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Abstract

The rapid advancement of digital surveillance and monitoring systems has led to a surge in demand for real-time multi-channel
video analysis. This study proposes a system that integrates natural language query-response capabilities into a real-time
multi-channel video analysis system by utilizing Vision Language Models (VLMs) and Large Language Models (LLMs), and
conducts comparative experiments using various methods. The proposed system interfaces with legacy video analysis systems to
convert metadata and multiple images into text via the VLM, storing this in a vector database. The natural language
query-response module is designed with a multi-layered structure comprising query classification, Text-to-SQL conversion, and
Retrieval Augmented Generation (RAG)-based response generation. Performance comparisons of 10 state-of-the-art VLM models
were conducted in the VLLM environment and evaluated using both qualitative and quantitative methods. For RAG optimization
techniques, search accuracy was evaluated using RAGAS for various combinations of re-ranking, hybrid retrieval, and query
reformulation methods. This study presents a practical implementation approach for VLM-based natural language interfaces in
real-time video analysis, expected to contribute to the future development of intelligent surveillance systems.

Keyword : VLM, LLM, RAG, Multi-Channel Video Analysis System
Copyright © 2026 Korean Institute of Broadcast and Media Engineers. All rights reserved.

“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use. distribution. and reproduction in anvy medium. provided the original work is proverlv cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2026.31.1.77&domain=https://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

78 HreEehE=EA] A31E A1, 202613 19 (JBE Vol.31, No.l, January 2026)

1. M B

Al A}ﬁoﬂﬁ—t— 37 A B RUEE AA"e]
ol E2 AAL Yk 53] AntE AJE|, 4+ b Jirﬂ
T RUHY § ohgs fopellA AAT v Ad 9
BAd tg 271 Z718t2 gtk EdAAAAA] vl g
A Aol wWET At ZA] A 2023 82% oA 2027
Z Qo7 Y AL 4F 4,156 PolX 5%
46729 Yo7 A Z 07 dAfE) 7| GAAN 3
A ASRES FE AR "R, F 14, ol 84
59 54 Aol SstEo] Stk tixHA 7502 E A
A #Z(Object Detection), 214 52 (Object Tracking), 3
& 22)(Action Recognition) 5-¢] o™, o]2fst A|2~ElE
& FxstE g4 2 27 dloJHE Ak W e
Tt AA AE2 AFE ¥ okl A Ve T
SR, G Welx] AA o] 91Xk MFE FAIel 2Est
= 7)<l 3], YOLO(You Only Look Once)!''= 24|
AR HAE Eokll A HAHQ B o]Fo] Ytk o] %
YOLOV2®, YOLOV3P'E A# 341 YOLOv8!o| o] 27]
7HA] A &H O %*148}1 915} A FHE Ao R

)\migb_ I ol= AA

E

%%X#o}ﬂﬂ zaEduitt AAE AE
st AL dol, Zdd 7 AA Y] TS FA
IDE Fogith, gixdel F4 ¢1FCZ+= SORT

(Simple Online and Realtime Tracking)™3} Deep-SORT!®
7} 24t} SORT+ ZH9+ FE{(Kalman Filter)S AH-she] 2
Aol o YA E dFata, F7heet 93 2]E(Hungarian

a) A Ae71eh el loT§5
Lab., SeoulTech)
b) A& 3371E sty ~vlEICT§ 3552 (Dept. of Smart ICT
Convergence Engineering, SeoulTech)
¥ Corresponding Author : ¥*%HGoo-Man Park)
E-mail: gmpark@seoultech.ac.kr
Tel: +82-2-970-6430
ORCID: https://orcid.org/0000-0002-7055-5568
HE QT SISYREAY L ARENGR00) 20268%
FEAEZAYNNL AR FAAAS (P ZAAYN
RAG Aldetd THEAE /Mg, HAWI: RS-2025-02219484, 7] &
100%)
- Manuscript October 17, 2025; Revised November 24, 2025; Accepted
November 24, 2025.

71 A72(IoT Convergence Technology

Algorithm) & F3 HZ¥ AA| e 71E 74 3
Z wjAge) olF ded 71¥el 8% DeepSORT
SORT®] 7] 20l 93 545 F7hste] 74 @2dolut
ANA AE Ao FFINE A FA S 75

A HedS o8¢ UF AA FH WHOE Byt

zﬂsy;} A} B o]/\] o ojabo ZHE] o]7ko] &)

=

Eo

o=

Aoz A¥ey wRshke HFH vA VeR, AL
715k

?;5:'1—

E

Vision Transformer(ViT) 7|5+ o] 71&<] CNN

W ES WEA AL vk HFAA CNN F2&
HE Qe Ba AH AT 5L FRaE W,
WATHE self-attention WAUEE S83te] A A
I 9EEe aAHoR Rd™Y S vk Shaikh et

all'%2 3% <14] #ofellA] CNNell A Transformer=¢] o

e XA E BASH, 9EREY HolE §
7+ 38 8ol A Transformer?] $F4S d5
A} A, Xjao et alNe ANA &
learning)< Vision Transformer®l] 53+ Enhanced Visual
Industrial Sequence TransformerE | 9Fs}e, @lo]E-o] A
E A FAGAE = FPE 014 AL S I
olglgt P AA] oMl E ZHA] 7)%52 AAIZE A7t H A3}
wof 9lom, 7t oMl Ed thaf wlE] AojH 2% dA
= 73 Ak dlE 50, Fdely 223 22 Ak
ARG el o® FoHo] glof wE EelA F2o] 7}
stk Bgh 7]E AAES AAl 9 A 23 AF
AZR7] Wioll Bt T mIZe FopollA A = Ak
Jev olefst AN G w4 AR ES AFEATE A}
AoE ¥t Hatal WeEbQl dejo il A A2l
SES Algshe g sHAE Belth dA 94 w4 Al2H

S} (self-supervised

ruio ol rlo

SQL(Structured Query Language)3} 72 zl
olS AREalof stEE B3 e 3 A4
‘jr ’915‘“ 22} olgo] BEHEO R Wt 7

© AHEAEY] S A ge] mhotetr] ofyh wiA
P—E, &5 the Ad F HolHE AANTCE A3
AA Ao} Ao S7HH o2 et b A7} QT

o
Iy
=
ox
ok
1z
r o



AU 9 131 ANz thg Ad G B4 AI2ES 918 VLM 7] Aol Aojge AlAE A 79
(llsik Chang et al.: A Study on a VLM-based Natural Language Question-answering System for Real-time Multi-channel Video Analysis Systems)

Apelo] Ao LIMF VIME B S Ea 7|E 4
t NEE 7HsA = AAg 53] VLM
]o]aE Eﬂ/\Ei tﬂ:@}o]..‘: heﬂo] =i
Al = A J% LLM zpdo] Aejol tist olsli o} S,
HA 258 SollA Hold A5S Holi otk RAGS
HE] glojEjw o] 2] AT it HE|RY tlo]El oA
F&A o) Gt X*ld_ A 2 3E NS 7hsstA g
o} kA% VLM/LLM #4222 AFE
atal, 7] 7% 183 o ASHA B Al
AL EAGT B Al s AN G 24 A
o] ZX¥} VLM/LLM 7|%9] 3& a3 0 2 Sk
sto|HE ol|HXE s, 71 AAZE 9 24
o] A3 JRQl vetholel e} F4 JHE F Al VLMO]
A&t B Aol AN o Al 93 velHE
AAdol2 Aod & A AEHo|AE FFH8hA, Theket
VLM B e] A5s TPACE vluste] 49 Y A
8] 7135 AAlSh e TSt RAG 719 A4 A2l
vl ate] S8 AGEE GO EA, A 74 849
VLM#} RAG 7I1H 9] A28 843 458 ASstast
) B =R AL BEoX A2H of7)ER, A
T L AH A7, AR L IHAS AR A2 L g5 AT

ul

<2 0
=

uk‘i ot

¢

¥

Metadata

Video

Event
Detection

. 2 £
1. A|AEl O} |ElIX

(RIPNEN=TRES

Altets Al2EE A 94 4 BE, VLM
&, WE vlolEHolx, Aol Ao 3H EEE 74
7t 52 wo]| AR 2 op[HAE AAEo] 5]
I A7 SRS A EATE A" °
H 352 thad 2k 91A4, v AdolA 8 3
delHe dAAN F4d T4 Az"s B8 7124
tolE(AA] €A A, oWlE FH, Al JH F)E A
stet, wEH ol H 9F ZH U5 VLM< Sal Af<lo] Ar
S & BgtEH, olx Y FH AX HE dolEH o]
2o AHETh AREALY] Aol H vt lgEW, He
F EE(Query Classification Module)©] ©]& #4]5}o] %
Agk A2 AEE e ath AREA A7t vl ol EH| o]
22 AR Aol A Text2SQL L ES 43 SQL A&
Agsta, dolgMolaoA HEE FEste] T
Text2SQL X&2 AHgAke] Ao} ZojE 7334 SQL
AZZ A5 wEshs AP, "olHMo A FIAdS
FAATIE 71selth & =FolA= PostgreSQL H o] E

E
r

0>"
o
ox 9 o —Q‘ !

rg
= o
m

N ~

VLM
¥ Image to Text
Conversion

Text
Metadata & Images
Inference
Metadata
Save
LLMm
Embedding L
RAG Response
Text2SQL Response

2T

Legacy External
Video Analysis Interface

21, EhEstE ALE R

Fig. 1. Simplified System Architecture

et . Yocter 0
Save
\Uﬂu query inference /

Client
Uohr iy VLM/LLM




80 WEFers|i=EA A31A A=, 2026 19 (JBE Vol.31, No.l, January 2026)

Wlo) 2ol SQL el ol &ate] dlole FuE HAT
Stk Sh A 29I A% RAG 71 AHgstel gug
Stk RAGE IR Qolzdel 44 5% 9% A4
Wolzol A 715 A stolnels Al ob7ld Aol
th A5E 9 B4 X294 RAGE VLM Fol +
29 B2E} e R A8, W WE gRE
wE] Goleluol el AR YR Y AN Fal
# Qg EtdolE S Hohh, o] o

3 Wge] Rk gue AT 5 Ak B =Ry

ﬂJ

<
fr
oxl
ot
of

AZE AA SEsIAY g9 7R X2 3]
o, kgl dish, A" JE, g B7F Zojof tis)
LLMo] S&3tt}, AR Al2"] F2E ols|st7] 4A 19

1.2 HHA| A|2AEl E5t
7% WAN NzEste] SR B 93 B3
= API Q1EH 0] A2 AASGTE dAA A" A AA

rr

2
K

Hlo]E|&= JSON &2 0 2 FF3}ate] Aa)ain, AA]
F ~Eg 1S 9)8) REST APIS AHEsle] Fa&ct

EftlolE] A7|nh= A7 AR(EFI AR, A7), 37

AEEE D, 91X #HE,

Qe ), A4 ARFAE 7

A 8, ey B AEE), oME FREME §3,
A7) PR P2 e B WE o)y

Ho] o] HElt o]y =

H AJEZ &8HTh
I9 28 AA AL"e] AR AILE RS HofEt:

bl

2. M =

—

ot

2.1 VLM 2H
VLME AJz+

ol ofmlAsh B2k o

i

g SA AT 5

Ka}
=l

| 3 o7

—

o A=, 2-do] 2o A &

Hrol dol2 AFH PERY wd2, o)
BEER RS REE

Stk o|ul A% 82ES @A e

i

ol T 24 719 A FGTOTA, o|u AT B A
SUE 5 Atk A2 VIME B o

o] #& %2 (Reasoning), Th& ©|H]A] ]

AL QR

oA RS

Video Analysis VLM/LLM
Meodule APl Server
(Image, Metadata)

VLM 1

| Embeddlng |

t Event Generation

Image to Text J Te:

| Madal] I

Image Data Conversion Usnit

-
Request » Query Classification

________________

' Vector
DB

Vector

Y

Client .Respom Q J query'L classifi:ationJ
\:

Search for K
similar documents

P
Answer Module

’ Tool Set 4
—_—
- > VLM Data +
Local Processing
—
] e )
Event Data
Text25QL »
axt2Sc) AP (Web Server)
[ J |
Lecal Processing
> Etc
Self Response
\‘ ’I
Prompt configuration - r .

Natural Language-based Question-Answering Unit

T2l 2. AMIsH Al2E 7=
Fig. 2. Detailed System Architecture

Event
DB

DB search via SQL



Aelal o) 191 AN O% A

DY B4 AZES 98 VLM U Ade) Asley AsE 97 81

(llsik Chang et al.: A Study on a VLM-based Natural Language Question-answering System for Real-time Multi-channel Video Analysis Systems)

2](Multi-Image Processing), E‘ﬂ’a o]3l(Video Under-

standing) 5 Th¥d 71502 WAty Slth 53] st
H Rl Eo] vbdstAA o) R tufo] Ao A e] -8 A

T ZolA Y gt} B AR A ALLE RHEL o))l
AE hegstel hepe A7)9h 225 717 Uaﬂz A%
stk AN e THe sy 7k Fe &

3 S s pAdA 4 PE OF 44 Dae
Aestdct AHE 2dL Gemma3', InternVL3!,
Qwen2.5" Hyper CLOVAX!", Deepseek-vI2"®), Smol-
VLM2!'", Phi-3.5 vision"*o] T}

10 i“ﬂ ox

2.2 RAG H HEf ZM

LLME Aelo] A2 RopolA] 85 dosln thad
ool 2493 9lrk. SR LLMS Arel A4 5,

ARd AR AT, 1P $H AN o ¢S 2
sk ol2lsk AAE FHa) 95} RAG™ 7160l 545
%tk RAGE LLMS] 7133 ¢
Mol ~g A% HAH I WA
A, AA, ARk Al 7R F2 248 Adel] AHA
7h fske wEg 449 o S o
&L o HelHAle 288 5 A
wele) 44 5E 9% A4 44
;Gg:]—o].j_ )\}-ﬁ]—oﬂ uu: %\:L_o_ xﬂ%’—

ko,
o
2y
o
)
ot
ofr
o,
2
nj

QUGS GiES T AHE ABste] A2o] o
MEHOE FAE HolHE ANy BT + UES
sk Aol 2Ad M SERNIKE

=
(Cosine Distance) = 28| t|t A(Euclidean Dis-

tance)E B3l ALttt 2 dAFellA= MTEB(Multi-lin-
gual, v2)*ell A Thatolo] S-ak S Holx, AL
o] mrHE 7F Qwen/Qwen-Embedding-0.6B, in-
tfloat/multilingual-e5-large-instruct, google/embeddinggem-
ma-300m, BAAI/bge-m3 5+ A3t Bl #7feiet

2.2.2 HO|F] Q=M
AUAL A E HEE wEA AT 5
o|EIW| o] 2o et A oltt WE Ho]EW o] 2ol =

A==

o] 2] ZF(Qdrant™®, Pinecone™, Chromam] Weaviate!?")
5ol ot £ AT M= Qdrants E-E-3t}. Qdrant= 3L
W 4, 2F 289, 99 0L, oo A4, 3

A8k 7%, Hot 715 S 54 21 3l

2.2.3 RAG z|X3}

RAGE A4 @A 9] Fetdo] g 45 5
8] 7HE FAREE HEE Fe 2
A AxFete e 7IHEC] AT o
2] @7 (Reranker)v YWY FALEES T8l Ay
A} ge], 322 dlFE(Cross-Encoder) 7]%ES.
A 1 FAEEE AR AlLtete] A" 39 ol o] BAE
o] =95 A A ske elth & AFelX e A
o] gt EE zH= Qwen/Qwen3-Reranker-0.6B, BAAL/
bge-reranker-v2-m3, jina-reranker-v2-base-multilingual -
o) RdS AAste] vl %7183 k. HyDE® (Hypotheti-
cal Document Embeddings)< AHE-#}e] He]E 7|Hto 2
LLMe] 7¢e] #A5 Ak, o 7H #4119 s
olgﬁﬂ AN st W otk Multi-hop Reasoning[26]

& o8 7 FAE Afste] Hidg ool gk g
E=Z3= WhHo)th Contextual Compression”2 7144 ¥l
Aol 483 JRE AAS Y 4 W& gFste
LLMol Agah= who|th Self Query Retriever™=
2 AREALE] A WE dHolEHo| g 3|8 JElE 29
= Wslsto] sk Woltt & dAFelMe 2o EF B
Foll A AREA} AE-S JSON 722 ZHsto] WE dlo]eju]
O]*oﬂ’ﬂ e &88 F e 7Fss FEE 58
t}l. AE &2(Query Expansion) 7|H & FE A-+4(Query
Reformulation) WP LLME g&3o] 2 282 o

R o
i
g

Nas
n}L )

r{n m

F3 FET AR BHOE, Folo] 34, A% B
8, B 719E 371 5 ol BuS ol Al APk
Ao st ARES PPN, Solnes AL
0 AN B2 B8 F A B8 $Esel A4 4%
£8 Fol PHOE, WY WE W AN orH fA}
3ol 7 ; = 43 719

14
2
o
Nas
M
ot
[
N
T,
U ﬂ}l_‘
1
rlo
1z
i)
|
o
1z

mw

Mo oo Rl
Hy 2L oyo [

4 2
oX
A
ofr
o,
o
z
)
[
o
&
N
in)
o
N
ofo
o
2
=
K]
o,
N
N



82 WEFers|=EA A31E A=, 2026 12 (JBE Vol.31, No.l, January 2026)

Pl

2.3 LIt 9

2.3.1 N-gram D4 &4

N-gram, BLEU(Bilingual Evaluation Understudy),
ROUGE(Recall-Oriented Understudy for Gisting Evalua-
tion), METEOR(Metric for Evaluation of Translation with
Explicit ORdering) 5= #7404 FA3 Toji} F-o]

A
drht YABEAE 7INCE dh= 7F Wolth ol
< qul A fAMd S whdakA) el e vEskA &
on, Fololut 4 My A3 AeetA] Xah= g
7h EA @tk N-grame € 2E oA A48 N7 9] dhol
U FAE A" AELE s, 714 WY, gAE
LoF 5o HrhlA Fx B4 ALY BEe fAEE
245k dl AREE T BLEUE 717 WY 235 37t
7] 8l AHgEE AHs H7F ARE, 8% (Precision) S
7zt ROUGEE AHs 92E 9o 3 74 A4 B9

ol

Bt FE AHLEE ARE, AHE(Recall)S FAIOZ
g}, wix| o 2 METEOR:E 717l WY F2 H7E 99
M AEZ, BLEUS @S BHekslr] 913 wEdA
o ©Es ol mjA flel
zZ o]y 5 thddt AojdA S AE yEsith

¥ 1. RAG Tt &l &7
Table 1. Classification of RAG Evaluation Metrics

2.3.2 BERT(Bidirectional Encoder Representations
from Transformers)-Score
BERT-Score™”i= BERT9} 2+ Abd S5 Q1o Bl
Zgate] g2E 7b o)y fAMdE W7kt BLEUY
ROUGES} €] the=dh wo] o] opje} 2ajd §AM S
Fefste] Hoh 17k Bt Tk AHE Aleith

O

233 LLM 7[gte 7} LA

% LLME S&ate] Aol Zo)g 37} 7150 =
ErEd ue} 02 LIMS) $F 4% ZEEE)
& ol ol s} 715 AYelT, T8
=3 therst Bt 6L£(z4§l/a’ A, dBA E.)% 2| A 5}
of z;@x 121 7129 @ LLME 3l 371 2
AFANHE VLM Aol ot J4H Bote} de) 25 2
%L/a Hlo]E AA ij E

S 1% A2 4 HolE A4 ATl &g

e
1o, 4
=
r—ln—'~_1

234 LLM 7|Eto| RAG TJ} HiAl

RAGASE RAG A5 H7IE $I3 tedst A
e 0Z A~ myYdYFoe|tt

X 12 RAGASOIA H718t= RAG H7F X729 E/E
UeRdth ¥ 2E RAG B7F £42 HojEth B dAdA

o5
i
2
ofl

Category Evaluation Metric Description

Context Precision An evaluation metric measuring whether the retrieved document is relevant to the query

Retrival An evaluation metric determining whether the retrieved document contains the information necessary to
Context Recall
answer the query
. A metric evaluating how accurately the response was generated based on the information provided in the
. Faithfulness .

Generation retrieved document (context)

Answer Relevancy A metric evaluating how relevant the generated response is to the query

¥ 2. RAG T} 24
Table 2. RAG Evaluation Criteria

Elements Description Usage
Input User-entered query or question to be Used as a basis for evaluating the quality of retrieved and generated
evaluated responses
output Final response generated by the system | Used to assess how relevant and reliable the generated answer is to the

to the question

question

A predefined correct answer for

Reference Answer .
evaluation purposes

Used to assess the accuracy and relevance of the response

Documents the system searched to

Retrieved Documents
generate the response

Used to evaluate whether the documents are relevant to the question and

serve as a key metric for measuring search performance
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Table 3. Evaluation results when VLM’s responses to single images were provided in English at 15-second intervals

Gemmaa3|InternVL3| Qwen2.5| Hyper |DeepseekSmolVLM| Phi-3.5 |Gemma3|Qwen2.5|InternVL3
4B 2B VL 3B |CLOVAX| vi2 2 vision | 12B | VL 7B 8B
Parameter Size 43B | 2098 | 375B | 3.72B | 3.37B | 225B | 4.15B | 12.2B | 829B | 7.94B
e_time 244 0.23 0.74 0.55 0.85 0.50 135 | 1353 | 349 1.82
Token 23268 | 153.86 | 177.3 | 24451 | 11255 | 87.4 | 143.36 | 172.33 | 17558 | 243.53
. Accuracy 6.90 7.70 7.14 7.18 705 | 6625 | 659 7.38 7.12 7.66
CEJ;‘:I“J::I';’ﬁ Relevance | 7.76 | 845 | 775 | 805 | 7.83 | 7525 | 744 | 826 | 7.90 | 841
Richness 6.57 7.12 6.60 6.86 6.61 6.11 6.04 6.77 6.76 7.20
Clarity 8.11 8.52 8.44 8.34 8.43 8.31 8.17 8.35 8.46 8.66
Total 7.33 7.95 7.48 7.61 7.48 7.14 7.06 7.69 7.56 7.98
precision| 0.87 0.90 0.89 0.87 0.90 0.91 0.90 0.88 0.89 0.87
S?:i:te recall | 0.90 0.92 0.91 0.91 0.92 0.90 0.91 0.91 0.92 0.92
1 0.89 0.91 0.90 0.89 0.91 0.90 0.90 0.89 0.90 0.90
Quantitative rougel | 0.343 | 0446 | 0394 | 0337 | 0459 | 0401 | 0418 0.4 0.402 | 0.352
Evaluation |rouge| rouge2 | 0.113 | 0178 | 0.148 | 0128 | 017 | 0136 | 014 | 0136 | 0.154 | 0.15
rougeL | 0.202 | 0276 | 0244 | 0206 | 0283 | 0253 | 0258 | 0236 | 0247 | 022
bleu 0.331 | 0429 | 0377 | 0284 | 0488 | 0387 | 0446 | 0409 | 0365 | 0.282
meteor 0.331 | 0397 | 0366 | 0.343 | 0378 | 0284 | 034 | 0355 | 0373 | 0.376
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Table 4. Evaluation results when VLM's responses to a single image were provided in Korean at 15-second intervals
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ot &

Gemmag3 | InternVL3| Qwen2.5 | Hyper |Deepseek SmolvLM2 Phi-.3.5 Gemma3 | Qwen2.5 | InternVL3
4B 2B VL 3B | CLOVAX vi2 vision 12B VL 7B 8B
Parameter Size 4.3B 2.09B 3.75B 3.72B 3.37B 2.25B 4.15B 12.2B 8.29B 7.94B
e_time 3.01 0.71 2.03 0.50 2.4 1.66 6.46 21.40 5.36 2.47
Token 279.6 653.19 538.44 208.90 40417 954.78 792.68 261.34 268.1 307.52
. Accuracy 6.11 3.73 5.04 6.59 4.91 1.99 3.79 6.60 6.22 5.95
S\‘j;'t'::tti';ﬁ Relevance 6.88 452 552 7.41 543 | 1875 | 4.09 7.44 6.89 6.67
Richness 5.95 3.57 4.63 6.59 4.39 1.31 3.40 6.45 5.86 5.89
Clarity 7.70 4.61 5.81 8.34 5.40 1.78 4.52 8.35 7.86 7.60
Total 6.66 4.1 5.25 7.23 5.02 1.74 3.95 7.21 6.73 6.53
precision 0.86 0.84 0.87 0.88 0.82 0.79 0.61 0.86 0.89 0.88
S?:):te recall 0.91 0.90 0.91 0.92 0.85 0.82 0.64 0.91 0.91 0.91
f1 0.89 0.87 0.89 0.90 0.83 0.80 0.63 0.89 0.90 0.90
Quantitative rouge1 0.409 0.292 0.372 0.433 0.091 0.141 0.046 0.421 0.452 0.421
Evaluation | rouge | rouge2 0.213 0.142 0.196 0.246 0.022 0.05 0.015 0.221 0.249 0.229
rougeL 0.254 0.199 0.242 0.286 0.069 0.122 0.039 0.268 0.302 0.281
bleu 0.252 0.178 0.254 0.277 0.042 0.067 0.021 0.254 0.308 0.267
meteor 0.395 0.312 0.349 0.424 0.064 0.121 0.045 0.412 0.429 0.421
Bdo] #E Azte] HOWANE AA 5ol $58 S Deepsockv2 BDE0] FE SR L & AAE U
gl g Utk &3 gerE U g Rde FE S Hoh, A2 Hrke] 9 Aol A= Hyper CLOVAX
7} oS g A AAZ Fgo] ofele) welth RS AFLE BE2 L JAE ATA EQck o
T 4E 152 (A0 9 oulAe] td VIMS] 32 #@ 991e 299 welug St A3, dFolo] 53y
o 5ot A4S Uehdoh £ 404 o} gl ¢ o] A &7] Wi E Helth
43t %S X9l InternVL3, Qwen2.5, Hyper CLOVAX, 52 152 HHo2 #Y3% £ 579 ouAE 5% 7
E 5. 15% 21792 CfF 0[0|XIS VLMY B¥S Y0i2 3198 220 Wt B
Table 5. Evaluation results when VLM responses to multiple images were provided in English at 15-second intervals
Gemma3 | Intern | Qwen2.5| Hyper |Deepseek SmolVLM2 Phi-3.5 | Gemma3 | Qwen2.5 | Intern
4B VL3 2B | VL 3B | CLOVAX viI2 vision 12B VL 7B | VL3 8B
Parameter Size 4.3B 2.09B 3.75B 3.72B 3.37B 2.25B 4.15B 12.2B 8.29B 7.94B
e_time 3.73 0.62 1.54 2.04 0.98 2.20 2.60 12.65 3.86 3.19
Token 141.88 149.4 151.95 254.91 121.56 151.90 148.75 135.32 126.48 202.42
Accuracy 6.17 7.91 7.06 7.59 6.26 6.13 6.48 7.33 8.02 8.36
Qualitative Relevance 7.07 8.5 7.80 8.375 6.94 6.89 7.28 8.04 8.63 9.06
Evaluation Richness 5.93 7.16 6.30 7.05 5.64 5.42 5.86 6.52 7.02 7.58
Clarity 8.07 8.9 8.46 8.36 7.76 7.71 8.15 8.35 8.83 9.11
T/C 6.13 7.68 6.56 7.81 5.58 543 6.41 7.16 8.38 8.79
Total 6.67 8.03 7.23 7.84 6.44 6.32 6.84 7.48 8.175 8.58
precision| 0.89 0.89 0.89 0.87 0.89 0.89 0.89 0.89 0.90 0.89
SBcir:e recall 0.89 0.90 0.89 0.89 0.88 0.89 0.89 0.89 0.90 0.90
1 0.89 0.90 0.89 0.88 0.88 0.89 0.89 0.89 0.90 0.89
Quantitative rouge1 0.363 04 0.378 0.334 0.357 0.358 0.383 0.378 0.412 0.395
Evaluation |rouge | rouge2 0.086 0.12 0.111 0.104 0.092 0.093 0.099 0.1 0.131 0.127
rougel 0.202 0.231 0.219 0.197 0.209 0.209 0.22 0.217 0.245 0.228
bleu 0.424 0.473 0.444 0.368 0.408 0.416 0.46 0.434 0.48 0.438
meteor 0.266 0.309 0.292 0.297 0.245 0.249 0.277 0.256 0.294 0.332
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Gemma3| Intern |Qwen2.5 Deepseek| SmolVLM| Phi-3.5 |Gemma3| Qwen2.5| Intern
4B | VL3 2B| vLag | HyperCLOVAX vi2 2 vision | 128 | VL 7B | VL3 8B
Parameter Size 4.3B 2.09B | 3.75B 3.72B 3.37B 2.25B 4.15B 12.2B 8.29B | 7.94B
Images 5 5 5 5 3 2 5 5 5 5 5 5
e_time 4.03 1.29 2.70 | 2.08 | 1.29 | 0.84 240 5.31 3.62 22.70 6.04 5.98
Token 168.47 | 819.45 | 411.35 |249.0/261.0|228.1| 329.46 | 856.96 | 186.87 | 237.88 | 210.17 | 315.69
Accuracy 6.23 3.91 593 |7.08]|725]|761 3.34 2.34 5.54 6.91 7.13 6.77
Qualitative Relevance 7.125 4.48 6.57 |7.89]8.10 | 847 3.67 219 5.92 7.98 8.07 7.69
Evaluation Richness 5.91 3.14 5.02 |6.81]6.74 | 7.12 2.55 1.38 4.89 6.48 6.36 6.18
Clarity 7.44 3.49 6.41 819|797 |8.36 3.48 1.80 7.03 7.96 791 7.31
TIC 6.04 3.39 5.11 6.73| 713 | 7.57 2.30 1.45 4.93 7.07 6.78 6.72
Total 6.55 3.68 5.81 7.34 | 744 | 7.84 3.07 1.83 5.67 7.28 7.25 6.93
precision| 0.88 0.81 0.87 | 0.87 | 0.87 | 0.87 0.81 0.81 0.79 0.86 0.90 0.88
SBcir:e recall 0.90 0.87 0.89 |0.90 ] 0.90 | 0.91 0.84 0.82 0.80 0.90 0.90 0.89
1 0.89 0.84 0.88 | 0.89 | 0.89 | 0.89 0.82 0.81 0.79 0.88 0.90 0.89
Quantitative rougel | 0.468 0.21 0.369 [0.421/0.411]|0.418] 0.127 0.154 0.019 0.438 0.47 0.432
Evaluation |rouge| rouge2 | 0.204 0.083 0.165 | 0.2 | 0.2 | 0.21| 0.031 0.047 0.001 0.197 0.215 0.189
rougeL | 0.271 0.139 0.228 |0.253|0.254|0.258| 0.096 0.134 0.019 0.26 0.292 0.259
bleu 0.339 0.128 0.266 |0.283| 0.27 |0.272| 0.056 0.079 0.002 0.291 0.353 0.313
meteor 0.341 0.209 0.276 |0.373|0.374]/0.386] 0.079 0.115 0.011 0.341 0.318 0.332
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Comparison of Key Evaluation Item Scores by Model

Evaluation kem

~

Score

o ® ) ;,,ﬁ-ﬁ
VA R Y S ¢

2 3. DY YNE W

=

|

Fig. 3. Qualitative Evaluation by Model
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Fig. 4. Multi-lmage VLM Answer Korean: Quantitative Evaluation BLEU Score
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Model-by-Model METEOR Score Comparison
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Fig. 5. Multi-iImage VLM Answer Korean: Quantitative Evaluation METEOR Score
E 7. 8 FV00f ME FE Al
Table 7. Inference time by batch size
ch
1 2 3 4 5 6 7 8 9 10 11 12 14 | 15 16 | 32 | 64 | 128
model
e_time (sec)| 2.54 | 1.36 | 1.08 | 1.07 | 0.97 | 0.87 | 0.84 | 0.79 | 0.75 | 0.74 | 0.72 | 0.68 | 0.66 | 0.64 | 0.58 | 0.5 | 0.49 | 0.47 | 0.45
THHCR Aesid, A b Ad 9 Y AL Aol A EE Af-ol7] wiol sE o g Hgate]
H2 919 VIM 7|0 Ado] Hol-gw Al2E FIfel A, 7t AdE A
dAA G B T8 A" dEolH e 94 tol
HE Bgole] TEEES A4S, VIMS el 925 2 Ho| R DE AS I} U M
2 HBs= Aol 23 Q27 F2 A7k FAH-
— = - - 5 o
R4 Wk AR EEAUT. IF HpaCLOVAXE 29 BF RES 4% 378 AAE el 1el9
A $ad 4SS weon, A Asde AN A Ao Bl Ule A HelEsle] Bestth X Aol
- - o o 3193l 5
A7t V5@ ASE WA 271 169 W, 240 omxE £ A BF dolEAE GPT41E SEE T ol
Question pifficulty Analysis_type Reason
string inted string string
---- ————
T LT AAWO| WE WUH MR EDOF ASTM CHE B | vo anower 0l ZES T4 2R AIABO| HH A (H3 T 2HE 2
HY 2HE T¥E  2UuR? - D 2Lk, AlAY0l HEH2Z dolEfolaL 3 32E 5.
O A0l THE ) SEAD WU 09 =200 A £ 2| so1 anamer e Q4 LA AAN0 TBE OHY oY GEE steall
ELETES - Het SmE aTatn AaUlh DiE AAYY SIS0 S5y,
TIOUE UM SHEE HESE WS AR AR BN 8 2| i TR OE ZOMIH QY HHE Sl O 0NE P o
21BN . van st ZEE ZH ASAD AE T £ Qs MULARE ZEY.
T2l 6. Aol ZF WIS flof WdE &Y HolEA

Fig.

6. Synthetic dataset generated for query classification

evaluation
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Table 8. Query Classification Evaluation Experiment Results

3. Text2SQL &

Text2SQL Fg-2 kel A& SQL wlolE 23] o]
2 A3l Fgolty. & AFA = Qwen2.5-Coder-7B
ZeblS MeEigit) o] Rde] 32 E4L Qwen A
Z Z 7P AL RdYor By Hold 39 A%
(HumanEval 88.4%)< Holw, QZ 2 gl Holu), &3t
SQL Wl X v}=(Spider)ol| A 82.0%2] A%< 7]53}e], 4
2 dellg $5 7H LM Bd5 SQL W3 FEo] 94

@ ot}

4. RAG &5 H|12

4.1 RAG M5 TIIE 23t HIo[EAl AN
RAG A% W72 98 15% 7402 F9d 5% w9

o] 278 YAl A F53F VLM 79t Bl AE A H(FE 6087H)

Qwen3 Qwen2.5 gemma-2 kanana EXAONE Midm
Model Qwen3 | Qwen3 | Qwen3 | Qwen25 | gemma-2 | gemma-2 | kanana-1.5 | EXAONE-4.0| EXAONE-3.5| Midm-2.0
1.7B 4B 8B 7B-it 2b-it 9b-it 2.1b-it 1.2B 2.4B-it Mini-it
Accuracy 0.614 0.858 0.842 0.619 0.388 0.602 0.254 0.532 0.486 0.572
min 1.51 1.80 1.67 1.69 1.54 2.99 1.377 1.99 4.23 1.69
e_time | max 7.02 10.66 10.33 12.57 412 27.04 14.60 7.54 18.98 5.79
avg 2.23 3.912 3.49 6.87 1.68 13.34 1.47 2.734 8.77 1.93
ref_text q_type q_text
list string string
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Fig. 7. Questions generated for RAG performance evaluation
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4.2 MMR(Maximal Marginal Relevance) Mg E£8t C}
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Fig. 8. Number of top channels selected as similar text when applying top_k 3 to 16 channels
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Vectors Configuration

Points (A X ments Shards
EApprox) g (Name, Size, Distance)
dense 783 Cosine
608 8 1
sparse  Sparse
dense 1024 Cosine
608 8 1
sparse  Sparse
dense 1024 Cosine
608 8 1

sparse Sparse
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Fig. 9. Vector data is converted to vectors via VLM and stored in the Qdrant vector database
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bge-m3¥ 45 Aol 7P ¢rom, fHA RS & BEEY, A, A, 7= Tk, AAl g, J, 771
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&8 HuE RAG H7HE 9l A4 | HolHAle A, Z 700A17K8,400%1) 2] ¥t S dlo]EfAlelt), 3 Hl o]
deg wE Rdz 2 AE 3 WE A4S T 2 T 450 B FYCE T 400MME 52 AR £
H2AE T2 3y HAES 7|RCE 3 RAG HH A3te] VLM B3l §|2ER HEksty M3kl g2
sl o] Foixlom, s wRel ARS-g LLM 2d A9 EZ dWY HEE 3l MHE HEksh & HY dolyy|
7 ZdolM AR Qwen/Qwen3-4.0BE AHE-SHITH o] 2ol Joje] el AMEeHA #7stAd
BAAI/bge-m3= MTEBOIA A2 AF A% 99%Z 7128} AIHUB®| F7} dlo|EjAl & ARE-S1A] 98-S 7§%, 28] A
o, gabe g 5 59 6,800%, Uuld 37].4 1024, A} TS 3 AL A AE HAUL dato)| T o] HX
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# 9. RAGASE 5% RAG H7} &1t
Table 9. RAG Evaluation Results via RAGAS
modell_Reranker baai jinaai dragonkue
items Embedding | baai | google | qwen3 | intfloat | baai | google | qwen3 | intfloat | baai | google | qwen3 | intfloat
0.25 0.7 0.325 0.5 0.7 0.7 0.333 0.5 0.7 0.7 0.325 0.5 0.5
pfzzit:ifn 05 | 0804 07 | 0756 | 0804 0.806 | 07 | 0.756 | 0.804 | 0.806 | 07 | 0.75 | 0756
0.75 1.0 0.833 | 0.917 1.0 1.0 0.887 | 0.917 | 0.975 1.0 0.833 | 0.887 | 0.917
0.25 0.667 0.5 0.592 0.6 0.625 0.5 0.556 | 0.571 | 0.667 0.5 0.6 0.667
faithfulness 0.5 0.833 | 0.714 0.8 0.8 0.833 | 0.675 | 0.778 | 0.75 | 0.818 | 0.714 0.8 0.8
0.75 1.0 0.875 1.0 1.0 1.0 0.875 1.0 1.0 1.0 0.875 1.0 1.0
total 0.8185| 0.707 | 0.778 | 0.802 | 0.8195 | 0.6875| 0.767 | 0.777 | 0.812 | 0.707 | 0.775 | 0.778
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Table 10. Evaluation results when using query reformulation, hybrid search, and both methods

ot 2t

AIHUB dataset not added AIHUB dataset added
method basic hybrid+ hybrid+
items hybrid reformulation yor . hybrid reformulation vor .
refomulation refomulation
0.25 0.7 0.7 0.7 0.7 0.5 0.7 0.7
context
L 0.5 0.804 0.806 0.833 0.833 0.806 0.95 0.887
precision
0.75 1.0 1.0 1.0 1.0 1.0 1.0 1.0
0.25 0.667 0.667 0.537 0.5 0.5 0.5 0.461
faithfulness | 0.5 0.833 0.833 0.733 0.75 0.714 0.733 0.714
0.75 1.0 1.0 0.889 0.9 0.9 0.881 0.884
total 0.8185 0.8195 0.783 0.7915 0.76 0.842 0.801
AY2E AUEE ANE FAVF A8 Be] YEAS 9 kS A B B ATl A VIM A%
Brketes Amoln, ALY ghro] AME BAR@AYL  Wrh IHED RAG FAs /]EL 02 HERY Al A
E)oA Agd ARE 7|RtoE dupt A FsHA A= g 7ol A8 7hsstm, 53] AAIZE At F23 5
A=AE H7hshe Asxelvh wabx AIHUBOIA 74 & okl A F&3 F3 AT Aotk LEAS 7nk
AHEElE FE O] 7 ol Aol YRle R Helth TR A 5 TA A AT AdE s =0l F
folue = e N Al D 2 Aok Itk & A7E Feke 6] 7)ejd Ao g FF AP
ol& At wol7t A &oi7t oid Ted w5 = o] el AAIZE AR E S8 AE 75 Fold AT
Fol7] ME o2 Helth W, AIHUBS| 71 HolBAle  GPUE 2838k 1 &9 97he 3 4ot =3,
AR A, Ao AT mE AY2E ARES IA T8 AERE FEss 9 8ok ARl AEE V)
FEE A A F v WO 2 gk ol s BA 5, dlAA F EA A At
A ZPE FEC gk AFE AL Aol

& AZHE B A MY 7o) gl 8 ARt
o] T2 228 gk 2l A AdE 7A L8
AZbe dlEete] 4% RdS dEaiglon, B3 4t B
A" B exgu s 3AE AN A8 ks
g e EAA HYS ARSI & A7 23S TR,
VLM®] 45> CLOVAX-Vision®] 7} -39 3, He
PR Rdy Ao SHelE Qwen3-4.0B RYS £83519
o0, RAG 7I9t §HE 91 duld WE <k 27 = bee
EdE AHESIATh RAG 4% MAdS S18) Ao A4
3 slol B = WY & E=943te] RAGAS H7HE &3l
Aee AT & A7 e 9 B B A oA
wel 5o Fopll AyHoR &ddE A 53] V)€
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