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[Abstract]

This study proposes a method for automatically generating tags from movie images using pre-trained vision-language models.
The LLaVA model was employed to generate detailed captions for individual movie frames, which were subsequently utilized to
assign more nuanced and diverse tags. Notably, the model was fine-tuned with movie image data, resulting in a significant
improvement in tag generation performance. This approach demonstrates its capability to effectively extract visual features from
content, addressing the subjectivity and time-intensive nature of manual tagging. Nevertheless, limitations related to copyright
issues and data reliability must be resolved to enable commercial applications, necessitating further research and refinement. This
study highlights the potential for broad applications of this methodology across various fields, including multimodal
recommendation systems, video search, and e-commerce, underscoring its capacity for significant contributions in future
applications. Furthermore, the proposed tag generation method could support the development of new services, such as

personalized content delivery, thereby enhancing the user experience.
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Table 1. Unique tags table

Index Unique Tags
1 cult
2 horror
3 gothic
4 murder
4 non fiction
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Algorithm 1 MAINPROCESS

1: Input: searchQueries, maxResults,baseDir = "videos"

2: Output: Downloaded video, extracted frames, CSV results

3: // 1) YouTube crawling

4: for each query in searchQueries do

5. movieDir < join(baseDir, query)

6: results + CRAWLYOUTUBEVIDEOS(query, maxResults)

7 for each res in results do

8 DowNLOADYOUTUBEVIDEO(res.url, movieDir)

9:  end for

: end for

. // 2) Extract frames per video

: for each query in searchQueries do

movieDir ¢ join(baseDir, query)

if —ewists(movieDir) then
continue

end if

videoFiles « all .mp4 under movieDir

for each vidFile in videoFiles do
vidPath « join(movieDir, vidFile)
SAVEFRAMES(vidPath, 640, 36(), movieDir)

end for

: end for

3: // 3) Analyze images and save to CSV

: ANALYZEIMAGESANDSAVERESULTS(baseDir,
"movie tags results.csv")

25: end algorithm

O3 1. B0 MM o 2aeE
Fig. 1. Tag generation process algorithm

3-4 H|H o] 2 ORI

)

Z1 g3} om|x| e} Bl HHE ]85

QIFgste] ®o} AAstar gt
AABIEE EYo]diit) ZTEZE ALEH Bl
B MovieLens Tag-genome Ulo|E{AlS 83130t}
MovieLens Tag-genome H|O|EJAlS 54 oZg]Ao]A,
9~E 2§, 37t 5

o

User-generated contentZ 7]Hko &2

http://www.dcs.or.kr



CIxI g 2E X 53]

HES

AZpgk dlolg Alo]w, A8t o= 5E v
o] A3k Bfz1e} A3} relevance (genome-score) B
£ X383k gloJgAlo|tH13]. Google colabollX A|-&3l=
A100 GPUE &l 315734 A=tk aelrdol A-g-€
43} ol x]= MPST HloEAlo] 739 101HA5-E 200
A7A] st Blolg & 20709] AlE dshE ARE-ste] X8

% 8647¢°] & oA E o] &Eitt TFRIEE
MovieLens Tag-genome H|o|E]Alo| 4] Unique tags H|©]
Bof 9l g1 E o] 838} 7} &3lvlt} Edskt).

(Ex. “17 Again” 943} o|n|#]2] XFXE : “A scene from

a movie containing tag data ‘comedy’, ‘feel-good’,
‘ . . 9’ ‘ . b ‘ b ‘ . b ‘ b
entertaining’, ‘romantic’, ‘cute’, ‘storytelling’, ‘clever’,
‘absurd’, ‘dramatic’, ‘stupid’, ‘fantasy’, ‘alternate
reality’, ‘sentimental’, ‘revenge’, ‘boring’,
‘brainwashing’, ‘action’, ‘plot twist’, ‘queer’, ‘comic’,
‘whimsical’, ‘thought-provoking’, ‘good versus evil’,
‘atmospheric’, ‘alternate history’, ‘humor’, ‘murder’,
‘allegory’, ‘psychological’, ‘suspenseful’,
‘philosophical’,  ‘violence’,  ‘gothic’,  ‘historical’,
ey S e e e,
insanity’, ‘tragedy’, ‘satire’, ‘sci—fi’, ‘inspiring’,
‘mystery’, ‘bleak’, ‘claustrophobic’, ‘cult’, ‘dark’,
‘horror’, ‘western’, ‘blaxploitation’, ‘depressing’,

‘psychedelic’”)

53]2] epoch® AX Edo|d k3o LLaVA AA 2
A3} 9015 @ LoRA weightE §Hale] 5 2dls 48
T ATk A100 GPUE &3l Edlold alem Efeld
ol & ¢F 12871 A8 FHATE o|F V& AR | 29
(VLP)S ARG-sh el 30153 ¢ o] g1 & Ax
£ Haste] Foju)gt A 2ol 7} Ql=A] v aghc,

=l

MPST dlo|eiAla} g7 dxE nluslr] $s] MPST 4]
olEIAle] 39 10071 38} Efo] 55 0|83k el7d-S a3l
t}. AR sl=glo]E= Titan XP GPU 2702 Apdeks =
LLaVA Ed& o]gslo] o]u|z] MY W ZHIEZ A4
3t} LLaVA REe 7)&E it olo] welo] 7hzxl Fw)
ola- A TEel| A7 o7} F7twof, K} £
A= 2 4= Jd= UE:—1_101E}[7]. 5B 79
9] 5719 Glde] BT o]83 4 gle 4]l
3laL 6371 3fel] tiet vl1E AT o
7FA 9} s 9] A AR o] g-st

s A o JARE Bl g

[o5

n e

z

i 1 EE

oM. m

[‘_‘TL-!OL
S L T

(e}
345
=
x4

13te]

=
=2
ogAkel

il

N
T
A A

9 ox gn X
5

iy

oToﬂ—'—

http://dx.doi.org/10.9728/dcs.2025.26.2.471

474

=2X|(J. DCS) Vol. 26, No. 2, pp. 471-478, Feb. 2025

2 Q1% g Bao] Hlolel el i 7Fso] ol A

o A, Aol % 3139709 olulX), s F B
49.8719) ol 47} AHgHgIEE sllo] HA] o]n XS
star ZEEEE e vl oF 28.7A1F0] 28 F T

|

o

M
1

4-2VLP B2 £ 1 8 Za}

Normalized Tag Ratios vs Normalized Relevance (Min-Max Scaling)

°

Normalized Value
e o o o 8 o
T8 28 8 8 8

cult
comedy
cute
gothic

dark
revenge
twist |

satire
romantic
storytelling

psychological
comic

horror
mystery
action
fantasy
suspenseful
inspiring
whimsical
dramatic
murder
western
humor
historical
entertaining
violence
history
absurd
atmospheric
tragedy
depressing

Tag
T8 2. AHEHS 6| o] 29 eja ge 2
Fig. 2. VLP model tag assignment results
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Table 2. Example of tagging results using a fine-tuned vision language model

shefa 4 71

Movie

Tags (count, Appearance ratio)

Image count

Sinbad and the
Eye of the Tiger

gothic(63, 76.83%), plot twist(68, 82.93%), psychedelic(43, 52.44%), dark(68, 82.93%), comic(58,
70.73%), humor(56, 68.29%), insanity(57, 69.51%), sci—fi(46, 56.10%), whimsical(57, 69.51%), queer(52,
63.41%), dramatic(56, 68.29%), fantasy(56, 68.29%), brainwashing(57, 69.51%), inspiring(26, 31.71%),
claustrophobic(61, 74.39%), historical(72, 87.80%), stupid(53, 64.63%), philosophical(23, 28.05%),
comedy(52, 63.41%), psychological(61, 74.39%), alternate reality(43, 52.44%), alternate history(45,
54.88%), feel-good(40, 48.78%), cute(53, 64.63%), historical fiction(7, 8.54%), tragedy(32, 39.02%),
allegory(52, 63.41%), revenge(66, 80.49%), horror(59, 71.95%), action(74, 90.24%), atmospheric(59,
71.95%), murder(43, 52.44%), cult(52, 63.41%), bleak(55, 67.07%), depressing(45, 54.88%),
suspenseful(68, 82.93%), mystery(34, 41.46%), violence(58, 70.73%), good versus evil(71, 86.59%),
storytelling(70, 85.37%), romantic(67, 81.71%), boring(23, 28.05%), entertaining(45, 54.88%), absurd(27,
32.93%), thought—provoking(33, 40.24%), satire(31, 37.80%), sentimental(34, 41.46%), clever(35,
42.68%), western(37, 45.12%), blaxploitation(28, 34.15%)

82

Little Caesar

dark(48, 56.47%), dramatic(29, 34.12%), fantasy(27, 31.76%), claustrophobic(36, 42.35%), comedy(34,
40.00%), horror(30, 35.29%), western(30, 35.29%), cult(27, 31.76%), suspenseful(39, 45.88%),
gothic(33, 38.82%), plot twist(37, 43.53%), psychedelic(28, 32.94%), boring(17, 20.00%), entertaining(20,
23.53%), comic(34, 40.00%), humor(30, 35.29%), insanity(31, 36.47%), whimsical(32, 37.65%),
queer(31, 36.47%), absurd(17, 20.00%), historical(38, 44.71%), stupid(30, 35.29%), philosophical(13,
15.29%), psychological(37, 43.53%), alternate reality(19, 22.35%), alternate history(29, 34.12%),
feel-good(27, 31.76%), cute(31, 36.47%), thought—provoking(23, 27.06%), tragedy(21, 24.71%),
allegory(25, 29.41%), revenge(31, 36.47%), action(34, 40.00%), atmospheric(35, 41.18%), murder(24,
28.24%), bleak(34, 40.00%), depressing(32, 37.65%), mystery(24, 28.24%), sentimental(36, 42.35%),
violence(26, 30.59%), good versus evil(34, 40.00%), storytelling(39, 45.88%), romantic(37, 43.53%),
sci—fi(25, 29.41%), blaxploitation(23, 27.06%), brainwashing(29, 34.12%), inspiring(17, 20.00%),
clever(19, 22.35%), satire(14, 16.47%), historical fiction(9, 10.59%)

85

Seven Years in
Tibet

dark(65, 67.71%), gothic(49, 51.04%), plot twist(51, 53.12%), comic(42, 43.75%), humor(46, 47.92%),
insanity(43, 44.79%), whimsical(43, 44.79%), dramatic(58, 60.42%), brainwashing(44, 45.83%),
claustrophobic(52, 54.17%), historical(65, 67.71%), stupid(39, 40.62%), comedy(40, 41.67%),
psychological(49, 51.04%), alternate history(36, 37.50%), cute(45, 46.88%), revenge(55, 57.29%),
horror(44, 45.83%), action(53, 55.21%), western(47, 48.96%), cult(45, 46.88%), bleak(51, 53.12%),
depressing(46, 47.92%), suspenseful(53, 55.21%), sentimental(38, 39.58%), good versus evil(64,
66.67%), storytelling(66, 68.75%), romantic(59, 61.46%), fantasy(27, 28.12%), murder(29, 30.21%),
queer(39, 40.62%), absurd(25, 26.04%), feel-good(34, 35.42%), historical fiction(11, 11.46%),
allegory(42, 43.75%), atmospheric(51, 53.12%), violence(44, 45.83%), psychedelic(24, 25.00%),
boring(12, 12.50%), entertaining(26, 27.08%), philosophical(18, 18.75%), alternate reality(24, 25.00%),
thought—provoking(27, 28.12%), tragedy(24, 25.00%), mystery(26, 27.08%), clever(30, 31.25%), sci—fi(25,
26.04%), inspiring(18, 18.75%), blaxploitation(22, 22.92%), satire(18, 18.75%)

96

Flightplan

gothic(49, 53.85%), plot twist(53, 58.24%), psychedelic(33, 36.26%), boring(16, 17.58%), entertaining(30,
32.97%), dark(65, 71.43%), comic(48, 52.75%), humor(46, 50.55%), insanity(45, 49.45%), sci—fi(37,
40.66%), whimsical(42, 46.15%), queer(43, 47.25%), dramatic(46, 50.55%), fantasy(34, 37.36%),
brainwashing(48, 52.75%), absurd(29, 31.87%), inspiring(17, 18.68%), claustrophobic(51, 56.04%),
blaxploitation(30, 32.97%), historical(49, 53.85%), stupid(40, 43.96%), philosophical(20, 21.98%),
comedy(43, 47.25%), psychological(56, 61.54%), alternate reality(28, 30.77%), alternate history(32,
35.16%), feel-good(32, 35.16%), cute(43, 47.25%), thought—provoking(27, 29.67%), tragedy(24,
26.37%), allegory(34, 37.36%), revenge(50, 54.95%), horror(44, 48.35%), action(54, 59.34%),
atmospheric(46, 50.55%), murder(27, 29.67%), western(34, 37.36%), cult(35, 38.46%), bleak(43,
47.25%), depressing(46, 50.55%), satire(26, 28.57%), suspenseful(57, 62.64%), mystery(40, 43.96%),
sentimental(43, 47.25%), clever(31, 34.07%), violence(40, 43.96%), good versus evil(50, 54.95%),
storytelling(58, 63.74%), romantic(50, 54.95%), historical fiction(2, 2.20%)

o1

Big Nothing

gothic(33, 38.37%), plot twist(33, 38.37%), psychedelic(25, 29.07%), boring(12, 13.95%), entertaining(16,
18.60%), dark(43, 50.00%), comic(35, 40.70%), humor(34, 39.53%), insanity(31, 36.05%), sci—fi(26,
30.23%), whimsical(28, 32.56%), queer(22, 25.58%), dramatic(28, 32.56%), fantasy(28, 32.56%),
brainwashing(31, 36.05%), absurd(16, 18.60%), inspiring(9, 10.47%), claustrophobic(34, 39.53%),
blaxploitation(20, 23.26%), historical(35, 40.70%), stupid(30, 34.88%), philosophical(13, 15.12%),
comedy(32, 37.21%), psychological(35, 40.70%), alternate reality(16, 18.60%), alternate history(22,
25.58%), feel-good(23, 26.74%), cute(36, 41.86%), thought—provoking(17, 19.77%), tragedy(13,
15.12%), allegory(23, 26.74%), revenge(28, 32.56%), horror(30, 34.88%), action(36, 41.86%),
atmospheric(29, 33.72%), murder(15, 17.44%), western(24, 27.91%), cult(22, 25.58%), bleak(33,
38.37%), depressing(31, 36.05%), satire(21, 24.42%), suspenseful(35, 40.70%), mystery(23, 26.74%),
sentimental(30, 34.88%), clever(16, 18.60%), violence(23, 26.74%), good versus evil(34, 39.53%),
storytelling(34, 39.53%), romantic(35, 40.70%), historical fiction(3, 3.49%)
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Table 3. Comparison of tag assignment results

VLP Finetuning
Accuracy 28.88% 89.84%
Average Unmatched Tags 9.56 5.04
Average Missing Tags 13.33 4.00

lH

Lelo] A ZEIZE B #d dojgo] ol T

| ol we} Ha Bl v HEL 3n7tEE =)kl om
2 ZHA] 23l Missing tag?] /4% SAsHA 724
A}, 1ol = o 3] “fiction, reality, plot twist” 5%
byl olmX|gto g ERI3}7] ofee El1Ee H
H] R = gl st 9 shA7t MEPE )
gholst 4= ). S| NE ALE-AF J R} HIE AES o] &
= T HIES giHes Ag slls

¢

4 %o T

4-4 Ablation Study

AHgA S EY] BAIEE 244713 LoRA 3 (D
Z;G{g]_oq UE“ 8]—& /H ] i8] ]t ogsol:p_ ﬂ7]_0]_o:h;1r 14
*}%Z} TEIES] EHZ g AA el 374z FH2s)

o, LoRA AE 717} 64, 128, 25622 733131 o]
91 stol s gl Bl F LAl FAI8T 3 o] A] A7
o We wale Brksly] 98 olvA] sdwe] WE train

http://dx.doi.org/10.9728/dcs.2025.26.2.471

Tag Match Ratio per Movie

-~ Average Match Ratio: 0.2888
- Match Ratio

My Life So Far
Dog Day Afternoon
Little Caesar
Savages
Fantastic Voyage
House Arrest

voonstruck JIl |
Cassandra’s Dream
A Cure for Wellness
Saints and Soldiers
Paddington
Dracula 2000
Big Nothing
Flightplan

°
9
<
S
£
<
n
=)
o=
]
°
z

Seven Years in Tibet
Assault on Precinct 13

Guardians of the Galaxy.
Bowling for Columbine

Sinbad and the Eye of the Tiger

2
g
=
5
)
©
5
s
S
&
o
c
g
I

Tenacious D in The Pick of Destiny

J8 4. oolFd M |1 oo 23 Ef3
Fig. 4. VLP model tag match ratio

wt
o1
g

Tag Match Ratio per Movie

008
206
=
Sos
]
=02
00

=== Average Match Ratio: 08984
- atch Ratio

e L ¢ E 8 n b O L T w o »m oc o > 0 m X > O
g &8 58 % 888 5508 85665228 E0FxXE
o ¢ 2 2= ¢ oz 3 £ £ ¢ 8 8 @5 5L 38 £
F §F 8% 5 gg N~ @200 £ 38 ¢ >0 £ ¢ 5 wm 5
w 8§ ¢ £ 2 < = c £ &£ 395 S8 ECEBEE
2 £ 58 o &8 & & 35 ¢ B 0w > 0o 35 G £ z
S vy, 2t §vww 3 Y L g3 E L « 5 2 § o ¢
B £ T ¢ 3 £ 28 5§33 02T 5 5 JpFp g o2
° 5 8 "o z £&3 %6855 38 530 3 S 5@
o > © a 5 £ 4304828 2 8 <€ 5§ °
@ S s g 5 & § % o & = 2
5 o 2 2
0 g = 05 8% 2 a3 5
E 3 [ R F 3z 08 ®
° £ £ o a ©
c S o < 3
© o a [G]
T "
3 & 3
a < ")
s z 3
[ 2
]

Movie

a3 5. melRY & u|d oo =Y ef1 LS

=TTO
Fig. 5. Vision language model tag match ratio after
finetuning

lossZ 77} 43 Alo]=, 360x180, 180x9020.% W 7ske]
sh58ITE 85 A3 LoRA A7) 57185 train loss
7F AEA S Z s S RIS = Atk A4t r =
64014 0.1940, r = 25614 0.0818= 7} Y& train
lossZ 7|=3ldu}. 28y r = 2569 79 8k =5 7187
Z3(Gradient exploding)7} WAsI &5 g gl A
7F S ERISHATE o|HA] 3= 1 train lossTE 3 49}
2ol Yelgth 9E F7E ARRAS 9 train loss&
0.0814=% 7P¢ wiorom, S4EGS &% Z7kslglh o=
ST Aol whet I AU EHE = 9o, &

7 deell 2GS MAA s B HolEth

E 4. 0|0|X| AT W2 train loss H|W
Table 4. Comparison of train loss according to image size

Image size Train loss
original size 0.0814
360x180 0.0815
180x90 0.0818
4-55HA|

1) dlele] 3 R A3 £
Bl 240 ALEE 3} on|#]| HlolHE 8 =B



d2= o ot GR AFHEY i Gy £F AA
J2, 12]ar J3} dlaro] ARET o] g el A&t
U2 Gslatel o, 7; gste] 24 F2Ee ABe JdS
ARt A=t A2l Al ek & A= ol g AL
& E5lo] oA F 5 VLP RS Ea gBl1E YAsh=
25 A fste] AEHIAE § G ARES
sto] gPEQlorn g ANES Adgor ALgsAY
015 A7) 93 o Z Aol AFE s ARSI A
S|

KR
=
A A7 D 7EsAd o) Stk

i

oft

>~

]_

H

=]
&
o)

&

2

2) ATHA 2 93 g1

& Aol dolBE FAsh] fleiA g5t AlsE 7]
Fu 7o s FRE §) A59S FIAG FRECE
B2 Gdeol 9lar, vt Gatol et Jrrt dAur] o
oIt} AN QIA| =7} ofF= ke |dste] - 719 EE V)
Hko w2 M wf s Fstell thek dlasAod el 4
so] frBel EAE=A Flshr] oHar, o] v A
G- Bl Al =] o] tial el mE = 5 AR
ol Bl el AREEIE=A & 5 flvks A7) 9L

V.8 E
A= njA-do] ZdlS E8-35le] g3} o]n]x]oj
A Asoz BlaE AAshe U
H LLaVA eS8 Algslo] =
Aol o8k AL YAkl o
1=

2E Bl o Fekar S BaE AP 5 ATk
s

o
=)
&
=)
2
i
ol
ox
ofr
o
i3
Hoh
ol
o
o
olX
ol
32
o
a2
ox
o
ot

o
7] Ax= MPST dlo]g]Ale] ej-ro} nnw3le uE o Z5
Sk 2E YT = S Belor, o] MPST dlo|EAl
7} MovieLens Tag-genomed= thE A HE| Ry k5 3
ol AREAL dlolE glo]= Alekel Htwlo] A S
7

e A 918 BA TEIE YL B 5

o
of e B AvellM Agkd el ¥ FulA &84

B 24 EA QT A9H S5 e A9 4
E7b Baste, dole) 4 4ol Bel /e Aol
Basith ¥ AT Hd-olo) male F83 o3t b1 4
o) TPsA S ANTFOEA, FF WEIRT FH A2
7e1g 4 9 Aelth EH olefd HIWE B A

H|Z olof 2E S o|Set At efa e 71

& Ao 258 ZHFA A omH] 71k Bl 34 5
g
~1-

B oAqs 202195 el BB o] FE ok AL
19 YU (NRF-2021R1F1A1063640) ¥ 2020% =38+
e REAN 2 HREAVEHIIY] SWEHU A

[e)

2918 ol Faale L.

[1] J. Lu, D. Batra, D. Parikh, and S. Lee, “ViLBERT:
Pretraining Task-Agnostic Visiolinguistic Representations
for Vision-and-Language Tasks,” in Proceedings of the 33rd
International Conference on Neural Information Processing
Systems, Vancouver, Canada, pp. 13-23, December 2019.
https://doi.org/10.48550/arXiv.1908.02265

[2] L. H. Li, M. Yatskar, D. Yin, C.-J. Hsieh, and K.-W. Chang,
“VisualBERT: A Simple and Performant Baseline for Vision
and Language,” arXiv:1908.03557, August 2019.
https://doi.org/10.48550/arXiv.1908.03557

[3] A. Radford, J. W. Kim, C. Hallacy, A. Ramesh, G. Goh, S.
Agarwal, ... and 1. Sutskever, “Learning Transferable Visual
Models From Natural Language Supervision,” in

Proceedings of the 38th International Conference on
Machine Learning, Online, pp. 8748-8763, July 2021.
https://doi.org/10.48550/arXiv.2103.00020

[4] A. Agrawal, J. Lu, S. Antol, M. Mitchell, C. L. Zitnick, D.
Parikh, and D. Batra, “VQA: Visual Question Answering,”
arXiv:1505.00468v1, May 2015. https://doi.org/10.48550/ar
Xiv.1505.00468

[5] J. Bennett and S. Lanning, “The Netflix Prize,” in
Proceedings of KDD Cup and Workshop 2007, San Jose:
CA, pp. 1-4, August 2007.

[6] C. Jia, Y. Yang, Y. Xia, Y.-T. Chen, Z. Parekh, H. Pham, ...
and T. Duerig, “Scaling Up Visual and Vision-Language

Representation Learning With Noisy Text Supervision,” in
Proceedings of the 38th International Conference on
Machine Learning, Online, pp. 4904-4916, July 2021.
https://doi.org/10.48550/arXiv.2102.05918

[7] H. Liu, C. Li, Q. Wu, and Y. J. Lee, “Visual Instruction
Tuning,” arXiv:2304.08485v1, April 2023.
https://doi.org/10.48550/arXiv.2304.08485

[8] Z. Luo, G. Tang, C. Wang, Y. Zhou, X. Zheng, J. H. Wang,
.. and D. Wu, “Generating High-quality Movie Tags from

http://www.dcs.or.kr



C|X ™ 2El = &h5[=2X|(J. DCS) Vol. 26, No. 2, pp. 471-478, Feb. 2025

Social Reviews: A Learning-driven Approach,” in
Proceedings of 2021 IEEE International Conferences on
Internet of Things (iThings) and IEEE Green Computing &
Communications (GreenCom) and IEEE Cyber, Physical &
Social Computing (CPSCom) and IEEE Smart Data
(SmartData) and IEEE  Congress Cybermatics
(Cybermatics), Melbourne, Australia, pp. 182-189,
December 2021. https://doi.org/10.1109/iThings-GreenCom-
CPSCom-SmartData-Cybermatics53846.2021.00040

[9] H. Park, S. Yong, Y. You, S. Lee, and 1.-Y. Moon,

“Automatic Movie Tag Generation System for Improving

on

the Recommendation System,” Applied Sciences, Vol. 12,
No. 21, 10777, November 2022.
https://doi.org/10.3390/app122110777

[10] S. Kar, S. Maharjan, A. P. Lopez-Monroy, and T. Solorio,
“MPST: A Corpus of Movie Plot Synopses with Tags,” in
Proceedings of the 11th International Conference on
Language Resources and Evaluation (LREC 2018),

Japan, pp. 1734-1741, May 2018.
https://doi.org/10.48550/arXiv.1802.07858

[11] J. Giles, “Internet Encyclopaedias Go Head to Head,”
Nature, Vol. 438, pp. 900-901, December 2005.
https://doi.org/10.1038/438900a

[12] C. L. Weible, “The Internet Movie Database,” Internet
Reference Services Quarterly, Vol. 6, No. 2, pp. 47-50,
2001. https://doi.org/10.1300/J136v06n02_05

[13] J. Vig, S. Sen, and J. Riedl, “The Tag Genome: Encoding
Community Knowledge to Support Novel Interaction,”

Miyazaki,

ACM Transactions on Interactive Intelligent Systems
(TiiS), Vol. 2, No. 3, 13, September 2012.
https://doi.org/10.1145/2362394.2362395

[14] E. Hu, Y. Shen, P. Wallis, Z. Allen-Zhu, Y. Li, S. Wang, ...
and W. Chen, “LoRA: Low-Rank Adaptation of Large
Language Models,” arXiv:2106.09685, 2021.
https://doi.org/10.48550/arXiv.2106.09685

http://dx.doi.org/10.9728/dcs.2025.26.2.471

478

Z150]

[= Qe

(Hyun-min Kim)

2025 © 7h v o3
EC AN

Al = ZEg] o] 8}

W
al/
A A S AL £ZE g o] 8 841314

ofF : Zkd o] A E] (Natural Language Processing) &

20199 ~ 4

A B

LN

82 (Joon Yoo)

200913 ~20101d:  University of California,
(UCLA) ¥HALS A4
20101 ~2012\3: Bell Labs Seoul, Nokia, #¢ ¢
20128 ~d Al st AL AZEg SR
A ok ¢ M 2} E A% (Vehicular Networks), $Fo] 3ol
(Wi-Fi), 21 o] A 2] (Natural

Processing) %

Los Angeles

Language



	비전 언어 모델을 이용한 영화 태그 생성 기법
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 방법론
	Ⅳ. 실험 및 실험 결과
	Ⅴ. 결론
	참고문헌


