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Abstract

Multimodal large language models (MLLMs)
have shown increasing potential for applica-
tions in the financial domain. However, the
challenges posed by real-world financial scenar-
i0s, including high-information-density, strong
noise interference, and cross-modal multi-hop
reasoning, go beyond the evaluation scope of
existing financial multimodal benchmarks. To
this end, we propose UniFinEval, the first uni-
fied multimodal financial evaluation benchmark
designed for high-density financial informa-
tion environments, covering three modalities:
text, image, and video. UniFinEval abstracts
three progressive core scenarios from percep-
tion to reasoning and decision-making, and fur-
ther refines them into six task categories. It
contains 5,567 high-quality Chinese and En-
glish question—answer (QA) pairs constructed
by financial experts. We systematically eval-
uate 10 mainstream MLLMs under zero-shot
and chain-of-thought (CoT) settings. Experi-
mental results show that Gemini-3-Pro achieves
the best overall performance, but still exhibits
a significant gap compared with financial ex-
perts. Further error analysis reveals the ca-
pability deficiencies of MLLMs in financial
scenarios. UniFinEval aims to systematically
evaluate the capabilities of MLLMs in real fi-
nancial scenarios, thereby promoting the appli-
cation of MLLMs in the financial domain. The
related code and data are available at https:
//github.com/aifinlab/UniFinEval.

1 Introduction

With the exponential growth in the scale of infor-
mation production, the primary carriers of infor-
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mation dissemination have become increasingly
multi-source and heterogeneous. Against this back-
drop, large language models (LLMs) and multi-
modal large language models (MLLMs) are being
applied to more complex cross-domain information
processing and professional scenario analysis (Rah-
man et al., 2025; Li et al., 2025c; Zhang et al.,
2025a; Das et al., 2025; Dennstédt et al., 2025; Xia
etal., 2024). This demand is particularly prominent
in the financial domain, where financial scenarios
often require the simultaneous processing of mas-
sive financial reports, financial commentary videos,
and other types of materials. These materials are
inherently high-information-density and heteroge-
neous, requiring MLLMs to accurately filter valid
evidence in complex environments, understand im-
plicit correspondences between textual and visual
information, and further conduct continuous analy-
sis by incorporating information from videos. Al-
though MLLMs have demonstrated strong capabili-
ties, tasks in financial scenarios are far from merely
single-step perception tasks.

Early financial benchmarks typically focus on
evaluating models’ ability to process information
within a single modality, without sufficiently assess-
ing their ability to jointly understand, align, and
integrate information across multiple modalities,
such as FinQA (Chen et al., 2021), Fin-Fact (Ran-
gapur et al., 2025), and MMMU (Yue et al., 2024).
These benchmarks mainly focus on capabilities in
domain knowledge, reasoning, and numerical com-
putation, but have not yet been extended to broader
multimodal tasks. Such modality-restricted evalua-
tion leads to inconsistent characterization of model
capabilities and limits the practical reference value
of evaluation results in real-world financial appli-
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Question: Was the actual announced value of total retail sales of
consumer goods in July higher than the market expectation?

Answer: NO

Note: Observing the bar chart comparison for retail sales, the yellow bar
representing the expected value is much higher than the blue bar
representing the actual value. This demonstrates that the actual
performance in July fell short of expectations, invalidating the original
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In the first quarter of 2025, Huaduog achieved total
operating revenue of RMB 95.672 billicn, an increase from
the same period of the previous year. The online
marketing services accounted for 51% and transaction
services accounted for 49%. During this same period, the
combination of operational profits of RMB 2.8 billion,
selling and marketing expenses of RMB 3.6 billion,
research and development expenses of RMB 2.8 billion,
and administrative expenses of RMB 2.8 billion.
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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.
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statement.

Figure 1: UniFinEval targets high-information-density financial environments by integrating text, image, and video
inputs into a unified evaluation framework. Compared with low-density and single-modality settings, it emphasizes
expert-constructed annotations, cross-modal consistency verification, and multi-hop financial reasoning over realistic

business materials.

cations. Benchmarks such as MME-Finance (Gan
et al., 2025) and BizFinBench.V2 (Guo et al., 2026)
have begun to model business environments and
evaluate models’ abilities in financial analysis and
decision-making. These benchmarks have played a
crucial role in advancing the application of MLLMs
in the financial domain.

Despite these advancements, as illustrated in Fig-
ure 1, existing benchmarks still suffer from a criti-
cal limitation: most of them focus only on models’
capabilities in a single chart or video, while over-
looking the high-information-density and noise-
rich information environments of financial mar-
kets and the ability to jointly process information
from multiple modalities. Since textual reports,
financial images, and videos may all contain deci-
sive evidence in financial tasks, at the same time,
irrelevant or misleading signals may also appear
across modalities. Relying solely on charts or video
frames cannot fully represent the high-information-
density and noise-rich information environments in
real-world financial workflows.

To address this limitation, we propose
UniFinEval, the first unified financial benchmark

specifically designed for high-information-density
environments in finance, integrating text, images,
and videos into a unified evaluation framework.
UniFinEval focuses on evaluating the ability
of MLLMs to perform cross-modal multi-hop
financial reasoning. Based on real-world financial
business workflows, UniFinEval abstracts three
major financial scenarios: Financial Evidence
Understanding and Verification, Financial Analyt-
ical Reasoning, and Financial Risk Sensing and
Decision Analysis. These scenarios are further
refined into six task categories: financial evidence
localization, Cross-modal Information Consistency
Verification, Financial Numerical Derivation,
Macro-Industry Trend Reasoning, Risk Signal
Identification and Investment Decision Analysis.
These tasks comprehensively characterize the
full cognitive chain from multimodal perception
and cross-modal alignment to high-level financial
reasoning and decision-oriented analysis. The
detailed architecture is illustrated in Figure 2. In
summary, our primary contributions are:

1. We propose UniFinEval, the first unified
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Figure 2: UniFinEval organizes multimodal financial reasoning into three progressive scenarios: financial evidence
understanding and verification, financial analytical reasoning, and financial risk sensing and decision analysis. These
scenarios are further decomposed into six task categories, forming a capability chain from evidence localization and
cross-modal alignment to numerical derivation, trend reasoning, risk identification, and decision-oriented analysis.

financial multimodal benchmark for high-
information-density heterogeneous environ-
ments. Through question—answer (QA) pairs
carefully constructed by financial experts,
UniFinEval deeply integrates text, images,
and videos, providing a unified evaluation
standard for assessing the deep application ca-
pabilities of MLLMs in the financial domain.

2. We construct a benchmark with three scenar-
ios and six task categories from the perspec-
tive of multi-source heterogeneous informa-
tion integration in finance. The benchmark
decomposes cross-modal multi-hop reason-
ing into Financial Evidence Understanding
and Verification, Financial Analytical Reason-
ing, and Financial Risk Sensing and Decision
Analysis. It covers the complete cognitive
chain from evidence localization to decision-
oriented reasoning, posing a rigorous chal-
lenge to the practical performance of MLLM:s.

3. We conduct extensive evaluation and targeted
error analysis on mainstream large models.
Through fine-grained analyses across tasks,
modalities, and reasoning types, UniFinEval
reveals key limitations of current MLLMs in
high-information-density environments and
provides practical and feasible optimization
directions for improving the deployment of
MLLMs in financial scenarios.

The organization of this paper is as follows. Sec-
tion 2 reviews research on financial MLLMs and re-
lated multimodal benchmarks. Section 3 details the

construction, quality control, and detailed statistics
of UniFinEval. Sections 4 and 5 primarily describe
the experimental setup, as well as the main exper-
imental results and analysis. Finally, Section 6
summarizes this work and discusses potential fu-
ture directions in multimodal financial intelligence.

2 Related Work

2.1 Financial Applications Analysis

Benefiting from the breakthrough progress of large
language models (LLMs), their applications in the
financial domain have gradually expanded from ba-
sic text processing to more complex professional
analytical workflows. Early studies mainly fo-
cused on tasks such as financial sentiment anal-
ysis (Delgadillo et al., 2024; Kim et al., 2024; Ia-
covides et al., 2024), financial time-series analy-
sis (Li et al., 2024b,c; Wang et al., 2024¢c; Mai,
2024; Cao et al., 2024) and financial text under-
standing (Masry and Hajian, 2024; Wilson et al.,
2024). Further, LLMs have begun to be applied to
tasks that are closer to business workflows, such as
financial report interpretation, investment research,
trading decision-making, asset allocation, and risk
management (Yu et al., 2024b; Xiao et al., 2025;
Liu et al., 2025d; Yu et al., 2024c). However, the
information on which financial scenarios rely is in-
herently multimodal, with different carriers serving
different evidential functions. Therefore, the appli-
cation boundaries of large language models have
also gradually expanded from language understand-
ing to multimodal information processing. FinVis-
GPT (Wang et al., 2023), FinZero (Wang et al.,
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Table 1: Comparison between UniFinEval and representative financial multimodal benchmarks. v'indicates explicit
support, Aindicates partial or implicit support, and Xindicates that the corresponding feature is not clearly covered.
The abbreviations and their core meanings are as follows: Financial Video Data (FVD), Unified Text-Image—Video
Evaluation (TIV), Human Construction (HC), Real-world Financial Scenario Simulation (RFS), High-density
Financial Information (HDI), Cross-modal Multi-hop Reasoning (CMR), Cross-modal Consistency Verification
(CCV), Evidence Grounding (EG) and Broad Financial Task Taxonomy (BFT).

Benchmarks FVD TIV HC RFS HDI CMR CCV EG BFT
Image
FAMMA X X AN X A A X A A
MME-Finance X X VAN A A A X A A
FCMR X X A A v v A A A
FinMME X X v A v A X A v
FinMMR X X v AN v v X A A
FinRAGBench-V X X v v v JAN X v A
Video
VideoConviction v X v AN A X X A X
FinCap v X A A A X X A X
FCMBench-Video v X v v v A AN v AN
Ours (Text + Image + Video) v v v v v v v v v

2025b), and FinTral (Bhatia et al., 2024) enable in-
depth analysis of financial charts. FinAgent (Zhang
et al., 2024a) constructs a multimodal agent ca-
pable of autonomously making trading decisions;
MM-DREX (Chen et al., 2025b) leverages mul-
timodal information to achieve dynamic routing
for expert-oriented trading; and AT-FinGPT (Liu
et al., 2025b) uses speech features to assist financial
risk prediction. Nevertheless, existing studies on
LLM:s applications mostly focus on specific tasks
or system-level capabilities, while the core require-
ments for applying LLMs in the financial domain
remain insufficiently satisfied, leaving broad space
for future exploration.

2.2 Multimodal Financial Benchmark
Analysis

As the applications of MLLMSs in financial do-
main continue to expand, traditional financial
benchmarks and general multimodal benchmarks
have gradually revealed their limitations. On the
one hand, traditional financial benchmarks are re-
stricted to text and structured data, making it dif-
ficult for them to cover multimodal information
such as charts and videos (Zhu et al., 2024; Zhao
et al., 2024; Wang et al., 2024b; Reddy et al.,
2024; Chen et al., 2024, 2025a; Guo et al., 2025;
Liu et al., 2025a; Li et al., 2025a; Matlin et al.,
2025; Nie et al., 2025). On the other hand, general
multimodal benchmarks lack the domain-specific
knowledge depth required in finance (Li et al.,
2024a; Yu et al., 2024a; Zhang et al., 2024b; Liu

et al., 2024). Neither type of benchmark can accu-
rately measure the comprehensive performance of
MLLMs in real-world financial scenarios. Recent
financial multimodal benchmarks have partially ad-
dressed this gap. Specifically, works such as MME-
Finance (Gan et al., 2025), FinChart-Bench (Shu
et al., 2025), CFBenchmark-MM (Li et al., 2025b),
FinMME (Luo et al., 2025), VisFinEval (Liu et al.,
2025c) and MultiFinBen (Peng et al., 2026) in-
corporate financial charts, document images, and
visual question answering into evaluation, promot-
ing the shift of financial evaluation from purely
textual tasks toward chart understanding and visual
evidence parsing. FinMR (Deng et al., 2025), Fin-
MMR (Tang et al., 2025), FAMMA (Xue et al.,
2024) and XFinBench (Zhang et al., 2025b) further
extend evaluation to financial multimodal reason-
ing tasks. FCMR (Kim et al., 2025) specifically
evaluates cross-modal multi-hop reasoning over fi-
nancial text, tables, and charts, including challeng-
ing three-hop reasoning settings. Complementarily,
FinRAGBench-V (Zhao et al., 2025) evaluates vi-
sual retrieval-augmented generation over financial
documents, with an emphasis on evidence retrieval,
visual citation, and traceability. However, these
benchmarks still exhibit several significant limita-
tions. First, they mainly focus on static charts and
have not sufficiently covered information carriers
with temporal dynamics and evolving semantics,
such as financial videos. Second, most data are
derived from textbooks or standardized examina-
tions, which differ substantially from real financial
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environments characterized by high-information-
density, noise-rich, and cross-modal multi-hop rea-
soning. Third, relying on LLMs for automatic an-
notation or QA generation may introduce model
bias, insufficient evidence grounding, or hallucina-
tion risks. In addition, among the few benchmarks
involving financial videos, FCMBench-Video (Cui
et al., 2026) focuses only on financial credit scenar-
i0s, while VideoConviction (Galarnyk et al., 2025)
and FinCap (Sukhani et al., 2025) have not sys-
tematically evaluated financial business capabili-
ties, nor have they sufficiently examined the joint
reasoning relationships between video information
and textual or visual information.

3 UniFinEval

3.1 Overview

We propose UniFinEval, a unified multimodal
benchmark for real-world financial scenarios. Un-
like previous single-modality evaluations that
mainly focus on financial images or financial
videos, UniFinEval incorporates text, images, and
videos into a unified evaluation framework, aim-
ing to systematically assess the cross-modal multi-
hop reasoning capabilities of MLLMs when facing
high-information-density heterogeneous environ-
ments in financial scenarios. Based on real business
workflows, UniFinEval constructs an application-
oriented task taxonomy, organizing samples into
three progressive scenarios, further refined into six
task categories, covering the complete capability
chain from basic evidence acquisition to high-level
decision analysis. More detailed statistics are pro-
vided in Table 2.

3.2 Scenario Construction

We model multimodal reasoning capabilities as
three progressive scenarios: Financial Evidence
Understanding and Verification, Financial Analyt-
ical Reasoning, and Financial Risk Sensing and
Decision Analysis. These three scenarios corre-
spond to the capability chain in real financial tasks,
progressing from information acquisition to deci-
sion judgment. They are further refined into six
task categories, which evaluate models’ abilities
in evidence localization, cross-modal consistency
judgment, numerical derivation, trend reasoning,
risk identification, and investment decision anal-
ysis, respectively. This design aims to examine
whether MLLMs can perform cross-modal multi-
hop reasoning and analysis over high-information-

Table 2: Statistics of UniFinEval across three finan-
cial scenarios and six task categories, including average
input length, number of question—answer pairs, and
representative modality combinations. The statistics
characterize the benchmark’s coverage of high-density
text, image, video, and cross-modal financial reasoning
settings.

Scen. Task %\;l% #QA Modality Combination

) . Img. T.+Img.
Img. Vid-  Via. +vid.

FEL 5150.0 830 180 146 168 140
FEUV CICV 71402 957 157 65 260 132
FAR FND  6411.7 1092 258 95 172 190
MITR 9411.7 906 200 170 210 226
RSI 112014 853 166 101 205 203
FRSDA IDA  17651.3 929 150 130 199 187
All - - 5567 1111 707 1214 1078

density and noise-rich financial scenarios.
Financial Evidence Understanding and Verifica-
tion (FEUV) corresponds to the basic information
verification stage in financial workflows. It focuses
on whether models can identify valid evidence
from high-density, multi-source financial materials,
and determine the correspondence and consistency
among information from different modalities. The
Financial Evidence Localization (FEL) task eval-
uates models’ ability to select key evidence from
high-density financial materials and indicate its
source, with a focus on distinguishing question-
relevant information from background distractors.
The Cross-modal Information Consistency Veri-
fication (CICV) task evaluates models’ ability to
compare information from text, images, and videos,
and determine whether they mutually support each
other or contradictions omissions or mismatches
exist, with an emphasis on cross-modal semantic
alignment and evidence-chain construction.
Financial Analytical Reasoning (FAR) corre-
sponds to the evidence analysis stage in finan-
cial workflows. It focuses on whether models can
perform computation, comparison, induction, and
trend judgment based on acquired evidence, and
generate analytical results constrained by financial
semantics. The Financial Numerical Derivation
(FND) task evaluates ability to perform computa-
tional derivations based on numerical information
in the materials, focusing on numerical extraction,
computational relation identification, and the con-
sistent correspondence among “evidence source—
calculation process—answer result.” The Macro-
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Industry Trend Reasoning (MITR) task evaluates
ability to synthesize multi-source financial informa-
tion to judge trend directions and potential impacts.
It emphasizes models’ understanding of relation-
ships among financial variables, event transmission
logic, and industry evolution paths, especially their
integrated analytical ability when multi-source sig-
nals are not fully consistent.

Financial Risk Sensing and Decision Analysis
(FRSDA) corresponds to the high-level risk assess-
ment and decision-support stage in financial work-
flows. It focuses on whether models can identify
key information that affects risk judgment or deci-
sion direction when complex evidence, constraints,
and uncertainty coexist. The Risk Signal Identifi-
cation (RSI) task evaluates ability to extract risk
signals from scattered financial evidence and ex-
plain their sources, affected objects, and impact di-
rections. The Investment Decision Analysis (IDA)
task evaluates ability to conduct evidence-driven
decision analysis under given constraints. It fo-
cuses on whether models can integrate evidence
verification, numerical analysis, risk identification,
and conditional constraints to form cautious, co-
herent, and interpretable judgments, rather than
directly generating investment advice. For a more
detailed introduction to the above content, please
refer to Appendix A.1.

Gemini-3-Pro
ChatGPL5.1
Qwen3-VL-2358-
A22B Thinking 71
Qwen3-VL-32B-
Thinking

Claude Sonnot. | — s
45
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TnternVL3 5
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Figure 3: Comparison of overall model performance un-
der the Zero-Shot and Chain-of-Thought (CoT) settings.
The effect of CoT is model-dependent: some models
achieve modest improvements, while others show slight
performance degradation, resulting in limited overall
gains.

3.3 Quality Control

To characterize real-world financial environments,
UniFinEval collects more than 2,500 publicly avail-

able listed-company documents and financial re-
search reports, as well as 2,000 online financial
analysis videos. Unlike general multimodal data,
financial materials often contain highly compressed
indicators, entity relationships, and explanatory
texts, while information across different modalities
may be complementary or inconsistent. Therefore,
this stage also focuses on examining whether the
collected materials contain sufficient information
density and financial analytical value.

To ensure the data credibility, task verifiability,
and evaluation stability of UniFinEval, we invited
12 experts with financial backgrounds to participate
in data construction. On average, these experts
have more than four years of financial industry
experience and over one year of annotation experi-
ence. All experts followed unified task definitions
and annotation guidelines. No LLMs were used to
assist the construction process, thereby reducing
the influence of model-induced bias, templated ex-
pressions, and potential data contamination on the
evaluation results.

For further details regarding quality control,
please refer to Appendix A.2.

4 Experiments Settings

4.1 Baseline Models

We evaluate 10 mainstream MLLMs. Closed-
source models are accessed through their respec-
tive APIs, while open-source models are deployed
locally. All locally deployed open-source mod-
els are run on 8x NVIDIA A800 GPUs. Except
for the Llama-series model, which is deployed
with LMDeploy, all other open-source models are
served with vLLM for efficient local inference. In
addition, we invite a financial expert who did not
participate in data construction to take part in task
evaluation, providing a performance comparison
with large models.

The evaluation covers four leading closed-
source models, including ChatGPT-5.1 (OpenAl,
2025), Gemini-3-Pro (Google, 2025), Grok-4-1-
Fast-Reasoning (xAl, 2025), and Claude-Sonnet-
4.5 (Anthropic, 2025). For open-source mod-
els, we evaluate six mainstream multimodal
large models, including Qwen3-VL-235B-A22B-
Thinking, Qwen3-VL-32B-Thinking (Bai 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 (MetaAl, 2024). More details about the
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Table 3: Performance under zero-shot setting on UniFinEval(%). The results are color-coded to indicate the top three
performers in each task: The highest model result in each task column is highlighted with a blue background , the

second-best with a pink background , and the third-best with a green background . Financial Expert is reported as
a reference upper-bound and is not included in the highlighting comparison.

Financial Evidence Under ing and Verificati ial Analytical R i Fi ial Risk Sensing and Decision Analysis
Model Average

Financial Evidence Cross-modal Information Financial Numerical Macro-Industry Trend ~ Risk Signal Investment Decision

Localization Consistency Verification Derivation Reasoning Identification Analysis

Gemini-3-Pro 792 772 79.7 753 77.0 69.0 76.3
ChatGPT-5.1 752 71.9 66.0 72.8 732 69.0 71.1
Qwen3-VL-235B-A22B-Thinking 74.3 3.7 75.6 67.0 77.0 58.7 71.1
Qwen3-VL-32B-Thinking 70.0 66.7 71.1 62.1 68.8 65.6 674
Claude-Sonnet-4.5 66.1 70.2 66.2 68.4 68.0 552 65.7
InternVL3_5-241B-A28B 61.3 56.1 58.6 70.9 64.0 68.8 63.1
MiniCPM-V-4.5 50.5 579 54.0 67.0 62.8 62.1 59.0
InternVL3_5-30B-A3B 44.8 54.4 49.1 539 51.8 413 49.3
Grok-4-1-Fast-Reasoning 41.7 439 31.0 514 40.7 41.3 41.3
Llama-3.2-11B-Vision 21.7 24.6 15.2 31.6 19.8 6.9 19.8
Financial Expert 100.0 98.0 935 92.1 832 84.8 92.0

models are provided in Appendix B.1.

5 Results
5.1 Evaluation Methods

We adopt two core evaluation settings: Zero-Shot
and Chain-of-Thought (CoT). These two settings
are used to compare models’ capabilities under
direct-answering and explicit-reasoning conditions.
Since all samples in UniFinEval are open-ended
questions with verifiable answers constructed by
financial experts, we uniformly adopt Accuracy as
the core metric and use Qwen-Max (Yang et al.,
2025) for scoring. All models use the same prompt
template and a fixed output format.

To further validate the reliability of the auto-
matic evaluation protocol, we conduct an additional
multi-judge validation to examine whether the
choice of evaluator introduces systematic model-
family bias. Specifically, we ensure that the valida-
tion samples cover all six task categories, Chinese
and English questions, different modality combina-
tions, and different difficulty levels. While keep-
ing the original evaluation results from Qwen-Max
unchanged, we further introduce DeepSeek-V4-
Pro (DeepSeek-Al et al., 2026) and finance-domain
experts as independent evaluators to assess the
same model responses under exactly the same eval-
uation criteria. The results show a high degree of
instance-level agreement among the different eval-
uators, indicating that the main evaluation conclu-
sions are robust to the choice of evaluator. Details
of the experimental setup and the complete multi-
judge analysis are provided in the Appendix B.2.

5.2 Main Result

Table 3 presents the overall performance of dif-
ferent models on each task in UniFinEval under

the zero-shot setting and Figure 3 presents a visual
comparison of the overall performance of all partic-
ipating models under the Zero-Shot and Chain-of-
Thought (CoT) settings, the evaluation results un-
der the CoT setting are provided in Appendix B.3.
In terms of overall ranking, Gemini-3-Pro ranks
first among all models with an average accuracy of
76.3%. It achieves the joint-best performance on
Risk Signal Identification and Investment Decision
Analysis, while leading individually on the other
four tasks, demonstrating comprehensive compet-
itive advantages in financial scenarios. However,
the financial expert achieves an average accuracy of
92.0% across the six task categories, which is still
15.7 percentage points higher than Gemini-3-Pro.
This gap indicates that even the strongest current
models have not yet reached expert-level stability
in complex financial business scenarios.

From the task perspective, different capability
modules show clear discrepancies. In the Finan-
cial Evidence Understanding and Verification sce-
nario, Gemini-3-Pro achieves the highest accuracy
on both tasks. Nevertheless, compared with the
financial expert’s accuracies of 100% and 98% on
these two tasks, there remains a gap of more than
20 percentage points. This indicates that models
still struggle to reach expert-level precision when
facing high-information-density financial environ-
ments.

In the Financial Analytical Reasoning scenario,
Gemini-3-Pro continues to maintain the lead. No-
tably, Qwen3-VL-235B-A22B-Thinking achieves
75.6% on Financial Numerical Derivation, sub-
stantially outperforming most other models, which
demonstrates the strong potential of large-scale
open-source models in financial numerical com-
putation and derivation tasks. On the other

44174



hand, InternVL3_5-241B-A28B reaches 70.9%
on Macro-Industry Trend Reasoning, surpass-
ing Qwen3-VL-235B-A22B-Thinking and Claude-
Sonnet-4.5. This suggests that some models, de-
spite not being superior in overall capability, may
still possess local advantages in specific financial
analysis tasks.

High-Density

~—— Gemini-3-Pro

—— Grok-4.1

~—— Qwen3-VL-32B
InternVL3.5-2418

~—— MiniCPM-V-4.5 Qwen3-VL-2358
—— GPT-5.1 Claude-Sonnet-4.5
—— InternVL3.5-30B  —— Llama-3.2-11B-V

Figure 4: We analyze the error distributions of all eval-
uated MLLMs and summarize five typical error types
observed in high-information-density financial environ-
ments.

In the Financial Risk Sensing and Decision
Analysis scenario, model performance becomes
further differentiated. On Risk Signal Identifica-
tion, Gemini-3-Pro and Qwen3-VL-235B-A22B-
Thinking both achieve 77.0%, with a relatively
small gap compared with the financial expert’s
83.2%. This indicates that current models have
a certain ability to identify explicit risk clues and
abnormal change signals. By contrast, the high-
est accuracy on Investment Decision Analysis is
only 69.0%, jointly achieved by Gemini-3-Pro and
ChatGPT-5.1, whereas the financial expert reaches
84.8%. This shows that when tasks move be-
yond risk clue identification toward asset allocation
and multi-factor decision-making under constraints,
models still struggle to form decision analyses that
stably approach expert-level performance.

From the perspective of model categories, lead-
ing closed-source models still occupy advanta-
geous positions in the overall ranking, with Gemini-
3-Pro ranking first and ChatGPT-5.1 joint second.
However, the catching-up trend of large-scale open-
source models has also begun to emerge. Qwen3-
VL-235B-A22B-Thinking matches ChatGPT-5.1
in average accuracy and jointly ranks second,
while Qwen3-VL-32B-Thinking also outperforms

Claude-Sonnet-4.5. In contrast, a clear gap remains
between medium- and small-scale models and lead-
ing models, indicating small-scale vision-language
models still suffer from systematic deficiencies in
high-density information processing, cross-modal
evidence integration, and complex decision reason-
ing in financial scenarios.

5.3 Error Analysis

To further investigate the performance deficiencies
of models on UniFinEval, we conduct a targeted
analysis by randomly sampling 30% of the erro-
neous cases from all evaluated models. From the
perspective of cross-modal multi-hop reasoning
over high-density heterogeneous financial informa-
tion, we identify five typical capability deficiencies
commonly observed in current large models on
financial tasks: High-Density Information Extrac-
tion Errors, Financial Reasoning and Computation
Errors, Cross-Modal Evidence Integration Errors,
Ungrounded Reasoning Hallucinations, and Re-
sponse Semantic Misalignment.

According to the error distribution shown in Fig-
ure 4, most models exhibit similar error patterns.
This suggests that current MLLMs need to over-
come common bottlenecks in business adaptation.
By contrast, the average proportions of ungrounded
reasoning hallucinations and response semantic
misalignment are generally lower than those of
the above three error types, but they remain pro-
nounced in some models. Llama-3.2-11B-Vision
has an ungrounded reasoning hallucination propor-
tion of 27%, significantly higher than that of other
models. This indicates that it is more likely to
generate answers detached from the given informa-
tion in complex financial environments, suggesting
the need to better constrain its hallucinated genera-
tion. In terms of response semantic misalignment,
Qwen3-VL-235B-A22B-Thinking accounts for the
highest proportion, suggesting that the model may
over-analyze while failing to strictly align with
the judgment target or output requirements of the
question. This points to the need to improve its in-
struction recognition and instruction-following ca-
pabilities. Detailed descriptions of error cases and
capability deficiencies are provided in Appendix C.

6 Conclusion

In this paper, we propose UniFinEval, a uni-
fied multimodal benchmark for high-information-
density heterogeneous financial environments. By
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integrating text, images, and videos, UniFinEval
evaluates cross-modal multi-hop reasoning across
three progressive scenarios and six task categories.
The benchmark contains 5,567 expert-constructed
Q&A pairs grounded in real financial materials. Ex-
periments on 10 mainstream multimodal MLLMs
show that current models still lag significantly be-
hind financial experts, despite strong performance
from Gemini-3-Pro and competitive results from
Qwen3-VL-235B-A22B-Thinking among open-
source models. Error analysis further identifies
key weaknesses in dense evidence extraction, cross-
modal evidence integration, financial computation,
and decision reasoning. We hope that UniFinEval
can serve as a fine-grained evaluation tool for diag-
nosing the capability boundaries of current models
in real-world financial scenarios, promoting the
development of multimodal large models and facil-
itating their more practical, robust, and trustworthy
applications in the financial domain.

Limitations

Although UniFinEval has advances the evaluation
of MLLMs in finance, several limitations remain.
First, current tasks are dominated by offline Q&A
forms, not yet fully simulating the complex closed
loop of long-duration interaction and dynamic de-
cision feedback in real analysis processes. Second,
evaluation results mainly focus on the correctness
and consistency of model outputs, leaving room
for deepening the analysis of the interpretability of
model reasoning paths. These limitations reflect
the current scope and boundaries of UniFinEval as
a controllable, verifiable, and fine-grained financial
multimodal evaluation benchmark, which we will
further optimize in future work.
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A Details of UniFinEval

A.1 Examples of Financial Scenarios

We provide supplementary descriptions and illus-
trative examples for the six core tasks. The fol-
lowing text includes detailed descriptions of each
task and the corresponding examples. Since the
input content of some questions is too long to be
fully presented, we use abbreviated forms for part
of the data in the concrete examples, including the
examples used in error analysis.

The Financial Evidence Localization task re-
quires models to identify the key evidence needed
to answer a question from the given materials and
indicate its source. This task mainly evaluates
models’ fine-grained evidence selection ability un-
der high-density financial inputs, especially their
ability to distinguish question-relevant information
from background distractors. For detailed exam-
ples, please refer to Figure 6.

The Cross-modal Information Consistency
Verification task requires models to compare in-
formation from text, images, and videos, and deter-
mine whether they mutually support each other or
whether contradictions omissions or mismatches
exist. This task mainly evaluates models’ cross-
modal semantic alignment ability, information ver-
ification ability, and ability to construct reliable
evidence chains. For detailed examples, please
refer to Figure 7.

The Financial Numerical Derivation task re-
quires models to complete computational deriva-
tions based on numerical information in the ma-
terials. This task mainly evaluates models’ abil-
ities in numerical extraction, computational rela-
tion identification, and high-precision reasoning,
with a focus on whether they can establish a con-
sistent correspondence among evidence source—
calculation process—answer result. For detailed
examples, please refer to Figure 8.

The Macro-Industry Trend Reasoning task
requires models to synthesize multi-source finan-
cial information to judge macro-level or industry-
level trend directions and their potential impacts.
This task mainly evaluates models’ understanding
of relationships among financial variables, event
transmission logic, and industry evolution paths,
with particular emphasis on their integrated analyt-
ical ability when multi-source signals are not fully
consistent. For detailed examples, please refer to
Figure 9.

The Risk Signal Identification task requires
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models to identify information with risk-indicative
significance from multi-source financial materials,
and explain its evidence source, affected object,
and impact direction. This task mainly evaluates
models’ ability to extract risk signals from scattered
evidence and associate them with specific financial
objects and judgment bases. For detailed examples,
please refer to Figure 10.

The Investment Decision Analysis task re-
quires models to conduct evidence-driven financial
decision analysis under given constraints based on
textual, visual, and video information. This task
does not evaluate whether models can directly pro-
vide investment advice; instead, it assesses whether
they can integrate evidence verification, numeri-
cal analysis, risk identification, and conditional
constraints to form cautious, coherent, and inter-
pretable decision judgments. For detailed exam-
ples, please refer to Figure 11.

A.2 Details of Quality Control

The data processing pipeline of UniFinEval is de-
signed around two goals: first, to preserve the high-
density heterogeneous information in real finan-
cial materials as much as possible; and second,
to ensure that each question has a clear evidence
source and a verifiable answer. To this end, we
standardize the collected document and video ma-
terials separately, and introduce manual review and
cross-modal necessity checks during sample con-
struction.

For document materials such as financial state-
ments, annual reports, research reports, and an-
nouncements, we first use MinerU (Wang et al.,
2024a) for standardized parsing, converting raw
PDF or document pages into page-level inputs that
preserve text, tables, charts, and layout structures
simultaneously. This processing strategy preserves
visual structural information in financial reports,
such as chart positions, table layouts, title hier-
archies, and indicator descriptions, thereby bet-
ter approximating how report pages are used in
real financial analysis. After standardized pars-
ing, we identify high-information-density pages
based on pixel density, the proportion of text re-
gions, the distribution of chart elements, and layout
completeness. We then remove cover pages, table-
of-contents pages, blank pages, low-information
explanatory pages, and pages with severe missing
chart or textual structures. This ensures that the ma-
terials entering the question construction stage con-
tain sufficient financial evidence rather than merely

providing background or decorative information.

For video materials, we do not restrict the du-
ration of the original videos, and the video frame
rate is standardized to 30 FPS. To reduce redun-
dancy caused by long video inputs while ensuring
the completeness of information required by the
questions, we crop the original videos into short
clips of no longer than one minute before sample
construction. Human annotators then confirm that
each clip contains all video evidence necessary to
answer the corresponding question. Meanwhile,
to ensure consistency of video modality inputs
across samples, we apply unified preprocessing
to videos before model input. Specifically, we per-
form uniform sampling according to the informa-
tion density of the video content: for videos with
rapid information changes, dense event clues, or
frequent chart/subtitle transitions, we extract one
frame every 0.5 seconds; for videos with slower
visual changes or more stable semantics, we ex-
tract one frame every 1-2 seconds. This strategy
controls the input length while preserving key tem-
poral clues, subtitle information, chart changes,
and event explanations in the videos as much as
possible. It should be emphasized that for multi-
hop questions involving video and other modalities
as joint inputs, samples that can still be directly
answered using only text or images after remov-
ing the video are discarded during the cross-review
stage.

During the question design stage, experts con-
structed reasoning-oriented samples around real fi-
nancial information integration processes, avoiding
questions that could be answered merely through
superficial recognition. For tasks under Financial
Evidence Understanding and Verification, the ques-
tions are designed to examine models’ ability to
locate key evidence or judge cross-source informa-
tion consistency. For tasks under Financial Analyti-
cal Reasoning, the questions are required to contain
explicit calculation, comparison, or trend judgment
demands. For tasks under Financial Risk Sensing
and Decision Analysis, the questions are designed
to reflect evidence integration, risk identification,
or decision analysis under constraints. According
to task requirements and data sources, experts con-
structed both single-turn and multi-turn question—
answer pairs, covering both Chinese and English
data, so as to support evaluation in cross-lingual
scenarios, continuous context understanding, and
multi-step reasoning.

To improve data reliability, all samples under-
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went a quality control process consisting of ex-
pert self-checking, cross-review, and conservative
filtering. Experts first conducted self-checks on
candidate samples and removed those with insuffi-
cient information density, inadequate evidence, or
answers obtainable from a single modality alone.
The remaining samples were then independently
reviewed by other experts for answer correctness
and task-label validity, so as to eliminate potential
subjectivity in the questions. Samples with ambigu-
ity or unresolved disagreement among experts were
directly discarded. Ultimately, UniFinEval retains
5,567 high-quality samples from 7,564 candidate
question—answer pairs, striking a balance among
data authenticity, financial validity, and evaluation
stability. This provides a reliable foundation for di-
agnosing the capability boundaries of multimodal
large language models in high-density financial en-
vironments.

A.3 Examples of Environmental Perturbation
Simulation

In real financial scenarios, relevant materials are
not always presented in clear, regular, and high-
quality digital forms. During collection, scanning,
photographing, and transmission, they may be af-
fected by practical factors such as device quality,
paper wear, partial occlusion, or layout changes.
To more comprehensively and realistically evaluate
model performance under non-ideal visual condi-
tions, UniFinEval introduces a set of environmen-
tal perturbations to some document-image samples
during data construction. Specifically, we consider
the following types of environmental perturbations.

Capture Distortion When images are captured
from non-standard angles, they may exhibit page
skew, perspective compression, edge stretching, or
local scale variations. This perturbation is used to
evaluate models’ ability to recognize table struc-
tures, chart regions, and text-line arrangements un-
der non-frontal-view inputs. Figure 12 shows an
example of this perturbation.

Scanning Noise Images may contain grain noise,
blur, compression artifacts, or local contrast degra-
dation under low-quality scanning, compressed
transmission, or low-light shooting conditions.
This perturbation is used to evaluate models’ abil-
ity to recognize numbers, text, and fine-grained
financial indicators under low signal-to-noise ratio
conditions. Figure 13 shows an example of this
perturbation.

Partial Occlusion During circulation, annota-

tion, or photographing, financial materials may be
affected by stains, stamps, shadows, fingers, or
other occluding objects, causing parts of the text,
numerical values, coordinate axes, or chart regions
to become invisible. This perturbation is used to
evaluate models’ robust recognition and cautious
reasoning abilities under incomplete evidence con-
ditions. Figure 14 shows an example of this pertur-
bation.

Crease and Wear Paper documents may de-
velop creases, wrinkles, edge damage, broken char-
acters, or local shadows during folding, reading,
or long-term storage. This perturbation is used to
evaluate models’ abilities in text recognition, table
parsing, and evidence localization under non-flat
page layouts and local character degradation. Fig-
ure 15 shows an example of this perturbation.

Curved-Surface Deformation Thick reports,
bound materials, or unflattened paper may produce
nonlinear bending during photographing, causing
text lines, table boundaries, or chart regions to de-
form along the page surface. This perturbation
is used to evaluate models’ abilities in layout un-
derstanding, character correction, and structured
information extraction under non-planar document
layouts. Figure 16 shows an example of this pertur-
bation.

All perturbed samples are manually reviewed to
ensure that the key evidence required by the ques-
tions remains visible and that the standard answers
can still be verified from the given materials. If a
perturbation causes decisive evidence to be missing,
changes the answer, or makes the question unverifi-
able, the corresponding sample is discarded.

B Evaluation Details

B.1 Model Details

We list details of the MLLMs evaluated using
UniFinEval in Table 4 and report the inference
configurations in Table 5 , including the exact
model identifiers and decoding parameters. Param-
eters that are not exposed or explicitly configured
through the corresponding APIs are denoted as “/”.

B.2 Judge Bias Analysis

To provide a more detailed assessment of the re-
liability of our automatic evaluation protocol, we
report the complete multi-judge validation results
in this section. Specifically, we compare the judg-
ments of Qwen-Max, DeepSeek-V4-Pro, and fi-
nancial experts on the same dataset, focusing on
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both instance-level agreement and model-level eval-
uation consistency. We further examine whether
the use of Qwen-Max as the primary evaluator in-
troduces systematic score deviations in favor of
Qwen-family models.

Cross-Judge Agreement. At the instance-
response level, the three evaluators exhibit a high
degree of consistency as shown in Figure 5. The
pairwise exact agreement rate is 97.3% between
Qwen-Max and DeepSeek-V4-Pro, 96.9% between
Qwen-Max and the financial experts, and 97.1% be-
tween DeepSeek-V4-Pro and the financial experts.
In addition to the high instance-level agreement,
the model-level accuracy profiles and rankings pro-
duced by the three evaluators are also highly con-
sistent. These results indicate that the overall eval-
uation conclusions remain stable across heteroge-
neous judges and are not substantially affected by
the choice of evaluator.

Model-Family Bias Analysis. We further exam-
ine whether Qwen-Max systematically favors mod-
els from the same model family. Specifically, we
compute the score difference between Qwen-Max
and the finance-domain experts for each evaluated
model, where a positive value indicates that Qwen-
Max assigns a higher score than the expert evalua-
tion as shown in Table 6. For the two Qwen-family
models, the average score difference is +0.20 per-
centage points. In comparison, the average differ-
ence for the remaining eight non-Qwen models is
40.275 percentage points.

The Qwen-family models therefore do not ex-
hibit a larger positive score deviation than the
non-Qwen models. Taken together with the high
cross-judge agreement and the consistent model-
level rankings, these results indicate that the prin-
cipal ranking and performance conclusions of
UniFinEval are robust to the choice of evaluator.

B.3 Additional Evaluation Setting

In addition to the zero-shot setting, we also in-
clude an evaluation under the Chain-of-Thought
(CoT) setting, where models are required to per-
form step-by-step reasoning before generating the
final answer. This setting is designed to evaluate
models’ capabilities in multi-step reasoning and
explanation.

The results under the Chain-of-Thought (CoT)
setting are shown in Table 7. Compared with
the zero-shot setting, model performance under
the CoT setting does not show a clear improve-
ment. Some models, such as Gemini-3-Pro and

ChatGPT-5.1, even experience performance degra-
dation. This result indicates that, in high-density fi-
nancial multimodal tasks, explicit reasoning chains
do not always effectively enhance model perfor-
mance. For stronger models, longer reasoning pro-
cesses may introduce redundant intermediate steps,
leading to the loss of key information, disruptions
in cross-modal evidence chains, or deviations in
financial logic, thereby weakening their stability in
multi-step tasks.

From the task perspective, CoT yields modest
gains in Financial Evidence Localization, Cross-
modal Information Consistency Verification, and
Macro-Industry Trend Reasoning, while substan-
tially improving Investment Decision Analysis
for most models. In contrast, performance de-
creases notably in Financial Numerical Deriva-
tion and Risk Signal Identification, suggesting that
explicit reasoning may introduce additional error
propagation in high-precision numerical reason-
ing and risk-signal extraction. At the model level,
Claude-Sonnet-4.5, Grok-4-1-Fast-Reasoning, and
MiniCPM-V-4.5 achieve overall improvements un-
der the CoT setting, whereas several other models
experience varying degrees of degradation.

Overall, the impact of CoT on financial multi-
modal tasks is clearly model-dependent and task-
dependent. It can help some models improve ev-
idence organization and trend judgment, but in
tasks requiring high-precision numerical derivation,
cross-modal multi-hop integration, and complex
investment decision-making, it may also lead to
overly long reasoning chains, logical discontinu-
ities, and accumulated errors. Therefore, reasoning-
enhancement methods in financial scenarios should
not simply rely on generic CoT templates; instead,
they need to be specifically designed according to
task types, model scales, and financial business
logic.

C More Details of Error Analysis

This section provides a detailed description of the
typical error types exhibited by large models in
financial scenarios. Through concrete error cases,
we further reveal the capability deficiencies ex-
posed during model evaluation.

High-Density Information Extraction Error
refers to the phenomenon where a model fails to
accurately identify, locate, or extract the key evi-
dence required to answer a question when process-
ing high-density information inputs. Model out-
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puts usually exhibit missing key numerical values,
misreading chart elements, confusing row—column
relationships in tables, overlooking fine-grained vi-
sual clues, or extracting incorrect information from
irrelevant regions. Such errors are not caused by a
lack of subsequent reasoning capability, but rather
by the model’s failure to capture truly relevant in-
formation from complex financial materials at the
information acquisition stage. This type of error
directly undermines the evidential foundation for
subsequent computation, verification, or decision
analysis. Figure 17 shows an example of this error
type.

Cross-modal Evidence Integration Error
refers to the phenomenon where a model fails
to correctly establish correspondences among evi-
dence from different modalities, such as text, im-
ages, or videos. The model may identify partial
unimodal information separately, but make errors
when aligning, comparing, and integrating such in-
formation. For example, it may incorrectly match
chart indicators with textual descriptions, omit key
evidence from one modality, misjudge consistency
relationships among multi-source information, or
introduce irrelevant evidence during comprehen-
sive judgment. Such errors are not simply failures
in information reading; rather, they indicate the
lack of stable cross-modal alignment and informa-
tion fusion capabilities. This type of error may
lead the model to produce judgments that appear
plausible on the surface but are unsupported by a
valid evidence chain. Figure 18 shows an example
of this error type.

Financial Reasoning and Computation Error
refers to the phenomenon where a model makes
mistakes in calculation, indicator interpretation, or
financial business logic judgment. This type of er-
ror includes calculation mistakes, incorrect formula
selection, confusion over indicator definitions, and
misuse of financial concepts such as growth rate, re-
turn rate, or risk indicators. Such errors stem from
the model’s failure to accurately understand finan-
cial numerical relationships, business semantics,
and the applicable conditions of indicators, reflect-
ing its instability in financial professional reasoning
and high-precision computation. Figure 19 shows
an example of this error type.

Ungrounded Reasoning Hallucination refers
to the phenomenon where a model fails to answer
strictly based on the given input and introduces
information that does not exist in, or cannot be
derived from, the provided materials. This type

of error is usually manifested as the model invok-
ing external commonsense knowledge, parametric
knowledge, or unsupported assumptions, and may
even directly fabricate data or conclusions. The
core issue is the generation of content without sup-
port from input evidence. This error is particularly
dangerous in financial tasks, as it may cause mod-
els to produce seemingly professional but unver-
ifiable risk judgments or investment suggestions.
Figure 20 shows an example of this error type.
Response Semantic Misalignment refers to the
phenomenon where the model’s final output is se-
mantically inconsistent with the intent of the ques-
tion. The model may have extracted relevant infor-
mation and completed locally reasonable reasoning,
but its final output does not address the actual tar-
get required by the question, or deviates from the
required output format. For example, when the
question asks for identifying the source of risk, the
model instead answers the trend direction; when
the question asks for a comparison between two
indicators, the model only explains one of them.
Such errors reflect the model’s insufficient ability
to understand financial question intent, task con-
straints, and the required granularity of answers. It
is therefore necessary to improve the model’s stabil-
ity in task semantic alignment and answer control.
Figure 21 shows an example of this error type.

D Ablation Studies

UniFinEval is designed to investigate whether
MLLMs can effectively leverage evidence dis-
tributed across all designated input modalities,
rather than merely being presented with multiple
modalities while the corresponding questions re-
main directly solvable from a single information
source. Accordingly, during benchmark construc-
tion, annotators explicitly assess modality necessity
and discard samples that can still be answered di-
rectly after any required modality is removed.

To empirically validate this construction crite-
rion, we conduct a modality-necessity analysis
using five high-performing MLLMs: Gemini-3-
Pro, ChatGPT-5.1, Claude-Sonnet-4.5, Qwen3-VL-
235B-A22B-Thinking, and InternVL3_5-241B-
A28B. For samples containing text, image, and
video inputs, we compare the complete-input set-
ting against three modality-removal variants in
which text, image, or video is removed individ-
ually. For image—video samples, we compare the
complete-input setting with two single-modality
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variants, namely video-only and image-only inputs.
Except for the available input modalities, all other
experimental conditions are kept unchanged, in-
cluding the evaluation samples, prompts, decoding
configurations, preprocessing procedures for the
retained modalities, and evaluation protocol.

As shown in Table 8, under the complete text—
image—video setting, the evaluated models achieve
accuracies ranging from 59.8% to 76.4%, with an
average accuracy of 68.0%. After removing text,
image, or video, the average accuracy decreases
sharply to 4.0%, 1.82%, and 0.94%, respectively.
A similar pattern is observed for image—video sam-
ples: the average accuracy is 64.12% under the
complete-input setting, but drops to 2.44% when
only video is retained and to 0.54% when only
image is retained. Notably, this substantial degra-
dation is consistently observed across all five eval-
uated models rather than being driven by any par-
ticular model family.

These results further demonstrate that the multi-
modal design of UniFinEval does not simply juxta-
pose heterogeneous information sources. Instead,
the benchmark effectively constructs evaluation
scenarios in which answer-relevant evidence is dis-
tributed across multiple modalities and must be
jointly integrated to derive the correct outcome.
The modality-removal results therefore provide em-
pirical support for the validity and soundness of
UniFinEval’s multimodal task construction.

E Prompts Used in This Study

We provide representative prompt examples for
evaluation. Specifically, the prompt examples for
evaluation are shown in Table 9, Table 10 and
Table 11.
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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

Closed-Source  Gemini-3-Pro Google Undisclosed API 2025.11
ChatGPT-5.1 OpenAl Undisclosed API 2025.11
Grok-4-1-Fast-Reasoning XAl Undisclosed API 2025.11
Claude-Sonnet-4.5 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 AI 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 8B Weights 2025.9

Table 5: Inference configurations of the closed-source models accessed through APIs. Parameters not exposed or
explicitly configured through the corresponding APIs are denoted as *“/”’. The Temp.” stands for Temperature.

Display Name Exact Model ID Temp. Top-p Top-k Max Output
Gemini-3-Pro gemini-3-pro-preview 1.0 0.95 64 65,536
ChatGPT-5.1 gpt-5.1-2025-11-13 1.0 / / 128,000
Claude-Sonnet-4.5 claude-sonnet-4-5-20250929 1.0 / / 64,000
Grok-4-1-Fast-Reasoning grok-4-1-fast-reasoning 1.0 / / /
1.00
Qwen-Max 0.969
0.99
g
098 E
DeepSeck-V4-Pro 0.973 0.971 5
Logr &
m
Financial Expert 0.969 - 0.96
- L 095
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Figure 5: Pairwise exact agreement among Qwen-Max, DeepSeek-V4-Pro, and finance-domain experts. All pairwise
agreement rates exceed 96.9%;, indicating high consistency across heterogeneous evaluators.
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Table 6: Model-level accuracy scores (%) produced by Qwen-Max, DeepSeek-V4-Pro, and finance-domain experts
in the multi-judge validation analysis.

Model Qwen-Max DeepSeek-V4-Pro  Financial Expert
Gemini-3-Pro 76.3 75.8 76.0
ChatGPT-5.1 71.1 70.6 70.8
Qwen3-VL-235B-A22B-Thinking 71.1 70.7 71.0
Qwen3-VL-32B-Thinking 67.4 66.9 67.1
Claude-Sonnet-4.5 65.7 65.3 65.4
InternVL3_5-241B-A28B 63.1 62.8 62.7
MiniCPM-V-4.5 59.0 58.6 58.8
InternVL3_5-30B-A3B 49.3 49.0 49.1
Grok-4-1-Fast-Reasoning 41.3 40.8 40.9
Llama-3.2-11B-Vision 19.8 20.0 19.7

Table 7: Performance under CoT setting on UniFinEval(%). The highest model result in each task column
is highlighted with a 'blue background , the second-best with a pink background , and the third-best with a

green background .

Fi ial Evidence Under ding and Verification Fi ial Analytical R i Fil ial Risk Sensing and Decision Analysis

Model Average
Financial Evidence Cross-modal Information Financial Numerical Macro-Industry Trend ~ Risk Signal Investment Decision
Localization Consistency Verification Derivation Reasoning Identification Analysis
Gemini-3-Pro 80.0 782 76.0 752 67.2 79.0 758
ChatGPT-5.1 76.4 75.7 69.7 722 54.9 76.2 70.7
Qwen3-VL-235B-A22B-Thinking 76.5 73.3 585 71.5 65.1 70.2 68.7
Qwen3-VL-32B-Thinking 67.1 69.6 62.1 69.4 51.8 67.6 64.5
Claude-Sonnet-4.5 74.2 68.0 69.6 65.0 64.7 72.8 68.9
InternVL3_5-241B-A28B 62.7 55.0 56.8 712 67.8 64.6 62.7
MiniCPM-V-4.5 53.6 59.0 53.6 68.7 61.4 65.3 60.1
InternVL3_5-30B-A3B 44.0 554 476 53.0 39.8 524 48.7
Grok-4-1-Fast-Reasoning 47.0 458 289 54.3 40.9 414 425
Llama-3.2-11B-Vision 22.5 25.1 13.7 326 43 19.1 19.3

Table 8: Modality-necessity validation on UniFinEval (%). For text-image—video samples, each required modality is
individually removed from the full input. For image—video samples, the full input is compared with single-modality
variants. T, I, and V denote text, image, and video, respectively. All other experimental conditions are kept
unchanged.

Text + Image + Video Image + Video
Model Full w/oT w/ol w/oV Full VOnly IOnly
Gemini-3-Pro 764 42 16 14 732 338 04
ChatGPT-5.1 702 38 12 06 665 28 0.4
Claude-Sonnet-4.5 64.5 3.7 3.3 1.1 60.7 2.4 0.8
Qwen3-VL-235B-A22B-Thinking 69.1 4.4 1.0 0.2 649 1.2 0.7
InternVL3_5-241B-A28B 598 39 20 14 553 20 0.4
Average 68.00 4.00 1.82 094 64.12 244 0.54
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Financial Evidence Localization
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Question: Based on the textual definition of the “2025/26 marketing year” and the global cotton supply—demand balance
table shown at 374 seconds in the video, which row should be used as the reference for the beginning inventory of that
year? Please directly provide the year and month corresponding to that row.

B 2025126 (12A)

Answer: 2025/26 (December)

Figure 6: This example demonstrates the Financial Evidence Localization task. It requires the model to identify the
exact evidential row needed for answering the question by aligning the textual definition of the financial year with
the corresponding row in a video-based supply—demand table. Rather than emphasizing numerical derivation, this
task focuses on precise evidence grounding, temporal reference alignment, and the ability to retrieve the correct
source position from high-density multimodal financial materials.
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Cross-modal Information Consistency Verification
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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?

BR: -6.19%

Answer: -6.19%

Figure 7: This example demonstrates the Cross-modal Information Consistency Verification, designed to evaluate a
model’s ability to verify fine-grained consistency between textual financial descriptions and chart-based numerical
evidence. It requires targeted extraction of relevant parameters from text, precise localization of corresponding
values in financial charts, and rigorous execution of multi-step mathematical reasoning. The task thus assesses the
reliability of the full cross-modal reasoning pipeline, from evidence alignment to numerical inference and final

answer derivation.
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Financial Numerical Derivation
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Question: What is the difference, in percentage points, between Tencent’s fastest quarterly revenue growth rate since Q1
2022 and the predicted YoY revenue growth rate for Q1 2025? (Unit: %, rounded to two decimal places)

BRE: -1.02%

Answer: -1.02%

Figure 8: This example demonstrates the Financial Numerical Derivation task, designed to evaluate a model’s
ability to perform precise financial calculation over heterogeneous multimodal evidence. It requires the model to
identify task-relevant indicators from both video frames and tabular financial reports, align historical and forecasted
values across different sources, and execute numerical comparison with strict unit and precision constraints. The
task therefore examines whether models can establish a faithful evidence—formula—answer chain in high-density
financial materials.
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Macro-Industry Trend Reasoning

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 Macro-Industry Trend Reasoning task, designed to evaluate a model’s
ability to synthesize long-form textual analysis with video-based temporal trends. It requires extracting the evolution
patterns of multiple macro-financial indicators from video curves, interpreting their post-peak dynamics under the
analytical framework provided in the text, and identifying the indicator with the fastest deterioration. The task
thus assesses cross-modal temporal reasoning, trend comparison, and the ability to connect visual trajectories with
higher-level financial-economic mechanisms.
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Risk Signal Identification
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Questioq: What are the primary reasons for Pinduoduo’s revenue fluctuations in QI 20257
ER: HEZHIEAReEER NEREE.

Answer: Pinduoduo’s (Temu) Business Model Transition from Fully Managed to Semi-Managed.

Figure 10: This example demonstrates the Risk Signal Identification task, designed to evaluate a model’s ability to
detect risk-indicative signals from multiple financial videos. It requires integrating scattered evidence across video
segments, distinguishing superficial revenue fluctuations from underlying business-model changes, and identifying
the primary factor that may affect future operational risk. The task therefore assesses evidence aggregation, causal
attribution, and risk-oriented interpretation under multi-source multimodal inputs.
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Investment Decision Analysis
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Text: In 2025, the liquor industry underwent intensified adjustment, and the Company proactively adapted to market
conditions. For Eighth-Generation Wuliangye, it dynamically adjusted channel policies and repeatedly strengthened
channel incentives to relieve distributor profitability pressure caused by weaker demand and declining wholesale prices.
Its turnover advantage in the RMB 1,000 price segment also helped restore channel confidence. In 2026, the Company
plans to further refine channel operations to maintain a balance between volume and price and consolidate the product’s
position in the RMB 1,000 segment.
Question: Considering the Company’s “proactive market adjustment” strategy in 2025, the strong asset base reflected in
the balance-sheet image, and the persistent decline in Wuliangye’s operating cost ratio since 2015 shown at 98 seconds
in the video, infer the key channel-policy measure most likely to be adopted for Eighth-Generation Wuliangye during
2025-2026. Explain how this policy would affect the operating cost ratio and the cash conversion cycle, thereby helping
achieve a balance between volume and price.
BR: A BRI KA A REEE, MRS - LR BB, HURAEE TR
EEGT IR A B RE R - INREF R AR, WM EEIARE, R, EidisEnt
i~ BB B RIR F A B AR, AIRE R S R A R B 1), 87 B E b iR SR FE B K
Fo HL, AFRERERBEREMNEMEORRNERHE TR, SIHEES MRS .
Answer: The most likely measure is refined channel management, including stronger distributor incentives, terminal
volume-based incentives, and tighter control over cross-regional selling and channel stuffing. By reducing channel
inventory accumulation and accelerating inventory turnover and cash collection, the policy can shorten the cash
conversion cycle. Meanwhile, stabilizing wholesale prices, improving sell-through, and increasing sales efficiency can
reduce cost pressure associated with excess inventory and inefficient supply, helping keep the operating cost ratio at a
relatively low level. Together, these effects allow the Company to protect distributor profitability and confidence while
controlling supply, thereby achieving a dynamic balance between sales volume and price.

Figure 11: An example of the Investment Decision Analysis task. The model must integrate textual strategy,
balance-sheet evidence, and historical cost trends from video to infer a channel policy and explain its financial
transmission mechanism.
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Capture Distortion
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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
the text information within the images to perform a cross-indicator temporal comparison and trend phase positioning.
B2 PPI
Answer: PPI

Figure 12: This example illustrates the Capture Distortion perturbation, designed to simulate geometric deformation
caused by non-frontal image acquisition. The distorted document image contains perspective skew, local scale
variation, and non-parallel page boundaries, while the question still requires accurate chart recognition and cross-
indicator temporal comparison. This perturbation evaluates whether models can preserve layout understanding,
chart localization, and trend-based reasoning under realistic capture conditions.
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Scanning Noise
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Question: From May 18, 2022, to October 18, 2022, the U.S. Dollar Index (Figure 14) exhibited a sustained upward
trend. Based on the line patterns of the S&P 500 Index (red line) and the FTSE 100 Index (blue line) in Figure 13,
analyze whether both index curves showed an overall downward trend during this period.

BE R

Answer: No

Round 2:

AR ET ERAT, 7ERTTIRECETHHE, $Rs00FE s E E I 10054, Wh— PRI EIRAIH)
P, B2 260 57U i A X BE /N

Question: Based on the above analysis, which of the two indices—the S&P 500 or the UK FTSE 100—demonstrated
greater resilience during the rise in the U.S. Dollar Index, that is, experienced a relatively smaller adverse impact?
ER: HEER100

Answer: UK FTSE 100

Figure 13: This example illustrates the Scanning Noise perturbation, designed to simulate visual degradation
introduced by low-quality scanning, compression, or low-light acquisition. The financial chart remains answerable
but contains background noise, contrast degradation, and reduced visual clarity. This perturbation evaluates
whether models can robustly recover fine-grained textual labels, numerical trends, and chart relationships under low
signal-to-noise visual conditions.
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Partial Occlusion
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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 T REBUERIZY

Answer: The decline in February 2019 was more pronounced.

Figure 14: This example illustrates the Partial Occlusion perturbation, designed to simulate missing visual evidence
caused by stains, shadows, stamps, or other occluding objects during document circulation or photographing.
Although part of the chart is obscured, the model must still rely on the remaining visible evidence to compare trend
volatility and derive a cautious answer. This perturbation evaluates robust evidence localization and reasoning under
incomplete financial document inputs.
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Crease and Wear
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Question: According to the text descriptions in the image and the middle subplot, did the U.S. 10-year and 2-year
Treasury yield curve invert during past rate hike cycles (pink shaded areas)?

ER: 2

Answer: Yes

Figure 15: This example illustrates the Crease and Wear perturbation, designed to simulate document degradation
caused by folding, repeated handling, or long-term storage. The perturbed image contains crease-like artifacts
and local visual interference over financial curves and explanatory text, requiring the model to maintain accurate
recognition of chart structures and temporal patterns. This perturbation evaluates robustness in text recognition,
chart parsing, and evidence grounding under physically degraded document conditions.
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Curved-Surface Deformation:
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Question: When the European Banking Authority (EBA), in accordance with its Guidelines on Interest Rate Risk in the
Banking Book (IRRBB), determines that the decline in a bank’s Economic Value of Equity (EVE) exceeds the Tier
1 capital threshold and triggers supervisory measures, which priority area established in the European Securities and
Markets Authority’s (ESMA) 2023 Annual Work Programme would be directly initiated to coordinate the cross-border
regulatory response?

AR KEAER

Answer: Supervision and Convergence

Figure 16: This example illustrates the Curved-Surface Deformation perturbation, designed to simulate nonlinear
page bending commonly observed in thick reports, bound documents, or unflattened paper captures. The deformation
changes text-line orientation, page geometry, and local layout structure while preserving the evidence needed for
answering the question. This perturbation evaluates a model’s ability to perform layout correction, structured
information extraction, and evidence-based reasoning under non-planar financial document inputs.
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High-Density Information Extraction Error

For the three months ended March 31,
2024
RMB
(Unaudited) (Unaudited) (Unaudited)
86,812,059 95,672,175 13,183,978
(32,604,686) (40,947,100) (5.642,681)

(23,410,655) (33,402, 741) (4,603,021)
(1,823,445) THosas4sY {228,608)
(2.908.620) (3,577.828) (493,038

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

A $F% £2025FQUE T A H2025 2 EFMEMZ 7 (REMWAL/ML, BAi%)

Question: What percentage of Pinduoduo’s projected full-year 2025 sales and marketing expense is already accounted
for by its Q1 2025 sales and marketing expense? (Unit: %, rounded to two decimal places)

HETIEEREE. 2025 QLAY & BB T i 933,402,741 FTC - 20254F & 4F 542 FIFNIE 149,409 /i 7T,
A[1149,409,000 7. - f7li= 33,402,741 =+ 149,409,000 ~= 22.35% -

Incorrect Model Answer: Pinduoduo’s Q1 2025 sales and marketing expense is 33,402,741 thousand yuan. The projected
full-year 2025 sales and marketing expense is 149,409 million yuan, i.e., 149,409,000 thousand yuan. Therefore, the
ratio is 33,402,741 + 149,409,000 =~ 22.35%.

FIEZER: 2591%

Gold Answer: 25.91%

Figure 17: This example illustrates a High-Density Information Extraction Error. The model successfully identified
the quarterly sales-and-marketing expense, but selected the wrong full-year denominator from a dense financial
table, yielding 22.35% instead of the correct 25.91%. The failure therefore lies in fine-grained evidence localization
and row/entry disambiguation under high-information-density financial inputs, rather than in arithmetic alone.
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Cross-modal Evidence Integration Error
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Question: Assuming 1 US dollar = 7.041 RMB, what percentage does Pinduoduo’s adjusted net profit in Q1 2025

account for relative to NVIDIA’s projected net profit for 2025? (Unit: %, rounded to two decimal places)

BRI R B % P2 £2025Q1 45 A EFE H169.160C T AR T, #MBERE T H24.02(0%TT; EF

IR2025SE T AT 9529.631C. 5670 7 b= 24.02 + 529.63 = 4.54% -

Incorrect Model Answer: Pinduoduo’s adjusted net profit in Q1 2025 is RMB 16.916 billion, which is approximately

USD 2.402 billion after conversion; NVIDIA’s projected 2025 net profit is USD 52.963 billion; thus the ratio is 2.402 <

52.963 =~ 4.54%.

PREEZR: 2.48%

Gold Answer: 2.48%

Figure 18: This example illustrates a Cross-modal Evidence Integration Error. The model needed to integrate profit
figures from different frames, normalize currencies with the given exchange rate, and then compute the ratio under a
unified financial unit. Instead, it mismatched the NVIDIA profit figure and failed to establish a correct cross-source
computation chain, producing 4.54% rather than the correct 2.48%.
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Financial Reasoning and Computation Error
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Question: What is the ratio between Tencent’s year-over-year growth rate of operating CAPEX and the year-over-year
growth rate of operating margin in Q1 2025? (Rounded to two decimal places)

T B B 27 . 2025%EQ1 Operating CAPEX ] Lt 14 3% ©5299%, Non-IFRS Operating MarginFH30.9% & 7
$38.5%, [HILLZERIERRF HHEHE 4 (38.5 — 30.9)/30.9 ~ 24.60%, H{H299/24.60 ~ 12.15-

Incorrect Model Answer: The year-over-year growth rate of Operating CAPEX in Q1 2025 is 299%, and the Non-
IFRS Operating Margin rises from 30.9% to 38.5%; therefore, the year-over-year growth rate of operating margin is
(38.5 — 30.9)/30.9 =~ 24.60%, and the final ratio is 299/24.60 ~ 12.15.

PREER: 64.94

Gold Answer: 64.94

Figure 19: This example illustrates a Financial Reasoning and Computation Error. The model correctly extracted
several raw values, but imposed an incorrect definition of “year-over-year growth” on operating margin, using a
relative change formula that was inconsistent with the benchmark annotation. As a result, the final ratio was severely
underestimated at 12.15, whereas the correct answer is 64.94.
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Ungrounded Reasoning Hallucination

TNET RS (U ASK) S Tom ok (AT T - M
LTI 5L 125
i AL

il
ey aﬂrmmw
st A

EFRAnaaded
SBUIP &§ 433200 7 +

254 Ocs BUNINE - HAANIRT AL

o L2022 AR
Bedmaamnn TANY @D 1

Py
EBTA BN a0 2020 A 29 4 -

AN I RHRS LA

HE 265 LA RRRBAL
i HE T A LAAAET

b T 28L AR 0

EEOTAGS | ERiTA AR A A & T 8 %J'mib-{]

SR RE o SRR
-

Al B N R SR B H2024 FAZ R K R L EE R TR EREE 47

Question: What is the main reason why the year-over-year growth rate of Alibaba’s Digital Media and Entertainment
Group declined in Q4 2024 compared with the same period last year?

RAEEREE: MBS G R AR SR, B AR SUR S R12024 47 [F] HLHTH R -
Incorrect Model Answer: The slowdown in Youku’s membership revenue growth and the decline in online advertising
revenue caused the year-over-year growth rate of the Digital Media and Entertainment Group to fall in Q4 2024.
PMEER: T

Gold Answer: Increased losses at Youku.

Figure 20: This example illustrates an Ungrounded Reasoning Hallucination. The source material explicitly
attributes the deterioration to increased losses at Youku, but the model further fabricates unsupported explanations
such as slower membership growth and weaker advertising revenue. The answer sounds financially plausible, yet its
causal details are not grounded in the provided evidence.
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Response Semantic Misalignment
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Question: For the Alibaba business group whose revenue share increased the most in Q4 2024, what was its year-over-
year growth rate relative to fiscal year 2023? (Unit: %, rounded to two decimal places)

HRGERE . ] 2004 5E 4% BT 5 HO I 2 0 7 4 R T B e A 4 B, R e R Bl
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Incorrect Model Answer: The business group with the highest increase in revenue share in Q4 2024 is Alibaba
International Digital Commerce Group, and the figure shows that its year-over-year revenue growth rate is 32%.
PREEZR: 7.60%

Gold Answer: 7.60%

Figure 21: This example illustrates a Response Semantic Misalignment. The model answered with the highest
revenue growth rate, 32%, even though the question asked for the year-over-year growth rate of the segment whose
revenue share increased the most. In other words, the model produced a financially related answer, but failed to
align its final response with the exact semantic target specified by the question.
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Table 9: Prompt Template for Zero-Shot Evaluation

TR—AIFRNSHETR, HERENSRELIIRTFEE LR -
IREHF A
- ME LR SE
- ABA MR T T LHIF X E 3
- REA PR 2 I i RIS T RIS 37
-HERIRE RS FR LA
WX AR Sy, ETERAGE, sHERNRIARFSTEES, %41
RIE -~ RALRIEIE - A LMER R ATEFE B9 87 71 -
[A]@H: {question}
{options_text}
[E1 25K
1. LIRE R IR AR R R A U = -
2. G HVERR . SEEERIRIAER .
FE:
- REFEMERAT, AL UEE T
- ANELAF FIMarkdown S HA% =
- Fy B S NS [REE B R — 2L

(a) Chinese Version

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. 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

(b) English Version
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Table 10: Prompt Template for Zero-Shot CoT Evaluation

TR—AIFRNSIELTR, HERENSRIELIIRTFEE LKA -
IR A
- E LA SE
- ABA PR T E - T LHIR XS E
- RERR PR 2 i RS T RIS
-HERIRE BRI SRR L AE
WX M ARy, ETERAGE, sHRMRIFRFTEES, —F
— BT IR AR -

[A]@H: {question}

{options_text}

[E1Z B3R

1. DLt % R IR N B A R A RS & -

2. RG> M R R A A1 R TH

3. B R R AR A HEER S AR AN B B AR

4. HHIER - SEENRAESR -
FE:
- REFEMERAT, AL UEE T
- ANELAF FIMarkdown S HA% =
- Fy B S NS [REE B R — 2L

(a) Chinese Version

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

(b) English Version
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Table 11: Prompt Template for LLM-as-a-Judge

PR~ B RER SR E SRS - IRAVESTRAMT (R E RIS IMEE REE L ER B3
HEUY]: BRAUERAEEPMEN (1) Box f3X: FE MR \boxed(} FHIALR, HAIERAGHRINGS
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PEHIPTIAE:
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%L R —E .
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A UER: QU — PRI JSON IR, A5 6 & HoA I 1 30 81 Markdown PRic:
{

"result”: true,

"reasoning”: "TRIFE Ui B A RE MK S B A A SR UE B

3
HA, 38— result N true, &MY falseo

Table 11: Prompt Template for LLM-as-a-Judge (continued)

You are a strict and intelligent answer-judging system in the financial domain. Your task is to determine whether the
[Model Answer] and the [Standard Answer] are semantically consistent.
Important Note: The Model Answer may appear in two formats: (1) Box Format: if the content inside \boxed{}
is successfully extracted, the Model Answer is the extracted result, which may contain multiple answers separated by
commas or semicolons; (2) Full Content Format: if the box cannot be successfully extracted, the Model Answer is the
complete response, from which the final answer or key conclusion must be identified and extracted.
Judging Criteria:
1. Multi-Answer Handling. If the Standard Answer contains multiple results (e.g., multiple-choice or multi-turn
questions), the Model Answer must contain all correct results and correspond to them one-to-one. Partial correctness
should be judged as false. Multiple results in the Model Answer may be separated by commas or semicolons and should
be correctly identified and matched.
2. Calculation Question Judging. Numerical results must be equivalent in meaning. For example, “10.5” and “10.50”, or
“10.5%” and “0.105”, may be regarded as consistent. Small differences caused by reasonable rounding are allowed. Units
must be identical or correctly convertible, and the calculation formula and logic must be correct.
3. Text/QA Question Judging. Semantic consistency should be judged within the financial-domain context. The core
viewpoint, conclusion, or judgment must be consistent. Different expressions are allowed, but financial terminology must
be accurate. When financial concepts, market judgments, or risk assessments are involved, their core meanings should be
evaluated from a professional financial perspective.
4. Format and Answer Extraction. Ignore non-substantive differences in punctuation, Markdown formatting, and letter
case, as well as explanatory content unrelated to the final answer. If the Model Answer is a full response, identify its final
answer or conclusion and extract key information such as numerical values, option letters, or conclusive statements.
Judging Process: First determine the format of the Model Answer. If it is full content, extract the key answer. Then
identify and align any multiple answers, apply the appropriate criteria according to the question type, and finally perform
semantic comparison and provide the judgment.
Output Format Requirements: Output only one standard JSON object without any additional explanatory text or
Markdown tags:
{

"result”: true,

"reasoning”: "Briefly state the basis for the judgment and any necessary extracted answer
information.”
}

Set result to true when the answers are semantically consistent; otherwise, set it to false.
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