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Abstract

Recently, acquisition of the creativity of Al is attracting public attention. If AI’s
creativity is enriched in people’s hobbies, it may be social development.

In this research, we use StarGAN, which has high accuracy for image conversion be-
tween multiple domains, in the generative adversarial network. In the conventional
method, when an image is converted between three or more domains, it was necessary
to create a conversion model between each domain. With StarGAN, even when convert-
ing images between three or more domains, one model can complete it by implementing
classification and reconstructing images.

In this study, we studied whether StarGAN can give various face expressions to 2D
characters. As a result, it was possible to convert the parts roughly, but it was not at
a level that would enhance the hobbies related to illustration. In order to improve the
accuracy of the results, it is necessary to search for more data, more learning times, and

hyper-parameters that are optimal for converting the expression of the 2D character.
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Figure 2.3 Sigmoid function.
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Figure 2.4 Feed forward neural network.

Figure 2.5 Recurrent neural network.



Figure 2.6 Fully recurrent neural network.
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4.1 GAN

WO IZERR % v 7 — 27 £ 1%, Generative Adversarial Network (GAN) & HIEEN 2%
2014 4E12 Goodfellow K6 K L ETFNLDHETH 2, COEFLTRAEINLT—
LR E L, BN T =Y 2R T 5 2 ED3TE S, Figure 4.112 GAN O
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Figure 4.1 Structure of GAN.
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minmax V(D, G) = Ervpy, 108 D(2)] + Eznp. () [log(1 = D(G(2)))] (4.1)

G :Generator

D :Discriminator

x JlT =%

z: /AR

Z O, Y7 G BB e N IUIRE L D 2Rk S5 EITET, b FLMERT
b5, ZDl-®, Generator & Discriminator 271} TR AIZFEE I E 5, EH 5 D¢EH
ICEWTHHEEDEELT — 50> IELWHEET =8 92%2 789 7 )L & Discriminator @ Hj
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Figure 4.3 Generator learning model.
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4.2 ACGAN
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5 MRNDEZ T I HONER Ry b7 =2 FETNADIETHD, T IICET DT
LA E e, LT O Figure 4.4 1278 X 9 ICHHREE 2; & Z USRIIG U 72 BHREE y; &
I RT7 OMHR%E 5.2 5 D Tld7e <, A X 126 L CORIBOMOEEREEY £v» ) 7R
THEGE G55 ETH L, T OBGIZAENIERICHETH D, B ARTE%
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fL. Z0MICH 2RRMEDYE & v ) 1D CycleGAN OFHE L e > T 5,
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Figure 4.5 Model of CycleGAN.®
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{T2bDTH2, LeL, KESMHEME LT, BOIMEERICESY =7y F Fx A
ZXELLDLDLERET S, 2F 0, HOMEBRKIZLT DO (4.5) &3 (4.6) D 2 DD
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G:Z—=7y P ALV YITEWA A= G(x) 24T % Generator
D, AR INTA A=Y G(x) EEBED N XA VY DT —% y 2kl § % Discriminator
min max Loan(G, Dy, X,Y) (4.5)
min max Laan(F,Dx,Y, X) (4.6)
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G:Z—=7 v F ALV YITIEWA A= G(x) 24T % Generator
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IS QRN L 3 A 7 V—BHIEREZHAGOE 2 2 LT Rk HIvBEE
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T5E, UMDk Btk B,

L(G,F,Dx,Dy) = Laan(G, Dy, X,Y) + Laan(F, Dy, Y, X) + Moe(G, F) (4.8)

A&, AP oXZRD 2 2 LT, CycleGAN IZ¥EHZfT->oT0 5, %
G* F* = arg min max L(G, F,Dx, Dy) (4.9)
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5.1 Stargan
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TAYOWHE 2 517 DHHRIE ED F AL VBT WG A0 2 T 2, (b). ().
(d) 1% Generator D EEEETH 5, Generator IFATI L L TAY DMK E ¥ —77 v b F
AA v &G 2 WgREERT 5, B S zERIE Discriminator 1235 5 41, KP4
DI N DD, T ORE, BRI IR % FEEE Generator DA E L JLZ DHEHRD
FXA Y EY =y b FAL v E L CHROFEEZITH . FIEE L 2R L4 O
Bathikd s T, A7 NV—EEZENL TWw3,

5.2 Adversarial Loss

2 (5.1) IZ StarGAN @ Adversarial Loss Z 787,

Loay = E.[log Dgpo(2)] + Ey c[log(l — Dge(G(z, 0)))] (5.1)
D, :Discriminator 2> 5 @ real,fake O Hi /]
x TCD A iR

c:¥ ="y P RXL YV

G(z,c) :Generater 73 z (2R LT ¢ Z @M U 72 A BRHIB

Z UMb GAN & FRRICA RIS AY DGR & XHTE BV X ) ITT 57D DRI
T V. Discriminator Tl T2 AL I ¥, Generator Tld Iz /MLI ¥ 5 X9
BT, FERBRICIZEE 2 ZEZE 572012, WCGAN THW 54T % Gradient
Penalty Z8 A L, 3 (5.2) Z Adversarial Loss & L T\ %,
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(a) Cross-domain models (b) StarGAN

Figure 5.1 Conversion between multiple domains of each model.”

Depth-wise concatenation

Depth-wise concatenation

(a) Training the (b) Original-to-  (c¢) Target-to- (d) Fooling  the

discriminator target domain original domain discriminator

Figure 5.2 Train of discriminator and generator.”

Eadv = Ex[Ds’rC(x)] - Ez,c[Ds’rC(G(x7 C))] - )\ngf[(HviDsrC(:i)HQ - 1)2] (52)

5.3 Domain Classification Loss

7 (5.3) IZ Discriminator @, 3\ (5.4) IZ Generator ® Domain Classification Loss 2787,

r Ex,c’[_ IOg DCZS(CI|I‘)] (53)

cls —

Ll = E,.[—1og Dus(c|G(z, c))] (5.4)

cls
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Discriminator (¥ (5.3) #. Generator 132\ (5.4) Z /ML I 5 L 9 ICEH%21T .
Discriminator ® HIIZ AR 2 2704 D F XA ¥ 38T 252 &£ TH D Generator
DEMBANTER 2 %5 =7 b FAL Y e NEBRIRHiRy = Gz, ) Z4AERT
528 ThHD, 2D, Discriminator & LTI AR 2 251E L < 70D 7 )L ¢ 125y
XN ZEDFE L L, Generator & L CTIFAELEIR Gz, c) DAY O L 58K S
Te)RATEI =Ty P RAALVE L c ETHINLTEDIHE LV, Z2D7%®, Domain
Classification Loss (& Discriminator F{D & d & Generator FHD b DFEL T 5,

5.4 Reconsutruction Loss

= (5.4) IZ Reconstruction Loss N,

Lree = Epeolllr — G(G(2,¢), )] (5.5)

Z U CycleGAN I2EB 1T % Cycle consitency Loss & D b DTH 5, ANHEIER « 53

AKYD LI =Ty P P AL v cll@ T MR E LT, A3/t LTHino

AR » ORERN R EREZ RS> TE AR ST, MEREMOBENIZY =7y P FX A4 v E
LCTHRE L7255 DADLERTH 5 728, Reconstruction Loss 25EH I 11T 5,

5.5 BKIBI%K
DL kD6 StarGAN @ HIYBI%Z Discriminator 133X (5.6), Generator (23 (5.7) D X
ICEZo6Nn5,

£D = _‘Cadv + )\cls‘cr (56)

cls

LG = ‘Cadv + )\clsﬁf + )\rec‘crec (57)

cls

ZZTC Mis & N ENAINR=INFTRA=FTH 5,

5.6 Mask Vector
StarGAN O & LT, 7—%t v b OEADIEEICH 72> THIIHEIDTEE & ) 5
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Fy FDSEHANC LD R AL D7V EREZRET 2 2 LN TET, HROFH
JROBEZILD B R A VPR RBIRETHEL BV ADICIEFICHIRT 2 2 L3t hw
LV RBPETF NS, TOPEE LT, StarGAN YRFED 7 RV 2 T 2 2 L3
TZE % X 91T Mask Vector WEAI N T 5, 3 (5.8) I Mask Vector % > 7 4 Bif%H
DF—=%ty bEHOEEBO AME: 21T,

&= [c1, ..., cn,m] (5.8)

¢ i T/BHDT—=%xX v b

n:7—%% vy ~ OB

m :Mask Vector

¢ DETFT =5y PEIAALFVEBROEAIZ, XM FUXZFLELT, ATV —
ENLEBEDGEIZT v Ey bR7 FLELTEZIN, RADT)LigXraxy kL
ELTEEINS, £/, Mask Vector l& n RIGD 7 v Hy P27 FLE L TERINS,
¢ R VT E 21T 9, Generator 13X B R7 FL2IEH L CTHRIICR I N TR
IR Z YT CEE %2179, Discriminator IZHWAZBERDOIET 27—y FD I X
LIZX LT D & Domain classification Loss Zi/hNe T 5 K ) ICEEH L, 20D 7—
Zy bDT UKL TIRMEzfTbRVWE I LTS, Chiz&T—F Ly A
IfTH)TET, BCDT—F+1y bD, &2TDO T VOHIHIDAIREE 742 5,

5.7 CelebA

CelebA & 1%, HHAADEHERDS 178 % 218 ¥ 7 X )LT 202599 KgEM: 7 7 4 WA E CTE
DoNFTF—F v b TH5, CelebA % H>T StarGAN THAMIG L% 1T - 7= 5 %
Figure 5.3 IZ/8F, 2B, Aas=1, =10 TdH D, 200000 [FIFE DK L 72, FEFREBEIZLED
SMEICTEOMIR, FERICAHA L iR, S8 L 2R, ARERICER L iR,
A% SR S R, EEE KBS IR E 2> T0 5,

Figure 5.4 2> 5 Figure 5.10 I HBEEAED 77 7 2" d, 77 7 OfftihzHER, H
HIEAE DR LI E o T 5, Y
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Figure 5.3 Result of CelebA.
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Figure 5.4 Domain classification loss of discriminator.
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Figure 5.5 Adversarial loss on fake images of discriminator.
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Figure 5.6 Adversarial loss on real images of discriminator.
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Figure 5.7 Gradient penalty loss.
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Figure 5.8 Domain classification loss of generator.
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Figure 5.9 Adversarial loss of generator.
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Figure 5.10 Reconstruction loss of generator.
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Figure 6.3 Result of generation 2D character’s expression.
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Figure 6.4 Domain classification loss of discriminator.
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Figure 6.5 Adversarial loss on fake images of discriminator.
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Figure 6.6 Adversarial loss on real images of discriminator.
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Figure 6.7 Gradient p enalty loss.
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Figure 6.9 Adversarial loss of generator.
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