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Statute-Level Retrieval in Regulatory RAG Pipelines

2" Hoansuk Choi
Dept. of Game Engineering
Kyungnam University
Changwon, South Korea
chs2024 @kyungnam.ac.kr

1%* Beomseok Kim
Dept. of Medical IT
Inje University
Gimhae, South Korea
qjatjr9958 @oasis.inje.ac.kr

Abstract—Retrieval-Augmented Generation (RAG) is increas-
ingly adopted in the legal domain to mitigate hallucinations
and ensure regulatory compliance. However, standard fixed-size
chunking strategies often disrupt the logical hierarchy of legal
texts, leading to context fragmentation. This paper investigates
the impact of chunking strategies on retrieval performance
by comparing fixed-size chunking (256, 512, and 1024 tokens)
with a structure-aware chunking method based on the inherent
hierarchy of legal articles (Article-Paragraph—Subparagraph).
We construct a synthetic dataset using the Personal Information
Protection Act (PIPA) of South Korea and evaluate retrieval
performance using Hit@k and Mean Reciprocal Rank (MRR)
under both lexical (BM25) and semantic (dense) retrieval settings.
Experimental results reveal a performance inversion: smaller
fixed chunks (256 tokens) benefit keyword-based search due to
length bias, while the proposed structure-aware method achieves
retrieval performance comparable to large-context strategies in
semantic retrieval (MRR 0.737 vs. 0.736, i.e., a numerically
small difference) while preserving complete legal provisions.
Furthermore, we detail the specific experimental environment,
including the klue/roberta-base model configuration, to
ensure reproducibility. Although these results are obtained in
a single-statute, retrieval-only setting, they provide an initial
empirical basis for designing retrieval components in statute-
level RAG pipelines. Overall, our findings suggest that structure-
aware chunking offers a promising trade-off between retrieval
precision and semantic completeness, helping minimize the risk
of fragmented legal contexts in statute-level RAG systems.

Index Terms—Retrieval-Augmented Generation, Legal Al, Text
Chunking, Structure-Aware, BM25, Dense Retrieval

I. INTRODUCTION

Large Language Models (LLMs) are transforming domains
requiring specialized knowledge, such as law, medicine, and
finance [1]. In particular, Retrieval-Augmented Generation
(RAG), which grounds model responses in external knowledge
bases, has become a core technology for Regulatory Compli-
ance systems by mitigating hallucinations and incorporating
up-to-date legal statutes [2].

However, the impact of fext segmentation strategies (chunk-
ing) strategies—a critical component that determines RAG per-
formance—has been relatively overlooked. Widely adopted
frameworks, such as LangChain and Llamalndex, pre-
dominantly rely on fixed-size sliding window strategies
by default [3]. While recent LLMs support extended context
windows, relying solely on long context input is inefficient

37 Namhyun Yoo
Dept. of Computer Engineering
Inje University
Gimhae, South Korea
hyun43 @kyungnam.ac.kr

4™ Jinhong Yang
Dept. of Medical IT
Inje University
Gimbhae, South Korea
jinhong @inje.ac.kr

due to the ”Lost in the Middle” phenomenon, where models
fail to retrieve information located in the middle of long
contexts [4]. Therefore, optimizing retrieval units remains a
crucial challenge.

In legal texts, mechanical segmentation poses severe risks.
Legal statutes possess strict hierarchical structures (Article-
Paragraph-Subparagraph) and frequent cross-references (e.g.,
“subject to Article X”) [5]. Fixed-size chunking often leads
to Context Fragmentation, where the ’condition’ of a law
and the ’penalty’ for violating it, or the referenced clauses,
are separated into different chunks. This physical separation
prevents the LLM from accessing the complete legal logic
required for accurate reasoning.

This study investigates the fundamental question: “Is the
conventional fixed-size chunking optimal for legal RAG sys-
tems?” We focus on the Personal Information Protection
Act (PIPA) of South Korea, a high-stakes domain where
compliance violations can lead to severe financial penalties.
Using this data set, we quantitatively compare the retrieval per-
formance of fixed-size chunking against a proposed Structure-
Aware Chunking strategy.

Specifically, this paper makes the following contributions:

o We propose a structure-aware chunking algorithm tailored
to the hierarchical nature of statutory law.

e« We construct a synthetic QA dataset on the Korean
Personal Information Protection Act (PIPA) with explicit
article-level ground truth mappings.

+ We empirically reveal (i) a consistent performance inver-
sion between keyword-based and semantic retrieval under
different chunk sizes, and (ii) a saturation effect beyond
512 tokens, offering practical guidance for configuring
retrieval components in statute-level RAG systems.

II. RELATED WORK
A. Retrieval-Augmented Generation in the Legal Domain

Retrieval-Augmented Generation (RAG) has emerged as
a promising approach to enhance the factual accuracy and
domain adaptability of LLMs [6]. In the legal domain,
where hallucination can lead to severe consequences, RAG
systems are widely adopted to ground model responses in
authoritative statutes and precedents [7]. However, previous



studies have predominantly focused on Case Law retrieval
or fine-tuning LLMs for legal reasoning. In contrast, Statu-
tory Law—characterized by rigorous hierarchical structures
(e.g., Articles and Paragraphs)—requires a distinct retrieval
approach [8]. Unlike unstructured legal narratives, statutes
possess high logical density where a single missing clause can
invert the legal interpretation. Consequently, the optimization
of the retrieval component, specifically preserving the struc-
tural integrity of statutes, remains underexplored.

B. Advanced Text Segmentation Strategies

Effective indexing requires segmenting long documents
into manageable units. Standard RAG frameworks typically
employ Fixed-size Chunking due to its simplicity and com-
putational efficiency [9]. However, this mechanical splitting
often severs the semantic link between a condition and its legal
effect, leading to Context Fragmentation. Recently, Semantic
Chunking, which utilizes embedding similarities to identify
topic boundaries, has been proposed to mitigate this issue [10].
Yet, in the legal domain, explicit structural boundaries (e.g.,
Article numbers) serve as stronger semantic delimiters than
latent embedding shifts. Despite the importance of structural
preservation, there has been little empirical work that sys-
tematically compares fixed-size and structure-aware chunking
strategies [11]. Our work addresses this gap by validating the
efficacy of structure-aware segmentation, particularly within a
non-English regulatory corpus where morphological complex-
ity exacerbates the challenge.

III. METHODOLOGY
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Fig. 1. Overall experimental workflow: from raw legal text processing to
performance evaluation comparing fixed-size and structure-aware chunking
strategies.

A. Dataset Construction

We utilized the Personal Information Protection Act (PIPA)
of South Korea as our primary corpus. PIPA exhibits high
structural complexity with frequent cross-references between
definitions, obligations, and penalties, making it an ideal
testbed for evaluating context preservation capabilities in
statute-level RAG systems.

To ensure objective evaluation, we generated a synthetic
QA dataset using rule-based templates. This methodology
creates a deterministic mapping between queries and ground
truth articles, eliminating the ambiguity or hallucination often
introduced by LLM-generated queries. The detailed generation
process is presented in Algorithm 1. The final dataset consists
of 113 articles and 226 QA pairs (two queries per article).

It is important to note that our synthetic QA pairs primarily
target article-level identification rather than free-form legal
question answering. This design choice allows us to obtain a
clean and deterministic mapping between queries and ground
truth articles, which is suitable for isolating the effect of
chunking strategies on retrieval behavior. However, it does
not fully capture the variety and ambiguity of real-world legal
queries (e.g., implicit conditions, multi-hop reasoning across
multiple statutes). Therefore, the absolute performance num-
bers should be interpreted as a controlled proxy for retrieval
behavior rather than as an end-to-end legal QA benchmark.

Algorithm 1 Synthetic QA Generation
Require: Articles {41,...,4,}
Ensure: QA Dataset D,
1: an «—0
2: for each Article A; do
3 Qg < ”"What is the content of Article ” + A;.id + 7?7
4 Qeontent + “Which article mentions: ” + A;.text[: 50]
+ 7
5 Add (Q'L’d; Azld) to an
6: Add (QCOTLt(iTLt)A’L"id) to an
7
8

: end for
: return D,

TABLE I
STATISTICS OF THE PIPA DATASET

Metric Value
Total Number of Articles 113
Total Tokens (Full Text) 52,000+
Average Tokens per Article 462.6
Min / Max Tokens (per article) 38 / 2,930
Number of QA Pairs 226

B. Chunking Strategies

We compared four chunking conditions to analyze the trade-
off between context size and retrieval precision:

« Fixed-size Chunking (S1, S2, S3): A sliding-window

approach with fixed lengths of 256, 512, and 1,024



tokens. To mitigate boundary effects, we set the overlap
ratio to approximately 12.5% of each chunk size (i.e.,
32, 64, and 128 tokens, respectively).

o Structure-Aware Chunking (Proposed): Segmentation
based on the Article unit to preserve the semantic com-
pleteness of legal provisions. When an article exceeds a
predefined maximum length L., it is further split into
paragraph level chunks. The detailed process is described
in Algorithm 2.

Algorithm 2 Structure-Aware Chunking Process

Require: Legal Document D, MaxToken Ly,
Ensure: Set of Chunks C
1: C+ 0
2: Parse D into Articles {Aj, Ao, ...
3. for each Article A; in D do
T < Tokenize(A;)
if Length(T) < L4, then
Add T to C
else
Split A; into Paragraphs { P4, ...
for each Paragraph P; do
Add Tokenize(P;) to C
11: end for
12:  end if
13: end for
14: return C'

A}
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R A A

_
e

In our experiments, we set Ly.x to 4,096 tokens, which
is significantly larger than the maximum article length in the
PIPA corpus (2,930 tokens; see Table I). As a result, no article
was further split into paragraph-level chunks, leading to a split
rate of 0.0% for the Structure-Aware strategy in Table IV.
Consequently, on this corpus Structure-Aware Chunking effec-
tively reduces to article-level segmentation (i.e., each article
corresponds to a single chunk), while the paragraph-level
splitting logic in Algorithm 2 is included for generality when
applying the method to longer or more heterogeneous statutes.

C. Retrieval Models and Mathematical Formulation

We evaluated performance using two distinct models to
capture both lexical and semantic relevance.

1) BM25 (Lexical Search): We used BM250kapi, a prob-
abilistic retrieval model. The score for a document D given a
query () containing terms qi, ..., g, is calculated as:

f(gi, D) - (k1 +1)

Score(D, Q) = ZIDF(qi)
i=1 f(lI1ZaD)+k1'(1_b+b'a‘vgc‘ll)
(D
where f(g;, D) is the term frequency of ¢; in D, |D] is the
document length, and avgdl is the average document length
in the corpus. We set k; = 1.2 and b = 0.75. This model
inherently biases towards shorter documents with higher term
density, which is particularly relevant when comparing fixed-

size chunks of different lengths.

2) Dense Retrieval (Semantic Search): For semantic re-
trieval, we encoded both queries and chunks into dense vector
representations. The relevance score is defined by the cosine
similarity between the query embedding vector v and the
document embedding vector vp:

vVQ VD

Sim(Q, D) = cos(6) = 10 =

2

This approach captures the contextual meaning of the text,
making it sensitive to semantic fragmentation caused by inap-
propriate chunk boundaries. In our setting, all chunks produced
by the different strategies were encoded and ranked under
identical model and hyperparameter configurations, allowing
a controlled comparison of chunking effects on retrieval per-
formance.

IV. EXPERIMENTAL SETUP

To ensure reproducibility and transparency, we detail our
computing environment and the specific configurations of the
models used in the experiments.

A. Computing Environment

All experiments were conducted on a cloud-based environ-
ment (Google Colab) utilizing GPU acceleration to handle the
computational load of dense vector generation.

« Platform: Google Colab

e GPU: NVIDIA Tesla T4 (15GB VRAM)

e CPU: Intel Xeon Processor (2.20GHz, 2 cores)

« RAM: 13GB System RAM

o Software Stack: Python 3.12, PyTorch 2.9.0, Transform-
ers 4.57.2

B. Model Configuration

1) Tokenizer for Chunking: To maintain consistency
with commercial LLM services (e.g., GPT-4) and ensure
accurate context window calculations, we employed the
cl100k_base tokenizer provided by the t ikt oken library
for all chunking strategies.

2) Retrieval Models:

o Sparse Retriever (BM25): We utilized the rank_bm25
library. For this baseline model, we applied simple
whitespace tokenization to evaluate pure keyword match-
ing performance without morphological analysis bias.

o Dense Retriever: We employed the
jhgan/ko-sroberta-multitask model, available
on HuggingFace. This model is fine-tuned on the
klue/roberta-base architecture, which s
specifically for Korean semantic textual similarity
(STS) tasks [12] [13].

o Pooling Strategy: We generated 768-dimensional dense
vectors by applying mean-pooling to the output hidden
states. [14].



V. EXPERIMENTS AND RESULTS

A. Quantitative Analysis

Table II and Table III present the retrieval performance in
BM25 and dense retrieval environments, respectively, com-
puted over all 226 queries in our synthetic PIPA dataset.
Additionally, Table IV compares the structural characteristics
of the generated chunks under each strategy.

In the BM25 setting (Table II), the shortest unit, Fixed-
256, achieved the highest MRR (0.554) and a competitive
Hit@1 (0.527), while exhibiting slightly lower Hit@5 than
the larger chunk sizes. This pattern is consistent with the well-
known length bias of BM25: shorter documents with higher
term density tend to receive higher scores when exact keyword
overlaps are present. Structure-Aware Chunking, on the other
hand, achieved the best Hit@5 (0.558), indicating that article-
level units can still provide robust top-k£ coverage in lexical
retrieval despite being longer on average.

In the dense retrieval setting (Table III), performance gen-
erally improved as the context window increased from 256
to 1,024 tokens. Structure-Aware Chunking matched the
best Hit@1 and Hit@5 scores (0.681 and 0.841, respectively)
and achieved the highest MRR (0.737), slightly outperforming
Fixed-1,024 (MRR 0.736). Although the absolute gaps in
MRR between the best-performing strategies are numerically
small (at most AMRR = 0.008 across configurations), the
ranking of strategies is stable across all queries, suggesting that
the observed trends are not merely due to random noise but
reflect systematic interactions between chunk size and retrieval
model type.

Table IV further shows that these performance patterns
arise under markedly different structural profiles. Fixed-size
strategies trade off shorter average chunk length (e.g., 198.8
tokens for Fixed-256) against a larger number of chunks and
higher split rates (up to 69.9%). In contrast, Structure-Aware
Chunking yields an average of 462.5 tokens per chunk with
only 113 chunks and a split rate of 0.0%, indicating that each
article is preserved as a single coherent retrieval unit.

TABLE II
RETRIEVAL PERFORMANCE WITH BM25 (KEYWORD SEARCH)

Strategy Hit@1l | Hit@5 | MRR
Fixed-256 0.527 0.602 0.554
Fixed-512 0.531 0.549 0.538
Fixed-1024 0.531 0.549 0.538
Structure-Aware 0.527 0.558 0.538

TABLE III

RETRIEVAL PERFORMANCE WITH DENSE RETRIEVAL (SEMANTIC)

Strategy Hit@1l | Hit@5 | MRR
Fixed-256 0.677 0.827 0.729
Fixed-512 0.681 0.832 0.733
Fixed-1024 0.681 0.841 0.736
Structure-Aware 0.681 0.841 0.737

TABLE IV
COMPARISON OF CHUNK CHARACTERISTICS

Strategy Avg. Tokens Total Chunks Split Rate (%)
Fixed-256 198.8 290 69.9%
Fixed-512 319.3 175 38.9%
Fixed-1024 423.6 127 9.7%
Structure-Aware 462.5 113 0.0%

B. Performance Inversion and Structural Analysis

A distinct performance inversion was observed between
the lexical and semantic retrieval settings. In BM25, the
shortest unit, Fixed-256, achieved the highest MRR (0.554),
whereas in dense retrieval, Structure-Aware Chunking
achieved the best MRR (0.737). This inversion arises because
BM25 benefits from shorter documents with concentrated
keyword occurrences, while dense retrieval models benefit
from richer semantic context.

More concretely, the difference between Fixed-256 and
Structure-Aware is AMRR = 0.016 in BM25 (0.554 vs.
0.538), but only AMRR = 0.008 in dense retrieval (0.729 vs.
0.737). Combined with Table 1V, this indicates that the gain of
Fixed-256 in BM25 comes at the cost of aggressive splitting:
69.9% of articles are fragmented across multiple chunks, and
the total number of chunks increases to 290. Structure-Aware
Chunking, by contrast, uses slightly longer units (462.5 tokens
on average) but preserves each article as a single chunk (0.0%
split rate), resulting in only 113 chunks overall.

This structural difference is particularly important in reg-
ulatory texts, where conditions, exceptions, and penalties are
often tightly coupled within a single provision. Even when
retrieval scores are similar, the probability that an LLM
observes the complete legal logic in a single retrieved chunk
is higher under Structure-Aware Chunking than under highly
fragmented fixed-size strategies.

C. Impact of Context Saturation

We also observed a performance saturation point around
512 tokens in the dense retrieval setting. Fixed-512 and Fixed-
1024 showed identical Hit@1 scores (0.681), while the MRR
improved only marginally from 0.733 to 0.736. This suggests
that increasing the chunk size beyond 512 tokens yields
diminishing returns in semantic retrieval performance.

This phenomenon aligns with the dataset statistics: the
average article length in the PIPA corpus is approximately
462.6 tokens (Table I). A 512-token window is therefore
sufficient to encapsulate the full semantic context of an average
legal article, and expanding the window to 1,024 tokens
mainly introduces additional computational overhead without
providing significant information gain in this single-statute
setting. In practice, this implies that practitioners can often
avoid excessively large chunk sizes when indexing statute-
level corpora for dense retrieval, especially when combined
with structure-aware segmentation.



Performance Inversion: Keyword vs. Semantic Search

BM25 (Keyword)
Dense (Semantic)

0.729 0.733 0.736 0.737

0.554 0.538 0538 0538

0.5

0.4

MRR Score

0.3

0.2

0.0

Fixed-256 Fixed-512 Fixed-1024 Structure-Aware

Fig. 2. Contrast in retrieval performance (MRR) between keyword search
(BM25) and semantic search (Dense Retrieval) across different chunking
strategies.

D. Qualitative Analysis: Case Study

To demonstrate the practical implications of our findings,
we analyzed a specific failure case involving Article 18 (Re-
striction on Use and Provision of Personal Information), a
critical provision for compliance.

Consider a user query: ”Can personal information be pro-
vided to a third party for crime investigation without the sub-
ject’s consent?” In the Fixed-256 strategy, the relevant article
was split into multiple chunks due to the mechanical token
limit. The retrieval system successfully fetched the second
chunk containing the clause: ”...7. Where it is necessary for
the investigation of crimes. .. ”. However, the critical constraint
mentioned in the article’s header— "provided that this shall
apply only to public institutions”—was located in the previous
chunk and was not retrieved. Consequently, an RAG agent
relying on this fragmented context may generate a legally non-
compliant response, incorrectly advising private companies
that they can provide data for investigations.

In contrast, the Structure-Aware strategy retrieved Article
18 as a single, coherent unit. By preserving the semantic
link between the proviso (constraint) and the subparagraphs
(conditions), it provided the LLM with the complete legal
logic, allowing for a more accurate and safe interpretation.
This case highlights that structural integrity is an important
consideration for ensuring the safety of legal Al: even when
fixed-size and structure-aware strategies yield similar Hit@k
or MRR scores, they can differ substantially in the likelihood
of omitting critical legal qualifiers that affect downstream
decision making.

VI. DISCUSSION
A. Trade-off and Hybrid Strategy

Our findings suggest a trade-off between retrieval pre-
cision and context coherence. Small fixed chunks (Fixed-
256) offered higher precision for keyword matching in our
experiments but exhibited limitations in preserving semantic
context. Conversely, Structure-Aware chunks provided the
semantic completeness necessary for LLM reasoning, though

they sometimes yielded lower scores when queries lacked
semantic depth. Therefore, a Hybrid Retrieval Pipeline
could be considered as a practical solution: utilizing Fixed-
256 chunks for initial high-recall filtering to capture specific
keywords, followed by a semantic re-ranking stage using
Structure-Aware chunks to enhance context integrity for the
final generation. While the absolute performance differences
between the best-performing strategies are numerically small
(e.g., AMRR < 0.008 in Table III), the trends are consistent
across all queries and align well with the structural statistics of
the corpus (Table IV). In particular, the saturation around 512
tokens coincides with the average article length (approximately
462.6 tokens), suggesting that chunk sizes slightly above the
average provision length are sufficient to capture most of the
relevant context in single-statute retrieval scenarios.

B. Computational Efficiency

Beyond retrieval performance, system efficiency is an im-
portant consideration. We observed that retrieval performance
tended to saturate around 512 tokens (Table III). This implies
that the average legal article (approx. 462 tokens) fits well
within standard embedding models. Consequently, utilizing
excessive chunk sizes (e.g., 1024 or larger) may introduce
additional computational overhead without providing propor-
tional performance gains. Adopting Structure-Aware chunking
or Fixed-512 may thus offer a balanced approach for legal
RAG systems.

C. Limitations

First, our experiments relied on a synthetic dataset derived
from a single statute (PIPA). While this allowed for controlled
evaluation, real-world legal queries often involve implicit
reasoning or multi-hop retrieval across various laws, which
our current setup might not fully capture. Second, our analysis
focused on retrieval metrics (Hit@k, MRR). Although higher
semantic relevance often correlates with better generation,
future work should explicitly evaluate the downstream gener-
ation quality (e.g., faithfulness, answer relevancy) of LLMs
when provided with different chunk types. Moreover, we
restrict our analysis to retrieval metrics (Hit@k and MRR) in
a single-statute setting; extending the evaluation to multi-hop,
cross-statute retrieval and to downstream generation quality
(e.g., faithfulness and hallucination rates under different chunk
types) remains an important direction for future work.

VII. CONCLUSION

This study empirically analyzed the impact of chunking
strategies on retrieval performance for legal RAG systems.
Focusing on the Korean Personal Information Protection Act
(PIPA), we compared fixed-size sliding-window chunking
(256, 512, and 1,024 tokens) with an article-level structure-
aware chunking strategy on a synthetic QA dataset consisting
of 226 queries with explicit article-level ground-truth map-
pings. Across BM25 and dense retrieval settings, we observed
a performance inversion pattern: keyword search (BM25)
favored shorter chunks due to term density, whereas semantic



search (dense retrieval) favored structure-aware chunks that
preserved logical boundaries. Furthermore, identifying a per-
formance saturation point at 512 tokens provided insights into
how the average article length (approximately 462.6 tokens)
interacts with chunk size in statute-level retrieval.

Based on our experimental results, Structure-Aware
Chunking appears to be a promising strategy for the legal
domain. Even with retrieval scores that are numerically com-
parable to large fixed chunks, it achieved a 0% split rate in
our tests, meaning that each article was preserved as a single
coherent unit. This suggests that structure-aware segmenta-
tion can effectively provide RAG agents with complete legal
provisions—inclusive of conditions, exceptions, and penal-
ties—thereby potentially reducing the risk of hallucinations
and legal misinterpretation in downstream generation. For
practitioners building legal RAG services in ICT environments,
our findings imply that moderate fixed chunks around 512
tokens or article-level structure-aware chunks can serve as
reasonable default configurations, balancing retrieval effective-
ness, semantic completeness, and computational cost.

Finally, while our analysis is restricted to retrieval metrics
in a single-statute, synthetic QA setting, it provides an initial
empirical basis for designing statute-level RAG pipelines.
Extending this line of work to multi-hop, cross-statute retrieval
and to end-to-end evaluations of generation quality (e.g., faith-
fulness and hallucination rates under different chunk types)
remains an important direction for future research.
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