ASK 2024 sautarfs] =27 (312 13)

23742l RAG Document Data 733} H&F

FP

&R, 72 g ) s

Lol shol bul Sl Al sh ) whAlS

2ol sfoj Aprhelal H o] EjALo] A8k AAfatA
Fe gt g stat we
‘ol shof Abr st 4 stat

O

teumdal@ewhain.net, limyg512@gmail.com, mjpark@kumoh.ac.kr, smchai@ewha.ac.kr

Effective RAG Document Data Structuring Strategy

Young Jin Son!, Yugyung Lim?, Minjung Park?®, Sangmi Chai*
"Dept. of Business Administration, Ewha Womans University
2Dept. of Data Science, Ewha Womans University
Dept. of Business Administration, Kumoh National Institute of Technology
“Dept. of Data Science, Ewha Womans University

e of
Qs o] mele] e BAE A H AR AT FofdA & AHE o|Fon A&t
ool A& AFE JhestA Aok 2Ey do] RAS 55E AR ATl FAE JAH wu=
BAE3 AR5 AYAE 4= 9t} RAG(Retrieval-Augmented Generation) 7|2 o] 2|3t 3AE =535}
71 $18] AtE ARG, & AT A= RAG 9] gHEAY a8 i°]7] A8l oF FA AR o
of ©9 = Jhd e shd g tlolg AEE A AFst By At A e T4 A
A& 7MestA st AHE AlA g

N
En

95 A A= S Astazt QA=

of m¥ 1o o
Z % orlo J®

c

1. M2 ¢ ARE g&AHoT AT £ JEE 2]
RAG 19 A9 AEa 5 24 &4 dA
GPT ¢} #Z2 diifi 1o E=(LLM, Large Language A ARE-xLe]l 2] 9} Database document & 53] 57
Mode)5 9] lom B2t A4 5 AW AT 2F  mopo] uw Ang AT wg Fasi 2
DA Lol U 53] AREAReE V1A 3RO gisro) A RAG 9] B EA G 8AS o]y 94
A3 2TE bt ste] AWt AREAEO] 1E gojy oluye zslsl WS Aoksle] oW
& Bu &G AR = A el HAA 2 =34 s},
M o2 AAF grExs LLM £4d dolge 3
A& 54 =Rl AL 22 T 2E 53kd 2.RAG (Retrieval-Augmented Generation)
Jre glojA= A JRE AFAY g9
Aotk FH & & Hallucination 2] 9]3lo] Q7] RAG 719 dojrdor @& AAs7] Aol
mEol] el FEE Zgst7] otk 53] do]  ZIEC] StuE dlolH e fRelM A 4 9l
o] g5t &S 7199 EAT YR Aryp g OlEHo]AE FE(retrieve)st = sl 7MW olTH2].
3k AgelA o% st AREAL F P gk "o wEo g A A4S A
HAMZ7F WA (RAG, Retrieval-Augmented Generation) & o224 O*OJ E’—%]O %a% Fg AT RAG =

011:!1:41,]

st ol @Am was:

A 3 shjw

[1]&

[‘

Arol o AAANS AF, = WE, oty ol AETF JEH Agjel f-88irt (3]
wrel E3F AR, A} 22 gF ZrE a RAG 9 F8 74842+ 2197 (Indexing),
T ARE LLM Z2A A 9 Xoa Alaste]  (Retrieve), A4 (Generation)o] AT} <l

A

S AZHEAANFA LIE LLM ©o] E3ld HAE

=
3 571} Jé.&fz} W4 Asiggs 2o A4 PoHA

7—1}~_l‘4

9y Hge 9

& dHelHE AAl, FE3to] A Zadgk dolHY

- 807 -



ASK 2024 st=gtzrl

3 ==F B1E 13)

HZ 3938 34 (Embedding)olth. A 34L&
AL e dEs WMHE wgste] g gt <l

9ol a Qe WE g kel fAES Aol 39
K @(Top K)& Aah shgolth, A4sge ey,
A4 34 Fo A 4uE AGHe] ARe =
BEES 443 olF wow ojwde] ALgA

ANA HHE AlFs= Aol

(¥ 1) RAG ZHl Y= [2]

RAG & T3+ A A X (Pre-Retrieval Process), 73
Al 5 A 2} (Post-Retrieval Process), RAG }o] X2}l
] 3H(RAG Pipeline Optimization)2] 3 A2 Yz 3
th4]. A A A3 RAG Alz=Ele] HA 849
Aol Ag PN 7= Aol oy <149
HAsker duld AAHES S RAG AA A3 #-
AR g P FHE vk A & HAe
dlolejmo] 2o AAE T8 HHE Flof At

of dojrde] A|Fst= HAolw, fo]zelel HA
shi= RAG Al2=8 ZpAle] a8 AH F4& 3
Al7l=d 84S Fok

RAG Al2=¥lo] AN g&/d3 Ao A& A
7131 54 okl AHE AlFsh=t] o] RAG 914

e Fg 2 TA A dAdA AEAe]
2]¢} Base wAle wl§- TStk o]Est FRE A
ot A W HAAE Aslste HoRE doly <l
17 HA sl W o= dolE AlEst Zrsl, <144
T2 HAg, vEdely AR St BE HA L &

3. 2lEld clolef ==t Mef

A AN AR AeE FIATI= S
& e A3 T’ﬂa Dethe Bl glon &
¥ Top K #4190 =58 dojrdo] guls 44T
dEAE o= o] "vh =Y, AREAH
o] 7]=el WP E FA e T, Folof, Pt
Ers e Aol ‘HOV“] T TS

| 43t7] 9&l RAG Database ZﬂJ— ] #E FEA
olyz} Document WollA T

o L REE O o i B M o
= m1m Ao

& golz Holgt vl Au, %%ﬂﬂqwg%&
ol AuEe 94 sHune FHoR TR

B ol 4% Ay dolHE ATl
RAG A28le] AFEE Folug Arh1d 2.3)
wol ez suaes f A9y HolHAES

Database = 74 A&3}F

z3 g EJowx
AgAe] A2eh ke

=

-

R |
A4 AgE
sk

=

A AA FE(Top K)E &
BAA AREAZE Z1dE gHe vy g =Ed 5

o]
2R

- j
y-
(Q‘O—Qj ’) % h Data Set

Category 1

Documents %
J

v

S Document
Chunks

Information

Relevant
Yo .

A 4

\
'

@ LLM Export
\

(Z¥ 1D RAG 9] o194 dlolg AF

v,

primary_term dict =

S ASHEH S, [ D

"&b ol o UHISE DTk, r BT 2

PHOERM, (R, w2 W RS,

nH2te] s [nH e W, wHSrMel Ay, wE2ro| W

IR R [HIZ KA, HIZREY, RN,

AR eIkl REe, o2kl A, nHtel FAH - A

“CH2AIS . 2RI "SI, ST AT, ERE,
DB, (vplS , "BoiS Eeln, Eoiel Hsln,

=HEZ=
"*oHHHM :

Z‘\Ef

m2lEp
"QQIQQ L ASH I j"é.*i@i“ tel de Y Ms Har,
ol HEr. (ERIOS UTDA, (FESA Sv, rUsol HE

(29 2) wol w9l AL WS

4. 24E
RAG 9] Database o] B U3t Jujoju} MZE & &
o= HodE T JH, FEFAY EZ Q3 dof
ARE 71X dolE A = = To] &9 A4

%
2 dole MES F7 Algro s Algxl FEle] A
gof glo] ®r} FEe A =
s s me] 2 & A
%’4 inkls OME} v @9, 2
B AEE A AlFsta =
7&%6}04 RAG & &9 LLM HWe] AgAdS Fola
A} ghe},

=

i



ASK 2024 st&t B3] =27 (31 1

g

)

mk
2t

=

[1] Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V.,
Goyal, N, ... & Kiela, D. Retrieval-augmented generation
for knowledge-intensive nlp tasks. Advances in Neural
Information Processing Systems, 33, 9459-9474. 2020..

[2] Musumeci, E., Brienza, M., Suriani, V., Nardi, D., & Bloisi,
D. D.. LLM Based Multi-Agent Generation of Semi-
structured Documents from Semantic Templates in the
Public = Administration Domain. arXiv  preprint
arXiv:2402.14871. 2024

[3] Wiratunga, N., Abeyratne, R., Jayawardena, L., Martin, K.,
Massie, S., Nkisi-Orji, 1., ... & Fleisch, B. CBR-RAG:
Case-Based Reasoning for Retrieval Augmented
Generation in LLMs for Legal Question Answering. arXiv
preprint arXiv:2404.04302. 2024.

[4] Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y., ... &
Wang, H. Retrieval-augmented generation for large
language models: A  survey. arXiv  preprint
arXiv:2312.10997. 2023.

[51 ZA&, #4%. M-RAG: vlEtdo]ElE o] &3
RAG WHe Aedd. Iarygdrneasts]i=i~],
27(12), 1489-1500, 2023. 10.6109/jkiice.2023.27.12.1489

- 809 -





