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ABSTRACT

Large language models excel in general tasks, yet assessing their reliability in
logic-heavy, precision-critical domains like finance, law, and healthcare remains
challenging. To address this, we introduce BizFinBench, the first benchmark specif-
ically designed to evaluate LLMs in real-world financial applications. BizFinBench
consists of 7,605 well-annotated queries in Chinese, spanning five dimensions:
numerical calculation, reasoning, information extraction, prediction recognition,
and knowledge-based question answering, grouped into nine fine-grained cate-
gories. The benchmark includes both objective and subjective metrics. We also
introduce IteraJudge, a novel LLM evaluation method that reduces bias when
LLMs serve as evaluators in objective metrics. We evaluate 30 models, covering
both proprietary and open-source systems. The results highlight several key trends:
(1) Numerical Calculation: GPT-5 and Gemini-2.5-Pro achieve the best perfor-
mance, while the open-source DeepSeek-v3.1 demonstrates substantial progress,
narrowing the gap with proprietary leaders; (2) Reasoning: proprietary models
retain a clear advantage, outperforming open-source counterparts by approximately
10.74%; (3) Information Extraction: DeepSeek-R1 and DeepSeek-V3 deliver
competitive results, closely approaching GPT-5 and Gemini-2.5-Pro; (4) Prediction
Recognition: reasoning models (e.g., OpenAl 03 and o4-mini) achieve superior
performance. Overall, no single model exhibits dominance across all dimensions,
underscoring the multifaceted challenges of financial reasoning. We find that while
current LL.Ms handle routine finance queries competently, they struggle with com-
plex scenarios requiring cross-concept reasoning. BizFinBench offers a rigorous,
business-aligned benchmark for future research. The code and dataset are included
in the supplementary material and will be released publicly upon acceptance.

1 INTRODUCTION

Recent years have witnessed rapid advancements of Large Language Models (LLMs), which demon-
strates remarkable capabilities across diverse domains, such as finance, law, healthcare and so on Chen
et al.[(2024); Liu et al.| (2025); Zhang et al.| (2023a)); Lu et al.| (2024); | Xie et al.|(2025)). In financial
applications, LLMs are increasingly applied to complex tasks, including automated financial analysis,
fraud detection, risk assessment, and investment strategy formulation Zhao et al.[(2024)); Gan et al.
(2024). However, evaluating the robustness and reliability of LLMs in finance domains remains a
significant challenge.

Different from traditional Science, Technology, Engineering, and Mathematics (STEM) questions,
where inputs are typically short, well-structured, and yield deterministic answers, financial tasks
are more complex. They typically involve long context, structured inputs (e.g., tabular stock data,
market news), require temporal reasoning, and demand fine-grained judgment under ambiguity. As
illustrated in Figure[I] STEM-style questions usually have clear computational logic and a single
correct answer, while financial tasks call for multi-step reasoning over real-world data, generally with
adversarial or noisy context|Du et al.| (2024)).

Despite the emergence of financial benchmarks such as FinEval Zhang et al. (2023b), existing
approaches treat financial tasks as general document Query-Answering (QA) |Wang et al.| (2024),
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Question:

Mr. Chen deposited 100,000 yuan into the bank with an annual interest rate of 1.5%. After 2 years, how much interest
will he earn?

A. 3000 B. 23173 C. 27754 D. 10943

Answer: A

(A) An example from the numerical calculation dataset in Fin-Eva Version 1.0

Question:

You are an experienced financial data analyst. Please answer the following <User Question> based on the provided
<Data Reference>, and give your reasoning. You must respond in the specified <Output Format>.

### Data Reference ### User Question

ltem No.: 1 question: From August 2024 to

Query Sentence for Data: Baidu's daily closing price in August 2024 September 2024, how many days does
Stock Stock closing price closing price Baidu's closing price exceed $90.007?
Symbol | Abbreviati 20240801 |7 20240830

ymbo LoV aton ### Output Format

BIDU.O BIDU $86.42 |...... $8462 | .

Item No.: 2

Query Sentence for Data: Baidu's daily closing price in September 2024

Answer: 6

(B) An example from the numerical calculation dataset in BizFinBench

Figure 1: Comparison of numerical calculation questions in Fin-EvaTeam|(2023)) and BizFinBench.
The Fin-Eva example presents a straightforward financial math problem, while the BizFinBench
example requires multi-step reasoning: first analyzing the problem, then extracting and utilizing
relevant data from a provided markdown-formatted table for accurate computation. An Chinese
version is included in the Appendix for clarity and ease of reference.

lacking structured inputs and business-grounded reasoning required in practice. Thus, there emerges
the gap between benchmark performance and real-world applicability.

To address these limitations, we introduce BizFinBench, a comprehensive benchmark designed
to rigorously evaluate LLMs across a broad spectrum of real-world financial tasks. In contrast to
previous benchmarks, BizFinBench adopts a business-driven data construction methodology and
emphasizes contextual complexity and adversarial robustness. It encompasses five key dimensions:
QA, prediction & recognition, reasoning, information extraction, and numerical calculation. Under
these dimensions, BizFinBench comprises nine distinct categories: anomalous event attribution,
financial numerical computation, financial time reasoning, financial tool usage, financial knowledge
QA, financial data description, emotional value evaluation, stock price prediction, and financial
named entity recognition.

A core characteristic of BizFinBench is the focus on business-contextual evaluation. For example,
in the anomalous event attribution task, LLMs are required to identify the causes of stock price
anomalies by analyzing time-sensitive news feeds, some of which are deliberately embedded with
misleading positive or negative information. This setting challenges LLMs to perform fine-grained
reasoning and signal discrimination under realistic noise and uncertainty.

In addition to the benchmark design, a critical component of BizFinBench is the design of a reliable
evaluation methodology. While constructing realistic tasks is essential, evaluating LLLM outputs,
particularly for open-ended, complex financial problems, remains a significant challenge.

Table 1: Comparison Between BizFinBench and Other Financial Datasets

Data Year Task Examples Language Source Business-based
FLUE 2022  Multiple financial NLP tasks 26292  English Aggregated from existing sources X
FLARE 2023  Multiple financial NLP tasks, 19196  Chinese, English ~ Aggregated from existing sources X
financial prediction tasks
CF-Benchmark 2024  Multiple financial NLP tasks 3917  Chinese except X
FinEval 2023  Multiple financial NLP tasks 8351  Chinese Financial field examination & except X
FinQA 2021  Financial numerical reasoning 8281 English except X
FinancelQ 2023  Multiple financial NLP tasks 7137  Chinese Financial field examination & except X
CGCE 2023  Multiple financial NLP tasks 150  Chinese, English  except X
CFLUE 2024  Multiple financial NLP tasks 54000  Chinese Financial field examination & except X
BizFinBench 2025 Multiple financial NLP tasks, 7605  Chinese except v

financial prediction tasks
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Traditional human evaluation provides high-quality judgments but suffers from two major drawbacks:
(1) the annotation cost increases exponentially with the scale and domain specificity of financial
tasks, and (2) subjective inconsistencies among annotators can introduce substantial noise. Although
recent approaches like LLM-as-a-Judge |Gu et al.| (2024) attempt to automate evaluation through
prompt-based simulations of human judgment, they are prone to prompt bias and generally lack
alignment with expert-level assessments. These limitations are further magnified in the financial
domain, where tasks demand multi-step reasoning, contextual interpretation, and robustness against
adversarial or misleading signals. As such, existing evaluation paradigms are insufficient to capture
the depth and nuance required for trustworthy assessment.

To address this gap, we propose IferaJudge, an iterative calibration-based evaluation framework
tailored for financial LLM benchmarks. Drawing inspiration from the RevisEval framework Zhang
et al.|(2024a)), IteraJudge enhances evaluation accuracy and reliability through three core mechanisms:
evaluation dimension disentanglement, sequential correction generation, and reference-aligned as-
sessment. By integrating lteraJudge into BizFinBench, we establish a rigorous and interpretable
evaluation pipeline for LLM performance in high-stakes financial contexts.

In summary, the major contributions of our work are as follows:

* We propose BizFinBench, the first evaluation benchmark in the financial domain that
integrates business-oriented tasks, covering 5 dimensions and 9 categories. It is designed to
assess the capacity of LLMs in real-world financial scenarios.

* We design a novel evaluation method, i.e., IteraJudge, which enhances the capability of
LLMs as a judge by refining their decision boundaries in specific financial evaluation tasks.

* We conduct a comprehensive evaluation with 30 LLMs based on BizFinBench, uncovering
key insights into their strengths and limitations in financial applications.

2 RELATED WORK

In this section, we present existing evaluation benchmarks in financial domains. Then, we present the
major LLMs specialized in financial domains.

2.1 FINANCIAL EVALUATION BENCHMARKS

FLUE Shah et al.|(2022) is a comprehensive suite of benchmarks covering five key financial tasks:
sentiment analysis, news headline classification, named entity recognition, structural boundary
detection, and question answering. Building on FLUE, FLARE [Xie et al.| (2023) expands the
evaluation to include time-series processing capabilities, adding tasks such as stock price movement
prediction.

In addition to FLUE and FLARE, several specialized datasets focus on various aspects of financial
evaluation. For example, FinQA |Chen et al.| (2022a) provides QA pairs annotated by financial
experts, accompanied by earnings reports from S&P 500 companies. This dataset supports financial
question answering, emphasizing detailed, factual responses based on corporate financial data.
ConvFinQA |Chen et al.| (2022b)) extends this by incorporating multi-turn dialogues, enabling more
sophisticated interactions within the context of earnings reports, thus broadening the scope of financial
evaluation to conversational contexts.

FinEval|Zhang et al.|(2023b) adopts a quantitative evaluation approach, combining long-term research
insights with manual curation and featuring diverse question types. However, it primarily emphasizes
static knowledge assessment and lacks coverage of dynamic, real-time financial tasks and fine-
grained capability diagnostics, which limits its effectiveness in benchmarking models under complex,
business-driven financial scenarios.

Expanding beyond traditional financial instruments such as stocks, bonds, and mutual funds, Fi-
nancelQ [Duxiaoman DI Team| (2023) introduces emerging topics such as cryptocurrencies and
blockchain technologies. This dataset can be exploited for evaluating models in the rapidly evolving
field of digital finance.
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financial events, infer decision
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based on temporal and contextual
data.
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Figure 2: Distribution of tasks in BizFinBench across five key dimensions. The benchmark is
structured around five dimensions, each focusing on a distinct capability of financial large language
models. The figure also briefly illustrates the core focus of each dimension.

In the context of Chinese financial benchmarks, several recent datasets have been released, including
CFBenchmark|Lei et al|(2023)), which focuses on Chinese financial text analysis; DISC-FINSFT [Chen
et al.| (2023)), designed for financial sentiment analysis and forecasting; CGCE Zhang et al.| (2023c),
which extends financial evaluation to include general knowledge and commonsense reasoning in
Chinese financial documents; and CFLUE [Jie Zhu| (2024), which incorporates diverse financial
examination questions and covers five fundamental NLP tasks, thereby enabling systematic and
rigorous assessment of Chinese financial language understanding.

Table[T]provides a comprehensive comparison of existing financial benchmarks, detailing key aspects
such as the year of release, the number of samples, language coverage, data sources, and whether
the dataset was constructed with real business scenarios in mind. From the comparison, it is evident
that while several benchmarks focus on financial knowledge or specific task types, they often rely
on synthetic data or public information without a strong connection to actual business applications.
In contrast, BizFinBench is the only benchmark explicitly designed around real-world financial
operations and user interactions, making it uniquely positioned to evaluate the practical effectiveness
of LLMs in authentic business environments. This business-centric design ensures higher relevance,
realism, and applicability of the tasks included in the benchmark.

2.2 FINANCIAL LARGE LANGUAGE MODELS

By training on a large corpus of financial data based on BERT, FinBERT |Araci (2019) was proposed
as a pre-trained model for the financial domain, primarily used for sentiment analysis of financial
texts. Subsequently, models such as FinMA Xie et al.| (2023)), InvestLM |Yang et al.| (2023a)), and
FinGPT |Yang et al.[(2023b)) were fine-tuned on LLaMA [Touvron et al.|(2023) to further enhance
their performance in the financial domain. The XuanYuan3-70B model, built on the LLaMA3-70B
architecture and incrementally pre-trained with a vast amount of Chinese and English corpora, focuses
on the financial sector and is capable of handling complex tasks such as financial event interpretation,
investment research applications, compliance, and risk management. BloombergGPT Wu et al.
(2023)) is a 50-billion-parameter LLLM based on the Bloom architecture, specifically designed for the
financial industry, demonstrating strong adaptability in the financial domain. Meanwhile, Baichuan4-
Finance |Zhang et al.| (2024b) has achieved an accuracy rate of over 95% in various certification fields
such as banking, insurance, funds, and securities, further proving its exceptional performance in the
vertical financial sector. Dianjin-R1 [Zhu et al.|(2025) is designed for complex financial reasoning
tasks and incorporates structured supervision along with dual-reward reinforcement learning, enabling
it to outperform strong baselines across a range of financial benchmarks.
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User: Why did Tesla stock soar? Agent: Why did Tesla's stock soar on November 15, 2023?
query: Tesla stock, November 15, 2023 and the previous week, related positive news.
Access 1: ...... Access 2: ...... Access 3: ......

I S A%y
— % — % %%,;/, —

online design noise removal cleaned access add Reference Manual
badcase classification & categorize  user query related data prompt answer marking

Figure 3: Workflow of BizFinBench dataset construction.

In addition, we also consider general-purpose models in our experiments, as many of them have
undergone pre-training on datasets that contain financial texts, such as GPT-4o.

3 BI1zFINBENCH

In this section, we detail the design of BizFinBench, a comprehensive benchmark specialized for
evaluating LLMs in financial domains. Compared to previous datasets, BizFinBench places a strong
emphasis on business practicality and real-world applicability, aiming to bridge the gap between
academic evaluation and the complex challenges encountered in real-world financial scenarios.

To capture the multifaceted nature of financial intelligence, we organize the benchmark into 9 distinct
task types, which are further grouped into 5 overarching evaluation dimensions. As illustrated
in Figure E], these dimensions reflect key capabilities required in financial applications. For
instance, the numerical computation dimension includes tasks that require models to perform financial
computations and optimizations, calculate risk metrics, and solve portfolio allocation problems using
quantitative methods. This dimension is designed to evaluate the capability of LLMs to apply precise
mathematical reasoning in realistic financial contexts, where accuracy and analytical rigour are critical.
This structured categorization not only facilitates a fine-grained assessment of model strengths and
weaknesses but also ensures that each component of the benchmark aligns with practical demands
observed in financial services and business analytics.

3.1 DATA CONSTRUCTION

Our dataset is primarily derived from real user queries on Platform Aﬂ The platform serves a large
community of retail investors and financial professionals, offering functionalities such as stock
screening, market analysis, and personalized investment assistance. By leveraging advanced Al
technologies, Platform A enables users to perform complex financial analyses via natural language
queries, covering domains such as A-shares, Hong Kong and U.S. stocks, ETFs, and macroeconomic
indicators.

Through a systematic analysis of user queries, financial experts identified nine representative task
categories frequently encountered in real-world scenarios (e.g., temporal reasoning, numerical
computation, sentiment analysis). Together, these categories account for over 90% of all queries
observed on the platform, underscoring their representativeness of practical financial decision-making
needs.

To construct the dataset, we first aggregated a large pool of authentic queries. We then employed
GPT-40 |OpenAll (2023) to filter noisy entries and classify valid queries into the expert-defined
categories. For each query, we retrieved relevant contextual data from internal financial databases
and external sources, including stock prices, trading history, financial news, and company disclosures.
Context retrieval was anchored to the original query timestamp to ensure temporal consistency. For
example, when a user asked “Why did Tesla stock soar?”, the query itself lacked explicit temporal
markers. By aligning the query with its issue time, we retrieved financial information and news
specifically associated with that period.

To increase the dataset’s discriminative power, we deliberately introduced distractor information into
the context. These distractors include plausible but irrelevant or misleading data, such as unrelated

! An English version is included in the Appendix
?In compliance with the double-blind review policy, the actual name will be disclosed in the final version.
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Table 2: Overview of BizFinBench Datasets

Category Data Evaluation Dimensions Metrics Numbers ~ Avg Len.

Reasoning Anomalous Event Attribution (AEA) Causal consistency Accuracy 1888 27902
Information relevance
Noise resistance
Financial Time Reasoning (FTR) Temporal reasoning correctness Accuracy 514 1162
Financial Tool Usage (FTU) Tool selection appropriateness Judge Score 641 4556
Parameter input accuracy
Multi-tool coordination

Numerical calculation  Financial Numerical Computation (FNC) Computational accuracy Accuracy 581 651
Unit consistency
Q&A Financial Knowledge QA (FQA) Question comprehension Judge Score 990 22

Knowledge coverage
Answer accuracy

Financial Data Description (FDD) Trend accuracy Judge Score 1461 311
Data consistency

Prediction recognition ~ Emotion Recognition (ER) Emotion classification accuracy Accuracy 600 2179
Implicit information extraction
Stock Price Prediction (SP) Trend judgment, Causal reasoning Accuracy 497 4498
Information extraction  Financial Named Entity Recognition (FNER) Recognition accuracy Accuracy 435 533

Entity classification correctness

company news, sentiment-opposing articles (e.g., negative news during a stock rally), or temporally
misaligned events. This design ensures that correct answers require genuine financial reasoning rather
than superficial keyword matching.

Once queries and contexts were constructed, they were paired with task-specific prompts and sub-
mitted to a large language model (e.g., GPT-40) to generate candidate answers. These answers were
not directly included; instead, each data point underwent rigorous human annotation and validation.
Specifically, every entry was independently reviewed by three senior financial experts with over five
years of professional experience in equity research, investment analysis, or portfolio management at
leading financial institutions (e.g., securities firms, asset management companies, banks). Experts
evaluated both the correctness of the generated answers and the appropriateness of the assigned task
category.

A data point was accepted into the final dataset only after full consensus among all three experts on
answer validity, contextual consistency, and category correctness. In cases of disagreement, iterative
reviews were conducted until unanimous agreement was reached. This multi-stage annotation protocol
ensures that the dataset is factually reliable and faithfully reflects the standards of real-world financial
reasoning and practice.

3.2 STATISTICS

The BizFinBench benchmark consists of a total of 7,605 entries, encompassing a wide variety of
tasks designed to assess model performance across diverse financial challenges. By testing models on
these tasks, we aim to evaluate not only their individual capabilities but also their ability to generalize
across multiple facets of financial data analysis.

Table E] provides a detailed breakdown of the dataset, including the evaluation dimensions, corre-
sponding metrics, the number of instances per task, and the average token length per entry E} The
dataset exhibits significant variability in input length, ranging from just 5 tokens to as many as
102,243 tokens. This broad range reflects the complexity and heterogeneity of real-world financial
scenarios and presents a meaningful challenge for models to demonstrate their ability to process both
short and long financial texts effectively.

3.3 KNOWLEDGE DEPTH AND BREADTH ANALYSIS

To further assess the dataset’s cognitive complexity and domain coverage, we conducted additional
analyses.

Knowledge Depth. We evaluate the reasoning depth of each instance using Bloom’s Revised Taxon-
omy Sun et al.| (2024)), which defines six cognitive levels: Remember (R), Understand (U), Apply (A),

3Detailed dataset information is provided in Appendix@
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IteraJudge Evaluation Prompt
Equentially Refine You are a financial content evaluation ' .__________,
ST . expert, conducting an assessment of H
| Question: 1 E1:Numerical accuracy the accuracy of financial data v
Describe the situation of this ‘J! descriptions. Please compare the Judgelmodel
1 stock based on the provided ] Refined answer y; <answer> with the <reference *
| data, including trends and ' Y answer> during your evaluation, and
! some numerical values: ... 1@. E2:Trend accuracy consider the following two aspects Score
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 stock (code: 000802.SZ, Beijing | answer i {Question} Trend 70.0
Culture) has shown the following {model-generated answer y}
. performance over the past period... | Below is a reference output: Over all 65.0
NN 5 {refined answer yK}

Answer as follows:

Refined answer yy

Figure 4: IteraJudge Pipeline.

Analyze (An), Evaluate (E), and Create (C). Following an initial classification by DeepSeek-V3 and
subsequent human verification, over 98% of the samples demand cognitive functions beyond simple
memorization, with more than 93% requiring analytical reasoning. These findings demonstrate that
BizFinBench extends well beyond factual retrieval, imposing substantial requirements on reasoning
depth. The full distribution of cognitive levels is provided in Table[6]in the Appendix.

Knowledge Breadth. To assess domain coverage, we reference established qualification standards
(e.g., CFA, FRM, Chinese Securities Exams) and define 21 financial subdomains. Each query can
belong to multiple subdomains. The tagging process combines automated labeling with expert
verification. BizFinBench spans a broad spectrum of financial domains, including accounting,
valuation, risk management, compliance, and derivatives. These subdomains align closely with
real-world financial tasks and professional certification standards. Detailed subdomain coverage
statistics are reported in Table[7in the Appendix.

3.4 ITERAJUDGE: AN INCREMENTAL MULTI-DIMENSIONAL EVALUATION FRAMEWORK

As shown in Figure[d] IteraJudge evaluation framework performs dimension-decoupled assessment
through a three-phase pipeline:

1. Given question ¢ and initial answer ¥ ~ pmode1(+|q), We sequentially refine the output across
dimensions £ = {ey, ..., ex } via prompted LLM transformations:

Yr = LLMrefine(yx—1 || P(er,q)), whereyo =1y 1)

creating an interpretable improvement trajectory {yk}f:o.
2. The fully refined yx serves as an auto - generated quality benchmark.
3. A judge model computes the final score through contrastive evaluation:

score(y) = LLMjuage(¢, ¥, YK, €) @

where the delta (yx — y) quantitatively reveals the dimensional deficiencies of LLMs.

This question-anchored, iterative refinement process enables granular diagnosis while maintaining
contextual consistency through explicit g-preservation in all steps.

4 EXPERIMENTS

This section summarizes the evaluated models (Section , including SOTA LLMs, inference-
optimized models, and multimodal large language models. Section4.2] describes the experimental
setup. Section [4.3]presents key results across financial tasks, followed by the performance analysis of
IteraJudge in Section
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4.1 EVALUATED MODELS

We conducted a systematic evaluation of current mainstream LL.Ms on BizFinBench. For closed-
source models, we selected eight industry-recognized SOTA models: OpenAlI’s 03, 40, GPT-5, GPT-5
mini and o4-mini, Google’s Gemini-2.0-Flash, Gemini-2.5-Pro, and Anthropic’s Claude-3.5-Sonnet.
For open-source models, our evaluation covered both general-purpose LLMs including the Qwen2.5/3
series, Llama-3.1 series and Llama-4-Scout, as well as the financial-specialized Xuanyuan3-70B
model. To comprehensively assess model capability boundaries, we also incorporated the DeepSeek-
R1 series (including the R1-distill variant) which excels at complex reasoning tasks, the newly open-
sourced reasoning model QwQ-32B and the recently released Qwen3 series with hybrid reasoning
capabilities. Furthermore, to evaluate MLLMs on our benchmark, we extended our experiments to
assess the performance of the Qwen-VL series of MLLMsﬂ

Table 3: Performance Comparison of Large Language Models on BizFinBench. The models are
evaluated across multiple tasks, with results color-coded to represent the top three performers for

each task: golden indicates the top-performing model, 'silver represents the second-best result, and
- denotes the third-best performance.

Model AEA FNC FTR FTU FQA FDD ER SP FNER  Average
Propretary LLMs
OpenAl 03 2993 6130 7536 89.15 [BE5] 9855 |[HAMEEl 5327 6513 67.60
OpenAl o4-mini 19.15  60.10 7123 7440 9027 9573  47.67 5232 6424  63.90
GPT-4o 2691 5651 7620 8237 8779  98.84 (4533 5433 6537 6596
GPT-5 mini 1536 88.11 8405 [OM@ 8780 9792 2327 5513 6002 6698
GPT-5 2795 9175 [8475 9315 8864 99.12 2600 5150 [7291 [70.64
Gemini-2.0-Flash BiB8 6267 7397 8255 9029 9862 2217 [BEHM| 5443 6425
Gemini-2.5-pro 40.18 @57 8774 8725 8756 9635 4315 5312 7571 7318
Claude-3.5-Sonnet 27.84  63.18 4281 8805 8735 9685 1667 4760 63.09  59.27
Open source LLMs

Qwen2.5-7B-Instruct 1268  32.88 3938  79.03 8334 7893 37.50 5191 3031  49.52
Qwen2.5-72B-Instruct 2898 5428 7072 8529 8779 9743 3533 5513 5402  64.41
Qwen2.5-VL-3B 262 1592 1729 895  81.60  59.44 3950 5249 2157 3201
Qwen2.5-VL-7B 887 3271 4024 7785 8394 7741 3883 5191 3340 4886
Qwen2.5-VL-32B 2642 5006 6216  83.57 8530 9595 4050 5493 6836 6321
Qwen2.5-VL-72B 3211 5401 69.86 8518 8737 9734 3500 5494 5441 6446
Qwen3-1.7B 1301 3580 3340 7582 7381 78.62 2240 4853 1123 4445
Qwen3-4B 2197 4740 5000 7819 8224  80.16 4220 50.51 2519  53.04
Qwen3-14B 3275 5820 6580 8219 8412 9291 33.00 5231 5070 6171
Qwen3-32B 2085  59.60 6460 8512 8543 9537  39.00 5226 4919  63.19
Qwen3-235B-A22B-Thinking 2813 8727 8423 8869 9176 (9934 3267 5256 5215 6827
Qwen3-235B-A22B-Instruct 4322 8252 8288 9246 89.63 99.67 2883 5674 4837

Xuanyuan3-70B 1516 1969 1541  80.89 8651 8390 29.83 5262 3733  46.82
Llama-3.1-8B-Instruct 393 2209 291 7742 7618  69.09 2900 5421 3656  40.76
Llama-3.1-70B-Instruct 1796 3425 5634  80.64 79.97 8690 3333 5216 4595 5528
Llama 4 Scout 2249 4580 4420 8502 8521 9232 2560 5576  43.00 5549
DeepSeek-V3 (671B) 3129 61.82 7260 86.54 9107 9811 3267 5573 7124 66.79
DeepSeek-V3.1 3722 [91.04 [BH6 9078 9065 [B9BEl 2563 5215 5475 69.52
DeepSeck-R1 (671B) 3541 6404 7500 8196 [9144 9841 3967 5513 |6l 6825
QwQ-32B 2875 5391 6490 8481  89.60 9420 3450 (5668 3027  59.74

DeepSeek-R1-Distill-Qwen-14B ~ 20.77  44.35 16.95 81.96 85.52 92.81 39.50 50.20 52.76 55.06
DeepSeek-R1-Distill-Qwen-32B  27.42 5120  50.86 83.27 87.54 97.81 41.50 53.92 56.80 62.15

4.2 EXPERIMENT SETTING

All LLMs were configured with a maximum generation length of 1,024 tokens, temperature parameter
T = 0, and batch size B = 1000. We employed GPT-40 as the unified evaluation judge. Open-
source models were deployed on an 8 xNVIDIA H100 cluster, while closed-source models were
accessed via their official APIs. The complete evaluation required approximately 10 hours with a
total computational cost of $21,000.

“The specific details of the relevant models can be found in the Appendix@
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To ensure standardized outputs and enable automated evaluation, all models were required to produce
strictly JSON-formatted responses with two mandatory fields: @ Chain-of-Thought (CoT) — a
detailed reasoning trace with intermediate steps; @ Answer — the final conclusion. ﬁ

Comprehensive details regarding output formatting and the automated evaluation protocol, including
the JSONL requirements, are provided in Appendix

4.3 MAIN RESULTS

Our evaluation on the BizFinBench benchmark reveals distinct capabilities of LLMs in the financial
domain. All results as shown in Table[5] In AEA, Qwen3-235B-A22B-Instruct leads with 43.22,
followed by Gemini-2.5-pro (40.18) and Gemini-2.0-Flash (37.38). For knowledge-intensive tasks,
results are split: GPT-5 ranks first in FNC (91.75) and FTU (93.15), Gemini-2.5-pro in FTR (87.74),
Qwen3-235B-A22B-Thinking in FQA (91.76), and Qwen3-235B-A22B-Instruct in FDD (99.67).
In ER, top proprietary models score around 45—48, while the best open-source reaches 41.50. For
FNER, Gemini-2.5-pro (75.71) and GPT-5 (72.91) lead, with DeepSeek-R1 (71.46) and DeepSeek-V3
(71.24) also competitive. On average, Gemini-2.5-pro ranks first (73.18), ahead of GPT-5 (70.64) and
Qwen3-235B-A22B-Instruct (69.72).

Three insights emerge. First, scaling boosts performance: within Qwen3, averages rise from 44.45
(1.7B) to 63.19 (32B). Second, AEA is the hardest task, with scores from 2.62 (Qwen2.5-VL-3B)
to 43.22 (Qwen3-235B-A22B-Instruct). Third, structured tasks like FDD exceed 95 across models,
but ER stays below 50, even for top models. Two further observations: distilled models such as
DeepSeek-R1-Distill-Qwen-32B retain strong FTU ability (83.27) but weaken in FTR (50.86), and SP
results cluster tightly near 5256, hinting at a performance ceiling without domain-specific signals.

4.4 ITERAJUDGE ABLATION EXPERIMENTS

To rigorously validate the effectiveness of IteraJudge, we conducted ablation experiments on the
FDD and FTU benchmark datasets. We selected Qwen2.5-7B-Instruct as the evaluated model and
employed GPT-40, DeepSeek-V3, Gemini-2.0-Flash, and Qwen2.5-72B-Instruct as judge models to
evaluate its generated responses. Three sets of experiments were designed: (1) expert evaluation, (2)
the vanilla LLM-as-a-Judge approach, and (3) the full IteraJudge framework. We take the Spearman
correlation between the evaluation methods, i.e., vanilla LLM-as-a-Judge and IteraJudge.

Detailed experimental results are provided in Table[§]in the Appendix. In summary, compared to the
vanilla LLM-as-a-Judge approach, IteraJudge achieves a maximum improvement of 17.24% and a
minimum improvement of 3.09% on the FDD benchmark dataset. On the FTU benchmark dataset, it
shows a maximum improvement of 11.37% and a minimum improvement of 4.44%. These results
confirm the effectiveness of IteraJudge in mitigating evaluation bias.

5 CONCLUSION

In this work, we propose BizFinBench, i.e., the first open-source Chinese benchmark dataset, which
consists of the dataset deeply integrated with real-world financial business scenarios and a iterative
calibration-based evaluation framework, i.e., IteraJudge. We conducted a comprehensive evaluation
of 30 SOTA LLMs, encompassing both closed-source and open-source models, across multiple task
dimensions. Our results reveal significant performance gaps between existing LLMs and human-level
expectations in several business-critical areas, highlighting the unique challenges of financial artificial
intelligence. We find that no model dominates every task, while OpenAl 04-mini, GPT-5, Gemini-
2.5-Pro, Qwen3-235B-A22B-Thinking, and Qwen3-235B-A22B-Instruct corresponds to the best
performance in diverse metrics. In addition, experimental results also demonstrate that closed-source
models place in the top three on eight of nine subtasks. Furthermore, extensive experimental results
reveal significant advantages of IteraJudge. BizFinBench serves not only as a rigorous benchmark for
evaluating financial reasoning capabilities, but also as a practical guide for deploying LLMs in real-
world financial applications. We believe this benchmark can accelerate progress in the development
of trustworthy, high-performing financial language models.

SFormatting examples for each dataset are provided in Appendix |Gl and evaluation prompts are listed in
Appendix [E}
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ETHICS STATEMENT

This work introduces a Chinese benchmark in the financial domain, built from real-world user queries.
To protect user privacy, all potentially sensitive or personally identifiable information (e.g., names,
account details, or contact information) has been thoroughly anonymized or removed. The released
dataset contains only de-identified text and does not include confidential financial records.

The benchmark is intended strictly for research purposes, such as advancing natural language
processing and evaluation in financial applications. It should not be directly applied to production
systems for financial decision-making without rigorous validation and additional safeguards. We
have followed ethical standards for data collection, anonymization, and release, and have carefully
considered potential risks of bias, misuse, or unintended societal impact.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our results, we have made substantial efforts to provide all necessary
details and materials. Specifically, Section [3.1] presents the complete process of dataset construction,
including data collection strategies. Furthermore, the benchmark setup and evaluation procedures are
thoroughly described in Section[d] All evaluation metrics are clearly defined to facilitate independent
verification and replication of our experiments by the research community.
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A USE OF LLMS

Large language models (LLMs) were employed in multiple stages of this work. During dataset
construction, LLMs were used to assist in data cleaning and annotation, while ensuring that all
outputs were manually reviewed to prevent privacy leakage and annotation errors. For evaluation,
we adopted LLMs as judges to provide comparative assessments of model outputs in financial tasks.
This design follows recent practices in benchmarking and allows for scalable, consistent evaluation.

We acknowledge that LLM-based evaluation may inherit biases or inaccuracies from the underlying
models. To mitigate these risks, we combined automated judgments with careful sampling-based
human validation. Overall, the use of LLMs was limited to auxiliary roles, and all critical results
were cross-checked to ensure reliability.
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B LIMITATIONS

In this work, we propose a novel benchmark and conduct a comprehensive analysis of different
LLMs’ capabilities in solving financial business problems. However, several limitations remain:

(1) Our method for extracting final answers from model outputs is not yet perfect. In some cases, this
method fails to locate an answer, leading to reported accuracy being an approximate lower bound.
Additionally, due to potential formatting differences between the extracted answers and the ground
truth, we employ a rule-based approach to measure exact matches between the two, which may
introduce an estimated 2% error in our experiments.

(2) Our benchmark is primarily based on currently available financial data and task settings. Although
it covers multiple key sub-tasks, some business scenarios may still be underrepresented. For example,
highly specialized financial tasks such as complex derivatives pricing, risk management modeling, or
decision support based on real-time market data are not yet fully reflected in our benchmark. This
implies that our evaluation results may not completely capture LLMs’ real-world performance in
more complex financial scenarios.

(3) While we evaluate multiple SOTA LLMs under the same computational environment to ensure
fairness, model performance may still be influenced by training data, inference strategies, and
hyperparameter settings. Additionally, discrepancies between inference mechanisms in API-based
and locally deployed models could introduce experimental biases.

(4) Our evaluation primarily focuses on models’ abilities in single-turn question answering and task
completion. However, in real-world applications, financial decision-making is often a complex,
multi-step process involving long-term reasoning, external tool utilization, and multi-turn interactions.
The current evaluation framework does not fully cover these aspects, highlighting the need for further
expansion to better reflect LLMs’ potential applications in financial business scenarios.

For future work, we plan to optimize the answer extraction method to enhance evaluation accuracy
and explore more advanced metrics to mitigate errors caused by format mismatches. Additionally,
we aim to expand the benchmark’s coverage by incorporating more challenging financial tasks and
refining experimental settings to improve reproducibility and fairness.

C JSONL OuTPUT AND EVALUATION PROTOCOL

During evaluation, outputs were first validated against the JSONL schema. Conforming responses
were parsed and scored directly. As shown in Figure[3] certain cases failed due to minor formatting
errors. To address this, a two-stage strategy was adopted: if strict parsing failed, an auxiliary LLM
performed semantic analysis on the raw output to recover the intended answer. This ensures that
formatting mistakes do not unfairly penalize model performance.

D MODEL DETAIL
To better ensure the comprehensiveness and robustness of our evaluation, we selected a wide range

of models that differ in architecture, parameter size, training objectives, and domain specialization.
Table [ presents detailed information on the 30 evaluation models used in this study.

E INSTRUCTION

Figure[6] Figure[7} and Figure[8]illustrate the instructions used for model evaluation on the open-ended
answer dataset.

F DATASET DETAILS

The details of each dataset type are as follows.

* Anomalous Event Attribution (AEA): This dataset evaluates a model’s ability to trace
financial anomalies based on comprehensive textual inputs, including news articles, financial
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Figure 5: Example of a JSONL case where the model output does not conform to the required format,
resulting in the evaluation being marked as incorrect.

Table 4: Summary of Large Language Models Evaluated on BizFinBench. * indicates that the model
is a Mixture-of-Experts (MoE) model.

Model Size Open source Evalation Release date Domain
GPT-40/0OpenAl|(2023) - X API  01/29/2025  General
OpenAl 03 - X API  04/16/2025  General
OpenAl o4-mini - X API  04/16/2025 General
GPT-5 mini - X API  08/08/2025 General
GPT-5 - X API  08/08/2025 General
Gemini-2.0-Flash|Team et al.|(2023) - X API  12/11/2024  General
Gemini-2.5-pro - X API  06/18/2025 General
Claude-3.5-Sonnet|Claude|(2024) - X APl 06/20/2024  General
Qwen?2.5-Instruct|Bai et al.|(2023) 7B,72B v Local ~ 09/19/2024  General
Qwen2.5-VL |Bai et al.|(2025) 3B,7B,32B,72B v Local  01/28/2025 General
Qwen3|Yang et al.|(2025) 1.7B,4B,14B,32B,235B* v Local 04/29/2025  General
XuanYuan3-70B-Chat|Team|(2024) 70B v Local  09/06/2024  Finance
Llama-3.1-InstructDubey et al.[(2024) 8B,70B v Local  07/24/2024  General
Llama 4 109B* v Local 04/05/2025  General
DeepSeek-V3|Liu et al.|(2024) 671B* v Local  12/26/2024  General
DeepSeek-V3.T|Liu et al.|(2024) 671B* v Local  08/21/2025 General
DeepSeek-R1|Liu et al.|(2024) 671B* v Local 12/26/2024  General
QwQ-32B [Team|(2025) 32B v Local 03/06/2025  General
DeepSeek-RI-Distill-Qwen|Liu et al.|(2024) 14B,32B v Local 12/26/2024  General
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Figure 6: The instructions utilized in the evaluation of the FDD dataset.

reports, timestamped events, and structured data such as tables and market statistics—all
presented in text form. The task requires identifying causal relationships underlying sudden
market fluctuations while filtering out extensive irrelevant or misleading information. In
the most challenging configuration, up to 20 distractor documents are introduced, each
containing long, semantically plausible, and carefully crafted text that mimics real-world
noise—such as unrelated corporate announcements, temporally close but irrelevant events,
or spurious financial correlations. These distractors are designed to be highly deceptive,
increasing the difficulty of isolating genuine signals. The dataset thus provides a rigorous
evaluation of a model’s reasoning, contextual filtering, and long-range dependency tracking
capabilities in complex, document-rich environments.

* Financial Numerical Computation (FNC): This dataset assesses the model’s ability to
perform accurate numerical calculations in financial scenarios, including interest rate calcu-
lations, return on investment (ROI), and financial ratios.

* Financial Time Reasoning (FTR): This dataset tests the model’s ability to understand and
reason about time-based financial events, such as predicting interest accruals, identifying
the impact of quarterly reports, and assessing financial trends over different periods.

* Financial Tool Usage (FTU): This dataset evaluates the model’s ability to comprehend user
queries and effectively use financial tools to solve real-world problems. It covers scenarios
like investment analysis, market research, and information retrieval, requiring the model to
select appropriate tools, input parameters accurately, and coordinate multiple tools when
needed.

* Financial Knowledge QA (FQA): This dataset evaluates the model’s understanding and
response capabilities regarding core knowledge in the financial domain. It spans a wide
range of financial topics, encompassing key areas such as fundamental financial concepts,
financial markets, investment theory, macroeconomics, and finance.

* Financial Data Description (FDD): This dataset measures the model’s ability to analyze and
describe structured and unstructured financial data, such as balance sheets, stock reports,
and financial statements.
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SMEEDHT T EHBERHIVBECRMER, FRET —LEENMWER, M. BHFRENERSFS. REPRET LERER, A
ARYHE NEHERRRESHT. BERRNEMTR) mIt—2Imsaitie, ) B {155 24, A" "RAIFEEN, BE™E, 155
. BSMHONBEERE, TR, TWABERTIR, BAKEEH, SERRNIREIFENRR. ). "SR {/EE"0.2, 58
4":6.6,"DHTRE"3.6,"TBHIE"2.4,"RLIFH":21.8," 215 ":87.2})}

{RAEZAT:

Figure 7: The instructions utilized in the evaluation of the FQA dataset.
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{RR—NEAAIMAIERERTURE, SRR T RARED TR,
BOFMER AT ERN TR

[apis_information]

PR IR SESTiE :

[question]

BOTMEEA0EE :

[predict_result]

PREIE (B91009) :
1. HERRYE (509):

- TESEFNAEN (309): iHMEFMETEERESHRAFIER

-MASHHEEY (209): RESITRUBASHESHENNTERASHIER,
2. LR (5099):

- BRTSRAVERNE (509): THERMEIRARS RE DB BRR R SIREaARL BT

FDRER:

BIPMHEENSRIE DRMTERE— M T 1E1000 ZANEETS, HEBERR LS.
LENSHRITUREANRN AR ER, Z21551#51005.
IEERETERREEMALE, B HIRRERL.

MHERER:

TN EESIFANBELURRESS, FERBIOITEEN: (S8,

Bl :

<FHiaEH>

FHMIHE: XERSENTFUERORADTHERE, NET100F,
<iEgER>

WE, BEETLULESREUFHREHEIE.

Figure 8: The instructions utilized in the evaluation of the FTU dataset.
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* Emotion Recognition (ER): This dataset evaluates the model’s capability to recognize nu-
anced user emotions in complex financial market environments. The input data encompasses
multiple dimensions, including market conditions, news articles, research reports, user
portfolio information, and queries. The dataset covers six distinct emotional categories:
optimism, anxiety, negativity, excitement, calmness, and regret.

* Stock Price Prediction (SP): This dataset evaluates the model’s ability to predict future stock
prices based on historical trends, financial indicators, and market news.

* Financial Named Entity Recognition (FNER): This dataset focuses on evaluating the model’s

ability to identify and classify financial entities such as company names, stock symbols,
financial instruments, regulatory agencies, and economic indicators.

Table 5| presents their maximum token length, minimum token length, and average length.

Table 5: Financial Datasets Query Token Length Statistics. This table presents token length statistics
for queries in financial datasets, including minimum (Min), maximum (Max), average (Avg) token
counts, and total query count (Count).

Dataset  Min Max Avg Count
NER 415 1,194 533.1 433

FTU 4,169 6,289 4,555.5 641
AEA 4472 102,243 28,357 1,888

ER 1919 2,569 2,178.5 600
FNC 287 2,698 6505 581
FDD 26 645 3109 1461
FTR 203 8265 1,1620 514
FQA 5 45 21.7 990
SP 1254 5532 4,498.1 497

G DATASET EXAMPLE

H ADDITIONAL TABLES FOR KNOWLEDGE ANALYSIS

Table 6: Distribution of cognitive complexity levels in BizFinBench based on Bloom’s Revised
Taxonomy.

Cognitive Level Count Proportion

Remember (R) 142 1.9%
Understand (U) 320 4.2%
Apply (A) 1,518 20.0%
Analyze (An) 4,940 65.0%
Evaluate (E) 633 8.3%
Create (C) 52 0.7%

I ADDITIONAL EXPERIMENTAL RESULTS

J OTHER

18



Under review as a conference paper at ICLR 2026

Financial Numerical Computation

FR—ARFENSHBIESTID, BREUT<SESE>, BEH<AFRR>, FHAHRIER. (RRELISERHERRE

it YiESE

w51

Ea4): BE202458 A RRIKEN

EER: RISHKE1REE

e | e | R | K@M | k@ [ kefn [ kEh [ kEh [ kah [ kaEh | kEh | kEn
Sl Kol 20240801 20240802 | 20240805 [20240806 | 20240807 | 20240808 [ 20240809 | 20240812 | 20240813 [ 20240814
BIDU.O | EE |[86.42255T [84.49555z [82.3925 5T [83.01255T [82.0125 5z |86 54225 [ 85. 10255 | 85,2325 5% [86 202255 [ 83.99%55%
KR | MR | @ | RN | 5 | kEN | KRN | KN | kEn | KRN | kEh | ken

20240815 |20240816 [20240819 | 20240820 | 20240821 [20240822 | 20240823 | 20240826 | 20240827 | 20240828 | 20240829 [ 20240830

86.18357T; |88.97357T |90. 18557T, |87.98357T, 89.74357T, |85. 79557, |85.70557T | 86.22357T | 84.82357T | 82.36 57T | 83.82357T, | 84.62357T

w52

Eqia1): EE20244E0 BB R YA

EER: RISHKE R

AR | RRErER W | BEn | sEn | kaEn | KEn | wEmn W [l e
= = 20240903 | 20240904 |20240905 | 20240906 | 20240909 | 20240910 | 20240911 | 20240912 | 20240913
BIDUO | BEE [83.41%5c[82.38%5% [82.81255T [81.012555 [81.63255% [82.05255T | 83.95%5 | 84.07225% | 83.65%7%
g | W | BN | N | kaEh | KEN | kEn | kan ez oy W Lre=0ny

20240916 |20240917 [20240918 | 20240919 | 20240920 [20240923 | 20240924 | 20240925 | 20240926 | 20240927 | 20240930

84082557 [85.39257T, 84,6722 [87.022555 [86.24255T [88.28225T [ 94.81355% [ 94.012555 [ 102.56255 [ 105.17255% [ 105295

#iH# FIFE)RR
question: 7E2024F8F 22024 FRHAIE], BEAIMERM A TF0ETHIREE/LK?

#HH AR

LA FAGjsontE st TarE

{"cot""<SHSIRIIBHETFE>", "answer:<HEEAER, MRRHE, BRA—RTHINEY, SSNEREHRENM; MRZEH, HIRUEX
BxBrtERE>}

{

Q=P oot ek, misRE04FATP0NFOREENSEMERA, REFEKENATOETHOEE, MeBHMIES, 52
KAV EBIT0ETT, HBIR202458F19H (90.183%7T) F120245F8F21H (89.74557T) , {H89.745THRIBIF90ETT,
BEIRIHR, NOBRISEER, B4RMEENEIZ03ET, H5IR20245F9523H (88.28557T) , 202459H24H (94.813%
JT) . 202459250 (94.01357T) , 20244F9H26H (102.563%7T) , 202459827 (105.17355T) , 2024498308

(105.29357T) , {H88.2835 THRMBIT903ETT, HILIT5R. SHHH6RIIKENBIZ0%ETT. ",

"answer": 6.0000

}

Figure 9: An example instance from the Financial Numerical Computation dataset, in which the data
table is formatted using Markdown syntax.
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Financial Time Reasoning

/1mx%—{ﬁiﬁﬁ$§fﬂ$ﬂ§ﬂ}:§ﬁ’fﬁlﬁ, BIREUT <R %>, EEH<BRTE>, FALRNER. (REELISENREEIES h
HH BiEsE
wS:1

E#ae): P22iR47202355108 1 HRIE10H RO BA4R

EUEEER: NEHEN R E0RE

REA | pemgEy | SR | WM | k@ | WEfn | ke | e | kEf | Eh | laEfn | kaEhn
- = 20230921 20230922 | 20230925 | 20230926 |20230927 | 20230928 | 20231009 |20231010 | 20231011 | 20231011

000001.5Z| PZ4R{T | 10.097C | 10.285T | 10.265% | 10.205% | 10.215% | 10.237% | 10.145T | 10.055% | 10.025T | 10.115%

RS 2
HEia)): F&4ER1720245108 18 AIE10BAIKER N R4
EEEER: RISHRENREUR
BRERRD | BREETR KR | W | EN | @B | k@0 | kEN | K@M | BEN | KEN | BEN
20240923 120240924 | 20240925 | 20240926 | 20240927 | 20240930 | 20241008 | 20241009 [ 20241010 (20241011
000001.SZ| PZ4R17 | 9.797T 10.125% | 10.257% | 10.905T | 11.177% | 11.967c | 12.637% | 11.437% | 11.985% | 11.725T

w53
EVE181E): TE&4R4720226510/8 1 HETE 10 BAIKER N B4
AR NIEHREN SRR

REAE | pemgEy | SEM | WM | ki | WEn | lan | aEn | kaEf | kaEh | kah | kEh
- M 120220921(20220922 | 20220923 | 20220926 | 20220927 | 20220928 | 20220929 | 20220930 | 20221010 20221011

000001.SZ| F&4RIT | 11.185C | 11.045T | 11.045T | 10.755¢ | 10.905T | 10.865¢ | 10.615T | 10.595% | 10.225% | 10.237T

#H FIFRRE
question: SXZE2024F 118158, HEEKTEFRIFTRNEIRSR1 27T BEREB—X?

#itH g

LA R EGjsont& it/ TEIZS

{"cot""<IEHE{RAVBEIIIE>", "answer <HEEMHER, NREHE, BHR—F-AIE, BSEREREBI; WNREEH, BIRAXEX
BxBrtgziRE>}

A J

X |
"cot": "TRIBIHAVEIR, IBEEE202451081HAIF10BHIRNEAME, LFREERRTEELRIHTIRNENRISHR1 2700 H
1, MEURRAILIES], 202451058 AMIKARNF912.6370, XEEKTEERZH12THIRE. ",

"answer": "20245E1058H"
}

Figure 10: An example instance from the Financial Time Reasoning.

Financial Knowledge QA

l HAREHRNEMNE?

Vs
9 HMHEMBEREEDEARNER LANEES. BHEkR, SRENTTERIERIITEREENE, XEFENEDHAILEIRELL
_2p IRGHES, SEBTEEMIK, FROEDBEIORIES TR, i, ESRRET, FREDOENERIFEERN.

KRHEENENRSEEZETLUTNASE:

1. 38 ANRYRIHES 1007, (RRILASEIS T NRITaIR S THRAME, NATERSREESHH%. FEit, $XAI1007TEL
FKEI100TERNE, EAFEHSEREEINTHIMNE.

2. EEAK: BEERIRAGHERS, T ELIAKEIRN, HHNMIASEETE, XEWE, BESENEHERRAIRERABE
B SHHEE R B AR RANARSS.

3. REESATHBEN: FRENREN, AEEARIIINRRATREASHER (5. £5FRE%) MAExm. Eih, Al
EE B R S RIARE ST FAR SR AR S

TESREFF, RHENENEEREIIE (Present Value, PV) FI4{E (Future Value, FV) AUESSRE, IUERISHRRE—ATSR
N—EESTER—EAFISITERIIERNE, LENREIEN— SRR —ENFREREREE RN E. X
HHE, LA AR E SIS R,

Figure 11: An example instance from the Financial Knowledge QA dataset.
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Financial Data Description

HRIE FEAHR SRR RSN, SETHES—LE:

R rpmmEy  |PROAIE: RIS |BKEXIE: RUSHR |BKEKIE: RUSIAR |BKRAE: BUSTAN |BKENE: RUSIAN (BKEXIE: RUSAY
= = 20250110 20250113 20250114 20250115 20250116 20250117
000802.SZ FRIFT -9.97% -1.48% 3.45% -2.75% 0.0% 1.19%
BREXIR: RUSHY | BKEXIE: AUSAR |BKRXIE: AUSHY (SKEME: USSR (SKEXE: AUSAN |BKEXIE: AISAR|BKEME: RIS (SKEME: AUSAL
20250120 20250121 20250122 20250123 20250124 20250127 20250205 20250206
1.33% 2.62% 2.12% 6.51% -1.55% 10.06% -10.0% -6.19%
W SR FREM: AR RS RER (&R FER
20250206 20250206 20250206 20250206
5.915% 5.647T 6.0475 5.6775

Eﬁh‘%{%ﬂﬁéﬂﬁ, AT LA AR S 9000802, SZAH LET ST AREEAE20254F 1 /5 10 H 2202542 5 6 X ER BB EURILHTAN T \
C2D g

i BERIBE L E S

2025515108 : BREEAIEREX9.97%, XATRERMBTHIFMZATRTUHI T REHE, SBIREERE TR,
202551 B NMBE1H148™: IREMREETER1.48%, {BREETE1H14HR#3.45%, BHmizEEERRE.

202551 B15HE1A168: REBRTH2.75%, E1516HREEN, TIFHAMERES.

20251 B17THE1H218*: REESUIMELERK, BKIEHBI/91.19%. 1.33%F02.62%, BRtimiAEIEIILE.

2025 1H522AFE 18248 REFREIUKEN, 18220 F#2.12%, 18230 KIETE6.51%, 1524 H/ME FEK1.55%.
2025515270 BREEANE £7K10.06%, TinHipiEaRERIRE,

202552 B5HZE2H6H*: IREERAIE TEE10.00%, BESFE2H6H 44 TX6.19%, HiIEEEREE AN,

i BB T

- 2025526 HAYKER N ™: 5.917T
- 202552 A6 AAIFFRN**: 5.677T
- 2025826 HAYREMN™: 6.047T
- **202552 B 6 HRIBREMN**: 5.677T

S D @ YL =

i SR

- REDME: TEXERASEA, JCETSUABRENEREIRA, SREIAIENRE, BRHHAZREN R REEE.
*E‘tigl%% TAEEERANEZREN, NRIETHERRZIRE, BEIBATEY, BrEREENZATSTIWEEFER
TSR 202551 B 10EE20255E2H6H, RBHIETES. 67706 04T B, MAMAERIARE.

i G
k g\i;w&ﬁ&ﬁ@WE‘JHQ%EW&‘%*%E. TABERNRA, KEENEIRTATEARNDHES, LUSHESEA%E /

Figure 12: An example instance from the Financial Data Description.
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Financial Named Entity Recognition

FR—ANEUSRS D, (REUESEMBFIRHEHI<EXHE>T, #TSERRBIES, RBIHRIRAIPerson, Organization,

Financial_Instruments, Market, Location, Date_Time,

IXEESLOREAII MBI

Person (A¥)) : BERIEE. ESKE. SH. HEAYNERE,

Organization (4H) : I8RENT). SN, HEETWESE.

Financial_Products (£RlF=5) : GIEERRTIRESR. FHER. ESEMR. . .

Market (545) : HEEAOF-AVakTVERI, A0RHY. BER. ETRES.

Location (MEEMUE) : SBHREAVMIENE.

Date_Time (HHEI/RIE) @ XBHRIENSR, WWRAHH. REASAS. GFEEARE (A0"2025828108") . &4 (W1"20214") | &
[EFEE (AN'FE. SERE") . ZE (10'Q12024") | UREMENEERA @0EE. " "BE=ENA") E5.

<HEKHIE>

FB: @RFARIIBRGRE MR SEXREISHISEET (REXEER) . RELAEGR, FohSAENEIEFZEER
BIF, BIRSARNEIAEFSAESSWEFNRINAR, LAGRSMNH2.98(Z7T

<HBRFIE>

BR:

1. ERIRE: FTEHINSEASREICR, MHTEE, BEEISHSREN, BREED.
2. BEFIH : RERSIANIRFRIRENLAR, B IR SRS It

3. LA AT L JSON, FEGEHTRIBRIFE (30 json 8y ) , BEET:

{"results": [ { "type": "xxx", "text": "xxx" }, { "type": "xxx", "text": "xxx" }, { "type": "xxx", "text": "xxx" } ] }

RIS ), { "type™

1@- {"results™: [ { "type": "Organization", "text": "2R/FEEH" }, { "type": "Organization", "text": " .
inancial_Instruments”, "text": " (g

"Organization", "text": "ETZR/A" }, { "typ rganization”, "te:
F|/EEAR) "), { "type": "Organization”, "text": "FR5Iw=" }, { "type": D EXERLL" }, { "type":
"Financial_Instruments", "text": "WREK" }, { "type": "Organization", "text": " }, { "type": "Organization", "text": "{5 XFE
Ak" 3, { "type": "Financial_Instruments", "text": "/J$S{VIBEITUEEINAEE" ), { "type™: "Financial_Instruments”, "text": " EIASRE" },
{ "type": "Financial_Instruments", "text": "2.981Z7%" } 1}

Figure 13: An example instance from the Financial Named Entity Recognition.

Table 7: Subdomain coverage statistics of BizFinBench, aligned with professional certification
standards.

Subdomain Samples | Subdomain Samples
Financial Statement Extraction 3,628 | Risk Propagation Reasoning 549
Market Trend Forecasting 2,860 | Regulatory Compliance Reasoning 95
Financial Indicator Computation 2,600 | Policy Impact Forecasting 31
Business Decision Reasoning 1,835 | Valuation Model Calculation 52
Financial Analysis Reasoning 1,178 | Risk Quantification 118
Market Announcement Extraction 2,618 | Business Metric Forecasting 84
Textual Relation Extraction 319 | Business Data Calculation 259
Regulatory Document Extraction 48 | Financial Instruments 168
Risk Event Forecasting 351 | Legal & Regulatory Clauses 93
Basic Concepts 623 | Business Processes 17
Bond Duration 3

Table 8: Comparative Evaluation of Judgment Methods Across Different LLM Judges

Methods Financial Data Description  Financial Tool Usage
LLM as a judge (GPT-40) Spearman: 0.4848 Spearman: 0.8000
Ours (GPT-40) Spearman: 0.5684 Spearman: 0.8667
LLM as a judge (DeepSeek-V3) Spearman: 0.4685 Spearman: 0.7500
Ours (DeepSeek-V3) Spearman: 0.4830 Spearman: 0.7833
LLM as a judge (Gemini-2.0-Flash) Spearman: 0.3763 Spearman: 0.7333
Ours (Gemini-2.0-Flash) Spearman: 0.4087 Spearman: 0.8167
LLM as a judge (Qwen2.5-72B-Instruct) Spearman: 0.3112 Spearman: 0.7000
Ours (Qwen2.5-72B-Instruct) Spearman: 0.4282 Spearman: 0.7500
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Financial Tool Usage

/i%’fE}EFﬁFE@%A*DIEEER\‘J%%EIEEFHF', EAILLEEEARINB T AR, (RAILURIRapiEHREILR. Tﬁz%ﬁﬁ%**ﬂﬁlﬁapiﬁﬂféé.\

EFRFEK:
1. 757 Thought' FIRMYRAIBEIRE, BIEAFEESHT, E&EMapi, {AVERapi.
2. AEEESARAPIERERENER, ﬁ@ﬁﬁl’,{?%‘tﬁ{%ﬁﬁ?%ﬂﬁi}ﬂﬁﬁ%%:
- Action: EERARIAPIZFR,
- Action Input: FEFBAPIFTRHISHIER, HzL/9JSON.,
fgn :
Action: “api_name_A”"
Action Input: {"parameter_name_A.1": “parameter_value_A.1", ...}
Action: “api_name_B"
Action Input: {“parameter_name_B.1”: “parameter_value_B.2",
3. APIZARIEHFEREER, BER L RAPTERRENSHEEN F—RAPEBSHE. HE
“previous_API_name.return_parameter_name"{EAFTAPIERENSEE.
4 MEAFHERAIERBRAPIIER TEEIRRE, AR EMAPIERR. MIERIT:
Thought: {REIBEITFE]
5. IRATEAPISFRINIS SIS SIRHAIAPHSRRT—5, SEERNM ETRXXHRIRE, R,
6. EEAIHE: 20255F1 5198, £HH.

LI RIRAILAEFRYapi RESHFIZ: [

"name": "FinQuery",

"description”: "SRFIREIATE, ATRBURAEXIISRIENE, Ill]r—i&“!l?% VSR 1TIEE0E. RBHE. PTAKFEIE. BiER
&, ZERE. K. Bk, ES. 1B B, TR B5E

"required_parameters": [{"name": "indicators", "type": "array", "description": "EEEIINSREIFFIR (FIA0: [AAPLEYL, FRE500mh
BE) , 38 SEPAEANEEE, MStEmET time_range S4UEE, "),

"optional_parameters": [{"name": "company_identifier","type": "string","description": "ATZFREARZREZ (HI20: 'Apple
Inc.' 8% 'AAPL') , TEEIAIEIAEY, MRSRATSHRERENTT, WATRENTEFRHMRENIG, "{"name": "time_range",

"type": "string”, "description": "EifHIRTIESEE, XIFSHMET: BANEHIN2022, FHTEEN2022-2023', BANFEIN2022Q1,. FESE
El4N'2022Q1-2023Q4", BEANB#HE0'2022-01'. B45EEN'2022-01-2023-12', B HERIN'2022-01-01'. HEFEEIAN'2022-01-01-2023-12-
31", TEXIASIEA Iast 5 years', last 3 months', 'last 7 days'. EAIABIESEEast 1 year'. MRFRRMIZSH, WEAEDRE—FAEIE. I
FEImEls (MTEEUE. Z40E) , EINGER last 7 days' 5 'last 1 month', Y],

"return_info": [{"name": "data","type": "object","description": "ERIIESRIENE, LEIWKERIRE, ")

gt

{
"Thought": "{REEE(FHIDEF DT HEHENAFNAAN, REURNBELRE, SERFPEEDY, E5EMAapi, WEEHap",
"Actions": [{"Action": "EiEFIRIAPI_AEZFR", "Actioninput": {"#ZIEFERIAPI_ARISEL": "(H"}}.{"Action": "EEFERIAPI_BE

FR", "Actioninput": {"#ZAFIRIAPI_BRIS " "E")}...]

}

TEEBFIEATDENEER:
{User": "SRAREBAIRRREEBHAZLG? 1}

\E}!’Eﬁﬁmﬂjffﬁiﬁﬁi, BHIRAIThoughtFActions!

(o

{
de_cp | Thought: APEEFMBMNBIRAIREERM. N7 EER NP, HRZRAPublicCompanyinfo APIRIRENHEE
HRAER, FhIRsERLER. "
"Actions": [
{
"Action": "PublicCompanylInfo”,
"ActionInput": {
"stock_code": "FRAREEI",
"info_type": "IRIRIER",
"time_range": "last 1 month"

)
~

Figure 14: An example instance from the Financial Tool Usage.
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Anomalous Event Attribution

s
FERE—AMANEERTIANSRNEER, FEET<MNEF<AE>EREERFERE, AHSHARRRNEE.

(REEE TEHIRSAIETIRA HIPL AR S T PR R EE2025-03-28 4%,

WZID|  ASRE HEIFE

1 loozatram 1og| OB BRABHILIOTRA 2 AT AR B RS 00 B AR R, . WEErREoR. A
651, FREREERETEMNASAIREOE..

2 |ozsEogosg BB IRMEEHIMETH, SIKDERE. DEMERRAESHIOR, THEETS. 2N RERREE
FIEA, HUEETEX...

3 [20255F3R27H|ER ARMUSETIARIR7.2388, B E—325% HTFH#1005...

4 |ozsEagorg| R ASIE TR ISEL MR HITRIIRE 1%/, FHEIsHR AR SRR SRR TR
Re., NERETIA28RHIESM. .

5 |oooseag g ENERNEEIARTRE, SEMESEBEES. FHNCILIME. MEERIHER, TOER. Tl [
. AA BRARERE RESAESE B, Fhe..

6 |ozsam ep SRIIREHIABSEY T, ESGEERHERL2%, FIBOCR. HALHA. RBLBHIBITHAE
%, FEMERALHG.

7 hozetpamrapFES IR ERI SRS, EEISEN. USNE. TUARS, WIHRERERANE, EEK
B B EBRRA ST R .

o | 202smageg PETHERRSENGH. FIKR. KOORA. ASERERVARN, Hit. FORSEREN; BESNED
AT RS SHER.

9 |p02amomosm|POFEREE TERS.06%, 746070/, MiBZ3726737T, EAFML2710TT. AREERMIRSEE "R SRS
RE6,878.82F57T, 1$FIESR4,861.8957T...

10 |2024tE2 23 g | RFRERLEEKS.41%, 742970/, PRAE3326757T. EAFMLBTT. AREEWSHMF IR Mt AH
€. UWIRETRI=ZEERHE, $SIRKE...

" s SHRBRER, FEFFE. TSR,

12 | 202552870 IAHERRRIIE F3K0.82% , IESHRITEK12.41%, ENERLS6457T, (BERERASS0HTT. AI=Z=EEK14.5612
7T, #FIELIEK238.5%. .

13 borseraprep|PARBEENTAEE, wrAE RAREAREAE, AR, R R, T
i ALTEE, RESHER..

10 bozstrapzonMEEMEMRGIER. RINERA, BU. MEIIISRST. SOUEASKR. BEBR. AREAS
EEEHR, CUTREESERHESEN.

15 [20255F3F 1B |MERES, BREER. REERT...

16 | 202553818 BT REE A BRI R BB PR EkEEGSM-RELEUGIREIE, £811920.357T, BInANFEREZITHER.
BEHFRREB1791.71%...

17 o2atEag 7| POPEHBEMER S, FRRATRT. KR, SESTIL. SRTESHERRR, DRBRREER, 8
AENERRRRIEESERE...

AHEER: B AR L JSON, AR SHAUIBRITE (30 “json &) :
{ "EXHERFS" [SERSRNDHER>], "RIEDHT: "<BRERISTEE>" )

(. J
e N
Y
"HERHRERFS" [4,11],
"BIRSH": IRl 202553 528 HEMERE, EERE3IA27H A SR HIRIRHITO1 %RNHLEMR (BE
4) , {EHBRREILLA FIFHR BN EF~RESFERE. BNAS1ETN SMEESHE XE, 5IRMESHE
= "
1
\ J

Figure 15: An example instance from the Anomalous Event Attribution.
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Emotion Recognition
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Figure 16: An example instance from the Emotion Recognition.
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Stock Price Prediction
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Figure 17: An example instance from the Stock Price Prediction.
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Question:
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Answer: A
(A) An example from the numerical calculation dataset in Fin-Eva Version 1.0
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(B) An example from the numerical calculation dataset in BizFinBench

Figure 18: An Chinese Version of the Comparison of Numerical Calculation Questions in Fin-
Eva|Team|(2023) and BizFinBench

27



	Introduction
	Related Work
	Financial Evaluation Benchmarks
	Financial Large Language Models

	BizFinBench
	Data Construction
	Statistics
	Knowledge Depth and Breadth Analysis
	IteraJudge: An Incremental Multi-Dimensional Evaluation Framework

	Experiments
	Evaluated Models
	Experiment Setting
	Main Results
	IteraJudge Ablation Experiments

	Conclusion
	Use of LLMs
	Limitations
	JSONL Output and Evaluation Protocol
	Model detail
	Instruction
	Dataset details
	Dataset example
	Additional Tables for Knowledge Analysis
	Additional Experimental Results
	Other

