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22) Park, S., Chun, S., Cha, J., Lee, B., & Shim, H. (2021). Multiple heads are better
than one: Few-shot font generation with multiple localized experts. In Proceedings
of the IEEE/CVF international conference on computer vision (pp. 13900-13909).
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3. TSB(Text Style Brush)

TSB(Text Style Brush)V= StyleGAN? 7]8to] oFgt 7] 2% h5 HHAlS
AHERE Foj-go] HAE AR o] Rd® 7|E AFS HWSH] o Tt
A AAE AT J)Ee] HAE A Mo ATSOIAE SUT AHAL 7}

A oja] BlAET} Baste] F-Atfew-shor) S BAONA AEY Ao Hug

23) Wu, L., Zhang, C., Liu, J., Han, J., Liu, J., Ding, E., & Bai, X. (2019, October).
Editing text in the wild. In Proceedings of the 27th ACM international conference
on multimedia (pp. 1500-1508).
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First-stage training(English-English text style transfer
] 9(Eng 9 ty ) — LrocrLoye
S £R
Style Encoder — Ly

Typeface Classifier

[oajor] oo RO L
——— i %

GC—"

StyleGAN

L patchcan
weight
Style Encoder
Content Encoder
Generator
Discriminator
Second-stage training(Korean-English text style transfer) —5 L B
i
1 Lpr
I — Bilingual
} Recognizer
Style Encoder
1 Lor Dynamic
Bilingual Glnbanli;::Ianal — — Lgs
Ml B Wi Typeface Classifier ptimBanon
Iy | N ~ Style Extractor
=" G : | !
. D !
I t l .]. e Content Encoder [—_’ fq)
StyleGAN M
PatchGAN

(2% 3-1] Al&" A=

Aotste gh=ol-go] HAH "HAE At Hol A|AHIL [1F 3-1]7 &
A7 A AL StyleGAN? 7]HEo]



Sol, [17 3-1614 92 ojmAe] Aehde “on”o] Helshe o] Zoly

Ok “on”ofl AEFY ZHolgt AutE HItE £ Qe WESH A o|n At A
StAl et wWEbM dE olmA|et FARt "major’ol AEMY Mol EdE

Ll

el olnel st YA U ouXE FFAY AT o] B3
oA EEAWE ohiet ChFe BES AGH AR £AS ANFOZA
26kl Aol7h AAsaAL, o AFAE S| “on™l= AEHd Holrt Tbs
s,

SHARE oldg TSBY| 84 WAL @tol-go] AEtd Hold] Hgsir] of
Atk 92 oluAE A oluAAY APk Gold] tfejd AHHoR
2kl Fol7k TR A A, Golo] dsht Brbsstet, ol @tolet gol
o Qg Brrel Ag Aozt 27 wWRolth. oleldt BAE sHZs] 94,
29A S B =gstant. T WA SACA R aA gAY 1EAE A
85101 StyleGAN®] )3 WEYZAA Folo) FA FUE AFOA TF
oo 2etade Golo] Hol7t sHshLt,

TG 20 SHEoAE TSBE olF 9lo] 7+ AEe Ho| mHle shgsl]
sl olF <lof 47, olF o] 2B BRY), 54 A48 312 =detR

o},
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2. 294 st

o
f>

First-stage training(English-English text style transfer)

Input image Output image
= .
Style image I, mor——-
Text style
Original . transfer - )
content image Iy maJ Or niodel mol O,y Reconstructed image
T —_—
N . .
contenetvivmage Ie2 On 0 I . Oc2 Stylized image

Second-stage training(Korean-English text style transfer)

Input image Qutput image
Style T lrs % [
Text style
Original I El’°| transfer Reconstructed image
content image = model
- —
New 3 . .
content image lea t ]_ l e Stylized image

(19 3-2] Y= oA gof 47

2B o]m A (7, Style image) : FESFIA} Sk AEFYE O] AW HAE
B Fel= o]u]Z|(z,, Original content image) : AEFY o|n]x]e} FLU3t
AE " AE (01, Original text)E ©|0|A] 2 #HESH 7

Aqt Z"= o|u|Z|(7,, New content image) @ Y2 AHEH A4 HAE
(c2, New text)& o|v[A 2 HEe A

A7A olu]2(0,,, Reconstructed image) : Y& EIAE| AEtA-E ZHo|gh

oA
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o AEY HE o|uZ](0,, Stylized image) : 4l4F HIAE AELA-S Holgh

A

1) gol-go] HAE 2etY o] sk

Fol-Fo] HAE AHY Mol Bul2 F T/ YEIR FAHo] e
™, A ofu|x] Ao woist= HEALE Frto| Tolst= U EYIR F
2 g Atk olmA] Aol Fojst= HEYAE (1) HAES] AFY

28t A (Style Encoder), (2) H1AES] 22 FHE FE5}
= Q17 (Content Encoder), (3) 9& HAEOS AEUS M=Z2 HAE H
olgt oln|2E AJASt= StyleGAN 7|¥re] ABAJ2H(Generator) 2 F/dE o] <)
o} o|mz] Frto| Tofst= UEIE (4) BEdH "9AEE QA 6] ZHEE
o] 2AE A=A Frtote HAE Q14 7](Recognizer), (5) A €
AES] ZEo] d& HAES FEW FUMA Hrtets 25 771 (Typeface
classifier), (6) AE HAEQ A4 EAN HiF ZHo] ¥ HAES}L F
A3tz Hrlets VGG16(Visual Geometry Group — 16 Layers)!? 7]8ke] A
Bt FZ7]|(Style Extractor), (7) "9AE7ZE AAGH EAEQIZ] AHA HAEQ]
] ™ESH= PatchGAN24 7]¥te] 2} (Discriminator) 2 A & o] Qltth.

E
of-fo] 2t o] st mAe] glEle AEd ojnx, AR FHZ ol

N

%

d

=
1A, Z=]a Al E¥= o|m|x= o]FofA glo

o
o

24) Isola, P., Zhu, J. Y., Zhou, T., & Efros, A. A. (2017). Image-to-image translation
with conditional adversarial networks. In Proceedings of the IEEE conference on
computer vision and pattern recognition (pp. 1125-1134).
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57, A £%7] 291 gEAs A ouxE AA oA U Ag
9 Ag olmlxet wlmste] Wrhsky Trorer £U@E AT AdE &4
e Agstel A8 @ Zdz Az, P44 dely BEAE ST

2) §Ro)-Qo] YAE Arel Ho] Bt

grtol-qjo] BAE AEtY o] AL Joj-ofo] HAE AEtd o] 3
& mdn gAsAE, 9 delee] Aolst gtk gol-go] HAE et
20| golz o]Rold UAF, Gol-Fo] HAE
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3. 1% qlo] 14l7]

o]F o] JAA7]= T=ol-Fo] HAE AEd Aol shgolA A oln]

2B 2§ olmz]9] HAEES ¢IAlsto] SHFE FHIO 2AE A=
A B7teke ol ARgET A ofu|x[o] A% ft=ro] AT E ARSte] dE
grEste] 91 ojRE WZskn, AE Hg olujAe] A9 o] A4s)E
Abgsto] A3t ElaEStY 7] oRE Az,

=0l ¥Vl H2E Q] Jopolqd il A5(SOTA:
State-of-the-Ar)& B4 TRBA'"Y ndo] F2& 7|9te g it st
5 e 2o vl dAR olFot. A WA, We @A(Transformation
Stage)ol A= TPS(Thin-Plate Spline)29E Atgste] FH HAEO|A HAE
npe ey d4a] 4 FHE waels Adas sdsd. £ o,
E4 & oA (Feature Extraction Stage)olAl+&= ResNet260-& ARg5to] o]m]z]
oA EAZE F=trh Al WA, AEA 2Husy @A (Sequence modeling
stage) ol A= BiILSTM(Bidirectional LSTM)-S ARgste] F:&H EAZES &=
2HA8Q1 AHAAE  mefetth, vl A, o5 @A (Prediction stage) ol A+
Attn(Attention—based sequence prediction)= ARgoto] HAE QA AuLE o

Z3tt o] BES ofdd W] & BBz spHAQ HAEL o2g

et
St HlolE: ghao]-9o] HIAE AEY Ho] &1 EUH Holgel
Al 5|H2D9] “ofe] A FY T2 ou|A oA 202,1137H°] (FH HAE -

25) Zhao, J., & Zhang, H. (2022). Thin-plate spline motion model for image animation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (pp. 3657-3666).

26) He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image
recognition. In Proceedings of the IEEE conference on computer vision and pattern
recognition (pp. 770-778).

27) AlHub, Available at: https://www.aihub.or.kr/
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92E) B2 ASSHET. BRI AT Bee xustel 2A4E Yot
d. BE 2o A9el = % 11172700 oleth ojo] RE 2745 QA5
L mdg FHsHe A2 olgfgol 9ol sk Holee] g 57979 24

g AN & U=E st At Aol AX7l Q4 FE:

ol A47]+= Olga Kozlova2®7t A|lFst= TRBA-PR 2d-& A8t}
o] melp dupdl 472, teAt, A, 4712 F 971 2AE AT &
At

olF ol 2& ER7IE T=ol-gol HAE 2B Mol shgoA A
ofmj#] Bl A~ S
Hrbete o AHgHLD o] E77E VGGl6 25 7Heg dhgstgom, g

S 9 Go] FW grEo FBE HEste mdolth 8% HolHt Gupt,

dol F& E7719 27 AR/EE 61.74%5 29kt 2L 7
i #lolel s AAst =

= =
gatadnt. ol EF shig AMgsHA o

28) deep-text-edit, Github repository, https://github.com/grenlayk/deep-text-edit

29) Gupta, A., Vedaldi, A., & Zisserman, A. (2016). Synthetic data for text localisation
in natural images. In Proceedings of the IEEE conference on computer vision and
pattern recognition (pp. 2315-2324).

30) Google Fonts, Available at : https://fonts.google.com/
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Dynamic global and local bilevel optimization [

]

Feature matrix
Jg;azrﬁmjﬁlm,ﬁgm

!

g = '8_“_1)‘ Tg < 5“ !

_ Z;]yl,] _ EkKill“k
A K
. E;;K;l(/lk /1)2
O'g— K

b 54 9Pl @ A%
w54 FE F A%
#7271
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c o9 EE HA) A FE ARE dErH, 8iA] WollA oln|A]e] &

2 K
. El',j(!/z',]'_,uk> Zk—ldk
Ok h . w ,Gl K
4 3-2) A9 B AT

« (XY BE ®AD)  AY F2 ARE UEUH, wA deld =4 FL 9

HAsh= (29 3-3]3 g2 WA or JPHY. HAE A o] Ax
2 AR o[RS PatchGAN™ 7|gte] whdzlto] et & EH=Ee E4
Y& (Feature matrix)2 AHES] oln|x[o] Fda Briett. 54 dE= Sof
T S7HA9 (0,0.8.0,0,)%°] Axtdd. A 2F @A HEHBE 25
8%, ole olmr FHo] AAAcr FA] Fi ojujA o Wil ¥ H
o] Edtdel ks AS ulstEr HAA| olu|AE ARES] A 3ol W
A P A 2 B, AFE Aol EASHAL F2 HMAY =

W o
M
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_1?_‘
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W
re

Lo
K
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o A #Z2FE #®ATE dEE dlo)Ee 22 A, ole AFEE A9
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A dustoz Ar)7t 2 niad FEn adstel AHHE S,
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Discriminator of base model

‘ Discriminator of optimization model

Adaptive global and local bilevel optimization

1 epoch
s
! 4 +
‘{{h’ 9, Y9g,r 91, Tgnr Oty
' Mean 2 epoch 3 epoch e m-1 epoch m epoch
! ! i ! !
Ggm" oD o@.6® 50 oD, gl Gg(m)jalm)
I P-value
B.6,,8;
[ 1 epoch I " 2 epoch [ [ 3 epoch ’ -1 epach ‘ tepoch ’
Dynamic global and local bilevel optimization
1 epoch
EEEE
! | |
991 Oy gy O Ogn' Oty
' P-value
0 0)
B, 80,55
[ =
1 epoch \
* @ sM O ==y p2) 52 5@ (I (t—l)_d‘(t’l)’g(t’l) ( 3
’ﬁ e 1R - ‘ 2 epoch IB 2 ...—b'! {f1epochub{ tepoch |
G5, 01, Og,i O, gt Oty J | | ‘ ! ;
Y P-value

Bl

[ 3-4] A3} LdarelE H]

(19 3-4]= GL-GAN¥ 2 =Ro] A3} stg Al AMSEHE= A4 A
A " o] zolE A|ZF o2 yetditt GL-GANS Z3l= 283511 e

iy

718 w4

=99 54 LS S A9 BFE wAReh A9 2FE @AE AL F ¥
TEe &Y. W m o oxZIAA ShEIGH, mAe] A mE WA Y
Ao #F "WA7 AEdd. Ao 2F @939 A9 P-valuert 0.7 e H]



B2 AdAskl, A9 2FE ®Ae] A P-valuert 0.4¢F 0.79 @& 2EF €,

Web £2 AT olYd WL s By A5 Bdg BT ool

A
rok
ﬂ
i)
oy
i
iy
oo
ol
el
R
52
Mo
N
re

1:41o] A A1 G} o]u];qg]. _;;q;gﬁ}_a_ A

g mdo] Ak ojujz] Atelofle Apol7t EAdH. =, GL-GANS| 4% 7]

oM AT FHE A fAS olmAE BYstE ol AEIANA AL
QAZLS A8 TEe] GL-GANMTH B 24 31 A8E 4 9
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L=Ly+ Lo+ ALp+ ALyt AL, + AL,

(4] 4-1] ol-o] 2eted el

2
ol
o

gl

rb

t

1

(D) BEA 7]gre] Adid E4H(L,), 2) 28 S4(Ly), Q) =& 2Ly,

4) 2= EA(Le), O A &AL, )% =8 Ad &4, )Y s A

A2t 71gte]l HofA £4(L,, adversarial loss)2 AJd27F @A 2
H2E A EE GEotr] 18] ARSHETE PatchGAN® 7]9he] ghzle] o]3)
Axte™, 2 B2 obiet g

L,=E, p )llog(Daly)+E, _, . llog(1—D(G(ly))]

(4] 4-2) Wz} Z]ure] Arha LA

=

(2) 289 E8(L)S A olnlx7} 26k o]u|xe} §ARE HAE AEH
2 BEY 5 A= F71 9As) A8k A oluxeh Aekd ojux] zhe] A

Al T2 EA fAAS 45 A £4(L,,,, perceptual loss)¥ A7t
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M= S8ske A £4(L,,, texture loss)o| it AR ALbdTh A2

(o]
©
£A3 A7 242 AP Sh5E VGG162 Al AlAEH, AL Wge ofg]

Le=AL,, +2A,L

‘ber tex

[44] 4-3] 2Efe &4

L, =EIX - 16,0) =401,

1 1

(54 4-4] A7t 24

L,, :Ei[ I G?([s)_ Gz¢<0¢1) | 1]

(4 4-5] B &4

24 4-5] 2 &

i)

gAE QAL AgE) HAE Q1477 A ojnlxet 2l Ag ofn|X] 9

ol Q14 AT (1, 2)F ABHY, oS P GAES AF GrEQ
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c2)¢F Hlwste] A2 JERNE Attt F Bde FHI Akt A2 oot

ol AAEH, N ©ojo] do], Ce 2929 &, y= 2ULE ¥-3 31

o gL pE ST SHES e
1
CE:*Wzililzcczlyi,clog(p”)

T4 4-6] ARA JERT]

(5) AA £4(L,,, reconstruction loss)¥ =¥ AHA  £A(L,,, cyclic
reconstruction loss)-> AE o|n| 2|7} ABHYD o]H| 2|9} {FAFSHER {ESH7] 9
off AMEEl= &Aolth A &AL A7 omR|ef ARY o|m|x]9] 3He] L1 &
AzrS ALtote] ARgET B ARl AR Mol shEg fldl A oln|AE
710 dEste] A HolE APt o]2FH &g A on|AE AR
ok &g A S % A oux|ef A olmA] 7k L1 &A= Attt

o Ag-Hr

ghol-glo] HAE At Ho| BHye Gol-o] HAE AR Ho| B
B g o)F o] 9147, o]F o] 2/ BRY), 1y FAQ Ay
94 olF 4% HAS RES Agstel W wetd &4 @5 ARt
gol-gjo] 2etel o] St thEA FAHM, ofefet 2ol ArE

L=Ly+ Lyt aLyp+ ALppt AL, + 2L

rec cyc

[44] 4-7) Sho]-jo] AERY Ao Bh AT 24

<
r
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lequilek

[19¥ 5-1] IMGURSK dHlolg AE oA

Wl

ogol-cjo] BlAE AEtel Ho] Slgol A IMGURSKSD Hlo]e AES e

sttt IMGURSKE &

o GolEe WA 9

rr

G HAE RRE BT 9)
31) IMGURbLK-Handwriting-Dataset,

dhed dhaol Hwmel 27,
L Fol7l vhed wrae] A7)0] @A oln|A

AR 23 FolE Eedel oot s o|u|A] W

A v MR Qh

Github

https://github.com/facebookresearch/IMGUR5K-Handwriting-Dataset
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oli

e, gepd ofw|A] otofl Y HAER 2hily sto] A 2YL Yo}
dr}. o] FHE | = 22826479 (o]u]x] - o] HAE) &S AL 5 9
S, 8:1:19] HIER Uro] Sk dlo[E 182,092, H% dlolE 22,4537, |
AE dHlo]g 23819807 FAI] sl 835ttt

]

- = R REE E LR
[ rzz&s—m Fax.2285-1774 |

RRARER

fxqﬂﬂ

Bleee)) |'Pos-ccw |

(063)855-8533  010-6477-4176

[ 5-2] Al 3|B ‘ofe] A &9 o= oluAl Hlolg AE oA

gho]-9Jo] ALY Aol oA Al B2V ‘ofe] AA| Y FF o]n]

27 dlolg NEE 8ottt o] diolg MEd= Hujelda &

=& XS ouER Aol glom, 7t ojux] Ye] TolES M e

v "hAo] Fmel 37, 23 vy BRA Qb Gl HIAE HHIE ol
o] FoME 712F ZtE dold 151,042% Adste] ARgShch

IMGURSK dHloJe] NEe} Fdst He A& AAzstadt. ol B &

_32_



202,113%9] (o]u|z] — gh=o] HAE) AL A9y, o] 8:1:19 H|E&E UF
o] sh5 dlolg 161,691%, A dlole 20,211%, HAE dolg 20,211%0=2
TAJsto] shgol -85t

2. 49 AR A

FH GAE At Ho] Bl TSBYE 7Who = 5, wpAaE Alegh |
B2 AAS . TSBelM Q] npAds A Ho] o] Aot ojux]ofAf £

2% A4S Uen, SuE gee] 248 AR Bosks | A
V3

suols ne ool IS AT F Aon wed

AA7)1= StyleGAN?S AH&sHH, 212 A% (progressive growing) ¥ o] 2
A Aee Ao ek ANH ARE g AAWSHA AgAre} T
o] glojo} /HE A og st FEA71= 71EolH
oleigt Tl olulxlel BAL YA, B A9} A x50}
shk= ©ol ok HIA A% 712 PGGAN32S 7[Hte = st 9l&E dad=
Add ol Of dH, & de wEPE 59 AR REs 29 4 A

sl 22y HlAE AL A= A His] AR Albe AusHA 23

2
=
>
Lo
el
ox
l_n
il

Zago] AHiAor Wong, o] Vlgg AMgsHA] @il Rde] BH4E E°le
Zo] ¥ AHsithal gdsiln. ko= Y Tle ERt $4F olfE AMEEA

32) Karras, T., Aila, T., Laine, S., & Lehtinen, J. (2017). Progressive growing of gans
for improved quality, stability, and variation. arXiv preprint arXiv:1710.10196.
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R

TAARA ALF gt stolw mEtulE = (B 5-1]3 [ 5-2]oA Eeld

Computing Environment Workstation
Operating System Ubuntu 20.04.6
GPU NVIDIA GeForce RTX 3080 Ti X4
Memory 12GB X4
Framework PyTorch

[3 5-2] slo]o —tatolg

Parameters first—stage training second-stage training
Image size 64x196
Font name Verily Serif Mono Vi;ggii”égﬁ?&%;ggm)’
Batch size 16
Optimizer AdamW
Learning rate 1e-3 1e—4
A 1.0
Ay 500.0
Ag 1.0
Ay 1.0
As 10.0
Ag 1.0

ot 27k A4 FES U] fside HAE A Ae=E SASHH. AF

9 o] 5L Wekshy] AL olux] AN BRHOR AgHE AES

=
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wSJeto] wHaT, M 529 Aolo] FHL T

(MSE;  mean Square EFError), o A& o S HEPSNR; peak
Signal-to—Noise Ratio), 74 FAMd Z|4=(SSIM; Structural Similarity Index
Map)E AlEsHHAL, &0 AlZ4A 45 Wdste zeA A A (FID:
Aok ol gt A =S Tl LEd

dFAow HFrstt. MSE, FID= Y=

Fréchet Inception Distance)33E 4 &5}

ojmz]e} FAH o] 7te] ZpolE
22 914 HstL PSNR, SSIME &
5 Ahgeto] et 7

o] melo] WA olmx]o] gt Bst BEx} 01A(OCR)S 43511, o= YA}

(2) MSE= & olujz]el A% o|nz]e] 7te] ZF Al ol Algt &
Pt o2, ol A24E [Akeit . maE
1 n “\2
MSE= gzizl(yi—yi)
[4=4] 5-2] MSE
(3) PSNR2 olu|z] £4-& Hrlote AR F stU=z, 92 olu|x|et gA4H

ojmA] Ato]e] zpolE Aot F5 o] HlER HEASIH ofumx] Atolo] FH &

33) Heusel, M., Ramsauer, H., Unterthiner, T., Nessler, B., & Hochreiter, S. (2017).
Gans trained by a two time-scale update rule converge to a local nash equilibrium.
Advances in neural information processing systems, 30.
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1

g 45k d) gt go] 248 % ojulx 7he] Holrk Hrk: 3
njst, ojm| x| FHo] iyl WohETh
Hx Wx MAX?
PSNR =10 X logy| 7713
; ; (i,7)]
[£=4] 5-3] PSNR
(4) SSIME @& ojmx|ok AT olmlx] 7o fAE Zstel Wriact
17218l fAMES =, 971, diH] 59 84E IEste] A5, gto] 19
NHeSE % olm|A| 9 FAPo] Lrtal of A}
SSIM= ‘(2/113/10 + C1)<2‘O‘RGTF G)
(it ag+ G0kt o5+ C)
[4=4] 5-4] SSIM
olulz]e] 7ke] Aolg ZAste] Wrtete b

olm]| x|} AJ4
& olu|z] 7kl zpolrzt Att= S YEeRATt
2T X )"?)

(5) FID= 9=
S
poll 24 Tr(Ep+ £,

-85t} ghol
FID= | p
[44] 5-5] FID
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4, 24 "

D) H2E AEY Ho] 29 M

(£ 5-3] HAE AgY Ho] el A5 Hu

Method MSE | PSNR?T SSIM?T FID| Acc?
TSB 5587.2628 27.9123 0.2413 162.4936 0.0929
SRNet 4445.2828 28.1414 0.4951 67.0277 0.1406
proposed 5990.2674 28.1642 0.2715 65.7774 0.7408

o TSBE StyleGAN 7]8te] oJoj-¢jo] ElAE AELY Ho] Heojw -4l
& B7oIM Td A GAES AR AEY Holrt FHsdit,
AN

e SRNet : SRNet2 &o]-¢jo] HAE

T
2

Bt Ho] mdoln|, HIAE ek
E(Text convention module), 7 <QIH¢1Y X-&E(Background inpainting
module), §4 RE(fusion module)® FAHCT}. o 712 2&, AA, 2

HAES topst Wi dloleo] gHdstel sy dolE® ALgRIT)

5ol Ads ARmOA Aljtste AlARo] 943 HFE T|ESHGoH, o
F 2]Fo A= SRNeto] B =2 H4E 7]155FIoh. SRNet-> MSE®}F SSIMelA]
=2 A%S Eiou, ol A4 ALK Az AdE HEHlh o=
SRNet®] 22} A4 o] FFsith= 2S5 AARIE SRNet> @4 HolHE

shgol ARgat] W] W7 Helvt olele AW EAECME Aetd Hold
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FAZL QAolth S TSBE RE W7l A|EAA B d4E 7|29t TSBE
ot dlole AAE FHor AHgste] ot 2] Ak &S st
2 staE gy, o HgolA dolst mEA e sy HolER ol upl

of thet et shgol o]FoiA] &%7] Wzolrt.

Scene text

TSB

SRNet

proposed

glowl, £ WA WHREL TSB, SRNet, AgHsHe A
SAYE HolZth TSBE 242 97 olele $FoE AYSYL, A% 2%
A

oNAE w1 AT 2o A AR Edstd] 2otk SRNete Y o
Agol st el HAT o2, MSES SSIMAA £ 45E Hal
=

oz BAHL: v, Aetshs Aige

121
245 AR YHstel P ST e e
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2) TSB H]®

Akshs Axge TSBS 7Mooz ¢ mdolnz, TSBote 7% Aol2 @
AME Blwstel o|F o] 7k ety ol AWAY BUAS AFsuA 5
.
(& 5-4] TSB 7I's &= & 4% HliL

Method Training time(hrs) MSE | PSNR?T SSIM? FID| Acct
TSB 68.375 5587.2628 | 27.9123 0.2413 162.4936 0.0929
+ Bilingual recognizer 34.88 5992.6329 | 27.9440 0.2179 157.2062 0.7365
+ Bilingual typeface classifier 90.08 6040.9558 | 27.9522 0.2155 155.6558 0.7154
+ Two—stage training 61.14(34.52+26.62) | 6075.5438 | 28.1009 0.2561 75.4160 0.7383
E.|2§Qf?$§nf.'§§t?$§@?£§§'e §) | 86-75(34.52+51.23) | 5090.2674 | 28.1642 | 0.2715 | 65.7774 | 0.7408

[® 5-41% TSBol DAE= %718 7% o
B} e ol dol Q47 ol%

Zo] A
b I T e |

ghatol-odo] et o] 2
Qo] 27 257, 297
A4ste ez Aes Aol 297 ot

wrbs g, ol Gol-gol

1]Oﬂ7<4 o|F £

el =
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Scene text

TSB

+ Bilingual recognizer

+ Bilingual typeface classifier

+ Two-stage training

+ dynamic global and local
ptimization(proposed)

[ 5-4] TSB 7|5 &4& S 4% vl 44

TSBY| 7|5 Sl whe Ao A [17 5-4]04 AldHe= &g
2 9k A WA P o] AW HMAES Uehfy, £ A PRE by
B7M A= TSBoll 713t 7] whg =of-go] 2B Mo] ZE Hepdnh
TSBE= 248 A2 & e sEor AAsHA X
SHlS i 279 FE7E 2R, olF o] & EFVIE FUetie W 2
ko] g7t FeleiAle. 22 shse ARskAA 2o T, Ak, Aol o

< oM BAEJAT, oA o] AFRZo] ofe|HET} AP, AU Y

3) Holg HAE A4 24 "W

Xie, Yangchen, et al'%& TSBE 7|gteg 3+ x| 'E3td odid RE
(Integrated Attention module)& Este] AW E|AEE ARGRL o]F ddof 1t
(Fol-712t50], Faol-gt=o]) AEY HolgE AlZstth. Xie, Yangchen, et
al.o] Aotz Bdly}t gh=ol-go] HAE AEY o] A5 Hlusty ot

Fes BAEA Goret. wakd Agkels AAHog FIol-gRo] HAE A
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Bt Mol Sh5g S § 1 ARE vlwstart. skl BCTR3Q| F3to]
A HAE 1522824 8:1:19] HIER R S5 HolH 127,734%, AF

dlole 15,7664, HIAE dolg 1578280 FAste] shgo] ALgatgo
AR e 6RlA g

k]

v
Training data Korean(Acc) Korean(ED)
SRNet* - -
TUNIT* 17.539 0.444
DGFont* 39.237 0.625
Xie, Yangchen, et al.* 64.837 0.806
proposed 60.8524 0.786

« TUNIT3Y : TUNITZ F= o|uj#9] 2edy ZH=E Fshl
T2A JAHE FASHHA 4% 28YS A8k HIAE Shg A9 o
a|z]-ojm] 2] W] Heo|r},

e DGFont3®) @ DGFont= 54 ®3 2% <AAEDSCifeature deformation
skip connection)= E¢ste] HAEES o2 FEZ HYPSH= HA T S5 o

Aol =& A Rddott.

Xie, Yangchen, et al. $h=o] Q14| ElS 9

ol

ghato] dlold AlE A4S

34) Yu, H., Chen, J., Li, B., Ma, J., Guan, M., Xu, X., ... & Xue, X. (2021).
Benchmarking chinese text recognition: Datasets, baselines, and an empirical study.
arXiv preprint arXiv:2112.15093.

35) Baek, K., Choi, Y., Uh, Y., Yoo, J., & Shim, H. (2021). Rethinking the truly
unsupervised image-to-image translation. In Proceedings of the IEEE/CVF
International Conference on Computer Vision (pp. 14154-14163).

36) Xie, Y., Chen, X., Sun, L., & Lu, Y. (2021). Dg-font: Deformable generative
networks for unsupervised font generation. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition (pp. 5130-5140).
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ERE F=ol-g=o] HAE AR Holg 4isigith. Wit tE HAE A
Bt do] HeZo] AT dHoly AHEof digt Hlw HAes Mgstiet. 1 A
P2 oheat gt 4 Rdlo] Fof-jt=o] HIAE AR HolE Fof A
o] dloe NEE Agste] HAE Q14 @l TRBA'ME g5etct
3 %, shsE o] 14 BEE ICDAR2019-MLT37e] A5 & ghte] ol
A 4,06008= ®H7F dHolH HE= ARESte] ghmo] Q1A AFEet jh=of
ED(edit distance)E Z7sto] Br7istdch. 1 Ay= [# 5-5]o] A=A

* EAE BES2 Xie, Yangchen, et al.o] =FoA T HHolnz Aot
HW = ofg eyt fargo s A4 H ]l

Sh=ro] Q12 He Lo gh=o] ED ZWoflA| Xie, Yangchen, et al.7} 7P %
TRt Aes Hew, Iz nARt o]z Ajtsh= A|AFe] S5k, o]
2o Ayte Xie, Yangchen, et al¥ & 59 F3& zfolof] oo HREH Zo&
woEn B Ade F2 AEY Holo 2HE wWEIA|T Xie, Yangchen, et
al. & §=of Q14 HFLE Eol7] flsi 22 Ao FEsii. 18 &

otal, A|Qtol= mElo] Xie, Yangchen, et al.o] R@¥} njA|gt zto]E 7|53 A

_4

i

o o
oL o
0!
olt
ol

rol

S THEoHH 945 ndlele o1=3 2~ it}
37) Nayef, N., Patel, Y., Busta, M., Chowdhury, P. N., Karatzas, D., Khlif, W., ... &

Ogier, J. M. (2019, September). ICDAR2019 robust reading challenge on multi-lingual
scene text detection and recognition—RRC-MLT-2019. In 2019 International
conference on document analysis and recognition (ICDAR) (pp. 1582-1587). IEEE.
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Scene text
TUNIT* bli}ﬂ AY
DG-Font* HE2 A3

BlEZ22 Y
H) 8 24%

Xie, Yangchen,
et al.*

H A0 0 R EE
02 02 o2 0® ®
r?;rzrr.tz#r

proposed

(2% 5-5] S=o]-&=o] 9 2E A8t o] Bd A5 vl oA

Xie, Yangchen, et al.o] AlF$t TUNIT, DG-Font®te] F=ro]-gh=to] €A
E 28t o] Autof A|Qtsh= AR AvE Frste] Hwe Ayte [113
5-5]0lA AlAA o w Sleh o Slrk. A WA P2 F=o W HAEE YE
Ui, & 97 P2g opxet 702 TUNIT, DG-Font, Xie, Yangchen, et
al. 2831 A¢tots A|AHY] F=o]-jt=o] H|AE AR o] AE e
ot *2 BAE 2Eo] A= Xie, Yangchen, et al.9] E=FoA AHFSgH o]n]x]
£ Q-85 TUNITO 7% 229 JH7F R55 213, DG-Fonte= A4olLt
282 & BI5HA] FFot. Xie, Yangchen, et al.2 AEHAY 229 JHE &
B, 2] A7 SFEF| ofrte] wido] yEyth Ajtehs A|ARS

see & RASAN FTE A4S B,

ot
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4) A3t 724 vju

2 AFoA Adtels &4 Ao A5 B7HE 6 Zhang, Yucun, et
al.3®), GL-GANY1} H|wsglth, Zhang, Yucun, et al.?} GL-GANQ] X3}
YHES AH "9AE At o] mdo)] H8gh Aitg B AGoA AtotE

A9 498 2 A97 olF 57 HHspet vlwstel [E 5-619] Felskaet,

[ 5-6] 225t 29 4% vl

Method “T%ae"(‘r']?g) MSE{ PSNR? SSIM? FIDJ Acc?
Zhang, Yucun, etal. | 369.87 | 5087.7665 | 28.0932 0.2570 77,6269 0.7517
GL-GAN 164.35 | 6000.8105 | 28.0906 0.2565 76.0199 0.7558
proposed 5123 | 59002674 | 28.1642 0.2715 65.7774 0.7408

e Zhang, Yucun, et al. : Zhang, Yucun, et al.2 o|n]z] A tEZH(image
motion deblurring)®] 4% F4= ol olF TEAHdual discriminator)E
ARERE FHAIE ARSI olF WA= AAEE o9 HAE A3}
Sh= A9 TEAH(Global discriminator) @} AFHE oJu|A|oA #2492 AF
gt 5719 sj2E HAstet= A WEAH(Local discriminator)E AH&RIH

* GL-GAN : GL-GAN% on|z] A4 mde] 4 g2 flsf A2 A
A4 9 29H olFx F HAH3}(Adaptive global and local bilevel
optimization) & AFSHAth. AHA 3= AA ou|AE ARgS| RS
A 3slotal, 22 A3h= o|m|x]9] AEFH Adutor HES XAt}
oju|z]o] FHof wetA F 7Ex|] A3t WH F shrt AgAow AdH

o,

38) Zhang, Y., Li, T., Li, Q., Fu, X., & Kong, T. (2023). Image motion deblurring via
attention generative adversarial network. Computers & Graphics, 111, 122-132.

- 44 -



el s A'AIA AStse 2Het HREe] M e A 7=

Sttt Zhang, Yucun, et al.2 MSE HFoAe 7FY 943 A& EI oL

st A7k 71 e A|7to] A9 E9lth o Zhang, Yucun, et al.o] T 7
o] WEAE AgotH, ZtZF 5HAQI metugE 71X HiA e dARE U=

el o e ks AIZHE Za2 7] wfFoltt. GL-GAN+ Zhang, Yucun,

et al¥ o5 AkE AYStlE AR Aee Eo Aljtele WHES

12 whZotglon], PSNR, SSIM, FID 4 2% SAAIZTh o] 914 Fetmye
GL-GANo©] © 9tor}, ol mjulgt zjolo] Hatalsict.

Scene text

Zhang, Yucun, et al.

proposed

[ 5-6] st 29 A5 HluL A4

Aot g vl Avk= [OF 5-6]oA Azt o=m geler 4 Qo A W
2l =0l AW HAEE UYL A YFE upzd P7kR]=
Zhang, Yucun, et al.,, GL-GAN, A{tot= Y29 At Ho] AxE yerd
t}. Zhang, Yucun, et al.¥} GL-GAN2 X ole]HET} A5 A 5t= HiHA,

At WAL ofEMETL g olul g 4T AS Hob At e

g_l‘_!‘
r[o

ol ofe|HE A7 AsolA 7 ¢St
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5) GL-GAN x|

[ 5-7] GL-GAN¥} ot flo] Hlojg NEE &-83 A5 H
Training
Language Method Tiele) MSE| PSNR1? SSIM? FID{ Acct
GL-GAN 69.54 4356.7419 28.5769 0.3708 74.9804 0.6798
English—English
proposed 36.50 4232.0857 28.5767 0.3755 73.9807 0.6895
GL-GAN 47.55 3665.8668 | 28.0645 0.4478 85.7335 0.8000

Chinese—Korean
proposed 20.4475 3669.1174 28.0658 0.4449 84.9907 0.8148

GL-GAN 164.35 6000.8106 | 28.0906 0.2565 76.01996 0.7558

Korean—English

proposed 51.23 5990.2674 28.1642 0.2715 65.7774 0.7408

Ak B4 A wEEe] Autst A5 Wese B g9 371
£ A8l GL-GANTH A5-g wlmstant. 9ol %
W HAE dold AES AT Gol-ge] HAE AHY Ho| sl&u Fol

A B AE HolE AEES AT Fiol-gHo] HAE AEKY o] st A}

Aol mlAshet.

[ 5-8] 4AZE Afo] v

Language Method Beta Delta 1 Delta 2
GL-GAN 0.004863 0.00011 0.000133
English—English
proposed 0.003009 0.000065 0.000078
GL-GAN 0.001583 0.000057 0.000002
Chinese—Korean
proposed 0.001108 0.000044 0.00005
GL-GAN 0.003949 0.000390 0.000232
Korean—English
proposed 0.004929 0.000164 0.000171
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0100

0095

0090

0,085

0080

0075

0070

=] s A~ o
sho1g 4 ik of

BetalEnglish-English)

Deltal(English-English)

Delta2(English-English}

— real 00030 000341 — real
— real T
— proposed —— proposed
— GLGAN 00028 00032 { — GLGAN
00031
oooze 00030 /
00028
0.0024
— real 0.0028
— ral
0.0022 — proposed 0.0027
= FLRAN 00026
12 3 4 5 65 7 8 8 11U 12 I 12 3 4 5 & 7 B % 101 12 13 1 2 3 4 5 6 7 8 5 11 iz B
Beta(Chinese-Korean) Deltal(Chinese-Korean) Delta2(Chinese-Korean)
— real 00030 — el 0.nas — ral
— real — real — ral
— proposed — proposed 0.0030 — propased
— GLGAN i — GLGAN — GLGAN
00025
0.0020
0.0020
0.0015
0.0015
00010
0.0010
12345678 910111213141516171819 2021222324 252627 1234567 89101112131415161715192021222324252627 1234567 8 9101112131415161718192021222324252627
Beta(Korean-English) Deltal(Korean-English} Delta2{Korean-English)
00030
— ral — ral Gouza0 — real
— real G.0028 — real 000325 — mal
— propased — propased — proposed
— GLGAN fge2e — Gl-GaN 000300 — GL-GAN
0.0024
0.00275
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1 2 3 45 6 7 8 910111131415

12 3 4 56 7 8 910111213415
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5. 8A A+

D &4 o4 dA a9+
[# 5-9] &4 &0 9T vl

Loss/Method Landlage | wsey | PSNRT | SSMT | FIDJ | Acct

Ly - 5809.2398 | 28.1065 | 0.2322 | 56.4816 | 0.0754
Lp+Lp S 6611.9091 | 28.0720 | 0.2203 |109.5734 | 0.4902
Lp+ Lpp M 9022.1511| 27.8350 | 0.0057 |233.1462| 0.9157
Lp+Lpp+L,, M 6142.2742| 28.1022 | 0.2907 |114.0821 | 0.8769
Lp+Lgp+L,,.+ L., M 6311.9718| 28.1573 | 0.2816 | 91.1293 | 0.8478
Lp+Lpp+ L, + L, +Ls+Lp M,S |6011.6899| 28.1593 | 0.2673 | 70.7157 | 0.7223
Lp+Lgp+L,, + Lm +Lsg+Lgp M, M |5990.2674 | 28.1642 | 0.2715 | 65.7774 | 0.7408

[ 5-91 §HFol-go] HrE ekl Ho| o)Al thkg £4 @4 U
Qo] YESZY F2E Wt @A A7 NS Uehdth o] YEYAE

grE QA7) 9 2E RIS Toto), o] UEYII 9L ol AUT

e R

b

€ YR BAHIL, o|F dolE AYT wWe ‘Moz mAHEY. Ly IUHY

omAE st Aetd Aol el disidE Mt BUAT, SHE SAE

At Selo] BEste] ol 14 AHBmL A ZRHUY L+ L T
dlo] QA7leh oF glo] Q4] 7ke] AolE HYrd, Folet Fol mE

AASHE o F o] AAE AT T SHE B4 A o e A5e
o] Q14 Astzst gsstact. Lei QAT ojulA o] AErde] i Aetdl
B A glob AEt Aol dishAE WA ZAHG AR dBAS B
AF:E 1,9 1,2 F7I5tel A6t Ho] A% FAAZ 4 Ugleh mhAe

2 AHHos Aude] polsts Uzl L9, E F7tel Mg £L FID

A4S 92 5 gtk FIDE Aol 2 wiel 7MY SARE A2 Ametn @

ok

_49_



g o] gAE A Ho| shgolA 7P Fastt A @t A4HE, L2 o
Aol FE EF7IS olF Ao 2&E 771 1t AT Aozt e, ol
e o3 = =
o} gole] FBL BT BRE 4 gk olF o] I ERIIS AHSE o 32
ofe} ofofo] & Afolg FY 4 9lo} © FL FID H5E HAFA
2) A3}t AA) A+
[Z 5-10] A3}t 4§ &4 A5 Hu
Training
Method el MSE | PSNR? SSIM?T FID! Acc?
Base 26.62 6075.5438 | 28.1009 0.2561 75.4160 0.7383
Base + quality optimization 65.51 6078.2795 | 28.1350 0.2587 69.7651 0.7316
Base + style optimization 51.23 5990.2674 | 28.1642 0.2715 65.7774 0.7408
Base + quality & style optimization 55.25 6034.4158 28.1430 0.2685 69.5927 0.7320

A3lst AE ‘AEFY XA} (style optimization)' 21l ATt AELY A5}
4 2 28d A0 F4d 32} oAx 9AE A8 Ho] Aol Ut

BlAE AEtel Holol A ofulx] AEtel o] ko] ofu]x] EAwT o
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Scene text

Etojsiid

e Dan
quality optimization Da n
style optimization DCI n

lity & styl [ §
oRbrization Dan
(19 5-8le & g LAk
gt gl @ % 9t}
A WA e o YA
1 A4}, 2 o] HrE 2t

£ AZotE Fo) AARLA stk B2 2L Ak Hojel BY HHsE
Shel 9% ofelWESL wAsH dolglgon, Aud HAsHE AgshH o

Ruo] ofE|HES AAY 4 9lo] oluA|o] Edo] FPg S4stgrt

)
o

B 5-11] HH% g 45 v

Training
Method fima(ire) MSE | PSNR?T SSIM? FID Acc?t
Base 26.62 6075.5438 | 28.1009 0.2561 75.4160 0.7383
+local optimization | (56 3343? o) | 6090.1529 | 28.1295 0.2537 77.0773 0.7175
+global optimization | e 16121';? 4y | 6045.0326 | 281174 0.2613 75.3979 0.7575
* dynamic optimization 51.23 5900.2674 | 28.1642 0.2715 65.7774 0.7408
(proposed)

Akete FAQ 2

2]
A e ZAsket Ao st disiA Blw A% A, T2 e B
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o,
ok
ok
i)
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El
s
1x
ot

43 2t 42 o]m]Z]
o] AFEH At A8 A9 HHsE H8otoct. Al HA mEe A9
Hsk 9 A HHsE HeHoR ddeiglth upxgos WA Bl Ao
She B HMdH 9 297 olF = HASE 43 Attt

Aletst= A3} meo] MSE, PSNR, SSIM, FID Ag=olA 71 43 A%
S HAAT ulAIgh ztol2 ool Q14 FFErt A SAEL Eg J|E B
drct o @ sk AlZbe] 428 EF 9t o= Abshe AlAHY] AL g
olmz & AJAo] ozt At Holo|mg, oluxe] £ ASHE o ERA

o] &2 28 o] 4% Il =SS 771 "ol e I o

W2 Algko]l 2849 Zlez Helrh

i

Scene text

Base

+ local optimization

+ global optimization

+ dynamic optimization
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< 712 R AT ofeHES A7|she dl Aol AAIR
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AAE weA G, AR AdAwe HAHsieids] mEold i WA e A
o 45 @ Ao HNAsEe AgHom Adsiel A4 onAe ABA AL
BE e 4 9] § 2L A% HAAW, ofgumE Aol wzpHol]

e

)
TR ) 1}

o d WA mEe 54 HAstE A8¢ ndd AME byt ndd

Sl A HAHS BRE 2Este] e Rdo| Hls| antHoz ofE

m

3) YEHZ 2A a+

[# 5-12] YIEHZ & o7 & A& vl

Dynamic
. + Bilingual Two—stage global and local
crizllie network training bilevel FID Acct
optimization
v 162.4936 0.0929
v v 155.6558 0.7154
v v v 75.4160 0.7383
v v 159.37 0.7058
v v v v 65.7774 0.7408
AQtoh= AlAa”le]l ofe] 7)Fol dis) axtE EAstka Aestr] fsf [&
5-12]el 25kl olF ol HEYA, 294 o5, 183 53 94 4
AGH olF += AXHE A2 447 ARE HoZET HAE ~ekd Ao
oA 71 F8oittn AAEE FID d4et 92E Q14 Ages Wi §4
ity A2xog RE 71598 AHad Ay} /1 $4gh AN Hol AnE

et
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6. A At

Original text = Translated text

::;-?'.lan @'f sk in-c:a:.re

Original text = Translated text

[ 5-101 =i At SA]

[13 5-10]2 st2o]-9Jo] A ElAE AEbe] Ho|oA] EHASE Ao Ate
2 AAGE &S oy AEAL TAo] 7bA AW "AES ArtY Hol A
Ll

B8 et Agkshs AR 2B ATHE ARgotel Aptele Eh:
g, o] A § Mo shte] ARUW F2T 5 9lof ohE AHAS AR
AW HiEe] A9 26t dolt Bibsaldth. 02RL HAE AR} WG

T 2R
galed, ¢ ol shtel 2BW 322 4+ Yol OF

=
ES
Zaa A AT 5 glo] 28 Mok 27,
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VI. B3 2=

1. YEY3 A¥E A}

AQtshe Al2dle] Fxi TSBUE 75toz AA=glon, shso AMEH 3
=t Olga Kozlova®®9] 3/E F=E5 7|uto g FAEIT AL e & 979
YEQIZ T, 26t T, Zd2 A3, StyleGAN? 7]5te] A=},
HAE QA Z& BEy| At %%7] PatchGAN? 7]8te] mhdzp =2
z#s}t HEg o|Fojfth HEAS Z+ 4 845 AWsh] fsf v &
< B7IMS AR
o FF AS(Conv), EY AZ(Pool), zto] AF EZ(ResBlock), Hdf &7

ASMaxPool), B & AlS(AvgPool), &4 94 AZF(FC), 2Eo|=

), dAMEE 22Wp), A8 271K, AL

Layers Configurations Output

Input RGB Image([;) 64 x 192

convl c:64, k:7x7 62 x 96
MaxPool1 s2,k:3x3 16 x 48
ResBlock . [ g4:! oL ] °, 16 x 48
ResBlock2 c [ (1:2812k8 g X33T>?2 8x24
ResBlock3 . [ 55:6??3; B j %, 4x12
ResBlockd . [ 501:2?’1(2; 53 ) %, 2x6
AvgPooll c:.512 1x1
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[# 6-2] 2dl= Q3IH F=x

Layers Configurations Output

Input RGB Image(Z,) 64 x 192

convl c:64, k:7x7 62 x 96

MaxPool1 s:2,k:3x3 16 x 48
[c:64,k:3x3

ResBlock1 CI64.k:3x3]1x2 16 x 48
[c:128,k:3x3

ResBlock2 Ci128. K 3x3]x2 8 x 24
[c:256,k:3x3

ResBlock3 C:256,k:3x3]x2 4x12

ResBlock4 [c:512,k:8x3 2x6

c:512,k:3x3]x2

t}. o] JFEEL ResNetl8e] LRE 7|Hto g &1, mpx]u} o]
5

£ AMgath 28 QT o AFS EYL B3 512499

P YEHDL #x

Layers Configurations Output
Input Style Vector 1x512
PixelNorm 1x512
FC1 c:512, k:1x1 1x512
FC2 c:512, k:1x1 1x512

[# 6-3]2 A4A Wil Zgdd 28 ¢

A QAo F2H £ o

ol HEAE 2H

et 4 84

nE

E Zdslt}, o]7]A PixelNorm

_56_

F HEYAY F2E A,
ElE o= ARSI, #olo]

< A+t AlSe e



Pixel Norm =

(44 6-1] B st

[ 6-4] B4 72

Layers Configurations Output

Input Content Feature Matrix 2x 6

[StyleConv, w, 1, up =2
Block1 sl 4x12
StyleConv, W o, up = 1]

[StyleConv, w, 4, up =2
Block2 3 8 x 24
StyleConv, W 4, up = 1]

[StyleConv, w, =, up =2
Block3 55 16 x 48
StyleConv, W ¢, up = 1]

[StyleConv, w, -, up =2
Block4 57 32x 96
StyleConv, W g, up = 1]

[StyleConv, wyg g, up =2
Block5 StyleConv, wg 19, up =1 64 x 192
RGBConv, wg 11, up =11

(£ 6-4]= StyleGAN 7[5t A7 F25 AARH. o] A= A4
3% (progressive growing)< AR&s12] oFotct. AAdzte] A= 512
o] Zdx E4 FLoltt, ol BAH 7 BEol: FAF A #olo
(StyleConv), RGB #0]0](RGB-Conv)7} EFHHT) o]gjgt #olo]5L 4 2 B
AE oig 28 JE o MRS 2dsks H AREH
ot RGB #lo]ojolA] AAAET, 64 x 192 2P 9] olu|z]|e} TSt xphoz A
et

[# 6-5]% PatchGANZIRES] WA F25 AAeet, @EAe] =2 3 x

J

64 x 192 Adolv], 7SS AT P48 54 FP= A
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(& 6-5] ¥aA 73
Layers Configurations Output
Input RGB Image(O,) 64 x192
convl c:64,s:2, k:4x4 32 x 96
conv2 c:128,s:2, k:4x4 16 x 48
conv3 c:256,s:2, k:4x4 8x 24
conv4 c:512, k:4x4 7 x23
convb c:1,k:4x4 6 x 22
YAE Q47|(o] A, del A BB BRII(B] B BRI,

olF ol =& 77D dsiM= EEAQ L EZ-t-H(Off-The-Shelf)
Q
[}

%25 Agsgrh 9ol 2lA7l= Olga Kozlova®7F #1235 mels ARESHGC
o, gho] Q14]7]E Al S]] ‘ofe] AA &9 HF o|u|x]’ Hlolg HEEZ

A&l 23 shgstglnt. ofw, st Bl HAE Q14 goplA i dEe
2443 Back, Jeonghun, et al.'’©] TPS-STN-ResNet-BILSTME A&ttt
o] ZFE BFJ)L Olga KozlovaZt AlZst= VGG19 7[§te] BE mde A}
|3lgon, o]F <ol FE BFJE= VGGI6 FZ5 A6t 53519t 53]
Ak 2850 A$ GL-GANYO] A} whigel] 529 A 44 Tye

P

ol

H—]

o]
H
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2. Hlolg] NE AT A

1) 4 Hele AE

(2% 6-1] &4 dlofel AE AA]

olF ol F&F EF7IE 5T W AE 4 dolH AEE [ 6-1]
AAE Hrel Zh o] dlo|el MEX Gupta, Ankush, et al.”?o|A] A|Ale
= o=t A4 AgstAd. FAH 2= SynthText3¥o] & F= ZF4o|A
87 olu]AE ol ‘Google Font®olq A&ste 3779 &S A&

o
=
Ftolst o] GAES stel AYSIAL ASE FTL Folst Yolg 5

il

39) SynthText, Github repository, https://github.com/ankush-me/SynthText
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Alof] Aot FER, O 552 [H 6-6]4 &l

(% 6-6] =

ik

2=
==

Font list
BagelFatOne-Regular
BlackAndWhitePicture-Regular
BlackHanSans-Regular
CuteFont-Regular
Diphylleia-Regular
DoHyeon-Regular
Dokdo-Regular
Dongle-Regular
EastSeaDokdo-Regular
Gaegu-Regular
GamjaFlower-Regular
GasoekOne-Regular
GothicAl-Regular
GowunBatang-Regular
GowunDodum-Regular
GrandifloraOne-Regular
Gugi-Regular
Hahmlet-Regular
HiMelody-Regular
IBMPlexSanskR-Regular
Jua-Regular
KirangHaerang-Regular
MoiraiOne-Regular
NanumBrushScript-Regular
NanumGothic-Regular
NanumGothicCoding-Regular
NanumMyeongjo-Regular
NanumPenScript-Regular
NotoSanskR-Regular
NotoSerifKR-Regular
Orbit-Regular
PoorStory-Regular
SingleDay-Regular
SongMyung-Regular
Stylish-Regular
Sunflower-Medium
YeonSung-Regular
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2) BCTR tHlolg AE

Thuei] iR I A
==1n N

[ 6-2] BCTR HloJE AE A

—_

Xie, Yangchen, et al.'”0] A|¢tsl= o]F <lo] 7+ ALY Ho] mdli} HlWE
Qsll, & AFolA F=ol-g=o] HAE e o] S5 A5k k5ol
AHgE dlole Ale F=o] AW EAE fglolg HEQ BCTR*olH, dAl& [

d 6-2]o4 A 4 Q. o] HloJE HEx= RCTW40), ReCTS*D, LSVT42),
ArT4), CTW4oA FAA s AR 4 Qe =0 FH HAEE 35}

mlo

=

40) Shi, B., Yao, C., Liao, M., Yang, M., Xu, P., Cui, L., ... & Bai, X. (2017,
November). Icdar2017 competition on reading chinese text in the wild (rctw-17). In
2017 14th iapr international conference on document analysis and recognition
(ICDAR) (Vol. 1, pp. 1429-1434). IEEE.

41) Zhang, R., Zhou, Y., Jiang, Q., Song, Q., Li, N., Zhou, K., ... & Jawahar, C. V.
(2019, September). Icdar 2019 robust reading challenge on reading chinese text on
signboard. In 2019 international conference on document analysis and recognition
(ICDAR) (pp. 1577-1581). IEEE.

42) Sun, Y., Ni, Z.,, Chng, C. K., Liu, Y., Luo, C., Ng, C. C., ... & Jin, L. (2019,
September). ICDAR 2019 competition on large-scale street view text with partial
labeling-RRC-LSVT. In 2019 International Conference on Document Analysis and
Recognition (ICDAR) (pp. 1557-1562). IEEE.

43) Chng, C. K., Liu, Y., Sun, Y., Ng, C. C., Luo, C., Ni, Z., ... & Jin, L. (2019,
September). Icdar2019 robust reading challenge on arbitrary-shaped text-rrc-art. In
2019 International Conference on Document Analysis and Recognition (ICDAR) (pp
1571-1576). IEEE.

44) Yuan, T. L., Zhu, Z., Xu, K., Li, C. J., Mu, T. J., & Hu, S. M. (2019). A large
chinese text dataset in the wild. Journal of Computer Science and Technology, 34,
509-521.
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SAgR A F, 8:1:10] H&R Uikl sk, A%, HAE Heold AEz 7
P

3) ICDAR2019-MLT dlo]g] A E

FE | s 2 DN GEEERE

SHEE = = S|

< F |27 E
NS § i CHE ==
g e AR

[28 6-3] ICDAR2019-MLT tlo]g A|E oA

Faol-gol HAE AEtd Hol2 Bl AAE To] HolE AES ALg
) @ol @4 mdg sasign. olF @del AdEL WA 9
ICDAR2019-MLT*"dlo]8] MEZ} ALgEiek o] dlo[e] AEx ICDAR 2019
Robust Reading Challenge on Multi-lingual scene text detection and
recognition’ oA Al FE oW, ofgfo], o, Lol 5 1071 o=z o]Fof
(B "9AE - HAE) gog A4 o] F t=o] AW HAEES AMEFlC

™, 1 dA= (2" 6-3]00A &l 4 it
3. AW dAE Aetd do] A

o] AL BAE AERY Fo| ZAue] YA YIS AL CHER Qlofo]
it wol 279 Agtd Mo| Zuw: (17 6-4 (13 6-5), (2 6-6], [1 6-7]
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(2% 6-4] @ol-o] GAE 2etel Fo] A
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COriginal text == New text

eas by | | OoF
numbers| [BROWN|

[1% 6-5] Fol-go] gAE Artal Ho| A}
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[text = Translated text
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Criginal text = Translated text
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New text

—

New text

Criginal text =
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B AT o Aol7t 2 Gol-do] 7+ W HYAE gl Ho| A
2| ARttt o A2EE StyleGAN 7Iike] @l qlo] 7F HAE Agtel
Ho| melel TSBE o]F dlo] 7+ g2e ~ekdl Ho] mdlz spgsigr)

TSBE 918 olu|2E A olmlAz Feste] okt 2] AL oS
oM, 2etel Hol Aol gt AW olnA7t flolm Artal HolZ
S ohg wEe Adstart. Ted oldg WAL gatel-do] 1t gk
~epe) Hololis Hg8}7] ot ol wEoleh doje] Puly grrel A
A7t 77] Rolth o2 HAsh] o, A WA GANAE Fol-Go] GrE

A BAAE ol-go] HAE
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ABSTRACT

Korean—English Scene Text Style Transfer System based on

Dynamic Optimization

Ye Rim Kim

Department of Future Convergence
Technology Engineering

Graduate School of

Sungshin University

This study proposes a scene text style transfer system for Korean—English
pairs, where the languages have significant visual differences. The system
extends the single—language text style transfer model, TSB (Text Style Brush)
based on StyleGAN, to a bilingual text style transfer model. In the first
phase, we conduct English—to—English text style transfer training, and in the
second phase, we perform Korean—to—English text style transfer training. This
two—step training process enables bilingual style transfer without the need for
ground truth images. We utilize a Korean text recognizer, trained based on
the TRBA model architecture, which has achieved state—of-the-art
performance in the text recognition field, to evaluate whether the generated
images during text style transfer correctly render the text. A font classifier for
both Korean and English, trained using the VGG16 architecture, is employed
to assess whether the generated images preserve the font style of the input

images during the text style transfer process. Dynamic optimization is
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conducted by introducing a dynamic threshold setting method to the existing
GL-GAN optimization framework. This dynamic optimization helps to
eliminate artifacts arising from the visual differences between Korean and
English during the text style transfer and improves the overall quality. The
performance of the proposed system is validated through comparisons with
existing text style transfer and optimization studies, as well as through our

own ablation studies.
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