BankMathBench: A Benchmark for Numerical Reasoning
in Banking Scenarios

Yunseung Lee*!?, Subin Kim*!, Youngjun Kwak', Jaegul Choo?
!KakaoBank Corp., South Korea
2Korea Advanced Institute of Science and Technology, South Korea
{yun.lee, luna.ns, vivaan.yjkwak}@lab.kakaobank.com, jchoo@kaist.ac.kr

Abstract

Large language models (LLMs)-based chatbots are increasingly being adopted in the financial domain, particularly
in digital banking, to handle customer inquiries about products such as deposits, savings, and loans. However,
these models still exhibit low accuracy in core banking computations—including total payout estimation, comparison
of products with varying interest rates, and interest calculation under early repayment conditions. Such tasks
require multi-step numerical reasoning and contextual understanding of banking products, yet existing LLMs
often make systematic errors—misinterpreting product types, applying conditions incorrectly, or failing basic
calculations involving exponents and geometric progressions. However, such errors have rarely been captured by
existing benchmarks. Mathematical datasets focus on fundamental math problems, whereas financial benchmarks
primarily target financial documents, leaving everyday banking scenarios underexplored. To address this limitation,
we propose BankMathBench, a domain-specific dataset that reflects realistic banking tasks. BankMathBench
is organized in three levels of difficulty—basic, intermediate, and advanced—corresponding to single-product
reasoning, multi-product comparison, and multi-condition scenarios, respectively. When trained on BankMathBench,
open-source LLMs exhibited notable improvements in both formula generation and numerical reasoning accuracy,
demonstrating the dataset’s effectiveness in enhancing domain-specific reasoning. With tool-augmented fine-tuning,
the models achieved average accuracy increases of 57.6%p (basic), 75.1%p (intermediate), and 62.9%p (advanced),
representing significant gains over zero-shot baselines. These findings highlight BankMathBench as a reliable
benchmark for evaluating and advancing LLMs’ numerical reasoning in real-world banking scenarios.
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1. Introduction Model Basic Interm. Adv.

Financial LLMs
The rapid evolution of mobile banking has trans- AdaptLLM (Cheng et al., 2024) 0.4 00 00
formed how customers manage core financial prod- Fin-o1 (Qian et al., 2025) 3.2 33 03

Math-specialized LLMs

DeepSeek-Math-Inst. (Shao et al., 2024)  50.4 1.4 0.1
Qwen2.5-Math-Inst. (Yang et al., 2024) 61.2 5.0 2.5
Closed-source Model

ucts such as deposits, savings accounts, and loans.
This technological shift has fueled the widespread
adoption of digital banking services, enabling cus-
tomers to complete transactions without visiting

physical bank branches. In particular, large lan-  Claude Sonnet-3.5 (Anthropic, 2024) 667 99 100
guage model (LLM)_based Chatbots have emerged Gemini-2.5-flash (Comanici et al., 2025) 71.2 11.8 10.3
GPT-40 (Hurst et al., 2024) 67.8 14.4 6.3

as a core channel for digital customer service by
providing real-time responses to inquiries, reduc-
ing the workload of human agents, and improving
overall accessibility and convenience (Takayanagi
et al., 2025; Yan and Zhu, 2025; Lakkaraju et al.,
2023).

Recent research has aimed to advance the math-
ematical reasoning capabilities of LLMs through
specialized adaptation techniques and large-scale

Table 1: Zero-shot accuracy (%) of various mod-
els across the Basic, Intermediate (Interm.), and
Advanced (Adv.) difficulty levels defined in the
BankMathBench dataset. Inst. denotes instruction-
tuned models.

synthetic data generation (Yang et al., 2024; Shao
et al., 2024; Chen et al., 2025). However, LLMs still
exhibit clear limitations when confronted with com-
plex numerical problems (Li et al., 2025; Zhao et al.,
2024b; Zheng et al., 2025), particularly in real-world
banking scenarios. This challenge stems from the
fact that banking-related reasoning requires not
only precise computation but also interpretive un-

* These authors contributed equally to this work.

derstanding of product-specific conditions (Srivas-
tava et al., 2024; Tang et al., 2025). Such errors
or inconsistencies can directly undermine the trust-
worthiness of financial institutions, where reliability
and factual correctness are paramount.

Existing mathematical benchmarks primarily con-
sist of problems drawn from educational curricula
(e.g., arithmetic or algebra), and thus fail to cap-
ture the domain-specific characteristics of numeri-
cal reasoning in practical banking contexts (Cobbe
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et al., 2021; Hendrycks et al., 2021). Meanwhile,
financial numerical reasoning benchmarks have
largely focused on financial statements and secu-
rities analysis, leaving banking scenarios—such
as deposits, savings, and loans—underexplored
(Chen et al., 2021a,b; Zhu et al., 2021; Zhao et al.,
2024a). As shown in Table 1, both math-specialized
and financial LLMs—trained on mathematical rea-
soning and financial numerical benchmarks, re-
spectively—perform poorly in practical banking sce-
narios. Furthermore, even closed-source models
show a marked performance drop with increas-
ing task complexity, confirming that existing bench-
marks generalize poorly to realistic banking sce-
narios. These results suggest that previous bench-
marks have overlooked customer-critical queries
requiring condition-specific computations, such as
early-withdrawal interest, preferential-rate payouts,
and product-level comparisons, as illustrated in Fig-
ure 1.

To bridge this gap, we introduce BankMathBench,
a domain-specific dataset for everyday banking sce-
narios. It consists of question—answer—reasoning
triplets generated through a fully automated
pipeline, which systematically constructs data
across multiple levels of difficulty— from numer-
ical reasoning on representative banking products
to comparative reasoning across multiple products,
and extending to multi-condition—based reason-
ing. As the first comprehensive benchmark for nu-
merical reasoning in everyday banking, BankMath-
Bench provides a reliable foundation for evaluating
and improving LLM performance in this domain.
Leveraging this high-quality dataset, we fine-tune
open-source LLMs and demonstrate significant im-
provements in the accuracy of numerical reasoning
in banking scenarios. Furthermore, by integrating
the fine-tuned LLM'’s formula generation capability
with tool augmentation, we achieve substantial and
consistent performance gains across diverse rea-
soning categories, highlighting the effectiveness of
our proposed approach.

2. Related Works

2.1. Numerical Reasoning with Large
Language Models

Recent studies have placed increasing empha-
sis on improving the numerical reasoning capa-
bilities of LLMs for mathematical and financial ap-
plications. Some studies have aimed to improve
the reasoning process itself. For example, tech-
niques such as masking reasoning steps to guide
learning (Chen et al., 2024), designing fine-grained
reward schemes (Hwang et al., 2024), separat-
ing computation from reasoning through program-
based approaches (Chen et al., 2023), and de-

<oB
i1 {Welcome! How may I help you today? )

-

~ Total Payout Calculation
If I deposit 15 million won in a savings account with a
3% annual interest rate for three years, how much
will I get in total?

-~ Product Comparison
I'm comparing two options: saving 500,000 won
monthly at 7% vs depositing 15 million won at 3% for
three years. How much difference would there be in
total interest?

- Preferential Rate Benefit
I have a preferential rate coupon that gives an extra
0.3% for salary transfers. If T apply it to a 3% fixed
deposit, how much more interest would I earn?

-~ Early Withdrawal Interest
If I sign up for a 3-year fixed deposit at 3% interest but
withdraw after 24 months, how much interest would 1

\_ receive? j

Ef?ﬁ I'll answer your questions and assist you with
opening a deposit account ...

Figure 1: Examples of frequently asked customer
queries in real banking branches.

composing problems into step-by-step subprob-
lems (Imani et al., 2023) have been proposed.
Another line of research integrates external tools
such as Python to enhance the computational ac-
curacy of LLMs (Zhang et al., 2023; Wang et al.,
2024; Yin et al., 2024). Furthermore, OpenMath-
Codellama (Toshniwal et al., 2024), MetaMath (Yu
et al., 2024), DeepSeekMath (Shao et al., 2024),
and Qwen2.5-Math (Yang et al., 2024) employ
large-scale mathematical reasoning datasets to
systematically improve their computational reason-
ing abilities. However, these studies predominantly
evaluate performance on academic benchmarks,
including GSM8K (Cobbe et al., 2021) and MATH
(Hendrycks et al., 2021), thereby limiting their ap-
plicability to the financial domain.

A few studies have focused specifically on numer-
ical reasoning within the financial domain. FinMath
(Li et al., 2022) designed a tree-structured solver
to handle table—text hybrid financial reports, while
APOLLO (Sun et al., 2024) proposed a method
to generate executable program-based numerical
reasoning for long-form documents. Nevertheless,
these approaches do not fully capture the domain-
specific reasoning required for everyday banking
operations. Unlike previous studies, our work en-
ables the assessment and improvement of LLMs’
numerical reasoning skills in practical banking sce-
narios.
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(a) Question Generation

Banking Domain Knowledge

Product Types

(ex. Deposit, Savings)

Conditions
(ex. Duration, Interest Type, Amount)

J

Comparison Criteria
(ex. Deposit vs. Deposit, Deposit vs Savings)

-

@ GPT-40

What is the difference in
interest amount between
depositing 50 million won in a 3-
year term deposit with an
annual compound interest rate
of 2.8%, and saving 400,000 won
monthly for 3 years in a savings
account with an annual simple
interest rate of 3.9%?

(b) Solution Generation

< GPT-40

interest_deposit =
compound_interest(principal,
annual_rate_deposit, days_deposit)

interest_savings =
simple_interest(monthly_payment,

months_savings, annual_rate_savings)

interest_diff = abs(interest_deposit -

@ ol-mini

def compare_interest_difference():

interest_deposit =
compound_interest(50000000, 2.8, 3)
interest_saving =
simple_interest(400000, 36, 3.9)
diff = round(abs(interest_deposit -
interest_saving))
return diff

(c) Reasoning Generation

<think>

First, we calculate the interest
amount for a 3-year fixed
deposit. The principal is 50
million won, and the annual
interest rate is 2.8%. Since it is
compounded, the principal and
interest after 3 years are
calculated as follows.

<calc>

50000000 * (1 +2.8/100) ** (3*
365 / 365)

</calc>

<result>

54589964

</result>

Therefore, the difference
between the two interest
amounts is as follows.
<calc>

4589964 - 1137066
</calc>

<result>

interest_savings)

compare_interest_difference()

round(interest_difference)

M Code Execution

Output: 3452898 — [ Answer Matched «—

Output: 3452898

3452898
</result>
</think>

<answer>
3452898
</answer>

Figure 2: Overview of the BankMathBench data generation pipeline, which comprises three stages: (a)
question generation, (b) solution generation and automatic verification, and (c) reasoning generation.

2.2. Numerical reasoning Benchmarks in
Financial Domain

Specialized benchmarks are increasingly being in-
troduced to evaluate numerical reasoning within
the context of finance. FinQA (Chen et al., 2021a),
and TAT-QA (Zhu et al., 2021) primarily focus on
interpreting financial reports and statements, while
FinanceMath (Zhao et al., 2024a) evaluates finan-
cial reasoning using college-level finance and eco-
nomics problems. More recently, benchmarks such
as FinReasoning (Tang et al., 2025), Fin-R1 (Liu
et al., 2025), and XFinBench (Zhang et al., 2025)
have been introduced to expand coverage and dif-
ficulty, and AlphaFin (Li et al., 2024) extends the
scope to corporate analysis and stock prediction.
However, these benchmarks primarily focus on fi-
nancial tasks such as investment, securities trad-
ing, or certification exams—while overlooking the
fine-grained numerical reasoning required in every-
day banking tasks. To fill this void, we introduce a
rigorously curated and expert-validated dataset en-
compassing multiple difficulty levels and equipped
with a reproducible automated generation pipeline
for extensibility.

Level Language Train Set Test Set
Basic Korean 2,236 559
English 2,236 559
Intermediate  Korean 1,708 426
English 1,702 423
Advanced Korean 1,596 399
English 1,596 399
Total 11,074 2,765

Table 2: Dataset statistics by difficulty level, show-
ing the number of training and test samples for both
Korean and English.

3. Methodology

This section introduces BankMathBench, a domain-
specific dataset designed to systematically eval-
uate LLMs’ numerical reasoning capabilities in
everyday banking scenarios. The dataset com-
prises three difficulty levels—basic, intermediate,
and advanced—to enable comprehensive assess-
ment across reasoning complexity. Specifically, the
dataset encompasses the three core categories of
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Level Korean Question

English Question

Basic OiE 502HAM 2 S AR AZ0

o

0|2+80| 22| 5.2%Y [ 2t7| 7
AORITIR?

rorg

o
OH
OH

ol ol

o If you deposit 500,000 KRW every month into a

free savings account for 2 years, what will be the
maturity amount if the annual compound interest
rate is 5.2%7?

Intermediate

3 Ok7] 71020 A 5.2% THal= 70028 e
241, 0@ 200t 4 36713 HF0l A 6.5% S22
{Zote A S U 2YH 240|7t HofLt g[Lt2?

What is the difference in the maturity amount
between depositing 7 million won in a 3-year fixed
deposit with an annual simple interest rate of 5.2%,
and saving 200,000 won every month for 36
months with an annual compound interest rate of
6.5%7?

Advanced BMI= JHRIAIZICHZ 2 19 8500 28 o

—o o ot O
HELpASHL 6718 = 5271 0.3%p S
4.11%7t 2L} 0| 32, tZ 7|2t S
StE 0|2t= Lorelivte?

HS 322 14 SO AFREYE YAOR

Mr. B took out a business loan of 108.5 million won
with an annual variable interest rate of 3.81% for
one year, using the equal principal repayment
method. After 6 months, the interest rate increased
by 0.3 percentage points to 4.11% annually. In this
case, how much interest does he have to pay
during the loan period?

Table 3: Representative questions from BankMathBench dataset demonstrating variations in difficulty

levels.

banking products—deposits, savings, and loans.
Problems involving deposits and savings require
computing interest or total payout based on princi-
pal, interest type (simple or compound), frequency,
and period. Loan-related problems include various
loan types (e.g., mortgage, credit, automobile, and
lease deposit loans) and repayment methods (e.g.,
equal principal and interest, or equal principal re-
payments).

BankMathBench consists of 13,839 problems in
both Korean and English (Table 2), each compris-
ing a question, step-by-step reasoning, and final
answer. The reasoning component guides LLMs in
formulating correct equations and performing accu-
rate calculations, ensuring that the relevant bank-
ing context and logical consistency are faithfully
represented. The dataset was generated through
an automated pipeline employing GPT-40 (version
2024-05-13) (Hurst et al., 2024) and o1-mini (ver-
sion 2024-09-12) (Jaech et al., 2024), followed
by manual verification by banking professionals.
The parameterized data generation pipeline allows
key variables—such as interest rates, tax policies,
and currency units—to be adjusted, enhancing the
portability of the dataset across national financial
contexts. Figure 2 and Table 3 illustrate the pipeline
and example instances, and the detailed prompts
used in the generation process are provided in Ap-
pendix A.

3.1. Question Generation

Questions are stratified by difficulty, based on the
complexity of formulas. They are generated using
GPT-40 with carefully designed prompt templates to
produce realistic and computable problems, speci-
fying product types and conditions, including clear

comparison criteria for multi-product scenarios, as
shown in Figure 2a. By default, numerical values
such as amounts, interest rates, durations, and in-
terest types are diversified to improve realism and
coverage.

3.1.1. Basic Level

Basic-level questions cover actual banking prod-
ucts such as deposits, savings, and loans. These
questions require multi-step calculations, includ-
ing arithmetic, arithmetic/geometric progressions,
and decimal operations. Each question specifies
all product conditions—amount, interest rate, du-
ration, payment frequency, and interest calculation
method—to guarantee numerical solvability.

3.1.2. Intermediate Level

Intermediate-level questions involve multi-product
comparisons, generating problems that consider
two products simultaneously (deposit, savings, or
loan). These questions are more challenging, as
they require performing separate computations for
each product and subsequently comparing the re-
sults—thereby increasing computational complex-
ity and necessitating concurrent reasoning over
conditions and the sequence of operations. Prod-
uct pairings are randomly sampled from realistic
combinations (e.g., deposit vs deposit, deposit vs
savings, savings vs savings, loan vs loan), while
unrealistic pairings (e.g., deposit vs loan) are ex-
cluded. Each question explicitly specifies the com-
parison criterion—whether the evaluation is based
on interest rates or total payouts.

11013



3.1.3. Advanced Level

Advanced-level questions extend single-product
tasks to include complex multi-condition scenarios.
Each product type follows a structured schema with
required and optional fields: deposits and savings
include taxation, early withdrawal options, and user-
specific conditions (e.g., preferential rates based
on deposit amount); loans include principal/interest
repayment, interest type (fixed/variable), variable in-
terest period, and prepayment fees. Feasible calcu-
lations are guaranteed by capping early withdrawal
rates at the nominal annual rate and modeling vari-
able loans with interest type, fluctuation period, and
maximum residual-term change.

3.1.4. Data Augmentation

To enhance the diversity of questions, we applied
a numerical augmentation process. This was moti-
vated by the observation that LLMs tend to perform
well with clean, round numbers (e.g., 2.5 or 10) but
struggle with more realistic, irregular values (e.qg.,
2.93 or 3.1), which are common in real banking
scenarios.

Additionally, we introduced random masking for
basic-level questions by omitting certain numeric
conditions, creating variants that require inferring
the missing values. Essential numerical conditions
for the augmented questions (e.g., 1.26 million won
in Figure 3) were randomly inserted during this pro-
cess. This approach encourages models to perform
contextual reasoning, interpreting surrounding infor-
mation to derive the missing numerical conditions.
Questions generated through this augmentation
account for approximately 47% of the intermediate
dataset.

Original Question: If you deposit 1,000,000 KRW every month
for 2 years in a simple interest savings account with an annual
interest rate of 3.5%, how much interest will you earn?

V Given Conditions: Amount, Duration, Interest Rate

V Target: Interest (To Be Inferred)

Random Masking: If you deposit [MASKED] every month for 2
years in a simple interest savings account with an annual
interest rate of 3.5% how much interest will you earn?

Augmented Question: To receive 1.26 million won [SAMPLED]
in interest after saving for 2 years, how much should be
deposited monthly based on a simple annual interest rate of
3.5%?

V Given Conditions: [SAMPLED] Interest, Duration, Interest
Rate

V/ Target: [MASKED]Amount (To Be Inferred)

Figure 3: Example of the question augmentation
process.

3.2. Solution Generation and Data
Filtering

To obtain reliable and accurate answers, we applied
a two-tiered solution generation strategy by prob-
lem difficulty. The approach guarantees automated
verification of correctness through two distinct solu-
tions for the same problem, with all calculations ex-
pressed in executable formats. For basic-level ques-
tions, GPT-40 generates two fully computable for-
mula representations—mathematical expressions
and LaTeX. For intermediate and advanced-level
questions involving multiple conditions or products,
models (GPT-40, 01-mini) generate structured, ex-
ecutable Python code. Python modules then com-
pute answers, and only pairs with consistent results
across formulas are retained, enabling large-scale
automatic verification with minimal human effort
(Figure 2b).

3.3. Reasoning Generation

For each problem, GPT-40 is employed to generate
stepwise reasoning from the question, solution, and
answer. Given a question—solution pair as input, the
model generates reasoning that integrates natural
language and mathematical expressions. Reason-
ing steps are captured using <think> and </think>
tags, and final answers are stored within <answer»
and </answer> tags. To effectively leverage the
LLM’s formula-generation capabilities and simulta-
neously prevent error accumulation, computable
expressions are enclosed within <calc> and </calc>
tags, with their results recorded in <result> and
</result> tags, following prior work (KadlI€ik et al.,
2023; Goyal et al., 2024). lts computable, struc-
tured format allows precise tracking of stepwise
computations and can be combined with external
tools to enhance accuracy. Ultimately, it produces
reasoning data, as illustrated in Figure 2c, resulting
in a complete question—answer—reasoning triplet.

3.4. Expert Validation

All question—answer—reasoning triplets were re-
viewed by two banking professionals with over three
years of experience in retail banking to ensure the
validity and reliability of the dataset. During this pro-
cess, any identified inaccuracies or inconsistencies
in problem statements, calculations, or reasoning
steps were corrected. The evaluation focused on
practical relevance and the logical correctness of
calculations in real-world banking service contexts,
based on the review criteria described below:

* Practical Relevance — Does the question re-
flect scenarios that could arise in actual bank
consultations or customer interactions?
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* Logical Soundness — Are the solution and
calculation procedures logically valid, consid-
ering the characteristics and rules of banking
products?

» Format Consistency — Are the data structure,
formula representations, units, and notations
consistent across the entire dataset?

Through this review, calculation errors and am-
biguous expressions are eliminated, so that the
dataset achieves a level of financial reasoning qual-
ity suitable for real-world banking applications.

4. Experimental Design

We conduct experiments on a range of LLMs with
up to 8 billion parameters to evaluate their numeri-
cal reasoning capabilities on the BankMathBench
benchmark. The evaluated models include open-
source instruction-tuned variants such as LLaMA-
3 (Grattafiori et al., 2024), DeepSeek-R1-Distill
(Guo et al., 2025), Qwen2.5-Instruct (Yang et al.,
2025b), Phi-3.5-Mini-Instruct (Abdin et al., 2024),
and Kanana (Bak et al., 2025), as well as reasoning-
enhanced or math-specialized variants such as
Qwen2.5-Math (Yang et al., 2024), DeepSeek-Math
(Shao et al., 2024), and Qwen3 (Yang et al., 2025a).
Additionally, the closed-source models—Claude
Sonnet-3.5 (2024-06-20 version) (Anthropic, 2024),
Gemini-2.5-Flash (2025-06-17 version) (Comanici
et al., 2025), and GPT-40 (2024-05-13 version)
(Hurst et al., 2024)—are also included.

The BankMathBench dataset was divided into
training and test sets (8:2 split). Evaluation was
based on exact-match accuracy (pass@1), with
normalization applied to equivalent numerical or
currency expressions (e.g., “W10 million” and
“10,000,000 KRW?”). For zero-shot evaluations,
multiple valid output formats (e.g., \boxed{}, <an-
swer>...</answer>) were accepted, while fine-
tuned models were required to adhere strictly to
the instructed response format. All models followed
the same instruction format, as shown in Figure 4.

Instruction

A problem is given. First, think through the solution process,
and then write the final answer. The solution process must be
written exactly once inside <think>...</think> tags, and the
answer must be written exactly once inside <answer>...</
answer> tags.

All formulas appearing in the solution process must be written
inside <cale>...</calc> tags, and the calculation results must be
written inside <result>...</result> tags.

Figure 4: Instruction format used across all models
for zero-shot evaluation and supervised fine-tuning
(SFT).

SFT was conducted using 4-bit quantized LoRA
(QLoRA) (Dettmers et al., 2023) with rank r = 16,

Model Info Zero-shot SFT Tool Aug. SFT

Model Size | Kor Eng | Kor Eng | Kor Eng
Claude Sonnet-3.5 - 69.2 66.7 - - - -
Gemini-2.5-Flash - 649 712

GPT-40 - 67.8 67.8 - - - -
DeepSeek-R1-Distil-Qwen | 1.5B | 2.1 31.8 | 59.4 58.5 | 78.9 77.8
DeepSeek-R1-Distil-Qwen | 7B | 26.1 26.1 | 58.9 64.2 | 79.6 83.5
DeepSeek-Math-Instruct 7B | 279 504 | 57.2 64.9 | 69.6 84.4
Kanana-nano-Base 21B| 3.0 09 |440 438|764 75.0
Kanana-nano-Instruct 21B | 10.7 26.7 | 444 46.0 | 721 76.2
Kanana-1.5-Base 21B| 0.7 79 | 476 496|750 74.8
Kanana-1.5-Instruct 21B| 95 21.1 | 413 458 | 68.9 78.9
Kanana-1.5-Instruct 8B | 25.8 40.8 | 51.0 51.7 | 74.4 76.7
Llama-3.2-Instruct 1B | 0.0 26.1 | 342 363|565 63.3
Llama-3.2-Instruct 3B 29 445|524 538 | 79.6 78.0
Llama-3-Instruct 8B | 147 340|583 57.6 | 776 79.4
Phi-3.5-Mini-Instruct 3.8B | 10.0 49.6 | 54.2 57.8 | 68.9 80.5
Qwen2.5-Instruct 15B | 48 522|515 458|755 75.1
Qwen2.5-Instruct 3B | 242 564 |59.6 533|775 80.7
Qwen2.5-Instruct 7B | 444 605 | 65.1 60.6 | 83.0 83.5
Qwen2.5-Math-Instruct 7B | 46.2 61.2 | 64.2 49.9 | 83.4 74.6
Qwen3 4B | 442 9.8 |66.0 60.8 | 79.3 725
Qwen3 8B | 272 216|692 66.2 | 85.2 85.2

Table 4: Results on the BankMathBench Basic
dataset. Model accuracy (%) is reported for Zero-
shot, SFT, and Tool-Augmented SFT settings
across Korean (Kor) and English (Eng).

scaling factor « = 16, learning rate 2 x 1074,
and batch size 4 for 10 epochs on four NVIDIA
RTX 3090 GPUs. To further assess improvements
in numerical precision, a tool-augmented SFT
was employed, where equations enclosed within
<calcy...</calcy> tags were automatically handled
by tool calling to an external calculator, and the
resulting values were inserted sequentially into <re-
sult>...</result> tags.

5. Results

5.1.

The zero-shot evaluation on the BankMathBench
dataset revealed that model performance declined
as dataset difficulty increased in both English and
Korean. In particular, for the Korean dataset, open-
source models achieved average accuracies of
18.0%, 0.8%, and 0.5% on the basic, intermedi-
ate, and advanced subsets, respectively, exhibit-
ing a sharp decrease as the reasoning complex-
ity increased. This trend underscores the escalat-
ing reasoning and computational demands inher-
ent in higher difficulty levels. Representative error
types are provided in Appendix B, offering a qualita-
tive analysis of common failure cases. Our dataset
is carefully designed to support error correction
through supervised training and tool augmentation,
ultimately yielding substantial performance gains.

Fine-tuning on the BankMathBench dataset led
to consistent performance improvements across all
models. Notably, Qwen3-8B and DeepSeek-Math-
Instruct-7B achieved strong and balanced perfor-
mance across all language settings and dataset

Overall Performance
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Model Info Zero-shot SFT Tool Aug. SFT Model Info Zero-shot SFT Tool Aug. SFT
Model Size | Kor Eng | Kor Eng | Kor Eng Model Size | Kor Eng | Kor Eng | Kor Eng
Claude Sonnet-3.5 - 103 99 - - Claude Sonnet-3.5 - 158 10.0 - -
Gemini-2.5-Flash - 10.7 11.8 Gemini-2.5-Flash - 10.3 103
GPT-40 - 79 144 - - - - GPT-40 - 43 6.3 - - - -
DeepSeek-R1-Distill-Qwen | 1.5B | 0.0 21 | 58 8.3 | 83.0 85.8 DeepSeek-R1-Distill-Qwen | 1.5B | 0.0 0.3 | 0.3 0.3 | 58.4 69.4
DeepSeek-R1-Distill-Qwen | 7B 16 02 |19 73 692 88.7 DeepSeek-R1-Distill-Qwen | 7B 1.0 00 | 20 20 |689 72.4
DeepSeek-Math-Instruct 7B 05 14 |68 80 |865 89.8 DeepSeek-Math-Instruct 7B 05 1.0 | 15 08 |717 77.2
Kanana-nano-Base 21B| 0.0 00 |21 24 |819 85.3 Kanana-nano-Base 21B| 00 0.0 | 0.0 0.0 | 657 62.2
Kanana-nano-Instruct 21B| 00 05 |14 09 | 812 84.9 Kanana-nano-Instruct 21B| 00 0.0 | 0.3 0.0 | 59.6 56.6
Kanana-1.5-Base 21B| 00 07 | 23 1.7 | 833 57.9 Kanana-1.5-Base 21B| 0.0 0.0 | 0.0 0.0 | 624 51.6
Kanana-1.5-Instruct 21B| 00 0.7 |31 28 |803 70.7 Kanana-1.5-Instruct 21B| 00 0.0 | 0.0 0.0 | 649 59.9
Kanana-1.5-Instruct 8B 07 17 |63 28 |859 61.9 Kanana-1.5-Instruct 8B 00 00 | 0.0 0.0 |66.9 59.1
Llama-3.2-Instruct 1B 00 02 |05 07270 44.0 Llama-3.2-Instruct 1B 00 00 | 00 0.0 |36.6 33.1
Llama-3.2-Instruct 3B | 05 35 |45 45 | 723 79.4 Llama-3.2-Instruct 3B | 0.0 03 | 0.0 0.0 |644 65.4
Llama-3-Instruct 8B | 0.7 12 |68 7.3 |840 88.4 Llama-3-Instruct 88 | 0.0 05 | 00 03 |697 68.4
Phi-3.5-Mini-Instruct 38B| 05 64 | 49 45 |61.0 80.4 Phi-3.5-Mini-Instruct 38B| 00 1.0 [ 03 05 |414 59.9
Qwen2.5-Instruct 15B | 0.0 3.1 | 8.0 35 |69.2 63.1 Qwen2.5-Instruct 15B| 0.0 03 | 0.3 0.0 | 404 59.4
Qwen2.5-Instruct 3B | 02 54 |63 69 |816 86.8 Qwen2.5-Instruct 3B | 08 05 |00 00 |71.7 70.2
Qwen2.5-Instruct 7B | 3.0 9.0 | 91 9.0 | 90.9 90.8 Qwen2.5-Instruct 7B 1.0 28 | 1.0 0.5 | 709 69.9
Qwen2.5-Math-Instruct 7B | 0.9 50 | 63 6.1 |81.1 87.5 Qwen2.5-Math-Instruct 7B | 20 25 |13 1.3 |70.7 65.9
Qwen3 4B | 26 66 | 56 73 | 618 64.3 Qwen3 4B 15 03 | 1.8 25 |76.9 75.7
Qwen3 8B | 28 50 | 91 92 |858 92.7 Qwen3 8B | 28 05 | 1.8 1.8 | 80.0 74.0

Table 5: Results on the BankMathBench Interme-
diate dataset. Model accuracy (%) is reported for
Zero-shot, SFT, and Tool-Augmented SFT settings
across Korean (Kor) and English (Eng).

difficulty levels. Specifically, Qwen3-8B exhibited
substantial gains over zero-shot performance, in-
creasing by 42.0 and 44.6 percentage points in
Korean and English, respectively, on the basic-
level dataset, while DeepSeek-Math-Instruct-7B im-
proved by 29.3 and 14.5 percentage points (Table
4). These results indicate that even math-oriented
or reasoning-enhanced LLMs struggle with domain-
specific numerical reasoning, and that fine-tuning
on well-defined banking scenarios is essential for
improving both reasoning capability and computa-
tional accuracy.

Building upon these results, tool-augmented su-
pervised fine-tuning further strengthened the mod-
els’ numerical reasoning ability. When compared
with SFT, tool-augmentation fine-tuning yielded sig-
nificant gains across datasets of varying difficulty
and languages, increasing performance by 21.3,
71.1, and 62.8 percentage points for the basic, in-
termediate, and advanced Korean datasets, and by
24.1,72.7, and 63.4 percentage points for the cor-
responding English datasets, respectively. These
findings suggest that our dataset reinforces the
model’s intrinsic reasoning foundation, enabling
tool-augmented reasoning to yield substantial per-
formance gains in banking scenarios. In particu-
lar, the intermediate level—which requires generat-
ing multiple formulas for each product—exhibited
the largest performance gains after applying exter-
nal tools. This indicates that while SFT effectively
improved formula generation, models still strug-
gled to aggregate multiple computed results into
a single correct outcome. The introduction of tool-
augmented fine-tuning alleviated this reasoning bot-
tleneck by enabling more accurate multi-step com-

Table 6: Results on the BankMathBench Advanced
dataset. Model accuracy (%) is reported for Zero-
shot, SFT, and Tool-Augmented SFT settings
across Korean (Kor) and English (Eng).

putation and integration across intermediate-level
tasks.

Further analysis indicated that the influence of
training data language on model performance be-
came more pronounced as dataset difficulty in-
creased. Korean-specialized models such as the
Kanana series achieved superior results on the Ko-
rean dataset, whereas other multilingual models
performed relatively consistently across languages.

5.2. Effect of Model Size and Architecture

Across all datasets (Tables 4-6), larger backbone
models (7B/8B) generally achieved the highest
performance, confirming the expected correla-
tion between model scale and reasoning capa-
bility. However, several notable exceptions were
observed. The DeepSeek-R1-Distill-Qwen-1.5B
model performed comparably to math-specialized
backbones such as DeepSeek-Math-7B and Qwen-
Math-7B, suggesting that lightweight architec-
tures can still capture domain-specific numeri-
cal reasoning when fine-tuned effectively. Sim-
ilarly, Kanana-nano-Base-2.1B exhibited perfor-
mance on par with—or even surpassing—that of
the larger Kanana-1.5-Instruct-8B model. Interest-
ingly, LLaMA-3.2-Instruct-1B, which lacks official
Korean language support, exhibited very low perfor-
mance; however, scaling up to the 3B configuration
alone led to considerable improvements across all
benchmarks.

Despite these architectural and scale differences,
fine-tuning led to more stable performance across
models. Additionally, empirical results obtained
from the Korean basic-level dataset revealed high
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variance in the zero-shot setting (1 = 18.0, o =
15.8), which was markedly reduced after fine-tuning
(u = 54.4, 0 = 9.5), a trend that was also con-
sistent across the English dataset. These results
suggest consistent convergence across different
model sizes on our dataset and demonstrate that
domain-specific fine-tuning effectively stabilizes
performance even when updating only a subset
of parameters.

5.3. Impact of Fine-Tuning on Numerical

Reasoning Capability

To assess the impact of fine-tuning on numerical
reasoning, we conducted an error analysis of the
Qwen3-8B model trained on the BankMathBench
advanced dataset. Specifically, we measured the
absolute differences and relative error ratios be-
tween predicted and ground-truth values. To ac-
count for the large variability in numerical values, a
log-scale transformation (base 1000) was applied,
and median-based comparisons were used.

Absolute Error | Error Ratio |

Kor Eng Kor Eng Kor Eng

Accuracy 1

Zero-shot 2.65 2.65 100.00 100.00 2.75 0.50
SFT 2.05 212 1.28 1.89 1.75 1.75
Tool Aug. SFT  0.00 0.00 0.00 0.00 79.95 73.94

Table 7: Comparison of absolute error, error ra-
tio, and accuracy across Zero-shot, SFT, and Tool-
Augmented SFT settings on the BankMathBench
Advanced dataset.

As shown in Table 7, fine-tuning substantially re-
duced numerical prediction errors compared to the
zero-shot baseline, indicating improved numerical
precision and robustness even without external tool
integration. Notably, while the model’s exact com-
putation accuracy reached 1.75% after fine-tuning,
the median relative error ratios were only 1.28% in
Korean and 1.89% in English, decreasing to nearly
zero when combined with tool augmentation. These
results demonstrate that fine-tuning on BankMath-
Bench not only enables models to reliably generate
correct formulas but also establishes a solid founda-
tion for tool-augmented reasoning, effectively mit-
igating cumulative numerical errors. Collectively,
these findings validate BankMathBench as an effec-
tive dataset for improving LLMs’ internal numerical
consistency and reasoning stability.

6. Conclusion

We introduce BankMathBench, a domain-specific
benchmark for banking that addresses a previ-
ously underrepresented area in numerical reason-
ing. The BankMathBench is developed to evalu-
ate models’ financial calculation abilities across

three levels of task difficulty in banking scenarios.
Models fine-tuned on BankMathBench exhibited
significant gains in formula generation and compu-
tational accuracy, evidencing the dataset’s effec-
tiveness in strengthening numerical reasoning in
LLMs. Notably, tool-augmented fine-tuning yielded
greater improvements on complex reasoning tasks,
as BankMathBench enhances models’ formula-
generation capabilities, enabling them to leverage
external tools effectively for sophisticated bank-
ing computations. We expect that BankMathBench
will foster further research on developing banking-
specialized reasoning models and inspire the ex-
ploration of tool-integrated learning approaches for
more robust numerical reasoning. Ultimately, we
envision BankMathBench-trained models enabling
digital banking assistants that can provide accu-
rate, computation-grounded responses tailored to
customers’ personal contexts.

7. Limitations

While BankMathBench effectively captures numeri-
cal reasoning across key retail banking products, its
current coverage is limited to representative scenar-
ios involving deposits, savings, and loans. Other fi-
nancial domains, such as funds and insurance, are
not yet included, which may lead to product-specific
biases in models fine-tuned on the dataset. Future
work will expand the dataset’s scope by leveraging
the proposed automated data generation pipeline
to encompass a broader range of banking products
and customer-oriented scenarios.

From an evaluation perspective, performance in
this work was assessed primarily in terms of numer-
ical correctness and error rates between predicted
and ground-truth values. Improvements in accu-
racy may indirectly suggest enhanced reasoning
quality; however, reasoning quality was not directly
evaluated. Future research may incorporate explicit
assessment of reasoning processes to provide a
more comprehensive understanding of model per-
formance in financial numerical reasoning tasks.

8. Ethical Statements

The BankMathBench dataset contains no harmful,
offensive, or personally identifiable information. All
data instances were synthetically generated using
large language models and do not originate from
customer records. The dataset was created inde-
pendently and is free from any conflicts of interest.
Additionally, all human annotators and reviewers
involved in the dataset verification process were
fairly compensated, receiving payment above the
minimum hourly wage ($7) in South Korea in accor-
dance with ethical research and labor standards.
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9. Data Availability

The BankMathBench dataset will be made avail-
able in a public repository following completion
of institutional review and compliance procedures.
The approval process is currently in progress. Re-
searchers interested in early access may contact
the authors.

10. Bibliographical References

Marah Abdin, Sam Ade Jacobs, Ammar Ahmad
Awan, Jyoti Aneja, Ahmed Awadallah, Hany Has-
san Awadalla, Nguyen Bach, Amit Bahree,
Arash Bakhtiari, Harkirat Singh Behl, Alon Ben-
haim, Misha Bilenko, Johan Bjorck, Sébastien
Bubeck, Martin Cai, Caio C’esar Teodoro
Mendes, Weizhu Chen, Vishrav Chaudhary,
Parul Chopra, Allison Del Giorno, Gustavo
de Rosa, Matthew Dixon, Ronen Eldan, Dan
Iter, Abhishek Goswami, Suriya Gunasekar, Em-
man Haider, Junheng Hao, Russell J. Hewett,
Jamie Huynh, Mojan Javaheripi, Xin Jin, Piero
Kauffmann, Nikos Karampatziakis, Dongwoo
Kim, Young Jin Kim, Mahoud Khademi, Lev
Kurilenko, James R. Lee, Yin Tat Lee, Yuanzhi
Li, Chen Liang, Weishung Liu, Eric Lin, Zeqi Lin,
Piyush Madan, Arindam Mitra, Hardik Modi, Anh
Nguyen, Brandon Norick, Barun Patra, Daniel
Perez-Becker, Thomas Portet, Reid Pryzant,
Heyang Qin, Marko Radmilac, Liliang Ren, Corby
Rosset, Sambudha Roy, Olli Saarikivi, Amin
Saied, Adil Salim, Michael Santacroce, Shi-
tal Shah, Ning Shang, Hiteshi Sharma, Xian-
min Song, Olatunji Ruwase, Praneetha Vad-
damanu, Xin Wang, Rachel Ward, Guanhua
Wang, Philipp Andre Witte, Michael Wyatt, Can
Xu, Jiahang Xu, Sonali Yadav, Fan Yang, Ziyi
Yang, Donghan Yu, Cheng-Yuan Zhang, Cyril
Zhang, Jianwen Zhang, Li Lyna Zhang, Yi Zhang,
Yunan Zhang, Xiren Zhou, and Yifan Yang. 2024.
Phi-3 technical report: A highly capable language
model locally on your phone. arXiv preprint
arXiv:2404.14219.

Anthropic. 2024. Claude 3.5 sonnet model card
addendum.

Yunju Bak, Hojin Lee, Minho Ryu, Jiyeon Ham,
Seungjae Jung, Daniel Wontae Nam, Tae-
gyeong Eo, Donghun Lee, Doohae Jung, Boseop
Kim, et al. 2025. Kanana: Compute-efficient
bilingual language models.  arXiv preprint
arXiv:2502.18934.

Changyu Chen, Xiting Wang, Ting-En Lin, Ang Lv,
Yuchuan Wu, Xin Gao, Ji-Rong Wen, Rui Yan,

and Yongbin Li. 2024. Masked thought: Sim-
ply masking partial reasoning steps can improve
mathematical reasoning learning of language
models. In Proceedings of the 62nd Annual Meet-
ing of the Association for Computational Linguis-
tics (Volume 1: Long Papers), pages 5872—-5900.
Association for Computational Linguistics.

Wenhu Chen, Xueguang Ma, Xinyi Wang, and
William W. Cohen. 2023. Program of thoughts
prompting: Disentangling computation from rea-
soning for numerical reasoning tasks. Transac-
tions on Machine Learning Research.

Zhiyu Chen, Wenhu Chen, Charese Smiley,
Sameena Shah, lana Borova, Dylan Langdon,
Reema Moussa, Matt Beane, Ting-Hao Huang,
Bryan Routledge, and William Yang Wang.
2021a. FinQA: A dataset of numerical reason-
ing over financial data. In Proceedings of the
2021 Conference on Empirical Methods in Nat-
ural Language Processing, pages 3697-3711.
Association for Computational Linguistics.

Zhiyu Chen, Shiyang Li, Charese Smiley, Zhigiang
Ma, Sameena Shah, and William Yang Wang.
2021b. ConvFinQA: Exploring the chain of nu-
merical reasoning in conversational finance ques-
tion answering. In Proceedings of the 2022 Con-
ference on Empirical Methods in Natural Lan-
guage Processing, pages 6279-6292. Associa-
tion for Computational Linguistics.

Zui Chen, Tianqgiao Liu, Tongqing, Mi Tian, Weiqi
Luo, and Zitao Liu. 2025. Advancing mathemati-
cal reasoning in language models: The impact of
problem-solving data, data synthesis methods,
and training stages. In The Thirteenth Interna-
tional Conference on Learning Representations.

Daixuan Cheng, Shaohan Huang, and Furu Wei.
2024. Adapting large language models via read-
ing comprehension. In The Twelfth International
Conference on Learning Representations.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavar-
ian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton,
Reiichiro Nakano, et al. 2021. Training verifiers
to solve math word problems. arXiv preprint
arXiv:2110.14168.

Gheorghe Comanici, Eric Bieber, Mike Schaeker-
mann, Ice Pasupat, Noveen Sachdeva, Inderjit
Dhillon, Marcel Blistein, Ori Ram, Dan Zhang,
Evan Rosen, et al. 2025. Gemini 2.5: Pushing the
frontier with advanced reasoning, multimodality,
long context, and next generation agentic capa-
bilities. arXiv preprint arXiv:2507.06261.

11018


https://api.semanticscholar.org/CorpusID:269293048
https://api.semanticscholar.org/CorpusID:269293048
https://api.semanticscholar.org/CorpusID:270667923
https://api.semanticscholar.org/CorpusID:270667923
https://doi.org/10.18653/v1/2024.acl-long.320
https://doi.org/10.18653/v1/2024.acl-long.320
https://doi.org/10.18653/v1/2024.acl-long.320
https://doi.org/10.18653/v1/2024.acl-long.320
https://openreview.net/forum?id=YfZ4ZPt8zd
https://openreview.net/forum?id=YfZ4ZPt8zd
https://openreview.net/forum?id=YfZ4ZPt8zd
https://doi.org/10.18653/v1/2021.emnlp-main.300
https://doi.org/10.18653/v1/2021.emnlp-main.300
https://doi.org/10.18653/v1/2022.emnlp-main.421
https://doi.org/10.18653/v1/2022.emnlp-main.421
https://doi.org/10.18653/v1/2022.emnlp-main.421
https://openreview.net/forum?id=GtpubstM1D
https://openreview.net/forum?id=GtpubstM1D
https://openreview.net/forum?id=GtpubstM1D
https://openreview.net/forum?id=GtpubstM1D
https://openreview.net/forum?id=y886UXPEZ0
https://openreview.net/forum?id=y886UXPEZ0

Tim Dettmers, Artidoro Pagnoni, Ari Holtzman, and
Luke Zettlemoyer. 2023. QLoRA: Efficient finetun-
ing of quantized LLMs. In Thirty-seventh Confer-
ence on Neural Information Processing Systems.

Sachin Goyal, Ziwei Ji, Ankit Singh Rawat,
Aditya Krishna Menon, Sanjiv Kumar, and Vaish-
navh Nagarajan. 2024. Think before you speak:
Training language models with pause tokens. In
The Twelfth International Conference on Learn-
ing Representations.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav
Jauhri, Abhinav Pandey, Abhishek Kadian, Ah-
mad Al-Dahle, Aiesha Letman, Akhil Mathur, Alan
Schelten, Alex Vaughan, et al. 2024. The llama 3
herd of models. arXiv preprint arXiv:2407.21783.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. 2025.
Deepseek-r1: Incentivizing reasoning capability
in lims via reinforcement learning. arXiv preprint
arXiv:2501.12948.

Dan Hendrycks, Collin Burns, Saurav Kadavath,
Akul Arora, Steven Basart, Eric Tang, Dawn
Song, and Jacob Steinhardt. 2021. Measur-
ing mathematical problem solving with the math
dataset. In Proceedings of the Neural Informa-
tion Processing Systems Track on Datasets and
Benchmarks, volume 1.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam
Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford,
et al. 2024. Gpt-4o system card. arXiv preprint
arXiv:2410.21276.

Hyeonbin Hwang, Doyoung Kim, Seungone Kim,
Seonghyeon Ye, and Minjoon Seo. 2024. Self-
explore: Enhancing mathematical reasoning in
language models with fine-grained rewards. In
Findings of the Association for Computational
Linguistics: EMNLP 2024, pages 1444—1466. As-
sociation for Computational Linguistics.

Shima Imani, Liang Du, and Harsh Shrivastava.
2023. MathPrompter: Mathematical reasoning
using large language models. In Proceedings of
the 61st Annual Meeting of the Association for
Computational Linguistics (Volume 5: Industry
Track), pages 37—42. Association for Computa-
tional Linguistics.

Aaron Jaech, Adam Kalai, Adam Lerer, Adam
Richardson, Ahmed El-Kishky, Aiden Low, Alec
Helyar, Aleksander Madry, Alex Beutel, Alex Car-
ney, et al. 2024. Openai o1 system card. arXiv
preprint arXiv:2412.16720.

Marek Kadl&ik, Michal Stefanik, Ondrej Sotolar, and
Vlastimil Martinek. 2023. Calc-X and calcform-
ers: Empowering arithmetical chain-of-thought
through interaction with symbolic systems. In
Proceedings of the 2023 Conference on Empir-
ical Methods in Natural Language Processing,
pages 12101-12108. Association for Computa-
tional Linguistics.

Kausik Lakkaraju, Sara E Jones, Sai Krishna Re-
vanth Vuruma, Vishal Pallagani, Bharath C Mup-
pasani, and Biplav Srivastava. 2023. Llms for fi-
nancial advisement: A fairness and efficacy study
in personal decision making. In Proceedings of
the Fourth ACM International Conference on Al
in Finance, pages 100-107.

Chenying Li, Wenbo Ye, and Yilun Zhao. 2022. Fin-
math: Injecting a tree-structured solver for ques-
tion answering over financial reports. In Proceed-
ings of the Thirteenth Language Resources and
Evaluation Conference, pages 6147-6152.

Haoyang Li, Xuejia Chen, Zhanchao Xu, Darian
Li, Nicole Hu, Fei Teng, Yiming Li, Luyu Qiu,
Chen Jason Zhang, Li Qing, and Lei Chen. 2025.
Exposing numeracy gaps: A benchmark to eval-
uate fundamental numerical abilities in large lan-
guage models. In Findings of the Association
for Computational Linguistics: ACL 2025, pages
20004—-20026. Association for Computational
Linguistics.

Xiang Li, Zhenyu Li, Chen Shi, Yong Xu, Qing Du,
Mingkui Tan, and Jun Huang. 2024. AlphaFin:
Benchmarking financial analysis with retrieval-
augmented stock-chain framework. In Proceed-
ings of the 2024 Joint International Conference
on Computational Linguistics, Language Re-
sources and Evaluation (LREC-COLING 2024),
pages 773-783. ELRA and ICCL.

Zhaowei Liu, Xin Guo, Fangqi Lou, Lingfeng Zeng,
Jinyi Niu, Zixuan Wang, Jiajie Xu, Weige Cai,
Ziwei Yang, Xuegian Zhao, et al. 2025. Fin-r1:
A large language model for financial reasoning
through reinforcement learning. arXiv preprint
arXiv:2503.16252.

Lingfei Qian, Weipeng Zhou, Yan Wang, Xue-
ging Peng, Jimin Huang, and Qiangian Xie.
2025. Fino1: On the transferability of reason-
ing enhanced lims to finance. arXiv preprint
arXiv:2502.08127.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin
Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, YK Li, Yang Wu, et al. 2024.
Deepseekmath: Pushing the limits of mathemat-
ical reasoning in open language models. arXiv
preprint arXiv:2402.03300.

11019


https://openreview.net/forum?id=OUIFPHEgJU
https://openreview.net/forum?id=OUIFPHEgJU
https://openreview.net/forum?id=ph04CRkPdC
https://openreview.net/forum?id=ph04CRkPdC
https://datasets-benchmarks-proceedings.neurips.cc/paper_files/paper/2021/file/be83ab3ecd0db773eb2dc1b0a17836a1-Paper-round2.pdf
https://datasets-benchmarks-proceedings.neurips.cc/paper_files/paper/2021/file/be83ab3ecd0db773eb2dc1b0a17836a1-Paper-round2.pdf
https://datasets-benchmarks-proceedings.neurips.cc/paper_files/paper/2021/file/be83ab3ecd0db773eb2dc1b0a17836a1-Paper-round2.pdf
https://doi.org/10.18653/v1/2024.findings-emnlp.78
https://doi.org/10.18653/v1/2024.findings-emnlp.78
https://doi.org/10.18653/v1/2024.findings-emnlp.78
https://doi.org/10.18653/v1/2023.acl-industry.4
https://doi.org/10.18653/v1/2023.acl-industry.4
https://doi.org/10.18653/v1/2023.emnlp-main.742
https://doi.org/10.18653/v1/2023.emnlp-main.742
https://doi.org/10.18653/v1/2023.emnlp-main.742
https://doi.org/10.18653/v1/2025.findings-acl.1026
https://doi.org/10.18653/v1/2025.findings-acl.1026
https://doi.org/10.18653/v1/2025.findings-acl.1026
https://aclanthology.org/2024.lrec-main.69/
https://aclanthology.org/2024.lrec-main.69/
https://aclanthology.org/2024.lrec-main.69/

Pragya Srivastava, Manuj Malik, Vivek Gupta, An Yang, Anfeng Li, Baosong Yang, Beichen

Tanuja Ganu, and Dan Roth. 2024. Evaluating
LLMs’ mathematical reasoning in financial doc-
ument question answering. In Findings of the
Association for Computational Linguistics: ACL
2024, pages 3853-3878. Association for Com-
putational Linguistics.

Jiashuo Sun, Hang Zhang, Chen Lin, Xiangdong
Su, Yeyun Gong, and Jian Guo. 2024. APOLLO:
An optimized training approach for long-form nu-
merical reasoning. In Proceedings of the 2024

Zhang, Binyuan Hui, Bo Zheng, Bowen Yu,
Chang Gao, Chengen Huang, Chenxu Lv, et al.
2025a. Qwengd technical report. arXiv preprint
arXiv:2505.09388.

An Yang, Beichen Zhang, Binyuan Hui, Bofei Gao,

Bowen Yu, Chengpeng Li, Dayiheng Liu, Jian-
hong Tu, Jingren Zhou, Junyang Lin, et al. 2024.
Qwen2. 5-math technical report: Toward mathe-
matical expert model via self-improvement. arXiv
preprint arXiv:2409.12122.

Joint International Conference on Computational ~ Qwen An Yang, Baosong Yang, Beichen Zhang,

Linguistics, Language Resources and Evaluation
(LREC-COLING 2024), pages 1370-1382. ELRA
and ICCL.

Takehiro Takayanagi, Masahiro Suzuki, Kiyoshi
Izumi, Javier Sanz-Cruzado, Richard McCreadie,
and ladh Ounis. 2025. Finpersona: An [Im-driven
conversational agent for personalized financial
advising. In European Conference on Informa-
tion Retrieval, pages 13—18. Springer.

Zichen Tang, Haihong E, Ziyan Ma, Haoyang He, Ji-
acheng Liu, Zhongjun Yang, Zihua Rong, Rongjin
Li, Kun Ji, Qing Huang, Xinyang Hu, Yang Liu,

Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Guanting Dong,
Haoran Wei, Huan Lin, Jian Yang, Jianhong
Tu, Jianwei Zhang, Jianxin Yang, Jiaxin Yang,
Jingren Zhou, Junyang Lin, Kai Dang, Kem-
ing Lu, Keqin Bao, Kexin Yang, Le Yu, Mei Li,
Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men,
Runji Lin, Tianhao Li, Tingyu Xia, Xingzhang
Ren, Xuancheng Ren, Yang Fan, Yang Su, Yi-
Chao Zhang, Yunyang Wan, Yugqi Liu, Zeyu Cui,
Zhenru Zhang, Zihan Qiu, Shanghaoran Quan,
and Zekun Wang. 2025b. Qwen2.5 technical
report. arXiv preprint arXiv:2412.15115.

and Qianhe Zheng. 2025. FinanceReason- Shuo Yin, Weihao You, Zhilong Ji, Guogiang Zhong,

ing: Benchmarking financial numerical reasoning
more credible, comprehensive and challenging.
In Proceedings of the 63rd Annual Meeting of the
Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 15721-15749. As-
sociation for Computational Linguistics.

Shubham Toshniwal, lvan Moshkov, Sean Naren-
thiran, Daria Gitman, Fei Jia, and Igor Gitman.
2024. Openmathinstruct-1: A 1.8 million math
instruction tuning dataset. In Advances in Neu-
ral Information Processing Systems, volume 37,
pages 34737-34774. Curran Associates, Inc.

Ke Wang, Houxing Ren, Aojun Zhou, Zimu Lu,

and Jinfeng Bai. 2024. MuMath-code: Combin-
ing tool-use large language models with multi-
perspective data augmentation for mathematical
reasoning. In Proceedings of the 2024 Confer-
ence on Empirical Methods in Natural Language
Processing, pages 4770-4785. Association for
Computational Linguistics.

Longhui Yu, Weisen Jiang, Han Shi, Jincheng YU,

Zhengying Liu, Yu Zhang, James Kwok, Zhenguo
Li, Adrian Weller, and Weiyang Liu. 2024. Meta-
math: Bootstrap your own mathematical ques-
tions for large language models. In The Twelfth
International Conference on Learning Represen-
tations.

Sichun Luo, Weikang Shi, Renrui Zhang, Lingi  Beichen Zhang, Kun Zhou, Xilin Wei, Xin Zhao,

Song, Mingjie Zhan, and Hongsheng Li. 2024.
Mathcoder: Seamless code integration in LLMs
for enhanced mathematical reasoning. In The
Twelfth International Conference on Learning
Representations.

Sixing Yan and Ting Zhu. 2025. Creditllm: Con-
structing financial ai assistant for credit products
using financial IIm and few data. In Proceed-
ings of the Joint Workshop of the 9th Financial
Technology and Natural Language Processing
(FinNLP), the 6th Financial Narrative Processing

Jing Sha, Shijin Wang, and Ji-Rong Wen.
2023. Evaluating and improving tool-augmented
computation-intensive math reasoning. Ad-
vances in Neural Information Processing Sys-
tems, 36:23570-23589.

Zhihan Zhang, Yixin Cao, and Lizi Liao. 2025. XFin-

Bench: Benchmarking LLMs in complex financial
problem solving and reasoning. In Findings of
the Association for Computational Linguistics:
ACL 2025, pages 8715—-8758. Association for
Computational Linguistics.

(FNP), and the 1st Workshop on Large Language  Yilun Zhao, Hongjun Liu, Yitao Long, Rui Zhang,

Models for Finance and Legal (LLMFinLegal),
pages 141-152.

11020

Chen Zhao, and Arman Cohan. 2024a. Finance-
math: Knowledge-intensive math reasoning in


https://doi.org/10.18653/v1/2024.findings-acl.231
https://doi.org/10.18653/v1/2024.findings-acl.231
https://doi.org/10.18653/v1/2024.findings-acl.231
https://aclanthology.org/2024.lrec-main.122/
https://aclanthology.org/2024.lrec-main.122/
https://aclanthology.org/2024.lrec-main.122/
https://doi.org/10.18653/v1/2025.acl-long.766
https://doi.org/10.18653/v1/2025.acl-long.766
https://doi.org/10.18653/v1/2025.acl-long.766
https://proceedings.neurips.cc/paper_files/paper/2024/file/3d5aa9a7ce28cdc710fbd044fd3610f3-Paper-Datasets_and_Benchmarks_Track.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/3d5aa9a7ce28cdc710fbd044fd3610f3-Paper-Datasets_and_Benchmarks_Track.pdf
https://openreview.net/forum?id=z8TW0ttBPp
https://openreview.net/forum?id=z8TW0ttBPp
https://doi.org/10.18653/v1/2024.emnlp-main.274
https://doi.org/10.18653/v1/2024.emnlp-main.274
https://doi.org/10.18653/v1/2024.emnlp-main.274
https://doi.org/10.18653/v1/2024.emnlp-main.274
https://openreview.net/forum?id=N8N0hgNDRt
https://openreview.net/forum?id=N8N0hgNDRt
https://openreview.net/forum?id=N8N0hgNDRt
https://doi.org/10.18653/v1/2025.findings-acl.457
https://doi.org/10.18653/v1/2025.findings-acl.457
https://doi.org/10.18653/v1/2025.findings-acl.457
https://doi.org/10.18653/v1/2024.acl-long.693
https://doi.org/10.18653/v1/2024.acl-long.693

finance domains. In Proceedings of the 62nd
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 12841-12858. Association for Computa-
tional Linguistics.

Yilun Zhao, Yitao Long, Hongjun Liu, Ryo Kamoi,
Linyong Nan, Lyuhao Chen, Yixin Liu, Xiangru
Tang, Rui Zhang, and Arman Cohan. 2024b.
DocMath-eval: Evaluating math reasoning ca-
pabilities of LLMs in understanding long and
specialized documents. In Proceedings of the
62nd Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers),
pages 16103-16120. Association for Computa-
tional Linguistics.

Chuijie Zheng, Zhenru Zhang, Beichen Zhang, Runiji
Lin, Keming Lu, Bowen Yu, Dayiheng Liu, Jingren
Zhou, and Junyang Lin. 2025. ProcessBench:
Identifying process errors in mathematical rea-
soning. In Proceedings of the 63rd Annual Meet-
ing of the Association for Computational Linguis-
tics (Volume 1: Long Papers), pages 1009—-1024.
Association for Computational Linguistics.

Fengbin Zhu, Wengiang Lei, Youcheng Huang,
Chao Wang, Shuo Zhang, Jiancheng Lv, Fuli
Feng, and Tat-Seng Chua. 2021. TAT-QA: A
question answering benchmark on a hybrid of
tabular and textual content in finance. In Pro-
ceedings of the 59th Annual Meeting of the As-
sociation for Computational Linguistics and the
11th International Joint Conference on Natu-
ral Language Processing (Volume 1: Long Pa-
pers), pages 3277-3287. Association for Com-
putational Linguistics.

A. Prompt Design

The prompts for the BankMathBench data gener-
ation pipeline—question generation, solution gen-
eration, and reasoning generation—are presented
in Tables 8-10, Table 11, and Table 12, respec-
tively. Across all stages, prompts are organized
according to a common template comprising four
core fields—role, requirements, example, and out-
put format—which ensures structural consistency,
domain alignment, and controllability. The fields are
designed to support flexible adaptation across dif-
ficulty levels and banking product types, and their
detailed contents (e.g., specific requirements or il-
lustrative examples) can be modified or extended
as needed.

Question Generation. Difficulty-specific prompts
are used to construct basic, intermediate, and ad-
vanced questions (Tables 8—10). Each prompt en-

codes banking-domain constraints, including prod-
uct types and financial conditions. In Table 10,
bracketed placeholders (e.g., (Deposit | Savings),
<Rate>) are randomly sampled and programmati-
cally instantiated, and only the finalized values are
propagated to the final prompt.

Solution Generation. Ground-truth answers are
obtained using the prompt in Table 11. The prompt
can be configured to produce solutions in standard
mathematical form, LaTeX, or executable Python
code, with reference equations adapted accordingly
to preserve computational consistency.

Reasoning Generation. Step-by-step reason-
ing traces are generated using the prompt in Ta-
ble 12. Given the question, the corresponding
formula or code, and the verified final answer,
the model produces structured reasoning with
<think></think> and <answer></answer>
tags, ensuring adherence to the specified format
and requirements.

B. Representative Error Types

Table 13 summarizes representative error types
in zero-shot financial reasoning. Type 1 (Formula
Error) refers to applying an incorrect financial for-
mula due to misunderstanding of the product struc-
ture. Type 2 (Parameter Conversion Error) captures
mistakes in selecting or applying key parameters,
such as using the wrong interest rate or misplacing
tax deductions. Type 3 (Arithmetic Error) includes
cases where the correct formula is used but the
final numerical computation is incorrect.
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[Role] You are a writer with imaginative yet reality-grounded thinking. You are writing a novel based on real consultation scenes of customers visiting
K Bank in South Korea. Generate customer personas and questions related to basic calculations of banking products. Avoid exaggerated scenarios
and base your writing on realistic situations that could plausibly occur in actual bank consultations.

[Requirements]

- Mention the customer’s situation or goal (e.g., retirement planning, wedding preparation, home purchase, saving for a child’s education).
- Write each question in the form: “Situation description + specific calculation question.”

- Each question must include six elements: product, amount, interest rate, term, payment frequency, and interest calculation method.

- Considering product eligibility conditions, write a natural and concise question within 1-2 sentences.

- Do not generate a question if eligibility conditions are not satisfied.

- Do not generate content identical to the examples below.

[Example]
# Example Bank Products:
Fixed deposit, installment savings, parking account, mortgage loan, used car secured loan, jeonse deposit loan, business loan, emergency loan

# Example Questions:

-l am in my 50s and about to retire. If | deposit 500 million KRW into a 1-year fixed deposit (annual interest rate 3.88%) with simple interest, how
much after-tax interest will | earn?

- | am a recent graduate who has been employed for 6 months. If | save 300,000 KRW per month in a 2-year flexible savings product with a 7%
annual compound interest rate, how much will | accumulate for wedding expenses?

- | have about 400 million KRW in cash and plan to purchase an apartment by taking out a 400 million KRW mortgage. If the annual interest rate is
2.1% with a 30-year equal principal-and-interest repayment plan, how much interest would | pay each month?

[Output Format] Output the generated question in the following JSON format.
{ "product": "<Product type (e.g., deposit, savings, loan)>", \n "question": "<Generated question>" }

Table 8: Prompt for generating basic-level questions in BankMathBench.
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[Role] You are a financial expert responsible for generating a financial calculation question that compares two products among deposit, savings, and
loan products based on the conditions provided by the user. Refer to the guidelines below and generate *only one* comparison question involving
two financial products.

[Requirements]

- The question must include the amount, interest rate, payment method, and term for each product, and clearly express the comparison objective,
such as “Which option yields higher interest?” or “How much greater is the total payout for the more advantageous product?"

- Product types to compare: choose any two among deposits, savings, and loans (e.g., deposit vs deposit, deposit vs savings, savings vs savings,
loan vs loan, etc.).

- Vary the conditions (amount, interest rate, term) each time and avoid repeating identical configurations.

- Interest rate: randomly generate within 1.0%—-9.9%, including decimals.

- Term: between 3 months and 5 years; weekly (e.g., 26 weeks, 52 weeks) or monthly units may also be used.

- Amount: randomly generate between 100,000 KRW and 100,000,000 KRW.

- Interest calculation method: clearly specify simple or compound interest.

- The question must explicitly state the comparison objective.

[Example]

# Detailed Product Names:

(Deposit) Fixed deposit, Flexible deposit

(Savings) 26-week savings, Flexible savings

(Loan) Credit loan, Medium-credit loan, Saetdol loan, Jeonse deposit loan, Overdraft (minus account) loan, Business loan
# Example Questions:

- I would like to know the total interest difference between the two products.

- How much difference is there in the maturity payout?

[Output Format] Output the generated question in the following JSON format.
{ "product": "<Productl vs Product2>", \n "question": "<Comparison guestion>"}

Table 9: Prompt for generating intermediate-level questions in BankMathBench.
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[Role] Generate *only one* financial calculation question based on the following financial product conditions. Describe a realistic situation that could
occur in everyday life.

[Conditions]

- Product Type: (Deposit | Savings | Loan)

- Payment Method: (Lump-sum | Monthly | Amortized | Bullet repayment, etc.)

- Interest Type: (Simple | Compound | Fixed rate, etc.)

- Annual Interest Rate: <Rate>

- Term: (Years | Months | Weeks | Days)

- Principal or Installment Amount: <Amount>

- Tax: (15.4% interest income tax | Tax-exempt)

- (Optional) Early Termination: <Eligible point>, <Early termination (rate, point)>, \n Prepayment: <Prepayment (fee rate, point, amount)>

[Requirements]

- Do not include unnecessary numerical values.

- Do not include explanations or answers. Output only the problem.

- The final sentence must explicitly ask for a calculable amount.

- Use an appropriate expression selected from the list below (variations with similar meaning are allowed).

[Example]

# Expressions:

- (Deposit | Savings) What is the total principal and interest? \n How much interest will be earned after tax? \n How much interest income will be
generated? ... (omitted)

- (Loan) What is the total repayment amount? \n What is the prepayment fee? \n How much interest must be paid after prepayment for the remaining
term? ... (omitted)

# Terminology:

- (Deposit | Savings) Total interest, interest income, after-tax interest: interest only \n Total payout, total principal and interest: principal + interest

- (Loan) Total interest, interest burden: interest only \n Total repayment, total cost: principal + interest + fees

# Example Questions:

- (Deposit) Mr. K deposited 7.2 million KRW into a two-year fixed deposit at an annual simple interest rate of 3.2%. Interest is paid at maturity, and
15.4% tax is deducted. Early termination is allowed after 6 months at a 2.1% rate. If he terminates after 7 months, what is the total principal and
interest at that time?

- (Savings) Ms. B saves 300,000 KRW per month for two years at a 3.2% annual simple interest rate. Interest is paid at maturity. If she terminates
after one year at an early termination rate of 0.8% with 15.4% tax deducted, what is the total amount she receives?

- (Loan) Mr. C borrowed 100 million KRW at a 3.8% annual variable rate for five years with a bullet repayment structure. After two years, the rate
increased to 4.1% for the remaining term. What is the total cost including interest and fees? ... (omitted)

[Output Format] Output the generated question in the following JSON format.
{ "product": "<Product type (e.g., deposit, savings, loan)>", \n '"gquestion'": "<Generated question>" }

Table 10: Prompt for generating advanced-level questions in BankMathBench.
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[Role] You are a calculator that performs financial calculations accurately.
For the given problem, output only the following two items:

[Requirements]

1. Do not include explanations, units, speech bubbles, or any other text.

2. Convert all monetary expressions into numeric values that can be computed.
- “1 million 2 thousand” — 1002000

- 30,000 — 30000

- “fifty thousand” — 50000

[Reference Formulas]

(1) Deposits

- Simple interest

Interest = Principal x Annual rate(%) +— 100 x (Term - 365)

- Annual compounding
Maturity amount = Principal x (1 + Annual rate(%) + 100)" (Term(days) + 365)
Interest = Maturity amount - Principal

(2) Savings (equal periodic payments)
- Simple interest
Interest = Monthly payment x Number of months x (Number of months + 1) = 2 x (Annual rate +~ 12 = 100)

- Compound interest
Maturity amount = X [Monthly payment x (1 + Annual rate -~ 12 = 100) ~ (Number of months - i)] (i = 0 to n-1)
Interest = Maturity amount - Total payments

(3) Loans
- Simple interest
Interest = Loan principal x Annual rate < 100 x (Term = 365)

- Compound interest (when interest is continuously added to principal)
Repayment amount = Loan principal x (1 + Annual rate <+ 100)" (Term(days) - 365)
Interest = Repayment amount - Loan principal

[Output Format]
Formula/LaTeX/Code: <formula/LaTeX/code used>

Answer: <computed result (numbers only)>

Now, for the problem below, output using the format above: \n {}

Table 11: Prompt{gpsgjution generation.
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[Role] You are a bot that generates a Korean narrative reasoning process and outputs the final answer based on the given question, equation/code,
and answer.

[Requirements]

1. Write the reasoning process inside the <think> and </think> tags.

2. The reasoning must describe the problem-solving process in narrative Korean, including simple formulas when necessary.

3. Analyze the computational logic shown in the equation/code and convert it into a human-readable solution that follows the same process.
4. Keep the explanation concise and focused only on the essential reasoning steps.

5. Write the final answer inside the <answer> and </answer> tags.

6. Output only the generated reasoning process and the final answer.

Table 12: Prompt for generating reasoning and final answers.
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Type 1: Formula Error

(Kor)
Question: 2'A 2t7| 7|0 Z0]| ¢ 3.5% Z2|Z 5002t S Olz3t=
Df S 202HA4 247t 2R X Z0)| A 4.0% T2 |2 ZH35He A & 27| 43

QHO| YOfLt 20|17 LiLER?

Zero-shot Output:
<think> ...C}2 | & =

) HeaaE 0E JounA 24z o3, o b0t Gae
OIZE &Lt

[Error]

27| 4240

— Y125 (1+21012/100)  (HYHS)

= 200000*12* (1+0.04) "2

<calc>200000*12* (1+0.04)*2 </calc>

<result>4993920 </result>

Y LRI (UYL +1) /2% (1018 /12/100)
= 200000*24* (24+1) /2*(4/12/100)

Z 93 = 200000 * 24
k7| £-HH = 200000%24+200000 = 5000000
<calc>200000%24+200000%24% (24+1) /2% (4/12/100)
</calc>
<result>5000000 </result>

.</think> <answer> .</answer>

(Eng)

Question: What is the difference in the maturity amount between de-
positing 5,000,000 KRW in a 2-year fixed-term deposit at an annual
compound interest rate of 3.5% and saving 200,000 KRW per month for
2 years in an installment savings account at an annual simple interest
rate of 4.0%?

Zero-shot Output:
<think> .Next, we calculate the maturity amount
of the installment savings account. The installment
savings account involves depositing 200, 000 KRW per
month for 2 years and earns interest at an annual
simple rate of 4.0%.
[Error]
Maturity Amount
= Monthly Payment*12* (l1+Annual Interest
Rate/100) * (Number of Years)
= 200000*12* (1+0.04) "2
<calc>200000*12* (1+0.04)*2 </calc>
<result>4993920 </result>
[Gold]
Total Interest
= Monthly Payment*Number of Months* (Number of
Months+1) /2* (Annual Interest Rate/12/100)
= 200000%24* (24+1)/2*(4/12/100)
= 200000
Total Principal = 200000 * 24
Maturity Amount = 200000*24+200000 = 5000000
<calc>200000*24+200000*24* (24+1) /2% (4/12/100)
</calc>
<result>5000000 </result>

.</think> <answer> .</answer>

Type 2: Parameter Conversion Error

(Kor)

Question: AK|= 2,229,900,000€ 2 LAIZZ 0|26t 0|2 &ES
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(15.4%)7} BAH LT 133 & 2 62| 715510, 2 E62| 0|8 3.36%7}
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Zero-shot Output:

<think>1. @% 7IE S22 13F S¢H
I oF O|AASMHE SAE = A4

AFBILICH\n 3. ZEofA 0|88 XZsi0]

FUCHA\n 4. 7|2 0|22t =52 O|AE 510 2E s+HHS

AAFELCE AR 5. At BUE FH2Z 2deLct.

[Error]

<calc>(2229900000* (5.6/100) *13/52) * (1-

15.4/100) </calc>

[Gold]

<calc> 2229900000+ (2229900000* (3.36/100) *13/52) * (1-

15.4/100) </calc>
.</think> <answer>

N

-{o
L=
_>.~‘_

.</answer>

(Eng)

Question: Mr. A deposited 2,229,900,000 KRW as a lump sum in a
fixed deposit product. The base interest rate is 5.6% per annum, and
interest is calculated using simple interest. Interest income tax (15.4%)
is deducted. Early termination is allowed after 13 weeks, at which point
an early termination interest rate of 3.36% is applied. What is the total
amount of principal and interest received if the deposit is terminated after
13 weeks?

Zero-shot Output:

<think>1. First, calculate the interest for 13 weeks

using the base interest rate.\n 2. Next, deduct

the interest income tax to determine the actual

receivable interest.\n 3. Apply the early termina-

tion interest rate to calculate the interest for

13 weeks.\n 4. Add the base interest and the early

termination interest to compute the final amount re-

ceived.\n 5. Present the calculated result as the

final answer.

[Error]

<calc>(2229900000* (5.6/100

15.4/100) </calc>

[Gold]

<calc> 2229900000+ (2229900000* (3.36/100) *13/52) * (1—

15.4/100) </calc>
.</think> <answer>

)*13/52) * (1-

.</answer>

Type 3: Arithmetic Error

(Kor)
Question: AK|= 1,505,400,0002S 2 BH7| H|2tA| A 7|0 201 UA|

=2 0|2|E L 7|E a2l= ¢ 2.89%0|04, 0|2}= =2|2 ALt U T
S| Al B == & D%H% orlIrte?

Zero-shot Output:

<think>AM|7} 01|x|%_ U2 1,505,400, 000401, O]zt ¢
2.89%0| 2tA, 2 U2 .<calc>1,505,400,000 *
(1.0289) "2 </calc>

[Error]

<result> 1,581,999,996.18 </result>

[Gold]

<result> 1,593,669,445.134 </result>
.</think> <answer> .</answer>

(Eng)

Question: Mr. A deposited 1,505,400,000 KRW as a lump sum in a
2-year tax-exempt fixed-term deposit. The base interest rate is 2.89%
per annum, and interest is calculated on a compound basis. What is the
total amount received at maturity?

Zero-shot Output:

<think>The deposited amount is 1,505,400,000 KRW,
and the annual interest rate is 2.89% .Therefore,
the total amount is .<calc>1,505,400,000 *

(1.0289)"2 </calc>

[Error]

<result> 1,581,999,996.18 </result>
[Gold]

<result> 1,593,669,445.134 </result>
.</think> <answer> .</answer>

Table 13: lllustrative Examples of Error Types
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