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Abstract

Large language models (LLMs) have achieved
remarkable performance on various NLP tasks,
yet their potential in more challenging task
like finance, has not been fully explored. In
this paper, we present CFinBench: a meticu-
lously crafted, the most comprehensive eval-
uation benchmark to date, for assessing the
financial knowledge of LLMs under Chinese
context. In practice, to better align with the
career trajectory of Chinese financial practi-
tioners, we build a systematic evaluation from
4 first-level categories: (1) Financial Subject:
whether LLMs can memorize the necessary
basic knowledge of financial subjects, such
as economics, statistics and auditing. (2) Fi-
nancial Qualification: whether LLMs can ob-
tain the needed financial qualified certifica-
tions, such as certified public accountant, se-
curities qualification and banking qualification.
(3) Financial Practice: whether LLMs can ful-
fill the practical financial jobs, such as tax con-
sultant, junior accountant and securities ana-
lyst. (4) Financial Law: whether LLMs can
meet the requirement of financial laws and reg-
ulations, such as tax law, insurance law and
economic law. CFinBench comprises 99,100
questions spanning 43 second-level categories
with 3 question types: single-choice, multiple-
choice and judgment. We conduct extensive
experiments on a wide spectrum of representa-
tive LLMs with various model size on CFin-
Bench. The results show that GPT4 and
some Chinese-oriented models lead the bench-
mark, with the highest average accuracy being
66.02%, highlighting the challenge presented
by CFinBench. All the data and evaluation
code are open sourced at https://cfinbench.
github.io/.

1 Introduction

Recently, there has been a significant advancement
in LLMs, exemplified by the representative mod-
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els like ChatGPT (OpenAl, 2021), GPT4 (Ope-
nAl, 2023), LLaMA (Touvron et al., 2023a,b;
Meta, 2024), Baichuan (Yang et al., 2023a), In-
ternLM (Team, 2023) and ChatGLM (Zeng et al.,
2022), etc. At the same time, the corresponding
evaluation works for LLMs are flourishing and a
series of evaluation benchmarks have been pro-
posed like MMLU (Hendrycks et al., 2020), C-
Eval (Huang et al., 2024), Xiezhi (Gu et al., 2024)
and AGIEval (Zhong et al., 2023), etc. These
benchmarks have been instrumental in catalyzing
the progress of LLMs, as they enable the quantita-
tive assessment of advanced knowledge and com-
plex reasoning abilities.

Finance is the backbone of modern society, play-
ing a vital role in facilitating economic growth and
prosperity (Shiller, 2013). However, mastering the
intricacies of financial knowledge is challenging for
individuals, due to its intricate nature and dynamic
environment. Therefore, endowing LLMs with fi-
nancial knowledge is essential as it can provide
significant convenience and insight to humanity.
For example, BloombergGPT (Wu et al., 2023),
which possesses 50 billion parameters, exhibits su-
perior performance across multiple financial tasks.
Similarly, FinMA (Xie et al., 2023) is crafted by
fine-tuning LLaMA (Touvron et al., 2023a) with
the financial instruction data. Of course, a com-
prehensive financial evaluation benchmark is also
essential for financial LLMs.

Several benchmarks have been introduced for
better evaluating financial LLMs. FLUE (Shah
et al., 2022) first introduces the financial bench-
mark across 5 NLP tasks in English domain, and
its successor, FLARE (Xie et al., 2023), further
extends it with financial time-series reasoning task
like stock price movements forecasting. In addi-
tion to English domain, benchmarks in Chinese
are another one of significant importance. BBT-
CFLEB (Lu et al., 2023) presents the first Chinese
financial evaluation benchmark, which includes 6
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Figure 1: CFinBench comprises 4 first-level categories and 43 second-level categories, which are more align with

the career trajectory of Chinese financial practitioners.

datasets covering both understanding and genera-
tion tasks. FinEval (Zhang et al., 2023a) builds a
collection of 4,661 single-choice questions includ-
ing 4 first-level categories: finance, economy, ac-
counting, and certificate. However, FinEval is con-
strained by its limited size, and the category cover-
age is also inadequate for capturing the real-world
financial scenarios. Moreover, the BBT-CFLEB,
which targets the basic NLP tasks in finance, strug-
gles to provide sufficient challenges for the increas-
ingly advanced large language models.

In this paper, we present CFinBench: a meticu-
lously crafted, the most comprehensive evaluation
benchmark to date, for assessing the capabilities
of LLMs on Chinese financial tasks. The design
philosophy of our benchmark aligns with the ca-
reer progression trajectory of financial practition-
ers, which can be likened to a ’leveling up’ in a
game. Specifically, it begins with mastering the
required foundational knowledge in financial sub-
jects, followed by obtaining the necessary quali-
fied certifications, and subsequently honing skills
through practical experience in industry applica-
tions. Last but not least, compliance with financial
laws and regulations is also a crucial aspect. As
described in Figure 1, we include 4 first-level cate-
gories: (1) Financial Subject: examining whether
LLMs can memorize the foundational knowledge
in financial subjects, such as political economy,
statistics and macroeconomics, etc. (2) Financial
Qualification: examining whether LLMs can obtain
the necessary qualified certifications for financial
practitioners, such as tax practitioner qualification,
futures practitioner qualification and fund practi-
tioner qualification, efc. (3) Financial Practice:

examining whether LLMs can fulfill the specific
tasks in financial jobs, such as junior banking pro-
fessional, asset appraiser and junior statistician,
etc. (4) Financial Law: examining whether LL.Ms
can comply with the financial laws and regulations,
such as securities law, insurance law and economic
law, etc. CFinBench are primarily sourced from
the mock exams and financial reports freely avail-
able on the Internet. To enhance the quality and
diversity of the benchmark, and mitigate the prob-
lem of data contamination, we perform a series of
rigorous data processing pipelines, encompassing
data cleaning, internal and external de-duplication,
LLM-assisted rephrasing, option shuffling, and
multi-round human-in-the-loop cross-validation.
CFinBench comprises 99,100 questions spanning
43 second-level categories with 3 question types:
single-choice, multiple-choice and judgment.

We conduct extensive experiments on a wide
spectrum of representative LLMs with various
model size on CFinBench. The results show that
GPT4 and some Chinese-oriented models like
Qwen (Bai et al., 2023), Yi (Young et al., 2024),
and XuanYuan (Zhang and Yang, 2023), etc. lead
the benchmark, with the highest average accuracy
being 66.02%, highlighting the challenge presented
by CFinBench. It also indicates that there is still
significant room for improvement in current Large
Language Models (LLMs) within the Chinese fi-
nancial domain.

2 Related Work

Financial LLMs The advent of ChatGPT (Ope-
nAl, 2021) marks a significant milestone in nat-
ural language processing (NLP), demonstrating
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Table 1: Comparison of the proposed CFinBench with other Chinese-oriented financial benchmarks.

Benchmark #Test Questions #Categories #Question Types Task
BBT-CFLEB (Lu et al., 2023) 20,416 6 4 Basic NLP
CGCE (Zhang et al., 2023b) 150 4 1 QA
CFBenchmark (Lei et al., 2023) 3,917 8 3 Basic NLP
FinEval (Zhang et al., 2023a) 4,661 34 1 Advanced Knowledge
FinancelQ (Zhang and Yang, 2023) 7,173 36 1 Advanced Knowledge
Ant-Fin-Eva (Group, 2023) 8,445 33 1 Advanced Knowledge
CFLUE (Zhu et al., 2024) 16,522 33 6 Advanced Knowledge & Application
CFinBench 99,100 43 3 Advanced Knowledge

the remarkable capabilities of large language mod-
els with billions of parameters across a diverse
range of tasks. This progress is further ampli-
fied by the release of GPT4 (OpenAl, 2023),
which exhibits even greater generalization abili-
ties. There have also been studies that are dedi-
cated to adapting LLMs to the financial domain.
BloombergGPT (Wu et al., 2023), the first propri-
etary LLM comprising 50 billion parameters, has
been meticulously tailored for the financial domain.
The successors like FinGPT (Yang et al., 2023b)
and FinMA (Xie et al., 2023) introduce the finan-
cial LLMs based on fine-tuning LLaMA, by means
of low-rank adaptation or full-parameters. Also,
the Chinese-oriented financial LLMs like DISC-
FinLLM (Chen et al., 2023a), CFGPT (Li et al.,
2023b), XuanYuan (Zhang and Yang, 2023) and
YunShan (Wang et al., 2023), efc. have also demon-
strated excellent performance across multiple Chi-
nese financial tasks. At the same time, to objec-
tively and quantitatively measure the capabilities of
LLMs, a comprehensive and thorough evaluation
benchmark is crucial.

Financial Benchmarks FLUE (Shah et al.,
2022) first introduces a financial evaluation bench-
mark across 5 NLP tasks in English context, and
its successor, FLARE (Xie et al., 2023), further
includes financial time-series reasoning task like
stock movement prediction. The FinBen (Xie et al.,
2024) reorganizes 35 public English datasets across
23 financial tasks into three spectrums of difficulty.
For the Chinese domain, BBT-CFLEB (Lu et al.,
2023) presents the first Chinese financial evalua-
tion benchmark, which includes 6 datasets cover-
ing both understanding and generation tasks. By
integrating FLARE (Xie et al., 2023) and BBT-
CFLEB (Lu et al., 2023), ICE-FLARE (Hu et al.,
2024) enables the evaluation of bilingual financial
tasks. CFBenchmark (Lei et al., 2023) assesses
the text processing capabilities across recognition,

classification, and generation tasks. CGCE (Zhang
et al., 2023b) incorporates 200 general and 150
finance-specific question-answering questions. The
recent study of CFLUE (Zhu et al., 2024) builds
the datasets tailored for both knowledge assessment
and application assessment. By the way, the most
similar works to ours are FinancelQ (Zhang and
Yang, 2023) and FinEval (Zhang et al., 2023a). Fi-
nancelQ (Zhang and Yang, 2023) encompasses 10
primary categories, including economists, securi-
ties professionals and actuaries, etc. with a total
of 36 subcategories and 7,173 single-choice ques-
tions. FinEval (Zhang et al., 2023a) includes four
primary categories, i.e., finance, economy, account-
ing, and certificate, with a total of 34 subcategories
and 4,661 single-choice questions. However, the
two benchmarks are limited in size. In contrast, the
proposed CFinBench is more comprehensive, com-
prising a more reasonable dimension of financial
abilities, with a total of 99,100 questions across
3 question types. The detailed comparison of the
CFinBench with other Chinese-oriented financial
benchmarks is summarized in Table 1. It is worth
highlighting that we are not a aggregation of exist-
ing benchmarks, but rather a significant supplement
from the perspective of professional practitioners in
terms of advanced knowledge and complex reason-
ing, which, in conjunction with preceding bench-
marks (Shah et al., 2022; Lu et al., 2023; Zhang
et al., 2023a; Lei et al., 2023; Zhu et al., 2024),
foster the development of financial LLMs.

3 CFinBench

In this section, we first introduce the overall de-
sign principle of the proposed benchmark, then we
elaborate the taxonomy of CFinBench including
financial subject, financial qualification, financial
practice, and financial law. The detailed process
of data construction including data sources, data
processing and human cross-validation is also pre-
sented at the end.
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1E R FI% T IRFIBR AR iR
JIBe ) 5 ) 2 o ] 5 A7) 6
By MRBLRRS$BE 55 KR o
SERARIE

In the following statements about
dividend policy, a fixed proportional
relationship is maintained between
dividends and profits, reflecting the
relationship between risky
investments and risk-return parity:
A 8 58 A ST R BUR

Fixed dividend payout ratio policy
B. A BUR

Residual dividend policy

C.ARIEH M F AN Ao s F B 5
Low normal dividend plus bonus
dividend policy

D. [ 5 A B3

Fixed dividend policy

EHE: A

Answer: A

FERARAT R H AT, B PEAFIL4:30003 70, 1ERAT 147 ik # 42K F 41180075 7C,
Horh g e A R e 428005 76 i RMVAR T E IR, B RDNE AR SRSk B A ().
At the end of business on a certain date, a commercial bank has 3 million yuan in cash on hand for
operations and a reserve account balance of 18 million yuan at the central bank, of which 8 million
yuan is legal reserve. In the course of the commercial bank's operations, the factors that caused the
position to decrease due to interbank transactions is ().

A. HABATI A4 Transfer of funds from other banks

B. [EMLAERAE S Interest expense on interbank transactions

C. L4477 ¥% 4  Funds transferred from parent bank

D. 26 L ARAT £ 3K Repayment of central bank loans

E. 5¥#= F VP& Loan Credit Assessment

%Z‘é: BC

Answer: B C

(b) Example of multiple-choice questions in Junior Economist.

(e N RILAE RV ARATVE) IE “RNLRAT SR, AR AR SR AHE0R” o B, BIfEfE
ARG R, ALBREESERAES), BBaFAHE0R.
The Law of the People's Republic of China on Commercial Banks stipulates that "the borrower shall
provide security for loans made by commercial banks". Therefore, even if the borrower has excellent
creditworthiness and sufficient ability to repay the loan, he or she must provide a guarantee.

BR: iR
Answer: Wrong
(a) Example of single-choice questions
in Industrial Economics.

(c) Example of judgment questions in Banking Law.

Figure 2: Examples of 3 types of questions. English translations are shown in blue for better readability.

3.1 Overview

The motivation of CFinBench is to evaluate the fi-
nancial knowledge of large language models in
the context of Chinese. Inspired by predeces-
sors (Huang et al., 2024; Fei et al., 2023; Zhang
et al., 2023a), we also focus on the advanced knowl-
edge and complex reasoning abilities, which, com-
pared to traditional NLP capabilities, pose a greater
challenge to the increasingly advanced LLMs of to-
day. In practice, we build CFinBench based on the
real-world examination questions used in China for
assessing financial professionals across multiple
dimensions. We include 3 question types: single-
choice, multiple-choice and judgment, as exempli-
fied in Figure 2. Compared with the single-choice
questions alone in most existing works (Zhang
et al., 2023a; Zhang and Yang, 2023; Clark et al.,
2018; Group, 2023; Huang et al., 2024), a broader
range of question types can more comprehensively
assess the capabilities of LLMs. Specifically, for
single-choice questions, each question has four op-
tions, with only one correct answer. For multiple-
choice questions, each question has four or five
options, with at least two correct answers. For
judgment questions, each question requires a direct
judgment of whether the statement is correct or
wrong.

3.2 Taxonomy

In the evaluation of large language models, a di-
verse array of tasks is often preferred to compre-
hensively assess their capabilities. A hierarchical
evaluation framework enables a more nuanced un-
derstanding of the abilities of LLMs. Instead of cat-

egorizing the financial tasks solely based on their
subjects (Zhang et al., 2023a; Zhang and Yang,
2023), we thoroughly explore the characteristics of
Chinese financial system, and reorganize the finan-
cial tasks into more reasonable categories. Specifi-
cally, the process starts with acquiring fundamental
knowledge in financial subjects, followed by pass-
ing essential professional qualifications, and subse-
quently refining skills through practical experience
in industry applications. Additionally, adherence
to laws and regulations is also a critical aspect. In
practice, we include 4 first-level categories and 43
second-level categories, which are summarized in
Figure 1.

* Financial Subject: The purpose of the finan-
cial subject is to test whether LLMs can mem-
orize the essential foundational knowledge in
financial subjects. Specifically, 11 subjects
are included: Political Economy, Western Eco-
nomics, Microeconomics, Macroeconomics,
Industrial Economics, Public Finance, Interna-
tional Trade, Statistics, Auditing, Economic
History, and Finance. These subjects provide
a comprehensive framework for understand-
ing the intricacies of economic systems, mar-
ket structures, and financial institutions.

* Financial Qualification: The objective of the
financial qualification is to examine whether
LLMs can obtain necessary qualified certifica-
tions for finance professionals. We include 8
qualifications: Tax Practitioner Qualification,
Futures Practitioner Qualification, Fund Prac-
titioner Qualification, Real Estate Practitioner
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Qualification, Insurance Practitioner Qualifi-
cation, Securities Practitioner Qualification,
Banking Practitioner Qualification, and Cer-
tified Public Accountant (CPA). By obtain-
ing these qualifications, professionals can en-
hance their knowledge and skills in areas such
as financial analysis, risk management, and
financial planning.

Financial Practice: Financial practice is
to examine whether LLMs can fulfill the
specific tasks in practical financial jobs.
We include 13 jobs: Junior/Intermediate
Auditor, Junior/Intermediate Statisti-
cian, Junior/Intermediate ~ Economist,
Junior/Intermediate Banking Professional,
Junior/Intermediate Accountant, Tax Consul-
tant, Asset Appraiser, and Securities Analyst.
These practices involve the application
of financial concepts and techniques to
real-world problems, requiring professionals
to possess a deep understanding of financial
markets, instruments, and regulations.

Financial Law: The purpose of financial law
is to test whether LLMs can comply with fi-
nancial laws and regulations. Specifically, it
includes 11 exams of laws: Tax Law I/II, Tax
Inspection, Commercial Law, Securities Law,
Insurance Law, Economic Law, Banking Law,
Futures Law, Financial Law and Civil Law.
These laws provide the legal foundation for
financial transactions, investments, and opera-
tions. Proficiency in financial laws can reduce
the occurrence of illegal activities.

3.3 Data Construction

3.3.1 Data Sources

Our dataset is primarily sourced from publicly ac-
cessible channels like mock exams on internet, pub-
lic books on economics and law, announcements
and financial reports of listed companies, financial
articles and news, etc.

3.3.2 Data Processing

The collected data come in various formats, in-
cluding PDF, EPUB, Microsoft Word documents
and web pages. Documents in PDF format and
EPUB format are parsed into text using PyMuPDF!
and EbookLib? respectively. We standardized all

"https://github.com/pymupdf/PyMuPDF
Zhttps://pypi.org/project/EbookLib/

single-choice questions to have exactly four op-
tions, excluding those with fewer options and ran-
domly removing excess wrong options from those
with more than four. Similarly, for multiple-choice
questions, to maintain uniformity, we only retain
questions with four or five options.

Following predecessors (Yuan et al., 2021;
Penedo et al., 2023; Wei et al., 2023; Huang et al.,
2024), all the collected questions go through a stan-
dard data preprocessing pipeline including cleaning
and de-duplication. For data cleaning, we first re-
move non-Chinese paragraphs with the inexpensive
n-gram models like fastText (Joulin et al., 2016).
Then a series of filtering rules and heuristics are
performed, such as only keeping lines with valid
punctuation, discarding consecutive newlines and
whitespace characters, or removing unsemantic and
garbled lines. For data de-duplication, we adopt
MinHash algorithm (Broder, 1997) for internal de-
duplication and de-duplication with external public
data (Zhang et al., 2023a; Zhang and Yang, 2023;
Group, 2023; Information, 2023; Lu et al., 2023;
Zhu et al., 2024).

To enhance data diversity and mitigate data con-
tamination problem, we also adopt the strategy of
question rephrasing based on GPT4 (Wang et al.,
2022; Xu et al., 2023). We observe that the col-
lected raw data exhibits a significant class imbal-
ance, with a notable scarcity of judgment questions
and a substantial surplus of single-choice questions.
To address this issue, we prompt GPT4 to rephrase
a portion of the single-choice questions into judg-
ment questions, while maintaining semantic consis-
tency, as exemplified in Figure 3 (a). Furthermore,
to mitigate the problem of data contamination, we
first randomize the option order (Berglund et al.,
2023). In practice, this includes both random shuf-
fle and ’farthest option swapping’, where the cor-
rect option is exchanged with the incorrect option
that is farthest away. Subsequently, we prompt
GPT4 to rephrase the questions based on the shuf-
fled options, similarly preserving semantic consis-
tency, as exemplified in Figure 3 (b).

3.3.3 Human Cross-Validation

In order to ensure the quality of the benchmark,
we establish a financial team of more than 10 peo-
ple with professional financial backgrounds and
conduct three rounds of manual verification of the
rephrased questions. Specifically, we first spend
about 2 months on the first round of verification
on the rephrased questions. During this period,
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VA BSE HH 43 W S St AN A 15
H AR () BEAT K

Fiscal expenditures are divided into
purchasing expenditures and transfer
expenditures, which are classified
according to ().

A. il BURF TSI 4

Statistics for preparing government
budgets

BB AT LT H R ME
Whether the financial expenditure is
directly compensated economically
C.HBUN i

Nature of government expenditure
DB H R

The scale of fiscal expenditure

%&: B Answer: B

THIBEIERHFZ () -

ZE: A Answer: A

VABCSE A 73 AT ST ST HH AN RS RS,
TR G BN PG BE AT 43 25
Fiscal expenditures are divided into
purchasing expenditures and transfer
expenditures, which are classified
according to the statistics used in preparing
government budgets:

A HEi% Answer: Wrong

A ARIET AN RS

(a) Example of question rephrasing ER: D Answer: D

from single-choice to judgment.

P B A7 B2 w1 (1) 24 ] R AR TR S ORON , (BAZE FI20154F4 H 25, %A Al F 22 il A SEBRABN

The articles of association of A Co., Ltd. stipulate that the number of board members is 9, but as of April 25, 2015,
the number of board members of the company is actually 5. Which of the following statements is correct ( ):
A, %] R TE2015476 H 25 H B H T IR i 4K 2

The company should hold an extraordinary general meeting of shareholders before June 25, 2015

B. 1%/ 7] M 24 7E20154E5 F 25 H i 4 TF Il B AR K2

The company should hold an extraordinary general meeting of shareholders before May 25, 2015

C. ZAF AR ERAE N E R NI S (AR1E) MRE

The number of board members specified in the company's articles of incorporation does not comply with the
provisions of the Company Law

D. %A H W AR BFFIGR IR AR K2

The company may not convene an extraordinary general meeting of shareholders

FFRAR AT PR B B 2 PR D A% IR A A SRR E WON, (B E20154F4 H 25 HAXAS A . FAIBEIERTZ () :
The number of board members of A Co., Ltd. is 9 according to the company’s articles of association, but as of April
25, 2015, there were only 5 members. Which of the following statements is correct ( ):

The company does not need to add directors

B. A7l RF201544 25 H & — AN 4 HIT I B AR R &

The company should hold an extraordinary general meeting of shareholders within one month after April 25, 2015

C. A FRHUE MR N & (ARIE)

The number of board members specified in company's articles of association does not comply with Company Law
D. /AR T-20154F4 A 25 H JG WA A P B FF IR i 4R K 2%

The company should hold an extraordinary general meeting of shareholders within two months after April 25, 2015

(b) Example of single-choice question rephrasing with ‘farthest option swapping’.

Figure 3: Examples of question rephrasing. English translations are shown in blue for better readability. In each
example, the top is the original question, and the bottom is the rephrased question.

about 20,000 questions with obvious quality are
discarded. About 70,000 questions with high qual-
ity and high confidence in the correctness of the
answers are retained. In addition, about 35,000
questions for which it is difficult to determine the
correctness of the answers in a short time are re-
served for the next round of verification. In the sec-
ond round of verification, we spend about another
month carefully proofreading and verifying the
questions, and produce about 30,000 high-quality
questions. Finally, the final approximately 100,000
questions undergo a third round of random sam-
pling and verification over 10 days to further im-
prove the quality. The statistics of the final dataset
are summarized in Appendix D.

4 [Experiments

4.1 Setup

Data Split We randomly split the questions into
a development set, a validation set, and a test set
within each second-level category. The develop-
ment split per category consists of three examples
to facilitate few-shot evaluation. A portion of the
development examples are also annotated with de-
tailed explanations to enable few-shot chain-of-
thought settings (Wei et al., 2022). The validation
set and test set are divided in a ratio of 2:8, where
the validation set is for hyperparameter tuning and
the test set is for full evaluation.

Inference Details We employ the OpenCom-
pass (Contributors, 2023) framework to perform
model inference. Specifically, during the genera-

tion process, we set both the temperature and the
top p to 1.0, and employ greedy decoding. The in-
put token length is limited to 2048, and the output
token length is limited to 64, which is sufficient for
the questions of choice and judgment. Right trun-
cation is performed for input prompts exceeding
the length limitation. All models are inferred in
both zero-shot and three-shot settings, which are
exemplified in Appendix C.

Evaluation Metrics We adopt accuracy to mea-
sure the match between model prediction and gold
answer. Specifically, for single-choice questions, if
multiple valid options are predicted by the model,
we only select the first option as the final answer
predicted by the model. For multiple-choice ques-
tions, if any of the options predicted by the model
are not among the gold answer, we directly classify
it as wrong. Otherwise, we score it based on the
number of predicted answers (out of a full score
of 1). Considering that the judgment questions
are relatively simple and usually score higher, we
appropriately reduce the weight of the judgment
questions to calculate the final score more reason-
ably, i.e., final = 0.4 x single+0.4 x multiple +
0.2 X judgment.

4.2 Models

To give a comprehensive view of the status of
LLMs in a Chinese financial context, we evalu-
ate a wide spectrum of large language models,
as depicted in Table 2. Specifically, open-source
LLMs from various families are included, includ-
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Table 2: The accuracy (%) on the test split under the answer-only setting. x represents the finance-specific LLMs.

Model Subject Qualification Practice Law Average
0-shot  3-shot 0O-shot 3-shot 0-shot 3-shot 0-shot 3-shot 0O-shot 3-shot
API Call
GPT4 58.62 5847 5834 57.09 5756 56.37 5520 55.15 5743  56.77
ChatGPT 39.58 40.86 43.15 4256 40.86  40.51 38.18 38.83 4044  40.69
Size > 65B
Qwen2.5-72B 66.32 67.17 64.67 6544 6574 6691 63.25 6457 65.00 66.02
XuanYuan2-70B-Base*  53.56 59.96 53.36 56.27 53.55 58.05 4827 5248 52.19 56.69
Llama3-70B 50.75 56.27 4752 5235 4517 5124 4462 4926 47.02 52.28
DeepSeck-67B-Base 4576  52.03 44.61 50.57 4395 49.16 4287 47.01 4430  49.69
Tigerbot-70B-Base 4322 5213 43,15 4842 40.32 46.00 38.56 4587 41.31 48.11
Size ~ 30B
Qwen2.5-32B 61.77  63.31 62.03 6444 6042 6225 58.61 61.17  60.71 62.79
Yil.5-34B 58.62 6144 5830 6091 5726 59.75 55.16 58.55 5734 60.16
10B < Size < 20B
Qwen2.5-14B 56.18 59.55 5837 62.08 56.64 60.13 5558 58.71 56.69  60.12
InternLM2.5-20B 52.41 5497 5474 5759 53.07 5642 5124 5429 5287 5582
XuanYuan-13B-Base* 40.87 4432 41.64 47.68 4230 4656 41.73 4575 41.64  46.08
Phi3-14B-Instruct 4495 4246  46.12 43.60 4426 4083 42.17  39.61 4438  41.63
Baichuan2-13B 29.16  41.13 3425 4419 3127 40.63 3144  40.05 31.53  41.50
Skywork-13B 3466 39.24 37778  43.88 36.22 4090 3639 41.38 3626 41.35
DISC-FinLLM-13B* 3742 3946 4259  38.8l1 3832 39.89 39.09 38.35 3936 39.13
Tigerbot-13B-Base 3283  34.09 3536 39.21 33.09 3587 33.75 3552 3376  36.17
Llama2-13B 30.24  32.15 3142 3518 29.35 3192 2948 3433 30.12 3340
5B < Size < 10B
Qwen2.5-7B 56.27 58.41 54.13 5628 5525 5847 5353 5626 5480 57.36
YunShan-7B* 52.65 53.00 52.61 51.79 5333 5277 5252 5223 5278 5245
InternLM2.5-7B 52.31 54.67 5026 5322 5149 5385 49.55 51.62 5090 53.34
Yil.5-9B 47.85  50.51 5045 51.03 4826 4920 4641 47.03 4824 4944
Qwenl.5-7B 46.26  49.18 4797 5028 4652 4793 4466 46.04 46.35 48.36
ChatGLM3-6B-Base 46.56  46.41 4752 4945 46,56 4820 43.62 4505 46.07 47.28
XuanYuan-6B-Base* 3999 41.65 4430 4587 4270 4391 41.70  42.81 42.17  43.56
Llama3.1-8B 33.54 40.38 34.87 41.25 3254 3947 3524 4127 3405 40.59
Baichuan2-7B 30.22 37.23 3556 4135 3130 3733 2959 3749 31.67 38.35
Mistral-7B 2946  35.63  29.11 37.56  28.75 3587 2839 3434 2893 3585
CFGPT1-sft-7B-Full* 3245  33.73 34.41 3392 3280 3293 3348 35.05 33.29 3391
FinMA-7B* 23.71 2274 2492 2586 2271 20.71 2234 2352 2342 2321
Size < 5B
Qwen2.5-3B 40.15 4453 4620 47.01 42,52 4387 4223 4481 4278  45.06
Phi3.5-3.8B-Instruct 41.37 4050 4348 4412 40.75 4098  40.80 4277 41.60  42.09
YunShan-1.5B* 3506 37.36  39.19 41.61 38.17 3995 38.08 4032 37.63 39.81
InternLM2.5-1.8B 30.60 35.12  36.81 37.66  31.02 3259 3356 34.18 33.00 34.89
Gemma2-2B 22.16 3098 2278 32,58 21.83 2999 2348 3097 2256 31.13

ing Llama (Touvron et al., 2023b; Meta, 2024),
Qwen (Bai et al., 2023), ChatGLM (Zeng et al.,
2022; Du et al., 2022), Baichuan (Yang et al.,
2023a), InternLLM (Team, 2023; Cai et al., 2024),
Phi (Gunasekar et al., 2023; Li et al., 2023c; Ab-
din et al., 2024), DeepSeek (DeepSeek-Al, 2024),
XuanYuan (Zhang and Yang, 2023), FinMA (Xie
et al., 2023), Gemma (Team et al., 2024), Tiger-
Bot (Chen et al., 2023b), Skywork (Wei et al.,
2023), Yi (Young et al., 2024), Mistral (Jiang et al.,
2023), DISC-FinLLM (Chen et al., 2023a) and
CFGPT (Li et al., 2023b). We classify models into

different categories according to their size. Con-
sidering the legal issues, we only report the results
of two API-based LLMs, i.e., ChatGPT (gpt-3.5-
turbo-0125) and GPT4 (gpt-4-turbo).

4.3 Results

In Table 2, we report the 0-shot and 3-shot accu-
racy of each first-level category on the test split
under the answer-only setting. As can be seen, the
Chinese-oriented Qwen2.5-72B (Bai et al., 2023)
lead the benchmark, with an average accuracy
reaching 66.02%. In addition, the accuracy of some
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other models like Yil.5-34B (Young et al., 2024),
XuanYuan2-70B-Base (Zhang and Yang, 2023) and
GPT4 (OpenAl, 2023) also exceed 56%. In the size
range of 10B-20B, Qwen2.5-14B (Bai et al., 2023),
InternLM2.5-20B (Cai et al., 2024) and XuanYuan-
13B-Base (Zhang and Yang, 2023) are in the lead,
with average accuracy exceeding 46%. Notably,
in the size range of 5B-10B, Qwen2.5-7B (Bai
et al., 2023) and the Chinese finance-specific model
YunShan-7B (Wang et al., 2023) is in the absolute
leading position, with an accuracy of over 52%,
which is even higher than the accuracy of some
70B models. Also, Yil1.5-9B (Young et al., 2024),
Qwenl.5-7B (Bai et al., 2023) and ChatGLM3-
6B-Base (Zeng et al., 2022; Du et al., 2022) also
achieve the accuracy over 45%. During the size
range of less than 5B, Qwen2.5-3B (Bai et al.,
2023) is the only model that achieves an accuracy
of more than 45%. The other models like Phi3.5-
3.8B-Instruct (Abdin et al., 2024) and YunShan-
1.5B (Wang et al., 2023) also achieve the accura-
cies of more than 39%. In conclusion, there is still
significant room for improvement.

4.4 Analysis

Few-shot examples are helpful in most cases.
As we can see from Table 2, the performance
of most models demonstrates improvement when
some examples are provided. However, in the case
of Phi3-14B-Instruct, the zero-shot setting outper-
forms the few-shot setting. We guess that this is
because the models have acquired the ability to
fully understand the questions without the need
for examples during the pre-training or fine-tuning.
The introduced examples may mismatch with their
training methodology, which leads to the decrease
in accuracy (Gu et al., 2024; Li et al., 2023a).

Scaling up the model size usually results in bet-
ter performance. In Table 2, as the model size
increases, the accuracy of Qwen2.5-3B, Qwen2.5-
7B, Qwen2.5-14B, Qwen2.5-32B and Qwen2.5-
72B increases accordingly, i.e., 45.06%, 57.36%,
60.12%, 62.79% and 66.02% respectively at the
3-shot setting. Similarly, the accuracy of Yil.5-
34B is increased by 10.72% over Yil.5-9B at the
3-shot setting. However, this does not mean that
increasing the model size will definitely improve
the performance.

Domain specific pre-training and fine-tuning
are helpful. Impressively, two finance-specific
models XuanYuan (Zhang and Yang, 2023) and

Acc (%)

Subject
Qualification
Practice

36 Law

(a) Qwen-7b series (b) ChatGLM-6b series

Figure 4: The 0-shot accuracy changes with the itera-
tions of LLMs.

YunShan (Wang et al., 2023) achieve very com-
petitive accuracy, demonstrating a better grasp of
financial knowledge. This can be attributed to the
fact that both models are mixed with high-quality
financial corpus during pre-training and fine-tuning.
We think the same is true for the general base mod-
els such as Yi (Young et al., 2024) and Qwen (Bai
et al., 2023) that perform well in Table 2.

Accuracy improves with LLMs’ iteration. We
visualize how the accuracies of 4 first-level cat-
egories change as the LLM is iteratively updated
(Qwen, Qwenl.5, Qwen2, Qwen2.5 and ChatGLM,
ChatGLM2, ChatGLM3). As can be seen from Fig-
ure 4, with the improvement of training method
and the enrichment of training corpus, the accu-
racy will often be significantly improved, which
also highlights the rationality and importance of
CFinBench.

The performance of chat models. To better en-
gage in natural conversation, the chat version are
often derived from base model by alignment tech-
niques (Ouyang et al., 2022), such as supervised
finetuning (SFT) and reinforcement learning from
human feedback (RLHF). As observed in Table 3,
the accuracy of some models’ chat version is im-
proved when compared to the base version, such as
Qwen2.5-32B, Gemma2-2B, Baichuan2-13B, efc.
At the same time, the accuracy of some models’
chat version have declined, such as Yil.5-34B and
ChatGLM3-6B. The varying alignment strategies
of the models lead to different results.

Table 3: The 0/3-shot average accuracy (%) of base
model and chat model on the test split.

Base Chat
Model 0-shot 3-shot 0O-shot 3-shot
Yil.5-34B 5734 60.16 5899 57.48
Qwen2.5-32B 60.71 62.79 61.62 64.48
InternLM2.5-20B 52.87 55.82 54.35 55.27
Baichuan2-13B 31.53 4150 40.74 44.60
ChatGLM3-6B 46.07 47.28 30.79 27.27
Gemma2-2B 22.56 31.13 3047 35.81
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5 Conclusion

In this paper, we present CFinBench, the most com-
prehensive evaluation benchmark to date, for as-
sessing the financial domain knowledge of LLMs
under Chinese context. We improve the quality
and diversity of the data and mitigate the issue of
data contamination through a series of processes,
including data cleaning, internal and external de-
duplication, LLM-assisted question rephrasing, op-
tion shuffling, and multiple rounds of human cross-
validation. Four first-level categories are included
in CFinBench: financial subject, financial qualifi-
cation, financial practice, and financial law, which
are more align with the career trajectory of finan-
cial practitioners in China. The CFinBench com-
prises 99,100 questions spanning 43 second-level
categories with 3 question types: single-choice,
multiple-choice and judgment. We conduct exten-
sive evaluations on a wide spectrum of LLMs with
various model size. The results show that there is
still significant room for improvement for current
LLMs in the Chinese financial domain.

6 Ethical Statement

All data utilized in this study primarily originate
from publicly accessible channels that have been
processed by our professional experts. Also, It
is important to note that all datasets within CFin-
Bench carry low ethical risks, with stringent mea-
sures in place to ensure the absence of any sensitive
or personally identifiable information. In order to
promote the research progress, our data and evalua-
tion code are open sourced to the community under
the Apache-2.0 license’.

7 Limitations

CFinBench focuses on Chinese financial system
and is therefore not suitable for assessing financial
knowledge in other countries. It provides an im-
portant basis for evaluating the LLMs’ mastery of
Chinese financial knowledge. However, since we
have open sourced the questions and answers of
the validation split, if they are improperly used to
train the large language model, the accuracy of the
model may be falsely high on the validation split.
Therefore, the results on benchmark are just a refer-
ence. The true quality of the model depends on the
performance of the user in the practical scenario.

3https://www.apache.org/licenses/LICENSE-2.0
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A More experiments

Results on chain-of-thought setting. To further
explore the models’ reasoning capabilities, in addi-
tion to the answer-only (AO) setting, we also per-
form some experiments on the chain-of-thought
(COT) setting (Kojima et al., 2022; Wei et al.,
2022). Evaluation on COT setting requires the
model to generate explanations for a given ques-
tion and then give the final answer based on the
generated explanations. Specifically, we obtain
the explanations examples only for multiple-choice
questions manually by professional financial prac-
titioners. The experimental results are reported in
Table 4.

As observed in Table 4, the models achieve
comparable or lower average accuracy than in
the answer-only setting. This suggests that COT
prompting does not necessarily improve results,
which is also evidenced in other benchmarks like
FinEval (Zhang et al., 2023a) and C-Eval (Huang
et al., 2024), etc.

Comparison with other similar benchmark.
FinEval (Zhang et al., 2023a) is another represen-
tative benchmark for evaluating the Chinese finan-
cial advanced knowledge of LLMs. In Table 5, we
report the few-shot accuracy on CFinBench and
FinEval with various LLMs. It can be seen that the
accuracy of the highest Yi1.5-34B reaches nearly
87%, while ours is around 60%. Likewise, the low-
est InternLM2-7B accuracy is still over 62%, while
ours is only around 43%. This all suggests that
CFinBench is more challenging and better able to
distinguish the performance of different models.

B Analysis on Data Contamination

Since we publicize the answers of the validation set,
we imagine a data contamination scenario: what
would happen if the LLM was trained using part of
the validation set? We conduct an experiment here.
Specifically, we randomly select 60% of the data
from the validation set and fine-tuned InternLM2.5-
1.8B for 2 epochs based on LoRA (the modules of
query, key, value and out are chosen as the target,
the rank is set to 32). The 0-shot results on valida-
tion and test split are reported in Table 6. As we
can see, data contamination on validation split will
lead to the accuracy improvements on both valida-
tion and test. Therefore, it is crucial to avoid the
contamination of evaluation data during the model
training process.

C Prompt examples

We list the prompt examples utilized in the eval-
uation process, including zero-shot and few-shot
in answer-only scenarios ( Figure5 and Figure6),
zero-shot and few-shot in chain-of-thought scenar-
ios ( Figure7).

D Data statistic

In Table 7, we enumerate the comprehensive statis-
tical information of the dataset.
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Table 4: The 0-shot and 3-shot average accuracy (%) of multiple-choice questions on the test split under the
answer-only (AO) setting and chain-of-thought (COT) setting.

GPT4 Qwen-14B ChatGLM3-6B-Base
0-shot  3-shot  0O-shot  3-shot  0O-shot 3-shot

AO 48.52  48.67  36.51 40.66  37.27 37.58
COT  49.23  48.95 27.65 2996 2948 31.11

Table 5: The few-shot average accuracy (%) of CFinBench and FinEval under the answer-only setting.

GPT4 Yil.5-34B Qwenl.5-72B Qwenl.5-32B Qwenl.5-7B ChatGLM3-6B InternLM?2-7B

CFinBench 56.77  60.16 58.56 57.64 48.36 47.28 43.65
FinEval 70.13  86.79 83.93 84.36 72.55 63.08 62.03

Table 6: The 0-shot accuracy (%) of InternLM2.5-1.8B on validation and test split with or without data contamina-
tion.

Subject Qualification Practice Law  Average

Val (W/O) 3252 3543 33.71 3424 3398
Test (W/O)  30.60 36.81 31.02 3356  33.00
Val (W) 75.13 82.79 76.22  80.15 78.57
Test (W) 40.62 47.21 40.89 4268  42.85

TR — TE R T R B UL R, KA, B, C, DI IEMINER, HEEER: "Zh, HRMACTRALER, NERNGIME
o Biltn: B B. WHRMHAZIE EidEUES . BEHWTR:

You are asked to do a multiple choice question on Finance, you will select the correct answer from A, B, C, D and write it after ‘Answer:” The answer should
contain only the final result without adding extra statements. For example, Answer : B. Please follow the above format strictly. The questions are as follows:
T~ SN S8 SCINE A i 1 22 5 R A4 2

What is the most essential difference between broad and narrow foreign exchange?

A, ReBHTEE6I% B, RERWAEREK EAmAH C. REWMHAENRHRSR D. BEMEIAAMIESR

A. What is the most essential difference between broad and narrow foreign exchange? B. Availability for debt servicing C. Can be expressed in
national currency D. Whether all marketable securities are covered

BHR:  Answer:

(a) Example of single-choice questions on Finance.

IR —TE R TR 2 UL PR, 25 AT e — AN B 2 ANET AR A DY A B AR T ik IER M 3R, PSSR 25, &R
PR LS R, ANERIMBSMER . 0. Z5: AD. MR L AEE . BE W
You are asked to do a multiple choice question on Tax Accountant. The answer may be one to more than one option. Please select the correct answer from
four or five options and write it after ‘Answer:’. The answer should contain only the final result without adding extra statements. For example: Answer: A D.
Please follow the above format strictly. The questions are as follows:
KTBS M, FHIBILL R IERMF()?
Which of the following statements is true about tax counselling ()?
A TR TH LA BB 5 SE F BN E S50 By A IR REAT IO R0 T ABERRAE DSk il C i v B QAT (K i i ikl 2
PIZ% PR D ML EHRR T B I — o B I R s R B 55 i i
A. Face-to-face answers to taxpayers* tax queries are treated as verbal advice B. Counselling using the telephone can be referred to as verbal
counselling C. Counselling via email is classified as web counselling D. Web-based counselling represents a new trend in tax counselling methods
E. Written advice is the most commonly used method of tax advice
Z%:  Answer:

(b) Example of multiple-choice questions on Tax Accountant.

T [ R TR TARAT MR B UL, KR FIBT S R SR 5 "2 )G, BRM A GG RN, ANERMBONER . 4% E M H RIBIER, N
BI%: E5E: B, BUEE. B BRI B, E AR
Answer the following judgement question on Banking Law by writing your judgement after ‘Answer:” The answer should contain only the final result
without adding extra statements. If the given question is correctly stated, answer: ‘Answer: correct’, otherwise answer: ‘Answer: incorrect’. Please follow the
above format strictly. The questions are given below:
P ARAT I S E R T T A ML GBS BT AR S, BRIk, RIBERANBIERAT Mk N 5 R AT A AN P AR AT BB 15 R 7 A B
The compliance of a commercial bank is established on the basis of the compliant behavior of all practitioners, and therefore, even the non-compliance of an
individual banker will not have an impact on the compliance of the bank as a whole.
&% Answer:

(c) Example of judgment questions on Banking Law.

Figure 5: Examples of zero-shot prompts in answer-only setting. English translations are shown in blue for better
readability.
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TR — TR T I BUE I UL RERE, /R A, B, C, DL IEMINER, HEEER: 5, BRMAQEREER, TNERNGING
fo Bl E%R: Bo WIRTRE LR LR IES . RS RR A R A R R B E R

You are asked to do a single choice question on Public Finance, you will select the correct answer from A, B, C, D and write it after ‘Answer:’ The answer
should contain only the final result without adding extra statements. For example, Answer : B. Please follow the above format strictly. Samples of three
questions and their answers will be shown below. The questions are as follows:

R ¥ B4 LRI — B 2

Central taxes in the country include which of the following?

A, VETEEL B. BB C. JHWEL D. MER HZH:C

A. Enterprise income tax B. Business tax C. Consumption tax D. Value-added tax ~ Answer: C

...[3-shot examples]...

B SR $71 BE R A A AR ) R AR S 40 e i R U S5 5 R RO RN 1 [ RO R AR AT 4

In a narrow sense, what is meant by the State organ considered to have competence to establish legal norms affecting the relations of rights and
obligations in the process of tax allocation?

A, FEEANRIEMEESR B, hEESMF C. hRIMEE D. £EAKARFEERES BE:

A. State Council of the People's Republic of China  B. China's State Administration of Taxation  C. Central Ministry of Finance

D. National People's Congress and its Standing Committee ~ Answer:

(a) Example of single-choice questions on Public Finance.

TEPRA— R T BORZHF K 2 UL, R AR — B2 AN, i R AP Bl FLANE Tt IEM R, IFRILSERR: 2,
BRI AT RALER, NERIBINER . BlI0: 55 AD. WM R LR LR UES . THRER =B RILE RN RG] BH W

T

USRI B8TCAE NG UMK T — @ BRI, T )5 2% 7 B BTT AN B oY, IR ATEIESS By, BRI AT 42

Please do a comparison question about political economy. The answer may be four or more options. Please choose the correct answer from one or five
options and write it after ‘Answer:'. The answer to the question should be only Contain the final result and do not add additional statements. For example:
Answer: A D. Please answer strictly according to the above format. Examples of three questions and their answers are shown below. as follows:

If Wang buys a tennis racket in the store for 38 yuan, and the store needs to pay a fine of 8 yuan as tax, then what is the role of currency in the transaction?
A, MERE B. WETFE C. XfIFB D. WETFBR %%:BC

A. Value scale B. Circulation means C. Payment means D. Storage means Answer: B. C

...[3-shot examples]...

TETIAZG IS, A A TR SN AR G 2 5%, JAF sAaE()

In a market economy environment, enterprises serve as basic and key participants in market activities, and their characteristics include ()

A WS HEATI SRS, ARG IME By AR BRSSO E E H AR RS C. kSTt B AL S R i B RS
D. fM A& A ELEF FE:

A. Enterprises must conduct financial accounting independently and assume responsibility for profits and losses. B. The primary goal of enterprises in
producing products or services is to obtain profits. C. Enterprises are responsible for directly supplying products and services to the society. D.
Enterprises have the right to operate independently. ~ Answer:

(b) Example of multiple-choice questions on Political Economy.

T B N TR T ORIS AL A (AT, KPR I SR SRR 3R ', B RMAA SRR, AEINIMBOMNER) . #5% w H R IR B,
MBI HR: B, SRS ER R Wl LR AES . PSR =AW IS R IR EH TR

Please answer the following judgment questions about insurance qualification. Write your judgment results after ‘Answer:". The answer should only contain

the final result and do not add additional sentences. If the given question is stated correctly, answer: 'Answer: Correct', otherwise answer: 'Answer: Wrong'.

Please answer strictly according to the above format. Examples of three questions and their answers are shown below. The questions are as follows:

AR R T A BRI, TR AR 5

Vehicle damage insurance is fully reimbursable for vehicle damage, regardless of fault.

%% IEHWi  Answer: Correct

...[3-shot examples]...
RIS 2 ) B9 2L 00 ZE T R LR I R 2 P IR

The insurance company's claims must meet the customer's requirements in all circumstances.
B2 Answer:

(c) Example of judgment questions on Insurance Qualification.

Figure 6: Examples of few-shot prompts in answer-only setting. English translations are shown in blue for better
readability.
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R —TER T BUR I 2 UL R, IRATRAE R ISR BB RGBS, B SR Ext W R — b — B, BRWheZ— 3]

{?’l‘iﬁlﬁiz TR YA B A bt BRI 2, IFERE RIS R )R, WUT A=A SR 85 i A iR 4 2% R KR
o BEEUTR:

Take a multiple-choice question about political economy. We will provide 3 examples below for reference. First, you need to think about the question

step by step. The answer may be one to multiple options. Please choose from four Or choose the correct answer from the five options and write it after

‘Answer:' after thinking about it. Below are examples of three questions, their thought processes, and final answers. The questions are as follows:

I, o AR R IR T R LR, TR A — e SO ST A . XA SR T A4 2

Recently, China’s southeastern coastal areas have experienced a widespread "migrant worker shortage" phenomenon, while there is a certain amount

of labor surplus in rural areas. What does this situation indicate?

A, g5 E KO ZE AT UGS FEE RO AR X — R By TTIATE VA R AEEAR I UL E AR, DRI AR AL UK S Tl

PR IOX —TF & C. TIHFE LB AN RA A G, X — PR S g2 hiiiigif ok D, WizERosx

WRAE, FEE TR BOR RS 30 R, DA RIX— 7

A. This problem should be solved by combining the national macro-control and market adjustment mechanisms.  B. The market has

unpredictability and delay in adjustment, so this contradiction cannot be solved by relying solely on the market mechanism.  C. The market is

allocating resources. Playing a fundamental role in this aspect, this contradiction should be completely left to market regulation. ~ D. The market

regulation function can no longer be exerted, and labor resources need to be adjusted through planned economic means to solve this problem.

TEL BT, Mi%i%#E4H4?  Which of the above options should you choose?

AERATEL BH . WIHATRALACRIRG A Z0F, R TTIAH7E BHRAC & R IERLE D, HBLXF I3 AR RORNL, b T s A

ST RAE B ARG, BRSO — R, I RIETTA AR, 53— O AR E R, SR T A

Ao FILIEMIETUAA, B. &%:A B

Let us think step by step: The market economy is a socialized commaodity economy, an economy in which the market plays a basic role in resource

allocation. This imbalance in the labor force is due to the shortcomings of blindness and lag in spontaneous market regulation. It must be To solve this

problem, on the one hand, we must give full play to the regulatory role of the market, and on the other hand, we must rely on national macro-control

to make up for the lack of market regulation. Therefore the correct options are A and B. Answer: A, B

...[3-shot examples]...

FEMVIBOR AR R R MR BOR A AR LL 642 What parts does industrial policy include in the national macro-control policy?
A FOLATRIBOR By PMVAEGR  C. POLESHEGR DL PR EGR

A. Industrial layout policy B. Industrial organization policy C. Industrial structure policy D. Industrial preferential policy
FELA B3 Tiirh, RAZEPRAt 47 ibIRATE 8 8 %

Which of the above options should you choose? Let's think about it step by step:
(a) Few shot example of multiple-choice questions on Political Economy.

TR —TE R T IIBMY BEAR 10 2 U PR, 7 e IR B i R — 25— 2B, K5 U IR AN DI AN B AN 10 i Y IEAf 1 — Al 2 A2
%, IHAEEER: 5. BHWTF:

Take a multiple-choice question about futures practitioner qualification. First, you need to think about the question step by step. Then you are asked to
choose the correct answer or answers from four or five options and write them down. after 'Answer:'. The topics are as follows:

e FEL ST BRI i 2 SR T WAL i it A AR TS S5 B A N B R ko 2

What measures has the China Futures Association taken to cultivate and enhance the professional level of futures investment consulting personnel?

A, BUSTHHRFERRFE R REATI AR B ERAEATR, EIEAF TN FEAT B E WSS IS B HEAIREUR, M
BN R BATI  C. U E R K [H N i iinze s, s IR B B UER R MR D SIS AL A 5110 B 3R RS P
A. Resolutely crack down on illegal and untrustworthy behaviors that infringe on the interests of investors and harm the overall interests of the industry,
and create an environment conducive to futures companies’ investment consulting services.  B. Formulate relevant policies to standardize the professional
behavior of futures practitioners. ~ C. Learn from mature international and domestic markets. Experience, promote the development of futures investment
consulting qualification certification system  D. Strengthen the self-discipline and management of futures practitioners

FELA R3ET0h, RAZG P4 7 iEIRATE L %

Which of the above options should you choose? Let's think about it step by step:

(b) Zero shot example of multiple-choice questions on Futures Practitioner Qualification.

Figure 7: Examples of prompts in chain-of thought setting. English translations are shown in blue for better
readability.
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Table 7: The detailed statistic of CFinBench.

Category Single-Choice Multiple-Choice Judgment All
Subject 3302 1889 3915 9106
Political Economy (EVAZE5T %) 115 47 67 229
Western Economics (P85 /7 4815 %) 268 46 212 526
Microeconomics (flW£E57 %) 295 29 221 545
Macroeconomics (7 WMEE5T2%) 21 117 294 432
Industrial Economics (7= V2855 2) 406 199 249 854
Public Finance (T4 B %) 167 86 156 409
International Trade (E 5T 5 %) 99 48 100 247
Statistics (Zi11%) 974 794 1846 3614
Auditing (Fi12%) 443 429 381 1253
Economic History (48357 ) 248 63 133 444
Finance (&%) 266 31 256 553
Qualification 14604 8879 5905 29388
Tax Practitioner Qualification (Bi55 Molk %5#%) 1332 1544 464 3340
Futures Practitioner Qualification (B 5 MLk #5#%) 2086 1396 1049 4531
Fund Practitioner Qualification (4 Mk ¥54%) 3892 118 536 4546
Real Estate Practitioner Qualification (M7= MLk % #%) 503 511 660 1674
Insurance Practitioner Qualification (FRF& ML BE#E) 1780 1220 903 3903
Securities Practitioner Qualification (IEZ: Mk % #%) 2734 2041 1518 6293
Banking Practitioner Qualification (¥R47 MLk %4%) 258 173 266 697
Certified Public Accountant (CPA) (I3t £:1T1i) 2019 1876 509 4404
Practice 18824 13419 9802 42045
Junior Auditor (¥25 8 11f) 317 317 194 828
Intermediate Auditor (V2% 511 237 223 197 657
Junior Statistician (F]JZRZT 11 158 190 97 445
Intermediate Statistician (FF %25 1T 259 400 195 854
Junior Economist ({128 43357 ) 2262 1496 655 4413
Intermediate Economist (FF ;45355 2547 1250 913 4710
Junior Banking Professional (¥ 5R1T Mk A 1R) 2886 2075 1646 6681
Intermediate Banking Professional (48R 17 Mk A 51) 2572 1550 1482 5604
Junior Accountant (F]Z% 211 1M) 1654 1217 964 3835
Intermediate Accountant (FF 2211 1252 858 700 2810
Tax Consultant (Fi.55fi) 934 1115 493 2542
Asset Appraiser (557 FEA ) 1779 1690 896 4365
Securities Analyst (iEZ 27 1) 1967 1038 1370 4375
Law 7695 5438 5428 18561
Tax Law I (Fii% I) 287 284 237 808
Tax Law II (BiiZ 10) 283 323 238 844
Tax Inspection (Bt 55 & H) 974 874 1664 3512
Commercial Law (7 )Li%) 331 599 201 1131
Securities Law (IF#577%) 1009 106 693 1808
Insurance Law (£R&7%) 69 57 42 168
Economic Law (2571%) 610 424 405 1439
Banking Law (8217 Li%) 2783 1360 1231 5374
Futures Law (i 577%) 922 884 477 2283
Financial Law (Z@l7E) 315 323 180 818
Civil Law ([Ri%) 112 204 60 376
Total 44425 29625 25050 99100
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