UniFinEval: Towards Unified Evaluation of Financial Multimodal
Models across Text, Images and Videos

Anonymous ACL submission

Abstract

Multimodal large language models are play-
ing an increasingly significant role in empow-
ering the financial domain, however, the chal-
lenges they face, such as multimodal and high-
density information and cross-modal multi-hop
reasoning, go beyond the evaluation scope
of existing multimodal benchmarks. To ad-
dress this gap, we propose UniFinEval, the
first unified multimodal benchmark designed
for high-information-density financial envi-
ronments, covering text, images, and videos.
UniFinEval systematically constructs five core
financial scenarios grounded in real-world fi-
nancial systems: Financial Statement Audit-
ing, Company Fundamental Reasoning, Indus-
try Trend Insights, Financial Risk Sensing,
and Asset Allocation Analysis. We manu-
ally construct a high-quality dataset consist-
ing of 3,767 question-answer pairs in both
chinese and english and systematically eval-
uate 10 mainstream MLLMs under Zero-Shot
and CoT settings. Results show that Gemini-
3-pro-preview achieves the best overall per-
formance, yet still exhibits a substantial gap
compared to financial experts. Further er-
ror analysis reveals systematic deficiencies
in current models. UniFinEval aims to pro-
vide a systematic assessment of MLLMs’ ca-
pabilities in fine-grained, high—information-
density financial environments, thereby enhanc-
ing the robustness of MLLMs applications in
real-world financial scenarios. Data and code
are available at https://anonymous.4open.
science/r/anonym4B75.

1 Introduction

In the current era of rapid multimodal large lan-
guage models(MLLMs) development and explo-
sive information growth, the demand for utilizing
large language models(LLMs) to process informa-
tion across various fields is becoming increasingly
urgent (Rahman et al., 2025; Li et al., 2025¢c; Zhang
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Figure 1: UniFinEval is manually constructed and sup-
ports full-modality inputs including text, images, and
videos. It is equipped with cross-modal reasoning ca-
pabilities and features high information density while
closely aligning with real financial business practices.
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et al., 2025a; Dennstiadt et al., 2025; Xia et al.,
2024; Das et al., 2025). In real-world financial sce-
narios, models are often required to simulate the
role of analysts, simultaneously processing volumi-
nous financial and research reports, understanding
implicit correspondences between charts and text,
and conducting continuous analysis by incorporat-
ing financial analysis videos. However, there is a
significant misalignment between existing multi-
modal financial benchmarks and these real-world
demands. As illustrated in Figure 1 these limi-
tations are primarily manifestedin the following
aspects: On one hand, existing benchmarks are
limited to single-modality evaluations, such as Fin-
VQA (Chen et al., 2021), Fin-Fact (Rangapur et al.,
2025), and MMMU (Yue et al., 2024), and have not
yet extended to broader multi-modal tasks. This
modality-restricted approach leads to inconsisten-
cies in characterizing model capabilities and limits
the reference value of evaluation results for real-
world financial applications. On the other hand, the
high-density and noisy information environment of


https://anonymous.4open.science/r/anonym4B75
https://anonymous.4open.science/r/anonym4B75
https://anonymous.4open.science/r/anonym4B75

i
Images contain: | | Videos cover:
Company 1
Fundamental Pure Text H ST
Reasoning — : Long-form
= E _______ Pure Charts 1 i
:B@ == H Single-video u
Text-Chart Hybrid !
H -~
P _ : Multi-video
Financial %
Statement _Ir"duZ"'Y Q,;a
Auditin 5 [} ren
9 —;. E Insights  ~-~"°°°°7 ; -------------- Texts
— Image - Video iy
? o %
o :
eant i i
(= ™ '
N 1
‘e i \ U
Sixa) / \ 4
/' : Experts S —"’
Asset Al — v LA raron
Uil ensi et e yooron & S R v
Analysis = Sy change in Nidiars Q1 Annotation 1 T Question: What are the main
f_ﬂm FY2026 revenue to Tesla's H - reasons for the fluctuation in
Q2 2025 revenue? i g Pinduoduo's operating revene in Q1
H —_ 20257
1

Figure 2: UniFinEval covers five major financial scenarios and constructs datasets spanning text, images, videos,
as well as multiple cross-modal combinations. It features high-information-density and manually construct data,
together with dedicated designs for cross-modal consistency checking and multi-Hop reasoning, providing compre-
hensive support for MLLMSs evaluation in financial domains.

real financial markets places higher demands on
models’ fine-grained analysis capabilities. How-
ever, existing studies mostly use LLLMs to construct
datasets based on simplified or truncated data (Luo
etal., 2025; Liu et al., 2025d). This not only makes
it difficult to evaluate the comprehensive perfor-
mance of models in high-information-density en-
vironments but also introduces potential annota-
tion errors, thereby affecting the reliability of the
evaluation conclusions. These bias makes it dif-
ficult for a model’s performance on benchmarks
to reflect its capability boundaries in real financial
operations. Consequently, this may lead to unsta-
ble analysis conclusions, exposure to compliance
risks, and even severe financial losses in practical
applications (Lee et al., 2024).

To fill these gaps, we propose UniFinEval,
the first financial unified benchmark designed for
high-information-density financial environments,
integrating text, images, and videos modalities.
UniFinEval grounded in real-world financial busi-
ness workflows and systematically covers five core
scenarios: Financial Statement Auditing, Company
Fundamental Reasoning, Industry Trend Insights,
Financial Risk Sensing, and Asset Allocation Anal-
ysis, completely characterizing complete cognitive
loop from multimodal perception and cross-modal
alignment to high-level decision making. All sam-
ples in this benchmark were manually constructed
by financial experts, constructing a dataset of 3,767
high-quality Q&A pairs aimed at assessing the ca-
pability boundaries of MLLMs in real financial

scenarios. The main contributions of this paper are
summarized as follows:

(1) We propose UniFinEval, the first multimodal
unified financial evaluation benchmark. By con-
structing manually curated question-answer pairs
that deeply integrate text, images, and videos, we
provide a unified paradigm for analyzing the pro-
found capabilities of MLLMs within the financial
domain. The structure is illustrated in Figure 2.

(2) We meticulously design multi-hop reasoning
questions from the unique perspective of multi-
source information fusion within the financial do-
main, thereby posing a rigorous challenge to the
actual performance of MLLM:s.

(3) We conducted a targeted error analysis aimed
at optimizing the capabilities of MLLMs within
high-information-density complex application sce-
narios in the financial domain, providing practical
and feasible directions for improvement.

The organization of this paper is as follows: Sec-
tion 2 reviews the research on financial MLLMs
and related multimodal benchmarks. Section 3
details the construction process of UniFinEval, in-
cluding data collection, question design, and qual-
ity control processes. Sections 4 and 5 present our
experimental settings and results under different
difficulty levels, followed by error analysis. Fi-
nally, Section 6 summarizes the work of this paper
and discusses potential future directions in the field
of multimodal financial intelligence.



2 Realted Work

2.1 Financial Applications Analysis

Benefiting from breakthrough advancements in
general Large Language Models (LLMs), research
on intelligence in the financial vertical domain has
made significant progress. Early work mainly fo-
cused on tasks such as financial sentiment analy-
sis (Delgadillo et al., 2024; Kim et al., 2024; Iaco-
vides et al., 2024), financial time series analysis (Li
et al., 2024b,c; Wang et al., 2024b; Mai, 2024; Cao
et al., 2024), financial text understanding (Masry
and Hajian, 2024; Wilson et al., 2024), and deci-
sion support (Yu et al., 2024¢,b; Liu et al., 2025¢;
Xiao et al., 2025). However, real-world financial in-
formation inherently possesses highly multimodal
characteristics. To further enhance the deployment
capabilities of models in real scenarios, the focus
of related research has gradually expanded from a
single text modality to a multimodal perspective.
FinVis-GPT (Wang et al., 2023), Finzero (Wang
et al., 2025b), and FinTral (Bhatia et al., 2024)
achieve deep analysis of financial charts. FinA-
gent (Zhang et al., 2024a) created a multimodal
agent capable of autonomous trading decisions,
MM-DREX (Chen et al., 2025b)utilizes multi-
modal information to implement dynamic routing
for expert trading; and AT-FinGPT (Liu et al.,
2025b) utilizes voice features to assist in financial
risk prediction.

2.2 Multimodal Financial Benchmark
Analysis

Compared to the rapid expansion of model capa-
bilities, existing financial multimodal evaluation
systems appear significantly lagged. On one hand,
traditional financial benchmarks are confined to
the text modality (Zhu et al., 2024; Nie et al.,
2024; Zhao et al., 2024; Wang et al., 2024a; Reddy
et al., 2024; Chen et al., 2024, 2025a; Guo et al.,
2025; Liu et al., 2025a; Li et al., 2025a; Matlin
etal., 2025), while general multimodal benchmarks
lack domain-specific knowledge depth (Liu et al.,
2024; Li et al., 2024a; Zhang et al., 2024b; Yu
et al., 2024a); neither can accurately measure the
financial multimodal capabilities of financial large
models. On the other hand, although current finan-
cial multimodal evaluation benchmarks have made
progress in specific tasks, they still exhibit signif-
icant limitations. Specifically, benchmarks such
as MME-Finance (Gan et al., 2024), FinChart-
Bench (Shu et al., 2025), CFBenchmark-MM (Li

et al., 2025b), and MultiFinBen (Peng et al., 2025)
mainly focus on static chart understanding, lack-
ing consideration for dynamic time-series informa-
tion such as financial videos. Data for works like
FinMR (Deng et al., 2025), FAMMA (Xue et al.,
2024), and XFinBench (Zhang et al., 2025b) are
mostly derived from textbooks or standardized ex-
ams, creating a large gap with real financial environ-
ments full of noise and unstructured information.
Works like FinMMR (Tang et al., 2025) and Fin-
MultiTime (Xu et al., 2025) utilize large model an-
notation paradigms, potentially introducing model
bias and hallucination risks. Furthermore, Video-
Conviction (Galarnyk et al., 2025) and Fincap
(Sukhani et al., 2025), among the few benchmarks
involving financial videos, neither evaluate finan-
cial business competence nor assess joint reasoning
over video and text—image information.

3 UniFinEval

3.1 Overview

To evaluate the performance and failure modes
of MLLMs in real-world financial business en-
vironments, we propose UniFinEval, a bench-
mark designed around complex and information-
dense financial scenarios. Guided by financial
experts and grounded in authentic business prac-
tices, UniFinEval identifies five representative and
critical financial scenarios: Financial Statement
Auditing (FSA), Company Fundamental Reason-
ing (CFR), Industry Trend Insights (ITI), Financial
Risk Sensing (FRS), and Asset Allocation Analysis
(AAA).

These scenarios cover a broad spectrum of finan-
cial reasoning tasks, ranging from fine-grained in-
formation verification and consistency checking to
cross-firm and cross-cycle analysis, and ultimately
high-level risk control and decision-making. Such
a progression reflects increasing requirements on
models’ information perception, cross-modal align-
ment, multi-hop reasoning, and decision robust-
ness. In addition, UniFinEval incorporates a se-
ries of task-specific perturbations aligned with real-
world financial business settings into each scenario.
These perturbations enable the evaluation of model
behavior under non-ideal visual and textual condi-
tions commonly encountered in practical financial
applications; details are provided in Appendix A.4.

Centered on these business scenarios,
UniFinEval is guided throughout by finan-
cial experts to construct a data system featuring



high information density and deep multi-modal
fusion. The benchmark facilitates multi-hop
integration across three foundational modali-
ties—text, images, and video—Dby systematically
incorporating complex cross-modal combinations,
including text—image, text—video, image—video,
and text—image—video, as illustrated in Figure 3.
UniFinEval authentically replicates the parallel
information structure of professional financial
workflows.  Through a rigorous multi-layer
quality control process, we construct a dataset
comprising 3,767 high-quality bilingual (Chinese
and English) Q&A pairs. A detailed breakdown of
data distribution across the five financial scenarios
is provided in Table 3 in the Appendix. Regarding
task design, the benchmark incorporates both
single-turn and multi-turn Q&A mechanisms
and extensively integrates cross-modal multi-hop
reasoning requirements. Such a design enables
the assessment of the model’s comprehensive
capabilities in immediate understanding, cross-turn
context integration, and complex logic chain
construction, providing a solid foundation for
systematically evaluating the performance of
MLLMs in real financial environments.

3.2 Scenario Construction

The scenario construction of UniFinEval is not cen-
tered on isolated tasks or individual model capa-
bilities, but is designed to align with real-world
financial business processes. In practical finan-
cial settings, performance on a single capability is
often insufficient to support reliable deployment;
instead, model stability and consistency across mul-
tiple business stages are critical considerations for
real applications. Motivated by this observation,
UniFinEval establishes five interconnected and pro-
gressively hierarchical financial business scenarios.
As the scenarios advance, the object of analysis
expands from localized information processing to
global judgment, while data forms evolve from
static inputs to dynamic multi-modal combinations.
Accordingly, the demands placed on the model in-
crease across stages, and performance at each step
provides insight into the challenges and feasibility
of deploying MLLMs in realistic financial environ-
ments.

Financial Statement Auditing: As the pri-
mary stage of financial analysis, this scenario fo-
cuses on verifying the accuracy and consistency
of financial report information, with the goal of
establishing a reliable data foundation for subse-

quent end-to-end analysis. To address the practical
challenge faced by practitioners when verifying
information in complex visual environments, we
design high—information-density images that in-
tegrate textual content, charts, and their coupled
representations. Authentic layouts and redundant
information are deliberately preserved to reflect
real-world business settings. Models are required
to complete key information extraction and verifica-
tion through both single-turn and multi-turn Q&A,
enabling the evaluation of their ability to precisely
locate and validate critical financial facts under
conditions of high information density, complex
layouts, and redundant interference.

Company Fundamental Reasoning: Follow-
ing the FSA scenario, the CFR scenario focuses
on analyzing corporate operating conditions and
intrinsic value. To align with real-world practice
in which practitioners examine financial reports
alongside research reports, the data in this scenario
continue to use text and charts as primary infor-
mation carriers, while placing greater emphasis on
financial variables and calculation bases distributed
across heterogeneous modalities. The task design
centers on the derivation of core financial indica-
tors, requiring the model to extract relevant param-
eters from multi-source information and perform
rigorous multi-step calculations. By incorporating
high-difficulty cross-modal multi-hop reasoning,
the scenario effectively differentiates basic infor-
mation retrieval ability from deeper financial math-
ematical and logical reasoning capabilities.

Industry Trend Insights: The ITI scenario
elevates the analytical perspective from individual
enterprises to the industry level, focusing on cross-
enterprise and cross-period analysis to evaluate the
model’s ability to integrate multi-source informa-
tion and infer industry logic. To reflect real-world
demands for cross—data-source industry research,
the data construction integrates multi-period finan-
cial reports, industry research reports, and macroe-
conomic data. A broader informational context is
constructed using text and trend charts as primary
carriers. The tasks center on industry trend assess-
ment and cycle summarization, requiring complex
cross-enterprise comparative reasoning and multi-
hop inference. Through single-turn and multi-turn
interactions, the scenario simulates how practition-
ers extract structured industry insights from frag-
mented information.

Financial Risk Sensing: The scenario fo-
cuses on the multi-dimensional identification and
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In the first quarter of 2025, Pinduoduo
achieved total operating revenue of RMB
95.672 billion, of which online marketing
services accounted for 51% and transaction
services accounted for 49%. During the same
period, the company recorded operating
costs of RMB 53.0 billien, selling and
marketing expenses of RMB 33.4 billion,
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4.2 billion, and administrative expenses of
RMB 2.8 billion.

(23,410,655) (4,603,021)
(1,823,445) 765854 (228,608)
(2,909,620) (3,577,828) (493,038)

(28,143,720) (38,639,512) (5,324,667)

Multi-modal Financial Reasoning via Text-Image-Video Integration

Question: Calculate the proportion of full-year forecasted revenue represented by
the largest year-on-year difference item in Q1 2025 after subtracting
administrative expenses, rounded to two decimal places.

Answer: 7.13%

Note: This question integrates tri-modal information from the text, image, and video above,
specifically incorporating the administrative expenses for the first quarter of 2025 from
the text, the operating revenue for fiscal year 2025E from the image. and the marketing

expenses disclosed in the video.

Figure 3: An example of a cross-modal multi-hop question in UniFinEval. The answer is derived from the acquisition
and integration of key information from the presented text, images, and videos.

integration of potential risk signals, serving as a
critical component in safeguarding investment de-
cisions within financial analysis. It emphasizes
evaluating the model’s robustness and risk per-
ception capabilities under conditions of dynamic
multi-modal information fusion. Since risk sig-
nals are often implicit and embedded in unstruc-
tured and time-varying information, the scenario
introduces financial analysis videos, construct-
ing a text—image—video multi-modal setting. Dy-
namic viewpoints presented in videos are explicitly
aligned with written quantitative data, restoring the
multi-source cross-validation requirements charac-
teristic of real-world risk analysis. The tasks center
on risk signal identification and cross-modal consis-
tency verification, incorporating cross-modal multi-
hop reasoning. This design requires the model to
jointly assess heterogeneous information sources
and accurately capture latent downside risk signals.

Asset Allocation Analysis: As the final
decision-making stage in financial workflows, As-

set Allocation Analysis requires synthesizing in-
sights from all preceding analytical stages to for-
mulate executable strategies under multiple con-
straints. In this scenario, UniFinEval constructs
the most complex input structure, integrating multi-
modal data from all prior scenarios while further
introducing mixed text—image—video inputs and ex-
plicit real-world constraints, thereby closely ap-
proximating the information boundaries of realistic
decision-making processes. The task design fol-
lows the complete asset allocation pipeline and
primarily adopts multi-turn Q&A interactions, re-
quiring the model to iteratively integrate prior ana-
lytical results to produce logically consistent alloca-
tion strategies. This scenario ultimately evaluates
the model’s comprehensive decision-making abil-
ity and its capacity to manage trade-offs under high
information density and complex constraints.

Overall, through the progressive construction of
the five scenarios described above, UniFinEval es-
tablishes a comprehensive evaluation framework



that spans from static high-density perception, to
dynamic cross-modal reasoning, and ultimately to
expert-level decision support. As the scenarios ad-
vance, data modalities become increasingly diverse
and task structures grow more complex, enabling
fine-grained and interpretable quantitative assess-
ment of model capabilities across different cog-
nitive levels. This framework provides a reliable
reference for evaluating the practical applicability
of MLLMs in real-world financial business envi-
ronments.

3.3 Quality Control

Given the instability and potential bias of cur-
rent multimodal models in complex financial tasks,
as well as the financial industry’s stringent re-
quirements for precision, interpretability, and logi-
cal consistency, UniFinEval adopts a fully expert-
driven manual construction strategy for question
generation and validation. To eliminate any form of
model-induced bias, no LLMs are involved at any
stage of Q&A creation, ensuring that all evaluation
tasks strictly adhere to real-world financial business
logic and regulatory compliance standards.

The dataset construction is carried out by a dedi-
cated team of ten senior financial experts, includ-
ing PhD students from top-tier finance and eco-
nomics institutions and experienced practitioners
from leading securities firms and financial institu-
tions. All experts hold professional certifications
such as CFA or CPA, with an average of more than
five years of frontline industry or research expe-
rience. This dual composition of academic and
industry expertise ensures both theoretical rigor
and practical relevance in scenario design.

Question construction follows a rigorous four-
stage quality control pipeline. First, during data
filtering, automated scripts combined with manual
inspection are used to select multimodal financial
materials with high information density and strong
business relevance. Second, domain experts inde-
pendently formulate questions and corresponding
standard answers based on the curated data. Third,
all annotations undergo cross-validation by other
experts to identify logical inconsistencies, ambigu-
ity, or deviations from realistic business practices.
Finally, a unified audit is conducted to ensure that
the resulting tasks faithfully reflect the complexity,
decision constraints, and reasoning processes en-
countered in real financial environments. Detailed
descriptions of the quality control procedures are
provided in Appendix A.3.

4 Experiments Settings

4.1 Baseline Models

We tested 10 mainstream MLLMs. Closed-
source models were accessed via their respec-
tive APIs, while open-source models were de-
ployed locally. All inference tasks were run on
8xNVIDIA A800 GPUs, using vLLM for effi-
cient local deployment and inference (Llama used
LMDeploy). The evaluation encompassed 4 closed-
source models, including GPT-5.1 (OpenAl, 2025),
Gemini-3-pro-preview (Google, 2025), Grok-
4.1 (xAl, 2025), and Claude-Sonnet-4.5 (Anthropic,
2025), alongside 6 open-source models from mul-
tiple mainstream MLLMs, including Qwen3-VL-
235B-A22B-Thinking, Qwen3-VL-32B-Thinking
(Yang et al., 2025), InternVL3.5-241B-A28B,
InternVL3.5-30B-A3B  (Wang et al., 2025a),
MiniCPM-V-4.5 (Yu et al., 2025), and Llama-3.2-
11B-Vision-Instruct (MetaAl, 2025). For more
details on the models, please see Appendix B.

Gemini-3-pro-
preview
Qwen3-VL-235b-
A22B-Thinking
Qwen3-VL-32b-
Thinking
GPT-5.1-2025-11-
13

Claude-Sonnet-
4.5-20250929

InternVL3_5-241B-
A28B
MiniCPM-V4.5
InternVL3_5-30B-
A3B
Grok-4-1-Fast-
Reasoning

Llama-3.2-11B-
Vision

Zero-Shot
wmm  Chain-of-Thought (CoT)

Average Score

Figure 4: As evident from the visualization of the result
comparisons, the performance of the vast majority of
models achieved a slight improvement under the CoT
evaluation setting, though the overall magnitude of this
enhancement remains relatively limited.

4.2 Evaluation Methods

We employ two core evaluation settings: Zero-Shot
and Zero-Shot CoT (abbreviated as CoT). To en-
sure robust assessment despite the limitations of
rule-based matching in complex financial reason-
ing, we also integrate Qwen-Max (Yang et al.,
2025) to standardize output extraction and evalua-
tion. It should be noted that a manual inspection
of 30% of the judging results from Qwen-Max re-
vealed an average error rate of less than 1%. Addi-
tionally, Accuracy is adopted as the core metric to
ensure an objective and scalable evaluation.



Table 1: Performance of in Zero-shot and CoT settings on UniFinEval(%). FSA stands for Financial Statement
Auditing, CFR denotes Company Fundamental Reasoning, ITI refers to Industry Trend Insights, FRS represents
Financial Risk Sensing, and AAA corresponds to Asset Allocation Analysis.The highest values in each column are
highlighted with a blue background , while the second-best results are underlined.

Model FSA CFR ITI FRS AAA Average
Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT
Gemini-3-pro-preview 83.5 83.8 82.2 82.8 73.3 74.7 68.8 70.1 61.1 554 73.8 734
Qwen3-VL-235B-A22B-Thinking 80.2 81.3 78.9 74.9 69.4 64.6 62.9 62.7 433 50.3 66.9 66.8
Qwen3-VL-32B-Thinking 75.1 76.2 71.0 70.3 65.6 65.2 54.8 56.6 40.8 43.3 61.5 62.3
GPT-5.1 76.9 71.8 67.1 65.0 65.8 60.4 50.0 54.1 47.8 48.4 61.5 61.1
Claude-Sonnet-4.5 70.8 71.9 65.4 68.2 61.7 61.4 50.0 50.6 40.8 42.0 57.7 58.6
InternVL3.5-241B-A28B 69.0 70.6 66.2 68.7 63.8 63.8 37.1 36.2 38.2 40.1 54.9 559
MiniCPM-V-4.5 65.9 66.2 62.3 64.1 53.2 579 30.6 38.0 33.1 29.9 49.0 512
InternVL3.5-30B-A3B 61.5 61.7 64.7 59.9 50.0 52.7 33.9 35.8 28.0 34.4 47.6 49.0
Grok-4.1-Fast-Reasoning 50.3 52.5 43.1 44.1 32.5 349 16.1 19.3 17.8 223 32.0 34.6
Llama-3.2-11B-Vision 222 23.1 20.9 23.7 19.0 214 14.1 15.7 11.5 10.8 17.5 18.9
Expert 97.5 95.3 90.1 88.5 852 91.3
5 Results shift from explicit information recognition to the

5.1 Main Result

Table 1 presents the specific performance and aver-
age results of each participating model across vari-
ous tasks under both Zero-Shot and CoT settings,
while Figure 4 provides a more intuitive visualiza-
tion for comparison. Under the Zero-Shot setting,
Gemini-3-pro-preview demonstrates a stable and
comprehensive performance advantage across all
tasks, ranking first with an average accuracy of
73.8%. Qwen3-VL-235B-Thinking follows closely
with an average accuracy of 66.9%, a gap of only
6.9%. This result suggests that the technical di-
vide between current large-scale open-source mod-
els and closed-source models is progressively nar-
rowing. Qwen3-VL-32B-Thinking and GPT-5.1
constitute the second tier; both perform robustly
in perception-based tasks and certain reasoning
tasks but still face significant bottlenecks in high-
level decision-making. Notably, these two mod-
els achieve identical average accuracies, not only
surpassing Claude-Sonnet-4.5 and InternVL3.5-
241B-A28B but also demonstrating superior per-
formance across various sub-tasks, highlighting
their relatively stronger comprehensive competi-
tiveness. In contrast, the remaining models exhibit
a clear performance gap, a stratification effect that
is further amplified across different financial tasks.
Model performance shows a significant gradient
decay as task cognitive complexity increases. In
perception-oriented tasks such as FSA and CFR,
the performance gap between top-tier models and
human experts is narrow, with models able to con-
sistently identify most key information within com-
plex research reports and charts. However, as tasks

repeated verification of cross-modal information,
all models experience a marked decline in perfor-
mance. Even the top-performing Gemini-3-pro-
preview achieves only 73.3% accuracy in ITI sce-
narios, significantly lower than the 90.1% achieved
by human experts, exposing deficiencies in build-
ing consistent semantic mappings between differ-
ent financial modalities. In the FRS task, which
incorporate video modalities, most models fail to
achieve a performance breakthrough, indicating a
clear weakness in their ability to model logic across
the temporal dimension.

When task complexity further escalates to AAA
tasks, the performance shortfalls of all models are
fully exposed: Gemini-3-pro-preview achieves an
accuracy of only 61.1%, while the performance
of other models is even more inferior, creating a
significant gap compared to the 85.2% accuracy of
human experts. This result clearly illustrates that
although some models demonstrate strong capabil-
ities in preliminary perception and reasoning tasks,
they struggle to maintain long-term, stable logi-
cal consistency in complex financial multimodal
scenarios with high information density. In con-
trast, human experts maintain a significant advan-
tage across all task scenarios, and this advantage
continues to expand as tasks progress from the per-
ception level to the decision-making level. This
profoundly reveals the critical capability gap that
exists between current MLLMs and real-world fi-
nancial experts.

From the perspective of comparison with the
CoT setting, most models achieve a certain degree
of performance improvement, though the magni-
tude of this improvement remains relatively limited.



This phenomenon suggests that the vast majority
of current MLLMs are already capable of adapting
to explicit reasoning mechanisms; even without
embedded explicit reasoning instructions, the com-
prehensive performance of these models can be
relatively fully unleashed.

5.2 Error Analysis

We conducted a systematic error analysis by ran-
domly sampling approximately 50% of all in-
correct predictions generated by the evaluated
MLLMs. The overall error types are categorized
into five core dimensions: Perception, Halluci-
nation, Knowledge, Cross-modal, and Computa-
tion. These correspond to specific errors includ-
ing Financial Image Perception and Data Inter-
pretation (FIPDI), Inconsistent Financial Reason-
ing and Hallucinations (IFRH), Financial Knowl-
edge Reasoning and Domain-Specific Understand-
ing (FKRDU), Cross-modal Data Integration and
Alignment (CDIA), and Financial Computation and
Numerical Analysis (FCNA).

As illustrated in Figure 5, several models still ex-
hibit significant deficiencies in numerical computa-
tion; specifically, Qwen3-VL-32B-Thinking shows
a markedly higher proportion of errors in compu-
tational tasks compared to other evaluated models.
Aside from the prominent hallucination issues ob-
served in Llama-3.2-11B-Vision and the substan-
tial share of financial knowledge reasoning errors
in Qwen3-235B-VL-A22B-Thinking, the errors of
the vast majority of models are concentrated in two
dimensions: image content perception and cross-
modal data alignment. This phenomenon clearly
demonstrates that current MLLMs still possess ob-
vious capability shortfalls when confronting the
high information density and time-sensitive com-
plexities of financial market environments. They
remain unable to fully adapt to multi-hop reason-
ing tasks with fine-grained requirements, failing to
satisfy the rigorous demands for precision and sta-
bility inherent in the financial domain. Given that
the overall performance of Grok-4.1 fell short of
expectations, we conducted a targeted error analy-
sis in Figure 21 in Appendix B.1 to substantiate the
finding that some general-purpose MLLMs exhibit
weak adaptability in the financial domain. Simul-
taneously, Appendix B.1 provides supplementary
case studies of representative error types to further
support our research conclusions.

Perception

Hallucination Knowledge

Cross-modal Computation

~—— Gemini: ro-Preview
25-11-13
Llama-3.2-11B-Vision
Grok-4.1-Fast-Reasoning

—— Qwen3-VL-32B-Thinking
Qwen3-VL-235B-A22B-Thinking
Claude-Sonnet-4.5-20250929

~ InternVL3 5-30B-A3B
~——— InternVL3 5-241B-A28B
MiniCPM-V-4.5

Figure 5: The radar chart summarizes the relative pro-
portions of five major categories of errors observed in
incorrect model predictions. Each axis reflects the pro-
portion of a specific error type among all erroneous
cases for a given model, highlighting differences in
error concentration and reasoning weaknesses across
models.

6 Conclusion

We proposed UniFinEval, a high-information-
density multimodal benchmark oriented towards
real financial business scenarios, aimed at system-
atically characterizing the capability boundaries of
MLLMs in financial scenarios. UniFinEval centers
on five scenarios: Financial Statement Auditing,
Company Fundamental Reasoning, Industry Trend
Insights, Financial Risk Sensing, and Asset Allo-
cation Analysis, covering the complete financial
analysis link from basic perception to expert-level
decision support. The benchmark was constructed
entirely manually by financial domain experts; all
questions align strictly with real business logic
and explicitly introduce cross-modal consistency
judgment and multi-hop information integration,
thereby achieving performance evaluation of ac-
tual business capabilities. Experimental results
show that current MLLMs possess strong capabili-
ties in information extraction and fact recognition
tasks, but their performance remains significantly
limited and lags notably behind financial experts
when performing cross-modal semantic alignment,
subjective judgment understanding, and complex
financial decision-making under high-information-
density conditions. Error analysis further revealed
six major shortcomings of MLLMs in real finan-
cial scenarios.Overall, UniFinEval contributes a
unified and practical evaluation framework for sys-
tematically assessing the real-world effectiveness
of MLLMs in financial scenarios.



Limitations

Although UniFinEval strives to align with real fi-
nancial business processes in scenario design and
capability characterization, and has made break-
through progress in evaluating MLLMs in the fi-
nancial domain, some limitations remain. First
although the benchmark systematically introduces
cross-modal consistency, multi-hop reasoning, and
multi-turn information integration requirements in
various scenarios, current tasks are still dominated
by offline Q&A forms, not yet fully simulating the
complex closed loop of long-duration interaction
and dynamic decision feedback in real analysis pro-
cesses. Second, evaluation results mainly focus
on the correctness and consistency of model out-
puts, leaving room for deepening the analysis of
the interpretability of model reasoning paths.
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A Details of UniFinEval

A.1 Comparison of benchmarks

In this section, we first provide a detailed com-
parison Table 2 of various Q&A datasets across
multiple dimensions.

A.2 Statistic and Examples of Financial
Business Scenarios

We list the detailed information of UniFinEval data
in Table 3. The detailed information of the financial
business cenarios are presented below.

Financial Statement Auditing: As the founda-
tional entry point of financial operations, its core
objective is to accurately localize key financial in-
dicators and event-related information from high-
density materials such as financial statements and
research reports. This establishes a solid data foun-
dation for all subsequent analyses and decision-
making, ensuring the accuracy of information at its
source. Unlike data using only simplified charts,
this scenario retains real typesetting and redundant
information, forcing the model to complete key in-
formation screening under real visual interference.
Question design transitions from single factn to
cross-page, multi-point multi-hop reasoning, sim-
ulating the actual work process of analysts inte-
grating information across multiple pages. This
assesses whether the model possesses the ability
to effectively screen and precisely localize infor-
mation within real financial materials. Figure 6
provides examples of Financial Statement Audit-
ing.

Company Fundamental Reasoning: Building
upon basic information extraction, this scenario cor-
responds to the information alignment and synchro-
nization stage and focuses on interpreting semantic
consistencies and information overlaps embedded
in textual and graphical content. By rapidly cap-
turing redundancies or correlations across sources,
it provides critical alignment-level signals for in-
vestment decisions, bridging the gap between het-
erogeneous data formats and unified business logic.
Data comes from research reports, market com-
mentaries, and analysis materials, where charts no
longer directly present explicit financial indicators
but convey consistent information through trends,
distributions, or relative changes; texts also contain
descriptive or summary-based representations. Fig-
ure 7 and Figure 8 are the examples of Company
Fundamental Reasoning.

Industry Trend Insights: Designed for multi-



source data integration scenarios, this task ad-
dresses the complexity of deriving core metrics
from diverse raw data points found across modali-
ties such as text and charts. By executing precise
quantitative formulas across modalities, it prevents
computational errors caused by fragmented infor-
mation and ensures the accuracy and reliability
of calculated financial results. The data includes
explicit or implicit links between text and charts,
deliberately retaining the incomplete symmetry of
expression between modalities, making it impos-
sible for the model to complete the task through
surface matching; it must understand the underly-
ing calculation logic behind different modalities.
Questions also deepen from single-step parameter
extraction to multi-stage formula derivation and
sensitivity analysis. Figure 9 are the examples of
Industry Trend Insights.

Financial Risk Sensing: Corresponding to long-
term industry tracking and mid-term analytical as-
sessment, this scenario integrates temporal infor-
mation from both static text-image inputs and dy-
namic video data to infer industry development
logic, core driving factors, and volatility risks, pro-
viding trend-level support for mid-term investment
direction selection. Question design requires the
model to synthesize information changes at differ-
ent moments to explain and judge industry devel-
opment trends or market fluctuations. Figure 10
are the examples of Financial Risk Sensing.

Asset Allocation Analysis: As the ultimate
decision-making stage in financial operations, this
scenario integrates outputs from all preceding
stages and, under multiple constraints such as pol-
icy and risk considerations, produces actionable
asset allocation strategies. It directly reflects the
practical deployment value of the model and sup-
ports core investment decision-making. Question
design requires the model to continuously integrate
new information during interaction and maintain
decision logic consistency under multimodal, multi-
hop reasoning conditions. Figure 12 are the exam-
ples of Asset Allocation Analysis.

A.3 Details of Quality Control

Data Collection To ensure authority and real-world
alignment, UniFinEval sourced data from global
real financial markets, collecting over 2,500 listed
company documents and financial research reports,
as well as 1,000 financial analysis videos. These
materials cover both Chinese and English envi-
ronments across various asset classes, with all
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sources verified for copyright compliance. To
maintain high information density, we employed
a multi-layered filtering process combining auto-
mated scripts with collaborative manual verifica-
tion to remove low-quality or irrelevant content.

Data Filtering Experts first used automated
scripts to crop pages with financial charts and as-
sociated text from PDF reports, forming indepen-
dent complete images with high information den-
sity. For financial analysis videos, scene segmen-
tation, keyframe extraction, and timestamp align-
ment were performed to ensure semantic alignment
between static screenshots and the original video.
Subsequently, manual review and screening were
conducted, focusing on assessing business repre-
sentativeness, information effectiveness, and sce-
nario adaptability to fundamentally guarantee data
quality and business value.

Question Construction First, each expert inde-
pendently completed question design and standard
answer annotation based on assigned scenario data
to ensure originality and independence, avoiding
homogenization of thought. Subsequently, a dual-
round cross-validation phase began. Each ques-
tion was verified by an expert annotator from three
dimensions: answer accuracy, logical rigor, and
semantic clarity. If explicit errors were found in
the question or answer, the question was directly
discarded; if doubts existed regarding logic or se-
mantics, it was submitted to a second expert anno-
tator for independent re-verification. If a consensus
could not be reached or both annotators were un-
sure, the data was removed from the benchmark.

Expert Review First, all questions had to pass
a compliance review, where experts with expe-
rience in financial regulatory policy research as-
sessed whether they met financial industry compli-
ance requirements, avoiding sensitive expressions
or improper business scenario settings. Second,
the expert team conducted a centralized review of
business adaptability and difficulty gradients, fo-
cusing on checking if questions fit real business
flows while ensuring a reasonable difficulty ratio
to distinguish model capabilities at different lev-
els in a fine-grained manner. For multi-turn Q&A
tasks, an additional logical coherence review was
required, where experts simulated the multi-turn
interaction process from the perspective of a real
analyst to verify if the dialogue link was smooth,
the context consistent, and the decision deduction
compliant with business logic.



A.4 Examples of Environmental Perturbation
Simulations

In real-world financial office and auditing scenarios,
paper-based documents often suffer from degraded
visual quality due to improper storage, suboptimal
photographing angles, or physical wear and tear. To
more comprehensively evaluate model robustness
under extreme real-world conditions, UniFinEval
specifically introduces three environment-noise
processing tasks targeting physical entities. These
simulations are designed to mimic common degra-
dation phenomena encountered during the digiti-
zation of financial receipts and reports. The cate-
gories and definitions are as follows:

Stain Simulation: This task simulates ink
smudges, coffee stains, or mold spots that may
occur during the circulation or storage of financial
documents. Such disturbances are implemented by
randomly overlaying masks of varying shapes and
transparency on the images, partially occluding text
or accounting relationships. This setting tests the
model’s ability to recover incomplete information
and its robustness to visual interference. Figure 13
provides an example of this case.

Perspective Simulation: This task simulates ge-
ometric distortions caused by photographing doc-
uments with mobile phones or scanners from non-
parallel angles. By applying perspective projec-
tion transformations to the original images, docu-
ments exhibit trapezoidal warping or edge stretch-
ing. This requires the model to possess strong spa-
tial perception capabilities in order to accurately
extract structured data under coordinate shifts. Fig-
ure 14 demonstrates this perturbation type.

Crease Simulation: This task simulates phys-
ical creases left on paper documents after being
folded or crumpled. Creases introduce localized
linear highlights or shadows and may cause text
strokes to break or become misaligned. Such sim-
ulations effectively assess the OCR accuracy of
multimodal models when dealing with non-flat doc-
ument layouts.

Curvature Simulation: Simulates the non-
linear curling effects presented by thick financial
reports, book binding areas, or unflattened paper.
Unlike perspective distortion, this type of interfer-
ence causes text lines to distort irregularly follow-
ing the curvature of the paper, focusing on testing
the model’s capabilities in layout analysis, dewarp-
ing, and character rectification under complex 3D
deformations.
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Noise Simulation: Simulates image background
noise resulting from aging scanner sensors, trans-
mission compression loss, or low-light shooting
environments. By injecting Gaussian noise or salt-
and-pepper noise into the original image to reduce
the Signal-to-Noise Ratio (SNR), it aims to eval-
uate the model’s ability to accurately recognize
fine details of numbers and text under low-quality
imaging conditions characterized by blurriness and
strong graininess.

B Details of MLLMs

We list details of the MLLMs evaluated using
UniFinEval in Table 4.

B.1 Examples for Error Analysis

Building upon the error categories introduced in
the main text, this appendix provides a qualitative
explanation of each error type. The purpose is to
clarify the characteristics and underlying causes
of common failure modes exhibited by MLLMs in
financial reasoning tasks, rather than to introduce
additional experimental analyses.

Financial Image Perception and Data Inter-
pretation Errors:This category of errors refers
to failures occurring at the visual perception and
data interpretation stage of financial multimodal
reasoning. In finance-related tasks, models are of-
ten required to accurately extract numerical values,
trends, and structural relationships from visual in-
puts such as financial charts, tables, trend plots,
and annotated figures. Errors arise when the model
misidentifies key visual elements (e.g., axes, leg-
ends, data points) or incorrectly interprets visually
encoded information. These issues are particularly
prominent under conditions of high visual complex-
ity, noise, dense annotations, low image resolution,
or overlapping graphical components, and they fre-
quently propagate to subsequent reasoning steps,
resulting in incorrect financial conclusions.

Financial Knowledge Reasoning and Domain-
Specific Understanding Errors:This type of error
stems from limitations in the model’s understand-
ing of financial concepts, professional terminology,
and domain-specific reasoning principles. Finan-
cial tasks are characterized by high knowledge den-
sity and strong reliance on specialized concepts,
such as financial ratios, capital structure, account-
ing rules, and risk assessment frameworks. Models
may misinterpret these concepts, confuse related fi-
nancial terms, or apply inappropriate domain logic,



even when the input information is correctly per-
ceived. As aresult, the generated reasoning may de-
viate from established financial analysis practices,
leading to conclusions that are logically coherent
in form but flawed from a professional finance per-
spective.

Financial Computation and Numerical Anal-
ysis Errors:Financial computation and numerical
analysis errors occur when models fail to produce
accurate quantitative results during multi-step nu-
merical reasoning. In finance, precise calculations
are essential for tasks involving valuation, prof-
itability analysis, investment returns, or compara-
tive financial metrics. Models may make arithmetic
mistakes, apply incorrect calculation sequences,
suffer from rounding or precision loss, or fail to
consistently track intermediate numerical states.
Such errors indicate limitations in the reliability
of numerical reasoning, where even minor com-
putational inaccuracies can lead to substantially
distorted financial interpretations.

Cross-modal Data Integration and Alignment
Errors:Cross-modal data integration and align-
ment errors arise when models fail to correctly as-
sociate and fuse information across different input
modalities, such as text, images, and tables. Finan-
cial multimodal tasks often require joint reasoning
over heterogeneous sources, for example aligning
textual descriptions with chart-based evidence or
tabular financial disclosures. Errors occur when the
model overlooks critical cues, mismatches refer-
ences between modalities, or incorrectly prioritizes
information from one modality while neglecting
others. These misalignments can result in incom-
plete or inconsistent interpretations of the overall
financial context, ultimately undermining the accu-
racy of the reasoning process.

Inconsistent Financial Reasoning and Hallu-
cination Errors:This category captures errors re-
lated to logical inconsistency and hallucinated con-
tent in financial reasoning. Such errors occur when
models generate conclusions that are not supported
by the provided evidence, contradict earlier rea-
soning steps, or rely on fabricated assumptions.
In financial scenarios, this may manifest as un-
founded predictions of market trends, speculative
assessments of corporate financial health, or con-
fident but unsupported explanations of financial
outcomes. These errors are particularly problem-
atic in decision-sensitive financial applications, as
they may present misleadingly plausible narratives
that lack factual or logical grounding.
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Representative erroneous examples for all five
error categories are illustrated in Figures 15-19.

C Prompts Used in This Study

We provide representative prompt examples for
evaluation. Specifically, the prompt examples for
evaluation are shown in Table 5, Table 6.



Financial Statement Auditing
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Text: Industrial production remains stable with a positive outlook, driven by strong momentum in the computer and

communication sectors. According to Tengjing’s comprehensive data, the industrial economy is operating relatively

steadily. From January to October, the cumulative year-on-year growth rate of industrial value-added (at constant

prices) was 3.8%. Notably, growth fell into negative territory (-3.9%) in April due to the impact of the pandemic, but

subsequently bottomed out and rebounded, maintaining a slight upward trajectory. Historically, the year-on-year growth

trends of real estate investment and export delivery value have closely aligned with industrial value-added. However,

a "K-shaped" divergence emerged in May 2021 and has intensified this year. This is specifically manifested in real

estate investment growth: since falling into negative territory last July, the decline has widened, persisting in a slump of

double-digit negative growth that is hindering industrial recovery.

Round 1:

AIRE: KR SO R 5 T = B BT A Bt A, EooE AR AL AL O KX R B0 s Ay RS A Y

Question: Based on the description of the real estate investment growth rate in the text, what is the starting month in

which it entered the range of sustained double-digit negative growth? ZZ&: 20214E7 F Answer: July 2021

Round 2:

#ﬂ;; LEETE R A (M E S BN ERHTEEE R, T IR BT A TR AL B KRS R E A

Question: Combining the identified starting month with the latest data point shown in Figure 5, calculate the total
number of months during which the real estate investment growth rate remained in a state of double-digit negative
growth.

BR:

Answer: 16

Figure 6: This example showcases the Financial Statement Auditing scenario, focusing on high-precision data
retrieval and alignment. To provide an accurate answer, the model must demonstrate the ability to precisely localize
specific indicators across unstructured text and complex time-series charts. Specifically, the model is required to
pinpoint the exact starting month (July 2021) of sustained double-digit negative growth in real estate investment
within the text, and then accurately map its location to the corresponding trend in Figure 5. This task evaluates the
model’s ability to maintain high-precisionn and consistency verification when tracking specific industry fluctuations
within high-density and specialized financial materials.
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Company Fundamental Reasoning
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Question: What is the difference between the dividend of the world’s fastest-growing actively managed ETF to surpass
$20 billion and that of Mei Ying Sen?

BERE: -6.19%

Answer: -6.19%

Figure 7: This example demonstrates the Company Fundamental Reasoning scenario, designed to evaluate a model’s
basic search capabilities and deep financial mathematical logic capabilities. To resolve the task, the model must
demonstrate exceptionally strong abilities in targeted parameter extraction from textual descriptions and precise
numerical anchoring within financial charts. It must then construct a compound computational logic to execute
complex formulas derived from the integrated multimodal inputs. Finally, the task tests the integrity of the entire
reasoning-to-calculation chain, moving from cross-modal data synthesis to higher-order numerical closure.

Company Fundamental Reasoning
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Question: Since Q1 2022, by how many percentage points did Tencent’s fastest quarterly revenue growth rate exceed
the predicted year-on-year (YoY) revenue growth rate for Q1 2025? (Unit: %, rounded to two decimal places)

BER: -1.02%

Answer: -1.02%

Figure 8: This example demonstrates the Company Fundamental Reasoning scenario, designed to evaluate a model’s
basic search capabilities and deep financial mathematical logic capabilities.
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Industry Trend Insights

The Great Empires

Text: As I described in my book Principles for Dealing with the Changing World Order, I automated my way looking at
the cause effect relationships that are driving both improvements in and worsenings of countries’ conditions so that data
is fed into a computer that analyzes it and writes a summary of the current conditions and the long-term prospects for
each country. ... ... The table below shows our aggregate country power gauge and the major drivers, as well as the rank
of each measure of power across 24 major countries today and the trajectory over the past twenty years. To understand a
country, we start by looking at the big cycles , as well as measures of power that both reflect and drive the rise and fall
of a country. While we refer to these factors individually, they are not separate; they interact with and reinforce one
another to move a country along its cycle. For the United States, the big cycles look mostly unfavorable. The United
States is in an unfavorable position in its economic and financial cycles, with a high debt burden and relatively low
expected real growth over the next 10 years (1.3% per year). The United States has significantly more foreign debts than
foreign assets (net IIP is -68% of GDP). Non-financial debt levels are high (274% of GDP), and government debt levels
are high (127% of GDP). The bulk (99%) of these debts are in its own currency, which mitigates its debt risks. The
ability to use interest rate cuts to stimulate the economy is low (short rates at 0.1%), and the country is already printing
money to monetize debt. That said, being the world’s leading reserve currency is a large benefit to the US. If this were to
change, it would significantly weaken the US position. Internal disorder is a high risk. Wealth, income, and values gaps
are large (relative to countries of similar per capita income levels). Regarding Inequality—the top 1% and top 10% in
the United States capture 19% and 45% of income (respectively the 8th and 11th highest share across major countries).
...... , Half of the measure captures the absolute quantity of educated people at various levels and about half is placed on
quality such as higher education rankings, test scores, and average years of education. The US ranks highest in this
gauge (driven by strong absolute and relative measures of higher education), with China close behind (due to its large
number of educated people). Financial Center: This gauge measures the level of development and sizes of a country’s
financial markets and financial center. We look at absolute measures of transaction shares and market capitalizations, as
well as external indices of financial center cities. The US remains the top-ranked power in this metric by a significant
margin (driven primarily by its very large share of world equity and debt mar -kets), with China and Europe ranking
second and third, respectively. Reserve Currency Status: This gauge measures the extent to which a country’s currency
operates as a global reserve currency. We measure reserve currency status by the share of transactions, debts, and central
bank reserves that are denominated or held in a country’s currency. Similar to financial center status, the US remains the
top-ranked power in this metric by a significant margin, with Europe and Japan ranking second and third, respectively.
...... , In case it is helpful or interesting to you, you can review those scores below.33 In a few cases where there were no
quality measures, I had to create quality measures by adjusting the quantity for a country’s population, turning it into a
per capita measure. We did not give reserve currency status scores to the countries that share the euro, which is why
those measures are displayed as dashes. 4 Because the notion of competitiveness is inherently relative, we only show
the total score for this measure.

Question:Synthesizing the analytical logic regarding the *Big Cycle’ and the 'Eight Major Strengths’ in the text, as
well as the average evolutionary trends of the *Eight Major Strengths’ for all empires before and after their respective
peaks as shown in Figure 5, please infer: After an empire’s power reaches its peak, which ’strength’ indicator declines
the fastest (i.e., requires the shortest time to drop from its peak to the 0.2 level)? Please substantiate your argument by
combining the trend lines in the video with the implications in the text regarding the vulnerability of ’financial center’
status.

Answer: Financial Center

Figure 9: This example demonstrates the Industry Trend Insights scenario. It requires the model to extract the
evolutionary trends of the "Eight Major Strengths’ indicators for all empires before and after their peaks from
the video, focusing on comparing the declining slopes of each indicator curve after the peak, to preliminarily
identify that the ’financial center’ indicator curve has the steepest declining slope, presenting a trend of rapid
decline; secondly, to locate descriptions regarding the ’financial center’ indicator in the text, confirming that its core
components rely on short-term capital flows and market confidence, and that its strong binding relationship with
reserve currency status will trigger a transmission chain of rapid decline when the economic and financial cycle
turns unfavorable; and finally, to associate the steep decline trend of the ’financial center’ in the video with the high
sensitivity and high vulnerability of this indicator in the text, arriving at the conclusion that the ’financial center’
indicator declines the fastest after the empire’s power reaches its peak.
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Financial Risk Sensing
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Question: By combining OPEC+’s actual production cuts implemented in April, the total planned production cuts from
May through the end of the year, and the EIA’s assessment of global economic sentiment, analyze the core reason why
the EIA lowered its forecast for the average WTI crude oil price in 2023, and explain how this reason weakened the
price-supporting effect of OPEC+ production cuts.

B M EEREFTR S BARMRIT LG KIIE L T XTOPECHE™ FIIEIL; LFFEMIRIH T 7™
RHOR, SEM ST T

Answer: Market concerns about global economic weakness, inflation, and turmoil in the banking sector outweighed
concerns over OPEC+ production cuts; these economic worries offset the impact of the cuts, leading to a downward
revision in price expectations.

Figure 10: This example illustrates the Financial Risk Sensing scenario, requiring the model to keenly capture
potential downside risk signals. First, it must cross-verify the structural details of OPEC+’s complex production
plan with the descriptive macro sentiments highlighted by the EIA, such as global economic weakness, inflation,
and banking turmoil. Subsequently, the model must accurately synchronize these heterogeneous signals to identify
that market concerns regarding an economic recession have outweighed expectations of support from production
cuts. This task evaluates whether the model can logically align these disparate information threads to justify the
downward revision of the WTI average price forecast to $73.62 per barrel.
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Financial Risk Sensing

87.10 @ Lt 878 ik I8
212597 RET

A BRI L £2025FQUE WM N Bh i T R E &+ 42
Question: What are the primary reasons for Pinduoduo’s revenue fluctuations in Q1 2025?
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Answer: Pinduoduo’s (Temu) Business Model Transition from Fully Managed to Semi-Managed.

Figure 11: This example illustrates the Financial Risk Sensing scenario. This task requires the model to reason
across two videos to identify the primary factors driving revenue fluctuations and to further recognize the underlying

potential risks.
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Asset Allocation Analysis
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Question: Based on the statement in the text description regarding maintaining an average daily injection scale of

around 100 billion yuan for the subsequent two trading days,” and the background of market volatility in November

2022 reflected in Figure 25, calculate the multiple of the total injection volume from the day of operation through the

El%s:quent two trading days relative to the net injection amount on that day (rounded to two decimal places).

&k 1.39

Answer: 1.39

Figure 12: This is a comprehensive question examining macro asset allocation logic and cross-market volatility
attribution capabilities. It requires the model to possess keen financial semantic recognition and multi-dimensional
indicator alignment capabilities: First, it must extract fluctuation data across categories for the CSI 300 Index, stock
index futures, and dominant crude oil futures; second, it needs to accurately calculate the average risk exposure of
the equity and energy dual axes in major asset allocation; finally, quantitatively derive the core metric reflecting the
true market volatility level, testing the model’s quantitative analysis chain from discrete data capturing to composite
risk measurement.
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Table 2: Comparison of various benchmarks across multiple dimensions. The abbreviations in the header are:
MLD (Multi-level Difficulty), RES (Realistic Environment Simulation), MC (Manually Construct), FAV (Financial
Analysis Video), CD (Consistency Detection), and MHR (Multi-Hop Reasoning).

Benchmarks MLD RES MC FAV CD MHR
Image
FinMR v X X X X X
FinMMR v X X X X X
FinMME v X X X X X
Multifinben v X X X X X
XFinBench v X X X X X
VisFinEval v v X X X X
FinMultiTime v X X X X X
CFBenchmark-MM X X X X X
Video
FinCap 4 X X 4 X X
VideoConviction v X X v X X
Ours(Text + Image + Video) v v Ve v v v

Table 3: Financial Scenario Data Distribution. The
table details the distribution of questions across five
core financial tasks: Financial Statement Auditing
(FSA), Company Fundamental Reasoning (CFR), Indus-
try Trend Insights (ITI), Financial Risk Sensing (FRS),
and Asset Allocation Analysis (AAA).

Financial Scenario Questions
Financial Statement Auditing 892
Company Fundamental Reasoning 926
Industry Trend Insights 896
Financial Risk Sensing 535
Asset Allocation Analysis 518
Total (UniFinEval) 3767
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Stain Simulation

2020 -~

2022 wemes J 02T 2019 ) (123 s D)) e (2] 2019 w7010

78 84 94 10H IH 2 3R AR sB. eH o 7HT B8R 9H a0F 118 o h
C:4:E Tl (%)

e AP e AP 2020 ~—-2019

18 124

AR ETREMSEIHRESG (BSLE£ LA A EAMER=1TE, HERPVCHEEH TIFfT LR
(%) , T A LATEF, 2019 TRAE2A K THEES 52023543 A W EFHESMLEL, H—B

AN R RIZ?

Question: Based on the provided financial research report image (which contains three subplots located at the top-left,

top-right, and bottom, all showing the PVC South China downstream operating rate (%), please analyze the following:

In the top-right subplot, when comparing the downward trend in the operating rate in February 2019 with the upward

trend in March 2023, which period exhibits more pronounced volatility?

B 201952 A BN REB E IR

Answer: The decline in February 2019 was more pronounced.

Figure 13: This is an example of stain simulation perturbation, simulating ink smudges, coffee stains, or mold spots
acquired by financial documents during circulation or storage.

Table 4: Models evaluated in this paper. The "Access" column shows whether we have full access to the model
weights or we can only access through API. The “Version Date” column shows the release date of the corresponding
version of the model we evaluated.

Category Model Creator Parameter Access Version Date

Close-Source  Gemini-3-pro-preview Google Undisclosed API 2025.11
GPT-5.1-2025-11-13 OpenAl Undisclosed API 2025.11
Grok-4.1-Fast-reasoning XAl Undisclosed API 2025.11
Claude-Sonnet-4.5-20250929 Anthropic Undisclosed API 2025.9

Open-Source  Qwen3-VL-235B-A22B-thinking  Alibaba Cloud 235B Weights 2025.11
Qwen3-VL-32B-thinking Alibaba Cloud 32B Weights 2025.11
InternVL3.5-241B-A28B Shanghai Al Lab 241B Weights 2025.8
InternVL3.5-30B-A3B Shanghai AI Lab 30B Weights 2025.8
Llama-3.2-11B-Vision Meta Al 11B Weights 2024.9
MiniCPM-V-4.5 OpenBMB 9B Weights 2025.9
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Perspective Simulation
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Question: Based on a comprehensive analysis of the descriptions in the right-hand subplots of Figures 15, 16, and 17
regarding the bottoming-out and rebound timing of three indicators—PPI, M2, and CPI-Food, Tobacco, and Liquor
(specifically, PPI reached its low point and began to rise in April 2023, M2 in May 2023, and CPI-Food, Tobacco,
and Liquor in July 2023)—combined with the characteristic shown in the left-hand subplots where all three indicators
experienced a slight decline during the week of January 15, 2023, determine which indicator had the shortest remaining
time in its downward phase as of the time point of January 15, 2023. You are required to strictly base your analysis on
ti]:e ;}t:xt information within the images to perform a cross-indicator temporal comparison and trend phase positioning.
E: PPI
Answer: PPI

Figure 14: This is an example of perspective simulation perturbation, simulating the geometric distortion caused by
capturing images with mobile phones or scanners at non-parallel angles.
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Financial Image Perception and Data Interpretation Errors

RN EIRER

8A26BE9 A1 0N, JifATTFHEEHTE 810 L, Lb, 7 £ @it
14090 167, AFHFTF 1.9%, 7 REEMEII 7280 L. AF (9A20%9 A8
0) , ¥4 14090 127 7 R ¥ =0 2 £,

B4 23: 7.8-7.14, RfFAFFHAELH S 350 12T

30,000

Ter)
20,000 1

10,000

AL A

Il

Wb TR AEERRIA, 8 A 26 HE 9 A 1 HIE, ROOT A= ROO7 4 Al £ =%
15. 98P 4= 10. 5BP £ 1. 7%= 2. 01%, DROO7 4t LJ& Lisk 14.96BP £ 1.80%. & T R HIECR
FIF84 1. 9%, SHIBOR &A= 1 J8 A 40 4 £ L 1 7% 14. 2BP A= 8. 2BP £ 1. 68%4= 1. 81%,
3 A~ A 4 LA Lk 3BP £ 2.04%.

B & 24: K775 AR LE A % 25: SHIBOR 7| %%t ZH

36 (%) 2.1 (%) (BP) [ 10

28 &0 I )

: ||,

24 19 -

ALTALN
20 VYN W\N‘ / 5
vy 1.8 Vadll

16 L\/J 82 10

’ 1

@ - - @ ow ke - - @ ow @ 142 15,1 1

g - 58 86 383 - 5 8385 8

P R I I < < <]

JX RN YIS o SRR SV S o S o S S o B VS VRS AR VA o) 1.6 20

S 5 5 5 5 5 &8 s 5 2 & &

§ § § § § § § & & & & &« SHIBORO/N SHIBORTW SHIBOR2W SHIBOR1M SHIBOR3M
DRO007(7DMA) R007(7DMA) TRIEEH — (% ) 2023-09-01 2023-08-25

[RIRI: - 456 305 Ui B A SHIBOR 31 H A1 2R 1 Al 18 28 (L AU e 55 125 FH SHIBOR 11> A Il 1) J B 28 (L AL
THHE3 A 511 A SHIBORFIZE8 H26 H =9 A 1 H I ME S WE (FHEEAEELTTM) -

Question: Based on the weekly change data of the 3-month SHIBOR rate provided in the textual description and the
weekly change data of the 1-month SHIBOR rate shown in Figure 25, calculate the basis-point change in the SHIBOR
spread between the 3-month and 1-month tenors during the period from August 26 to September 1 (taking into account
the definition and direction of the spread).

BE: 29

Answer: -2.9

A 3 A 511 H SHIBORMZEAE8 H 26 H 29 H 1 H A 2 S 28 L (E47.0 BP -

Model Output:The change in the basis-point spread between the 3-month and 1-month SHIBOR over the period from
August 26 to September 1 is 7.0 bps.

Figure 15: This case represents a typical example of Financial Image Perception and Data Interpretation Errors,
where the model incorrectly reads the SHIBOR data in Figure 25 by misidentifying the SHIBOR 1-month value on
August 26 as 19.2 bps (instead of the correct value), which subsequently leads to an erroneous spread calculation.
This error highlights the model’s limitations in accurately perceiving and interpreting key numerical information
from financial charts, particularly when dealing with visually complex financial figures, where visual misperception
can easily propagate into downstream reasoning errors.
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Financial Knowledge Reasoning and Domain-Specific Understanding Errors
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Question: The line chart shows an extreme spike in the 2020 ratio of COMEX gold futures settlement prices to WTI
crude oil futures settlement prices. In conjunction with the risk warning section, which risk transmission pathway does
this phenomenon most directly confirm? Please extract the core conclusion phrase from the risk warning as your answer.

ER: et
Answer: Financial market liquidity outcome
PR SR AR sh 3 in

Model Output:An increase in crude oil price volatility.

Figure 16: This case exemplifies a Financial Knowledge Reasoning and Domain-Specific Understanding Error,
where the model incorrectly attributes the extreme peak observed in the chart to an increase in crude oil price
volatility, whereas the ground-truth explanation emphasizes financial market liquidity conditions. This error reflects
the model’s insufficient understanding of domain-specific financial concepts, as it fails to correctly identify the core
drivers underlying market fluctuations—such as liquidity risk—thereby leading to reasoning that deviates from the
key financial semantics.
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Financial Computation and Numerical Analysis Errors
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Question: What is the year-on-year growth rate (relative to fiscal year 2023) of the subsidiary group with the highest
increase in revenue share in Alibaba’s fourth quarter of 2024? (Round to two decimal places; unit: %).

BR: 1.60%

Answer: 7.60%

A 52.05%

Model Output: 52.05%

Figure 17: This example illustrates an error where the model computes overall revenue share growth instead of the
year-over-year growth rate of the subgroup with the largest increase in revenue share, as required by the question.
Although the year-over-year growth rates of individual subgroups are correctly calculated, the model fails to derive
revenue share growth based on changes in revenue proportions, resulting in a discrepancy between the predicted
value (52.05%) and the ground-truth answer (7.60%). Note: The original question contains nine images; only the
first image is shown.
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Cross-modal Data Integration and Alignment Errors in Finance
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Question: As the chief strategist of a global macro hedge fund, when constructing a transmission model of overseas
central bank policies to domestic short-term interest rates, it is necessary to strictly rely on explicit textual data and
conduct multi-step verification. Please compare the statement regarding “a possible secondary rebound” in the “Inflation
— Outlook” row of the Bank of Japan’s December 2022 policy meeting table (Figure 34) with the weekly change in
the 1-year Chinese government bond yield shown in the ChinaBond market chart (Figure 38). It is known that the
Bank of England’s October policy meeting (Figure 45) explicitly stated that inflation “will take two years to return
to 2%,” and Figure 39 shows that the 10Y-1Y government bond term spread narrowed by 11.6 bp month-on-month.
Given the model assumption that short-term inflation expectations dominate movements in the 1-year yield, and that
“secondary rebound” specifically refers to the short-term risk of an inflation pickup in the second half of 2023, please
deduce: which specific numerical change in the ChinaBond market is logically and directly supported by the Bank of
Japan’s statement? Please answer by citing the explicit textual content specified in the question prompt.

Answer: 10.6 bp

Model Output: The positive change in the weekly variation of the 1-year government bond yield in the ChinaBond
market chart (Figure 38).

Figure 18: This example illustrates a failure in cross-modal alignment, where the model does not effectively align the
numerical information in the chart with the logical requirements of the text. Instead of extracting the specific value
(10.6 bps) from Figure 38, the model merely describes the qualitative property of the change (a positive variation).
This reflects limitations in cross-modal data integration and alignment, as the model fails to precisely associate
textual reasoning with chart-based numerical evidence, resulting in the loss of critical financial information.



Inconsistent Financial Reasoning and Hallucination Errors
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Question: Based on Table 1, calculate the change in the year-on-year export growth rate between July 2023 and June
2023 (July 2023 YoY minus June 2023 YoY), and identify the major Western partner economies for which this change
is less than -5% (limited to the United States, the European Union, the United Kingdom, Germany, and France). In
conjunction with the sustained downward trend in manufacturing PMI in Europe and the United States during the
first half of 2023 (January—July 2023) shown in Figure 2, determine which country/region experienced the largest
deterioration in year-on-year export growth.

R EE

Answer: Germany

R B, T, EE

Model Output: The European Union, Germany, and France

Figure 19: This example demonstrates an inconsistency and hallucination issue, where the model generates multiple
answers (the European Union, Germany, and France) despite the question requiring a single correct response.
Although the correct answer is included, the model introduces irrelevant information, violating the single-answer
constraint. This behavior reflects deficiencies in consistent financial reasoning and hallucination control, as the
model fails to precisely apply the filtering criteria to produce a unique and accurate output, resulting in redundant
and imprecise answers.
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Cross-modal Data Integration and Alignment Errors in Finance:Text-Image Alignment

Example
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Text:Since October, capital markets have exhibited a series of new developments. The U.S. equity—bond
“seesaw” effect has re-emerged, and shifts have also become evident across other sub-markets, indicating
that the impact of tightening trades under the Federal Reserve’s rate-hiking cycle is nearing dissipation
— in a normal economic cycle, the equity—bond seesaw is the norm, with simultaneous rises or declines
typically occurring only when liquidity conditions change significantly. The frequent co-movement
observed during much of the early part of the year has gradually eased, and markets appear to be more
sensitive to signals of an end to rate hikes than to tightening expectations; ..., from an asset-allocation
perspective, U.S. Treasuries and precious metals have emerged as preferred choices. Nevertheless, short-
term trading activity may still interfere with the bond market, while against the backdrop of weakening
global demand, commodity markets—given their strong correlation with the output gap—are likely to
remain under pressure. Looking back at history, safe-haven assets such as gold and U.S. Treasuries have
often performed well around recessionary periods, and under current conditions, their allocation value may
become increasingly pronounced as tail risks continue to surface.

Al 45 S BT ST A I SRA S 2 T ORISR . IR 28HIZERIASE M FF, LI NFERR 24
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Question: Based on the temporal reference of ‘the current period’ in Research Finding 4, the sequence of
recession years shown in Figure 28, and the description of the recession type in Risk Warning 2, infer the
specific recession year that is directly associated with the current performance of the commodity market.
BR: 20225

Answer: 2022-05

AL 2016

Model Output: 2016

Figure 20: This example demonstrates a cross-modal integration and alignment failure in financial reasoning, where
the model exhibits insufficient capability in jointly extracting and associating information from textual descriptions
and chart-based data. Due to the complexity of the chart and biases in interpreting temporal sequences, the model
fails to accurately extract the recession-period year series from Figure 28 (including 2022-05) and does not correctly
align the temporal reference “current” and the recession type described in the text with the corresponding chart
cycles. Instead, it incorrectly selects the year 2016, which does not appear in the chart, revealing deficiencies in
financial text-image information extraction, alignment, and feature matching.
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An example of Grok exhibiting analysis errors in finance
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Question:In the third quarter of 2022, the share of medium- and long-term loans (Figure 2) entered a phase of sustained
increase. During the same period, which category of enterprises—large, medium, or small—exhibited the most
pronounced rebound in PMI in Figure 1? The answer should be determined by jointly considering the time interval of
the rising loan share shown in Figure 2 and the relative PMI trend characteristics of the three enterprise categories in
Figure 1.

BRI

Answer: Small-sized enterprises

AV Al

Model Output: Medium-sized enterprises

Figure 21: This example shows that Grok identifies medium-sized enterprises as exhibiting the strongest PMI
rebound in Q3 2022, whereas the correct answer is small-sized enterprises, reflecting a failure in cross-modal data
integration and alignment despite detailed reasoning.
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Table 5: Prompt Template for Zreo-Shot Evaluation
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(a) Chinese Version

(b) (continued)Prompt Template for Zreo-Shot Evaluation

You are a senior financial expert with profound theoretical knowledge and extensive
practical experience.

Your characteristics:

- Proficient in financial theory and practice

- Familiar with various financial instruments, market mechanisms, and risk manage-
ment

- Capable of understanding complex financial models and data analysis

- Skilled in providing deep, professional analysis and insights

Acting in this role, based on the provided charts/data, please utilize your professional
knowledge and analytical skills to provide a deep and professional answer. You may
use professional terminology and complex analytical methods.

Question: {question}

{options_text}
Response Requirements:

1. Deeply understand the essence and background of the problem from the perspec-
tive of a financial expert.

2. Analyze various aspects of the problem step-by-step, demonstrating your thought
process.

3. Provide an accurate and complete final answer.
Note:
- Maintain the persona of a financial expert; think and analyze in a professional manner
- Analyze the problem step-by-step to show the reasoning process
- Do not use Markdown code block formatting
- The output language should remain consistent with the language of the question

(c) English Version
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Table 6: Prompt Template for Zreo-Shot CoT Evaluation
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[A]@: {question}

{options_text}
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(a) Chinese Version

(b) (continued)Prompt Template for Zreo-Shot CoT Evaluation

You are a senior financial expert with profound theoretical knowledge and extensive
practical experience.

Your characteristics:

- Proficient in financial theory and practice

- Familiar with various financial instruments, market mechanisms, and risk manage-
ment

- Capable of understanding complex financial models and data analysis

- Skilled in providing deep, professional analysis and insights

Acting in this role, based on the provided charts/data, please utilize your professional
knowledge and analytical skills to analyze the problem step-by-step and provide an
answer.

Question: {question}

{options_text}
Response Requirements:
1. Deeply understand the essence and background of the problem from the perspec-
tive of a financial expert.
2. Systematically analyze various aspects of the problem.
3. Clearly demonstrate your reasoning process and thought path.
4. Provide an accurate and complete final answer.
Note:
- Maintain the persona of a financial expert; think and analyze in a professional manner
- Do not use Markdown code block formatting
- The output language should remain consistent with the language of the question

(c) English Version
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