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ABSTRACT

A Method of Video Contents Similarity

Measurement based on Text-Image Embedding

Taekeun Hong
Advisor : Prof. Pankoo Kim, Ph.D
Department of Computer Engineering

Graduate School of Chosun University

Owning smart devices, such as smartphones and tablet PCs has been
steadily increasing. Further, increased media-based content viewing during the
COVID-19 pandemic period enhanced smart device handling time. Particularly,
Over-The-Top video service (OTT) viewing has increased significantly.

Several OTT viewing-related analyses are being conducted.

The content recommendation system is the most important element that
influences the user satisfaction and continued subscription to an OTT service.
Users might exhibit inconvenience due to unclear and noncomprehensive topic
or category viewing suggestions. Therefore, gaining and maintaining user

trust and satisfaction with the content recommendations is important.

However, most of the content recommendation systems require user and
content metadata to provide the content or trending recommendations. Even
most studies related to content recommendation systems analyze user and
content metadata. Analyzing the video content as the recommendation basis is

inadequate.
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Therefore, we propose a text-image embedding-based video content
similarity assessment method for direct content analysis. General text-image
embedding method embeds and combines text and image features for accurate
depiction of the embedded class relationships. General text-image embedding
is primarily used for image-text retrieval, image captioning, and visual

question answering.

However, the content analysis studies that derive class relationship
similarities through text-image embedding are insufficient. Therefore, we

propose a text-image embedding-based video content recommendation method.

The proposed text-image embedding model consists of text, image, and
text-image networks. The individual text and image networks embed text
and images, while the text-image network combines the text and image

embedding and learns the video content relationships.

The text network embeds the input text and uses a pre-trained model, such
as Word2Vec, KoBERT, basic RNN, or LSTM. The image network embeds
the input images and employs a pre-trained model, such as ResNet,
InceptionV3, and EfficientNet. Experiments were conducted using each text
and image embedding models, and the best method was selected. The
KoBERT and EfficientNet exhibited the best embedding of the text and
images, respectively. Therefore, these methods were used to embed text and

image in corresponding networks.

The text-image network combines the embedded text and images and learns
the video content similarity. This network consists of a flattened layer,
fully-connected layer, LZ2-normalization, and five modules composed of 1D
convolution, 1D max pooling, and dropouts. The content similarity in the proposed

text-image network was achieved using an improved triplet ranking loss.

— vii —
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The triplet ranking loss aims to predict the relative distance of the given
data by learning from the vectorized text or images. It learns the data
similarity (close to) or dissimilarity (far from) to the target, by constituting
target-like and target—unlike datasets.

As the existing triplet ranking loss updates when the distance value is
positive, negative numbers do not affect the learning. If zero distance occurs
frequently, the update may not work well and result in improper learning. As
the negative numbers could be significant, they could be included in the

learning.

Therefore, we propose an improved triplet ranking loss for training the
proposed text-image embedding model. The improved triplet ranking loss
employs a nonlinear sigmoid function as the existing method. The equation
was modified to enable the triplet ranking loss update with a proper value,

even when using the sigmoid function with a negative distance value.

Comparative evaluation was performed with metric learning-based loss
functions, using the learning method as in the improved triplet ranking loss
method. Contrastive loss, the existing triplet ranking loss, and VSE++ functions
were used in the comparative evaluation. K-NN serves the same purpose as
metric learning in machine learning. Therefore, it was included in the

comparison.

The results showed that training the proposed text-image embedding model
with the improved triplet ranking loss method achieved superior performance
than the existing methods. Therefore, the text-image embedding structural
model and the improved triplet ranking loss model are suitable for measuring

the video content similarity and learning, respectively.

The dimension reduction and visualization were examined and genre—based

— viii —
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clustering was observed. Therefore, the content recommendations can be user
preference genre-based. Therefore, presenting the underlying rationale for the
category and topic recommendations, and improving user satisfaction 1is

possible with OTT services.

_iX_

Collection @ chosun



A1 A2
2 =

al

A1d A7 w7

oF

2utE 7]718) B

KR
T

glPCe} 2

B
=
¢l

spbE 3}
el oz

o~

do

nte) Felx o] §E 3}
48] 2~(0TT)

ki3

o]-&

=
=

| 2=ntE 7]7]

3]

b= Hl&ol 2

oo

ol

=
=

3L
[}

A

Z7tglon 2 YouTube, NETFLIX, $txF, Wavve, NAVER TV

&

7
Nlo

H

1
L

Eis

)

)

o] -&

[e)

wj Az

p=2

o

A7 ey

[oi3
=

-

L

°o]&

=
R

=

7hel wek OTT

=

o

O ko mAE= 84

Aoz Uetwt2]. OTT AR8-AFe]

¥ ek

-
L

)

o

)
X

el
00

do

i Ak OTT AH&AHE] <]

A AzE NAZE Hujxa, Zolrr] 7% ol

=
y T

] 7% ]

e

B

.

)

JFe VA= 29

ol

A Al =gl A

= %

wl

=
T

AtH3]. OTT9
T7F 3=
7t}

~
TR

ol
™

pr

o

3+ JHH

s
RN

o Al vEF dolH

=

€l

Al 2=~
Zhelare] el AA 7

-

AW Aol e &

LR RS E

°

o & eH AL
25 A¥F

K

2]

bl ol% slurow AbgR

Collection @ chosun



grEsh ou AuE 7] BAEY] @ PPoR HrE-olnA gy
Py e ol gtk HBAE-olnA Juge BiEs) o
[e)

=
2 dulg @ Zelx Abole] dAE & Fdde As HREE I

Mot B omRoAE Taxs Aggon 24 9% Yoz Fd

Ol
ol
~
do

o,

i

W

m
o,
=
>
juied
=
ol ¢
td
e,
B
Y
o =
rx
—
]
=i
@
—t
=
Qy
=]
7.
=]
0
.
)
w0
w0
il
2
[-40
%
O

gl AE-oln ] Qe ARt o g HAE YESL A ofu|x] YEA &
Agstr] 913 g2E-olux] HEQAR FAHAUE]l H92E HEA: A
HiE d2EES gudEy] 93 W o ® Word2Vecl7], Recurrent Neural Netw
ork(RNN)[8], Long-Short Term Memory(LSTM)[9], Bidirectional Encoder Rep
resentations from Transformers(BERT)[10] 5o = 4 = 5 vt o|7A] 4
EYTaE dEy = oA EAS FE3H7] 9 W o2 ResNet[11], Incepti
onV3[12], EfficientNet[13] 522 FA4& 4 At} vpxtoz HrEL ojn|X
= Agslr] 93 dAE-olux] UEY A= E7F7|, Softmax[14], Triplet Ranki
ng Loss[15, 23] S5 3449 4 otk

Triplet Ranking Loss® ®WE 3 #AE 183 Metric Learning s 7|WHe = F
ol Xl dlolg ] Al AgE dS3t7] A8 HEsE HAEL olu| X 2RE SF
e e BA0E vk B2 HolB et A HolE], fohikA S HolEE
Adate] AR HolH = B 7 RS, AR 98 HlolH = Bl Hes &

o

o

o} o
o

Collection @ chosun



o

Am
Tor

[e)
hy

1

o

=
T

Kol
=]

7] Triplet Ranking Loss® 7A@ #tol

7] Wil JulolE

B

5

A <t

=

=

t2 2 7l A% Triplet Ranking Loss

©

J
=

A %

Collection @ chosun



mK

=0

B
X

FoesE-olnA Uy mus )

I3
“

g 9

=
=

A

S

<t

A

Triplet Ranking Loss&

SR

b

o

N

o
o

ol

|9} 7§41 ¥ Triplet Ranking Loss

g 2%

HESAA, oA v, °]

—

2 BaE-onA g

1
T

—olu ] HEYazR FAHEY. /H4E Triplet Ranking Loss

38

Tor

)

W/

—~
o

)
—~
fite)
o7

_—

~3

o

baL olw)

AR

=
=

= =714

—~
o

il

M

[e)

PSR

——
o

it
o

o

il AF-E-=Fell A

3]

s

ol
Ho
X

SR

d

o

]

<]

Y
op

o)

N

7

-olu| x] Jud 3} Triplet Ranking Lossol] 3l

E

<

Collection @ chosun



A3Fel A= 2 =l

R

Triplet Ranking Loss®l| ¥

A4 = A3

3
ofm A ]lulg el Al 7Fst

)

npEto 2 5o e &

SRELIEE LA

Collection @ chosun

s



AT

™

A 27 #

7}

=

o

olo] wa} OTT o] & & o]

3 2~ulE 7]7]

3

ol

ataL

S

=

=

Fo]

heh mey one

18 Al

7

=

o

[e}

SE

]

(e}

=

2

FE 71719 Hf&

E

o]

o

.
o

o
il

B/

-

:.AL

i
N

o

[

8

o
s

of T8l FH dn webA F FellM = 7]

& 7

W 3} Triplet Ranking Lossol| 3]

5

o]
™

I 7R el o
—o]u] %]

]
“

Al

pLe

=

3

o

o} o]

3=

2]

%9 AFoR AGAT

R}

Ed

]

= Zleelth

e

0

X
ol
TH

<]

~

o

i

pin
]
N

o

[}

K

—_—

0

o}

o
50

|

Jn

NF
M

s}

of wheh ALgAre] AeAz} vl chEsAA T, U ge AHAR ol

U

A

b gl wheb sjelel

9

3l #EA g2 A A

S

71 %

1

B

- [e)
= Ae

ul-

=~

fsi3
=

F7}

of

)

NI
o

i

o

(16, 17].

)

=)

N
)

W

ﬂ,”
mo

—

e

I

=2A
AbgApo} ofolHl S vHlo g 3

ol

TH

i}

<]

.

__AL

-

B} & ol A

_Tg
ZFA|

1=

=]

o} o]

Kl

[e)

L

b ol o,
2]

°©

Eo]_ o]_o]
1S Jwoz o1 ofolElw Aol

=g

15

&
Rls

o

= 0o
= =
]Fj

o}o

1
T

o Mg AHgA
[e]

3

R

e 3

Kl

=
T

15

[e)
gl

fu

3 e
ARSI

S

A AE

!

el

%

&to] B g]

)

Collection @ chosun



T OB NN Y do X0 O ooy W Ui
o - T No ok R < B "R T R
W i do T — o ™
e o SR 1y S Y | B v o B ~ = ol
T 3R ~
M W o o W BN o "N T =
%MM&% moﬂw H_zrwﬂ ~
i) = o . = go
—_ — 0 p— vl ~ iy
T O
IxZizy T % F F BN o
T WO w T weu_ﬂ w O
o T 0y = TR ST o )
N X2 b  Eepfa 2rPed L
=) olo o ~ o M nb N oLy = T
I ‘.ﬂw-‘._ i ﬂAFL ,_ﬂa ol ol ;OL ~ X _E
o XL W Now o oo oy W o
R
) T g T W L
Gy WA X oﬁ_ m __Lw 2o R %u X ~
X 1o =X o = - 3
%‘Hurm.g ujr e %,M 7 ﬂwﬁ o
— = ) -— N
SO L Wn T ,1__@ B u..oﬂ MR o R <
o B Y s = " 3 o B o
o N —_ ﬂzT = HT_ =9 iy ~ T
A DI L A T
ur«E%L.mLz qo.m_xﬂ_]w q_lmof,,uﬂomﬂ =
g > & BT T | WO W % n
— X0 e
A oy B2 wm lwme =
T = X o WoE ® oo B X = g
< %,Q@mﬁ‘ﬂ o Q1Jﬂu I S, 2o
) —_— ' ) X0
o3 WO Ao Pag BRE LD o
oo g X o Gl SR i
e T LW T o s P ﬂ%%%w %
® S h oW = P el ler
TRy wy T o X N
MR oo o W N o Z N T B M oy
~ o TN R = oo BT o) o M
= T T B % M o W mo® T T

E==A
T

}o]

9

2

°]-§

o

=

Movie Genome2| 7§14

-

R

3

[oi3
=

-
X

=

=

v e} o] o] E

}

9
pal

FeH18].

OO]:

shel o

!
AF7F A ATHI9].

Collection @ chosun



o]

=

=

;gy_

9]

[e]

]

I

% 5}

Fo] vl ERd] o] E ol A

e

3

(e

of EI (A R A Ry E o M
. @ & T T o X = o o
o) T O T = °
< ) x| < T T o
R - W m T+ ~ o
=% o G N X —
ox
I Mooy omy do B 2
N onr do ® N < - =
e H = o X
5 P ) WX o)
TR ~ & 9 do T +
Ly C
P O R R Ao
& X o G CONE
) iy — =
= o = o Moo o o B oS I
~ Q TS N oF = R N R = M
Tas APFeT4+ 4"a &
o Ayl ﬁw < g W G ) Hl
" X ® 5 ML T = mo N SN
T = — o = ]
Do N B o~ o ,LL i ]
m] = ofp o il o — = , o ol
N o e m B X e W & o o= L
o To o wx K O S o}
e = W o= o oo W Mo = = -
o . 17: = W 5 = o Y
TS OFE o w S om Mo o T il
R = T E T T .
TEL ~¥%sz¥ (EFIg 2
oR ,:L = X X 5 ol
~ e N "2 -~ B
N & X = o (S ol T Xy
o = W Ho X ™ — ~ 9o
= o5 % P W = <~ £
o £ ,;IA” wo TN ﬂE —_— B &
o Moy XET o ®gop O
oy & ° T oo N g of o
,.,_AIL H__Vl o ~ o ~ = '~ ‘mW ~ WW
= oy o o ™ T v JJ TN W%
o= BT OE W R T oy TR
7o D W W EE O ~ N
U‘.# — = =3 - = UL JE' ‘~|/‘V|
N T B R o K oo oW
o s AL 2
w M o W T T Kl T ™ N
N = o ® B oK T A w

OTT 3t 9]

Collection @ chosun



Collection @ chosun




A2d giE-olm X T

BB} olnx] HRE A A5 93 e r HiE-oluA] uy W
Yol EAgth dAaES) onAE thE =Wl dHolHelnz Agsh=d ofee
o] mpth HXE-olnx] Ydude 54 FFo dAAA e =wQle dHolH
AS Fasitl, Yurr oz BAE dolHE dudsly] 98 HrE YEYAY
54 FE55 A% oA vEY A, o] &5 Adstay #AE gF6hr] %

=] Z

H
dEADZ FARY 2% 38 QA gas oA iy w

Text-lmage Embedding

giE WEYIAE BAEY AL FEeE giE duWPe Sy V)
&l A5 o] & Word2Vec[7], RNN[8], LSTM[9], KoBERT[10]¢} #& mde] +
Hoz sgel BEY F Qom, 5 3712 olgste] yree] 4L 7323

ATt

&

ol ] HIES AN A &= oln|A ] EAE FEF3= olvA] dudS S
71Ee AFEo] 2 olnA] EiFol| AFE-E = ResNet[11], InceptionV3[12], Effici
entNet[13]7} & mdeo] FA o7 8o

2 54 35712 olgdte] onAe 5L F5F 4 Uk

]
ofo

).
o,
o
£
>,
2l
1%
o)y
5
5
i)

grEs ojujx WEAZY Yy wEe 4 delHst ddsud s
]

wAlel wek g 5

Collection @ chosun



At o 2 "XAE-o

% wujele] 54 AF % Sa@th o FgdA mujle] 2 Fax Abo]
BAE e, A dsng s BAG BHo) 4% Loss §4E BE

1=]
ojuf, AWk o & Metric Learning 7]WF2] Loss §57F A&t

_
=)
2L

dENTNA BiEs) ofud 54L QuP s

rSL'
2 Lo

sE-oluA] QUYL BrEs onAE QYo A

|
olg B % EAFE AL RER V0 F2 Adsud e

Ul

flied
[-']I
o
T
N
[t

—olm =] e WS =Z Visual Sementic Embedding++(VSE
o|tH22]. VSE®| Hx &= FAgel g AN AAE EFsk= ARl
B AN A= olmAlolar Hert oju ARl A HA A=
o|th. VSE+++= VSEE 7j4dgh Wio=m e xEQ} ojnx] AFn
A AH&sH7] 918 BEQ ojm A dWdE ARME x7]9] AFo|th VS
E++= g2E U ESAE Gated Reccurent Unit(GRU)[23]Z FAJ3star o]u]x|
HEYIE VGGI9[24] T+ ResNetl5l[11]15 AF&3kt}d. 719 Triplet Ranking
Loss= ©|H| A8 #7] 8tz F2 AFEH oY VSE+++= o|u| x| 9} HXE <]
we Aty #A k<ol Triplet Ranking LossE A& 3t}

r
]
1

R
=5
o

+

=

N

o) d -
— -
e
2
w2

e
L)
rlr
»

)
rr

il

1 9o el EAL g5ty 9 W o2 Contrastive Loss[25]7F ¢
Metric Learning #oA duldd dAEef ojm A= dP&E E&= HE e} 71%7]

o] BaE-ouX Quge] F83 F k.

Collection @ chosun



?:5_]__

b1 9

BN
—_

E ge-olux gy

Aste] 7]

3} wla

Collection @ chosun



1. 92E

giE Qduge Abgre] QAN ASSE W A 53 2 Aol
AFHE Fokel Astr] A% Aol A P F shibelw], HrES W
wdsy] 9% welth vAE uge Azeaz st gasel weld o
o wol gy, B3 QulY, BA gud oz PR + o duHow
Aol 4 1z @99l Tolg o g7

e g2E lvd WH 2% one-hot-vector, n—gram, bag of words’s ©|
ot gojo MksS vinte s shr] wiite] FR whofol] the HH e} o
2o BAol ol go] glovl, S wolol wel wee] el FA 7ha
7] Wl Aol AFo] WA A I w &g ol o)

Word2Vec[7]2 @
Uz Hs2g Ao Tste
H o dol s Fa T4 wo
guage Model(NNLM) o]t}

Word2Vece no Z7]E ztE= window s o] &3] 4 ol FH tol =
T-A3E o2 5] windowe =77} 20]a ‘U= AL Y] S4HS 3o
= Bl 9 A B4 wolsh Fu woli 19 49} o] TR

4 Y
= O S22 BtCt [1,0,00,0,0]|[0,1,0,0,0,0],[0,0,1,0,0,0]
R [1,0,0,0,0,0],
Sits gt [0,1,0,0,0,0] 14 5 1.0.0.0].[0,0,0,1,0,0]
stC [1,0,0,0,0,0],[0,1,0,0,0,0]
= 10.9.1.0..99110, 0,1,0, 0,01, 0, 0,0, 1.0, 0]
Lte 242t o3 [0.0,0,00,1]1][0,0,0,1,0 0] [0,0,0,0,1,0]

Al
=

29 4. Word2Vecdl Al S4] ©hojo} 1 o

Collection @ chosun

T4 9 o (window size=2)



9 49 9% oFoZ windowe Z7lol wEk FAEE T4 dojel F
dolo] S e glon, LEFRL FA4E T4 dojok 7 dolE b
of wordsE &3 dH¥ld st #AFS Hltk Word2Vec[7]2
A gojel W wols Y 280 R s NNLM 7|ute] 25 7441, Co
ntinuous Bag of Words(CBOW)$¢} Skip-Grame] ®2lo & uyxth 19 5= CB
OW<$} Skip-Gram 7]8Fe] Word2Vec % ©]t},

input output
W(t—12) W(t—2)
WeE—1 rojection output =2}
Wi(t)
WE+1) W(t+1)
W(t+2) W(t+2)

2% 5. Word2Vec?d CBOW(91%)3} Skip-Gram(L &%) %

a9 59 92 Word2Vece] CBOW 7|4¥ke] melo|t). Input layer, Projectio

n layer, Output layer2 7AW, W ©of, i) T4 wojoltd. CBOW 7]

Hko] mdle = dojol (t+n)E PHOE HEI projection layer®E 53 A

|EZItE o]7]4 n& windowe] Z7]olt}. CBOWE F¥ dolE

23 =4 "dolE o =3rh 19 59 2822 Word2Vecd Skip-Gram 7]4FE]
2 =

N
N
ofN
I
w2,
=

o

geldel Aol AAHUA HiE 2 9% R BdSe] 549D R
]

r1r
°1N
N
o
~
re
(o]

ecurrent Neural Network(RNN)
NN2 A5 7F AAE delHE 58 W 2 AHE¥™, 7I£9] Deep Ne
ural Network(DNN)¥} @& olxde] HelE iigste] AHggn. 137] wZof
FARoR FYGE grEd Aug At ° Agsty de FEHA

Collection @ chosun



AAE deolE e =A%
zt=t}. @A hidden stat
olxdel AE M= 4
6 RNNI[8]¢] Fzo]t}.

RNNI[8]> hidden stateEd 7|Hto =2 R do] S ET)
22 729 hidden state® Shs5sls A A< 2=
eoll A 853 235 th3 hidden state® e dti=d
det A HEHE JdHo R sFehe dHolth 1¥

. 90 ¢

h 4{ ht_l J { ht } [ ht+1 ‘]—‘ h

O® &

19 6. Recurrent Neural Network(RNN)e] 2%

a9 69 9% 71492l hidden stateE 23t RNN celle] FxolH, @
8% RNN cello] A7z Stgehe AAS A9 dHolHo &Add wet &
At ot} A7|A &= YHolal y= 53, h hidden stateo]th. RNN cell
oA @A JEle] hidden statedl h,+= ©]x°] hidden state?l h, % @A ¢
e 2,5 YEOoR 3 yE FHdY. F8 y,+ % hidden statedl h,_ &
g 4= ol g Aol b ¢ oy o TS e 2o
h, =tanh( Wk, + Wz, +b,) (1)
Y, = Wh,+0, 2)

o] 9] hidden state$! ht,lﬂr dAel d=H g, o Aol #4 29 o o

HHA o2 ¢ o Softmaxs o] &3ste] A& E=E3T
shANE 212 A1FS RNNS 74371 918 B2 RNN cells AH&stA 2 74

Collection @ chosun



G 8tEetr]l A genH o U Vlaa A er FUksHA Hal W 3R
A4Fa] - hidden state”} BdA o= aeH A ol 71&7] A A G
T Ak o]E A7) 93 WH e ® Long-Short Term Memory(LSTM)[9]7}
A Qe Atk RNNell A A sh= 71&7] &4 &A= 8t A4 dA 7k A7 A
& gl el mE Aotk LSTM2 ol & al4d3sl7] ¢al RNN®| hidden state
Tzol cell states F7lek= FERE FI Vw7 A EAE S5 1" 7

& LSTMI[9]e] F+xo]H, A 3, 4, 5, 6, 7, 82 LSTM<S T4 3+ gate®} cell?

o]},
@ cell state

LSTM fi s LSTM

gt

)

/

t
input gate output gate he

Xe+1

©

18 7. Long-Short Term Memory(LSTM)®] %
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ol Al Z7kA7} HAsd & FHE Fe WS Addrh B lolE xA-s)
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#1348 Triplet Ranking Loss

Triplet Ranking Loss[15, 23] Fo1% dlo]lg 9] ¥l AgE o3t
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3}7] W&o Metric Learning©]gtx1% Sk},
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19 13. Triplet Ranking Loss®] &< 34
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Triplet Ranking Loss®] 2] ofgj<} ),

Loss = maX(O, m—i—d(f(:va),f(:z:p)) — d(f(:ca),f(:l:n))) 9)
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dlz)= AZ 4 ol A7IA dz)e FEEuet, FAI A g4 59l
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QelolE s K3 o] ¢t e Witk
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Visualization ~5
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\
Text-| .
embodeing | L 1 | 1 | \IH‘IIHIHIHZSG-d'm
[ Text-lmage Network ]

concatenate | [ [ [ [ [ [ [ [ [ [ [ [ [T [T []]

Textembedding | | | |

[1T]

| ] | Mmageembedding

Input: text

Text Network

Image Network

Still cut, Poster

Input:image
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[[0.978328 -2.1541088 ... 1.232299 -2.092169]

[0.01761385 0.83592516 ... —0.38992476 0.21850778]
whol uld

embedding shape(9, 200)
[-2.4837196 1.109513 ... -0.6130726 -0.10444362]

[1.3277844 -1.4225535 ... -0.62285185 1.36858071]
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APk ® 3& LSTMO]C.2 g s A4S wlth
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B
[eZ0

qe B e S de iF ese @
By 0w g [[-6.8857765e-04 - 8.7323471e-04 -3.7422928¢-03
embedding

shape(768) 3.9630355e-03 - 4.6416780e-04 2.7927137e-03]]

H~E Y ES FoA KoBERTE AR&3t7] flal] 71Ee] 3718 Abdsts 2d
= o] 8§33l 4 £FE EAvtelA W T stuel WordPiece[34]E &3
E23}5 3 bag-of-words$} & W og wolE input ids® W33Th AFA S
% ¥ KoBERT® &3 vector size= 7680]1 3ts5ol ARg¥ D529 A7]= &

% 5M, ©@ol 54M, wolo] s 80020t Hl Y= 5127HS] woj7hA| wro
H, £¥9 A7]= 768°Ith. & 4+ A s KoBERTI33]= dHdsr Aas
Hlth
% 4. AAE%5H KoBERT 2 48 dwdais 94
SEEE e A2 g8 E 5 @
3} [CLS], ‘W=, 7, &, S8l o=, &%, &, _g¥, [SEP]
input ids [2, 1375, 882, 7088, 3567, 1999, 3514, 7088, 4965, 3]
22 olwd [-0.030031124129 - 0.031172504648 -0.18609851598,
embedding
shape(768) 0.042988702654 - 0.045441471040 -0.068088270723]
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be 49 o T owel A% ox7t gl
W59 dolw st ol E28 Fo| A& H KoBERTI33]S whol

2]
AHE T8l dEs idE abE S duldS Ea 7689 Vs Zte WEHE ¢

A= 7hA 47 g Word2Vec[7], RNN[8], LSTMI[9], KoBERTI[10]& ©] &3 =
2 i MENAE TYs] B =R AN HrE-o

¥
WA QEgE A Gae-ouA QY Aut Y Fe GiE Qi

e B oeRe giE yEAaR A4
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2. olu A YEHA

B Ao M= Agtsts "d2E-ojuA] QlulY EEo A omX& Y st=
ojm A HES AL FA #3l| 7[&drh vt =<l
HE 37 #4387 gk A+7F @dstA olFH o] wep dubAor Aso] F
i dEz e 5 FE7I sk
Hog olnx BEFoA 2 AeS e Zez 4 A ResNet[l11l], Inception
V3[12], EfficientNet[13]S 54 F=71= o= AHdeFdE EdS o] &3dto] o]
v HMELAE FAStL 11 AdE &3 M ool & RES B =3

Pt

A AQEelE "lAE-ojmux] uly EEe] ojnx] HEY AR A

ol 7iute] g ghe]B ]l Keras[35]ol Al Al &shi= AP S5 ResN
et, InceptionV3, EfficientNet 2 2-& o] &3t} o= 1,00071¢ S22 FA4H
olul A1 gle] Hlo]H & o] &3slo] &Fw HEHo|th ResNet 151719 layer=2 T4
H W< RestNetlslE AFE3 3l EfficientNet2> b7 W A& A& 3 5
o|H x| ¢l ] W&ot}

¥ 5. AP ResNetl5], InceptionV3, EfficientNet h7< ©]-&3F ojuj=] 8|

AR R =l mput output
shape  shape

ojuj A Iwld

ResNetl51 22242%’ 1, 2048  [2.0103593 1.1456257 ... 3.3114839 3.5019507]
InceptionV3 2222 1, 2048 [0.9541025 2.0347521 ... 0.05512767 0.48773468]
EfficientNet b7 %%(()) 1, 2560 [0.3998461 0.13490929 ... 0.01077013 0.0847197]

ResNetl519] o|n|#A] & REL 224 x 2240]1L &8 A7|E= 2048°] 1, Incept
ionV3e] o]z 48 LS 229 x 299011 F¥ A7]+= RestNetl51d 2t} Ef
ficientNet b79] olu|#] 48 XA+ 600 x 600°]x =9 Z7|= 25600] ).

AG7AA 71ed WE2 oA YulgdS olnA] sutE dulFgst= Al @l
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AT B =Rl AFgaE oA dHolgel AdAN EaE onAd 5
E sl 5ot G2t g S 2"An L2 A5 23719 G5}
9% u ResNetl512 olv4 54& 553 8 4% 28 5L (ovA 7
S x 29 A7) (23 x 2048)°] Wtk webA 2 Gstel g oA 54
2 149 MEE BEY) 98 7 ey 48 JFoR gEe Az
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3. 4XE-o|m XA HEHYZ

=

o 2E ol

d

1A HEA A= 243 38 A A3l d2E QI o
dHES 2 B gFehe AAfelth "HAECL ofnx] WMEE concatenate
| Astsls=td. 192 7§ " Triplet Ranking Loss® 8t538l7] $3%3F U E
AaE FE3h dAE-olnx YEYAE 1D Convolution®} 1D MaxPooling,
Dropout layer® ¥ "A2E-olnx] RES ofgl 7| wjx]star wpx| 2ol Fully
Connected Layer®} Flatten layer, L2-Normalization layer® A 3%t} ®l~E-

oA EE2 1Y 16, HAE-olv|A] UES A= 19 179 2

=

A

o

O
it

{0

]
5

il

i Dropout

i i i
1D maxpooling

; i i
1D convolutions

[ v
Module 4 | | Module 5

f _ !
Module 3 Flatten

f ) !
Module 2 Fully Connected

i - ! ,
Module 1 | L2-Normalization |

LTI T I T T LLE T LT T |osedm

concatenate Text-lmage embedding

a9 17. 9 2~E-olux] YEY=
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g et olux] WEY A dMde A3}E concatenate® ZAgHste]
E-olmA HEHAS fdHoz ALg3t. e ulgddt ofmA] e Wy
of wel = WE Y AV|7F B vE27] wio] giEe) ojnAE AR

concatenate®] WE =7] T3 tl =2t} 1D Convolution®} 1D MaxPooling, Dropo
ut layer®2 7AH REL F 5E YL 4 mE9 FAE zkA]FE Convol
ution® kernelZ 719} /M= Y24 FA4 @2 MaxPooling®] Z7]9} strides® 2,
Dropout= 0.32.%2 A&t F 6 ZF 252 kernel¥ pooling®] A4 A Ho|t},

¥

¥ 6. Zt 259 kernel¥} pooling®] A3

kernel num of kernel pooling pooling

size kernel strides size strides
Module 1 32 128 1 2 2
Module 2 64 256 1 2 2
Module 3 128 512 1 2 2
Module 4 64 1024 1 2 2
Module 5 16 2048 1 2 2

o
°*““

25 Fof| W=+ Flatten I 2} Module®] kernel 7)<=ol ujz} ¥y w)

HES 34 139 WE 2 vwE5o] F1 Fully connected layers %53 =& UE

#ol 77|15 Heor FHyFY. npATow

L2-Normalizatione E3] At3E FP 3o} L2 AF3= 5ol LAs= L

oss9 WEI7F UF AL A mde shge] W] 247t HAY AAF €=

A g 7] wEol WA= LossE A3+ Wi olth. L2-Normalization
°

o A& Hev 2,

LZZUZQS?Z \/x%—l-x%—i—xg—l— ...... + 22 (13)

T4 132 nakd HAxgHolA WEe Al Axtss Wi, 2 ud
g FA A Zobd FEUUA Aatste E97|E @ Lossol wisf L2

a7t 449 5 A=E Hu
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4atsts sttt A xS
L3l A] HAStE Loss #ES
st A A =T

2 Hofl A Aw gk YESaE
Agsta grE-o 58,
= A¢tst= /WA= Triplet Ranking Losse E}O 2 o)l A

Collection @ chosun

nHA A WA EE Loss

/k] 13 o]

Aitahetel YT 2 gol dodetE 1 ghe o

Hg WE S

_4 Yy

oA AL}



A24d /WX E Triplet Ranking Loss

~

£9] Triplet Ranking Loss[15, 23]+ Ad A4S B3 =
7Y o old JHOES A 2= AGT7F BT o7l 8ol niwstA A
H o HJHo|EVF & QF Hia o] FAHoR HA e AU 24T Q)

o mEkA B =golA e vAY 45 7Hke g2 &&= A% Triplet Ranking

/WA ¥ Triplet Ranking LossolA 7§Ae] $HE F+= BELE F71A o)t A
HAZ, A F49 o] 7Y A5 dUolEV 7Msst=ES sk 3olth
S A% gu7F A= Aol £9sty] " JuolEe &&stax b T

=t

HAl= Ay FAGe] UF A2 &5 foz dHolESRA &4 = Ao
[e) [e)

=
UF ge &5 g A A9 el vinshe] 4abA

x)
st e HAE < sigmoidE ol&ste]l WA A 165 B =X

Z=d(f(w,): f(z,)) — d(f(x,), f(2,)) (14)
Loss=———=_7+ o(Z) (15)

2l 14+ 24 A3 Triplet Ranking Lossol A Anchor®} Positive, Anchor2}
Negative®] A2l& 8t WA wxls ALl 2], z,= Anchor, z,
+ Positive, z,< Negative, d(z)= et ZA A 22 A =4

StR Al AR 2ol 71¥€9 Triplet Ranking Loss$t €8 242 1183}
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71 s wAdE g9l sigmoidE

nking Loss”} Anchor$} Positive,

ssell W] |

1

L

wole FEH= Wy stA vl A¢kE Triplet Ra
Anchor®} Negativeo] A7} A% Lo

FEgS aYg=s B Ad-siy. 28 182 71¥£9 Triplet Ranking

O~ 0
=TY

Lossela 19 19% 704 ¥ Triplet Ranking Loss©]t}.

=3

18 18. 7]1¥ Triplet Ranking

Loss® 18]

Triplet Ranking Loss® #& #Tds 2= 19 184 &

o,

-3

Ao

-1 % 1 z 3 -1 % H z 3

¥ 19. A|eks}= Triplet Ranking
Loss9 8=

P
T

o] =
AN

Z7}
ol = uH A YA|RE A|QFSF= Triplet Ranking Loss® 27}

o

V= T Jd ST

F491 A% 71 Triplet Raking Losssh W@ @& ddlolEdn £49 4
FolE of Aw e wESFUA FulelEst AL & F vk AW oy
2 A4 o BobAUE Loss ol B HobAle Aol ohel xEH F7)%
Moo oouE nEd 5 9e Bw U A%dN AL gom uoedt
2 wABY ol 19 1994 B &+ ek
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w elMs Fdz FH giES) ojuAE P AbEstr] A diolE Al

. [e] -
3 2 el el vlestn], 94 AP HaE-olmA QW md 74
& 9@ Ag AL mde] 4% wAY R =Rl Add Ahow &

g A A= Ubuntu Server 18.045 LST, RAM2 128G, CPUE Intel(R) Xeon(R)
Silver 4210R CPU @ 2.40GHz 27§& ©]€3 3 GPUE NVIDIA RTX A5000 4
N, 2249 A2 Python 3.75, +L o283 2 gensim 3.8.1, Pytorch
1.8.1, Tensorflow 2.7.05 A& 3t}

A1d Holy Al

2 owgdd gaew o 2ux dolHiE A 7 dstel UES

4
Y B A7 wgo] 2mHY) wEe BrhEath 2w e 94 2w
2o 7] Ze|e FEeE AT 7] Zedel ouxo] ARP AWEL Aye
Qe A7e A7 Edow dHAR g wF oe FAR X A7
ofe] A FAe] FEeIE ojde PRol EAUT weh B =roA- xd
AelEdl A AFeE 98 ARE olg@th LhAEAA AFeE N A
B AlFe] BAolm, ARAe} Welw AFHE Arols] WEd +4 s A
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dlolEl= vlolH FslellA 2021 89 29 HAH & JsAH
d3t= T FAREE G3he B FEE dde® FETL

TEdem, dolHdX Agets d3t AR T dd JIE FaIdy. oA
qEodlelsell A Algets B G TR HlsEA &2 95t o

f

2 S E
ol gl7] Wl olF TR & A G FolA FEI B sk F4}
] ogzc}i ek vsg F2E Bol pe FE= FFsd 1042 TR
9. ¥ 7¢ PES F22 g,

F 7. B GEkek wARRE FEkE aekr] fle Beld A=

2wl W2 /o) A /2w~ HeLA], SF of L] w] o] A 73 7}z

SR Gt volE F E2Esh 2" AF7 207 ol skelArt obe] £
s @ gsk dele MM AR B Gsksk FAE Gt 4978 F
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dolel Fel= gojojZ 2 RIEY oxZ 2], A7 T34 22 AHY
TAE FEE & F U= Fold golBelg <l Seleniums €83t
TR doled A Pt ID-Gst A%, I3t ID-FA = csvHd FH
Al 22 2R wls FHIT §F ovAE teste 93t ID &
2H, 2"7 ol AR AT 19 219 17 22% 93 ID-93 AlE>
st ID-&718 csvibd o] dieolm, 19 232 g3t D Fv-E2E, 29
o)

ie_info_new.csv
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THL HolHA2 St HAEd &83t7] 9@ train, test, validation Al

2 YA} train A Ssrol AFEEHIL test A ShgE Rdo ATS HE
sk u] A3}, validation A& o] Skro]l I H A=A Felstr] 93k Alo]
t}. validation S F3l gFsts HAHoA TS F = AXFHY H4ds
olHdetng, mde HEYZ L layers: S F At 18 24% validation
A& olgste] Rdlo Fsg /sty flgh Wl oigh droltt.
loss
\‘Yf:iv onlo
overfitting line
\\\ ‘ - stop training epochs
\\-‘_\(“ | B
training loss \i“*-g,\__ ; _,/”/
1% 24, validation A& o8 24 ds A W
9 249014 training losst train A& o] &35te] RdS g5sh u WA=

offt
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td
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loss ZrAle] 3l validation loss& train A&
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=
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webA] B =0 Ai= train, test, validation A& &&3l7] Y&l ElA J 35t}
w2 frAbeE G ste) g
A G5 train A test M2 FAAIT. 29 26+ £ dHeoly AlS UE
RiA=

FAFSE A3t A ZF 10%E validation A2 dFal 1

[ Train I

Test I Validation ]
4,48071(64%)

1,80071(26%) 6987H(10%)

19 25 Aol ALgsE dolHAle] A

AA o)y AolA train A-S

4,4807, test Al 1,8007), validation Al

69871 = Ao, A deoly Aol AA sk vlE 72 64%, 26%, 10%
o t}.
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Collection @ chosun



A2d grE-olux guy =l ¥ Bt

B Ao = o dHd giE-oln X Y Rde] He HhE T
g2 YENAE FAT 4 d= Word2Vee, RNN, LSTM, KoBERT$} o]#|
A MEHZE FA = A+ ResNetldl, InceptionV3, EfficientNet b7 Al-&
sto] 7Hd Adeeol £ dud WHS et B3 M Aol & 92E9)

[¢] 6o

ojm A Wy WS Altetes HAE-oln A ¢y KA HXAES ojnX]
WEAZANA Agsta J1Ee Sae-oluA Quly ¥ P H sl

2Rl ASHE Yo B Bl

7t Aol F& HAES on A HEYAY duy HHES 7] 98] 9~
E WE ZA A3 Word2Vec, RNN, LSTM, KoBERTS®} o] =] Y ES A
o /] A}-& 3 ResNetl5l, InceptionV3, EfficientNet b7S A& 7}53F BE %3
o7 FAgH. G2E} olux] HEQ A FuEs "iE-ojuA] YEY A=
oA Ak 57fe] "l AE-ojn X EE3I Flatten layer, Fully connected layer,
L2-Normalization©. 2 -4 € t}.

T
s

il
o

g iE-ojnx] gl Wil uw BF7tet7] 918 Recalls HE=Z A
&3ttt Recalle M, 1 Al2gloA F2 AR EH R A& F7hshe
2= % 3&hi}oltl. True Positive, False Positive, False Negative, Ture
Negative®] 7459 F& 2zt&  Confusion Matrixs ©|&3t=  FHEo|t

Confusion Matrix:= 13¥ 263 Zt},

Confusion Real Answer
Matrix ( Teia ][ Falea

\ S\
Model | True | [ True Positive ]L False Positive |

kPredic’c | False ‘ _ﬁe ][ True Negative

19 26. Recall %

M-S 3k Confusion Matrix

M
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Recall A dwo] Truedd #A

Hl &S et w2k True Positive®l False Negativeo

Sl A B o Fo] Truegtil o33 3]

3t = True

Positive2] H]& o]t} Recall® X @ o] oZ3 A7} dup} 43k vpopa 4
AT A Eolth Recall?] 212 167} 2t}
Recall(R) = %\7 (16)

T2 16914 TP &= True Positivee] a1 FN & False Negativeo]t}. #H2
A A" shye] AyE FHee ARG A8 e AyE FHIE AS
dQa =2 st} o]d 7§ Recalls ©] &3t Recall at k& ©] &3}, Recall@k= 3%
dAgh mdo] k/fe BAHS 5T uf HA Hge] H INJIAE UElE A%
o, k7fe] o5 Fol RO dFo] A Mg /) Bdlo] dF 7hed AHe
MNeZ AArsE = Q. olE 5o k7F 20012 Bdo] o 753t Fdo] 207,
20709 oS FolA RS o Fo] Al AFrE 10702k 10 / 2001 2 & 50%
o] Recall& Zt=th B =EolA= ol¢h 22 Wiz H2ZE AQl g 43t

il
-4
%
>
ol
=T
tjo
e
o
v

1,8007§ ¢] Recall@k=
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Aotels drE-ojnx] duy REoix 2B olulx] YEYIE FA3)
= 9uld 2as MAAstr] o8 4 dud RS HEYAR 7S ddS
&gt 7Hg sl T dHd WHE EE5Ha Aljtete HlAE-on A 9
g EEle] dxEL ojnx] YEQAS HYd WRoR MAAgn "d2E 4
& Word2Vec, RNN, LSTM, KoBERT®|#, ]|
o HHH S ResNetl51, InceptionV3, EfficientNet b7
oty BlA~EQ} onx] HEYA tFole "irE-ojuA YEAR T3

E 8 Sl AT sholHstebulE S LhE i,

¥ 8. S50l A8 ol s s g
.. learning activation batch normaliz
optimizer . loss epochs . dropout .
rate function ation
A ekat Tri
Adam 00003  ReLU & Tmblet o5y 510 3 L2

Ranking Loss

Z 8 7wd steld et E Fl AL HirE-ojujx JHd EdS

Fom, "giEest ojmx duld el wel Shaek A= recall@l,

o
oy H
ol
ol

o]

recall@10, recall@202.2 A7ttt} % 9, ¥ 10, ¥ 112 recall@l, recall@10,

recall@202. 2 7} dwldg WHHS A H7ksk Aol

F 9 74 4" el ©WE Recall@le] A}

Word2Vec RNN LSTM KoBERT
ResNet151 21.8 31.7 355 36.8
InceptionV3 25.1 34.4 391 39.3
EfficientNet b7 295 409 39.9 41.5
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3£ 100 74 g ol e Recall@104] 23
Word2Vec RNN LSTM KoBERT
ResNet151 44.5 51.1 51.7 574
InceptionV3 414 51.6 52.5 61.1
EfficientNet b7 50.9 52.5 55.1 62.8
11 4 g el mE Recall@209] 23}
Word2Vec RNN LSTM KoBERT
ResNet151 59.9 68.9 72.2 75.2
InceptionV3 61.4 76.1 75.3 788
66.4 72.6 79.1 81.9

EfficientNet b7

H2E9l ojux YEHA AHS fa A3 23 Recall@lol A RNN-Effic

7
= Bdo] 3 Jhedt @

ientNet b7, LSTM-InceptionV3, LSTM-EfficientNet b7, KoBERT-InceptionV 3,
TS X9 AT KoBERT-EfficientNe

KoBERT-EfficientNet b7¢] 712 #H]$=3h
S B3t} Recall@l

t b70] 415%% 7}7 A
oA 1788 FERt 2SS W A

=0
T

Recall@109] 4] = KoBERT-InceptionV3, KoBERT-EfficientNet b7¢] H]
S H AW KoBERT-EfficientNet b7¢] 62.8%% 714 £ 455 H
@102 Edo] FH 7hsst g5 FoA 10719 FES FHPS W AGES F

o)},
Recall@209l /= LSTM-EfficientNet b7, KoBERT-InceptionV3, KoBERT-Ef

H =gk A& HAANE KoBERT-EfficientNet b7¢] 81.9% %

ficientNet bh79]
o= H T Recall@20> Rdo] 3 7h53k 3 Fol Al 2071 ¢

=0 _‘:
M ES A

= (e} = =] =) O e =z 21 &

s FHYS w AGS FHT 5ot
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Recall@1, Recall@10, Recall@5ES %3 S Aesst A3 A Ax BT
KoBERT-EfficientNet b7& ©]&3l= Zo] 71 £ AR eyt mebA
2 ERodA At "dAE-ojux Qduy HEle] HAE YES A o]H| X

HEY A9 vy o= KoBERT® EfficientNet b7& AF-&3htt.

=
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ofr
[o
N
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2. AL BrE-oW X g B H5 B}

S

9% vl Wb v @] A}

o

off

o=l A ARk W V)= U
EH e 71E B2 O StEshA &ge "daE-oin A luld WH, 2 K-Nearest
Neighbor(K-NN)[36], @ Contrastive Loss[25], @ Triplet Ranking Loss—-Hard
Negatives[23], ® Triplet Ranking Loss-SemiHard Negatives[23], ® VSE++[22]

ol .

A HA vl WHl @ ShehA] R HAE-ojux] gy W 2 =g
A ALgEeE gAE U EY A KoBERTSF o|v|#| WEL A EfficientNet b72
2 A4S 2oy "H2E dudH ojnx] d¥E S concatenate ¥ F Fully

I 2569 2712z WEHE gaE-oluX Juldur fa
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s

|
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Connected Layers

ahol, shpe ahA ereth sheeA @ "aE-ould duld gwe THe
a9 273 2
Text-Imageembedding| [ [ [ [ [ [ [ | 256-dim
[ Fully Connected ]
I
concatenate | [ [ | [ [ [ [ [ [ [ [ [ [ [ [ [ ][]
T
Textembedding | | | | 1] [ TTT 1T 11T |imageembedding
KoBERT EfficientNet
| |
Input=text[ Plot ] [ Still cut, Poster ] Input:image
Oy 27, FFEHA v HAE-oln X g

WAl Wel @ K-NN[B6le AEets 3y 3 sz 7€ dolg g 7)u
3 Fel dolHE durn o e dolds x3Folgl: 7
Hielz BRebs et A2 dolEHel RS LHe7] G T
HolEE 9 /) ¥ AAAE Wi KE Fa AW, ok ALEAst o

=
2 44% 4 Atk duHon K= 42 A4 o A9eE odge
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