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Abstract

Legal question answering requires accurate retrieval of relevant
laws, yet the significant writing style gap between user queries
and legal provisions poses a major challenge. Existing datasets and
retrieval methods often struggle to capture the complexity of legal
language, limiting retrieval effectiveness. In this study, we introduce
the Legal Query-to-Provision Retrieval (LQPR) task and construct
Query2Provision (Q2P), a dataset designed to enhance law retrieval
by incorporating diverse case scenarios and linguistic structures
representative of real-world legal inquiries. To address the style
disparity, we propose a style translation approach that transforms
informal user queries into a more formal legal tone and simplifies
complex legal provisions for better alignment. Our experiments
demonstrate that integrating writing style transformation signifi-
cantly improves retrieval performance. The dataset is available at
https://github.com/ntunlplab/Query2Provision
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« Information systems — Document filtering; Question an-
swering.
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1 INTRODUCTION

Legal issues frequently arise in everyday life, yet legal texts are
often complex and require domain-specific knowledge to interpret.
This makes it difficult for the general public to understand and
apply relevant laws to their situations [10]. Moreover, when faced
with a legal question, individuals often struggle to identify which
specific laws or legal provisions are applicable to their case [1].
Knowing the correct legal references is crucial, as it allows indi-
viduals to interpret the law themselves or seek assistance from legal
models for further explanation. For large language models (LLMs),
having access to precise legal references is essential for generat-
ing accurate and reliable responses [15]. Additionally, providing
transparency regarding which laws the model relies on enhances
its interpretability, fostering greater trust in legal Al systems [10].
However, retrieving the correct legal provisions is challenging.
It not only requires legal expertise but also faces the difficulty that
legal texts and public queries are often expressed in significantly
different styles [12]. For instance, while a person might ask, “Can
my landlord evict me without notice?”, ! while the corresponding
legal provision may be phrased in highly technical terms, such as:
“A landlord may not unilaterally terminate a lease agreement and
require the tenant to vacate without proper notice and compliance
with the procedures set forth in this Act.” Compared to the concise
and direct phrasing of a public inquiry, legal provisions are often
structured formally, using terminology such as “proper notice” and
“compliance with procedures.” These stylistic differences signifi-
cantly increase the difficulty of retrieving relevant provisions, as
conventional search methods struggle to bridge this linguistic gap.
Additionally, public legal inquiries vary widely in form [1]. Some
are short and direct, such as “Is hit-and-run a prosecutable offense?”,
while others resemble long-form case descriptions, where individu-
als narrate complex situations before posing a legal question. For

!The examples and prompts in this study are written in Chinese originally. For read-
ability, we all translate them into English.
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example: “My husband and I rented a subdivided apartment. ...(500
words)... Should we file a lawsuit, or should we just take our two
months’ deposit and look for another place?” Such variations further
complicate legal retrieval, as models must not only handle diverse
writing styles but also extract relevant legal concerns from lengthy,
unstructured narratives.

We introduce the Legal Query-to-Provision Retrieval (LQPR)
task, which focuses on retrieving legal provisions despite the sig-
nificant stylistic differences between user queries and legal texts,
making the task more challenging. To address this challenge, we
construct a Query2Provision (Q2P) dataset of 1,375 legal query-
to-provisions pairs collected from online legal QA platforms. This
dataset maps informal, colloquial legal inquiries to their correspond-
ing legal provisions across 299 legal codes, providing a valuable
resource for studying legal retrieval in real-world scenarios. In our
training data, each question corresponds to an average of three
legal provisions, with a maximum of 18 provisions, indicating that
legal questions often involve multiple regulations, increasing the
complexity of retrieval.

Furthermore, we propose a style translation approach that effec-
tively improves the performance of retrieval models in identifying
relevant legal provisions. By bridging the linguistic gap between
public legal questions and formal legal texts, our method enhances
law retrieval performance, offering a significant step forward in
legal retrieval research.

This study makes the following key contributions: a) We intro-
duce the Legal Query-to-Provision Retrieval (LQPR) task, which
requires not only legal knowledge but also techniques to overcome
significant writing style differences between public queries and le-
gal texts. b) We construct a Query2Provision (Q2P) dataset, sourced
from legal QA platforms, which includes diverse question formula-
tions and covers a broad range of legal provisions. c) We propose a
style translation method and demonstrate through experiments and
discussions that writing style transformation effectively enhances
retrieval model performance.

2 RELATED WORK

Legal retrieval has been widely studied. Recently, much of the prior
research focusing on legal case retrieval (LCR). The goal of LCR is
to retrieve similar historical cases from a database given a query
case [6]. This task is crucial for legal professionals, as past rulings
serve as key references for legal reasoning and decision-making.
LCR shares several key challenges with legal statute retrieval.
Both tasks require domain expertise, involve searching across mul-
tiple legal documents, must account for evolving legal frameworks,
and demand highly trustworthy retrieval systems to ensure accu-
rate and reliable legal references [7, 11]. However, a fundamental
difference exists between LCR and statute retrieval: writing style
similarity. In LCR, both queries and documents originate from legal
professionals, resulting in a relatively consistent writing style. In
contrast, legal statute retrieval faces a significant writing style gap,
as user queries are often informal and unstructured, while legal
provisions are written in highly technical and formal language.
This discrepancy makes traditional retrieval methods less effective,
necessitating specialized techniques to bridge the linguistic divide.
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Table 1: Statistics of provisions and codes in Q2P dataset

Dataset Provisions | Unique Codes
Mean Max | Mean Max

Training Set | 3.25 18 1.61 7

Test Set 2.99 11 1.61 7

Existing datasets in this area include STARD([3], SLARD[13],
and BSARD[9]. STARD and SLARD are based on Chinese legal
systems, with STARD emphasizing real-world queries from the
general public and SLARD targeting the retrieval of superior legal
provisions across jurisdictions. BSARD, in contrast, is centered on
the French legal system and includes expert-refined queries paired
with articles from Belgian law. Compared to these datasets, our
dataset is built from authentic interactions between laypersons and
legal professionals within a Mandarin-speaking legal system.

3 DATASET CONSTRUCTION
3.1 LQPR Task Definition

Given a user query g and a set of legal provisions S = {s1, 2, ..., S},
the goal of the legal question-to-statute retrieval task is to identify
the most relevant provisions s* € S that correspond to the query g.

3.2 Data Collection

Our dataset is derived from Legispedia, ? a legal knowledge-sharing
platform dedicated to making legal information accessible to the
general public. On this platform, users can post legal inquiries,
which are answered by verified legal professionals. As part of their
responses, these legal experts frequently reference specific legal
provisions relevant to the questions being asked.

For the purpose of this study, we consider the referenced provi-
sions included in the expert responses as the relevant legal provi-
sions associated with each user query. We collected a total of 1,375
question-answer pairs, where each response explicitly cites one or
more legal provisions. The referenced provisions were manually
extracted and normalized to ensure consistency.

3.3 Statistics

Given the hierarchical structure of legal documents, we consider
individual articles (e.g., Article 2 of the Civil Code) as the atomic
units of retrieval, as we believe this granularity better preserves
essential contextual information. For experimentation, we split
the dataset into 1,175 training instances and 200 test instances to
facilitate model evaluation. Our dataset covers 299 distinct legal
codes, making it a diverse and comprehensive resource. Since the
referenced legal provisions for a single query often originate from
multiple legal documents, this task inherently aligns with cross-
document information retrieval.

Table 1 presents the statistics of the extracted legal provisions
and unique legal codes in our dataset. On average, each question
references more than two legal provisions and spans more than
one distinct legal code, highlighting the complexity of LQPR task.
Additionally, our dataset has an average length of 152 words, with

Zhttps://www.legis-pedia.com/
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Figure 1: Our Legal Query-to-Provision Retrieval System with Style Translation

You are a narrative expert. Your client wishes to post online to seek legal assistance but \
lacks the relevant knowledge and professional terminology, resulting in ineffective help.
Your task is to refine their draft before they publish it online:
<title> Can I sell COVID test kits or oximeters online?
17 <question>1saw news saying we can't sell these online. Will I get fined if I do?
Note: You only need to respond with a more professionally worded version of their post.
No additional greetings or phrases are required. J
- A
<translated query> I would like to inquire about the legal implications of selling
COVID-19 test kits or oximeters online. Recently, I noticed media reports
suggesting that such online sales might be restricted. If T proceed with selling these
products online, will I face fines or other legal liabilities? I would appreciate more
explicit legal advice to ensure compliance with relevant regulations. J

Figure 2: Prompt and Example of Query Translation

<provision> Criminal Code, Article 1: An act is punishable only if expressly so
provided by the law in force at the time of its commission.

You are a legal expert and can interpret various legal provisions. Please briefly explain this law: ]

7
Article 1 of the Criminal Code stipulates that an act may be punished only if there is a
clear legal provision applicable at the time the act was committed. In other words, no
individual may be penalized for conduct that was not explicitly prohibited by law at
that time. This rule also applies to security measures involving restrictions on personal
liberty, ensuring legal certainty and stability while protecting individual rights.

Figure 3: Prompt and Example of Provision Translation

a maximum of 623 words, highlighting the variability in legal query
complexity.

4 METHODOLOGY
4.1 Style Translation Models

The Style Translation Models are responsible for transforming text
into different writing styles, ensuring better alignment between
user queries and legal provisions. This transformation is achieved
by providing a style-specific prompt to a LLM, which then generates
the reformulated text. Different prompts are used for queries and le-
gal provisions to account for their distinct linguistic characteristics.
The query transformation prompt shown in Figure 2 is designed to
rephrase informal user questions into a formal legal tone, making
them more compatible with the language used in legal provisions.
The prompt for provision transformation (illustrated in Figure 3)
simplifies complex legal language into an easier-to-understand
form, making provisions more accessible to non-experts. By lever-
aging these style translation models, we bridge the stylistic gap
between legal texts and user queries, enhancing the effectiveness
of legal retrieval.

4.2 Ranker Fine-tuning

Inspired by BSARD [9], we adopt a BiEncoder as our ranker. This
approach maps both queries and legal provisions into dense vector
representations and computes their similarity scores to retrieve
the most relevant provisions. After applying style translation, the
transformed queries and provisions are used to fine-tune the ranker,
allowing it to better capture the relationship between reformulated
user questions and legal texts. The trained ranker is then employed
for both indexing and retrieval, enabling efficient and accurate
matching between user queries and legal provisions.

4.3 Majority Voting with RAG

After the Ranker retrieves the top-k most relevant legal provisions
for a given query, these provisions are then passed to a LLM for
retrieval-augmented generation (RAG). The LLM generates n pos-
sible answers, each suggesting relevant legal provisions based on
the retrieved context. To improve reliability, we apply a majority
voting strategy, selecting provisions that appear in at least m of the
n generated results. These frequently occurring provisions are con-
sidered the final set of potentially relevant provisions, enhancing
the robustness of the retrieval process.

5 EXPERIMENTS
5.1 Experiment Setup

In our experiment, we employ GPT-40 as the style translator to
refine the textual input. For ranking, we utilize QLoRA [5] to fine-
tune Chinese RoBERTa 3 [4] as the Ranker. The ranking process
selects the top 15 candidates (top-k = 15) to ensure high recall while
maintaining relevance.

5.2 Evaluation Metrics

Since retrieving too many irrelevant provisions or too few relevant
ones can negatively impact downstream task performance and
reduce interpretability, we evaluate our approach using Precision,
Recall, and F1 Score in this study. Precision is calculated as the
ratio of the number of correct predictions to the total number of
predictions made by the model on the test dataset. It measures
the ability of the model in retrieving only relevant legal provisions.
Recall is calculated by dividing the number of correct predictions by

3hfl/chinese-roberta-wwm-ext
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Table 2: Experimental Results

Models Original Style Translated
Precision Recall Fl-score | Precision Recall F1-score
BM25 0.0605 0.0602 0.0604 0.1169 0.1171  0.1170
Ranker 0.1743 0.1758  0.1750 0.1827 0.1843  0.1835
LLaMA 0.1378 0.1438 0.1408 0.1552 0.2007  0.1751
LLaMA_voting 0.1692 0.1579 0.1633 0.1807 0.1967  0.1884
TaiwanLLaMA 0.2158 0.1555 0.1808 0.2470 0.1722  0.2030

TaiwanLLaMA_voting 0.2185 0.1943  0.2057 0.2284 0.2099  0.2188

the total number of relevant provisions labeled in the test dataset.
This metric assesses the model’s ability to identify all relevant
provisions. F1 Score is the harmonic mean of Precision and Recall.

5.3 Experimental Results

Table 2 presents the overall performance of our proposed approach
and data across several models, including BM25, BiEncoder Ranker,
RAG, and voting with RAG. Specifically, the Ranker refers to the
model discussed in Section 4.2 and we compare LLaMA [14] and
TaiwanLLaMA [2, 8] for RAG.

For the BM25 baseline, we observe a remarkable improvement
of 94.05% in F1-score performance with the style-translated data,
highlighting the significant impact of our proposed data transfor-
mation. For the other models, all results using the style-translated
data outperform those with the original data, further emphasizing
the effectiveness of the style-translated data in enhancing model
performance. Additionally, we observe notable improvements in
the performance of both LLaMA and TaiwanLLaMA models when
incorporating the majority voting strategy. This suggests that our
voting strategy, which selects provisions that appear at least m
times from the n generated results, helps mitigate randomness and
output inconsistencies in the one-iteration RAG process.

6 DISCUSSION

6.1 Does Using another LLM as the Style
Translator Work?

With the growing availability of LLMs, it is important to assess
whether different models can effectively serve as style translators.
To investigate this, we conducted an additional experiment using
Gemini-1.5-Flash as the style translator. As shown in Table 3,
four out of five models achieved higher F1-scores when using the
translated data. This result confirms that employing different LLMs
for style translation is effective, demonstrating that the approach
is not limited to a specific model.

6.2 Does both Query and Provisions Need to be
Style Translated?

While applying style translation to both queries and provisions
ensures consistency, it also introduces significant computational
overhead. To evaluate whether translating both components is nec-
essary, we conducted experiments using different combinations of
original and style-translated data. As shown in Table 4, translating
either the query or the provision improves accuracy, but the most
substantial performance gains occur when both are translated. This
finding underscores the importance of style alignment in LQPR and
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Table 3: Performance of Using Another LLM as Style Trans-
lator (F1 Score)

Models ‘ Original ‘ Style Translated
BM25 0.0604 0.1053
Ranker 0.1750 0.1988
LLaMA 0.1408 0.1590
LLaMA_voting 0.1633 0.1790
TaiwanLLaMA 0.1808 0.1837
TaiwanLLaMA_voting | 0.2057 0.1963

Table 4: Performance of Different Translation Setting of
Query and Provisions

Query / Provision ‘ Original ~ Translated

0.20569
0.20862

0.21248
0.21876

Original
Translated

Table 5: Performance of direct fine-tuning LLM (F1-score)

Models ‘ Original ‘ Style Translated
LLaMA 0.1601 0.1618
TaiwanLLaMA | 0.1891 0.2211

demonstrates that applying style translation to both queries and
provisions yields the best results.

6.3 Can direct fine-tuning also benefit from
style translation?

Fine-tuning LLMs has become a prevalent approach in the question-
answering domain. In this subsection, we investigate whether style
translation enhances LQPR performance in fine-tuned models. We
conducted experiments using zero-shot prompt on original data
and translated data. For fine-tuning, we trained Taiwan-LLaMA and
LLaMA using QLoRA for 200 steps, and the results are presented in
Table 5. The results indicate that, for both models, style-translated
data consistently outperforms the original data. This demonstrates
that style translation enhances performance, aligning with our
design objectives and further reinforcing its effectiveness in LQPR.

7 CONCLUSION AND FUTURE WORK

In this study, we address the challenge of Legal Query-to-Provision
Retrieval, where significant writing style differences between user
queries and legal provisions hinder effective retrieval. To bridge this
gap, we construct a Query2Provision dataset and introduce a style
translation approach that reformulates queries and provisions into
more compatible forms. Experimental results demonstrate that style
transformation significantly boosts retrieval accuracy, highlighting
its importance in legal Retrieval tasks. Exploring a wider range
of prompts and datasets presents a valuable direction for future
research. Our findings provide valuable insights into improving
legal information retrieval, and our dataset and methods serve as a
foundation for future research in legal Al, question answering, and
document retrieval systems.
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