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Abstract
Vision-language models (VLMs) perform well on many document understanding tasks, yet their reliability in
specialized, non-English domains remains underexplored. This gap is especially critical in finance, where
documents mix dense regulatory text, numerical tables, and visual charts, and where extraction errors can have
real-world consequences. We introduce SCRIBE FINANCE, the first multimodal benchmark for evaluating French
financial document understanding. The dataset contains 1,204 expert-validated questions spanning text extraction,
table comprehension, chart interpretation, and multi-turn conversational reasoning, drawn from real investment
prospectuses, KIDs, and PRIIPs. We evaluate six open-weight VLMs (8B–124B parameters) using an LLM-as-judge
protocol. While models achieve strong performance on text and table tasks (85–90% accuracy), they struggle
with chart interpretation (34–62%). Most notably, multi-turn dialogue reveals a sharp failure mode: early mistakes
propagate across turns, driving accuracy down to roughly 50% regardless of model size.
These results show that current VLMs are effective for well-defined extraction tasks but remain brittle in interactive,
multi-step financial analysis. SCRIBE FINANCE offers a challenging benchmark to measure and drive progress in this
high-stakes setting.
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1. Introduction

The 2008–2009 global financial crisis exposed ma-
jor failures in transparency and regulatory over-
sight across financial markets, prompting a coordi-
nated international response to strengthen disclo-
sure and investor protection requirements (G20,
2009). In the European Union, these reforms
were subsequently formalized through regulations
such as Markets in Financial Instruments Direc-
tive (MiFID II) and Packaged Retail and Insurance-
based Investment Products (PRIIPs), requiring as-
set management companies to issue standardized
prospectuses at the beginning of the fiscal year
and subjecting them to end-of-year review by reg-
ulatory authorities (European Commission, 2014;
European Union, 2014). Following the implemen-
tation of these regulations, the volume of regulated
disclosure documents has become substantial in
all major financial jurisdictions. In the European
Union and the United States alone, tens of thou-
sands of prospectuses and prospectus-like docu-
ments, including amendments and standardized
investor disclosures, are produced each year, il-
lustrating the scale of financial documentation that
must be reviewed and interpreted.

Because of their unprecedented level of per-
formance in many text understanding tasks
(Grattafiori et al., 2024), Large Language Models
(LLMs) have become the central component of the
modern Natural Language Processing (NLP) arse-
nal. Despite this progress, their evaluation in cer-

tain specialized domains remains uneven. Finance,
for example, presents several particular challenges:
documents are long, terminology is technical, and
information is often distributed across text, tables,
and charts. Moreover, most evaluation resources
focus on English, leaving models’ capabilities in
other languages, particularly in domain-specific
contexts, largely untested. This gap is especially
problematic for regulatory and advisory applica-
tions where extraction accuracy is critical: a finan-
cial advisor querying a prospectus for the entry fee
of a specific share class cannot tolerate halluci-
nated percentages.

French financial documents exemplify these chal-
lenges. Investment prospectuses, which describe
potential returns and risks of financial products,
can span 10 to 600+ pages and combine dense
legal prose with complex tabular data and visual
elements. Deploying LLMs in such challenging sce-
narios requires rigorous evaluation of their ability
to locate and extract precise information, a prereq-
uisite for higher-level tasks like summarization or
compliance verification.

Despite several efforts to build specialized
benchmarks in French for the financial domain
(Faysse et al., 2025; Xue et al., 2025), the pro-
posed datasets remain small in scale and limited in
coverage (≈ 200 examples; see Table 1), making
it hard to assess whether state-of-the-art models
are ready for these high-stakes applications.

To address this gap, we introduce SCRIBE
FINANCE, a multimodal benchmark dataset of
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Figure 1: Overview of the SCRIBE FINANCE benchmark construction and evaluation pipeline. French
financial documents (prospectuses, KIDs, PRIIPs) are collected from asset management companies,
then processed to generate question-answer pairs spanning text, tables, and charts. Six Vision-Language
Models are evaluated on these tasks, with responses assessed using a majority-vote LLM-as-judge
protocol.

1,204 questions designed to evaluate VLMs on
French financial document understanding. The
dataset spans multiple question types (open-
ended, Yes/No, True/False, and multi-turn conver-
sational) and input modalities (text, tables, and
charts). Questions range from named entity extrac-
tion to complex reasoning requiring integration of
information across document sections. Figure 1
provides an overview of the benchmark construc-
tion and evaluation pipeline.

We evaluate six open-weight, state-of-the-art
Vision-Language Models (VLMs) from three model
families, spanning scales from 8B to 124B param-
eters, using an LLM-as-judge evaluation protocol.
Results show that while models perform well on
text-based questions (∼88–90%) and achieve mod-
erate to strong performance on table comprehen-
sion (∼52–86%), chart interpretation remains chal-
lenging across all models (∼34–62%). More criti-
cally, the multi-turn conversational task reveals a
systematic failure mode: errors propagate across
dialogue turns, causing accuracy to collapse to ap-
proximately 50% (∼46–59%) regardless of model
size. This behavior raises concerns about the reli-
ability of current VLMs in interactive financial anal-
ysis settings.

Together, these results suggest that while VLMs
are effective for well-scoped information extrac-
tion, they remain fragile when reasoning must be
maintained across visual modalities and conversa-
tional context. SCRIBE FINANCE provides a bench-
mark for quantifying these limitations and track-
ing progress on French financial document under-
standing. Our main contributions are:

• SCRIBE FINANCE, the first multimodal bench-
mark for French financial document under-
standing, consists of 1,204 expert-validated
questions spanning text extraction, table com-

prehension, chart interpretation, and multi-
turn dialogue.1

• A systematic evaluation of six state-of-the-art
VLMs, showing strong performance on text
and tables but persistent weaknesses in chart
interpretation and conversational settings.

• Empirical evidence that error propagation in
multi-turn dialogue negates scaling benefits,
with model accuracy converging to approxi-
mately 50% regardless of parameter count.

2. Related Works

2.1. French Evaluation Resources

Most NLP evaluation benchmarks target English,
but some efforts have introduced resources for
French-language evaluation as well. General-
purpose question answering benchmarks, such as
FQuAD (d’Hoffschmidt et al., 2020) and PIAF (Ker-
aron et al., 2020), largely derived from Wikipedia
and inspired by their English counterpart SQuAD
(Rajpurkar et al., 2016), have played an impor-
tant role in enabling French-language QA evalua-
tion. More recent efforts have extended evaluation
beyond general domains, including FrenchMedM-
CQA (Labrak et al., 2023) for medical reason-
ing and French CrowS-Pairs (Névéol et al., 2022;
Nangia et al., 2020) for bias assessment. Addi-
tional datasets such as Newsquadfr2 further ex-
plore model performance on journalistic and infor-
mal French content.

1The dataset and its accompanying resources can
be accessed here https://github.com/dseddah/Scrib
e_finance/

2https://huggingface.co/datasets/lincoln/news
quadfr

https://github.com/dseddah/Scribe_finance/
https://github.com/dseddah/Scribe_finance/
https://huggingface.co/datasets/lincoln/newsquadfr
https://huggingface.co/datasets/lincoln/newsquadfr
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This section does not attempt to provide an
exhaustive survey of French evaluation datasets.
Instead, these resources illustrate that, despite
growing coverage of French language understand-
ing, existing benchmarks largely focus on short,
text-only inputs and general or domain-specific
knowledge. In contrast, our work targets multi-
modal, long-form financial documents and eval-
uates model behavior in high-stakes, document-
centric settings.

2.2. NLP Work in the Finance Domain

General-purpose Multilingual Benchmarks In-
cluding French While English-centric evaluation
remains the norm, several multilingual benchmarks
provide partial coverage of French. Datasets such
as MKQA (Longpre et al., 2021), XQA (Liu et al.,
2019), and MIRACL (Zhang et al., 2023) provide
cross-lingual question-answering benchmarks pri-
marily based on Wikipedia, enabling evaluation of
multilingual transfer across a range of languages,
including French. These resources have played an
important role in advancing multilingual evaluation,
but they focus on short, text-only inputs and do not
address the challenges posed by long, structured,
or domain-specific documents.

Specialized Financial Benchmarks in English
The financial domain has also motivated the de-
velopment of specialized benchmarks targeting nu-
merical and document-level reasoning. TAT-QA
(Zhu et al., 2021) and FinQA (Chen et al., 2022a)
evaluate reasoning over financial reports by com-
bining textual passages with tabular data, requiring
models to perform arithmetic and logical opera-
tions rather than simple extraction. More recent
datasets such as ConvFinQA (Chen et al., 2022b)
and PACIFIC (Deng et al., 2023) extend this setting
to multi-turn conversational scenarios, exposing
the challenges of numerical reasoning and con-
text tracking in dialogue-based interactions. Very
recently, Lithgow-Serrano et al. (2025) introduced
a banking-domain retrieval-augmented generation
benchmark focusing on full documents comprising
approximately 600 question-answer pairs.

Specialized Financial Benchmarks in French
Recently, Faysse et al. (2025) shared a small
dataset focusing on answering questions partly
about financial tables in French documents. In par-
allel, FAMMA (Xue et al., 2025) presents a multilin-
gual containing 9% of french content, multimodal fi-
nancial benchmark derived from university-level in-
structional and assessment materials across eight
core finance areas, requiring joint reasoning over
text, tables, and charts, and proving challenging

even for strong models. See Table 1 for a detailed
comparison of these datasets.

Dataset Size Question type Context type
Faysse et al. (2025) 210 Retrieval Table

Xue et al. (2025) 190 Open, MCQ Table, None

Ours 1,204 Open, MCQ, Table, Chart, TextTFQ, Yes/No

Table 1: Comparison between existing financial
benchmarks and our newly proposed SCRIBE FI-
NANCE (see Section 3). MCQ = multiple-choice
questions, TFQ = True/False questions, Yes/No =
Yes/No questions.

Despite these advances, existing financial
benchmarks remain limited in several respects:
they are predominantly English-only, focus on rel-
atively short excerpts rather than full-length regu-
latory documents, and largely exclude multimodal
inputs such as charts. In contrast, our work tar-
gets French financial prospectuses, which are long,
multimodal, and legally constrained, and evaluates
model behavior in high-stakes document under-
standing and conversational settings.

3. Designing SCRIBE FINANCE

Building SCRIBE FINANCE required balancing re-
alism, scale, and annotation reliability. French fi-
nancial prospectuses are long, highly structured,
and repetitive documents that combine dense le-
gal text with tables and charts, frequently spanning
hundreds of pages. Rather than treating these doc-
uments as monolithic inputs, we extract excerpts of
varying lengths (0.5-30 pages) and focus on eval-
uating a model’s ability to accurately locate and
extract specific, document-grounded information,
which is a prerequisite for reliable downstream rea-
soning in financial settings.

The dataset was constructed from publicly avail-
able French financial documents collected from
multiple asset management companies, including
prospectuses, Key Information Documents (KIDs),
and Packaged Retail and Insurance-based Invest-
ment Products (PRIIPs) published over the past 15
years.3

In the next section, the approach to generate
questions for text-based and image-based tasks is
described in detail.

3The documents were collected from asset manage-
ment companies and are publicly available under EU
and U.S. financial regulations (European Commission,
2014; European Union, 2014), which require publication
for investor protection and public transparency. They are
accessible without authentication or paywalls on official
issuer or regulator websites and contain no private or
personally identifiable information.
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Question/Context Type ↓
Task type ↓

Text-Based Image-Based
Text Tables Charts Conv. Special Case

Question Type

Open 501 248 94 0 19
Yes/No 0 213 28 0 3
True/False 0 27 6 0 0
MCQ 0 0 0 65 0

Total (per question type) 501 488 128 65 22

Context Type

Small text 38 0 0 0 0
Medium text 146 0 0 0 6
Large text 108 0 0 30 16
Very large text 14 0 0 0 0
Document-wise (KID) 184 0 0 0 0
Table 11 442 0 15 0
Table & Small text 0 35 0 20 0
Table & Medium text 0 11 0 0 0
Chart 0 0 73 0 0
Chart & Small text 0 0 55 0 0

Total (per context type) 501 488 128 65 22

Table 2: Distribution of the SCRIBE FINANCE benchmark (1,204 questions) across question types and
context modalities. The dataset spans text-based questions (501 questions) and image-based questions
including tables, charts, multi-turn conversations, and special cases, for a total of 703 questions with an
associated image. Open-ended questions dominate (862 questions), with binary (Yes/No, True/False)
and conversational MCQ formats targeting specific reasoning challenges. Conv. = multi-turn conversation
questions.

3.1. Question Generation

Question construction followed an iterative, semi-
automatic process designed to identify salient, ex-
tractable financial information. Two LLMs (GPT-4o
and Gemini-2.0) assisted in generating candidate
question and answers, after which all outputs were
reviewed and revised by a human annotator. When
necessary, input contexts were expanded to en-
sure completeness and faithful grounding in the
source documents. The specific design choices for
each question type are described below.

Text-Based Task Text-based questions were
derived from PDF documents converted semi-
automatically into text. During this process, tables
were preserved and transformed into tabulated tex-
tual format, resulting in contexts combining plain
text and structured tables. This subset primarily fo-
cuses on extracting key financial information, such
as applicable taxes and minimum investment dura-
tions.

To assess the suitability of LLMs for question
generation in this task, we first conducted a pre-
liminary analysis to determine whether salient and
informative content could be reliably extracted from
the source documents. As the result were satisfac-
tory, we proceeded with the creation of question-
answers pairs via prompting. The model was asked
to identify twenty key informational items that could
form the basis for potential questions, link each
item to its textual extract, and generate an open-

ended question grounded in that excerpt. All out-
puts were subsequently validated and, when nec-
essary, rewritten by a human annotator.

Image-Based Tasks: Tables and Charts For
table- and chart-centered tasks, questions and
answers were generated directly from visual in-
puts. This subset includes open-ended, Yes/No,
and True/False questions. The objective is to eval-
uate structured and graphical data interpretation in
financial documents.

Image-Based Task: Conversational Setting
The conversation-based subset (referred to as
Conv. in the tables) targets multi-step reason-
ing over financial content. Unlike the rest of the
dataset, where answers are directly extractable,
these questions involve mathematical reasoning
and are formatted as multiple-choice questions.
This subset was generated using a dedicated
prompt specifying both the structure of the con-
versational turns and the syntactic diversity, as well
as the nature of the references to be included in
the dialogue. This design enables controlled evalu-
ation of error propagation in interactive settings.
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Question Type Example
Text Question « Ce fonds est-il géré activement ou suit-il un indice de manière passive ? »
Table Comprehension « À combien s’élèvent les frais courants annuels prélevés par le FCPE ? »
Chart Interpretation « Combien de périodes consécutives sans cristallisation sont visibles sur le graphique ? »
Special Cases « Quels instruments dérivés spécifiques peuvent être utilisés par le compartiment ? »
Conversational 1st turn: « Si je place 25 000 C sur la part A, combien me coûteraient les frais d’entrée

maximum ? »
2nd turn: « Et si je prends cette même somme pour la part I ou R, j’aurais une différence au
niveau des frais ? »

Table 3: Examples of each question type in the SCRIBE FINANCE dataset. Visual examples are provided
in Appendix 12.1 and English translations in Appendix 5.

3.2. Manual Validation and Refinement

All question–answer pairs were validated by a
French financial domain expert.4 Each question
was assigned a gold-standard answer confirmed
by the expert.

The validation process covered question formu-
lation, answer correctness, and manual verification
of all document excerpts used as inputs, with partic-
ular attention to open-ended questions. Instances
were removed if answers were incorrect, questions
were overly generic, insufficiently grounded in the
source table, too short, or repetitive. To increase
linguistic and structural diversity, a substantial sub-
set of the remaining questions was rewritten by the
same annotator. In total, 75% of questions were
reformulated or removed by the annotator.

3.3. Task Overview and Dataset
Composition

The benchmark comprises six task categories re-
flecting realistic financial document understanding
scenarios. Except for text-only questions, all tasks
involve multimodal inputs, where a relevant image
(e.g., a table, chart, or document page) is provided
alongside the textual context.

The task categories (examples in Table 3) are:
• Text Question, focusing on extraction from

purely textual contexts;
• Table Comprehension, requiring reasoning

over structured tabular data;
• Chart Interpretation, based on graphical fi-

nancial representations;
• Special Cases, involving nuanced terminol-

ogy or implicit reasoning;
• Conversational (Gold Context), with a dia-

logue with oracle previous answers;
• Conversational (Model Context), with a dia-

logue with model-generated previous answers

4The expert annotator has two years of experience
as a financial data scientist leading a financial data an-
notation team. As each generated question had a single
directly verifiable answer, one expert was deemed suffi-
cient for dataset verification and rewriting.

to study error propagation.
To capture a range of retrieval and reasoning

challenges, tasks vary along two axes: context
length, ranging from short excerpts to document-
level inputs, and context modality, including plain
text, tables, charts, and mixed formats. Questions
are formulated as open-ended, binary (Yes/No,
True/False), or multiple-choice depending on the
task.

3.4. Dataset Statistics

Table 2 summarizes the distribution of questions
across task categories, question types, and context
modalities. The dataset includes both text-based
and image-based questions, with open-ended for-
mats dominating overall, while binary and conver-
sational formats target more constrained reasoning
settings.

Context lengths range from short passages (1–2
sentences) to multi-page documents. The conver-
sational subset consists of 5–10 turn dialogues,
explicitly designed to probe error propagation and
robustness in interactive scenarios.

4. Experimental Setup

Models We evaluated six state-of-the-art Vision-
Language Models spanning different scales
and architectures: Qwen/Qwen3-VL-8B-Instruct
and Qwen/Qwen3-VL-32B-Instruct (Qwen Team,
2025), google/gemma-3-12b-it and google/gemma-
3-27b-it (Gemma Team et al., 2025), and
mistralai/Pixtral-12B-2409 and mistralai/Pixtral-
Large-Instruct-2411 (Agrawal et al., 2024). Model
sizes range from 8B to 124B parameters, enabling
analysis of scaling effects on financial document
understanding.

Answer Generation For each task, models re-
ceived a prompt and were instructed to respond
concisely without explanations. Single turn image-
based tasks (Table, Charts, Special Cases) in-
cluded the image followed by the question. The
Text Question task provided textual context instead
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of an image. Conversational tasks built a multi-
turn dialogue incrementally, with the image pro-
vided only at the first turn and subsequent model
responses appended to the history. In all cases,
the assistant turn was prefilled with “Answer:” to
constrain the response format. We used greedy de-
coding to ensure reproducibility. Complete prompt
templates are provided in Appendix 12.2.

Evaluation Protocol Given that more than a half
of the proposed dataset consists of open-ended
questions (Table 2), and to ensure a unified evalua-
tion process across all tasks, we adopt an LLM-as-
judge approach5 to avoid the high cost of human
validation (Zheng et al., 2023). We used three
open-source judge models6 independently to as-
sess each response: meta-llama/Llama-3.3-70B-
Instruct (Grattafiori et al., 2024), Qwen/Qwen3-
32B (Qwen Team, 2025), and google/gemma-3-
27b-it (Gemma Team et al., 2025)7. An answer
was considered correct if a majority of judges de-
termined it to be correct. Scores reported in Table 4
represent the percentage of questions answered
correctly under this majority-vote criterion.

5. Results and Analysis

Table 4 presents results across all task categories.
Qwen3-VL-32B achieved the strongest overall
performance with an average score of 75.6%,
obtaining top scores across all six categories.
Qwen3-VL-8B followed with 67.8%, Gemma-3-
27B reached 66.2%, Gemma-3-12B scored 63.8%,
Pixtral-Large-124B achieved 55.2%, and Pixtral-
12B showed the lowest performance at 53.4%.

For most tasks, models achieved strong perfor-
mance in the 70-90% range. Text Question scores
approached 90% across all models, and table com-
prehension reached 85.8% for the best perform-
ers, indicating that current Vision-Language Mod-
els handle both textual entity extraction and struc-
tured visual information effectively when the task
is well-defined.

Figure 3 shows that text-based accuracy re-
mains high across short and medium contexts,

5We initially attempted to extract answers automat-
ically using regular expressions for certain question
types, however this approach proved error-prone, so
we switched to the LLM-as-judge method.

6Only open-source models were used, in compliance
with the restrictions established by our institution.

7Although Qwen and Gemma family models are
used both for answer generation and evaluation, which
may raise concerns about self-preference bias, Chen
et al. (2025) show that models larger than 7B parame-
ters exhibit limited self-bias and that the strongest self-
preference effects are observed in the Llama family,
which in our setup is used only for the evaluation.

with only moderate degradation as context length
increases.

Two tasks exposed notable limitations. First,
chart interpretation is challenging for all tested
models, with scores ranging from 34.4% (Pixtral-
12B) to 61.7% (Qwen3-VL-32B). The second best-
performing model does not reach 50%. Though
charts are designed to render complex informa-
tion more accessible to human understanding, this
visual simplification paradoxically challenges our
tested models, which struggle to extract trends,
comparisons, and proportions from graphical ele-
ments rather than explicit text or tabular image.

Figure 2 provides a fine-grained breakdown of
image-based performance, showing strong results
on table comprehension but a substantial drop on
chart-based questions across all models.

Second, the conversational task evaluation
showed how error propagation affects multi-turn
reasoning. In the gold context condition, where
correct previous answers are provided, models
achieved 63.1–86.2% accuracy with clear differenti-
ation by model capacity. In the standard condition,
where models must build on their own previous
responses, performance dropped sharply and con-
verged to a narrow 46.2–58.5% range. The com-
parison between the Conversational Gold and Con-
versational Standard task suggests that the bottle-
neck is not reasoning capacity per se, but rather the
accumulation of errors across turns: once a model
makes an early mistake, subsequent answers are
compromised by incorrect context, and larger mod-
els offer no protection against this cascade. These
findings question the reliability of VLMs in interac-
tive, multi-turn financial analysis scenarios where
accumulated errors cannot be corrected.

6. Discussion

This work evaluates the capabilities of current
Vision-Language Models on French financial docu-
ment understanding through the SCRIBE FINANCE
benchmark. Beyond reporting performance scores,
our results reveal several structural limitations that
are particularly relevant for high-stakes, real-world
deployment.

6.1. Model Performance and Limitations

First, the strong performance observed on text-
based and table-based tasks suggests that con-
temporary VLMs are generally reliable when the
task is well-scoped and the relevant information is
explicitly present in the input. Extraction of named
entities, numerical values, and clearly localized
facts appears largely solved under these condi-
tions. This aligns with prior findings on document
understanding benchmarks (Clark et al., 2026) and
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Model Task Avg.Text Tables Charts Conv. Gold Conv. Special Cases
Qwen3-VL-8B 89.4 80.0 45.3 73.8 52.3 63.6 67.8
Gemma-3-12B 88.0 85.8 46.1 70.8 50.8 40.9 63.8
Pixtral-12B 88.4 51.7 34.4 63.1 52.3 27.3 53.4
Gemma-3-27B 89.0 85.0 48.4 73.8 49.2 54.5 66.2
Qwen3-VL-32B 89.8 85.8 61.7 86.2 58.5 72.7 75.6
Pixtral-Large-124B 87.8 71.7 46.1 70.8 46.2 63.6 55.2

Table 4: Model performance on SCRIBE FINANCE (accuracy %). Text and table tasks achieve strong
results (80–90%), while chart interpretation (34–62%) and multi-turn conversation (46–59%) display
significant weaknesses. Bold indicates best performance; underline indicates second best.
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Figure 2: Model accuracy on image-based question subcategories. Performance remains strong on table
comprehension tasks (70–86%) but degrades substantially on chart interpretation (34–62%). Qwen3-VL-
32B consistently outperforms other models across all visual modalities.
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Figure 3: Model accuracy on text-based question subcategories by context length. All models achieve
high performance (85–95%) on short and medium text contexts, with moderate degradation on larger
contexts. Performance on tabular text (rightmost) remains competitive, indicating that text-based table
comprehension is less challenging than image-based table interpretation.

indicates that scaling and multimodal pretraining
have effectively addressed many single-step re-
trieval problems.

However, this apparent robustness does not
extend to more visually or temporally complex
settings. Chart interpretation remains a consis-
tent weakness across all evaluated models, with
large performance gaps relative to text and table
tasks. Unlike tables, charts require models to infer
trends, relative comparisons, and implicit values

that are not directly encoded as text. The persis-
tent difficulty observed here suggests that current
VLMs rely heavily on surface-level pattern match-
ing rather than deeper visual abstraction, limiting
their ability to reason over graphical representa-
tions commonly used in financial reporting.

The most striking finding concerns multi-turn
conversational evaluation. When models are re-
quired to build on their own previous answers, per-
formance collapses to approximately 50% regard-
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less of model size. This behavior exposes a fail-
ure mode that is not visible in single-turn bench-
marks: early mistakes introduce incorrect context
that subsequent reasoning cannot recover from.
Importantly, the comparison with the Conversa-
tional Gold setting indicates that this degradation
is not primarily due to a lack of reasoning capacity,
but rather to error accumulation and context con-
tamination. Scaling the model does not mitigate
this effect, suggesting that architectural or training-
level changes may be required to support reliable
multi-step financial reasoning.

6.2. Generation Biases and Implications
for Dataset Construction

Our analysis also reveals several systematic ten-
dencies in the semi-automatic question generation
process that have implications for both dataset
composition and evaluation outcomes. In the open-
ended setting, generated questions disproportion-
ately focused on short, easily identifiable facts,
such as entry fee percentages or single numerical
values. In contrast, more complex information—
particularly investment rules or constraints dis-
tributed across multiple sections of a document—
was less frequently captured. This suggests that
current generation pipelines favor information that
is locally salient, which may underrepresent ques-
tions requiring broader contextual integration.

We further observed limited lexical diversity and
originality in a subset of the generated questions.
Similar formulations were often reused across doc-
uments, resulting in questions that were syntacti-
cally correct but insufficiently specific to the source
material. A comparable pattern emerged for table-
based inputs: even when tables contained struc-
turally rich or nuanced information, generated ques-
tions tended to target straightforward value extrac-
tion rather than higher-level relationships or con-
straints. These tendencies required manual revi-
sion (described in Section 3) to ensure adequate
coverage of more challenging reasoning scenarios.

In the multiple-choice setting, additional artifacts
emerged. Although the model was able to gener-
ate candidate distractors, incorrect answer options
were frequently implausible, often falling well out-
side the range of values or concepts presented in
the document. Moreover, the correct answer was
repeatedly assigned to the same option label, in-
troducing a positional bias that could be exploited
during evaluation. Addressing these issues re-
quired manual correction of both distractor content
and label assignment. Together, these observa-
tions underscore current limitations of automated
generation methods and reinforce the importance
of human oversight when constructing evaluation
benchmarks in high-stakes domains such as fi-

nance.
These observations have practical implications.

Financial analysis often involves iterative question-
ing, clarification, and dependency on prior answers.
The inability of current models to correct or contain
earlier errors raises concerns about their suitabil-
ity for interactive advisory or compliance-related
applications, where even small inaccuracies can
propagate into significant downstream risks. Our
results therefore caution against over-reliance on
conversational interfaces for complex financial doc-
ument analysis without additional safeguards.

Finally, the use of an LLM-as-judge evaluation
protocol reflects a trade-off between scalability and
human validation. While this approach enables
consistent and reproducible assessment across
a large benchmark, it may inherit biases or blind
spots from the judge models themselves. Although
majority voting across multiple judges mitigates
some of these concerns, future work should further
investigate alignment between automated judg-
ments and expert human evaluation, particularly
for nuanced or ambiguous financial questions.

Overall, our dataset exposes a clear gap be-
tween strong single-step extraction performance
and fragile multi-step reasoning in financial con-
texts. Addressing this gap will likely require ad-
vances beyond model scaling, including improved
training objectives, explicit uncertainty modeling,
and mechanisms for error detection and correction
in multi-turn interactions.

7. Conclusion

We introduced SCRIBE FINANCE, a multimodal
benchmark for evaluating Vision-Language Models
on French financial document understanding. The
benchmark targets realistic, high-stakes scenar-
ios involving long, heterogeneous documents that
combine legal text, numerical tables, and charts,
and includes both single-turn and multi-turn conver-
sational tasks. By focusing on excerpt-grounded
information extraction rather than full-document
access, SCRIBE FINANCE emphasizes precise re-
trieval as a prerequisite for reliable financial rea-
soning.

Our evaluation of six state-of-the-art VLMs
presents a clear contrast between strong perfor-
mance on well-scoped text and table extraction
tasks and persistent weaknesses in chart interpre-
tation and conversational settings. In particular, we
show that error propagation across dialogue turns
causes model performance to collapse regardless
of scale, exposing a failure mode that is largely
invisible in standard single-turn benchmarks.

Together, these findings suggest that progress
in financial document understanding will require
advances beyond model scaling alone. Future
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work should explore training objectives and archi-
tectural mechanisms that explicitly support uncer-
tainty awareness, error correction, and robust multi-
step reasoning over multimodal inputs. We hope
that SCRIBE FINANCE will serve as a useful testbed
for measuring such progress and for guiding the
development of more reliable models for real-world
financial analysis.

8. Limitations

Our benchmark focuses exclusively on French-
language investment documents, which limits the
direct generalizability of our findings to other lan-
guages or regulatory settings. While this choice
addresses a clear gap, financial disclosure prac-
tices may differ across jurisdictions. The bench-
mark primarily evaluates information extraction and
reasoning grounded in explicit document content.
It does not cover more speculative or advisory
use cases, such as portfolio recommendation or
forward-looking decision-making, and should there-
fore be viewed as assessing foundational docu-
ment understanding rather than full financial ex-
pertise. Dataset construction relies in part on
semi-automatic question generation using large
language models, followed by expert revision. We
observed occasional references to information out-
side the provided input context, as well as limited
originality and lexical diversity in generated ques-
tions, suggesting potential memorization effects
and a bias toward easily extractable facts. These
observations stress the continued necessity of hu-
man expert validation to ensure proper grounding
and question quality. Finally, our evaluation re-
lies on an LLM-as-judge protocol rather than ex-
haustive human annotation. While majority voting
across multiple judges improves robustness, subtle
numerical or legal errors may still be missed. In
addition, our conversational evaluation highlights
indeed error propagation but does not explicitly
model uncertainty awareness or error correction.

9. Ethics

All documents used in this study are publicly avail-
able financial disclosures released by asset man-
agement companies. No private, sensitive, or
personally identifiable information was collected
or processed. The expert reviewer involved in
dataset construction and evaluation was fairly com-
pensated for their contributions. While the bench-
mark is designed for document understanding and
evaluation purposes, financial applications are in-
herently high-stakes. Our results identify failure
modes such as error propagation in conversational
settings, exposing the risk of over-reliance on au-
tomated systems for financial analysis or advisory

tasks. The benchmark is intended to support re-
search and evaluation, not to replace professional
judgment in real-world financial decision-making.
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12. Appendix

12.1. Dataset Examples

This section provides representative examples
from the SCRIBE FINANCE benchmark across dif-
ferent task categories. For convenience, all exam-
ples have been translated into English, the original
French prompts are available in the paper’s accom-
panying repository.

12.1.1. Table Comprehension Example

Figure 5 presents a typical table comprehension
task from the dataset.
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Remarques à l’attention des investisseurs
Profil de l’investisseur Investisseur qui 
comprend les risques liés au 
Compartiment, y compris le risque de perte 
de capital, et : 

 vise une croissance du capital sur le long 
terme en s’exposant aux marchés 
d’actions africains ;  
 comprend les risques associés aux 

actions émergentes et est disposé à 
accepter ces risques en contrepartie de 
rendements potentiellement plus 
élevés ;  
 envisage une mise en œuvre dans le 

cadre d’un portefeuille de placements et 
non d’un plan d’investissement complet.  

Commission de performance  Méthode : 
récupération (claw-back). Plafond : néant. 
Période de référence : durée de vie du 
Fonds. 

Négociation Les ordres reçus avant 14 h 30 
(CET) chaque Jour de valorisation seront 
traités le jour même. 

Date de lancement du Compartiment 
 14 mai 2008. 

 

Frais ponctuels prélevés avant ou après investissement 
(maximum) 

Frais et charges prélevés sur  
le Compartiment sur une année 

Classe  
de base 

Commissio
n de 

souscriptio
n 

Commission 
de 

conversion 

 
 

CRDC
* 

Commissio
n de rachat 

Commission 
annuelle de 

gestion et de 
conseil 

Commissio
n de 

distribution 

Frais 
administratifs 

et 
d'exploitation 

(max.) 

Commission 
de 

performance 
         A (perf)  5,00% 1,00% - 0,50% 1,50% - 0,30% 10,00% 

C (perf)  - 1,00% - - 0,75% - 0,20% 10,00% 
D (perf)  5,00% 1,00% - 0,50% 1,50% 0,75% 0,30% 10,00% 
I (perf)  - 1,00% - - 0,75% - 0,16% 10,00% 

I2 (perf)  - 1,00% - - 0,60% - 0,16% 10,00% 
T (perf)  - 1,00% 3,00

% - 1,50% 0,75% 0,30% 10,00% 
X  - 1,00% - - - - 0,15% - 

X (perf)  - 1,00% - - - - 0,15% 10,00% 
 
Voir Classes d’Actions et Frais pour de plus amples informations. * Réduit de 1,00% par an puis porté à zéro à l’issue de 3 années.

Figure 4: Example table from a financial document.

Question: Which class applies a redemption
fee?
Answer: A (perf), D (perf)

Figure 5: Table comprehension example based on
Figure 4.

12.1.2. Chart Interpretation Example

Figure 7 illustrates a chart interpretation task.

 

16, PLACE DE LA MADELEINE – 75008 PARIS – TEL : 01 53 43 19 00 – FAX : 01 53 43 19 10 

SOCIETE ANONYME AU CAPITAL DE 290 700 € – R.C.S. PARIS B 353 050 008 

 

Frais 

 

Les frais et commissions acquittés servent à couvrir les coûts d’exploitation de l’OPCVM, y compris les coûts de 
commercialisation et de distribution. Ces frais réduisent la croissance potentielle de vos investissements. 

 

Frais ponctuels prélevés avant ou après investissement 

Frais d’entrée : 3.5 % maximum 

Frais de sortie : 0% 

 

Le pourcentage indiqué est le maximum pouvant être 

prélevé sur votre capital avant que celui-ci ne soit 

investi. L’investisseur peut obtenir de son conseil ou de 

son distributeur le montant effectif des frais d’entrée. 
 

Frais prélevés par le fonds sur une année 

Frais courants : 2.26% 

Frais prélevés par le fonds dans certaines 

circonstances 

Commission de performance : aucune 

 

Les frais courants se fondent sur les chiffres de 

l’exercice clos le 31/12/2020. Ils peuvent varier d’un 
exercice à l’autre. Ils ne comprennent pas les frais 

d’intermédiation excepté dans le cas de frais d’entrée 
et/ou de sortie payés par l’OPCVM lorsqu’il achète ou 
vend des parts d’un autre véhicule de gestion collective. 

 

 

Pour plus d’information sur les frais, veuillez-vous référer à la partie « Frais et commissions » du prospectus de cet 

OPCVM, disponible sur le site internet www.cholet-dupont-am.fr. 

 

Performances passées 

 

 

Les performances passées ne préjugent pas 

des performances futures. Les performances 

ne sont pas stables dans le temps.  

 

Les performances de CD France Expertise 

présentées ici sont calculées revenus nets 

réinvestis et après déduction de tous les frais 

du fonds. Les performances de l’indicateur de 

référence sont calculées dividendes 

réinvestis. 

 

Le fonds a été créé le 31/10/1979.  

La devise de référence est l’euro. 

Informations pratiques 

 

Dépositaire : CACEIS Bank 

 

Information : les informations sur l’OPCVM sont 

disponibles gratuitement auprès de la société de 

gestion et sur le site internet www.cholet-dupont-am.fr.  

 

Valeur liquidative : la valeur liquidative du fonds est 

quotidienne, elle est disponible sur simple demande et 

sur le site internet www.cholet-dupont-am.fr.  

 

Fiscalité : la législation du pays d’origine du fonds, la 
France, n’a pas d’impact sur les investisseurs. Selon 

votre régime fiscal, les plus-values liées à la détention 

de parts du fonds pourront être soumises à taxation. Ce 

fonds est éligible au PEA et aux contrats d’assurance-

vie en unités de compte.  

 

Responsabilité : la responsabilité de Cholet Dupont 

Asset Management ne peut être engagée que sur la 

base de déclarations contenues dans le présent 

document qui seraient trompeuses, inexactes ou non 

cohérentes avec les parties correspondantes du 

prospectus du fonds.  

 

Ce fonds est agréé par la France et réglementé par 

l’Autorité des Marchés Financiers (AMF).  
Cholet Dupont Asset Management est une Société de 

Gestion de Portefeuille agréée par la France sous le 

n°GP98009 et règlementée par l’Autorité des Marchés 
Financiers.  

La politique de rémunération est disponible sur le site 

internet de CDAM http://www.cholet-dupont-

am.fr/cholet-dupont-asset-management/.  

Un exemplaire papier sera mis à disposition 

gratuitement sur demande. 

 

Les informations clés pour l’investisseur ici fournies 
sont exactes et à jour au 11/06/2021. 
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Figure 6: Example financial chart requiring visual
interpretation.

12.1.3. Conversational Task Example

Figure 8 shows the financial projection table used
as context for the multi-turn dialogue presented in

Question: What was the performance of the
CD France Expertise fund in 2018?
Answer: -2.0%

Figure 7: Chart interpretation example based on
Figure 6.

Figure 9. This example demonstrates how ques-
tions require maintaining context across turns and
performing numerical reasoning based on tabular
financial data.

QUELS SONT LES RISQUES ET QU’EST-CE QUE CELA POURRAIT ME RAPPORTER ? (SUITE)
Scénarios de performance
Les scénarios présentés illustrent la performance de votre investissement au cours des 5 prochaines années en supposant que vous
investissiez 10 000,00 $. Vous pouvez les comparer aux scénarios d’autres produits. Les scénarios présentés sont une estimation de
la performance future basée sur des données du passé sur la façon dont la valeur de cet investissement varie ; ils ne constituent pas
un indicateur exact. Ce que vous obtenez varie en fonction des performances du marché et de la durée pendant laquelle vous
conservez l’investissement.
Le scénario de tensions montre ce que vous pourriez obtenir dans des circonstances de marché extrêmes et ne tient pas compte de
la situation dans laquelle nous ne serions pas en mesure de vous payer.

Période de détention minimum recommandée : 5 année(s)
Investissement = $10.000
Scénarios 1 an 5 ans
Minimum Il n’y a pas de rendement minimum garanti. Vous pourriez perdre tout ou partie de votre investissement.

Scénario de tensions Ce que vous pourriez obtenir après déduction des
coûts

$5.350 $2.110

Rendement annuel moyen en % -46,5% -26,8%
Scénario défavorable Ce que vous pourriez obtenir après déduction des

coûts
$8.670 $9.620

Rendement annuel moyen en % -13,3% -0,8%
Scénario intermédiaire Ce que vous pourriez obtenir après déduction des

coûts
$10.980 $14.900

Rendement annuel moyen en % 9,8% 8,3%
Scénario favorable Ce que vous pourriez obtenir après déduction des

coûts
$15.890 $19.710

Rendement annuel moyen en % 58,9% 14,5%

Si la catégorie d’actions n’a pas encore été lancée ou ne dispose pas de dix ans de performance, un indice de référence ou
procuration sera utilisé. Veuillez contacter l’équipe Heptagon à l’adresse https://www.heptagon-capital.com/contact pour en savoir
plus.
Les chiffres indiqués comprennent tous les coûts du produit lui-même, mais pas nécessairement tous les frais dus à votre conseiller
ou distributeur. Ces chiffres ne tiennent pas compte de votre situation fiscale personnelle, qui peut également influer sur les
montants que vous recevrez.
Le Fonds n’inclut aucune protection contre les performances futures du marché, vous pourriez donc perdre tout ou une partie de
votre investissement.

QUE SE PASSE-T-IL SI L’ICAV N’EST PAS EN MESURE D’EFFECTUER LES VERSEMENTS ?
L’ICAV n’est pas tenu de vous verser un quelconque paiement au titre de votre investissement. Si l’ICAV a été liquidé, vous avez le
droit de recevoir une distribution égale à votre part des actifs de l’ICAV, après paiement de tous ses créanciers. L’ICAV n’a aucune
obligation de vous verser des paiements au titre des actions ordinaires. Il n’existe pas de régime de rémunération ou de garantie qui
s’applique à l’ICAV et, si vous investissez dans l’ICAV, vous devez être prêt à assumer le risque que vous perdiez l’intégralité de votre
investissement.

QUE VA ME COÛTER CET INVESTISSEMENT ?
La réduction du rendement (« RIY ») indique l’impact des coûts totaux que vous payez sur le retour sur investissement que vous
pourriez obtenir. Les coûts totaux tiennent compte des coûts ponctuels, récurrents et accessoires. Les montants indiqués ici
correspondent aux coûts cumulés du produit lui-même, pour deux périodes de détention différentes. Les chiffres supposent que
vous investissiez 10 000 $. Les chiffres sont des estimations et peuvent changer à l’avenir. La personne qui vous vend ou vous
conseille sur ce produit peut vous facturer d’autres frais. Le cas échéant, cette personne vous donnera une interprétation de ces
coûts et vous montrera l’impact que tous les coûts auront sur votre investissement au fil du temps.

Tableau 1 : Coûts au fil du temps
1 an 5 ans*

Coûts totaux $170 $1.340
Impact sur le rendement (RIY) par an 1,7% chaque année 1,9% chaque année

*Période de détention recommandée

Document d’informations clés Page 2 of 3

Figure 8: Financial projection table showing invest-
ment scenarios over different time periods. This
image serves as the visual context for the conver-
sational dialogue in Figure 9.

12.1.4. Translation of Questions from Table 3

Table 5 presents the English translations of the
example questions shown in Table 3.

12.2. Prompt Templates

We used three prompt templates to obtain answers
from the LLM during evaluation, depending on the
task type. In all cases, models completed an as-
sistant turn prefilled with “Answer:”. The original
prompts were written in French, here we provide
their English versions for convenience.

12.2.1. Image-Based Tasks

Figure 10 presents the template used for Table,
Table Yes/No and True/False, Charts, and Spe-
cial Cases tasks. The model receives an image
followed by the question and must complete the
assistant turn.

12.2.2. Text-Based Task

Figure 11 presents the template used for the Text
Question task, which operates on textual context
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Question Type Example
Text Question « Is this fund actively managed, or does it passively follow an index? »

Table Comprehension « What are the annual ongoing charges applied by the FCPE? »
Chart Interpretation « How many consecutive periods without crystallization are visible in this chart? »

Special Cases « Which specific derivative instruments may be used by the sub-fund? »
Conversational 1st turn: « If I invest C25,000 in share class A, what would be the maximum entry

fees? »
2nd turn: « And if I invest the same amount in share class I or R, would there be any
difference in the fees? »

Table 5: English translations of the example questions from the SCRIBE FINANCE dataset, presented in
Table 3.

rather than images.

12.2.3. Conversational Tasks

Figure 12 illustrates the template used for conver-
sational tasks. The dialogue is built incrementally
over 5–10 turns: the image is provided only in
the first turn, and each subsequent question is
appended as a new user message. In the Conv.
setting, the model’s own previous answers are in-
cluded in the conversation history. In the Conv.
Gold setting, ground-truth answers replace model
completions.

12.2.4. LLM-as-judge Evaluation Template

Figure 13 presents the prompt template used for
LLM-as-judge evaluation. Each judge receives the
question, reference answer, and prediction, then
outputs “Correct” or “Incorrect”.
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Context: Financial projection table (Figure 8)

Q1: If I invest $25,000 and the favorable
scenario occurs after one year, approximately
how much will I get at the end of the year?
A. $29,500
B. $34,725
C. $39,725
D. $40,000
Answer: C

Q2: And out of curiosity, by how much does
that value exceed the intermediate scenario
over the same period?
A. Approximately $7,625
B. A little over $5,000
C. $12,275
D. They are equivalent
Answer: C

Q3: OK, but if I look ahead 5 years with this
same scenario, what final amount do I reach?
A. $32,000
B. $37,250
C. $39,750
D. $43,750
Answer: B

Q4: Oh right, and with the stress scenario over
1 year with the amount I invested. . . roughly
how much do I lose?
A. $9,250
B. $12,750
C. $11,625
D. $19,650
Answer: C

Figure 9: Example of a multi-turn conversational
question sequence requiring numerical reasoning
across different investment scenarios. Each ques-
tion builds on previous context, testing the model’s
ability to maintain coherence and perform calcula-
tions based on the tabular financial data shown in
Figure 8.

User:
<image>

Question: {question}
Answer the question concisely based on the
image provided. Don’t include any explana-
tions.

Assistant:
Answer: [model completion]

Figure 10: Prompt template for Image-based tasks.

User:
Context: {context}
Question: {question}
Answer the question concisely based on
the context provided. Don’t include any
explanations.

Assistant:
Answer: [model completion]

Figure 11: Prompt template for Text-based task.

Turn 1 — User:
<image>

Answer all questions concisely based on the
image provided. Don’t include any explana-
tions.
{question_1}

Turn 1 — Assistant:
Answer: [model completion]

Turn 2 — User:
{question_2}
Turn 2 — Assistant:
Answer: [model completion]

... continued for all turns ...

Figure 12: Prompt template for conversational
tasks. The image is provided once at the first turn;
subsequent turns contain only the question. In the
Conv. Gold setting, ground-truth answers replace
model completions in the history.
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User:
You will receive a question, a reference answer, and
an answer to evaluate. Your task is to determine
whether the prediction is correct or incorrect.
Evaluation rules:
1. A prediction is correct if it accurately answers the
question based on the reference answer.
2. If the answer involves a numerical or financial
value, consider as equivalent any expressions
representing the same value (e.g., 20% = 0.2;
1,000,000 = 1 million; 2,200,000 = 2.2M; 12.3 =
12.3).
3. If the question is multiple-choice, an answer
is correct if it matches exactly one of the correct
options (by letter, number, or text).
4. If the prediction is an exact paraphrase of the
reference, it is correct.
5. Do not take into account phrasing or style, only
factual or numerical accuracy.
6. Respond only with "Correct" or "Incorrect".
Examples:
Question: {example question}
Reference: {example reference}
Answer to evaluate: {example prediction} Expected
evaluation: {example expected evaluation}
[5 examples total of numerical and MCQ cases with
correct and incorrect answer]
Answer to evaluate:
Question: {question}
Reference answer: {reference}
Answer to evaluate: {prediction}

Assistant:
Evaluation: [model completion]

Figure 13: LLM-as-judge evaluation template. Five
examples covering numerical equivalence and
multiple-choice formats are included in the full
prompt.
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