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Preface

It is our pleasure to welcome you to the proceedings of the Seventeenth TAPR
International Workshop on Document Analysis Systems (DAS 2026). Vienna
provides an inspiring setting to continue the long-standing tradition of the DAS
workshop series, bringing together researchers and practitioners from around the
world to share advances, exchange ideas, and foster collaboration in the field of
document analysis and recognition.

DAS No. 17 builds on a distinguished series of previous workshops held
in Kaiserslautern, Germany (1994); over Malvern, PA, USA (1996); Nagano,
Japan (1998); Rio de Janeiro, Brazil (2000); Princeton, NJ, USA (2002); Flo-
rence, Italy (2004); Nelson, New Zealand (2006); Nara, Japan (2008); Boston,
MA, USA (2010); Gold Coast, Australia (2012); Tours - Loire Valley, France
(2014); Santorini, Greece (2016); Vienna, Austria (2018); Wuhan, China (2020);
La Rochelle, France (2022); and Athens, Greece (2024). Like these previous edi-
tions, this year’s DAS focuses on system-level challenges and holistic approaches
to document analysis and recognition. With the rapid emergence of generative
AT and agentic systems as key enablers of real-world document understanding
applications, this perspective is gaining renewed importance.

Since 2024, DAS has adopted a revised format and is now organized in con-
junction with the International Conference on Document Analysis and Recog-
nition (ICDAR) as its largest associated workshop, while retaining its own pro-
ceedings and two-day structure. We consider this change successful, and have
put considerable effort into making DAS a high-quality workshop in the spirit
of its successful predecessors. We ensured a single-track format, a rigorous peer-
review process, and complete participation, complemented by invited talks, con-
tributed papers, and discussion sessions. With this format, we hope to bring
together practitioners and researchers from the industry with academics in a
unique environment.

Following DAS 2024, this year’s edition features two separate calls for papers,
an earlier one corresponding to regular papers to be included in the proceedings,
and a second call for short papers presenting preliminary results or research in
progress. Of the 50 submissions received for the regular paper track, 29 were
accepted for presentation at the workshop, resulting in an acceptance rate of
58%. All submissions received at least two double-blind reviews from our team
of 49 Program Committee members. The accepted regular papers are published
in this volume of the Springer Lecture Notes in Computer Science (LNCS) series.
DAS also received nine short paper submissions and seven demo submissions,
which were reviewed in a single-blind form by the Program Committee. Af-
ter review, four short papers were accepted for inclusion in the program along
with five demos. The short papers and demo papers are made available in PDF
format on the DAS conference website. The final program included four oral
sessions, two poster sessions, one demo session, and one discussion group. In



addition, DAS hosted industry keynote talks delivered by leading experts: Jordy
van Landeghem, Nibal Nayef, and Brandon Smock. Outstanding contributions
were recognized through the Best Paper Award and the Best Student Paper
Award.

We extend our sincere gratitude to everyone who contributed their time and
effort to making DAS 2026 a leading event for the community. The success of the
workshop program was made possible through the dedication and hard work of
many individuals. We sincerely thank the Program Committee members for their
hard work reviewing submissions, and especially those last-minute, emergency
reviewers who were instrumental in avoiding notification delays. We also thank
the organizing committee for their important contributions. We acknowledge
the efforts of Industrial and Sponsorship Chairs Yves-Noel Weweler and Lukasz
Borchmann in coordinating sponsorship activities and keynote arrangements.
Special thanks go to Carlos Moreno-Garcia for creating and maintaining the
DAS website and social media presence; to Publication Chair Liangrui Peng for
overseeing the proceedings preparation; and to Ajoy Mondal for serving as Demo
and Discussion Group Chair.

Finally, we would like to express our sincere appreciation to the authors for
their outstanding contributions and active participation in DAS 2026. We hope
that the workshop program will encourage future research, inspire new collab-
orations, and provide practitioners with useful methods, algorithms, and tools.
It is both an honor and a privilege to present the latest advances in document
analysis systems through these proceedings, and we trust that readers will find
them informative and inspiring. We look forward to Viennal
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CrimeNER Demo: Named-Entity Recognition
in the Crime Domain

Miguel Lopez-Duran, Julian Fierrez, Aythami Morales, Daniel DeAlcala,
Gonzalo Mancera, Javier Irigoyen, Ruben Tolosana, Oscar Delgado, Francisco
Jurado, and Alvaro Ortigosa

BiometricsAl, Universidad Auténoma de Madrid (UAM), Spain
miguel.lopezdQuam.es, julian.fierrezQuam.es

Abstract. We present CrimeNER Demo, an Al-powered platform that
enables us to extract general crime-related information from documents
and classify them into entity types with two levels of granularity. We pro-
vide pretrained NER models on the CrimeNER database, and we give the
possibility to users to provide their own annotated data to train models
for their own specific cases. This demonstrator aims to promote crime-
related NER research and provides a practical tool to automatically ex-
tract crime information for researchers and law enforcement agencies.
The demonstrator includes: i) Pretrained NER models on the crime do-
main; ii) Possibility to finetune the models on specific data annotated by
the user; and iii) An automatic pipeline to extract and annotate crime
entities from documents. The demo platform, a tutorial to run the demo,
and a video demonstration are publicly available on GitHub.'

Keywords: Crime Analysis, NER, Forensics NER, Crime NER

1 Introduction

Law enforcement agencies are increasingly required to extract and process infor-
mation from crime-related documents. However, the number of documents that
need to be processed is increasing rapidly, so manually extracting these data is
not feasible. In addition, manually annotating sufficient data to train reliable
models from scratch is really time consuming and inefficient [19].

Automatic extraction of criminal information from document repositories
(including web/html locations) may be viewed as a Named Entity Recognition
(NER) task [16]. In forensics, the kind of entity law enforcement agencies are
interested in can change from case to case. However, when working in criminal
cases, information like who committed or is being accused of a crime, or the
agents and agencies involved in a case, are general and typically useful kind
of information. NER has a lot of work done in several fields. Initially, it was
focused on news and general documents, but it grew rapidly to other areas

! https://github.com/BiometricsAl/CrimeNER.git
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such as biomedicine [21]. In relation to the crime domain, there are works that
focus on the extraction of legal entities [1] and on cyber threat Intelligence [22].
However, these works revolve around legal texts or specific types of crime, and
are not suitable for general crime extraction for day-to-day criminal cases. Coarse
entities are annotated with different colors, while fine entities are annotated as
metadata inside the document.

Despite all this work, there is still a huge gap in the NER literature in the
crime domain. As an initial step to fill this gap, we present a demonstrator of
CrimeNER, a platform to extract crime-related entities from input documents.
CrimeNER Demo leverages pretrained NER models in the CrimeNER database
(CrimeNER-db) [13]. We label each detected entity into a predefined set of en-
tity types with two levels of granularity, namely coarse and fine-grained entity
types, as done in previous works [6]. The coarse entity types defined cover basic
information about crimes, e. g., the criminal who committed the offense. Fine-
grained entity types are defined to better contextualize each of the coarse entity
types extracted from the document, e.g. the typology of the criminal activity
mentioned or the number of criminals that committed the crime.

We acknowledge that different law enforcement agencies work with different
types of crime, and in languages different from English. For this reason, we also
let the users upload their own annotated data to the CrimeNER Demo following
our schema and finetune the selected models on their data. In this way, only
a small number of annotated samples is enough to extract meaningful crime
information, avoiding the need for a large annotated database in each target
domain [15,14]

This work presents a demonstrator of the CrimeNER platform and serves
researchers and practitioners in the line of Forensic Document Analysis using
NER techniques.

2 CrimeNER: Database

The CrimeNER database (CrimeNER-db) is a dataset comprising more than
1.5K annotated documents from real-world scenarios, such as terrorist reports
or real press notes from the US for the extraction of criminal entities.

The primary goal of CrimeNER-db is to provide researchers with a fine-
grained general crime dataset. In order to do that, based on previous work on
fine-grained NER databases [6], we define a two-level hierarchy for entity types,
coarse and fine-grained, and classify each token as part of a coarse entity with its
corresponding fine-grained entity type, or as a non-entity. The coarse and their
corresponding fine entity types are as follows:

— Crime: Illegal activities performed by an individual or group of people, in-
cluding terrorist attacks. As fine-grained crime entity types, we consider: Ter-
rorism, Fraud, lllegal Traffic, Theft, Drug-related, Homicide, Sexual crimes,
Hate crimes, and Others.

13
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— Actor: Individuals or organizations that commit or are accused of com-
mitted a crime. The fine actor entity types are: Criminal Person, Criminal
Organization, Terrorist Person, and Terrorist Organization.

— Agent & Agency: Individuals and organizations acting against criminal
activities or involved in criminal cases. We also consider government officials
and bodies as this type of entity. We consider three fine entity subtypes: Law
Enforcement, Government, and Legal. 2

— Logistic: Specific details of the crimes mentioned in the documents that
may be useful to agents. The fine logistic entity types are Location, GPE,
Date, Weapons & Explosives, and Money.

3 CrimeNER: System

The CrimeNER Demo platform extracts crime related entities from input docu-
ments and texts with two levels of granularity. The system comprises 4 process-
ing modules: 1) Document Preprocessing, 2) Specific Fine-tuning (if selected),
3) Coarse and Fine Entity Extraction, and 4) Postprocessing.

3.1 CrimeNER Modules

Document Preprocessing Given an input document or batch of documents,
the user is asked to decide whether to process the document using the pretrained
NER models or to upload annotated data and finetune them on the data and then
process the document. The models were trained in CrimeNER-db by performing
a train/val / test split and evaluated on the test split. The results of this training
with the selected NER models are shown in Table 1.

Specific Fine-tuning Given the wide variety of criminal cases and languages
law enforcement agencies may be interested in, we provide the option to further
finetune the released criminal NER models on specific target data. This makes
our platform even more useful in real-world deployment as it can be adapted
to most criminal cases. The only drawback is that the target data need to be
formatted as we specify in our demonstrator with the same types of entity. We
believe that the types defined on CrimeNER-db are informative enough for most
cases. In future work, we will consider new types of entity.

Coarse and Fine Entity Extraction Given the processed documents and the
pretrained or finetuned NER models, coarse entities are extracted. After that,
on the basis of the extracted coarse entities, we extract the fine entities from
them. All this process let us classify each entity into 4 coarse entity types and
a total of 21 fine entity types, which makes the extracted information highly
detailed and specific for each case.

2 In the original CrimeNER-db work, the Agent and Agency coarse entities are differ-
ent types, but we decided to merge them into one, as we found it more informative.
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Table 1: Average Strict and Flexible F1 Scores on coarse and fine entity types
after training on CrimeNER-db. Strict evaluation requires the same entity span
and type to be correct. Flexible evaluation requires same entity type, and an
overlap between the predicted span and the ground truth.

Model Coarse Fine
Strict  Flexible  Strict Flexible
XLM-RoBERTa-Base [2] 0.650 0.900 0.650 0.879
DeBERTa-V3-Base (7] 0.649 0.902 0.627 0.892
RoBERTa-Base [11] 0.620 0.899 0.631 0.882
AIBERT-Base-V2 [10] 0.607 0.881 0.401 0.888
DistilIBERT-Base-Cased [20] 0.519 0.890 0.643 0.886
BERT-Base-Cased [5] 0.514 0.839 0.644 0.889
Bombings in northern Syria kill 1, Bombings in northern Syria kill 1, Bombings in northern Syria kill 1,
wound 20," Anadolu Agency (AA), wound 20,''AnadoluAgency (AA), wound 20,"' Anadolu Agency (AA),
April 28,2021. April 28, 2021. April 28, 2021.

ISIS fighters Kill an|IFAGUOMIGHE!, ISIS fighters Kill an Iraqi official, ISIS fightersKill an Iraqi official,
wound five others in Kirkuk," wound five others in Kirkuk,'! wound five others in Kirkuk,"
Shafaaq.com, April 30,2021. Shafaaq.com, April 30, 2021. Shafaaq.com, April 30, 2021.

Dial

Crime © Actor e Agent © Agency e Logistic

Fig.1: Example of different annotations for a sample document using the
CrimeNER Demo with different model configurations. From left to right,
the annotations for coarse entities were made using XLM-RoBERTa-Base [2],
DeBERTa-V3-Base [7] and DistilBERT-Base-Cased [20] and the fine entity
annotations were made using DeBERTa-V3-Base, XLM-RoBERTa-Base and
AIBERT-Base-V2 [10]. Coarse entities are colored in the document and fine
entities are annotated as metadata inside the document.

- Model selection
- Document upload - Results and annotations - Annotated sample document
Justice Department Charges 11 Illegal
Aliens Among 15 in $1.4M Benefit

RESULT
Fraud Crackdown in Massachusetts

fodel 1: albert-base-v2 odel 2: albert-base-v2 Entities: 62
- History of all entity extractions

& Download annotated PDF & Download JSON

DETECTED ENTITIES

Justice Department

Massachusetts

Fig.2: Overview of the CrimeNER Demo. Documents are processed with the
selected model (fine-tuned if specific data is uploaded). Crime-related entities
are extracted with two levels of granularity, processed, and shown to the user.
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Document Postprocessing After the entity extraction, the entity spans are
further processed and injected into the input documents. Input documents and
texts are returned to the user with the detected crime entity spans highlighted
with the detected coarse- and fine-grained entity types detected. A JSON file
with the annotation of each document with its extracted entities may also be
provided if requested by the user.

4 CrimeNER: Demonstrator

This study presents the CrimeNER Demo platform, a platform for extracting
general criminal entities from documents. The platform was evaluated using
CrimeNER-db, a database consisting of 1.5K real-world documents from the
U.S. Department of Justice and other terrorist and crime reports.

The main objective of this work is to promote our platform, where we make
CrimeNER Demo available to researchers and practitioners. The CrimeNER
Demo allows users to pass input documents or texts and extract the crime-related
entities with two levels of granularity within those documents. After processing
the documents, users will receive the input documents with the extracted crime
entities annotated and highlighted, as shown in Figure 1. This platform opens
up new opportunities in document analysis and crime detection for researchers
and law enforcement agencies.

We provide several pretrained models to extract the crime-related entities.
The selection of different models for coarse and fine entities results in different
annotations, as shown in Figure 1. Qualitative analysis shows that the difference
between model annotations is notable, especially the differences in span length
for the same entity. There is some misalignment between the annotation and the
PDF text, as the positions in the PDF metadata are not exactly aligned with
the visual text position in the document.

Figure 2 shows a screenshot of the CrimeNER demonstrator and its main
features that we discussed earlier. Initially, users are required to upload one or
more documents and select the NER models trained to process the documents.
Among these models, there can be the finetuned models on specific data uploaded
by the user, for which we provide a tutorial on the CrimeNER demo repository.
After model selection, coarse and fine entity types spans are extracted from the
documents as we described earlier. Finally, the extracted entities are annotated
and highlighted in the documents, and a JSON file with the entity annotations
is generated if the user requires it. The CrimeNER platform also stores previous
document analysis as part of a history so that users can download documents
and annotations already processed again, if necessary.

In future work, we will explore multimodal architectures [18], including the
combination of NLP models like those used here and visual models that pro-
cess text images [12,4]. Detecting Al-generated information [3|, fakes [17], other
types of manipulation [9], and other general risks [8] when analyzing document
repositories are also key topics on our agenda.
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Abstract. We present AlriskEval-edu Demo, a platform that audits the
pedagogical quality of instructional explanations and provides explain-
able audit results. The platform evaluates an explanation against a rubric
of five dimensions of pedagogical risk: factual accuracy, depth and com-
pleteness, focus and relevance, student-level appropriateness, and ideo-
logical bias. For each risk dimension, it returns a binary decision with
a confidence score. Detected risks also include a natural-language ra-
tionale and, except for Depth and Completeness, a localized evidence
span. The platform integrates GPT-5.5 via an external API and a local
Llama 3.1 8B evaluator that is self-hosted and runs on consumer-grade
GPUs. The local evaluator is fine-tuned on AlriskEval-edu, a dataset
of K-12 instructional explanations with risk and explainability anno-
tations. It operates in two modes: in AI mode, both evaluators assess
stored explanations generated under six simulated teacher profiles, each
representing a distinct pedagogical behavior and potential risk; in hu-
man mode, the local evaluator audits user-written explanations in real
time. The local evaluator outperforms GPT-5.5 on most metrics, offering
educational institutions a practical way to keep audited content within
their own infrastructure.

Keywords: Document Understanding - Risk Assessment - LLM Audit-
ing - Explainability - Human-in-the-Loop.

1 Introduction

Educational content presented to students on digital platforms is often gener-
ated, adapted, or summarized by large language models (LLMs). A prominent
example is instructional explanations, short texts that explain or justify answers
to questions. LLMs have shown strong performance on K—12 question-answering
tasks [15] and are used both to support tutoring interactions [13] and to evaluate
the pedagogical quality of such explanations [10].

However, LLMs can generate inaccurate or misleading content [22], making
systematic risk assessment and monitoring necessary throughout their lifecy-
cle [11]. In educational settings, this involves auditing instructional explanations
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for factual accuracy, depth and completeness, focus and relevance, student-level
appropriateness, and ideological bias. For each detected risk, the audit should
also provide a rationale and, when applicable, identify the relevant text span.

Despite recent progress in evaluating LLMs for educational applications,
available resources still only partially address the assessment of instructional ex-
planations. Most benchmarks measure whether LLMs produce correct answers or
effective tutoring interactions, but few assess the pedagogical quality of the ex-
planation itself from a multi-criterion risk perspective, or provide explainability
annotations such as risk localization and natural-language rationales. Previous
work on rubric-based educational datasets indicates that fine-tuning an evaluator
on such data improves its reliability [9, 10].

The main contribution of this paper is AlriskEval-edu Demo?, an interactive
platform that operationalizes the previously introduced AlriskEval-edu assess-
ment method [10]. The platform supports the auditing of both stored LLM-
generated explanations from the AlriskEval-edu dataset and free-text explana-
tions provided by users. Section 2 summarizes the AlriskEval-edu dataset, the
pedagogical risk assessment method, and the integrated evaluators. Section 3
presents the demonstrator, and Section 4 presents the conclusions.

2 Dataset and Pedagogical Risk Assessment

2.1 The AlriskEval-edu Dataset

AlriskEval-edu contains 1,639 instructional explanations associated with 170
curated K-12 questions from ScienceQA [15]. For each question, the dataset in-
cludes a human-teacher reference and synthetic explanations generated through
the Gemini 3.1 Pro API. Generation is conditioned on six simulated teacher pro-
files: Exemplary, Rambling, Concise, Inaccurate, Overly Advanced, and Sarcas-
tic. The five rubric dimensions map to the honesty (Factual Accuracy), helpful-
ness (Depth and Completeness, Focus and Relevance), and harmlessness (Student-
Level Appropriateness, Ideological Bias) principles. In general, the dataset con-
tains 8,195 binary labels, including 785 positive labels with explainability anno-
tations. Labels were derived semi-automatically from the risks targeted by each
profile, and approximately 30% of the dataset was reviewed by two experienced
teachers.

2.2 Risk Assessment with LLM Evaluators

The platform integrates two evaluators: GPT-5.5, a proprietary evaluator ac-
cessed through an external API, and Llama 3.1 8B Instruct, a local evalua-
tor that can run on consumer-grade GPUs. The local evaluator is fine-tuned
on AlriskEval-edu using LoRA and evaluated using five-fold cross-validation
grouped by question to prevent data leakage. Both evaluators receive only the

4 https://github.com/BiometricsAT/AlriskEval-edu
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Fig. 1: Architecture and workflow of AlriskEval-edu Demo. Users select a K-12 ques-
tion and one of two audit modes. AlriskEval-edu provides the stored explanations used
in AI mode and the training data for fine-tuning the local Llama 3.1 8B Instruct eval-
uator with LoRA. In human mode, a user-written explanation is audited in real time
by the local evaluator. In Al mode, a stored LLM-generated explanation is evaluated
by both the local evaluator and GPT-5.5, with the latter accessed through an external
API. Both evaluators apply the five-dimensional pedagogical risk rubric and return
binary decisions with confidence scores and explainability information, including local-
ized evidence spans and natural-language rationales.

question, grade level, and explanation; the teacher profile is excluded. Each re-
turns five binary risk labels and a rationale for every detected risk. Localized
evidence spans are provided for all dimensions except Depth and Completeness.
Fine-tuning narrows the gap with the proprietary evaluator (Table 1). The lo-
cal evaluator achieves the lowest detection MAE on four of the five dimensions,
while GPT-5.5 leads only on Factual Accuracy, which is based the most on gen-
eral knowledge of the world. It also achieves a localization IoU above 0.95 for
every reported dimension except Factual Accuracy and a rationale BERTScore
above 0.90 across all reported dimensions. Overall, it outperforms GPT-5.5 in
most metrics reported while keeping audited content within the institution’s
infrastructure.

3 The AlriskEval-edu Demonstrator

The demonstrator implements the assessment method of Section 2 as an in-
teractive audit application (Fig. 1). The workflow has three steps: selecting a
question, producing or selecting an explanation, and inspecting the audit.

Question Selection. The user first selects a K-12 question from the dataset.
In human mode, the user can instead add a new question. Dataset questions can
be filtered by subject and category. Each question is displayed with its grade
level, answer choices, and reference answer. The question and grade level are
passed to the evaluator as a context.
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Table 1: Detection and explainability performance on the explainability-enhanced
AlriskEval-edu partition. The best result for each dimension and metric is shown in
bold. Localization and rationale similarity scores are not reported for Depth and Com-
pleteness because this dimension concerns omitted information that cannot be linked
to an identifiable text span. MAE denotes mean absolute error for detection ({), IoU
denotes intersection over union for localization (1), and BERTScore measures rationale
similarity (1). Base denotes zero-shot inference with Llama 3.1 8B Instruct, while F'T
denotes the same model after LoRA fine-tuning on AlriskEval-edu. FA denotes Factual
Accuracy; F&R, Focus and Relevance; D&C, Depth and Completeness; SLA, Student-
Level Appropriateness; and 1B, Ideological Bias.

Detection MAE | Localization IoU 1 Rationale BERTScore 1
Dimension Llama (Base) GPT-5.5 Llama (FT) Llama (Base) GPT-5.5 Llama (FT) Llama (Base) GPT-5.5 Llama (FT)
FA 0.170 0.051 0.057 0.281 0.678 0.611 0.392 0.834 0.911
F&R 0.195 0.037 0.017 0.127 0.947 0.978 0.126 0.862 0.940
D&C 0.253 0.228 0.023 - - - - - -
SLA 0.170 0.031 0.001 0.088 0.946 0.976 0.160 0.887 0.969
1B 0.088 0.013 0.006 0.736 0.835 0.972 0.803 0.820 0.909

AT Mode. In Al mode, the user selects a teacher profile and the corresponding
stored explanation is audited. The user then chooses GPT-5.5, the local evalua-
tor, or both. The dual option displays both audits side by side and shows where
the evaluators agree or differ on a single explanation (Fig. 2). This provides an
instance-level view of the aggregate comparison reported in Section 2.2.

Human Mode. In human mode, the user enters a free-text explanation for
a selected or newly added question. The local evaluator audits it in real time.
Unlike ATl mode, GPT-5.5 is not used, so potentially personal, classroom-specific,
or student-related content remains within the institution’s own infrastructure
rather than being sent to an external API.

Explainable Risk Visualization. The interface presents three evaluator out-
puts (Fig. 2). First, for each of the five risk dimensions, the interface displays
a confidence score [8] and a status indicator, shown in green when no risk is
detected and red otherwise. Second, for risks linked to explicit text, the evidence
span is highlighted using the color assigned to that risk. Third, the highlighted
span is interactive and displays the evaluator’s rationale when hovered over. To-
gether, these outputs provide actionable per-risk feedback, indicating whether a
risk is present, where the supporting evidence appears, and why it was flagged.

4 Conclusions and Future Work

We presented AlriskEval-edu Demo, a platform that audits instructional expla-
nations for pedagogical risks and reports the result in an explainable form, com-
bining a per-risk decision with a confidence score, the localized evidence spans,
and a natural-language rationale. It builds on the AlriskEval-edu dataset [10]
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Complete the sentence. The Eighth Amendment says the government can () use cruel and unusual punishments.
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GPT Audit Llama-3.1 Audit (Local)

Fig. 2: The demonstrator in AI mode. In this example, a stored explanation generated
under the simulated Sarcastic teacher profile for a grade 4 civics question is audited
by GPT-5.5 and the fine-tuned local Llama 3.1 8B Instruct evaluator. Their audits
are displayed side by side for direct comparison. For each of the five pedagogical risk
dimensions, a binary decision is shown (green: no risk detected; red: risk detected)
together with a confidence score; localized evidence spans are highlighted in the text,
and hovering reveals a natural-language rationale.

and the local evaluator fine-tuned on the dataset, and supports both the auditing
of stored LLM-generated explanations and the real-time auditing of explanations
written by a user. The results show that the local evaluator outperforms GPT-
5.5 on most reported metrics. Its ability to run on consumer-grade GPUs enables
self-hosted deployment, allowing institutions to keep audited content within their
own infrastructure.

Future work will extend the platform from single explanations to multi-turn
student—teacher interactions by adapting the rubric to dialogue [1]. It will also
integrate the auditor into multimodal (considering both LLMs [16] and VLMs
[6,14]) and adaptive educational platforms, such as edBB and SMARTe-VR |2,
3], combining the assessment of explainable content with behavioral cues from
learning sessions |5, 4]. The analysis of biases [21, 19, 20| and synthetic manipu-
lation [12, 18] while maintaining privacy [7,17] is also a key to our agenda.
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Abstract. Stone inscriptions are invaluable sources of historical and
linguistic knowledge, yet their automated analysis remains highly chal-
lenging due to surface irregularities, erosion, weathering and low visual
contrast. Consequently, conventional document image analysis and hand-
writing recognition techniques often perform poorly on such artifacts.
EpiSAM introduced a prompt-guided framework for character segmen-
tation by jointly predicting a target character and its neighboring charac-
ters, leveraging local context to resolve ambiguous character boundaries
and improve segmentation accuracy. In this demonstration, we extend
EpiSAM with a lightweight text-line extraction method that groups seg-
mented characters into text lines while introducing minimal additional
computational overhead. The integrated system enables efficient char-
acter and line-level annotation, reducing the manual effort required by
epigraphers while facilitating the large-scale digitization and analysis of
stone inscriptions. The demo video can be found at this link.

Keywords: Epigraphy - Character Segmentation - Text Line Detection - Inter-
active Demo - Segment Anything Model - EpiSAM

1 System Overview

The proposed system extends EpiSAM [1] by integrating automatic text-line for-
mation and an interactive annotation interface into a unified end-to-end work-
flow for stone inscription analysis. Given a raw inscription image, the system first
predicts character masks using EpiSAM, groups the segmented characters into
text lines through a graph-based algorithm, and finally presents the results in
an interactive interface for efficient human correction and annotation. Figure 1
illustrates the overall pipeline.

2 Technical Specifications

2.1 Binarization Module

Engraved characters often exhibit very low contrast against the surrounding
stone, making reliable foreground extraction essential before segmentation We
therefore employ the Attention U-Net binarization model proposed in [2], which
converts the input RGB inscription into a binary foreground mask that is sub-
sequently used to generate prompts for EpiSAM.
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Fig. 1: Overview of the EpiSAM Character Segmentation and Text-line Extrac-
tion system

2.2 Character Segmentation Module

Following binarization, foreground connected components are extracted and con-
verted into prompts for EpiSAM. Each prompt consists of the centroid and
bounding box of the connected component. Components whose area is less than
10% of the mean connected-component area are discarded to suppress noise.

For every prompt, the Neighbor-Aware Decoder predicts three candidate tar-
get masks together with left- and right-neighbor masks. Predicted IoU scores are
used to select the best target mask, while predictions with predicted IoU below
0.5 are discarded.

2.3 Text-Line Formation via Two-Hop Graph Construction

Having obtained a set of character masks from the segmentation stage, we group
them into text lines using a graph-based approach. Each segmented character is
treated as a node; edges are drawn between characters that may belong to the
same line, and a threshold classifier then partitions the graph into line groups.

Step 1: 1-Hop Nearest-Neighbor Graph For each character node i, we
compute the L2 distances from its centroid to all other character centroids and
connect ¢ to its k nearest neighbors (k = 5), forming the set of 1-hop edges.

Step 2: 2-Hop Extension Relying on 1-hop nearest-neighbor edges alone is
fragile: a single missing or degraded character breaks the chain, splitting one
line into multiple components. To avoid this, we add 2-hop edges: for each 1-
hop edge (i,7), we connect 7 to every 1-hop neighbor of j that is not already
a 1-hop neighbor of i. The resulting graph contains both direct neighbors and
neighbors-of-neighbors, giving each node broader connectivity that can span
missing characters.

Step 3: Symmetric Similarity Score Not all edges connect characters on the
same line; 2-hop edges especially may link characters across different lines. We
therefore give each edge (i, j) a score that measures how well the two characters’
predicted masks agree that they lie on the same line. EpiSAM [1]| outputs three
masks per character: the target mask T' (the character itself), the left-neighbor
prediction L, and the right-neighbor prediction R. We measure overlap between
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two masks using Intersection-over-Union ([oU), written sim(-,-) and take the
edge score s(i,7) as the maximum of seven overlap terms:

S(i7 .7) = max( Sim(Tu ]‘_’7)7 Sim(L’ia Tj)? Sim(Ria T])a
sim(T5;, L;), sim(T;, R;), (1)
Sim(Li, Rj), SiIl’l(Ri7 LJ)) .

The first five terms handle characters that are directly adjacent. sim(T5,T;) is
high when the two characters overlap directly. The other four compare one char-
acter’s target mask against the other’s neighbor prediction: the score is high
when j’s mask overlaps the region where i predicted its neighbor, or symmetri-
cally when 7’s mask overlaps j’s neighbor prediction.

The last two terms, sim(L;, R;) and sim(R;, L;), bridge gaps. When a char-
acter between i and j is missing, both nodes’ neighbor predictions lie in the same
empty spot, producing a non-zero overlap score even though no character was
present.

Step 4: Edge Classification with Common-Neighbor Veto

1. Threshold rejection. If s(i, j) < 7, the edge is rejected immediately.

2. Common-neighbor veto. If the edge passes Rule 1, we examine every node
¢ that is a graph neighbor of both ¢ and j (available from the 2-hop con-
struction). If ¢ is strongly connected to one endpoint but not the other—that
is, s(i,¢) < 7 while s(j,¢) > 7, or vice versa—the edge (7, j) is vetoed and
labeled 0. The intuition is that ¢ provides contradicting evidence: c is firmly
connected to j, suggesting they share a line, but ¢ is disconnected from ¢,
suggesting ¢ is on a different line. Accepting (¢, j) would therefore incorrectly
merge two distinct lines.

3. Acceptance. If neither rule triggers, the edge is labeled 1.

Finally, text lines are recovered as the connected components of the graph in-
duced by the accepted (label 1) edges, found via breadth-first search over all
nodes.

3 Interactive Demo Interface

3.1 Annotation Interface

The EpiSAM annotation platform is a browser-based, full-stack application de-
signed to support the complete workflow from raw inscription image to a struc-
tured, transcribed dataset. The frontend is built with React 18 and Type-
Script (Vite), with Konva/react-konva for hardware-accelerated canvas render-
ing, Zustand for state, and Axios over a REST API. The backend uses FastAPI
with SQLAlchemy over SQLite (PostgreSQL in production), containerised with
Docker Compose behind Nginx.

The interface organizes the annotation workflow into three sequential modes,
accessible through a tabbed toolbar. The weThe main annotation interface is
shown in Fig. 2.
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Fig.2: The EpiSAM interactive annotation interface.

Character Mode. After the segmentation pipeline completes, predicted char-
acter masks are rendered as semi-transparent polygons on an interactive canvas
that supports mouse-wheel zoom and middle-button pan. Annotators can select
individual masks with a single click or build multi-selections with Ctrl+Click.
Masks can be deleted with the Delete key. A polygon-draw tool allows annota-
tors to manually trace regions that the model missed or only partially segmented.
Where the model splits a single letter into two distinct masks—a common failure
mode for letters with attached vowel signs— annotators can use the merge op-
tion to combine the selected masks into a single character mask. The character
mode GUI is shown in Fig. 3.

Line Mode. In line mode, each character is colored according to its initially
assigned line group. Rather than requiring annotators to click individual char-
acters, a freehand line curve tool lets the user draw a continuous stroke through
the text flow of a line; the system automatically detects all character masks
intersected by the stroke, assigns them a shared line identifier, and determines
their left-to-right reading order by horizontal centroid position. Line assignments
can be corrected incrementally: redrawing a curve through an already-grouped
line dynamically regroups it. A single button re-indexes all lines by vertical po-
sition, normalizing the reading order from top to bottom. The GUI for the line
annotation mode is shown in Fig. 4.

Assignment Mode. The assignment view transitions to a dual-panel layout.
The left panel shows the full inscription canvas with the currently active charac-
ter highlighted with a white border. The right panel displays a high-contrast crop
of that character alongside input controls for transcription. Annotators type the
corresponding Kannada grapheme with the help of a keyboard; pressing Enter
commits the label and automatically advances to the next character, keeping the
hands on the keyboard throughout. One-click buttons cover the common vowels
as well as two special states: NAL (Not A Letter), for non-alphabetical carica-
tures, and Uncertain, for heavily degraded regions. The reading order within a
line can be manually adjusted in cases where script conventions deviate from
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Fig. 4: Line Annotation Mode

strict left-to-right order. Refer to Fig. 5 for the GUI of the character assignment
mode.

Ezxport. Completed annotations can be exported as a structured ZIP archive
containing a metadata. json record (bounding boxes, polygons, centroids, line
groupings, and Kannada labels) together with the original image and individual
character and line crops. Users can also generate a self-contained HTML webpage
that renders the inscription image alongside a line-by-line grid of character crops
and their transcriptions, suitable for sharing with collaborators or for peer review
without requiring any additional software.

3.2 Epigraphic Research Workflows

In a typical epigraphic workflow, high-resolution images of stone inscriptions
are captured in the field and subsequently examined by domain experts for
manual transcription, a process that is both time-consuming and reliant on scarce
specialist expertise. EpiSAM fits directly into this workflow: field images are
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uploaded to the platform, the pipeline automatically extracts character masks
and line groupings, and a human expert then reviews and corrects the output
using the interactive annotation interface. The corrected masks can be used for
downstream tasks such as transcription. By automating the initial segmentation,
EpiSAM significantly reduces the annotation bottleneck, allowing epigraphers
to focus their effort on verification and transcription rather than on laborious
boundary tracing.

3.3 Heritage Digitization at Scale

A large number of historical stone inscriptions remain undigitized because man-
ual character annotation is prohibitively time consuming. By automatically pro-
ducing character masks, line groupings, and editable annotations, our system
substantially reduces the human effort required to create high-quality epigraphic
datasets.

4 Conclusion

We present the EpiSAM annotation platform, an end-to-end interactive system
for character and text-line extraction in ancient stone inscriptions. It extends
the core EpiSAM method with a graph-based line-extraction method, and a
full web-based annotation interface, enabling epigraphers to review, correct, and
export structured annotation data with minimal manual effort.
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Abstract. Handwritten Indic manuscripts present substantial challenges
for optical character recognition due to script diversity, irregular lay-
outs, degraded writing surfaces, and low resource annotation settings.
We present a demo of our manuscript OCR system, which combines a
line segmentation module with UniLipi, a line level multi script OCR
model that operates on manuscript line images and supports 13 Indic
scripts within a single recognition framework.

The complete system starts from a page level manuscript image. A
line segmentation module detects handwritten text lines and generates
cropped line images, which are passed to UniLipi. For each line crop,
UniLipi produces a native script transcription, a line level script pre-
diction, and an akshara count. Together, these components aim to make
multi script manuscript digitization practical: a single pipeline that tran-
scribes handwritten pages, identifies the script of each line, and gives the
per line details needed to check and verify OCR quality across diverse
Indic scripts.

Keywords: Handwritten OCR - Indic manuscripts - Multi script recog-
nition

1 System Overview

The proposed system provides OCR for page level handwritten manuscript im-
ages. The input is a manuscript page or manuscript leaf image, and the output
consists of line level OCR results, including a script prediction for each detected
line. The system is organized into two modules: line segmentation and line level
OCR. A demo video of the system in action is available here.

The page image is processed by the line segmentation module, which detects
individual handwritten text lines and produces cropped line images.

UniLipi is the OCR component of the system. It operates on the cropped
line images produced by line segmentation. For each line crop, UniLipi pre-
dicts a WX transcription together with the line level script identity and akshara
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count, then converts the transcription into the corresponding native script using
the predicted script identity. The final page level transcription is obtained by
aggregating these converted line level transcriptions in reading order.

A key feature of UniLipi is its unified multi script capability. The same line
level OCR model supports 13 Indic scripts, avoiding the need to deploy a separate
OCR model for each script. Table 2 summarizes the modules, their inputs, and
their outputs in full detail.
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UniLipi Architecture

Fig. 1: Overview of the manuscript OCR system. Starting from a page level
manuscript image, the system segments the page into text lines and applies
UniLipi for line level OCR, including per line script prediction, across 13 Indic
scripts.

1.1 Supported Scripts and Geographic Coverage

UniLipi supports 13 Indic scripts from five manuscript traditions. The supported
scripts vary in glyph shape, stroke structure, presence or absence of shirorekha,
conjunct formation, and historical writing style. This variation makes multi
script manuscript OCR challenging, since a single model must handle both script
specific visual differences and shared structural properties of Indic writing sys-
tems.

Figure 2 provides a schematic view of the geographic and manuscript tra-
dition coverage of the supported scripts. The map is intended to show broad
regional associations rather than fixed linguistic or historical boundaries, since
several Indic scripts circulated across regions through religious, scholarly, ad-
ministrative, and manuscript copying networks.

The same OCR model is applied across all supported scripts. This is impor-
tant for manuscript collections where script specific OCR, deployment is difficult
to maintain.
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Table 1: Scripts supported by UniLipi.

Regional tradition Supported scripts

North/Central Indian Devanagari, Sharada, Gurmukhi
Western Indian Modi, Jaini

Eastern Indian Bengali, Odia

Southern Indian Grantha, Telugu, Malayalam, Kannada
Himalayan/Buddhist Newar, Siddham

Northern India

Nepal Himalayan Region

-Newar

‘\ Trans-Himalayan Region

P
VR y

Kannada Region |

Kannada /
i T Tamil Region

‘Thiruvanant thapuram Grantha Ly

Kerala Region ‘

Malayalam

Fig. 2: Schematic geographic coverage of the Indic scripts supported by UniLipi.
The figure highlights broad manuscript traditions represented in the system,
including northern/central, western, eastern, southern, and Himalayan /Buddhist
script zones.

1.2 Line Level Prediction Targets

For every cropped line image, UniLipi predicts a WX transcription [2], a line level
script identity, and an akshara count. WX represents Indic phonetic units with
fixed ASCII symbols independent of script, letting a single recognition head serve
all 13 supported scripts. The predicted script identity is then used to convert
the WX transcription into the manuscript’s native script via Aksharamukha [3],
giving the final native script transcription for the line.
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The akshara count target counts shaping aware glyph clusters rather than
Unicode code points, since an akshara (a consonant with an optional conjunct
and vowel sign) is often encoded as several code points that a text shaping
process merges into one visual unit. We obtain it by shaping the ground truth
transcription with a script appropriate font and counting the distinct non empty
glyph clusters produced, giving a target aligned with what the OCR model must
visually resolve rather than with the underlying Unicode encoding.

2 Technical Specifications

Table 2 details the pipeline stages introduced in Section 1. For each line, UniLipi
predicts a WX transcription [2] together with a script identity and akshara count,
and the WX transcription is converted to the native script via aksharamukha [3]
using the predicted script identity.

Table 2: Technical pipeline for manuscript OCR using UniLipi line level recog-
nition.

Stage Module Function

Input Page level manuscript Receives the manuscript page or
image leaf image.

Line segmentation Line segmentation Detects text lines and generates
module [1] cropped line images.

Line level OCR UniLipi Recognizes each cropped line

image across 13 Indic scripts.
Line level prediction UniLipi output heads Returns the native script

transcription, script prediction,
and akshara count for the line.

2.1 Line Segmentation

We use LineTR [1] for line segmentation. It is a two stage, dataset agnostic
approach for challenging handwritten documents. Its first stage predicts text line
scribbles and a text energy map from context adaptive patches. Its second stage
uses these outputs in a seam generation framework to obtain precise polygons
around manuscript text lines.

This module produces the cropped line images consumed by UniLipi. Since
UniLipi operates at line level, line segmentation quality directly affects OCR
quality.

3 Interactive System Interface

The interface is implemented as a Streamlit application that walks through the
full page level workflow: image selection, line segmentation, and line level UniLipi
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output. After a manuscript page is uploaded, a summary badge reports the page’s
dominant script and the total number of detected lines. The page is then shown
as a single column: the manuscript image with the detected line polygons overlaid
is displayed first, so segmentation quality can be checked at a glance, followed
below by the extracted text listed line by line in reading order. Presenting these
stages together makes it possible to trace an incorrect OCR result back to its
likely cause — a misdetected line, an incorrect script prediction, or an OCR
error in the line crop itself. Figure 3 shows this layout for a sample manuscript
page.

Script Detected: telugu | Total Lines: 6

lllll

nnnnn

.....

5.6, - 4356365

.....

3H6.58 5.8,

Fig. 3: The interactive interface for a sample manuscript page.

4 Real World Applicability

The system targets practical manuscript digitization workflows where page level
images are available but metadata may be incomplete, and manuscripts may
show faded ink, stains, holes, marginal elements, or irregular handwritten lines.
The modular pipeline (Section 2) keeps this processing interpretable at each
stage. In practice, this supports transcribing page level manuscripts directly
without manual pre processing; aggregating line level script predictions into
page level transcription; inspecting line crops, script predictions, and akshara
counts for quality control; and processing collections spanning multiple scripts
and manuscript traditions with a single UniLipi model rather than one OCR
system per script.
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5 Conclusion and Future Work

We presented a modular OCR system for page level handwritten Indic manuscript
images built around UniLipi, a line level multi script OCR model supporting 13
Indic scripts. By separating line segmentation from line level recognition, the
system remains interpretable at each step while still producing a single aggre-
gated page level transcription, together with the auxiliary per line script and
akshara count signals described in Section 1.

Future work will focus on extending UniLipi’s script coverage beyond the
current 13 Indic scripts, and on supporting multi page manuscript documents
rather than single page images, aggregating line level and page level predictions
across an entire document. Additional directions include improving robustness
for severely degraded manuscripts, integrating human in the loop correction
tools, and closer integration with manuscript cataloging systems.
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Abstract. Modern Al systems are multi-stage pipelines (data ingestion,
retrieval, a large-language-model (LLM) reasoning core, tool calls, and
post-processing), whose stages can fail silently and independently, yet
evaluation is usually bolted onto the final output with a few generic,
weakly motivated metrics. This paper presents Litmus, an interactive
web tool that designs evaluation and monitoring metrics for such a
pipeline directly from its source code, with no runtime traces or la-
belled data. Litmus reconstructs the pipeline’s component architecture
from static analysis and an LLM synthesizer, classifies each component
against a built-in evaluation-pattern taxonomy, interrogates both the
code and the practitioner to turn open questions into hard constraints,
and designs a per-component portfolio of deterministic, LLM-as-judge,
and composite metrics, each with a threshold and rationale, before ex-
porting them as Markdown and monitoring configurations. We describe
the tool’s architecture and demonstrate its real-world usefulness through
a qualitative assessment of the metric portfolios it produces across re-
trieval, enterprise, and agentic pipelines.

Keywords: Evaluation metrics - LLM-as-a-judge - Al pipelines - Metric
design.

1 Introduction

Modern Al systems are rarely a single model. A production pipeline typically
chains data ingestion, a knowledge base or retrieval step, an LLM reasoning core,
tool calls, and post-processing. Each stage can fail silently: retrieval returns plau-
sible but irrelevant evidence, reasoning produces a confident yet wrong answer,
an override rule is quietly ignored. Deploying such pipelines reliably is a well
documented challenge [3] that depends on stage-aware evaluation; yet in prac-
tice evaluation is attached only to the final output with a few generic metrics
that ignore this internal structure.

This is a specification problem more than a correlation one: a survey of NLG
evaluation [7] finds most reported metric usages carry no rationale and that
unclear goals drive over-reporting of uninformative numbers. The question that
precedes “which metric?” is one of requirements elicitation [2] and clarification-
question generation [5]: what is a component for, how can it fail silently, and
what is worth measuring?
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Fig. 1. The Litmus pipeline and the artifacts flowing between stages. Deterministic
static analysis and LLM synthesis reconstruct the architecture; the system then inter-
rogates the artifact and the user (orange) before designing and exporting metrics.

Recent systems automate parts of evaluation construction: AutoMetrics [6]
fits a single holistic judge from outputs and labels, and DynamicRubric [9] has
the judge generate its own rubric before scoring, but both produce a single final
output judge rather than stage-aware coverage.

Crucially, these approaches all presuppose what a pre-deployment or privacy
constrained pipeline lacks: model outputs, execution traces, or human labelled
examples. Data is costly to curate, decays as the pipeline evolves, and often
cannot leave the deployment environment [3,8]. This cold-start bottleneck leaves
the teams unserved, who most need stage-aware evaluation before shipping, or
on systems that cannot be traced.

This paper presents Litmus, an interactive tool that designs the evaluation
and monitoring metrics for an Al pipeline directly from its source code. Given
only the code, no runtime traces, no labelled data, and no running deployment,
Litmus reconstructs the pipeline’s component architecture, classifies each compo-
nent against an evaluation pattern taxonomy, and interrogates both the artifact
and the practitioner before designing any metric, yielding a per-stage portfolio
in which each metric’s rationale is a first-class, exportable artifact.

2 How Litmus Works

Litmus is a Next.js/React web application with an interactive diagram layer
(React Flow) that turns a target pipeline’s source code into a justified metric
portfolio (Fig. 1). It proceeds in four phases, each an isolated service that pairs
an LLM agent with a deterministic analyzer and persists its output to SQLite
so every intermediate artifact can be inspected or re-run. Because each phase
consumes the typed artifact the previous one emits, metric design reduces to
a constrained generation problem: a candidate metric is admitted only when it
is consistent with the confirmed facts and the call level evidence in the symbol
graph. The four subsections below walk through these phases in turn.

2.1 Architecture reconstruction

Litmus reduces the uploaded codebase to the files that matter, ranking them
by how often they are imported and parsing each with a language aware parser
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(tree-sitter) to record its functions, calls, and error handling and then builds
a cross-file symbol graph of which function calls which. An LLM synthesizer
turns this static picture, together with the frameworks it detects (e.g., FastAPI,
LangChain), into a readable architecture graph of 8-20 components and the data
flow edges between them. Because an LLM can hallucinate, every proposed edge
is verified against the symbol graph and labelled verified, inferred, or unsup-
ported; unsupported edges are dropped, nodes and edges are typed (database,
cache, vector store, prompt, tool; retry, fallback, error path), and an adversarial
critic scores each component so a deterministic reviser can prune low confidence
phantoms and add a part only when a real call relationship confirms it. The result
is a validated architecture graph on which every metric is anchored (Fig. 2).

2.2 Pattern classification

Each component is matched to a built-in evaluation taxonomy, six pipeline stages
(data acquisition, transformation, knowledge base, Al core, assurance, contin-
uous improvement) and five cross-cutting strategies (RAG, evidence matching,
prompt-chaining, agentic, judge), each carrying its own built-in reference met-
rics. An LLM assigns every component a stage, any cross-cutting strategies, and
one dominant pattern with a confidence; a second LLM adversarially re-checks
these labels against the source and flags anything inconsistent or unsupported
for the user to confirm. Classification tells metric design which reference metrics

apply.

2.3 Interrogation and metric design

Some decisions cannot be read off the code, e.g., which tier carries production
traffic, whether a fallback is expected to fire rarely or often, which direction of
a metric counts as good. Litmus surfaces these as a few targeted clarification
questions, each tied to the specific metric decision it settles; the answers become
confirmed facts that hard constrain the design. Metric design then proceeds in
two steps. Deterministic templates instantiate reliable monitoring metrics for
common code patterns (retries, caching, external calls); an LLM then designs
up to three higher signal metrics per component, a deterministic code check,
an LLM-as-a-judge metric [10] scored against an explicit rubric, or a composite
of weighted sub-metrics, each with a justified threshold and rationale, always
consistent with the confirmed facts; reference metrics for retrieval-augmented
components draw on established RAG evaluation practice [1]. Finally a global
critic screens every metric across the whole pipeline for validity and redundancy,
mitigating the known self-preference of models that judge their own outputs [4],
voting pass, flag, or reject; flagged components are redesigned once, and coverage
rules remove duplicate judges and restore any gap.

2.4 Review and export

Each surviving metric is paired with a runtime monitoring counterpart and
shown in a review interface where the practitioner can toggle metrics, read
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Fig. 2. Architecture reconstructed by Litmus for a FastAPI + LangChain + ChromaDB
retrieval-augmented-generation service: typed components joined by data-flow edges,
each verified against a real call in the symbol graph.

rubrics and critic notes, and follow traceability links. Approved metrics export
to a Markdown specification and Python stubs that slot into an existing observ-
ability stack.

3 Applications

As a representative walkthrough, we apply Litmus end to end to a compact
retrieval-augmented-generation service, a FastAPI application that indexes up-
loaded documents into a ChromaDB vector store and answers questions through
a LangChain retrieval chain. Litmus first scans the code and synthesizes it into an
interactive architecture graph (Fig. 2): the upload-and-index path, the retrieval-
and-answer path, and the vector store surface as typed components joined by
data-flow edges verified against the symbol graph, which the user can refine by
chat before approving. Each component is then classified into its pipeline stage
and cross-cutting strategy, for example, as an Al core carrying a RAG strategy,
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Fig. 3. Metric review-and-export view for the reconstructed RAG service: a 22-metric
portfolio grouped by category and monitoring target, where every metric carries a
computation, a confirmable threshold, a justification, and a traceability link to its
originating component, ready to export as Markdown

after which Litmus interrogates both the code and the user with a few targeted
questions whose answers become confirmed facts, fixing, e.g., the direction in
which a metric counts as good. Constrained by those facts, Litmus designs and
screens a per-component portfolio (Fig. 3), here 22 metrics spanning quality,
safety, and grounding, each with a computation, a confirmable threshold, a jus-
tification, and a traceability link to its originating component, ready to export
as a runnable stub.

Beyond a single RAG application. Litmus is pipeline-agnostic: we have
also run it on more complex, code-defined pipelines, non-retrieval enterprise
workflows (financial account grouping and audit inherent risk assessment) and a
multi-agent scientific-QA system, where in our benchmarking evaluation against
AutoMetrics [6] and DynamicRubric [9] baselines, it gives the broadest per-
stage coverage, near-zero redundancy, and ranks first on label validity on all
three pipelines (Spearman p = 0.53,0.72,0.39 vs. 0.47,0.47, 0.36 for the strongest
baseline on each), all with no labels at design time. Because every stage runs
one Claude Opus-class model at temperature 0 and persists its artifacts, runs
are reproducible without new model calls and each LLM stage is a measurement
(e.g., 65% of reconstructed edges resolve to a verified call, critic confidence 0.78);
a full run is a bounded, roughly two-dozen-call job costing a few US dollars for
the RAG service and low tens of dollars for large, multi-service codebases, since
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Litmus coarsens the graph into a handful of subsystems before any LLM call, so
model calls scale with subsystem count, not file size.

4 Conclusion

Litmus re-frames evaluation metric design as an interactive, question-driven pro-
cess: it reconstructs a pipeline from code, interrogates the artifact and the prac-
titioner, and produces a per-stage, justified portfolio of evaluation and moni-
toring metrics that export to runnable code. Because it works from code alone,
no runtime traces, no labelled data, it sidesteps the cold-start bottleneck and
applies even to systems that cannot be instrumented or whose data cannot leave
the premises, while correctness enforced by construction keeps every exported
metric traceable to the evidence that produced it. Making no pipeline-specific
assumptions, Litmus generalizes across retrieval, enterprise, and agentic systems
alike.
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Abstract. Extracting product tables from business documents such as
invoices is challenging: while a given organisation consistently uses the
same invoice layout, layouts differ widely across organisations, and many
templates are too rare to appear in any training dataset. We address this
in a one-shot setting. Given a single annotated document for a known
template, the system must reliably extract product tables from all in-
voices sharing that layout. Our approach extends the star graph frame-
work of d’Andecy et al. to tabular structures, inferring header positions,
column boundaries, and row sequences from a single example without
any large-scale training data. We evaluate on a filtered subset of Inv3D
(112 invoices, 37 templates) and a private dataset (3 templates, 10 docu-
ments). On Inv3D, our best run achieves 97.82% recall and 95.37% pre-
cision, within 2 points of a proprietary method that first performs TD
and then TSR, trained on private data, while outperforming NuExtract3
(74.48% / 66.33%) in both accuracy and speed. On the private dataset,
our method reaches 100% precision and recall. A page is processed in 0.3
seconds, making it 100 times faster than NuExtract3.

Keywords: Table extraction - One-shot learning - Invoice understand-
ing - Document analysis - Template-based extraction

1 Introduction

Extracting structured data from business documents such as invoices is a core
task in industrial document processing. A key challenge arises from the diversity
of document layouts: each organisation produces its own invoice format, which
we refer to as a template. Within a template, all invoices share a consistent fixed
layout, but templates vary significantly across organisations. This high variabil-
ity makes it impractical to collect large annotated datasets for fine-tuning, as new
templates may appear at any time with only a few annotated examples avail-
able. Moreover, in real-world deployment, document streams are continuously
evolving, and cases not represented in the training distribution may frequently
occur, limiting the reliability of generic document understanding systems.
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We focus specifically on product tables, which are structured as rows and
columns where elements in fixed positions share consistent semantics across rows.
We restrict our scope to tabular data with a uniform structure, assuming no
variation in cell height.

Our goal is to extract tables such as the one shown in Figure 1 in a one-shot
setting: given a single annotated document for a given template, the system
should reliably extract the table from any other invoice sharing that template.
Beyond accuracy, inference speed is a practical requirement for industrial de-
ployment.

We propose a one-shot method that learns to extract product tables from a
single annotated example, relying on a simple and efficient structural model. Our
method achieves performance competitive with a proprietary TD+TSR model
trained on private data, and reaches 100% precision and recall on low-variability
templates, while running significantly faster than LLM-based approaches.

ne = ATicie = DESIanation orenwEs ETEeTE e oA WTET
Se reporter au dos pour les codes
Commande n° 463320 du 22/05/2025

10/ 315365 Pack capsules analyse série A 4,850 KG 4.850 KG 6,900 E1 33,47
147064 / module de controle standard DAS

20 44560 apteur compact multi-usage C4 1,000 COL 8850 81 19.25
244560 / capteur compact usage calibré

30/ 285825 Bloc alimentation modulaire V5 1,000 cou 5,000 KG 6,100 51 30,50
285825 / sous-ensemble alimentation interne
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(a) Extraction by a generic method
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Commande n° 463320 du 22/05/2025
0/ 315365 Pack capsules analyse série A 4,850 KG 4,850 KG 6,900 El 3347

I
147064 / module de controle standard DAS

20/ 244560 Capteur compact multi-usage C4 1,000 CcoL 5.000"KG 8,850 81 19,25
244560 / capteur compact usage calibré

30/ 285825 Bloc alimentation modulaire V5 1,000 coL 5,000 KG 6,100 s1 30,50
285825 / sous-ensemble alimentation interne

40/ 37658 Profil support dock série 250 2,000 SAC 5.000 KG 1,360 81 6,80
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(b) Expected output

Fig. 1: Invoice product table extracted by a generic TD+TSR method (a) com-
pared with expected output (b). Columns Ligne, Article, and Désignation are
wrongly merged due to a black line spanning all three headers, and TVA is also
incorrectly merged with a neighboring column. Row extraction is unstable, with
text below rows mistakenly included, highlighting limitations of generic table
extraction on invoice layouts.

2 Related Works

2.1 Table Extraction

In recent years, table extraction has significantly improved with the rise of deep
learning, particularly transformer-based object detectors such as DETR (End-to-
End Object Detection with Transformers) and its table-specific extension Table
Transformer (TATR)[10], supported by large-scale datasets PubTables-1M][10]
and FinTabNet|[11].
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There are two main approaches. The first is a two-step pipeline that begins
with Table Detection (TD) to locate the table region, followed by Table Struc-
ture Recognition (T'SR) to analyze its internal layout. The second is a direct
end-to-end TSR approach that predicts the table structure without an explicit
prior detection stage. TSR methods can be broadly categorized into three main
families: detection-based approaches[10]; which model rows, columns, and cells
as object detection tasks, sequence-based approaches [7,6,4], which represent
structure as token sequences (e.g., HTML, compact encodings, or pointer-based
outputs); and regression-based approaches [5], which directly estimate cell coor-
dinates, often enhanced with self-supervised pre-training.

Although these supervised methods are effective, they frequently have limited
generalization, particularly when applied to noisy real-world business documents
with complex and irregular layouts.

More recently, vision-language models and specialized document LLMs have
emerged as an alternative paradigm. They can overcome limitations of purely
visual approaches and better handle complex or ambiguous table structures.
NuExtract3 [8] is one such model, designed for structured extraction from doc-
uments and capable of handling tables in a zero-shot setting.

2.2 Template-based approach for specific fields

A complementary line of work focuses on extracting specific fields from docu-
ments with known layouts, rather than parsing arbitrary table structures. Dhakal
et al.[2] proposed a one-shot learning method that identifies field coordinates and
searches nearby regions for similar patterns, assuming fields appear in consistent
locations.

In contrast to the local neighborhood-based approach of Dhakal et al.[2],
d’Andecy et al.[1] report over 92% successful extraction per field in a one-shot
learning setup, using an incremental, structure-driven model based on a star
graph.

While template-based methods effectively extract individual fields and gen-
eral table extraction approaches perform well on standard benchmarks, no exist-
ing work specifically addresses extracting tables with a known template-defined
structure.

3 Proposed methods

Our method uses only OCR text and word coordinates for spatial reasoning,
bypassing all visual features and pixel-level processing.

3.1 Learn

The learning phase is structured around three steps: (1) selecting and memorizing
the header zone, (2) delimiting the columns, and (3) recording one or more
rows and formalizing their structure. An additional step automatically derives
structural constraints from the annotated examples.
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Step 1: Header zone selection This step is directly based on the framework
of d’Andecy et al.[1]. In their approach, a star graph is built for each field to
extract: the central node represents the target field, while surrounding words
with stable relative positions act as satellite nodes. During learning, the model
memorizes the spatial relationships between the target field and its satellites.
At inference time, these satellites jointly vote for the most likely location of the
field.

We apply this mechanism to each table header. We assume that headers
within a table are close enough for their surrounding words to serve as reli-
able satellite nodes, allowing each header position to be memorized and later
retrieved.

Step 2: Column delimitation During annotation, the user defines each col-
umn according to its estimated width. Column learning is then based on the
relative spatial relationships between headers and columns. Since each header is
assumed to correspond to a column, the model learns the distances from each
header to the boundaries of its associated column.

For columns without headers, their positions are learnt from neighboring
columns, using the same principle of relative distance with respect to adjacent
columns that do have headers. By default, columns are assumed to extend down-
ward until the end of the document.

Step 3: Row recording and formalization For rows, we learn the most
likely sequence of cells using a directed graph. Each cell C; is connected to every
cell C;, with i # j, located to its right, and for each pair (C;, C;), displacement
vectors d;; are computed. In addition, each cell is horizontally expanded to cover
the full width of its corresponding column.

When multiple rows are annotated, the model gains additional information
for identifying optional cells. It also learns the expected content type of each
cell, for example whether a given position is likely to contain only numerical
values (amounts, tax rates, etc.). During inference, this information helps reject
implausible row sequences.

Automatic constraint learning From the annotated examples, the model
automatically derives structural constraints, including the minimum number of
headers required to trigger an extraction and the minimum number of non-
optional cells required to validate a row.

3.2 Extraction

Extraction is performed in two stages: first locating the table through header
detection, then searching for row sequences within the inferred columns.

Using the star graph mechanism from d’Andecy et al.[1], the model locates
each header by having its satellite nodes vote for the most likely position. If
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fewer than o headers are detected, the extraction is aborted. Otherwise, col-
umn boundaries are inferred from the learnt header-to-boundary distances, and
headerless columns are positioned relative to the other detected columns.

With columns established, we select all words W inside each column that
satisfy the learnt content type constraints. Each selected word is horizontally
expanded to span the full width of its column, and when several expanded words
overlap significantly, only one representative is kept. The retained words then
cast votes for possible next cells, progressively building row sequences from left
to right, as illustrated in Figure 2.

Ligne - Article - Désignation
Se reporter au dos pour les codes

/_\ Commande n° 46332
10/ 315365 Pack capsules analyse série A
1470647 modlule de contr()]_e standard DAS

Fig. 2: Example of row sequence voting.

For instance, Figure 2 yields two candidate sequences:

— 10 — 315365 — Pack capsules analyse série A
— 10 — Pack capsules analyse série A

Since the objective is to find the longest valid sequence, the first is retained. A
row is only returned if it contains at least 6 non-optional cells.

4 Experiments

4.1 Datasets

We used a subset of the Inv3D dataset [3], filtering by font size, font family,
template, and margin (rounded to 6 pixels), which resulted in 37 distinct tem-
plates. Since the original annotations did not include table headers, all templates
were manually re-annotated. We then retained only those templates with at least
three images after filtering to ensure a minimum number of examples per layout,
yielding a final dataset of 112 invoices across the 37 templates.

We also evaluate on a private test dataset comprising 10 documents across
3 templates, which is incrementally extended as new invoices are collected over
time. The dataset includes one template illustrated in Figure 1.

4.2 Metrics

For table structure recognition, we use GRITS[9], and specifically GRITS-CON
which overcomes the limitations of previous metrics by comparing cell content
between the ground truth and predicted tables. This allows us to evaluate the
correctness of the extracted table content directly, independently of structural
encoding choices.
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4.3 Baselines

We compare our method against two baselines. The first is a proprietary model
trained on private invoice data that follows a classical TD+TSR pipeline, repre-
senting a strong domain-specific reference. The second is NuExtract3 [8], a large
language model, developed by NuMind, used in a zero-shot setting to assess how
well a modern vision—language model handles template-specific table extraction
without any adaptation.

4.4 Results

Table 1 reports GRITS-CON scores for all methods. The private model serves as
a reference for comparison. Our memorization module is evaluated in a one-shot
setting, with results shown for the best (most informative annotation) and worst
(least informative annotation) runs.

We set @ = 0.5 (minimum header fraction for extraction) and 6 = 0.75
(minimum non-optional cell fraction per row), chosen empirically on a validation
set and found to be robust across configurations.

Table 1: GRITS-CON results (%).

Inv3D Private dataset
Method Recall Precision|Recall Precision
Private model (TD+TSR)|99.03 97.36 |70.19 84.24
Ours — best run 97.82 95.37 |100.00 100.00
Ours — worst run 70.79 90.32 |100.00 100.00
NuExtract3 74.48 66.33 |47.05 50.13

Our method achieves competitive results with the private model on the best
run, with a precision gap of less than 2 points and a recall gap of about 1
point. It is worth noting that these results are particularly meaningful given that
our evaluation set was specifically designed to include cases where the standard
TD-+TSR approach struggles either due to table detection failures or TSR errors.
Best runs occur when the annotated document sits at a midpoint among the
other invoices of the same template, both in terms of text size and word positions.
In such cases, the learnt spatial relationships generalize well to the remaining
invoices.

The gap widens on the worst run, mostly on recall. Despite the constraints
imposed by the template structure, Inv3D exhibits variations in OCR output
and text positioning across invoices of the same template, which the model fails
to handle when the annotated document is not representative enough. This con-
trasts with the private dataset, where each template corresponds to a single
supplier: the resulting invoices are much more homogeneous, and our method
achieves 100% precision and recall on all 3 private templates.
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Figure 3 illustrates this with the worst-performing template from Inv3D,
where performance is low regardless of which invoice is chosen for annotation.
The two invoices show significant differences in column widths and overall table
width, in addition to OCR-level variations in text size, making it impossible for
any single annotated document to fully represent the others.

NuExtract3 performs worst on both datasets, showing that zero-shot LLM-
based extraction remains unreliable for structured table extraction in business
documents. Performance drops further on the private dataset (47.05% recall,
50.13% precision), likely due to its more visually ambiguous layouts.

‘ DESCRIPTION QrY UNIT PRICE TOTAL
Set Of 12 Fork Candles 9 2.89 26.01
Cream Slice Flannel Pink Spot 2 5.79 11.58
Children’S Circus Parade Mug 7 3.29 23.03
(a) Table A
DESCRIPTION ‘ QTY UNIT PRICE TOTAL
Victorian glass hanging t-light 9 2.46 2214
Clear drawer knob acrylic edwardian 3 1.25 3.75
Christmas retrospot star wood 4 1.66 6.64
Doormat welcome puppies 10 708 70.80
(b) Table B

Fig. 3: Two tables from the worst-performing Inv3D template, showing variability
in column widths and table width.

In terms of inference speed, the private TD+TSR method processes a page in
about 1 second on an Intel i7-1370P CPU. On the same CPU, our method is the
fastest, processing a page in approximately 0.3 seconds. By comparison, NuFEx-
tract3 requires around 30 seconds per page when run on an NVIDIA Quadro
RTX 8000 GPU.

5 Conclusion

We presented a one-shot method for template-specific table extraction in busi-
ness documents. By extending the star graph framework of d’Andecy et al.[1] to
tabular structures, our approach learns column boundaries and row sequences
from a single annotated document, without requiring a large training dataset.
Experiments on Inv3D and a private dataset show that our method reaches
competitive accuracy with a proprietary TD+TSR pipeline, achieves 100% pre-
cision and recall on low-variability templates, and runs at 0.3 seconds per page,
significantly faster than LLM-based approaches.

The main limitation lies in sensitivity to annotation quality: when the an-
notated document is not representative of the intra-template variability, recall
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drops. This is more pronounced on Inv3D, where the same template can exhibit
significant differences in text size, word positions, and table width across in-
voices. Future work will focus on extending the method to tables with variable
cell height and growing the private evaluation dataset as new templates are col-
lected. Beyond tables, a natural direction is to handle mixed documents, which
combine product tables with key-value fields, requiring the two extraction modes
to work jointly. Further extensions include support for spanning cells within ta-
bles, and more generally, documents that fall entirely outside the tabular scope
considered here.
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Abstract. We introduce a French-focused benchmark of difficult pages
selected via model-disagreement sampling from a corpus of 60,000 doc-
uments, covering handwritten forms, complex layouts, dense tables, and
graphics-rich pages. Evaluation is performed with unit-test-style checks
that target concrete failure modes (text presence, reading order, and lo-
cal table constraints) combined with category-specific normalization de-
signed to discount presentation-only variance. Across 25 models, we ob-
serve substantially higher robustness for the strongest proprietary mod-
els on handwriting and forms, while several open-weights systems remain
competitive on standard printed layouts.

Keywords: OCR - PDF-to-Markdown - French documents - bench-
marking - vision-language models

1 Introduction

The conversion of unstructured PDF documents into structured text formats
such as Markdown is a critical step for modern document pipelines, especially
for Retrieval-Augmented Generation (RAG). Errors introduced at this stage
propagate directly to downstream retrieval, summarization, and grounding.
Existing benchmarks [2,5,3,6] cover document VQA, OCR robustness, and
end-to-end parsing (Table 1), but share two key limitations. First, they are
mostly focused to English and Chinese, leaving French and other languages
under-evaluated. Second, they rely on global edit-distance metrics (character
error rate, TEDS) that become unreliable once transcription is mostly correct:
residual differences are dominated by linearization and formatting choices rather
than recognition errors. This is acute for PDF-to-Markdown, where semantically
equivalent outputs can still produce large string distances, and where reading
order is intrinsically ambiguous for multi-column and figure-heavy layouts.
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The OlmOCR benchmark [7,8] avoids global distances by checking small,
machine-checkable facts per page. This unit-test framing is effective for diagnos-
ing structural errors; however, it focuses on English PDFs and remains sensitive
to benign formatting differences. Our manual audit shows that for strong models,
over 50% of detected failures stem from annotation noise rather than genuine
transcription errors [9]. Furthermore, many existing datasets under-represent
failure modes critical for real-world pipelines: tiny printed text, long multi-
column articles, dense tables, mixed handwritten—printed forms, and graphics-
rich layouts. Practitioners lack a benchmark that simultaneously (i) targets
French documents, (ii) emphasizes hard real-world layouts and handwriting, and
(iii) evaluates outputs aligned with RAG usage where semantic completeness
matters more than exact string fidelity.

Table 1: Comparison of existing OCR/document-parsing benchmarks.

Benchmark Size Languages Document Types Metrics

OCRBench v2 850 pages EN, ZH Slides, Papers, Web Edit Distance

CC-OCR 300 pages 10 langs Magazines, Brochures Edit Distance / BLEU
(incl. FR)

OmniDocBench 1.5 1355 pages EN, ZH Academic, Manuals, HW  Text, TEDS, CDM

OIlmOCR Bench 1403 pages EN, ZH Legal, Academic, Manuals Unit Tests

Contributions. We make three contributions: (i) a French-focused benchmark
available on HuggingFace of difficult PDF pages selected via model-disagreement
sampling, spanning handwriting, forms, complex layouts, and dense tables; (ii)
a unit-test-based evaluation suite with category-specific normalization profiles
designed to discount presentation-only variance; and (iii) a comparative study
of 25 proprietary and open-weights models under a unified conversion pipeline.

2 Methodology

2.1 Dataset construction

The task is to convert PDF page images into Markdown, requiring OCR, lay-
out analysis (reading order, headers, lists), table recognition, and interpretation
of non-textual elements such as handwritten fields and scientific graphics. The
source corpus consists of approximately 60,000 French documents from CCPDF
and Gallica. To ensure the benchmark targets processing limitations rather than
trivial cases, we employed an adversarial selection strategy. Documents were
transcribed by two different VLMs (dots.ocr and MinerU2.5), and we used the
edit distance between their outputs as a proxy for model disagreement. Pages
with the largest disagreements were selected as candidates for “difficulty,” which
intentionally biases the benchmark toward pages where current conversion sys-
tems are unstable rather than implying an absolute notion of difficulty.
The resulting dataset is categorized into specific challenge types:
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— Long tiny text: Dense pages requiring sustained generation window attention
with low-resolution or small font sizes.

— Multi-column: Complex flows requiring correct reading order capabilities.

— Long tables: Data-dense structures spanning large vertical space.

— Manuscript /handwritten: Historical documents and contemporary handwrit-
ten notes.

— Forms: Semi-structured documents with handwritten entries. These forms
were written manually by a diverse set of participants to ensure variability
of handwriting styles.

— Graphics: Scientific figures and charts requiring textual description. While
many VLMs were not trained explicitly for this task, we include it to reflect
real-world use cases where graphics are often the most information-dense
part of a document, and omitting them is operationally equivalent to drop-
ping content. From our experience developing products based on such OCR
systems, the lack of high quality graphics parsing is a major bottleneck not
addressed by existing OCR benchmarks.

Mathematical equations were explicitly excluded, as they are extensively covered
in other benchmarks [6,7].

2.2 Test generation and verification

Tests were generated semi-automatically using category-specific prompts and
verified via a human-in-the-loop process. For each selected page, gemini-3-pro-
preview was prompted with tailored instructions (e.g., “identify the tiniest text
spans”, “list handwritten fields”, “extract table cells around a given header”) and
its textual candidates were converted into machine-checkable unit tests.

Per category: tiny text, multi-column, and graphics pages yielded TextP-
resenceTest items asserting that a short verbatim span appears in the output;
handwritten and forms pages used TextPresenceTest with stricter normalization
tolerating minor spacing and Unicode differences; long tables produced TableTest

instances encoding local structural constraints from manual inspection.

2.3 Test types and normalization

All unit tests inherit from a common class, which is responsible for normalizing
both the reference text (from the annotation) and the candidate text (from the
model output) before comparison. The normalization is designed to reduce spu-
rious failures caused by harmless formatting differences while still being sensitive
to genuine content errors, in the spirit of unit-test-based OCR evaluation [8].

Concretely, normalization includes: (i) Markdown/HTML cleanup (flatten
breaks, remove emphasis markers, normalize tables, collapse whitespace); (ii)
Unicode harmonization with a curated symbol mapping (quotes, dashes, French
guillemets); (iii) optional ASCII projection of accented characters; and (iv)
optional alphanumeric filtering, layout-insensitive spacing, and per-test fine-
grained masking.
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Fig. 1: Overall benchmark results by model (aggregate unit-test pass rate).

By tuning these options per test type and category, we obtain a spectrum of
strictness that reduces false negatives from superficial formatting variation while
keeping failures interpretable.

3 Evaluation protocol

Experiments were conducted using the vlmparse library (https://github.
com/1d-lab-pulsia/vimparse), a unified wrapper for heterogeneous VLMs and
OCR backends that supports asynchronous processing and Docker-managed lo-
cal servers. Inference was parallelized across 32 threads on an NVIDIA A100 (80
GB VRAM) with a timeout of 500s; throughput comparisons are reported for
local models only.

We evaluated 25 models spanning proprietary APIs and open-weights systems
including OlmOCR [7,8], LightOnOCR [10], dots.ocr [4], DeepSeek-OCR [11],
and PaddleOCR-VL [1]. The primary metric is the unit-test pass rate (aggregat-
ing TextPresenceTest, TextOrderTest, and TableTest), which enables targeted
diagnosis of failure modes; benchmark code is available at github.com /1d-lab-
pulsia/benchpdf2md.

4 Results

4.1 Overall performance

Gemini 3 Pro Preview achieved the highest average score (0.76), followed by
Gemini 3 Flash Preview (0.74); the best open-weights model was Chandra (0.66).
Figure 1 and Table 2 summarize results by model and category.

4.2 Category-specific analysis

Performance varied drastically across document categories. Handwritten and
forms proved most discriminatory. Gemini 3 Pro retained relative competence

53



French PDF-to-Markdown Benchmark

Table 2: Category results by model (mean scores).

baseline forms graphics handwritten long_table multicolumn tiny_text Time per page [s| All categories

gemini-3-pro-preview 0.965 0.725 0.773 0.600 0.813 0.867 0.831 0.786
gemini-3-flash-preview 0.964 0.684 0.734 0.582 0.828 0.867 0.804 0.755
datalab-to/chandra 0.996  0.375  0.748 0.212 0.722 0.794 0.765 4.290 0.664
datalab-to/chandra-ocr-2 0.996 0.433  0.768 0.242 0.709 0.758 0.731 2.029 0.661
gpt-5.2 0.998 0.481  0.802 0.206 0.732 0.739 0.535 0.602
kristallerd86/dots.ocr-1.5 0.994  0.467 0.278 0.176 0.566 0.836 0.799 2.629 0.578
gpt-5-mini 1.000 0.416 0.816 0.182 0.660 0.770 0.506 0.574
Qwen3-VL-8B-Instruct 0.913  0.450  0.377 0.218 0.572 0.770 0.754 4.146 0.571
rednote-hilab/dots.ocr 0.988 0.351  0.269 0.079 0.628 0.782 0.765 2.432 0.547
lightonai/LightOnOCR-2-1B 0.990  0.357  0.326 0.127 0.640 0.806 0.671 1.207 0.542
allenai/olmOCR-2-7B-1025-FP8 0.999 0.392  0.357 0.127 0.614 0.764 0.438 1.107 0.461
mistral-ocr-latest 0.993  0.388  0.286 0.170 0.444 0.733 0.600 0.459
tencent/HunyuanOCR 0.978 0.251  0.278 0.036 0.372 0.727 0.671 4.467 0.419
lightonai/LightOnOCR-1B-1025 0.996 0.216  0.297 0.012 0.406 0.673 0.602 1.085 0.418
GLM-OCR 0.951  0.251  0.198 0.036 0.348 0.600 0.743 0.600 0.398
gemini-2.5-flash-lite 0.970  0.388  0.422 0.127 0.205 0.588 0.589 0.397
PaddleOCR-VL-1.5 0.961  0.206 0.278 0.012 0.125 0.673 0.714 4.056 0.381
deepseek-ai/DeepSeek-OCR 1.000 0.124 0.368 0.012 0.382 0.630 0.506 0.893 0.377
FireRedTeam/FireRed-OCR 0.964 0.213  0.283 0.024 0.133 0.667 0.664 3.241 0.369
baidu/Qianfan-OCR 0.990 0.251  0.283 0.012 0.352 0.558 0.334 5.261 0.306
deepseek-ai/DeepSeek-OCR-2 0.991  0.096 0.278 0.000 0.281 0.382 0.284 1.470 0.242
opendatalab/MinerUz2.5-2509-1.2B  0.795 0.100  0.246 0.000 0.093 0.236 0.405 0.898 0.222
ibm-granite/granite-docling-258M  0.877  0.031  0.187 0.006 0.067 0.333 0.180 0.128
docling 0.999 0.031  0.119 0.000 0.195 0.055 0.138 0.119
Ministral-3-8B-Instruct-2512-BF16  0.349  0.031  0.096 0.000 0.017 0.024 0.001 0.025

(0.60 on handwritten, 0.72 on forms), whereas many smaller models failed com-
pletely. For example, granite-docling and MinerU2.5 scored near zero on un-
structured handwritten text. As expected graphics were not extracted by non-
generalist VLMs with the exception of chandra. Multi-column and tables re-
mained challenging but were better solved than handwriting: high-performing
models achieved scores above 0.80 on multi-column text, indicating robust read-
ing order detection. Figure 2 provides a category-by-model breakdown.

4.3 Throughput and resolution effects

Inference speed varies inversely with model size and architectural complexity. A
clear Pareto tradeoff is observed with Chandra and Chandra-2 models being the
strongest, but also slowest on the Pareto front, while Light OnOCR-2 is a good
intermediate, reasonably fast and competitive. At the other end, an interesting
model is GLM-OCR, which achieves an excellent speed—accuracy trade-off. Its
small model size keeps inference cost low, while speculative decoding accelerates
generation; crucially in our integration, it processes only non-native text regions
rather than the full page image, avoiding redundant computation on digitally
born content. Figure 3a summarizes the accuracy—throughput trade-off across
models.

5 Discussion

On this benchmark, performance differences concentrate in a small set of opera-
tionally relevant failure modes. Handwriting and forms remain the most challeng-
ing categories, where many models fail on hard-to-decode historical documents.
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Fig. 2: Per-category performance by model (mean scores)

For long and dense pages, several smaller VLMs exhibit decoding instability—
repetition/looping behaviors and incomplete page coverage—reducing unit-test
pass rates despite otherwise plausible local OCR. Decoding temperature mod-
ulates this trade-off (Figure 3b): smaller open models amplify local errors into
repeated spans or structurally inconsistent Markdown at higher randomness
while overly low temperatures risk “stuck” continuations on long pages

In addition, we observed a systematic failure mode for dots.ocr : incomplete
page transcription. A plausible explanation is that the model has been trained
with a strong bias to ignore pictures/illustrations; however, in real-world PDFs,
“pictures” can be text-dense (e.g., scanned callouts, legends embedded in figures,
or rasterized colored blocks). On colorful layouts, this bias can cause dots.ocr to
skip entire regions that actually contain relevant printed text, leading to partial

Markdown outputs even when the locally transcribed regions look correct. This

is an additional reason to avoid transcription without graphics

Layout-heavy categories (multi-column pages and long tables) primarily ex-
pose reading-order and structure-preservation errors. Even when text recognition
is strong, small deviations in region traversal or table linearization can break local
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structural constraints, motivating evaluation with targeted tests that discount
presentation-only variance while remaining sensitive to missing or corrupted con-
tent.

6 Limitations

This benchmark has several limitations. First, the exclusive focus on French doc-
uments limits generalizability to other languages, especially non-Latin scripts.
Second, throughput comparisons are hardware-specific and sensitive to quan-
tization choices. Third, PDFs from CCPDF (a Common Crawl subset) may
overlap with model pre-training data; contamination cannot be ruled out. The
selection procedure emphasizes pages that remain difficult even for the strongest
model in our pool (Gemini 3 Pro), but overlap cannot be excluded. However,
the forms category (manually written by diverse participants) was not exposed
to crawl-based overlap. The alignment of conclusions/model classment between
this category and others across the benchmark suggests limited data leakage
impact. Finally, model performance may depend on inference implementation
details; we welcome corrections and will update the leaderboard accordingly.

7 Conclusion

We presented a French-focused PDF-to-Markdown benchmark combining ad-
versarial page selection, a diverse document taxonomy, and unit-test evaluation
with category-specific normalization. Across 25 models, proprietary frontier sys-
tems dominate on handwriting and forms while open-weights models remain
competitive on standard layouts; graphics parsing is broadly unaddressed. We
release the benchmark and evaluation code to support reproducible comparison
and community extension.

Acknowledgments. This benchmark used documents provided by Gallica under a re-
stricted use. We also acknowledge the AllenAI OlmOCR-bench, whose public codebase
we adapted extensively [7,8].
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Abstract. While handwriting has traditionally been studied for char-
acter recognition and disease classification, its potential to reflect day-
to-day physiological fluctuations in healthy individuals remains unex-
plored. This study examines whether daily variations in sleep-related
recovery states can be inferred from online handwriting dynamics. We
propose a personalized binary classification framework that detects low-
recovery days using features derived from the Sigma-Lognormal model,
which captures the neuromotor generation process of pen strokes. In
a 28-day in-the-wild study involving 13 university students, handwrit-
ing was recorded three times daily, and nocturnal cardiac indicators
were measured using a wearable ring. For each participant, the lowest
(or highest) quartile of four sleep-related metrics—heart rate variability
(HRV), lowest heart rate, average heart rate, and total sleep duration—
defined the positive class. Leave-One-Day-Out cross-validation showed
that Precision-Recall AUC (PR-AUC) significantly exceeded the chance
rate for all four variables after correction for multiple comparisons, with
the strongest performance observed for cardiac-related variables. Fur-
thermore, classification performance did not differ significantly across
task types or recording timings, demonstrating that subtle within-person
autonomic recovery fluctuations can be detected from everyday hand-
writing.

Keywords: Handwriting analysis - Sleep quality - Sigma-Lognormal
model - Binary classification - Heart rate variability

1 Introduction

Online handwriting data acquired via digital pens and tablet devices contain
rich information related to the writer’s motor control, including not only char-
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acter shape information but also writing speed, pen pressure, and inter-stroke
time intervals. Recent research has leveraged such kinematic features for ADHD
classification [1], early diagnosis of neurodegenerative diseases from handwritten
signatures [6], and analysis of motor control changes associated with aging [7],
showing that handwriting is a rich source of information reflecting the writer’s
neurological and cognitive characteristics.

However, these studies primarily target pathological conditions or develop-
mental stages, and estimating day-to-day physical condition among healthy in-
dividuals remains unexplored. In this study, we focus on sleep duration and
sleep-related cardiac indicators as targets of estimation. Heart rate variability
(HRV) and heart rate during sleep (resting heart rate) are objective indica-
tors of autonomic nervous system recovery, and decreases in HRV or increases
in resting heart rate are associated with accumulated stress [3]. Furthermore,
poor sleep quality has been reported to impair fine motor control [9], suggesting
that changes in sleep quality may be reflected in daytime handwriting patterns.
Such cardiac indicators are currently measured using wearable devices, but high
cost and the burden of continuous wear and maintenance limit broad adoption.
If sleep quality could be estimated from everyday handwriting activities, non-
invasive sleep monitoring could be provided to a wider audience, such as children
who already use tablets at school.

This study proposes a binary classification framework that detects days with
poor sleep quality (low-recovery days) from handwriting features based on the
Sigma-Lognormal model. The main contributions of this study are as follows:

— We introduce a previously unexplored application domain: estimating sleep
quality from handwriting features.

— Using 28-day in-the-wild data from 13 participants evaluated with person-
dependent leave-one-day-out cross-validation, we confirmed that classifica-
tion performance significantly exceeded the chance rate for all four sleep
variables (after false discovery rate (FDR) correction).

— No significant differences in classification performance were observed across
five handwriting task types or three daily session timings (after FDR cor-
rection), showing that the proposed approach is largely robust to task and
timing variations within the evaluated conditions.

2 Related Work

Handwriting features extracted from the Sigma-Lognormal model have been
used for ADHD classification in children [1], early diagnosis of neurodegener-
ative diseases from handwritten signatures [6], and analysis of motor control
changes associated with aging [7], demonstrating that the model can capture
neuromotor changes attributable to diseases or developmental stages. However,
these targets are all pathological conditions or long-term developmental changes,
and no studies have estimated day-to-day variations in physical condition among
healthy individuals from handwriting. Regarding the relationship between sleep
and handwriting, Venevtseva et al. [9] showed in a study of university students
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Table 1: Five basic features extracted from the Sigma-Lognormal model. The
mean and standard deviation of each feature are computed, yielding ten features
in total.

Feature Description Type
D Amplitude of motor command Model parameter
to Onset time of motor command Model parameter
nblog  Number of lognormal distributions Reconstruction index
SNR Signal-to-noise ratio Reconstruction index

SNR/nblog Reconstruction accuracy per distribution Reconstruction index

that poor sleep quality impairs fine motor control. As a directly relevant study,
Jasper et al. [2] analyzed basic handwriting kinematics (writing speed, fluency,
etc.) under a 40-hour sleep deprivation protocol in a laboratory setting, con-
firming a circadian rhythm in writing speed while fluency remained unchanged.
However, the study did not employ Sigma-Lognormal model parameters, and
the relationship with natural variations in sleep quality under in-the-wild con-
ditions has not been examined. This study attempts to classify sleep-related
indicators under in-the-wild conditions using finer-grained features based on the
Sigma-Lognormal model for the first time.

3 Proposed Method

3.1 Sigma-Lognormal Model

Handwriting is a form of human movement and can be described mathemati-
cally by motor theory [8]. The Sigma-Lognormal model [5] describes the velocity
profile of a single stroke as a superposition of lognormal distributions, expressed

by:

N
v(t) = 2131- [zf;((z((gg] Ayt toi, iy 02), N >2 (1)
where D; is the amplitude of the motor command at time tg;, and A; is the
motor response represented by a lognormal distribution. We extract parameters
using the implementation by Lai et al. [4]* (mean SNR 24.1+4.4 dB), obtaining
the five basic features shown in Table 1. Since each handwriting task contains
multiple strokes, we compute the mean and standard deviation across the entire
task, yielding ten features in total.

1=

3.2 Sleep Indicators

From data recorded by the Oura Ring during sleep, we define four target variables
representing sleep quality: total sleep duration (Total Sleep; sleep quantity),

* https://github.com/LaiSongxuan/SynSig2Vec
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average heart rate variability (Avg HRV; reflecting autonomic recovery), lowest
heart rate (Lowest HR; the deepest resting state), and average heart rate (Avg
HR; elevated values are associated with accumulated stress [3]).

3.3 Binary Classification Framework

We address a binary classification problem of detecting “days with poor sleep
quality.” For each target variable, a per-user quartile threshold is set in the
direction of poorer sleep quality: for sleep duration and HRV, values below Q25
are defined as the “problematic” (positive) class; for heart rate, values above
Q75 are positive. This results in approximately 25% of samples being positive,
creating an imbalanced classification problem. A separate binary classifier is
trained and evaluated independently for each of the four target variables. As the
classifier, we adopt random forest (RF), which captures nonlinear interactions
among features and provides stable performance even on small samples.

4 Dataset

The dataset used in this study consists of handwriting data and sleep data, newly
collected for the purpose of this research.

Handwriting data were collected using IoT Paper, a tablet device provided
for research purposes by Wacom Co., Ltd., with a sampling frequency of 480 Hz,
recording online handwriting data including z- and y-coordinates, pen pressure,
and tilt in InkML format. Sleep data were measured using Oura Ring (Gen 3 and
Gen 4), recording heart rate and HRV during sleep. The validity of Oura Ring has
been confirmed through comparison with polysomnography [10]. Measurement
data were obtained through the Oura API v2°.

Seventeen university students (4 female, 13 male) participated in the exper-
iment, all first-time users of the IoT Paper. Handwriting data were collected
three times per day (after waking, after lunch, and before bedtime), consisting
of shape drawing tasks (circle, triangle, and square, each drawn three times per
session) and phrase writing tasks in which participants wrote a positive phrase (“
7 A4 A% EN7Z" (1 ate ice cream)) and a negative phrase (“2—k —ZIXL 72" (1
spilled coffee)). For participants who ate only two meals per day, the after-lunch
task was performed after their first meal (provided that at least two hours had
elapsed since waking). For new Oura Ring users (13 participants), a break-in
wearing period of at least one week was established before the experiment; con-
tinuous wearing from bedtime to waking was mandatory while daytime wearing
was optional.

For each timing independently, the experiment was continued until 28 days
of paired data were collected. Of the 17 participants, 4 were excluded from the
analysis because they could not collect 28 days of complete data due to frequent
missed tasks. Data from the remaining 13 participants (28 days x 3 timings x 5

® https://cloud.ouraring.com/v2/docs
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tasks = 420 samples per participant) were used (the sleep label is shared within
each day).

The target sleep indicators are: total sleep duration (Total Sleep; mean 6.6 h,
SD 1.5), average heart rate variability (Avg HRV; mean 56.3 ms, SD 18.7), lowest
heart rate (Lowest HR; mean 51.8 bpm, SD 7.2), and average heart rate (Avg HR;
mean 57.4 bpm, SD 7.9). Participants are labeled P1-P13 in ascending order of
their median Total Sleep. Inter-participant variability is large (e.g., the median
Total Sleep ranges from 4.8 to 7.3 hours), and intra-participant variability also
differs across individuals.

5 Experimental Results and Discussion

5.1 Evaluation Method

Given the large inter-individual variability observed in sleep indicators, we adopt
a person-dependent modeling strategy, training a classifier for each participant.
We use Leave-One-Day-Out cross-validation (LODOCV), in which one day’s
data (three sessions X five tasks = 15 samples) is held out as the test set and
the remaining days’ data are used for training. As evaluation metrics, we use
PR-AUC (area under the Precision-Recall curve) and Recall@25%, which are
suitable for class imbalance. For both metrics, the chance rate (the expected
performance of a random classifier) equals the positive class ratio (approximately
0.25); values above 0.25 indicate performance better than chance.

5.2 Experimental Results

The handwriting tasks consist of five types: circle, triangle, square, a positive
phrase, and a negative phrase. The sessions were conducted three times per day:
after waking, after lunch, and before bedtime.

Table 2 shows the PR-AUC and Recall@25% (mean across all tasks, user
mean =+ standard deviation) and the results of the Wilcoxon signed-rank test for
each target variable. The Wilcoxon test evaluated whether each user’s mean value
significantly exceeded the chance rate using a one-sided test. FDR correction
(Benjamini-Hochberg method, ¢ = 0.05) was applied to the 4 target variables x
2 metrics = 8 comparisons, and all 8 tests remained significant. This indicates
that, under both metrics, sleep-related cardiac indicators and total sleep duration
can be identified from handwriting features with accuracy above random chance.
Lowest HR showed the highest classification performance (PR-AUC 0.438).

Figures 1 (a) and (b) show the distribution of PR-AUC by task and by timing.
Each point represents one user’s value, and box plots show the distribution across
users; the red dashed line represents the chance rate. For each target variable,
we assessed differences across tasks and across timings using Friedman tests
(Table 3). After FDR correction (Benjamini-Hochberg method) over the 4 target
variables x 2 metrics x 2 effects = 16 comparisons, no significant differences
were observed for any combination. This suggests that equivalent classification
is achievable from any handwriting task and timing.
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Fig. 1: Distribution of PR-AUC. Each point represents one user’s result. The red
dashed line indicates the chance rate.

Table 2: PR-AUC and Recall@25% for each target variable (user mean £+ SD)
with Wilcoxon test results. p: raw p-value; ¢: FDR-corrected p-value (Benjamini-
Hochberg, 8 comparisons). The chance rate (random classifier) is 0.25 for both
metrics. Significance levels: * ¢ < 0.05, ** ¢ < 0.01, ***¢ < 0.001.

PR-AUC Recall@25%
Target variable mean £ SD p q sig. mean + SD P q sig.
Avg HRV 0.391 £ 0.131 0.0023 0.0046 ** 0.416 + 0.139 0.0023 0.0046 **
Lowest HR 0.438 + 0.164 0.0001 0.0008 *** 0.350 + 0.174 0.0327 0.0374
Avg HR 0.365 + 0.146 0.0031 0.0050 ** 0.344 4+ 0.185 0.0471 0.0471

Total Sleep 0.352 £ 0.125 0.0023 0.0046 ** 0.322 + 0.108 0.0199 0.0265

Additionally, large individual differences in PR-AUC across users can be
observed in Fig. 1. For example, for Lowest HR, one user achieved a notably
high PR-AUC of 0.729, while several users remained near the chance rate. The
pattern of individual differences varies by target variable; a user who shows high
performance for Lowest HR does not necessarily show high performance for Total
Sleep.

5.3 Discussion

The finding that handwriting features achieved significant classification perfor-
mance for all four sleep variables is consistent with the hypothesis that changes
in sleep quality affect daytime fine motor control via the autonomic nervous
system. The parameters of the Sigma-Lognormal model reflect neuromuscular
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Table 3: Results of Friedman tests. Tests were conducted for task effect (5 levels)
and timing effect (3 levels) on PR-AUC and Recall@25% respectively (16 tests in
total). ¢: FDR~corrected p-value (Benjamini-Hochberg, 16 comparisons). None
remained significant after correction.

Task effect Timing effect
PR-AUC R@25% PR-AUC RQ25%
Target X ¢ X p ¢ X p a X p q

Avg HRV  2.40 0.663 0.847 2.26 0.688 0.847
Lowest HR 6.09 0.192 0.680 3.31 0.507 0.847
Avg HR  9.850.043 0.344 0.40 0.982 0.982
Total Sleep 2.65 0.619 0.847 0.82 0.935 0.982

0.46 0.794 0.907 6.84 0.033 0.344
4.310.116 0.619 1.10 0.576 0.847
2.92 0.232 0.680 0.91 0.633 0.847
1.08 0.584 0.847 2.73 0.255 0.680

control characteristics [8], and changes in recovery state due to sleep may be
reflected in these parameters. Unlike prior work that relied on basic kinematics
such as writing speed and fluency [2], the Sigma-Lognormal model may capture
subtler motor variations that reflect daily recovery fluctuations. Cardiac-related
variables (Lowest HR: PR-AUC 0.438, Avg HRV: 0.391, Avg HR: 0.365) showed
higher classification performance than Total Sleep (0.352), likely because heart
rate and HRV directly reflect the autonomic recovery state [9], whereas total
sleep duration is an indicator of sleep “quantity” with a more indirect correspon-
dence to autonomic recovery.

The absence of significant task and timing effects after FDR correction sug-
gests that the influence of sleep is not limited to specific motor patterns but per-
meates handwriting motor control in general. Since the Sigma-Lognormal model
captures dynamic properties of movement rather than character shape, predic-
tion from everyday handwriting activities is feasible without requiring users to
perform specific tasks.

6 Conclusion

Using Sigma-Lognormal model-based handwriting features, we evaluated a bi-
nary classification framework for detecting low-recovery days with 28-day in-the-
wild data from 13 participants. LODOCYV evaluation confirmed that PR-AUC
significantly exceeded the chance rate for all four sleep variables (highest: Lowest
HR 0.438, all tests remaining significant after FDR correction), and no significant
differences were observed across task types or session timings, demonstrating the
robustness of the proposed approach. These results constitute the first empirical
evidence that handwriting features can be used to estimate daily health fluc-
tuations in healthy individuals, suggesting the feasibility of non-invasive sleep
monitoring using tablet devices. Future work includes investigating user char-
acteristics associated with the large individual differences in classification per-
formance, expanding the number and diversity of participants, and validating
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applicability to natural handwriting activities (e.g., note-taking) in educational
settings.
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Abstract. Digital restoration of historical manuscript images aims to
improve readability while preserving the authenticity of cultural heritage
documents. However, evaluating quality of restored manuscripts remains
challenging, where readability is often subjective and expert annotations
are scarce. This study investigates the suitability of contrast-based im-
age quality measures to assess quality and legibility of reconstructed
manuscript images from multi-spectral imaging. Two experiments were
conducted with publicly-available data sets, facilitating manual qual-
ity scores by experts and full-reference image quality measures as ref-
erence evaluations. The results show that potential contrast achieves
the highest correlation with expert ratings, while contrast-to-noise ratio
demonstrates the strongest agreement with full-reference quality mea-
sures. Overall, contrast-based measures consistently outperform general
image quality measures, demonstrating their potential as objective indi-
cators of manuscript legibility and reconstruction quality.

Keywords: Historical Manuscript Data - IQA - Potential Contrast

1 Introduction

Digital restoration of historical manuscripts remains a central topic in docu-
ment image analysis due to severe degradations that affect many cultural her-
itage collections. Common degradations such as ink fading, bleed-through and
paper aging significantly reduce legibility and hinder both human interpreta-
tion and downstream processing tasks such as transcription and recognition.
In recent years, substantial progress has been made with data-driven and deep
learning based approaches for document analysis and enhancement [14] and have
also improved readability of hand-written texts through task-aware objectives,
see e.g. [13]. Moreover, multi-spectral imaging (MSI) has emerged as a power-
ful non-invasive tool for the analysis and restoration of historical manuscripts
by acquiring images across ultraviolet, visible, and near-infrared wavelengths.
Together with advanced post-processing, MSI has demonstrated its power in
revealing information that has otherwise not been visible, see e.g. [8],[12],[9].
Automated evaluation of text legibility remains a challenging and largely
open problem [6], although highly needed for task-driven restoration frameworks
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and larger amounts of data. Common image quality assessment (IQA) measures
are primarily designed for natural images and often fail to capture legibility in
degraded documents. In order to understand suitability of IQA measures ded-
icated evaluation protocols and comprehensive data sets would be needed for
existing as well as newly developed approaches. However, available datasets that
enable the assessment of IQA methods for historical manuscript legibility re-
main very limited. Some data sets have been developed, but never published,
e.g. [19], others had been made available in the past but disappeared over time,
e.g. [20]. The few available data sets include the subjective assessment frame-
work SALAMI, that provides expert-based legibility annotations for manuscript
images [5], as well as the Parchment data set, that includes artificially degraded
parchment patches and their untreated references, in its original form [11] and
modified [4]. Both data sets are based on MSI of the degraded manuscripts.

Potential Contrast (PC) has been proposed in [21] as a task-dependent IQA
measure that estimates the maximum achievable contrast between pixel classes
under arbitrary intensity transformations. Unlike traditional contrast measures,
it explicitly accounts for the possibility that relevant information may become
visible only after suitable grayscale transformations, making it particularly rel-
evant for cultural heritage applications incorporating the possibility that the
user might adjust the contrast in the viewing process. Its formulation allows
user-guidance through annotated pixel sample sets and has been shown to be
effective in identifying informative structures in degraded document images, e.g.
[10]. Recently, it has been modified to be independent from the underlying data
type, cf. [17], and throughout our experiments we will employ this Normalized
Potential Contrast (NPC).

Despite its promising properties, the suitability of (N)PC as an IQA measure
for historical manuscript legibility has not yet been systematically investigated.
In particular, its relationship to text legibility and its behavior compared to other
IQA measures when judging manuscript enhancement quality remains unclear.
Given the increasing reliance on objective measures for evaluating restoration
pipelines, we aim to provide first insights here. We design 2 experiments with
the described data sets, analyzing the rank correlation of NPC values and expert
ratings as well as reference-based quality evaluation across common degradations
such as ink fading and bleed-through. For comparison we also report the contrast
measure contrast-to-noise ratio (CNR), simple image statistics such as the root
mean square contrast (RMSC) and entropy, as well as common no-reference (NR)
IQA measures BRISQUE [15], NIQE [16] and PIQE [22]. CNR can be understood
as a direct complementing contrast measures by using the same sample masks
in the computation as NPC. BRISQUE, NIQE and PIQE have been developed
for natural images and do not require any reference information.

2 Data and Methods

2.1 Experiment 1: SALAMI Data [3][5]
The SALAMI dataset (Subjective Assessments of Legibility in Ancient Manuscript
Images), published in 2020, contains grayscale manuscript images (900 x 900
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pixels) derived from MSI data of 48 historical manuscripts, where 5 output re-
constructions of 50 distinct image regions are shared publicly. The resulting 250
images had been annotated region-wise by 20 experts with philology and pa-
leography background regarding legibility, yielding score maps for each image.
The data set serves as a benchmark for developing and evaluating quantitative
measures of legibility and digital restoration quality in historical manuscript
imaging. A first IQA analysis with the data set was published by the data col-
lectors in [6], reporting the Spearman Rank Correlation Coefficients (SRCC)
of several quality measures and the mean score maps, including simple image
statistics, text detection and NR IQA measures, over several window sizes and
dedicated text areas. (N)PC had not been included in the study as it requires
defined foreground and background pixels, which also holds true for CNR.

For our complementing experiments we choose from the 50 distinct images
the ones that contain writing over the whole image and where at least one of
the provided 5 versions of each image allows automated text and background
extraction via direct thresholding yielding objective binary annotation masks.
This selection process results in 55 test images (11 images with 5 versions each),
in which we compute 10000 random patches of the size 200 x 400 to account for
the region-wise score maps, respectively. In Figure 1 we show two examples of
random patches and corresponding mean score maps.

2.2 Experiment 2: Parchment Data [4] and Random Reconstructions

The Parchment data set, published in 2019, and available at [2], is a modified
subset of the original data set [11] published in 2017. The image data is based on
multispectral acquisitions of 18th-century parchment manuscript fragments writ-
ten with iron-gall ink, imaged both before and after controlled artificial degra-
dation treatments. It comprises 22 parchment patches with different treatment,
including untreated control samples, and provides registered multispectral image
data with 21 spectral bands from 400 to 950 nm. The degradation procedures
simulate common forms of manuscript deterioration, enabling direct evaluation
of the degraded images with their intact counterparts serving as a ground truth.

Here, we chose 4 patches (208R, 305R, 309R, 602V) of the provided data set,
restricting the experiment to patches with severe degradations/illegible parts
after treatment, as well as requiring to have some signal information of the de-
graded bits in at least one of the 21 MSI bands, i.e. enforcing possible reconstruc-
tion of the illegible notation, see examples in Figure 2. Furthermore, we cropped
the images to the degraded parts, e.g. if the lower half became illegible after
the treatment, but the upper half remained perfectly intact, then only the lower
half was evaluated to ensure feasible results representing the degraded regions.
Binary masks for text and background were created manually on small regions
therein, employing for the annotation process the untreated ground truth repre-
sentation corresponding to the degraded image parts. For each image 15 minutes
were set to create the masks in the software GIMP, mimicking a real research
situation with constraint timelines.

Next, we use the MSI data of the treated patches to create with random
orthogonal projections a set of 100000 reconstructed grayscale outputs per image
to be evaluated for quality beyond the 25 provided outputs per image.
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Dimension reduction with orthogonal projections. Let z € R? be a high-
dimensional image. A random lower-dimensional representation is given by px €
V', where V.C R¢ denotes a k-dimensional linear subspace with k < d and p €
R¥*? an orthogonal projection distributed according to the unique orthogonally
invariant probability measure on the Grassmannian. The dimension d is reduced
to k in practice via elements ¢ € RF*9 of the Stiefel manifold with ¢Tq = p.

In our case, we do have d = 21 MSI bands and reduce the images directly to
a grayscale output with £ = 1 and m = 720 x 720 pixels. Random projections
can be computed efficiently via the QR composition, cf. [7], and it has been
shown that they give a good representation of the whole space whilst preserving
important properties, cf. [1].

With ground truth images available, we employ 3 full-reference (FR) IQA
measures that have shown stable behavior to assess structural information or,
in particular, text legibility, as references of quality by comparing the random
reconstruction to the untreated ground truth data. Namely, we employ HaarPSI
[18] based on Haar wavelets, Pearson correlation [4] and the multi-scale SSIM
[23]. As suggested in the original paper [4], we implement the evaluation invariant
to polarity. Then, the SRCC is computed between the tested quality measures
and these 3 reference measures. As an additional experiment, we compare which
MSI band of the 21 available bands is rated highest by the tested quality mea-
sures for each of the 4 images. Please find the results in the Appendix.

(a) npc = 0.56

(c) mean score map (d) mean score map

Fig. 1. Visual examples of two random patches (a)(b) in the SALAMI data set with
corresponding NPC values and mean score maps (c)(d) stored as uint8 images, where
white (255) denotes the best and black (0) the worst score. The values of NPC are
in [0,1], with 1 denoting the best judgement. The left example shows good matching
between the NPC and the expert ratings with an average score over the map of 126.54,
the right example shows a pitfall of NPC, judging the quality poorly although it is
rated with an average score of 188.95 by the experts.
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(a) cnr = 1.51 (b) cnr = 2.28 (c) cnr = 3.03
pectics

\A;— AW D

(d) npc = 0.40 (e) npc = 0.59 (f) npc = 0.77

Fig. 2. Visual examples of random reconstructions of the MSI data of fol.305R. The
images are ordered in each row in regards to the quality assessment by CNR (top),
NPC (bottom), with increasing quality values from the left to the right, where the right
gives the highest quality value, respectively, within the 100000 random reconstructions.

3 Results

In the quantitative results we will state the absolute Spearman Rank Correlation
Coefficient (SRCC) of the measures’ quality evaluation and the references, indi-
cating how well the tested measures align with the reference judgement. In the
qualitative analysis we exemplify results of the highest achieving IQA measures.

3.1 Experiment 1

In Table 1 the correlation results of the IQA measures and mean score maps
are shown. The highest result was achieved by NPC with a mean correlation of
0.6784 over the 10000 random patches and 0.6561 for the full image comparison.
In Figure 1, we visualize 2 random patches with their NPC score and the cor-
responding mean score maps. The first example shows a patch where the NPC
value and score map align well, whereas in the second example NPC fails.

IQA method ||BRISQUE| CNR |[ENTROPY| NPC |NIQE | PIQE |[RMSC
SRCC meanior|| 0.0562 [0.5332 | 0.4805 |0.6806 |0.2031 |0.1630 |0.5896
varianceog 0.0021 | 0.0039 0.0009 0.0005 | 0.0005 |0.0002 |0.0012
SRCC full 0.1709 |0.4627 | 0.5136 |0.6561 |0.2341 |0.1558 |0.6150
Table 1. Absolute SRCC values for the tested IQA measures and the mean annotation
scores over all 55 images with the 10000 random patches of size 200 x 400 (mean and
variance) as well as the full images. The highest correlation value is highlighted in bold.
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3.2 Experiment 2

We report in Table 2 the absolute SRCC over 100000 random reconstructions
for each of the 4 images between the tested IQA measures and the chosen set
of FR-IQA measures, i.e. Haar-PSI, Pearson Correlation and MS-SSIM, serving
as a reference judgement set. Moreover, in Figure 2, we show 3 random recon-
structions ordered by IQA values from CNR and NPC, the two measures that
obtained the highest correlation results. It is important to note that NPC is in-
variant to linear brightness/contrast changes and we display in Figure 3 a visual
result when adjusting the image with intensity transformations.

IQA ||BRISQUE| CNR |ENTROPY| NPC | NIQE | PIQE | RMSC

Image 1]|.08,.10,.12] .84,.83,.91] .64,.55,.47 | .76,.75,.86 |.16,.27,.24] .01,.23,.24 |.01,.03,.04
Mean 0.10 0.86 0.55 0.79 0.22 0.16 0.03
Image 2|/.13,.18,.18| .84,.95,.94 | .90,.55,.75 |.85,.94,.94].58,.32, 52| .17,.01,.01 |.77,.34,.59
Mean 0.16 0.91 0.73 0.91 0.47 0.06 0.57
Image 3||.06,.06,.00| .86,.96,.88 | .66,.48,.64 | .79,.76,.79 |.68,.50,.67|.42, .32, .43|.55,.34,.53
Mean 0.07 0.90 0.59 78 0.61 0.39 0.48
Tmage 4][.11,.09,.00|.53,.94,.58 | .23,.53,.07 | .50,.82,.50 |.50,.47,.49| .29,.40,.33 |.22,.49,.06
Mean 0.07 .68 0.27 0.61 0.49 0.34 0.26

Table 2. Absolute SRCC values of the tested IQA measures and the reference measures
HaarPSI, Pearson Correlation and MS-SSIM, respectively as well as the mean, over all
100000 random reconstructions. The highest correlation values are highlighted in bold.
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Fig. 3. NPC is invariant to linear brightness/contrast changes in the image. This prop-
erty does not hold for the reference measures it has been compared to in Experiment
2, influencing the correlation result.

4 Discussion and Limitations

For Experiment 1 we can observe in Table 1 that NPC clearly yields the highest
correlation to the mean score maps for the random patches as well as the full
images, with the patch-wise computation yielding a higher result. This behavior
is expected, since the mean score maps were created region-wise and the NPC
computation over the whole image might not reflect local quality changes. The
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low variance confirms stability across the random patches. It is notable that the
3 contrast measures (NPC, RMSC and CNR) yield the 3 best results, indicating
that indeed contrast notions can be helpful to identify image restoration quality
as well as legibility. Nevertheless, NPC by no means acts perfectly, which is
reflected in the overall correlation value of 0.68 and possible mismatches as
displayed in Figure 1.

For Experiment 2, which has a more complex design since manual annotations
are not available in the employed data set, we can observe in Table 2 that
CNR outperforms all tested measures, followed by NPC. This different behavior
in comparison to Experiment 1 is not surprising because NPC is invariant to
intensity transformations, which aligns well with quality ratings where humans
might adjust the intensity when viewing, but does not align necessarily well with
FR-IQA measures that are computed in the intensity scaling that is given. In
Figure 3 we show the visual difference that can be obtained while NPC remains
the same. This property can be useful in practice when it is possible to adjust
the brightness/contrast of an image output, e.g. with an image viewer. Figure
2 demonstrates that both, CNR and NPC, produce meaningful orders of image
quality.

Limitations of this study include that expert-annotated quality scores were
not available for the Parchment dataset; therefore, 3 FR-IQA measures were used
as references instead. While these measures capture meaningful aspects of image
quality, they do not necessarily represent human expert judgment. In addition,
NPC and CNR depend on manually created masks, introducing subjectivity
into the evaluation. Finally, larger and more diverse datasets are needed to im-
prove robustness and generalizability and to capture a wider range of manuscript
degradations. Further research shall study the behavior of recent deep-learning
based and other document-specific image quality measures and include different
image transformations to better assess their suitability for legibility evaluation
in historical manuscripts. Note that Experiment 2 adds to the study [6], where
results with complementing image quality measures may be found.

5 Summary

In conclusion, the results indicate that contrast-based measures are valuable
tools for assessing image restoration quality and legibility in historical manuscripts,
tested here on images derived from MSI data. NPC showed the strongest per-
formance when compared to human-derived quality maps, while CNR achieved
the best results against full-reference image quality measures. Although both
measures demonstrate great potential for legibility evaluation, limitations in the
study are given. Future research shall explore additional quality measures and
larger datasets to improve the reliability and generalizability of the study.
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