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[bookmark: _Toc1317968130][bookmark: _Toc744556755][bookmark: _Toc2093557091][bookmark: _Toc219911690]List of validation methods with extended explanation
Please note that in this overview, methods can be attributed to more than one category. This is because they are sometimes used differently for a certain purpose, depending on the category. Although we have mostly attributed these multi-purpose metrics into the General category in the main manuscript, here we have left them in their corresponding categories for completeness.
[bookmark: _Toc219911691]General methods
[bookmark: _Toc219911692]AlignScore
AlignScore (Zha et al., 2023) is a holistic, fully automatic metric that evaluates factual consistency by calculating information alignment between two pieces of text. It uses a unified training framework across diverse tasks and a chunk-level splitting strategy to handle long contexts, resulting in fine-grained consistency scores.
[bookmark: _Toc219911693]Attributable to Identified Sources
Rashkin et al. (Rashkin et al., 2023) proposed a two-stage framework to evaluate factuality by determining if claims in generated text can be attributed to specific source documents. It first filters for interpretable statements and then checks individual claim attribution.
[bookmark: _Toc219911694]Auto-Human Transformation Score
Gu et al. (Gu et al., 2021) developed a metric to quantify how much transformation is needed to convert automatically generated text into human-like text. This holistic score was shown to correlate well with human judgment and is useful for general text quality assessment.
[bookmark: _Toc219911695]BARTScore
BARTScore (Yuan et al., 2021) evaluates text quality using BART embeddings to score how well the hypothesis can be generated from a reference. It provides a holistic score of fluency and relevance.
[bookmark: _Toc219911696]CEC (Commonsense Evaluation Card)
The CEC framework (Clinciu et al., 2021) aims to standardize human evaluations of text quality. It addresses inconsistencies in reporting and proposes structured evaluation criteria to enhance reproducibility.
[bookmark: _Toc219911697]Combined Bias Measures
Dev et al. (Dev et al., 2022) evaluated 43 bias metrics and showed that each metric captures different aspects of bias. Their work emphasizes that no single metric is sufficient to evaluate bias comprehensively and recommends using multiple complementary metrics in combination, especially for human evaluation of fairness in NLG.
[bookmark: _Toc219911698]CoMPosT
The CoMPosT metric (Cheng et al., 2023) evaluates model bias using four contextual factors: Context, Model, Persona, and Topic. It defines bias as the degree to which the model's output caricatures a simulated persona or deviates from a neutral baseline. The method revealed that LLMs often generate exaggerated representations of marginalized groups and ideologies.
[bookmark: _Toc219911699]CrowS-Pairs
CrowS-Pairs is a benchmark dataset designed to measure bias in language models by presenting paired sentences that differ only in the social bias they exhibit. The model’s preference for biased or unbiased sentences is used to assess its fairness and stereotype propagation (Van der Wal et al., 2024) 
[bookmark: _Toc219911700]DecompEval
DecompEval (Ke et al., 2023) breaks down evaluation into subquestions, answered using FLAN-T5, to provide interpretable quality scores. It aggregates sentence- and document-level judgments for comprehensive evaluation.
[bookmark: _Toc219911701]Distinctiveness and Diversit
These two metrics by Dusking et al. (Duskin et al., 2021) detect memorization in LLMs by comparing generated outputs to the training corpus. Distinctiveness measures the proportion of generated content not found verbatim in training data, while diversity measures how broadly the model draws from different sources. Low scores indicate high memorization and reduced creativity.
[bookmark: _Toc219911702]Domain-Specific Factuality Evaluation
This method by Hung et al. (Hung et al., 2023) evaluates factuality in high-risk domains such as medical and legal NLG using metrics like QAFactEval and UniEval. The study highlights the limitations of current metrics and suggests developing domain-specific alternatives.
[bookmark: _Toc219911703]Diversity Benchmark Framework
Tevet and Berant (Tevet & Berant, 2021) introduced a framework to assess both lexical and semantic diversity in NLG outputs. Their benchmark combined traditional n-gram overlap metrics and neural embedding similarity methods to capture different facets of diversity in generated text.
[bookmark: _Toc219911704]Environmental Impact Audit
Bannour et al. (Bannour et al., 2021) conducted a systematic review of environmental impact assessment tools for NLP. They found six major tools but noted inconsistencies in estimates and neglect of lifecycle factors such as hardware production. They called for standardized and comprehensive auditing of environmental costs associated with model training and inference.
[bookmark: _Toc219911705]Explainability Framework
This framework evaluates the explainability of model outputs using two axes: fidelity (truthfulness of explanation) and interpretability (user comprehension). GPT-3.5 was found to offer clear but not always faithful explanations (Kuo et al., 2024).
[bookmark: _Toc219911706]Feasibility Evaluation Dataset
Gupta et al. (Gupta et al., 2023) introduced a dataset to assess feasibility, i.e., whether a generated statement is logically possible. The study revealed that many language models struggle with logical plausibility, indicating a gap in current evaluation approaches.
[bookmark: _Toc219911707]Fuzzy Topology Impact (FTI)
FTI (Mordido et al., 2021) evaluates diversity and quality by constructing graphs from generated and reference texts. It measures the topological impact of the generated text on the reference graph, with larger disruptions indicating greater diversity or lower quality, depending on context.
[bookmark: _Toc219911708]FACTScore
FACTScore (Min et al., 2023) verifies the factuality of generated text by breaking it into atomic facts and checking them against a trusted knowledge base. It provides a fine-grained factuality score and exists in both human-annotated and automatically evaluated forms, with the latter achieving high accuracy.
[bookmark: _Toc219911709]GPT-4 Judging
Liu et al.  (Y. Liu et al., 2023) and Riyadh & Shafiq (Riyadh & Shafiq, 2023) used GPT-4 as an evaluator to rate outputs on coherence, fluency, and relevance. While correlation with human ratings was high, it showed a bias toward LLM-generated content.
[bookmark: _Toc219911710]GPT-based Fluency Score
This method by Pang et al. (Pang et al., 2020) uses GPT to compute a fluency score by calculating the log-likelihood of a generated response given its context. It serves as a fully automatic proxy for human-rated fluency.
[bookmark: _Toc219911711]Healthcare-Focused Evaluation
The evaluation by Sblendorio et al. (Sblendorio et al., 2024) combined human ratings and automatic metrics to assess LLM outputs on safety, ethical compliance, and accuracy across seven healthcare domains. It resulted in “recommended” labels for models like GPT-4 and Claude 3, while warning of persistent limitations.
[bookmark: _Toc219911712]INSTRUCTSCORE
INSTRUCTSCORE (W. Xu et al., 2023) uses a fine-tuned LLaMa model to return both a quality score and an interpretability report of errors. It outperformed GPT-4-based judges due to targeted fine-tuning on synthetic examples.
[bookmark: _Toc219911713]Integrated Factuality Estimator
This approach by Deriu et al. (J Deriu et al., 2023) combines human and automatic evaluations to assess factuality, aiming to reduce the burden of manual annotation. It integrates scores to better match human judgment and reduces required human evaluations by 50%.
[bookmark: _Toc219911714]Lexical Metric Critique
Reiter & Belz (Reiter & Belz, 2009) were early critics of BLEU and ROUGE, arguing that these metrics are inadequate for evaluating the quality of generated language beyond surface-level fluency. More recently, Bandi et al. (Bandi et al., 2023) excluded ROUGE in their overview and Sai et al. (Sai et al., 2023) highlighted lexical-humanness mismatches, advocating for more robust alternatives.
[bookmark: _Toc219911715]Metric Inconsistency Review
Blagec et al. (Blagec et al., 2022) analyzed evaluation metric usage across NLP benchmarks and highlighted reporting inconsistencies. They called for clearer guidelines and improved transparency to avoid metric misuse and misinterpretation in benchmarking studies.
[bookmark: _Toc219911716]Morphosyntactic Fluency Model
This rule-based model checks grammaticality using dependency parsing and grammar rules. It calculates morphosyntactic fluency, aligning well with human judgments in practice (Pratapa et al., 2021).
[bookmark: _Toc219911717]MAGNIFICO
MAGNIFICO (Patel et al., 2023) is an evaluation suite designed to assess in-context learning abilities of LLMs. It tests model performance in adapting to new word meanings under few-shot conditions.
[bookmark: _Toc219911718]Manual Fluency Judgment
Novikova et al. (Novikova et al., 2017) and Hardcastle & Scott (Hardcastle & Scott, 2008) emphasized the importance of human evaluation for fluency assessment, showing that classical automatic metrics like BLEU and ROUGE correlate poorly with human perception. They advocated for subjective fluency tests and Turing-style evaluations to improve judgment reliability.
[bookmark: _Toc219911719]MEGA Multilingual Benchmark
Ahuja et al. (Ahuja et al., 2023) introduced the MEGA benchmark to assess NLG system performance across languages and tasks. It highlights the often-overlooked disparities between English-centric and multilingual model performance, offering a framework for more inclusive model validation.
[bookmark: _Toc219911720]Perplexity
Perplexity is a measure for fluency in language models (C. Zhang et al., 2021). Perplexity measures how well a language model predicts a sequence of words. It considers the probabilities of all words in a sequence, given the previous words. A lower perplexity indicates that the model is better at predicting the sequence, meaning it assigns higher probabilities to the actual words that occur.
[bookmark: _Toc219911721]Practical Framework for Healthcare
Reddy (Reddy, 2023) presented a conceptual model to assess the translational value of LLMs in healthcare. It focuses on practical applicability, regulatory governance, and safety, underlining the importance of real-world constraints in clinical LLM validation.
[bookmark: _Toc219911722]Psychometric Bias Validation
Van der Wal et al. (Van der Wal et al., 2024) proposed a psychometric approach to bias metric evaluation, using tools such as Bias Direction, CrowS-Pairs, STS-B for genders, and WinoBias. They argued that many current bias metrics perform poorly because they lack real-world grounding or consistency, and suggested designing more valid and reliable alternatives based on psychometric principles.
[bookmark: _Toc219911723]Raw response fluency score
The raw response fluency score calculates the log likelihood of the tokens in the response conditional on the previous tokens. It can be obtained from a model such as GPT-2 (Pang et al., 2020).
[bookmark: _Toc219911724]Response Perplexity
Curry et al. (Curry et al., 2017) proposed using response perplexity as a proxy for fluency. Lower perplexity indicates more predictable, and often more fluent, language generation. However, perplexity alone may miss grammatical or stylistic issues not captured by token-level likelihoods.
[bookmark: _Toc219911725]Robustness Evaluation Framework 
This framework by Dong et al. (Dong et al., 2023) tested GPT-3.5’s performance under various perturbations and adversarial inputs. It revealed notable drops in performance, emphasizing the need for more robust LLMs.
[bookmark: _Toc219911726]Self-BLEU
The Self-BLEU measure is used to measure diversity within a set of generated texts. It computes the BLEU score of each sample against all others. A high Self-BLEU score indicates low diversity, as it suggests overlap between generated samples (Zhu et al., 2018).
[bookmark: _Toc219911727]Synthetic Mismatch Training
Murugesan et al. (Murugesan et al., 2023) improved NLG quality metrics by training models on synthetic data containing 13 types of error mismatches (e.g. temporal, factual, grammatical). Their model outperformed standard metrics and offered better interpretability of the errors in generated outputs.
[bookmark: _Toc219911728]Semantic Measures Library (SML)
Harispe et al. (Harispe et al., 2014) developed the Semantic Measures Library to compute knowledge-based semantic similarity using ontologies. It supports both pairwise and group comparisons and is applicable to evaluating semantic similarity in structured NLG outputs.
[bookmark: _Toc219911729]Structured Prompting Framework
Park et al. (Park et al., 2024) proposed an evaluation framework for clinical utility based on structured prompting and robust benchmarking practices. The framework recommends using healthcare-specific tasks, diverse input formats, and human oversight to ensure clinical relevance and safety.
[bookmark: _Toc219911730]TextFlint
TextFlint (X. Wang et al., 2021) is a robustness testing toolkit that evaluates models across multiple tasks and perturbation types. It showed that most models degrade significantly under minor input changes.
[bookmark: _Toc219911731]Token-based Alignment Score
Deng et al. (Deng et al., 2021) proposed a token-level alignment score that evaluates how well the generated output aligns with the input. It uses token embeddings and combines classification and regression models, outperforming classical metrics in correlation with human judgment.
[bookmark: _Toc219911732]Turing-Style Quality Evaluation
Hardcastle & Scott (Hardcastle & Scott, 2008) proposed Turing-style evaluation setups to assess quality more objectively. Participants must decide which of two texts is more humanlike or better without access to subjective scoring scales, thereby avoiding vague rating criteria.
[bookmark: _Toc219911733]Summarization
[bookmark: _Toc219911734]AutoSummENG
AutoSummENG measures summary quality using character-level n-grams and a graph-based representation of summaries (Giannakopoulos & Karkaletsis, 2011; Giannakopoulos et al., 2008). It compares the generated and reference summaries using normalized edit distances over the graphs.
[bookmark: _Toc219911735]BARTScore
BARTScore treats evaluation as a text generation task, scoring a summary by how well a pre-trained BART model can reconstruct it from a source or reference (Yuan et al., 2021). Higher scores indicate greater alignment with source or reference content.
[bookmark: _Toc219911736]BE-Matching
Basic Elements matching evaluates summaries by decomposing them into minimal units (Basic Elements) and comparing overlap with a reference (Hovy et al., 2006). It captures more abstract relations than exact n-gram matches.
[bookmark: _Toc219911737]BERTScore
BERTScore calculates the cosine similarity between contextualized embeddings from BERT for tokens in the generated and reference summaries (T. Zhang et al., 2019). Precision, recall, and F1-scores can be derived from these token-level similarities.
[bookmark: _Toc219911738]BLEU
BLEU is an n-gram overlap metric originally developed for machine translation but often applied to summarization. It measures the precision of n-gram matches between the generated and reference summaries, with a brevity penalty to discourage overly short outputs (Papineni et al., 2001).
[bookmark: _Toc219911739]BLEURT
BLEURT is a BERT-based metric fine-tuned on human-labeled and synthetic data to better capture semantic alignment with reference summaries (Sellam et al., 2020).
[bookmark: _Toc219911740]BLANC
BLANC evaluates summary informativeness by measuring how much it helps a language model predict masked tokens in the source document (Vasilyev et al., 2020). It requires no reference summary.
[bookmark: _Toc219911741]Intrinsic evaluation by Bommasani & Cardie
The authors (Bommasani & Cardie, 2020) propose five intrinsic evaluation metrics for summarization datasets: compression, topic similarity, abstractivity, redundancy, and semantic coherence, each designed to assess a specific quality aspect of document-summary pairs without requiring labeled data.
[bookmark: _Toc219911742]BRUGEscore
BRUGEscore is a composite metric combining ROUGE-2 and BERTScore to better align with human evaluations (Zmandar et al., 2023).
[bookmark: _Toc219911743]CA-RoBERTaScore
This context-aware metric evaluates coherence by computing a disconnection rate from a generated summary using RoBERTa embeddings (Raza & Shahzad, 2024).
[bookmark: _Toc219911744]CIDEr
CIDEr compares n-grams between generated and reference summaries using TF-IDF weighting to emphasize informative words (Vedantam et al., 2015).
[bookmark: _Toc219911745]Clinical Similarity Evaluation
The authors evaluated semantic similarity in clinical summaries and found that transformer models often struggle with fine-grained meaning distinctions, suggesting domain-specific tuning is needed (Ormerod et al., 2021).
[bookmark: _Toc219911746]CoCo
CoCo uses counterfactual estimation to assess factuality by removing the influence of prior knowledge from the model, isolating information grounded in the source document (Xie et al., 2021).
[bookmark: _Toc219911747]Crowdsourced Pyramid
This method uses crowdsourcing to annotate and evaluate content units in summaries. It aggregates these annotations using a lightweight version of the Pyramid method to assess informativeness (Shapira et al., 2019).
[bookmark: _Toc219911748]Coverage (FFCI)
Coverage is computed as the recall of salient information in the reference summary, measured via semantic metrics like BERTScore recall and QA-based methods (Koto et al., 2022)
[bookmark: _Toc219911749]Degree of Abstraction
The authors define degree of abstraction using extractiveness and the proportion of novel n-grams, measuring how much of the summary consists of newly generated content (Tang et al., 2023).
[bookmark: _Toc219911750]ESK
ESK uses convolution kernels to match semantic substructures and measure summary similarity more flexibly than strict n-gram metrics (Hirao et al., 2005).
[bookmark: _Toc219911751]Eval Method Review
The authors (L. Lu et al., 2023) provide a broad review of evaluation methods, highlighting limitations of traditional metrics like ROUGE and advocating for multi-dimensional and task-aware assessment strategies for summarization quality.
[bookmark: _Toc219911752]FEQA
FEQA assesses factuality by generating questions from the summary and verifying them against the source text (Durmus et al., 2020).
[bookmark: _Toc219911753]FFCI
The FFCI evaluates faithfulness (degree of factual consistency with the source), focus (precision of summary content relative to the reference), coverage (recall of summary content relative to the reference), and inter-sentential coherence (document uency between adjacent sentences using QA, semantic similarity, and next-sentence prediction across 19 pretrained models (Koto et al., 2022).
[bookmark: _Toc219911754]FFLM
FFLM evaluates summary faithfulness by computing changes in generation probabilities from a foundation language model when conditioned on consistent versus inconsistent context, three probability change components grouped into two categories (prior vs. conditional probability changes) to detect hallucinations without any fine-tuning or prompting (Jia et al., 2023).
[bookmark: _Toc219911755]G-EVAL
G-EVAL uses GPT-4 with chain-of-thought prompting and a structured scoring rubric to evaluate summaries across multiple dimensions, achieving high correlation with human scores (Y. Liu et al., 2023).
[bookmark: _Toc219911756]GRADE
GRADE integrates contextual embeddings from BERT and a topic-level graph to assess coherence in summaries, feeding combined features into a multi-layer perceptron (Huang et al., 2020).
[bookmark: _Toc219911757]HowNet-based
This method evaluates summaries using HowNet (Zhendong Dong & Qiang Dong, 2003), a semantic knowledge base that links words to conceptual graphs to assess meaning overlap (Suo & Zhang, 2010).
[bookmark: _Toc219911758]JS Divergence
Jensen-Shannon divergence measures the similarity between word distributions in summaries and references or source documents (Careaga et al., 2023; C.‑Y. Lin et al., 2006).
[bookmark: _Toc219911759]Legal GPT-4 QA
The authors (H. Xu & Ashley, 2023) applied a GPT-4-based QA approach to assess factuality in legal summaries, showing strong alignment with human annotations.
[bookmark: _Toc219911760]LLM Instability
The authors (L. Liu et al., 2024) cautioned against over-reliance on LLM-based evaluators, noting that their judgments vary across quality dimensions and are especially unreliable for high-quality outputs.
[bookmark: _Toc219911761]LONGEVAL
LONGEVAL provides annotation guidelines to improve inter-annotator agreement in human evaluations of faithfulness, especially in long-form summaries (Krishna et al., 2023).
[bookmark: _Toc219911762]METEOR
METEOR incorporates stemming, synonym matching, and paraphrase lookup to evaluate summaries more flexibly than n-gram metrics (Banerjee & Lavie, 2005).
[bookmark: _Toc219911763]Metric Comparison
The authors (W. Chen et al., 2021) compared six factuality metrics across 24 datasets and found that many fail under adversarial tests, emphasizing the need for more robust factuality evaluation.
[bookmark: _Toc219911764]Medical Eval. GPT-3.5
The authors (Tang et al., 2023) evaluated GPT-3.5 for medical evidence summarization and showed that standard metrics like ROUGE fail to capture factuality and salience in domain-specific contexts.
[bookmark: _Toc219911765]Multilingual Evaluation
The authors (Turchi et al., 2010) proposed a multilingual summarization evaluation method using sentence-aligned corpora, enabling human evaluation scores to be projected across languages for consistent assessment.
[bookmark: _Toc219911766]Morphosyntactic-aware methods
These methods incorporate language-specific morphology into evaluation to better assess summary quality in morphologically rich languages (Baykara & Güngör, 2023).
[bookmark: _Toc219911767]MoverScore
MoverScore combines Word Mover's Distance with contextual BERT embeddings to compute the cost of transforming one text into another (W. Zhao et al., 2019).
[bookmark: _Toc219911768]NIST
NIST extends BLEU by weighing n-grams based on their informativeness, assigning more weight to rare or important phrases (Doddington, 2002).
[bookmark: _Toc219911769]Pyramid Method
The Pyramid Method compares generated summaries to multiple reference summaries, assigning higher weight to content units that appear in multiple references (Nenkova et al., 2007).
[bookmark: _Toc219911770]QAFactEval
QAFactEval builds on QuestEval by improving question generation and answerability classification to better assess factual accuracy (Fabbri et al., 2022).
[bookmark: _Toc219911771]QAGS
QAGS compares answers derived from the generated summary and the source text in response to automatically generated questions (A. Wang et al., 2020).
[bookmark: _Toc219911772]QuestEval
QuestEval uses a QA-based method to evaluate summary informativeness and factuality, computing both precision and recall (Scialom et al., 2021).
[bookmark: _Toc219911773]RDASS
RDASS evaluates summaries using SBERT by jointly considering both reference and source documents, enhancing performance in morphologically rich languages (Lee et al., 2020).
[bookmark: _Toc219911774]ROUGE
ROUGE scores n-gram recall between generated and reference summaries. Variants include ROUGE-N (n-gram), ROUGE-L (longest common subsequence), ROUGE-W (weighted LCS), and ROUGE-S (skip bigrams) (C.‑Y. Lin, 2004).
[bookmark: _Toc219911775]ROUGE-C
 ROUGE-C computes ROUGE recall between the generated summary and the source text, instead of a reference (He et al., 2008).
[bookmark: _Toc219911776]ROUGE-SEM
ROUGE-SEM rewrites low-scoring summaries via back-translation and evaluates them with a composite of lexical and semantic metrics, improving human alignment (M. Zhang et al., 2024).
[bookmark: _Toc219911777]SPICE
SPICE evaluates summary content using semantic graphs to compare objects, attributes, and relations with those in the reference (Anderson et al., 2016).
[bookmark: _Toc219911778]SRLscore
SRLscore extracts semantic roles (e.g., who did what to whom) from source and summary texts and compares these roles to assess factuality (Fan et al., 2023).
[bookmark: _Toc219911779]SueNes
SueNes is a weakly supervised model trained on corrupted summaries to detect both content and linguistic issues in generated summaries (Bao et al., 2022).
[bookmark: _Toc219911780]SUPERT
SUPERT evaluates summaries without references by selecting salient source sentences and computing similarity with BERT-based embeddings (Gao et al., 2020).
[bookmark: _Toc219911781]Turing Test Approach
The authors (Molina et al., 2013) applied a Turing-test framework where evaluators judge whether summaries are human or machine generated based on naturalness and credibility.
[bookmark: _Toc219911782]Uniformity
Uniformity evaluates whether content is distributed evenly throughout a source document, detecting layout bias that may affect summarization (Koh et al., 2022).
[bookmark: _Toc219911783]WEEM4TS
WEEM4TS uses Word2Vec, GloVe, and FastText embeddings to evaluate how well a generated summary retains meaning from the source (Hailu et al., 2020).
[bookmark: _Toc219911784]Word Mover's Distance
This metric uses word embeddings (e.g., Word2Vec) to compute the minimal distance required to match all words in one summary to another (Kusner et al., 2015).
[bookmark: _Toc219911785]Zopf et al. Importance
The authors (Zopf et al., 2018) proposed a metric to estimate information importance based on n-gram and linguistic features to predict inclusion likelihood in summaries.
[bookmark: _Toc219911786]ΔBLEU
ΔBLEU adapts BLEU by weighting n-gram matches with human-rated reference relevance, penalizing low-rated matches and rewarding high-rated ones (Galley et al., 2015).



[bookmark: _Toc2059765451][bookmark: _Toc419608434][bookmark: _Toc803329829][bookmark: _Toc219911787][bookmark: _Toc1515266726][bookmark: _Toc1295541291]Question answering methods
[bookmark: _Toc76129057][bookmark: _Toc2013586296][bookmark: _Toc513647316][bookmark: _Toc219911788]Accuracy
Accuracy in the question answering context is calculated as the proportion of questions answered correctly. Whether an answer is correct can either be determined by a human evaluator (E Kamalloo et al., 2023; Olvera‑Lobo & Gutiérrez-Artacho, 2015; Rodrigo & Peñas, 2017) or by exact match (Bakir et al., 2023; Bandi et al., 2023; E Kamalloo et al., 2023; X. Lu et al., 2021; S. Tu et al., 2024) , meaning the (Luo et al., 2023) answer can be found (exactly) in a set of gold answers:
.
[bookmark: _Toc1838016820][bookmark: _Toc2094065512][bookmark: _Toc2081532062][bookmark: _Toc219911789]Artificial Intelligence Performance Instrument (AIPI)
AIPI (Lechien et al., 2024) is a 9-item clinical instrument that evaluates AI performance on four main topics: consideration of patient features, diagnosis, additional examinations, and treatment planning. A score is calculated based on physician assessments of whether chatbot responses are complete, plausible, and aligned with international medical guidelines.
BEM
BEM is a BERT-based model trained on a human-annotated answers on the SQuAD dataset (Bulian et al., 2022). It is trained to classify the equivalence of generated and gold answers.
[bookmark: _Toc715577381][bookmark: _Toc2003830097][bookmark: _Toc618750074][bookmark: _Toc219911790]BERTScore
BERTScore computes contextualized embeddings using BERT (T. Zhang et al., 2019). For each token in the generated answer, the maximum cosine similarity with tokens in the gold answer is found. Precision is calculated as the average of these maximum similarities. Recall is calculated as the average of the maximum cosine similarity of each token in the gold answer in the generated answer. F1-score is the harmonic mean of precision and recall.
[bookmark: _Toc492637843][bookmark: _Toc240030591][bookmark: _Toc1831715801][bookmark: _Toc219911791]BLEU
BLEU relies on n-gram co-occurrences between a generated answer and gold answer (Papineni et al., 2001). BLEU calculates the ratio of n-grams in both the generated and gold answer over all n-grams in the generated answer. It is penalized by a brevity penalty term, adjusting the score for answers that are shorter than the gold answer. Scores range from 0 to 1, with higher values indicating higher similarity.
[bookmark: _Toc1042112991][bookmark: _Toc2145984899][bookmark: _Toc1463121173][bookmark: _Toc219911792]BLEURT
BLEURT is a BERT-based model trained on a synthetic dataset (Sellam et al., 2020). It is trained to evaluate a generated text with a reference text on factors like fluency, coherence, and relevance. It outputs a score that reflects the quality of the generated text compared to a reference text. 
[bookmark: _Toc1871262033][bookmark: _Toc749022363][bookmark: _Toc740374684][bookmark: _Toc219911793]C@1
The correctness at one (C@1) metric rewards systems that prefer not to answer a question because the system is unsure, over returning an incorrect answer (Peñas & Rodrigo, 2011; Rodrigo & Peñas, 2017). Here, is the total number of questions, n_ac is the number of questions correctly answered, is the number of questions incorrectly answered, and n_u is the number of questions unanswered. C@1 is then calculated as follows:
.
C@1 resolves to accuracy when all questions are answered (is 0). If no questions are answered C@1 is 0.
[bookmark: _Toc1637237834][bookmark: _Toc695197489][bookmark: _Toc593415644][bookmark: _Toc219911794]Confidence Weighted Score
The Confidence Weighted Score (CWS) rewards question answering systems for correct answers that the system is more confident about (Rodrigo & Peñas, 2017). The QA system provides a ranking of answers based on its self-confidence. CWS is calculated as follows:

with 

where I(j) is 1 if answer j is correct and 0 if it is incorrect.
[bookmark: _Toc19043411][bookmark: _Toc1977084660][bookmark: _Toc1379820287][bookmark: _Toc219911795]Cosine Similarity
Cosine Similarity is a similarity metric that measures the resemblance between two vectors (Bakir et al., 2023). In the question answering context, Cosine Similarity can measure the similarity between a generated answer and gold answer. The vectors are based on sentence-level embeddings. Two methods for obtaining these embeddings are vector averaging and vector extrema (Sai et al., 2023). Vector averaging averages the word embeddings of all the tokens in the sentence. Vector extrema takes the most extreme value (farthest from 0) along each dimension of the word embeddings. If the Cosine Similarity is close to 0 it suggests no similarity between them.
[bookmark: _Toc318352084][bookmark: _Toc1077439481][bookmark: _Toc219911796]Culturally Sensitive Test for hallucination evaluation
The Culturally Sensitive Test for hallucination evaluation employs a human evaluation framework (McIntosh et al., 2024). Both human and LLM responses are provided. Human evaluators are blinded to who generated the response. A hallucination score is assigned to each answer, with 1 being nonhallucinatory and 0 being hallucinatory, that can be averaged over all LLM- and human-generated answers. 
[bookmark: _Toc105369540][bookmark: _Toc1088618608][bookmark: _Toc200783725][bookmark: _Toc219911797]General Text Matcher (GMT)
GMT is an F-score based metric that rewards contiguous word sequence matches between the generated and gold answer (Turian et al., 2006). Weights are computed for each contiguous sequence as the square of the sequence length. The weight for an isolated word match is therefore 1. The generated answer and gold answer can have multiple matchings that can be of different length. Their lengths are weighed and summed to form the match size. A matching with the maximum match size is selected to calculate precision and recall.
[bookmark: _Toc240411793][bookmark: _Toc2041416748][bookmark: _Toc1027811365][bookmark: _Toc219911798]Jaccard Similarity
Jaccard Similarity is a similarity metric that measures the resemblance between two sets (Bakir et al., 2023). In the question answering context, Jaccard Similarity can measure the similarity between the tokens of a generated answer and gold answer. It calculates the ratio of common elements between two sets A and B to the union of all elements in sets A and B.
[bookmark: _Toc1969236931][bookmark: _Toc502213552][bookmark: _Toc1371903674][bookmark: _Toc219911799]Likert scales 
Likert scales are used to quantify a validation outcome in a human evaluation setting. Several applications of this were found. For example, an 18-item questionnaire was developed to assess the ease of use, usefulness, service quality and information quality of a QA system on a 7-point Likert scale (Ong et al., 2009). A 16-item questionnaire asked evaluators to evaluate the realism and difficulty of the scenarios in the task, the time required to complete the task, the usability of the QA system, and their comfort, confidence, and satisfaction in using the system on a 5-point Likert scale (Wacholder et al., 2007).
[bookmark: _Toc1569310586][bookmark: _Toc856867255][bookmark: _Toc130513376][bookmark: _Toc219911800]LLM as a judge
LLM as a judge methods employ LLMs in the validation of LLM output. A popular method in the literature is to provide an LLM with both the generated answer and gold answer in the prompt and instruct it to assess whether the generated answer is correct (Jin et al., 2024; Ehsan Kamalloo et al., 2024; E Kamalloo et al., 2023). LLM as a judge has also been used to measure similarity between the generated and gold answer (Jin et al., 2024) and to evaluate the comprehensiveness, appropriateness and confidence in the answer (Jousselme et al., 2023). Chain of thought prompting can be used to provide explanations for the model’s reasoning. 
[bookmark: _Toc2105035743][bookmark: _Toc1197733269][bookmark: _Toc219911801]LLM as a judge for retrieval augmented generation
For retrieval augmented generation, the LLM as a judge method is expanded. The LLM is provided with the generated answer, the question, and the relevant retrieved document in the prompt and asked to assess the quality of the generated answer (Ryu et al., 2023).
[bookmark: _Toc648532804][bookmark: _Toc1240033939][bookmark: _Toc1710050911][bookmark: _Toc219911802]METEOR
METEOR is an F-score based metric that uses relaxed matching criteria to overcome the limitation of BLEU and ROUGE that require exact matches (Banerjee & Lavie, 2005). METEOR performs exact word matching, stemmed-word matching, and synonym and paraphrase matching. It is based on unigrams, but also takes contiguous matches into account, by counting the chunks of contiguous matches. A fragmentation penalty term is added to the METEOR score to reward longer contiguous matches. 
[bookmark: _Toc2003278832][bookmark: _Toc609370275][bookmark: _Toc321016932][bookmark: _Toc219911803]NIST
NIST can be thought of as a variant of BLEU (Doddington, 2002). It weighs each matched n-gram, giving more credit when an n-gram is rare and less when it is common. It also adjusts the brevity penalty to reduce the impact of small variations in answer length on the score.
[bookmark: _Toc95330688][bookmark: _Toc1481982755][bookmark: _Toc219911804]QAFactEval
QAFactEval automatically evaluates the factual consistency of the facts in an answer by comparing it to a source document (Fabbri et al., 2022). It is particularly useful for long-form answers. It generates questions based on the facts provided in the answer and computes the similarity between the generated facts and the facts from the source text. QAFactEval outputs a score on the factual consistency of the answer with the source document.
[bookmark: _Toc219911805][bookmark: _Toc1838451429][bookmark: _Toc1419508793][bookmark: _Toc2066367484]Quality Analysis of Medical Artificial Intelligence (QAMAI)
QAMAI (Vaira et al., 2024) is a validated 6-item instrument designed for clinicians to evaluate health-related AI responses based on accuracy, clarity, relevance, completeness, sources, and usefulness. It utilizes a Likert scale (1–5) to generate a consolidated quality score identifying the reliability of medical content.
[bookmark: _Toc219911806]Ranking method
The ranking method proposed Wong and Goh (Wilson Wong et al., 2005) first guides human evaluators through a classification procedure of the generated answers (e.g., best quality response, lowest quality response). When all answers have been classified, different question answering systems can be compared by directly comparing the answers in a specific category (e.g., best quality response). The system that performs best receives a point and points are summed for all categories to arrive at a final score. The researcher can adjust this method using their own quality criteria.
[bookmark: _Toc219911807][bookmark: _Toc713915481][bookmark: _Toc12095180]Ranking method 
The long form question answering metric by Xu, Song, Iyyer & Choi is based on a 176M Longformer-Base model directly trained on human-annotated preference judgments of pairs of long-form answers (F. Xu et al., 2023). It produces a preference score for one answer over the other answer given a certain question. 
[bookmark: _Toc1115723729][bookmark: _Toc1936734655][bookmark: _Toc1544289501][bookmark: _Toc219911808]Recall, precision, and F-measure with gold reference answers
Recall, precision, and F-measure in the question answering context are calculated at the token (or word) level (Bakir et al., 2023; E Kamalloo et al., 2023; Ligozat et al., 2007; Olvera‑Lobo & Gutiérrez-Artacho, 2015), equivalent to calculating 1-gram overlap using ROUGE (C.‑Y. Lin, 2004). The overlap in tokens between the generated answer and gold answer can be calculated as follows:
,
,
.
The final scores are calculated by averaging them over all answers.
When there is a possibility for the LLM to abstain from answering. Precision and recall can also be calculated at the answer-level (Luo et al., 2023):



[bookmark: _Toc1656031731][bookmark: _Toc74321030][bookmark: _Toc1363793271][bookmark: _Toc219911809]Recall, precision, and F-measure for fact-based evaluation
When a generated answer can contain multiple facts, the correctness of these facts can be validated using gold answers (Bilotti & Nyberg, 2006). Recall, precision and F-score can be calculated as follows:


.
[bookmark: _Toc8957914][bookmark: _Toc1363680070][bookmark: _Toc1603762235][bookmark: _Toc219911810]Recall, precision, and F-measure for hypothesis testing
A specific type of automatic answer validation can be done by predicting whether an answer is correct or not based on a supporting text (Ligozat et al., 2007; Penas et al., 2007). A hypothesis is formulated based on the original question, the generated answer and a supporting text. The validation system returns YES or NO. The effectiveness of this validation method can be measured through recall, precision, and F-measure:


.
[bookmark: _Toc208767459][bookmark: _Toc1723699019][bookmark: _Toc219911811]Robustness through question repetition
A simple way to assess robustness is to repeat the same question multiple times and compare the answers on their lexical similarity, semantic similarity, or response length (Jin et al., 2024).
[bookmark: _Toc779028116][bookmark: _Toc1289159030][bookmark: _Toc219911812]Robustness through metamorphic testing
The metamorphic testing approach to robustness performs small perturbations on the question (K. Tu et al., 2021). Different perturbations may be used, such as capitalization, order reversing of the sentences in a question, addition of irrelevant sentences to the question, removal of irrelevant sentences to the question, and the replacement of the subject of a question. Differences may either be expected or not based on the metamorphic relation. For example, capitalization is expected to yield two similar answers, whereas subject replacement is expected to yield two different answers. BERT-based embeddings and cosine similarity are used to compute the similarity between the original and perturbed answers. A violation rate can be calculated, which is the rate of metamorphic relation violations.
[bookmark: _Toc965084941][bookmark: _Toc1529095022][bookmark: _Toc219911813]Robustness through paraphrasing
Robustness assessment that uses paraphrasing, compares original answers and answers to paraphrased questions (von Geusau & Bloem, 2020). Answers can be compared on their lexical similarity or semantic similarity.
[bookmark: _Toc1438603003][bookmark: _Toc1769766320][bookmark: _Toc961946916][bookmark: _Toc219911814]ROUGE
ROUGE relies on n-gram co-occurrences between a generated answer and gold answer (C.‑Y. Lin, 2004). ROUGE calculates the ratio of n-grams in both the generated and gold answer over all n-grams in the gold answer. Scores range from 0 to 1, with higher values indicating higher similarity.
More generally, ROUGE-N measures the overlap of n-grams between generated and gold answer, computing precision, recall and F1-score:

.
ROUGE-L measures the longest common subsequence (LCS) between the generated answer and gold answer. It computes an F-score as follows: 


.
[bookmark: _Toc219911815][bookmark: _Toc1266508101][bookmark: _Toc1581389101][bookmark: _Toc346993187]Trained evaluation metric 
For the domain of legal QA, a trained evaluation metric was proposed by Bakir, Yildiz & Aktas (Bakir et al., 2023). It employes LLama2-7B and Mistral-7B models to predict the congruence between the generated answer and gold answer based on the Squad dataset.


[bookmark: _Toc219911816]Information extraction methods
[bookmark: _Toc1493875965][bookmark: _Toc219911817]Attribute-aided evaluation method proposed by Fu et al.
Attribute-aided evaluation evaluates information extraction systems by looking at the performance in subgroups based on an attribute (Fu et al., 2020). An attribute is a value that characterizes the properties of an entity, such as the entity length in words. This method looks at the string of a span of text or token, the label of an entity or token, the length of an entity or sentence, the entity density in a sentence, and the Out-Of-Vocabulary density in a sentence. The attributes are divided into subgroups by m discrete parts (e.g., entity length of 1, 2, 3 or larger than 3). F1 score is calculated for each entity in each attribute subgroup.
[bookmark: _Toc1509439922][bookmark: _Toc1364723544][bookmark: _Toc219911818]Complementarity
Derczynski (Derczynski, 2016) proposed to use a measure of complementarity to assess the differences between two information extractions systems. If the common errors are completely overlapping between the two systems, complementarity is 0, if the two models make completely unique errors, complementarity is 1. Complementarity recall is the proportion of positive extractions missed by system A that are not missed by B. Complementarity precision is the proportion of negative items included in system A that are not included in B. Complementarity F-measure describes the overall improvement over system A that is possible with system B.
[bookmark: _Toc2004754642][bookmark: _Toc219911819]Entity specific accuracy
Entity specific accuracy measures the proportion of times an entity is correctly identified over all sentences in which the entity occurs (Pallas et al., 2020). These entity-specific accuracies can be aggregated to provide the proportions of correctly identified sentences and overall accuracy per entity type (e.g., person, location, organization). 
[bookmark: _Toc1139539835][bookmark: _Toc1639393107][bookmark: _Toc219911820]Multi-criteria decision-making framework
The multi-criteria decision-making framework allows evaluators to assess multiple criteria simultaneously to rank multiple LLMs. Experts are asked to systematically evaluate the importance of different evaluation outcomes on a Likert scale (Alamoodi et al., 2024). The weights for these outcomes are converted to a fuzzy set. The fuzzy sets are used to calculate the final weights of the decision criteria using fuzzy transformations. An advantage is that the fuzzy logic is excellent at dealing with the kind of uncertainty and imprecision that is common in the healthcare domain. These final weights are used in MultiAtributive Ideal-Real Comparative Analysis (MAIRCA). MAIRCA assesses the distance between the ideal and real performance on each evaluation outcome for each LLM. The weights are used to weigh the performance for each evaluation outcome according to its importance. The LLMs are ranked on their distance from the ideal performance for the different evaluation outcomes.
[bookmark: _Toc1767118851][bookmark: _Toc249077877][bookmark: _Toc966937116][bookmark: _Toc219911821]Recall, precision, and F-measure with gold reference annotation
Recall, precision, and F-measure in the information extraction context are often calculated based on exact match token overlap with a gold annotation (Abdallah et al., 2017; Canales et al., 2021; Derczynski, 2016; Feilmayr et al., 2012; Gharagozlou et al., 2023). This means that when the tokens overlap exactly, the extraction will be counted as correct. When they do not overlap exactly, it will be counted as wrong. Alternatively, human evaluators may judge the correctness of an extracted relationship (Hennig et al., 2015; Jahan et al., 2024), after which precision, recall and F-score can be calculated. Precision measures how many of the extractions identified by the system were correct. Recall measures how many of the gold extractions were identified. F1-score is the harmonic mean of precision and recall.
,
,
.
When there is more than one document to consider, micro- and macro-averaging may be applied (Abdallah et al., 2017). Micro-averaging simply sums up the number of correct extractions and gold extractions over all documents and calculates precision, recall, and F1-score based on these total sums. Macro-averaging first calculates precision, recall, and F1-score for each document individually and then averages these scores over documents. 
[bookmark: _Toc700213566][bookmark: _Toc1061417791][bookmark: _Toc219911822](Slot) error rate
The error rate (ERR) is specifically designed for information extraction (Feilmayr et al., 2012). It is weights substitution errors (S), deletion errors (D), and insertion errors (I) with correctly filled slots (correct extractions) (C):
.
The slot error rate is the ratio of the total number of slot errors divided by the total number of slots in the gold extractions:
.
[bookmark: _Toc1343059174][bookmark: _Toc1003908884][bookmark: _Toc219911823]Soft recall, precision, and F-measure with golden reference annotation
Soft recall, precision, and F-measure in the context of information extraction, count the fraction of predicted clusters that are correctly labelled (Zaporojets et al., 2021). Annotations are made on the entity cluster level, clustering annotations belonging to the same entity. 


[bookmark: _Toc219911824]Conversational agent methods
[bookmark: _Toc462072575][bookmark: _Toc186074973][bookmark: _Toc219911825]ACCENT
The Automatic Event Commonsense Evaluation Metric extracts the event-relations from the dialogue responses (S Ghazarian et al., 2023). A compatibility test is then performed to assess whether the event-relations extracted from the dialogue are compatible with a knowledge base (COMET). This is done via a similarity check between the extracted event-relation tuple and the most similar tuple in the knowledge base. The compatibility scores for all extracted event-relation tuples are averaged to arrive at a final compatibility score.
[bookmark: _Toc445074715][bookmark: _Toc1239001246][bookmark: _Toc219911826]ADEM
The ADEM model is a RNN encoder model trained on human ratings of appropriateness of conversational agent responses (Lowe et al., 2017). The input is the dialogue context, the gold response, and the generated response. It outputs an appropriateness score on a scale from 1 to 5. Higher scores correspond to a higher similarity of the generated response with the context and gold response.
[bookmark: _Toc1748267533][bookmark: _Toc1387748277][bookmark: _Toc219911827]AIH
The Adressing Inquiries about History (AIH) framework lets two conversational agents talk to each other (Li et al., 2021). A question generation model is trained to base its questions on facts contained in previous responses. The conversational agent answers the question and generates a corresponding response. The corresponding responses are evaluated automatically or by human evaluation. The roBERTa-large model is used as the automatic evaluator. A contradiction score is calculated based on the new response and previous responses. Conversational agents can be ranked based on their contradiction rate.
[bookmark: _Toc2030707095][bookmark: _Toc1247288926][bookmark: _Toc219911828]AutoJudge
AutoJudge is a regression model that uses context and generated response embeddings to predict human ratings of overall quality (J Deriu & Cieliebak, 2019). It differs from the ADEM model in that it does not incorporate a gold response in its scoring function. It outputs a quality score, where higher scores correspond to a higher similarity of the generated response with the context.
[bookmark: _Toc219911829][bookmark: _Toc96274984]Bias detection model 
This method by Yang et al. consists of a two-stage learning model to detect bias in dialogues (A. Yang et al., 2022). Embeddings are obtained via BERT. The first stage of training involves training a model to identify whether the text is involved in a fairness topic. The second stage trains a model to identify the bias of texts that are involved in a fairness topic (anti-bias, neutral, biased).
[bookmark: _Toc1327878567][bookmark: _Toc1152900276][bookmark: _Toc219911830]BERTScore
BERTScore computes contextualized embeddings using BERT (T. Zhang et al., 2019). For each token in the generated response, the maximum cosine similarity with tokens in the gold response is found. Precision is calculated as the average of these maximum similarities. Recall is calculated as the average of the maximum cosine similarity of each token in the gold answer in the generated answer. F1-score is the harmonic mean of precision and recall.
[bookmark: _Toc2129929586][bookmark: _Toc1851455210][bookmark: _Toc219911831]BLEU
BLEU relies on n-gram co-occurrences between a generated response and gold response (Papineni et al., 2001). BLEU calculates the ratio of n-grams in both the generated and gold response over all n-grams in the generated answer. It is penalized by a brevity penalty term, adjusting the score for answers that are shorter than the gold answer. Scores range from 0 to 1, with higher values indicating higher similarity.
[bookmark: _Toc1037317523][bookmark: _Toc1748434933][bookmark: _Toc219911832]ΔBLEU
ΔBLEU incorporates human judgments into the BLEU score (Galley et al., 2015). The gold responses are ranked by human evaluators (on a scale from –1 to 1) on their relevance to the context. The BLEU score is weighted according to these ratings, rewarding n-gram matches with high rated gold responses and penalizing matches with only the low rated gold responses.
[bookmark: _Toc1182658689][bookmark: _Toc219911833]Chatbot Arena
Chatbot Arena is a ranking approach using human evaluators provide a side-by-side comparison of conversational agents (Zheng et al., 2023). Two chatbots can compete at the same time. The user initiates the conversation and chooses which model provides the best response. A win-rate can be calculated for each competing model.
[bookmark: _Toc324027550][bookmark: _Toc219911834]Chatbot Bias Assessment Framework
The Chatbot Bias Assessment Framework assesses the perceived bias in the responses of a conversational agent by letting human evaluators assess the level of toxicity (Beattie et al., 2022). The framework uses a 6-point Likert scale with percentages ranging from very toxic (100%) to no bias (0%). 
[bookmark: _Toc1149734913][bookmark: _Toc219911835]ChatMatch
ChatMatch is a chatbot evaluation framework that ranks conversational agents independently from their architecture or domain (R. Yang et al., 2022). A double round-robin sports tournament approach is used, where all participating CAs converse directly with each other twice. Each conversation is started by one of the CAs whose first utterance is provided externally. The game ends after a fixed number of exchanges. Each dialogue is scored automatically on consistency (cosine similarity with previous response), fluency (sentence perplexity), knowledge (number of entities per hundred exchanges), specificity (average of distinc-1 and distinct-2), diversity (cosine similarity with previous response), relevance (based on tokens in chat history) and proactivity (number of times the bot raises a question). The scores are than summed up to achieve a final average ranking for each compeing CA.
[bookmark: _Toc1560216528][bookmark: _Toc219911836]Coherence score proposed by Jwalapuram et al.
The coherence score measures the paragraph level coherence (Jwalapuram et al., 2021). It is based on a normalized score of a discourse coherence model. An XLNet model is trained using the sentences of a document as input and learns the coherence between sentences. It outputs a coherence score.
[bookmark: _Toc356953030][bookmark: _Toc219911837]Comprehensive Rate
The Comprehensive Rate measures the ability of a conversational agent to cope with errors in user’s input (Mohammad Forkan et al., 2020). It is calculated as the fraction of the number of user messages that contain grammatical errors, typos and sentence composition mistakes over the number of times the conversational agent returns a correct answer. 
[bookmark: _Toc1640253321][bookmark: _Toc219911838]Continuous rating scale
A continuous rating scale is used to quantify a validation outcome in a human evaluation setting. It consists of a statement followed by a continuous scale that runs from one extreme of the outcome to the other. Evaluators place a mark at the appropriate position on the scale that best corresponds with how they feel about the statement. A continuous rating scale was used to assess how robotic a conversational agent was, how interesting the conversation was, how fun the conversation was, how consistent the conversational agent was throughout the conversation, how fluent the conversational agent was, how repetitive the conversation was and whether the conversational agent stayed on topic (Ji et al., 2022).
[bookmark: _Toc1547699189][bookmark: _Toc1973359576][bookmark: _Toc219911839]Cosine Similarity
Cosine Similarity is a similarity metric that measures the resemblance between two vectors (Bakir et al., 2023). In the question answering context, Cosine Similarity can measure the similarity between a generated answer and gold answer. The vectors are based on sentence-level embeddings. Two methods for obtaining these embeddings are vector averaging and vector extrema (Sai et al., 2023). Vector averaging averages the word embeddings of all the tokens in the sentence. Vector extrema takes the most extreme value (farthest from 0) along each dimension of the word embeddings. If the Cosine Similarity is close to 0 it suggests no similarity between them.
[bookmark: _Toc219911840][bookmark: _Toc964388583][bookmark: _Toc1664845572]Dialogue coherence score 
This method proposed by Pang et al. uses GPT-2 to measure the coherence of a generated response to query (Pang et al., 2020). It is defined as the log-likelihood of the response conditional on the query normalized by the length of the response.
[bookmark: _Toc219911841][bookmark: _Toc1575410771][bookmark: _Toc2072854767]Dialogue coherence assessment 
This method proposed by Mesgar, Bücker & Gurevych trains a model to predict if one dialogue is preferred over another dialogue, based on their perceived coherence (Mesgar et al., 2020). The features of this model are based on dialogue act labels. Dialogue acts give meaning to utterances in a dialogue. First, the dialogue acts are predicted based on the conversation. These predictions are used in a preference learning approach, predicting which dialogue is preferred. Accuracy is calculated as the fraction of correctly discriminated dialogue pairs over all dialogue pairs. 
[bookmark: _Toc315519591][bookmark: _Toc219911842]Distinct
The distinct metric measures the diversity of responses (H. Liu et al., 2019). It measures the number of distinct n-grams divided by the total number of generated words in the response.
[bookmark: _Toc219911843][bookmark: _Toc874975092][bookmark: _Toc1559902080]Effectiveness method proposed 
This method by Escobar-Grisales et al. consists of a model to predict the effectiveness of a conversational agent (Escobar‑Grisales et al., 2024). Each conversation in the training data is labelled by linguistic experts according to the effectiveness in responses provided by the chatbot (effective or ineffective). The conversations are embedded. Two parallel convolutional layers are used for feature extraction, one for the embeddings of the questions, and one for the answers. The features are combined before the fully connected layer of a CNN. A classifier is trained that outputs a score from 0 (inefficient) to 1 (efficient). 
[bookmark: _Toc549029198][bookmark: _Toc219911844]Empathy Scale for Human-Computer Communication
The Empathy Scale for Human-Computer Communication is a human evaluation method derived from the Therapist Empathy Scale (Concannon & Tomalin, 2024). It is a 10-item questionnaire employing 7-point Likert scales. It is a third-person assessment, meaning the questionnaire is filled out by an evaluator who did not interact with the conversational agent.
[bookmark: _Toc6627698][bookmark: _Toc198985379][bookmark: _Toc219911845]Entropy
Entropy measures the degree of randomness (Finch & Choi, 2020; Pang et al., 2020; Venkatesh et al., 2018). A high degree of entropy indicates breadth of coverage in a conversation, whereas lower entropy indicates a narrower focus on certain topics or domains. Entropy can be measured at the n-gram level across all generated responses. This reflects the marginal entropy of the responses. Entropy can also be measured conditional on the query, which may be more relevant for conversational agents. 
[bookmark: _Toc219911846][bookmark: _Toc285362460]Equity evaluation framework 
This method by Chen et al. measures the extent to which there is a disparity between different users in terms of user experience and discussion styles and sentiments with conversational agents (K. Chen et al., 2024). A questionnaire is used to evaluate the ratings of the chatbot, the satisfaction with the dialogue, the learning experience, their intention to continue the chat and intention to recommend the chatbot to others on a 5-point Likert scale. A regression analysis is used to associate the users’ demographics and conversational features with the user experience. The most prevalent topics are obtained (e.g., via structured topic modelling) and counts of positive, negative, analytic, logic, clout, and authentic words. 
[bookmark: _Toc219911847][bookmark: _Toc2001555662]Factuality score 
This score proposed by Chen et al. assesses the factuality of an answer (L. Chen et al., 2023). A retrieval model is used to retrieve top k relevant evidence for each sentence in the answer using a knowledge base or the internet. A natural language inference model checks if the fact in the sentence is entailed in the evidence. The factuality score then computes the sentence level factuality. Alternatively, a gold answer could be used to perform the entailment with.
[bookmark: _Toc127641769][bookmark: _Toc219911848]FFAEVAL
Free-For-All human EVALuation is a ranking approach using human evaluators provide a side-by-side comparison of conversational agents (Ma et al., 2023). A conversation is initiated with the competing CAs. A human evaluator chooses the response that is most appropriate to continue the conversation, based on its contextual coherence, informativeness and veracity of the content. The CA chosen by the user is awarded 1 point. A global ranking score quantifies the skill level of each model after a series of conversations.
[bookmark: _Toc409671][bookmark: _Toc1423634886][bookmark: _Toc219911849]GRADE
Graph-enhanced Representations for Automatic Dialogue Evaluation uses BERT (contextualized) embeddings and a topic-level graph of the dialogue context and the generated response to compute the coherence of the response with the context (Huang et al., 2020). The embeddings and graph representations are concatenated and fed into a multi-layer perceptron to produce a coherence score. 
[bookmark: _Toc518645695][bookmark: _Toc1571739266][bookmark: _Toc219911850]Greedy Matching
Greedy matching matches each token of a generated response with a token in the gold response based on the maximum cosine similarity of their word embeddings (Rus & Lintean, 2012). The total score is averaged across all words. The procedure is repeated in the reverse direction to ensure that the metric is symmetric.
[bookmark: _Toc219911851][bookmark: _Toc745710119]Helpfulness score 
The helpfulness score proposed by Chen et al. is a fully automatic metric that assesses to what extent the acquired knowledge in a response is helpful to answer the query (L. Chen et al., 2023). Irrelevant knowledge is used as the baseline. It calculates the cross-entropy losses of answer generation using the relevant and irrelevant knowledge. 
[bookmark: _Toc219911852][bookmark: _Toc822613467][bookmark: _Toc1240111971]Inappropriate response detection 
This is a classification model proposed by Han et al. that aims to identify response inappropriateness based on dialogue features (Han et al., 2023). It distinguishes between appropriate, inappropriate, and neutral responses. Features are extracted from the human-chatbot dialogues, including linguistic level features, such as unigram bag of words, intentional level features, such as one-hot categories of various dialogue components, and attentional level features, such as the ordinal index of the chatbot response. Machine learning models are trained to classify the inappropriateness of response.
[bookmark: _Toc27102050][bookmark: _Toc219911853]Informativeness score
This informativeness score proposed by Chen et al. uses a GPT model to predict the level of novelty of a response (L. Chen et al., 2023). For facts that are common knowledge, the probability of generating this fact is high, therefore the informativeness is low. For a tough query, where the model is clueless, any provided knowledge would score high on informativeness. 
[bookmark: _Toc1703027184][bookmark: _Toc219911854]Lexical diversity
Lexical diversity is measured by the number of unique n-grams in the generated response divided by the total number of generated tokens (Sedoc et al., 2018).
[bookmark: _Toc94799471][bookmark: _Toc219911855]Likert scales 
Likert scales are used to quantify a validation outcome in a human evaluation setting. It consists of a statement followed by a series of answer categories. Evaluators choose the option that best corresponds with how they feel about the statement. Several applications of Likert scales were found in the conversational agent context. User satisfaction is often measured on Likert scales either at the turn level (users evaluate each response from a chatbot) or at the session level (users evaluate the entire session) (Maroengsit et al., 2019). 
Likert scales are also often used in questionnaires. A famous example is the System Usability Scale, consisting of a 10-point questionnaire with 5-point Likert scales (Brooke, 1996). 
[bookmark: _Toc171257505][bookmark: _Toc219911856]LLM as a judge
LLM as a judge methods employ LLMs in the validation of LLM output. A popular method in the literature is to provide an LLM with both the dialogue context, the gold response (if available), and the generated response, and prompt it to evaluate the generated response on different validation outcomes (Y. T. Lin & Chen, 2023; Mendonça et al., 2023; Plátek et al., 2023). An additional quality check can be added, by training a regression model on extracted embeddings to predict the outcome score (Plátek et al., 2023). Additionally, providing the LLM with examples with high similarity to the input and including them in the prompt could further improve performance (Plátek et al., 2023).
[bookmark: _Toc1274900022][bookmark: _Toc1877876776][bookmark: _Toc219911857]METEOR
METEOR is an F-score based metric that uses relaxed matching criteria to overcome the limitation of BLEU and ROUGE that require exact matches (Banerjee & Lavie, 2005). METEOR performs exact word matching, stemmed-word matching, and synonym and paraphrase matching. It is based on unigrams, but also takes contiguous matches into account, by counting the chunks of contiguous matches. A fragmentation penalty term is added to the METEOR score to reward longer contiguous matches. 
[bookmark: _Toc770194019][bookmark: _Toc1232481180][bookmark: _Toc219911858]MaUde
Metric for the automatic Unreferenced dialogue evaluation (MaUde) score the consistency of dialogue responses without gold responses (Sinha et al., 2020). BERT embeddings are obtained for each utterance in the context and passed to a bidirectional-LSTM to obtain representations in the same vector space as the encoded generated response. A sigmoid classified produced the MaUde score on a scale from 0 to 1. MaUde is trained on PersonaChat.  
[bookmark: _Toc1839176226][bookmark: _Toc219911859]MoralDial
MoralDial is a framework to evaluate conversational agents on their morality (Sun et al., 2023). It is a gold standard-free method. It consists of a trainable metric that measures the agreement between a response and a rule of thumb given a question. Rules of thumb are predefined (e.g., you must not steal). An annotated dataset is used that provides the agreement between a response and a rule of thumb (agree, neutral, disagree). Transformer models are trained to automatically detect the agreement. A safety score can be calculated by first extracting the top k safety rules of thumb (rules of thumb with the highest global consensus and severity of violation) using semantic matching and then calculating the agreement. Logic self-consistency can be checked by measuring the agreement between a CAs answer and their reasoning when prompted to provide further reasoning. Morel revision can be measured by first measuring the agreement between the generated answer and the rule of thumb. If the answer violates the rule of thumb then the chatbot is asked to revise its answer. Agreement is calculated for the second answer and the difference in agreement forms the morel revision score. Rule of thumb inference learning happens if the CA continues to practice a rule of thumb after revision. It is measured by assessing the agreement after between the new answer and rule of thumb.
[bookmark: _Toc572625445][bookmark: _Toc219911860]NASA TLX 
NASA TLX is a cognitive workload questionnaire consisting of 6 items rated on a 7-point Likert scale (Hart & Staveland, 1988). Factors focus on mental demand, physical demand, temporal demand, performance, frustration, and effort. 
[bookmark: _Toc381680234][bookmark: _Toc219911861]Naturalness model proposed by Liu et al.
This method automatically classifies generated sentences on their naturalness using a BERT model (Mercedes‑Benz AG, Sindelfingen, Germany et al., 2021). A candidate sentence and a gold sentence are used as input. The model outputs a sentence level naturalness score.
[bookmark: _Toc1778946861][bookmark: _Toc2026959746][bookmark: _Toc219911862]Next-Utterance Classification
Next-Utterance classification aims to retrieve the correct response from a list of predefined responses (Curry et al., 2017; Jan Deriu et al., 2021). The evaluation can therefore be based on metrics used in information retrieval, such as recall or recall@k measuring the percentage of relevant responses among the top-k selected responses.
[bookmark: _Toc1782745535][bookmark: _Toc1151182170][bookmark: _Toc219911863]NIST
NIST can be thought of as a variant of BLEU (Doddington, 2002). It weighs each matched n-gram, giving more credit when an n-gram is rare and less when it is common. It also adjusts the brevity penalty to reduce the impact of small variations in answer length on the score.
[bookmark: _Toc570977690][bookmark: _Toc219911864]Offensive language detection model
This method by Dinan et al. is a BERT-based classifier that classifies toxic comments (offensive or safe) (Dinan et al., 2019). It was trained on an annotated Wikipedia comments dataset. The model is improved by adding adversarial examples and retraining.
[bookmark: _Toc1402803566][bookmark: _Toc219911865]Perspective API
Google’s Perspective API is a trained machine learning model that can assign a toxicity score for each query and response (Si et al., 2022).  The score ranges from 0 to 1.
[bookmark: _Toc1367623230][bookmark: _Toc219911866]Ranking method proposed
This is a human evaluation method proposed by both Finch et al. and Sedoc et al. for side-by-side comparison of conversational agents (Finch et al., 2023; Sedoc et al., 2018). Human evaluators are asked to select the dialogue they prefer, or which performs better on a specific outcome (e.g., relevance). Model-level metrics can be calculated, including the win/tie/loss proportions between chatbots.
[bookmark: _Toc404560749][bookmark: _Toc219911867]Ranking method proposed
This method by Zhou & Xu trains a comparative evaluator which compares two responses (Zhou & Xu, 2020). It is a BERT-based model that learns whether the first compared response is better, worse or indistinguishable from the second response. A skill rating for each compared chatbot is adjusted for each new comparison. This procedure is repeated until convergence, which means the order of skill ratings keeps the same after each model is selected at least 50 times.
[bookmark: _Toc219911868][bookmark: _Toc317588076][bookmark: _Toc197163107]Regression-based similarity method 
This method proposed by Sugiyama, Meguro & Higashinaka uses human annotators to evaluate gold responses in terms of their naturalness. The gold responses are ranked (Sugiyama et al., 2019). Next, the similarity is calculated between the generated response and gold response. The average metric calculates the average similarity of the top-M gold responses with the generated response. The weighted metric first calculates the similarity of the top-M gold responses with the generated response. The similarities are weighted by the ranks of the gold responses and summed. The regression metric estimates the similarity score using a regression model, using similarity metrics for N references as features. It outputs a similarity score for each utterance.
[bookmark: _Toc2066165085][bookmark: _Toc219911869]Relevance score proposed by Chen et al.
The relevance score measures the relevance between a given query and the response (L. Chen et al., 2023). It uses a BERT ranking model trained on manually annotated Bing search data. 
[bookmark: _Toc1809995423][bookmark: _Toc864088019][bookmark: _Toc219911870]Response Error Rate
The response error rate measures the number of incoherent responses over the total number of responses (Venkatesh et al., 2018). Human annotators can be used to annotate the responses. 
[bookmark: _Toc374624258][bookmark: _Toc5803624][bookmark: _Toc219911871]Response perplexity
Response perplexity measures how well the conversational agent predicts the next response in a sequence (S. Zhang et al., 2018). Lower perplexity scores indicate that the model is better at generating coherent and contextually appropriate responses.
[bookmark: _Toc1620119110][bookmark: _Toc2088529972][bookmark: _Toc219911872]RoBERTa-eval
RoBERTa-eval employs the (contextualized) embeddings from RoBERTa to encode the context and generated response into a single vector(T. Zhao et al., 2020). A multi-layer perceptron classifier with a sigmoid activation function is used to obtain a score between 1 and 5. It is trained on the DailyDialog dataset.
[bookmark: _Toc40020417][bookmark: _Toc219911873]Robustness through metamorphic testing
The metamorphic testing approach to robustness performs small perturbations on the question (Bozic & Wotawa, 2019). Different perturbations may be used, such as replacing keywords with synonyms, changing numerical values, replacing keywords with unrelated terms, omitting words, and changing the order of actions. Differences in CA response may either be expected or not based on the metamorphic relation. For example, replacing keywords with synonyms is expected to yield two similar responses, whereas omitting words is expected to yield two different answers. The similarities of the metamorphic relations can be checked automatically or manually.
[bookmark: _Toc403729541][bookmark: _Toc219911874]Robustness through substitution
Robustness through substitution tests how robust a conversational agent is to small (lexcial) changes in the utterance (Cutugno et al., 2018; Guichard et al., 2019; Ruane et al., 2018). This is also referred to as stress testing. Given a user utterance in a dialogue, the utterance is minimally modified substituting some elements of the sentence according to a predefined list. Substitutions can for example consist of the introduction of typos, replacing words with synonyms, changing registry. The conversational agent should produce the same or a similar output.
[bookmark: _Toc687877257][bookmark: _Toc1813132043][bookmark: _Toc219911875]ROUGE
ROUGE relies on n-gram co-occurrences between a generated response and gold response (C.‑Y. Lin, 2004). ROUGE calculates the ratio of n-grams in both the generated and gold answer over all n-grams in the gold answer. Scores range from 0 to 1, with higher values indicating higher similarity.
[bookmark: _Toc344769256][bookmark: _Toc1234405483][bookmark: _Toc219911876]RUBER
Referenced metric and Unreferenced metric Blended Evaluation Routine (RUBER) is an RNN-based dialogue evaluation model (Sarik Ghazarian et al., 2019). RUBER combines a referenced metric and an unreferenced metric and outputs a score from 0 to 1. The referenced metric computes the similarity between the gold response and generated response, using a modified variant of the vector extrema, referred as vector pooling. The maximum and minimum values in each dimension are chosen from all the embeddings of the words in a sentence. Cosine similarity measures the similarity between the concatenated max and min-pool vectors. The unreferenced metric trains a bidirectional gated recurrent units encoder model. Embeddings are calculated for the context and generated response. A multilayer perceptron predicts a score that measures the relatedness between the dialogue context and a generated response.
Variations have been proposed to improve RUBER performance, including replacing the static embeddings with BERT (contextualized) embeddings (Sarik Ghazarian et al., 2019), replacing the reference scorer in RUBER with υBLEU (Tsuta et al., 2020), and alternative sampling procedures (Lan et al., 2021).
[bookmark: _Toc1692424932][bookmark: _Toc1028994335][bookmark: _Toc219911877]Self-consistency score proposed
Logical self-consistency measures if the generated response is logically contradictory to what the conversational agent responded on previous turns (Pang et al., 2020). A pre-trained Multi-Genre Natural Language Inference model is used to identify if the generated response is contradicting, entailed or neutral with respect to previous responses. The contradiction class for the generated response is averaged for all previous responses. A survival analysis can also be performed, where survival is defined as the ability of a conversational agent to pass as human for at least k turns. 
[bookmark: _Toc1266390824][bookmark: _Toc219911878]Spot the Bot
Spot the Bot framework rates conversational agents on their naturalness (J Deriu et al., 2020). Human annotators are asked to annotate each turn in a conversation segment (chatbot, no chatbot or unsure). Secondly, the human annotators rate specific features such as fluency or appropriateness. The framework measures the influence of these features on the naturalness of the conversational agent. A ranking can be calculated to compare different conversational agents. 
[bookmark: _Toc1171295696][bookmark: _Toc1846160327][bookmark: _Toc219911879]SSREM
Speaker Sensitive Response Evaluation Model combines a referenced metric and an unreferenced metric (Bak & Oh, 2020). The unreferenced metric is trained to score the relevance of the generated response to the context. Vector averaging is used on the embeddings of the words in the context and generated response. The referenced metric measures the similarity between the generated response and the gold response using sentence mover’s similarity with Elmo embeddings. SSREM uses speaker sensitive samples to obtain responses that have varying degrees of similarity with the gold response, including utterances from the same speaker in the same conversation, the same speaker in a different conversation with the same or a different partner, and a random speaker.  
[bookmark: _Toc1222884622][bookmark: _Toc219911880]System & task questionnaires
The system & task questionnaires ask human evaluators about their experiences using a conversational agent for one scenario (task) and different scenarios (system) (KELLY et al., 2009). The task questionnaire is a 15-item questionnaire using 5-point Likert scales. The system questionnaire is a 33-item questionnaire using 5-point Likert scales.
[bookmark: _Toc202139704][bookmark: _Toc1491166731][bookmark: _Toc219911881]Token accuracy
Token accuracy measures the ratio of correctly generated tokens in a response over the total number of generated tokens (R. Yang et al., 2022). It requires gold responses.
[bookmark: _Toc1195890849][bookmark: _Toc1313034949][bookmark: _Toc219911882]Topic breadth
Topic breadth measures the number of distinct topics in one conversation or across all conversation of a conversational agent (Jan Deriu et al., 2021; Venkatesh et al., 2018). Topics can for example be classified using a Deep Averaging Network. Conversational breadth averages the number of topics across conversation and topic breadth sums the topics across all conversations (Jan Deriu et al., 2021).
[bookmark: _Toc724679566][bookmark: _Toc1787729082][bookmark: _Toc219911883]Topic depth
Topic depth measures the average length of a sub-conversation on a specific topic, e.g., the number of turns spent on the same topic (Jan Deriu et al., 2021; Venkatesh et al., 2018). Topics can for example be classified using a Deep Averaging Network.
[bookmark: _Toc672709121][bookmark: _Toc219911884]TOXICBUDDY
TOXICBUDDY is an adversarial model that aims to trigger toxic responses to non-toxic queries (Si et al., 2022). It evaluates the vulnerabilities of a conversational agent in terms of toxicity. It prepares a database with nontoxic queries, triggering toxic responses. It then finetunes GPT with this dataset to produce adversarial queries that can be applied to different chatbots. Toxicity can be measured via Perspective API. 
[bookmark: _Toc1165132481][bookmark: _Toc292905452][bookmark: _Toc219911885]υBLEU
υBLEU provides an alternative to the labour-intensive ΔBLEU by using a neural network to rate the gold standard responses on their quality (Tsuta et al., 2020). It outputs a score for the quality of a response to a given utterance from –1 to 1. This score can be combined with the ΔBLEU calculation.
[bookmark: _Toc963868721][bookmark: _Toc219911886]Vader
Valence Aware Dictionary and sEntiment Reasoner (VADER) is a publicly available sentiment analysis tool (Hutto & Gilbert, 2014). VADER uses a predefined list of words with associated sentiment scores, ranging from –4 to 4. VADER calculates a compound score that summarizes the overall sentiment of the text. This score ranges from –1 to 1. 
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