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Abstract 

Heritage science (HS) is an interdisciplinary field where collective knowledge emerges through an 
ongoing interplay between material objects and a wide range of research approaches that encompasses 
both the Humanities and experimental sciences. In this domain, the data management challenges are 
compounded by the strong heterogeneity of documentary sources, analytical data, and processes 
mobilized for condition reporting, analysis, monitoring or conservation purposes. Provenance metadata 
and paradata are essential for ensuring data reliability. Such documentation provides invaluable 
information on acquisition contexts and subsequent reuse possibilities. However, producing it 
rigorously is time-consuming, as the required information is diverse, context-dependent, and 
increasingly difficult to recover as time passes. In light of the massive daily data production in this field, 
developing methods to streamline data enrichment procedures is a clear priority. To address the risk of 
losing large amounts of undocumented data, the METAREVE project proposes a lightweight solution 
to help HS communities extract the key descriptive elements needed for minimal data understanding. 
Based on Automatic Speech Recognition (ASR) and Natural Language Understanding (NLU), it takes 
the form of a web application that automatically documents scientific activities related to cultural 
heritage, drawing from common outputs such as expert reports, research articles, or even audio 
recordings of in situ acquisition processes. This approach has been implemented within the digital 
ecosystem developed by the EquipEx+ ESPADON project. 
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Introduction 

Thanks to the development of new instrumental techniques and the spectacular increase of 
computational power, scientific investigations in cultural heritage are today driven by a wide variety of 
scenarios involving diverse acquisition and process modalities, depending on many factors from the 
object nature and complexity to restoration purposes. If such versatility proves to be precious to acquire 
fine knowledge on our cultural heritage, it also draws new challenges regarding the management of the 
resulting data production and our capacity to cross disciplinary viewpoints on a same object. In 
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particular, the strong heterogeneity of this everyday data production clearly hinders our capacity to 
properly disseminate it and share it with HS communities, and most of all, to ensure its reusability.  
 
As a matter of fact, any acquisition process rooted in experimental science - such as 3D digitization, 
scientific imaging, or sampling for physical and chemical analysis - inevitably involves subjective 
decisions that can significantly affect both the nature of the data produced and its potential for future 
reuse. It is possible to keep track of these choices, provided that the acquisition conditions, operational 
workflows, and the hardware and software parameters used are carefully documented. Such 
documentation effort is at the heart of the FAIR principles (Findable, Accessible, Interoperable, 
Reusable), introduced back in 2014 to enhance the accessibility and usability of scientific data for both 
humans and machines. These principles have since been widely adopted, notably within the European 
Open Science Cloud initiative [1], [2]. However, the information to be provided is both diverse, context-
dependent, and the field is often not conducive to such meticulous documentation tasks. Over time, this 
invaluable information tends to get lost, and proves difficult, if not impossible, to retrieve a posteriori 

for those who have not taken part in the operations. Thus, in order to limit the loss of this precious 
information, it appears essential to propose new approaches making the provenance documentation less 
burdensome for data producers.  
 
Thankfully, the scientific production resulting from these acquisitions and processes often include many 
clues concerning the contexts of data production and analysis (e.g. scientific publications, expert 
reports, laboratory notebooks, etc.). Voice recordings also constitute a medium that could considerably 
lighten documentation processes. Given this context, METAREVE intends to address the 

challenges of automatic extraction of provenance metadata in the heritage field. The aim is to offer 
a versatile approach capable of taking advantage of the various digital data produced by heritage 
scientists during their studies - whether traditional text-based documents or audio sources - limiting the 
need for human intervention and ensuring a basic documentation of the processes behind data 
production. One major difficulty lies in the fact that the people, institutions, concepts, techniques, and 
protocols that may be mentioned regarding data manipulation are very specific to particular areas of 
expertise and contexts of analysis. They often refer to vocabulary terms or acronyms that are missing 
in standard learning corpora, yet are essential in our framework either for voice transcription or entity 
linking. For example, when a heritage scientist says “SOLEIL” in a sentence, he may be talking about 
the star (the Sun), or perhaps the French synchrotron facility. This semantic ambiguity can only be 
resolved by taking the context into account. Thankfully, although not exhaustive, there are many 
thesauri offered by heritage communities to support documentation initiatives by providing semantic 
references.   
 
Since 2021, the ESPADON project, founded by the French National Research Agency (ANR) has been 
working to introduce new methods and technologies for heritage research. The project focuses, on one 
hand, on creating innovative instruments, and on the other, on designing a digital ecosystem to connect 
the many institutions involved in heritage sciences, along with the data and knowledge they generate.  
Heritage studies combine increasingly used highly technical instruments and expert insights from 
numerous field of expertise. Given its highly multidisciplinary nature, the project explores how data 
and knowledge produced from multiple disciplinary perspectives on the same object can be collected, 
correlated, and shared [3]. The ecosystem is built through the interconnection of several software 
components, covering each step of the data lifecycle (Figure 1). One of its main components is 
Opentheso [4], an open-source web application dedicated to thesaurus management. It includes several 
tools for vocabulary management, concept mapping, permanent identifier assignment, and structure 
lexicon creation. Its functionalities are accessible either through a web interface or through a REST 



API. It should be noted that each concept can be aligned with freely available external vocabularies or 
semantic references (e.g. Art & Architecture Thesaurus (AAT) from Getty [5], Wikidata [6], etc). This 
tool is increasingly used in France in HS communities and has recently proven its undeniable usefulness 
in various scientific activities regarding the Notre-Dame cathedral, where it was “the nerve center of 

the digital platform enabling complex cross-referencing between different tools” [7]. The recent 
deployment of Opentheso in the ESPADON ecosystem now allows partner institutions to manage and 
share their specific vocabularies, like the TAPAC thesaurus shared by the Laboratoire de Recherche 

des Monuments Historiques (LRMH), which provides a useful structured list of concepts and definitions 
covering investigative techniques used in heritage sciences.   
 
 

 
Figure 1:The ESPADON digital ecosystem, built around the concept of “Augmented Heritage Object”. 

In this context, our goal is to provide the ESPADON ecosystem with a new software component 
dedicated to data-driven metadata extraction, fueled by Opentheso's multidisciplinary thesauri, in order 
to gradually build a systematic and consistent documentation of HS analyses. This article aims to 
provide a comprehensive overview of the METAREVE workflow. In the section 2.1, we describe our 
Whisper fine-tuning and post-correction approaches, addressing the challenges of transcribing audio 
files in the field of HS. In the section 2.2, we evaluate different methods of document-level event 
extraction and describe the approach adopted for METAREVE and its results. In the section 2.3, we 
introduce our linking pipeline, which connects the extracted documentation to multidisciplinary 
thesaurus terms. Finally, in 3, we describe the implementation of the tool.  

1. State of the art 

The evolution of digital infrastructures over the last few decades has paved the way for data sharing 
practices and new methods for scientific information processing. The Semantic Web, one of the most 
significant developments since the Web's inception, gradually builds an immense knowledge base, 
promoting not only the interconnection of massive volumes of data, but also information retrieval, 
visualization and even analysis, although the subsequent information's quality is still somewhat 
uncertain. In this respect, the structuring of metadata according to current standards has been identified 
by the French Ministry of Culture as a major challenge for the cultural sector [8], conditioning the use 
of data by machines, and informing its reliability for users who have not participated in its production 
(quality, reproducibility, consistency, legal conformity, etc.). The FAIR principles [1], which provide 



measures to make scientific data easy to find, accessible, interoperable and reusable, have been adopted 
in various European initiatives [2]. In the field of heritage sciences, in addition to the well-known 
CIDOC-CRM ontology [9] and its extensions (CRMsci, CRMdig, CRMgeo, CRMcr, etc.) [10], [11], 
[12], [13], numerous standards and conceptual models offer frameworks on which the necessary work 
of digital resources description can be based: from the most generic (DublinCore, PROV, OAI-ORE, 
etc.) [14], [15], [16], to the most specific (PARCOURS, OBOE, NeXus, etc. ) [17], [18], [19], not 
forgetting the several international initiatives which have addressed (or are still addressing) these issues 
[20], [21], [22], [23], [24], [25]. Some initiatives like [26] even aim to build a global, flexible meta-
model, compatible with CIDOC-CRM, and present interesting results concerning the description of 
analytical data. However, two main factors still hinder a proper systematic provenance documentation 
of HS data by its producers:  
 

1) Most digital heritage initiatives from recent decades tend to prove that the adoption of new 
digital tools by HS communities largely depends on the ability of these tools to integrate with 
existing methodologies without fundamentally disrupting them. Despite its significant 
advantages in data management, analysis, and sharing, conceptual modeling remains 
challenging for HS communities due to the specialized knowledge in engineering that it 
requires. 

 
2) The fuzzy variability of HS data production make it difficult to unify the description of scattered 

information and data, across different production contexts [27]. 
 
Given on the one hand, the diversity of disciplines mobilized in HS and the heterogeneous nature of 
data production methods and contexts, and on the other hand, the great value of knowledge engineering 
and/or semantic web complying approaches, some recent works [28], [27] show that the gap can be 
bridged by using a more intuitive metadata schema like the W7 model, aligned with the CIDOC and 
PROV ontologies, to easily document the provenance of heritage science data. Yet, to date, these 
interdisciplinary initiatives have not provided a truly intuitive tool for easily indexing analytic data and 
enabling their metadata alignment. Despite the existence of tools for manually managing the metadata 
of digital heritage resources [29], [30], this description work remains tedious for a knowledge producer, 
due to the amount of information required to precisely inform the nature of a resource, and the 
specificity of the related terms. 
 
Artificial intelligence provides the means to tackle these issues, in particular through deep learning 
methods dedicated to the recognition of named entities (NER) or event extraction (EE) from 
unstructured data [31]. Event Extraction (EE) involves identifying structured information from text and 
generally consists of two subtasks: event classification and event argument extraction. In this work, we 
focus solely on cultural hertitage (CH) process events and identifying their arguments. In the literature, 
this corresponds to the task of Event Argument Extraction (EAE). Large language models (LLMs) have 
gained significant recognition for their capabilities, leading to increasing interest in their application to 
information extraction tasks including event argument extraction (EAE), within a generative framework 
[32]. This shift is primarily driven by LLMs’ remarkable capacity for high-level, long-text 
comprehension and generation. Compared to token-based classification approaches, LLM-based 
methods can incorporate more semantic information and present queries in a more natural manner, 
enabling direct prediction of event arguments without the need to extract candidate arguments first [33], 
[34]. Document-level EAE (DocEAE) has caught much attention in recent years due to the challenge 
of arguments being dispersed across an entire document [35]. Many works intend to address this 



challenge, such as [36] which introduced ChatIE, a zero-shot1 EE framework built on top of ChatGPT 
following a dialog-style question-answering approach. In [37], the authors treated EAE as a conditional 
text-generation task, utilizing a template-based approach (e.g., “<arg1> attacked <arg2> using <arg3> 
at <arg4> place”) and asking encoder-decoder models such as BART or T5 to fill in placeholders by 
copying tokens from the document. Furthermore, [38] explored EAE under prompt-based paradigms, 
focusing on how to best enrich prompts with additional information to boost performance. The authors 
showed that prompt-based EAE can be improved by enriching the prompt with more argument clues 
(especially from the same event). 
 
In the heritage field, such approaches are increasingly applied on textual data [39], [40], [41], [42] but 
rarely applied to provenance and traceability challenges. They focus mainly on the extraction of 
information contained within the heritage objects themselves (e.g. extraction of mentions of localities, 
personalities, or dates in historical newspapers and archive resources, etc.) but exclude the many digital 
resources resulting from the multidisciplinary study of these objects, such as analytical data. The 
THESPIAN-NER tool, developed within the 4CH framework [43], proposes a very interesting approach 
based on the CIDOC-CRM and a deep neural network for named entity recognition through a web 
application which enables users to upload their Italian written report files and obtain labelled entities. 
Applied to collaborative semantic enrichment of textual datasets, the potential of this approach is 
undeniable. However, it is only available in the Italian language, and, for the moment, the extracted 
metadata are too fragmentary to meet the specific needs of provenance documentation.  
 
Finally, these approaches focus on text-based datasets, but none of them explores the ability of spoken 
language to act as a more intuitive information carrier. Yet, oral exchanges between operators during 
data acquisition could constitute an extremely rich source of contextual information. For a busy heritage 
scientist, it could even be more convenient to take a few minutes to speak about his data acquisition 
workflows than filling endless dedicated forms or spreadsheets. Here again, artificial intelligence offers 
promising opportunities. Automatic speech recognition (ASR) methods are commonly used by voice 
assistants, automatic translators, and even the automatic subtitling of our precious video-conferencing 
tools.  They have been considerably improved by recurrent neural networks [44], and now are part of 
our daily lives.  
 
All these advances now offer significant opportunities for heritage sciences. The convergence of ASR 
and DocEAE methods opens considerable perspectives for multidisciplinary data management. In the 
following sections, we present a data-driven approach aimed at automatically extracting metadata in 
order to limit the loss caused by the growing amount of undocumented CH data. 

2. Method 

To assist with the documentation effort, our approach consists of providing an extraction tool capable 
of detecting and structuring information relevant to the operational contexts from simple audio or text 
files. As shown in (Figure 2), the file can be any of the following: 

- An audio recording, whether a passive record of on-site operations (Figure 2.a), or an active 
record of a subsequent oral summary description (Figure 2.b). 

- A digital written report (analysis report, extract from a laboratory notebook, etc.) (Figure 2.c). 
 

 
1 Zero-shot prompting refers to an approach where the prompt used to interact with the model does not include 
any labeled training examples for the target event. 



 
Figure 2: METAREVE possible inputs. 

From this file, we aim to identify any elements suggesting the use of HS analysis techniques and, for 
each of them, to answer the seven questions of W7 providing a basic understanding of the related data 
production process: Who? When? Where? Why? How? Which? What? Stored as a structured JSON 
file, such output offers three benefits: 

- Synthetizing all the processed documents in a harmonized, comprehensive and intelligible way; 
- Allowing to index the HS analyses performed on CH objects in a database by structuring 

valuable information about the processes involved; 
- Facilitating corpus exploration through the construction of simple and comprehensive queries. 

 
Many AI-based approaches enable information to be extracted from unstructured documents (see 
section 2.2). When it comes to audio documents, extraction usually falls within the scope of Spoken 
Language Understanding (SLU). In our case, we aim to support both audio and text documents. To offer 
a versatile tool capable of processing indifferently these two types of input data with similar 
performances, we have chosen to adopt a three-step approach, breaking down the process in 
complementary phases (Figure 3):  Automatic Speech Recognition (ASR) – optional, depending on the 
input type (see section 2.1), Natural Language Understanding (NLU) – on the textual input or on the 
result of the transcription (see section 2.2), and Entity Linking  (see section 2.3).  

 
Figure 3: Diagram of METAREVE pipeline, with three main steps: ASR, NLU, and Entity Linking.  

An optional pipeline – still under development – aims to complete this extraction by processing 
complementary raw analysis data (e.g. 3D point clouds, measurement series from sensors, etc.), getting 
the manufacturer parameters when they are available and stored in non-proprietary formats. For 
example, if an expert report contains several photographs, processing them separately would allow 
valuable information to be extracted from their EXIF data, such as the dates on which the data was 
acquired, the equipment used, etc. While such a process is straightforward when applied to photographic 
data, it becomes significantly harder in the case of more “sophisticated” analysis techniques. 

               
             
           

          

                 
                    

          

                   
           

                  
              

                   
        

                                                                                             



2.1. Step 1 - Automatic Speech Recognition 

This step aims to transcribe audio files, in order to generate an output compatible with the subsequent 
metadata extraction process (see section 2.2). Our Speech-To-Text (STT) model was designed to 
enhance the transcription accuracy of audio files referring to HS specific vocabulary.  

2.1.1. Data gathering and model selection 

We leveraged OpenAI’s Whisper model [45], fine-tuning it on a custom dataset to address challenges 
in transcribing domain-specific vocabulary, analysis techniques, names and places. To do so, we curated 
a dataset of HS related audio files, provided by the Laboratoire de Recherche des Monuments 

Historiques, representing a variety of speakers, accents and speech contexts. In total, this amounts to 
approximately 11 hours of labeled audio data, split into 10 hours for training and 1 hour for testing. We 
ensured that the dataset covers multiple speaking styles, including conversational, formal, and 
spontaneous speech with different accents and challenging elements such as overlapping speakers and 
background noise to reflect as best as possible what we would have in real cases. The transcription 
performance of several prominent models on our test dataset was evaluated to establish baseline 
comparisons (Table 1). 
 

Model WER  

(Word Error Rate) 

Performance Insights 

MMS-1B-all 0.43 Observed good performance on general speech but 
struggled with specific names and rare terms 

Wav2vec-FR-7k-large 0.33 Strong performance on clean speech, moderate drop in 
noisy conditions 

Whisper-large-v2 (base) 0.15 
Superior handling of multilingual data, globally very 
accurate but occasional errors with repetitions Whisper large-v3 0.08 

Table 1: Table of transcription performance of different models. 

While Whisper-large-v2 and Whisper large-v3 demonstrated robust transcription capabilities, several 
limitations emerged: 

● Specific Vocabulary: Whisper struggled with uncommon or domain-specific terms that were 
not well-represented in its pre-training data. 

● Proper Names and Places: Errors occurred in transcribing proper nouns, including unique 
names and less commonly mentioned locations. 

● Noisy Backgrounds: Although the model handled moderate noise well, performance decreased 
in scenarios with significant background interference with also word repetitions.  

These shortcomings emphasized the need for domain adaptation through fine-tuning. 

2.1.2. Whisper Fine-Tuning 

Audio input preprocessing 

To overcome the aforementioned limitations, we proceeded to the fine-tuning of four variants of the 
Whisper model (Whisper-small, Whisper-medium, Whisper-large-v2 and Whisper large-v3) to 
identify the best suited to our application domain. By tailoring each model to our dataset, we aimed to 



improve their accuracy in recognizing domain-specific language and uncommon named entities. Fine-
tuning not only aligned the Whisper models more closely with our audio domain but also helped reduce 
the WER significantly on the test dataset and make sure to get the best transcription possible for the 
second model (NLU) that comes afterward. 

Prior to fine-tuning, the audio data underwent a preprocessing workflow. First, we used an audio format 

standardization, converting all the audio files to the WAV format to ensure compatibility. Then we 
adapted their sampling rate. Speech can be represented by a 1-dimensional array that varies with time, 
the value of the array at any given time step being the signal's amplitude at that point. From the 
amplitude information alone, we can reconstruct the frequency spectrum of an audio input and recover 
all acoustic features. However, since speech is continuous, it contains an infinite number of amplitude 
values, which can be an issue for computer devices expecting finite arrays. For this reason, we 
discretized our speech signal by sampling values at fixed time steps. The chosen interval is known as 
the sampling rate and is usually measured in samples/sec or Hertz (Hz). Sampling with a higher 
sampling rate results in a better approximation of the continuous speech signal, but also requires storing 
more values per second. The Whisper feature extractor expects audio inputs with a sampling rate of 
16kHz [45], matching our audio files to this value was crucial, as audio signals with different sampling 
rates have very different distributions. 

Chunking  

The Whisper feature extractor performs two operations: it first pads/truncates a batch of audio samples 
so that all samples have an input length of 30s maximum. Shorter ones must be padded to 30s by 
appending zeros to the end of the sequence (zeros being an audio signal corresponding to silence), 
longer ones must be truncated to 30s. Since all elements in the batch are padded/truncated to a fixed 
length, we didn't require an attention mask when forwarding the audio inputs to the Whisper model. 
Whisper is unique in this regard: with most audio models, it is expected to provide an attention mask 
detailing where sequences have been padded, and thus where they should be ignored in the self-attention 
mechanism. Whisper is trained to operate without one and instead identifies irrelevant inputs directly 
from speech signals. To transcribe audios longer than Whisper’s 30s maximum receptive field, one of 
these two long-form algorithms are required:  
 

1. Sequential: uses a "sliding window" for buffered inference, transcribing 30-second slices one 
after the other 

 
2. Chunked: splits long audio files into shorter ones (with a small overlap between segments), 

transcribes each segment independently, and stitches the resulting transcriptions at the 
boundaries 

 
In our case, we opted for the second approach, and each audio file was segmented into 30-second chunks 
with an overlap of one second between each to keep context information. Finally, in order to build our 
training dataset, we processed each chunk with the Whisper-large-v2 base model to get most of the 
transcription work done automatically. These transcriptions were then reviewed manually to fix any 
hidden spelling errors. Two CSV files were generated (Figure 4), one as training dataset (1048 samples) 
and the other for testing purposes (47 samples).  

 



 
Figure 4: Extract from the CSV dataset produced for Whisper fine-tuning. Each sample has two columns, the first one 

containing the file path, the second one its transcript. 

Optimization and fine-tuning  

To proceed to the fine-tuning, our computational resources (1x GPU Tesla T4 16Gb VRAM and 32 
CPU & 512Gb RAM) were adequate but fairly limited considering that the largest Whisper version 
have more than one billion parameters. Fine-tuning all of these would have been prohibitively costly. 
To optimize this process, we used Hugging Face PEFT (Parameters-Efficient Fine-Tuning) [46], a 
library allowing to efficiently adapt large pretrained models to various downstream applications. PEFT 
supports Low-Rank Adaptation (LoRA), as well as several other variants. LoRA is a parameter-efficient 
fine-tuning technique that allows to adapt a large model without modifying all its weights [47]. Instead 
of updating directly the weight matrices, LoRA inserts small trainable “adapter” matrices into specific 
layers and learns only these low-rank updates while keeping the original weights frozen. This approach 
drastically reduces the number of trainable parameters (Table 2Error! Reference source not found.), 
and significantly decreases computational and storage costs, while preserving the knowledge of the base 
model. In practice, LoRA makes it feasible to specialize very large models on domain-specific data 
(e.g., technical speech or documents), yielding performance comparable to a fully fine-tuned model. 
 

Model Params Trainable params Trainable% 

Whisper-medium 770M 9.4M 1.22% 

Whisper-large-v2 1550M 15.7M 1% 

Whisper-large-v3 1550M 15.7M 1% 
Table 2: Parameters reduction for each model with LoRA method. 

The (Figure 5) shows the evolution of the evaluation loss over time for the four Whisper variants. The 
green curve (Whisper-small) starts with the highest loss and remains clearly above the others, while the 
blue (Whisper-medium) and purple (Whisper-large-v2) models achieve progressively lower losses but 
exhibit a slight upward drift as training proceeds, suggesting the beginning of overfitting on the 
validation set, or suboptimal fine-tuning conditions (in our case, probably due to insufficient training 
data). In contrast, the orange curve (Whisper-large-v3) is remarkably stable and stays below all other 
models throughout training. This indicates that the model is inherently better suited to the task, either 
because of its larger capacity, its pre-training quality, or its resilience to overfitting under the current 
fine-tuning setup. Overall, this model demonstrates superior generalization performance and appears to 
be a promising candidate for deployment in our application domain. 
 



 
Figure 5:Evolution of the evaluation loss over time for Whisper-small (green), Whisper-medium (blue), Whisper-large-V2 

(purple), and Whisper-large-V3 (orange). 

The (Figure 6) shows the evolution of the training loss for the medium, large-v2 and large-v3 Whisper 
models. All three curves drop steeply in the first minutes, then continue to decrease more slowly, 
indicating that the models keep learning throughout training. The large-v2 model (purple) ends with the 
lowest training loss, slightly below both medium (blue) and large-v3 (orange), which suggests it fits the 
training data the most aggressively. In contrast, large-v3 converges quickly and then plateaus at a 
slightly higher loss, a behavior that is consistent with its better validation loss and indicates a more 
regularized fit that generalizes better to the evaluation set. 
 

 
Figure 6: Evolution of the training loss over time for Whisper-small (green), Whisper-medium (blue), Whisper-large-V2 

(purple), and Whisper-large-V3 (orange). 

In (Table 3), the comparison of Whisper configurations confirms that, moving from the small baseline 
without optimization to the PEFT-optimized Whisper models systematically reduces both training and 
evaluation loss: from 0.24/0.20 for Whisper-small without optimization, down to 0.07/0.13 for Whisper 
large-v2 and 0.02/0.07 for large-v3. This indicates that parameter-efficient fine-tuning on top of larger 
backbones is very effective at fitting the domain data. In parallel, the raw and normalized WER decrease 
from 0.16/0.12 (Whisper-small without optimization) to 0.10/0.07 for Whisper-large-v2 with 
optimization, showing a clear gain in transcription accuracy. These quality improvements come with a 
computational cost: the runtime increases almost linearly with model size, from 14 minutes for the small 
model to 45 minutes for large-v3.  
 
However, an interesting point is that Whisper-large-v3, despite achieving the lowest losses, does not 

yield the best WER (0.15 vs 0.10 for Whisper-large-v2), and its normalized WER is also higher. This 
suggests that further minimizing the training objective on a very large model does not automatically 
translate into better word-level accuracy, and highlights a trade-off between model size, optimization 
objective, and the practical metric (WER).  
 

Sizes PEFT Training loss Evaluation loss Run time WER Normalized WER 



optimization 

small No 0.24 0.20 14mn 0.16 0.12 
small Yes  0.14 0.17 13mn 0.14 0.10 

medium Yes 0.09 0.15 24mn 0.12 0.08 

large-v2 Yes 0.07 0.13 34mn 0.10 0.07 

large-v3 Yes 0.02 0.07 45mn 0.15 0.15 
Table 3: Comparison of Whisper configurations, each line representing the best epoch of the training 

Even though Whisper-large-v3 reaches the smallest training and evaluation losses, the metric it is 
trained to minimize is only an indirect surrogate for WER. With a very large capacity model and a 
relatively small fine-tuning dataset, it can overfit subtle token-level patterns without actually improving 
word-level alignment. Small differences in decoding behavior (e.g., punctuation, casing, segmentation) 
can also hurt WER even when the predicted token distribution is sharper. As a result, Whisper-large-v3 
looks “better” from the loss perspective but does not translate this into the best WER on the evaluation 
set. For this reason, we decided to use the Whisper-large-v2 model for the following parts of this work, 
given its better WER and its overall good evaluation loss. 

2.1.3. Results and post-correction 

To adapt Whisper to our highly technical, multi-speaker domain, we applied LoRA-based PEFT fine-
tuning on four model sizes (small, medium, large-v2 and large-v3), and the results clearly show the 
benefit of this approach. Compared to the small baseline without PEFT, the PEFT-optimized medium 
and large models achieve substantially lower training and evaluation losses, with large-v3 reaching the 
best overall fit and large-v2 yielding the lowest WER on our test set. The loss curves confirmed this 
behavior: training loss decreased steadily for all models, while the evaluation loss of large-v3 remained 
both the lowest and the most stable over time, indicating better generalization than the other 
configurations, even though its WER is not optimal. Fine-tuning was therefore essential in our setting: 
it allowed the models to internalize domain-specific vocabulary and speaker variability that the base 
checkpoints cannot fully capture, while LoRA keeps the computational and memory costs manageable. 
That said, the discrepancy between loss and WER suggests room for improvement, for example by 
tuning hyperparameters with WER as the primary early-stopping criterion, experimenting with 
alternative decoding strategies, or enlarging and diversifying the fine-tuning corpus to better align 
token-level optimization with the word-level accuracy required by the downstream metadata extraction 
task.  
 
To improve the reliability of person names in the transcriptions, we introduce a dedicated post-
correction stage based on a curated error dictionary and fuzzy matching (Figure 7). We maintain a CSV 
file with two columns: the correct spelling of each name (Name) and all its observed misspellings 
(Errors), which serves as a growing knowledge base that can be continuously enriched as new errors 
are discovered. After transcription, a SpaCy NER model (fr_core_news_md) is applied to detect all 
person entities in the text [48]. For each detected name, the system first checks for exact matches: if the 
name appears in the Name column it is left unchanged, whereas if it appears in Errors it is automatically 
replaced by the corresponding correct form. When no exact match is found, we compute fuzzy similarity 
scores between the detected entity and both columns, assign a confidence level based on predefined 
thresholds (low, average, high, very high), and record candidate corrections accordingly. At the end of 
this process, only entities whose confidence is greater than or equal to a user-specified threshold are 
actually replaced in the transcription. This design gives the user explicit control over how aggressive 
the post-correction should be, ranging from conservative to very soft, while leveraging a continuously 
updatable database of name variations to systematically correct recurrent transcription errors. 



 

 
Figure 7: Synthesis of our ASR approach, including Whisper fine-tuning and post-correction to optimize audio-transcription. 

2.2. Step 2 – Natural Language Understanding 

The input of this process is either a transcription result from step 1 (see section 2.1), or natively textual 
contents (expert reports, scientific papers, laboratory notebook extract, etc.), often sent in PDF file 
format. From there, the goal is to extract relevant information regarding any use of HS analysis 
techniques, and structuring it to generate a JSON file. We formulated this task as a document-level 
event extraction [35]. Specifically, we define an event in CH, termed CH Process, which represents the 
use of scientific analysis methods, techniques, or procedures applied to CH objects within the scope of 
a project or mission. 

2.2.1. Event extraction 

To design the METAREVE Event Extraction approach, we began by testing different DocEAE methods 
based on recent open-source LLMs (e.g. Mixtral, Llama, and Qwen models), to evaluate and enhance 
their ability to produce metadata on CH Processes. 
 

2.2.2. Metadata Schema 

To structure the arguments related to a CH Process event, we employed the W7 model, which captures 
key contextual aspects: What, Who, Where, When, Which, How, and Why. Schemas derived from 
this model have been effectively used in diverse contexts, its adaptability and extensibility making it 
well-suited for representing provenance semantics across various scientific disciplines, such as 
biomedical research [49], [50], [51]. In the field of Cultural Heritage, [28] used a derivation of this 
schema to document multimodal acquisition workflows (e.g. photogrammetry, reflectance 
transformation imaging, laser scanning). More recently, [27] clearly illustrated its potential for HS data 
provenance documentation, demonstrating how it could be combined with CIDOC and PROV 
ontologies and help to answer highly specific competency questions. In our case, the W7 schema was 
used to define the arguments for the CH Process event within the study context. Specifically, the key 
arguments were defined as follows: 
 

● Who: the individual experts involved, along with their names and roles/affiliations; 
 

● What: the information about the CH object or the particular parts being documented, e.g. Tree-

ring width series from Notre-Dame's roof structure; 19th-century stained-glass windows; 



 
● Where: the location of the CH object, e.g. Notre-Dame de Paris cathedral, Paris, France; 

 
● When: the time or period of the analysis processes, e.g. between April 2019 and the summer of 

2021 
 

● Which: the hardware or software components (e.g. instruments, devices, applications) and 
other supports used during the analysis, e.g. New AGLAE facility; Opentheso software; 

 
● How: the methods, techniques, or procedures employed (the “action” sphere), e.g. PIXE 

(Particle-Induced X-ray Emission); X-ray fluorescence spectrometry; 
 

● Why: the contextual details and purposes that motivated the performed actions, e.g. Naming, 

relocating and dating the woods of Notre-Dame “forest” based on collated data and 
archaeological surveys of the remains. 

 
In a document-level CH Process event, multiple techniques are often applied to various CH objects or 
subsets, potentially using different instruments. To address this complexity, we adapted the W7 schema 
adding a depth level, to document each technique separately, specifying both which (instrument or tool) 
and what (the object or subset) for each technique. (Figure 8) presents an example of the expected 
structure of the output of such extraction. The results and implementation of this approach are presented 
in the next sections.  

  
Figure 8: An example of the expected output of a CH Process event extraction using our W7-derived model. 



2.2.3. Experiments and Results 

This section presents the experiments done to assess the viability of our method. To assess the results, 
we used the ROUGE-L F1 as evaluation metric [52]. It was first calculated for each of the W7 question, 
after what we calculated the average score. ROUGE-L is determined by the longest common 
subsequence (LCS) between the LLM’s output and the reference. For example: 
 

● LLM output: La cathédrale Notre-Dame, Île-de-France 
● Reference: La cathédrale Notre-Dame, 4e arrondissement de Paris, Île-de-France 

 
Here, the LCS is “La cathédrale Notre-Dame, Île-de-France”. Consequently, the ROUGE-L recall is 
4/8 = 0.5 and the ROUGE-L precision is 1. The F1-score is then computed as: 
 

ROUGE-L F1 = 2 ∗ (௣௥௘௖௜௦௜௢௡∗௥௘௖௔௟௟)(௣௥௘௖௜௦௜௢௡+௥௘௖௔௟௟) = 2 ∗ (0.5∗1)(0.5+1)  ≈ 0.67 

 
To be noted that to perform DocEAE, the input PDF documents must be preprocessed. For this reason, 
our pipeline includes a conversion of their pages into Markdown-formatted text using PyMuPDF4LLM 
[53], containing both standard text and tabular data. During this conversion, any Acknowledgments and 
References sections are removed, as well as any Appendix content. However, when the input is a 
transcription coming from step 1 (see section 2.1), the text remain as is. In both cases, we finally check 
the whole text to ensure the information adheres to the desired format and remove any extraneous text. 
 
We first conducted experiments on DocEAE using LLMs through two distinct methods (Figure 9): 

1. Generating an answer for each W7 question using Retrieval-Augmented Generation (RAG) or 
Long-Context (LC). RAG is a technique that retrieves relevant information based on a query 
(question) and uses it to guide an LLM in generating a response. By directing attention to the 
most relevant segments, this approach helps the model avoid irrelevant details and reduces 
unnecessary computations. At the same time, large-scale pretraining enables LLMs to maintain 
strong long-context capabilities. When compared to the LC approach, RAG notably decreases 
the input length required for LLMs, resulting in lower computational costs. 

2. Generating a structured Pydantic object that represents the metadata schema. Pydantic [54], a 
Python library for data validation, facilitates the creation of schemas ensuring that LLM 
responses conform to a predefined structure. By defining both the structure and properties of 
data, Pydantic models act as strict templates. Consequently, rather than returning free-form text, 
the model produces an object that precisely follows the Pydantic schema. 

 



 
Figure 9: Overview of LLM Methods. Left: RAG consists of three main components: indexing, retrieval, and generation. 

Middle: LC includes only the generation stage. Right: The output of an LLM is structured as a Pydantic object. 

Given our resource constraints, we selected llama.cpp for LLM serving [55], as it efficiently distributes 
layers between CPU and GPU memory, utilizing both for inference and minimizing GPU usage. All 
LLM models used in our experiments are in Q4_K_M quantization, as it provides a good balance 
between quality and model size [56]. We used the LlamaIndex framework [57] to build prompt-based 
LLM experiments. To compare which approach yields the best results, we used Mixtral 8x7B – Instruct 
[58] as the base LLM. For RAG, we employed gte-Qwen2-7B-instruct [59] as the embedding model, 
as it ranked first on the Massive Text Embedding Benchmark (MTEB) [60] for retrieval and reranking 
tasks (as of February 25, 2025). 
 

Method ROUGE-L F1 Latency (seconds) 

LC 0.56 11 

RAG 0.51 19 

Structured Output 0.45 10 
Table 4: Results of RAG, LC and Structured Output. LC outperforms RAG and Structured Output. 

As shown in (Table 4), LC outperforms both RAG and Structured Output by a substantial margin, by 
5% over RAG and 11% over Structured Output. This outcome underscores the exceptional long-context 
understanding capabilities of current LLMs. We observe that RAG underperforms partly because, for 
some documents, none of the retrieved passages contain the correct answer location. Additionally, a 
single prompt for Structured Output appears to be overly complex for the LLM, and the time required 
is nearly the same as using one prompt per question for LC (10s vs. 11s). 
 
For Who, Why, and Where questions, answers are often more straightforward, as these details typically 
appear near the beginning of documents. In contrast, questions like When, How (Which, What) are more 
difficult, since their relevant information is usually scattered throughout the text. Addressing these 
requires the LLM to perform multi-step reasoning to reconstruct the complete answer—much like 
putting together the pieces of a puzzle. To enhance an LLM’s reasoning ability, [61] suggests appending 
a simple prompt, “Let’s think step by step”, to encourage the model to engage in sequential thinking 
before generating a response. Recently, new internal reasoning models, such as DeepSeek R1 [62], 



which achieves performance on a par with OpenAI-o1-1217, generate an internal chain of thought, 
effectively prompting themselves before producing a final answer. We conduct comprehensive LC 
evaluations on several strong, medium-sized models. Specifically, Mixtral 8x7B – Instruct, Qwen2.5-
32B – Instruct and Qwen2.5-32B – Instruct [63], Llama-3.3-70B – Instruct [64], Gemma-3-27B-IT [65] 
employ the “Let’s think step by step” prompt to facilitate step-by-step reasoning, while DeepSeek-R1-
Distill-Llama-70B and DeepSeek-R1-Distill-Qwen-32B [62] adopt internal reasoning. 
 

Method LLM ROUGE-L F1 VRAM Latency  

(seconds) 

Let’s think 
step by step 

Mixtral 8x7B – Instruct 0.57 32.51 GB 18 

Qwen2.5-72B – Instruct 0.69 54.86 GB 69 

Qwen2.5-32B – Instruct 0.57 28.91 GB 31 

Llama-3.3-70B – Instruct 0.57 53.47 GB 54 

Gemma-3-27B-IT 0.54 33.86 GB 29 

Internal 
Thinking 

DeepSeek-R1-Distill-Llama-70B 0.58 53.47 GB 87 

DeepSeek-R1-Distill-Qwen-32B 0.62 28.91 GB 57 

Table 5: Results of the LC approach for two reasoning strategies. All models are in Q4_K_M quantization. The VRAM 

requirements take into account the model size, key-value (KV) caching, and compute buffer size. The best performance is 

shown in bold, and the second-best is underlined. 

In (Table 5), we observe that Qwen2.5-72B – Instruct achieves the best performance, followed by 
DeepSeek-R1-Distill-Qwen-32B. Meanwhile, Mixtral 8x7B – Instruct shows only a 1% improvement 
over the non-reasoning approach, performing comparably to Qwen2.5-32B – Instruct and Llama-3.3-
70B – Instruct. This finding suggests that reasoning is more effective in stronger (larger) models, 
aligning with previous study [61] that model size is critical for zero-shot reasoning.  
 
These experiments allowed us to define our implementation framework. Given its performances, we 
opted for a long-context approach. In addition, despite its higher latency, the Qwen2.5-72B – Instruct 
good ROUGE-L F1 score inclined us to use it in the final implementation of the method. The 
implementation is described in section (see section 3). The output of this step is a JSON file, whose 
structure follows the W7-derived schema illustrated in (Figure 8). The (Figure 10) shows the result of 
this step, applied on a paper published by Mouaddib et. al. in Journal of Cultural Heritage Special Issue 
on Notre-Dame [66]. 
 



 
Figure 10: Result of the extraction process, performed on the paper from Mouaddib et. al., 2023 [66]. 

Although the extracted information is mostly accurate, our tests revealed occasional errors in the 
affiliation of the extracted individuals (Who field, role subfield). These discrepancies are likely due to 
ambiguities related to the document layout, which is variable across files. Additionnaly, the array 
structure of the values associated with the What field could be enhanced, as shown in (Figure 10). For 
example, the string “2D images and 3D point clouds of the vaults of Notre-Dame de Paris (before and 

after the fire)” could have been parsed into an array of length 4 as shown in (Figure 11). Nevertheless, 
the overall relevance of METAREVE results remain highly satisfactory, particularly given the 
considerable amount of completely undocumented HS data. 
 



 
Figure 11: The structuration of the extractions into comprehensive arrays still leaves room for improvement.  

2.3. Step 3 – Entity linking 

At this stage, the CH Events extracted from the previous step are well-documented enough to ensure at 
least a basic understanding of the analysis processes employed to study a CH object. This 
documentation can be used to proceed to the indexation of these analyses or of the data they generated, 
providing a comprehensive overview of HS workflows, approaches, and collaborations. However, to 
make this documentation interoperable and useful for research, it is important to remove possible 
ambiguities. To do so, we included a final step dedicated to entity linking. It aims to search for matches 
between the contents of the CH Events arguments and external references. In our case, we focused on 
specific thesauri provided by HS communities through the Opentheso instance of ESPADON ecosystem 
for vocabulary terms, and on the ORCID database for people.  
 
Thus, for each person mentioned in a Who field, we first attempt to resolve their identity by querying 
the ORCID API [67] for an exact match. When a match is found, the corresponding unique identifier is 
added to the generated JSON metadata, enabling a direct link to the individual’s public ORCID record. 
Similarly, elements appearing in the How, Which, What, Where, and Why categories can be checked 
against thesauri to identify possible correspondences with documented concepts. In order to avoid 
excessive processing time, this procedure originally relied exclusively on strict exact matching and was 
not executed automatically, but only on user request. Although a small number of valid matches were 
observed, the overall effectiveness of the method remained limited. The need to constrain runtime led 
to an overly rigid entity-linking mechanism that failed to capture many relevant associations. To address 
this issue, we redesigned the process by decoupling the linking step from the main extraction workflow 
and executing it asynchronously during the storage phase of the EAE output in the database. This 
restructuring significantly improved both performance and coverage. 
 
The integration of METAREVE extractions into the knowledge base is based on a structured processing 
pipeline designed to produce a coherent, normalized graph aligned with stable semantic references 
(Figure 12). The CH Event, which constitutes the basic unit of the output, is extracted and then projected 
into an event collection as root node. An identifier is generated through a deterministic has (SHA-1) 
constructed from the invariant fields, which ensures that events are deduplicated and that existing entries 
can be automatically updated. This mechanism is crucial to ensure the structural stability of the graph 
and prevent the proliferation of redundant entities. Then, the seven dimensions of the event (Who, Why, 
Where, When, How, as well as the Which and What sub-structures), are analyzed and saved into 
separated dedicated collections. Each entity is normalized and filtered to remove instances lacking 
informative content, and saved through an upsert function using a deterministic identifier similar to that 
used for CH events. The relationships between these entities and the event root node are saved into an 
edge collection, with explicit typing.  
 
In order to enable the semantic alignment, all thesaurus concepts from Opentheso are loaded and 
organized into a dictionary associating each normalized label with the list of corresponding concepts. 
This structure reduces the algorithmic complexity of matching processes and avoids the repetition of 
queries to the database. When a node contains textual contents (e.g.  a technique, an instrument, a goal, 
etc.), its nominal fields are compared to the thesaurus dictionary. We explicitly distinguish between 



exact matches (strict equality between the normalized text of the node and a concept label) and partial 
matches (presence of a concept label as a lexical unit inside a longer expression). To avoid false 
positives, the detection of partial occurrences is based on lexical boundaries, preventing the recognition 
of a label within a word (e.g. “arc” in “architecture”). Each match is saved as a thesaurus-typed 
relationship with metadata specifying the original field, the associated label, and the exact or partial 
nature of the match. In case of an exact match, the persistent identifier of the matched concept (usually 
an ARK ID) is reinjected into the corresponding JSON element as a new URI attribute. Conversely, 
partial matches result in the creation of relations without modifying the original node, in accordance 
with a cautious alignment policy that distinguishes between the categorical recognition of a stable 
concept and the mere presence of a relevant term in a broader expression. 
 

 
Figure 12: Example of results. Excerpt from the graph produced by processing several scientific publications from Journal of 

Cultural special issue “Notre-Dame de Paris: a multidisciplinary scientific site”. The CH events nodes (in yellow) are linked 
to Who (orange), Why (purple), Where (pink), When (light red), How (light blue), What (red), Which (green), and thesaurus 

concepts (dark blue) nodes. 

3. Implementation 

In terms of implementation, we opted for microservices-based architecture, with a dedicated 
orchestration layer (Figure 13). The application is delivered as a single-page web interface built with 
React [68] and Vite [69], where users can upload either audio or text files, trigger processing, and then 
monitor the status of each job through a dedicated “file tracking” page that lists completed and in-
progress analyses together with an editable view to the resulting JSON metadata (Figure 14). 
 



 
Figure 13: METAREVE architecture. 

The orchestrator, powered by FastAPI, performs integrity and security checks, inspects file types, and 
dynamically triggers the appropriate processing pipelines. Depending on the uploaded content, it may 
launch multiple microservices in parallel—for example a CPU-based file conversion service and, for 
PDF or audio files, the METAREVE metadata extraction service. The orchestrator aggregates the 
results, stores structured outputs in ArangoDB, and moves the original files to a dedicated storage 
server. At a time when initiatives are flourishing to create digital tools and even entire ecosystems for 
HS, this design provides flexible, scalable, and resource-efficient processing across heterogeneous 
compute nodes, and makes it possible to anticipate the need to gradually integrate new processing 
pipelines. 
 

  
Figure 14: The single-page user interface, allowing to upload (left) and monitor the status of each job (right). 

The METAREVE microservice is hosted on the same GPU server as the Whisper and Qwen models, 
so that file upload, transcription, metadata extraction and post-correction are orchestrated within a single 
deployment. Each extraction step can be called independently through a POST request: 

- /upload: route allowing a file to be sent to the GPU server before processing. 
- /transcribe: route launching the transcription of an audio file (.wav, .mp3). 
- /metadata: route launching metadata extraction from a PDF or TXT file. 

 
All extracted metadata are stored as JSON documents in an ArangoDB database [70], which exposes a 
simple job abstraction: for example, a route such as GET /jobs returns all jobs associated with the current 
user, while endpoints like GET /jobs/{job_id} or DELETE /jobs/{job_id} allow clients to retrieve or 
manage individual results. This architecture provides a clean separation between the interactive UI and 
the heavy computation, allowing to scale each element independently depending on needs, while 
making it straightforward to query, filter and reuse the produced JSON across downstream tools.  



4. Perspectives and limits 

In this paper we presented the METAREVE, the principles at the basis of its design, its main 
functionalities and current implementation. The application was tested using a data subset from Notre-
Dame de Paris scientific action, mainly expert reports and scientific publications. The results are 
promising: the system reveals information about study events that had previously not been indexed or 
referenced in the project’s databases. Naturally, the extracted information cannot match the level of 
detail provided by a manual metadata-enrichment process based on a schema tailored to a specific data 
type. However, the granularity achieved through METAREVE proves fully adequate for offering an 
overview of available resources, past analysis activities, and their interrelationships, thereby 
significantly enhancing their potential for subsequent exploitation. The intelligibility of the W7 schema, 
which directly encodes the seven most common questions, greatly simplifies the formulation of queries 
used to filter data across the corpus. The (Figure 15) illustrates examples of queries derived from simple 
natural-language questions. For heritage sciences, characterized by its wide range of disciplines and an 
even greater variety of investigative methods, such automatic extraction of metadata around this pivot 
schema is particularly valuable. It enables the harmonization of highly diverse resources while still 
preserving their specific features. The work of [27] clearly demonstrates how such approach can be 
articulated with finer granularities. Here, METAREVE effectively forms the level 0 of a Provenance-
LOD. 
 

Question AQL query 

List all CH events related to the 
concept “Spectrometry” in th12. 

FOR concept IN th12 
  FILTER LOWER(concept.name) == "spectrometry" OR 
"spectrometry" IN concept.labels[*].label 
    FOR v IN 1..2 INBOUND concept 
      GRAPH "linkedmetareve" 
      FILTER v._id LIKE "chEvents/%" 
      RETURN DISTINCT v 

On which CH object was used 
spectrometry? 

FOR concept IN th12 
  FILTER LOWER(concept.name) == "spectrometry" OR 
"spectrometry" IN concept.labels[*].label 
  FOR v IN 2..2 ANY concept 
    GRAPH "linkedmetareve" 
    FILTER v._id LIKE "what/%"  
    RETURN DISTINCT v 

Who was involved in studies on 
Notre-Dame? 

FOR loc IN where 
  FILTER loc.name != null 
  FILTER LIKE(LOWER(loc.name), "%notre-dame%", true) 
 
  FOR v IN 1..1 INBOUND loc 
    GRAPH "linkedmetareve" 
    FILTER v._id LIKE "chEvents/%" 
 
    FOR p IN 1..1 OUTBOUND v 
      GRAPH "linkedmetareve" 
      FILTER p._id LIKE "who/%" 
      RETURN DISTINCT p 

Figure 15: Example of AQL queries derived from simple questions. 

Beyond the methodological and technical challenges, we consider this work as a first step towards the 
definition of bottom-up approaches allowing to lighten the workload of data documentation in 
multidisciplinary contexts. Of course, such data-driven methods are not intended to replace the 
hypothetical-deductive approaches of HS, but rather to complement them.  
 



This project is still a work in progress and presents avenues for improvement. First, the calculation time 
(on average 17.2 seconds per 10 pages) is reasonable but could certainly be optimized. The ASR post-
correction step could also gain in robustness, for example by replacing the local database with an 
approach relying on stable repositories (ORCID, IDREF, etc.). Furthermore, our roadmap includes the 
introduction of normalization functions, so that extracted information can be efficiently queried and 
exploited in digital environments. While a property graph clearly offers a valuable way to enhance the 
exploitation of such complex corpora (Figure 12), building the relationships linking data together 
require the ability to detect dimensional similarities. This is especially true regarding spatial and 
temporal information (Where and When fields), which are often expressed locally or even implicitly. 
The Who field also could be improved, partly because we currently limit the extraction to the individual 
experts involved in the CH Event, whereas it might be useful to extract other mentions as well (e.g. 
institutional partners, people being represented in the CH object, artists, etc.). Its linking is limited to 
ORCID and could be extended to other knowledge bases (e.g. an alignment to Wikidata would be useful 
regarding historical figures). Similarly, the What fields could be made less ambiguous if linked to the 
artwork catalogues of CH institutions. More generally, while the current linking strategy has proven its 
value by highlighting some similarities between the processed documents, it should now be partially 
redesigned to better comply with the principles of Linked Open Data [71]. Finally, although this point 
has been neglected for this first version, if available and stored in non-proprietary formats, a reading of 
the manufacturer parameters on raw analysis data would certainly highly enhance the automatic 
extraction results.  
 

Conclusion 
 
After decades of attempts to provide user-friendly interfaces for documenting increasingly massive and 
complex HS datasets, we decided to adopt the opposite approach. The heterogeneity of heritage science 
research topics, methodologies, and data has introduced a level of complexity that has resulted in 
proportionately lengthy metadata schemas. As a result, for data producers, the challenges of provenance 
documentation brought about by open science are hardly sustainable. Consequently, much HS data 
remains undocumented, making it impossible to share and reuse these valuable resources. Through 
METAREVE, we propose a complementary data-driven approach, which aims to simplify part of this 
work and limit the loss of undocumented data. In this paper, we presented our method for transcription, 
metadata extraction, and linking, which enables the construction of graphs from extracted knowledge. 
We first showed how fine-tuning Whisper and post-correction made it possible to address the challenges 
of transcribing audio files in the HS domain. Next, we presented our NLU method for metadata 
extraction. Our document-level event argument extraction approach relies on W7, a pivot metadata 
schema whose flexibility has proven useful for HS. We showed that a “let’s think step by step” long 
context approach yielded the best results on our data. Finally, we presented our linking method and the 
implementation of the tool, as a microservices-based architecture orchestrated with a FastAPI layer. 
Beyond all these methodological and technical aspects, METAREVE, now needs to be tested in real-
world conditions by its future end-users, the HS data producers. The development of a user interface 
would simplify the learning curve and facilitate its adoption. A complementary tool allowing users to 
easily perform queries on extracted data through predefined widgets or conversational agent is currently 
under study. 
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