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[Abstract]

Hallucination and outdated knowledge in large language models critically undermine their reliability and
applicability in specialized domains such as law and medicine, where factual accuracy is essential. While
Retrieval-Augmented Generation (RAG) has been proposed as a mitigation strategy, its effectiveness in the
legal domain is often hindered by lexical mismatches, which impede the accurate retrieval of highly relevant
external knowledge. Although several studies have explored query formulation—based approaches to address
this issue, additional training costs and hallucination during the retrieval phase remain persistent challenges.
In this paper, we propose RAR-Agent (Rationale-Augmented Retrieval Agent) to overcome these limitations.
RAR-Agent employs a Chain-of-Thought and Rationale-based query formulation technique, combined with
a Reciprocal Rank Fusion and Reranker-based filtering mechanism, to alleviate lexical mismatch problems
and effectively suppress hallucination during retrieval. Furthermore, to precisely evaluate the agent’s factual
accuracy, we constructed the KL-BQA (Korean Legal Binary Question-Answering) benchmark. The proposed
model achieved superior performance on both the KL-BQA and KL-RQA benchmarks.
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I. Introduction

22 g2 9o} m¥(Large Language Models,
LLMs) 7|8t ofo] " EZo] ofst uAo|A] ELst 5=

woln] WE, o2 5 AL wujeloestx] 1 H8 WelE
wh2 ] St QIoH1-3]. Tefu} olefdt A 944

o= 255, LLMo] 71x]al 9= &zH hallucination)x}
R4 w5 sHoutdated knowledge) 2AI={4, 5], AHLA
2 d(factual accuracy)dt FA41 |4 gigo] LWaAQ
AT =HQlofA ool dEQ] A= =5 Afsfist= A|FAQ
Aoz ARgsiy 1 H8dS Al (Fig. 1).
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eval-Augmented Generation)’} 228k Qlt}t. RAG[6]
L QY X|Al(external knowledge)S BA5He] AFEAL A
23} BiE AUS LLMo] AZsti, oS vz o}
o SH S AVISHE AoltHFig. 2). o] WAL
LLMe] 81712 ofxjeln o A2l %8 222 7153
groam, Clort RN = AR TisHe o
T 7-9].
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At A(query)zt He| A7 Atojof] EAlstE oA =
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(retrieval failure) Ao AlHsHH10-12].
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&R0 AM He|(Search Query)s */dsh= WAlolt
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gjetst Walo] 55 ol 2ch20-22]

et olefet OF HEWES ket 28 it EA)
gtk oA 9 7S AL ot dPlEAe 75

o =
s7] 91t 2012 A sk WA 271Kl g

2 O

r

o U

7 24 AN AR 08 E oplsic,

2 A7t ol2ldt H2USS AT 3] e
RAR-Agent(Rationale-Augmented Retrieval Agent)S
AotstcHFig. 3). ¥ x9] k5 glo] Chain-of-Thought
(CoT) prompting[ 2612 £5f LLMQ] £Z2(reasoning) =
2e FAARNOCZ 285191, Rationale-Based Query
Formulation 7]¥1} Reciprocal Rank Fusion(RRF) &

Reranker 7]|8t9] Filtering Mechanismg ARg&sto] &
2t FAE e e Jidstl.
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7Rt BaAolct. 7]1E] o]F B7tshr] gt QA
AofE7} o EXfShU23, 24], ole2 5 vz
Eo]Qlo] gh=o] WE oo|HES] de52 APRer F
7Fel7 1ol AgshAl dtt. ol2foll =, RAGAS[25]e} Zo]
LLME 7t E8she Alie, g B9 AMEA
ede A BAHA %L LLMO] T oJEsh] 9,
=2 AlEo] QA= HE ooFdEY & FIHKRR
ARESE7 100 RHAIE AdT.

ojof 2 A= ME Jo|AES AMIA Ae/s ZATA
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HollA Bl =HE O] TPy $aet dee ESith
KL-RQA #lIx]at=2olA] 2F 86% d5(NDCG@20)2 B3
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LLM Answer

Fig. 1. Failure Case of LLM Only in Legal QA

II. Related Work
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Fig. 2. Success Case of Standard RAG in Legal QA

2.2 Query Formulation
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2.2.1 Query Rewriting
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2.2.2 Query Expansion

Query Expansion2 Q& A2 XSO 2 34 AFEA}
A8t o) 7]4] 710] ofg)A] Aol Folw, WaAHo] &
o BHZ Bt ansoz NS she P2t

A0 LLMo] 7P| 9l wrfiet AL} e 7
A8 52g B ATt B olzoiAlL ot
[271[32]. ofI& S9], Query2doc[21]& few-shot prom-
ptingS E5f] LLMo] 7He] 24{(pseudo-document)S
st stal, o] ¥ He et A A M
Hdg Hdgdezn M Hdss FHAFET EI
ConvGQR[15]& TN ZA(fine-tuning) © °lo] RHS



54  Journal of The Korea Society of Computer and Information
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III. Methodology

2 Aol A AQtsk= RAR-Agent®] A mo]mafel
2 o2t Zth HA, (1) Rationale-Based Query
Formulation2 ¥ A7 Witol, MEA oA
B35 BAA Ha](Analytical Query)Qt 7 T H2)
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3.1 Rationale-Based Query Formulation
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Fig. 3. The Rationale—Augmented Retrieval (RAR) Agent Framework
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3.2 Multi-Query Hybrid Retrieval
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3.3.1 Reciprocal Rank Fusion

L2 Hed] BUE 49, shiol @7t Aot 2
BUY e chunkrt % 2829 49 2992 09X
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25 S8 chunk® A4S

At H, WAk o=
Esto] she] 58 F5(L .0 )= BT o] 55
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3.3.2 Reranker

RRE 22|52 583 20l= 54| Qolole 4 9l
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2} 112 vliste], 9 DA oy B
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3.4 Answer Generation
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IV. Experiments

4.1 Datasets
RAR-AgentE H71517] 9lsll, %2} TIAL H#| Corpus
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4.1.1 Corpus Construction
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4.1.2 Benchmark Construction
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Y 7170

l‘
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Table 1. Distribution of Positive and Negative Classes
in the KL-BQA Benchmark

Class Count Percentage (%)
Positive (0]) 173 51.3
Negative (Of4 ) 164 48.7
Total 337 100.0

AlAl, KL-RQA #Ix]op39] A @ (Ground Truth
= ohg’2 il At
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2},

4.2 Evaluation Metrics
4.2.1 Retrieval Performance Metrics
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4.3 Baseline Model

A9Fsl= RAR-Agento] A5-g ulwslr] 9af, Qal=
LLM ©@= @Y e Hybrid Retrievald} Rerankerg2 =
ghet medof] o]27|7kK], Y| 7HA] o] Azl RHl3 dA]
sloict.
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LLMo| 271 242 Aigalct. o2 o) 9% x4 2%
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4.4 Implementation Details
H Hl= Ubuntu 22.04 LTS & NVIDIA RTX 3090
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4.4.1 Architecture Components

B ASlofjals LLMO22 OpenAl®] ‘GPT-40-mini-2-
024-07-18'2, UH|d 2 2= ‘text-embedding-3-la-
rge' 2 AR83HCE Vector Store= ChromaDBS 2231
00, Hybrid Retrieval2 text-embedding-3-large[36]
Q} BM25[3715 ZAgtsto] L138ict Reranker2 = th=o]
M=o0] AZE Yjina-reranker-v2-base-multilingual 2

SERE

4.4.2 Hyperparameters
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5.1 Main Results

B A7t A|okst= RAR-Agento] A58 o] Az}el
oElsa tzte 2 by ¥ ASs] o5 A mWrke
Zlegsict.

5.1.1 Retrieval Performance

Table 2+= KL-RQA RlIX|ot=0] dfish 4719] == A
Je= HojEoh

Standard RAGE= NDCG@200] 0.6153, Recall@20-2
0.86482 7} Yo H=2 Wit} o= Reranker’t
L Standard RAG(Dense Retrieval)?t Alwit @==]
chunkE 9z 714 e+= s3o] Fdts Bl

HoFo
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olo] RerankerZ =3t Dense+Reranker 2E2
NDCG@200] 0.78952, Standard RAG tjj¥] 28.3% =
8pAE| oIt 0] Reranker?} 2+9] AU A (Precision) £
ol SR dFg site e Ho&Eoh 12y
Recall@202 0.90050] 13t

Hybrid Retrieval2 A183t Hybrid+Reranker 2@
Recall@20S 0.977071x] 37 Bo}&300, NDCG@20
Al 0.83892 Dense+Reranker TH8| 6.3% ZFAtE|QiCt

Table 2. Retrieval Performance on the KL-RQA

& nE AEON 1Y 2 A4 7lss

¥, RAR-Agentt ZE AZA 71 &2 H4E
Ik oIt AR WYl o Bk, A &
Aol F45t0], g oo 3 G
e e BYHee noEd,

5.1.3 Answer Accuracy
53 99 FEES W7k 9ol KL-BQA IR0t

Benchmark
£ A28l Accuracy®}t F1-ScoreS ZX3HTT
Recall | Recall | Recall | NDCG | NDCG | NDCG
@10 @15 @20 @10 @15 @20
Standard 07832 | 08240 | 0.8648 | 0.6066 | 0.6100 | 06153 Table 4. Answer Accuracy Performance on the
RAG ) ) ) ) ) ) KL-BQA Benchmark
Dense* 146929 | 09005 | 0.9005 | 07922 | 0.7907 | 0.789
Reranker | 9005 | 0.9005 | 0. : 7895 Accuracy F1-Score
RHyrb:ﬁ+r 0.9566 | 09719 | 0.9770 | 0.8496 | 0.8433 | 0.8389 LLM Only 0.6053 0.6295
eranke Standard RAG 0.8665 0.8703
Ours 0.9617 | 0.9770 | 0.9847 | 0.8566 | 0.8572 | 0.8581
Dense+Reranker 0.8991 0.9012
AEMo2 B 77} Fotsk= RAR-Agent(Ours)= Hybrid+Reranker 0.9347 0.9371
Ours 0.9466 0.9486

Recall@200] 0.9847, NDCG@202 0.85812 E“d5}od,

+ Al&(k=10, 15, 20)91A 7P =25k Hlo]2efl
D d(Hybrid+Reranker)E L&A 57160t E9], o
2 vlo|aztel BRSL A7t 10004 2002 71
NDCG A47t shfshe 4= HolA|Th, RAR-Agent=
0.85660|41 0.85812 G5 4d50] ”%?‘iq. ©
2} Aetehe Bavol 1 94t 4
Aloll, A Aute] AgHH 2 I 9 %94011’\15 =
chunkE 2oz Fopfol5 HolE

=1

Lo tids
5= 2dgt &

M

5.1.2 Answer Quality

A4 Aol LLMe] 215 gl B0 uAl ofarg
2A517] 15 KL-BQA IX|op=0jl4 RAGASES AHES)
Faithfulness, Answer Relevancy, Answer Correctne-
ss & 371A XIE2 A3} o9 2R Table 30] A
Al

Table 3. Evaluation of Answer Quality using RAGAS

. Answer Answer
Faithfulness
Relevancy Correctness
Standard
RAG 0.8840 0.4561 0.6488
Dense* 0.9167 0.4692 0.6699
Reranker
Hybrid+ 0.9328 0.4579 0.6806
Reranker
Ours 0.9337 0.4831 0.6917

Table 404 2 4
Aoeo 284U 9

]_

LLMe] U2 x|Algto 2 WE Tujol] AR Hats
YU 5 gleg Paks] BolE

RAGE] 7341 AP0l ol mel, &% Tyl A
(F1-Score) E3t 0.8703(Standard RAG), 0.9012(Dense
+Reranker), 0.9371(Hybrid+Reranker)& Qe 7] AF&
shArt.

A|9tsH= RAR-Agent= F1-Score’} 0.9486°.2 714+
S HM3ict o|= HojAZle]l wHl = Ik

Hold d5=
Q43 452 Hol= Hybrid+Reranker Thy] 1.23% &F
Ayl Mo|ct Table 49] A2 E3), 92)7} Fotsh=

Agentic RAG FrameworkQl RAR-Agent7} &Jetst 2%
SUe AT & U8S UETC
5.2 Ablation Study
5.2.1 Analysis of Hybrid Retrieval Weights
A|9tsH= RAR-Agent®] Dense®} Sparse(BM25) 75

Aol o2 ds YekE HNH. Fig. 4v &S
Dense:Sparse 7}&X] x§oz, 42 ZAM M=

(Recall/NDCG)0.2 MAlslo] 971X x3t0] Am2 A]
33t Zlolct.
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Fig. 4. Impact of Hybrid Retrieval Weights on Performance
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5.2.2 Impact of Contextual Scaffolding

3.1.20|A4] ™3t uie} Z+o], RAR-Agent= Rationale
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77t Al J
Query &40 nlxl: g3k AEstunt ¢

Retrieval Performance Analysis

Table 5= CS 4 CoT9| A& {50 g M s
A EE Bl

CS9} CoT7F 2% A8= RAR-Agent= 7+ 14 Q4
2 51U AQlsh RHE oy R X mojA daEA 7t
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‘Without CoT’ 2&lo] CSZ AQlst ‘Without CS' 2&
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1.86%, NDCG@1500|4] 0.67% &Atsl ZAib= CoT ©&
AME A1) SHAIE CS7t 5apd oz Hetsto] 215 AM
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Table 5. Impact of Contextual Scaffolding on
Retrieval Performance
Recall | Recall | Recall | NDCG | NDCG | NDCG
@10 | @5 | @0 | @10 | @15 | @20
WSZ‘T’“t 0.9464 | 0.9617 | 0.9745 | 0.8541 | 0.8545 | 0.8562
W'g‘S"“t 0.9490 | 0.9592 | 0.9719 | 0.8513 | 0.8515 | 0.8533
Ours | 0.9617 | 0.9770 | 0.9847 | 0.8566 | 0.8572 | 0.8581
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Fig. 5. Efficacy of Contextual Scaffolding in Mitigating
Hallucinations during Rationale Generation
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5.2.3 Impact of LLM Reasoning Capability on
Accuracy
| Aet= LLMQ] &}jo]7t A
ﬂioﬂ URlE dd= A5t ofE fls st 24
oA, ‘GPT-5-mini'?} ‘GPT-5'5 AR23H KL-BQA HiIX]|
0}30f|A] Accuracy®} F1-ScoreE ZAJSHCt Table 62
LLMO] #isto] w2 Rezo] xjo|S Hojzch

Table 6. Performance Comparison of Different LLM
on the KL-BQA Benchmark

Accuracy F1-Score

GPT-40-mini 0.9466 0.9486

GPT-5-mini 0.9585 0.9598

GPT-5 0.9792 0.9798
Table 60 T2, 419] LLME AF§84-2 ofo]HEY)
ARE EE ulelsll Asete ARe Ryt

Accuracy®t Fl1-Score?t Qe 7HAEQICH, o]=
RAR-Agent WHEZ HE S9F Y E
(Collaborative Agent)9t Agrsr HQ
= 710 4 A32 ARSI
5.3 Case Study
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Fig. 6. Example of an Analytical Query and a Rationale
Query Generated by RAR-Agent
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~ User Query
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VII. Limitations
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VIII. Future Work
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