translation and source text to create the pooled feature representation, and is therefore reference-free.BLUERT and ROUGE-2 scores WITH reference summariesThis paper shows that learned metrics that are only based on the original translation/summary instead of a human created reference can be biased, even preferring the machine created translations/summaries over the human created ones.1
Jacovi Towards faithfully interpretable NLP systems: How should we define and evaluate faithfulness?2020 other prediction With the growing popularity of deep-learning based NLP models, comes a need for interpretable systems. But what is interpretability, and what constitutes a high-quality interpretation? In this opinion piece we reflect on the current state of interpretability evaluation research. We call for more clearly differentiating between different desired criteria an interpretation should satisfy, and focus on the faithfulness criteria.Faithfulness of interpretationsOur main focus is the evaluation of the faithfulness of an explanation: a faithful interpretation is one that accurately represents the reasoning process behind the model’s prediction.human no Guidelines to evaluate faithfulnessWe propose the following guidelines for evaluating the faithfulness of explanations. These guidelines address common pitfalls and sub-optimal practices we observed in the literature. - Be explicit in what you evaluate - Faithfulness evaluation should not involve human-judgement on the quality of interpretation. - Faithfulness evaluation should not involve human-provided gold labels. - Do not trust “inherent interpretability” claims. - Faithfulness evaluation of Intelligent User Interfaces (IUI) systems should not rely on user performance.Not applicable Guidelines to evaluate the faithfulness of an interpretability method of NLP-based prediction models2
Jousselme Uncertain about ChatGPT: enabling the uncertainty evaluation of large language models2024 other chatbot and reasoning " As impres sive as the majority of interactions with ChatGPT are, this large language model has a number of acknowledged shortcomings, which in several cases, may be directly related to how ChatGPT handles uncertainty. The objective of this paper is to pave the way to formal analysis of ChatGPT uncertainty handling."confidence in answer "to express its confidence in the answer provided on a Likert scale between 1 and 6"LLM no 6-point Likert scale, ChatGPT, prompt"ChatGPT is prompted to provide a numerical degree of belief on a Likert scale with 6 levels between 1 and 6"None The method describes a prompting strategy to ask ChatGPT to provide an estimate of confidence on a 1-6 Likert scale about its answer in a strategy game. 2
Lechien Validity and reliability of an instrument evaluating the performance of intelligent chatbot: the Artificial Intelligence Performance Instrument (AIPI)2023 other Managing clinical cases "The assessment of the performance of artifcial intelligence (AI) chatbots is currently limited by the lack of  valid and reliable clinical instruments for the evaluation of  the performance of the chatbot. The current performance  instruments are only validated for Human and cannot be  used for artifcial intelligence software because of lack of communication, empathy, and family management."Correctness (here specifically of ChatGPT's clinical judgements/management of clinical cases)"The psychometric analyses support that AIPI is a valid  and reliable clinical instrument for rating the performance of ChatGPT in the management of real clinical cases."human no Artificial Intelligence Performance Instrument (AIPI) is an instrument consisting of 9 items to be rated by practicioners and can be used to assess the performance of ChatGPT in managing clinical cases. "The objective of this study was to investigate the reliability and validity of the Artifcial Intelligence Performance Instrument (AIPI).";"Based on these outcomes, experts developed the AIPI, which includes 9 items assessing to medical and surgical history; symptoms; physical examination; diagnosis; additional examinations; management plan, and treatments.";"The final AIPI score ranges from 0 to 20 with a score of 20 indicating excellent clinical case management by the AI, while a score of 0 is associated with inadequate management.";"ChatGPT was interrogated for diferential diagnoses (What are your difer ential diagnoses?), additional examinations (What are your additional examinations to fnd the diagnosis?), and potential therapeutic approach(es) (What are your treatment(s) for the primary diagnosis?)."NA The authors investigate the validity of the Artificial Intelligence Performance Instrument (AIPI) that is developed by experts and consists of 9 items to evaluate the performance of ChatGPT in assessing a medical case. The items are medical and surgical history, symtpoms, physical examination, diagnosis, additional examinations, management plan, and treatments, and these items are assessed by interrogating ChatGPT after presenting a clinical case. The AIPI score assigned to ChatGPT by practioners who evaluated the items ranges from 0 (inadequate) to 20 (excellent clinical case management). The AIPI is tested for otolaryngology cases, but could also be applied to general medicine and surgery. 3
Li Ditch the gold standard: Re-evaluating conversational question answering2022 a human evaluation other question answering & chatbot"Since the evaluation builds on pre-collected conversations, the gold history of the conversation is always provided, regardless of models’ actual predictions (Figure 1(b)). Although current systems achieve near-human F1 scores on this static evaluation, it is questionable whether this can faithfully reflect models’ true performance in real-world applications."correctness of answer "we carry out the first large-scale human evaluation with four state-of-the-art models on the QuAC dataset by having human evaluators converse with the models and udge the correctness of their answers"human no Human annotators ask questions. The model provides answers. Then, annotators are asked to check whether the model predictions are correct or not."we carry out a large-scale humanevaluation with the four models discussed above.We collect human-machine conversations using100 passages from the QuAC development set onAmazon Mechanical Turk."; "For each model and each passage, we collect threeconversations from three different annotators."; "We collect each conversation in two steps:(1) The annotator has no access to the passageand asks questions. The model extracts the answerspan from the passage or returns CANNOTANSWER in a human-machine conversation interface.5 We provide the title, the section title, thebackground of the passage, and the first questionfrom QuAC as a prompt to annotators. Annotatorsare required to ask at least 8 and at most 12 questions.We encourage context-dependent questions,but also allow open questions like “What else isinteresting?” if asking a follow-up question is difficult.(2) After the conversation ends, the annotatoris shown the passage and asked to check whetherthe model predictions are correct or not."; "We measureannotatorsgold-history (automatic evaluation)Human annotators ask questions. The model provides answers. Then, annotators are asked to check whether the model predictions are correct or not. Accuracy is calculated.1
Li Ditch the gold standard: Re-evaluating conversational question answering2022 b auto-rewrite other question answering & chatbot"Since the evaluation builds on pre-collected conversations, the gold history of the conversation is always provided, regardless of models’ actual predictions (Figure 1(b)). Although current systems achieve near-human F1 scores on this static evaluation, it is questionable whether this can faithfully reflect models’ true performance in real-world applications."correctness of answer "we carry out the first large-scale human evaluation with four state-of-the-art models on the QuAC dataset by having human evaluators converse with the models and udge the correctness of their answers"automatic with human reference no Human annotators ask questions. The model provides answers. Then, annotators are asked to check whether the model predictions are correct or not. The predicted answer history of models are provided when predicting new questions. Unresolved coreference questions are identified and rewritten. F1 score is calculated."In gold-historyevaluation, the model is inquired with pre-collectedquestions Q iand the gold answers as history"; "we can simply replace gold answers by the predicted answers of models and we name this as predicted-history evaluation"; "Among all the invalid question categories, “unresolvedcoreference” questions are the most criticalones. They lead to incorrect interpretationsof questions and hence wrong answers. We propose to improve our evaluation by first detecting these questions using a state-of-the-art coreferenceresolution system (Lee et al., 2018)6, and then substitutingthem with either rewriting the questions inplaceand replacing the questions with their contextindependentcounterparts."; "we evaluate the model by comparing Ai to A  i(measured by word-level F1)"gold-history (automatic evaluation)The predicted answer history of models are provided when predicting new questions. Unresolved coreference questions are identified and rewritten. Word-level F1 score is calculated by comparing the model's answer to the gold standard answer.1
Li Ditch the gold standard: Re-evaluating conversational question answering2022 c auto-replace other question answering & chatbot"Since the evaluation builds on pre-collected conversations, the gold history of the conversation is always provided, regardless of models’ actual predictions (Figure 1(b)). Although current systems achieve near-human F1 scores on this static evaluation, it is questionable whether this can faithfully reflect models’ true performance in real-world applications."correctness of answer "we carry out the first large-scale human evaluation with four state-of-the-art models on the QuAC dataset by having human evaluators converse with the models and udge the correctness of their answers"automatic with human reference no Human annotators ask questions. The model provides answers. Then, annotators are asked to check whether the model predictions are correct or not. The predicted answer history of models are provided when predicting new questions. Unresolved coreference questions are identified and replaced. F1 score is calculated."In gold-historyevaluation, the model is inquired with pre-collectedquestions Q iand the gold answers as history"; "we can simply replace gold answers by the predicted answers of models and we name this as predicted-history evaluation"; "Among all the invalid question categories, “unresolvedcoreference” questions are the most criticalones. They lead to incorrect interpretationsof questions and hence wrong answers. We propose to improve our evaluation by first detecting these questions using a state-of the-art coreferenceresolution system (Lee et al., 2018)6, and then substitutingthem with either rewriting the questions inplaceand replacing the questions with their contextindependentcounterparts."; "we evaluate the model by comparing Ai to A  i(measured by word-level F1)"gold-history (automatic evaluation)The predicted answer history of models are provided when predicting new questions. Unresolved coreference questions are identified and replaced. Word-level F1 score is calculated by comparing the model's answer to the gold standard answer.1
Ni'Mah NLG evaluation metrics beyond correlation analysis: an empirical metric preference checklist2023 Metric Checklist other summarization, chatbot and note generationIn this study, we analyze automatic evaluation metrics for Natural Language Generation (NLG), specifically task-agnostic metrics and human-aligned metrics. Task-agnostic metrics, such as Perplexity, BLEU, BERTScore, are cost-effective and highly adaptable to diverse NLG tasks, yet they have a weak correlation with human. Human-aligned metrics (CTC, CtrlEval, UniEval) improves correlation level by incorporating desirable human-like qualities as training objective. However, their effectiveness at discerning system-level performance and quality of system outputs remain unclear. Meta-study: The outcome is a checklist to asses the effectiveness of automatic metrics.We present metric preference checklist as a framework to assess the effectiveness of automatic metrics in three NLG tasks: Text Summarization, Dialogue Response Generation, and Controlled Generation.automatic with human referencemeta no Kolmogorov-Smirnov (KS) Score, Levenshtein distanceFor quantifying the degree to which the scores produced by automatic metrics are able to discern the performance between two different NLG systems, we utilize Kolmogorov-Smirnov (KS) as a statistical distance metric. To compute preference similarity between two metrics, we adopt Levenshtein distance, which calculates the minimum number of insertions, deletions, and substitutions required to change one sequence into the other sequence.NA This paper does not introduce a new metric but rather introduces a checklist for existing metrics that assesses their alignment with human preferences.2
Pallas Evaluating the Accuracy of Cloud NLP Services Using Ground-Truth Experiments2020 other NER, sentiment analysis and text classificationAny deliberation about employing cloud NLP services in practice does, however, face the challenge that so far, little is known about the accuracy provided by such services as well as about how to conduct respective quality assessments.Accuracy Cloud NLP services’ accuracy based on real-world ground-truth data automatic with human reference no Calculation of distance between generated and reference result, the latter which is based on a ground-truth dataset Ground-truth dataset (manually created or implicit crowdsourcing) comprising samples of representative input data and respectively expected outputs. We calculate the distance between the reference result and the observed result using a distance function.Not applicable Measure of accuracy where generated text is compared to a reference result (from a ground-truth dataset), using a distance-based metric2
ReichenpfaderLarge Language Model-Based Evaluation of Medical Question Answering Systems: Algorithm Development and Case Study2024 other other 3
Rodrigo Question answering for machine reading evaluation 2010 other machine reading "However, this understanding has so far been evaluated usingsimple questions that require almost no inferences to find the correct answers.";"we propose to evolve QA evaluations in order to evaluate MR systems. That is, we propose to design an evaluation methodology for MR systems which takes advantage of the experience obtained in QA, RTE, and AVE evaluations,"3
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 d METEOR other translation Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Combination of precision and recallbased on F-measure automatic with human reference no F-measure with relaxed matching criteria for unigram matchesMETEOR which is based on F-measure and uses a relaxed matching criteria. In particular, even if a unigram in the hypothesis does not have an exact surface level match with a unigram in the reference but is still equivalent to it (say, is a synonym) then METEOR considers this as a matched unigram.All other measures in the paperUntrained word-based metric based on precision and recall that maches unigrams between reference and generated texts based on relaxed matching criteria1
Sawicki Training GPT-2 to represent two Romantic-era authors: challenges, evaluations and pitfalls2022 a BLEU other poetry Poetry generation within style constraints has many creative challenges, despite the recent advances in Transformer models for text generation. We study 1) how overfitting of various versions of GPT-2 models affects the quality of the generated text, and 2) which model is better at generating text in a specific style. For that purpose, we propose a novel setup for text evaluation with neural networks.Percentage of matching n-gramsBLEU compares and counts the matching ngrams between the master and the candidate, resulting in a score between 0 and 1fully automatic no BLEU BLEU None A GPT-2 model is trained on poetry, and BLEU is used to calculate whether it is just repeating the authors or coming up with new poetry2
Sawicki Training GPT-2 to represent two Romantic-era authors: challenges, evaluations and pitfalls2022 b BERT other poetry Poetry generation within style constraints has many creative challenges, despite the recent advances in Transformer models for text generation. We study 1) how overfitting of various versions of GPT-2 models affects the quality of the generated text, and 2) which model is better at generating text in a specific style. For that purpose, we propose a novel setup for text evaluation with neural networks.Distinction between actual and generated poetryBERT-based classifier trained to distinguish the generated text from the original work of a poet.LLM yes BERT-model BERT None A BERT-model is trained to classify between the original poetry and the generated poetry2
Schouten Heracles: A framework for developing and evaluating text mining algorithms2019 other text mining This paper concerns a framework for the development and evaluation of text mining algorithms.3
Siblini Towards a more robust evaluation for conversational question answering2021 other question answering & chatbot"Nevertheless, we note that the CQA evaluation protocol has a major lim itation. In particular, models are allowed, at each turn of the conversation, to access the ground truth answers of the previous turns"not reported not reported This paper investigates conversational question answering where the chatbot is unsupervised. 3
Tao Generative AI for Intelligence Augmentation: Categorization and Evaluation Frameworks for Large Language Model Adaptation2024 a categorization framework for LLM adaptation strategiesother text classification 3
Asakura A quantitative evaluation of natural language question interpretation for question answering systems2018 question answering "While currently there are a number of existing evaluation methods for natural language (NL) QA systems, most of them consider only the final answers, limiting their utility within a black box style evaluation. Herein, we propose a subdivided evaluation approach to enable finer-grained evaluation of QA systems, and present an evaluation tool which targets the NL question (NLQ) interpretation step, an initial step of a QA pipeline."Robustness of Template Generation Module; Query types and ranges of Template Generation Module; Graph patterns of Template Generation Module"The goal of our evaluation is to judge the qualities of the outputs of TGMs independentlyfrom the other part of the SQA systems (namely, DMs, QGMs, and AGMs)."; "To achieve our goal for subdivided evaluation, we established six evaluation criteria based on three aspects: (1) robustness of a TGM, (2) validity of query types and the ranges (i.e., lengths and offsets) expressed in template queries, and (3) accuracy of the graph patterns in template queries."automatic with human reference no Two datasets are used: QALID and LC-QuAD. Two Template Generation Modules are evaluated: Rocknrole and LODQA."two datasets comprising pairs of NLQs andqueries are chosen to beSPARQLthe benchmark datasets for our evaluation."; "The goal of our evaluation is to judge the qualities of the outputs of TGMs independentlyfrom the other part of the SQA systems"; "To achieve our goal for subdivided evaluation, we established six evaluation criteria based on three aspects: (1) robustness of a TGM, (2) validity of query types and the ranges (i.e., lengths and offsets) expressed in template queries, and (3) accuracy of the graph patterns in template queries. For each aspect, two actual evaluation criteria have been developed, as listed in Table 4. Our evaluator is implemented to check every output of a TGM via a comparison with the corresponding queries from the benchmark dataset to verify whether any of the six criteria are met. If an output clears all the criteria, it is determined to be good."None Two Template Generation Modules are evaluated: Rocknrole and LODQA. Template Generation Modules (TGMs) take as their input a natural language question and by using NLP they return a list of SPARQL templates which represent the semantic structures of the questions. They are evaluated on TGM failure, syntax, question type, disconnected target, wrong range, and disconnected triple. The outputs of the TGM are compared to the corresponding queries fromt he benchmark dataset. If an output clears all the criteria, it is determined to be good. 3
Ayari A framework of evaluation for question-answering systems2009 question answering "These campaigns used to evaluate the relevance of answers given by systems counting how many right answers each system gives. This is called black-box evaluation : it is exclusively based on global results. However, these campaigns do not evaluate the relevance of the criteria the different systems use, neither the contribution of each component. An evaluation of each of the components, a glass-box evaluation, is necessary for improving systems."contribution of each module of a questiona answering system for error analysis"contributionsof the components of any question-answering system"; evaluating the accuracy of each components needs an access to the intermediate results to estimate their contribution."fully automatic no QA system with four components: question analysis, document search and analysis, passage selection and answer extraction."Our QA systems is composed of four components: question analysis, documentsearch and analysis, passage selection and answer extraction, which is a classicalarchitecture for QA systems."; None An interface where users can modify erroneous information in the QA process. As each component of the QA system can be investigated (question analysis, document search and analysis, passage seleciton and answer extraction), it allows for an easy way to analyse the errors encountered by the system. 3
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 a new method training LLM evaluation metric modelquestion answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."LLM yes Humans annotate the outcomes of BERT and TF-IDF answers on a scale from 0 to 10. A LLM is trained to distinguish the accuracy of the answers."Human Evaluation Module: Herein, answers derived from both BERT and TF-IDF on the test dataset undergo a human evaluation for accuracy. Resultant from this assessment, each answer is attributed a score ranging from 0 to 10, and these results are collated into a novel dataset."; "Module for Constructing Evaluation Metric Model: Thetraining data thus formulated is trained employing theLLama2-7B and Mistral-7B large language models. Post training,an evaluative model is engendered, proficient in ascertainingthe congruence between the actual answer and thepredicted counterpart.Module for Generating Similarity Score Predictions byEvaluation Metric Models: This module, harnessing the capabilitiesof the LLama2-7B and Mistral-7B models, profferssimilarity score predictions for the test data."all other methods An evaluation metric model is trained using Large Language Models, predicting the congruence between the actual answer and the predicted counterpart. It produces a similarity score prediction (0-10). Humans annotate the accuracy of a QA system. 1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 b F-score question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no F1 metric, human annotation of answers"The F1 metric is a widely used evaluation metric for assessing the performance of classification models. It relies on key concepts, particularly true positives (TP), false positives (FP), and false negatives (FN). The F1 metric is constructed by combining the metrics of precision and recall"all other methods The F1 metric is a widely used evaluation metric for assessing the performance of classification models. It relies on key concepts, particularly true positives (TP), false positives (FP), and false negatives (FN). The F1 metric is constructed by combining the metrics of precision and recall.1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 c Bleu question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no Bleu, human reference answers"Metrics like Bleu [1], Rouge [2] and Meteor [3] were initially devised for machine translation and automatic sum marization assessment. They rely on n-gram co-occurrences between generated responses and reference texts, gauging per formance based on surface-level analysis"all other methods Bilingual Evaluation Understudy (Bleu) measure is a way to compare the quality of system-generated texts to reference texts that were written by humans. To get the Bleu score, you must first prepare the texts that will be reviewed and used as references. After these are set, the most appropriate reference for each text being evaluated is found. After that, an n-gram analysis is done to see how similar the two pieces of text are. After that, these metrics are added together to get the final Bleu number .1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 d Rouge question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no Rouge, human reference answers"Metrics like Bleu [1], Rouge [2] and Meteor [3] were initially devised for machine translation and automatic sum marization assessment. They rely on n-gram co-occurrences between generated responses and reference texts, gauging per formance based on surface-level analysis"all other methods Rouge is an n-gram based metric that assesses the similarity between the generated responses and reference texts. 1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 e Meteor question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no Meteor, human reference answers"Metrics like Bleu [1], Rouge [2] and Meteor [3] were initially devised for machine translation and automatic sum marization assessment. They rely on n-gram co-occurrences between generated responses and reference texts, gauging per formance based on surface-level analysis"all other methods Meteor is designed to assess word choice and word ordering in texts.1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 f Cosine Similarity question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no Cosine Similarity, human-generated reference answer"This met ric assesses the similarity between two vectors by measuring the angle between them, indicating how similar or dissimilar these vectors are."all other methods Similarity-based metrics, such as cosine similarity, Jaccard similarity, and others, are grounded in the assessment of textual similarities between the system’s response and a human-generated reference answer. They operate under the assumption that the quality of an answer is directly correlated to its textual closeness to a standard response.1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 g Jaccard Similarity question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no Jaccard similarity, human generated reference answer"Jaccard Similarity is employed to calculate the degree of similarity between two sets A and B, relying on the ratio of common elements to the total number of elements in the union of the sets."all other methods Similarity-based metrics, such as cosine similarity, Jaccard similarity, and others, are grounded in the assessment of textual similarities between the system’s response and a human-generated reference answer. They operate under the assumption that the quality of an answer is directly correlated to its textual closeness to a standard response.1
Bakir Developing and evaluating a model-based metric for legal question answering systems2023 h Exact Match values question answering "Traditional evaluation methods, which rely on superficial similarity measures, can’t catch the complex accuracy and reasoning needed in legal answers."similarity "Module for Generating Similarity Score Predictions by Evaluation Metric Models: This module, harnessing the capabilities of the LLama2-7B and Mistral-7B models, proffers similarity score predictions for the test data. These scores are prognosticated within a range of 0 to 10."automatic with human reference no Exact Match, human generated reference answer"which shows the percentage of predictions that are exactly the same as the real answers"all other methods Exact Match shows the  percentage of predictions that are exactly the same as the  real answers.1
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 g EM-Diff (Exact Match Difference) question answering "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Accuracy It measures the difference between the exact match scores of two systems on a given datasetautomatic with human reference yes Ground-truth answers The exact match score represents the proportion of responses that exactly match the ground-truth answersF1 Score; BLEU; Recall; METEOR; CIDEr; Median rank; BLEURT; RMSREProportion of responses given by the system that match the ground-truth answers, used to compare two systems2
Banerjee METEOR: An automatic metric for MT evaluation with improved correlation with human judgments      question answering                   METEOR, snowballed from Sai - A survey of evaluation metrics used for NLG systems4
Bilotti Evaluation for scenario question answering systems 2006 a precision question answering "The focus of the QA research community is changing withthe introduction of new, more difficult types of questionsrepresenting more complex information needs"not reported not reported automatic with human reference no precision, answer key for scenario question"Familiar evaluation metrics, such as precision, recall andF-measure, a weighted harmonic mean of precision and recall(van Rijsbergen, 1979), can be defined with respectto predicates for the purposes of Scenario QA evaluation(see Figure 1)."; "Building a reusable test collection for Scenario QA is a twostep task, but the bulk of the work is spent developing an answer key for each scenario question"all other metrics Predicate-based evaluation can provide a lower bound on system performance and will likely suffice for comparative evaluation of a group of systems. It compares an answer key with a predicate (part of sentence) and calculates precision, recall and F-measure.  Precision is defined as the number of relevant facts retrieved/total number of facts in system response.2
Bilotti Evaluation for scenario question answering systems 2006 b recall question answering "The focus of the QA research community is changing withthe introduction of new, more difficult types of questionsrepresenting more complex information needs"not reported not reported automatic with human reference no recall, answer key for scenario question"Familiar evaluation metrics, such as precision, recall andF-measure, a weighted harmonic mean of precision and recall(van Rijsbergen, 1979), can be defined with respectto predicates for the purposes of Scenario QA evaluation(see Figure 1)."; "Building a reusable test collection for Scenario QA is a twostep task, but the bulk of the work is spent developing an answer key for each scenario question"all other metrics Predicate-based evaluation can provide a lower bound on system performance and will likely suffice for comparative evaluation of a group of systems. It compares an answer key with a predicate (part of sentence) and calculates precision, recall and F-measure. Recall is defined as the number of relevant facts retrieved/the number of facts in the answer key.2
Bilotti Evaluation for scenario question answering systems 2006 c F-score question answering "The focus of the QA research community is changing withthe introduction of new, more difficult types of questionsrepresenting more complex information needs"not reported not reported automatic with human reference no F-score, answer key for scenario question"Familiar evaluation metrics, such as precision, recall andF-measure, a weighted harmonic mean of precision and recall(van Rijsbergen, 1979), can be defined with respectto predicates for the purposes of Scenario QA evaluation(see Figure 1)."; "Building a reusable test collection for Scenario QA is a twosteptask, but the bulk of the work is spent developing ananswer key for each scenario question"all other metrics Predicate-based evaluation can provide a lower bound on system performance and will likely suffice for comparative evaluation of a group of systems. It compares an answer key with a predicate (part of sentence) and calculates precision, recall and F-measure. F-measure is a weighted mean of precision and recall.2
Bulian Tomayto, tomahto: Beyond token-level answer equivalence for question answering evaluation      question answering                   BEM, snowballed from Kamalloo - Evaluating open-domain question answering in the era of large language models4
Cai MedBench: A large-scale Chinese benchmark for evaluating medical Large Language Models2023 a multiple-choice accuracy question answering "The emergence of various medical large language models (LLMs) in the medical domain has highlighted the need for unified evaluation standards, as manual evaluation of LLMs proves to be time-consuming and labor-intensive. To address this issue, we introduce MedBench, a comprehensive benchmark for the Chinese medical domain, comprising 40,041 questions sourced from authentic examination exercises and medical reports of diverse branches of medicine"answer accuracy "a credible benchmark for assessing the mastery of knowledge and reasoning abilities in medical language learning models."fully automatic no accuracy, multiple-choice authentic medical examinations"we collect representative exercisesfrom the Chinese Medical Licensing Exam (CNMLE), ResidentStandardization Training Exam, and Doctor in-chargeQualification Exam2 across many recent years, covering27,248, 2,841, and 8,927 questions, respectively"; "we collect over 2,000 real-world electronichealth records, and employ experts to identify the symptoms,diagnoses, treatments, and examinations from the reports,resulting in 701 high-quality ones with an average lengthof 60–100 words per report (Figure 2). The annotators completedprofessional training and strictly following predefinedannotation standards to ensure accuracy. Based on these annotatedreports, a total of 1,025 question–answer pairs areeventually formed."; "For the three-stage multiple-choice examinations, we employ accuracy as the evaluation metric. When dealing with real-world cases, we combine expert-level human evaluation with the additional automatic evaluation metrics BLEU (Papineni et al. 2002) and ROUGE (Lin 2004)."all other metrics A benchmark for question answering is created based on medical examinations and real-world clinical cases. For the three-stage multiple-choice examinations, accuracy is used as an evaluation metric. 2
Cai MedBench: A large-scale Chinese benchmark for evaluating medical Large Language Models2023 b human evaluation question answering "The emergence of various medical large language models (LLMs) in the medical domain has highlighted the need for unified evaluation standards, as manual evaluation of LLMs proves to be time-consuming and labor-intensive. To address this issue, we introduce MedBench, a comprehensive benchmark for the Chinese medical domain, comprising 40,041 questions sourced from authentic examination exercises and medical reports of diverse branches of medicine"correctness, completeness, fluency, friendliness"The objective of this evaluation endeavor was to quantitatively assess the correctness, completeness, fluency, and friendliness"human no human evaluation, question-answer pairs based on real-world diagnostic and treatment cases"we collect representative exercisesfrom the Chinese Medical Licensing Exam (CNMLE), ResidentStandardization Training Exam, and Doctor in-chargeQualification Exam2 across many recent years, covering27,248, 2,841, and 8,927 questions, respectively"; "we collect over 2,000 real-world electronichealth records, and employ experts to identify the symptoms,diagnoses, treatments, and examinations from the reports,resulting in 701 high-quality ones with an average lengthof 60–100 words per report (Figure 2). The annotators completedprofessional training and strictly following predefinedannotation standards to ensure accuracy. Based on these annotatedreports, a total of 1,025 question–answer pairs areeventually formed."; "For the three-stage multiple-choice examinations, we employ accuracy as the evaluation metric. When dealing with real-world cases, we combine expert-level human evaluation with the additional automatic evaluation metrics BLEU (Papineni et al. 2002) and ROUGE (Lin 2004)."all other metrics A benchmark for question answering is created based on medical examinations and real-world clinical cases. A post-graduate medical scholar evaluated the correctness, completeness, fluency and friendliness of the responses on a scale from 0 to 5. 2
Cai MedBench: A large-scale Chinese benchmark for evaluating medical Large Language Models2023 c BLEU question answering "The emergence of various medical large language models (LLMs) in the medical domain has highlighted the need for unified evaluation standards, as manual evaluation of LLMs proves to be time-consuming and labor-intensive. To address this issue, we introduce MedBench, a comprehensive benchmark for the Chinese medical domain, comprising 40,041 questions sourced from authentic examination exercises and medical reports of diverse branches of medicine"answer accuracy "a credible benchmark for assessing the mastery of knowledge and reasoning abilities in medical language learning models."automatic with human reference no BLEU, question-answer pairs based on real-world diagnostic and treatment cases"we collect representative exercisesfrom the Chinese Medical Licensing Exam (CNMLE), ResidentStandardization Training Exam, and Doctor in-chargeQualification Exam2 across many recent years, covering27,248, 2,841, and 8,927 questions, respectively"; "we collect over 2,000 real-world electronichealth records, and employ experts to identify the symptoms,diagnoses, treatments, and examinations from the reports,resulting in 701 high-quality ones with an average lengthof 60–100 words per report (Figure 2). The annotators completedprofessional training and strictly following predefinedannotation standards to ensure accuracy. Based on these annotatedreports, a total of 1,025 question–answer pairs areeventually formed."; "For the three-stage multiple-choice examinations, we employ accuracy as the evaluation metric. When dealing with real-world cases, we combine expert-level human evaluation with the additional automatic evaluation metrics BLEU (Papineni et al. 2002) and ROUGE (Lin 2004)."all other metrics A benchmark for question answering is created based on medical examinations and real-world clinical cases. BLEU is used to analyse the answers to the real-world clinical cases. 2

Cai MedBench: A large-scale Chinese benchmark for evaluating medical Large Language Models2023 d ROUGE question answering "The emergence of various medical large language models (LLMs) in the medical domain has highlighted the need for unified evaluation standards, as manual evaluation of LLMs proves to be time-consuming and labor-intensive. To address this issue, we introduce MedBench, a comprehensive benchmark for the Chinese medical domain, comprising 40,041 questions sourced from authentic examination exercises and medical reports of diverse branches of medicine"answer accuracy "a credible benchmark for assessing the mastery of knowledge and reasoning abilities in medical language learning models."automatic with human reference no ROUGE, question-answer pairs based on real-world diagnostic and treatment cases"we collect representative exercisesfrom the Chinese Medical Licensing Exam (CNMLE), ResidentStandardization Training Exam, and Doctor in-chargeQualification Exam2 across many recent years, covering27,248, 2,841, and 8,927 questions, respectively"; "we collect over 2,000 real-world electronichealth records, and employ experts to identify the symptoms,diagnoses, treatments, and examinations from the reports,resulting in 701 high-quality ones with an average lengthof 60–100 words per report (Figure 2). The annotators completedprofessional training and strictly following predefinedannotation standards to ensure accuracy. Based on these annotatedreports, a total of 1,025 question–answer pairs areeventually formed."; "For the three-stage multiple-choice examinations, we employ accuracy as the evaluation metric. When dealing with real-world cases, we combine expert-level human evaluation with the additional automatic evaluation metrics BLEU (Papineni et al. 2002) and ROUGE (Lin 2004)."all other metrics A benchmark for question answering is created based on medical examinations and real-world clinical cases. ROUGE is used to analyse the answers to the real-world clinical cases. 2
Doddington Automatic evaluation of machine translation quality using n-gram co-occurrence statistics      question answering                   NIST, snowballed from Sai - A survey of evaluation metrics used for NLG systems4
El Ayari Fine-grained linguistic evaluation of question answering systems2010 question answering "computing a system performance cannot be theonly way to evaluate a QA system because this type of evaluationis global and cannot provide a real understanding ofthe system performances relative to some specific linguisticphenomena."; "However there are no tools or methods to produce sys tematic evaluations of linguistic criteria for such systems. Thus, we envisage another method of system evaluation: glass box evaluation, which consists in evaluating the re sults produced by each component of a system in order to measure their relevance compared to the whole process."intermediary results questiona answering system"evaluating the intermediary results produced by any question answering system"fully automatic no QA system with four components: question analysis, document search and tagging, passage selection, and answer extraction."QA systems generally follow a pipeline architecture in order to realize the following treatments: question analysis, document search and tagging, passage selection and answer extraction."None REVISE is a tool for glass box evaluation based on diagnostic of question answering system results.3
He Research on the quality prediction of online Chinese Question Answering community answers based on comments2019 question answering "To improve the user-friendliness of CQA sites and help users find high-quality answers quickly, in this paper, we propose a supervised learning model to evaluate the quality of answers on Chinese CQA sites." answer quality "The prediction goal of answer quality is to detect high-quality answers and low-quality answers in the list of candidate answer"trained model not clear Chinese community Q&A data, answer ranking model consisting of topic model, semantic similarity and emotional polarity"We crawl the data of Chinese community Q&A website."; "Based on the topic model, the 'question role', 'answer role', and 'evaluation information' are introduced to obtain the topic distribution of questions and answers, and the question and answer pair semantic features are selected by calculating the topic distribution similarity."; "Then we conduct an emiontal polarity of the comments on the answers to determine the emotional polarity features of the answers."; "The ranking model is used to train and validate the training set and the test set respectively, to realize the prediction of the answer quality of the Chinese community Q&A website."None In this paper, a model is trained to rank the quality of community answers to questions. The trained model uses different features, like length of the answer, semantic similarity between question and answer, and the emotional tendency of comments.3
Jahan A comprehensive evaluation of large Language models on benchmark biomedical text processing tasks2024 d Task: question-answering question answering Recently, Large Language Models (LLMs) have demonstrated impressive capability to solve a wide range of tasks. However, despite their success across various tasks, no prior work has investigated their capability in the biomedical domain yet.Performance Performance of LLMs on benchmark biomedical tasksother both human and automaticno Accuracy Not reported Not applicable Performance of LLMs on the biomedical task question-answering, using the metric accuracy2
Jin Better to Ask in English: Cross-Lingual Evaluation of Large Language Models for Healthcare Queries2024 a Correctness question answering Our framework emphasizes the importance of equity across languages and generalizability across models, guided by our proposed evaluation metrics for LLM evaluations. ; We propose XLingEval, a comprehensive evaluation framework for LLMs in the healthcare domain that focuses on three fundamental criteria: correctness, verifiability, and consistency. Our framework features the gaps in equity in LLM development across multiple languages, and demonstrates generalizability in this evaluation across different LLMs.LLM's ability to generate appropriate and comprehensive answers  Correctness: The model’s responses should exhibit factual correctness and comprehensively address the query. ; The first fundamental criterion of XLingEval is correctness, which pertains to the accuracy, comprehensiveness, and contextual appropriateness of LLMs’ responses in healthcare inquiries.LLM LLM as a judge (classifier) In Phase-1, the LLM (GPT3.5) was prompted with questions from each dataset, yielding an LLM answer for each question. In the Phase-2 prompt, the initial instruction directed the LLM to assess whether the LLM answer contradicted or found similar with the ground-truth. If found similar, subsequent instructions prompted the LLM to compare the comprehensiveness and appropriateness of the answers.Given a set of (Question, human answer, LLM answer), LLM is prompted using Chain-of-Thoughts to classify LLM-generated answer as one of the four labels (i.e., "More comprehensive and appropriate", "Less comprehensive and appropriate", "Neither contradictory nor similar", "Contradictory")2
Jin Better to Ask in English: Cross-Lingual Evaluation of Large Language Models for Healthcare Queries2024 b Correctness question answering see above human's agreement of GPT's judgmentsee above human yes/no question. Human will need to provide reasons if they do not agre Each instance within this annotation dataset comprised a quadruple, consisting of a question, an expert-curated answer, a response generated by the LLM, and a reasoning generated from GPT-3.5 (during the Phase-2 prompting) that elucidated the justification behind the classification label ascribed to the given example. The annotators were required to answer a yes/no based question on whether they agreed with the reasoning and classification label provided by the LLM. Additionally, in cases where the annotator did not agree with the reasoning, we asked them to provide the reasoning for selecting the ‘no’ option along with reporting the correct relationship between the two answers (more details in Appendix). We assigned the majority label to each instance based on the annotations.Given a set of (question, human answer, LLM answer, GPT judgment), human annotators answer if they agree with the GPT judgment.  2
Jin Better to Ask in English: Cross-Lingual Evaluation of Large Language Models for Healthcare Queries2024 c Consistency question answering see above n-gram overlap, sentence length, semantic similarity, topic similarity Consistency: The model should produce consistent responses to identical queries, reflecting high similarity in lexical, semantic, and topic aspects. fully automatic automatic metrics to measure lexical & semantic & topic similarityJaccard similarity, # of words, BERTScore, Cosine similarity, Latent Dirichlet Process (LDA), Hierarchical Dirichlet Process (HDP)LLM is prompted 10 times with the same question, the lexical, semantic and topic similarity of responses are calculated. Temperature is also adjusted between 1.0 and 0.0.2
Jin Better to Ask in English: Cross-Lingual Evaluation of Large Language Models for Healthcare Queries2024 d Verifiability question answering see above LLM as a judge - LLM's ability to verify the validity of the answers Verifiability: The model should be capable to authenticate accurate claims and clearly distinguish between correct and erroneous responses to a query.LLM LLM as a judge (binary classifier) The model takes as input a set of question-answer pairs (qE, aE) for English, and (qNE, aNE) for non-English languages. It predicts a binary label LE  or LNE  about whether the response is a correct answer to the question.Given a pair of (question, answer), LLM outputs a binary label "correct" or "not correct". The gold labels are from the dataset. 2
Kamalloo Evaluating open-domain question answering in the era of large language models2023 a lexical matching - exact match accuracyquestion answering "lexical matching fails completely when a plausible candidate an swer does not appear in the list of gold answers, which is increasingly the case as we shift from extractive to generative models."correctness of answer "For this annotators5 purpose, we ask two human to judge whether a given answer to a question is correct or not."automatic with human reference no gold standard answers, lexical matching, exact-matching accuracy"is to perform lexical matching between gold answers provided in the benchmark and models’ predictions"the other methods Open-domain QA datasets encompass questions with their annotated gold answers that serve as a reference for evaluation. Evaluation is carried out via lexical matching using exact-match accuracy. A candidate answer is deemed correct if it can be found in the set of gold answers. The ratio of correct answers in the test collection is reported as EM accuracy.1
Kamalloo Evaluating open-domain question answering in the era of large language models2023 b lexical matching - F1 score question answering "lexical matching fails completely when a plausible candidate an swer does not appear in the list of gold answers, which is increasingly the case as we shift from extractive to generative models."correctness of answer "For this annotators5 purpose, we ask two human to judge whether a given answer to a question is correct or not."automatic with human reference no gold standard answers, lexical matching, F1 score"is to perform lexical matching between gold answers provided in the benchmark and models’ predictions"the other methods Open-domain QA datasets encompass questions with their annotated gold answers that serve as a reference for evaluation. Evaluation is carried out via lexical matching using F1 score. A candidate answer receives a partial score (F1) if its tokens overlap with those of a gold answer. The maximum F1 score over a set of gold answers is assigned to the candidate answer. The final metric at corpus-level is measured via averaging F1 scores over the test collection.1
Kamalloo Evaluating open-domain question answering in the era of large language models2023 c automated evaluation mechanism question answering "lexical matching fails completely when a plausible candidate an swer does not appear in the list of gold answers, which is increasingly the case as we shift from extractive to generative models."correctness of answer "For this annotators5 purpose, we ask two human to judge whether a given answer to a question is correct or not."LLM yes gold standard answers, semantic matching, BERT-based model"we use a recent BERT-based model, namely BEM (Bulian et al., 2022), that is trained on a human-annotated collection of answer pairs given a question, derived from SQuAD (Rajpurkar et al., 2016). For evaluation, we feed a question along with a gold answer and a candidate answer to BEM and take its prediction. For questions with multiple gold answers, each gold answer is independently tested with a candidate answer. Once matched with either of the gold answers, a candidate answer is deemed correct."the other methods BERT-based model (BEM) trained on human-annotated collection of answer pairs given a question. For evaluation, feed a question along with a gold answer and a candidate answer to BEM and take its prediction. For questions with multiple gold answers, each gold answer is independently tested with a candidate answer. Once matched, a candidate answer is deemed correct.1
Kamalloo Evaluating open-domain question answering in the era of large language models2023 d LLM evaluation question answering "lexical matching fails completely when a plausible candidate an swer does not appear in the list of gold answers, which is increasingly the case as we shift from extractive to generative models."correctness of answer "For this annotators5 purpose, we ask two human to judge whether a given answer to a question is correct or not."LLM no gold standard answers, prompt, LLM"We include the gold answer along with the candi date answer in the prompt, akin to the semantic similarity mechanism, as the objective here is to verify the correctness of the candidate"the other methods A prompt is formulated with the question, gold answer and candidate answer. The LLM is asked whether the candidate answer is correct. 1
Kamalloo Evaluating open-domain question answering in the era of large language models2023 e human evaluation question answering "lexical matching fails completely when a plausible candidate an swer does not appear in the list of gold answers, which is increasingly the case as we shift from extractive to generative models."correctness of answer "For this annotators5 purpose, we ask two human to judge whether a given answer to a question is correct or not."human no human evaluation "For this purpose, we ask two human annotators5 to judge whether a given answer to a question is correct or not. We present only question/answer pairs to human annotators to avoid any inadvertent biases, i.e., the annotators do not know which answers correspond to which model nor do they know if an answer is a gold answer."the other methods Two human annotators are given a question and an answer (blinded for gold or candidate answer) and are asked to judge whether the answer to the question is correct or not. 1
Kamalloo Towards Robust QA Evaluation via Open LLMs 2024 question answering This work builds on using LLMs  for automated evaluation, aiming to standardize QA evaluation  using open-source LLMs.Correctness of the answer. Explanation of the judgement.Our main idea to use LLMs for QA evaluation is to insert both  gold answers and candidate answers in the prompt and instruct the  model to verify whether candidate answers are acceptable.LLM GPT-4, GPT-3.5-turbo, GPT-4-turbo, FLAN-large, Mistral, ZephyrWe develop LLM-based evaluation techniques based on CoT  prompting and self-consistency to bolster reliability. ; First, we follow chain-of-thought (CoT) prompting [41] to guide the  model to explain its output before making its judgment. However,  it is challenging to convey all the intricacies of evaluation through  explanation in a few examples, which contributes to reasoning errors in LLM evaluation. To fix this issue, we adopt self-consistency  [39] to sample multiple explanations and obtain the final evaluation  based on a majority vote.Exact Match, F1 LLMs assess the correctness of fact-based questions by using chain-of-thought reasoning and self-consistency, where the model is asked the same question multiple times, and the final answer is determined by taking the majority vote of its responses to reduce reasoning errors.2



Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 a redundancy question answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"redundancy "One of the first categories to emerge from the data was that of redundancy of the answers provided by the system"human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3

Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 b novelty question answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"novelty "Analysts made many comments about the novelty of information provided by the system."human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3
Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 c completeness question answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"completeness "This category of responses is related to the system’s ability to provide all relevant information."human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3
Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 d specificity, selectiveness, and comprehensionquestion answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"sensitivity, selectiveness, and comprehension"Comments related to this category were about the level of specificity with which the system provided information, and to its selectiveness, that is, the level of specificity with which analysts could question the system."human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3
Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 e confidence question answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"confidence in system "Confidence is related to analysts’ beliefs regarding the appropriateness and comprehensiveness of answers that the system returns, and to their general belief that the system has returned all relevant information"human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3
Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 f coherence and context question answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"coherence and context"Several comments made by analysts illustrated a desire to understand the origin of answers supplied by the system and the larger context in which they were situated"human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3
Kelly Using interactive data to identify evaluation criteria for interactive, analytical question-answering systems2007 g integration and control question answering "There are, however, few studies to guide the evaluation of analytic QA systems, and there are even fewer studies to guide the evaluation of interactive, analytical question answering where real users are involved"integration and control "In addition to the QA system tracking what a user does,analysts also expressed an interest in being able to keeptrack of their activities and integrate various micro- and macro-level activities and functions"human no QA system designed to answer analytical questions, human analysts, scenarios on mass destruction, questionnaire, focus group interview"HITIQA (Small et al., 2004) is a complex end-to-end QAsystem specifically designed to let users ask exploratory, analyticalquestions whose answers cannot be readily judgedas right or wrong."; "This evaluation was conducted with intelligenceanalysts as system users and took place during two, three-dayworkshops."; "The evaluationmethod was guided by the principles of participatory design(Schuler & Namioka, 1993) and was conducted as a formativeevaluation (Flagg, 1990)."; "Analysts’ primary task at theworkshop was to prepare draft reports—similar to the kindthat they might submit to their managers at work—inresponse to scenarios. Scenarios were complex questionsthat encompassed multiple subquestions"; "On the second day, analystsused HITIQA to prepare reports on two different scenarios.After the preparation of each report, analysts completedan online evaluation questionnaire"; "forty-five minute focus group interview"none Answers from a complex end-to-end QA system were analysed designed to let users ask exploratory analytical questions. Emergent evaluation categories occurred. Seven evaluation categories emerged.3
Ligozat Lexical validation of answers in question answering 2007 a F1 question answering "Question answering (QA) aims at retrieving precise information from a large collection of documents, typically the Web. Different techniques can be used to find relevant information, and to compare these techniques, it is important to evaluate question answering systems"correctness of answer "The objective of an Answer Validation task is to estimate the correctness of an answer returned by a QA system for a question, according to the text snippet given to support it."other automatic scores checking similarity between answers and hypothesis, human evaluation checking the scores no answer by question answering system and answer by human annotators, F1 score"All these criteria lead us to calculate 2 scores. The first ofthem concerns the correlation between the answer extractedfrom the hypothesis A1 and the answer found by our systemFRASQUES: A2. When both answers are completelydifferent the hypothesis is refuted. When they are similar,or when FRASQUES did not obtain any answer, the decision is made by taking into consideration the presence/absence of particular terms. This first score is positive, either when both answers are similar or when the important terms are present in the snippet; it is negative in the other cases."the other methods Two answers are compared. One answer (hypothesis) that is obtained from a rephrased question (input) and one answer obtained by the question answering system. When both answers are completely different the answer is rejected. Human evaluators judged the correctness of the answer. It is unclear how exactly similarity is measured for the automatic validation.  2
Ligozat Lexical validation of answers in question answering 2007 b precision question answering "Question answering (QA) aims at retrieving precise information from a large collection of documents, typically the Web. Different techniques can be used to find relevant information, and to compare these techniques, it is important to evaluate question answering systems"correctness of answer "The objective of an Answer Validation task is to estimate the correctness of an answer returned by a QA system for a question, according to the text snippet given to support it."other automatic scores checking similarity between answers and hypothesis, human evaluation checking the scores no answer by question answering system and answer by human annotators, precision"All these criteria lead us to calculate 2 scores. The first ofthem concerns the correlation between the answer extractedfrom the hypothesis A1 and the answer found by our systemFRASQUES: A2. When both answers are completelydifferent the hypothesis is refuted. When they are similar,or when FRASQUES did not obtain any answer, the decision is made by taking into consideration the presence/absence of particular terms. This first score is positive, either when both answers are similar or when the important terms are present in the snippet; it is negative in the other cases."the other methods Two answers are compared. One answer (hypothesis) that is obtained from a rephrased question (input) and one answer obtained by the question answering system. When both answers are completely different the answer is rejected. Human evaluators judged the correctness of the answer. It is unclear how exactly similarity is measured for the automatic validation.  2
Ligozat Lexical validation of answers in question answering 2007 c recall question answering "Question answering (QA) aims at retrieving precise information from a large collection of documents, typically the Web. Different techniques can be used to find relevant information, and to compare these techniques, it is important to evaluate question answering systems"correctness of answer "The objective of an Answer Validation task is to estimate the correctness of an answer returned by a QA system for a question, according to the text snippet given to support it."other automatic scores checking similarity between answers and hypothesis, human evaluation checking the scores no answer by question answering system and answer by human annotators, recall"All these criteria lead us to calculate 2 scores. The first ofthem concerns the correlation between the answer extractedfrom the hypothesis A1 and the answer found by our systemFRASQUES: A2. When both answers are completelydifferent the hypothesis is refuted. When they are similar,or when FRASQUES did not obtain any answer, the decision is made by taking into consideration the presence/absence of particular terms. This first score is positive, either when both answers are similar or when the important terms are present in the snippet; it is negative in the other cases."the other methods Two answers are compared. One answer (hypothesis) that is obtained from a rephrased question (input) and one answer obtained by the question answering system. When both answers are completely different the answer is rejected. Human evaluators judged the correctness of the answer. It is unclear how exactly similarity is measured for the automatic validation.  2
Ligozat Towards an automatic validation of answers in question answering2007 question answering 3
Lin ROUGE: A package for automatic evaluation of summaries      question answering                   ROUGE, snowballed from Xu - A critical evaluation of evaluations for long-form question answering4
Liu Towards Automatic Evaluation for LLMs' Clinical Capabilities: Metric, Data, and Algorithm2024 question answeringchatbot & reasoning we develop a Retrieval Augmented Evaluation (RAE) to simulate the interactive environment with the doctor agent. In particular, RAE is a retrieval algorithm to evaluate whether a doctor agent possess the capabilities of a clinical physician in accordance with LLM-specific Clinical Pathways (LCP), including: collecting medical information from patients, guiding patients for appropriate laboratory test, as well as providing accurate diagnostic and treatment results.LLM's clinical behaviors a clinician committee was established to validate the correctness of LCP for real-world medical consultations, where 6 professional clinical practice capabilities are deemed necessary to provide reasonable diagnostic and treatment results ; Information Completeness - Enquire medical information of patients; Behavior Standardization - Enquire information by a suitable order; Guidance Rationality - Enquire reasonable test/exam reports, Diagnostic Logicality - Reason out the correct diagnosis results; Treatment Logicality - Reason out the correct treatment plans, Clinical Applicability - Finishing tasks within reasonable consultation roundsfully automatic diagnosis / treatment / test / examination accuracyHow much SPs’ information is retrieved; Whether following the retrieved inquiry order; How many reasonable tests/exams are retrieved; Generations VS. Retrieved ground-truth;  Agent’s round VS. Retrieved clinician’s roundNone RAE retrieve bi-level data from patient records (i.e., Standarized Patient) as ground truth and calculate each metric. 3
Long A novel evaluation model for assessing ChatGPT on otolaryngology - Head and neck surgery certification examinations: Performance study2024 question answering "We present the first evaluation of an LLM (GPT-4) on the otolaryngology/head and neck surgery certification examination of the Royal College of Physicians and Surgeons of Canada (RCPSC) and propose a novel method to assess AI performance on open-ended medical examination questions."concordance, validity, safety, competency"The answers were assessed and scored based on a newly proposed Concordance, Validity, Safety, Competency (CVSC) model (Table 1)."human no human annotators, answers from GPT model"The answers were assessed and scored based on a newly proposed Concordance, Validity, Safety, Competency (CVSC) model (Table 1). Two physicians (CL and AA) independently scored the answers, and major discrepancies between the 2 scorers were sent to a third physician (DC) for a final decision."none The authors propose a model to score answers to medical board questions, called the concordance, validity, safety and competency model. Human annotators can use the model to score the outcomes of the LLM.2
Lu SF-QA: Simple and fair evaluation library for open-domain question answering2021 question answering "Although open-domain question answering (QA) draws great attention in recent years, it requires large amounts of resources for building the full system and it is often difficult to reproduce previous results due to complex configurations."not reported not reported automatic with human reference no SF-Qa library system "SF-QA is a library that is designed to make it easy to evaluate and reproduce open-domain systems that use ranker-reader architecture."none This method describes a complete question answering evaluation system. It provides pre-indexed large knowledge sources as cached ranking results, a hub of reader models, and a configuration file that can be used to precisely reproduce an open-domain QA system. The evaluation is focussed on standard evaluation metrics, like exact match, F-1 score, ranking recall, oracle ranker score, and mean reciprocal rank. 2
Luo Systematic assessment of factual knowledge in large language models2023 question answering "Previous studies have relied on existing question-answering benchmarks to evaluate the knowledge stored in large language models (LLMs). However, this approach has limitations regarding factual knowledge coverage, as it mostly focuses on generic domains which may overlap with the pretraining data."accuracy of answers "Our frame- work automatically generates a set of questions and expected answers from the facts stored in a given KG, and then evaluates the accuracy of LLMs in answering these questions."other LLM for question generation & fully automatic metricno Questions generated based on knowledge graph, fuzzy match metric, precision, recall"Our framework leverages the facts stored in a KG, organized into triplets, i.e., (subject, relation la- bel, object), to automatically generate a set of knowledge-based questions"none The authors propose a method to assess accuracy of response of LLMs to questions. They generate true-false questions, multiple choice questions and short-answer questions using ChatGPT, based on an existing knowledge graph. They use a fuzzy match metric to assess if the generated answer appears in the reference answer. They also use precision and recall. 2
Ma Knowledge-driven data construction for zero-shot evaluation in commonsense question answering2021 question answering "However, there is increasing concern that models overfit to specific tasks, without learning to utilize external knowledge or perform general semantic reasoning. In contrast, zeroshot evaluations have shown promise as a more robust measure of a model’s general reasoning abilities." 3
McIntosh A Culturally Sensitive Test to Evaluate  Nuanced GPT Hallucination2023 question answering Our study have critiqued existing proposals that advocated purely automated algorithmic solutions for GPT hallucinations, emphasizing the intricacies of culture-dependent hallucinations that necessitate a nuanced cultural understanding, and the essential role of human intervention.hallucinatory levels This enriched framework, termed the Culturally Sensitive Test (“our Test”), incorporates the task of identifying hallucinatory content in responses provided by both human participants and a GPT model: an interrogator plays an active role in probing responses, aiming to evaluate their hallucinatory levels.human human rating - human interrogator is asked to rate 0 or 1 for both responses from human and models. Human and GPT model responses are gathered and delivered to the interrogator. Each response is evaluated by the interrogator, focusing on the identification of hallucinatory content rather than the answer quality. ;The procedure employed in our Test is outlined as follows: 1) Interrogator and Participants Selection: An interrogator is chosen based on their deep understanding of the topic to identify potential hallucinations, with their assessments enriched by their knowledge and experience. A human participant and a GPT model are also chosen for response generation. 2) Prompt Questions Generation: Prompts designed to provoke potential inaccuracies in GPT responses are composed, requiring factual details, specific training data recall, or responses to ambiguous or adversarial inputs. 3) Responses Collection: Human and GPT model responses are gathered and delivered to the interrogator. 4) Interrogator’s Assessment: Each response is evaluated by the interrogator, focusing on the identification of hallucinatory cNone Humans and models are asked 70 hallucination-induced questions/prompts across 7 categories. An interrogator rates all answers as 0(non-hallucinatory) or 1(hallucinatory). The average hallucination score across all questions per categoty are calculated. 2
Olvera-Lobo Question answering track evaluation in TREC, CLEF and NTCIR2015 question answering "The evaluation of QA systems is a major research area that needs attention, especially with the emergence of domain-oriented question answering systems based on natural language understanding and reasoning"not reported not reported automatic with human reference no human evaluators, evaluation metrics"All answers were judged by native language human assessors, whoassigned to each response a unique judgment following a schema pre-established. In TREC the process was begun with a binary evaluation of the questions (0-correct and 1-incorrect) in order to apply thereafter the already traditional evaluationof correct/right, incorrect/wrong, not exact or not support. The latest QA tasks saw theintroduction of the dichotomy “globally correct” or “locally correct” for the correctquestions."; "As seen in Table 7, it is the traditional measures of IR (precision, recall, accuracy) which continue to be the most used."not applicable The paper summarizes evaluation methods used at different conferences. It describes globally how human annotators are needed to evaluate the correctness of an answer and how metrics are then applied to calculate accuracy.2
Ong Development of an evaluation model for question answering systems2008 question answering "Although many QAS have been implemented, little work has been done on the development of an evaluation model for them. The purpose of this study is to develop an evaluation model for question answering systems from user’s perspective"user satisfaction "We have established the theoretical foundation and conceptualization of the constructs for user satisfaction with question answering systems."human no questionnaire, human evaluators"Hence, an initial USQASinstrument comprised of 27 items, including the five globalitems, was developed using a seven-point Likert scale, withanchors ranging from “strongly disagree” to “stronglyagree”.";"In this study, we developed 4-factor, 18-item instrument for measuring USQAS. The four primary dimensions of USQAS are ease of use, usefulness, service quality, and content quality."none This paper presents a user satisfaction instrument for evaluating question answering systems. It consists of 18 items mapping to four factors: ease of use, usefulness, service quality, and information quality. Each item uses a seven-point Likert scale ranging from 'strongly disagree' to 'strongly agree'. 2
Ong The measurement of user satisfaction with question answering systems2009 question answering "Although many QAS have been implemented, little work has been done on the development of an evaluation model for them. Our purpose was to develop a validated instrument to measure user satisfaction with QAS (USQAS)." 3
Ong User-centered evaluation of question answering systems2008 question answering "As most evaluation models focus on system-centered evaluation, user-centered evaluation has attracted little attention." 3
Papakostas Model analysis & evaluation for ambiguous question answering2023 question answering "Ambiguous questions are a challenge for Question Answering models, as they require answers that cover multiple interpretations of the original query. To this end, these models are required to generate long-form answers that often combine" This paper looks at ambiguous question answering requiring long form question answering (LFQA). 3
Papineni BLEU: A method for automatic evaluation of machine translation.      question answering                   BLEU, snowballed from Cai - MedBench: A large-scale Chinese benchmark for evaluating medical large language models4
Penas Testing the reasoning for question answering validation2007 question answering "Question answering (QA) is a task that deserves more collaboration between natural language processing (NLP) and knowledge representation (KR) communities, not only to introduce reasoning when looking for answers or making use of answer type taxonomies and encyclopaedic knowledge, but also, as discussed here, for answer validation (AV), that is to say, to decide whether the responses of a QA system are correct or not."correctness "An answer will be validated if there is enough evidence to affirm its correctness."automatic with human reference no question, candidate answer, and supporting text, precision, recall, F-score"An answer validation system receives the triplet Question, Candidate Answer and Supporting Textand returns a Boolean value indicating if the Answer is correct for the Question according to theSupporting Text or not"; "Therefore, instead of using an overall accuracy as the evaluation measure, we propose to use precision (1), recall (2) and a F-measure (3) (harmonic mean) over pairs with entailment value equals to YES."None This paper presents an (open domain) QA validation system that assesses if the answer is correct or not by reformulating the validation problem as one of textual entailment. The text that supports the answer must entail the given answer. First, a hypothesis is formulated based on the question asked and the answer given. Second, the text snippet on which the answer is based is identified. The entailment value is determined (correct answer when hypothesis is entailed, unsupported answer if the hypothesis is not entailed but answer could be correct, inexact answer if the answer might be entailed, but the answer string is too short or too long, incorrect answer if the the text is entailed but the answer is wrong). 2
Penas A simple measure to assess non-response       question answering                   correctness@1, snowballed from Rodrigo - A study about the future evaluation of Question-Answering systems4
Ravich NoiseQA: Challenge set evaluation for user-centric question answering2021 question answering "While there has been significant community attention devoted to identifying correct answers in pas sages assuming a perfectly formed question, we show that components in the pipeline that precede an answering engine can introduce varied and considerable sources of error, and performance can degrade substantially based on these upstream noise sources even for pow erful pre-trained QA models."Validation is encouraged to consider real-world use. This paper studies interface noise (e.g., speech recognition, translation) for QA systems. The study shows that the choice of interface can impact the performance of QA systems. 3
Ray World wide web based question answering system - A relevance feedback framework for automatic answer validation2009 question answering "The  validation  of  the  correctness  of  the  answer  is  an  important issue in the field of question answering. In  this  paper,  we  are  proposing  a  World  Wide  Web  based solution  for answer validation where answers  returned  by  open  domain  Question  Answering  Systems can be validated using online resources such  as Wikipedia  and Google"correctness "The  validation  of  the  correctness  of  the  answer  is  an  important issue in the field of question answering. In  this  paper,  we  are  proposing  a  World  Wide  Web  based solution  for answer validation where answers  returned  by  open  domain  Question  Answering  Systems can be validated using online resources such  as Wikipedia  and Google"automatic with human reference no similarity computaiton, named entity matching, www based answer validation"we are describing threeheuristics applied in our answer validation module:Similarity computation, Named entity matching, andWorld Wide Web based Answer validation."; "The first heuristic for answer validation is to findthe similarity between the expected answer patternsand candidate answers extracted from the WorldWide Web."; "The World Wide Web answer validation heuristic is based on the fact that frequency of correct answers on the World Wide Web is higher than incorrect answers."None This paper presents a validation system for open domain question answering systems. The answer validation applies three heuristics. The first heuristic measures the similarity between the expected answer patterns and candidate answers. The second heuristic searches for some specific type of entities in candidate answer sentences.3
Rodrigo A study about the future of question-answering systems2017 a metrics focussed on correctness question answering "In this paper, we analyze the last evaluation campaigns of QA systems and detect the main barriers for current technologies. On the basis of these issues, we recommend a set of incremental eval- uations addressed to foster new QA systems able to improve cur- rent results."correctness "Finally, depending on the correctness of these an- swers, a final score for each system is given."automatic with human reference no accuracy, mean reciprocal rank, "The main QA measure has been accuracy , which represents the proportion of questions correctly answered."; "On the other hand, Mean Reciprocal Rank ( MRR ) was used when several answers per question are given in a ranking list [7] . Ac- cording to MRR , each question receives a score that is the recipro- cal of the rank at which the first correct answer is given, or 0 if no correct answer is returned. This score represents the Reciprocal Rank (RR) for each question. The final score is the mean over the Reciprocal Ranks of all the questions"other metrics This paper focusses on free-text question answering. It presents accuracy as the main score used for evaluation.1
Rodrigo A study about the future of question-answering systems2017 b metrics focussed on self-confidencequestion answering "In this paper, we analyze the last evaluation campaigns of QA systems and detect the main barriers for current technologies. On the basis of these issues, we recommend a set of incremental eval- uations addressed to foster new QA systems able to improve cur- rent results."self-confidence "In order to overcome limitations of the aforementioned mea- sures, some evaluation campaigns suggested measures based on self-confidence scores"automatic with human reference no confidence weighted score "TREC proposed Confidence Weighted Score( CWS ) [8] , which is based on Average Precision. CWS requires sys-tems to return only one answer per question and rank all the an-swers according to system’s self-confidence. Then, CWS rewardssystems returning correct answers at top positions in the ranking.CWS is defined in Eq. (2) , where n is the number of questions andC(i) , defined in Eq. (3) , is the number of correct answers up to theposition i in the ranking. In Eq. (3) , I(j) is a function that returns 1if answer j is correct and 0 if it is incorrect."; "On the other hand, CLEF proposed the use of the Pearson’s cor- relation coefficient and two new measures: K and K1 [9] . K and K1 are based on a utility function that returns -1 if the answer is in- correct and 1 if it is correct. Both measures weight this value with the confidence score given by the system."other metrics This paper focusses on free-text question answering. It describes confidence weighted scores, which takes the confidence weighting into account when calculating the score. CWS gives more value to some questions over others, because questions with answers at top positions contribute more to the final score. A variation is CLEF using pearson's correlation coefficent, but it was not successful. 1
Rodrigo A study about the future of question-answering systems2017 c metrics focussed on non-response question answering "In this paper, we analyze the last evaluation campaigns of QA systems and detect the main barriers for current technologies. On the basis of these issues, we recommend a set of incremental eval- uations addressed to foster new QA systems able to improve cur- rent results."correctness "Correctness at one ( c@1 ) was proposed according to the obser- vations above [10] ."automatic with human reference no correctness at one "If a system prefers not to answer a question because the system is unsure about finding correct answers, the system should receive a better score than in the case of returning an incorrect answer"other metrics This paper focusses on free-text question answering. It describes correctness @ 1, meaning that the system weight non-responses as better than an incorrect answer. A system that answers all the questions would receive a score equal to accuracy. Unanswere questions add value to c@1 as if they were answered with the accuracy already shown.1
Roy Feature extraction to filter out low-quality answers from social question answering sites2023 question answering "Worryingly, answer quality onSQAs have been reported to be following a downward trajectory in recent years. To this end, existing research has predominantly focused on finding the best answer, or identifying high-quality answers among the available responses.However, such scholarly efforts have not reduced the volume of low-quality answers on SQAs. Therefore, the goal of thisresearch is to extract features in order to weed out low-quality answers as soon as they are posted on SQAs"low-quality answers "Thereafter, machine learning algorithms were implemented that could correctly identify 85% to 96% of low-quality answers."fully automatic yes Dataset of community question answering, extracted features"The combined dataset was filtered first, and then it was labelled into two classes, answers with low quality (Class 0)and answers with high quality (Class 1). Answer quality was determined based on users’ votes."; "We extracted a set of textual features that ranged from nouns, verbs and adjectives to readability and wrong (nondictionary) words"none This paper focusses on identifying low-quality answers on social question answering sites. It trains an algorithm to automatically detect low-quality answers. Features were extracted such as the number of nouns/verbs/adjetcives, total number of words, reading ease score, and answerer's reputation on same domain. Machine learning models (e.g., random forest) were trained to identify low quality answers.3
Ryu Retrieval-based Evaluation for LLMs: A Case Study in Korean Legal QA2023 RAG question answering While large language models (LLMs) have demonstrated significant capabilities in text generation, their utilization in areas requiring domain-specific expertise, such as law, must be approached cautiously. This caution is warranted due to the inherent challenges associated with LLM-generated texts, including the potential presence of factual errors.Validity Eval-RAG evaluates the validity of generated texts based on the related document that are collected by the retrieverLLM yes Retrieval of documents relevant to the query that can be used to evaluate the LLM-generated answerOnce an LLM generates answer A for the query Q, Eval-RAG evaluates whether answer A is proper or not for the query Q. First, the retriever R finds legal documents d that are relevant to the query Q. Second, the evaluator E evaluates the validity of answer based on the related document d. It is worth noting that Eval-RAG can be combined with any existing LLM-based evaluation methods.FairEval, FairEval-RAG, ChatEval, ChatEval-RAGEvaluation method that can be added onto any LLM-based evaluation method of QA systems. It precedes the 'normal' evaluation by a retrieval step that finds documents relevant to the question on which the evaluation of the generated answer can be based.2
Sellam BLEURT: learning robust metrics for tekst generation      question answering                   BLEURT, snowballed from Xu - A critical evaluation of evaluations for long-form question answering4
Toba Discovering high quality answers in community question answering archives using a hierarchy of classifiers2014 question answering "Most existing works on answer quality prediction use the same model for all answers, despite the fact that each answer is intrinsically different. However, modeling each individual QA pair differently is not feasible in practice. To balance between efficiency and accuracy, we propose a hybrid hierarchy-of-classifiers framework to model the QA pairs."answer quality "we use the information from question analysis to predict the expected answer features and train the type-based quality classifiers to hierarchically aggregate an overall answer quality score."fully automatic yes classifier to classify question type, classifier to classify question quality, manual lables for good and bad answers, manual labels for question type"It is common to analyze the quality of the answer provided by CQA through its textual representation features [6], such asthe length of a question, length of an answer, overlapped words between a question and its answer, length ratio between aquestion and its answer. Another common features used in quality analysis is to utilize popularity and social interactionmeasures [6,24,47,29], such as the number of best answers assigned by users, user or editor recommendations, quality ratings,and answerer’s acceptance ratio";"Our question analyzer follows the technique reported in [44,45]. We classify the question into six types, i:e., Definition,Factoid, Opinion, Procedure, Reason, and YesNo";"We label each question answer pair manually with a quality label in good and bad judgement. Beside the quality label, we also annotate each question answer pair with a specific question type."logistic regression classifierThis paper focusses on community-based question answering. It presents a model that can predict answer quality type of different types of questions. Question are classified into six types: definition, factoid, opinion, procedure, reason, and yes/no. Features to train the model consist of similarity features (word overlap), statistical features (length of answer), answer question ratio, density (punctuation density), readability, monolingual qord translation, number of links/URL, sentiment polarity.3
Tu R-Eval: A Unified Toolkit for Evaluating Domain Knowledge of Retrieval Augmented Large Language Models2024 question answering we introduce R-Eval (RALLM Evaluation Toolkit), a Python toolkit designed to streamline the evaluation of different RAG workflows in conjunction with LLMs. Our toolkit offers users the flexibility to explore four popular built-in RAG workflows: ReAct, PAL, DFSDT, and function callingAccuracy. N-gram overlap. Types of error. Efficiency (execution time). Effectiveness (F1 score)Exact Match (EM), Answer Match (AM), Grounded-generation Error (GE), Reasoning Error (RE), Model Error (ME), Tool-using Error (TE)fully automatic Exact Match (EM), Answer Match (AM), Grounded-generation Error (GE), Reasoning Error (RE), Model Error (ME), Tool-using Error (TE)When the response aligns with the standard answer, if the scratchpad contributes to the final response, we define this situation as Exact Match (EM). If the information in the scratchpad doesn’t relate to the response, i.e., the system can answer consistently with the standard answer relying on the knowledge stored within the model, it’s considered an Answer Match (AM). As to the situation that the response does not match the standard answer, if the scratchpad provides useful information, there are no problems with the retrieval process but something is wrong in the model’s generation process grounded on the retrieved content, we define this as Grounded-generation Error (GE). If the scratchpad’s information is irrelevant, the faulty retrieval process leads to undesirable responses. We then have to ascertain whether the retrieval process was interrupted. There is an issue with the logic of the retrieval if the process is halted. We denote this as a Reasoning Error (RE). If the retrieval process was interruptedEvaluation of 8 LLMs with 4 RAG workflows at 3 knowlede processing tasks across 2 domains.  Classify positive outputs as exact match  / answer match. Classify negative outputs  into different error types.     2
Tu A metamorphic testing approach for assessing question answering systems2021 question answering "This study focuses on assessing TQA and VQA systems from the users’ perspective in order to reveal to which degree QA systems satisfy the users’ expectations"semantic similarity violation"As a result, a similarity score that is higher than a threshold value indicates the equivalence of As and Af in terms of their semantics."fully automatic no metamorphic testing, BERT, cosine similarity"MT proposesto describe the necessary properties of the target system through the relationships amonginputs and outputs of multiple executions. Such properties are expressed by metamorphicrelation (MRs).";"At first, the corresponding follow-up inputs are constructed based on the source inputs according to the MR. After that, for every group of source and follow-up inputs, MT respectively runs the target program on both source and follow-up inputs, yielding the source and follow-up outputs. MT finally checks each group of source and follow-up inputs and outputs against the relevant MR to see whether or not the MR is violated."None This paper presents a metamorphic testing approach for question answering systems that use a passage as input (textual question answering). Metamorphic testing describes the necessary properties of a QA system through the relationships among inputs (passage-question pairs) and outputs (answers) of multiple executions (metamorphic relations). Semantic similarity is used on groups of original and follow-up answers. A higher violation rate indicates a higher degree to which the system's behaviors deviate from the users' expectations. The analysis focusses on three aspects: QA's ability to understand the answering questions (systems gets the same input passage, but a different question, varying capitalization, rephrasing, replacing word with antonym, changing subject of a question) and ability to understand and process passages (system gets the same question, but different input passage, varying capitalization, reversing the order of sentences, addition of irrelevant sentences, removal of irrelevant sentences, re2
Turian Evaluation of machine translation and its evaluation      question answering                   GMT, snowballed from Sai - A survey of evaluation metrics used for NLG systems4
Vekariya A novel approach for semantic similarity measurement for high quality answer selection in question answering using deep learning methods2020 question answering 3
Veron A cooking knowledge graph and benchmark for question answering evaluation in lifelong learning scenarios2020 question answering "We claim that, in order to make progress in the QA over Knowledge Bases (KBs) research field, we must deal with two problems at the same time: the translation of Natural Language (NL) questions into formal queries, and the detection of missing knowledge that impact the way a question is answered. The research on these two challenges has not been addressed jointly until now, what motivates the main goals of this work: (i) the definition of the problem and (ii) the development of a methodology to create the evaluation resources needed to address this challenge."None This paper studies how to evaluate QA systems with unanswerable questions.3
von Geusau Evaluating the robustness of question-answering models to paraphrased questions2021 question answering "We explore whether recent state-of-the-art models are capable of recognizing two paraphrased questions using unsupervised learning. Firstly, we test QA models’ performance on an existing paraphrased dataset (Dev-Para). Secondly, we create a new paraphrased evaluation set (Para-SQuAD) containing multiple paraphrased question pairs from the SQuAD dataset"robustness to question paraphrases"We test the QA models’ performance on an existing paraphrased test set (Dev-Para) to evaluate their robustness to question paraphrases."automatic with human reference no pre-trained models, ground truth answers, paraphrased QA datasets, EM score, F1 score, cosine similarity"In this paper, we use the cosine similarity to measure the closeness between paraphrased question pairs. For each model, we calculate the average cosine similarity for all the paraphrased question pairs in Para-SQuAD to see if the fine-tuned models perform better than the pre-trained models (see Table 2)."None This paper describes the formation of paraphrased QA datasets. It compares the performance of three pre-trained QA models. It compares Exact Match score and F1 score for the original and paraphrased questions. Cosine similarity is used to measure the closeness between praphrased question pairs.2
Wacholder A model for quantitative evaluation of an end-to-end question-answering system2007 question answering "Since each user’s interaction with the system is different, and since there is a variety of arguably correct answers to complex ques tions, systematic evaluation is notoriously difficult (Voorhees & Tice, 2000b; Voorhees, 2003a; Sparck Jones, 2003). Our approach incorporates real users, real tasks, and real systems into the evaluation of information access systems"report quality "Evaluation of Report Quality" human no end-users, questionnaire, reports, 6-point scale, GLM model"The key instrument that we use to obtain consistent judgmentof the reports, which may be quite different from oneanother, is cross-evaluation (Sun, Kantor, Strzalkowski, &Wacholder, 2004), in which real users assess each other’sreports, including their own.";"In order to find out how each factor affects the analysts’ responses, we use an analytical model based on the analysis of variance. We use the General Linear Model available in SPSS software to extract from judgment scores the effects of task, judge, system, and selfbias (details in Sun & Kantor, in press)."None This paper presents a holistic approach of evaluating QA systems, by focusing on the information-seeking process and user experience. Real users assess each other's reports, including their own. Evaluation criteria were: the report covers important ground, the report does not include irrelevant materials, the report is well organized, the report reads clearly and easily. A 6-point scale was used. A questionnaire is used to assess how realistic the task was and whether the system was ready for use in the participant's normal work environment.2
Wong Evaluation of response quality for heterogeneous question answering systems2005 question answering "The research in this paper makes explicit why existing measures for response quality evaluation is not suitable for the ever-evolving field of question answering and following that, a short-term solution for evaluating response quality of heterogeneous systems is put forward."response quality "The research in this paper makes explicit why existing measures for response quality evaluation is not suitable for the ever-evolving field of question answering and following that, a short-term solution for evaluating response quality of heterogeneous systems is put forward."human no black-box system, human annotators, different QA systems"a black-box approach throughobservation and classification with a scoring mechanism."; "Next, using these codes, the evaluators will try to observeand classify each response into one of the categories.The classification is done based on the manual observationby evaluators who are guided by the criteria ofeach category."; " After classification of the responses is done, a scoring mechanism is used to determine responses from which system are of the best overall quality"None This paper describes evaluation methods for QA systems for which there is not one correct answer. Using a classification system, evaluatiors try to classify each response to a question in one of the categories. After classification, a scoring mechanism is used to determine which system is of the best overall quality. A pairwise relative comparison is performed and points are assigned based on superiority of responses of the same category. The system seems to be based on human evaluations, not a black-box algorithm?1
Xu A critical evaluation of evaluations for long-form question answering2023 a human evaluation question answering "Long-form question answering (LFQA) enables answering a wide range of questions, but its flexibility poses enormous challenges for evaluation. We perform the first targeted study of the evaluation of long-form answers, covering both human and automatic evaluation practices."overall preference "Given a question and two candidate answers, the experts were asked to choose which of the answers is better (overall preference), indicate whether the decision was difficult to make (e.g., because both answers were of similar quality), and lastly to justify their choice in a free-form paragraph"human no human annotators, answers for comparison"Given a question and two candidate answers, the experts were asked to choose which of the answers is better (overall preference), indicate whether the decision was difficult to make (e.g., because both answers were of similar quality), and lastly to justify their choice in a free-form paragraph"automatic metrics This paper compares evaluation methods for long-form question answering. The human evaluation consists of a ranking exercise in which the annotators are asked which answer they preferred. 2
Xu A critical evaluation of evaluations for long-form question answering2023 b similarity metrics question answering "Long-form question answering (LFQA) enables answering a wide range of questions, but its flexibility poses enormous challenges for evaluation. We perform the first targeted study of the evaluation of long-form answers, covering both human and automatic evaluation practices."similarity "Many generation metrics assume access to human-written references (in our case, gold answers), which are used to compute similarity scores to model-generated text."other automatic with human reference and BERTscoreno ROUGE, BERTScore, BLEURT "Reference-based metrics: Many generation metrics assume access to human-written references (in our case, gold answers), which are used to compute similarity scores to model-generated text. Of these, we evaluate ROUGE (Lin, 2004), which is the only reference-based evaluation metrics employed by prior work for LFQA, as well as BERTScore (Zhang et al., 2019) and BLEURT (Sellam et al., 2020), which leverage pretrained language models and have shown to be effective in evaluating many generation tasks (Kasai et al., 2022). A major limitation of referencebased metrics for LFQA is the huge space of valid output answers for any given question, which has been noted in prior work (Wang et al., 2022)."human evaluations This paper compares evaluation methods for long-form question answering. Automatic metrics are used to compare to human evaluations. The authors focus on ROUGE, BERTScore, and BLEURT.2
Xu A critical evaluation of evaluations for long-form question answering2023 c answer-only metrics question answering "Long-form question answering (LFQA) enables answering a wide range of questions, but its flexibility poses enormous challenges for evaluation. We perform the first targeted study of the evaluation of long-form answers, covering both human and automatic evaluation practices."fluency, coherence "Some aspects, such as fluency and coherence, can be determined by looking at just the answers alone."other fully automatic and LLMno Self-BLEU, GPT-2 perplexity "Some aspects, such as fluency and coherence, can be determined by looking at just the answers alone. Thus, we also examine a set of answer-only automatic metrics: (1) Self-BLEU (Zhu et al., 2018), which measures the diversity of generated text (higher scores mean lower diversity) and has been previously used in open-ended generation (Holtzman et al., 2019); and (2) GPT-2 perplexity, which prior work on constrained generation (Zhang et al., 2020; Qin et al., 2022) has used to evaluate fluency."human evaluations This paper compares evaluation methods for long-form question answering. Metrics to measure fluency and coherence are Self-BLEU and GPT-2 perplexity. 2
Xu A critical evaluation of evaluations for long-form question answering2023 d answer-question metrics question answering "Long-form question answering (LFQA) enables answering a wide range of questions, but its flexibility poses enormous challenges for evaluation. We perform the first targeted study of the evaluation of long-form answers, covering both human and automatic evaluation practices."relevance "Good answers should be relevant to the question asked"LLM yes zero-shot question likelihood; BARTScore; RankGen"we can model p(q|a) to rank answers using the following methods: (1) Zero-shot question likelihood, which uses the instruction-tuned T0 model (Sanh et al., 2022) to calculate the likelihood of the question given the long-form answer; (2) BARTScore (Yuan et al., 2021), which is an encoder-decoder model fine-tuned on text summarization; and (3) RankGen (Krishna et al., 2022), which is an encoder model trained contrastively to score model-generated sequences (in our case, answers) given a prefix (the question)."human evaluations This paper compares evaluation methods for long-form question answering. Metrics are presented to calculate the likelihood of an answer given a specific question to assess its relevancy. Metrics used are zero-shot questionl ikelihood, BARTScore, and RankGen.2
Xu A critical evaluation of evaluations for long-form question answering2023 e answer-evidence metrics question answering "Long-form question answering (LFQA) enables answering a wide range of questions, but its flexibility poses enormous challenges for evaluation. We perform the first targeted study of the evaluation of long-form answers, covering both human and automatic evaluation practices."correctness "Arguably the most challenging aspect of LFQA evaluation is to measure the correctness of the answer"fully automatic no QAFactEval "We experiment with the QAFactEval metric (Fabbri et al., 2022), which evaluates 3230 faithfulness by comparing answers from the summary (in our case, the answer) and the evidence document (retrievals from the WEBGPT LFQA system)."human evaluations This paper compares evaluation methods for long-form question answering. To assess the correctness of a long-form answer, the authors experiment with QAFactEval which evaluates faithfulness by comparing the answer to an evidence document.2
Xu A critical evaluation of evaluations for long-form question answering2023 f trained metric question answering "Long-form question answering (LFQA) enables answering a wide range of questions, but its flexibility poses enormous challenges for evaluation. We perform the first targeted study of the evaluation of long-form answers, covering both human and automatic evaluation practices."not reported not reported LLM yes Longformer, GPT-3 "We now shift to training an LFQAevaluation metric directly on human-annotated preferencejudgments of pairs of long-form answers.Prior work from OpenAI (Nakano et al., 2021) experimentedwith learning an evaluation metric byfine-tuning WEBGPT to rank pairs of answers."; "Our learned metric ftakes in question q, answer a, and optionally evidencedocuments d to produce a scalar score."; "To leverage the advanced capabilities of larger-scale language models, we use OpenAI API to finetune GPT-3 text-curie-001 with the same comparison data split we used for the Longformer. Given a prompt consisting of question q, answer a1 and answer a2, the model is fine-tuned to output the label Answer1 or Answer2"human evaluations This paper compares evaluation methods for long-form question answering. Two models are fine-tuned to score long-form answers. The Longformer model is is trained to score answer a based on question q. The longformer model can consider evidence documents or simply the question. The GPT-3 model is fine-tuned to produce which answer is better. 2
Zhang BERTScore: Evaluating tekst generation with BERT      question answering                   BERTScore, snowballed from Sai - A survey of evaluation metrics used for NLG systems4
Zhu Texygen: A benchmarking platform for tekst generation models      question answering                   SELF-BLEU, snowballed from Xu - A critical evaluation of evaluations for long-form question answering4

Adams A Meta-Evaluation of Faithfulness Metrics for Long-Form Hospital-Course Summarization2023 a Human evaluation summarization Long-form clinical summarization of hospital admissions has real-world significance because of its potential to help both clinicians and patients. The faithfulness of summaries is critical to their safe usage in clinical settings. To better understand the limitations of abstractive systems, as well as the suitability of existing evaluation metrics, we benchmark faithfulness metrics against fine-grained human annotations for model-generated summaries of a patient’s Brief Hospital Course.Faithfulness of clinical note summarizationNot reported human no 6 clinical annotators annotate whether summaries contain errors or hallucinations using an annotation tool called ProdigyWe develop a custom annotation interface within Prodigy (Prodigy). The interface presented each annotator with one summary at a time. For viewing ease, summaries were split such that one sentence was shown per line. Summary Elements (SE) were highlighted and annotation of non-SE spans prohibited. For each SE, annotators would select the appropriate erorr category (or No Error) and then either double click or highlight the SE span.The other validation methods mentioned hereHumans checking generated summaries for errors (not in notes, incorrect, missing) compared to the patient notes using a custom annotation interface2
Adams A Meta-Evaluation of Faithfulness Metrics for Long-Form Hospital-Course Summarization2023 b BERTscore summarization Long-form clinical summarization of hospital admissions has real-world significance because of its potential to help both clinicians and patients. The faithfulness of summaries is critical to their safe usage in clinical settings. To better understand the limitations of abstractive systems, as well as the suitability of existing evaluation metrics, we benchmark faithfulness metrics against fine-grained human annotations for model-generated summaries of a patient’s Brief Hospital Course.Faithfulness of clinical note summarizationBERTScore (Zhang et al., 2019) computes a greedy soft-alignment, based on BERT hidden state similarities, between a reference and a hypothesis text.automatic with human reference yes Hidden state similarities within a pre-trained or finetune neural network between two texts are comparedBERTScore (Zhang et al., 2019) computes a greedy soft-alignment,based on BERT hidden state similarities, between a reference and a hypothesis text.The other validation methods mentioned hereAutomatic method calculates alignment between two texts2
Adams A Meta-Evaluation of Faithfulness Metrics for Long-Form Hospital-Course Summarization2023 c BARTscore summarization Long-form clinical summarization of hospital admissions has real-world significance because of its potential to help both clinicians and patients. The faithfulness of summaries is critical to their safe usage in clinical settings. To better understand the limitations of abstractive systems, as well as the suitability of existing evaluation metrics, we benchmark faithfulness metrics against fine-grained human annotations for model-generated summaries of a patient’s Brief Hospital Course.Faithfulness of clinical note summarizationBARTScore (Yuanet al., 2021) computes the length-normalized log likelihood of a summary conditioned on the input. We measure BARTScore for each sentence based on its aligned source inputs.automatic with human reference yes Hidden state similarities within a pre-trained or finetune neural network between two texts are comparedBARTScore (Yuanet al., 2021) computes the length-normalized loglikelihood of a summary conditioned on the input. We measure BARTScore for each sentence based on its aligned source inputs.The other validation methods mentioned hereAutomatic method calculates alignment between two texts2
Adams A Meta-Evaluation of Faithfulness Metrics for Long-Form Hospital-Course Summarization2023 d CTC summarization Long-form clinical summarization of hospital admissions has real-world significance because of its potential to help both clinicians and patients. The faithfulness of summaries is critical to their safe usage in clinical settings. To better understand the limitations of abstractive systems, as well as the suitability of existing evaluation metrics, we benchmark faithfulness metrics against fine-grained human annotations for model-generated summaries of a patient’s Brief Hospital Course.Faithfulness of clinical note summarizationFor summary faithfulness, the CTC Score represents the average number of tokens predicted as “fake” given the source.automatic with human reference yes Trained network that predicts the likelihood of a certain text being fake, compared to the source textCompression, Transduction,Creation (CTC) (Deng et al., 2021b) defines a unified series of weakly supervised methods to evaluate system outputs on several NLG tasks. For summary faithfulness, the CTC Score represents the average number of tokens predicted as“fake” given the source. To train the CTC model,spans from reference summaries are masked and filled with a separate language model: the generator. Domain Adaptation. For Off-The-Shelf, we use D-cnndm, a RoBERTA-Large model finetuned for CTC consistency discrimination on theCNN/Dailymail dataset. For domain adapation, wecorrupt summary sentences from Train - HIVand learn to discriminate based on source alignments. As in BARTScore, we fine-tune a separate discriminator for each alignment method from§6.2. To generate fake tokens (the generator), we first train a mask-infiller (BART-base) on all discharge summaries in MIMIC-III. We use the same span mask procedure from CTC (based on a dependency parse) to align the training objective with its usage. We discussThe other validation methods mentioned hereMetric that calculates average number of 'fake' tokens based on source text2
Adams A Meta-Evaluation of Faithfulness Metrics for Long-Form Hospital-Course Summarization2023 e Entailment (SummaC) summarization Long-form clinical summarization of hospital admissions has real-world significance because of its potential to help both clinicians and patients. The faithfulness of summaries is critical to their safe usage in clinical settings. To better understand the limitations of abstractive systems, as well as the suitability of existing evaluation metrics, we benchmark faithfulness metrics against fine-grained human annotations for model-generated summaries of a patient’s Brief Hospital Course.Faithfulness of clinical note summarizationSummaC computes a faithfulness score for a summary sentence.automatic with human reference yes SummaC computes a faithfulness score calculating entailment scores between each source-summary pair and then aggregating themSummaC computes a faithfulness score for a summary sentence by computing separate entailment scores for each source-summary pair and then aggregating (eitherwith a greedy argmax–as in BERTScore–in a zeroshot setting, or with a learned 1D convolution. We use the latter: SummaC-Conv, which is tuned using news summary human annotations. For In-Domain, we do not have enough annotationson which to tune a SummaC-Conv model. Rather, we rely on the zero-shot setting, in which anoff-the-shelf in-domain entailment model is usedto score summary sentences. Specifically, weuse the SciFIVE Model8 with SOTA performance on the MedNLI dataset (Romanov andShivade, 2018)–clinician-annotated entailmentcorpus whose premises come from MIMIC-III.SciFive is provided the summary sentence andits aligned source text as input, and generatesa label: {contradiction, neutral,entailment}. The other validation methods mentioned hereAutomatic metric that calculates entailment scores between each source-summary pair2
Amigó QARLA: A framework for the evaluation of text summarization systems2005 a KING summarization Given a set of manual summaries and another set of baseline summaries per task, together with a set of similarity metrics, QARLA provides quantitative measures to (i) select and combine the best (independent) metricsA set of measures to select the best metricsKING is the probability that a model is better than any peer in a test sample. In terms of a quality ranking, it is the probability that a model gets a better ranking than all peers in a test sample.automatic with human reference no A formula to calculate the optimal set of metrics KING is the probability that a model is better than any peer in a test sample. In terms of a quality ranking, it is the probability that a model gets a better ranking than all peers in a test sample.Formula to calculate which metrics to use 2
Amigó QARLA: A framework for the evaluation of text summarization systems2005 b QUEEN summarization Given a set of manual summaries and another set of baseline summaries per task, together with a set of similarity metrics, QARLA provides quantitative measures to (ii) apply the best set of metrics to evaluate automatic summariesApplication of the best set of metrics to compare the summariesWe can think of the generalised QUEEN measure as a way of using a set of tests (every similarity metric in X) to falsify the hypothesis that agiven summary a is a model. If, for every comparison of similarities between a, m, m′, m′′, there isat least one test that a does not pass, then a is rejected as a model.automatic with human reference no A formula to apply the optimal set of metrics We can think of the generalised QUEEN measure as a way of using a set of tests (every similarity metric in X) to falsify the hypothesis that a given summary a is a model. If, for every comparison of similarities between a, m, m′, m′′, there is at least one test that a does not pass, then a is rejected as a model.Formula to apply the set of metrics optimally 2
Amigó QARLA: A framework for the evaluation of text summarization systems2005 c JACK summarization Given a set of manual summaries and another set of baseline summaries per task, together with a set of similarity metrics, QARLA provides quantitative measures to (iii) test whether evaluating with that test-bed is reliableTesting whether the test-set of metrics is reliableThe probability over all model summaries of finding a couple of automatic summaries a, a′ which are closer to each other than to m according to all metrics.automatic with human reference no A formula to calculate the reliability of the test set to calculate the KING and QUEEN measuresThe probability over all model summaries of finding a couple of automatic summaries a, a′ which are closer to each other than to m according to all metrics.Formula to test whether the test set is a reliable set to calculate the KING and QUEEN measures2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 d METEOR (Metric for Evaluation of Translation with Explicit Ordering)summarizationand translation "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Accuracy Not reported automatic with human reference no Unigram precision and recall This method calculates the harmonic mean of unigram precision and recall, where recall carries more weight than precisionF1 Score; BLEU; Recall; CIDEr; Median rank; EM-Diff; BLEURT; RMSREAutomatic metric calculating the accuracy of machine translation based on unigram precision and recall2
Bandi The Power of Generative AI: A Review of Requirements, Models, Input–Output Formats, Evaluation Metrics, and Challenges2023 h BLEURT (Bilingual Evaluation Understudy for Natural Language Understanding in Translation)summarizationand translation "Evaluating the performance of generative AI techniques has become increasingly important as these models continue to advance in complexity and capability. With applications ranging from natural language processing to computer vision and creative arts, assessing the quality and effectiveness of generative AI systems has become crucial for ensuring their reliability and usefulness in various domains."Similarity/quality It measures the similarity between human-generated reference translations and mcahine-generated translationsautomatic with human reference yes Human-generated reference translationst measures the similarity between human-generated reference translations and machine- generated translations.F1 Score; BLEU; Recall; METEOR; CIDEr; Median rank; EM-Diff; RMSREEvaluation metric that measures similarity between machine-generated and human reference translations2
Bao SueNes: A Weakly Supervised Approach to Evaluating Single-Document Summarization via Negative Sampling2022 summarization Canonical automatic summary evaluation metrics, such as ROUGE, focus on lexical similarity which cannot well capture semantics norlinguistic quality and require a reference summary which is costly to obtain.A weakly  supervised summary evaluatorIn this paper, we propose a weakly supervisedapproach to summary quality evaluation. A fewmutation methods are introduced to make use ofthe massive, precious human written summaries insummarization datasets. In cross-domain experiments, our approach achieves better performancethan baselines, especially on linguistic aspects.fully automatic yes A very small neural network with an embedding layer and a single fully connected layerAs a proof of concept, we explore an extremely lean implementation of f : first d and s are jointly transformed into a vector representation e = g(d, s),and then it is mapped to a summary quality scorevia a fully-connected layer, i.e., f (d, s) = σ(We).Human ratings A very small network that assigns a rating to summaries. It is trained by looking at existing datasets, and given bad examples by mutating the reference dataset.2
Baykara Morphosyntactic Evaluation for Text Summarization in Morphologically Rich Languages: A Case Study for Turkish2023 Lemmatization summarization Most of the current evaluation metrics such as ROUGE and METEOR are based on n-gram exact matching strategy. However, this strategy cannot capture the orthographical variations in abstractive summaries and is highly restrictive especially for languages with rich morphology that make use of affixation extensivelyPerformance of summarization metrics with or without text preprocessingWe propose several variants of the evaluation metrics that take into account morphosyntactic properties of the words. We make a correlation analysis between each of the proposed approaches and the human judgments on a manually annotated dataset that we introduce in this study. The results show that using morphosyntactic tokenization in evaluation metrics outperforms the commonly used evaluation strategy in text summarization.fully automatic no Lemmatization, i.e. preprocessing text to avoid excessive affixes and suffixesLemmatization, i.e. preprocessing text to avoid excessive affixes and suffixesThey use various metrics such as ROUGE and BLUE to see whether they more closely relate to human judgement before or after lemmatizationLemmatization, i.e. preprocessing text to avoid excessive affixes and suffixes2
Berendt New formats and interfaces for multi-document news summarization and its evaluation2014 summarization Performance of multi-document summarization techniques 2
Bhandari Re-evaluating evaluation in text summarization 2020 a BERTScore summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textmeasures soft overlap between contextual BERT embeddings of tokens between the two textsLLM yes BERTScore measures soft overlap between contextual BERT embeddings of tokens between the two textsThey compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 b MoverScore summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textapplies a distance measure to contextualized BERT and ELMo word embeddingLLM yes MoverScore applies a distance measure to contextualized BERT and ELMo word embeddingThey compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 c Sentence Mover Similarity (SMS) summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textapplies minimum distance matching between text based on sentence embeddingsautomatic with human reference yes Sentence Mover Similarity (SMS)applies minimum distance matching between text based on sentence embeddingsThey compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 d Word Mover Similarity (WMS) summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textmeasures similarity using minimum distance matching betweentexts which are represented as a bag of word embeddingsautomatic with human reference yes Word Mover Similarity (WMS)measures similarity using minimum distance matching betweentexts which are represented as a bag of word embeddingsThey compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 e JS divergence (JS-2) summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textmeasures Jensen-Shannon divergence between the two text’s bigram distributionsautomatic with human reference yes JS divergence (JS-2) measures Jensen-Shannon divergence between the two text’s bigram distributionsThey compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 f ROUGE-1 summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textmeasure overlap of unigrams automatic with human reference yes ROUGE-1 measure overlap of unigrams They compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 g ROUGE-2 summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textmeasure overlap of bigrams automatic with human reference yes ROUGE-2 measure overlap of bigrams They compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 h ROUGE-L summarization Automated evaluation metrics as a stand-in for manual evaluation are an essential part of the development of text-generation tasks such as text summarization. However, while the field has progressed, our standard metrics have not – for nearly 20 years ROUGE has been the standard evaluation in most summarization papers. In this paper, we make an attempt to re-evaluate the evaluation method for text summarization: assessing the reliability of automatic metrics using top-scoring system outputs, both abstractive and extractive, on recently popular datasets for both systemlevel and summary-level evaluation settings.Measure overlap between summary and original textmeasures overlap of the longest common subsequence between two textsautomatic with human reference yes ROUGE-L easures overlap of the longest common subsequence between two textsThey compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Bhandari Re-evaluating evaluation in text summarization 2020 i Human evaluation (LitePyramids) summarization In text summarization, a “good” summary should represent as much relevant content from the input document as possible, within the acceptable length limits."Good summary" human yes LitePyramids Pyramid (Nenkova and Passonneau, 2004) is a reliable and widely used method, that evaluates content selection by (1) exhaustively obtaining Semantic Content Units (SCUs) from reference summaries, (2) weighting them based on the number of times they are mentioned and (3) scoring a system summary based on which SCUs can be inferred. Recently, Shapira et al. (2019) extended Pyramid to a lightweight, crowdsourcable method - LitePyramids, which uses Amazon Mechanical Turk10 (AMT) for gathering human annotations.They compare and evaluate all metrics mentioned here with each other, based on a human annotated dataset2
Biesner Hybrid ensemble predictor as quality metric for German text summarization: Fraunhofer IAIS at germeval 2020 task 32020 summarization In our previous work on automatic text summarization (Brito et al., 2019), we concluded criticizing the suitability of ROUGE scores (Lin, 2004) for overall evaluation purposes. These and other common quality metrics found in the automatic text summarization literature like BLEU (Papineni et al., 2002) or METEOR (Banerjee and Lavie, 2005) are far from being optimal since they only focus on the lexical overlap as a proxy for assessing content selection. They do not only penalize certain abstractions (e.g. when the original sentences are heavily reformulated or when synonyms are applied) but they also ignore other aspects that are usually considered desirable in good summaries, including grammatical correctness and compactness.A quality metric for summarization based on the combination of existing methodsWe propose an alternative quality metric to evaluate automatically generated texts based on an ensemble of different scores, combining simple rule-based metrics with more complex models of very different nature, including ROUGE, tf-idf, neural sentence embeddings, and a matrix factorization method.automatic with human reference no Ensemble metric of up to 13 predictorsWe address this challenge as a metric learning prob lem, where we define a set of unsupervised predic tors covering one or several features that answer the required properties of a good summary (content relevancy, compactness, abstractiveness and gram matical correctness). After calculating all predictor scores (unsupervised) for each document we apply min-max normalization to assure all scores lay in the closed 0-1 interval. In a final step, we ensem ble these predictors in a capped linear regression model (output between 0 and 1)The metrics of which their ensemble metric consists. They also check which ensemble works best, which consists of 7 metricsTheir metric is an ensemble metric of up to 13 regularly used metrics, including ROUGE, METEOR, BLUE, sentence-BERT2
Blagec A global analysis of metrics used for measuring performance in natural language processing2022 a METEOR (Metric for Evaluation of Translation with Explicit Ordering)summarizationand translation Proposed in 2005 to address weaknesses of previous metrics (BLEU and ROUGE)Similarity Not reported automatic with human reference no Unigram precision, unigram recallMatchings are scored based on their unigram precision, unigram recall (given higher weight than precision), and a comparison of the word ordering of the translation compared to the reference text.GLEU; TER; BERTScoreEvaluation of a machine translation on a sentence-level based on unigram precision, unigram recall and comparison of word ordering2
Çano Efficiency Metrics for Data-Driven Models: A Text Summarization Case Study2019 a Data score efficiency summarization Yet all the studies evaluate the methods using datasets of a fixed size. Doing so they tell us nothing about the expected performance of the models when trained with more data. Moreover, training time is rarely reported. We believe that this evaluation practice of datadriven models is incomplete and data efficiency metrics should be computed and reported.Metric to quantify much better a trained summarization algorithm performs with more training dataThe first two represent the output quality gain and the training time delay of the model per additional data samples. The third is the ratio between them and reflects the overall efficiency of the models w.r.t the training data.fully automatic but it's a bit meta; it doesn't measure the quality of the output, but the 'performance' of the trained modelno formula: additional performance divided by additional training samplesWe expect that for a certain increase ∆d of training samples fed to M, it will require an extra time ∆t to converge, and the resulting model md+∆d will attain an extra ∆s score. We can thus define and compute data score efficiency (score gain per additional data samples) Σ of method M as: Σ = ∆s / ∆dThey do not compare other their method directly with other methods, they do use ROUGE-1,-2,-L for the calculation of their metrics2
Çano Efficiency Metrics for Data-Driven Models: A Text Summarization Case Study2019 b Data time efficiency summarization Yet all the studies evaluate the methods using datasets of a fixed size. Doing so they tell us nothing about the expected performance of the models when trained with more data. Moreover, training time is rarely reported. We believe that this evaluation practice of datadriven models is incomplete and data efficiency metrics should be computed and reported.Metric to quantify how much longer a trained summarization algorithm needs to train before convergence with more training dataThe first two represent the output quality gain and the training time delay of the model per additional data samples. The third is the ratio between them and reflects the overall efficiency of the models w.r.t the training data.fully automatic but it's a bit meta; it doesn't measure the quality of the output, but the 'performance' of the trained modelno formula: additional time to convergence divided by additional training samplesWe expect that for a certain increase ∆d of training samples fed to M, it will require an extra time ∆t to converge, and the resulting model md+∆d will attain an extra ∆s score. Similarly, data time deficiency (the inverse of data time efficiency) Θ of M will be: Θ = ∆t / ∆dThey do not compare other their method directly with other methods, they do use ROUGE-1,-2,-L for the calculation of their metrics2
Çano Efficiency Metrics for Data-Driven Models: A Text Summarization Case Study2019 c Overall data efficiency summarization Yet all the studies evaluate the methods using datasets of a fixed size. Doing so they tell us nothing about the expected performance of the models when trained with more data. Moreover, training time is rarely reported. We believe that this evaluation practice of datadriven models is incomplete and data efficiency metrics should be computed and reported.The combination of the two metrics The first two represent the output quality gain and the training time delay of the model per additional data samples. The third is the ratio between them and reflects the overall efficiency of the models w.r.t the training data.fully automatic but it's a bit meta; it doesn't measure the quality of the output, but the 'performance' of the trained modelno formula: additional performance divided by additional time to convergenceWe expect that for a certain increase ∆d of training samples fed to M, it will require an extra time ∆t to converge, and the resulting model md+∆d will attain an extra ∆s score. we define the overall data efficiency E as: E = Σ / Θ = ∆s / ∆tThey do not compare other their method directly with other methods, they do use ROUGE-1,-2,-L for the calculation of their metrics2
Cao Automatic evaluation of summary on fidelity, conciseness and coherence for text summarization based on semantic link network2022 a fidelity summarization Informativeness, conciseness and coherence reflect the quality of summaries from different perspectives. Accurately evaluating the per formance of summaries from different aspects is beneficial to the effective improvement of the text summarization models. However, the existing automatic evaluation models either focus on the evaluation of only one aspect or giving a score to represent the overall quality of a summary by integrating informativeness, conciseness, coherence and other quality aspectsHow much of the information of the source text is represented by the summarythe extent of a summary that conveys the core of its source textfully automatic no formula, calculated by transforming text into a Semantic Link Network, directly from the source text (no ground truth summary necessary)not reported ROUGE, BLUE, RelevanceAutomatic metric calculated using only source text and summary (no ground truth needed) that measures how much information is preserved in the summary.2
Cao Automatic evaluation of summary on fidelity, conciseness and coherence for text summarization based on semantic link network2022 b conciseness summarization Informativeness, conciseness and coherence reflect the quality of summaries from different perspectives. Accurately evaluating the per formance of summaries from different aspects is beneficial to the effective improvement of the text summarization models. However, the existing automatic evaluation models either focus on the evaluation of only one aspect or giving a score to represent the overall quality of a summary by integrating informativeness, conciseness, coherence and other quality aspectsWhether there is not too much redundancy in the summarythe extent of non-redundancy within summaryfully automatic no formula, calculated by transforming text into a Semantic Link Network, directly from the source text (no ground truth summary necessary)not reported JCD, Redundancy or NoveltyAutomatic metric calculated using only source text and summary (no ground truth needed) that measures the redundancy in the summary.2
Cao Automatic evaluation of summary on fidelity, conciseness and coherence for text summarization based on semantic link network2022 c coherence summarization Informativeness, conciseness and coherence reflect the quality of summaries from different perspectives. Accurately evaluating the per formance of summaries from different aspects is beneficial to the effective improvement of the text summarization models. However, the existing automatic evaluation models either focus on the evaluation of only one aspect or giving a score to represent the overall quality of a summary by integrating informativeness, conciseness, coherence and other quality aspectsWhether the relations between the information presented in the summary make sensethe extent of relatedness between representations within summaryfully automatic no formula, calculated by transforming text into a Semantic Link Network, directly from the source text (no ground truth summary necessary)not reported Local coherence, coherence corefAutomatic metric calculated using only source text and summary (no ground truth needed) that measures whether the sentences in the summary have some relation with eachother.2
Careaga Performance of Evaluation Methods Without Human References for Multi-document Text Summarization2023 a ROUGE-C-N summarization Currently, Jensen-Shannon (JS) Divergence and ROUGE-C are well-known methods that evaluate summaries without human references. However, both methods have not been compared in the context of multidocument text summarization. In this paper, we propose a methodology of five stages that seeks to compare the performance of the state-of-the-art metrics, using Pyramids and Responsiveness as manual metricsComparison of automatic validation metrics with manual ones.It measures the proportion of n-grams that coexist between the candidate summary and the source documentfully automatic no ROUGE on source text ROUGE All others presented herefully automatic metric that measures proportion of overlapping n-grams between summary and source-text2
Careaga Performance of Evaluation Methods Without Human References for Multi-document Text Summarization2023 b ROUGE-C-L summarization Currently, Jensen-Shannon (JS) Divergence and ROUGE-C are well-known methods that evaluate summaries without human references. However, both methods have not been compared in the context of multidocument text summarization. In this paper, we propose a methodology of five stages that seeks to compare the performance of the state-of-the-art metrics, using Pyramids and Responsiveness as manual metricsComparison of automatic validation metrics with manual ones.This metric is based on the extraction and evaluation of LCSs between the candidate summary and its source documentfully automatic no ROUGE-L on source text ROUGE-L All others presented heresimilar to ROUGE, but looking for the longest common subsequence instead of a certain n-gram2
Careaga Performance of Evaluation Methods Without Human References for Multi-document Text Summarization2023 c JS divergence  summarization Currently, Jensen-Shannon (JS) Divergence and ROUGE-C are well-known methods that evaluate summaries without human references. However, both methods have not been compared in the context of multidocument text summarization. In this paper, we propose a methodology of five stages that seeks to compare the performance of the state-of-the-art metrics, using Pyramids and Responsiveness as manual metricsComparison of automatic validation metrics with manual ones.This metric measures the similarity between two probability distributions representing the candidate summary and its source documentfully automatic no JS divergence  JS divergence All others presented hereJensen-Shannon divergence, is a summarization metric that measures the similarity between the probability distributions of the words in the summary and the original text2
Careaga Performance of Evaluation Methods Without Human References for Multi-document Text Summarization2023 d JS-smoothed summarization Currently, Jensen-Shannon (JS) Divergence and ROUGE-C are well-known methods that evaluate summaries without human references. However, both methods have not been compared in the context of multidocument text summarization. In this paper, we propose a methodology of five stages that seeks to compare the performance of the state-of-the-art metrics, using Pyramids and Responsiveness as manual metricsComparison of automatic validation metrics with manual ones.Like JS, this metric measures the degree divergence between the probability distributions of the candidate summary and its source document, but it also considers words in the candidate summary that do not appear in the source documentfully automatic no JS-smoothed JS-smoothed All others presented hereA variation of Jensen-Shannon divergence that incorporates smoothing techniques to handle sparse data, making it more robust in measuring the similarity between the word distributions of the summary and the original text2
Careaga Performance of Evaluation Methods Without Human References for Multi-document Text Summarization2023 e Pyramids summarization Currently, Jensen-Shannon (JS) Divergence and ROUGE-C are well-known methods that evaluate summaries without human references. However, both methods have not been compared in the context of multidocument text summarization. In this paper, we propose a methodology of five stages that seeks to compare the performance of the state-of-the-art metrics, using Pyramids and Responsiveness as manual metricsComparison of automatic validation metrics with manual ones.It identifies Summary Content Units (SCUs) to compare the information in summaries [16]. The pyramid method models and quantifies the variation in the selection of human contenthuman yes human rating based on text unitsnot reported All others presented hereResponsiveness is a manual summarization metric that assesses how well a summary captures the important content of the original text, reflecting its overall quality and relevance as judged by human evaluators.2
Careaga Performance of Evaluation Methods Without Human References for Multi-document Text Summarization2023 f Responsiveness summarization Currently, Jensen-Shannon (JS) Divergence and ROUGE-C are well-known methods that evaluate summaries without human references. However, both methods have not been compared in the context of multidocument text summarization. In this paper, we propose a methodology of five stages that seeks to compare the performance of the state-of-the-art metrics, using Pyramids and Responsiveness as manual metricsComparison of automatic validation metrics with manual ones.It is a measure of overall quality that combines content selection and linguistic qualityhuman yes human rating not reported All others presented hereThe Pyramid method is a manual summarization metric that evaluates the quality of a summary by comparing it to a set of reference summaries, counting how many important content units (SCUs) from the original text are included, and weighting them based on their frequency across the references.2
Chen Are Factuality Checkers Reliable? Adversarial Meta-evaluation of Factuality in Summarization2021 a MnliBert summarization With the continuous upgrading of the summarization systems driven by deep neural networks, researchers have higher requirements on the quality of the generated summaries,which should be not only fluent and informative but also factually correct. As a result, the field of factual evaluation has de veloped rapidly recently. Despite its initial progress in evaluating generated summaries,the meta-evaluation methodologies of factuality metrics are limited in their opacity, leading to the insufficient understanding of factuality metrics’ relative advantages and their applicability.Factuality of summary (whether the information in the summary actually exists in the source document)In this paper, we consider factuality as how well generated summaries are supported by source documents without using any external knowledge. A factual error happens when generated summaries contain salient facts that can not be inferred from source documents.LLM yes BERT based LLM using both source and summary as inputNLI transferred models Following Falke et al. (2019), we train different factuality checkers (MNLIBERT, MNLIROBERTA and MNLIELEC TRA) based on BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019) and ELECTRA (Clark et al., 2019) on MNLI dataset (Williams et al., 2018). The neutral class samples are deleted in the dataset for fair comparison following Goyal and Durrett (2020).They test factuality against the others, using four human judged datasetsA summary factuality checker consisting of a pre-trained and finetuned BERT,RoBerta or Electra model.1
Chen Are Factuality Checkers Reliable? Adversarial Meta-evaluation of Factuality in Summarization2021 b MnliRoberta summarization With the continuous upgrading of the summarization systems driven by deep neural networks, researchers have higher requirements on the quality of the generated summaries,which should be not only fluent and informative but also factually correct. As a result, the field of factual evaluation has de veloped rapidly recently. Despite its initial progress in evaluating generated summaries,the meta-evaluation methodologies of factuality metrics are limited in their opacity, leading to the insufficient understanding of factuality metrics’ relative advantages and their applicability.Factuality of summary (whether the information in the summary actually exists in the source document)In this paper, we consider factuality as how well generated summaries are supported by source documents without using any external knowledge. A factual error happens when generated summaries contain salient facts that can not be inferred from source documents.LLM yes RoBERT based LLM using both source and summary as inputNLI transferred models Following Falke et al. (2019), we train different factuality checkers (MNLIBERT, MNLIROBERTA and MNLIELEC TRA) based on BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019) and ELECTRA (Clark et al., 2019) on MNLI dataset (Williams et al., 2018). The neutral class samples are deleted in the dataset for fair comparison following Goyal and Durrett (2020).They test factuality against the others, using four human judged datasetsA summary factuality checker consisting of a pre-trained and finetuned BERT,RoBerta or Electra model.1
Chen Are Factuality Checkers Reliable? Adversarial Meta-evaluation of Factuality in Summarization2021 c MnliElectra summarization With the continuous upgrading of the summarization systems driven by deep neural networks, researchers have higher requirements on the quality of the generated summaries,which should be not only fluent and informative but also factually correct. As a result, the field of factual evaluation has de veloped rapidly recently. Despite its initial progress in evaluating generated summaries,the meta-evaluation methodologies of factuality metrics are limited in their opacity, leading to the insufficient understanding of factuality metrics’ relative advantages and their applicability.Factuality of summary (whether the information in the summary actually exists in the source document)In this paper, we consider factuality as how well generated summaries are supported by source documents without using any external knowledge. A factual error happens when generated summaries contain salient facts that can not be inferred from source documents.LLM yes Electra based LLM using both source and summary as inputNLI transferred models Following Falke et al. (2019), we train different factuality checkers (MNLIBERT, MNLIROBERTA and MNLIELEC TRA) based on BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019) and ELECTRA (Clark et al., 2019) on MNLI dataset (Williams et al., 2018). The neutral class samples are deleted in the dataset for fair comparison following Goyal and Durrett (2020).They test factuality against the others, using four human judged datasetsA summary factuality checker consisting of a pre-trained and finetuned BERT,RoBerta or Electra model.1
Chen Are Factuality Checkers Reliable? Adversarial Meta-evaluation of Factuality in Summarization2021 d Dae summarization With the continuous upgrading of the summarization systems driven by deep neural networks, researchers have higher requirements on the quality of the generated summaries,which should be not only fluent and informative but also factually correct. As a result, the field of factual evaluation has de veloped rapidly recently. Despite its initial progress in evaluating generated summaries,the meta-evaluation methodologies of factuality metrics are limited in their opacity, leading to the insufficient understanding of factuality metrics’ relative advantages and their applicability.Factuality of summary (whether the information in the summary actually exists in the source document)In this paper, we consider factuality as how well generated summaries are supported by source documents without using any external knowledge. A factual error happens when generated summaries contain salient facts that can not be inferred from source documents.LLM yes BERT/Electra based LLM using both source and summary as inputDependency-level Entailment (DAE) Goyal and Durrett (2020) define facts as dependency arcs and propose DAE formulation to identify factual errors in a more fine-grained mannerThey test factuality against the others, using four human judged datasetsA factuality checker that focuses on relationships between words based on BERT/Electra1
Chen Are Factuality Checkers Reliable? Adversarial Meta-evaluation of Factuality in Summarization2021 e FactCC summarization With the continuous upgrading of the summarization systems driven by deep neural networks, researchers have higher requirements on the quality of the generated summaries,which should be not only fluent and informative but also factually correct. As a result, the field of factual evaluation has de veloped rapidly recently. Despite its initial progress in evaluating generated summaries,the meta-evaluation methodologies of factuality metrics are limited in their opacity, leading to the insufficient understanding of factuality metrics’ relative advantages and their applicability.Factuality of summary (whether the information in the summary actually exists in the source document)In this paper, we consider factuality as how well generated summaries are supported by source documents without using any external knowledge. A factual error happens when generated summaries contain salient facts that can not be inferred from source documents.LLM yes BERT based LLM using both source and summary as inputFactCC Kryscinski et al. (2020) defines facts as salient spans in source documents and proposes to use a weakly-supervised method to learn a model based factuality metric.They test factuality against the others, using four human judged datasetsA weakly supervised model that has used augmented data to be trained, and then similar to the first three models in this paper1
Chen Are Factuality Checkers Reliable? Adversarial Meta-evaluation of Factuality in Summarization2021 f FEQA summarization With the continuous upgrading of the summarization systems driven by deep neural networks, researchers have higher requirements on the quality of the generated summaries,which should be not only fluent and informative but also factually correct. As a result, the field of factual evaluation has de veloped rapidly recently. Despite its initial progress in evaluating generated summaries,the meta-evaluation methodologies of factuality metrics are limited in their opacity, leading to the insufficient understanding of factuality metrics’ relative advantages and their applicability.Factuality of summary (whether the information in the summary actually exists in the source document)In this paper, we consider factuality as how well generated summaries are supported by source documents without using any external knowledge. A factual error happens when generated summaries contain salient facts that can not be inferred from source documents.LLM yes Question generating BART model, BERT and ROUGE/BLUE score based check of the answersFEQA It first generates questions based on sum mary, and answers the questions based on source document and summary separately. Mismatching answers indicate an inconsistency between docu ment and summary, on the other hand, matching answers reveal consistency.They test factuality against the others, using four human judged datasetsA model that first generates a question based on the summary, and then checks whether the question is answerable using the source text1
Chen A training-free and reference-free summarization evaluation metric via centrality-weighted relevance and self-referenced redundancy2021 summarization In recent years, reference-based and supervised summarization evaluation metrics have been widely explored. However, collecting human-annotated references and ratings are costly and time-consuming. To avoid these limitations, we propose a training-free and reference-free summarization evaluation metric.Summarization quality based on relevance and redundancy without need for reference summary. Our metric consists of a centralityweighted relevance score and a self-referenced redundancy score. The relevance score is computed between the pseudo reference built from the source document and the given summary, where the pseudo reference content is weighted by the sentence centrality to provide importance guidance.LLM yes Aggregate score calculated using BERTmodel/BERTscorenot reported TF-IDF, JS, REAPER,ROUGE-1, ROUGE-2, ROUGE-L, MoverScore, S+WMS, C-ELMO, C-SBERT, SUPERT, SUPERT-IDFAutomatic metric calculated through a BERT-model, where a redundancy and relevance score are averaged to form the final score.2
Croxford Development of a Human Evaluation Framework and Correlation with Automated Metrics for Natural Language Generation of  Medical Diagnoses2024 a diagnostic accuracy summarization We introduced a comprehensive human evaluation framework with robust interrater reliability and content validity, designed to assess the quality of each automated evaluation metric.Accuracy, Plausibility, Specificity, and Omission/ Uncertainty. Those ratings are used to calculate an average accuray for final comparison with automatic metrics.Accuracy represented how well it met the definition of a diagnosis as stated above. Plausibility represented if the diagnosis was hallucinated and could pose potential harm. Specificity captured the level of detail in the diagnosis. Omission captured instances in which a diagnosis was missing from the output, but would be considered in a clinical setting. Uncertainty, which is conditional on Omission, further penalized a model for not utilizing the information it was provided versus not being provided with enough information. human Human rating (likert scale). Binary decision. The questions for each component were scored using either a 5-point Likert scale or a binary decision. The Likert scales were Strongly Disagree to Strongly Agree except in the cases of Omission, Omission Uncertainty, and Specificity. ROUGE-L, UMLS Scorer, CUI FScore, SapBERT Score, clinicalBERT Score , PubMedBERT Score, clinicalBART Score , COMET, ProbSum Trained COMET, clinicalBLEURTHuman evaluation on 5 aspects of diagnostic generation       1
Croxford Development of a Human Evaluation Framework and Correlation with Automated Metrics for Natural Language Generation of  Medical Diagnoses2024 b diagnostic reasoning summarization see above Comprehension, Rationale, Recall, Omission. Those ratings are used to calculate an average accuray for final comparison with automatic metrics.Comprehension referred to reading comprehension and captured instances where the model did not understand information from the clinical note. Rationale captured instances in which the model took incorrect reasoning steps. Finally, Recall referred to the recall of knowledge and penalized a model for irrelevant, incorrect, or hallucinated facts.Omission captured when a model failed to include explanations for diagnostic choices or conclusions.human see above see above see above Human evaluation on 4 aspects of diagnostic reasoning       1
Deng Compression, Transduction, and Creation: A Unified Framework for Evaluating Natural Language Generation2021 a Compression: consistency summarization Natural language generation (NLG) spans a broad range of tasks, each of which serves for specific objectives and desires different properties of generated text. The complexity makes automatic evaluation of NLG particularly challenging. Previous work has typically focused on a single task and developed individual evaluation metrics based on specific intuitions. In this paper, we propose a unifying perspective based on the nature of information change in NLG tasks.Consistency For a compression task (e.g., summarization), the goal is to concisely describe the most important information in the input (e.g., a document). That is, the output should only contain content from the input, namely “consistency”, and the included content must be salient, namely “relevance”. Intuitively, with an “information alignment” measure that assesses how the information in a generated output overlaps with that in the input (and in references that offer clues for salience), we can readily evaluate the two key aspects.LLM yes Consistency is the mean aligment scores of tokens in the summary with respect to the original textFor y (summary) to be fully consistent, all tokens in y should align with x (reference text). Therefore, we can straightforwardly devise the consistency metric based on the information alignment defined above: CONSISTENCY(y, x) = mean (align(y → x)), which is the average alignment scores of tokens in y with respect to x.ROUGE-1; ROUGE-2; ROUGE-L; BLEU; BLEU-4; METEOR; ChrF; BERTScore-f; MoverScore; SummaQA-f; BLANC; FactCC-prob; SUPERT; QAGSAutomatic metric for consistency of a summary, by calculating the mean alignment scores of tokens in the generated summary with respect to the reference text.2
Deng Compression, Transduction, and Creation: A Unified Framework for Evaluating Natural Language Generation2021 b Compression: relevance summarization Natural language generation (NLG) spans a broad range of tasks, each of which serves for specific objectives and desires different properties of generated text. The complexity makes automatic evaluation of NLG particularly challenging. Previous work has typically focused on a single task and developed individual evaluation metrics based on specific intuitions. In this paper, we propose a unifying perspective based on the nature of information change in NLG tasks.Relevance For a compression task (e.g., summarization), the goal is to concisely describe the most important information in the input (e.g., a document). That is, the output should only contain content from the input, namely “consistency”, and the included content must be salient, namely “relevance”. Intuitively, with an “information alignment” measure that assesses how the information in a generated output overlaps with that in the input (and in references that offer clues for salience), we can readily evaluate the two key aspects.LLM yes Relevance is the mean information alignment between a generated summary and a reference summary, multiplied by the mean alignment between a generated summary and the reference textFully relevant summary y should achieve both and balance reference-alignment and consistency: RELEVANCE(y = summary, x = reference text, r = reference summary) = mean (align(r → y)) × mean (align(y → x)), which is the product of both components.ROUGE-1; ROUGE-L; BLEU; METEOR; ChR; BERTScore-f; MoverScore; SummaQA-f; BLANC; FactCC-prob; SUPERTMetric for relevance of a summary, by comparing a generated summary to a human-made reference summary and the reference text it was based on. The metric is calculated by taking the product of the mean alignment score between the reference summary and the generated summary and the alignment score between the reference summary and the reference text.2
Deutsch On the Limitations of Reference-Free Evaluations of Generated Text2022 c Quest-Eval summarizationUnexpected news events, such as natural disasters or other human tragedies, create a large volume of dynamic text data from official news media as well as less formal social media. Automatic real-time text summarization has become an important tool for quickly transforming this overabundance of text into clear, useful information for end-users including affected individuals, crisis responders, and interested third parties. Despite the importance of real-time summarization systems, their evaluation is not well understood as classic methods for text summarization are inappropriate for realtime and streaming conditions.we demonstrate that these reference-free metrics are inherently biased and limited in their ability to evaluate gener ated text, and we argue that they should not be used to measure progress on tasks like ma chine translation or summarization. We show how reference-free metrics are equivalent to using one generation model to evaluate an other, which has several limitationssummarization quality based on source instead of (human) referenceWe show how reference-free metrics are equivalent to using one generation model to evaluate another, which has several limitations: (1) the metrics can be optimized at test time to find the approximate best-possible output, (2) they are inherently biased toward models which are more similar to their own, and (3) they can be biased against higher-quality outputs, including those written by humans.LLM yes Question and answer generating T5 model that then checks whether the answers are obtainable from the summary.QuestEval (Scialom et al. (2021)) proposed a reference-free summarization metric called QuestEval which generates QA pairs from both the source document and generated summary then scores the summary based on the proportion of those pairs which are answered correctly in the opposite text. The metric optionally includes a step in which the QA pairs generated from the source document are weighted based on a learned query weighting model. The query weighter was trained to predict the probability that a question is answered in the CNN/DailyMail reference summaries using a pre-trained QA model. We use the query weighter in our experiments since it improved the performance of QuestEval in Scialom et al. (2021).BLUERT and ROUGE-2 scores WITH reference summariesThis paper shows that learned metrics that are only based on the original translation/summary instead of a human created reference can be biased, even preferring the machine created translations/summaries over the human created ones.1
Dorr A methodology for extrinsic evaluation of text summarization: Does ROUGE correlate?2005 a ROUGE summarization (own words): To test whether their own human-judged metric (Relevance-Prediction) correlated better with ROUGE than other human metrics.N-gram similarity between summary and source-textAutomatic intrinsic measures such as ROUGE use n-gram scoring to produce rankings of summarization methods.fully automatic no ROUGE Automatic intrinsic measures such as ROUGE use n-gram scoring to produce rankings of summarization methods.LDC agreement The paper wants to show that their human metric corresponds better to ROUGE, and would thus be a better human judgement.2
Dorr A methodology for extrinsic evaluation of text summarization: Does ROUGE correlate?2005 b Relevance-Prediction summarization This paper demonstrates the usefulness of sum maries in an extrinsic task of relevance judgment based on a new method for measuring agree ment, Relevance-Prediction, which compares sub jects’ judgments on summaries with their own judg ments on full text documents. We demonstrate that, because this measure is more reliable than previ ous gold-standard measures, we are able to make stronger statistical statements about the benefits of summarization.A measure that defines whether the judgement a human observer gives on the source document is the same as the judgement on the summarywe define a measure called Relevance-Prediction, where subjects build their own “gold standard” based on the full-text documents. Agreement is measured by comparing subjects’ surrogate-based judgments against their own judgments on the corresponding texts. The subject’s judgment is assigned a value of 1 if his/her surrogate judgment is the same as the corresponding full-text judgment, and 0 otherwise. These values were summed over all judgments for a surrogate type and were divided by the total number of judgments for that surrogate type to determine the effectiveness of the associated summary method.human no Human rater we define a measure called Relevance-Prediction, where subjects build their own “gold standard” based on the full-text documents. Agreement is measured by comparing subjects’ surrogate-based judgments against their own judgments on the corresponding texts. The subject’s judgment is assigned a value of 1 if his/her surrogate judgment is the same as the corresponding full-text judgment, and 0 otherwise. These values were summed over all judgments for a surrogate type and were divided by the total number of judgments for that surrogate type to determine the effectiveness of the associated summary method.ROUGE, LDC agreementA measure that defines whether the judgement a human observer gives on the source document is the same as the judgement on the summary2
Durmus FEQA: A question answering evaluation framework for faithfulness assessment in abstractive summarization2020 FEQA summarization Neural abstractive summarization models are prone to generate content inconsistent with the source document, i.e. unfaithful. Ex isting automatic metrics do not capture such mistakes effectively. We tackle the problem of evaluating faithfulness of a generated sum mary given its source document.Faithfulness of the summary, based on question answeringWe propose an automatic question answering (QA) based metric for faithfulness, FEQA,1 which leverages recent advances in reading comprehension. Given questionanswer pairs generated from the summary, a QA model extracts answers from the document; non-matched answers indicate unfaithful information in the summary.LLM yes FEQA, which consists of two models: a question generating (BART) model and a question answering (BERT) modelQuestion generating: "We generate natural language questions from the summary sentence automatically. Specifically, we mask important text spans in a sentence, including noun phrases extracted by a constituency parser and named entities extracted by the Stanford CoreNLP NER model. We consider each span as the gold answer and generate its corresponding question by fine-tuning a pretrained BART language model." Question answering: "Given the QA pairs gen erated from a summary sentence, we run off-the shelf QA models to get answers to these questions from the source document. We then measure the average F1 score against the “gold” answers from the summary, which is our faithfulness score for the given sentence. This step does not have any constraint on the QA model. We experiment with the pretrained BERT-base model fine-tuned on SQuAD-1.1  and SQuAD-2.0"ROUGE, BLUE, BERTscore, ENT, REA summarization metric that creates a question based on a summary and then checks if this question is answerable using the source text.1
Ekstrand-AbuegA study of realtime summarization metrics 2016 a Gain summarization Unexpected news events, such as natural disasters or other human tragedies, create a large volume of dynamic text data from official news media as well as less formal social media. Automatic real-time text summarization has become an important tool for quickly transforming this overabundance of text into clear, useful information for end-users including affected individuals, crisis responders, and interested third parties. Despite the importance of real-time summarization systems, their evaluation is not well understood as classic methods for text summarization are inappropriate for realtime and streaming conditions.Similar to precision Our precision metric, referred to as gain, is the sum of the relevance of each matching nugget.human no Manual counting Given a query, we evaluate a summary by manually matching its updates with these information nuggets.ROUGE-2P, ROUGE-2F, ROUGE-2R, ROUGE-4P, ROUGE-4F, ROUGE-4R, ROUGE-SU4P, ROUGE-SU4F, ROUGE-SU4RInformation 'nuggets' are derived from a golden standard summary and manually compared with the automatically generated text2
Ekstrand-AbuegA study of realtime summarization metrics 2016 b Comprehensiveness summarization Unexpected news events, such as natural disasters or other human tragedies, create a large volume of dynamic text data from official news media as well as less formal social media. Automatic real-time text summarization has become an important tool for quickly transforming this overabundance of text into clear, useful information for end-users including affected individuals, crisis responders, and interested third parties. Despite the importance of real-time summarization systems, their evaluation is not well understood as classic methods for text summarization are inappropriate for realtime and streaming conditions.Similar to accuracy Our comprehensiveness metric, referred to as comprehensiveness, is the proportion of all nuggets matched by the system updateshuman no Manual counting Given a query, we evaluate a summary by manually matching its updates with these information nuggets.ROUGE-2P, ROUGE-2F, ROUGE-2R, ROUGE-4P, ROUGE-4F, ROUGE-4R, ROUGE-SU4P, ROUGE-SU4F, ROUGE-SU4RInformation 'nuggets' are derived from a golden standard summary and manually compared with the automatically generated text2
Ermakova A survey on evaluation of summarization methods 2019 summarization Manual assessment is expensive, subjective and not applicable in real time or to large collections. Moreover, it does not provide re-usable benchmarks. Nevertheless, commonly used metrics for summary evaluation still imply substantial human effort since they require a comparison of candidate summaries with a set of reference summariesThe paper does three things: a thorough survey of existing summarization evaluation methods, it introduces a new framework to apply existing fully-automatic summarization evaluations, and it tests it on a new datasetSummarization quality using various different metricsfully automatic no COS, ROUGE, INEX, GRAD not reported COS, ROUGE, INEX, GRAD 3
Fabbri Summeval: Re-evaluating summarization evaluation 2021 SummEval summarization The scarcity of comprehensive up-to-date studies on evaluation metrics for text summarization and the lack of consensus regarding evaluation protocols continue to inhibit progress. We address the existing shortcomings of summarization evaluation methods along five dimensions: 1) we reevaluate 14 automatic evaluation metrics in a comprehensive and consistent fashion using neural summarization model outputs along with expert and crowd-sourced human annotations, 2) we consistently benchmark 23 recent summarization models using the aforementioned automatic evaluation metrics, 3) we assemble the largest collection of summaries generated by models trained on the CNN/DailyMail news dataset and share it in a unified format, 4) we implement and share a toolkit that provides an extensible and unified API for evaluating summarization models across a broad range of automatic metrics, 5) we assemble and share the largest and most diverse, in terms of model types, collection of human judgments of model-generated summaries Framework to evaluate summaries using 14 different metrics evaluated on 23 summarization methodsother All of the above yes ROUGE, ROUGE-WE, S3, BertScore, MoverScore, SMS, SummaQA, BLANC, SUPERT, BLEU, CHRF, METEOR, CIDEr, Data StatisticsROUGE (Lin, 2004b), (Recall-Oriented Understudy for Gisting Evaluation), measures the number of overlapping textual units (n-grams, word sequences) between the generated summary and a set of gold reference summaries. ROUGE-WE (Ng and Abrecht, 2015) extends ROUGE by using soft lexical matching based on the cosine similarity of Word2Vec (Mikolov et al., 2013) embeddings. S3 (Peyrard et al., 2017) is a model-based metric that uses previously proposed evaluation metrics, such as ROUGE, JS-divergence, and ROUGEWE, as input features for predicting the evaluation score. The model is trained on human judgment datasets from TAC conferences. BertScore (Zhang* et al., 2020) computes similarity scores by aligning generated and reference summaries on a token-level. Token alignments are computed greedily to maximize the cosine similarity between contextualized token embeddings from BERT. MoverScore (Zhao et al., 2019) measures the semantic distance between a summary and reference text by making use of the Word Mover’s Distall others presented hereFramework called summEval, that includes a collection of summaries generated by recent summarization models on the CNN/DailyMail dataset, a toolkit for summarization model evaluation, and a collection of human annotations of model outputs collected from the crowd-source and expert annotators.2
Foysal Who needs external references? - Text summarization evaluation using original documents2023 a SUSWIR summarization "State-of-the-artmetrics rely on human-generated summaries as a reference for the evaluation. If no reference isgiven, the assessment will be challenging. Therefore, in the absence of human-generated referencesummaries, we investigated an alternative approach to how machine-generated summaries can beevaluated. For this, we focus on the original text or document to retrieve a metric that allows adirect evaluation of automatically generated summaries."semantic similarity, redundancy, relevance, bias avoidance analysis"we present a novel metric called Summary Score without Reference—SUSWIR—which is based on four factors already known in the text summarization community: Semantic Similarity, Redundancy, Relevance, and Bias Avoidance Analysis, overcoming drawbacks of common metricswe present a novel metric called Summary Score without Reference—SUSWIR—which is based on four factors already known in the text summarization community: Semantic Similarity, Redundancy, Relevance, and Bias Avoidance Analysis, overcoming drawbacks of common metrics"fully automatic no Latent Semantic Analysis, Cosine Similarity, METEOR"In our proposed method, we relied on LSA and Cosine Similarity (CS) to identifymatches and relations within texts (cf. Section 3.1)"; "In this sense, SUSWIR(X, Y) is the weighted combination of four factors that assessthe quality of the summary Y in relation to the original document X, where X and Yrepresent raw texts, respectively"; "Semantic Similarity Factor (SSF): This factor evaluates how well the content of summariesmatches the underlying semantic meaning of the original text."; "Relevance Factor (RLF): This factor quantifies how well the summary conveys theimportant details from the original content. It examines how closely the summaryfollows the key ideas of the original content or text."; "Redundancy Factor (RDF): This factor measures the amount of redundant informationin the summary."; "Redundancy Factor (RDF): This factor measures the amount of redundant informationin the summary."all other metrics Summary Score without Reference metric (SUSWIR) that compares automatically generated summary to the original document for direct evaluation. It is a weighted combination of semantic similarity factor (using latent semantic analysis and cosine similarity between summary and original text), relevance factor (using METEOR), redundancy factor (cosine similarity between sentences of summary) and bias avoidance analysis (named entity recognition and Jaccard Similarity). SUSWIR has a range from 0 to 1, with higher scores suggesting that the summary covers key information from the original content.2
Foysal Who needs external references? - Text summarization evaluation using original documents2023 b ROUGE summarization "State-of-the-artmetrics rely on human-generated summaries as a reference for the evaluation. If no reference isgiven, the assessment will be challenging. Therefore, in the absence of human-generated referencesummaries, we investigated an alternative approach to how machine-generated summaries can beevaluated. For this, we focus on the original text or document to retrieve a metric that allows adirect evaluation of automatically generated summaries."fidelity of generated summary"These metrics mainly focus on content overlap, n-gram matching, and linguistic features to gauge the fidelity of generated summaries"automatic with human reference no ROUGE, annotated reference summary"These metrics mainly focus on content overlap, n-gram matching, and linguistic features togauge the fidelity of generated summaries"; "ROUGE typically involves the comparison of generated summaries to human-generated references."all other metrics ROUGE offers a comprehensive evaluation of summarization by evaluating factors such as precision, recall and F1-score. It is quite sensitive to changes in reference summaries. ROUGE typically involves the comparison of generated summaries to human-generated references.2
Foysal Who needs external references? - Text summarization evaluation using original documents2023 c METEOR summarization "State-of-the-artmetrics rely on human-generated summaries as a reference for the evaluation. If no reference isgiven, the assessment will be challenging. Therefore, in the absence of human-generated referencesummaries, we investigated an alternative approach to how machine-generated summaries can beevaluated. For this, we focus on the original text or document to retrieve a metric that allows adirect evaluation of automatically generated summaries."fidelity of generated summary"These metrics mainly focus on content overlap, n-gram matching, and linguistic features to gauge the fidelity of generated summaries"automatic with human reference no METEOR, annotated reference summary"These metrics mainly focus on content overlap, n-gram matching, and linguistic features togauge the fidelity of generated summaries"; "One of METEOR’s key features is that it considers a variety of linguistic concepts, including stemming and synonym matching. It can therefore handle paraphrased texts better than BLEU and ROUGE [11]."all other metrics METEOR is a metric originally designed for machine translation tasks. METEOR considers a variety of linguistic concepts, including stemming and synonym matching. It can therefore handle paraphrased texts better than BLEU or ROUGE. However, METEOR can lead to inaccuracies when evaluting domain-specific or seldom-encountered words. 2
Gabriel GO FIGURE: A Meta Evaluation of Factuality in Summarization2021 GO FIGURE summarization While neural language models can generate text with remarkable fluency and coherence, controlling for factual correctness in generation remains an open research question. This major discrepancy between the surface-level fluency and the content-level correctness of neural generation has motivated a new line of research that seeks automatic metrics for evaluating the factuality of machine text.meta- evaluation framework for evaluating factuality evaluations of summariesMeta -evaluation framework for evaluating factuality evaluations of summariesother meta yes BLANC-Help, BLANC-Tune, SummaQA-C, SummaQA-F1, FEQA, R-1, R-2, R-3, R-L, BERTScoreWe mainly focus on meta-evaluating most recently proposed factual consistency metrics which use two types of proxy natural language understanding (NLU) objectives aimed at implicitly capturing factuality in generated text: question-answering (QA) and a masked token prediction cloze task. For QA we evaluate using SummaQA (which uses QA pairs from the source, Scialom et al., 2019) and FEQA (which uses QA pairs from the summary, Durmus et al., 2020), while for the cloze task setting we use BLANC-Help and BLANC-Tune (Vasilyev et al., 2020, see the appendix for details of metrics). We also measure the factual-awareness of BERTScore (Zhang et al., 2020), a summarization metric that is aimed primarily at improving coherency rather than factual consistency, and standard summarization evaluation metrics (e.g. ROUGE (Lin, 2004)).NA The authors hand-curated a dataset of summaries in which they introduced certain types of errors. They then checked whether certain metrics were able to catch these errors.2
Gao SUPERT: Towards new frontiers in unsupervised evaluation metrics for multi-document summarization2020 SUPERT summarization To reduce the expenses for evaluating multidocument summaries, we investigate unsupervised evaluation methods, which require neither human annotations nor reference summariesMulti-document summarization evaluation with a focus on relevance.We propose SUPERT, which rates the quality of a summary by measuring its semantic similarity with a pseudo reference summary, i.e. selected salient sentences from the source documents, using contextualized embeddings and soft token alignment techniques.LLM yes (S-)BERT, Word Mover's Alignment (WMD)First, to better measure the semantic overlap between source documents and machine-generated summaries, we propose to use state-of-the-art contextualized text encoders, e.g. BERT (Devlin et al., 2019) and its variant SentenceBERT (SBERT) (Reimers and Gurevych, 2019), which is optimized for measuring semantic similarity between sentences, to develop unsupervised evaluation methods. We measure the relevance of a summary in two steps: (i) identifying the salient information in the input documents, to build a pseudo reference summary, and (ii) measuring the semantic overlap between the pseudo reference and the summary to be evaluated. The resulting evaluation method is called SUPERT (SUmmarization evaluation with Pseudo references and bERT)TF-IDF, JS, REAPER, C-ELMo, Bohm19, ROUGE1, ROUGE2, MoverEvaluates similarity between original text and summary using (BERT)-embeddings2
Gao Reference matters: benchmarking factual error correction for dialogue summarization with fine-grained evaluation frameworkFERRANTI summarizationFactual Error Correction of summariesFactuality is important to dialogue summarization. Factual error correction (FEC) of modelgenerated summaries is one way to improve factuality. Current FEC evaluation that relies on factuality metrics is not reliable and detailed enough.Identification and classification of factuality errors in summariesA fine-grained evaluation framework based on reference correction that automatically evaluates the performance of FEC models on different error categories.human yes Spacy Before alignment, the summary is pre-processed with Spacy3 for tokenization, POS tagging, etc.NA The FERRANTI method relies on human annotation to identify and categorize factual errors in the original and corrected summaries. These human-annotated references are used as the ground truth for evaluating the factual error correction (FEC) models.3
GiannakopoulosSummarization system evaluation revisited: N-gram graphs2008 AutoSUmmENG summarization We focus on the problem of evaluating summarization systems in an automated fashion. In recent scientific attempts to evaluate summarization systems, a multitude of problems arose, concerning mostly the interjudge disagreement as well as the difficulty of automatically determining the quality of a summary.Semantic similarity between summaries by evaluating the overlap and structure of n-grams within a graphThe information extracted from source texts is a set of indicators of neighborhood between n-grams contained within the source text. In other words, the method proposes the extraction of relations between n-grams given spatial proximity of those n-grams within a given text.automatic with human reference no n-grams, n-gram graphs, graph comparisons using cooccurrence similarity and value similarity, histogramshuman evaluation AutoSummENG is a method that measures the overlap and structure of n-grams within a graph.2
Graham Re-evaluating automatic summarization with BLEU and 192 shades of ROUGE2015 summarization Not copied from text: to address concerns regarding the effectiveness and reliability of ROUGE, as ROUGE does not always correlate well with human judgement.Lexical overlap between reference summary and generated summaryROUGE includes a large number of distinct vari ants, including eight choices of n-gram counting method (ROUGE-1; 2; 3; 4; S4; SU4; W; L), binary settings such as word-stemming of summaries and an option to remove or retain stop-words. Addi tional configurations include the use of precision, recall or f-score to compute individual summary scores. Finally, options for computation of the overall score for a system is by computation of the mean or median of that system’s summary score distributionfully automatic yes BLUE, ROUGE An analysis of evaluation of summarization metrics was provided with an evaluation of BLEU and 192 variants of ROUGE.BLEU, ROUGE, human judgementThe authors checked 192 versions of ROUGE and found that BLEU correlated better with human judgement1
Hailu A framework for word embedding based automatic text summarization and evaluation2020 WEEM4TS summarization Text summarization is a process of producing a concise version of text (summary) from one or more information sources. If the generated summary preserves meaning of the original text, it will help the users to make fast and effective decision. However, how much meaning of the source text can be preserved is becoming harder to evaluate. The most commonly used automatic evaluation metrics like Recall-Oriented Understudy for Gisting Evaluation (ROUGE) strictly rely on the overlapping n-gram units between reference and candidate summaries, which are not suitable to measure the quality of abstractive summaries. Another major challenge to evaluate text summarization systems is lack of consistent ideal reference summaries. Studies show that human summarizers can produce variable reference summaries of the same source that can significantly affect automatic evaluation metrics scores of summarization systems. Humans are biased to certain situation while producing summary, even the same person perhaps produces substantBoth a summarization method (WETS) and an evaluation metric (WEEM4TS), that calculates similarity based on similar word embeddings"WEEM4TS consists of four different components: pre-processing, word weighting, computing modified unigram recall, and computing modified bigram precision."automatic with human reference yes word2vec, GloVe, FastText We computed scores of WEEM4TS via three publicly available pre-trained word embedding models that had been trained based on Word2Vec, GloVe, and FastText algorithmsROUGE, BLEU, CHRF, human evaluationThe authors embed the words (unigrams and bigrams) of the summary, and calculate the similarity with a reference summary. If the similarity is high enough for a unigram or bigram, the score is increased.2
He ROUGE-C: A fully automated evaluation method for multi-document summarization2008 ROUGE-C summarization ROUGE is a widely used evaluation tool for multidocument summarization and has great advantages in the areas of summarization evaluation. However, manual reference summaries written beforehand by assessors are indispensable for a ROUGE test. There was still no research on ROUGE's abilities of evaluating summaries without manual reference summaries.ROUGE, but from the original text, not a reference summaryROUGE-C applies the ROUGE method alternatively by replacing the reference summaries with source document as well as query-focused information (if any), and therefore it enables a fully manual-independent way of evaluating multi-document summarization.fully automatic no ROUGE ROUGE-C ROUGE(-N), human evaluationIt seems to be the exact same as ROUGE, just using the original source document instead of reference summaries.2
Hirao Kernel-based approach for automatic evaluation of natural language generation technologies: Application to automatic summarization2005 ESK summarization In order to promote the study of automatic summarization and translation, we need an accurate automatic evaluation method that is close to human evaluation. In this paper, we present an evaluation method that is based on convolution kernels that measure the similarities between texts considering their substructures.Similarity between generated and reference summary based on n-grams and skip-n-grams.Extended String Subsequence Kernel (ESK), which is a method for measuring the similarities between texts based on sequences of words and word senses.automatic with human reference no Extended String Subsequence Kernel (ESK)We employ the Extended String Subsequence Kernel (ESK), which considers both n-grams and skip-n-grams.Human evaluation, WSK, ROUGE-N, ROUGE-S, ROUGE-SU, ROUGE-LESK evaluates summaries not only on the number of n-grams that is has in common with a reference summary, but also on skip-n-grams, allowing for more variation in writing. 2
Hirao A supervised automatic evaluation for summarization with a voted regression model2007 VRM summarization We need an automatic method that simulates human evaluation if we are to improve our summarization system efficiently. Although automatic evaluation methods have been proposed, they are unreliable when used for individual summaries.A regression model that aims to simulate human evaluation based on multiple automatic evaluation scores.we propose a supervised automatic evaluation method based on a new regression model called the voted regression model (VRM). VRM has two characteristics: (1) model selection based on ‘corrected AIC’ to avoid multicollinearity, (2) voting by the selected models to alleviate the problem of overfitting.automatic with human reference yes ROUGE-1, Exact, Fscore We propose a supervised automatic evaluation method based on a new regression model called the voted regression model (VRM). VRM has two characteristics: (1) model selection based on ‘corrected AIC’ to avoid multicollinearity, (2) voting by the selected models to alleviate the problem of overfitting.ROUGE-1, ROUGE-2 The authors introduce a novel method of finding the best combination and weighting of automatically calculated metrics2
Hovy Automated summarization evaluation with basic elements2006 BE summarization As part of evaluating a summary automatically, it is usual to determine how much of the contents of one or more humanproduced ‘ideal’ summaries it contains. Previous automated methods such as ROUGE compare using fixed word ngrams, which are not ideal for a variety of reasonsBasic Elements (BEs) corresponding between summary and reference summarieseach BE gets exactly 1 point for each reference summary it participates in. This score is weighted depending on the completeness of the match between the BE and the reference BEsautomatic with human reference no Basic Elements NA Responsiveness (human evaluated), ROUGEInstead of matching N-grams like ROUGE, this method matches Basic Elements, which are similar to factoids.2
Indu Review on text summarization evaluation methods 2016 a utility method summarization "Evaluating summaries and automatic text summarizations systems are not a straightforward process. This review paper discusses an overview of text summarization, various evaluation approaches on intrinsic and extrinsic techniques."not reported not reported automatic with human reference no reference summary, utility method"The utility method (UM) allows reference summaries which consist of extraction units (sentences, paragraphs etc.) along with fuzzy membership in reference summary."; "A system extracting two or more 'equivalent' sentences gets penalized more than a system extracting only one of the fore mentioned sentences."None Evaluation method most useful to extraction based summaries. The reference summary contains sentences from the source document with confidence values for th inclusion in the summary. When redundant information is added this can be penalized. 2
Indu Review on text summarization evaluation methods 2016 b content similarity summarization "Evaluating summaries and automatic text summarizations systems are not a straightforward process. This review paper discusses an overview of text summarization, various evaluation approaches on intrinsic and extrinsic techniques."content similarity "content similarity" automatic with human reference no reference summary, content similarity method"Both extraction based summaries and true abstracts can be applied to evaluate the semantic. One such is the Vocabulary Test (VT) where standard Information Retrieval methods are used to compare term frequency vectors calculated over stemmed or lemmatized summaries and references summaries of some type."None Summary is checked with reference summary for similarity. There are several techniques to achieve this, like latent sematic analysis. Disadvantage of this method is that It is quite sensitive to negation and word order differences. 2
Indu Review on text summarization evaluation methods 2016 c BLEU summarization "Evaluating summaries and automatic text summarizations systems are not a straightforward process. This review paper discusses an overview of text summarization, various evaluation approaches on intrinsic and extrinsic techniques."not reported not reported automatic with human reference no refernece summary, BLEU "An automatically computed accumulative n-gram matching scores (NAMS) between ideal summaries and system summaries as a performance indicator. Only content words were used in forming n-grams and n-gram matches between the summaries being compared where treated as position independent."None BLEU scores are automatically computed n-gram matching scores between generated and reference summary.2
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Indu Review on text summarization evaluation methods 2016 d Shannon Game summarization "Evaluating summaries and automatic text summarizations systems are not a straightforward process. This review paper discusses an overview of text summarization, various evaluation approaches on intrinsic and extrinsic techniques."information retention "The information retention is measured in a number of keystrokes it takes to recreate the original passage."human evaluation no Shannon Game ""The information retention is measured in a number of keystrokes it takes to recreate the original passage."None A human evaluation method where participants are asked to recreate an original passage having seen either the full text, a generated summary, or not text all. Information retention is measured by the number of keystrokes needed to recreate the original passage.2
Indu Review on text summarization evaluation methods 2016 e The Question Game summarization "Evaluating summaries and automatic text summarizations systems are not a straightforward process. This review paper discusses an overview of text summarization, various evaluation approaches on intrinsic and extrinsic techniques."understanding of summary"The purpose here is to test the readers' understanding of the summary and an ability to convey key facts of the source article"human evaluation no The Question Game "The purpose here is to test the readers' understanding of the summary and an ability to convey key facts of the source article"; "First the source articles are read by testers, marking central passages as they identify them. The testers then create questions corresponding to certain factual statements in the central passages. Next, assessors answer the question 3 times: without seeing any document, after seeing a system generated summary, and after seeing the original document."None A human evaluation method where participants are asked to answer questions about a source document without seeing any document, after seeing a system generated summary, and after seeing the original document. A summary correctly conveys the key facts of the source article if most questions are answered when seeing the generated summary.2
Indu Review on text summarization evaluation methods 2016 f Keyword Association summarization "Evaluating summaries and automatic text summarizations systems are not a straightforward process. This review paper discusses an overview of text summarization, various evaluation approaches on intrinsic and extrinsic techniques."not reported not reported human evaluation no Keyword Association "Human judges with summaries generated by their summarization system together with five lists of keywords taken from the source article as presented in the publication journal. The judges were given the task to associate each summary with the correct list of keywords."None A human evaluation method where human judges are given generated summaries and five lists of keywords. They have to match the summary to the right keywords. 2
Iskender A crowdsourcing approach to evaluate the quality of query-based extractive text summaries2019 crowdsourcing summarization High cost and time consumption are concurrent barriers for research and application of automated summarization. In order to explore options to overcome this barrier, we analyze the feasibility and appropriateness of micro-task crowdsourcing for evaluation of different summary quality characteristicsCrowdsourced evaluation of summaries based on 6 criteria.score two successive summaries with regard to overall quality and 5 linguistic quality aspects in this order: 1) overall quality, 2) grammaticality, 3) referential clarity, 4) non-redundancy, 5) focus and 6) structure & coherencehuman no crowdsourcing Crowdsourced summary evaluation using a 5 point scaleROUGE-1, ROUGE-2, ROUGE-L203 crowdworkers were asked to score summaries based on 6 different qualities on 5-point scale2
Iskender Towards a reliable and robust methodology for crowd-based subjective quality assessment of query-based extractive text summarization2020 crowdsourcing summarization The intrinsic and extrinsic quality evaluation is an essential part of the summary evaluation methodology usually conducted in a traditional controlled laboratory environment. However, processing large text corpora using these methods reveals expensive from both the organizational and the financial perspective.Crowdsourced evaluation of summaries based on 9 criteria.high applicability of crowdsourcing for the factors overall quality, grammaticality, non-redundancy, referential clarity, focus, structure & coherence, summary usefulness, and summary informativeness.human no crowdsourcing Evaluating nine extrinsic and intrinsic quality measures on 5-point MOS scalesThey compared the crowdsourced evaluation with a more controlled lab-based experiment where they asked the same amount of people to evaluate the summaries.The authors compared summary evaluations of both crowdsourced workers and recruited lab-workers, in order to find how many opinions were necessary for convergence.2
Iskender Reliability of human evaluation for text summarization: Lessons learned and challenges ahead2021 crowdsourcing summarization Only a small portion of research papers with human evaluation for text summarization provide information about the participant demographics, task design, and experiment protocol. Additionally, many researchers use human evaluation as gold standard without questioning the reliability or investigating the factors that might affect the reliability of the human evaluation. As a result, there is a lack of best practices for reliable human summarization evaluation grounded by empirical evidence.Human evaluation reliabilityWe conduct a series of human evaluation experiments, provide an overview of participant demographics, task design, experimental set-up and compare the results from different experiments.human no crowdsourcing not reported Crowdsourced opinions, expert opinions, ROUGE-1, ROUGE-2, ROUGE-L and BERTscoreThis papers aims to compare human evaluations from crowdsourcing and experts, and then also compare them to ROUGE and BERTscore to check the reliability of human annotators.2
Ito Challenges in Reproducing Human Evaluation Results for Role-Oriented Dialogue Summarization2023 human evaluation summarizationrole-oriented dialogue summarizationThere is a growing concern regarding the reproducibility of human evaluation studies in NLP. As part of the ReproHum campaign, we conducted a study to assess the reproducibility of a recent human evaluation study in NLP. Specifically, we attempted to reproduce a human evaluation of a novel approach to enhance RoleOriented Dialogue Summarization by considering the influence of role interactions. Replicability of human evaluation of automatic summaries on informativeness, non-redundancy and fluencyThe objective of our reproduction study was to validate the reported statistical results from the original paper and to investigate the reproducibility of the human evaluation process as outlined by the authors.human no three expert annotators NA inter-rater agreement between the raters in this paper, and between this paper and the paper they are replicatingThe paper aimed to replicate human evaluations of automatically generated summaries, but found different results than the original paper2
Jahan A comprehensive evaluation of large Language models on benchmark biomedical text processing tasks2024 e Task: text summarization summarization Recently, Large Language Models (LLMs) have demonstrated impressive capability to solve a wide range of tasks. However, despite their success across various tasks, no prior work has investigated their capability in the biomedical domain yet.Performance Performance of LLMs on benchmark biomedical tasksfully automatic no ROUGE-1, ROUGE-2, ROUGE-L, BERTScoreNot reported Not applicable Performance of LLMs on the biomedical task text summarization, using the metrics ROUGE-1, ROUGE-2, ROUGE-L and BERTScore2
Jain Multi-Dimensional Evaluation of Text Summarization with In-Context Learning2023 ICE summarization Evaluation of natural language generation (NLG) is complex and multi-dimensional. Generated text can be evaluated for fluency, coherence, factuality, or any other dimensions of interest. Most frameworks that perform such multi-dimensional evaluation require training on large manually or synthetically generated datasets. In this paper, we study the efficacy of large language models as multi-dimensional evaluators using in-context learning, obviating the need for large training datasets.Summary consistency, relevance, fluency and coherenceWe evaluate our method over four dimensions: • Consistency: The factual correctness of a summary given the source text. • Relevance: The property of capturing salient information from the source. • Fluency: A measure of the quality of the individual sentences in the summary. • Coherence: A measure of the quality, organization, and structure of sentences in the summary.LLM yes ChatGPT-3 ICE relies on an LLM (we use the text-davinci-003 model of GPT-3) to make predictions.CTC, BARTScore, ROUGE-L, UniEval and human evaluationsThe authors use GPT-3 with a prompt including a few examples, to predict the consistency, relevance, fluency and coherence of automatically generated summaries.2
Jia Zero-shot Faithfulness Evaluation for Text Summarization with Foundation Language Model2023 FFLM summarization Despite tremendous improvements in natural language generation, summarization models still suffer from the unfaithfulness issue. Previous work evaluates faithfulness either using models trained on the other tasks or in-domain synthetic data, or prompting a large model such as ChatGPT. This paper proposes to do zero-shot faithfulness evaluation simply with a moderately-sized foundation language model.FFLM, a metric that captures faithfulness of a summary.FFLM, which is a combination of probability changes based on the intuition that prefixing a piece of text that is consistent with the output will increase the probability of predicting the output.LLM yes FFLM, a metric calculated based on the LLama7b model.We implemented FFLM with the foundation language model LLaMaNER overlap, MNLI-doc, FactCC, DAE, FEQA, QuestEval, SummaC, BARTScore, CoP, HaRiM, ChatGPTThe authors introduce a novel metric that uses the Llama foundation model, based on probabilities of predicting the actual summary.2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 a compression summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Compression ratio from original to summaryCompression Ratio measures the ratio of a source document length against its reference summary length. A higher compression ratio indicates larger information loss in the original document after being summarized.fully automatic no Calculated as number of tokens/sentences in original text over tokens/sentences in summaryCompression Ratio measures the ratio of a source document length against its reference summary length. A higher compression ratio indicates larger information loss in the original document after being summarized.Not reported Compression ratio calculates how much smaller the summary is then the original2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 b extractive coverage summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Extractive coverage refers to the percentage n-grams extracted from original text by summaryCoverage calculates the percentage of tokens in summary that is a derivation of the original source text, whereas, extractive density relates to the average squared length of the extractive fragments in the summary.fully automatic no Percentage of overlapping tokens between original and summaryCoverage calculates the percentage of tokens in summary that is a derivation of the original source text, whereas, extractive density relates to the average squared length of the extractive fragments in the summary.Not reported Extractive coverage calculates how much of the summary is a literal extraction from the original2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 c extractive density summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Length of fragments extracted from original text by summaryCoverage calculates the percentage of tokens in summary that is a derivation of the original source text, whereas, extractive density relates to the average squared length of the extractive fragments in the summary.fully automatic no Averaged squared length of overlapping fragments between original and summaryCoverage calculates the percentage of tokens in summary that is a derivation of the original source text, whereas, extractive density relates to the average squared length of the extractive fragments in the summary.Not reported Extractive density calculates the average length of extracted parts of the original2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 d redundancy summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Redundancy of summary sentences by checking for (near) duplicatesRedundancy relates to the redundancy of ground truth summary by measuring the average ROUGE-L F1-score of all distinct pairs of summary sentencesfully automatic no ROUGE Redundancy relates to the redundancy of ground truth summary by measuring the average ROUGE-L F1-score of all distinct pairs of summary sentencesNot reported Redundancy calculates how much overlap there is in the summary itself2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 e uniformity summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Uniformity of extraction of unigrams from original summaryUniformity measures whether content that are considered important by the reference summary are uniformly scattered across the entire source document. A higher score indicates that important content are scattered across the entire document with no obvious layout bias to take advantage of.fully automatic no Entropy of unigram positions Uniformity measures whether content that are considered important by the reference summary are uniformly scattered across the entire source document. A higher score indicates that important content are scattered across the entire document with no obvious layout bias to take advantage of.Not reported Uniformity calculates whether extracted fragments come from everywhere in the original or only a few places.2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 f relevance summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Relevance of summary in regard to originalRelevance of a summary is the extent to which a summary contains the main ideas of a source.other Fully automatic and LLMyes ROUGE or BERTscore We use ROUGE [ 70 ] and BERTScore [ 130 ] metrics to measure relevancy of the candidate summary.Not reported Relevance is calculated either as literal (ROUGE) or semantic (BERTscore) overlap between original and summary2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 g factual consistency summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Factual consistency between original and summaryInformativeness is the amount of new information and knowledge a summary brings to the readerLLM yes FactCC or QAGen The entailment classification approach evaluates the factual inconsistency of a candidate summary by breaking down the summary into smaller units (e.g., phrases/sentences) to be verified against the original document. For example, FactCC [62] implements a BERT-based factual consistency classifier that is trained on synthetic data. QAGen [85 ] proposes to generate questions and answers from a given text concurrently within a single model to evaluate factual consistency to improve the efficiency of this approach.Not reported Factual consistency checks whether the facts in the summary actually correspond to the facts in the original2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 h coherence summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Coherence, i.e. fluency of the summarySemantic Coherence measures whether a summary is fluent and semantically coherent.LLM yes Bert next-sentence predictionWe find the general pretrained BERT model that was not trained on academic papers to have little discriminative ability for the semantic coherence of arXiv-related summaries. Thus, we fine-tune the pre-trained BERT model using positive and negative sentence pairs.Not reported Coherence measures fluency of the text using LLMs 2
Koh An Empirical Survey on Long Document Summarization: Datasets, Models, and Metrics2022 i informativeness summarization There has been a considerable amount of advancement made in the long document summarization research field and the area lacks a comprehensive survey.Informativeness, i.e. whether text in the summary is relevantInformativeness is the amount of new information and knowledge a summary brings to the readerfully automatic no ROUGE-L on source text This is approximated by the percentage of sections that are covered by a candidate summary, where we assume each sentence of the candidate summary covers a particular section and the sentence belongs to the section where it achieves the highest ROUGE-L score.Not reported Informativeness measures how many sections of the original are actually represented by the summary2
Koto FFCI: A Framework for Interpretable Automatic Evaluation of Summarization2022 a faithfulness summarization Remarkable advances in abstractive summarization in recent years have unfortunately not been accompanied by commensurate improvements in automatic evaluation metrics. Most recent studies continue to rely on ROUGE, a lexical-overlap metric that is not capable of detecting paraphrases in abstractive summaries relative to reference summaries, with the only real mainstream alternative being manual evaluationFaithfulness, factual consistency between source and summary.faithfulness (degree of factual consistency with the source)other Fully automatic and LLMyes ROUGE, STS, BERTscore Not reported coherently: Faithfulness is a combination of the ROUGE, STS and BERTscoresHuman evaluation, ROUGE, BLEU, METEOR, BERTScore, FactCCFaithfulness, or factual consistency, is calculated as a combination of the ROUGE, STS and BERTscores2
Koto FFCI: A Framework for Interpretable Automatic Evaluation of Summarization2022 b focus summarization Remarkable advances in abstractive summarization in recent years have unfortunately not been accompanied by commensurate improvements in automatic evaluation metrics. Most recent studies continue to rely on ROUGE, a lexical-overlap metric that is not capable of detecting paraphrases in abstractive summaries relative to reference summaries, with the only real mainstream alternative being manual evaluationFocus, similar to precision with regards to information overlap.focus (precision of summary content relative to the reference)LLM yes question generation and answering (QAGS) using BERT/BARTWe re-implemented QAGS by training the question generator with bart-large on NewsQA , and QA model with bert-large-wwm.Human evaluation, ROUGE, BLUE, METEOR, STS, BERTScore, QAGSFocus, measuring the information overlap between source and original, is calculated using a question generating and answering system. 2
Koto FFCI: A Framework for Interpretable Automatic Evaluation of Summarization2022 c coverage summarization Remarkable advances in abstractive summarization in recent years have unfortunately not been accompanied by commensurate improvements in automatic evaluation metrics. Most recent studies continue to rely on ROUGE, a lexical-overlap metric that is not capable of detecting paraphrases in abstractive summaries relative to reference summaries, with the only real mainstream alternative being manual evaluationCoverage, similar to recall with regards to information overlap.coverage (recall of summary content relative to the reference)LLM yes question generation and answering (QAGS) using BERT/BARTWe re-implemented QAGS by training the question generator with bart-large on NewsQA , and QA model with bert-large-wwm.Human evaluation, ROUGE, BLUE, METEOR, STS, BERTScore, QAGSCoverage, measuring the recall of information between source and original, is calculated using a question generating and answering system. 2
Koto FFCI: A Framework for Interpretable Automatic Evaluation of Summarization2022 d coherence summarization Remarkable advances in abstractive summarization in recent years have unfortunately not been accompanied by commensurate improvements in automatic evaluation metrics. Most recent studies continue to rely on ROUGE, a lexical-overlap metric that is not capable of detecting paraphrases in abstractive summaries relative to reference summaries, with the only real mainstream alternative being manual evaluationInter-sentential coherence, fluency between sentences.inter-sentential coherence (document fluency between adjacent sentences)LLM yes Next Sentence Prediction (NSP) classifier (BERT)For inter-sentential coherence, we fine-tune a pretrained language model for NSP classificationHuman evaluation, ROUGE, BLUE, METEOR, STS, BERTScore, QAGSInter-sentential coherence measures whether sequential output sentences follow logically by calculating the probability that they line up using an LLM.2
Koto Evaluating the Efficacy of Summarization Evaluation across Languages2021 a ROUGE summarization While automatic summarization evaluation methods developed for English are routinely applied to other languages, this is the first attempt to systematically quantify their panlinguistic efficacy.Recall, percentage of overlapping n-gramsROUGE measures the lexical overlap between the system and reference summaryautomatic with human reference no ROUGE ROUGE1 (unigram), ROUGE-2 (bigram), ROUGE-3 (trigram), ROUGE-L (LCS), ROUGE-S (skipbigram), ROUGE-SU (skip-bigram plus unigram), and ROUGE-W (weighted LCS).Human evaluation of focus and coverageRecall, percentage of overlapping n-grams 2
Koto Evaluating the Efficacy of Summarization Evaluation across Languages2021 b METEOR summarization While automatic summarization evaluation methods developed for English are routinely applied to other languages, this is the first attempt to systematically quantify their panlinguistic efficacy.Combination of precision and recall, includes synonymsMETEOR performs word-to-word matching based on word-alignmentautomatic with human reference no METEOR METEOR performs word-to-word matching based on word-alignment but with morphological variationsHuman evaluation of focus and coverageCombination of precision and recall, includes synonyms 2
Koto Evaluating the Efficacy of Summarization Evaluation across Languages2021 c BLEU summarization While automatic summarization evaluation methods developed for English are routinely applied to other languages, this is the first attempt to systematically quantify their panlinguistic efficacy.Precision, percentage of n-grams that are also in summaryBLEU is a precisionbased metric originally developed for MT, which measures the n-gram match between the reference and system summary.automatic with human reference no BLEU we use BLEU-4 according to the SacreBLEU implementationHuman evaluation of focus and coveragePrecision, percentage of n-grams that are also in summary2
Koto Evaluating the Efficacy of Summarization Evaluation across Languages2021 d MoverScore summarization While automatic summarization evaluation methods developed for English are routinely applied to other languages, this is the first attempt to systematically quantify their panlinguistic efficacy.Semantic similarity MoverScore measures the Euclidean distance between two contextualized BERT representations, and relies on soft alignment of words learned by solving an optimisation problem.LLM yes BERT, XLM For both MoverScore and BERTScore, we experiment with two classes of BERT-style model: (1) multilingual models, in the form of cased and uncased multilingual BERT, and base and large XLM-R, for a total of 4 models;9 and (2) a monolinguallytrained BERT for the given languageHuman evaluation of focus and coverageMoverScore calculates similarity between a reference and an automatically generated summary by measuring how much "movement" or transformation is required to align the words in the generated text to those in the reference text, using embeddings to capture semantic meaning.2
Koto Evaluating the Efficacy of Summarization Evaluation across Languages2021 e BERTScore summarization While automatic summarization evaluation methods developed for English are routinely applied to other languages, this is the first attempt to systematically quantify their panlinguistic efficacy.Semantic similarity BERTScore computes the similarity between BERT token embeddings of system and reference summaries based on soft overlap, in the form of precision, recall, and F1 scores.LLM yes BERT, XLM For both MoverScore and BERTScore, we experiment with two classes of BERT-style model: (1) multilingual models, in the form of cased and uncased multilingual BERT, and base and large XLM-R, for a total of 4 models;9 and (2) a monolinguallytrained BERT for the given languageHuman evaluation of focus and coverageBERTScore calculates similarity between a reference and a generated text by comparing their token embeddings. Precision, recall and F1-score can be calculated with this.2
Krishna LONGEVAL: Guidelines for Human Evaluation of Faithfulness in Long-form Summarization2023 LONGEVAL summarization While human evaluation remains best practice for accurately judging the faithfulness of automatically-generated summaries, few solutions exist to address the increased difficulty and workload when evaluating long-form summaries. Through a survey of 162 papers on long-form summarization, we first shed light on current human evaluation practices surrounding long-form summaries. We find that 73% of these papers do not perform any human evaluation on model-generated summaries, while other works face new difficulties that manifest when dealing with long documents (e.g., low inter-annotator agreement). Motivated by our survey, we present LONGEVAL, a set of guidelines for human evaluation of faithfulness in long-form summariesFaithfulness of long-form summarization evaluation by humans.We focus on human evaluation of faithfulness, which Wang et al. (2022) define as: “Checking the factual errors in the summary, where a factual error is a statement that contradicts the source document, or is not directly stated, heavily implied, or logically entailed by the source document”human no Fine and coarse human evaluationNot reported ROUGE, BARTScore, BERTScore, BLEU, BLEURTThe authors compare fine and coarse grained human evaluation of long-form summaries, and find that fine grained summaries have better interobserver agreement.2
Kryscinski Evaluating the Factual Consistency of Abstractive Text Summarization2020 FactCC summarization The most common metrics for assessing summarization algorithms do not account for whether summaries are factually consistent with source documents.Factual consistency scored by a weakly supervised LLMWe propose a weakly-supervised, model-based approach for verifying factual consistency and identifying conflicts between source documents and generated summaries.LLM yes Rule-based sentence transformation, Google Cloud Translation API, BERTTraining data is generated by applying a series of rule-based transformations to the sentences of source documents. We used the Google Cloud Translation API 1 for translations. We decided to use BERT as the base model for our workDA, InferSent, SSE, ESIM, BERT, human evaluationFactCC evaluates factual consistency in summarization by training a BERT-based model on a weakly supervised synthetic datasets, which is able to predict binary factual consistency and point to the relevant sentence in the source text.4
Kubo Evaluation of automatic summarization methods by being compared with manually summarized texts on BBS survey web sites2012 summarization "In Japan there are several popular mega Bulletin Board System (BBS) and social media that are too wide to be looked through. Therefore some text summarization researches try to summary the communication log automatically" 3
Lee Towards Dataset-scale and Feature-oriented Evaluation of Text Summarization in Large Language Model Prompts2024 summarization we introduce a feature-oriented workflow that involves four tasks: Feature Selection, Example Sourcing, Prompt Refinement, and Evaluation for Refinement. We develop Awesum, a VA system that implements the workflow for text summarization, incorporating computational linguistics metrics as features and intelligent agents to support the tasks. It uses cluster visualization to provide an overview of the dataset and support the identification of ideal examples. It provides prompt suggestions based on established prompting methodologies to support prompt refinement.Complexity, Formality, Sentiment, Faithfulness, Neturalness, Lengthwe introduce feature metrics that characterize the outputs to support sensemaking on the prompt performances. For summarization, we use feature metrics such as formality and naturalness to support dataset-scale prompt evaluation.fully automatic Flesch Reading Ease Index, MTLD, VADER, NER-overlap, POS tags, word counts Flesch Reading Ease Index [26] to measure the complexity of a text based on sentence count, word count, and syllable count. ; extual lexical diversity (MTLD) [37], which is calculated from the ratio of unique word stems to the number of words. We categorize it into Informal, Standard, Formal and Very Formal. ; We use VADER [22], a lexical-based sentiment analysis model to measure the sentiment of a text, which generates a score between [−1, 1]. ; we calculate the faithfulness score based on Named Entity Recognition overlap (NER-overlap); Based on the insights from Pu et al. [40] that LLM-generated text exhibits statistical differences in certain linguistic features, such as part-of-speech (POS) tags, we conducted experiments on a dataset [72] that contains both humanwritten and LLM-generated summaries to select differentiable linguistic features and use them to compute the naturalness score with a weighted sum.; We use word count as the length of a textNone Analyzing the summarization with linguistic features to refine the prompts. This is an iterative process including 1) feature configuration, 2) ideal example identification through clustering visualization, 3) prompt refinement based on features, 4) evaluation of refinement. 1
Lee Reference and Document Aware Semantic Evaluation Methods for Korean Language Summarization2020 RDASS summarization Many existing works for text summarization are generally evaluated by using recall-oriented understudy for gisting evaluation (ROUGE) scores. However, as ROUGE scores are computed based on n-gram overlap, they do not reflect semantic meaning correspondences between generated and reference summaries. Because Korean is an agglutinative language that combines various morphemes into a word that express several meanings, ROUGE is not suitable for Korean summarization.Semantic similarity The RDASS can reflect deep semantic relationships of a generated, reference summary, and document.LLM yes (S)BERT To leverage SBERT, we first pre-trained BERT (bert-base-uncased) on Korean dataset... Next, we trained SBERT with classification and regression objectives from NLIhuman judgement, MUSE, ROUGERDASS is a score similar to the BERTScore that measures semantic similarity, but it combines similarity scores between the automatic and reference, and the automatic and source documents.2
Lin ROUGE: A package for automatic evaluation of summaries2004 a ROUGE-N summarization Traditionally evaluation of summarization involves human judgments of different quality metrics, for example, coherence, conciseness, grammaticality, readability, and content (Mani, 2001). However, even simple manual evaluation of summaries on a large scale over a few linguistic quality questions and content coverage as in the Document Understanding Conference (DUC) (Over and Yen, 2003) would require over 3,000 hours of human efforts.Measures n-gram recall (e.g., unigram, bigram) between a candidate summary and reference summaries.ROUGE-N is an n-gram recall between a candidate summary and a set of reference summaries.automatic with human reference no n-grams not reported human evaluation, eachother(See validation outcome for details) ROUGE provides a suite of automatic metrics (ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU) to evaluate summarization quality by analyzing n-gram, subsequence, and skip-bigram overlaps between candidate and reference summaries.4
Lin ROUGE: A package for automatic evaluation of summaries2004 b ROUGE-L summarization Traditionally evaluation of summarization involves human judgments of different quality metrics, for example, coherence, conciseness, grammaticality, readability, and content (Mani, 2001). However, even simple manual evaluation of summaries on a large scale over a few linguistic quality questions and content coverage as in the Document Understanding Conference (DUC) (Over and Yen, 2003) would require over 3,000 hours of human efforts.Based on the Longest Common Subsequence (LCS) between sentences in candidate and reference summaries.Given two sequences X and Y, the longest common subsequence (LCS) of X and Y is a common subsequence with maximum length.automatic with human reference no n-grams not reported human evaluation, eachother(See validation outcome for details) ROUGE provides a suite of automatic metrics (ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU) to evaluate summarization quality by analyzing n-gram, subsequence, and skip-bigram overlaps between candidate and reference summaries.4
Lin ROUGE: A package for automatic evaluation of summaries2004 c ROUGE-W summarization Traditionally evaluation of summarization involves human judgments of different quality metrics, for example, coherence, conciseness, grammaticality, readability, and content (Mani, 2001). However, even simple manual evaluation of summaries on a large scale over a few linguistic quality questions and content coverage as in the Document Understanding Conference (DUC) (Over and Yen, 2003) would require over 3,000 hours of human efforts.A weighted LCS that assigns more importance to longer consecutive matches, improving over basic LCS.Y1 and Y2 have the same ROUGE-L score. However, in this case, Y1 should be the better choice than Y2 because Y1 has consecutive matches. To improve the basic LCS method, we can simply remember the length of consecutive matches encountered so far to a regular two dimensional dynamic program table computing LCS. We call this weighted LCS (WLCS)automatic with human reference no n-grams not reported human evaluation, eachother(See validation outcome for details) ROUGE provides a suite of automatic metrics (ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU) to evaluate summarization quality by analyzing n-gram, subsequence, and skip-bigram overlaps between candidate and reference summaries.4
Lin ROUGE: A package for automatic evaluation of summaries2004 d ROUGE-S summarization Traditionally evaluation of summarization involves human judgments of different quality metrics, for example, coherence, conciseness, grammaticality, readability, and content (Mani, 2001). However, even simple manual evaluation of summaries on a large scale over a few linguistic quality questions and content coverage as in the Document Understanding Conference (DUC) (Over and Yen, 2003) would require over 3,000 hours of human efforts.Measures overlap of skip-bigrams (any word pair in the same order with possible gaps).Skip-bigram is any pair of words in their sentence order, allowing for arbitrary gaps. Skip-bigram cooccurrence statistics measure the overlap of skipbigrams between a candidate translation and a set of reference translations.automatic with human reference no n-grams not reported human evaluation, eachother(See validation outcome for details) ROUGE provides a suite of automatic metrics (ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU) to evaluate summarization quality by analyzing n-gram, subsequence, and skip-bigram overlaps between candidate and reference summaries.4
Lin ROUGE: A package for automatic evaluation of summaries2004 e ROUGE-SU summarization Traditionally evaluation of summarization involves human judgments of different quality metrics, for example, coherence, conciseness, grammaticality, readability, and content (Mani, 2001). However, even simple manual evaluation of summaries on a large scale over a few linguistic quality questions and content coverage as in the Document Understanding Conference (DUC) (Over and Yen, 2003) would require over 3,000 hours of human efforts.Extends ROUGE-S by incorporating unigram overlap, ensuring credit even for sentences with no valid skip-bigrams.We extend ROUGE-S with the addition of unigram as counting unit. The extended version is called ROUGE-SU.automatic with human reference no n-grams not reported human evaluation, eachother(See validation outcome for details) ROUGE provides a suite of automatic metrics (ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU) to evaluate summarization quality by analyzing n-gram, subsequence, and skip-bigram overlaps between candidate and reference summaries.4
Lins Assessing the Reliability and Validity of the Measures for Automatic Text Summarization2024 summarization This study aims to analyze the consistency and accuracy of three widely adopted quantitative evaluation measures: ROUGE, BLEU, and BERTScoren-gram overlap, semantic similarityThis work attempts to assess the quality of ROUGE, BERTScore, and BLEU, the three most widely referenced text similarity measures in the literature.automatic with human reference ROUGH-L, ROUGE-1, ROUGE-2, BERTscore, BLEU They compute 5 automatic metrics and compare metrics across 10 scenarios. 3
Litvak EASY: Evaluation System for Summarization 2023 a ROUGE summarization Automatic evaluations are usually performed to provide comparisons between a system-generated summary and one or more human-written summaries, according to selected measures. However, a single metric cannot reflect all quality-related aspects of a summary.Recall, percentage of overlapping n-gramsROUGE represents a set of similar metrics such as ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU. Its main idea is to count overlapping units (such as n-grams, word sequences and word pairs) between a system summary and reference summaries.automatic with human reference no ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SUROUGE represents a set of similar metrics such as ROUGE-N, ROUGE-L, ROUGE-W, ROUGE-S, and ROUGE-SU.The other ROUGE and MeMoG metricsIn this study, a lot of different ROUGE metrics are calculated automatically using an automated system and correlated against eachother.2
Litvak EASY: Evaluation System for Summarization 2023 b MeMoG summarization Automatic evaluations are usually performed to provide comparisons between a system-generated summary and one or more human-written summaries, according to selected measures. However, a single metric cannot reflect all quality-related aspects of a summary.The MeMoG (Merge Model Graph) metric evaluates summaries by creating and comparing n-gram graphs of system-generated and reference summaries. The MeMoG metric is an evaluation method that is based on n-gram graphs.automatic with human reference no n-gram graphs Given a set of reference summaries, the MeMoG metric creates an n-gram graph for each of them and an n-gram graph for the system summary.The ROUGE metrics The MeMoG (Merge Model Graph) metric evaluates summaries by creating and comparing n-gram graphs of system-generated and reference summaries. 2
Litvak EASY: Evaluation System for Summarization 2023 c EASY summarization Automatic evaluations are usually performed to provide comparisons between a system-generated summary and one or more human-written summaries, according to selected measures. However, a single metric cannot reflect all quality-related aspects of a summary.System that calculates various ROUGE and MeMoG metrics and generates a baseline summaryThe EASY system enables the users to compute several summarization metrics for the same set of summaries and to observe how they correlate using Spearsman’s correlation. The system can also compute baseline summarieother evaluation systemno Combination of both the ROUGE and MeMoG tools The ROUGE and MeMoG metrics on both the new summary but also 'baseline' summaries created using a naive methodThe EASY system makes it easy to calculate various metrics on a new summary, and compares these also to the metrics calculated on 'naively' created baseline summaries.2
Liu Revisiting the Gold Standard: Grounding Summarization Evaluation with Robust Human Evaluation2023 ACU Annotation Protocol summarization Existing human evaluation studies for summarization either exhibit a low inter-annotator agreement or have insufficient scale, and an in-depth analysis of human evaluation is lacking.Human evaluation protocol based on matching Atomic Content Units (factoids)we propose using a robust human evaluation protocol for evaluating the salience of summaries that is more objective by dissecting the summaries into finegrained content units and defining the annotation task based on those unitshuman no Human evaluation, atomic content units (ACU)The evaluation process is decomposed into two steps: (1) ACU Writing – extracting facts from one text sequence, and (2) ACU Matching – checking for the presence of the extracted facts in another sequence.ROUGE, METEOR, CHRF, BERTScore, BARTScore, QAeval, SummaQA, LITEPyramid, GPTScore, G-EvalThey introduce a human evaluation method that should have lower interobserver variability by comparing factoids between the generated and reference summary.2
Liu Towards Interpretable and Efficient Automatic Reference-Based Summarization Evaluation2023 a A2CU summarization Automatic evaluation is an integral part of scaling natural language generation (NLG) system development and evaluation. We argue that there are unique requirements for neural metrics to be adopted: (1) interpretability – the metric scores should be interpretable and provide intuitive insights into system performance and system output quality. (2) evaluation efficiency – ideally, the automatic metrics should only introduce a small computation overhead.Information similarity We refer it as the information similarity in this work – two completely similar text sequences should convey exactly the same informationLLM yes ACU (atomic content unit) extraction using a seq2seq model, followed by ACU checking by a BERT modelA two-stage decomposition of automatic information similarity evaluation – (1) extracting fine-grained content units from one text sequence; (2) checking the existence of the extracted units in another text sequence.ROUGE, BERTScore, BARTScore, QAEval, LitePyramidCalculates information similarity by extracting factoids from new and reference summary, and checking if they correspond2
Liu Towards Interpretable and Efficient Automatic Reference-Based Summarization Evaluation2023 b A3CU summarization Automatic evaluation is an integral part of scaling natural language generation (NLG) system development and evaluation. We argue that there are unique requirements for neural metrics to be adopted: (1) interpretability – the metric scores should be interpretable and provide intuitive insights into system performance and system output quality. (2) evaluation efficiency – ideally, the automatic metrics should only introduce a small computation overhead.Information similarity We refer it as the information similarity in this work – two completely similar text sequences should convey exactly the same informationLLM yes Finetuned BERT model trained to perform both steps in one goTo improve evaluation efficiency, we propose using our two-stage approach to generate pre-training data for a more lightweight, one-stage metric. Specifically, we use BERT as the backboneROUGE, BERTScore, BARTScore, QAEval, LitePyramidCalculates the metric above directly by training a BERT model to predict the A2CU score.2
Lu From task to evaluation: an automatic text summarization review2023 a ROUGE summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summarization quality "we will introduce some common automatic evaluation metrics that evaluate the summarization quality though comparing the generated summaries and reference"automatic with human reference no reference summary, ROUGE "we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "ROUGE (Lin 2004) as the most standard metric for evaluating summarizations tasks, which contains a series of indicators and the F-score of ROUGE-1, ROUGE-2, ROUGE-L are mainly used."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). ROUGE-1 contains a series of indicators that measure the word overlap, ROUGE-2 the bi-gram overlap and ROUGE-L the longest common sequence between reference summary and generated summary. 1
Lu From task to evaluation: an automatic text summarization review2023 b BLEU summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summarization quality "we will introduce some common automatic evaluation metrics that evaluate the summarization quality though comparing the generated summaries and reference"automatic with human reference no reference summary, modified n-gram pecision measures (e.g., BLEU)"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Based on that, BLEU (Papineni et al. 2002) added brevity penalty on n-gram precision. Moreover, NIST (Martin and Przybocki 2001) and SacreBLEU (Post 2018) are proposed with several alterations to solve the capability and underspecified problem in BLEU."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). BLEU added brevity penalty on n-gram precision. NIST and SacreBLEU provide alterations to BLEU to solve the capability and underspecified problem.1
Lu From task to evaluation: an automatic text summarization review2023 c CIDEr summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summarization quality "we will introduce some common automatic evaluation metrics that evaluate the summarization quality though comparing the generated summaries and reference"automatic with human reference no reference summary, CIDEr "we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "For more flexibility, CIDEr (Vedantam et al. 2015) measures the similarity of a generated sentence against a set of ground truth sentences written by humans"all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). CIDEr measures the similarity of a generated sentence against a set of ground truth sentences written by humans. It allows for more flexibility in analyzing the syntactic and contextual information.1
Lu From task to evaluation: an automatic text summarization review2023 d METEOR summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summarization quality "we will introduce some common automatic evaluation metrics that evaluate the summarization quality though comparing the generated summaries and reference"automatic with human reference no reference summary, METEOR"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "METEOR (Banerjee and Lavie 2005) expand the unigram matching rules by applying WordNet (Budanitsky and Hirst 2001)"all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). METEOR expand the unigram matching rules by applying WordNet. It allows for more flexibility in analyzing the syntactic and contextual information.1
Lu From task to evaluation: an automatic text summarization review2023 e chrF summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summarization quality "we will introduce some common automatic evaluation metrics that evaluate the summarization quality though comparing the generated summaries and reference"automatic with human reference no reference summary, chrF "we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "chrF (Popović 2015) and chrF++ (Popović 2017) are based on the F-score of character-level n-grams which takes morpho-syntactic phenomena into account."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). chrF and chrF++ are based on the F-score of character-level n-grams which take morpho-syntactic phenomena into account. It allows for more flexibility in analyzing the syntactic and contextual information.1
Lu From task to evaluation: an automatic text summarization review2023 f semantic textual similarity summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"consistency "Note that these metrics are consistency-focused (how well the generated text stays true to the reference) and that’s the reason why these metrics are more applicable and popular in tasks that focus on factual presentation"automatic with human reference no reference summary, semantic textual similarity"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Semantic textual similarity (Agirre et al. 2016) is concerned with the degree of equivalence directly in the underlying semantics between generated and reference text."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). Semantic textual similarity is concerned with the degree of equivalence directly in the underlying semantics between generated and reference text.1
Lu From task to evaluation: an automatic text summarization review2023 g paraphrase identification summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"consistency "Note that these metrics are consistency-focused (how well the generated text stays true to the reference) and that’s the reason why these metrics are more applicable and popular in tasks that focus on factual presentation"automatic with human reference no reference summary, paraphrase identification"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Paraphrase identification (Dolan and Brockett 2005; Barzilay and Lee 2003) achieved the same effect by transform reference text to paraphrase"all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). Paraphrase identification is concerned with the degree of equivalence between generated and reference texts. It transforms the reference text to paraphrase.1
Lu From task to evaluation: an automatic text summarization review2023 h textual entailment summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"consistency "Note that these metrics are consistency-focused (how well the generated text stays true to the reference) and that’s the reason why these metrics are more applicable and popular in tasks that focus on factual presentation"automatic with human reference no reference summary, textual entailment"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Textual entailment (Dagan et al. 2006; Bowman et al. 2015) is concerned with whether a hypothesis can be inferred from a premise, requiring understanding of the semantic similarity between the hypothesis and the premise."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). Textual entailment measures whether a hypothesis can be inferred from a premise, requiring understanding of the semantic similarity between the hypothesis and the premise. This metric is consistency-focused. 1
Lu From task to evaluation: an automatic text summarization review2023 i Word Mover's Distance summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"similarity "These metrics evaluate summary by compare the representation similarity between generated and reference text"automatic with human reference no reference summary, Word Mover's Distance"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Word Mover’s Distance (WMD; Kusner et al. 2015) use word2vec to give each word a vector representation. Then calculate bag-of-word (BOW) weight and travel cost of each word. Finally, use the weighted minimum distance as the similarity."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). Word Mover's Distance uses word2vec to give each word a vector representation (embedding-based metric). All lexical units with similar meaning will have a similar representation in vector space. The bag-of-word weights and travel cost of each word are calculated. The weighted minimum distance is used as the similarity score.1
Lu From task to evaluation: an automatic text summarization review2023 j Sentence Mover's Similarity summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"similarity "These metrics evaluate summary by compare the representation similarity between generated and reference text"automatic with human reference no reference summary, Sentence Mover's Similarity"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Sentence Mover’s Similarity (SMS; Clark et al. 2019) are based on WMD and using sentence embeddings and each sentence embedding is weighted according to its length. Finally, the similarity is defined as cumulative distance of sentence matching. Zhao et al. (2019) improve the capacity of SMS by leverage contextual embeddings models (BERT, ELMO, etc.)."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). Sentence Mover's Similarity are based on Word Mover's Distance and uses sentence embeddings and each sentence embedding is weighted according to its length. The similarity is defined as cumulative distance of sentence matching. 1
Lu From task to evaluation: an automatic text summarization review2023 k Supervised Summarization Score summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"similarity "These metrics evaluate summary by compare the representation similarity between generated and reference text"fully automatic yes reference summary, Supervised Summarization Score"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "Supervised Summarization Scorer (Peyrard et al. 2017) use existing automatic scoring metrics including ROUGE, ROUGE-WE and JS-divergence, as features for predicting the evaluation score."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). Supervised Summarization Score uses existing automatic scoring metrics including ROUGE, ROUGE-WE and JS-divergence as features for predicting the evaluation score. 1
Lu From task to evaluation: an automatic text summarization review2023 l MoverScore summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"similarity "These metrics evaluate summary by compare the representation similarity between generated and reference text"LLM yes reference summary, MoverScore"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "MoverScore use n-gram embedding from BERT instead of word2vec in the WMD metric which concerned with the semantic distance between a summary and reference text."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). MoverScore use n-gram embeddings from BERT in the Word Mover's Distance metric which concerns the semantic distance between a summary and reference text. 1
Lu From task to evaluation: an automatic text summarization review2023 m BertScore summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"similarity "These metrics evaluate summary by compare the representation similarity between generated and reference text"LLM yes reference summary, BertScore/BLEURT/FACTCC"we will introduce some common automatic evaluation metrics that evaluatethe summarization quality though comparing the generated summaries and reference"; "BERTScore (Zhang et al. 2019) computes the sum of similarity score for each token in the generated summaries and the reference which calculated by the highest cosine similarity between contextualized token embeddings from BERT. BLEURT (Sellam et al. 2020) is another BERT-based text generation evaluate metric which further pre-trained with Wikipedia dataset in order to be able to adapt to the distribution of texts in various fields."all other methods The summarization quality is evaluated through comparison of the generated summary with a reference (golden summary). BERTScore computes the sum of similarity scores for each token in the generated summaries and the reference which is calculated by the highest cosine similarity between contextualized token embeddings from BERT. BLEURT is further pre-trained with Wikipedia in order to be able to adapt to the distribution of texts in various fields. FACTCC (Kryściński et al. 2019) as a BERT-based weakly-supervised model which use a specialized module to support the consistency prediction1
Lu From task to evaluation: an automatic text summarization review2023 n BLANC summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summary quality "The reference-free metrics aim at evaluate the quality of generated summaries without human-written reference and can be considered unsupervised."LLM no BERT "BLANC (Recasens and Hovy 2011) measuring how well a summary helps a language model performs on a masked token task and use a pre-trained BERT to predict the text token which does not require human-written reference summaries."all other methods BLANC (Recasens and Hovy 2011) measuring how well a summary helps a languagemodel performs on a masked token task and use a pre-trained BERT to predict the texttoken which does not require human-written reference summaries.1
Lu From task to evaluation: an automatic text summarization review2023 o SUPERT summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"summary quality "The reference-free metrics aim at evaluate the quality of generated summaries without human-written reference and can be considered unsupervised."LLM no BERT "SUPERT (Gao et al. 2020) also based on BERT and its variant Sentence-BERT (Reimers and Gurevych 2019). In particular, SUPERT focus on evaluating the relevance of multi-document summaries by measuring the generated summary semantic similarity with a pseudo reference summary which build though identifying the salient information in the input documents"all other methods SUPERT (Gao et al. 2020) also based on BERT and its variant Sentence-BERT (Reimers and Gurevych 2019). In particular, SUPERT focus on evaluating the relevance of multi-document summaries by measuring the generated summary semantic similarity with a pseudo reference summary which build though identifying the salient information in the input documents.1
Lu From task to evaluation: an automatic text summarization review2023 p Answers Unite summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"correct answers based on summary"The reference-free metrics aim at evaluate the quality of generated summaries without human-written reference and can be considered unsupervised."other unclear no Answers Unite "Answers Unite (Scialom et al. 2019) transform the evaluate process to a question answering task. Answers Unite generates questions from source documents and evaluate the relevance of"all other methods AnswersUnite (Scialom et al. 2019) transform the evaluate process to a question answering task.Answers Unite generates questions from source documents and evaluate the relevance of summaries which computed by counting how many questions the summaries can answer.1
Lu From task to evaluation: an automatic text summarization review2023 q cosine similarity summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"cosine similarity "Inui et al. (2019) propose a single-document summary evaluation metric by measuring the cosine similarity"fully automatic no cosine similarity "Inui et al. (2019) propose a single-document summary evaluation metric by measuring thecosine similarity which computed by the ELMo embeddings of the source document andthe summary."all other methods Inui et al. (2019) propose a single-document summary evaluation metric by measuring the cosine similarity which computed by the ELMo embeddings of the source document and the summary.1
Lu From task to evaluation: an automatic text summarization review2023 r Likert scale ranking summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"ranking "Ranking the summaries from worst to best is one of the most direct evaluation methods."human no human annotators, Likert scale"and analysis how it improves the evaluation quality. Ranking the summaries from worst to best is one of the most direct evaluation methods. Specifically, Likert scale is the most widely used ranking evaluation metric."all other methods This method describes ranking summaries based on Likert scale.1
Lu From task to evaluation: an automatic text summarization review2023 s best worst scaling summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"ranking "Ranking the summaries from worst to best is one of the most direct evaluation methods."human no human annotators, best worst scaling"BWS (Best- Worst Scaling) (Louviere et al. 2015) is another human evaluation method which compute a score as the percentage of times it was selected as best minus the percentage of times it was selected as worst."all other methods This method describes ranking summaries based on Best-Worst Scaling. This methods computes a score as the percentage of times the summary was selected as best minus the percentage of times it was selected as worst. 1
Lu From task to evaluation: an automatic text summarization review2023 t QA-metrics summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"not specified not specified human no human annotators, question "QA-based metric following a question-answering paradigm to better describe the basic indicator like informativeness or a more complex indicator"all other methods This method describes evaluating summaries based on answering questions, for example: "which one of the summaries do you prefer?"1
Lu From task to evaluation: an automatic text summarization review2023 u error-based metrics summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"errors "The error-based metric requires annotators to find the error in generated summary and its more suitable for advanced evaluation"human no human annotators, summaries, source document"The error-based metric requires annotators to find the error in generated summary and its more suitable for advanced evaluation"all other methods This method describes evaluating summaries by asking annotators to find the errors in the generated summaries. Different error types have been proposed: missing information, redundant information, circumstantial error, wrong reference error, negation error, object error, tense error, and modality error. 1
Lu From task to evaluation: an automatic text summarization review2023 v task-based metrics summarization "the applicability of conventional evaluation metrics cannot keep up with rapidly evolving summarization task formats and ensuing indicator"not specified not specified human no human annotators, summaries, source document"Task-based metric evaluate summaries by performance on specific task."all other methods This method describes evaluating summaries based on task-based metrics, like difficulty of a query. 1
Majumder Text summary evaluation based on interpretable semantic textual similarity2024 summarization not reported semantic similarity "Text summary evaluation based on interpretable semantic textual similarity"automatic with human reference yes STS tool, summary, reference text"Semantic Textual Similarity (STS) measures the degree of equivalence in the underlying semantics of paired snippets of text [30]. The idea of interpretable STS (iSTS) explains why two sentences may be related or unrelated by supplementing the similarity score with an interpretable layer [37]"ROUGE, BLEU A semantic textual similarity tool is develpoed. Alignment is calculated between summary and reference text. A similarity score is calculated. A supervised linear regression algorithm is developed based on string similarity (Jaccard similarity, cosine similarity, common word ratio), similarity based on a word's context (representation of words as word vectors), and similarity based on lexical features (WordNet2). 1
Molina A Turing test to evaluate a complex summarization task2013 turing summarization Automatic summarization based on sentence compression requires to asses informativeness and modify inner sentence structures. This is much more intrinsically related with real rephrasing than plain sentence extraction and ranking paradigm so new evaluation methods are needed. We propose a novel imitation game to evaluate Automatic Summarization by Compression (ASC).Turing test based ranking of summariesNot reported human no Turing test We have use a Turing test to evaluate two state of the art automatic summarizers where usual evaluation protocols failed to differentiate between quality levels among the two system outputs.none This study uses a turing test to evaluate the quality of a summary, i.e. they ask people whether they prefer the reference or the automatically generated summary.2
Mullick An Evaluation Framework for Legal Document Summarization2022 intent summarization A law practitioner has to go through numerous lengthy legal case proceedings for their practices of various categories, such as land dispute, corruption, etc. Hence, it is important to summarize these documents, and ensure that summaries contain phrases with intent matching the category of the case. To the best of our knowledge, there is no evaluation metric that evaluates a summary based on its intent.Intent metric, i.e. a metric that calculates whether a summary was able to capture (legal) intent.We propose a novel evaluation metric that takes the help of intent phrases annotated using legal case documents, such that, the intent of these phrases matches with the category of the case.LLM yes JointBERT We used Joint-BERT (Chen et al., 2019b) model on both the ’Indian-Data’ as well as ’Australian-Data’ for the task of intent classification between the classes of ‘Corruption’, Land Dispute’, ‘Robbery’ and ‘Murder’BLEU, METEOR, ROUGE, WordMover, BERTScore, Human evaluationThe intent metric is supposed to capture (legal/criminal) intent from a summary, and check whether it is also in the reference summary.3
Nenkova Structural features for predicting the linguistic quality of text: Applications to machine translation, automatic summarization and human-authored text2010 structural features summarizationbut also translation Sentence structure is considered to be an important component of the overall linguistic quality of text. Yet few empirical studies have sought to characterize how and to what extent structural features determine fluency and linguistic quality. We report the results of experiments on the predictive power of syntactic phrasing statistics and other structural features for these aspects of text.Linguistic quality based on structural features, but mostly fluency.We find that many structural features related to phrase length are weakly but significantly correlated with fluency.fully automatic no Structural textual features such as sentence length and phrase typesIn our work, instead of looking at the syntactic structures present in the sentences, e.g. the syntactic rules used, we use surface statistics of phrase length and types of modification.decision tree, logistic regression, support vector machines (SMO), and multi-layer perceptron, human evaluationThey studied whether structural textual features such as sentence length were good predictors of text quality, and could discern human from machine summarized/translated text.2
Nenkova The Pyramid Method: Incorporating human content selection variation in summarization evaluation2007 Pyramid Method summarization Human variation in content selection in summarization has given rise to some fundamental research questions: How can one incorporate the observed variation in suitable evaluation measures? How can such measures reflect the fact that summaries conveying different content can be equally good and informative?Information overlap between new summary and multiple reference summaries.Traditional methods often compare machine-generated summaries to one reference summary, but this approach fails to capture the range of acceptable content that different humans might choose. The Pyramid Method addresses this by aggregating multiple human summaries, acknowledging that equally informative summaries may differ in content.human no Summary Content Units (SCUs), which are similar to factoids, taken from multiple reference summaries. And a pyramid constructed of these factoids.Pyramid scores rely on two kinds of human annotation: creation of the pyramids, and annotation of peer summaries against pyramids.ROUGE This study introduces a way to compare a single automatically generated summary to multiple reference summaries in an 'optimal' way, by weighting more often included factoids more heavily.2
Ormerod Predicting Semantic Similarity Between Clinical Sentence Pairs Using Transformer Models: Evaluation and Representational Analysis2021 STS summarization Semantic textual similarity (STS) is a natural language processing (NLP) task that involves assigning a similarity score to 2 snippets of text based on their meaning. This task is particularly difficult in the domain of clinical text, which often features specialized language and the frequent use of abbreviations.Semantic Textual Similarity (STS)Given a clinical sentence pair, we take the average predicted similarity score across several independently fine-tuned transformers.LLM yes BERT and XLNet models We fine-tuned 5 transformer models. These include BERT-Large, 3 variants of BERT that were fine-tuned on text from the clinical domain, and XLNet-Large.The models were compared between eachother (actual score was calculated as the mean of the models), and some sentence features such as sentence length, token frequency etc.Five transformer models were fine-tuned on clinical text and then used to predict semantic similarity between two sentences of source and reference summaries.2
Raza End to End Urdu Abstractive Text Summarization With Dataset and Improvement in Evaluation Metric2024 CARobERTaScore summarization Not only strong correlation between the system generated summary and reference summary should be focused but also we must focus that how much is the diversity of two consecutive sentences in a summary. The similarity of contextual vectors of both the summaries should be rewarded positive while the difference of contextual vectors(disconnection rate) within the summary should be reinforced negatively.CARobERTaScore which is a combination of semantic similarity between generated and reference summary, and the similarity between consecutive sentences.Evaluation score is directly proportional to the similarity of contextual vectors of reference summary and system summary. Also evaluation score has inverse relation with the disconnection rate within the summary. We name this evaluation metric as Contextual Awared RoBERTa Score.LLM yes RoBERTa So the overall measure of summary evaluation by Context Awared RoBERTa Score will be the normalized similarity measure divided by the disconnection rate.ROUGE The authors introduce CARoBERTaScore, which combines a similarity score between generated and reference summary with a score measuring coherence in the generated summary.2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 f ROUGE-SU4 summarization In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Recall Recall metric automatic with human reference no Porportion of skip-bigrams (n=4) that are matched by the generated textROUGE-SUN looks at “skip bigrams” that occur in the generated text and reference texts; a skip bigram is two words which are not necessarily adjacent, but may be separated by up to N intermediate words.Output quality, linguistic quality, content quality, NIST-5, BLEU-4, ROUGE-2, SEAutomatic metric that calculates the proportion of skip bigrams from a reference text that are matched by a generated text 2
Reiter An investigation into the validity of some metrics for automatically evaluating natural language generation systems2009 g ROUGE-2 summarization In this article we present two empirical studies of how well BLEU and various other corpus-based metrics agree with human judgments, when evaluating the outputs of several NLG systems that generate texts which describe changes in the wind (for weather forecasts).Recall Recall metric automatic with human reference no Proportion of n-grams (n=2) that are matched by the generated textThe simplest is ROUGE-N, which computes the highest proportion in any reference text of n-grams of length N that are matched by the generated text. A procedure is applied that averages the score across leave-one-out subsets of the set of reference texts.Output quality, linguistic quality, content quality, NIST-5, BLEU-4, ROUGE-SU4, SEAutomatic metric that calculates the proportion of n-grams from a reference text that are matched by a generated text 2
Ridenour Assessing Inter-metric Correlation for Multi-document Summarization Evaluation2022 summarizationmulti-document Recent advances in automatic text summarization have contemporaneously been accompanied by a great deal of new metrics of automatic evaluation. This in turn has inspired recent work to re-assess these evaluation metrics to see how well they correlate with each other as well as with human evaluation, mostly focusing on single-document summarization (SDS) paradigm. Although many of these metrics are typically also used for evaluating multi-document summarization (MDS) tasks, so far, little attention has been paid to studying them under such a distinct scenario.Varies, but general summarization qualitynot reported other all kinds yes BLEU, ROUGE, METEOR, Embedding Average, Greedy Matching, Vector Extrema, MoverScore, BERTScore, Jensen-Shannon divergence, BLANC, SUPERT, ESTIME, SummaQA, QuestEval, BARTScore, Information Difference(RB) Metrics that measure n-gram overlap between the system summary and reference summary: BLEU1 (Papineni et al., 2002), ROUGE2 (Lin, 2004), METEOR (Banerjee and Lavie, 2005). 2. (RB) Metrics that use static word embeddings to compare the system and reference summaries: Embedding Average (Landauer and Dumais, 1997), Greedy Matching (Rus and Lintean, 2012), Vector Extrema (Forgues et al., 2014). 3. (RB) Metrics that use contextual representations to compare the system and reference summaries: MoverScore3 (Zhao et al., 2019), BERTScore4 (Zhang* et al., 2020). 4. (RF) Metrics that directly compare the system summary and source document: JensenShannon divergence5 (Lin et al., 2006), BLANC6 (Vasilyev et al., 2020), SUPERT7 (Gao et al., 2020), and ESTIME8 (Vasilyev and Bohannon, 2021). 5. (RF) Metrics that use question-answering to compare the system summary and source document: SummaQA (Scialom et al., 2019), 1https://github.com/Maluuba/nlg-eval is used for BLEU, METEOR, and the word embedding-based metrics 2httpeach other The authors compare many different metrics and check their correlation, but explain none of them (and introduce no new ones).3
Saggion Multilingual summarization evaluation without human models2010 a Coverage summarization Text summarization evaluation has always been a complex and controversial issue in computational linguistics. We think that, in order to have a better understanding of document-summary evaluation measures, more research is needed. In this paper we present a series of experiments aimed at a better understanding of the value of the Jensen-Shannon divergence for ranking summarization systems.Manual score of overlap between summary and referenceCoverage is understood as the degree to which one peer summary conveys the same information as a model summaryhuman no Human evaluation not reported The others Coverage is a human rating for the overlap between a summary and a reference summary2
Saggion Multilingual summarization evaluation without human models2010 b Responsiveness summarization Text summarization evaluation has always been a complex and controversial issue in computational linguistics. We think that, in order to have a better understanding of document-summary evaluation measures, more research is needed. In this paper we present a series of experiments aimed at a better understanding of the value of the Jensen-Shannon divergence for ranking summarization systems.Manual score of information in summary on 5-point scale.Responsiveness ranks summaries in a 5-point scale indicating how well the summary satisfied a given information need.human no Human evaluation not reported The others Responsiveness is a human rating of the degree to which a summary answers a certain question.2
Saggion Multilingual summarization evaluation without human models2010 c Pyramids summarization Text summarization evaluation has always been a complex and controversial issue in computational linguistics. We think that, in order to have a better understanding of document-summary evaluation measures, more research is needed. In this paper we present a series of experiments aimed at a better understanding of the value of the Jensen-Shannon divergence for ranking summarization systems.Information overlap between new summary and multiple reference summaries.Pyramids is a content assessment measure which compares content units in a peer summary to weighted content units in a set of model summaries.automatic with human reference no Human evaluation with formulanot reported The others Pyramids is a method where 'factoids' are taken from various reference summaries and compared to the factoids in the generated summary, calculating a score weighted towards factoids that are more common.2
Saggion Multilingual summarization evaluation without human models2010 d ROUGE summarization Text summarization evaluation has always been a complex and controversial issue in computational linguistics. We think that, in order to have a better understanding of document-summary evaluation measures, more research is needed. In this paper we present a series of experiments aimed at a better understanding of the value of the Jensen-Shannon divergence for ranking summarization systems.N-gram overlap between summary and reference summarynot reported automatic with human reference no ROUGE We use the Rouge package (Lin, 2004) to compute various statistics. For the experiments presented here we used uni-grams, bigrams, and the skip bi-grams with maximum skip distance of 4 (ROUGE-1, ROUGE-2 and ROUGE-SU4). ROUGE is used to compare a peer summary to a set of model summaries in our framework.The others ROUGE measures lexical overlap 2
Saggion Multilingual summarization evaluation without human models2010 e Jensen-Shannon divergence summarization Text summarization evaluation has always been a complex and controversial issue in computational linguistics. We think that, in order to have a better understanding of document-summary evaluation measures, more research is needed. In this paper we present a series of experiments aimed at a better understanding of the value of the Jensen-Shannon divergence for ranking summarization systems.Difference in information contentNot available from text, but: The Jensen-Shannon Divergence measures the similarity between two probability distributions by quantifying the average difference in information content, with a value between 0 (identical) and 1 (completely dissimilar).fully automatic no Probability distribution not reported (written as formula)The others Jensen-Shannon divergence looks at the probability distributions of words in the original text and the summary, and calculates the overlap between those.2
Sai A Survey of Evaluation Metrics Used for NLG Systems2020 ab ROUGE-C summarization Through this survey, we first wish to highlight the challenges and difficulties in automatically evaluating NLG systems. Then, we provide a coherent taxonomy of the evaluation metrics to organize the existing metrics and to better understand the developments in the field. We also describe the different metrics in detail and highlight their key contributions.Recall Not reported fully automatic no Modification of ROUGE where the generated summary is compared to the document to be summarized instead of a reference summaryIn the context of abstractive summarization, He et al. [59] proposed a modification to ROUGE, dubbed ROUGE-C, where the candidate summary is compared with the document to be summarized, instead of the reference summary.All other measures in the paperUntrained word-based context-dependent metric that calculates recall based on the comparison with the document that was summarized and not a reference summary1
Scialom QuestEval: Summarization Asks for Fact-based Evaluation2021 QuestEval summarization Summarization evaluation remains an open research problem: current metrics such as ROUGE are known to be limited and to correlate poorly with human judgments. To alleviate this issue, recent work has proposed evaluation metrics which rely on question answering models to assess whether a summary contains all the relevant information in its source document. Though promising, the proposed approaches have so far failed to correlate better than ROUGE with human judgments. In this paper, we extend previous approaches and propose a unified framework, named QuestEval.A question-generating, question answering based evaluation of combined precision and recall  of summariesThis paper introduces the QuestEval framework for evaluating summarization systems, that accounts for both factual consistency and relevance of the generated text, without requiring any human reference.LLM yes T5-model QA component consists of a pretrained T5 model (Raffel et al., 2019), which extracts answers from a source document given the document and a question to answer. QG component ... also consists of a T5 model.ROUGE, METEOR, BLEU, BERTScore, SummaQA, QAGSQuestEval is question-generating, question answering based evaluation method calculating a combined precision and recall score of summaries based on only the source document.1
Scialom Answers unite! Unsupervised metrics for reinforced summarization models2019 a QAfscore summarization ROUGE, the most used summarization metric, is known to suffer from bias towards lexical similarity as well as from suboptimal accounting for fluency and readability of the generated abstracts. We thus explore and propose alternative evaluation measures: the reported humanevaluation analysis shows that the proposed metrics, based on Question Answering, favorably compares to ROUGE – with the additional property of not requiring reference summaries.Informativeness and relevanceFor each (input, question, answer) triplet, an F1 score is computed according to the responses retrieved by the considered QA system. This score, commonly used for QA evaluation (Rajpurkar et al., 2016), measures the average overlap between predictions and ground truth answers. For each summary to assess, the is the average of the F1 score computed over each triplet. In the following, we denote this metric as QAf score(sup)LLM yes BERT As QA system we use the BERT “base” pretrained modelROUGE-L, human evaluationQAfscore is a standard question answering evaluation method, but no reference summary is required2
Scialom Answers unite! Unsupervised metrics for reinforced summarization models2019 b QAconf summarization ROUGE, the most used summarization metric, is known to suffer from bias towards lexical similarity as well as from suboptimal accounting for fluency and readability of the generated abstracts. We thus explore and propose alternative evaluation measures: the reported humanevaluation analysis shows that the proposed metrics, based on Question Answering, favorably compares to ROUGE – with the additional property of not requiring reference summaries.Confidence Complementary to the F1 score, we propose to also consider the confidence of the QA system for its retrieved answer. This corresponds, for each triplet, to the probability of the true answer according to the QA model.LLM yes BERT As QA system we use the BERT “base” pretrained modelROUGE-L, human evaluationQAconf determines the confidence of the QAfscore 2
Sharma A survey on the dataset, techniques, and evaluation metric used for abstractive text summarization2024 summarization fully automatic 3
Sjöbergh Older versions of the ROUGEeval summarization evaluation system were easier to fool2007 ROUGE summarization We show some limitations of the ROUGE evaluation method for automatic summarization.Lexical overlap Given a source text and a set of model summaries, normally manually written summaries, it calculates different scores for how well an automatically generated summary corresponds to these model summaries.automatic with human reference no ROUGE ROUGE Human evaluation This study shows that it easy to fool ROUGE by making bad summaries with high ROUGE scores.2
Steinberger Evaluation measures for text summarization 2009 a text quality summarization "The problem of matching the system summaryagainst an “ideal summary” is that the ideal summary is hard to establish.";"The fact that LSA can identify the most important topics induces the possibility of using it for summary content evaluation. We present here a summary evaluation method whose idea is that the summary should retain the main topics of the source text."text quality "Text Quality Measures" human no annotators, rating scale "This cannot be done automatically. The annotators mostly assign marks (i.e., from A – very good – to E – very poor – at DUC 2005) to each summary."all other methods This paper describes different ways of evaluating summaries. Text quality can be assessed on grammaticality (no punctuation errors, or incorrect words), non-redundancy, reference clarity (pronouns and nouns should be clearly referred to), coherence and structure. This is typically done by assigning marks to each summary.1
Steinberger Evaluation measures for text summarization 2009 b co-selection summarization "The problem of matching the system summaryagainst an “ideal summary” is that the ideal summary is hard to establish.";"The fact that LSA can identify the most important topics induces the possibility of using it for summary content evaluation. We present here a summary evaluation method whose idea is that the summary should retain the main topics of the source text."intrinsic content evaluation"The main approach for summary quality determination is the intrinsic content evaluation which is often done by comparison with an ideal summary."automatic with human reference no precision, recall, F-score, relative uitlity, human reference summary"For sentence extracts, it is often measured by co-selection. It finds outhow many ideal sentences the automatic summary contains.";"The main evaluation metrics of co-selection are precision, recall and F-score."all other methods This paper describes different ways of evaluating summaries. Co-selection evaluated the intrinsic content for extractive summaries. It masures how many ideal sentences (from a human summary) the automatic summary contains. The main evaluation metrics of co-selection are precision, recall and F-score. 1
Steinberger Evaluation measures for text summarization 2009 c relative utility summarization "The problem of matching the system summaryagainst an “ideal summary” is that the ideal summary is hard to establish.";"The fact that LSA can identify the most important topics induces the possibility of using it for summary content evaluation. We present here a summary evaluation method whose idea is that the summary should retain the main topics of the source text."intrinsic content evaluation"The main approach for summary quality determination is the intrinsic content evaluation which is often done by comparison with an ideal summary."other human & automaticno relative utility, input document"With RU, the model summary represents all sen tences of the input document with confidence values for their inclusion in the sum mary. For example, a document with five sentences [1 2 3 4 5] is represented as [1/5 2/4 3/4 4/1 5/2]. The second number in each pair indicates the degree to which the given sentence should be part of the summary according to a human judge. This number is called the utility of the sentence."all other methods This paper describes different ways of evaluating summaries. Relative utility has human annotators assign relevance to each sentence of the input document. The top e sentences according to the utility score are then called a sentence extract of size e. 1
Steinberger Evaluation measures for text summarization 2009 d similarity measures summarization "The problem of matching the system summaryagainst an “ideal summary” is that the ideal summary is hard to establish.";"The fact that LSA can identify the most important topics induces the possibility of using it for summary content evaluation. We present here a summary evaluation method whose idea is that the summary should retain the main topics of the source text."similarity "Whereas co-selection measures cannot do this, content-based similaritymeasures can."automatic with human reference no reference summary, cosine similarity, unit overlap, longest common subsequence, ROUGE"Co-selection measures can count as a match only exactly the same sentences. This ignores the fact that two sentences can contain the same information even if they are written differently. Furthermore, summaries written by two different annotators do not in general share identical sentences"all other methods This paper describes different ways of evaluating summaries. Content-based similarity measures can account for semantic differences in sentences. Metrics are cosine similarity (measuring overlap between system summary and reference document based on vector space), unit overlap (measuring overlap in sets of words or lemmas), longest common subsequence (measuring lenght of the longest common subsequence), ROUGE (similarity of n-grams).  1
Steinberger Evaluation measures for text summarization 2009 e pyramids summarization "The problem of matching the system summaryagainst an “ideal summary” is that the ideal summary is hard to establish.";"The fact that LSA can identify the most important topics induces the possibility of using it for summary content evaluation. We present here a summary evaluation method whose idea is that the summary should retain the main topics of the source text."similarity "Whereas co-selection measures cannot do this, content-based similaritymeasures can."other human & automaticno summarization content units, annotators"The annotation starts with identifying similar sentences and then proceeds with finer grained inspection that can lead to identifying related subparts more tightly. SCUs that appear in more manual summaries will get greater weights, so a pyramid will be formed after SCU annotation of manual summaries. At the top of the pyramid there are SCUs that appear in most of the summaries and thus they have the greatest weight. The lower in the pyramid the SCU appears, the lower its weight is because it is contained in fewer summaries."all other methods This paper describes different ways of evaluating summaries. Content-based similarity measures can account for semantic differences in sentences. The pyramid method identifies summarization content units that are used for comparison of information in summaries. 1
Steinberger Evaluation measures for text summarization 2009 f Latent Semantic Analysis summarization "The problem of matching the system summaryagainst an “ideal summary” is that the ideal summary is hard to establish.";"The fact that LSA can identify the most important topics induces the possibility of using it for summary content evaluation. We present here a summary evaluation method whose idea is that the summary should retain the main topics of the source text."content similarity "It evaluates a sum mary quality via content similarity between a reference document and the summary like other content-based evaluation measures do."fully automatic no reference document, summary, main topic similarity, term significance similarity"The first measure compares first left singular vectors of the SVD performed on thereference document and the SVD performed on the summary"; "The second LSA measure compares a summary with the reference document from an angle of r most salient topics. The idea behind it is that there should be the same important topics/terms in both documents. The first step is to perform the SVD on both the reference document and summary matrices. Then we need to reduce the dimensionality of the documents’ SVDs to leave only the important topics there."all other methods This paper describes different ways of evaluating summaries. Evaluation based on latent semantic analysis focusses on content similarity. Main Topic Similarity compares the single value decomposation of the reference document with that of the summary. These vectors correspond to the most important word pattern in the reference text and the summary. It is called the main topic. The cosine of the angle between the first left singular vectors is measured. Term Significance Similarity compares the summary with the reference document from an angle of r most salient topics. 1
Suleiman Deep Learning Based Abstractive Text Summarization: Approaches, Datasets, Evaluation Measures, and Challenges2020 ROUGE-1, ROUGE-2, ROUGE-L summarization 2
Suo Evaluation method of automatic summarization calculating the similarity of text based on hownet2010 HowNet summarization In order to do automatic evaluation for summarization much more accurately and efficiently, this paper analyzed the present evaluation methods of antomatic summarization concretely, and pointed out the shortcoming of these evaluation methods.similarity of semantic informationIt analyzes the meaning of words concretely using HowNet in the vector space model, considering the effect of part of speech serving as role in the sentences when calculating the weight of feature item and improving the formula of weight of feature itemfully automatic yes HowNet, TF-IDF It presents an evaluation method of automatic summarization calculating the similarity of text based on HowNet. The method uses HowNet to obtain the semantic information, searching synonyms in text and clustering them, and improves the formula of weight of feature item.human evaluation The evaluation metric calculates semantic similarity between generated and reference summaries by using HowNet to map synonyms to shared concepts and assigning feature weights based on their importance within the summary2
Tang Evaluating large language models on medical device summarization2023 a automatic evaluation with reference summarization "While recent work has analyzed and evaluated this strategy for news summarization6 and biomedical literature abstract generation7, there is no study yet on medical evidence summarization and appraisal. In this study, we conduct a systematic study of the potential and possible limitations of zero-shot prompt-based LLMs on medical evidence summarization using GPT-3.5 and ChatGPT models."summary quality "To evaluate the quality of the automatically generated summaries, we employed various automatic metrics"automatic with human reference no ROUGE-L, METEOR, BLEU "To evaluate the quality of the automatically generated summaries, we employed various automatic metrics (Fig. 1a), including ROUGE-L10, METEOR11, and BLEU12, comparing them against a reference summary."all other methods This paper assesses summarization of text in the medical domain. It proposes automatic evaluation via ROUGE-L (overlap between generated summary and reference summary, focussing on n-grams), METEOR (measures the harmonic mean of unigram precision and recall based on stemming and synonym matching) and BLEU (measures overlap between generated summary and the reference summary focussing on precision of the n-grams).2
Tang Evaluating large language models on medical device summarization2023 b abstractiveness summarization "While recent work has analyzed and evaluated this strategy for news summarization6 and biomedical literature abstract generation7, there is no study yet on medical evidence summarization and appraisal. In this study, we conduct a systematic study of the potential and possible limitations of zero-shot prompt-based LLMs on medical evidence summarization using GPT-3.5 and ChatGPT models."degree of abstraction "We also assessed the degree of abstraction by measuring the extractiveness13 and the percentage of novel n-grams in the summary with respect to the input."fully automatic no extractiveness, novel n-grams"We also assessed the degree of abstraction by measuring the extractiveness13 and the percentage of novel n-grams in the summary with respect to the input."all other methods This paper assesses summarization of text in the medical domain. It proposes fully automatic evaluation of the degree of abstraction by measuring the percentage of novel n-grams with respect to input and measuring extractiveness. Extractiveness measures the percentage of words in a summary from some extractive fragments of the source document. 2
Tang Evaluating large language models on medical device summarization2023 c human evaluation summarization "While recent work has analyzed and evaluated this strategy for news summarization6 and biomedical literature abstract generation7, there is no study yet on medical evidence summarization and appraisal. In this study, we conduct a systematic study of the potential and possible limitations of zero-shot prompt-based LLMs on medical evidence summarization using GPT-3.5 and ChatGPT models."summarizaiton capabilities"To obtain a comprehensive understanding of the summarization capabilities of LLMs, we conducted an extensive human evaluation of the model-generated summaries, which goes beyond the capabilities of automatic metrics14."human no annotators, 5-point Likert scale"Our evaluation defined summary qualityalong four dimensions: (1) Coherence; (2) Factual Consistency; (3)Comprehensiveness; and (4) Harmfulness";"We utilize a 5-point Likert scale for the evaluation of each dimension. If the summary received a low score on any of the dimensions, we further asked participants to explain the reason for the low score in a provided text box for each dimension"all other methods This paper assesses summarization of text in the medical domain. It proposes human evaluation focussed on four dimensions: coherence, factual consistency, comprehensiveness and harmfulness. Coherence refers to the capability of a summary to create a coherent body of information about a topic through connections betweens sentences. Factual consistency measures whether the statements in the summary are supported by the source document. Comprehensiveness refers to whether a summary contains comprehensive information to support the systematic review. Harmfulness refers to the potential of a summary to cause physical or psychological harm or undesired changes in therapy or compliance due to the misinterpretation of information.2
Tauchmann Language agnostic automatic summarization evaluation2020 PyrEval (Pyramids) summarization So far work on automatic summarization has dealt primarily with English data. Accordingly, evaluation methods were primarily developed with this language in mind. In our work, we present experiments of adapting available evaluation methods such as ROUGE and PYRAMID to non-English data. Semantic content overlapcapture semantically similar parts of a summaryfully automatic yes fastText with Pyramids-like calculationsnot reported ROUGE PyrEval uses fastText word embeddings to assess the semantic content overlap by finding content units (factoids) and calculating their similarity.2
Turchi Using parallel corpora for multilingual (multi-document) summarisation evaluation2010 a Weighted model summarization We are presenting a method for the evaluation of multilingual multi-document summarisation that allows saving precious annotation time and that makes the evaluation results across languages directly comparable.score based on weighted interrater agreementThe relative agreement of all four annotators (with the automatic summary).automatic with human reference no Formula for extracted sentence overlap with multiple ratersFor each summary, we computed the intersection of sentences selected by the summariser with those in the weighted model. For each sentence in the automatically generated summary, we added the model summary weight to the summary score.each other This method evaluates summaries by assigning higher weights to sentences with greater annotator agreement and calculating a normalized similarity score based on the weighted overlap between the system and reference summaries.2
Turchi Using parallel corpora for multilingual (multi-document) summarisation evaluation2010 b Binary model summarization We are presenting a method for the evaluation of multilingual multi-document summarisation that allows saving precious annotation time and that makes the evaluation results across languages directly comparable.score based on dual rater agreementThe average agreement of any pair of the four annotators (with the automatic summary).automatic with human reference no Formula for extracted sentence overlap with two ratersThe score of a system summary can then be computed as: the number of sentences in the intersection between the system summary and the sentences selected by at least two annotators divided by the number of sentences in the system summary.each other This method evaluates summaries by checking whether each sentence in the system summary matches sentences selected by at least two annotators, treating all selected sentences equally.2
van Schaik A Field Guide to Automatic Evaluation of LLM-Generated  Summaries2024 a summarization We present a guide to LLM evaluation that is geared towards the common situations that AI practitioners (software developers and data scientists) face when building LLM applications in industry.Similarity we will examine reference based, reference-free (context-based), and LLM-based metrics.automatic with human reference BLEU, ROUGE, JS divergence, BERTscore, MoverScore, Sentence Mover SimilairtyMetrics BLEU (Bilingual Evaluation Understudy), ROUGE (Recall-Oriented Understudy for Gisting Evaluation), and JS divergence (JS2) are overlap-based metrics that measure the similarity of the output text and the reference text using n-grams. ; BERTScore, MoverScore, and Sentence Mover Similarity (SMS) metrics all rely on contextualized embeddings to measure the similarity between two texts.Metrics that measures lexical or semantic similarity between outputs and human references. 2
van Schaik A Field Guide to Automatic Evaluation of LLM-Generated  Summaries2024 b summarization Quality Metrics SUPERT and BLANC focus on the quality of the content of the generated summary and use BERT to generate a pseudo-reference. ROUGE-C is a modification of ROUGE without the need for references and uses the source text as the context for comparisonfully automatic SUPERT, BLANC, ROUGE-C Metrics SUPERT  and BLANC focus on the quality of the content of the generated summary and use BERT to generate a pseudo-reference. ROUGE-C is a modification of ROUGE without the need for references and uses the source text as the context for comparisonMetrics generate a pseudo-reference or use source texts as context to assess output quality without human reference. 2
van Schaik A Field Guide to Automatic Evaluation of LLM-Generated  Summaries2024 c summarization Entailment Entailment-based metrics are based on the Natural Language Inference (NLI) task, where for a given text (premise), it determines whether the output text (hypothesis) entails, contradicts or undermines the premise. ; Entailment-based metrics are designed as a classification task with labels “consistent” or “inconsistent”.fully automatic SummaC, FactCC, DAE The SummaC (Summary Consistency) benchmark, FactCC, and DAE (Dependency Arc Entailment) metrics serve as an approach to detect factual inconsistencies with the source text.Metrics detect factual consistency / entailment between source and output. 2
van Schaik A Field Guide to Automatic Evaluation of LLM-Generated  Summaries2024 d summarization Factuality Factuality-based metrics like SRLScore (Semantic Role Labeling) and QAFactEval evaluate whether generated text contains incorrect information that does not hold true to the source text. QA-based, like QuestEval, and QG-based metrics are used as another approach to measure factual consistency and relevance.fully automatic SLRScore, QAFactEval, QuestEvalFactuality-based metrics like SRLScore (Semantic Role Labeling) and QAFactEval evaluate whether generated text contains incorrect information that does not hold true to the source text. QA-based, like QuestEval, and QG-based metrics are used as another approach to measure factual consistency and relevance. Metrics evaluate if the information is correct or inconrrect based on information in the source. 2
van Schaik A Field Guide to Automatic Evaluation of LLM-Generated  Summaries2024 e summarization LLM-based judgment (fluency, coherence, consistency, relevancy, quality, similarity)The judgement can be based on (i) the summary alone (reference-free), where the LLM is judging qualities like fluency, and coherence; (ii) the summary, the original text, and potentially a topic for summarization (reference-free), where the LLM is judging qualities like consistency, and relevancy (iii) a comparison between the summary and the ground truth summary (reference-based), where the LLM is judging quality, and similarity.LLM Reason-thenScore (RTS), Multiple Choice Question Scoring (MCQ), Head-to-head scoring (H2H), G-EvalSome frameworks for these evaluation prompts include Reason-thenScore (RTS), Multiple Choice Question Scoring (MCQ), Head-to-head scoring (H2H), and G-Eval.LLMs evaluate different aspects of text, such as fluency and coherence, based on the specific requirements of the task at hand.2
Wang Asking and answering questions to evaluate the factual consistency of summaries2020 QAGS (Question Answering and Generation for Summarization)summarization Practical applications of abstractive summarization models are limited by frequent factual inconsistencies with respect to their input. Existing automatic evaluation metrics for summarization are largely insensitive to such errors.factual consistency A metric for evaluating the factual consistency of abstractive document summaries.LLM yes Question Answering/Question Generating models based on variants of BERTWe train extractive QA models by fine-tuning BERTBERT NLI, ESIM, FactCC, ROUGE, METEOR, BLEU, BERTScoreQAGS evaluates the factual consistency of summaries by generating questions from the summary, answering them using both the source and summary, and comparing the answers for alignment.1
Wang Analyzing and Evaluating Faithfulness in Dialogue Summarization2022 FacEval summarization Dialogue summarization is abstractive in nature, making it suffer from factual errors. The factual correctness of summaries has the highest priority before practical applications. Many efforts have been made to improve faithfulness in text summarization. However, there is a lack of systematic study on dialogue summarization systemsfaithfulness We present a model-level evaluation schema, FacEval, targeting dialogue summarisation models’ faithfulness.LLM yes Back translation using Google Cloud,  negative and postive generation probability prediction using BART and T5.First, we synthesize a set of positive and negative summaries for each dialogue with back-translation or rule-based transformations. Then, a summarization model is asked to distinguish positive and negative summaries based on conditional generation probabilities. More correct judgements indicate the model is more factually competent.ROUGE, BLEU, BERTScore, FactCCFacEval evaluates dialogue summarization models by comparing their generation probabilities for positive summaries (produced via back-translation) and negative summaries (created with rule-based factual errors), scoring models based on their ability to prefer positive over negative summaries.1
Wang Automated metrics for medical multi-document summarization disagree with human evaluations2023 a human evaluation summarization "Better automated evaluation metrics are needed, but few resources exist to assess metrics when they are proposed. Therefore, we introduce a dataset of human-assessed summary quality facets and pairwise preferences to encourage and support the development of better auto mated evaluation methods for literature review MDS."fluency, 'population, intervention, outcome' alignment, evidence direction, modality"fluency, PIO alignment, evidence direction, and modality"human no summaries, annotations regarding fluency, population, intervention, outcome, effect, and strength, rank comparison"For each sampled instance, we show annotators apair of (target, generated) summaries from a reviewand ask them to answer 8 questions regarding these(details in App. A)."; "We perform pairwise comparisons to elicit humanpreferences between system-generated summariesand to study how facet-based quality maps to holisticsummary quality.";"Our final dataset consists of 4658 summaries generated by 10 systems over 470 review instances from MSLR-Cochrane. Of these summaries, 597 from 6 systems are annotated on 8 quality facets. We also include 452 pairwise comparisons from five annotators."automatic metrics This paper presents a dataset with quality annotations on which to compare automatic metrics with human evaluations. It provides human evaluations on the outputs of 6 multi document summarization systems. 2
Wang Automated metrics for medical multi-document summarization disagree with human evaluations2023 b automatic similarity evaluation summarization "Better automated evaluation metrics are needed, but few resources exist to assess metrics when they are proposed. Therefore, we introduce a dataset of human-assessed summary quality facets and pairwise preferences to encourage and support the development of better auto mated evaluation methods for literature review MDS."similarity between inputs and summaries"To assess similarity between inputs and summaries"automatic with human reference no input abstract, target summary, generated summary, ROUGE-1"to identify an evidence statement in each input document and classify it with an effect direction. Between each input evidence statement and the target and generated summaries, we compute ROUGE-1 scores"human evaluations This paper presents a dataset with quality annotations on which to compare automatic metrics with human evaluations. To compare similarity between inputs and target and generated summaries, each evidence statement in the input abstract is classified with an effect direction. ROUGE-1 is used to compute similarity between input evidence and summaries. The synthesis rate calculates how often the effect direction agrees between the most similar evidence statement and the generated summary. ROUGE-1 is also used to determine how often a generated summary is closer to an input document than a target summary. 2
Wang Automated metrics for medical multi-document summarization disagree with human evaluations2023 c self-repetition summarization "Better automated evaluation metrics are needed, but few resources exist to assess metrics when they are proposed. Therefore, we introduce a dataset of human-assessed summary quality facets and pairwise preferences to encourage and support the development of better auto mated evaluation methods for literature review MDS."self-repitition "however, they claim that the amount of such self-repetition7 is fairly consistent between model-generated and human-written text"fully automatic no generated summary "We analyze self-repetition rates for long ngrams (5- to 10-grams) and show that their occurrence rates are much higher in generated summaries than in human-written summaries."human evaluations This paper presents a dataset with quality annotations on which to compare automatic metrics with human evaluations. Self-repitition is calculated for long n-grams (5- to 10-grams). 2
Wang Automated metrics for medical multi-document summarization disagree with human evaluations2023 d automatic evaluation summarization "Better automated evaluation metrics are needed, but few resources exist to assess metrics when they are proposed. Therefore, we introduce a dataset of human-assessed summary quality facets and pairwise preferences to encourage and support the development of better auto mated evaluation methods for literature review MDS."not reported not reported automatic with human reference no ROUGE-1, ROUGE-2, ROUGE-L F-scores, BERTscore-F, Delta-EI, NLI, STS, ClaimVer, PIO-Overlap"Metrics from the MSLR leaderboard..."human evaluations This paper presents a dataset with quality annotations on which to compare automatic metrics with human evaluations. Several automatic metrics are proposed for comparison, including ROUGE-1, ROUGE-2, ROUGE-L F-scores, BERTscore-F, Delta-EI, NLI, STS, ClaimVer, PIO-Overlap.2
Wu Large Language Models are Diverse Role-Players for Summarization Evaluation2023 DRPE (Diverse Role-Player Evaluation)summarization The evaluation of the quality of the generated text is a complex problem. A big challenge to language evaluation is that there is a clear divergence between existing metrics and human evaluation. A document summary’s quality can be assessed by human annotators on various criteria, both objective ones like grammar and correctness, and subjective ones like informativeness, succinctness, and appeal. Most of the automatic evaluation methods like BLUE/ROUGE may be not able to adequately capture the above dimensionsDifferent LLM-based roleplayers voting for best summaryA new evaluation framework based on LLMs, which provides a comprehensive evaluation framework by comparing generated text and reference text from both objective and subjective aspects.LLM yes GPT-3 We use the public GPT-3 [2] of the text-DaVinci-003 version with 175B parameters from OpenAI for the LLMs implementationROUGE, BLEU, METEOR, BERTScore, MoverScore, human evaluationThe DRPE method evaluates summaries by using GPT-3 as diverse role-players, both objective and subjective, to vote for their favourite summary based on role-specific quality criteria.1
Xie Factual Consistency Evaluation for Text Summarization via Counterfactual Estimation2021 CoCo (COunterfactual COnsistency)summarization Despite significant progress has been achieved in text summarization, factual inconsistency in generated summaries still severely limits its practical applications. Among the key factors to ensure factual consistency, a reliable automatic evaluation metric is the first and the most crucial one. However, existing metrics either neglect the intrinsic cause of the factual inconsistency or rely on auxiliary tasks, leading to an unsatisfied correlation with human judgments or increasing the inconvenience of usage in practice.Factual consistency by factual dependence on the source."... a novel metric to evaluate the factual consistency in text summarization via counterfactual estimation"LLM yes BART (best performing implementation), BERT, T5, PEGASUSWe adopt four different scoring models to implement CoCo, including BART, BERT, T5, and PEGASUS.ROUGE-1, ROUGE-2, ROUGE-L, BLEU, METEOR, BERTScore, FFCI (ROUGE-1, ROUGE-2, ROUGE-L, BERTScore), QAGS, QuestEval (precision, recall, F1), human evaluation.The CoCo metric checks how much a summary depends on the original text by comparing the likelihood of key words in the summary when generated with and without the original text, measuring how well the summary aligns with the source.1
Xu A Question-Answering Approach to Evaluating Legal Summaries2023 QA-evaluation summarizationfocused on legal Commonly used summary evaluation metrics such as ROUGE scores [1] focus primarily on surface-level aspects like word overlap and grammatical correctness. These metrics do not consider factors such as contextual understanding or the alignment of the summary with the reader’s specific goals or preferences. In this work, we propose a novel method to evaluate the quality of a legal summary by leveraging automated question-answering while incorporating legal argumentative structure.Factual consistency through question answeringWe propose a novel legal summarization evaluation framework that utilizes GPT-4 to generate a set of question-answer pairs that cover main points and information in the reference summaryLLM yes ChatGPT We utilize GPT-4 to generate question-answer pairsHuman evaluation This QA-based evaluation framework uses GPT-4 to assess the quality of legal summaries by generating questions, answering them based on generated summaries, and grading these answers against reference answers.2
Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 a BLEU summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.lexical overlap (n-gram precision)It is based on the product of modified n-gram precision and brevity penalty that penalizes short sentences.automatic with human reference no BLEU It is based on the product of modified n-gram precision and brevity penalty that penalizes short sentences.Each other Measures n-gram precision with a brevity penalty to avoid favoring overly short summaries.1
Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 b NIST summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.lexical overlap (weighted towards rare n-grams)Adapted from BLEU, NIST pays more attention to less frequent n-grams. It uses the arithmetic mean as opposed to the geometric mean in BLEU for the modified n-gram precision and weights each n-gram by its frequency in the references.automatic with human reference no n-grams, similar to BLEU It uses the arithmetic mean as opposed to the geometric mean in BLEUEach other Similar to BLEU but emphasizes rarer, more informative n-grams.1
Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 c METEOR summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.lexical overlap with morphological variationsMETEOR aligns the system output and references based on exact word matching and morphological variations such as stems, synonyms, and paraphrases of words. METEOR is calculated as the harmonic mean of precision and recall, along with a penalty factor to favour longer matching sequences.automatic with human reference no METEOR METEOR is calculated as the harmonic mean of precision and recall, along with a penalty factor to favour longer matching sequences.Each other Measures overlap between generated and reference summaries using 'fuzzy' matches, i.e. morphological variations and paraphrases1
Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 d ROUGE summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.lexical overlap (n-gram recall)ROUGE family of metrics is based on n-gram overlap between system-generated summaries and reference summariesautomatic with human reference no ROUGE We use ROUGE-1, ROUGE-2, and ROUGE-LCS as our evaluation metricsEach other Measures lexical overlap 1
Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 e CIDEr summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.TF-IDF cosine similarityCIDEr computes the cosine similarity using Term Frequency Inverse Document Frequency (TF-IDF) vectors for each n-gram.automatic with human reference no TF-IDF CIDEr computes the cosine similarity using Term Frequency Inverse Document Frequency (TF-IDF) vectors for each n-gram.Each other Computes similarity using TF-IDF-weighted cosine similarity of n-grams.1
Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 f SPICE summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.Semantic graph-based content matchingSPICE constructs scene graphs based on input text processed via semantic parsing. It computes precision, recall and F1 score based on the binary matching of logical tuples, which contains objects, attributes and relations from the scene graphs.automatic with human reference yes semantic graphs SPICE constructs scene graphs based on input text processed via semantic parsingEach other Compares semantic graphs built from sentence structures and relationships in both generated and reference summary.1



Yang Investigating Metric Diversity for Evaluating Long Document Summarisation2022 g BERTScore summarization Long document summarisation, a challenging summarisation scenario, is the focus of the recently proposed LongSumm shared task. One of the limitations of this shared task has been its use of a single family of metrics for evaluation (the ROUGE metrics). In contrast, other fields, like text generation, employ multiple metrics. We replicated the LongSumm evaluation using multiple test set samples (vs. the single test set of the official shared task) and investigated how different metrics might complement each other in this evaluation framework.Semantic overlap through embedding cosine similarityBERTScore maps tokens to BERT contextual embeddings (Devlin et al., 2019) and computes precision, recall and F-measure through cosine similarity of word tokens, optionally weighted by the inverse document frequency to emphasize rare tokens.LLM yes BERT BERTScore maps tokens to BERT contextual embeddingsEach other Uses BERT embeddings to measure semantic similarity. 1
Zeng Gradient-based Adversarial Factual Consistency Evaluation for Abstractive Summarization2021 Gradient-Based Adversarial Factual Consistency Evaluationsummarization Neural abstractive summarization systems have gained significant progress in recent years. However, abstractive summarization often produce inconsisitent statements or false facts. How to automatically generate highly abstract yet factually correct summaries? In this paper, we proposed an efficient weaksupervised adversarial data augmentation approach to form the factual consistency dataset.Factual consistency of summaries and the ability to pinpoint tokens responsible for inconsistencies.We train an evaluation model that can not only make accurate and robust factual consistency discrimination but is also capable of making interpretable factual errors tracing by backpropagated gradient distribution on token embeddings.LLM yes RoBERTa, spaCy We extract entities by pre-trained NER model of spaCy ... We finetune our model on public pre-trained model Roberta-baseFactCC, FactCCX, FEC (all vs. human evaluation)This method evaluates factual consistency by creating 'bad examples' to challenge summarization models and uses gradient-based analysis to identify specific tokens causing inconsistencies.1
Zhang Fine-grained Factual Consistency Assessment for Abstractive Summarization Models2021 SumFC summarization Factual inconsistencies existed in the output of abstractive summarization models with original documents are frequently presented. Fact consistency assessment requires the reasoning capability to find subtle clues to identify whether a model-generated summary is consistent with the original document. Recent studies have shown that around 30% of the summaries generated by abstractive summarization models contain factual errors. For this reason, the practicability of abstractive summarization models is limited. Therefore, the factual consistency improvement and automatic assessment continue to be a significant challenge.The factual consistency of a summary by evaluating alignment with key sentences from the source document.This paper proposes a fine-grained two-stage Fact Consistency assessment framework for Summarization models (SumFC)LLM yes TF-IDF, BERT In the sentence selection stage, the proposed framework selects the top-K most important evidence from the original text based on the cosine similarity of TF-IDF ... Evidence reasoning between evidence and claim sentence is achieved by pre-trained encoding and self-attention (Vaswani et al., 2017) across two sentences. An uncased, base BERT (Devlin et al., 2019) is used as the encoder, and each evidenceclaim pair is concatenated.BERT+MNLI, BERT+FEVER, FactCC, FactCCX, InferSent, BERT+NLI, ESIM, QAGS (all against human evaluations)SumFC evaluates factual consistency of summaries by selecting relevant evidence from the source document, reasoning over evidence-claim pairs with a BERT-based model, and aggregating consistency scores.1
Zhang ROUGE-SEM: Better evaluation of summarization using ROUGE combined with semantics2024 SEM-ROUGE summarization ROUGE is not perfect, there are studies have shown that it is suffering from inaccurate evaluation of abstractive summarization and limited diversity of generated summaries, both caused by lexical bias. To avoid the bias of lexical similarity, more and more meaningful embedding-based metrics have been proposed to evaluate summaries by measuring semantic similarity. Due to the challenge of accurately measuring semantic similarity, none of them can fully replace ROUGE as the default automatic evaluation toolkit for text summarization.The metric measures lexical and semantic alignment between candidate and reference summaries, accounting for both structural similarity and underlying meaning.We propose a compromise evaluation framework (ROUGE-SEM) for improving ROUGE with semantic information, which compensates for the lack of semantic awareness through a semantic similarity module and back-translationother fully automatic + LLMyes Siamese-BERT, ROUGE-(1,2,L), back-translation in French, Chinese and GermanSimilar to the lexical similarity module, the standard ROUGE family is adopted as the main component of the rewritten summary scorer ... We adopt the bert-base-uncased as the text encoder to implement the Siamese-BERT ... Google Translate is used to implement the back-translation module, and German, Chinese, and French are selected as intermediate languages.ROUGE-SEM combines lexical and semantic similarity using a Siamese-BERT network. After scoring with ROUGE and BERT, if either the BERT or ROUGE score was bad, they  rewrite the text to another language and back (back-translation) to get another wording with the same semantic meaning, and then score again.2
Zmandar A Comparative Study of Evaluation Metrics for Long-Document Financial Narrative Summarization with Transformers2023 BRUGEscore summarization In this study, we aim to benchmark a variety of summarisation methods on a set of different pre-trained transformers with different extraction techniques. We hypothesise that some evaluation metrics do not reflect true summarisation ability and propose a novel BRUGEscore metric, as the harmonic mean of ROUGE-2 and BERTscore.Both lexical overlap (ROUGE) and semantic similarity (BERTscore)BRUGEscore is our novel proposed metric, calculated as the harmonic mean of ROUGE-2 and BERTscore. It combines elements of word overlap and embedding cosine similarity into a single score.LLM Automatic with human reference (ROUGE) and LLM (BERTscore)yes BERT, ROUGE Calculated as the harmonic mean of ROUGE-2 and BERTscoreROUGE, BERTScore, BARTScore, METEOR, Bleurt.This method just calculates the harmonic mean between ROUGE-2 and BERTscore.2
Zopf What's Important in a Text? An Extensive Evaluation of Linguistic Annotations for Summarization2018 a Kendall’s Tau summarizationextractive Automatic text summarization aims at reducing the length of input documents while preserving the most important information. A key challenge in automatic summarization is therefore to estimate the importance of information. Most extractive summarization systems, however, usually only consider bigrams as the representation from which importance can be estimated. The potential of other text annotations such as frames or named-entities remains unexplored. In this paper, we evaluate the application potential of linguistic annotations for automatic text summarization.Importance ranking of generated extractive summary sentences compared with reference summary.Our first evaluation method evaluates if summarization systems are able to rank sentences according to their importance.automatic with human reference no Kendall’s tau We propose to use two rank correlation metrics to estimate the quality of the predicted ranking. The Kendall rank correlation coefficient (Kendall’s tau) [9] computes the number of concordant pairs in the rankings. ... We therefore define a variant of the discounted cumulative gain (DCG) [10] which is frequently used in information retrieval. ... In addition to the rank correlation metrics, we also compute the precision@k score, which computes how many of the first k elements in the predicted ranking are contained in the first k elements of the target ranking.Each other, human evaluationMeasures the correlation between the predicted and reference sentence rankings, penalizing all disagreements equally.2
Zopf What's Important in a Text? An Extensive Evaluation of Linguistic Annotations for Summarization2018 b nDCRS (normalized Discounted Cumulative Ranking Score)summarizationextractive Automatic text summarization aims at reducing the length of input documents while preserving the most important information. A key challenge in automatic summarization is therefore to estimate the importance of information. Most extractive summarization systems, however, usually only consider bigrams as the representation from which importance can be estimated. The potential of other text annotations such as frames or named-entities remains unexplored. In this paper, we evaluate the application potential of linguistic annotations for automatic text summarization.Importance ranking of generated extractive summary sentences compared with reference summary.Our first evaluation method evaluates if summarization systems are able to rank sentences according to their importance.automatic with human reference no normalized Discounted Cumulative Ranking Score Each other, human evaluationEvaluates ranking quality by prioritizing agreement in the top-ranked sentences using a logarithmic discount factor.2
Zopf What's Important in a Text? An Extensive Evaluation of Linguistic Annotations for Summarization2018 c Precision@k summarizationextractive Automatic text summarization aims at reducing the length of input documents while preserving the most important information. A key challenge in automatic summarization is therefore to estimate the importance of information. Most extractive summarization systems, however, usually only consider bigrams as the representation from which importance can be estimated. The potential of other text annotations such as frames or named-entities remains unexplored. In this paper, we evaluate the application potential of linguistic annotations for automatic text summarization.Importance ranking of generated extractive summary sentences compared with reference summary.Our first evaluation method evaluates if summarization systems are able to rank sentences according to their importance.automatic with human reference no Precision@k The precision@k score, which computes how many of the first k elements in the predicted ranking are contained in the first k elements of the target ranking.Each other, human evaluationCalculates the proportion of the top-k predicted sentences that match the top-k sentences in the reference ranking.2
Zopf What's Important in a Text? An Extensive Evaluation of Linguistic Annotations for Summarization2018 d Accuracy (Pairwise Preference Prediction)summarizationextractive Automatic text summarization aims at reducing the length of input documents while preserving the most important information. A key challenge in automatic summarization is therefore to estimate the importance of information. Most extractive summarization systems, however, usually only consider bigrams as the representation from which importance can be estimated. The potential of other text annotations such as frames or named-entities remains unexplored. In this paper, we evaluate the application potential of linguistic annotations for automatic text summarization.Tests whether a system can distinguish good and bad sentences in a reference summary from sentences from the source document.test the models’ ability to distinguish good sentences stemming from a reference summary and bad sentences stemming from a source documentautomatic with human reference no accuracy The models predict a preference label for each pair which indicates whether the first or the second sentence is better. Given n sampled pairs (di, ri), we define the accuracy of a model’s preference prediction abilityEach other, human evaluationMeasures the percentage of correctly predicted preferences between pairs of sentences from the source and reference summaries.2
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