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Abstract

While Large Language Models (LLMs) excel
in various general domains, they exhibit no-
table gaps in the highly specialized, knowledge-
intensive, and legally regulated Chinese tax do-
main. Consequently, while tax-related bench-
marks are gaining attention, many focus on iso-
lated NLP tasks, neglecting real-world practical
capabilities. To address this issue, we introduce
TaxPraBen, the first dedicated benchmark for
Chinese taxation practice. It combines 10 tradi-
tional application tasks, along with 3 pioneer-
ing real-world scenarios: tax risk prevention,
tax inspection analysis, and tax strategy plan-
ning, sourced from 14 datasets totaling 7.3K
instances. TaxPraBen features a scalable struc-
tured evaluation paradigm designed through
process of "structured parsing—field alignment
extraction—numerical and textual matching",
enabling end-to-end tax practice assessment
while being extensible to other domains. We
evaluate 19 LLMs based on Bloom’s taxonomy.
The results indicate significant performance
disparities: all closed-source large-parameter
LLMs excel, and Chinese LLMs like Qwen2.5
generally exceed multilingual LLMs, while the
YaYi2 LLM, fine-tuned with some tax data,
shows only limited improvement. TaxPraBen'
serves as a vital resource for advancing evalua-
tions of LLMs in practical applications.

1 Introduction

Taxation is vital for governance and economic
regulation, demanding precise and timely exper-
tise due to its complex, evolving policies (Rixen
and Unger, 2022). Recent advancements in Large
Language Models (LLMs) in natural language pro-
cessing (NLP) offer new ways to interpret tax laws
and enhance tax management, indicating a signifi-
cant technological trend (Nay et al., 2024).

However, general LLMs such as OpenAl’s Chat-
GPT (Brown et al., 2020), Google’s Gemini (Team

lhttps ://github.com/Yating-Chen/TaxPraBen

etal., 2024), and open-source DeepSeek (Guo et al.,
2025a), while capable in broad domains, still under-
perform in specialized fields like finance (Hu et al.,
2024) and auditing (Jiajia et al., 2024) that demand
deep semantic understanding and complex numeri-
cal reasoning. This has spurred the development of
various evaluation benchmarks for domain-specific
LLMs. General benchmarks like GLUE (Wang
et al., 2018), and MMLU (Hendrycks et al., 2009)
focus on tasks like reading comprehension, mak-
ing them inadequate for specialized assessments.
This has led to the rise of domain-specific bench-
marks, such as FinBen (Xie et al., 2024) for finance,
MedBench (Cai et al., 2024a) for Medicine, and
LAiW (Dai et al., 2025) for law. However, there
is a relative scarcity of models and benchmarks
specific to the tax scenarios, primarily due to a lack
of large high-quality annotated data (Choi et al.,
2025). Existing overseas tax data studies (Steini-
gen et al., 2023; Naudet, 2023) often differ sig-
nificantly from China’s tax management realities,
complicating adaptation efforts. Moreover, some
LLM studies (Luo et al., 2023) incorporate tax data
that is not open source and lacks real-world applica-
bility. Consequently, the proficiency of these LLMs
in tax knowledge remains unclear, underscoring the
need for custom tax-specific benchmarks.

Even the recently proposed TaxBen (Chen et al.,
2025), like other domain-specific benchmarks, fo-
cuses mainly on isolated NLP tasks such as text
classification, generation, and reasoning; compar-
isons are provided in Appendix A.l. General
benchmarks have similar limitations. For exam-
ple, MATH (Hendrycks et al., 2021) emphasizes
mathematical correctness over explanation qual-
ity, while GAOKAO (Zhang et al., 2023a) and
AGIEval (Zhong et al., 2024) focus on exam-
style reasoning but overlook mixed-format out-
puts in professional settings. However, many
real-world tax and financial auditing tasks require
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both semantic reasoning and quantitative calcula-
tion (Krumdick et al., 2024). Existing domain-
specific benchmarks, including TaxBen, overem-
phasize language understanding and neglect struc-
tured outputs, thus overstating the practical capabil-
ities of current LLMs. As shown in Appendix A.2,
some LLM rankings on TaxBen are inflated: mod-
els perform well on isolated numerical reasoning
or semantic matching tasks, but struggle in real
scenarios requiring both. Overall, existing bench-
marks, including TaxBen, cannot reliably assess
holistic practical capabilities by averaging NLP
tasks. This suggests that real-world tax scenarios
require LLMs to integrate semantic understanding
and numerical reasoning for tax law interpretation,
calculation, and compliance assessment. Therefore,
traditional NLP benchmarks fail to capture the real
demands of Chinese tax practice, posing challenges
for LLM evaluation in this domain.

With this in mind, we introduce TaxPraBen, the
first benchmark for evaluating LLMs in Chinese
tax practice. Developed with tax-related experts,
TaxPraBen contains 14 datasets with 7.3K samples,
covering carefully annotated tax data and guiding
prompts. All data are manually collected and an-
notated with model assistance rather than taken
from public datasets. We also build a complete
workflow integrating data annotation, evaluation
metrics, and structured assessment, making Tax-
PraBen scalable. Following Bloom’s taxonomy of
cognitive skills (Fei et al., 2024; Chen et al., 2025),
we divide the tasks into three groups: (1) Knowl-
edge Memorization, (2) Knowledge Understanding,
and (3) Knowledge Application.

Evaluating 19 representative general LLMs on
TaxPraBen yields the following results: (1) Overall
Performance Variation: ERNIE-3.5, Grok3, and
ChatGPT perform best in both zero-shot and one-
shot settings, highlighting the value of large-scale
parameters and knowledge enhancement for tax
tasks. (2) Task Performance Bias: Tax knowledge
application is more challenging than understanding
and memorization, reflecting the domain’s reliance
on economic activities and contextual scenarios.
(3) Language Background Advantage: Chinese
models perform better on tasks involving Chinese
tax terminology and policies, showing the benefit
of language-specific optimization. (4) Data Cover-
age Gaps: Tax-data fine-tuning still brings limited
gains, likely due to insufficient data coverage or
task mismatch. (5) Reasoning Task Challenges:
All models struggle with reasoning tasks, reveal-

ing weaknesses in numerical computation and tax-
related logic understanding. (6) Example Intro-
duction Pitfall: One-shot examples may cause
over-reliance on exemplars, hurting generalization
across diverse reasoning tasks.

Our contributions are as follows: 1) Introduc-
ing TaxPraBen, the first benchmark specifically
designed for Chinese tax practice, incorporating
real-world scenarios such as risk prevention, in-
spection analysis, and strategy planning. 2) Filling
the gap in scarce tax datasets, curated by do-
main experts and enhanced with ChatGPT-assisted
annotations, providing high-quality data and well-
designed prompts. 3) Establishing a taxonomy
for tax tasks, organizing the dataset according to
Bloom’s cognitive taxonomy to assess capabilities
in memorization, understanding, and application.
4) Conducting in-depth evaluations of 19 popu-
lar LLMs, revealing and discussing their strengths
and weaknesses in tax-related tasks. 5) Provid-
ing multi-evaluations across tax and NLP tasks,
helping analyze LLMs’ shortcomings and potential
strengths. 6) Proposing a structured evaluation
method that extends beyond tax, combining seman-
tic reasoning and numerical accuracy for practical
assessment in law, healthcare, finance, and more.

2 Related Work

(1) Domain-specific LLMs. LLMs like OpenAl’s
GPT (Brown et al., 2020) and Meta’s LLaMA (Tou-
vron et al., 2023) excel in various NLP tasks but
struggle with Chinese-specific applications due to
their English-centric training. To address this, mod-
els like Gemini (Team et al., 2024), DeepSeek (Guo
et al., 2025a), and Qwen (Bai et al., 2023) have
been developed to better capture Chinese linguistic
and cultural nuances. Domain-specific models such
as PIXIU (Xie et al., 2023) and HuaTuo (Wang
et al., 2023) show promise in fields like auditing (Ji-
ajia et al., 2024), education (Yu et al., 2023), health-
care (Chen et al., 2023a), law (Zhou et al., 2024),
finance (Hu et al., 2024), and psychological coun-
seling (Chen et al., 2023b). Research has also ex-
amined integrating tax data into the pretraining or
fine-tuning of LLMs (Luo et al., 2023) in legal and
financial contexts. However, it remains uncertain
how effectively these models can handle nuanced
tax-related knowledge.

(2) Chinese LLM Benchmarks. Several bench-
marks have been developed to evaluate Chinese
LLMs. CLEVA (Li et al., 2023), C-Eval (Huang
et al., 2023), and GAOKAO (Zhang et al,
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Figure 1: TaxPraBen’s data construction workflow uses 3 methods: (A) Book Data Collection, (B) Official Document
Download and (C) Online Data Processing. All data is annotated via the manual "Availability Check".

2023a) assess general knowledge and reasoning.
MMCU (Zeng, 2023) and Xiezhi (Gu et al., 2024)
focus on fields like medicine and law, while CG-
Eval (Zeng et al., 2024) covers multiple disciplines.
Domain-specific benchmarks include FinBen (Xie
et al., 2024) for finance and CMB (Wang et al.,
2024) for medicine. However, the tax domain is un-
derrepresented, with datasets like LawBench (Fei
et al., 2024) and LAiW (Dai et al., 2025) offering
limited tax datasets, hindering the evaluation of
tax reasoning abilities. Although TaxBen (Chen
et al., 2025) addresses tax-related NLP tasks, it
lacks the integration of semantic interpretation and
numerical analysis. Thus, it is essential to refine
the assessment framework for taxation competence
in real-world application scenarios.

3 Overview design of TaxPraBen
3.1 Task Categorization

Establishing a scientific and systematic evaluation
framework is crucial for assessing LLMs in the tax
domain. We develop an evaluation system based
on Bloom’s Cognitive Taxonomy (Fei et al., 2024),
which includes six cognitive levels. To simplify
the evaluation, we draw from existing task tax-
onomies (Xie et al., 2024), concentrating on the
first three levels to create three core tax capability
assessments: 1) Knowledge Memorization (KM):

Examines models’ ability to accurately recall and
recite tax legal provisions, policy regulations, and
institutional documents; 2) Knowledge Understand-
ing (KU): Tests models’ capacity to identify key in-
formation from tax materials and comprehend pol-
icy implications; 3) Knowledge Application (KA):
Evaluates models’ comprehensive ability to apply
tax regulations, policy clauses, and computational
methods in addressing practical tax issues.

3.2 Data Processing

We construct the TaxPraBen benchmark using a
multi-source data fusion strategy, comprising three
acquisition pipelines: (A) Book Data Collection,
(B) Official Document Download, and (C) Online
Data Processing, as illustrated in Figure 1. These
pipelines integrate tax-specific sources, ChatGPT-
based processing, and rigorous human validation
to ensure data quality, structural consistency, and
alignment with real-world tax applications. The
manual check process is shown in Appendix C.2.
(A) Book Data Collection: We select tax exam
guidebooks and tax planning casebooks as data
sources. The guidebooks are filtered based on au-
thority, timeliness, and relevance, while the case-
books are selected according to comprehensiveness
and typicality. Using OCR and text reproduction
techniques, we extract various types of tax exam
questions (TaxSCQ, TaxMCQ and TaxCalc) from
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- . Dataset : Data . : Method
Tax Ability-Hierarchy Task Name Specific Task Seale Evaluation Metric NLP- Task Type HG  MC
Tax Knoyvledge TaxRecite Tax Law Recitation 200 BERTScore, BARTScore Generation (GEN) v
Memorization (KM)
Tax Knowledge TaxSum Tax News Summarization 1000 BERTScore, BARTScore Generation (GEN) v
Understandine (KU TaxTopic Tax Topic Classification 1000 Accuracy, F1, Macro F1 Classification (CLS) v
nderstanding (KU) TaxRead Tax Reading Comprehension 1000 EM Accuracy Generation (GEN) v
TaxCalc Tax Payment Calculation 500 EM Accuracy Reasoning (REA) v
TaxSCQ Tax Single-Choice Exam 700 Accuracy, F1, Macro F1 Classification (CLS) v
TaxMCQ Tax Multiple-Choice Exam 400 EM Accuracy Classification (CLS) v
TaxQA Tax Knowledge Q&A 700 BERTScore, BARTScore Generation (GEN) v
Tax Knowledge TaxBoard Tax Board Q&A 500 BERTScore, BARTScore Generation (GEN) v
Application (KA) TaxCrime Tax Law Identification 200 Accuracy, F1, Macro F1 Classification (CLS) v
TaxOpinion ~ Tax Opinion Summarization 500 BERTScore, BARTScore Generation (GEN) v
TaxRisk Tax Risk Prevention 200 BERTScore Generation (GEN) v
TaxInspect Tax Inspection Analysis 200 BERTScore, EM Accuracy Generation (GEN) v
TaxPlan Tax Strategy Planning 200 BERTScore, EM Accuracy Reasoning (REA) v

Table 1: Overview of tax tasks, datasets, specific tasks, data scale, evaluation metrics, NLP types, and creation
methods in TaxPraBen. "MC" and "HC" refer to "Manually Created" and "Human-ChatGPT Collaborative".

PDF files. For tax planning cases, we employ Chat-
GPT to perform structured information extraction,
followed by manual verification (TaxPlan).

(B) Official Document Download: We collect
tax-related policy documents, regulations, and of-
ficial announcements from the State Administra-
tion of Taxation. By integrating prompt engineer-
ing with ChatGPT, we generate question—answer
(Q&A) pairs (TaxRecite and TaxQA). Each round
of generation is followed by manual review, refine-
ment of prompts based on identified issues, and
expert validation for factual correction and comple-
tion. In addition, we retrieve criminal case verdicts
from China Judgments Online and use ChatGPT
to extract structured elements related to offense
behavior and violated legal articles (TaxCrime).

(C) Online Data Processing: First, we crawl
tax-related news, risk control reports, and audit
cases from the Tax House website. Long-form
texts are compressed using ChatGPT to meet input
length constraints. For tax news, we extract title-
topic pairs (TaxTopic) and article-summary pairs
(TaxSum). For risk control and inspection cases,
we extract structured key elements using ChatGPT
(TaxRisk and TaxInspect). Second, we retrieve pub-
lic tax-related opinion posts involving tax evasion
from an online sentiment monitoring platform. A
two-stage ChatGPT process is applied: first to as-
sess tax relevance and clean noise, and second to
compress the input and generate abstractive sum-
maries (TaxOpinion). Third, we scrape user inter-
actions with officials from the State Administration
of Taxation’s message board, using ChatGPT to fil-
ter out irrelevant or redundant content (TaxBoard).
All generated content is manually validated for us-
ability and alignment with tax-specific semantics.

Overall, the data definition and collection de-
tails for the three-level tax tasks in the evaluation
benchmark TaxPraBen are shown in Appendix C.1.

3.3 Instruction Construction

To evaluate the performance of LLMs in various
tax tasks, we collaborate with tax-related experts to
annotate instructions for standardized outputs. We
form a professional prompt annotation and evalua-
tion team consisting of teachers and students. Eval-
uators score prompts on a 4-point scale ("Strongly
Disagree (0)" to "Strongly Agree (3)"), focusing
on accuracy (ACC), naturalness (NAT), and infor-
mativeness (INF). We test these prompts on the
ChatALL platform. To ensure scoring reliabil-
ity, we calculate consistency scores using Fleiss’
Kappa and Krippendorff’s Alpha, retaining only
high-quality prompts with an average score exceed-
ing 2. Detailed annotation processes and consis-
tency analysis results are available in Appendix C.5.
The final instructions combine input texts, labels,
and validated prompts, evaluated in JSON format.
As shown in Appendix C.3, TaxPraBen features
a three-tier taxonomy of tax tasks, with a balanced
distribution of 200 to 1000 instances per type. This
design enables fair evaluation across cognitive lev-
els, while diverse inputs and prompt lengths en-
hance task complexity. Overall, TaxPraBen pro-
vides a comprehensive and challenging benchmark
for assessing LLMs in the Chinese tax practice do-
main. Unlike most domain-specific benchmarks
that rely solely on public datasets (Dai et al., 2025;
Fei et al., 2024), TaxPraBen integrates expert de-
sign and manual annotation to ensure datasets re-
flect real tax scenarios and meet specific evaluation
goals. Table 1 summarizes the task types, dataset
statistics, and evaluation metrics in TaxPraBen.

3.4 Practical Relevance

To show the practical relevance of the Knowledge
Application (KA) task in TaxPraBen, we map each
tax dataset to the real-world scenario in Table 2.
These tasks not only assess model performance
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Dataset Real-World Scenarios Application Value
TaxCalc Pre-filing tax calculation for individuals and businesses. Supports the underlying logic for intelligent tax filing tools.
TaxSCQ Exams for tax system staff or entry qualifications. Enables training/testing for tax Q&A systems or Al tutors.
TaxMCQ Complex policy applicability and compliance judgment. Trains models for regulatory perception and decision-making.
TaxQA Inquiries to tax bureaus (e.g., 12366), tax advisory. Builds intelligent tax consultation systems.
TaxBoard Message boards and online government services. Enhances automatic response and assistant capabilities in e-government.
TaxCrime Legal article application in law enforcement. Supports case legality judgment and transparent law enforcement.
TaxOpinion Public opinion monitoring and sentiment analysis. Serves risk warning and government response mechanisms.
TaxRisk Financial audits and tax risk control. Builds Al systems for risk identification and response strategies.
TaxInspect Extraction of key elements in enforcement cases. Supports casebase development for training and enforcement.
TaxPlan Tax-saving planning in enterprise operations. Enables Al-assisted tax planning and optimization decisions.

Table 2: TaxPraBen subsets for Knowledge Application (KA) task: real-world scenarios and application value.

Case 1: TaxRisk (Tax Risk Prevention)

Case 2: TaxInspect (Tax Inspection Analysis)

Case 3: TaxPlan (Tax Strategy Planning)
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Figure 2: A unified output format protocol for 3 typical cases of the tax practice scenarios.

but also simulate essential functions in modern
tax workflows, including calculating tax liabilities,
determining applicable policies, and developing
tax-saving strategies. They support intelligent gov-
ernment systems through automated consultations
and risk identification, while assisting regulatory
enforcement with compliance assessments. This
alignment underscores the value of the TaxPraBen
benchmark in model performance evaluation and
the development of reliable tax Al systems.

4 Structured Evaluation for TaxPraBen

4.1 Unified Output Protocol

In tax practice domain, assessing LLM outputs re-
quires semantic accuracy and structural alignment
with real-world use cases. TaxPraBen introduces
a unified output protocol for various practice ar-
eas, enabling structured responses and automatic
evaluation across LLMs. As shown in Figure 2,
we define standardized JSON output schemas for 3
classic cases: (1) TaxRisk: Extract key elements
from case narratives, including identified risks and
solutions, and compute the average BERTScore for
all fields. (2) TaxInspect: Perform a mixed match-
ing using EM Accuracy for criminal charges and
BERTScore for violation descriptions and penalties
to ensure semantic precision. (3) TaxPlan: Create
a tax planning strategy that integrates text genera-
tion and numerical reasoning, and assess semantic
similarity and numerical accuracy. The unified out-
put formatting protocol enhances the evaluability
and reliability of model outputs by transforming
free-form generations into structured data, enabling
automatic scoring, cross-model comparisons, and
batch evaluations, while also facilitating integration
with real-world practice applications.

Task Prompt Description

TR —BRBETGHEAE, ATHERETR, REEHG
RAWRUERARBREANE . wRA, WINPT R 4k
HRARDSAE, WRBRUEREREALEER, hhE =,
FERBECELE, PHEERBATENGL, §260F 2R7HE
X (@l R TR L e AR R Yo R A e
T : {raw_output} - § RZ GJSON £, R BALATE I A
FEEE—ABREOREAE, ATHERER, FEERY
RAIBTEAA ZARIE AT 2o KA, RLP IR BOEA 4 &
HREZHRHPAE, WRBRUERGREALLE LR, KLE=
FERBCELE, PHEERBRATENGL, §260F 2R/
BR: (RRATA  UREL" AT AR . R de
T : {raw_output} - i 2R EJSONK £, T~ FAEAT 4 o1 AR .
FHRABRBRETRIAZEE, TEX-FREARINEZE
MNEZFREE, TE2RZARER, HFFBERATH N
e (SRR T AEY R RAAR " E SR
BrARAL" "SR A QB AR T ARE ) RS ER
S, RAFRAMARGEM, TR SHof4e . BEAHE
%= F . {raw_output} - # R B EIJSONK £, T #AE4T 8 I AR A

Targy,

72'1(\’ 11]‘S,peq

Takpjan

Table 3: Structured output guidance prompts.

4.2 Aligned Field Evaluation

Despite having explicit output templates, most
open-source LLMs often still produce inconsis-
tent outputs, such as missing fields, malformed
JSON, or mixed text. This hinders automated eval-
uation for structure-sensitive tax practice scenarios:
TaxRisk, TaxInspection, and TaxPlan, as well as
cross-model comparisons and batch assessments.

To tackle this issue and reduce API costs, we
leverage ChatGPT-3.5 as a text structure-aware
parser. It outperforms fragile regex with strong se-
mantic comprehension and tolerance for formatting
noise, requiring no fine-tuning unlike supervised
structure predictors. This makes it a lightweight,
adaptive solution for normalizing model outputs.
Structured output guidance prompts for the 3 prac-
tice tax scenarios are shown in Table 3. As seen in
Appendix F.1, targeted prompting allows ChatGPT
to fully parse unstructured content, strip redundant
text, and extract all critical fields. We then con-
duct automated evaluations following the metric
calculation methodology in Section 6.2.
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Figure 3: Structured evaluation pipeline for TaxPlan.

This strategy reduces evaluation sensitivity to
output structure, ensuring that minor deviations
do not interfere with results. It is model-agnostic,
compatible with both commercial and open-source
LLMs, enabling unified cross-system assessments
while reducing reliance on brittle rule-based scripts
and manual templates, thus making the evaluation
pipeline more scalable and maintainable.

4.3 Real-World Practice Case

We take TaxPlan as an example to present our struc-
tured evaluation pipeline in Figure 3: Feed tax
scenario descriptions to target LLMs, with unified
output formatting prompts to guide them to gener-
ate predefined JSON-style responses. Since open-
source models often fail to follow formatting rules,
we use ChatGPT as a structure parser to clean noisy
outputs, convert them into valid JSON and extract
key fields. Conduct two-dimensional evaluation:
use BERTScore to assess text description quality,
and EM Accuracy to check numerical matching
precision. Calculate the final score via weighted
average to fully reflect both reasoning rationality
and quantitative accuracy of the model outputs.

5 Scalable Promotion of TaxPraBen

Our structured evaluation framework, though
originally developed for tax planning tasks, demon-
strates significant extensibility across domains.
Many real-world scenarios require models to gen-
erate hybrid outputs that integrate free-text reason-
ing with critical numerical data. Traditional eval-
uation methods, which typically focus solely on
textual fluency, lexical overlap, or single-token ac-

curacy, often fail to comprehensively assess such
responses in terms of both semantic completeness
and numerical correctness. Our proposed struc-
tured tax evaluation methodology is, in fact, gen-
eralizable to numerous professional domains such
as law, finance, and healthcare (as demonstrated
in Appendix D)—all fields that similarly require
the generation of hybrid content combining com-
bining "explanatory text + critical numbers". This
approach effectively addresses significant gaps in
conventional single-metric evaluation pipelines.

6 Experiments

6.1 Baseline Modes

We assess representative LLMSs based on their avail-
ability, popularity, and performance across various
benchmarks. They are listed in Table 4, with de-
tailed descriptions provided in Appendix F.2.

Model | P | Pre | Fin | Access | Base LLM | Release
Multilingual General LLMs
ChatGPT 175B VR API - 1172022
GPT-40 200B v X APIL - 05/2024
MistralV0.3 7B v | X | Weights - 07/2024
Gemma 7B v | x| Weights - 07/2024
LLaMA3 8B v | X | Weights - 09/2024
Bayling2 7B v' | x | Weights | LLaMA2 11/2024
Grok3 1200B | v/ | x API - 02/2025
Chinese-oriented LLMs
DeepSeek,, 7B v [ X | Weights - 1172023
Baichuan2 7B v | X | Weights - 01/2024
Atom 7B X | v/ | Weights | LLaMA2-7B | 02/2024
Qwen2.5 7B v | x | Weights - 02/2024
ChnLLaMA3 8B X | v' | Weights | LLaMA3-7B | 04/2024
ERNIE-3.5 | ~ 1000B | v X APIL - 07/2024
ChatGLM3 6B v | x| Weights - 08/2024
Yi 6B v | X | Weights - 11/2024
GLM4 9B v | X | Weights - 11/2024
DeepSeekyg, 7B v | x | Weights - 02/2025
InternLM2.5 7B v | x | Weights - 03/2025
Tax-related LLMs
YaYi2 [ 30B [ v [ x [Weights ] - [ 0372024

Table 4: Various baseline LLMs, including parameters
(P), pre-trained (Pre) or fine-tuned (Fin), access methods
(public weights/API calls), base LLM, and release date.

6.2 Evaluation Metrics

In accordance with (Xie et al., 2023; Hu et al.,
2024), we adopt a unified JSON template (see Ta-
ble 5) to organize task-specific evaluation metrics
for the 5 output types in TaxPraBen, as detailed
below: (a) Text Classification Tasks: Datasets like
TaxTopic, TaxSCQ, and TaxCrime involve discrete
label prediction. We use Accuracy (ACC), F1 score,
and Macro-F1 to measure performance. (b) Text
Generation Tasks: Datasets like TaxRecite, Tax-
Sum, TaxQA, TaxBoard, TaxOpinion, and TaxRisk
require free-form or structured textual responses.
For these, we apply BERTScore and BARTScore
to assess semantic similarity. In TaxRisk and Tax-
Inspect, which generate multiple semantic aspects,
we compute the average BERTScore. (c) Struc-

38066



-Knowledge Memorization (KM) -Knowledge Understanding (KU) |:|Knowlsdge Application (KA)

lated LLMs

2
g 3
2
a

(A) Zero-Shot

P
&

Zero-shot Result(%)

o 3 3 3

nnnnn

Grok3

o 5 g & §

ERNIE 3 5
GPT 4,
ChaGpr

L O O A

R
Yi-

ERNIE.3 5
GPT.4,
Chat(;pT

ChatGPT
Bayling2-7B
Qwen2.5-7B
GLM4-9B

(B) One-Shot
Gemma-7B
Baichuan2-7B
ChatGLM3-6B
YaYi2-30B

(A) Zero-Shot

GPT-40

Grok3
ChnLLaMA3-8B
DeepSeeky,-7B

LLaMA3-8B
Atom-7B
Yi-6B

Mistral-V0.3-7B
DeepSeck,-7B
ERNIE-3.5

InternLM2.5-7B

Figure 4: The zero-shot and one-shot overall performance of the 19 popular LLMs evaluated on TaxPraBen.

tured Prediction Tasks: Datasets like TaxRead,
TaxCalc, and TaxMCQ require deterministic out-
puts in fixed formats (e.g., numbers or texts). We
evaluate them using Exact Match (EM) Accuracy.
(d) Mixed Matching Task: TaxInspect and TaxPlan
combine absolute matches for numerical/text fields
and semantic matches for explanatory rationale,
averaging EM Accuracy and BERTScore for the
final score. To ensure fair assessment across tasks
and data types, we compute the overall average of
metrics from 5 runs, as defined in Appendix F.3.
All overall average metrics range from 0 to 1, with
higher values indicating better performance.

{Id:[data_id] query:[prompt] text:[text] answer:[response]
(a) choices:[...] gold:[...] /(b)— /(c)— /(d)—}

Table 5: The JSON template for each task evaluation

6.3 Inference Settings

We use the LLM Evaluation Harness (Gao et al.,
2021) to build our inference and evaluation
pipelines. For semantic similarity evaluation, we
employ the Chinese-supporting models: chinese-
xInet-base for BERTScore and bart-large-cnn for
BARTScore. API-based LLMs like ChatGPT, GPT-
40, Grok3, and ERNIE-3.5 are evaluated via the
YunWu platform, while open-source LLMs are as-
sessed on a cluster with 4 A100 GPUs (80GB). We
set the input length limit to 2048 tokens. The maxi-
mum generation length is 300 tokens for Q&A and
summarization datasets, and 200 tokens for others.

7 Results
7.1 Model Overall Performance

As illustrated in Figure 4, the following findings
can be drawn: (1) Closed-source LLMs Show Su-
perior Performance: In all settings, closed-source
LLMs like ERNIE-3.5, GPT-40, Grok3, and Chat-

GPT consistently rank in the Top 3, with ERNIE-
3.5 particularly excelling. This is attributed to
their large parameter sizes and extensive training
datasets. Notably, ERNIE-3.5 benefits from the in-
tegration of domain-specific knowledge, which fur-
ther enhances its performance on tax-related tasks.
(2) Chinese-oriented LLMs Outperform Mul-
tilingual LLMs: Within the open-source group,
Chinese-oriented LLMs pretrained predominantly
on Chinese corpora consistently outperform mul-
tilingual LLMs. This trend reflects the language-
specific nature of tax-related tasks, which often in-
volve Chinese regulatory terminology, institutional
jargon, and culturally contextual reasoning. As
a result, LLMs with strong Chinese pretraining
demonstrate superior alignment with task seman-
tics and domain expressions. (3) Domain Fine-
tuning Doesn’t Guarantee Strong Results: Sur-
prisingly, the only tax-related LLM, YaYi2, per-
forms poorly compared to general LLMs. Despite
fine-tuning on tax data, it lags behind some smaller
open-source LLMs. We believe this is mainly due
to two factors: limited quantity and diversity of
tax training data, and significant differences be-
tween the fine-tuning content and evaluation tasks.
Without sufficient data variety and task alignment,
domain-specific fine-tuning may still fail. (4) Zero-
Shot and One-Shot Performance Varies Signif-
icantly: Among the 19 models studied, 11 show
improvement in the one-shot setting, effectively uti-
lizing in-context learning with task-specific exam-
ples. However, LLMs like GLM4 and InternLM2.5
show performance declines, likely due to longer
prompts exceeding attention limits and weaker in-
struction alignment. These results underscore the
impact of prompt design and model architecture
on few-shot learning, suggesting that one-shot im-
provements are not universally applicable.
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Table 6: The performance of the 19 LLMs on Tax task (KM, KU, KA) and NLP main task (CLS, GEN, REA).

7.2 Tax Task Discrepancy

We observe the following insights from Table 6:
(1) In KM Task: ERNIE-3.5 performs best due
to its knowledge-enhanced pre-training strategy,
while other models face significant bottlenecks.
This is largely attributed to the high specializa-
tion and frequent updates of tax law knowledge,
which means most LLMs are trained on static cor-
pora, potentially leading to outdated knowledge.
Additionally, many models show decreased perfor-
mance in one-shot settings, indicating that a single
example may disrupt the model’s inherent mem-
ory capabilities. (2) In KU Task: GPT-4o, Chat-
GPT, and ERNIE-3.5 excel, particularly in com-
prehending tax-related texts. The locally deployed
Qwen2.5 performs relatively well, but other models
underperform, highlighting challenges in handling
complex semantics and specialized terminology.
When comparing zero-shot and one-shot settings,
most LL.Ms show improved performance in one-
shot scenarios, as this approach helps them focus
on key features. (3) In KA task: Closed-source
LLMs perform well but show the weakest overall
results. This is because applying tax knowledge re-
quires LLMs to possess stronger reasoning abilities,
which poses greater challenges. The complexity
of the tax domain necessitates that models accu-
rately apply policies based on specific scenarios
and taxpayer identities. This case-by-case appli-
cation significantly increases difficulty. Compared
to zero-shot setting, most LLMs perform better in
one-shot scenarios, as examples help clarify output
formats and task objectives, thereby enhancing the
stability and accuracy of their responses.

7.3 NLP Task Discrepancy

Table 6 presents the following conclusions: (1)
CLS Task Highlights Specialized Demands: The
CLS task shows a strong need for expertise, under-

performing compared to (Hu et al., 2024; Jiajia
et al., 2024) on expected simple multiple-choice
questions. This is due to complex tax case analy-
ses and calculations. Models like GPT-40, Grok3,
and ERNIE-3.5 excel, with Chinese-focused LLMs
such as InternL.M2.5 and GLM4 following closely.
(2) GEN Task Showcases Proficiency: LLMs
demonstrate a relatively strong capability in the
GEN task, where ERNIE-3.5 takes the lead, sup-
ported by Grok3 and GPT-40. Among open-source
LLMs deployed locally, Qwen2.5 and DeepSeekg;
stand out. Their superior performance is attributed
to their larger parameter sets and enhanced sup-
port for Chinese, making them well-suited for pro-
ducing tax-related textual content. (3) REA Task
Reveals Reasoning Limitations: The REA task
presents significant challenges requiring deep un-
derstanding, common sense, and multi-step reason-
ing. Most LLMs perform poorly, with little im-
provement in one-shot scenarios due to difficulties
in adapting calculation patterns. The complexity
of multi-step reasoning, especially with tax for-
mulas, remains a hurdle, even for closed-source
large-parameter LLMs like Grok3 and ERNIE-3.5.

8 Conclusion

In this study, we introduce TaxPraBen, a pioneer-
ing practical benchmark for evaluating LLMs in
the Chinese tax domain across 3 cognitive levels:
Knowledge Memorization, Understanding, and Ap-
plication. By incorporating 10 diverse real-world
practice tasks derived from 14 datasets, TaxPraBen
assesses 19 leading LLMs, revealing notable per-
formance gaps. TaxPraBen’s contributions include
a rare practical dataset, the establishment of a tax-
onomy, the design of comprehensive metrics, and
a structured evaluation approach, positioning it as
a vital resource for advancing research on LLM
applications in the Chinese tax domain.
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Limitations

While TaxPraBen offers a valuable benchmark
for LLMs in Chinese tax practice, it has limita-
tions: (1) Risk of Data Leakage: Most datasets are
sourced from the internet and public books. While
this data collection method is convenient, it also in-
creases the risk of test data leakage. Existing LLMs
have been trained on vast amounts of internet data,
which means they may inadvertently memorize and
reproduce content from these datasets. This situ-
ation can lead to models achieving exceptionally
high scores during evaluations, but such scores do
not accurately reflect the models’ reasoning abili-
ties or their effectiveness in real-world applications.
(2) Limitations of Model Parameters: Current
evaluations primarily focus on mainstream LLMs
with similar parameters, which introduces limita-
tions when comparing the performance of differ-
ent models. The lack of comparisons with larger
open-source LLMs restricts deeper insights into the
impact of various parameters. Models of different
scales and architectures may exhibit varying capa-
bilities when handling specific tasks, yet these dif-
ferences have not been thoroughly explored within
the current evaluation framework. (3) Shortcom-
ings of Automated Evaluation: Although auto-
mated semantic similarity assessment metrics for
generative tasks offer convenience, they may not ac-
curately reflect human judgments regarding answer
quality. Human evaluators consider a broader range
of factors, including relevance, accuracy, and con-
textual suitability, when assessing answers. There-
fore, relying solely on these automated metrics can
lead to misjudgments about model performance.

Ethics Statement

Given the sensitivity of personal privacy and
commercial confidentiality in the tax domain, we
conduct a comprehensive data review and ethical
considerations for the TaxPraBen benchmark study.
We implement strict anonymization measures for
the collected data, including the removal of com-
pany names and personal identifiers to protect pri-
vacy. Additionally, we utilize relevant open-source
resources to ensure transparency and ethical com-
pliance. Legal experts evaluate our research meth-
ods to ensure adherence to data protection stan-
dards. We are committed to maintaining the con-
fidentiality of all stakeholders, ensuring that our
research respects personal privacy while making
a positive contribution to the field of tax practice.

Furthermore, the annotation work is completed vol-
untarily by individuals who receive no compensa-
tion. All annotators are informed of the intended
use of the data and give consent to participate.
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A Why important
A.1 Benchmark Comparison

In recent years, numerous LLM benchmarks
have been introduced for vertical domains like
law (LexGLUE (Chalkidis et al., 2022), DISC-
LawLLM (Yue et al., 2023), LawBench (Fei
et al., 2024), LAiW (Dai et al., 2025)), finance
(Fineval (Guo et al., 2025b), CGCE (Zhang et al.,
2023b), FLARE (Xie et al., 2023), FinBen (Xie
et al., 2024), ICE-FLARE (Hu et al., 2024)), and
healthcare (DISC-MedLLM (Bao et al., 2023),
MedMCQA (Pal et al., 2022), CMB (Wang et al.,
2024), MedBench (Liu et al., 2024)) (see Table Al).
Most of the focus on traditional NLP tasks (includ-
ing MCQ, Q&A, REA, NR) to assess the transfer
of general language understanding to specialized
fields. However, they primarily evaluate whether
LLMs can answer general questions, often neglect-
ing the assessment of real-world problem-solving
and complex decision-making abilities.

Name |[Method| ~ NLP Specific Task ‘PR A‘ CoMe
\HC IPA\MCQ Q&A CLS REA NR\ \
Law
LexGLUE x v |V X v x x| x X
DISC-LawLLM| v Vv | V X X X X | X X
LawBench X v |V v vV Vv x| x X
LAIW X v | x v Vv v x| X X
Finance
Fineval x v |V v v v x| x X
CGCE x v | x vV X X V| x X
FLARE X v | x v vV v x| x X
FinBen X v |V v Vv vV x| X X
ICE-FLARE | x Vv | V v vV v x| x X
Medicine
DISC-MedLLM| v vV | V v X x x| x X
MedMCQA |v X | VvV X X X X| X X
CMB v VIV vV oo x v x| X X
MedBench v V|V v v v x|V X
Taxation
TaxBen |v x| v Vv Vv Vv V| x| x
TaxPraBen |v x| v v v Vv V|V | V

Table Al: Comparing different domain-specific bench-
marks, including data construction methods (human
construction, HC; improved public data, IPA), task cov-
erage across NLP specific tasks (multiple-choice ques-
tions, MCQ); question and answer, Q&A; text reasoning,
REA; numerical reasoning, NR), practical application
task (PRA) and the use of combined metrics (CoMe).
“v”” indicates presence, and “x” indicates absence.

In contrast, TaxPraBen is the first benchmark
designed for Chinese tax practice, marking a fun-
damental shift from task-oriented to capability-

oriented evaluation. Its main innovation is ex-
panding the focus from isolated language tasks to
practice-oriented, integrated tasks that cover key
skills such as legal interpretation, numerical rea-
soning, and risk assessment, making it much more
aligned with real-world professional needs. For
instance, traditional TaxBen’s NR task is limited to
basic questions like "What is the tax rate for income
bracket X?". In contrast, TaxPraBen’s PRA task
require a comprehensive question: "Calculating a
taxpayer’s final tax liability and identifying poten-
tial audit risks based on income sources, deduc-
tions, and regional regulations", thus replicating
the full professional workflow and greatly enhanc-
ing practical relevance. It highlights TaxPraBen’s
innovative use of a combined metric to jointly as-
sess the accuracy of tax amount calculations and
the semantic similarity of audit risk identification.
Moreover, TaxPraBen introduces a breakthrough
in data construction. Unlike most benchmarks that
rely on public datasets, TaxPraBen is built entirely
on authentic cases from tax professionals, com-
bining manual curation with LLM-based prompt
engineering. This ensures high-quality, realistic
scenarios and strengthens its practical relevance.

In summary, as the first truly comprehensive
benchmark for Chinese tax practice, TaxPraBen
stands out by shifting from task- to capability-
oriented evaluation, filling the gap in high-quality
tax data, and redefining structured assessment sys-
tems. This not only advances the use of LLMs in
tax but also provides valuable insights for develop-
ing benchmarks in other specialized domains.

A.2 TaxBen Contrast

In the field of tax artificial intelligence, the appli-
cation of LLMs is gaining attention. However, due
to their inherent opacity, tax experts remain cau-
tious about their real-world applicability. While
TaxBen advances benchmarking in this domain,
it focuses narrowly on isolated NLP tasks-such
as Q&A, text generation & classification, and nu-
merical reasoning—neglecting to evaluate models’
practical capabilities in real-world scenarios.

As shown in Table A2, apart from closed-source
large-parameter LLMs (including ERNIE-3.5,
Grok-3, and ChatGPT), several LLMs like Chat-
GLM3 and Atom—exhibit inflated rankings on the
simpler NLP tasks covered by TaxBen, but see
significant declines in TaxPraBen, which includes
real-world application tasks. The notable discrep-
ancy in model rankings between TaxPraBen and
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LLM | N | Zero-Shot | One-Shot
Type ame
| |TaxBen|TaxPraBen|TaxBen| TaxPraBen

ERNIE-3.5 1 1 1 1

GLSpiMm| Grok-3 2 2 2 2
ChatGPT 3 3 3 3
ChatGLM3 8 12 13 15
COSpLm|DeepSeek;,, | 12 9 8 6
Atom 10 11 9 10

Taxum| YaYiz | 13 | 13 | 16 | 16

Note: To ensure fair model rankings, we consider only jointly evaluated LLMs.

Table A2: Comparison of the evaluation ranking re-
sults of various LLMs between TaxPraBen and TaxBen.
General closed-source LLMs: GLS 1y, Chinese open-
source LLMs: COS;m, Tax-related LLM: TAX M.

TaxBen highlights the limitations of TaxBen in ad-
dressing genuine practical tasks. While TaxBen
does include numerical reasoning and question-
answering tasks, can the practical capabilities of
the models be adequately reflected solely by aver-
aging the metrics from these two tasks? Consid-
ering that real-world practical tasks require both
semantic matching and computational reasoning
abilities, the answer is clearly no. Further analy-
sis, as illustrated in Table A3, supports this con-
clusion. For instance, models like InternLM2.5,
Yi, and ERNIE-3.5 perform excellently and rank
highly on the numerical-reasoning (NR data) and
semantic-matching (Q&A data) tasks in TaxBen.
Yet, on the TaxPlan task in TaxPraBen—which de-
mands the integration of both capabilities—their
metrics decline markedly, with most rankings drop-
ping to 16th-18th ranking positions, showing an av-
erage decline of 5-11 positions (a total of 18). This
clearly demonstrates that the practical ability of
LLMs cannot be represented simply by weighting
the evaluation metrics of individual NLP subtasks.

These findings further reveal that existing
domain-specific benchmarks, with their empha-
sis on NLP-task evaluation, exhibit significant
shortcomings in assessing real-world applicability.
Thus, we propose TaxPraBen, the first benchmark
designed to evaluate LLMs in Chinese tax-practice
scenarios. TaxPraBen incorporates 10 datasets
(see Table 2) covering real-world tasks such as
tax-risk prevention, tax-inspection analysis, and
tax-strategy planning, thereby enabling a system-
atic assessment of models’ comprehensive applied
ability in complex tax-practice settings.

B Taxonomy Motivation

TaxPraBen employs Bloom’s Taxonomy as its
evaluation system, systematically assessing the

| TaxBen | TaxPraBen
LLM
NR Data |Q&A Data|Avg| TaxPlan R())
Avg.Val R|Avg.Val R | .R |Avg.Val R
Zero-Shot
InternLM2.5| 0.042 5| 0.520 4| 5 | 0.039 16| 11
Yi 0.024 7| 0495 9| 8 | 0.016 18| 10
ERNIE-3.5| 0.076 2| 0559 1|2 | 0263 7| 5
One-Shot
InternLM2.5| 0.000 7| 0.529 4| 6 | 0.031 18| 12
ERNIE-3.5 | 0.002 2| 0487 9| 6 | 0.052 15| 9
Qwen2.5 | 0.000 7| 0421 17|12 ] 0.045 17| 5

Note: To ensure fair model rankings, we consider only jointly evaluated LLMs
and round the averag of the metric rankings (Avg.R) for NR and Q&A data.

Table A3: Comparison of metric rankings on TaxBen
(numerical reasoning (NR data)+semantic matching
(Q&A data)) and TaxPraBen (tax practice (TaxPlan)).
Metric Ranking: R, Average Value. "Avg.R" denotes
average of the metric rankings for NR and Q&A data.

mastery of tax knowledge in LLMs through a hi-
erarchical cognitive ability structure. This frame-
work categorizes tax competencies into 3 progres-
sive dimensions: Knowledge Memorization (KM),
Knowledge Understanding (KU), and Knowledge
Application (KA). In the specialized tax domain,
this tiered approach first requires models to accu-
rately recall legal provisions (e.g., TaxRecite tests
verbatim clause reproduction), then interpret pol-
icy implications (e.g., TaxRead evaluates reading
comprehension of regulations), and finally apply
knowledge practically (e.g., TaxPlan examines tax
planning strategy design). Bloom’s Taxonomy of-
fers 3 key advantages: (1) Clear hierarchical stan-
dards enable precise quantification of knowledge
depth; (2) Reveal inter-level relationships helps di-
agnose fundamental skill gaps; (3) Adapt to tax
practice complexity, it identifies cross-level weak-
nesses. Compared to traditional one-dimensional
difficulty grading, this structured method provides
targeted optimization guidance (e.g., enhancing le-
gal memorization or tax reasoning abilities). Its
adoption marks a paradigm shift from evaluating
task completion to knowledge mastery.

C Instruction Details

C.1 Collection Process

The definition and data collection details of the
datasets for the three-level tax tasks in our proposed
TaxPraBen benchmark are shown in Table Cl1.
These datasets span three core tax task levels (KM:
Knowledge Memorization, KU: Knowledge Un-
derstanding, KA: Knowledge Application) with 14
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Dataset Source

URL

Tax House website

https://www.shui5.cn/

Tax Practice Cases

https://wxredian.com/art?id=ecf5c4f6a9986a6eda47f48ba7ed5e74

Certified Tax Agent Exam

http://www.canet.com.cn/sws/zhinan/kaoshijiaocai.html

Opinion Monitoring System

https://open-yuqing.stonedt.com/

Taxation Administration Website

https://www.chinatax.gov.cn/

Table C2: The original source along with the URL of our used datasets.

3 § Dataset Zero-Shot (Prompt)/One-Shot (Prompt), Input Text Label
2 b & S MaxMin Avg |MaxMin Avg |MaxMin Avg MaxMin Avg
S, ,\;«*\ TaxRecite | 42 37  39.06 [592 109 206.80 | 69 33 40.11[514 17 115.05
. 2 k. ) TaxSum | 38 35 3637 [1469273 573.60 [1335130405.50/236 14 115.12
R ~4 Mo TaxTopic | 130 125 128.02 |207 120 150.50 [100 6 37.26| 1 1 1.00
&y % o TaxRead | 56 49  53.82 1812221 566.30 2066 125521.85(286 1 15.44
%C\v“&v 3 ) TaxCalc | 86 65 69.80 [1383327 636.40 [1266216535.48 9 4 5.84
foxsum o i U TaxSCQ | 68 55 59.93 [494 111 218.50 [328 35 129.100 1 1 1.00
§ TaxMCQ |146 136 141.14 |587 153 319.50 |469 42 14094 4 2 3.15
o i Tag, TaxQA |38 29 3475 |724 60 12640 |[149 7 30.03(532 2 46.78
7 7 A TaxBoard | 48 41 45.28 |1081 109 299.10 |474 23 99.58 814 11 143.32
&Q& i %, TaxCrime |219 201 208.72 |521 303 387.13 |299 24 140.60f 2 1 1.13
& 5 % % TaxOpinion| 53 38  43.82 [2235825 1386.05 |1646 502 987.79|445 163 298.24
g 2 TaxRisk [112 68  84.88 [1873329 1110.60 (1597 153 923.00/302 40 110.76
2 TaxInspect| 198 171 179.13 |1603 411 930.92 [1149 156 627.77|213 32 105.22
EIE— mm— E—— TaxPlan |354 83 150.65 [1071590 719.80 |432 57 150.15/394 65 141.91

Table C3: TaxPraBen includes 3 NLP and tax tasks across 14 datasets ranging from 200 to 1,000 entries, along with
statistics on the maximum (Max), minimum (Min), and average (Avg) lengths of prompts and input/labels.

specific datasets. Each dataset details its task defini-
tion and collection sources, official tax documents,
the website of the State Taxation Administration,
Tax House articles, certified tax agent exam mate-
rials, and real-world tax practice cases, with some
leveraging ChatGPT-3.5 as an auxiliary tool for
text compression or question-answer generation.
For the convenience of researchers, Table C2 lists
the original sources of our reconstructed dataset.

C.2 Dataset Refinement

In Table 1, aside from the TaxTopic, TaxCalc,
TaxSCQ, and TaxMCQ datasets—which have
definitive answers—all other tax-related datasets
constructed via a human—ChatGPT collaborative
approach require manual verification. Unlike other
benchmarks that directly use data generated with
LLM assistance, we recognize that LLM-based
prompt engineering during the construction phase
can introduce hallucinations (Farquhar et al., 2024),
such as fabricated figures or descriptions, which
may add noise or even incorrect labels to the data.
This issue is particularly evident in the TaxRisk,
TaxInSpect, and TaxPlan datasets. Despite multiple
attempts to refine the prompts, obtaining structured
outputs that meet our requirements remains chal-
lenging. Consequently, we manually review and
correct all data generated with LLM involvement.

The refinement process is carried out by a dedi-

cated annotation team of 50 students. While similar
in composition to the prompt design team—which
consists mainly of graduate students—this group
also includes a significant number of undergrad-
uates due to the scale of the annotation task. All
team members are native Chinese speakers with
diverse academic backgrounds in computer sci-
ence, finance, taxation, statistics, and related fields.
Computer science specialists are responsible for
explaining annotation guidelines and conducting
random sampling checks, while other profession-
als, leveraging their domain expertise in taxation,
perform the actual data labeling. This collaborative
approach ensures both technical rigor and domain
accuracy, thereby enhancing the robustness and
reliability of the dataset. Each annotator initially
contributes 20 distinct data entries. After the first
round, the computer science team randomly sam-
ples 5 entries from each annotator to verify com-
pliance with the requirements. Through several
rounds of feedback and guidance, all annotators
eventually meet the quality standards. For annota-
tion, we use the EasyDataSet > (Miao et al., 2025)
platform, which is designed for constructing in-
struction sets for LLMs. The platform supports
manual correction, allows precise Q&A labeling,
and helps reduce label duplication. We provide the

Zhttps://docs.easy-dataset.com/
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annotation demonstration examples in Figure C1.

C.3 Dataset Statistics

We present detailed statistical information of our
TaxPraBen dataset in Table C3. Specifically, we
analyze the data length distribution. The maximum
input is 2,066 characters (==510-520 tokens), and
the longest target is 814 characters (==200-300
tokens)—values that closely align with our experi-
mental settings. Accordingly, we cap the maximum
input at 2,048 tokens. For Q&A and summarization
datasets, we allow up to 300 generated tokens; for
all others, the limit is 200 tokens, with prompts ex-
plicitly requesting concise outputs. These choices
are well-founded: (1) virtually every sample fits
within the model’s context window, so no informa-
tion is lost to truncation; (2) for generative tasks,
the required outputs rarely exceed 300 tokens, con-
firming that the limits strike a balance between
informativeness and brevity. In short, the statistics
corroborate the soundness of our configuration.

C.4 Dataset Instance

To enhance transparency and ensure reproducibility,
we present the instance formats and representative
prompts utilized in TaxPraBen. For each dataset,
we provide an example table that illustrates the
evaluation input template—such as zero-shot or
one-shot settings—along with a concrete example.
Each example includes the input text, candidate op-
tions (or output constraints), and the gold label. To
maintain clarity, examples are grouped by dataset
and presented in separate tables, as shown in Ta-
bles C4-C17. These datasets are carefully curated
by domain experts, are cost-effective, and have no
commercial usage restrictions.

Knowledge Memorization (KM): contains 1
dataset. (1) TaxRecite: consists of "provision
cue—statutory text" pairs, designed to evaluate
the model’s ability to reproduce tax-law provi-
sions verbatim and maintain clause-level consis-
tency. Knowledge Understanding (KU): contains
3 datasets. (1) TaxSum: includes tax-related news
articles and reference summaries; the model is re-
quired to generate a summary of no more than
300 words. (2) TaxTopic: a single-label clas-
sification task based on news titles. The label
space contains 10 categories: A. Financial literacy
news; B. Tax and finance forms; C. Local regu-
lations; D. Regulation interpretation; E. Taxable
income adjustments; F. Tax assessment; G. Tax
incentives; H. Tax planning; I. Tax Q&A; J. Na-

tional regulations. (3) TaxRead: comprises arti-
cle—question—reference answer triples, focusing on
extractive reading comprehension grounded in the
provided text. Knowledge Application (KA): con-
tains 10 datasets. (1) TaxCalc: features tax com-
putation scenarios and requires outputs with con-
strained key numerical fields. (2) TaxSCQ: single-
choice questions with four candidate options; the
output is restricted to a single letter in {A, B, C,
D}. (3) TaxMCQ: multiple-choice questions with
five candidate options; the output is a set of let-
ters drawn from {A, B, C, D, E} (at least two op-
tions, reported in alphabetical order). (4) TaxQA:
tax consultation question—answer samples, requir-
ing the model to generate standardized responses.
(5) TaxBoard: government message-board Q&A;
the model must provide an answer and state the
corresponding policy basis. (6) TaxCrime: a Crim-
inal Law article classification task grounded in tax-
related criminal fact descriptions. The label space
contains 13 categories: A. Article 201 of the Crim-
inal Law; B. Article 203 of the Criminal Law; C.
Article 204 of the Criminal Law; D. Article 205
of the Criminal Law; E. Article 206 of the Crim-
inal Law; F. Article 207 of the Criminal Law; G.
Article 208 of the Criminal Law; H. Article 209
of the Criminal Law; I. Article 210 of the Crim-
inal Law; J. Article 211 of the Criminal Law; K.
Article 212 of the Criminal Law; L. Article 227
of the Criminal Law; M. Article 264 of the Crim-
inal Law. (7) TaxOpinion: includes tax-related
public opinion texts and reference summaries; the
model generates a summary of approximately 300
words. (8) TaxRisk: risk management and con-
trol texts with structured extraction targets, namely
"Risks Encountered" and "Corresponding Mitiga-
tion Measures". (9) TaxInspect: an information
extraction task over tax inspection cases, requiring
the model to output "Criminal Act", "Charged Of-
fense", "Penalty Outcome", the Charged Offense
is restricted to one of seven categories: Crime of
holding forged invoices; Crime of illegally selling
special VAT invoices; Crime of illegally purchasing
special VAT invoices; Crime of purchasing forged
special VAT invoices; Crime of fraudulently ob-
taining export tax refunds; Crime of tax evasion;
Crime of falsely issuing invoices. (10) TaxPlan: A
structured tax-planning generation task where only
the core rationale is textual and all other key fields
are numeric, enabling automatic evaluation.

All datasets are converted into instruction sets in
JSONL format, with the following structure:
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Metrics

Description

Accuracy (ACC)

Measure if the response meets the target answer provided by the query, avoiding errors and bias.

Naturalness (NAT)

Assesses whether the response description is fluent, natural, and consistent with human expression.

Informativeness (INF)| Evaluate if the response description includes enough key information and fully answers the question.

Table C18: Briefly description of the three manual metrics (ACC,NAT,INF) for prompt quality evaluation.

Task Dataset | Prompt Consistency Analysis

[Total Retained|Fleiss’s «[Krippendorff’s o

KM TaxRecite | 20 10 0.842 0.867
TaxSum | 20 12 0.824 0.856

KU TaxSum | 20 13 0.833 0.872
TaxTopic | 20 11 0.843 0.891
TaxRead | 20 16 0.837 0.861
TaxCalc | 20 13 0.856 0.872
TaxSCQ | 20 15 0.828 0.865
TaxMCQ | 20 16 0.853 0.857
TaxQA | 20 13 0.819 0.842

KA TaxBoard | 20 15 0.832 0.873
TaxCrime | 20 14 0.851 0.863
TaxOpinion| 20 16 0.876 0.881
TaxRisk | 20 18 0.846 0.858
TaxInspect | 20 15 0.862 0.871
TaxPlan | 20 14 0.846 0.893

Table C22: Prompt evaluation consistency analysis: av-
erage scores for Fleiss’ x and Krippendorff’s a.

{
id:[integer] unique sample ID
query:[string] input question & prompt
text:[string] input question content
answer:[string] expected response

3

In addition, for all other classification datasets
(including TaxSCQ, TaxTopic, and TaxCrime), the
instructions contain two extra fields.

{
choices:[list] a list of responses
gold:[integer] the ideal target responsg

3

C.5 Prompt Annotation

To guide LLMs in producing outputs in a specified
format for evaluation, a rigorous process of prompt
selection, adaptation, and design is required. Given
the specialized knowledge and complexity involved
in designing prompts for the tax domain, expertise
in the field is essential, and it is recognized that
different LLMs exhibit significant variation in their
adaptability to prompts. Therefore, a customized
set of prompt samples is developed for each dataset
to ensure the generalizability and comparability of
prompt performance across different models. This
procedure consists of two phases: annotation and
evaluation. (1) Annotation Phase: We assemble
a team of five instructors from the faculties of fi-
nance and economics, who specialize in auditing,

tax administration, tax planning, tax agency, tax
inspection, and public administration. For each
dataset, at least two instructors collaborate—one is
responsible for drafting diverse prompts, and the
other reviews them to ensure the professionalism
of the tax scenario descriptions and the accuracy
of terminology. The team provides 20 prompt ex-
amples for each dataset. To ensure consistency
in the quality of prompt annotation, we address
the issue of variability in LLM adaptability caused
by differences in how experts understand the data
and their individual annotation styles. (2) Evalua-
tion Phase: We form a professional annotation and
evaluation team consisting of eight undergraduate
students and two graduate students. These students
have backgrounds in economics and taxation and
have demonstrated strong academic performance,
ensuring both expertise and accountability. Each
participant evaluates 5 prompts using a question-
naire that assesses 3 metrics: Accuracy (ACC),
Naturalness (NAT), and Informativeness (INF), as
shown in Table C18. The evaluation options are
divided into four levels with corresponding scores:
"Strongly Disagree (0)", "Disagree (1)", "Agree
(2)", and "Strongly Agree (3)". Examples of these
manual scores are shown in Tables C19-C21. All
written prompts are tested via the ChatALL 3 plat-
form using APIs of randomly selected LLMs, like
OpenAl’s ChatGPT, and Alibaba’s Qwen.

To ensure the reliability and quality of our eval-
uation annotation process, we calculate two key
inter-annotator agreement scores in each evaluation
round: Fleiss’ Kappa (x) and Krippendorff’s Al-
pha (@) (Yu et al., 2025; Peng et al., 2025). Fleiss’
Kappa measures the consistency among multiple
raters, while Krippendorff’s Alpha accounts for
imbalances in category distribution. We individu-
ally assess the Kappa and Alpha scores for 3 man-
ual metrics (ACC, NAT, and INF), averaging these
scores to derive the final inter-annotator agreement
score. Regular training sessions and discussions on
scoring guidelines help minimize subjective bias.
As summarized in Table C22, after 5 rounds of
cross-evaluation, the average inter-annotator agree-

*https://github.com/ai-shifu/ChatALL
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ment scores for each prompt set across different
raters range from 0.8 to 1, demonstrating the ro-
bustness and quality of the manual assessments.
To ensure consistency in prompt evaluation, we
retain only those prompts with average scores ex-
ceeding 2 (AVG>2) as high-quality paired prompts.
Examples of human-annotated prompts and their
corresponding English translations for all datasets
are presented in Table C23.

To enhance the adaptability of LLMs to prompts,
each data sample is paired with a randomly selected
high-quality prompt during evaluation.

D Scalable Promotion

Our TaxPraBen proposed the structured evalua-
tion approach can be naturally extended to spe-
cialized fields like law, finance, and medicine.
(1) Legal: For tasks like verdict summarization
and sentencing prediction, our framework pairs
BERTScore to validate legal reasoning soundness
with accuracy metrics to verify numerical outcomes
including fines or sentence lengths, enabling reli-
able, controllable legal Al evaluation. (2) Finance:
For audit reports and risk analysis workflows, it
validates the rationality of qualitative risk assess-
ments while cross-checking the accuracy of trans-
action amounts and discrepancy ratios, standard-
izing performance comparisons across models for
high-stakes financial automation. (3) Medicine:
It supports granular assessment of hybrid clinical
outputs, evaluating diagnostic narrative quality via
semantic metrics while validating the precision of
vitals, lab values and other quantitative biomed-
ical measurements, ideal for discharge summary
automation and diagnostic support tools. This struc-
tured paradigm establishes TaxPraBen as scalable
evaluation framework for compliance-critical do-
mains, enabling holistic assessment of both inter-
pretive reasoning quality and numerical precision
for LLM hybrid outputs. Table D presents adapted
practice case studies for these extended domains.

E Benchmark Leaderboard

To enable transparent and standardized compari-
son of tax-oriented LLMs, we build the TaxPraBen
open leaderboard, which supports model submis-
sion, automatic evaluation, and result visualization.
The TaxPraBen open leaderboard 4 and its repre-
sentative interface are shown in Figure E.

(1) Platform design. We adopt a modular ar-
chitecture to continuously add tasks and metrics

4huggingface.co/spaces/hzkkk/TaxPraBen

while keeping results comparable across versions,
and provide an end-to-end pipeline from submis-
sion to display. (2) Submission protocol. Sub-
missions should include necessary metadata and
reproducible settings, and comply with privacy and
governance requirements, avoiding sensitive data
and improper behaviors. (3) Leaderboard Eval-
uation. The leaderboard covers the main tasks
and metrics of TaxPraBen, reporting overall and
per-task scores with filtering and sorting for quick
diagnosis of strengths and weaknesses. (4) Com-
munity Collaboration. The platform accepts new
models and benchmark extensions, and we main-
tain versioned tasks and rules to ensure long-term
traceability and comparability.

Overall, TaxPraBen offers a scalable, open, and
transparent platform for evaluating LLMs in Chi-
nese tax practice. It enables model submissions,
interactive performance comparisons, community
contributions, and iterative improvements, provid-
ing a reliable reference for researchers and practi-
tioners while bridging the gap between academic
research and real-world applications in tax domain.

F Evaluation Details

F.1 Structured Alignment

To evaluate the three typical practical cases
(TaxRisk, TaxInSpect, and TaxPlan), we require
LLMs to produce JSON responses that strictly fol-
low a predefined structure with specified fields.
However, even with carefully designed prompts
that show high consistency in human evaluations, it
remains challenging to guide all LLMs to produce
fully compliant outputs. Thus, we further employ
ChatGPT, combined with the prompts shown in
Table 3, to process the non-compliant outputs: re-
moving redundant text and extracting all key fields.
Examples of raw outputs and their standardized
structured versions are provided in Table F.

F.2 Models Introduction

We evaluate 19 LLMs, organized into three groups:
(1) 7 Multilingual General LLMs, namely
ChatGPT-3.5-Turbo-1106&GPT-40 (Brown et al.,
2020) (OpenAl), Mistral-v0.3 (Jiang et al., 2023)
(Mistral AI), Gemma (Team et al., 2024) (Google),
BayLing?2 (Zhang et al., 2024) (Chinese Academy
of Sciences), LLaMA3 (Dubey et al., 2024) (Meta),
and Grok-3 > (xAl), covering both open-source
and commercial models; (2) 11 Chinese-oriented

Shttps://grok.com/
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LLMs, including Baichuan2 (Yang et al., 2023)
(Baichuan AI), DeepSeek llm&R1 (Guo et al.,
2025a) (DeepSeek), Qwen2.5 (Yang et al., 2024)
(Alibaba), ChatGLM3&GLM4 (GLM et al., 2024)
(Zhipu Al), ChineseLLaMA3 (Cui et al., 2023)
(Community), YI (Young et al., 2024) (01 Al),
ERNIE-3.5-8K (Baidu), Atom (Zhao et al., 2024)
(AtomEcho), and InternLM2.5 (Cai et al., 2024b)
(Shanghai Al Lab), pretrained on Chinese text
and generally surpass multilingual LL.Ms in Chi-
nese tasks; (3) 1 Tax-related LLM, YaYi2 (Luo
et al., 2023) (Zhongke Wenge), fine-tuned with
tax-related corpora to enhance its understanding of
Chi-nese tax knowledge. Their respective descrip-
tions are as follows. ChatGPT-3.5: Developed by
OpenAl with the Turbo-1106 version, this LLM
features 175B parameters and excels in conversa-
tional skills, widely used in NLP tasks. GPT-40: A
multimodal LLM by OpenAl, capable of text, im-
age, and voice processing, known for fast responses
and strong conversational abilities, accessible via
API. Mistral-V0.3: Developed by Mistral Al, this
7B parameter LLM emphasizes efficient reasoning
and is suitable for local deployment. Gemma: A
7B parameter model by Google, designed for multi-
lingual processing in resource-constrained environ-
ments, lightweight and practical. LLaMA3: De-
veloped by Meta, this LLM features 8B parameters
and excels in multilingual generation for complex
tasks. Bayling2: Based on LLAMA?2 architecture,
this 7B parameter LLM from the Chinese Academy
of Sciences focuses on multilingual alignment, par-
ticularly for low-resource languages. Grok3: De-
veloped by xAl, this model boasts 1200B param-
eters and is API-accessible, capable of handling
complex tasks. DeepSeek-llm: A 7B parame-
ter model by DeepSeek, optimized for Chinese
processing and suitable for localized applications.
Baichuan2: Developed by Baichuan Al, this 7B
parameter LLM specializes in Chinese content gen-
eration with stable performance and open weight
access. Atom: Fine-tuned from LLAMAZ2-7B, this
7B parameter LLM is optimized for Chinese tasks
by a Chinese research team. Qwen2.5: Developed
by Alibaba Cloud, this 7B parameter LLM supports
Chinese and multilingual processing with excellent
performance and weight access. ChineseLLaMA3
(ChnLLaMA3): A community-developed variant
fine-tuned on Llama-3-8B, featuring 8B parame-
ters and multilingual capabilities. ERNIE-3.5-8K:
Developed by Baidu, this model excels in Chinese
language understanding with about 1,000B param-

eters, ideal for search and Q&A tasks, accessible
via APL. ChatGLM3: Optimized for Chinese con-
versation, this 6B parameter model by Zhipu Al
offers weight access for chat applications. YI: A
6B parameter model from 01.Al, excelling in Chi-
nese processing and code generation, suitable for
development scenarios with weight access. GLM4:
Developed by Zhipu Al, this 9B parameter model
emphasizes high-precision performance in Chinese
tasks for professional applications. DeepSeek-R1:
A 7B parameter LLM by DeepSeek, known for
powerful reasoning capabilities, addressing com-
plex problem-solving needs. InternLM2.5: Devel-
oped by the Shanghai Artificial Intelligence Lab-
oratory, this 7B parameter model excels in both
Chinese and multilingual tasks, applicable across
various scenarios. YaYi2: A 30B parameter LLM
by Zhongke WenGe, offering weight access, de-
signed as a general-purpose LLM with some tax-
related fine-tuning for professional applications.

F.3 Metric Computation

Below is the detailed explanations of our used eval-
uation metrics.

Accuracy (ACC) (Goutte and Gaussier,
2005) : It measures text classification performance
by the proportion of correctly predicted samples.
Defined as:

TP+TN

A =
cc TP+TN+ FP+FN

where T'P (True Positive) is the count of cor-
rectly identified positive samples, T'N (True Nega-
tive) is the count of correctly identified negatives,
F P(False Positive) is the count of negatives mis-
classified as positives, and F'N (False Negative) is
the count of positives misclassified as negatives.
F1 Score (Goutte and Gaussier, 2005): It is the
harmonic mean of Precision and Recall. It is use-
ful for evaluating model performance in sentiment
analysis, especially with class imbalance. Defined

as:

Fl— 2 - Precision - Recall

Precision + Recall
where Precision and Recall are defined as:

brocicion TP
recision = TP + FP
TP
|
Recall = 751N

Macro F1: It is the average of the F1 scores
across classes, reflecting performance consistency
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in multi-class label analysis. Defined as:
| N
Macro F1 = N Zl F1;
i

where N is the number of classes and F'1; is the F1
Score for class .

Matthews Correlation Coeffi-
cient (MCC) (Matthews, 1975): It is a
comprehensive classification metric for imbal-
anced data in sentiment analysis, as defined in the
formula, where K is the total number of classes
(K = 2 for binary classification and K > 2
for multi-class classification); Cj; is the entry
in the confusion matrix at row ¢ and column j
(the number of samples whose true class is ¢ and
predicted class is 7); C; is the sum of row ¢ (the
number of samples with true class 7); C; is the
sum of column j (the number of samples predicted
as class j); and N is the total number of samples,
ie, N =YL, Cip = T0L, Cay

Exact Match (EM) Accuracy (Rajpurkar et al.,
2016) : It requires exact matches between pre-
dicted and true labels, defined as follows:

Number of matches
Total samples

BERTScore (Zhang et al., 2019) : It is the har-
monic mean of Precision and Recall, computed as
follows:

EM Accuracy =

2 - (Precision - Recall)

BERTS =
core Precision + Recall

BARTScore (Yuan et al., 2021): It evaluates
generated text quality by calculating reconstruction
error with the BART model, defined as follows:

BARTScore = BART(Ref, Gen)

where Ref and Gen denote reference and generated
texts, respectively. BART(Re f, Gen) is the recon-
struction error calculated by the BART model.

RiskScore: It averages BERTScore for semantic
matching between "risks encountered” and "match-
ing solutions", detailed as follows:

2
. 1
RiskScore = 5 Zl BERTScore( Re f;, Gen;)

where Re f; and Gen; denote reference and gener-
ated texts.

InspectScore: It combines numerical matching
for "offense charge" and semantic matching for
"criminal conduct" and "penalty result", defined as:

InspectScore = —(EM Accuracy(Re f,, Gen,)

1
2

12

+ 3 Z BERTScore( Re f;, Gen;))
=1

where Ref; and Gen; denote the reference and
prediction for two semantic matching fields, while
Ref, and Gen, denote those for precise numerical
(exact) matching.

PlanScore: It combines semantic matching for
"core idea" and precise numerical matching for
multiple fields (as each data entry varies, e.g.,
"pre-tax deductible amount of original plan", "tax-
able amount of original plan", "pre-tax deductible
amount after planning", and "tax savings amount"),
defined as follows:

1
PlanScore = §(BERTScore(Re fe: Gene)

12

+ = Z EM Accuracy(Ref;, Gen;))
P

where Ref, and Gen, represent the reference and

prediction for semantic matching, while Ref, and

Gen,; denote those for exact matching in p fields.

F.4 Overall Metrics

Besides the TaxRisk, TaxInspection, and TaxPlan
datasets, our custom-built RiskScore, InspectScore,
and PlanScore can be applied as integrated eval-
uation metrics. For the other datasets, we assess
the model’s overall performance across datasets us-
ing the weighted average of all specialized metrics.
Specifically, in the TaxSCQ, TaxTopic, and Tax-
Crime datasets, the final overall score is calculated
as the average of ACC, F1, and Macro F1 metrics,
defined as follows :

ACC + F1 + Macro F1

3 .

For the TaxKQA, TaxBoard, TaxRecite, TaxSum
and TaxOpinion datasets, the overall score is cal-
culated by transforming BARTScore to be greater

SOVerall =
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than 0 with a weight of 10, and then averaging
it with BERTScore, ensuring normalization to the
range [0, 1], defined as follows :

BERTSCOI'C + BARTSlcoorC+ 10
S Overall = 9 .

G Detailed Results

The detailed results of these models are pre-
sented in Table G. Unless otherwise specified, the
issues discussed are relevant to both zero-shot and
one-shot scenarios. We conduct a thorough analy-
sis of certain notable commonalities or differences
observed in each task.

TaxRecite. The TaxRecite dataset requires mod-
els to faithfully reproduce the original wording of
given tax provisions, which is highly challenging
for models that have not explicitly encountered
the corresponding regulations. Closed-source large
models (e.g., ERNIE-3.5) perform best on this task,
often generating article texts that closely match
the reference answers. In contrast, most open-
source models, lacking explicit memorization of
tax statutes, tend to produce incomplete or para-
phrased outputs. Typical errors include omitting
critical legal phrasing, summarizing provisions in
free-form language instead of verbatim recitation,
and adding unnecessary explanations. We also ob-
serve that, while some models can recover par-
tial snippets in the zero-shot setting, providing a
demonstration may interfere with recall for certain
models: they rigidly imitate the example format
and deviate from the exact wording, leading to per-
formance degradation under the one-shot setting.

TaxSum. In TaxSum, models are required to
read long policy news articles and generate con-
cise summaries. This task evaluates both language
understanding and summarization, as well as the
ability to capture tax-related key information. Re-
sults show that closed-source models generally ex-
hibit clear advantages in identifying salient points
and maintaining factual consistency, whereas many
smaller open-source models produce overly generic
summaries, miss critical details (e.g., dates, num-
bers, or policy names), or even introduce content
inconsistent with the source. A plausible expla-
nation is that tax policy news contains abundant
domain-specific terminology and complex sentence
structures, making comprehensive understanding
difficult for weaker models.

TaxTopic. TaxTopic is a topic classification task
where models must determine the tax theme of a

news article, testing keypoint extraction and topic
recognition. Results indicate that open-source mod-
els can sometimes capture key terms and contextual
cues to identify the relevant tax category. Under
the zero-shot setting, GLM4 outperforms closed-
source models; however, beyond this case, many
open-source models achieve near-random perfor-
mance and struggle on certain categories. This dis-
crepancy likely stems from the fact that tax news
often involves specialized terminology and implicit
domain context, requiring substantial tax knowl-
edge to classify accurately.

TaxRead. TaxRead provides relevant laws or of-
ficial notices as context and asks models to extract
answers accordingly, resembling an open-book
question answering scenario. Most models achieve
strong performance, likely because answers are
explicitly present in the provided materials and
can be retrieved via pattern matching, reducing re-
liance on external knowledge. Even smaller models
can locate correct spans through surface matching.
Moreover, providing demonstrations helps models
better follow the expected answer format and re-
duce verbosity, leading to improved accuracy for
most models in the one-shot setting.

TaxCalc. All models perform poorly on Tax-
Calc, making it one of the most challenging
datasets. This task requires computing tax liabil-
ities or tax differences given a scenario, involv-
ing numerical operations, logical reasoning, and
tax-rule application. Such requirements exceed the
strengths of current LLMs: even top models such as
GPT-40 and ERNIE-3.5 frequently fail on complex
tax planning computations, with accuracy close to
zero. While a few large models occasionally pro-
duce near-correct answers for simple cases, almost
no model can solve more complex instances (e.g.,
multi-step progressive calculations or comparative
scenario reasoning).

TaxSCQ. TaxSCQ is a single-choice multiple-
choice task where models must select exactly one
correct option. It evaluates detailed tax knowl-
edge and basic reasoning in an exam-like for-
mat. Closed-source models perform relatively
well. Among open-source models, InternL.M2.5
and GLM4 achieve competitive performance with
closed-source models under the zero-shot setting.
However, most open-source models remain only
slightly above random guessing (25%). We also ob-
serve that some models simply restate the prompt
or generate responses unrelated to the options, re-
vealing failures in aligning with the multiple-choice
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answering format.

TaxMCQ. TaxMCQ is a more difficult multi-
choice format where models must select all correct
options. Compared to single-choice questions, this
task demands more comprehensive judgment: mod-
els must identify all correct points while avoiding
distractors. Results show that most models cannot
correctly select all correct options simultaneously.
The best-performing models are Yi, Qwen2.5, and
InternLM?2.5, all of which surpass closed-source
models under the zero-shot setting. A typical error
pattern is a combination of omissions and false pos-
itives: models often identify only the most salient
correct option while missing other correct ones,
and they also guess incorrect options due to uncer-
tainty.

TaxQA. TaxQA requires models to generate
free-form answers to tax questions, assessing do-
main knowledge application and explanation qual-
ity. Overall, model differences are not pronounced
and performance is generally moderate. Among
open-source models, Qwen2.5 and GLM4 perform
relatively well in the zero-shot setting. We also
find that knowledge-limited models may fabricate
non-existent tax rules or provide incorrect tax rates,
producing factually unreliable answers.

TaxBoard. TaxBoard requires models to pro-
duce official-style responses to taxpayers’ inquiries,
typically demanding concise answers supported
by legal bases. Results confirm that models with
strong instruction-following capabilities perform
well on this dataset. ERNIE-3.5 can emulate the
style of official tax authority replies: it tends to
answer directly, respond clearly, and cite relevant
statutes or regulatory references to enhance credi-
bility. In contrast, some open-source models pro-
duce poorly structured answers lacking legal sup-
port, and weaker models may deviate from the ques-
tion altogether.

TaxCrime. TaxCrime asks models to determine
which tax law or regulation is violated given a case
description, requiring both statute-level knowledge
and case-to-law mapping ability. Results show that
most models struggle to identify the correct legal
provisions. ERNIE-3.5 consistently outperforms
other models; this advantage may be associated
with its knowledge-enhanced paradigm and broader
Chinese knowledge coverage. In comparison, open-
source models generally lack statute-level Chinese
tax knowledge injection and therefore fail to map
case details to specific provisions.

TaxOpinion. TaxOpinion requires models to

summarize informal online public opinion texts,
which are often colloquial and noisy (e.g., com-
ments on tax evasion cases). Results exhibit sub-
stantial divergence across models. Some open-
source models can extract main viewpoints from
lengthy posts and generate coherent summaries
aligned with the original intent. By contrast,
weaker models frequently miss the main point: they
either paraphrase fragmented sentences without dis-
tilling the central idea, or ignore the stance and sen-
timent expressed in the post, resulting in unfocused
summaries.

TaxRisk. TaxRisk asks models to read tax risk-
control articles and extract risk points along with
corresponding mitigation measures, outputting
them in a predefined JSON structure. This
task combines information extraction and struc-
tured generation, representing a typical knowledge-
application scenario. Results vary markedly across
models. In addition to closed-source models,
GLM4 and Qwen?2.5 perform well under the zero-
shot setting. Inspection of the outputs shows that
models may capture only major risks while missing
secondary ones, or provide overly generic mitiga-
tion strategies.

TaxInspect. TaxInspect requires models to read
tax inspection cases and extract key elements in a
structured format, emphasizing both fine-grained
factual extraction and strict adherence to output
schemas. Results show that only closed-source
models and a few open-source models (e.g., GLM4,
DeepSeek-R1) perform well. For most open-source
models, outputs either largely copy the original
case text without extracting fields, or contain se-
vere misalignment where background information
is incorrectly filled into target fields.

TaxPlan. TaxPlan is among the most demand-
ing datasets, requiring models to propose tax plan-
ning solutions for enterprise scenarios, compute
tax liabilities and savings under different strate-
gies, and output results in a structured format. This
task integrates scenario understanding, quantita-
tive reasoning, and plan generation, making it ex-
tremely challenging. Results show that ERNIE-3.5
performs slightly worse, while GLM4 is the best
among open-source models. Overall performance
remains unsatisfactory across models: few can fully
cover all elements in the reference answers, and
accurate numerical computation is particularly rare.
Qualitatively, models may propose broadly reason-
able planning ideas, but they frequently fail when
precise numerical calculations are required.
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Task

Dataset

Definition

Collection Details

KM

Tax Law Recitation: Provide the sec
tion number of the tax law, and require
the model to accurately recite the origi-
nal description.

Download legal and regulatory documents from the official website of
the State Taxation Administration (B K 4% % % /&), extract a portion of
the original text of the provisions, and process them into a question-and-
answer format.

KU

Tax News Summarization: Provide the
news report and require the model to
extract key information and generate a
summary.

Select tax-related news articles from the Tax House website, retain the
manually annotated summaries from the site, and compress the original
text while preserving its main points to optimize the input length.

Tax Topic Classification: Provide the
news title and require the model to de-
termine its corresponding thematic cate-

gory.

Select tax-related articles from the Tax House website, extract their titles,
and record the categories they belong to on the website as labels for
thematic identification.

Tax Reading Comprehension: Provide
the article along with relevant questions,
and require the model to extract relevant
content for answer.

Select tax-related articles from the Tax House (#./2) website, com-
press the original text using ChatGPT while retaining its main points
to optimize input length, and utilize ChatGPT to extract questions and
corresponding answers from the compressed articles.

KA

Tax Payment Calculation: Provide a
corporate tax case and require the model
to calculate and provide the accurate
amount.

Carefully select calculation problems from the exercise book for the
Certified Tax Agent exam, ensuring the questions cover multiple tax
types to comprehensively address and encompass the tax domain.

Tax Single-Choice Exam: Provide the
question along with four options, requir-
ing the model to identify one correct an-
SWer.

Carefully select single-choice questions from the exercise book for the
Certified Tax Agent Exam (7 ##L % JF & 1X). To ensure broad coverage,
we extract relevant exam questions from both real exam papers and mock
exam papers, encompassing various knowledge areas and key exam
topics.

Tax Multiple-Choice Exam: Provide
the question along with five options, re-
quiring the model to identify all correct
answers.

Carefully select multiple-choice questions from the exercise book for
the Certified Tax Agent exam. To ensure broad coverage, we extract
relevant exam questions from both real exam papers and mock exam
papers, encompassing various knowledge areas and key exam topics.

Tax Knowledge Q&A: Provide a ques-
tion that asks the model to give se-
mantically similar answers with limited
length.

Download legal regulations, tax service guides, and tax incentive docu-
ments from the official website of the State Taxation Administration, as
well as tax knowledge documents from Baidu Wenku (& /& S/ ). Then,
extract tax-related questions and their answers from these files.

Tax Board Q&A: Provide an official
user inquiry question, requiring the
model to give a response with limited
length.

Collect real user questions and official responses from the message board
of the State Taxation Administration’s website, simulating authentic
user consultation scenarios to provide users with more comprehensive
references and guidance.

Tax Law Identification: Provide tax-
related crime facts and ask the model to
identify the violated law article from the
options.

Download tax-related criminal case judgments from China Judgments
Online, extract criminal behaviors and violated law articles, and use
ChatGPT to label the articles for a classification task that identifies the
violated laws based on the behaviors.

Tax Opinion Summarization: Provide
tax-related public opinion articles and re-
quire the model to generate correspond-
ing summaries.

Retrieve public opinions on tax evasion from the StoneDT (%1 £ #)
Opinion system, use ChatGPT to assess relevance to taxation, clean and
compress the tax-related content by removing emoticons and ensuring
fluent, logical sentences, and finally generate summaries with ChatGPT
as dataset answers.

Tax Risk Prevention: Provide articles
on fiscal and tax risk control and ask the
model to extract the mentioned risks and
their solutions.

Download articles on fiscal and tax risk control from Tax House (#¢./2)
website, compress them using ChatGPT while retaining key information
as input text, then extract the faced risks and corresponding solutions
information using ChatGPT as answers.

Tax Inspection Analysis: Provide tax
inspection cases and extract mentioned
criminal behaviors, charges, and penal
ties.

Download tax inspection case articles from Tax House website, compress
them using ChatGPT while retaining key information as input text, then
extract "criminal behaviors", "crime charges", and "punishment results"

information using ChatGPT as answers.

T Tay, T Ly . | Iy T T Ty b2 T T T T T
Wy | Mspee, PRigy | Opingy, | HCriy,| Bogpg W04 | Meg|  SCo | WGy, | MRegq| W lopi| “WSup, | M Recy,

Tax Strategy Planning: Provide spe-
cific tax scenarios and require the model
to perform tax planning to achieve tax-
saving effects.

Extract tax planning cases from tax planning case books, including
scenario descriptions and tax planning solutions, use ChatGPT to extract
structured information as answers, replacing the original descriptive tax
planning solutions with structured answers to form the dataset.

Table C1: Description of the data definitions and collection details for the three-level tax tasks in TaxPraBen.

38083



€] Easypataset G D PEEE [ SESEE -

< BREFIZE IR  JL 006 MNUEE, B 821 (8.23%)

B} (287 Characters

) /@@ Markdown

IREEA RS+ ATER TR, ETHRRMNRSICR, £ BErTEERa, FHaegstind.

[EX] 1) PEwAEE—BINAEREVNES, 2) BERER, MAASR/ME/EF TERE 3) Rat—A, BrsEmL
TEH (RIEMAE) o R B

K IRIE (PREWRSKREINA(RT)) ERRSEBAE017FEH13D)HENEMN (KFRESHEWRSEAESMISEEETREI
AR EFRBLBAT07EROS)EANE, BEREIRSTEINTEF3831BRiRRSTARE E—FENESHTIRZHEF
EREERS.

[B)RE: iSRG BRSHWOR AR S H KRz E—FENFERE?

Revise
BR: 8F38K

2 5 e@uaon /
[EER: HSHRE RS TN THONERSHAERL L —FENFERS?

% 85383188

E) EasyDataset B s -

< IREFIFE HIREEIHE £ 996 NRE, THEA 731 (7.33%)

[E%% (378cCharacters) ° @@ Markdown
FE—LEFHRSERRHTZIN, (S URERIRHAERENS Word SHEAE (BFRIEAIE. FTXSEY) |, ERHRSEXE EEx
(Q&A) ", HESMRPHLIBAIRR, NEER.
DEFRRX] $15% 2R S RERE, ARAZIT i, BENEEBGENSA, &3 ANGHGES T BENERBES
ElEsEacandoE]=R

[HI] 1) A ANSHRISHRIRH AT/ HER/ LI F2R/BI5) . MIRIRIGBENIE #RIRREE. 2) BT : SHEA=E, AR L
WiZMESER. 3) TEFERS: BEFREM B/S/AKBALT SR, REEMINAE. 4) FRNE: RAHETZA, 5) @R
IR Q&A, EF=EHHE: @ ... & ...

(BNIEZIEE—T, MRS/ AT/ R HEE. )

[Word iS5 ) RS R AR ARIE?
Revise = AT, ERREEAROLE,

25 7 @@ wersomn /

) SERREIANTE L 55 R ERTIRL 2T ARTIR?
E: WRAST . EEERESRNSE, RENRARSEMES . BENBESBARIERSIENSH.

Note: Our annotation process on the EasyDataset platform goes beyond simple question( F1# )& answer(®1 %) interface-based
matching. We treat each question as an "annotation requirement + original document" serving as a cross-reference annotation
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Figure C1: An example screenshot demonstrating manual adjustment of the TaxRead and TaxQA datasets.
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Prompt: &% A H K. FHREZLFORLHRS, ToxtL o LMERE, CXFEHEAREILE - (According to
the question requirements, please provide the verbatim excerpt of the relevant legal provisions. Do not explain their meaning,
and do not indicate article numbers.)

Zero-Shot

Query: {Prompt}

Text: 200751260 @65 (FPEAREFEALLATFRELHREL) PE—F—FT—KONERHT 22 (Whatis
the content of Article 111 of the Implementation Regulations of the Enterprise Income Tax Law of the People’s Republic of
China, adopted on December 6, 2007?)

Answer: &L ATIFREF O+ -SSR T %, 3 (O)TRIEZENEE, EREBEAXKXANGR
HEFHRATHRREEM L FERGNBATEMNG T &, (D)BHENKE, THREBAXKT AT S H/
HEBRAXRKXZAGL 7 ONE, Rt R XA LML F68HE LA BITTNY S Z,; () RKAWRE.
RBHRBARAWESLZGFAFAHABITENGT &, (@O HEMNEAR, THREBRAXRKLLZOIHEF i
1T F) A R 54 R IRAF 08 A K T R AR 5ok (AR ElE, RIEH AL L E RS04 H
AERFTRAEEFTIRRXASERERT SRS %, GOEMFERIXHREMNG F % . (The “reasonable
methods” referred to in Article 41 of the Enterprise Income Tax Law include: (1) the Comparable Uncontrolled Price (CUP)
method, i.e., determining the price by reference to the prices applied in identical or similar transactions between parties
without an associated relationship; (2) the Resale Price method, i.e., determining the price by reference to the price at which
goods purchased from an associated party are resold to an unrelated party, minus the gross margin for identical or similar
transactions;(3) the Cost Plus method, i.e., determining the price based on cost plus reasonable expenses and profit; (4)
the Transactional Net Margin method (TNMM), i.e., determining profit based on the net profit level realized in identical or
similar transactions between unrelated parties; (5) the Profit Split method, i.e., allocating the combined profit or loss between
an enterprise and its associated parties according to reasonable allocation keys; and (6) other methods consistent with the
arm’s-length principle.)

One-Shot

Query: {Prompt}

Example-Text: 2010552 A 108 @ d 89 (R ETEHEWAN) FE=FTEEONERMT 22 (What is the content of
Article 25 of the Rules on Tax Administrative Reconsideration, adopted on February 10, 2010?)

Example-Answer: Fl — /T B R L £ FHARISAN, 25kl E5LKREASWTEE W - (In an administrative
reconsideration case where more than five applicants are involved, the applicants shall designate one to five representatives to
participate in the administrative reconsideration proceedings. )

Text: 200751260 AL 6] (FPEAREFEL LATFRELHEL) PE—F—F—58NERH 22 (Whatis
the content of Article 111 of the Implementation Regulations of the Enterprise Income Tax Law of the People’s Republic of
China, adopted on December 6, 2007?)

Answer: LTI REF O+ —SHFREGET %, 63 (D)TRIEZENEE, EREBEAXKXANGR
HETHRATHRREEZM L FERGNBATEMNG T &, (D)BHENKE, TREBAXKT AT S H/
MEBRARKXZAGL G 7 ONE, Rt E XA LML FOMHE LA BITTNG S Z,; (S)RAWRE,
RIGTEBAAIEEGFAAARBITENG T H, (DX HFARE, REERAAXKRXANIHEF #
1748 Bl oA R AL F 4 R BT 69 4 AR KA T AR 8 7 ok (AR El k. REEH S L XK S
AERFFTRAEEFTIRRXASCERERT IR ST, GOERMFERIXHREMNGF % . (The “reasonable
methods” referred to in Article 41 of the Enterprise Income Tax Law include: (1) the Comparable Uncontrolled Price (CUP)
method, i.e., determining the price by reference to the prices applied in identical or similar transactions between parties
without an associated relationship; (2) the Resale Price method, i.e., determining the price by reference to the price at which
goods purchased from an associated party are resold to an unrelated party, minus the gross margin for identical or similar
transactions;(3) the Cost Plus method, i.e., determining the price based on cost plus reasonable expenses and profit; (4)
the Transactional Net Margin method (TNMM), i.e., determining profit based on the net profit level realized in identical or
similar transactions between unrelated parties; (5) the Profit Split method, i.e., allocating the combined profit or loss between
an enterprise and its associated parties according to reasonable allocation keys; and (6) other methods consistent with the
arm’s-length principle.)

Table C4: An instance format with paired prompts for the TaxRecite dataset in the KM task.
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Prompt: HRFBATIARE —NHEGME, FHEFBIA00F, €AETRELSAZ . (Please write a concise
summary of the following text in no more than 300 words, focusing on extracting the key points.)
Zero-Shot

Query: {Prompt}
Text: ) BRAMNAFFHE R M wdeth T, REAAXEZEIR, ZHINEESEABI, \HDAFTFHEL R
KA EE R e oA XE R EFR . L EERANI8IFIALR (&) BRARYALEMAELE TR, T
BRMATRERH . ZBERDZHERAKRL  EFFTH . REARIT. GRRT . REHAGEESRRFIIAA
o EEARERFBIERTA TR SR LRTT2019F3A 18 AT GIEF ALRERF L. ... (Tofacilitate
the work related to the special additional deductions for individual income tax, the three departments have jointly issued
a notice clarifying the information collection matters related to the special additional deduction for housing loan interest.
The scope of information collection includes commercial personal housing loans issued after January 1, 1989 (inclusive),
excluding personal commercial property loans. The data items cover 11 contents, including the borrower’s name, identification
number, loan bank, contract number, and whether it is a first home loan, among others. Housing provident fund loans are to be
collected by the relevant management department. All commercial banks must report this information to the credit reporting
system by March 1, 2019. ... .)
Answer: ZEREIHGRAE . £5F. TKa, EALBRTEIZAEEN, AT KRR wEF (PAFTFREDR
W hede R AT A iR) B9 E Rt 8, W EWBALAS, FoLAMNTH A QYT EIR LA - (Given the tight
timelines, heavy workload, and stringent requirements associated with information consolidation, all commercial banks should
attach great importance to this effort. They should fully recognize the significance and urgency of implementing the Interim
Measures for Special Additional Deductions of Individual Income Tax, strengthen organizational leadership, and ensure that
all related tasks are completed within the prescribed time frame.)

One-Shot

Query: {Prompt}

Example-Text: B XK 5 & AR TH S Hils, AR AL, BII12366AKME FE 2EM LEHARARS =
o BRA . BRATAFERSREEW, EAFREN. RLET . ARE WP XROLYRS . RAFRE
RS FEHRERTHRADEH,;, HELETTAEDRMRS-HEE W EELE - BREATOARE T F4AR
PIPHARKINE FIR, AP THE . | FREN . IAMBABENY. 2 ARFH . TANETESZERE. 3.
MEGZT: AP FEMBERERIEET . 4. XOLE . REETEAERF Y EFA . BBAFAT123664%,
Bk % TAF 8 A5 o (The Xiamen Municipal Tax Service of the State Taxation Administration (STA) announces that,
effective immediately, online inquiries will be handled through the 12366 Tax Service Platform to enhance service quality.
Taxpayers and contribution payers may click “I Want to Consult” on the platform website and use the Intelligent Consultation,
Online Message, Live Chat, and Crowdsourced Mutual-Help services. The original Intelligent Consultation platform will
remain available for self-service inquiries related to social insurance, and historical messages can be accessed via “Tax
Service”—“Inquiry History”. The Intelligent Consultation page provides the following functions: the system automatically
displays the user’s region based on the IP address, which can be modified manually. (1) Intelligent Consultation: users enter
questions for self-service retrieval; (2) Live Chat: during working hours, users may communicate with customer service staff
in real time; (3) Online Message: new users must register and log in before submitting messages; and (4) Crowd sourced
Mutual Help: after logging in, users may browse and assist in answering questions. The Xiamen Municipal Tax Service of the
STA appreciates taxpayers’ continued support for the 12366 tax consultation services. )

Example-Answer: A Z4F M FABATHTA, RAMEEGREER, KAME A AR, AXARKEE
12366 AR F 6 T EMEEH] . REA N REEW”, PTEAFREN. MELET . AREFAFPRELY
F514R % - (To better serve taxpayers and fee payers and to enhance the quality of online consultation services, our
bureau will, effective immediately, accept online inquiries via the State Taxation Administration’s 12366 Tax Service Platform.
Users may click “I want to consult” on the homepage to access consultation services including intelligent consultation, online
messaging, live online consultation, and crowdsourced mutual assistance.)

Text: A BL&MNAPTAFHE AW hodeth TAF, IRBA KEFLEN, ZHRINBESLAB L, AR SAPTFHALE T

EAEF At b XZEREFR. FLRERBEA1989F1A18 (&) BAAGH LEMAEERK, T

BREMATRERH . ZERDEMRAKL  EFFTH . REARIT. GRRT . REAGEESRRAFIINAA

5. EEARERZTZERIA KR . EHLBRITT201953A 10 TGRS A ARERZE . . (Tofacilitate
the work related to the special additional deductions for individual income tax, the three departments have jointly issued
a notice clarifying the information collection matters related to the special additional deduction for housing loan interest.
The scope of information collection includes commercial personal housing loans issued after January 1, 1989 (inclusive),
excluding personal commercial property loans. The data items cover 11 contents, including the borrower’s name, identification
number, loan bank, contract number, and whether it is a first home loan, among others. Housing provident fund loans are to be
collected by the relevant management department. All commercial banks must report this information to the credit reporting
system by March 1, 2019. ... ..)

Answer: G EEEIFHRAE . E5 2. 2L5F, ERLBARFTEZE TN, AHIART bl (MAFBRER

Whede h# 4T 0k) $9E RMf Rl MEPBALAS, FLEITH R AT ER I . (Given the tight
timelines, heavy workload, and stringent requirements associated with information consolidation, all commercial banks should
attach great importance to this effort. They should fully recognize the significance and urgency of implementing the Interim
Measures for Special Additional Deductions of Individual Income Tax, strengthen organizational leadership, and ensure that
all related tasks are completed within the prescribed time frame.)

Table C5: An instance format with paired prompts for the TaxSum dataset in the KU task.
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Prompt: M #EirM AT ML T I, FERBORATHFRESRAZI R -—FTHYG—A, BAA . AMEH T

BMAARE CiF AN DIEAME EMKRE FAKFE GAHAURE HAKE R LIRS FEE LF Rk

# o (Read the title to identify the main topic of the article, and select the single option that best matches this topic from the

following candidates: A. Financial literacy news; B. Tax and finance forms; C. Local regulations; D. Regulation interpretation;

E. Taxable income adjustments; F. Tax assessment; G. Tax incentives; H. Tax planning; I. Tax Q&A; J. National regulations.)
Zero-Shot

Query: {Prompt}

Text: # T4 BZHF A A E2014F 7105 AT EBRXMF A X TELFFMAMN IR T RA X PG 2%
(Announcement No. 10 (2014) of the Zhejiang Provincial Office of the State Administration of Taxation: On Issues Concerning
the Pre-tax Deduction Declaration for Enterprise Asset Losses.)

Answer: C

Choices: [“A”, “B”, “C”, “D”, “E”, “F”, “G”, “H”, “1”, “J”’]

Gold: 2

One-Shot

Query: {Prompt}

Example-Text: # % & 5 fig & # & M AL F AL (Hotspot Q&A on Tax and Fiscal Issues Issued by China’s State Taxation
Administration)

Example-Answer: [

Text: T A BREAFAANE2014F 5105 HTEBERFAHLTELFAREAMATF AR FRA XL A%
(Announcement No. 10 (2014) of the Zhejiang Provincial Office of the State Administration of Taxation: On Issues Concerning
the Pre-tax Deduction Declaration for Enterprise Asset Losses.)

Answer: C

Choices: [“A”, “B”, “C”, “D”, “E”, “F”, “G”, “H”, “T”, “J”]

Gold: 2

Table C6: An instance format with paired prompts for the TaxTopic dataset in the KU task.

Prompt: X T TEREGFEE, FHF L B0 M~TERGEZR., FRERAAERGT A, RFH

A" “B”. “CPRD”, T F BB . (Please carefully consider the four candidate answers to the question below

and select the one you deem correct. Return only the letter “A”, “B”, “C”, or “D” without providing any explanation.)
Zero-Shot

Query: {Prompt}

Text: = TRZEXM, THHREERGZ). AARABBZARKI BAIFA, TAFFRE LM B.HXLAL
FIRAERMK S TREMZK, TATABRARLFAHZEREF L COMEE 0 XHAGTY, BRAREE D
PIERXEY, TAPHBEXMD.BHXS S B LHBRTEIAAR0DAEEHBIARL S AHDERTEF L4
(Regarding the refund of customs duties, which of the following statements is correct()? A.Within three years from the date
on which the taxpayer pays the duty, the taxpayer may apply for a refund of customs duties. B.If the Customs authorities
discover that the duties actually collected exceed the duties payable, they may refund the overpaid amount without notifying
the taxpayer or tax obligor to complete the refund procedures. C.For goods on which export duties have already been levied, if
the goods are not shipped for certain reasons and a duty refund is requested, an application may be filed for a refund of the
customs duties. D.The Customs authorities shall, within 60 days from the date of accepting the refund application, verify the
relevant facts and notify the taxpayer or tax obligor to complete the refund procedures.)

Answer: C

Choices: [“A”, “B”, “C”, “D”]

Gold: 2

One-Shot

Query: {Prompt}

Example-Text: T 7| & RAE %, SAMPROGBEE M LT O . ATHHRE BAKIEY CRAS LK
B D.AABLA (Which of the following tax elements is most closely associated with the selection of the tax payment period ( )?
A.Tax base B.Taxable stage C.Nature of the taxable object D.Taxpayer)

Example-Answer: C

Text: % TRZE XM, THHREAERGZ). AARAAHRARKI BARIFA, TAFFHRE XM BEXLA
KIRAERM K S TREMRZK, TARABRARLFAHEREFL C LB XHGNY, B AREE LD

PHFREY, TUPHFREXRDBXALLAXERR T HI R0 ANELHB AL FAHELRE TS
(Regarding the refund of customs duties, which of the following statements is correct()? A.Within three years from the date
on which the taxpayer pays the duty, the taxpayer may apply for a refund of customs duties. B.If the Customs authorities
discover that the duties actually collected exceed the duties payable, they may refund the overpaid amount without notifying
the taxpayer or tax obligor to complete the refund procedures. C.For goods on which export duties have already been levied, if
the goods are not shipped for certain reasons and a duty refund is requested, an application may be filed for a refund of the
customs duties. D.The Customs authorities shall, within 60 days from the date of accepting the refund application, verify the
relevant facts and notify the taxpayer or tax obligor to complete the refund procedures.)

Answer: C

Choices: [“A”, “B”, “C”, “D”]

Gold: 2

Table C7: An instance format with paired prompts for the TaxSCQ dataset in the KA task.
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Prompt: £ #E X TEYOIRIE, FRELNEZDEENE, ARDERNANIFHFEZHENR,. FEELR
M, ZFZFTIREIEF . (After reading the following text, please answer the question based on its content. Ensure that
your response is a concise excerpt from the text, without repeating the question, and do not include periods in your answer.)

Zero-Shot

Query: {Prompt}

Text: A 4% & LB 5 A Z R0 K F FEANAERE S Fo W ALGR T, 30T~ R HATRAE AR RZRZR, RIAT
LGN AN, RAERBRR. PEFFFEDREATHAAT CFF A E TN k) - #h
FEABIARAGIERRE, 2OHS TS FEAMGLS K. RERE . ARETEF ST OGRS, N
W3l GATLRRE RS . HAZCERNBEFEF2RZRAWNTNAY . T202552A 188 EXAHF - FIA -

Cf AR E SN A E) T EXKH? (To comprehensively reflect and rigorously assess the overall strength
and professional competence of asset appraisal firms, promote the development of an industry-wide credit system, enhance
credibility and influence, and foster high-quality growth, the China Appraisal Society (CAS) revised and released the Measures
for the Comprehensive Evaluation of Asset Appraisal Firms. The revised measures aim to establish a systematic evaluation
[framework that holistically assesses firms’ capabilities across multiple dimensions, including operational performance, service
quality, and risk management, thereby guiding the healthy development of the industry. The new measures were reviewed and
approved at the Third Meeting of the Third Executive Council of the Sixth Standing Council and were formally released on
February 18, 2025. Question: When was the Measures for the Comprehensive Evaluation of Asset Appraisal Firms formally
released?)

Answer: 202552 F 18 B (February 18, 2025)

One-Shot

Query: {Prompt}

Example-Text: B XA 5 & A FREZGEHEMRF A, CEXRTEGNBREANNREL FRES NN FEL
o) A RARARERLERLR . ART AR, aaREABERFEATFRESEHRM S A EIERHA

CRERERE . MAAA R AR @t A A2019F8A218 - PR BERFEATREEEREMS A
ZARMEN A F LM A RARFEMEML AL F? (The Pingtan Comprehensive Experimental Zone Taxation
Bureau of the State Taxation Administration (STA) issued a notice stating that it has entrusted the Pingtan County Branch
of China Post Group Co., Ltd. (Fujian Province) to issue VAT ordinary invoices on behalf of eligible natural persons. To
facilitate implementation, the bureau has, effective immediately, put into use the seal entitled “Special Seal for Entrusted
Invoice Issuance of the Pingtan Comprehensive Experimental Zone Taxation Bureau of the State Taxation Administration.” An
impression specimen of the seal is provided in the appendix. The notice was issued on August 21, 2019. Question: Which
company was entrusted by the Pingtan Comprehensive Experimental Zone Taxation Bureau of the STA to issue VAT ordinary
invoices on behalf of eligible natural persons?)

Example-Answer: T B &8 B & B 3] 78 22 4 -F 8 & 92 8] (Pingtan County Branch, Fujian Province, China Post Group
Corporation.)

Text: A 42 & R G A RN T 7 RN ERE Ao F TG, 3T 7R ET R ARARE, RIAT
LN HFHal, REGHRERLE, FEAFRAFRBEGEITHAAT (KA FBHERERNAE) « %H
FEABIARAGIERRER, 2OHET K FEAMGLF K. RERE. AREFEF ST OGRS, N
WAl GATLRRASE . HAZCERNBEFEFLRZRAWNTNEY, T202552A 188 EXAH - FA -

(B TENA IR SR A ) AT E XA A2 (To comprehensively reflect and rigorously assess the overall strength
and professional competence of asset appraisal firms, promote the development of an industry-wide credit system, enhance
credibility and influence, and foster high-quality growth, the China Appraisal Society (CAS) revised and released the Measures
for the Comprehensive Evaluation of Asset Appraisal Firms. The revised measures aim to establish a systematic evaluation
[framework that holistically assesses firms’ capabilities across multiple dimensions, including operational performance, service
quality, and risk management, thereby guiding the healthy development of the industry. The new measures were reviewed and
approved at the Third Meeting of the Third Executive Council of the Sixth Standing Council and were formally released on
February 18, 2025. Question: When was the Measures for the Comprehensive Evaluation of Asset Appraisal Firms formally
released?)

Answer: 202552 A 18 B (February 18, 2025)

Table C8: An instance format with paired prompts for the TaxRead dataset in the KA task.
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Prompt: 4r xR B, HAEL BxRGEE, HBRELEFABEBAFTEE -8, Bl "LF (1) 2ERAE FH
AXXT A" RIE B FHAEI0NFH AN o (For the question, please directly provide the answer for xx, and restate it
in the question, such as: ’For transaction (1), the consumption tax payable is xx yuan,” ensuring the output is within 30
characters.)

Zero-Shot

Query: {Prompt}

Text: 2T X TRERXEAKFGSHBEARS LA FER—MARA (FlELSL) o 2023F 48 * HREF S
HIN65007 /> 5 MR Z FAE3207 /L, AF LA F S B s AAon X & H 3 1H53007 7L o SAeBL & R
3397 L, KA E A X HA207 L, 120 Rk AT THE G &F LTHAIE EHT61 7 L, A L HTFAI6 T
o 20245 1A BHEFEGHE R FFZTEL, RIWATREA: (1) SAFGATRKF XM E —F &, TS
BN k23477 > FWBRAT - 12A T OB G SRS, ZREFEKEMEN. (FHFRAEIREL) .. AA
A FE AR T R S AARLPTAF R A xx T 7?2 (A nationally supported key high-tech enterprise located in the
urban district of a certain city is a general VAT taxpayer (manufacturing enterprise). In 2023, it generated RMB 65.00
million in product sales revenue (VAT-exclusive) and additionally earned investment income of RMB 3.20 million. For the
year, the total cost of goods sold and related expenses amounted to RMB 53.00 million. Taxes and surcharges paid were
RMB 3.39 million, and non-operating expenses were RMB 4.20 million. As of the end of December, the enterprise calculated
an annual accounting profit before tax of RMB 7.61 million, and it had prepaid corporate income tax (CIT) of RMB 0.96
million. In January 2024, after an audit by a hired tax agent firm, the following issues were identified:(1) In mid-August,
the enterprise sold a batch of products under an advance-receipt arrangement, receiving an advance payment of RMB 2.34
million (VAT-inclusive), which was deposited in the bank. In late December, the batch of products was delivered, but the
advance receipt was not reclassified as revenue. (Relevant costs are ignored.) ... Question: The adjustment to taxable income
attributable to the new product R&D expenses should be xx 10,000 RMB.)

Answer: -72.75

One-Shot

Query: {Prompt}

Example-Text: £ EEXER LA FTERLZ—Fa2 3], £ CEHEZ— THRI0%H F4 8, 2023F %4 kit 4
89355 R A1 & 340007 L. MXF R T HL T (1) FE> & %K BAZEAINGHEERA3007 T, 445K
A5007% L. (2) HECEFAZFILE19007 L, T8 AT ESMALLFTFFHI0007 T, T35 B354
B AE AREERE 2R, CERRITBRMESD. (Etbta X FH: 7B R A LEA25% & L ATFHAL
2, RARRAELH, BILCARTRBFDBRI AW AT X) FIAA : 20235 % E R W RBRTFoa]#&F
K& QI EIRBARFAAZ S & 7 7L? (A Chinese resident enterprise establishes a branch in Country A and an 80%
owned subsidiary in Country B. In 2023, the enterprise reports a domestic total profit of RMB 40 million. The relevant tax
information is as follows: (1) The branch in Country A has sales revenue of RMB 3 million and sales cost of RMB 5 million
as recognized under Chinese tax law. (2) The enterprise receives RMB 19 million in investment income (dividends) from
the subsidiary in Country B. The subsidiary has paid RMB 10 million in corporate income tax in Country B. The subsidiary
distributes all of its after-tax profit for the year in proportion to shareholding, and the withholding income tax rate in Country
B is 5%. (Other information: the resident enterprise is subject to a 25% corporate income tax rate in China, with no tax
adjustments, and adopts the “per-country, no-itemization” foreign tax credit method.) Question: In 2023, what is the amount
of foreign taxes actually paid attributable to the investment income from the subsidiary (in RMB million)?)
Example-Answer: 2023 1% & K A b kIR T F 2 8] #2 5 4 & 69 38 91 2 FR BUAHL 8 £ 900.0077 7T (In 2023, the resident
enterprise incurred foreign income taxes actually paid amounting to RMB 9.00 million on investment income received from its
subsidiaries.)

Text: 2T ETRERE LRGN ZHBARL L AEMAEM—AARA (BB L) , 202354 E = RRF T A
AAN65007 L> A SMRAFE TR E3207 Ls &F LA Z bl G AR X %A 53007 T o S HAE B
3397 L, RAWE LI Z H4207 4, 128 Rk Q4T A &F AR EHT7617 L, TG L ATEHI6T
o 2024F 1A B FENREFRESHFH, RAATHEA: (1) 8A T O ATRKRT K4 & —d/™ &, ks
BN 2347 7T, FRBRIT. RAT KGR L E, ERBEMMKEERN . (RFEMBERK) A
A R SRR R L AT Axx T L2 (A nationally supported key high-tech enterprise located in the
urban district of a certain city is a general VAT taxpayer (manufacturing enterprise). In 2023, it generated RMB 65.00
million in product sales revenue (VAT-exclusive) and additionally earned investment income of RMB 3.20 million. For the
year, the total cost of goods sold and related expenses amounted to RMB 53.00 million. Taxes and surcharges paid were
RMB 3.39 million, and non-operating expenses were RMB 4.20 million. As of the end of December; the enterprise calculated
an annual accounting profit before tax of RMB 7.61 million, and it had prepaid corporate income tax (CIT) of RMB 0.96
million. In January 2024, after an audit by a hired tax agent firm, the following issues were identified:(1) In mid-August,
the enterprise sold a batch of products under an advance-receipt arrangement, receiving an advance payment of RMB 2.34
million (VAT-inclusive), which was deposited in the bank. In late December, the batch of products was delivered, but the
advance receipt was not reclassified as revenue. (Relevant costs are ignored.)...Question: The adjustment to taxable income
attributable to the new product R&D expenses should be xx 10,000 RMB.)

Answer: -72.75

Table C9: An instance format with paired prompts for the TaxCalc dataset in the KA task.
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Prompt: 4t A TFTRM, #oMHEARA, FEERELSOANRLS, REBEFFMAFR
BEEA” B CC L CDPRCEEA R AR, MERRXAFELS, FEIRAREAMEMEIMLTH, BLAR
W69, Blde . “AB”“ABC” . (For the following question, analyze the five options and select the two or more most
appropriate ones. Then provide your answer as a sequence of letters chosen from “A”, “B”, “C”, “D”, and “E”, listed in
alphabetical order (e.g., “AB”, or “ABC”). )

Zero-Shot

Query: {Prompt}

Text: %< T 5= MRAMFEMEHALE, ERMGA(). AMRIH P FRBMREH >, £ Rl = PTE A58
MK TELIMEERMRTRABAZRERART S XG LB ABRALA, B> 28 AT RFHRAY
A C.—MMBA B A IL201655A 1 B ATEAT 6 R 30 7 7T e 4F M 5 it AL 7 i 1HBL DA A AR B AR5 >
BT AERAGHL, QEEMART RAK EARAGLENIARBATHZ, TUAFLEEARERNLE
(Regarding the VAT treatment of real estate leasing services, which of the following statements are correct? A. Individual
businesses leasing real estate in a different location can offset the prepaid VAT at the property’s location against their current
VAT payable. B. Leasing land to others under an operating lease is subject to VAT as real estate leasing services. C. General
taxpayers renting out real estate acquired before May 1, 2016, can choose the simplified tax calculation method. D. Individuals
leasing real estate in a different location should prepay VAT at the property’s location and declare taxes at their place of

residence. E. Taxpayers leasing real estate to individuals can issue a VAT special invoice.)
Answer: ABC

One-Shot

Query: {Prompt}
Example-Text: T 7| % = AN, TURATELERBER . S EF L FEETHATIRALZGA
O o AEERBFZ AR BALE B T = ATA R CINFMAAL T DAL B F/* 5#8 E50505 It
A T4 4% (Among the following types of income, which can be included in the base used to compute the pre-tax deduction
limits for business entertainment expenses, advertising expenses, and business promotion expenses? A.Granting the right
to use intangible assets B.Transferring ownership of fixed assets C.Engaging in debt investment D.Receiving donations
E.Transferring assets to an overseas branch for sale)
Example-Answer: AE
Text: X TRy = A FMFGFEAMLE, ERMGA(). ANMRKLIE P FR BB >, AR BT ARTASE
HEMK TAIHEARMKFRABAZTMTF XN LB AAAE R, B3> 28 RTIRE BN
A C.—AMBA B A L20165F5A 1 B ATEBAT6 T 5h = 7T @ 4F 1 5 it AL 7 R 1HAL DA AN AR AL 3 >
BT AERABHL, QEEMARTRAR EARAGLIENSNARBATHZ, TUAFELEEARERNLE
(Regarding the VAT treatment of real estate leasing services, which of the following statements are correct? A. Individual
businesses leasing real estate in a different location can offset the prepaid VAT at the property’s location against their current
VAT payable. B. Leasing land to others under an operating lease is subject to VAT as real estate leasing services. C. General
taxpayers renting out real estate acquired before May 1, 2016, can choose the simplified tax calculation method. D. Individuals
leasing real estate in a different location should prepay VAT at the property’s location and declare taxes at their place of

residence. E. Taxpayers leasing real estate to individuals can issue a VAT special invoice.)
Answer: ABC

Table C10: An instance format with paired prompts for the TaxMCQ dataset in the KA task.

Prompt: ¥ T TEREGHFFA, FESHREOEE, ZEHFRNEELHRIFAI0FIA - (For the tax-related
question below, please provide concise answers. Each response should be limited to no more than 300 words.)
Zero-Shot

Query: {Prompt}

Text: 4% k1% A 4a AT 6 & B 5 T ik ik 69 M = RALF= &L % 12 (How should the original value of the property to be
deducted and the reasonable expenses be determined when transferring a debt?)

Answer: R A FHE AT ERL TRIEGMZ* REFRGERN . FARARABREG R —F £ 57k A f X
HIRFHAGHT EA, BRAARAMBYG R ERFREI 0, RAARAZ RO G EGFRE, Al
£ uA RS IR RAGER - (he "weighted average method" is used to determine the deductible original value
and reasonable expenses of the asset. Specifically, the total purchase cost and related taxes and fees for the same type of bonds
are divided by the total quantity purchased to obtain the average cost per bond. This average is then multiplied by the quantity

sold, and any taxes and fees paid during the sale are added.)
One-Shot

Query: {Prompt}

Example-Text: A¥#R L — w2 T8I TR G E AREFZTRKES V2 (What is the cultivated land
use tax (per square meter) in regions where the per-capita cultivated land area exceeds 2 mu but does not exceed 3 mu?)
Example-Answer: 5570 E =+ . (from six to thirty yuan.)

Text: 3% LR At fT o & 2L 5 T R Ik 69 M = RAEAn &3 % B2 (How should the original value of the property to be
deducted and the reasonable expenses be determined when transferring a debt?)

Answer: R A< F R R AL LR TRRGM F RAFSEF R . BPAAF AT 38 B —# X 7 X AN A X
HFEFHRAGHT S, BRAARAMB Y B EGHFREI I, RAARAZ R G EGTHFRE, Bl
KRG B RMT A LR T RHAGH R . (The "weighted average method" is used to determine the deductible original
value and reasonable expenses of the asset. Specifically, the total purchase cost and related taxes and fees for the same type of
bonds are divided by the total quantity purchased to obtain the average cost per bond. This average is then multiplied by the
quantity sold, and any taxes and fees paid during the sale are added.)

Table C11: An instance format with paired prompts for the TaxQA dataset in the KA task.
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Prompt: ¥ T &1 # xR BGH S RA, FRAAMGME, 48 B X9 B EIRE . MRS DD EHE300F A
AN - (For tax-related inquiries raised by the general public, please provide precise answers and cite the relevant legal basis.
Ensure that each response is no more than 300 Chinese characters in length.)

Zero-Shot

Query: {Prompt}

Text: #2788 : XALFLBERSFEABRFLEDG? AZX: XAFLEERSFEABRFLED? (Tite: Is there
still a 50% reduction policy for the Cultural Undertaking Construction Fee this year? Content: Is there still a 50% reduction
policy for the Cultural Undertaking Construction Fee this year?)

Answer: 4B (MEHF X TELELAIMFLELZFALEBERGE L) (MA (2025) 75T, BA2025F1A18
E2027F12A31 8 )2 B P RPN AL F LR R 52 B A 6950% BRAE ; 2 )3 e T N8 SUAL F Ak
HER, EATUAEEIHEFREFIAFLER, A50%918E N BIE . & LIBRGFRAFERLES T
T AR T RAIKBOAE SR A - (According to the Notice of the Ministry of Finance on Extending Preferential Policies for
the Cultural Undertakings Construction Fee (Caishui [2025] No. 7), from January 1, 2025 to December 31, 2027, the cultural
undertakings construction fee attributable to central government revenue shall be reduced by 50% of the payable amount.
For the portion attributable to local government revenue, each province may, in light of local economic development and
cultural-sector needs, grant a reduction of up to 50%. If fees already collected meet the eligibility criteria for such reductions
or exemptions, they may be refunded or credited against future payable amounts.)

One-Shot

Query: {Prompt}

Example-Text: #7774 : &L FARRATTRAEZAA 2K E? A% dLFARRACTAEZH 2K E? (Title:
What preferential tax policies are available to enterprises that employ individuals lifted out of poverty? Content: What
preferential tax policies are available to enterprises that employ individuals lifted out of poverty?)

Example-Answer: &% (& T# —F L4 & S84 Lt LA XAORB R N%) (FMA (2023) 235)% =449
M, A20235F1A18 20275124318, &eBRARRTA D, ARAEAT TR SRR HE LR F AL
Hie XL FFREBHF (LRl dkiE) R (R kL BeiE) AR, 5LETIF L EMR % 36 F R IE M
AERERE, AZITGTHERFHARLRE S AL, E3FAEZTBAARL FAZHFTE L7800 8 € H
ok, ERTHMAR . AT LP R . ZFT XMW BTHF Kb LATEFHR . (According to Article 2 of the
Announcement on Further Supporting Tax Policies for Entrepreneurship and Employment of Key Groups (Su Cai Shui [2023]
No. 23), from January 1, 2023 to December 31, 2027, enterprises that hire (i) individuals from alleviated-poverty households
or (ii) persons who have been registered as unemployed for more than six months with public employment service agencies of
the human resources and social security authorities and who hold an Employment and Entrepreneurship Certificate or an
Employment and Unemployment Registration Certificate, and that sign labor contracts with a term of at least one year and
pay social insurance premiums in accordance with the law, are eligible, starting from the month in which the labor contract is
executed and the social insurance premiums are paid, to claim a fixed-amount tax credit of RMB 7,800 per eligible employee
per year, based on the actual number of hires, for up to three years. This credit may be used to offset value-added tax, urban
maintenance and construction tax, education surcharge, local education surcharge, and corporate income tax.)

Text: #7488 : XWFLBRXFASAFEHRFLEDG? AE: IMFLERXFSFEAHBFERLEG? (Tite: Is there
still a 50% reduction policy for the Cultural Undertaking Construction Fee this year? Content: Is there still a 50% reduction
policy for the Cultural Undertaking Construction Fee this year?)

Answer: %% (MEH X TREFAELAFLERFRLEBERGER) (WA (2025) 75)AE, A2025F1A18
E2027512A318 , )2 & ¥ Sl LA F L% T, W45 5% M 950%BAE ; 23 )2 B3 6y AL F A
HER, EATUAEEIGEFREFIAFLER, E50%918E N BIE . & LIERGFRAFERLES T
T VAR E HAKRIAE B8 A o (According to the Notice of the Ministry of Finance on Extending Preferential Policies for
the Cultural Undertakings Construction Fee (Caishui [2025] No. 7), from January 1, 2025 to December 31, 2027, the cultural
undertakings construction fee attributable to central government revenue shall be reduced by 50% of the payable amount.
For the portion attributable to local government revenue, each province may, in light of local economic development and
cultural-sector needs, grant a reduction of up to 50%. If fees already collected meet the eligibility criteria for such reductions
or exemptions, they may be refunded or credited against future payable amounts.)

Table C12: An instance format with paired prompts for the TaxBoard dataset in the KA task.
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Prompt: M2 TEGEFEFE, FAMEEIRZRRTATHR—ZELK: AMZE_aX 4B MEF-BX
ZXACHZF_BEO4DMEF _BEELXEBAMEZRF_BESN4FRAMNER_BELE5GCAMERF_BENE
HA®F—BEAEKILMNEF BT AMEF 8-+ —FKMNEFB—FTKLAEF=B =+ 5
M AlEE—Bxtw%. AFMENEFE, FFELBERE . (Read the following statement of criminal facts and
determine which of the following legal provisions is primarily violated: A. Article 201 of the Criminal Law; B. Article 203 of
the Criminal Law; C. Article 204 of the Criminal Law; D. Article 205 of the Criminal Law; E. Article 206 of the Criminal Law;
F. Article 207 of the Criminal Law; G. Article 208 of the Criminal Law; H. Article 209 of the Criminal Law;, I. Article 210 of
the Criminal Law; J. Article 211 of the Criminal Law; K. Article 212 of the Criminal Law; L. Article 227 of the Criminal Law;
M. Article 264 of the Criminal Law. Output only the corresponding letter; no explanation is required.)

Zero-Shot

Query: {Prompt}

Text: & A R A£20174F4A 1181087, AT TFE R L LERAEETTA 6 52K 8 G b7 T AL @
RE, ABHBALTTARAFECTAAREERENRELIDER, RRFERLARLZI9%, FOLFRTA
R 1875921.237L, BAEEHA LK FE . (The defendant, Ye Jun, was apprehended at approximately 10:00 on April 11,
2017, while selling Beijing value-added tax ordinary invoices to an individual surnamed Fan in front of the Super 8 Hotel in
Qilizhuang, Fengtai District, Beijing. Olfficers from the Dongtiejianying Police Station of the Fengtai Branch of the Beijing
Municipal Public Security Bureau seized 19 VAT ordinary invoices with a total face value of RMB 1,875,921.23; an appraisal
confirmed that all of the invoices were genuine.)

Answer: H

Choices: [“A’, “B”, quv’ “D”, “E”’ “F”, “Gsv7 “H”, “I”, “J”, “K”, “L”, uMn]

Gold: 7

One-Shot

Query: {Prompt}

Example-Text: 201541 A £201657H , #KEASRBE LA FIRLEERGERLT, OKRR—T bl ey % A 2N
AEME NBLEBERBRABOEMMARNRFFERERNLE . 2R A270, LA LB TR
ARG fe LR 0 FRABARN S, RS TART24017 £, RAARNMETRL. LRLZTLHAK
RN G EFI LT RIKI K. 2RELZLXE L ERAETREFE . (From January 2015 to July 2016,
the defendant, Jin Binfeng, without any genuine underlying business transactions, arranged for Shanghai Xinyuan Paper &
Plastic Packaging Materials Co., Ltd. to issue value-added tax (VAT) special invoices by charging a service fee at a certain
percentage of the invoice amount. In total, 27 invoices were falsely issued, with Shanghai Jianglan Electronic Technology
Co., Ltd. and Shanghai Quanyi Electronic Technology Co., Ltd. listed as the sellers. The total amount (including VAT) was
approximately RMB 2.401 million, including VAT of approximately RMB 0.348 million. These invoices were recorded in
Xinyuan’s accounts and used to declare input VAT credits to the tax authorities. After the case was uncovered, Jin truthfully
confessed to the criminal facts.)

Example-Answer: D

Text: & A K A£20175F4A 1181087, AbTTFE R L LR ABEE A 6 2L B E T T AL R
AR, AHBLTTARHAFECrAEABKEETRENRE LI ER, REFERLALRI9%. FaLHAATA
R M1875921.2370, BHBETH A AR E . (The defendant, Ye Jun, was apprehended at approximately 10:00 on April 11,
2017, while selling Beijing value-added tax ordinary invoices to an individual surnamed Fan in front of the Super 8 Hotel in
Qilizhuang, Fengtai District, Beijing. Officers from the Dongtiejianying Police Station of the Fengtai Branch of the Beijing
Municipal Public Security Bureau seized 19 VAT ordinary invoices with a total face value of RMB 1,875,921.23; an appraisal
confirmed that all of the invoices were genuine.)

Answer: H

Choices: [“N’, “B”, “C”, “Dav7 “E”, “F”, “G”, “H”, “I”, “va’ “K”, “L”, qua]

Gold: 7

Table C13: An instance format with paired prompts for the TaxCrime dataset in the KA task.
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Prompt: % T &M FEFEMAEAN —RH300F 9 HE, ERRBZEFMH . LARFANMBS . (Please summarize
the following tax-related public opinion into an approximately 300-word abstract, highlighting the main events and the core
viewpoints or issues.)

Zero-Shot

Query: {Prompt}

Text: L H, Ma—P A LT ERRMFFINRERRT. 562 FAFEGETOBELTSITH, #H5)
& — Az AR B T =F I A30007 Lo ... BHMEM, ZPHIHAL LT AHLLRI0T LA, ¥
EHG R A R ITARL30007 L. AR —FHGFE, —FPHOMEERALLE XE. ARER, —PRAIELEH
EN K P HTRFAK. FRANBHESTE. T—MEINXTHRAELZEREARMATHGR . AF 25
B, ZBREFERIHRMABRARLT, BRANH PR SEAEE Xz WERZTFREHR, ARR
LPNEGREFARK, BRHAEETSIEE . ... (Recently, the influencer Er Lu has come under public scrutiny
due to allegations of commercial fraud and tax evasion. Numerous victims and partners have come forward to expose his
misconduct, particularly a female business owner who claims to have been defrauded of 30 million yuan. ... Furthermore,
reports indicate that Er Lu’s host, Hua Shao, spent 400,000 yuan on a charter flight for him, with the total expenses for the
event exceeding 30 million yuan. Behind this incident, Er Lu’s tax issues have also attracted attention. It has been reported
that he received large sums through his father Bing Yukun’s account in an apparent attempt to evade tax responsibilities.
This practice has raised questions about whether he is engaging in tax evasion. Notably, Er Lu’s wife has previously been
penalized for tax evasion, which has drawn even more scrutiny to his tax matters. It remains unclear whether these actions
involve tax evasion or if the income has been properly taxed, as there has been no official response yet. ...)

Answer: T H, ME-FPRFHRH LR FRARBINLT Z2XE. — L BRERER, E_FEERXLEZLHK
AT3000% L EZFRERERAHTHHE Bir, ERBEAEME S . X ERTRETHRCZAHKREA,
BE P RBAE, LEKRT LT RORLR - ... (Recently, Chinese livestream celebrity Erlv has attracted
widespread attention following allegations of commercial fraud and tax evasion. A female business owner claimed that she
invested RMB 30 million to co-organize a concert with Erlv; however, Erlv allegedly failed to meet the contractual sales targets
and did not contribute any capital. The business owner further provided purported chat logs and bank-transfer screenshots,
alleging that Erlv made false promises and even collected so-called booth (slotting) fees from other merchants. ....)

One-Shot

Query: {Prompt}

Example-Text: 2 AT T H U EFZRE, AR —F b EFEEREETHCELLEE . REAAW, KT L

RBAM T imisktg 2dibd, T RERREN, ARTRGEGBEETHRSE, AABHT b tFi. +&

HAMARFREZTA. .. T—F, TTHUREERBERRIEIE, BERALEEFELNELERE

&, EHFE ISt E R E O RSB, TR LRSS EE TIHKF o (The reporter learned from the
Municipal Market Supervision Administration that the year-long special campaign against fuel dispenser fraud is nearing its
conclusion. So far, comprehensive inspections of all gas stations in the city have been completed, resulting in the filing and
investigation of nine cases, thereby standardizing the retail market order for refined oil and effectively curbing illegal activities
such as fuel dispenser fraud, measurement cheating, and tax evasion. ... Going forward, the market regulation authority will
continue to intensify enforcement, integrate the special campaign with routine inspections, and promote the establishment of
a long-term mechanism for metrological supervision of fuel dispensers, thereby further standardizing the refined-oil retail
market.)

Example-Answer: 8 % 58A 4, THHURERZHEELHFIARAN—F O bt EREZTH, .. BT

)k, THHUEZK BIENE, EHELRRAAZG bt E U EFNA, E—FRETHHET - (Since
August of last year, the Municipal Market Supervision Administration, in collaboration with multiple departments, has
launched a year-long special campaign against fuel dispenser fraud. ... Going forward, the Administration will further
strengthen enforcement and promote the establishment of a long-term, effective regulatory mechanism for fuel-dispenser
metrology to better standardize market order.)

Text: £ H, Ma—P A LT ERRMEFFINRARRT. L2 FAFEETOBELTLITH, H5

E— Az ke E AR AR B T =F B A30007 Lo ... A M, ZPTHAL LT AHLLRI0T LA, EY

EHGF AR TRIA0007 L. ER—FHOFE, ZFPUORSFPABLZE XE. ARER, —FALELLEHF

EIG IR P #ATRFEK, TANERS L. BRI A THARAEREHE ARSI AR 5. AFEEY

£, ZFPHEFEYRASRMABMEDELN, BUANSZFORKEFRABEIwkiz . BELZTHRIM, ARZ

BN R GIREBARK, BT A EE S DL . ... (Recently, the influencer Er Lu has come under public scrutiny due to
allegations of commercial fraud and tax evasion. Numerous victims and partners have come forward to expose his misconduct,
particularly a female business owner who claims to have been defrauded of 30 million yuan. ... Furthermore, reports indicate
that Er Lu’s host, Hua Shao, spent 400,000 yuan on a charter flight for him, with the total expenses for the event exceeding 30
million yuan. Behind this incident, Er Lu’s tax issues have also attracted attention. It has been reported that he received large
sums through his father Bing Yukun’s account in an apparent attempt to evade tax responsibilities. This practice has raised
questions about whether he is engaging in tax evasion. Notably, Er Lu’s wife has previously been penalized for tax evasion,
which has drawn even more scrutiny to his tax matters. It remains unclear whether these actions involve tax evasion or if the
income has been properly taxed, as there has been no official response yet. ... )

Answer: LB, MNP HIRBALREREHMIES ZXE. —LZHEREEER, EFEERSIEILNEK
AT30007 T, 2B REMEFLHTEHE Bin, EREAEME L. KERTRET W R RAHKREA.
BE_PEBAE, LEKRT LT RORALR - ... (Recently, Chinese livestream celebrity Erlv has attracted
widespread attention following allegations of commercial fraud and tax evasion. A female business owner claimed that she
invested RMB 30 million to co-organize a concert with Erlv; however, Erly allegedly failed to meet the contractual sales targets
and did not contribute any capital. The business owner further provided purported chat logs and bank-transfer screenshots,
alleging that Erlv made false promises and even collected so-called booth (slotting) fees from other merchants. ....)

Table C14: An instance format with paired prompts for the TaxOpinion dataset in the KA task.
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Prompt: 3% TR MA RS A LA, RERDEGRE RN LB ET R, AFELEME L TEX
M2 (@l e, "R Ie 52 6 kT £ ) (Read the following content related to fiscal and tax risk control, and
extract (i) the “Risks Encountered” and (ii) the “Corresponding Mitigation Measures.” Output only the following JSON
format: {"Risks Encountered": , "Corresponding Mitigation Measures": })

Zero-Shot

Query: {Prompt}

Text: ARG LBARRKGHEUASL, TEFRABZFENHAME. §HHHEARBTARE L. SRR ELEHE
SRR —H . S RBERE, ZLLERBEARFREGTE . S TERCGLFRASIBELGRAL, 2R
FRREGAEHESN. BRGREHMN, X THHHHERALFARFELORE, 2EEATH H AR A 1R
BRAFTHA; HTERALHAELEALFTR—RHYGRNE, ZREZIRFRAN BTG . LA EIFH
P &R FHENT, BRNE L L . (Construction enterprises face substantial tax risks, which mainly stem
Sfrom (i) misapplication of taxable items and applicable tax rates, (ii) failure to reverse input VAT credits when adopting the
simplified taxation method, and (iii) inconsistencies between contract amounts and settlement amounts. To mitigate these risks,
enterprises should strengthen tax risk management and internal controls. Regarding the risk that general contracting activities
are not accounted for separately, firms are advised to segregate sales by the corresponding tax rates to avoid being taxed at a
higher rate. With respect to the failure to reverse input VAT credits under the simplified method, firms should note that input
VAT attributable to simplified-taxation projects is not creditable. For discrepancies between contract and settlement amounts,
enterprises should, where appropriate, promptly pay any additional stamp duty based on the actual circumstances. In practice,
enterprises should adhere strictly to relevant tax policies and regulations to minimize the likelihood of non-compliance.)

Answer: {("@EGNE" "BREARBAE . RATREARTARE . CRAEAEEHEEH L~ —8 . ", "%

LGRSk RS R . ERAARERAHAEH . ZEM TR R ARAL T . AN

PATEP AL G - ") ({"Risks Encountered": "Misapplication of tax items and rates; failure to reverse input VAT under

the simplified taxation regime; inconsistencies between the contract amount and the settlement amount.”, "Corresponding

Mitigation Measures": "Strengthen tax risk control; account for sales revenue by applicable tax rates, note that input VAT for

simplified taxation items is non-creditable; promptly settle any outstanding stamp duty through supplementary payment."}.)
One-Shot

Query: {Prompt}

Example-Text: B X & & EE H#E L7, &£ E2023F K, KREBE I A L RAR29.067 L, FHE
®23.27% - % BB H LG RRMI2.597 L4, Bl g K20.34% - REAE, 2@k FRRY L d PSR
RMEAGH TR G454 T2 2RO LRERRER TR FTOTEEE, flmaEidiiek, FEHAS
e, HEBERN, FTRARARBREIEGE R FZFFEEN, BEESRRMERARAHA TR . BURA
TRERERBLELAFRAEHFGFHRMARBLEARGLE T RIPFAERA . BB EFHEXENL, ARRT
AR AR AT R0 S AERE o (According to data released by the National Financial Regulatory Administration,
by the end of 2023 China’s inclusive micro- and small-enterprise loan balance reached 29.06 trillion RMB, representing a
year-on-year increase of 23.27%. Inclusive agriculture-related loans totaled 12.59 trillion RMB, up 20.34% year on year:
Under the tax law, financial institutions must ensure that the pre-tax deduction of credit losses on agriculture-related and
small- and medium-sized enterprise (SME) loans satisfies the applicable eligibility requirements. However, some institutions
fail to furnish complete supporting documentation required for such deductions (e.g., records of judicial recovery efforts),
thereby increasing tax compliance risk. In tax audits, Bank A was unable to provide comprehensive evidence of recovery
actions and asset liquidation, resulting in the denial of pre-tax deductions for a portion of its loan losses. Relevant policies
require financial institutions to submit specific recovery records and asset documentation for loan losses at different loss
amounts. We therefore recommend that financial institutions strictly comply with the relevant regulations to improve the
compliance and transparency of pre-tax deductions for loan losses.)

Example-Answer: {"@ 1589 {%": "3 24 ki I REAHREH AT R PTE G T EEE, FHMF KRG, "5 567
A" RN BRNA R T XEN, ARRRIR LA AR SRR E . ") (("Risks Encountered”: "Some
financial institutions may fail to provide complete and appropriate documentation required for pre-tax deductions, thereby
increasing tax compliance risks.", "Corresponding Mitigation Measures": "It is recommended that financial institutions
comply with relevant regulations and ensure the compliance and transparency of pre-tax deductions for loan losses."})
Text: AL LBFAERKYHAKAL, TE2FRBREARBME . HHHRBAMARSEL . GREHAEEHE
EHL—H . AT ERAL, FRSLEpEBSHFALGGE . S TEROLFR>HNBELGRE, 2z R
FRBRERAHES, BLOREHEN, S THHHTRAARARS RORE, ZEZEZATHHIHAR A @0
BRATTHRGn; FTERALBEEELHL—RHYRAE, ZREEZFF LR JATRRA S . &L ETIRE
PP FEEETFRRNT, @ RN KA . (Construction enterprises face substantial tax risks, which mainly stem
from (i) misapplication of taxable items and applicable tax rates, (ii) failure to reverse input VAT credits when adopting the
simplified taxation method, and (iii) inconsistencies between contract amounts and settlement amounts. To mitigate these risks,
enterprises should strengthen tax risk management and internal controls. Regarding the risk that general contracting activities
are not accounted for separately, firms are advised to segregate sales by the corresponding tax rates to avoid being taxed at a
higher rate. With respect to the failure to reverse input VAT credits under the simplified method, firms should note that input
VAT attributable to simplified-taxation projects is not creditable. For discrepancies between contract and settlement amounts,
enterprises should, where appropriate, promptly pay any additional stamp duty based on the actual circumstances. In practice,
enterprises should adhere strictly to relevant tax policies and regulations to minimize the likelihood of non-compliance.)
Answer: {"@ GG RE" "BRENHLBERE. AFHRAENRTAEE . CRAEHREZELEH L~ —3 . ", "5
EL 0GR RAE A B S Re . R ARAREREMES . ZEH SRR B R AMA R TR . Bot
S ATER LA B o ") ({"Risks Encountered": "Misapplication of tax items and rates; failure to reverse input VAT under
the simplified taxation regime; inconsistencies between the contract amount and the settlement amount.", "Corresponding
Mitigation Measures": "Strengthen tax risk control; account for sales revenue by applicable tax rates; note that input VAT for
simplified taxation items is non-creditable; promptly settle any outstanding stamp duty through supplementary payment."}.)

Table C15: An instance format with paired prompts for the TaxRisk dataset in the KA task.
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Prompt: HRBATHEFEELETTHXMEEE, AEEE. REFTA . TRFELELNER . IRFELRT
EATHRLFREL - FAVBOREZR, FZHERARTARER, FEAURBARETNAERE BX
HEGFERERAREHE, BB o BHEE, AHE, EARER. AHEBERATHEIGL. TERBEIL
B ("REATA,HTRREL" AT E R} (Please extract the key information from the following tax audit case
report, including: criminal act, the charged offense, and the penalty outcome. The charged offense must be selected from
exactly one of the following options: Crime of holding forged invoices, Crime of illegally selling special VAT invoices, Crime
of illegally purchasing special VAT invoices, Crime of purchasing forged special VAT invoices, Crime of fraudulently obtaining
export tax refunds, Crime of tax evasion, Crime of falsely issuing invoices. Provide the answer strictly in the following format
without any additional explanation: {"Criminal Act": , "Charged Offense": , "Penalty Outcome": })

Zero-Shot

Query: {Prompt}

Text: #. % Rk &R, AR @A TA RN AE2017THF 20195 MR A £ SR MHBITH . RhdEFLZOHE
KWt AEE RSB TAREE R RRAITHE, F RIS KGR 5 5 A20175F590.7°
A220184-1927.6%5 » ¥A R20194F 4 A ALt TR A+ R 4 A 7h 696700.842°% . AR Y548 X BRI . %AT A M A AL
A, FEMAAKAGHERHEFRALI1769.17 7T . 2k, H 5 AIRE AN 8] 2 5] & vh & 18845.5% L8 i
#K . (During a tax inspection, the tax authority found that Company A (Petrochemical) committed multiple acts of tax
evasion between 2017 and 2019. The specific violations included converting purchased non—excise-taxable products into
excise-taxable products for sale. The quantities involved were 590.7 tons of kerosene and 1,927.6 tons of diesel in 2017 and
2018, respectively; additionally, in 2019, 6,700.842 tons of organic chemical feedstock were converted into gasoline. Under
the relevant statutory provisions, these actions constitute tax evasion and resulted in unpaid excise tax totaling RMB 17.691
million. Accordingly, the tax authority imposed a total fine of RMB 88.455 million on Company A in accordance with law.)

Answer: {"TCFEITA" "AB BT HIRA K YHQIERIEE R R T AR PRS2 HITHE, FRB
. ERBRAMALIRKE, KRBENEFHEALE76917 L. ", "FIREL" "WAR", "R LR "HAN ]
512 VA & 118845.5% LEY i &K - "} ({"Criminal Act": "Company A (a petroleum and petrochemical enterprise) sold
products initially purchased as non-excise-taxable goods after converting them into excise-taxable products, involving kerosene,
ordinary diesel, and organic chemical raw materials, and evaded a total of RMB 17.691 million in excise tax.", "Charged
Offense": "Tax Evasion", "Penalty Outcome": "Company A was fined a total of RMB 88.455 million."}.)

One-Shot

Query: {Prompt}

Example-Text: 2021567 . ¥ X R F#EAEEHAEMNELZRMEM, A T22FRABZTEETH ZAREZR
BT FIL . A G XA MBARBR L L, BIEH R H F XRI5224059.35 089 HL 3k H RAF320 8
BRE . BRAZGEANNERE2EL, AHRAFTHINGHEE . REGEXARF T AT INSEE, (244
PARBEME . ARAFFHEY . R4, FREE (TEARERBEMNE) F_855 %, ALTEANR
M 11 o (In June 2021, Mr. Zeng was arrested on suspicion of the crime of falsely issuing special value-added tax (VAT)
invoices, and his case was publicly tried by the Third People’s Court of Dongguan in December 2021. The prosecution alleged
that Mr. Zeng, acting in the name of Ruihang Plastics Co., Ltd., obtained RMB 5,224,059.35 in tax proceeds by fabricating
transactions and acquired 32 fraudulent invoices. The court found that Mr. Zeng was the de facto operator of the company,
bore direct responsibility, and exhibited a relatively low degree of subjective maliciousness. Although Mr. Zeng did not
deny the allegations during the trial, his defense counsel argued mitigating circumstances, including that he was a first-time
offender and voluntarily pleaded guilty. Ultimately, pursuant to Article 205 of the Criminal Law of the People’s Republic of
China, the court sentenced Mr. Zeng to 11 years of fixed-term imprisonment.)

Example-Answer: {"JCF/TA" "R mmBRN AL L, BEEHNIH 7 KARBRAK, FRAEBRASZ. ", "
R EARZR,RANER "FIRAPARRNLFE . "} (("Criminal Act": "Using the name of Ruihang Plastics Co.,
Ltd., the defendant obtained tax refunds through fictitious transactions and procured fraudulent invoices.", "Charged Offense":
"Crime of issuing false invoices.", "Penalty Outcome": "Sentenced to 11 years’ imprisonment."})

Text: A5 Rk ELI. ABHATA RN S E2017THF £2019F W0 4 £ S @ATH . RikdEFEOE
W e e AR A S EA RN RS R AATHE . P RS R R E 5 B A20174590.7°
A92018F1927.6% > WA B 20195 45 A ALt TR £ A A h 09670084278 - ARIEAR X B ARIT . %ATH M AR
74, SEANRBAMGEFHREFRKLB1769.17 7T . stib, H 5 AREFAN S 495 & A & H8845.57 7L 69 4

# o (During a tax inspection, the tax authority found that Company A (Petrochemical) committed multiple acts of tax
evasion between 2017 and 2019. The specific violations included converting purchased non—excise-taxable products into
excise-taxable products for sale. The quantities involved were 590.7 tons of kerosene and 1,927.6 tons of diesel in 2017 and
2018, respectively, additionally, in 2019, 6,700.842 tons of organic chemical feedstock were converted into gasoline. Under
the relevant statutory provisions, these actions constitute tax evasion and resulted in unpaid excise tax totaling RMB 17.691
million. Accordingly, the tax authority imposed a total fine of RMB 88.455 million on Company A in accordance with law.)

Answer: {"JTLRAITA": "ABHMITARNGEWRGERIAEFFH R TARMEBFAZ RRTHE, FAK
W ERBEAMAT R, KRG FAREAEDNN769.17 Lo ", FIRFE L "MALR, AT LR ARG
A% 4 A % 18845.57 LG 4 2K - "} ({"Criminal Act": "Company A (a petroleum and petrochemical enterprise) sold
products initially purchased as non-excise-taxable goods after converting them into excise-taxable products, involving kerosene,
ordinary diesel, and organic chemical raw materials, and evaded a total of RMB 17.691 million in excise tax.", "Charged
Offense": "Tax Evasion", "Penalty Outcome": "Company A was fined a total of RMB 88.455 million."}.)

Table C16: An instance format with paired prompts for the TaxInspect dataset in the KA task.
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Prompt: H# 4 THZZR, TREFHZHAARBXBRIEELR . BUBRALFEUE, AAFEA-EEH
Fo FEAAHWR, HPRWEY5, OERF - ("B RFRNF BN TR R
JLAAIEAEAL | " RIJG R A AL | (Please complete the missing fields below. After completion, return the filled results
in the original format. The “Core Rationale” should be answered in text, and all other fields must be filled with numbers

only. For percentage fields, do not include the percent sign; provide only the numeric value.{"Core Rationale": , "Original
Annual Income": , "Post-Planning Annual Income": , "Incremental Income": , "Original VAT Payable": , "Post-Planning VAT
Payable": })

Zero-Shot

Query: {Prompt}

Text: X MRLIR P #E AR &%, HA SHME M A20600/T £ 4> 53 BUT = B ZAL 5 5 AL 69 3 154
AZAE B A200007T - HIHEGANRLIE P 25N ARG, ARBAREN T E. (FFE DO L IR
AL &) (A sole proprietorship engages in the retail sale of fruits and general groceries, with an average monthly
tax-inclusive sales revenue of approximately RMB 20,600. The VAT threshold (minimum taxable turnover) stipulated by the
local Department of Finance and the State Taxation Administration is RMB 20,000. Please calculate the annual value-added
tax (VAT) payable by this taxpayer and propose an appropriate tax planning strategy. (Assume that the VAT exemption for
small and micro enterprises does not apply.))

Answer: {"#w &3 AR HEA SHEEFA GBI BT AL, MAIE P T AE ZIEEHGHMA, I
i E I A FRNE I o o R BN 24, "F RIS F BN 24.6, "W " 0.6, "R MR 072, "F
RG22 AEAL": 0} ({"Core Rationale": "By reducing the monthly VAT-inclusive sales revenue to just below the VAT
exemption threshold, a self-employed household business can avoid paying VAT, thereby increasing annual income.", "Original
Annual Income": 24, "Post-Planning Annual Income": 24.6, "Incremental Income": 0.6, "Original VAT Payable": 0.72,
"Post-Planning VAT Payable": 0}.)

One-Shot

Query: {Prompt}

Example-Text: £ &L S A TET . 2AMSL . ¥, PALERNSROLLIT/AMAE, LLLETEFEZEX
FEFEGZIHEARAL L, ERI5%G S LPTHARLE . 20190 FE, FoLmARTAHA8000%7 1. Lol
8 MBI RBA0007 Lo HTTHF TR LA &% b & B A2019AFF L 55 & 5 B0 89 & Ak BT AT AL
*, FRENBRE LT E - (A corporate group comprises two subsidiaries, Firm A and Firm B. Firm A is subject to the
standard corporate income tax (CIT) rate of 25%, whereas Firm B qualifies as a state-supported high-tech enterprise and is
subject to a preferential CIT rate of 15%. In the 2019 tax year, Firm A reports taxable income of RMB 80 million, and Firm B
reports taxable income of RMB 90 million. Please compute the CIT liabilities payable by Firm A and Firm B, as well as the
total CIT liability of the corporate group for the 2019 tax year, and propose an appropriate tax-planning strategy.)
Example-Answer: {"#% & &3 AP SR EL LGRS L AR AES EAREL L, TAAE AR ERNEHR
AL, B R A S HAK . T ERBAATE URE) " 8000, "T A AATE (RE) ": 9000, " F 4
A PFAF UR4E) " 2000, " T4 LATEF (R4E) " 1350, "% A EATFHR (R " 3350, " F LA ATF (%%
J&) "1 7000, " TA L ALRTATAF (K RIE) " 10000, " P Ak FTAFAL (FRIB) " 1750, " TR ATARAL (FRIB)
1500, "& B &AM (FRIE) " 3250, "H K K D" 100} (("Core Rationale”: "By reallocating a portion of taxable
income from the high-tax-rate entity to the low-tax-rate entity, the group can achieve overall tax burden optimization and
reduce the total corporate income tax payable.", "Taxable Income of Company A (Pre-tax, Original)": 8000, "Taxable Income
of Company B (Pre-tax, Original)": 9000, "Corporate Income Tax of Company A (Original)": 2000, "Corporate Income Tax
of Company B (Original)": 1350, "Total Group Corporate Income Tax (Original)": 3350, "Taxable Income of Company A
(Pre-tax, After Planning)": 7000, "Taxable Income of Company B (Pre-tax, After Planning)": 10000, "Corporate Income
Tax of Company A (After Planning)": 1750, "Corporate Income Tax of Company B (After Planning)": 1500, "Total Group
Corporate Income Tax (After Planning)": 3250, "Tax Burden Reduction": 100})

Text: X MRIE P A E KR &%, HA SHME M A20600/T L4 53 BUT F B ZA 5 5 AL 69 38 15 4L
A AE B H200007T - HHAERANMELIH P &FRABERA, FREARERNST R (RFE Db L AN
EHA &) (A sole proprietorship engages in the retail sale of fruits and general groceries, with an average monthly
tax-inclusive sales revenue of approximately RMB 20,600. The VAT threshold (minimum taxable turnover) stipulated by the
local Department of Finance and the State Taxation Administration is RMB 20,000. Please calculate the annual value-added
tax (VAT) payable by this taxpayer and propose an appropriate tax planning strategy. (Assume that the VAT exemption for
small and micro enterprises does not apply.))

Answer: {"H B AT HEA SHAEHAGEMB SR TARIES, MR P T AE RIRAALGEA, K
M E I AFRNGE o RN 24, " R FORN" 24.6, "H BN 0.6, "R Z AR 072, "F
R1JE R WA ¥ AEAL": 0} ({"Core Rationale": "By reducing the monthly VAT-inclusive sales revenue to just below the VAT
exemption threshold, a self-employed household business can avoid paying VAT, thereby increasing annual income.", "Original
Annual Income": 24, "Post-Planning Annual Income": 24.6, "Incremental Income": 0.6, "Original VAT Payable": 0.72,

"Post-Planning VAT Payable": 0}.)

Table C17: An instance format with paired prompts for the TaxPlan dataset in the KA task.
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Metric

Data Prompt Input Target Output AC NA IN AVG
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Table C19: Examples of human evaluation with metrics like accuracy(AC), naturalness(NA), informativeness(IN)
and average(AVG) for human written prompts in various tax datasets. We retain the prompts with AVG above 2.
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Metric

Data Prompt Input Target Output ACNA IN AVG
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Table C20: Examples of human evaluation with metrics like accuracy(AC), naturalness(NA), informativeness(IN)
and average(AVG) for human written prompts in various tax datasets. We retain the prompts with AVG above 2.
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Table C21: Examples of human evaluation with metrics like accuracy(AC), naturalness(NA), informativeness(IN)
and average(AVG) for human written prompts in various tax datasets. We retain the prompts with AVG above 2.
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Task [Dataset|

Prompt

English Translation

X&
5
&

P

KM| «

/7]\

&

RIEFIRE K, mREEFGR T
obst A MOl AR, LR E R

7

I
B % L

Please provide the original text of the legal provision based on
the question requirements, without explaining its meaning or
indicating which article it is from.

@*%0&

FEREATLARE—AHEAGHE, T
AAEBIL300F, EAATREBSHE.

Please provide a brief summary based on the following text,
keeping it under 300 words and focusing on extracting the core
content.

R
&
&

KU | «*

P E R T AL & T A8, H e pEag %R
FPHBPRESRAKXG—ABT, BRA AM
AR BMA AL CHFEN DIEAME
E. AL FAAS R4 G AL & HADKE
R LAERE TP RER

Read the title to grasp the article’s theme and select the option
that best reflects it. The options are: A. Financial Information B.
Tax Forms C. Local Regulations D. Regulatory Interpretation E.
Tax Adjustments F. Tax Assessment G. Tax Incentives H. Tax
Planning I. Tax Q&A J. Central Regulations.

ENBRTAOLAR . AEBEAS A
FALL MR R AN PR REE W&
TEELFM, SRPTEEAGT.

After reading the text, please provide concise excerpts for the
questions without repeating them or using periods in your an-
swers.

FAE, FRLESERVEER, FFK
ERBPANBEATRA—R, Pl "LF
(1) m%ME FARAxxT " FRIER B F

BAEONFHIAA -

For the question, please provide the answer from the designated
section, and incorporate it into the question. For example: "The
consumption tax payable by the business (1) is xx million yuan."
Ensure the output is within 30 characters.

ETTOREGHIA, FHREET TR
GEE, FRBIRIASERGTA, FEL
HOA” L BT L SOV ROD, RE BIRE.

Regarding the question posed below, please carefully consider
the four possible answers and select the one you believe is correct.
Simply indicate "A", "B", "C", or "D" without any explanation.

HAXT G, FAMEET, FER
REGWAANRE S, KB RFEMS
RAECAT . SBY. <C7 . “DRCEE A R 8 A
2, BB AAFELL, FRIATER
AT AT, B R 6 5] 6

For the following question, please analyze the five options and
select the two or more that are most suitable. Provide your
answer in the format of a letter combination, with letters in order
and without any other characters between them: "A", "B", "C",
"D" or "E."

T T aRECRE P, 15 E &R B0 e
2, ERHFNEERRIFAEI0FIA .

For the tax-related questions posed below, please prepare concise
answers, ensuring that each response remains within 300 words.

T HFEARBORE P, ERERTE
MR, i xeRERE, AREA T
BARAZ00F A A -

For the tax questions raised by the public, please provide precise
answers and indicate the relevant legal basis, ensuring that each
response is within 300 words.

FHBEREIZEFRATANAEZK: ARMEE =
BR—4%BRZEFE—aX=4%CHEFE=8
REOEADRMEF —BRALZEMEH -—BX

S IXNEFMFEEF_BERELEELGAZE_BEAN

AHAMEF—BEAKIMZE 85—+ %
IRMEF—a—F+—%KAMNEF=—B—F+=
SLMEF B —tEtEMMNEEF BT
Wk . FRABREBRFE.

201
204
206
208
210

Please determine which article is primarily violated: A. No.
of the Criminal Law B. No. 203 of the Criminal Law C. No.
of the Criminal Law D. No. 205 of the Criminal Law E. No.
of the Criminal Law F. No. 207 of the Criminal Law G. No.
of the Criminal Law H. No. 209 of the Criminal Law I. No.
of the Criminal Law J. No. 211 of the Criminal Law K. No. 212
of the Criminal Law L. No. 227 of the Criminal Law M. No. 264
of the Criminal Law. Please return only the letter of the option.

KA

BREMRBEORSEFTAZ, FRELELR
28, BWR—EI00FA2LEGHE, MEERR
B . EARE.

Based on the provided tax-related public opinion content, please
extract the main information and create a summary of approxi-
mately 300 words, ensuring that the expression is accurate and
the key points are highlighted.

FHARET LA BRI FENFGRE G F R
REm a5, RATEMBEERT . \n @
W6 69 RS . xxx \n R et 52 8 fR R 7 % . xxx

Please extract the tax risks and their corresponding countermea-
sures described in the following content, and output them in
the specified structure: \n Facing risks: xxx \n Corresponding
solutions: Xxx

F3 T XRGFEEMF, FRANFHMELE
FPHRGEZAAS: WEITA . FRREL R
RTER. TRBLEMATI A PRI .
BAMHEOREEZR. FXBEREMNETRAER
ZR.EZIUXEAEAMLENELZE. BWXH
BHRARENAEFE . BIE o BEFE .
RHRFE . RARERE. AFEA TR XA
X, RELBEA . \n LETH . xxx \n AT
TREL . xxx\n QLR xxx

Please identify the three items: criminal behavior, crime com-
mitted, and penalty result. Select the crime from the following
list: possession of forged invoices, illegal sale of special VAT
invoices, illegal purchase of special VAT invoices, purchase of
forged special VAT invoices, fraudulently obtaining export tax
refunds, tax evasion, and issuing false invoices. Use the format
below without additional explanation: \n Criminal behavior:
xxx \n Crime committed: xxx \n Penalty result: xxx: .

&"‘8\‘)‘\

WREATSAAL, s Xk . BH
CRBEEREN TN LATHATAY
BREHKT. Rodli, BrRAeR R
HUG s (S B e 8K BT A 9
A Sk B AL A A R R b R A
BT )Y ST YR RECANKE SR )
B )

"

Please fill in the fields and output as specified. "Core Idea"
should be a complete sentence; all other fields should contain
only numbers without units, and percentage fields should not
include "%". "Core Idea": "xxx", "Original Adjusted Income
Amount": xxx, "Original Corporate Income Tax Increase": xxx,
"Original Withheld Individual Income Tax": xxx, "Post-Planning
Corporate Income Tax Reduction": xxx, "Post-Planning Individ-

ual Income Tax Reduction": xxx.

Table C23: Examples of human-annotated prompts and their corresponding English translations in TaxPraBen.
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Domain | Case Description |

Raw Text

Structured JSON

Evaluation Metrics
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able numerical val- d si ths i . ith Probation_Months": 24, ! — 4
ues such as sentence” < ¢ S1X OIS 1 Prison, Wt "Fine_Yuan": 10000} Fine_Yuan)
length/fines") a two-year probation period, and a - )
g \fine of 10,000 yuan.)
AIHO A A A AR
W B . o N
TAREET e a e RARRARG LRSS R ARR SR
ﬂﬁ%gigﬁ%ﬁ&m%ﬁﬁx BE kb |4/ R AT — 5 BB A 4R -
7’; sp ;F;i kb o ;r—.g( WA At B | z;’;‘njl\ BARERBBAL, F BERTScore( A% 25 18)
bR 4 i ¥ 2 H 441,250,007 & 4| i E R B -
i L " 5 ot E./f%ﬁ 12,500,0007T.8910.0% - %* 2 4 441 ":1250000, BALLR
éﬁ/é 5 g:? % B4R XA BT E S LR "{%77}1‘— B4 31":12500000, EM Accuracy(vgf- wR
R . (Audi HWREZ HMNE K| EAFE"0.10) HEH, WAL LA,
Risk  ex lanatzon £ ¥ o (There is a high risk of] EAE)
N disi repancy misstatement in revenue recogni+{"Risk_Conclusion": "Inconsistency
é‘? rate  verificati on'ti{m" Some contracts recognized revibetween revenue recognition and|Semantic Dimen-
S given reconcilia rion|€nue prematurely before fulfilling|performance/payment nodes leads|sion: BERTScore
summaries and obligations, and payment/receipt|to potential premature recognition,|(Risk_Conclusion)
sampling  results nodes are inconsistent with delivery)creating a material misstatement
the model outputs’ Sampling verification shows abnorrisk requiring adjustment and key|\Nymerical Dimension:
misk  conclusion mal transaction amount of approx{review"., EM Accuracy (Abnor-
with  reasons — + llmately RMB 1,250,000, accounty"Abnormal_Transaction_Amount"\mal Transaction_Amount,
key figures such ing for 10.0% of the total sampled|]1250000, To-
asy gtransaction amount (RMB ]2,50(),(.)00)- It is rec{"Total_Sampled_Amount": tal_Sampled_Amount,
amount/discrep- ommended to reclasslfy or reduce|]2500000, Discrepancy_Rate)
ancy rate”.) relevant revenue and include such|"Discrepancy_Rate": 0.10 }
Y ’ transactions in key review.)
BEAR M . GHTRENE
YRRAETHAR, Gy
Fifi Ko A IF2 B AR R R AR 42
2 = = =4 o . -
Bil L\:-' ] ‘i] 4| KA )\P;Eﬁ'\/m 38.5 C. WBC ("B AR R R R S B RS E LY .
R B /R‘fﬁ # 5(12.3 x 10 /L’ = HE 112 li)Tﬂffi)\, way é‘ﬂﬂbﬂ‘ﬂ ¥R BERTSCOIC(AL?H:)T;T?XZ%)
{’JEKL\$ ﬁ%i?’!mmol/L Tl//( ZL";‘:#IL;’&"D 7K' F’]Hfﬁw&%ﬁ,‘%lﬁvfﬁ"‘k
e ?Lff 54 B &R|F A E &Hﬁ%?‘]’iﬂ%i’;%] ﬁ%?}"ﬁ?ﬁ‘w " - AL 4 E
# o+ A RAEML G E R E, REBKREE RIB(°C)"38.5 EM Accuracy(fk
o E F T A% x| F ) %ii%%??f%iﬁg’éﬁl%%% ”WBC(IOQ/.L)""I’Z 3 @ °C. WBC 10°/L
18> . (Discharge Jﬁl.%)? o (The patient v?/als ad.mmgd "5 F o 4% (mmol/L)":11.2) 2T f 4 mmol/L)
summary autowith fever and cough; imaging in-
_5“' generation:  given|dicated right lower lung infection, "D o N, e P S . Di .
'§" medical  records|diagnosed as pneumonia; compli-{ . zggnos 1S dcll]rr at;ve ) neumo-BeEn;ec;fglc m;)e.nslon.
S and test reports|cated with poorly controlled type 2|" l‘; Hagnosed base (Zln bsy n;p lom; N core (Diagno-
the model outputs|diabetes. Admission Temperature: ar;l. m})algzrgg, S;llp p ortea Dy elevatedsts_ arrative)
‘diagnosis and|38.5°C WBC12.3x 10° /L, Fasty" 1116 700¢ Cosi concurman, infen) _ ,
treatment  narrading Blood Glucose: 11.2mmol/L. stvekg ”,Ciis,e contco with follow-up Nymer ical Dimen-
tive + verifiable|After cephalosporin anti-infection,f f}r ey n lcatgg " 38.5 sion:  EM I%CCWGC)’
values such as vital|aerosol expectoration, and insulin- ”V;delrgg;z e(”. ])2 3 - ( Tempemgture_ C,
signs/laboratory |intensive glucose control, symptoms " ,( Gl )" 12.3, VL) 112 WBC_lO /L, Fast-
results".) improved with normalized tempera- asting_Glucose(mmol/L)": 11.2 } ing_Glucose(mmol/L))
ture. Regular follow-up for blood|
routine and glucose recheck is rec
ommended.)

Table D: Examples of our structured evaluation apgéciabc{l applied in legal, financial, and medical domains.
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v
Model types Precision
All @ pretrained @ fine-tuned All float16 bfloat1s
Select columns to show v

Select Columns to Display:

Overall TaxRead Taxsum TaxsCQ TaxBoard TaxCale TaxQA TaxMcQ TaxRecite TaxTopic TaxCrime TaxOpinion

TaxRisk TaxInspect TaxPlan

TaxRead TaxSum TaxSCQ TaxBoard TaxCalc TaxQA TaxMCQ TaxRecite TaxTopic TaxCrime TaxOpinion TaxRisk TaxInspect TaxPlan

HRER
Uncheck All
Model type Overall TaxRead TaxSum Tax5CQ TaxBoard TaxCalc TaxQA TaxMCQ TaxRecite TaxTopic TaxCrime TaxOpinion TaxRisk TaxInspect TaxPlan
ERNIE-3.5 @ 51.5 84.1 59 58.9 63.4 7.6 55.9 25.5 66.7 36.5 38.7 66.1 64.2 76.6 26.3
GPT-4o @ 50.8 83.2 59.3 55.7 58.7 7 49 29 47.8 458.7 14.8 67.3 66.3 83.5 40.8
Grok3 @ 58.5 83.8 59.2 53.9 59.9 19 51 22.5 51.9 30.7 22.8 65.8 62.1 82.1 42.6
ChatGPT @ 46 84.3 59.3 43.¢6 58 4.6 49.2  16.3 48.8 37 2.4 64.5 52.6 84.2 39.3
GLM4-98 @ 43.3 62.6 36.6 47 56 5.8 53.6 19.8 48 55.3 28.1 29.2 57 68.7 38.8
Qwen2.5-7B @ 41.8 84.8 47.4 39.9 56.4 3.6 52.6 31.3 49.9 29.1 8.8 36.6 53.9 56.4 35.2
DeepSeek-R1-7B @ 36.2 70.2 52.2 16.7 53.8 2.4 45.5 2 46.1 14.2 7 55.8 47.9 62.6 30.4
InternlM2.5-7B @ 34.4 ] 44.4 61.2 54.9 4.2 52 31 50.5 37.5 1.3 47.3 31.4 61.6 3.9
Yi-6B @ 34.1 69.4 53.6 27.1 54.5 2.4 49.5 oD 48.2 11.6 6.7 43 26.7 46.1 1.6
Atom-7B & 29.9 53.3 46.3 22.2 54.2 0.6 47.8 5.3 47.4 11.4 1.3 47.7 34.7 42 3.9
DeepSeek-11m-76 @ 29.3 42.1 52.5 22.7 54.7 0.4 49.7 2 49.4 7.6 2.7 44.9 30.1 43.3 7.8
LLaMA3-Chinese-7 27.5 29.1 53.8 13.9 51.3 8.2 47.4 1.5 44.5 168.9 8.7 48 41.3 33.5 9.4

Figure E: Overview of the TaxPraBen open leaderboard and its representative interface screenshot.
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A ‘)lsé

{"RE": e B AR o LA AR B A, T A
WA BAL K I TN I HEAS L T WA L F
EAMFRE, AREGAEET, HEREFEINLHGX
REE, RIFPRIRAE, BHAFALE, AR
FARMAGE RN AR TEN, PRERITEEE
B ")

"Risk": "The enterprise may have issues of improperly claim-
ing tax incentives to which it is not entitled, and may be re-
quired to repay taxes and have its high and new technology
enterprise qualification revoked."”, "Measures": "The enter
prise should attach importance to tax-related risks and ensure
compliant operations; accurately grasp the key elements of|
qualification accreditation; improve the quality of intellectual
property; strengthen the accounting of R&D expenses; ensure
the authenticity, accuracy, and completeness of the applica-
tion materials; and strictly implement subsequent management
measures."}

(U@l 6 RIL": "k B R R AR
RFAL T A6 38 OB BUH B AR 4k

Ao v At B R R AR e F E AL S RS
HREMEE, HERETHACHXEEE, R

FrER EARIRE, AR RAMBE, AT IRM
Freg L EH . Al R RN, PEMMTESE R
k. "}

{ "Risks Encountered": "The enterprise may have issues
of improperly claiming tax incentives to which it is not
entitled, and may be required to repay taxes and have
its high and new technology enterprise qualification re-
voked.", "Corresponding Mitigation Measures": "The
enterprise should attach importance to tax-related risks
and ensure compliant operations; accurately grasp the
key elements of qualification accreditation; improve the
quality of intellectual property; strengthen the account-
ing of R&D expenses; ensure the authenticity, accu-
racy, and completeness of the application materials; and
strictly implement subsequent management measures."}

INEHAE, NEEMFARFERLAAKP KRR
O FHKIPRARKZTEANK, F4EFREBDLER
VAR 7 X DA, BT A B 3 A AL SL
5A47H - BBAKA XL, T RBHE . &5 —
RO BRK. FRALRATNHR BV PEXTHRER
M. BHE. RRITH:. BIMFARZLGRBRARP
W ZAEBRIER, BEHAERARBHK. TILE
4. RAFE, ATER . MK EAE, LT
#H£AT1411.657 T -

From the case, the company instructed its finance employee,
Mr.Huang, to collect sales proceeds through his personal ac-
count. As a result, off-book income could not be fully recorded,
and the company underpaid taxes by making false declarations
when filing. This constitutes a typical act of concealing income
to evade tax obligations. Under the relevant provisions of the
Criminal Law, it may constitute the crime of tax evasion. Penal-
ties generally include paying back the underpaid taxes, late
payment surcharges, and fines; in serious cases, criminal lia-
bility may also be pursued. Answer: Criminal Act: Collecting
sales payments through the personal account of the finance
employee, Mr. Huang, and making false tax filings to conceal
sales revenue and evade taxes. Charged Offense: Tax evasion,
Penalty Outcome: Payment of back taxes, imposition of late
payment surcharges, and fines totaling RMB 14.1165 million.

w4

(MRRAT A B M AR F LA AR P KR
RHFAEBRER, BEHE R ARBHK . ""ITR
L WAL R, AL AT AR ANEABL AR L Al AR
4, R HkEH1411.657 T ")

{ "Criminal Act": "Collecting sales payments through the
personal account of the finance employee, Mr. Huang,
and making false tax filings to conceal sales revenue
and evade taxes.","Charged Offense": "Tax evasion",
"Penalty Outcome": "Payment of back taxes, imposi-
tion of late payment surcharges, and fines totaling RMB
14.1165 million."}

Ed st EE A2 0.548-0.524 = 0.024(7F TIAIF))
#£10000A M & 72407 4 - "M BB "R A Ak
RIG—MEHFERENCY A LERFES, R T%%
TR M, R By AMNAFTFR 2. ""AHEL A
NABTAFH_M RAERRIE" 0.524, "AF 5 A AT
ALK KRR 0.548, " F 2 3 Ak R LV AL
240, "&E": AR AL A"

The calculation involved is as follows: 0.548-0.524=0.024 (ten-
thousand yuan per person per year). For 10,000 people, the
total is 2.4 million RMB. {"Core Rationale": "By purchasing
commercial health insurance for all employees in compliance
with tax law, employees’ premiums can be deducted pre-tax,
thereby reducing their individual income tax burden.","Per-
capita annual individual income tax payable_with health in-
surance": 0.524, "Per-capita annual individual income tax
payable_without health insurance": 0.548, "Annual tax sav-
ings for all employees of Company A": 240, "Note": "Esti
mated based on the headcount given in the problem."}

("B B AR AR TR - R F AR K
M ERE, R ITEFTHNSR, A
TR ANABTAFA e ) A SR A AT
W EAEEAREE" 0.524, "AMF R A APTAF
o R EAERARE": 0.548, "A F A" 0.024, " F
N AR R T AL 240)

{"Core Rationale": "By purchasing commercial health in-
surance for all employees in compliance with tax law, em-
ployees’ premiums can be deducted pre-tax, thereby re-
ducing their individual income tax burden.", "Per-capita
annual individual income tax payable_with health insur-
ance": 0.524, "Per-capita annual individual income tax
payable_without health insurance": 0.548, "Per-capita
tax savings": 0.024, "Annual tax savings for all employ-
ees of Company A": 240}

Table F: LLM raw responses with redundant descriptions are converted into aligned structured outputs by ChatGPT.
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& & @) ; - R & 2 o £ = 5 2 E
Zero-Shot
KM ec'/\\@ BERTScore [0.493 0.475 0.390 0.224 0.390 0.465 0.537 0.504 0.470 0.479 0.502 0.428 0.721 0.493 0.489 0.481 0.454 0.518 0.491
rﬁ‘b*% BARTScore|-5.166-5.195-5.903-7.357-5.657-5.331-4.991-5.162-5.306-5.304-5.044-5.367-3.869-5.189-5.245-5.221-5.327-5.073-5.220
%\)((\ BERTScore [0.624 0.621 0.043 0.234 0.360 0.524 0.620 0.541 0.413 0.464 0.471 0.552 0.618 0.336 0.549 0.331 0.536 0.432 0.331
o BARTScore |-4.378-4.362-6.826-7.288-5.934-5.003-4.364-4.907-5.523-5.380-5.234-4.794-4.389-5.965-4.775-5.994-4.932-5.444-6.058
KU R Accuracy |0.442 0.556 0.152 0.000 0.222 0.054 0.346 0.128 0.146 0.211 0.340 0.193 0.424 0.116 0.210 0.630 0.226 0.434 0.004
(‘%{QOQ\ Fl 0.402 0.559 0.092 0.000 0.094 0.084 0.368 0.071 0.083 0.093 0.356 0.095 0.416 0.147 0.097 0.618 0.143 0.437 0.007
Macro F1 |0.267 0.346 0.039 0.000 0.039 0.035 0.207 0.030 0.034 0.038 0.177 0.039 0.255 0.054 0.041 0.411 0.057 0.254 0.005
S
Q‘&S&% Accuracy |0.843 0.832 0.558 0.001 0.207 0.658 0.838 0.421 0.210 0.533 0.848 0.291 0.841 0.806 0.694 0.626 0.702 0.000 0.554
(‘%.FC&\C Accuracy |0.046 0.070 0.000 0.000 0.002 0.004 0.190 0.004 0.000 0.006 0.036 0.002 0.076 0.018 0.024 0.058 0.024 0.042 0.002
Q Accuracy |0.436 0.556 0.079 0.129 0.231 0.147 0.541 0.259 0.323 0.264 0.407 0.226 0.589 0.283 0.307 0.460 0.230 0.607 0.346
Q&foc F1 0.436 0.557 0.067 0.166 0.128 0.145 0.538 0.209 0.319 0.199 0.394 0.092 0.589 0.279 0.251 0.475 0.133 0.614 0.345
Macro F1 |0.437 0.557 0.072 0.167 0.134 0.148 0.538 0.213 0.320 0.202 0.395 0.098 0.589 0.281 0.255 0.474 0.138 0.614 0.344
Q

(‘(A‘N\C Accuracy [0.163 0.290 0.003 0.000 0.000 0.013 0.225 0.020 0.060 0.053 0.313 0.015 0.255 0.030 0.375 0.198 0.020 0.310 0.005
Ql BERTScore [0.477 0.470 0.373 0.243 0.407 0.477 0.487 0.480 0.458 0.460 0.508 0.457 0.531 0.491 0.479 0.538 0.434 0.513 0.508
o* BARTScore |-4.922-4.895-5.651-7.287-5.446-5.091-4.675-4.860-4.979-5.051-4.555-5.098-4.126-4.926-4.893-4.649-5.243-4.721-4.999
KA 0%&6 BERTScore [0.636 0.640 0.210 0.234 0.506 0.572 0.653 0.583 0.551 0.576 0.604 0.540 0.688 0.611 0.578 0.598 0.574 0.584 0.532
«“&& BARTScore |-4.771-4.648-6.452-7.289-5.330-4.991-4.541-4.882-5.007-4.918-4.766-5.135-4.200-4.862-4.888-4.788-4.981-4.854-5.212
o Accuracy [0.025 0.135 0.000 0.035 0.010 0.010 0.290 0.030 0.025 0.030 0.100 0.015 0.385 0.000 0.080 0.315 0.080 0.030 0.125
‘b*(‘j‘\ F1 0.012 0.135 0.000 0.001 0.001 0.001 0.168 0.001 0.002 0.001 0.123 0.001 0.349 0.000 0.079 0.347 0.096 0.002 0.060
< Macro F1 [0.034 0.175 0.000 0.005 0.003 0.004 0.225 0.050 0.005 0.007 0.041 0.005 0.188 0.000 0.042 0.181 0.035 0.007 0.032
.\&o“ BERTScore [0.764 0.807 0.104 0.179 0.237 0.311 0.786 0.499 0.203 0.544 0.384 0.532 0.784 0.078 0.468 0.285 0.650 0.527 0.374
((%$OQ BARTScore |-4.729-4.614-7.407-7.531-7.238-6.911-4.705-6.007-7.353-5.900-6.531-5.712-4.632-8.019-6.073-7.008-5.351-5.813-6.485
(‘r&ﬂ;\s\& RiskScore |0.526 0.663 0.063 0.096 0.145 0.157 0.621 0.301 0.097 0.347 0.539 0.413 0.642 0.055 0.267 0.570 0.479 0.314 0.186

X
< *\g\%‘?e InspectScore
¥

0.842 0.835 0.061 0.230 0.295 0.288 0.821 0.433 0.085 0.420 0.564 0.335 0.766 0.186 0.461 0.687 0.626 0.616 0.318

@.,RW‘\ PlanScore

0.393 0.408 0.075 0.049 0.048 0.078 0.426 0.078 0.066 0.039 0.352 0.094 0.263 0.294 0.016 0.388 0.304 0.039 0.088

One-Shot

ec;{@ BERTScore

vy BARTScore

0.510 0.511 0.398 0.218 0.374 0.482 0.547 0.470 0.484 0.467 0.495 0.401 0.666 0.342 0.474 0.152 0.454 0.074 0.318
-5.161-5.133-5.716-7.399-5.593-5.308-4.940-5.208-5.225-5.325-5.075-5.495-4.281-5.986-5.214-7.014-5.326-7.448-6.191

KU

BERTScore

Ol
BARTScore

o

0.624 0.629 0.339 0.549 0.426 0.471 0.623 0.576 0.562 0.573 0.264 0.587 0.617 0.200 0.589 0.254 0.534 0.206 0.066
-4.385-4.300-5.579-4.800-5.519-5.308-4.348-4.630-4.638-4.670-6.406-4.566-4.418-6.739-4.512-6.412-4.936-6.707-7.483

Accuracy
Fl
Macro F1

Y
<ot
<ot

0.472 0.594 0.168 0.004 0.124 0.008 0.394 0.208 0.149 0.185 0.280 0.111 0.551 0.182 0.176 0.370 0.322 0.017 0.001
0.456 0.603 0.125 0.008 0.107 0.108 0.421 0.113 0.120 0.097 0.323 0.097 0.545 0.237 0.100 0.464 0.323 0.029 0.002
0.273 0.379 0.052 0.003 0.039 0.052 0.228 0.047 0.060 0.040 0.199 0.037 0.305 0.085 0.044 0.283 0.117 0.012 0.002

o

o Accuracy

0.840 0.833 0.833 0.639 0.018 0.525 0.831 0.785 0.815 0.656 0.780 0.732 0.844 0.592 0.781 0.093 0.785 0.758 0.611

KA

¥

ot Accuracy

0.002 0.002 0.000 0.000 0.000 0.000 0.002 0.002 0.000 0.000 0.002 0.002 0.006 0.000 0.000 0.000 0.000 0.000 0.000

Accuracy
Fl1
Macro F1

«‘»“%CQ

0.444 0.551 0.241 0.234 0.224 0.271 0.569 0.241 0.279 0.221 0.490 0.230 0.590 0.201 0.303 0.333 0.246 0.301 0.206
0.441 0.551 0.141 0.129 0.087 0.279 0.566 0.111 0.238 0.093 0.492 0.088 0.591 0.236 0.251 0.451 0.204 0.313 0.249
0.442 0.551 0.146 0.134 0.094 0.277 0.566 0.116 0.240 0.099 0.492 0.095 0.590 0.236 0.254 0.452 0.207 0.315 0.249

Q
(@@l\c Accuracy

0.058 0.035 0.018 0.005 0.018 0.030 0.035 0.055 0.050 0.043 0.060 0.020 0.035 0.010 0.035 0.025 0.010 0.030 0.000

BERTScore

Q>
b BARTScore

0.500 0.490 0.428 0.232 0.393 0.513 0.513 0.467 0.469 0.441 0.542 0.426 0.526 0.508 0.465 0.492 0.450 0.538 0.454
-4.778-4.700-5.412-7.484-5.501-5.059-4.498-4.934-4.992-5.271-4.400-5.283-4.227-4.948-4.924-4.820-5.103-4.810-5.563

BERTScore
BARTScore

0.640 0.642 0.482 0.232 0.496 0.588 0.660 0.576 0.566 0.543 0.596 0.547 0.676 0.606 0.578 0.470 0.583 0.517 0.498
-4.682-4.594-5.393-7.343-5.334-4.902-4.460-4.892-4.966-5.099-4.779-5.061-4.282-4.803-4.840-5.474-4.927-5.246-5.418

Accuracy
F1
Macro F1

. ((\6
o™
<o

0.150 0.320 0.080 0.025 0.070 0.060 0.425 0.130 0.090 0.035 0.250 0.030 0.535 0.085 0.195 0.180 0.140 0.035 0.105
0.180 0.373 0.097 0.002 0.080 0.089 0.408 0.153 0.101 0.002 0.275 0.021 0.505 0.089 0.146 0.221 0.156 0.011 0.082
0.099 0.281 0.031 0.006 0.052 0.040 0.335 0.088 0.032 0.009 0.120 0.010 0.275 0.032 0.177 0.096 0.081 0.020 0.042

. 0 BERTScore
o
< BARTScore

0.769 0.808 0.363 0.299 0.221 0.183 0.792 0.690 0.678 0.643 0.506 0.674 0.793 0.063 0.513 0.088 0.670 0.101 0.403
-4.710-4.663-6.365-6.956-7.328-7.522-4.669-5.136-5.224-5.327-6.030-5.098-4.616-8.098-5.863-7.971-5.278-7.888-6.462

&

< RiskScore

0.593 0.667 0.184 0.280 0.215 0.358 0.621 0.477 0.424 0.460 0.543 0.516 0.658 0.041 0.412 0.255 0.529 0.081 0.226

&
< 13‘\%?6 InspectScore|
)

0.845 0.843 0.379 0.530 0.345 0.477 0.793 0.487 0.398 0.451 0.577 0.420 0.796 0.140 0.438 0.372 0.637 0.068 0.136

Y
R

PlanScore

0.418 0.443 0.068 0.097 0.045 0.234 0.471 0.052 0.065 0.059 0.409 0.141 0.408 0.176 0.106 0.310 0.298 0.031 0.049

Note: To ensure fair assessment across tasks and data types, we compute the overall average of all evaluation metrics from 5 runs as the results.

Table G: The detailed zero-shot and one-shot results f@8B0gopular LLMs evaluated on the TaxPraBen benchmark.



