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[Abstract]

Legal question-answering systems demand high reliability and accuracy, and large language models
(LLMs) have recently been actively explored to meet these requirements. However, pretrained LLMs
often struggle to reflect the most recent case law or specific legal provisions, which can lead to
so-called “hallucination” — the generation of factually incorrect information. To address this issue,
Retrieval-Augmented Generation (RAG), which generates responses based on external documents, has
received growing attention. This study aims to develop a RAG system tailored to the Korean legal
domain by optimizing key components including document chunking, embedding models, and retrieval
strategies. Experimental results show that combining BM25 with a fine-tuned embedding model trained
on Korean legal data, applied to semantically chunked documents, yields the best performance. The
proposed hybrid retrieval approach outperformed baseline methods in both retrieval accuracy and factual

consistency of the generated answers.

» Key words: Retrieval-Augmented Generation (RAG), Legal QA, Hybrid Retrieval, Semantic Chunking,
Embedding Fine-tuning
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I. Introduction
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II. Related works

1. Retrieval-Augmented Generation (RAG)
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2. Retrieval Technologies
RAG AJARIO] AR 452 AREATR] AlQ]of s
A =0 }\15' 041:|}]_Jf 7(‘]9.]’ }71] AXBE A ole]oﬂ i7ﬂ

o rx.l_. T2 T Mo

FFFS L= (2] olof meh A ds £|1A3= RAG A

wopollA Fagh A pAE F% 1 QY

|& A8 AMe TE-IDF [5]L BM25 [6]2h 22 ol3)

|8t (Lexical) Z4M, & 5]4 (Sparse) A% 7|50 of&

Ich §H9, U4 (Dense) AA2 ZA19F HelE VATY

g o migsto] oJuld fAMIE F45k WA

AL o] T ool oEstA] oL, &8

S A o Qe Aol ol

S|4 AA 719 % oIl BM25+= ©o] B1Eel AFA]
945 SR o= uesto] 419

AAYS Flote S8R 7 A

-+

N
)

N

ol
T

H
N

o
=

o)

ne

A ©
p
_|>4

i)
o
=)

1=

T
H1
Ao

S~
i)
=)
oln

O

2, 719 E tjRo] 8



Optimization of a Hybrid RAG System for Korean Legal QA 55

a 0%]§ Dense Passage Retrieval
(DPR)o] Qltt. Karpukhin 52 AZ-4T 4 HolHE
&85l BERT 223 UJM|RA (fine-tuning)sh= HAlZ
ol A dHld 7I8F M des2 A PR,
Top-5 M Aete 7|F0=2 BM25E S7Iske U=

Blok [71.
0|3 BEIR WIX|ut2E Foll A5% 2
Hd 2do] S5, I AA0] 452 U8 P
5& Ot EIAE 4 Hlo]g] (CCPairs)E ©]-83H T

\I
>4
du)
o
[Sal
i)
N
rlo
of
fo
)

l‘

lm

sk (contrastive learning) 7]8F 3102 HE g
Ol= Slol&= A=A (zero-shot) 7oA 7]E BM25 7]
Simcle=s iﬂrﬁ}t Fee 25 (8]

gt dollA= 9ol 7|9k Aol taARl WY &
S = KoSBERT 97t d2] Arg%ch KoSBERT=
Sentence-BERT (SBERT) #+& [10]& 7|§¥lo2 =
gh=of Ho[EAlofA sl w7 AHlE L2z, FARI
QAL F]gte] B4 7+ ojo] wlwo] F|=jslElof Qirt

DU ) A AL S B ol A9
ofis] WA RO 2 AU Mo A} Exfaic
ol petstual, sl 2 W 2] RS AT
slo|Bgje 7AA 7]go] &) J1E 1 9Jct Luan &
[11}e 28 #e] 2712 7l 2 wq &
o1, Sl sfoluPi< 2901 e B B

o A2 woﬂ ] 8 BERTS} Legal-BERTS] 452 b
wsfol, Eolel 53 wlo] WA A THoIA QA3
52 HAL FIsler [12]. of2idt Ant B A7
A @70l WE ooleldl JI3 E5 2 melgd Nge
WASA © 72 710l

3. Document Chunking Techniques
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4. Legal RAG Evaluation Benchmark
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III. System Architecture

1. System Pipeline
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Fig. 1. System Pipeline
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Fig. 2. Overview of domain—adaptive fine—tuning of E5
for legal retrieval using in—batch negatives
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5. Retrieval Methods
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6. Generation Method

35 99 A4S U3t 27 29 (context) 355
A 71aeh A o] ARt A9l K A2 (chunk)
£ 7I8te g sttt & Aol LLMo] A2d 4

o= =W Zojet At 84S wHstd K 302 A
goroity. 2ejup gA Ziio] yigtet HIgto 2= ¥
28730 Bast SRt WS AlEsty] ook AVt
SRR

ojefet #AIE siast ] Hsl AME F39] ofH I
935 Wl B 2etold YR YA HEH 2
9% sgsiolch PARoRE, 7MY Jag JlzoR
Qslo] YRIs H2S W Zalsle] & o] A4E A
32 P9 222 stk of WAL WE BAA
A 8T 3 ARG eI ol AR At
A =, LLMo] F¥io] Bst 2715 gusha Alze
¥O UL US 4 S Fioh ol T4 Y
29 253 Abga AolE s mEmEe £,
Google?] Gemma-3-27b-it 2o J=isto] 25 T

2 gk

7. Evaluation Metrics

7.1 Retrieval Performance Metrics
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Table 2. Definitions of Retrieval Performance Metrics

Criteria Metric Description
Reference Rules ref_Recall@k The probability that a correct rule is included in the top-k results
Reference Rules ref_MRR@k The average of the reciprocal ranks of the first correct rule found
Case ID case_id_MRR@k The average of the reciprocal ranks of the first correct case ID found

7.2 Generation Performance Metrics
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IV. Experiments and Results

1. Performance by Chunking Strategy
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Table 3. Definitions of Generated Answer Quality Evaluation Metrics

Metric

Description

Faithfulness

Evaluates wether the generated answer is factually grounded in the provided context

Answer Relevancy

Evaluates how relevant the generated answer is to the original user query

Answer Correctness

Evaluates how semantically similar the generated answer is to the ground truth answer

BERTScore

Calculates semantic similarity between the generated answer and the ground truth answer
using BERT embeddings.

Table 4. Comparison of Retrieval Performance by Chunking Strategy

Category (p=bottomM°/Sdoef| ) CNhOLjnokfs ref_Recall@3 ref_ MRR@3 case_MRR@3

Fixed-Size Fixed-Size (Baseline) 74,665 0.6182 0.5831 0.4401

Chunking

Semantic Semantic (p=50%) 55,286 0.6562 0.6330 0.4408

Chunking Semantic (p=60%) 62,973 0.6534 0.6314 0.4537
Semantic (p=70%) 70,751 0.6423 0.6183 0.4463
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2. Embedding Model Fine-tuning
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Table 5. Performance Comparison of
Embedding Model Before and After Fine-tuning

Retrieval | ¢ pecall@3 | ref MRR@3 | case MRR@3
Model
E5
0.6534 0.6314 0.4537
(Base)
ES 0.6884 0.6661 0.5040
(Fine-tuned) : : '

3. Retrieval Model Performance Comparison
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Table 6. Comparison of Retrieval Performance by o

a ref_Recall@3 ref MRR@3 case_MRR@3
0.1 0.7093 0.6889 0.5598
0.5 0.7096 0.7068 0.5772
0.8 0.7118 0.7085 0.5872

Table 7. Final Retrieval Model Performance Comparison

Retrieval | ¢ Recall®3 | ref MRR@3 | case MRR@®3

Model
ES 0.6884 0.6661 0.5040
(Fine-tuned) ' ' '

BM25 0.7047 0.7047 05771
Hybrid

(BM25+E5) 07118 0.7085 05872

(a = 0.8)

4. Quantitative Evaluation of Generation
Performance
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Metrics
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Fig. 3. Comparison of Final Answer Generation
Performance by Retrieval Method

5. Qualitative Analysis of Generation Performance
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V. Conclusion and Discussion

1. Proposed Architecture
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Fig. 4. Comparison of Retrieved Evidence and Generated Answers by Model
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