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Abstract001

Multimodal large language models are play-002
ing an increasingly significant role in empow-003
ering the financial domain, however, the chal-004
lenges they face, such as multimodal and high-005
density information and cross-modal multi-hop006
reasoning, go beyond the evaluation scope007
of existing multimodal benchmarks. To ad-008
dress this gap, we propose UniFinEval, the009
first unified multimodal benchmark designed010
for high-information-density financial envi-011
ronments, covering text, images, and videos.012
UniFinEval systematically constructs five core013
financial scenarios grounded in real-world fi-014
nancial systems: Financial Statement Audit-015
ing, Company Fundamental Reasoning, Indus-016
try Trend Insights, Financial Risk Sensing,017
and Asset Allocation Analysis. We manu-018
ally construct a high-quality dataset consist-019
ing of 3,767 question-answer pairs in both020
chinese and english and systematically eval-021
uate 10 mainstream MLLMs under Zero-Shot022
and CoT settings. Results show that Gemini-023
3-pro-preview achieves the best overall per-024
formance, yet still exhibits a substantial gap025
compared to financial experts. Further er-026
ror analysis reveals systematic deficiencies027
in current models. UniFinEval aims to pro-028
vide a systematic assessment of MLLMs’ ca-029
pabilities in fine-grained, high–information-030
density financial environments, thereby enhanc-031
ing the robustness of MLLMs applications in032
real-world financial scenarios. Data and code033
are available at https://anonymous.4open.034
science/r/anonym4B75.035

1 Introduction036

In the current era of rapid multimodal large lan-037

guage models(MLLMs) development and explo-038

sive information growth, the demand for utilizing039

large language models(LLMs) to process informa-040

tion across various fields is becoming increasingly041

urgent (Rahman et al., 2025; Li et al., 2025c; Zhang042

Figure 1: UniFinEval is manually constructed and sup-
ports full-modality inputs including text, images, and
videos. It is equipped with cross-modal reasoning ca-
pabilities and features high information density while
closely aligning with real financial business practices.

et al., 2025a; Dennstädt et al., 2025; Xia et al., 043

2024; Das et al., 2025). In real-world financial sce- 044

narios, models are often required to simulate the 045

role of analysts, simultaneously processing volumi- 046

nous financial and research reports, understanding 047

implicit correspondences between charts and text, 048

and conducting continuous analysis by incorporat- 049

ing financial analysis videos. However, there is a 050

significant misalignment between existing multi- 051

modal financial benchmarks and these real-world 052

demands. As illustrated in Figure 1 these limi- 053

tations are primarily manifestedin the following 054

aspects: On one hand, existing benchmarks are 055

limited to single-modality evaluations, such as Fin- 056

VQA (Chen et al., 2021), Fin-Fact (Rangapur et al., 057

2025), and MMMU (Yue et al., 2024), and have not 058

yet extended to broader multi-modal tasks. This 059

modality-restricted approach leads to inconsisten- 060

cies in characterizing model capabilities and limits 061

the reference value of evaluation results for real- 062

world financial applications. On the other hand, the 063

high-density and noisy information environment of 064
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Figure 2: UniFinEval covers five major financial scenarios and constructs datasets spanning text, images, videos,
as well as multiple cross-modal combinations. It features high-information-density and manually construct data,
together with dedicated designs for cross-modal consistency checking and multi-Hop reasoning, providing compre-
hensive support for MLLMs evaluation in financial domains.

real financial markets places higher demands on065

models’ fine-grained analysis capabilities. How-066

ever, existing studies mostly use LLMs to construct067

datasets based on simplified or truncated data (Luo068

et al., 2025; Liu et al., 2025d). This not only makes069

it difficult to evaluate the comprehensive perfor-070

mance of models in high-information-density en-071

vironments but also introduces potential annota-072

tion errors, thereby affecting the reliability of the073

evaluation conclusions. These bias makes it dif-074

ficult for a model’s performance on benchmarks075

to reflect its capability boundaries in real financial076

operations. Consequently, this may lead to unsta-077

ble analysis conclusions, exposure to compliance078

risks, and even severe financial losses in practical079

applications (Lee et al., 2024).080

To fill these gaps, we propose UniFinEval,081

the first financial unified benchmark designed for082

high-information-density financial environments,083

integrating text, images, and videos modalities.084

UniFinEval grounded in real-world financial busi-085

ness workflows and systematically covers five core086

scenarios: Financial Statement Auditing, Company087

Fundamental Reasoning, Industry Trend Insights,088

Financial Risk Sensing, and Asset Allocation Anal-089

ysis, completely characterizing complete cognitive090

loop from multimodal perception and cross-modal091

alignment to high-level decision making. All sam-092

ples in this benchmark were manually constructed093

by financial experts, constructing a dataset of 3,767094

high-quality Q&A pairs aimed at assessing the ca-095

pability boundaries of MLLMs in real financial096

scenarios. The main contributions of this paper are 097

summarized as follows: 098

(1) We propose UniFinEval, the first multimodal 099

unified financial evaluation benchmark. By con- 100

structing manually curated question-answer pairs 101

that deeply integrate text, images, and videos, we 102

provide a unified paradigm for analyzing the pro- 103

found capabilities of MLLMs within the financial 104

domain. The structure is illustrated in Figure 2. 105

(2) We meticulously design multi-hop reasoning 106

questions from the unique perspective of multi- 107

source information fusion within the financial do- 108

main, thereby posing a rigorous challenge to the 109

actual performance of MLLMs. 110

(3) We conducted a targeted error analysis aimed 111

at optimizing the capabilities of MLLMs within 112

high-information-density complex application sce- 113

narios in the financial domain, providing practical 114

and feasible directions for improvement. 115

The organization of this paper is as follows: Sec- 116

tion 2 reviews the research on financial MLLMs 117

and related multimodal benchmarks. Section 3 118

details the construction process of UniFinEval, in- 119

cluding data collection, question design, and qual- 120

ity control processes. Sections 4 and 5 present our 121

experimental settings and results under different 122

difficulty levels, followed by error analysis. Fi- 123

nally, Section 6 summarizes the work of this paper 124

and discusses potential future directions in the field 125

of multimodal financial intelligence. 126
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2 Realted Work127

2.1 Financial Applications Analysis128

Benefiting from breakthrough advancements in129

general Large Language Models (LLMs), research130

on intelligence in the financial vertical domain has131

made significant progress. Early work mainly fo-132

cused on tasks such as financial sentiment analy-133

sis (Delgadillo et al., 2024; Kim et al., 2024; Iaco-134

vides et al., 2024), financial time series analysis (Li135

et al., 2024b,c; Wang et al., 2024b; Mai, 2024; Cao136

et al., 2024), financial text understanding (Masry137

and Hajian, 2024; Wilson et al., 2024), and deci-138

sion support (Yu et al., 2024c,b; Liu et al., 2025c;139

Xiao et al., 2025). However, real-world financial in-140

formation inherently possesses highly multimodal141

characteristics. To further enhance the deployment142

capabilities of models in real scenarios, the focus143

of related research has gradually expanded from a144

single text modality to a multimodal perspective.145

FinVis-GPT (Wang et al., 2023), Finzero (Wang146

et al., 2025b), and FinTral (Bhatia et al., 2024)147

achieve deep analysis of financial charts. FinA-148

gent (Zhang et al., 2024a) created a multimodal149

agent capable of autonomous trading decisions,150

MM-DREX (Chen et al., 2025b)utilizes multi-151

modal information to implement dynamic routing152

for expert trading; and AT-FinGPT (Liu et al.,153

2025b) utilizes voice features to assist in financial154

risk prediction.155

2.2 Multimodal Financial Benchmark156

Analysis157

Compared to the rapid expansion of model capa-158

bilities, existing financial multimodal evaluation159

systems appear significantly lagged. On one hand,160

traditional financial benchmarks are confined to161

the text modality (Zhu et al., 2024; Nie et al.,162

2024; Zhao et al., 2024; Wang et al., 2024a; Reddy163

et al., 2024; Chen et al., 2024, 2025a; Guo et al.,164

2025; Liu et al., 2025a; Li et al., 2025a; Matlin165

et al., 2025), while general multimodal benchmarks166

lack domain-specific knowledge depth (Liu et al.,167

2024; Li et al., 2024a; Zhang et al., 2024b; Yu168

et al., 2024a); neither can accurately measure the169

financial multimodal capabilities of financial large170

models. On the other hand, although current finan-171

cial multimodal evaluation benchmarks have made172

progress in specific tasks, they still exhibit signif-173

icant limitations. Specifically, benchmarks such174

as MME-Finance (Gan et al., 2024), FinChart-175

Bench (Shu et al., 2025), CFBenchmark-MM (Li176

et al., 2025b), and MultiFinBen (Peng et al., 2025) 177

mainly focus on static chart understanding, lack- 178

ing consideration for dynamic time-series informa- 179

tion such as financial videos. Data for works like 180

FinMR (Deng et al., 2025), FAMMA (Xue et al., 181

2024), and XFinBench (Zhang et al., 2025b) are 182

mostly derived from textbooks or standardized ex- 183

ams, creating a large gap with real financial environ- 184

ments full of noise and unstructured information. 185

Works like FinMMR (Tang et al., 2025) and Fin- 186

MultiTime (Xu et al., 2025) utilize large model an- 187

notation paradigms, potentially introducing model 188

bias and hallucination risks. Furthermore, Video- 189

Conviction (Galarnyk et al., 2025) and Fincap 190

(Sukhani et al., 2025), among the few benchmarks 191

involving financial videos, neither evaluate finan- 192

cial business competence nor assess joint reasoning 193

over video and text–image information. 194

3 UniFinEval 195

3.1 Overview 196

To evaluate the performance and failure modes 197

of MLLMs in real-world financial business en- 198

vironments, we propose UniFinEval, a bench- 199

mark designed around complex and information- 200

dense financial scenarios. Guided by financial 201

experts and grounded in authentic business prac- 202

tices, UniFinEval identifies five representative and 203

critical financial scenarios: Financial Statement 204

Auditing (FSA), Company Fundamental Reason- 205

ing (CFR), Industry Trend Insights (ITI), Financial 206

Risk Sensing (FRS), and Asset Allocation Analysis 207

(AAA). 208

These scenarios cover a broad spectrum of finan- 209

cial reasoning tasks, ranging from fine-grained in- 210

formation verification and consistency checking to 211

cross-firm and cross-cycle analysis, and ultimately 212

high-level risk control and decision-making. Such 213

a progression reflects increasing requirements on 214

models’ information perception, cross-modal align- 215

ment, multi-hop reasoning, and decision robust- 216

ness. In addition, UniFinEval incorporates a se- 217

ries of task-specific perturbations aligned with real- 218

world financial business settings into each scenario. 219

These perturbations enable the evaluation of model 220

behavior under non-ideal visual and textual condi- 221

tions commonly encountered in practical financial 222

applications; details are provided in Appendix A.4. 223

Centered on these business scenarios, 224

UniFinEval is guided throughout by finan- 225

cial experts to construct a data system featuring 226
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high information density and deep multi-modal227

fusion. The benchmark facilitates multi-hop228

integration across three foundational modali-229

ties—text, images, and video—by systematically230

incorporating complex cross-modal combinations,231

including text–image, text–video, image–video,232

and text–image–video, as illustrated in Figure 3.233

UniFinEval authentically replicates the parallel234

information structure of professional financial235

workflows. Through a rigorous multi-layer236

quality control process, we construct a dataset237

comprising 3,767 high-quality bilingual (Chinese238

and English) Q&A pairs. A detailed breakdown of239

data distribution across the five financial scenarios240

is provided in Table 3 in the Appendix. Regarding241

task design, the benchmark incorporates both242

single-turn and multi-turn Q&A mechanisms243

and extensively integrates cross-modal multi-hop244

reasoning requirements. Such a design enables245

the assessment of the model’s comprehensive246

capabilities in immediate understanding, cross-turn247

context integration, and complex logic chain248

construction, providing a solid foundation for249

systematically evaluating the performance of250

MLLMs in real financial environments.251

3.2 Scenario Construction252

The scenario construction of UniFinEval is not cen-253

tered on isolated tasks or individual model capa-254

bilities, but is designed to align with real-world255

financial business processes. In practical finan-256

cial settings, performance on a single capability is257

often insufficient to support reliable deployment;258

instead, model stability and consistency across mul-259

tiple business stages are critical considerations for260

real applications. Motivated by this observation,261

UniFinEval establishes five interconnected and pro-262

gressively hierarchical financial business scenarios.263

As the scenarios advance, the object of analysis264

expands from localized information processing to265

global judgment, while data forms evolve from266

static inputs to dynamic multi-modal combinations.267

Accordingly, the demands placed on the model in-268

crease across stages, and performance at each step269

provides insight into the challenges and feasibility270

of deploying MLLMs in realistic financial environ-271

ments.272

Financial Statement Auditing: As the pri-273

mary stage of financial analysis, this scenario fo-274

cuses on verifying the accuracy and consistency275

of financial report information, with the goal of276

establishing a reliable data foundation for subse-277

quent end-to-end analysis. To address the practical 278

challenge faced by practitioners when verifying 279

information in complex visual environments, we 280

design high–information-density images that in- 281

tegrate textual content, charts, and their coupled 282

representations. Authentic layouts and redundant 283

information are deliberately preserved to reflect 284

real-world business settings. Models are required 285

to complete key information extraction and verifica- 286

tion through both single-turn and multi-turn Q&A, 287

enabling the evaluation of their ability to precisely 288

locate and validate critical financial facts under 289

conditions of high information density, complex 290

layouts, and redundant interference. 291

Company Fundamental Reasoning: Follow- 292

ing the FSA scenario, the CFR scenario focuses 293

on analyzing corporate operating conditions and 294

intrinsic value. To align with real-world practice 295

in which practitioners examine financial reports 296

alongside research reports, the data in this scenario 297

continue to use text and charts as primary infor- 298

mation carriers, while placing greater emphasis on 299

financial variables and calculation bases distributed 300

across heterogeneous modalities. The task design 301

centers on the derivation of core financial indica- 302

tors, requiring the model to extract relevant param- 303

eters from multi-source information and perform 304

rigorous multi-step calculations. By incorporating 305

high-difficulty cross-modal multi-hop reasoning, 306

the scenario effectively differentiates basic infor- 307

mation retrieval ability from deeper financial math- 308

ematical and logical reasoning capabilities. 309

Industry Trend Insights: The ITI scenario 310

elevates the analytical perspective from individual 311

enterprises to the industry level, focusing on cross- 312

enterprise and cross-period analysis to evaluate the 313

model’s ability to integrate multi-source informa- 314

tion and infer industry logic. To reflect real-world 315

demands for cross–data-source industry research, 316

the data construction integrates multi-period finan- 317

cial reports, industry research reports, and macroe- 318

conomic data. A broader informational context is 319

constructed using text and trend charts as primary 320

carriers. The tasks center on industry trend assess- 321

ment and cycle summarization, requiring complex 322

cross-enterprise comparative reasoning and multi- 323

hop inference. Through single-turn and multi-turn 324

interactions, the scenario simulates how practition- 325

ers extract structured industry insights from frag- 326

mented information. 327

Financial Risk Sensing: The scenario fo- 328

cuses on the multi-dimensional identification and 329
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Figure 3: An example of a cross-modal multi-hop question in UniFinEval. The answer is derived from the acquisition
and integration of key information from the presented text, images, and videos.

integration of potential risk signals, serving as a330

critical component in safeguarding investment de-331

cisions within financial analysis. It emphasizes332

evaluating the model’s robustness and risk per-333

ception capabilities under conditions of dynamic334

multi-modal information fusion. Since risk sig-335

nals are often implicit and embedded in unstruc-336

tured and time-varying information, the scenario337

introduces financial analysis videos, construct-338

ing a text–image–video multi-modal setting. Dy-339

namic viewpoints presented in videos are explicitly340

aligned with written quantitative data, restoring the341

multi-source cross-validation requirements charac-342

teristic of real-world risk analysis. The tasks center343

on risk signal identification and cross-modal consis-344

tency verification, incorporating cross-modal multi-345

hop reasoning. This design requires the model to346

jointly assess heterogeneous information sources347

and accurately capture latent downside risk signals.348

Asset Allocation Analysis: As the final349

decision-making stage in financial workflows, As-350

set Allocation Analysis requires synthesizing in- 351

sights from all preceding analytical stages to for- 352

mulate executable strategies under multiple con- 353

straints. In this scenario, UniFinEval constructs 354

the most complex input structure, integrating multi- 355

modal data from all prior scenarios while further 356

introducing mixed text–image–video inputs and ex- 357

plicit real-world constraints, thereby closely ap- 358

proximating the information boundaries of realistic 359

decision-making processes. The task design fol- 360

lows the complete asset allocation pipeline and 361

primarily adopts multi-turn Q&A interactions, re- 362

quiring the model to iteratively integrate prior ana- 363

lytical results to produce logically consistent alloca- 364

tion strategies. This scenario ultimately evaluates 365

the model’s comprehensive decision-making abil- 366

ity and its capacity to manage trade-offs under high 367

information density and complex constraints. 368

Overall, through the progressive construction of 369

the five scenarios described above, UniFinEval es- 370

tablishes a comprehensive evaluation framework 371
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that spans from static high-density perception, to372

dynamic cross-modal reasoning, and ultimately to373

expert-level decision support. As the scenarios ad-374

vance, data modalities become increasingly diverse375

and task structures grow more complex, enabling376

fine-grained and interpretable quantitative assess-377

ment of model capabilities across different cog-378

nitive levels. This framework provides a reliable379

reference for evaluating the practical applicability380

of MLLMs in real-world financial business envi-381

ronments.382

3.3 Quality Control383

Given the instability and potential bias of cur-384

rent multimodal models in complex financial tasks,385

as well as the financial industry’s stringent re-386

quirements for precision, interpretability, and logi-387

cal consistency, UniFinEval adopts a fully expert-388

driven manual construction strategy for question389

generation and validation. To eliminate any form of390

model-induced bias, no LLMs are involved at any391

stage of Q&A creation, ensuring that all evaluation392

tasks strictly adhere to real-world financial business393

logic and regulatory compliance standards.394

The dataset construction is carried out by a dedi-395

cated team of ten senior financial experts, includ-396

ing PhD students from top-tier finance and eco-397

nomics institutions and experienced practitioners398

from leading securities firms and financial institu-399

tions. All experts hold professional certifications400

such as CFA or CPA, with an average of more than401

five years of frontline industry or research expe-402

rience. This dual composition of academic and403

industry expertise ensures both theoretical rigor404

and practical relevance in scenario design.405

Question construction follows a rigorous four-406

stage quality control pipeline. First, during data407

filtering, automated scripts combined with manual408

inspection are used to select multimodal financial409

materials with high information density and strong410

business relevance. Second, domain experts inde-411

pendently formulate questions and corresponding412

standard answers based on the curated data. Third,413

all annotations undergo cross-validation by other414

experts to identify logical inconsistencies, ambigu-415

ity, or deviations from realistic business practices.416

Finally, a unified audit is conducted to ensure that417

the resulting tasks faithfully reflect the complexity,418

decision constraints, and reasoning processes en-419

countered in real financial environments. Detailed420

descriptions of the quality control procedures are421

provided in Appendix A.3.422

4 Experiments Settings 423

4.1 Baseline Models 424

We tested 10 mainstream MLLMs. Closed- 425

source models were accessed via their respec- 426

tive APIs, while open-source models were de- 427

ployed locally. All inference tasks were run on 428

8×NVIDIA A800 GPUs, using vLLM for effi- 429

cient local deployment and inference (Llama used 430

LMDeploy). The evaluation encompassed 4 closed- 431

source models, including GPT-5.1 (OpenAI, 2025), 432

Gemini-3-pro-preview (Google, 2025), Grok- 433

4.1 (xAI, 2025), and Claude-Sonnet-4.5 (Anthropic, 434

2025), alongside 6 open-source models from mul- 435

tiple mainstream MLLMs, including Qwen3-VL- 436

235B-A22B-Thinking, Qwen3-VL-32B-Thinking 437

(Yang et al., 2025), InternVL3.5-241B-A28B, 438

InternVL3.5-30B-A3B (Wang et al., 2025a), 439

MiniCPM-V-4.5 (Yu et al., 2025), and Llama-3.2- 440

11B-Vision-Instruct (MetaAI, 2025). For more 441

details on the models, please see Appendix B. 442

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

4.2 Evaluation Methods 443

We employ two core evaluation settings: Zero-Shot 444

and Zero-Shot CoT (abbreviated as CoT). To en- 445

sure robust assessment despite the limitations of 446

rule-based matching in complex financial reason- 447

ing, we also integrate Qwen-Max (Yang et al., 448

2025) to standardize output extraction and evalua- 449

tion. It should be noted that a manual inspection 450

of 30% of the judging results from Qwen-Max re- 451

vealed an average error rate of less than 1%. Addi- 452

tionally, Accuracy is adopted as the core metric to 453

ensure an objective and scalable evaluation. 454
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Table 1: Performance of in Zero-shot and CoT settings on UniFinEval(%). FSA stands for Financial Statement
Auditing, CFR denotes Company Fundamental Reasoning, ITI refers to Industry Trend Insights, FRS represents
Financial Risk Sensing, and AAA corresponds to Asset Allocation Analysis.The highest values in each column are
highlighted with a blue background , while the second-best results are underlined.

Model FSA CFR ITI FRS AAA Average

Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT

Gemini-3-pro-preview 83.5 83.8 82.2 82.8 73.3 74.7 68.8 70.1 61.1 55.4 73.8 73.4
Qwen3-VL-235B-A22B-Thinking 80.2 81.3 78.9 74.9 69.4 64.6 62.9 62.7 43.3 50.3 66.9 66.8
Qwen3-VL-32B-Thinking 75.1 76.2 71.0 70.3 65.6 65.2 54.8 56.6 40.8 43.3 61.5 62.3
GPT-5.1 76.9 77.8 67.1 65.0 65.8 60.4 50.0 54.1 47.8 48.4 61.5 61.1
Claude-Sonnet-4.5 70.8 71.9 65.4 68.2 61.7 61.4 50.0 50.6 40.8 42.0 57.7 58.6
InternVL3.5-241B-A28B 69.0 70.6 66.2 68.7 63.8 63.8 37.1 36.2 38.2 40.1 54.9 55.9
MiniCPM-V-4.5 65.9 66.2 62.3 64.1 53.2 57.9 30.6 38.0 33.1 29.9 49.0 51.2
InternVL3.5-30B-A3B 61.5 61.7 64.7 59.9 50.0 52.7 33.9 35.8 28.0 34.4 47.6 49.0
Grok-4.1-Fast-Reasoning 50.3 52.5 43.1 44.1 32.5 34.9 16.1 19.3 17.8 22.3 32.0 34.6
Llama-3.2-11B-Vision 22.2 23.1 20.9 23.7 19.0 21.4 14.1 15.7 11.5 10.8 17.5 18.9

Expert 97.5 95.3 90.1 88.5 85.2 91.3

5 Results455

5.1 Main Result456

Table 1 presents the specific performance and aver-457

age results of each participating model across vari-458

ous tasks under both Zero-Shot and CoT settings,459

while Figure 4 provides a more intuitive visualiza-460

tion for comparison. Under the Zero-Shot setting,461

Gemini-3-pro-preview demonstrates a stable and462

comprehensive performance advantage across all463

tasks, ranking first with an average accuracy of464

73.8%. Qwen3-VL-235B-Thinking follows closely465

with an average accuracy of 66.9%, a gap of only466

6.9%. This result suggests that the technical di-467

vide between current large-scale open-source mod-468

els and closed-source models is progressively nar-469

rowing. Qwen3-VL-32B-Thinking and GPT-5.1470

constitute the second tier; both perform robustly471

in perception-based tasks and certain reasoning472

tasks but still face significant bottlenecks in high-473

level decision-making. Notably, these two mod-474

els achieve identical average accuracies, not only475

surpassing Claude-Sonnet-4.5 and InternVL3.5-476

241B-A28B but also demonstrating superior per-477

formance across various sub-tasks, highlighting478

their relatively stronger comprehensive competi-479

tiveness. In contrast, the remaining models exhibit480

a clear performance gap, a stratification effect that481

is further amplified across different financial tasks.482

Model performance shows a significant gradient483

decay as task cognitive complexity increases. In484

perception-oriented tasks such as FSA and CFR,485

the performance gap between top-tier models and486

human experts is narrow, with models able to con-487

sistently identify most key information within com-488

plex research reports and charts. However, as tasks489

shift from explicit information recognition to the 490

repeated verification of cross-modal information, 491

all models experience a marked decline in perfor- 492

mance. Even the top-performing Gemini-3-pro- 493

preview achieves only 73.3% accuracy in ITI sce- 494

narios, significantly lower than the 90.1% achieved 495

by human experts, exposing deficiencies in build- 496

ing consistent semantic mappings between differ- 497

ent financial modalities. In the FRS task, which 498

incorporate video modalities, most models fail to 499

achieve a performance breakthrough, indicating a 500

clear weakness in their ability to model logic across 501

the temporal dimension. 502

When task complexity further escalates to AAA 503

tasks, the performance shortfalls of all models are 504

fully exposed: Gemini-3-pro-preview achieves an 505

accuracy of only 61.1%, while the performance 506

of other models is even more inferior, creating a 507

significant gap compared to the 85.2% accuracy of 508

human experts. This result clearly illustrates that 509

although some models demonstrate strong capabil- 510

ities in preliminary perception and reasoning tasks, 511

they struggle to maintain long-term, stable logi- 512

cal consistency in complex financial multimodal 513

scenarios with high information density. In con- 514

trast, human experts maintain a significant advan- 515

tage across all task scenarios, and this advantage 516

continues to expand as tasks progress from the per- 517

ception level to the decision-making level. This 518

profoundly reveals the critical capability gap that 519

exists between current MLLMs and real-world fi- 520

nancial experts. 521

From the perspective of comparison with the 522

CoT setting, most models achieve a certain degree 523

of performance improvement, though the magni- 524

tude of this improvement remains relatively limited. 525
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This phenomenon suggests that the vast majority526

of current MLLMs are already capable of adapting527

to explicit reasoning mechanisms; even without528

embedded explicit reasoning instructions, the com-529

prehensive performance of these models can be530

relatively fully unleashed.531

5.2 Error Analysis532

We conducted a systematic error analysis by ran-533

domly sampling approximately 50% of all in-534

correct predictions generated by the evaluated535

MLLMs. The overall error types are categorized536

into five core dimensions: Perception, Halluci-537

nation, Knowledge, Cross-modal, and Computa-538

tion. These correspond to specific errors includ-539

ing Financial Image Perception and Data Inter-540

pretation (FIPDI), Inconsistent Financial Reason-541

ing and Hallucinations (IFRH), Financial Knowl-542

edge Reasoning and Domain-Specific Understand-543

ing (FKRDU), Cross-modal Data Integration and544

Alignment (CDIA), and Financial Computation and545

Numerical Analysis (FCNA).546

As illustrated in Figure 5, several models still ex-547

hibit significant deficiencies in numerical computa-548

tion; specifically, Qwen3-VL-32B-Thinking shows549

a markedly higher proportion of errors in compu-550

tational tasks compared to other evaluated models.551

Aside from the prominent hallucination issues ob-552

served in Llama-3.2-11B-Vision and the substan-553

tial share of financial knowledge reasoning errors554

in Qwen3-235B-VL-A22B-Thinking, the errors of555

the vast majority of models are concentrated in two556

dimensions: image content perception and cross-557

modal data alignment. This phenomenon clearly558

demonstrates that current MLLMs still possess ob-559

vious capability shortfalls when confronting the560

high information density and time-sensitive com-561

plexities of financial market environments. They562

remain unable to fully adapt to multi-hop reason-563

ing tasks with fine-grained requirements, failing to564

satisfy the rigorous demands for precision and sta-565

bility inherent in the financial domain. Given that566

the overall performance of Grok-4.1 fell short of567

expectations, we conducted a targeted error analy-568

sis in Figure 21 in Appendix B.1 to substantiate the569

finding that some general-purpose MLLMs exhibit570

weak adaptability in the financial domain. Simul-571

taneously, Appendix B.1 provides supplementary572

case studies of representative error types to further573

support our research conclusions.574

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

6 Conclusion 575

We proposed UniFinEval, a high-information- 576

density multimodal benchmark oriented towards 577

real financial business scenarios, aimed at system- 578

atically characterizing the capability boundaries of 579

MLLMs in financial scenarios. UniFinEval centers 580

on five scenarios: Financial Statement Auditing, 581

Company Fundamental Reasoning, Industry Trend 582

Insights, Financial Risk Sensing, and Asset Allo- 583

cation Analysis, covering the complete financial 584

analysis link from basic perception to expert-level 585

decision support. The benchmark was constructed 586

entirely manually by financial domain experts; all 587

questions align strictly with real business logic 588

and explicitly introduce cross-modal consistency 589

judgment and multi-hop information integration, 590

thereby achieving performance evaluation of ac- 591

tual business capabilities. Experimental results 592

show that current MLLMs possess strong capabili- 593

ties in information extraction and fact recognition 594

tasks, but their performance remains significantly 595

limited and lags notably behind financial experts 596

when performing cross-modal semantic alignment, 597

subjective judgment understanding, and complex 598

financial decision-making under high-information- 599

density conditions. Error analysis further revealed 600

six major shortcomings of MLLMs in real finan- 601

cial scenarios.Overall, UniFinEval contributes a 602

unified and practical evaluation framework for sys- 603

tematically assessing the real-world effectiveness 604

of MLLMs in financial scenarios. 605
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Limitations606

Although UniFinEval strives to align with real fi-607

nancial business processes in scenario design and608

capability characterization, and has made break-609

through progress in evaluating MLLMs in the fi-610

nancial domain, some limitations remain. First611

although the benchmark systematically introduces612

cross-modal consistency, multi-hop reasoning, and613

multi-turn information integration requirements in614

various scenarios, current tasks are still dominated615

by offline Q&A forms, not yet fully simulating the616

complex closed loop of long-duration interaction617

and dynamic decision feedback in real analysis pro-618

cesses. Second, evaluation results mainly focus619

on the correctness and consistency of model out-620

puts, leaving room for deepening the analysis of621

the interpretability of model reasoning paths.622
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A Details of UniFinEval 979

A.1 Comparison of benchmarks 980

In this section, we first provide a detailed com- 981

parison Table 2 of various Q&A datasets across 982

multiple dimensions. 983

A.2 Statistic and Examples of Financial 984

Business Scenarios 985

We list the detailed information of UniFinEval data 986

in Table 3. The detailed information of the financial 987

business cenarios are presented below. 988

Financial Statement Auditing: As the founda- 989

tional entry point of financial operations, its core 990

objective is to accurately localize key financial in- 991

dicators and event-related information from high- 992

density materials such as financial statements and 993

research reports. This establishes a solid data foun- 994

dation for all subsequent analyses and decision- 995

making, ensuring the accuracy of information at its 996

source. Unlike data using only simplified charts, 997

this scenario retains real typesetting and redundant 998

information, forcing the model to complete key in- 999

formation screening under real visual interference. 1000

Question design transitions from single factn to 1001

cross-page, multi-point multi-hop reasoning, sim- 1002

ulating the actual work process of analysts inte- 1003

grating information across multiple pages. This 1004

assesses whether the model possesses the ability 1005

to effectively screen and precisely localize infor- 1006

mation within real financial materials. Figure 6 1007

provides examples of Financial Statement Audit- 1008

ing. 1009

Company Fundamental Reasoning: Building 1010

upon basic information extraction, this scenario cor- 1011

responds to the information alignment and synchro- 1012

nization stage and focuses on interpreting semantic 1013

consistencies and information overlaps embedded 1014

in textual and graphical content. By rapidly cap- 1015

turing redundancies or correlations across sources, 1016

it provides critical alignment-level signals for in- 1017

vestment decisions, bridging the gap between het- 1018

erogeneous data formats and unified business logic. 1019

Data comes from research reports, market com- 1020

mentaries, and analysis materials, where charts no 1021

longer directly present explicit financial indicators 1022

but convey consistent information through trends, 1023

distributions, or relative changes; texts also contain 1024

descriptive or summary-based representations. Fig- 1025

ure 7 and Figure 8 are the examples of Company 1026

Fundamental Reasoning. 1027

Industry Trend Insights: Designed for multi- 1028

12



source data integration scenarios, this task ad-1029

dresses the complexity of deriving core metrics1030

from diverse raw data points found across modali-1031

ties such as text and charts. By executing precise1032

quantitative formulas across modalities, it prevents1033

computational errors caused by fragmented infor-1034

mation and ensures the accuracy and reliability1035

of calculated financial results. The data includes1036

explicit or implicit links between text and charts,1037

deliberately retaining the incomplete symmetry of1038

expression between modalities, making it impos-1039

sible for the model to complete the task through1040

surface matching; it must understand the underly-1041

ing calculation logic behind different modalities.1042

Questions also deepen from single-step parameter1043

extraction to multi-stage formula derivation and1044

sensitivity analysis. Figure 9 are the examples of1045

Industry Trend Insights.1046

Financial Risk Sensing: Corresponding to long-1047

term industry tracking and mid-term analytical as-1048

sessment, this scenario integrates temporal infor-1049

mation from both static text–image inputs and dy-1050

namic video data to infer industry development1051

logic, core driving factors, and volatility risks, pro-1052

viding trend-level support for mid-term investment1053

direction selection. Question design requires the1054

model to synthesize information changes at differ-1055

ent moments to explain and judge industry devel-1056

opment trends or market fluctuations. Figure 101057

are the examples of Financial Risk Sensing.1058

Asset Allocation Analysis: As the ultimate1059

decision-making stage in financial operations, this1060

scenario integrates outputs from all preceding1061

stages and, under multiple constraints such as pol-1062

icy and risk considerations, produces actionable1063

asset allocation strategies. It directly reflects the1064

practical deployment value of the model and sup-1065

ports core investment decision-making. Question1066

design requires the model to continuously integrate1067

new information during interaction and maintain1068

decision logic consistency under multimodal, multi-1069

hop reasoning conditions. Figure 12 are the exam-1070

ples of Asset Allocation Analysis.1071

A.3 Details of Quality Control1072

Data Collection To ensure authority and real-world1073

alignment, UniFinEval sourced data from global1074

real financial markets, collecting over 2,500 listed1075

company documents and financial research reports,1076

as well as 1,000 financial analysis videos. These1077

materials cover both Chinese and English envi-1078

ronments across various asset classes, with all1079

sources verified for copyright compliance. To 1080

maintain high information density, we employed 1081

a multi-layered filtering process combining auto- 1082

mated scripts with collaborative manual verifica- 1083

tion to remove low-quality or irrelevant content. 1084

Data Filtering Experts first used automated 1085

scripts to crop pages with financial charts and as- 1086

sociated text from PDF reports, forming indepen- 1087

dent complete images with high information den- 1088

sity. For financial analysis videos, scene segmen- 1089

tation, keyframe extraction, and timestamp align- 1090

ment were performed to ensure semantic alignment 1091

between static screenshots and the original video. 1092

Subsequently, manual review and screening were 1093

conducted, focusing on assessing business repre- 1094

sentativeness, information effectiveness, and sce- 1095

nario adaptability to fundamentally guarantee data 1096

quality and business value. 1097

Question Construction First, each expert inde- 1098

pendently completed question design and standard 1099

answer annotation based on assigned scenario data 1100

to ensure originality and independence, avoiding 1101

homogenization of thought. Subsequently, a dual- 1102

round cross-validation phase began. Each ques- 1103

tion was verified by an expert annotator from three 1104

dimensions: answer accuracy, logical rigor, and 1105

semantic clarity. If explicit errors were found in 1106

the question or answer, the question was directly 1107

discarded; if doubts existed regarding logic or se- 1108

mantics, it was submitted to a second expert anno- 1109

tator for independent re-verification. If a consensus 1110

could not be reached or both annotators were un- 1111

sure, the data was removed from the benchmark. 1112

Expert Review First, all questions had to pass 1113

a compliance review, where experts with expe- 1114

rience in financial regulatory policy research as- 1115

sessed whether they met financial industry compli- 1116

ance requirements, avoiding sensitive expressions 1117

or improper business scenario settings. Second, 1118

the expert team conducted a centralized review of 1119

business adaptability and difficulty gradients, fo- 1120

cusing on checking if questions fit real business 1121

flows while ensuring a reasonable difficulty ratio 1122

to distinguish model capabilities at different lev- 1123

els in a fine-grained manner. For multi-turn Q&A 1124

tasks, an additional logical coherence review was 1125

required, where experts simulated the multi-turn 1126

interaction process from the perspective of a real 1127

analyst to verify if the dialogue link was smooth, 1128

the context consistent, and the decision deduction 1129

compliant with business logic. 1130
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A.4 Examples of Environmental Perturbation1131

Simulations1132

In real-world financial office and auditing scenarios,1133

paper-based documents often suffer from degraded1134

visual quality due to improper storage, suboptimal1135

photographing angles, or physical wear and tear. To1136

more comprehensively evaluate model robustness1137

under extreme real-world conditions, UniFinEval1138

specifically introduces three environment-noise1139

processing tasks targeting physical entities. These1140

simulations are designed to mimic common degra-1141

dation phenomena encountered during the digiti-1142

zation of financial receipts and reports. The cate-1143

gories and definitions are as follows:1144

Stain Simulation: This task simulates ink1145

smudges, coffee stains, or mold spots that may1146

occur during the circulation or storage of financial1147

documents. Such disturbances are implemented by1148

randomly overlaying masks of varying shapes and1149

transparency on the images, partially occluding text1150

or accounting relationships. This setting tests the1151

model’s ability to recover incomplete information1152

and its robustness to visual interference. Figure 131153

provides an example of this case.1154

Perspective Simulation: This task simulates ge-1155

ometric distortions caused by photographing doc-1156

uments with mobile phones or scanners from non-1157

parallel angles. By applying perspective projec-1158

tion transformations to the original images, docu-1159

ments exhibit trapezoidal warping or edge stretch-1160

ing. This requires the model to possess strong spa-1161

tial perception capabilities in order to accurately1162

extract structured data under coordinate shifts. Fig-1163

ure 14 demonstrates this perturbation type.1164

Crease Simulation: This task simulates phys-1165

ical creases left on paper documents after being1166

folded or crumpled. Creases introduce localized1167

linear highlights or shadows and may cause text1168

strokes to break or become misaligned. Such sim-1169

ulations effectively assess the OCR accuracy of1170

multimodal models when dealing with non-flat doc-1171

ument layouts.1172

Curvature Simulation: Simulates the non-1173

linear curling effects presented by thick financial1174

reports, book binding areas, or unflattened paper.1175

Unlike perspective distortion, this type of interfer-1176

ence causes text lines to distort irregularly follow-1177

ing the curvature of the paper, focusing on testing1178

the model’s capabilities in layout analysis, dewarp-1179

ing, and character rectification under complex 3D1180

deformations.1181

Noise Simulation: Simulates image background 1182

noise resulting from aging scanner sensors, trans- 1183

mission compression loss, or low-light shooting 1184

environments. By injecting Gaussian noise or salt- 1185

and-pepper noise into the original image to reduce 1186

the Signal-to-Noise Ratio (SNR), it aims to eval- 1187

uate the model’s ability to accurately recognize 1188

fine details of numbers and text under low-quality 1189

imaging conditions characterized by blurriness and 1190

strong graininess. 1191

B Details of MLLMs 1192

We list details of the MLLMs evaluated using 1193

UniFinEval in Table 4. 1194

B.1 Examples for Error Analysis 1195

Building upon the error categories introduced in 1196

the main text, this appendix provides a qualitative 1197

explanation of each error type. The purpose is to 1198

clarify the characteristics and underlying causes 1199

of common failure modes exhibited by MLLMs in 1200

financial reasoning tasks, rather than to introduce 1201

additional experimental analyses. 1202

Financial Image Perception and Data Inter- 1203

pretation Errors:This category of errors refers 1204

to failures occurring at the visual perception and 1205

data interpretation stage of financial multimodal 1206

reasoning. In finance-related tasks, models are of- 1207

ten required to accurately extract numerical values, 1208

trends, and structural relationships from visual in- 1209

puts such as financial charts, tables, trend plots, 1210

and annotated figures. Errors arise when the model 1211

misidentifies key visual elements (e.g., axes, leg- 1212

ends, data points) or incorrectly interprets visually 1213

encoded information. These issues are particularly 1214

prominent under conditions of high visual complex- 1215

ity, noise, dense annotations, low image resolution, 1216

or overlapping graphical components, and they fre- 1217

quently propagate to subsequent reasoning steps, 1218

resulting in incorrect financial conclusions. 1219

Financial Knowledge Reasoning and Domain- 1220

Specific Understanding Errors:This type of error 1221

stems from limitations in the model’s understand- 1222

ing of financial concepts, professional terminology, 1223

and domain-specific reasoning principles. Finan- 1224

cial tasks are characterized by high knowledge den- 1225

sity and strong reliance on specialized concepts, 1226

such as financial ratios, capital structure, account- 1227

ing rules, and risk assessment frameworks. Models 1228

may misinterpret these concepts, confuse related fi- 1229

nancial terms, or apply inappropriate domain logic, 1230
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even when the input information is correctly per-1231

ceived. As a result, the generated reasoning may de-1232

viate from established financial analysis practices,1233

leading to conclusions that are logically coherent1234

in form but flawed from a professional finance per-1235

spective.1236

Financial Computation and Numerical Anal-1237

ysis Errors:Financial computation and numerical1238

analysis errors occur when models fail to produce1239

accurate quantitative results during multi-step nu-1240

merical reasoning. In finance, precise calculations1241

are essential for tasks involving valuation, prof-1242

itability analysis, investment returns, or compara-1243

tive financial metrics. Models may make arithmetic1244

mistakes, apply incorrect calculation sequences,1245

suffer from rounding or precision loss, or fail to1246

consistently track intermediate numerical states.1247

Such errors indicate limitations in the reliability1248

of numerical reasoning, where even minor com-1249

putational inaccuracies can lead to substantially1250

distorted financial interpretations.1251

Cross-modal Data Integration and Alignment1252

Errors:Cross-modal data integration and align-1253

ment errors arise when models fail to correctly as-1254

sociate and fuse information across different input1255

modalities, such as text, images, and tables. Finan-1256

cial multimodal tasks often require joint reasoning1257

over heterogeneous sources, for example aligning1258

textual descriptions with chart-based evidence or1259

tabular financial disclosures. Errors occur when the1260

model overlooks critical cues, mismatches refer-1261

ences between modalities, or incorrectly prioritizes1262

information from one modality while neglecting1263

others. These misalignments can result in incom-1264

plete or inconsistent interpretations of the overall1265

financial context, ultimately undermining the accu-1266

racy of the reasoning process.1267

Inconsistent Financial Reasoning and Hallu-1268

cination Errors:This category captures errors re-1269

lated to logical inconsistency and hallucinated con-1270

tent in financial reasoning. Such errors occur when1271

models generate conclusions that are not supported1272

by the provided evidence, contradict earlier rea-1273

soning steps, or rely on fabricated assumptions.1274

In financial scenarios, this may manifest as un-1275

founded predictions of market trends, speculative1276

assessments of corporate financial health, or con-1277

fident but unsupported explanations of financial1278

outcomes. These errors are particularly problem-1279

atic in decision-sensitive financial applications, as1280

they may present misleadingly plausible narratives1281

that lack factual or logical grounding.1282

Representative erroneous examples for all five 1283

error categories are illustrated in Figures 15–19. 1284

C Prompts Used in This Study 1285

We provide representative prompt examples for 1286

evaluation. Specifically, the prompt examples for 1287

evaluation are shown in Table 5, Table 6. 1288
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Financial Statement Auditing

文本：工业生产稳中向好，计算机通信动能较强腾景全口径数据显示，工业经济运行相对平稳，1-10月工
业增加值不变价累计同比增速为3.8%,其中4月份受到疫情冲击影响，增速落入负向区间(-3.9%),而后触底
反弹、保持微幅上行态势。其中，房地产投资、出口交货值与工业增加值同比增速走势契合度较高，但
在2021年5月出现K形分化走势，今年K形分化程度进一步加深，具体表现在房地产投资增速自去年7月份落
入负向区间后，不断向下走阔，持续两位数的负增长低迷状态，阻碍工业修复。
Text: Industrial production remains stable with a positive outlook, driven by strong momentum in the computer and
communication sectors. According to Tengjing’s comprehensive data, the industrial economy is operating relatively
steadily. From January to October, the cumulative year-on-year growth rate of industrial value-added (at constant
prices) was 3.8%. Notably, growth fell into negative territory (-3.9%) in April due to the impact of the pandemic, but
subsequently bottomed out and rebounded, maintaining a slight upward trajectory. Historically, the year-on-year growth
trends of real estate investment and export delivery value have closely aligned with industrial value-added. However,
a "K-shaped" divergence emerged in May 2021 and has intensified this year. This is specifically manifested in real
estate investment growth: since falling into negative territory last July, the decline has widened, persisting in a slump of
double-digit negative growth that is hindering industrial recovery.
Round 1:
问题：依据文本中关于房地产投资增速的描述，其进入持续两位数负增长区间的起始月份是哪个月？
Question: Based on the description of the real estate investment growth rate in the text, what is the starting month in
which it entered the range of sustained double-digit negative growth? 答案：2021年7月 Answer: July 2021
Round 2:
问题：结合确定的起始月份和图5中显示的最新数据点，计算房地产投资增速处于两位数负增长状态的总月
份数。
Question: Combining the identified starting month with the latest data point shown in Figure 5, calculate the total
number of months during which the real estate investment growth rate remained in a state of double-digit negative
growth.
答案：16
Answer: 16

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

问题：世界上规模最快突破两百亿美元的主动管理型ETF的股息与美盈森的差值是多少？
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?
答案：-6.19%
Answer: -6.19%

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

Company Fundamental Reasoning

问题：腾讯2022年Q1以来收入增速最快的增速最快的一季度增速比2025年Q1营业收入预测同比增速快了多
少？（单位：%，保留两位小数）
Question: Since Q1 2022, by how many percentage points did Tencent’s fastest quarterly revenue growth rate exceed
the predicted year-on-year (YoY) revenue growth rate for Q1 2025? (Unit: %, rounded to two decimal places)
答案：-1.02%
Answer: -1.02%

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

Text: As I described in my book Principles for Dealing with the Changing World Order, I automated my way looking at
the cause effect relationships that are driving both improvements in and worsenings of countries’ conditions so that data
is fed into a computer that analyzes it and writes a summary of the current conditions and the long-term prospects for
each country. ... ... The table below shows our aggregate country power gauge and the major drivers, as well as the rank
of each measure of power across 24 major countries today and the trajectory over the past twenty years. To understand a
country, we start by looking at the big cycles , as well as measures of power that both reflect and drive the rise and fall
of a country. While we refer to these factors individually, they are not separate; they interact with and reinforce one
another to move a country along its cycle. For the United States, the big cycles look mostly unfavorable. The United
States is in an unfavorable position in its economic and financial cycles, with a high debt burden and relatively low
expected real growth over the next 10 years (1.3% per year). The United States has significantly more foreign debts than
foreign assets (net IIP is -68% of GDP). Non-financial debt levels are high (274% of GDP), and government debt levels
are high (127% of GDP). The bulk (99%) of these debts are in its own currency, which mitigates its debt risks. The
ability to use interest rate cuts to stimulate the economy is low (short rates at 0.1%), and the country is already printing
money to monetize debt. That said, being the world’s leading reserve currency is a large benefit to the US. If this were to
change, it would significantly weaken the US position. Internal disorder is a high risk. Wealth, income, and values gaps
are large (relative to countries of similar per capita income levels). Regarding Inequality—the top 1% and top 10% in
the United States capture 19% and 45% of income (respectively the 8th and 11th highest share across major countries).
... ..., Half of the measure captures the absolute quantity of educated people at various levels and about half is placed on
quality such as higher education rankings, test scores, and average years of education. The US ranks highest in this
gauge (driven by strong absolute and relative measures of higher education), with China close behind (due to its large
number of educated people). Financial Center: This gauge measures the level of development and sizes of a country’s
financial markets and financial center. We look at absolute measures of transaction shares and market capitalizations, as
well as external indices of financial center cities. The US remains the top-ranked power in this metric by a significant
margin (driven primarily by its very large share of world equity and debt mar -kets), with China and Europe ranking
second and third, respectively. Reserve Currency Status: This gauge measures the extent to which a country’s currency
operates as a global reserve currency. We measure reserve currency status by the share of transactions, debts, and central
bank reserves that are denominated or held in a country’s currency. Similar to financial center status, the US remains the
top-ranked power in this metric by a significant margin, with Europe and Japan ranking second and third, respectively.
... ..., In case it is helpful or interesting to you, you can review those scores below.33 In a few cases where there were no
quality measures, I had to create quality measures by adjusting the quantity for a country’s population, turning it into a
per capita measure. We did not give reserve currency status scores to the countries that share the euro, which is why
those measures are displayed as dashes. 4 Because the notion of competitiveness is inherently relative, we only show
the total score for this measure.
Question:Synthesizing the analytical logic regarding the ’Big Cycle’ and the ’Eight Major Strengths’ in the text, as
well as the average evolutionary trends of the ’Eight Major Strengths’ for all empires before and after their respective
peaks as shown in Figure 5, please infer: After an empire’s power reaches its peak, which ’strength’ indicator declines
the fastest (i.e., requires the shortest time to drop from its peak to the 0.2 level)? Please substantiate your argument by
combining the trend lines in the video with the implications in the text regarding the vulnerability of ’financial center’
status.
Answer: Financial Center

Figure 9: This example demonstrates the Industry Trend Insights scenario. It requires the model to extract the
evolutionary trends of the ’Eight Major Strengths’ indicators for all empires before and after their peaks from
the video, focusing on comparing the declining slopes of each indicator curve after the peak, to preliminarily
identify that the ’financial center’ indicator curve has the steepest declining slope, presenting a trend of rapid
decline; secondly, to locate descriptions regarding the ’financial center’ indicator in the text, confirming that its core
components rely on short-term capital flows and market confidence, and that its strong binding relationship with
reserve currency status will trigger a transmission chain of rapid decline when the economic and financial cycle
turns unfavorable; and finally, to associate the steep decline trend of the ’financial center’ in the video with the high
sensitivity and high vulnerability of this indicator in the text, arriving at the conclusion that the ’financial center’
indicator declines the fastest after the empire’s power reaches its peak.
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Financial Risk Sensing

问题：结合OPEC+ 4月份实际减产数据、5月到年底的计划减产总量，以及EIA对全球经济情绪的评估，分
析EIA下调2023年WTI原油平均价格预测的核心原因，并指出该原因如何导致OPEC+减产对价格的支撑作用
被削弱。
Question: By combining OPEC+’s actual production cuts implemented in April, the total planned production cuts from
May through the end of the year, and the EIA’s assessment of global economic sentiment, analyze the core reason why
the EIA lowered its forecast for the average WTI crude oil price in 2023, and explain how this reason weakened the
price-supporting effect of OPEC+ production cuts.
答案：市场对全球经济疲软、通胀和银行业动荡的情绪超过了对OPEC+减产的担忧；经济担忧抵消了减产
效果，使价格预期下调
Answer: Market concerns about global economic weakness, inflation, and turmoil in the banking sector outweighed
concerns over OPEC+ production cuts; these economic worries offset the impact of the cuts, leading to a downward
revision in price expectations.

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

问题：请问拼多多2025年Q1营业收入波动的主要原因是什么？
Question: What are the primary reasons for Pinduoduo’s revenue fluctuations in Q1 2025?
答案：拼多多商业模式由全托管转为半托管。
Answer: Pinduoduo’s (Temu) Business Model Transition from Fully Managed to Semi-Managed.

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

20



Asset Allocation Analysis

问题：基于文字说明中’随后两个交易日内保持日均1000亿元左右的投放规模’的表述，以及图表25所反映
的2022年11月市场波动背景，计算从操作当日到后续两个交易日的总投放规模相对于当日净投放额的倍数
（保留两位小数）
Question: Based on the statement in the text description regarding ’maintaining an average daily injection scale of
around 100 billion yuan for the subsequent two trading days,’ and the background of market volatility in November
2022 reflected in Figure 25, calculate the multiple of the total injection volume from the day of operation through the
subsequent two trading days relative to the net injection amount on that day (rounded to two decimal places).
答案：1.39
Answer: 1.39

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

Benchmarks MLD RES MC FAV CD MHR
Image

FinMR ✓ ✗ ✗ ✗ ✗ ✗

FinMMR ✓ ✗ ✗ ✗ ✗ ✗

FinMME ✓ ✗ ✗ ✗ ✗ ✗

Multifinben ✓ ✗ ✗ ✗ ✗ ✗

XFinBench ✓ ✗ ✗ ✗ ✗ ✗

VisFinEval ✓ ✓ ✗ ✗ ✗ ✗

FinMultiTime ✓ ✗ ✗ ✗ ✗ ✗

CFBenchmark-MM ✗ ✗ ✗ ✗ ✗ ✗

Video
FinCap ✓ ✗ ✗ ✓ ✗ ✗

VideoConviction ✓ ✗ ✗ ✓ ✗ ✗

Ours(Text + Image + Video) ✓ ✓ ✓ ✓ ✓ ✓

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

Financial Scenario Questions

Financial Statement Auditing 892
Company Fundamental Reasoning 926
Industry Trend Insights 896
Financial Risk Sensing 535
Asset Allocation Analysis 518

Total (UniFinEval) 3767
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Stain Simulation

问题：基于提供的金融研报图像（包含左上角、右上角和底部三个子图，均展示PVC华南下游开工率
（%），请分析：在右上角子图中，2019年开工率在2月的下降趋势与2023年在3月的上升趋势相比，哪一段
的波动更剧烈？
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?
答案：2019年2月的下降段更剧烈
Answer: The decline in February 2019 was more pronounced.

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

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

Category Model Creator Parameter Access Version Date

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

Open-Source Qwen3-VL-235B-A22B-thinking Alibaba Cloud 235B Weights 2025.11
Qwen3-VL-32B-thinking Alibaba Cloud 32B Weights 2025.11
InternVL3.5-241B-A28B Shanghai AI Lab 241B Weights 2025.8
InternVL3.5-30B-A3B Shanghai AI Lab 30B Weights 2025.8
Llama-3.2-11B-Vision Meta AI 11B Weights 2024.9
MiniCPM-V-4.5 OpenBMB 9B Weights 2025.9
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Perspective Simulation

问题：综合图15、16、17右侧子图对PPI、M2、CPI-食品烟酒三个指标触底反弹时间的描述
（PPI于2023年4月、M2于2023年5月、CPI-食品烟酒于2023年7月到达低点后开始上行），以及左侧子图
显示的2023年1月15日当周三个指标均小幅下行的特征，判断在2023年1月15日时点，哪个指标的下行期剩余
时间最短？需严格依据图像文字信息进行跨指标时序比较和趋势阶段定位。
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.
答案：PPI
Answer: PPI

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

问题：结合文字说明中SHIBOR 3个月利率的周度变化数据与图表25中SHIBOR 1个月利率的周度变化数据，
计算3个月与1个月SHIBOR利差在8月26日至9月1日期间的基点变化值（需考虑利差定义方向）。
Question: Based on the weekly change data of the 3-month SHIBOR rate provided in the textual description and the
weekly change data of the 1-month SHIBOR rate shown in Figure 25, calculate the basis-point change in the SHIBOR
spread between the 3-month and 1-month tenors during the period from August 26 to September 1 (taking into account
the definition and direction of the spread).
答案：-2.9
Answer: -2.9
模型输出:3个月与1个月SHIBOR利差在8月26日至9月1日期间的基点变化值为7.0 BP。
Model Output:The change in the basis-point spread between the 3-month and 1-month SHIBOR over the period from
August 26 to September 1 is 7.0 bps.

Figure 15: This case represents a typical example of Financial Image Perception and Data Interpretation Errors,
where the model incorrectly reads the SHIBOR data in Figure 25 by misidentifying the SHIBOR 1-month value on
August 26 as 19.2 bps (instead of the correct value), which subsequently leads to an erroneous spread calculation.
This error highlights the model’s limitations in accurately perceiving and interpreting key numerical information
from financial charts, particularly when dealing with visually complex financial figures, where visual misperception
can easily propagate into downstream reasoning errors.
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Financial Knowledge Reasoning and Domain-Specific Understanding Errors

问题：折线图中2020年COMEX黄金期货结算价/WTI原油期货结算价出现极端峰值，结合风险提示内容，该
现象最直接印证了哪一风险传导路径的结果？请从风险提示中提取核心结果短语作为答案。
Question: The line chart shows an extreme spike in the 2020 ratio of COMEX gold futures settlement prices to WTI
crude oil futures settlement prices. In conjunction with the risk warning section, which risk transmission pathway does
this phenomenon most directly confirm? Please extract the core conclusion phrase from the risk warning as your answer.

答案：金融市场流动性结果
Answer: Financial market liquidity outcome
模型输出：原油价格波动性增加
Model Output:An increase in crude oil price volatility.

Figure 16: This case exemplifies a Financial Knowledge Reasoning and Domain-Specific Understanding Error,
where the model incorrectly attributes the extreme peak observed in the chart to an increase in crude oil price
volatility, whereas the ground-truth explanation emphasizes financial market liquidity conditions. This error reflects
the model’s insufficient understanding of domain-specific financial concepts, as it fails to correctly identify the core
drivers underlying market fluctuations—such as liquidity risk—thereby leading to reasoning that deviates from the
key financial semantics.
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Financial Computation and Numerical Analysis Errors

问题：阿里巴巴2024年4季度收入占比增长最高的子集团相对2023财年同比增长率为多少？（保留两位小
数，单位%）
Question: What is the year-on-year growth rate (relative to fiscal year 2023) of the subsidiary group with the highest
increase in revenue share in Alibaba’s fourth quarter of 2024? (Round to two decimal places; unit: %).
答案：7.60%
Answer: 7.60%
模型输出：52.05%
Model Output: 52.05%

Figure 17: This example illustrates an error where the model computes overall revenue share growth instead of the
year-over-year growth rate of the subgroup with the largest increase in revenue share, as required by the question.
Although the year-over-year growth rates of individual subgroups are correctly calculated, the model fails to derive
revenue share growth based on changes in revenue proportions, resulting in a discrepancy between the predicted
value (52.05%) and the ground-truth answer (7.60%). Note: The original question contains nine images; only the
first image is shown.
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Cross-modal Data Integration and Alignment Errors in Finance

Question: As the chief strategist of a global macro hedge fund, when constructing a transmission model of overseas
central bank policies to domestic short-term interest rates, it is necessary to strictly rely on explicit textual data and
conduct multi-step verification. Please compare the statement regarding “a possible secondary rebound” in the “Inflation
– Outlook” row of the Bank of Japan’s December 2022 policy meeting table (Figure 34) with the weekly change in
the 1-year Chinese government bond yield shown in the ChinaBond market chart (Figure 38). It is known that the
Bank of England’s October policy meeting (Figure 45) explicitly stated that inflation “will take two years to return
to 2%,” and Figure 39 shows that the 10Y–1Y government bond term spread narrowed by 11.6 bp month-on-month.
Given the model assumption that short-term inflation expectations dominate movements in the 1-year yield, and that
“secondary rebound” specifically refers to the short-term risk of an inflation pickup in the second half of 2023, please
deduce: which specific numerical change in the ChinaBond market is logically and directly supported by the Bank of
Japan’s statement? Please answer by citing the explicit textual content specified in the question prompt.
Answer: 10.6 bp
Model Output: The positive change in the weekly variation of the 1-year government bond yield in the ChinaBond
market chart (Figure 38).

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

问题：基于表1计算23-07与23-06出口同比增速的变化值（23-07同比减23-06同比），并筛选出该变化值小
于-5%的欧美主要伙伴国（限定为美国、欧盟、英国、德国、法国）。结合图2中2023年上半年（23-01至23-
07）欧美制造业PMI的持续下行趋势，判断出口同比恶化幅度最大的国家/地区是哪个？
Question: Based on Table 1, calculate the change in the year-on-year export growth rate between July 2023 and June
2023 (July 2023 YoY minus June 2023 YoY), and identify the major Western partner economies for which this change
is less than -5% (limited to the United States, the European Union, the United Kingdom, Germany, and France). In
conjunction with the sustained downward trend in manufacturing PMI in Europe and the United States during the
first half of 2023 (January–July 2023) shown in Figure 2, determine which country/region experienced the largest
deterioration in year-on-year export growth.
答案：德国
Answer: Germany
模型输出：欧盟,德国,法国
Model Output: The European Union, Germany, and France

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

文本：10月以来，资本市场呈现系列新变化，美国股债“跷跷板”效应再现，其他子市场亦显露
转变，意味着美联储加息周期下的紧缩交易影响已近消退——正常经济周期中股债跷跷板本为
常态，仅流动性环境显著变化时易出现同涨同跌，而年初多数时间段的该类情形已逐步缓解，且
市场对加息终止的反应较紧缩预期更为敏感，...,资产配置方面，美债与贵金属已成为优选，不过
短期交易行为或仍对债市形成干扰，而全球需求走弱背景下，商品市场因与产出缺口显著相关，
表现或将受到压制；反观历史，衰退前后黄金、美债等避险资产表现往往较好，当下其配置价值
或随尾部风险暴露进一步凸显。
Text:Since October, capital markets have exhibited a series of new developments. The U.S. equity–bond
“seesaw” effect has re-emerged, and shifts have also become evident across other sub-markets, indicating
that the impact of tightening trades under the Federal Reserve’s rate-hiking cycle is nearing dissipation
— in a normal economic cycle, the equity–bond seesaw is the norm, with simultaneous rises or declines
typically occurring only when liquidity conditions change significantly. The frequent co-movement
observed during much of the early part of the year has gradually eased, and markets appear to be more
sensitive to signals of an end to rate hikes than to tightening expectations; . . . , from an asset-allocation
perspective, U.S. Treasuries and precious metals have emerged as preferred choices. Nevertheless, short-
term trading activity may still interfere with the bond market, while against the backdrop of weakening
global demand, commodity markets—given their strong correlation with the output gap—are likely to
remain under pressure. Looking back at history, safe-haven assets such as gold and U.S. Treasuries have
often performed well around recessionary periods, and under current conditions, their allocation value may
become increasingly pronounced as tail risks continue to surface.
问题:结合研究发现第4点中’当下’的时效性指代、图表28的衰退期年份序列，以及风险提示第2点
对经济衰退类型的描述，推断与当前商品市场表现直接关联的衰退期具体年份。
Question: Based on the temporal reference of ‘the current period’ in Research Finding 4, the sequence of
recession years shown in Figure 28, and the description of the recession type in Risk Warning 2, infer the
specific recession year that is directly associated with the current performance of the commodity market.
答案：2022-5
Answer: 2022-05
模型输出: 2016
Model Output: 2016

Figure 20: This example demonstrates a cross-modal integration and alignment failure in financial reasoning, where
the model exhibits insufficient capability in jointly extracting and associating information from textual descriptions
and chart-based data. Due to the complexity of the chart and biases in interpreting temporal sequences, the model
fails to accurately extract the recession-period year series from Figure 28 (including 2022–05) and does not correctly
align the temporal reference “current” and the recession type described in the text with the corresponding chart
cycles. Instead, it incorrectly selects the year 2016, which does not appear in the chart, revealing deficiencies in
financial text–image information extraction, alignment, and feature matching.
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An example of Grok exhibiting analysis errors in finance

问题：2022年第三季度中长期贷款占比（图2）进入持续上升阶段，同期大、中、小型企业PMI（图1）中
哪类企业的PMI在该季度展现出最显著的回升趋势？需结合图2中贷款占比上升的时间区间与图1中三类企
业PMI的相对走势特征进行判断。
Question:In the third quarter of 2022, the share of medium- and long-term loans (Figure 2) entered a phase of sustained
increase. During the same period, which category of enterprises—large, medium, or small—exhibited the most
pronounced rebound in PMI in Figure 1? The answer should be determined by jointly considering the time interval of
the rising loan share shown in Figure 2 and the relative PMI trend characteristics of the three enterprise categories in
Figure 1.
答案：小型企业
Answer: Small-sized enterprises
模型输出: 中型企业
Model Output: Medium-sized enterprises

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

你是一位资深的金融学专家，拥有深厚的金融理论知识和丰富的实践经验。
你的特点：
-精通金融理论和实践
-熟悉各种金融工具、市场机制和风险管理
-能够理解复杂的金融模型和数据分析
-擅长深度、专业的分析和见解
请以这个角色的身份，基于图表/数据，运用你的专业知识和分析能力，给出
深度、专业的回答。可以使用专业术语和复杂的分析方法。
问题：{question}
{options_text}
回答要求：

1. 以金融专家的视角深入理解问题的本质和背景。
2. 一步一步地分析问题的各个层面，展示你的思考过程。
3. 给出准确、完整的最终答案。
注意：
-保持金融专家的角色，用专业的方式思考和分析
-一步一步地分析问题，展示思考过程
-不要使用Markdown代码块格式
-输出语言应与问题语言保持一致

(a) Chinese Version

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

You are a senior financial expert with profound theoretical knowledge and extensive
practical experience.
Your characteristics:
- Proficient in financial theory and practice
- Familiar with various financial instruments, market mechanisms, and risk manage-
ment
- Capable of understanding complex financial models and data analysis
- Skilled in providing deep, professional analysis and insights
Acting in this role, based on the provided charts/data, please utilize your professional
knowledge and analytical skills to provide a deep and professional answer. You may
use professional terminology and complex analytical methods.
Question: {question}

{options_text}
Response Requirements:

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

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

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

(c) English Version
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Table 6: Prompt Template for Zreo-Shot CoT Evaluation

你是一位资深的金融学专家，拥有深厚的金融理论知识和丰富的实践经验。
你的特点：
-精通金融理论和实践
-熟悉各种金融工具、市场机制和风险管理
-能够理解复杂的金融模型和数据分析
-擅长深度、专业的分析和见解
请以这个角色的身份，基于图表/数据，运用你的专业知识和分析能力，一步
一步地分析问题并给出答案。
问题：{question}
{options_text}
回答要求：

1. 以金融专家的视角深入理解问题的本质和背景。
2. 系统性地分析问题的各个层面。
3. 清晰地展示你的推理过程和思考路径。
4. 给出准确、完整的最终答案。
注意：
-保持金融专家的角色，用专业的方式思考和分析
-不要使用Markdown代码块格式
-输出语言应与问题语言保持一致

(a) Chinese Version

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

You are a senior financial expert with profound theoretical knowledge and extensive
practical experience.
Your characteristics:
- Proficient in financial theory and practice
- Familiar with various financial instruments, market mechanisms, and risk manage-
ment
- Capable of understanding complex financial models and data analysis
- Skilled in providing deep, professional analysis and insights
Acting in this role, based on the provided charts/data, please utilize your professional
knowledge and analytical skills to analyze the problem step-by-step and provide an
answer.
Question: {question}

{options_text}
Response Requirements:

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

2. Systematically analyze various aspects of the problem.
3. Clearly demonstrate your reasoning process and thought path.
4. Provide an accurate and complete final answer.

Note:
- Maintain the persona of a financial expert; think and analyze in a professional manner
- Do not use Markdown code block formatting
- The output language should remain consistent with the language of the question

(c) English Version
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