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CFBenchmark-MM: Chinese Financial Assistant Benchmark for
Multimodal Large Language Model
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Abstract: Multimodal Large Language Models (MLLMs) have rapidly evolved with the growth of Large Language

Models (LLMs) and are now applied in various fields. In finance, the integration of diverse modalities such as

text, charts, and tables is crucial for accurate and efficient decision-making. Therefore, an effective evaluation

system that incorporates these data types is essential for advancing financial application. In this paper, we

introduce CFBenchmark-MM, a Chinese multimodal financial benchmark with over 9,000 image-question pairs

featuring tables, histogram charts, line charts, pie charts, and structural diagrams. Additionally, we develop a

staged evaluation system to assess MLLMs in handling multimodal information by providing different visual content

step by step. Despite MLLMs having inherent financial knowledge, experimental results still show limited efficiency

and robustness in handling multimodal financial context. Further analysis on incorrect responses reveals the

misinterpretation of visual content and the misunderstanding of financial concepts are the primary issues. Our

research validates the significant, yet underexploited, potential of MLLMs in financial analysis, highlighting the need

for further development and domain-specific optimization to encourage the enhanced use in financial domain.
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1 Introduction

In recent years, MLLMs such as GPT-4V [1],
Gemini [2], and Claude [3] have grown significantly,
excelling at integrating text and visuals for processing
and generating information. Similarly, open-source
MLLMs like LLaVA [4], CogVLM [5], and InternLM-
XComposer [6] advance by leveraging the foundations
of LLMs to enhance visual content integration across
domains.

In financial domain, analyzing charts such as
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stock trends, financial statements, and economic data
visualizations becomes crucial for decision-making,
which relies on both structured and unstructured data.
Therefore, MLLMs need to manage complex financial
context that combine textual data with visual charts,
requiring high levels of analysis and comprehension.
However, a comprehensive benchmark to evaluate
MLLMs in handling complex multimodal financial
context is still absence.

Early financial benchmarks [7, 8] focus on specific
tasks like sentiment analysis of news [9, 10] or
statistics reasoning [7, 11], evaluating single model
performance within narrow domains. As benchmarks
evolve [12–14], they begin assessing the generalization
of models across diverse professional tasks [15, 16].
Recent developments in benchmarks [17] include non-
text data like charts, enhancing realism and accuracy
in multimodal scenarios. However, most financial
benchmarks [7, 17] still either concentrate solely on
text or are limited to specific multimodal tasks such as
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Subject Financial Explanation

Question

在2018-2022年的同业存单发行中，1月份的发行占比中位数是多少，并且它
在全年中的排名如何？
(What is the median proportion of interbank CD issuance in January from 2018 to 
2022, and how does it rank throughout the year?)

Answer

1. 在2018-2022年的同业存单发行中，1月份的发行占比中位数是5.8%。
2. 它在全年中的排名为最低水平。
(1. From 2018 to 2022, the median proportion of interbank CD issuance in January 
was 5.8%.
2. It ranks as the lowest throughout the year.)

Subject Arithmetic Reasoning

Question

从2015年到2022年，公司的管理费用率下降了多少个百分点？
A.8.0% B.8.1% C.8.2% D.8.3% E.8.4%
(From 2015 to 2022, by how many percentage points did the company's 
management expense ratio decrease? 
A.8.0%  B.8.1%  C.8.2%  D.8.3%  E.8.4%)

Answer D

月份

百分比

百分比

年份

Fig. 1 Two examples from CFBenchmark-MM.

stock tracking. This underscores the need for a more
comprehensive multimodal financial benchmark that
not only evaluates financial knowledge and analytical
skills but also measures effectiveness in utilizing and
integrating multimodal information from various visual
formats like pie charts, line charts, tables, and structural
diagrams. In this paper, we introduce CFBenchmark-
MM, which bridges gaps in existing benchmarks,
providing a detailed and realistic evaluation for
MLLMs in complex financial context with diverse data
types. CFBenchmark [15] serves as a fundamental
framework for evaluating LLMs within the text-based
financial domain. As a progressive extension of
the CFBenchmark series, CFBenchmark-MM expands
this rigorous evaluation scope into the multi-modal
landscape. Specifically, CFBenchmark-MM includes
five core tasks, i.e., arithmetic reasoning, statistical
reasoning, structural reasoning, financial explanation,
and financial knowledg, with 9,356 image-question
pairs. To construct CFBenchmark-MM, we develop a
three-step annotation pipeline: 1) we collect charts and
their analyses from financial research reports; 2) we
exploit GPT-4 to generate questions and answers based
on the text analyses; 3) we manually verify whether the
questions can be answered using the charts. In Figure 1,
we present two cases from CFBenchmark-MM.

To assess the capability and efficiency of MLLMs in
handling multimodal financial information, we develop
a staged evaluation system including multiple settings.
Initially, MLLMs answer questions without visual

content to evaluate their basic memory. Progressively,
they respond based on a) textual descriptions of
charts, b) charts, and c) both charts and their
textual descriptions. This staged approach helps
measure how MLLMs is enhanced with multimodal
financial information in answering questions. As for
the evaluation metrics, we employ a multiple-choice
format, measuring accuracy, for objective questions in
arithmetic, statistical, and structural reasoning. And we
compare the generated answers to reference answers,
using GPT-4 as a scorer, for subjective financial
explanation and knowledge questions. Scores reflect the
proportion of key information matched.

Our experiments reveal that most MLLMs have a
fundamental memory of financial knowledge, allowing
them to answer questions such as ”What is the increase
rate of Chinese GDP over 2022?” or ”Which stock
grew the second largest in 2021?” Including multimodal
information improves response accuracy, yet overall
performance remains moderate. Even the advanced
GPT-4V only achieves a 52% accuracy and 38% scores
on objective and subjective questions, highlighting the
need for further enhancements in financial MLLMs.
Additionally, our analysis of incorrect responses
pinpoints that misinterpretation of visual content and
misunderstanding of financial concepts are the primary
issues. These findings emphasize the importance of
MLLMs to analyze multimodal content in financial
contexts. Our contributions can be summarized as:
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Table 1 Comparison of CFBenchmark-MM with existing multimodal benchmarks. The ✓and × denote the presence and absence of
the corresponding feature, respectively.

Benchmarks
Question Type Financial Competence Evaluation Method

QA Number Evaluation Model NumberObjective Subjective Chart Interpretation Complex Calculation Structural Reasoning Structural Reasoning QA Accuary LLM Scoring Staged Evaluation

MMMU ✓ × ✓ × × × ✓ × × 11,500 16
MMBench ✓ × ✓ × × × ✓ × × 3,217 21
MME ✓ × × × × × ✓ × × 2,374 30
FinVQA × ✓ ✓ ✓ ✓ × ✓ × × 1,025 9
MME-Finance × ✓ ✓ ✓ ✓ ✓ ✓ ✓ × 2,274 19

CFBenchmark-MM ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 9,356 13

• We introduce CFBenchmark-MM, a
comprehensive benchmark with over 9,000
image-question pairs, focusing on evaluate
MLLMs in real multimodal financial context.

• We establish an elaborated annotation process
using real multimodal financial data, which
includes automated tagging and manual
verification to ensure dataset quality.

• We develop a staged evaluation system with
multiple settings to assess the financial abilities of
MLLMs and their use of multimodal information
step by step, providing insights into existing
challenges.

In Table 1, we present a comprehensive comparison
of CFBenchmark-MM with representative multimodal
benchmarks. This comparison serves to highlight our
benchmark’s unique contributions, specifically its larger
scale, specialized focus on complex financial reasoning
tasks, and the novel staged evaluation method that
ensures a robust assessment of multimodal capabilities
in the financial domain.

2 Related Work

2.1 Large Language Models in Finance

Large Language Models (LLMs) [18–24], such
as the GPT series by OpenAI [1, 25–27], feature
billions of parameters and extensive training on text
data. Notable among them, BloombergGPT [28]
stands out as a FinLLM with 50 billion parameters.
Successor models like FinGPT [29] and PIXIU [30]
improve performance through supervised fine-tuning,
excelling in zero-shot or few-shot settings. In the
Chinese financial domain, XuanYuan [31] specializes in
question-answering with domain-specific fine-tuning,
while DISC-FinLLM [8] enhances reasoning in finance
using multi-expert fine-tuning with LoRA [32]. Despite
these advancements, current FinLLMs show a limited
focus on multimodal data. Beyond finance, recent

studies like M2WLLM [33] and EV-STLLM [34]
have also explored leveraging LLMs for data-driven
forecasting in energy-related scenarios. Although these
works demonstrate the general potential of LLMs in
time-series modeling, their problem formulation differs
from our focus on multimodal financial understanding
and evaluation. Thus, this paper focuses on multimodal
evaluation in finance, aiming to guide the development
of MLLMs in this domain.

2.2 Multimodal Large Language Models

MLLMs [35], evolving from LLMs, focus on
integrating information from various modalities with
large language models, which can be divided into
pre-training for visual-language alignment and fine-
tuning for visual instructions. For visual-language
pre-training methods, models like CLIP [36] use dual
encoders to evaluate matches between images and text,
while others like ALBEF [37] and VLMo [38] enhance
interaction between these modalities. BLIP [39] and its
successor, BLIP-2 [40], improve modality integration
with query transformers and noise reduction, and
CogVLM [5] introduces visual expert modules for
deeper alignment. For visual-instruction fine-tuning
methods, models such as InstructBLIP [41] and
LLaVA [4] enhance instruction awareness and align
image features with linguistic embeddings, respectively.
LaVIT [42] and MiniGPT-4 [43] process visual and
language data by converting visuals into discrete
tokens and adjusting pre-trained models for multimodal
instructions. The development of models like GPT-4 [1]
showcases advanced capabilities in handling visual
tasks and improving multimodal interaction across
various benchmarks.

Despite the progress made by MLLMs, research
on multimodal charts in financial domain remains
sparse. Therefore, this work focuses on multimodal
evaluation in real financial contexts, aiming to enhance
the development of MLLMs specifically tailored for the
financial domain.
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2.3 Benchmarks

Research on evaluation benchmarks is essential for
developing specific domains and provides a crucial
framework for assessing the performance of large
models. In this section, we discuss the evolution
of benchmarks in financial domains for MLLMs,
highlighting their significance and impact. In financial
domain, benchmarks like FLUE [7], CFLEB [12], and
DISC-FinLLM [8] evaluate NLP capabilities, while
FinEval [13] ,investorbench [44] and FinQA [11]
focus on financial analysis and knowledge. Other
benchmarks such as FinBen [14], SuperCLUE-Fin [45],
and FinanceIQ [31] merge NLP and financial skills
assessment across various applications, significantly
advancing LLMs in the financial domain. However,
their limited focus on multimodal domains does not
fully meet the practical requirements of financial
applications. In general domains, several authoritative
benchmarks [46–51] exist for multimodal evaluation.
MME [52] is a widely used benchmark for evaluating
MLLMs, assessing 14 sub-tasks of perceptual and
cognitive abilities. ShareGPT4V [53] includes 1.2M
image-text pairs, from diverse aspects such as world
knowledge and artistic evaluations. Other multimodal
evaluation like MME-industry [54] focus on specific
domain. These benchmarks provide comprehensive
evaluations and highlight improvement of MLLMs in
general domain.

However, few studies, like FinVQA [17]and MME-
Finance [55] focus on multimodal evaluation in
finance. Specifically, FinVQA assesses how models
handle different financial modalities but is limited
by its small dataset size and narrow scope. MME-
Finance proposes a bilingual financial multimodal
benchmark, but also has the limitation of insufficient
amount. This underscores the need to develop
comprehensive multimodal benchmarks to thoroughly
evaluate MLLMs in managing real financial context.

3 Methodology

In order to construct a multimodal evaluation
benchmark that aligns with the practical requirements
of financial application, we engage with professionals
from the different financial domain, including
consultants, bankers, investment bankers, and securities
experts. Through extensive discussions with these
industry specialists, we design and analyze our
CFBenchmark-MM from two key dimensions: the

types of questions and the types of multimodal data.
In terms of the question type, we classify the

questions in our benchmark into five categories,
which includes three categories involving objective
evaluations, i.e., Arithmetic Reasoning, Statistical
Reasoning, and Structural Reasoning, and two
categories involving subjective evaluations, i.e.,
Financial Explanation and Financial Knowledge.
Regarding the multimodal data, we further category
them into various types such as tables, histogram
charts, line charts, pie charts, composite charts, and
structural diagrams (such as equity structure charts
and development path charts). This classification
is carefully crafted to ensure that our benchmark
comprehensively covers the diverse needs and
challenges encountered in multimodal financial
applications.

Here is a precise definition of the five question types:

(1) Arithmetic Reasoning: This category evaluates
the MLLMs in basic arithmetic operations such as
addition, subtraction, multiplication, and division,
as well as the understanding of numerical
properties and relationships within financial charts.

(2) Statistical Reasoning: This category involves to
interpret and analyze statistical data in financial
domain. It focuses on statistical measures such as
mean, median, mode, variance, standard deviation,
and correlation coefficients in financial charts.

(3) Structural Reasoning: This category pertains
to interpret and analyze structural diagrams
and flowcharts in financial domain. This
includes assessing diagrams that illustrate complex
relationships such as shareholding structures or
company development pathways.

(4) Financial Explanation: This category entails
to interpret and analyze the financial trends,
fluctuations, and anomalies. It requires
synthesizing multimodal information to
provide comprehensive explanations of financial
phenomena and their underlying causes.

(5) Financial Knowledge: This category concerns the
application and extension of financial knowledge
through the analysis of multimodal data. It
challenges the MLLMs to integrate and extrapolate
given information in understanding financial
concepts.
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Descriptive Text：上周PE开工率窄幅波动，截至9月
10日PE开工率为89.3%。
(Last week, the PE operating rate fluctuated within a 
narrow range, with the PE operating rate standing at 
89.3% as of September 10th.)

Unselected data
Reasons: The  text is scarce 
and has little relevance to the 
graph. The graph is blurry, and 
the data wihin is complex and 
disorganized.

Unselected data
Descriptive Text：印度此次白糖减产主要由于气候变
化。据报告，主要产糖邦的降雨量减少可能会影响
甘蔗单产，预计 2023/24 榨季印度糖产量同比减少 
3.3%。
(The reduction in sugar production in India this time is 
mainly due to climate change. According to reports, 
reduced rainfall in the main sugarcane-producing states 
could affect sugarcane yield per unit area, and it is 
expected that India's sugar production will decrease by 
3.3% year-on-year in the 2023/24 crushing season..)

Reasons: The  text contains 
excessive background 
information and too little data, 
and the background 
information cannot be obtained 
from the graph.

Descriptive Text：中证转债指数环比上涨 0.20%、上
证综指环比上涨 0.84%、深证成 指环比上涨 0.98%、
创业板指环比上涨 0.65%、上证 50 指数环比上涨 
0.64%、 中证 1000 指数环比上涨 1.31%。
(The CITIC convertible bond index rose by 0.20% 
month-on-month, the Shanghai Composite Index rose by 
0.84% month-on-month, the Shenzhen Component 
Index rose by 0.98% month-on-month, the Growth 
Enterprise Index rose by 0.65% month-on-month, the 
Shanghai 50 Index rose by 0.64% month-on-month, and 
the CSI 1000 Index rose by 1.31% month-on-month.)

Selected data Reasons: The graph is clear 
and data is precise,  the text is 
directly related to the graph, 
providing a clear description of 
the graph content.

产量 YoY

年份

Fig. 2 The criteria we use when selecting data from financial research reports. We choose financial data that are clear, precise, and
contain analyzable content.

3.1 Benchmark Construction

3.1.1 Data Collection
To construct a comprehensive benchmark, we first

collect multimodal charts from publicly available
financial research reports, which reflect actual usage
patterns within the financial industry, providing an
authentic basis for our evaluations. Besides, during
benchmark construction from on these charts, we
have two options, 1) employ annotators to propose
questions and answers directly from the chart content;
2) extract the analyses of charts from the reports
and automatically generate corresponding questions
and answers. However, the former method requires
substantial manpower and could introduce annotator
biases. To align with the actual analysis methods
used in financial application, we opt to collect
the textual analyses accompanying these multimodal
charts. These textual analyses, while not encompassing
all information presented in the charts, represent the
most critical and significant insights according to the

use cases of these reports.
To ensure the quality of the collected charts and their

corresponding textual analyses, we establish specific
screening criteria, 1) information in the charts is
clear and visible without any obstructions, blurriness,
or disorder; 2) the textual analysis hasto correspond
closely with the information in the charts and be
relatively extensive (exceeding 50 Chinese characters).
In Figure 2, we present several selected and unselected
data to further explain our criteria. Based on these
principles, we organize each collection group with two
undergraduate students. Only when both individuals
agree on the clarity and relevance of a chart and its
analysis, the collect charts-analysis pair is included.
Through this meticulous approach, we compile a total
of 2500 pairs of charts-analysis.

3.1.2 Data Annotation
To ensure the quality of our benchmark, we utilize

the advanced LLM, GPT-4, to generate questions
and answers from the textual analysis of collected
chart-analysis pairs. Based on the characteristics of
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the charts, the association between chart types and
question categories are defined as 1) line charts and
tables are used to generate Arithmetic Reasoning and
Financial Knowledge question, 2) histogram charts
and other types like pie charts and composite charts are
used to generate Statistical Reasoning and Financial
Explanation questions, 3) structural diagrams are
used to generate Structural Reasoning and Financial
Explanation questions. While proposing the questions
and answers, we design five specific instructions for
GPT-4, which require the model to first assess if the
provided analysis is suitable for question generation.
If deemed appropriate, the model then proceed to
craft questions aligned with the requirements of each
of the five question categories. More details about
these instructions are available in appendix. For
each analysis that qualified, the model is instructed to
generate two questions per question category, ensuring
a comprehensive assessment.

For subjective questions (financial knowledge
and explanation), the answers are formatted in
bullet points to facilitate clarity, while for objective
questions (arithmetic, statistical, and structural
reasoning), the answers are structured as multiple-
choice. Through this methodical approach, we
successfully identified 2,421 chart-analysis pairs
suitable for this exercise, ultimately generating a robust
dataset of 9,684 image-question pairs. This annotation
procedure ensures the quality of question-answer pairs
and their relation with financial charts and provides
solid support for evaluating MLLMs in multimodal
financial context.

3.1.3 Manual Examination
After completing data annotation, we conduct manual

verification through the following steps, 1) we verify
whether the proposed questions can be answered using
only the provided multimodal information; 2) for
objective questions, checking the correctness of the
option format and ensuring that the correct answer is
included among the options; 3) for subjective questions,
confirming the accuracy of answers formatted in
bullet points; 4) we manually label questions that are
unrelated to the charts or where the correct information
cannot be obtained from the charts. All manual checks
are conducted by PhD students with financial expertise,
with high inter-annotator agreement (Cohen’s κ =

0.810). Detailed instructions for examination can be
found in Section S.1, S.2 and S.3, which are in the

Table 2 The statistics about CFBenchmark-MM in terms of
question category.

Category Chart Number Question Number Avg. Token (Q) Avg. Token (A)

Arithmetic
Reasoning

1020 2040 79.7 1.1

Statistical
Reasoning

1151 2302 69.9 1.4

Structural
Reasoning

168 336 82 1.2

Financial
Explanation

1319 2638 33.9 110.8

Financial
Knowledge

1020 2040 28.4 275.3

Electronic Supplementary Material (ESM) of the online
version of this article. After the manual examination,
we finally obtain 2,339 valid charts along with 9,356
questions to construct CFBenchmark-MM.

3.1.4 Statistics
In CFBenchmark-MM, the most common type,

histogram charts, totals 677 charts, accounting for 29%,
and the least common, structural diagram, includes only
168 charts, making up 7%. This variation reflects the
diversity in financial research reports. This distribution
is intentionally designed to balance chart diversity and
reasoning coverage. While certain chart types appear
more frequently due to their natural prevalence in
financial reports, we do not enforce rigid one-to-one
mappings between chart types and reasoning categories.
In Table 2, we present the statistics for different
categories of questions. Financial explanation questions
are most frequent due to the higher availability
of corresponding charts, while structural reasoning
questions are least frequent, reflecting the scarcity of
structural diagrams. Additionally, subject questions
often feature multiple correct answers, resulting in
answers longer than one word. Our CFBenchmark-
MM, with its extensive range and high volume, is the
most comprehensive to date and plays a significant role
in multimodal financial context.

3.2 Benchmark Evaluation

Most existing MLLMs have been trained on financial
text data and may inherently possess some capabilities
to answer benchmark-related questions. To fully
evaluate the financial and multimodal processing
capabilities, we develop a staged evaluation system with
multiple settings for CFBenchmark-MM. In Figure 3,
we illustrate the procedure of our staged evaluation
system, as detailed below:
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Setting 1

Question

Answer

Question

Answer

Setting 2

Question

Answer

Setting 3

Caption Question

Answer

Setting 4

Caption
Figure Figure

Fig. 3 The illustration of benchmark evaluation system.

(1) Question (setting-Q): This baseline evaluation
assesses models MLLMs on questions without
additional multimodal information. It reflects the
inherent knowledge of MLLMs.

(2) Question + Image (setting-Q+I): In this setting,
we introduce original charts into the evaluation to
examine how models integrate visual content with
textual queries, testing their multimodal processing
capabilities.

(3) Question + Caption (setting-Q+C): In this
setting, we enhance the assessment by adding
textual descriptions generated by advanced
MLLM, GPT-4V, from the charts, evaluating
how well models can utilize synthesized textual
representations alongside the queries.

(4) Question + Image + Caption (setting-Q+I+C):
This setting combines both the original visual
content and its textual description into assessment,
measuring the ability of MLLMs to synergize
and scale their understanding across complex
multimodal inputs.

In the Q+C and Q+I+C settings, GPT-4V–generated
captions provide high-level semantic context like chart
topics and overall trends rather than exact values,
such information constitutes essential background
knowledge for multimodal reasoning, rather than
explicit cues for direct answer extraction. Through this
staged evaluation, we not only gauge the foundational
knowledge of MLLMs in financial domain but also
critically assess their proficiency in handling both direct
multimodal inputs and derived textual representations.
This evaluation strategy provides valuable insights into
model performance, aiding in the effective selection of
models for financial applications.

For evaluation metric, objective questions are
assessed through a multiple-choice format, with

accuracy determined by correct options. Subjective
questions, like financial explanation and knowledge, are
evaluated by matching generated answers to reference
answers using GPT-4 as a scorer. To validate the
reliability of this automated scoring, we conduct a
calibration study where two finance-trained human
raters independently score a stratified random subset of
1,000 subjective samples under the same rubric, and the
resulting correlations with GPT-4 scores are r = 0.81

and r = 0.87. Compare to pure human evaluation,
which is prone to subjectivity and non-reproducibility at
scale, GPT-4 with explicit rubrics provides standardized
and reproducible assessments, ensuring fair model
comparison. The LLM-as-a-Judge paradigm is well-
established: MMBench [51] demonstrates that GPT-
4 achieves 91.5% agreement with human judgments.
G-Eval [56] shows that GPT-4 correlates better with
human experts than metrics like BLEU. Scoring reflects
the proportion of key points accurately captured. For
instance, if three out of five key points in a reference
answer are matched, the score is 0.6.

4 Experiments

4.1 Experimental Setup

We evaluate the zero-shot performance of 13
cutting-edged MLLMs: (1) LLaVA-NeXT-mistral-
7B [4]; (2) LLaVA-NeXT-vicuna-7B [4]; (3) LLaVA-
NeXT-vicuna-13B [4]; (4) LLaVA-NeXT-34B [4];
(5) CogVLM2 [5]; (6) DeepSeek-VL-7B [57]; (7)
InternLM-XComposer2-4KHD-7B [6]; (8) InternLM-
XComposer2-VL-7B [58]; (9) mPLUG-Owl [46]; (10)
GPT-4V [1]; (11) Llama-3.2-11B-Vision [59]; (12)
Qwen2.5-VL-7B-Instruct [60];(13) Baichuan-Omni-
1d5 [61]. For open-source MLLMs, we directly utilize
their released model weights on single Nvidia A100
GPU during the evaluation. For GPT-4V, we utilize the
API for evaluation. Moreover, some popular MLLMs,
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Table 3 Answer accuary comparison of 13 cutting-edge MLLMs under Q (question) and Q+I (question and image) settings.

Model
Q Q+I

Statistical Arithmetic Structural Explanation Knowledge Statistical Arithmetic Structural Explanation Knowledge

CogVLM2 30.1 29.2 34.7 7.6 24.5 46.6 40.6 55.4 34.2 38.6
DeepSeek-VL-7B 30.9 29.1 39.2 5.4 30.9 35.4 31.8 44.9 12.6 39.3
GPT-4V 38.0 26.9 41.9 8.2 31.8 52.0 46.0 58.1 24.8 52.4
InternLM-XComposer2-4KHD-7B 27.4 24.4 35.9 9.8 29.9 44.6 38.9 52.1 27.7 35.5
InternLM-XComposer2-VL-7B 30.4 29.1 39.5 12.7 33.2 38.6 33.0 46.7 21.7 41.6
LLaVA-NeXT-34B 36.2 34.0 40.8 6.3 29.0 42.8 39.2 50.3 15.8 44.2
LLaVA-NeXT-mistral-7B 16.6 18.2 17.4 2.2 15.4 22.4 24.4 26.6 5.6 18.1
LLaVA-NeXT-vicuna-13B 22.6 19.1 27.2 4.0 21.3 29.6 26.7 29.9 12.3 26.3
LLaVA-NeXT-vicuna-7B 29.1 28.4 30.5 6.3 10.4 31.8 32.3 30.8 11.3 15.2
mPLUG-0w1 24.8 22.2 29.0 7.0 25.9 28.0 25.2 31.4 12.1 30.9
Qwen2.5-VL-7B-Instruct 29.3 27.5 30.2 10.2 29.4 43.1 40.7 49.2 22.1 49.5
Llama-3.2-11B 25.3 29.3 27.7 8.1 28.4 45.1 42.3 52.9 18.1 46.5
Baichuan-Omni-1d5 27.9 25.7 28.8 12.6 25.9 42.5 38.6 46.7 21.0 46.6

Average 28.4 26.4 32.5 7.7 25.8 38.7 35.4 44.2 18.4 37.3

like, BLIP [39, 40], and InstructBLIP [41], cannot
be evaluated in our benchmark due to the language
support. The instruction for evaluation is shown below:

“Here is a question about {subject}, featuring a chart
from financial domain and its corresponding textual
description. Based on the chart and text provided,
please answer the question. The chart and text may be
absent; if so, ignore their content. The question may be
multiple-choice or a short-answer type. For multiple-
choice questions, select all correct options; for short-
answer questions, respond to each point in the question.
The chart could be a table, structural diagram, pie chart,
line chart, or bar chart. When answering, carefully
examine each component of the chart, including but not
limited to: the title, labels on the X and Y axes, the
legend, the colors and shapes of data series, and the
data points and values displayed. If it is a table, closely
review the title and content. If it is pie charts, specify
the percentage and name of each sector. If values are
not marked on chart, determine the size of the values
based on the X, Y axes and answer based on these
estimated values. The question is {question}. The chart
is {<IMAGE>}. The chart description is {caption}.”

4.2 Main Results

In Table 3, we display the performance of 13
MLLMs under setting-Q and setting-Q+I, showcasing
their capabilities within multimodal financial contexts.
Despite only having questions as input, most MLLMs
achieve over 20% accuracy (accuracy for random
choice) in objective questions and score above
10% in subjective assessments, demonstrating their
foundational memory in financial knowledge. With the

addition of original charts (setting-Q+I), all MLLMs
exhibit notable improvements, indicating the value of
integrating visual data for enhanced comprehension.
Among them, GPT-4V stands out, achieving the largest
improvement upon integrating charts, with over 15%
accuracy and 20% score increases in objective and
subjective questions, respectively. This underscores
its superior multimodal processing capabilities. In
contrast, LLaVA-NeXT-mistral-7B shows the weakest
overall performance, with minimal improvement upon
integrating charts, likely due to its limited Chinese
language processing capabilities. However, even
advanced MLLMs like GPT-4V achieve only 52%
accuracy and 38% score in objective and subjective
questions, falling short of real-world application
requirements. Moreover, under both evaluation settings,
most models perform best on Structural Reasoning
questions, while their performance is weakest on
tasks related to Financial Explanation. Although
the Structural Reasoning subset is relatively small,
the consistent performance gains across multiple
MLLMs indicate that our main conclusion on the
benefit of multimodal input remains robust. These
findings highlight a substantial opportunity for further
enhancements in multimodal financial applications,
emphasizing the need for exploiting multimodal data
in financial analysis and bridging the gap between
capabilities and practical utility.

In Table 4, we present the performance of three
representative MLLMs, i.e., GPT-4V, LLaVA-NeXT-
34B, and InternLM-XComposer2-4KHD-7B, across
different evaluation settings in multimodal financial
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Table 4 Evaluation results (answer accuary) on GPT-4V, LLaVA-NeXT-34B, and InterLM-XComposer2-4KHD-7B (InternLM-X2-
4K-7B for short) in different evaluation settings. Q, C, and I indicate question, caption, and image, respectively. The best performance
in different tasks are highlight in bold.

Question
GPT-4V LLaVA-NeXT-34B InternLM-X2-4K-7B

Q Q+C Q+I Q+C+I Q Q+C Q+I Q+C+I Q Q+C Q+I Q+C+I

Arithmetic
26.9 35.4 46.0 38.1 34.0 38.0 39.2 42.1 24.4 32.8 38.8 40.1

- +8.5 +19.1 +11.2 - +4.0 +5.2 +8.1 - +8.4 +14.4 +15.7

Statistical
38.0 41.5 52.1 45.2 36.2 40.2 42.8 45.2 27.4 36.6 44.6 45.9

- +3.5 +14.1 +7.2 - +4.0 +6.6 +9.0 - +9.2 +14.2 +15.5

Structural
41.9 50.1 58.1 54.6 40.8 47.1 50.3 55.7 35.9 47.3 52.1 54.2

- +8.2 +16.2 +12.7 - +6.3 +9.5 +15.7 - +11.4 +16.2 +18.1

Explanation
8.2 11.5 24.8 23.8 6.3 13.6 15.8 17.1 9.8 12.9 27.7 31.1
- +3.3 +16.6 +15.6 - +7.3 +9.5 +10.8 - +3.1 +17.9 +21.3

Knowledge
31.8 38.1 52.4 49.9 29.0 34.6 44.2 48.3 29.9 33.5 35.5 38.9

- +6.3 +20.6 +18.1 - +5.6 +15.2 +19.3 - +3.6 +5.6 +9.0

Average
29.4 35.3 46.7 42.3 29.3 34.7 38.5 41.7 25.5 32.6 39.7 42.0

- +5.9 +17.3 +12.9 - +5.4 +9.2 +12.4 - +7.1 +14.2 +16.5

Table 5 Evaluation results (answer accuary) on GPT-4V, LLaVA-NeXT-34B, and InterLM-XComposer2-4KHD-7B (InternLM-X2-
4K-7B for short) under Q+I setting in term of different instruction format.

Question
GPT-4V LLaVA-NeXT-34B InternLM-X2-4K-7B

Original Simple ICL Original Simple ICL Original Simple ICL
Arithmetic 46.0 46.2 49.1 39.2 38.7 41.9 38.8 38.2 40.3
Statistical 52.1 51.7 54.8 42.8 42.5 44.3 44.6 43.9 46.1
Structural 58.1 57.6 60.9 50.3 49.2 53.1 52.1 51.8 53.2

Explanation 24.8 24.4 28.3 15.8 14.8 18.4 27.7 27.3 29.2
Knowledge 52.4 51.1 57.2 44.2 44.6 50.2 35.5 34.9 42.1

Average 46.7 46.2 50.1 38.5 38.0 41.6 39.7 39.2 42.0

contexts. Despite the highest performance of GPT-4V at
setting-Q, the inclusion of chart information in setting-
Q+I significantly improves performance, illustrating
its strong capability to integrate visual content.
Conversely, InternLM-XComposer2-4KHD-7B also
demonstrates significant improvements, attributed to
its higher resolution for visual processing. In
contrast, LLaVA-NeXT-34B shows minimal gains,
suggesting the need to enhance its CLIP-based visual
alignment for charts. Additionally, all MLLMs improve
when captions is added to questions (from setting-
Q to setting-Q+C), but starting from setting-Q+I,
only LLaVA-NeXT-34B and InternLM-XComposer2-
4KHD-7B could further benefit from the addition of
captions (setting-Q+I+C), while GPT-4V experiences
a decrease. This indicates that captions generated
by GPT-4V can provide additional useful information
to other MLLMs. However, since the captions only
contain part of the information from the charts, they
naturally struggle to offer more information to GPT-4V

itself.
Overall, MLLMs still show limited capabilities in

integrating visual content in financial applications.
Supplementing effective textual information can
also significantly aid MLLMs in achieving better
performance. These findings highlight the importance
of fine-tuning multimodal architectures and optimizing
caption integration methods to bridge the gap between
visual and textual.

4.3 Ablation Study

4.3.1 The Effect of Instruction
To further explore the MLLMs to different

instructions, we design two extra types of instructions
and display the results in Table 5 (Detailed instructions
can be found in Section S.4 in the ESM). The first
type, Simple, simplifies existing instructions by directly
requiring models to answer questions based on provided
charts, removing any additional guidance or contextual
cues to test the models’ ability to perform with minimal
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Table 6 Evaluation results (answer accuary) on GPT-4V, LLaVA-NeXT-34B, and InterLM-XComposer2-4KHD-7B (InternLM-X2-
4K-7B for short) under Q+I setting in term of different instruction format.

Question
GPT-4V LLaVA-NeXT-34B InternLM-X2-4K-7B

zh en zh en zh en
Arithmetic 46.0 45.5 39.2 40.6 38.8 39.3
Statistical 52.1 53.8 42.8 45.9 44.6 42.8
Structural 58.1 57.2 50.3 53.8 52.1 49.8

Explanation 24.8 25.2 15.8 16.1 27.7 26.5
Knowledge 52.4 50.7 44.2 45.5 35.5 36.7

Average 46.7 46.5 38.5 40.4 39.7 39.0

input. The second type, ICL, adds three sets of
question-reason-answer combinations as prompts
to study the in-context learning ability of MLLMs,
enabling models to leverage contextual examples
for better reasoning. We only include question-
reason-answer pairs in few-shot instructions, as some
MLLMs do not support multi-image input, which
could otherwise complicate the evaluation process.
This table reveals that simplified instructions lead to
a slight decrease in model performance, about 1%.
This indicates that without additional information or
example templates, the benefits of detailed instructions
are limited. Conversely, the ICL results demonstrate
that models achieves 3%-4% improvement from the
original performance. Although image is not included
in instructions, the improvement still suggests potential
for enhancing instruction design. It also highlights
opportunities for improvement through more innovative
instruction design and comprehensive model training.

4.3.2 The Effect of Language
To further verify the impact of language on model

performance, we translate all instructions, questions,
and answers into English using GPT-4 and conduct
experiments based on the translation. The experimental
results are shown in Table 6. From this table, we can
find that LLaVA-NeXT-34B achieves an improvement
of 1%-3% with English input, likely due to its stronger
English proficiency compared to Chinese. In contrast,
GPT-4V and InternLM-XComposer2-4KHD do not
show significant changes, indicating their robustness
in different languages. This suggests that language
itself does not significantly affect the difficulty of
answering questions, as the core challenge lies in the
complexity of the financial and multimodal tasks rather
than linguistic barriers. However, the results also
highlight that LLaVA-NeXT-34B performs poorly in
Chinese, which significantly affects its performance

in CFBenchmark-MM, underscoring the importance
of language-specific optimization for models targeting
non-English domains. These findings emphasize the
need for future research to address language-specific
limitations and enhance multilingual capabilities in
existing MLLMs, particularly for applications in
diverse linguistic and cultural contexts. Overall, our
findings reinforce that while language translation offers
benefits to some MLLMs, the core difficulty lies in the
complexity of the multimodal financial tasks.

4.4 Case Study

To further explore issues with MLLMs in multimodal
financial contexts, we present two typical cases of
incorrect responses from GPT-4V in Figure 4 and
analyze the reasons to these errors. In Figure 4(a),
we showcase an example from statistical reasoning,
where the response from GPT-4V confounds the
traffic data from different periods and airports, failing
to extract the correct visual information to answer
the question. Furthermore, in the response, the
calculation of GPT-4V is also incorrect, indicating that
its mathematical abilities need further improvement,
particularly in handling complex numerical data. In
Figure 4 (b), we present an example from financial
explanation, where the response from GPT-4V reveals
the failure in distinguishing “compound growth rate”
and “average growth rate” from the question and
chart, highlighting an incomplete understanding of
GPT-4V in financial concepts. Moreover, when we
query the relationship between these two concepts
in textual form with GPT-4V, it correctly identifies
their relationship, which shows that aligning visual-
textual concepts poses more challenges than textual-
textual concepts. This discrepancy underscores the
need for improved multimodal alignment in financial
contexts, particularly in integrating visual data with
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Subject Statistical Reasoning

Question

在给出的机场数据中，哪一个机场的日均进出港航班量
环比增长率为负数且绝对值最大？
A.上海浦东机场   B.上海虹桥机场   C.首都机场   D.大兴
机场   E.深圳机场
(Which airport has the highest negative month-on-month 
growth rate in the average daily flights, according to the 
provided data?
A. Shanghai Pudong Airport   B. Shanghai Hongqiao Airport   
C. Capital Airport   D. Daxing Airport   E. Shenzhen Airport)

Correct 
Answer C

MLLM Answer

B. 上海虹桥机场。从图中可以看出，上海虹桥机场的日均进出港航班量从748755班次下降到1013-1000班次，环比增长率为-54.3%，这是
所有列出的机场中绝对值最大的。
(B. Shanghai Hongqiao Airport. As can be seen from the graph, the daily average flights at Shanghai Hongqiao Airport decreased from 748,755 to 
1,013,100, with a month-on-month growth rate of -54.3%, which is the largest absolute value among all the airports listed.)

MLLM Answer

根据图表，2016年到2019年的诊疗人次分别是：32127409、35875646、40122671和44983173。这些数据显示了这几年口腔诊疗服务的增
长趋势。为了计算复合增速，我们需要考虑每年的增长百分比。总体复合增速 = 平均增长率，平均增长率 = (11.87 + 11.38 + 11.29 - 11.05 
+ 28.49) / 5 = 12.02%，因此，2016年至2021年期间口腔诊疗人次的复合增速为12.02%。
(According to the chart, the number of dental visits from 2016 to 2019 were 32,127,409, 35,875,646, 40,122,671, and 44,983,173, respectively. 
These figures show the growth trend of dental services over the years.To calculate the compound growth rate, we need to consider the percentage 
increase each year. The overall compound growth rate = average growth rate. The average growth rate = (11.87 + 11.38 + 11.29 - 11.05 + 28.49) / 5 
= 12.02%, therefore, the compound growth rate of dental visits from 2016 to 2021 is 12.02%.)

Subject Financial Explanation

Question 在2016年至2021年间，口腔诊疗人次的复合增速是多少？
(What was the compound annual growth rate of dental visits from 2016 to 2021?)

Correct 
Answer

1. 在2016年至2021年间，口腔诊疗人次的复合增速是9.8%。
(1. From 2016 to 2021, the compound annual growth rate of dental visits was 9.8%.)

a) Misinterpretation of visual content.

b) Misunderstanding of financial concept.

诊疗人次 人次YOY

年份

机场

班次

Fig. 4 Failure cases in CFBenchmark-MM by GPT-4V with reasons and answers.

textual analysis to enhance the accuracy and reliability
of MLLMs in real-world financial applications. Also,
this explains the lower accuracy observed in the
Financial Explanation category, which requires models
to go beyond surface-level data extraction and perform
concept-aware multimodal reasoning. Specifically,
models must align visual patterns in charts with
abstract financial concepts and generate coherent
explanatory narratives. Such reasoning often involves
implicit assumptions and causal semantics that are not
explicitly encoded in numerical trends, making this task
particularly challenging for MLLMs.

We also provide a quantitative distribution of major
error types for CogVLM2 as an example. As shown
in Figure 5, visual extraction errors account for the
largest proportion (58.32%), which indicates that the
primary bottleneck of current MLLMs lies in accurately
identifying and extracting key information from
financial charts, such as values, labels, and structural
relations. In comparison, numerical calculation errors
and financial concept misunderstanding suggest that

reasoning and concept grounding remain challenging
even after partial visual information is captured.
Incomplete answers show that subjective tasks often
fail because models cannot cover all required points.
These findings suggest that while MLLMs have made
significant strides, there is still considerable room for
improvement in their ability to process and interpret
complex multimodal financial data. Additionally,
our analysis reveals that the errors may stem from
limitations in training data diversity and challenges in
visual processing, which indicate a critical need for
advanced fine-tuning strategies. These shortcomings
illustrate that even state-of-the-art MLLMs require
further enhancement to handle the intricacies of
financial data analysis and multimodal integration.

4.5 Computational Cost and Scalability Analysis

We estimated the theoretical inference cost based on
standard scaling laws for transformer models in Table 7.
The total cost per inference (Ctotal) is decomposed into
the vision encoder cost (Cvis), the LLM prefill cost
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Table 7 Theoretical computational cost analysis of evaluated MLLMs. Comparisons are conducted under a standardized financial
scenario: processing one high-resolution image (1024× 1024) with a 500-token prompt and generating a 200-token response.

Model
Model Parameters (B)

Vision Tokens (Nv )
Estimated Inference Cost (TFLOPs)

Vision (Pv ) LLM (Pllm) Vision Enc. LLM Prefill Total
mPLUG-Owl 0.3 7 576 0.08 15.1 17.9
DeepSeek-VL-7B 0.4 7 576 0.14 15.1 18.0
InternLM-XComposer2-VL-7B 0.3 7 1,024 0.08 21.3 24.2
LLaVA-NeXT-Mistral-7B 0.3 7 ∼2,880 0.32 47.3 50.4
LLaVA-NeXT-Vicuna-7B 0.3 7 ∼2,880 0.32 47.3 50.4
LLaVA-NeXT-Vicuna-13B 0.3 13 ∼2,880 0.32 87.9 93.4
LLaVA-NeXT-34B 0.3 34 ∼2,880 0.32 229.8 243.7
InternLM-XComposer2-4KHD 0.3 7 ∼8,737 2.00 129.3 134.1
CogVLM2 4.4 8 1,225 1.90 27.6 32.7
Llama-3.2-11B-Vision 1.0 11 ∼1,610 0.60 46.4 51.4
Qwen2.5-VL-7B-Instruct 0.6 7 ∼1,300 0.50 25.2 28.5
Baichuan-Omni-1.5 0.4 7 ∼1,500 0.40 28.0 31.2

Fig. 5 Quantitative distribution of major error types for
CogVLM2 on CFBenchmark-MM.

(Cprefill), and the generation cost (Cgen). The calculation
formula is defined as follows:

Ctotal ≈ Cvis + Cprefill + Cgen

Ctotal ≈ Cvis + 2 · Pllm · (Nvis +Nin) + 2 · Pllm ·Nout

Where: Pllm denotes the parameter size of the LLM
backbone (e.g., 34×109 for 34B). Nvis is the number of
visual tokens representing the image (e.g., 2,880 tokens
for LLaVA-NeXT at 1024× 1024 resolution). Nin and
Nout represent the input prompt length (fixed at 500) and
generated response length (fixed at 200), respectively.
Cvis is the forward pass FLOPs of the vision encoder
(e.g., ∼0.08 TFLOPs for CLIP-L). For instance, the
calculation for LLaVA-NeXT-34B is derived as:

Ctotal ≈ 0.32+2·34·(2880+500)·10−3+2·34·200·10−3

≈ 243.7 TFLOPs

This quantitative breakdown confirms that the high
computational cost of LLaVA-NeXT-34B is driven by
the interaction between its large parameter count and
dense visual token representation.

Our analysis reveals three distinct computational
bottlenecks affecting scalability.

• Parameter-Dominant Cost: As shown in the table,
LLaVA-NeXT-34B exhibits the highest inference
cost (∼243.7 TFLOPs). This is driven primarily by
its massive language backbone (34B parameters).
While it offers superior reasoning capabilities,
the high computational overhead necessitates
significant GPU memory bandwidth, making it
less suitable for low-latency, real-time applications
compared to 7B-parameter models.

• Token-Dominant Cost: InternLM-XComposer2-
4KHD presents a unique case. Despite having
a smaller 7B backbone, its dynamic resolution
strategy generates over 8,700 visual tokens to
preserve fine-grained chart details. This results in
a prefill computation cost (∼129.3 TFLOPs) that
rivals or exceeds that of much larger models (e.g.,
13B scale). This highlights a critical trade-off:
capturing high-resolution visual details in financial
documents comes at the cost of significantly
increased prefill latency.

• Encoder-Dominant Cost: CogVLM2 employs a
massive 4.4B-parameter vision encoder (EVA2-
CLIP-E). Unlike other models that use lightweight
encoders (e.g., CLIP-L, ∼0.3B), CogVLM2 incurs
a computational cost during the visual encoding
stage that is approximately 6× to 20× higher than
its peers. This encoder-heavy design may create
throughput bottlenecks in scenarios requiring high-
concurrency image processing.
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5 Conclusion

This paper has explored the development
and implication of Multimodal Large Language
Models (MLLMs) in multimodal finance application,
highlighting the crucial role of integrating texts, charts
and figures to improve decision-making accuracy and
efficiency. Therefore, we introduce CFBenchmark-
MM, a comprehensive financial benchmark with over
9,000 image-question pairs, including various data
representations such as tables, line charts, pie charts,
and structural diagrams. Our evaluation settings
have assessed the capabilities of MLLMs in handling
multimodal information, from textual data to visual
content integration, and further reveal their strengths
and limitations across different financial reasoning
tasks. These findings indicate that although MLLMs
are capable of possessing inherent financial knowledge,
their efficiency in processing multimodal information
is still limited, highlighting the need for further
improvements in the multimodal context. Our research
underscores the significant yet underexploited potential
of MLLMs in financial analysis and advocates for
their enhanced application in the financial domain.
The insights call for an ongoing refinement of the
MLLMs to better utilize multimodal information, with
the aim of achieving more robust and accurate financial
decision making.

6 Limitation and Future Work

In this paper, we investigate the evaluation of
Multimodal Large Language Models (MLLMs) in
financial application and propose a benchmark and
an evaluation framework, CFBenchmark-MM. The
benchmark segregates into five question categories,
analyzing 12 open-source MLLMs and 1 close-
source MLLM, GPT-4V. The benchmark is scheduled
for release following the publication of this paper.
However, our evaluations predominantly concentrate
on open-source MLLMs, with a noticeable absence
of testing on certain proprietary models such as
Claude and Gemini. Additionally, while our five
categories of questions encompass a broad range of
real-world financial applications, they do not extend
into specialized sub-disciplines within finance, such
as investments and banking. In constructing our
benchmark, we effectively utilize multimodal data
from financial research reports to generate questions

and answers, primarily focusing on Chinese-language
reports. Although an English version is provided,
the exploration of multilingual benchmark remains
constrained.

In the future, the research directions can be discussed
from the following two perspective:

• Benchmark in finance: 1) Enhancing the task
classification by breaking down the current
five question types into more detailed financial
sub-domains; 2) Extending the linguistic scope
of benchmark system by including additional
languages such as French, Japanese, and
German, moving beyond the current bilingual
(Chinese-English) framework; 3) Incorporating
considerations of security and robustness in the
design of future benchmarks to facilitate safer and
more reliable applications of MLLMs in financial
domain.

• MLLMs in finance: 1) Expanding the application
of MLLMs within the financial domain by
leveraging more domain-specific multimodal data
to optimize their performance; 2) Developing
specialized visual alignment modules as current
reliance on pre-trained models like CLIP and
ViT offers limited functionality in accurately
representing financial charts; 3) Investigating the
potential of multi-agent systems in multimodal
financial settings to understand how collaborative
interactions among different agents can enhance
model effectiveness and decision-making.

These proposed enhancements aim to deepen the
integration, utility, and adaptability of MLLMs
in financial domain, thereby augmenting their
applicability in sophisticated financial analyses.
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Electronic Supplementary Material

We present the instructions and prompts employed
during the benchmark construction and evaluation in
Supplementary. For the benchmark construction, we
provide human annotators with textual instructions
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to ensure the quality of the benchmark during the
multi-modal data collection (Section S.1) and manual
examination (Section S.3) stages. Additionally,
corresponding to five question type, we design five
different annotation prompts (Section S.2) for GPT-
4V to convert financial analyses into corresponding
questions and answers. For the evaluation of the
benchmark, we devise three types of prompts (Section
S.4) for MLLMs to answer the questions, namely,
original, simple, and ICL. These prompts are structured
to assess the ability of MLLMs to process and interpret
the information under varying levels of complexity and
context-specific guidance.
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