'.) Check for updates

THE JOURNAL OF KOREAN ASSOCIATION OF COMPUTER EDUCATION Volume 28, Issue 2, 2025

AFENSKSS| =2X] 2025 X283 2=
https://doi.org/10.32431/kace.2025.28.2.007

/9 ATE 913t Retrieval-Augmented

Generation (RAG) 7|& S3F 2 A7t

Trends and Prospects of Retrieval-Augmented
Generation (RAG) for Generative Al

o1zt

At

Ho

Yeochan Yoon'- Sookyun Kim'*

&

RIS BRtet. GPT-39F GPT-49t 22 thf 2 /lo] RRl(LLM)o] Hofid qlof 43
HojFa WIDJ, AMA B AARE A Y S Sl EAA sEds
o} RAGE A AU S A 22 2o ol2feh #AIE si2si,
£AS @AVP_E Hzsto] 44 Aol A=)/dS =9Itk =2 RAGE] o194
Aoz ZAstH, 24 wE, 34 AYAE 74, 220 Y mAUSS 2o
4 CHECH 59 BLEU, ROUGE, AR g7tet d2 2 87} 2128 HES
, WA, 0%, S8 2 ThgRt =rclofiAe] A A Alellg ZRsit). oot 8
A4 slo| 29 A=, ZHIE B FA], Qe v Bt 2 £ SAE AAISHL, 2|4
i 5l e RS HlolE Rt 22 vjEl A7 el vidh S-S Atk 2 Avs
RAGS] 734, SHA, _134 A -8 7S AAIZ R BAsto 2 RS ATS] Ak
AR, N, AHAS FN717) 218l RAG AAREE E]lstete Atatet AR Aol
A 7tol=E Hl#o}f ZS SFE

% oo rfr fo
f
:
rlo
%
2,
of!
=
AT
o
)
x
e
@
5
2
z
:
=
@
oL
@
B
%
=
o
EL
5
N
o
119
5
l

EOR
=

J

rol

jg e o
Mt Jz o ofr ofo

=

OIN- >

H

248

fo mx X

}:1

ZFN|0] Retrieval-Augmented Generation, 4448 Al, T2 210{ 2!

ABSTRACT

This paper explores the technological advancements and applications of
Retrieval-Augmented Generation (RAG) in the field of Generative Al As large
language models (LLMs) like GPT-3 and GPT-4 demonstrate remarkable
language generation capabilities, their limitations in factual accuracy and real-
time knowledge integration necessitate innovative solutions. RAG addresses
these challenges by combining retrieval mechanisms with generation models,
enabling real-time referencing of external knowledge sources and improving
the reliability of generated content. The paper provides an in-depth analysis
of RAG’s architecture, encompassing retrieval modules, augmented context
construction, and generation mechanisms. It also examines key evaluation

res X1|T'EH§ L AREFIE T LISHSTS metrics such as BLEU, ROUGE, and factuality assessments, while highlighting

SRR practical implementations across domains like healthcare, education, and
frEs ﬂT fﬁ ZESIOfSrE BRESH finance. Furthermore, it identifies challenges such as knowledge base

HEu reliability, privacy issues, and infrastructure costs, offering insights into
=257 20254012 03Y future research directions, including integration with knowledge graphs and
AMatgtz 20254 028 18Y multimodal data. By systematically analyzing RAG’s strengths, limitations, and
Axery 20259 028 19Y potential applications, this study aims to guide researchers and practitioners in
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adopting RAG systems to enhance generative AT’s factuality, trustworthiness,
and usability.
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