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Abstract

The emergence of Large Vision-Language
Models (LVLMs) has substantially expanded
model capabilities beyond text-only under-
standing, enabling unified inference across both
visual and textual modalities and supporting a
broader range of real-world applications. To
comprehensively evaluate the perception, un-
derstanding, reasoning, and cognition capabili-
ties of LVLMs throughout the entire financial
business workflow in Chinese contexts, we in-
troduce CFMME, a novel Chinese financial
multimodal evaluation benchmark. CFMME
comprises 6,052 instances spanning from fun-
damental academic knowledge to complex real-
world applications, covering eight primary fi-
nancial image modalities and four core multi-
modal tasks. On CFMME, we conduct a thor-
ough evaluation of representative LVLMs. The
results show that the state-of-the-art model at-
tains an overall accuracy of 66.11% on the ques-
tion answering task and an average score of
77.18 on the detection, recognition, and infor-
mation extraction tasks, indicating substantial
room for improvement in current LVLMs. In
addition, we conduct detailed analyses of er-
ror causes, cross-modal capabilities, and multi-
orientation settings, yielding valuable insights
for future research. We hope that CFMME will
spur further progress in LVLMs, especially by
improving their performance on multiple multi-
modal tasks in the financial domain.

1 Introduction

The remarkable capabilities demonstrated by Large
Vision-Language Models (LVLMs) have brought
significant advances beyond pure text understand-
ing, extending to tasks that require joint under-
standing and reasoning over images and text. In
order to comprehensively evaluate the capabilities
of LVLMSs, new benchmarks have been introduced
to assess a varied range of abilities exhibited by
these models. Notable examples including MME
(Fu et al., 2023), MMMU (Yue et al., 2024), and
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Table 1: Comparison of various existing financial multi-
modal benchmarks.

MMBench (Liu et al., 2024) are widely employed
to evaluate LVLMs’ capabilities in English. Mean-
while, benchmarks such as CMMU (He et al., 2024)
and CMMMU (Zhang et al., 2024) are widely used
to assess their capabilities in Chinese.

In the financial domain, practitioners often con-
tend with a wide variety of visual data, including
tables, charts, seals, and diverse document types.
Effectively processing and interpreting such data
is essential to the entire financial workflow. How-
ever, assessing multimodal capabilities in financial
scenarios, whether in Chinese or English contexts,
has not been fully explored, with notable limita-
tions remaining. Specifically, the English bench-
marks FAMMA (Xue et al., 2024) and FinMME
(Luo et al., 2025) offer valuable financial multi-
modal evaluation, yet their coverage is relatively
narrow: FAMMA is primarily drawn from text-
books and examinations, while FinMME largely
relies on research reports and webpage screen-
shots. Meanwhile, the bilingual benchmark MME-
Finance (Gan et al., 2025) is constrained by limited
data volume. In Chinese, VisFinEval (Liu et al.,
2025) concentrates exclusively on question answer-
ing tasks, providing limited support for a more
comprehensive assessment spanning broader mul-
timodal tasks. As shown in Table 1, resent bench-
marks have limited data source and multimodal
task coverage, which may result in fragmented and
sometimes misleading insights. No existing bench-
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Figure 1: Overview diagram of our benchmark.

Category | Subcategory/Task | Size | Description
Knowledae Subject 562 43 textbooks across diverse subjects
& Certification 2,256 | 20 types of qualification certification examinations
Seal Detection 756 | company seals and personal seals
Information Extraction | 875 | constrained-category and open-category
Application Seal Recognition 213 shapes of oval, round, square, triangle and rhombus
PP Table Recognition 400 table in a single page and table across two pages
Formula Recognition 200 formula with pure symbols and formula with Chinese characters
Question Answering 790 tables, candlestick charts, shareholding structure charts and statistic charts
Total - | 6,052 | -

Table 2: Statistics of our benchmark.

marks systematically and comprehensively assess
perception, understanding, reasoning, and cogni-
tion capabilities of LVLMs across the full spectrum
of financial business workflow using extensive data
sources and task designs.

Inspired by CFLUE (Zhu et al., 2024) bench-
mark, which provides a comprehensive benchmark
for evaluating through various natural language
processing (NLP) tasks in Chinese, we introduce
a novel benchmark named CFMME (Chinese Fi-
nancial Multimodal Evaluation), which addresses
the aforementioned challenges by comprehensively
evaluating LVLMs through various data sources,
image types, and multimodal tasks. Specifically,
CFMME has the following key features: @ Exten-
sive Data Coverage: It is designed to assess both
academic knowledge and practical application. For
the knowledge assessment, one subset is complied
from 43 textbooks across diverse subjects such as
Microeconomics, Macroeconomics, and Finance.
The other subset is derived from 20 types of certifi-
cation examinations, which covers a wide range of
difficulty levels such as Junior Accountant and In-
termediate Accountant, and spans various certified
domains such as Certified Tax Agent and Certified
Financial Planner. For the application assessment,

based on real-world financial scenarios, data are
sourced from financial websites, applications, an-
nual reports, research reports, invoices and other
visually-rich documents. @ Rich Image Modali-
ties: It includes eight primary image types—tables,
seals, formulas, candlestick charts, shareholding
structure charts, statistical charts, documents, and
others. Furthermore, these images are presented
in diverse formats to reflect real-world complexi-
ties, such as blurred backgrounds, skewed layouts,
carrying watermarks, captured by mobile phones,
and containing handwritten text. @ Diverse Multi-
modal Tasks: It covers four core multimodal tasks:
question answering, detection/grounding, recogni-
tion, and information extraction, comprehensively
assessing the perception, understanding, reasoning,
and cognition capabilities of LVLMs. The recogni-
tion task is further decomposed into three sub-tasks:
seal, table, and formula recognition.

The overview and statistics of CFMME are pre-
sented in Figure 1 and Table 2. In summary, the
contributions of our work are three-fold:

* We propose a comprehensive Chinese finan-
cial multimodal evaluation benchmark called
CFMME with 6,052 instances, spanning from
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fundamental academic knowledge to complex
real-world applications, covering eight pri-
mary financial image types and four core mul-
timodal tasks.

* We conduct a thorough evaluation of 14 dif-
ferent LVLMs on CFMME in a zero-shot set-
ting, providing a quantitative analysis of their
strengths and weaknesses.

¢ In-depth analysis reveals valuable insights and
guidance for enhancing LVLMs to achieve
advanced levels of multimodal capabilities in
the financial domain.

2 Related Works

2.1 Text-Only Financial Benchmarks

Recent advancements in Large Language Models
(LLMs) have demonstrated exceptional capabilities
across various complex tasks, including MMLU
(Hendrycks et al., 2021), GPQA (Rein et al., 2024)
and others. In the financial domain, FLUE (Shah
etal., 2022) utilizes datasets from existing literature
to establish a suite of benchmarks across five NLP
tasks. FinanceBench (Islam et al., 2023), evaluates
the performance on open book financial question
answering. FinEval (Guo et al., 2025) is designed
to evaluate financial domain knowledge and prac-
tical abilities, categorized into four different key
areas. CFLUE (Zhu et al., 2024) provides Chi-
nese datasets across distinct groups of NLP tasks,
and is tailored for both knowledge assessment and
application assessment. However, these text-only
financial benchmarks assess essential language un-
derstanding capabilities while overlooking the vi-
sual information that often underpins real-world
decision making.

2.2 Multimodal Financial Benchmarks

Recent advancements in LLMs have driven no-
table progress in LVLMs, enabling exceptional ca-
pabilities for unified visual-linguistic understand-
ing. General-purpose multimodal benchmarks,
such as MME (Fu et al., 2023), MMMU (Yue
et al., 2024), and MMBench (Liu et al., 2024), have
been introduced to assess the broad capabilities of
LVLMs. In the financial domain, FAMMA (Xue
et al., 2024) provides a benchmark for financial
question-answering tasks in English, though its
data primarily derives from textbooks and examina-
tions. Similarly, FinMME (Luo et al., 2025) offers
a robust evaluation framework;however, its data

mainly originates from research reports and web-
page screenshots. MME-Finance (Gan et al., 2025)
introduces a bilingual visual question-answering
benchmark but is constrained by its limited data
volume. Meanwhile, VisFinEval (Liu et al., 2025)
consists of large-scale annotated question—answer
pairs structured across three hierarchical scenario
depths, yet it lacks support for multi-task evalua-
tions that better represent the comprehensive multi-
modal characteristics of LVLMs.

3 CFMME: Chinese Financial
Multimodal Evaluation

We propose CFMME, a multimodal benchmark
tailored to Chinese financial domain, evaluating
the proficiency of LVLMs from both knowledge
and application perspective. This section provides a
comprehensive introduction to CFMME, including
detailed data construction (Section 3.1 and 3.2) and
quality control protocols (Section 3.3).

3.1 Knowledge Assessment

According to the different data sources, we di-
vide this assessment into two subsets: subject and
certification. The subject subset is sourced from
43 publicly available textbooks, encompassing a
wide range of disciplines. Similarly, the certifi-
cation subset is derived from publicly accessible
and challenging qualification certification exami-
nations designed to evaluate real-world expertise
and problem-solving skills. These examinations
span 20 distinct types, representing various diffi-
culty levels and certified domains. Additionally,
we observe that CFLUE (Zhu et al., 2024) contains
several similar examinations and certain instances
with <img src></img> tags. Therefore, we extract
the images by downloading them from the src at-
tribute of these tags and incorporating them into
our benchmark.

The original data are sourced from PDFs, Mi-
crosoft Word documents and webpage available on
the Internet. We first use tools such as pdfplumber!
and PaddleOCR? to parse these documents, and
then extract questions, options, answers and ex-
planations one by one. Finally, we remove HTML
tags from the text by regular expressions, correct in-
correct characters through manual annotation, and
filter out all text-only instances.

After processing and annotation, we compile a

"https: //github.com/jsvine/pdfplumber
Zhttps://github.com/PaddlePaddle/Padd1e0CR

21904


https://github.com/jsvine/pdfplumber
https://github.com/PaddlePaddle/PaddleOCR

total of 2,818 instances paired with corresponding
images, including 562 instances from the subject
subset and 2,256 instances from the certification
subset. Among them, there are multiple-choice
questions and true-or-false questions, with the true-
or-false questions presented in multiple-choice for-
mat. To assess the model’s capability to understand
and reason both single and multiple images, this
assessment contains 308 instances with multiple
images and 2,510 instances with one single image.
In addition, in order to increase the difficulty of an-
swering questions, this assessment has a maximum
of five options, and consists of 560 multi-answers
questions and 2,258 single-answer questions. Un-
like traditional text-only benchmarks and other
multimodal benchmarks where both questions and
options are solely provided in textual format, we
deliberately introduce greater complexity and diver-
sity by taking screenshots of the options for some
questions as one or multiple images during the
data processing stage. This intentional approach
enriches the benchmark’s multimodal nature and
adds an additional layer of challenge. Specifically,
this assessment comprises 238 questions with op-
tions presented in visual format, alongside 2,580
questions with options provided in textual format.

3.2 Application Assessment

To thoroughly evaluate the capabilities of LVLMs
in the financial domain, it is inadequate to rely
solely on questions derived from textbooks and ex-
aminations, as establishing a more comprehensive,
multidimensional evaluation framework should
also capture their real-world performance and prac-
tical utility. Accordingly, we collect extensive real-
world data from diverse sources, including annual
reports, research reports, and other financial doc-
uments, as well as financial websites and appli-
cations. The ability to effectively perceive and
interpret these images is critical for downstream
decision-making and constitutes a key component
of financial workflows such as underwriting, in-
vestment research, and investment advisory. Con-
sidering common multimodal tasks in financial
workflows, we mainly assess the performance of
LVLMs across four tasks in this assessment: de-
tection, recognition, information extraction, and
question answering.

3.2.1 Detection

Locating objects in an image is commonly referred
to as object detection or visual grounding. In finan-

cial documents, accurately locating seals—which
are ubiquitous—is a prerequisite for subsequent
seal recognition or seal removal. Therefore, we
construct seal detection task by collecting images
from documents with seals and prompting LVLMs
to output both the bounding box and the category of
the seal (divided into company seals and personal
seals).

During annotating, we first use our internally
trained seal detection model to pre-label the col-
lected data, and then use label studio® for verifi-
cation. Finally, we collect a total of 756 images,
including 528 images that contain both two types
of seals at the same time and 228 images that only
contain one type.

3.2.2 Recognition

Accurate recognition of financial documents is es-
sential for extracting critical information and en-
abling reliable interpretation. This assessment fo-
cuses on three representative and challenging el-
ement types commonly found in financial doc-
uments: seals, tables, and formulas. Seals are
frequently degraded and overlap with other con-
tent, and they often contain curved or warped
text and suffer from strong background interfer-
ence. Recognizing tables requires recovering the
complete row—column structure, including merged
cells, under noisy, broken, or even missing ruling
lines. Recognizing formulas that are inherently
two-dimensional demands parsing spatial relation-
ships (fractions, superscripts, subscripts, and matri-
ces) into correct LaTeX, rather than merely recog-
nizing individual symbols.

Seal Recognition. We select data from ICDAR
2023 competition on reading the seal title (ReST)
(Yu et al., 2023a). To minimize the risk of data
contamination, we only select instances from test
sets, for which the competition organizers did not
release annotations. Additionally, this competition
only requires recognizing the seal title rather than
the entire seal content, so we re-annotate this seals.
After annotation, we collect a total of 206 seal im-
ages, whose shapes span a range of types, including
oval, circular, square, triangular, and rhombic.

Table Recognition. We select data from ICDAR
2023 Competition on Structured Text Extraction
from Visually-Rich Document Images (SVRD) (Yu
et al., 2023b), TabRecSet(Yang et al., 2023), and

Shttps://labelstud.io/
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in-house dataset. SVRD dataset contains more
than 50 types of visually-rich document images,
from which we extract tables from receipts, bills,
forms, and purchase orders. TabRecSet dataset is a
large-scale bi-lingual dataset for end-to-end table
recognition, from which we extract tables from
invoices. For in-house dataset, we extract tables
from annual reports and research reports. After
processing and annotation, we collect a total of
400 instances, among which 312 instances contain
tables in one single page and 82 instances contains
tables across two consecutive pages. To ensure
diversity, our table images includes various types,
such as full-line, incomplete-line, and no-line.

Formula Recognition. We select data from
aforementioned textbooks and examinations. Af-
ter processing and annotation, we compile 200
instances, of which 128 are formulas composed
solely of mathematical symbols, whereas 72 con-
tain symbols and Chinese characters.

We design an innovative annotation methodol-
ogy. Specifically, seals, tables and formulas are first
located using our internal layout analysis model.
Then, for the cropped images, two state-of-the-art
models, i.e., Qwen3-VL-Plus (Bai et al., 2025) and
MinerU2.5 (Niu et al., 2025) are used to generate
pseudo-labels. When the edit distance between two
models’ results is large, we use DianJin-OCR-R1
(Chen et al., 2025) to refine. We tend to choose the
instance with a larger edit distance because the in-
consistency to some extent represents the difficulty
of this instance. Finally, all annotations undergo
rigorous verification by human annotators.

3.2.3 Information Extraction

Information extraction, which aims to jointly per-
form optical character recognition (OCR) and
key—value pair extraction within a unified frame-
work, has garnered increasing attention due to its
pivotal role in understanding financial visually-rich
documents—such as receipts, invoices, bills, bank
cards, and account statements—thereby enabling
automated reconciliation, compliance verification,
and risk control. Currently, this task can be divided
into two categories: constrained-category and open-
category datasets, depending on whether the key is
predefined. For the constrained-category, the target
key to be extracted is given.

We select data from SVRD and CMB20174.

4https ://www.heywhale.com/mw/dataset/
5954cf1372ead054a5e25870

SVRD dataset has two subsets: HUST-CELL and
Baidu-FEST, while CMB2017 dataset contains
fake cards from China Merchants Bank and other
banks. For the constrained-category, data are de-
rived from Baidu-FEST and CMB2017, whereas
data for open-category are derived from HUST-
CELL.

The original annotation of these datasets de-
signed to extract entities and entity relationships
is no longer applicable, so we re-annotate these
datasets using a standardized JSON format. To
minimize the risk of data contamination, we only
select instances from test sets. Meanwile, to en-
sure diversity, we exclusively select images that
are presented in diverse formats such as blurred
backgrounds, skewed layouts, carrying watermarks,
captured by mobile phones, and containing hand-
written text. After processing and annotation, we
finally collect 500 instances from HUST-CELL,
275 instances from Baidu-FEST, and 100 instances
from CMB2017.

3.2.4 Question Answering

In financial applications, question answering ex-
tends beyond generic scene understanding to in-
terpreting domain-specific artifacts such as can-
dlestick charts and shareholding structure charts.
LVLMs must accurately extract and reason over
visual evidence—such as numerical values, axis
scales, and legends—while grounding responses
in financial concepts. For this assessment, we
construct a dataset of financial images by combin-
ing manual curation with automated web crawling
from financial documents, webpages, and applica-
tion screenshots. To ensure broad coverage, the
dataset includes multiple image types: tables, can-
dlestick charts, shareholding structure charts and
statistics charts (including line charts, bar charts,
pie charts, and mixed charts).

We employ a multi-stage QA generation
pipeline: we first utilize Qwen3-VL-Plus (Bai et al.,
2025) to generate 10 candidate questions for every
image. Then, human experts choose questions from
these candidate questions and decide whether to
increase their difficulty. In the annotation stage, we
employ a parallel annotation method where both
human annotators and LVLMs independently to
generate preliminary answers based on questions
and images. Finally, we adopt a consistency-based
review workflow: if human annotators and LVLMs
agree, a single expert conducts a quick validation;
if they diverge, three experts perform an in-depth
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assessment to establish the final ground truth.

After annotation, we compile 790 instances in-
cluding 505 instances in multiple-choice format
and 285 instances in open-ended format (with
brief answers), which evaluates LVLMs’ ability
to perform cross-modal understanding, temporal
sequence recognition, horizontal comparisons, nu-
merical calculation, causal analysis, etc.

3.3 Quality Control

To ensure high-quality annotations, we recruit a
team of 20 annotators. For the knowledge assess-
ment, three PhDs in Economics and Business Ad-
ministration are employed to annotate the subject
subset. For the certification subset, we engage eight
experts who hold multiple professional qualifica-
tion certifications. For each examination, all ques-
tions, answers, and explanations are independently
reviewed and verified by three experts who have
passed that examination. For the application as-
sessment, we recruit 12 annotators, consisting of
siX junior annotators, three PhDs (as mentioned
above) and three analysts. Six junior annotators
annotate the detection, recognition and information
extraction data, while three PhDs and three ana-
lysts annotate the question answering data. All of
them undergo training for a week and access guid-
ance documents. The whole annotation and review
process took approximately 1600 hours.

4 [Experiment

4.1 Settings

Models. We conduct experiments across a di-
verse range of model architectures and parameter
scales, with close-source models accessed through
their respective APIs and open-source models de-
ployed locally by vVLLM> on 8 NVIDIA A100
GPUs. The evaluated models include GPT-40°,
Llama-3.2-Vision’, Qwen3-VL Series (Bai et al.,
2025), InternVL3.5 Series (Wang et al., 2025),
GLM-V Series (Team et al., 2025b), Kimi-VL Se-
ries (Team et al., 2025a), and ERNIE-4.5-VL Series
(Team, 2025). More details are in Appendix A.

Metrics. In the knowledge assessment, we mea-
sure the performance using accuracy and weighed
F1 score. In the application assessment, we re-
port Mean Average Precision (mAP) for detec-
tion, 1-Normalized Edit Distance (1-NED) (Zhang

5https ://github.com/v1lm-project/vllm
6https ://openai.com/index/hello-gpt-40/
"https://www.1lama.com/models/1lama-3/

et al., 2019) for seal recognition, Character Detec-
tion Matching (CDM) and ExpRate@CDM (Wang
et al., 2024) for formula recognition, Tree-Edit-
Distance-based Similarity (TEDS) and Structure
TEDS (Zhong et al., 2020) for table recognition,
field-level F1 score (Hwang et al., 2019; Kim et al.,
2022) for information extraction, and accuracy for
question answering.

Prompts. Our evaluation of LVLMs is conducted
in a zero-shot setting. We use a single prompt for
each task, maintaining consistency by employing
the same prompt within each group. Details can be
found in Appendix B.

Parameters. For parameters such as temperature
and top_p, we adopt the recommended settings
mentioned in each model’s paper or website to
elicit the best performance from each model. De-
tails can be found in Appendix C.

4.2 Main Results

As shown in Table 3, Qwen3-VL-235B-A22B-
Thinking achieves the highest average score
66.11% in the question answering task, followed
by Qwen3-VL-235B-A22B-Instruct. Even the
top model fails to reach 70% on our benchmark,
whereas in real-world settings an accuracy of over
80% is typically required for deployment in pro-
duction. In particular, on the question answering
task in the application assessment, demands excep-
tionally strong reasoning and cognition abilities, as
well as a deep understanding of financial terminol-
ogy and its flexible use, the highest score is only
54.94%. These findings suggest, on the one hand,
that our benchmark is highly challenging and can
comprehensively evaluate the reasoning and cogni-
tion capabilities of LVLMs; on the other hand, they
also indicate that the performance of LVLMs in the
financial domain remains to be improved. In addi-
tion, as CFMME is tailored to the Chinese context,
English-oriented models such as GPT-40 perform
worse than Chinese-oriented models, which is also
consistent with common expectations.

As shown in Table 4, Qwen3-VL-235B-A22B-
Thinking emerges as the top performer with an av-
erage score of 77.18 on the detection, recognition
and information extraction tasks, which mainly as-
sess the perception and understanding capabilities
of LVLMs. It is worth noting that existing mod-
els perform well on the recognition and informa-
tion extraction task, yet they still exhibit significant
shortcomings on the object detection task. Aside
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Knowledge Application
Models Avg. Acc. F1 Acc.
Kimi-VL-A3B-Instruct 2797 | 36.52+0.57 39.3740.63 | 19.414+0.64
Kimi-VL-A3B-Thinking 41.85 | 47.33+0.52 48.24+0.60 | 36.37+1.05
ERNIE-4.5-VL-28B-A3B 45.68 | 49.28+0.31 49.61+0.31 | 42.07+0.64
ERNIE-4.5-VL-28B-A3B-Thinking 52.70 | 59.40+0.26 63.38+0.22 | 45.99+0.74
GLM-4.1V-9B-Thinking 51.51 | 61.21£0.09 62.27+0.20 | 41.81£0.82
GLM-4.5V (non-thinking) 57.52 | 64.90+0.09 65.42+0.06 | 50.13+0.46
GLM-4.5V (thinking) 60.78 | 70.20+0.32 72.72+0.17 | 51.35+0.70
InternVL3.5-8B (non-thinking) 46.07 | 53.35+0.24 52.82+0.26 | 38.78+0.19
InternVL3.5-8B (thinking) 50.88 | 58.47+0.49 62.37+0.47 | 43.2940.00
InternVL3.5-241B-A28B (non-thinking) | 53.29 | 64.05+0.21 62.97+0.22 | 42.53+0.91
InternVL3.5-241B-A28B (thinking) 59.90 | 69.7240.30 71.01£0.37 | 50.08+0.60
Qwen3-VL-8B-Instruct 52.83 | 61.85+0.48 63.25+0.47 | 43.80+0.70
Qwen3-VL-8B-Thinking 53.85 | 63.47+£0.26 66.28+0.48 | 44.2240.41
Qwen3-VL-235B-A22B-Instruct 63.31 | 74.054+0.45 73.82+0.42 | 52.574+0.73
Qwen3-VL-235B-A22B-Thinking 66.11 | 77.27+0.59 77.88+0.14 | 54.944+0.51
Llama-3.2-11B-Vision-Instruct 20.20 | 21.794+0.38 23.49+0.39 | 18.61+0.77
GPT-40 46.96 | 56.87+0.90 58.51+0.97 | 37.05+0.70

Table 3: Overall comparison on question answering tasks. Scores in bold and underline denote the top and second-
best performances. When calculating the overall average score, we use the accuracy of each assessment.

Rec Det 1IE
Models Avg. Seal Table Formula
1-NED TEDS STEDS CDM ExpRate@CDM mAP F1
Kimi-VL-A3B-Instruct 50.39 | 50.86+1.34 | 54.20+1.04 63.31+£0.81 | 71.44+0.14 15.83+1.18 0.00+0.00 | 75.46+1.29
ERNIE-4.5-VL-28B-A3B 56.61 | 73.864+1.20 | 57.49+0.50 66.91+0.70 | 70.984+0.98 11.67+0.62 0.004+0.00 | 80.714+0.39
GLM-4.5V (non-thinking) 71.77 | 77.254+0.16 | 71.89£0.05 75.91+0.07 | 83.24+0.16 17.00+0.00 37.45£0.11 | 89.03+0.75
InternVL3.5-8B (non-thinking) 59.03 | 65.704+0.46 | 59.96+0.48 68.67+0.52 | 89.024+0.79 31.17+0.85 0.1940.04 | 80.294+0.62
InternVL3.5-241B-A28B (non-thinking) | 59.49 | 60.25+1.01 | 65.60+0.27 72.71+0.23 | 88.06+0.52 27.334+0.47 0.4240.06 | 83.10+0.20
Qwen3-VL-8B-Instruct 71.04 | 79.154+0.08 | 71.35+£0.13  76.60+0.09 | 87.574+0.37 36.50+0.00 28.2740.15 | 88.86+0.38
Qwen3-VL-235B-A22B-Instruct 77.18 | 88.27+0.28 | 78.92+0.24 81.61+0.26 | 95.01+0.14 49.17+0.47 30.2740.12 | 93.43+0.34
Llama-3.2-11B-Vision-Instruct 2742 | 13.444+1.13 | 28.92+0.21 42.46+0.19 | 47.234+0.44 2.67+£0.24 0.004+0.00 | 47.524+0.38
GPT-40 57.89 | 81.45+1.17 | 57.11+£0.50 66.02+0.73 | 83.73+1.16 20.5+0.41 0.30+0.21 | 66.88+0.28

Table 4: Overall comparison on recognition, detection and information extraction tasks. Scores in bold and underline
denote the top and second-best performances. Non-reasoning models are tested on these tasks. When calculating
the overall average score, we use 1-NED, TEDS, CDM, mAP and F1 for corresponding tasks.

from Qwen3-VL series and GLM-4.5V, most mod-
els struggle to accurately localize objects. Even for
the best-performing GLM-4.5V, its mAP is only
37.45, which demonstrate that fine-grained ground-
ing remains a major challenge for current LVLMs.

We conduct three rounds of testing, and the stan-
dard deviations across all evaluation dimensions re-
main consistently below 1.5%, which indicates the
high reliability and reproducibility of our evalua-
tion framework and also confirming the consistency
of model behaviors across multiple test rounds.

4.3 Analysis

Error Analysis. Among the incorrect responses
produced by the evaluated LVLMs, Figure 2
presents representative failure cases from the top
model. As shown, the dominant error patterns
include hallucinations, perceived barriers, insuf-
ficient understanding of finance-specific terminol-

ogy, and irrational reasoning. These results demon-
strate that even state-of-the-art models remain
prone to systematic failures, and further confirm
that our benchmark can comprehensively evaluate
LVLMSs’ capabilities in perception, understanding,
reasoning, and cognition.

Cross-Modal Capability Analysis. Joint under-
standing and reasoning over images and text consti-
tutes core capabilities of LVLMs, yet they remain
highly challenging, particularly for financial im-
ages with complex structures and high information
density. We conduct experiments on table images
from the question answering task in the application
assessment, where these tables can be represented
losslessly using HTML format. We compare the
results obtained when using (i) a table image and
(ii) the HTML of the table, together with the ques-
tion as input. As shown in Table 5, we find that
the latter yielded better performance. These results
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Error Cases

~N

## Answer
ARETEERL ZRB

## Qwen3-VL-235B-A22B-Instruct
EETERMS 2B/

S _(HR_LRHI S ARDHFET) o
FOR\BH 388 KRR RETEGER )

## Answer

RRFSHL = \left( FIBEE - ARNMETHHRE + IHEH
FERBMES + ZBRIHFIBATFRBITIBNZS \right)
\times &

## Qwen3-VL-235B-A22B-Instruct
BIRFSHE = \left( \frac(fSRE - ARNMETHRE) +
\frac(HHR B ERBAIVES) + \fracREARIHF B AT B
#rIRBIZES) \right) \times &

T REB

2016 FIFD 100547 500/
2016 KM [1007T/47 207C/)
201 TEENAE 0 10051
201TEZAIIM 0 167L/]
201 7TEREME | 30R1{H 0
201 THEEHIN  [10370/ 47 0
201TE T8/ 54 | 50057T 200 7T
201TEEME  [10570/17 1870/

## Question

RESBRATHREA. REBRAULSH, 7£2016-2017F 805
BHRSERNT: 20176, HHFAMREBARNEE
WEEZMA(). A.-450/ 7T B. -51075 7T C. 3405 7T D. -
16073 5T

## Analysis
ARMEZDRBRIEESHAORALAANERLITEY
RHMEHET. XBUSHARSAANETNH AL
AL BIRBORGRIRE, 7£2016-2017518), RIBEE
PEEIE: fR#EA: (100-30)F4%(105-100)+30%(103-
100)=440737%; AREB: 500x(18-20)+100x(18-16)+200
(RESI)=-6007T. HEUL, RHEAMREBASMNE
TR Z M=-600+440=-16073 7T,

## Qwen3-VL-235B-A22B-Thinking
- %A +350/ 7T
- lREB: -800/G T
- & 350 - 800 = **-450 5 7T

Figure 2: Visualization of error cases in LVLMs for our
benchmarks. The red characters denote errors.

not only indicate that existing models remain in-
adequate at perceiving complex images accurately
and comprehensively and aligning them with the
linguistic modality, but also reflect the complexity
and high information density of the images in our
benchmark.

Multi-Orientation Analysis. In real-world appli-
cations, images obtained by financial practitioners
are often not captured in an upright orientation.
Therefore, we evaluate the robustness of LVLMs in
handling multi-orientated images, through rotating
all images from the question answering task in the
application assessment by 90, 180, and 270. As
shown in Table 6, it can be observed that models
perform much worse on multi-orientation images
than on original images, showing a performance
decrease of more than 10%. These results empha-
size the need for including more rotated samples in
the training data to mitigate this challenge.

Models | Table Image | Table HTML
Qwen3-VL-8B-Instruct 59.09 66.67
Qwen3-VL-8B-Thinking 65.90 76.51
Qwen3-VL-235B-A22B-Instruct 61.36 75.76
Qwen3-VL-235B-A22B-Thinking 68.18 78.03

Table 5: Comparison of results obtained when using the
table image and the HTML of the table together with
the question as input.

Models | 0° | 90° | 180° | 270°
Qwen3-VL-8B-Instruct 43.80 | 31.01 | 32.53 | 31.77
Qwen3-VL-8B-Thinking 44.22 | 31.77 | 31.39 | 30.89
Qwen3-VL-235B-A22B-Instruct 52.57 | 42.53 | 41.90 | 42.15
Qwen3-VL-235B-A22B-Thinking | 54.94 | 41.27 | 43.29 | 43.04

Table 6: Comparison of results on multi-oriented im-
ages.

5 Conclusion

This paper introduces CFMME, a novel Chinese
multimodal evaluation benchmark dataset with
6,052 instances designed to evaluate the capabili-
ties of LVLMs in the financial domain. We hope
that CFMME will spur further progress in LVLMs,
especially by improving their performance on Chi-
nese financial multimodal tasks.
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Limitations

While CFMME has made a significant progress in
evaluating LVLMs in the financial domain, it still
has some limitations. Firstly, we use metrics such
as accuracy, CDM, and TEDS to evaluate the per-
formance, which may not provide a comprehensive
assessment of LVLMSs’ outputs. Secondly, focusing

8https://github.com/aliyun/qwen-dianjin
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on the zero-shot setting when preparing prompts
may constrain LVLMSs’ output quality, preventing
them from performing as effectively as they do in a
few-shot setting. Lastly, although CFMME covers
various types of financial images, the types can be
further expanded and refined in real-world.
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A Models

Table 7 provides more details of the LVLMs we
evaluated, including the size of the model’s param-
eters, mode, access method and creator.

B Prompts

Figure 3 to Figure 9 illustrate the evaluation
prompts used in the experiments.

C Parameters

Table 8 provides more details of parameters used in
the inference stage, including temperature, top_p
and presence_penalty. All other parameters are set
to default.

D Detailed Performance

For the knowledge assessment, Table 9 shows the
performance in accuracy and weighted F1 per sub-
set on the question answering task. For the applica-
tion assessment, Table 10 shows the performance
in F1 score per source on the information extrac-
tion task, while Table 11 shows the performance in
mAP per category on the detection task.

E Examples

Figure 10 to Figure 17 show some examples in our
benchmark.
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Models | #Param. | Mode | Access | Creator

Kimi-VL-A3B-Instruct 16B-A3B Instruct | Weights Moonshot Al
Kimi-VL-A3B-Thinking 16B-A3B Thinking | Weights Moonshot Al
ERNIE-4.5-VL-28B-A3B 28B-A3B Instruct | Weights Baidu
ERNIE-4.5-VL-28B-A3B-Thinking 28B-A3B Thinking | Weights Baidu
GLM-4.1V-9B-Thinking 9B Thinking | Weights Zhipu Al
GLM-4.5V 106B-A12B Hybrid | Weights Zhipu Al
InternVL3.5-8B 8B Hybrid | Weights | Shanghai Al Lab
InternVL3.5-241B-A28B 241B-A28B Hybrid Weights | Shanghai Al Lab
Qwen3-VL-8B-Instruct 8B Instruct | Weights Alibaba
Qwen3-VL-8B-Thinking 8B Thinking | Weights Alibaba
Qwen3-VL-235B-A22B-Instruct 235B-A22B | Instruct | Weights Alibaba
Qwen3-VL-235B-A22B-Thinking 235B-A22B | Thinking | Weights Alibaba
Llama-3.2-11B-Vision-Instruct 11B Instruct | Weights Meta
GPT-40 UnKown UnKown API OpenAl

Table 7: Details of LVLMs benchmarked in this paper.

Models | temperature | top_p | presence_penalty
Kimi-VL-A3B-Instruct 0.2 1.0 0.0
Kimi-VL-A3B-Thinking 0.8 1.0 0.0
ERNIE-4.5-VL-28B-A3B 0.2 0.8 0.0
ERNIE-4.5-VL-28B-A3B-Thinking 0.6 0.95 0.0
GLM-4.1V-9B-Thinking 0.8 0.6 0.0
GLM-4.5V (non-thinking) 1.0 0.0001 0.0
GLM-4.5V (thinking) 1.0 0.0001 0.0
InternVL3.5-8B (non-thinking) 0.8 0.8 0.0
InternVL3.5-8B (thinking) 0.6 0.95 1.5
InternVL3.5-241B-A28B (non-thinking) 0.8 0.8 0.0
InternVL3.5-241B-A28B (thinking) 0.6 0.95 1.5
Qwen3-VL-8B-Instruct 0.7 0.8 1.5
Qwen3-VL-8B-Thinking 0.6 0.95 0.0
Qwen3-VL-235B-A22B-Instruct 0.7 0.8 1.5
Qwen3-VL-235B-A22B-Thinking 0.6 0.95 0.0
Llama-3.2-11B-Vision-Instruct 0.6 0.9 0.0
GPT-40 1.0 1.0 0.0

Table 8: Parameters used in the inference stage.

Prompt Template

HEA L RFR, @A RE —ITLMBRHATAX:

Z % . \boxed{#& N F4} (4=\boxed{A}Z \boxed{AB} %)

Please answer the multiple-choice questions above. The last line of your response
must follow this format:

Answer: \boxed{option letter} (e.g., \boxed{A} or \boxed{AB}, etc.)

Figure 3: Prompt used in the knowledge assessment.

Prompt Template

HEAL@EA, REKEEET \boxed{}.
Please answer the above question, and put the final answer in \boxed{}.

Figure 4: Prompt used for the question answering task in the application assessment.
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Prompt Template

HRHNBAFHREGLFAE . FERLCHRE, AP EERLTEXLEME .
Please recognize the text on the seal in the image. No other explanation is
needed. Please output strictly in the following format:

\text{content here}

Figure 5: Prompt used for the seal recognition task in the application assessment.

Prompt Template

A PN REER LaTeX K. FRERLCME, HoEERLTHEXLEME .
Please convert the formula in the image into LaTeX format. No other explanation
is needed. Please output strictly in the following format:

T latex

latex here

Figure 6: Prompt used for the formula recognition task in the application assessment.

Prompt Template

EE PR R HIML B X - W REIHE NG R, FABITEFEME - REAK
SR CATEREME . T ERLCRE, HP AR TEAXEEME .

Please convert the table in the image into HTML format. If the table spans multiple
pages, please merge it first before outputting. Do not output anything other than
the table. No other explanation is needed. Please output strictly in the following
format:

T Thtml

html here

Figure 7: Prompt used for the table recognition task in the application assessment.

Prompt Template

ARG E T AR RSP ER AT, FAEREATE JSON 4 X4

Please locate bounding boxes of all company seals and personal seals in the
image, and output strictly in the following JSON format:

" json

L

"bbox_2d": [x_min, y_min, x_max, y_max],
"label”: "" // A EPERMNAIRE

Figure 8: Prompt used for the detection task in the application assessment.
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Prompt Template

B A — 1213 &I E K, HWRS T EAGZ T X428, ok JSON AR E, T
TERHE. wREANFEIEE, FREOZFHE . HSAEEET JSON XM
You are an information extraction expert. Please extract the key information
from the given image and return it in JSON format, with no explanation. If a
field does not exist, return an empty string. Please output strictly in the

following JSON format:
{schema}

Figure 9: Prompt used for the information extraction task in the application assessment.

Subject Certification

Models Acc. F1 Acc. F1

Kimi-VL-A3B-Instruct 37.54+0.63 39.61£0.79 | 36.26+£0.56 39.344+0.63
Kimi-VL-A3B-Thinking 46.261+0.67 46.25+0.64 | 47.59+0.55 48.76+0.68
ERNIE-4.5-VL-28B-A3B 48.164+0.51 48.00+0.50 | 49.56+0.38  50.07£0.36
ERNIE-4.5-VL-28B-A3B-Thinking 64.35£1.22 66.23+1.31 | 58.174+0.18  62.65+0.16
GLM-4.1V-9B-Thinking 56.88£1.05 58.374+0.80 | 62.434+0.40 63.38+0.46
GLM-4.5V (non-thinking) 60.02+£0.47 61.65+0.39 | 66.12+0.04 66.41£0.10
GLM-4.5V (thinking) 68.51£1.19 70.9441.02 | 70.694+0.40 73.18+0.38
InternVL3.5-8B (non-thinking) 53.684+1.30  52.814+1.27 | 53.27£0.26 52.784+0.26
InternVL3.5-8B (thinking) 63.35+1.29  65.55+1.47 | 57.25£0.30 61.514+0.29
InternVL3.5-241B-A28B (non-thinking) | 63.704+0.67 63.00+0.75 | 64.14+0.41 62.96+£0.45
InternVL3.5-241B-A28B (thinking) 71.77£0.80  72.044+0.57 | 69.21+0.21 70.66+0.32
Qwen3-VL-8B-Instruct 68.09+£0.30 68.414+0.16 | 60.304+0.62 61.98+0.54
Qwen3-VL-8B-Thinking 69.87£0.99 71.354+0.71 | 61.884+0.25 65.00+£0.41
Qwen3-VL-235B-A22B-Instruct 76.694+0.63  76.3240.64 | 73.39£0.62 73.13+0.56
Qwen3-VL-235B-A22B-Thinking 80.66+0.59 81.05+0.86 | 76.42+0.76 77.06+0.35
Llama-3.2-11B-Vision-Instruct 25.44+0.25 27.2940.39 | 20.88+0.50 22.59+0.49
GPT-40 59.61£1.33  60.534+1.49 | 56.1940.96 58.19+1.09

Table 9: Performance of per subset in the knowledge assessment. Scores in bold and underline denote the top and
second-best performances.

Models | HUST-CELL | Baidu-FEST | CMB2017
Kimi-VL-A3B-Instruct 75.66+1.44 79.8240.24 49.331+0.38
ERNIE-4.5-VL-28B-A3B 81.2240.43 78.4440.14 | 65.84+0.44
GLM-4.5V 89.81+0.82 84.71+0.07 | 68.07+0.09
InternVL3.5-8B 81.3640.69 72.514+0.25 | 59.734+0.81
InternVL3.5-241B-A28B 83.68+0.21 80.14+0.09 | 67.07+0.84
Qwen3-VL-8B-Instruct 89.8240.43 84.8940.05 | 58.80+0.49
Qwen3-VL-235B-A22B-Instruct 94.01+0.39 90.88+0.09 | 75.20+0.59
Llama-3.2-11B-Vision-Instruct 48.314-0.40 44.5440.59 | 22.20+0.75
GPT-40 66.9040.35 68.334+0.50 60.67+1.27

Table 10: Performance in F1 score per source on the information extraction task. Scores in bold and underline
denote the top and second-best performances.
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Models | company | personal

GLM-4.5V 54.86£0.27 | 19.334+0.07
Qwen3-VL-8B-Instruct 15.41£0.21 | 40.78+0.24
Qwen3-VL-235B-A22B-Instruct | 10.58+0.21 | 49.28+0.11

Table 11: Performance in mAP per category on the detection task. Scores in bold and underline denote the top and
second-best performances.

2006 4 2007 2008 % 2009 & 2010 % 2011 & 2012 &

T 20138 | 2014 % 2015% | 2016 %

## Subject

#ZRFERERZ

Principles and Applications of Investment

## Question

TAATT F ERT2006~~2018F Bk ektd E &k K947k, TFABZBIEZT AR LD K
ZRBEMPCI)OERMN.

The table below summarizes the industries in China’s stock market with the
largest gains and losses from 2006 to 2018. Based on this, investors can
mainly appreciate the importance of which of the following four investment
principles?

A. BETY . EpTH

Respect the market and adapt to the market

# M B AR T RS 748 1

Investment returns and investment risks always go hand in hand
4R R f B s

Bull and bear markets occur in cycles

2B A% AR R S

. Diversification reduces risk

## Answer

D

## Analysis

KEMNE FAREB REAT LR Z ok AAE, RAES#HLT .

It is impossible to identify consistent patterns of stock price rises and falls
across different industries from the chart, so diversification is necessary.

OO o 0O W W >

Figure 10: An example in subject subset of the knowledge assessment.
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e &

v, ]

A

## Subject

U X

Specialized Securities Examination

## Question

TE AR G- RS BT =, TOHERRGR() -

The return-risk characteristics of an asset portfolio are shown in the figure.
Which of the following statements is incorrect?

p4xT 2 8 3F UG AE A A K RS

The portfolio corresponding to p4 can reduce risk most effectively.

AA R K HF A - pap3p2pl

The ranking of portfolio risk from highest to lowest is: p4, p3, p2, pl.
D138 1 8 7 404 7 T A e Ak RS

The portfolio corresponding to p1 cannot reduce risk.

p1 & T 4L A LB A 69 B AN T A8 &

. p1 indicates that the two assets forming the portfolio are uncorrelated.
## Answer

D

## Analysis

pl & RAMAEE AT TAEA K, TEEH X T BRI EELET RN
p1 indicates that the two assets in the portfolio are perfectly positively
correlated. A portfolio composed of perfectly positively correlated assets
cannot diversify risk.

o OO W W > >

Figure 11: An example in the certification subset of the knowledge assessment.
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## Question
EF10: 20192023 £ B T MR SFIE (27T) 2@1 9—2023‘%‘ E ) i —L 2‘}3 /77\ *}i ik 2 & DﬂF -
FE—myksHe GEHBEEH, &

B l IS ETTS
During 2019-2023, in which year did any

sub-sector within the defense industry
incur a loss? (Please output the year;

- - - - if none, output “None”.)
CERLAGH iFind, 3 E14ER ## Answer
2022

Figure 12: An example of the question answering task in the application assessment.

## Answer

B R TAEG A 4 AR R

Figure 13: An example of the seal recognition task in the application assessment.

[ﬁﬁ ARIHE HENTR  ARSHFRKT) o
fri"iﬁa BE SRS BIEE | REFEGEE /O

## Answer
BERXFTAAR = \left(AHAEH - 2ANEATHME + TROGTENES + KAs
T E R THAKAIT G E£% \right) \times #LF

Figure 14: An example of the formula recognition task in the application assessment.
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EX JopE ¥ 8 I8 SARAES
3E M i o 3R AT #
CMD., CMB, CM., CV. ZMD. ZV. ZM. SY v ZZ, CF
LR IES
AKX THET R SHZV. VCM., VCV . ZVM. ZVMD., ZVV
T F AR HgiEFx CZ. CVT
BAEG AT AR, SEF RER S, AHRGEFLED
it & N
PLIF
E S i S A, HA, FH
R =R i MAERETA, HEMBE, RTAALLESF
## Answer
<table>
<tr>
<td>idk %M H</td>

<td>E R s R S</td>
<td>E R s F R 5 </td>
</tr>
<tr>
<td rowspan="4"># B 5% K</td>
<td>3E A X b P HEINA BT K</td>
<td>CMD-. CMB- CM~ CV~ ZMD~ ZV~ ZM~ SY T 77 . CF</td>
</tr>
<tr>
<td>EANR A ZEH B £</td>
<td>SHZV - VCM-. VCV- ZVM- ZVMD. ZVV</td>
</tr>
<tr>
<td>TF XA &5 # I X</td>
<td>CZ- CVT</td>

</tr>
<tr>
<td>H A% &</td>
<td>BAESEF X ELHNM . P EEFXEHNE . AR EF X EBIF</td>
</tr>
<tr>

<td colspan="2">&BhAE 53 K</td>
<td>ZA . #HA . EM</td>
</tr>
<tr>
<td colspan="2">@ & & 3 & H </ td>
<td>FHERBEF L. FEBBE . ZAXAEEEF</td>
</tr>
</table>

Figure 15: An example of the table recognition task in the application assessment.
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## Answer
{
"bbox_2d": [473, 149, 806, 479],
"label”: "company”
P
{
"bbox_2d": [249, 2120, 407, 2279],
"label”: "personal”
3o
{
"bbox_2d": [686, 2127, 844, 2280],
"label”: "personal”
Jo
{
"bbox_2d": [1125, 2100, 1274, 2252],
"label”: "personal”
1]

Figure 16: An example of the detection task in the application assessment.

## Answer

{

"RBLAR" . "RINEK FRAA R
o E AT AT R R,

"R EARAG" . "144031900114",

"R EFH" "51213321",

TR MR R

"o, " AT A L&

"R R "1554”

nEA, g

"TRE”: "0.00%L",

nel, B F " Q. 00",

e "4.00L",

"B R . "2020-09-13 18:44:50"

@

£ 2/144031900114

.*

o) B WER
b

P

o

=

i2)

£ A & g +09

i
S
s
%
E
*
)
=
&
b
P
=

iR 5.00 7 Hg@g@-w—m 18:44:58

b AR T LAA)
it Y (*ﬁ}i”f:;&g:rmmugnnm shenzhen.chinatax.gov.cn
b N

[

Figure 17: An example of the information extraction task in the application assessment.
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