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Abstract

Recent studies have explored the capabilities of large lan-
guage models (LLMs) in solving knowledge-intensive math-
ematical reasoning problems. However, existing benchmarks
predominantly involve static theorems that LLMs have en-
countered during pretraining, failing to assess dynamic
knowledge integration. In this work, we introduce TAXREA-
SONING, a novel benchmark designed to evaluate LLMs’
abilities in real-world tax calculation scenarios. These tasks
require not only mathematical reasoning and numerical com-
putation, but also the extraction and application of complex,
frequently updated tax regulations. Through extensive ex-
periments with state-of-the-art LLMs using diverse prompt-
ing strategies and knowledge augmentation techniques, we
uncover substantial limitations in their ability to handle
dynamic, knowledge-intensive questions—primarily due to
missing domain-specific knowledge and ineffective retrieval.
Even the best-performing models fall significantly short of
human-level performance. Our analysis points to key avenues
for improvement, including enhancing LLMs’ reasoning ca-
pabilities, developing more effective knowledge summariza-
tion techniques, and improving retrieval strategies. TaxRea-
soning offers a critical testbed for advancing LLMs in dy-
namic knowledge-intensive domains.

Introduction
Large language models (LLMs) demonstrate remarkable ca-
pabilities in tackling complex real-world reasoning tasks
(Jaech et al. 2024b; DeepSeek-AI et al. 2025; Yang et al.
2025). Among these, mathematical reasoning has emerged
as a key lens for evaluating LLMs’ reasoning abilities (Lu
et al. 2023b; Chen et al. 2023), as it requires not only con-
textual understanding but also precise logical inference and
numerical computation (Zheng, Lapata, and Pan 2024).

A wide range of benchmarks have been developed to
assess mathematical reasoning, spanning educational lev-
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els from elementary to university mathematics (Koncel-
Kedziorski et al. 2016; Wang, Liu, and Shi 2017; Amini et al.
2019; Miao, Liang, and Su 2020; Patel, Bhattamishra, and
Goyal 2021; Hendrycks et al. 2021; Lu et al. 2023a). How-
ever, most of these benchmarks are limited to general math-
ematical problems and do not incorporate domain-specific
knowledge. In practice, LLMs are often expected to solve
highly specialized and knowledge-intensive tasks that go be-
yond general-purpose reasoning.

Recent research has started to explore LLMs’ per-
formance in knowledge-intensive mathematical reasoning,
such as in scientific reasoning benchmarks (Chen et al. 2023;
Wang et al. 2024; Sun et al. 2024) and financial reasoning
datasets (Zhao et al. 2024; Tang et al. 2025), where domain
knowledge plays a central role. Yet, these datasets primar-
ily focus on the application of static or well-known domain
knowledge, which is already memorized during pretraining.
For example, Wang et al. report that LLMs make fewer than
only 10% of errors in their benchmark stem from miss-
ing external knowledgee. Similarly, Tang et al. show that
DeepSeek-R1 achieves over 90% accuracy on most financial
reasoning benchmarks. These results suggest that existing
benchmarks are insufficient for evaluating LLMs’ ability to
reason over new or frequently updated domain knowledge.

To address this gap, we present TaxReasoning, a bench-
mark for evaluating LLMs’ ability to reason over complex
and evolving tax law knowledge. It contains 940 expert-
annotated questions grounded in real-world scenarios, each
requiring interpretation and integration of multiple clauses
from recent regulatory documents. As shown in Figure 1,
solving a single question often involves synthesizing piece-
wise formulas, tabular data, conditional logic, and textual
rules from diverse tax sources.

We conduct a comprehensive evaluation of 13 LLMs,
including both reasoning-augmented and general-purpose
models, under various prompting and knowledge augmenta-
tion strategies. These include Chain-of-Thought (CoT) (Wei
et al. 2022) and Program-of-Thought (PoT) (Chen et al.
2022) to assess internal reasoning capabilities, as well as
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📝 Regulation Document 1 
Business Income Tax Rate Schedule 

…… 

📝 Regulation Document 2 
Tax Payable on Business Income = Taxable 

Income × Applicable Tax Rate - Quick 
Calculation Deduction 

…… 

📝 Regulation Document 3 
Individual business and commercial households 
receive a 50% reduction in personal income tax 
on annual taxable business income up to RMB 

2 million, in addition to other applicable tax 
incentives. 

……. 
Tax Reduction Amount = (Tax payable on the 
portion of taxable business income ≤ RMB 2 

million –  Other policy-based tax reductions × 
(Taxable business income ≤ RMB 2 million / 

Total taxable business income)) × 50%

🖊 Case Taxpayer Lee operates a sole proprietorship and had an annual taxable income of ¥2,400,000 in 2024. Lee is also eligible for a tax reduction of 
¥10,000 under the disability policy. Calculate the total tax reduction amount for Lee.

1. Calculate the tax payable for the portion up 
to ¥2,000,000. 
For the portion of annual taxable income not 
exceeding ¥2,000,000, the applicable 
progressive tax rate for individual business and 
commercial households is 35%, with a quick 
deduction of ¥65,500. 
Tax payable = ¥2,000,000 × 35% − ¥65,500 = 
¥700,000 − ¥65,500 = ¥634,500 
2. Calculate the proportionally allocated tax 
reduction for disabled persons.  
The total tax reduction under the disabled 
persons policy is ¥6,000. The portion applicable 
to the income not exceeding ¥2,000,000 is 
calculated proportionally: 
Tax reduction = ¥6,000 × (¥2,000,000 / 
¥2,400,000) = ¥5,000 
3. Calculate the tax reduction under the 50% 
reduction policy. 
Half-rate tax reduction = (¥634,500 − ¥5,000) × 
50% = ¥314,750 
4. Calculate the total tax reduction. 
The disabled persons tax relief is granted in 
addition to the half-rate concession: 
Total tax reduction = ¥314,750 + ¥10,000 = 
¥324,750

📝 Regulations
Wrong Reasoning Process 
1. Calculate the Tax Payable 
The taxable income for the year is ¥2,400,000, subject 
to the highest marginal tax rate of 45%, with a quick 
deduction of ¥181,920. 
Tax payable = ¥2,400,000 × 45% − ¥181,920 = ¥898,080 
2. Deduct the Tax Reduction under the Disabled 
Persons Policy. Tax payable = ¥898,080 − ¥10,000 = 
¥888,080 
3. Calculate the Tax Reduction. The "50% reduction" 
means the tax payable is further reduced by 50% based 
on the above amount. The reduction amount = 
¥888,080 × 50% = ¥444,040

Applying Outdated Regulation 
1. Calculate Tax Payable for the ¥1,000,000 Portion 
Use the progressive tax rates for individual business 
and commercial households: Tax = 1,000,000×35%
−65,500 = ¥284,500 
2. Allocate Disability Tax Reduction to the ¥1,000,000 
Portion.  Proportionally allocate the ¥6,000 disability 
reduction: 6,000 × 1,000,000 / 2,400,000​=¥2,500 
3. Calculate the tax reduction. 
Tax reduction = (¥284,500 − ¥2,500) × 50% = ¥141,000

🔍 DeepSeek R1 Solution ✘

🔍OpenAI o3 Solution ✘💡 Correct Solution

🔔 Tips
This question tests the calculation of tax exemptions under the policy of halving the tax burden for individual businesses. When calculating 
Lee's annual tax liability, the preferential amount for persons with disabilities must also be taken into account. That is, individual businesses can 
enjoy the preferential policy of halving their tax burden in addition to other existing preferential policies for individual income tax.

Taxable Income 
(CNY)

Tax Rate  
(%)

Quick Deduction 
(CNY)

≤ 30,000 5 0
                                       ……

> 500,000 35 65,500

Figure 1: Example from TaxReasoning benchmark: question case, gold-standard solution, and tax regulations. Arrows denote
regulatory knowledge used in the calculation. OpenAI o3 lacks relevant tax knowledge, while DeepSeek-R1 applies outdated
regulatory information.

several retrieval-augmented approaches such as Standard re-
trieval (Brown et al. 2020), Summary-based retrieval (Gao
et al. 2023; Xu, Shi, and Choi 2024), and multi-turn strate-
gies like Interact and InlineSearch (Gao et al. 2023).

Our findings show that most leading models, including
OpenAI o3, Gemini 2.5 Pro, and Claude Opus 4, achieve less
than 30% accuracy using parametric knowledge alone (Pan
et al. 2023). Even when equipped with knowledge augmen-
tation techniques, their performance remains well below that
of human experts. These results underscore the difficulty of
TAXREASONING and highlight the limitations of LLMs in
reasoning over evolving, domain-specific knowledge.

Further analysis reveals two critical bottlenecks: (1) the
reasoning capacity of LLMs is vital, as stronger reasoning
models benefit more from retrieval; and (2) even state-of-
the-art models are frequently hindered by inadequate sum-
marization and inefficient retrieval strategies, limiting their
ability to locate and apply relevant tax information. Moti-
vated by these insights, we propose to restructure tax law
documents into a structured knowledge graph (KG) (Pan
et al. 2017), enabling more accurate summarization and fine-
grained retrieval of tax regulations during the reasoning pro-
cess.

Our key contributions are as follows:

1. We introduce TaxReasoning, the first benchmark tar-
geting evolving, knowledge-intensive mathematical rea-
soning in the domain of tax, explicitly designed to test
LLMs’ ability to incorporate and reason over newly in-
troduced or updated knowledge.

2. We conduct a thorough evaluation of 13 LLMs under di-
verse prompting and knowledge augmentation strategies.
The results expose significant limitations in current mod-
els and point toward essential avenues for improvement.

3. We propose to restructure tax documents into a struc-
tured KG, enabling both more accurate summarization
and efficient retrieval, offering practical improvements
and insights for enhancing LLM performance on dy-
namic, knowledge-intensive mathematical reasoning.

Related Work
Mathematical reasoning is a cornerstone for the develop-
ment of general-purpose intelligent systems and has at-
tracted sustained interest from the research community. A
broad range of mathematical reasoning benchmarks has
been proposed to assess LLMs across different educational
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stages, from elementary school to college-level curricula
(Koncel-Kedziorski et al. 2016; Wang, Liu, and Shi 2017;
Amini et al. 2019; Miao, Liang, and Su 2020; Patel, Bhat-
tamishra, and Goyal 2021; Hendrycks et al. 2021; Lu et al.
2023a). However, these benchmarks primarily focus on gen-
eral math problems and do not typically involve specialized
domain knowledge, limiting their applicability to real-world,
domain-specific reasoning scenarios.

To address this limitation, recent work has begun to ex-
plore knowledge-intensive reasoning benchmarks. For ex-
ample, Chen et al. (2023c) propose a theorem-driven QA
task targeting scientific reasoning, while SciBench (Wang
et al. 2024) and SciEval (Sun et al. 2024) evaluate LLMs’
ability to apply domain-specific concepts in science and
engineering. In parallel, benchmarks such as FinanceMath
(Zhao et al. 2024) and FinanceReasoning (Tang et al.
2025) assess models’ performance in financial tasks. These
datasets emphasize the importance of domain knowledge in
reasoning, but often rely on static or widely known knowl-
edge and formulas that may have been encountered during
model pretraining.

In contrast to these existing efforts, our work introduces
TaxReasoning, a benchmark specifically designed to test
LLMs’ reasoning abilities in evolving, regulation-driven do-
mains, with a focus on tax law. Unlike prior benchmarks,
TaxReasoning emphasizes the need to apply newly intro-
duced or frequently updated legal knowledge, often in com-
bination with multi-step numerical reasoning and interpreta-
tion of conditional rules. This dynamic and legally grounded
setting introduces unique challenges, including regulation
tracking, clause integration, and symbolic-expressive rea-
soning, that are not captured in prior datasets.

TaxReasoning Benchmark
In this section, we describe the construction process of the
TaxReasoning dataset. We begin by collecting a series of
long tax regulation documents, covering a wide range of
tax-related rules and policies. Next, we gather a set of tax
calculation cases. Based on these cases, expert annotators
are instructed to formulate knowledge-intensive questions
by referencing the relevant tax regulation documents, and
to provide corresponding step-by-step solutions grounded in
the applicable legal provisions.

Tax Regulations Collection
To establish a robust knowledge foundation for TaxReason-
ing, we curate a comprehensive collection of 90 latest of-
ficial tax regulation documents from authoritative Chinese
government sources. These documents span 12 major tax
categories within China’s legal system. Given the hetero-
geneous formats and inconsistent structures of these docu-
ments, we conducted extensive preprocessing and normal-
ization to ensure consistency and usability. Many regulations
contain critical information in tabular form, such as progres-
sive tax brackets, quick deduction formulas, and exemption
conditions. However, these tables are often presented with
irregular formatting or embedded as images, posing chal-
lenges for machine-readable extraction. To address this, we

employed ChatGPT to convert non-standard or image-based
tables into structured Markdown format. All converted out-
puts were manually reviewed and validated by expert an-
notators to ensure fidelity to the original legal content and
regulatory semantics. The resulting curated and structured
corpus of tax regulations forms the authoritative knowledge
base for generating realistic, knowledge-intensive questions
in the TaxReasoning benchmark.

TaxReasoning Question Annotation
For each tax clause, we retrieve relevant calculation scenar-
ios from university exams and instruct annotators to cre-
ate corresponding math reasoning questions. When possible,
questions are designed to yield numerical answers, align-
ing with the benchmark’s focus on quantitative reasoning
grounded in regulation.

Annotators follow a strict set of guidelines to ensure both
quality and originality of the questions: (1) Surface-level
paraphrasing is not sufficient. Annotators must also mod-
ify all associated numerical values to produce a genuinely
novel variant of the question. (2) To mitigate risks of data
contamination, annotators are instructed to perform an In-
ternet search for each composed question. If a similar prob-
lem appears on the first page of search results, the question
must be revised or discarded. (3) Recognizing that many tax
and financial reasoning problems involve structured tabu-
lar data, which poses additional comprehension challenges
for LLMs, we encourage and reward the inclusion of rele-
vant, realistic tables that represent rule conditions, deduction
rates, or progressive tax brackets. Following this rigorous
process, we curated a total of 1000 tax reasoning questions.

Identifying Question-Relevant Regulations After draft-
ing each question, annotators are required to identify the
specific regulatory clauses that are essential for solving it.
They search for the specific terms, formulas, or rules within
our curated regulatory corpus and verify both their presence
and contextual relevance. If a referenced term is not found or
is ambiguously defined in the original corpus, the question
is discarded to maintain benchmark integrity.

To encourage corpus refinement and high-quality annota-
tions, annotators receive additional incentives for contribut-
ing clarifications or highlighting inconsistencies in the un-
derlying regulations. After quality control and filtering, we
retain a final set of 940 validated questions, each aligned
with concrete regulatory sources.

Solution Annotation Each question is paired with a de-
tailed expert-annotated solution. These solutions consist of
natural language explanations that outline the step-by-step
reasoning process, accompanied by mathematical equations
that formalize the underlying computational logic.

Data Quality Validation
To ensure the accuracy and reliability of the TaxReasoning
benchmark, we implement a rigorous multi-stage validation
protocol. Each annotated example undergoes secondary re-
view by an independent expert, who verifies the following
three dimensions: (1) Question Quality: The question must
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Knowledge Corpus

Documents 90
Avg. document length 3,126
With formula/rule 91.1%

TaxReasoning Dataset

Avg. question length 263.3
Avg. solution length 232.1
Clauses per example 2.8
Dev. set size 187
Test set size 753

Table 1: Key statistics of the tax regulation corpus (left)
and the TAXREASONING benchmark (right), highlighting
the size and structure of both components.

be clearly formulated, grammatically correct, and meaning-
ful in the context of real-world tax reasoning. (2) Knowledge
Accuracy: All referenced tax regulations must be correctly
identified, contextually relevant, and sufficiently complete
to enable problem-solving. (3) Solution Validity: The anno-
tated solution must be logically consistent, mathematically
correct, and presented in a clear and interpretable manner.

If any of these criteria are not met, validators are required
to either revise the example or flag it for re-annotation. This
double-blind validation process ensures that all benchmark
examples are coherent, legally grounded, and solvable by
both humans and machines. To further assess annotation
quality, we conduct a human evaluation over 200 randomly
sampled examples. As shown in Table 3 in the Appendix,
TaxReasoning has a high annotation quality.

Data Statistics
Table 1 summarizes key statistics of the TaxReasoning
dataset. Following previous work (Zhao et al. 2024), we ran-
domly partition the dataset into two subsets: development
and test. The development set contains 187 examples for
model development and validation. The test set contains the
remaining 753 examples for standard evaluation. To mitigate
risks of data contamination, gold-standard answers for the
test set are withheld from public release. Instead, we pro-
vide an online evaluation platform featuring a submission
interface and public leaderboard. This ensures standardized
evaluation while supporting broad community participation.

Evaluated Systems
This section presents a detailed overview of the evaluated
human and large language model (LLM) performance on the
TaxReasoning benchmark, including the experimental set-
tings, model selection, and evaluation methodology.

Human-Level Performance Evaluation
To establish a meaningful performance reference for LLMs,
we conducted a human evaluation with certified domain ex-
perts. A sample of 50 questions was randomly selected from
our benchmark and independently completed by two Certi-
fied Public Accountants (CPAs) under two distinct settings:
(1) Closed-book setting. Participants were prohibited from
accessing external resources (e.g., internet, textbooks) and
were required to complete the task within three hours. Un-
der these conditions, the two CPAs achieved accuracies of
58% and 64%, respectively (average: 61%). (2) Open-book

setting. Two additional experts were allowed to consult any
external materials while solving the same set of questions.
This setting simulates how access to authoritative tax docu-
ments can support real-world decision-making. Performance
improved substantially, with scores of 78% and 86% (aver-
age: 82%).

These results underscore both the inherent difficulty of the
benchmark and the significant role of external knowledge in
improving performance. Full human evaluation instructions
and protocols are detailed in the Appendix.

Large Language Models
We evaluate 13 LLMs spanning both reasoning-specialized
and general-purpose families, enabling a comprehensive
analysis across diverse architectural capabilities.
Reasoning-Augmented Models. The following models are
optimized specifically to enhance reasoning, complex prob-
lem solving, or agentic behavior: OpenAI o1 (Jaech et al.
2024a), OpenAI o3 (OpenAI 2024), OpenAI o4-mini
(OpenAI 2024), DeepSeek-R1 (Guo et al. 2025),
Gemini 2.5 Pro (Comanici et al. 2025), Claude
Opus 4 (anthropic 2024), QwQ-32B (Team 2024d) and
Qwen-3-32B (Yang et al. 2025).
General-Purpose Models. We include several widely
used general-purpose LLMs as baselines: Gemini 2.0
Flash (Team 2024a), GPT-4o (Hurst et al. 2024),
Claude 3.5 Sonnet (Team 2024b), DeepSeek-V3
(Liu et al. 2024a), and Qwen2.5-72B (Team 2024c).

Evaluation Methods
Vanilla Method. Following (Chen et al. 2023; Zhao et al.
2024), we apply two standard prompting strategies that rely
solely on the LLMs’ internal knowledge: (1) Chain-of-
Thought (CoT) (Wei et al. 2022): Prompts the model to
generate intermediate reasoning steps before producing a
final answer. (2) Program-of-Thought (PoT) (Chen et al.
2022): Encourages the model to write executable code (e.g.,
Python) to perform structured computations in reasoning.
Knowledge-Augmented Methods We also evaluate several
retrieval-based augmentation strategies (Brown et al. 2020;
Gao et al. 2023) that enable LLMs to incorporate exter-
nal knowledge. Single-turn Retrieval: (1) Standard: The
model receives the top-5 most relevant tax documents re-
trieved via a dense retriever and is instructed to use them
for solving the task. (2) Summary: To mitigate long-context
forgetting (Liu et al. 2024b), we summarize the retrieved
documents using GPT-4o and filter them for relevance us-
ing a classifier. Irrelevant passages excluded; concise sum-
maries retained only. Multi-turn Retrieval: To overcome
limitations of one-time retrieval, i.e., the difficulty of ob-
taining all the necessary information for complex reason-
ing tasks through a single query, we adopt two iterative
retrieval strategies based on (Gao et al. 2023): (1) Inter-
act: Enhances the Summary method by enabling interactive
document inspection. During generation, the model starts
with summaries of the top-10 documents and then iteratively
execute one of the following three actions: (a) Check:
Document [i] to reveal a full content based on the rea-
soning; (b) Output: to generate reasoning based on the
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documents; (c) End. to terminate the generation. (2) In-
lineSearch: Allows LLMs to dynamically trigger “Search:
query” actions during generation to retrieve knowledge on
demand, interleaving retrieval with reasoning. The model
can execute one of three actions: (1) Search:{query}
to retrieve the currently needed information through gener-
ated query; (2) Output: to generate the reasoning steps
and the query for retrieving; and (3) End. to terminate the
generation. This mimics agent-style interactions with exter-
nal tools, akin to LLM agents (Qu et al. 2025).
Oracle Setting: We further include an Oracle setting, where
the model is provided with human-annotated gold docu-
ments relevant to the question. This simulates the upper-
bound performance of standard retrieval-augmented meth-
ods. Implementation details are provided in the Appendix.

Answer Extraction and Accuracy Evaluation
Following Zhao et al., we apply distinct mechanisms for
extracting final answers: For PoT, we directly execute the
model-generated Python code to obtain the output. For other
methods, we use GPT-4o-mini to extract the final numeri-
cal answer from the generated reasoning trace. Evaluation
is based on exact numerical matching, with a tolerance of
±0.2% to account for minor rounding discrepancies. This en-
sures both mathematical precision and practical leniency in
real-world financial contexts.

Experiments and Analysis
Results under the Vanilla Method
We first examine the performance of large language mod-
els under the vanilla setting, using only internal knowledge
without any retrieval augmentation. Results under COT and
POT prompting are reported in the leftmost columns of Ta-
ble 2. Several key findings emerge:

TaxReasoning presents a substantial challenge for cur-
rent LLMs and serves as an effective benchmark for
evaluating models’ ability to incorporate external knowl-
edge in real-world mathematical reasoning tasks. Most
models fail to perform well using internal knowledge
alone. Even the best-performing model, DeepSeek-R1,
achieves only 42.16% accuracy—substantially below the
61% achieved by human experts under a closed-book set-
ting. Notably, advanced models such as OpenAI o1 and o3
perform below 20%, indicating that much of the specialized
tax-related knowledge required by this benchmark is miss-
ing from their pretraining corpora.

Procedural reasoning (PoT) is generally weaker than
textual reasoning (CoT) across most LLMs in complex,
knowledge-intensive mathematical tasks, with the ex-
ception of OpenAI’s o-series models. For the majority
of models, PoT yields lower accuracy than CoT, reveal-
ing significant limitations in procedural reasoning capabil-
ities. This observation diverges from prior work (Zhao et al.
2024; Tang et al. 2025), which found PoT to be supe-
rior in domain-specific reasoning. We attribute this discrep-
ancy to the greater complexity of TaxReasoning tasks: un-
like previous benchmarks that typically required short and

Figure 2: Calibrated performance of CoT with external cal-
culator support for mathematical reasoning, showing LLMs’
challenges in complex numerical problem-solving.

self-contained calculations, our tasks often involve gener-
ating and executing tens of lines of code encompassing
multiple variables, logical conditions, and cross-dependent
constraints. Under such complexity, most models struggle
to maintain consistent and correct reasoning across execu-
tion steps. An exception is observed with OpenAI’s o-series
models (especially o3 and o4-mini), which perform substan-
tially better under PoT than CoT. This suggests stronger pro-
cedural reasoning abilities, likely due to architectural op-
timizations and extensive exposure to structured program-
ming tasks during their training.

Error Analysis To better understand the limitations of
current LLMs on our benchmark, we conducted an in-depth
error analysis and case study review. Specifically, we exam-
ined 50 failed examples produced by the best-performing
model, DeepSeek-R1, under the CoT prompting strategy.
Our goal was to categorize the types of errors that persist
even in top-tier models. Note that some instances exhibit
multiple error types. A detailed breakdown is provided in
the Appendix. We identified four primary categories of fail-
ure: (1) Misidentification or Misapplication of Required
Knowledge (29/50): In over half the cases, the model failed
to correctly identify or apply the relevant tax law concepts.
This often led to flawed reasoning paths, incomplete deduc-
tion chains, or the use of incorrect assumptions. These errors
reveal a gap in the model’s ability to align legal knowledge
with problem context. (2) Hallucinated or Outdated Tax
Law Knowledge (14/50): In these cases, the model confi-
dently produced structured solutions but relied on fabricated
or obsolete legal knowledge. This highlights issues with fac-
tual grounding, especially in dynamic domains like tax law,
where regulations are frequently updated. (3) Incomplete
Understanding of the Question (5/50): Some failures were
due to shallow comprehension of the problem statement.
In these instances, the model missed implicit cues or over-
looked necessary constraints, resulting in incomplete or mis-
aligned calculation procedures. (4) Mathematical Compu-
tation Errors (2/50): Although rare in DeepSeek-R1, a few
cases showed numerical inaccuracies despite correct reason-

31072



Model
Method Vanilla Single-Turn RAG Multi-Turn RAG Oracle

COT POT STANDARD SUMMARY INTERACT INLINESEARCH

Reasoning-Augmented Models
OpenAI o1 15.48 16.67 35.24 29.41 40.16 44.56 48.14
OpenAI o3 19.61 21.57 38.24 36.27 41.97 45.26 51.26
OpenAI o4-mini 11.76 16.00 27.45 21.57 24.17 22.51 31.37
DeepSeek-R1 42.16 38.00 46.63 43.39 53.75 59.48 62.50
Gemini 2.5 Pro 31.37 29.41 57.22 56.33 58.26 60.25 64.12
Claude Opus 4 30.39 25.49 44.92 40.64 52.29 55.96 61.16
QwQ-32B 18.91 16.97 26.61 25.14 27.05 28.51 32.16
Qwen-3-32B 19.24 19.25 27.61 26.16 27.16 28.91 32.51

General-Purpose Models
GPT-4o 12.75 7.84 11.67 13.82 13.01 12.21 14.76
DeepSeek-V3 26.47 19.80 34.31 35.29 36.16 37.03 38.35
Gemini 2.0 Flash 19.61 10.78 18.63 18.63 19.51 19.04 24.51
Claude 3.5 Sonnet 16.67 12.75 20.59 19.61 19.58 19.02 21.57
Qwen 2.5-72B 17.65 10.11 21.51 20.14 17.14 17.56 20.67

Human (Closed-book) 61.00 – – – – –
Human (Open-book) – – – – – 82.00

Table 2: Overall performance of 13 LLMs on the TaxReasoning benchmark. Bold numbers indicate the best performance in
each column, while underlined values denote the second-best. Shading highlights the top-2 results in each row, with darker
shades indicating higher scores.

ing structures. These errors included arithmetic mistakes,
rounding issues, or incorrect handling of expressions.

We observe that several other models still suffer from fre-
quent calculation errors. To distinguish between reasoning
failures and pure computation errors, we follow Zhao et al.
and implement an external calculator pipeline. Specifically,
we use GPT-4o to extract the final mathematical expression
from each model’s CoT output, and then evaluate the expres-
sion using an external symbolic execution engine. Figure 2
compares the original model accuracy with post-correction
performance using this calculator pipeline. The results re-
veal that many open-source LLMs produce valid reasoning
traces but fail at precise computation—underscoring a key
limitation in symbolic math capabilities.

Knowledge Augmentation Experiments
We further investigate whether LLMs can improve their per-
formance on complex, domain-specific mathematical rea-
soning tasks by incorporating evolving knowledge. Table 2
summarizes the results under various retrieval-augmented
methods. Several key observations emerge:

The models with strong reasoning capabilities ben-
efit substantially from external knowledge. Reasoning-
enhanced models exhibit significant performance gains
when external information is introduced. For instance, Gem-
ini 2.5 Pro achieves a 25.85% improvement under the
STANDARD retrieval setting compared to the CoT baseline
(57.22% vs. 31.37%). In contrast, general-purpose models
show limited gains. GPT-4o, for example, achieves only a
2.01% improvement under the Oracle setting (14.76%) com-
pared to its CoT baseline (12.75%). These findings suggest
that TaxReasoning tasks often require multi-step application
of tax knowledge, and only models with robust reasoning
abilities can identify when and how to apply external knowl-
edge effectively.

Figure 3: Win–Tie–Lose diagrams comparing (A) STAN-
DARD vs. SUMMARY and (B) INTERACT vs. INLINE-
SEARCH. “Win” means the first method is correct and the
second is not; “Lose” means the reverse; “Tie” means both
are correct or both incorrect.

Multi-turn retrieval methods yield notable improve-
ments, but only for reasoning-capable models. Advanced
multi-round retrieval strategies (e.g., INTERACT, INLINE-
SEARCH) are particularly effective for models with strong
reasoning skills, such as DeepSeek-R1, Gemini 2.5 Pro,
Claude Opus 4, and OpenAI’s o-series models (o1 and o3).
These models are capable of decomposing complex prob-
lems into sub-steps and issuing focused queries to retrieve
supporting knowledge. Conversely, models with weaker rea-
soning ability perform worse under multi-round retrieval
than single-turn retrieval. These models struggle to decom-
pose questions accurately and often fail to issue relevant
queries, resulting in misleading retrieved content.

STANDARD v.s. SUMMARY and INTERACT v.s. INLI-
NESEARCH To compare the effectiveness of different
retrieval strategies, we analyze performance deltas using
DeepSeek-R1 as a case study. Figure 3 presents win–tie–lose
comparisons for STANDARD vs. SUMMARY (A in the Fig-
ure) and INTERACT vs. INLINESEARCH (B in the Figure).

STANDARD achieves a higher win ratio than SUMMARY.
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Figure 4: Performance comparison of DeepSeek-R1 and
Gemini 2.5 Pro under three retrieval-augmented methods,
using either raw tax documents or a structured tax knowl-
edge graph as the retrieval corpus.

This is largely because summaries of tax law documents
tend to omit critical details such as formulas, exception
clauses, and legal conditions. However, STANDARD also
loses in some cases due to noise introduced by lengthy or
overly complex documents containing multiple legal topics.
These observations point to the importance of developing
effective summarization techniques that preserve salient
information while reducing contextual clutter.

INLINESEARCH achieves a higher win ratio than INTER-
ACT. This is because INLINESEARCH allows the model to
generate context-sensitive queries on-the-fly, leading to the
retrieval of more targeted and relevant legal content. In con-
trast, while INTERACT enables interactive document inspec-
tion, it relies on fixed input documents and is limited by the
quality and coverage of initial retrievals. These findings un-
derscore the critical role of retrieval strategy in enhanc-
ing legal reasoning performance.

Structural Knowledge Improves Reasoning
Building on the above findings, we observe that the reason-
ing ability of LLMs is crucial for solving tasks in TaxRea-
soning, and state-of-the-art reasoning models often under-
perform due to limitations beyond reasoning itself. In par-
ticular, their performance is frequently constrained by inad-
equate knowledge summarization and suboptimal retrieval
strategies, which hinder the effective use of evolving tax
knowledge during problem solving. Inspired by GraphRAG
(Han et al. 2025), we propose to restructure tax documents
into a structured knowledge graph (KG), enabling both more
accurate summarization and efficient retrieval.

Tax regulations are inherently hierarchical and modu-
lar, typically organized into titles, clauses, subclauses, and
condition-based rules. This structure naturally lends itself to
a graph representation, where each node corresponds to a de-
fined tax concept or regulation fragment, and edges capture
logical dependencies, hierarchical relationships, and citation
links. By leveraging this structure, we can more effectively
retrieve relevant and granular tax knowledge, avoiding the
noise and redundancy often found in full-document retrieval.

Graph Construction and Integration. We follow the
methodology proposed by GraphRAG (Edge et al. 2024) to
construct a domain-specific knowledge graph from tax law
documents. Nodes are extracted from headings, paragraphs,
formulas, and legal conditions, and linked via intra- and
inter-documental dependencies (e.g., “refers to,” “extends,”
“applies when”). The resulting KG serves as an indexable,
structured corpus for downstream retrieval.

We use the constructed KG as the retrieval corpus in con-
junction with three retrieval-augmented reasoning strategies:
STANDARD, INTERACT, and INLINESEARCH. The SUM-
MARY method is excluded in this setting, as the KG inher-
ently contains concise, human-interpretable summaries em-
bedded at the node level.

Experimental Results. Figure 4 presents the performance
of two representative reasoning-strong models, DeepSeek-
R1 and Gemini 2.5 Pro, nder three retrieval-augmented
methods. Results indicate that KG-based retrieval consis-
tently improves performance across all strategies. However,
the degree of improvement varies: (1) STANDARD retrieval
sees only modest gains. Since retrieval is based solely on
the question embedding, it often misses concise but cru-
cial knowledge nodes in the KG that lack rich contextual
information. To partially address this, we increase the top-
k value to improve recall, but challenges remain. (2) IN-
TERACT benefits more substantially from KG integration.
With an expanded retrieval set and iterative access to full
node details, the model can selectively explore relevant tax
rules and avoid legal noise. Raising the retrieval k enhances
coverage without overwhelming the context window. (3)
INLINESEARCH achieves the most notable improvement.
This strategy allows the model to dynamically query spe-
cific parts of the KG during its reasoning process, generat-
ing context-aware queries that retrieve focused legal content.
This synergy between procedural reasoning and structured
knowledge leads to both improved accuracy and efficiency.
Overall, structured knowledge like KGs proves most effec-
tive when combined with dynamic, interactive retrieval, re-
ducing token overhead and enhancing reasoning precision.
More details are provided in the Appendix.

Conclusion
We introduce TaxReasoning, the first benchmark for eval-
uating LLMs’ evolving knowledge-intensive mathematical
reasoning in tax regulations. Experiments with 13 LLMs un-
der diverse prompting and retrieval strategies confirm their
underperformance compared to humans, attributed to weak
reasoning capacity and ineffective knowledge retrieval. Re-
structuring tax regulations into a structured KG effectively
improves performance. TaxReasoning uncovers LLMs’ lim-
itations in real-world, domain-specific reasoning and paves
the way for future advances. In future work, we plan to ex-
tend it to multilingual and cross-jurisdiction evaluations.

On applications, fintech companies can leverage TaxRea-
soning to enhance the accuracy of tax-related features in
their products, such as intelligent tax declaration software
and financial management platforms.
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