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Abstract

Recently, acquisition of the creativity of Al is attracting public attention. However,
many of the venues for Al’s imagination, including deep fakes, are for real entities. Anime
and manga are beloved cultures of the world tree, but they are based on illustration
technology. Therefore, Al’s imagination can also advance illustration technology.

In this research, we use StarGAN, which has high accuracy for image conversion
between 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 2.1: Neuron.[1]
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Figure 2.2: Neuron model.
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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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Figure 3.1: Structure of CNN.
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Figure 3.3: Pooling.
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F4E GAN

4.1 GAN

WO AR R v b 7 — 2 2 1%, Generative Adversarial Network (GAN) & HFEIEN S
2014 £1Z Goodfellow KO DHKRX LUEZETILDETH S, ZTOETFTLTIHIHEINZT—
Ao REEFEHLU, BN T — X2 EKTSH I &N TE S, Figure 4.1 12 GAN O
HxRT,
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Figure 4.1: Structure of GAN.
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minmax V (D, G) = Bovpyy,, 08 D(a)] + Forp o llog(1 - DGR (41)
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D :Discriminator
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525,
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Figure 4.2: Discriminator learning model.
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Figure 4.3: Generator learning model.
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4.2 ACGAN
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Xyear AP DEE T — X DI
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Figure 4.4: Paired data and Unpaired data.[8]

Figure 4.5: Model of CycleGAN.[§]
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Figure 4.6: Cycle consistency losses.[8]

Laan (G, Dy, X,Y) = Eyp 108 Dy (U)] + By (v l0g(1 — Dy (G(x)))] (4.4)

G:Z2—=7T v FRAA VY ITEWA A=Y G(x) 24T % Generator
Dy HEHINTA A=Y G(x) LEBDRAAL VY DT —X y Z2i#fild % Discriminator

minmax Lgan (G, Dy, X,Y) (4.5)
G Dy

min max Laan(F, Dx,Y, X) (4.6)
F Dx
A7 NV—EBMERLIE, L' VVAZHOWTUTORTRT I N TE S,

Leye(G F) = Eorpona @ 1 F(G(2)) = 2l[1] + Eypatai l|G(F (@) = ylh] (4.7)

G:X=7T Y FRAL VY ITEWT A=Y G(x) 28T % Generator

F: 2=y F ALY XIZEWAS A=Y F(y) 283 % Generator

Figure 4.6 IZ/RT ISV A 7V —BEMBELLIFZ, X—T v b FAS VWL TEHE
To72A A=VIZHUTIHD RAS VIZRD EIETL U I2A A=V ETDANT— R D%
EHETEZILTRDDIENTE S,

IS OFNERE Y1 7V —BEEL 2 AEDLE S Z & T, w2 A
BRET D, 2O, ZN6 2 D0DMNNREAZFET L2012, FRENEZEATS, T
52, RDFD &S ei5,

L(G,F,Dx,Dy) = Lgan(G, Dy, X,Y)+ Loan(F,Dy,Y, X) + ALcy(G,F) (4.8)

BT, AFDRZERD S Z & T, CycleGAN 3FE 217> TW\W5, [§]
G*" F* = argrélvllngI;l%(yﬁ(G, F,Dx, Dy) (4.9)
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5.1 Stargan
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M StarGAN TH 5, KD ET IV & StarGAN D LLERE % Figure 5.1 12239, StarGAN
Tl B—DETINVTEED N AL VIHTHBEDOLE Z1T5 Z LT, HidOREZ R L
TW3,
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MENDBH, ZORE, ERRE N7z % FE Generator D A& U, JT% DHEED KA A
VER=T W N RAAS E UTHBEOFEMEZIT S, PR L 72l & o< Oz g
T5ZLT, YAV —EHEERZEHLTWS,

5.2 Adversarial Loss

2 (5.1) 12 StarGAN @D Adversarial Loss & 789,

Lody = Ezllog Dgye(z)] + Ey c[log(l — Dgre(G(2, €)))] (5.1)

D, :Discriminator 7* 5 @ real,fake ® {7

x JeD AT

c:B—=7T v NRASLY

G(z,c) :Generater 7% x (ZXF U T ¢ Z @A U 7z 4 il

ZIIhD GAN & [FIRRIZAE RS AR O & X TE RN KL SI12T 5720 DET
» Y. Discriminator TiZZ N & HKILXE, Generator TIE I Nz FMbIE5 L5 12%H
2179, EBCIZFEH 2 LEMIE L7212, WGAN THW SN T WS Gradient Penalty
ZHAL., A (5.2) & Adversarial Loss & LT\ 5,

Lady = Ex[Dgre(z)] — E:B,C[DSTC(G(@"? )] — Angfc[(Hvi*DSTC(iﬂb - 1)2] (5.2)
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(a) Cross-domain models (b) StarGAN

Figure 5.1: Conversion between multiple domains of each model.[9]

5.3 Domain Classification Loss

R (5.3) (2 Discriminator @, 2 (5.4) IZ Generator @ Domain Classification Loss Z/~9,

cs = Eoo[—1log Das (c]2)] (5.3)

£l = E,—log Dus(c|G(z, c))] (5.4)

cls

Dys(c,x) A ANEBR 2z D RAAL V% c & UTHER

Discriminator 13\ (5.3) %. Generator &3\ (5.4) Z R/MLEE 2 K5 I2FEE %2175,
Discriminator @ HW I AN ER 2 Z 752 D KA A > 1T THZ L THY, Generator
OHWIZADE G 2 2R =T Y D RAS Y e NEBMIEZHEBG y = G(r,c) ZAEKT
522 ThHbd, D7, Discriminator & UTIXIANE S 2 BIEL L TED T )L 12 H
I ZehirE UL, Generator & U TIHAEKEMR G(z, c) DAY O & RS
T2OATR=T Y RNRAL Ve UIzc ERFEINDZZ LN IFE LY, D72, Domain
Classification Loss I& Discriminator D% @ & Generator HHO & DHFIEL T\ 5,

5.4 Reconsutruction Loss

X (5.4) 12 Reconstruction Loss % 89

Lyec = Eycoll|lr — G(G(x, ), )] (5.5)

Z X CycleGAN (281 % Cycle consitency Loss £ [HBEDEDTH 5B, ANHEE 2 D
AYDESIZR=T Yy P RAS Y clZBT HHEFE UTEH, ERINZEUTEHEILDOA
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} - - Real / Fake

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.[9]

TRz OREN L EEZE 2L > TR ST, HEEBOHMWIZIZ -7y N KA1 2 LT
BELUEDDADETH 5 7-8. Reconstruction Loss BEH XN T W5,

5.5 BMEHK

PAED S StarGAN @ HIEAEE Discriminator (32 (5.6). Generator (2 (5.7) D & 5
ZH5EZA6N5,

»CD = _ﬁadv + )‘cls»CZZS (5'6)

EG = Eadv + /\clsﬁf + )\recﬁrec (57)

cls

ZZT Aids & Apee BNAN=NITA=XTH 5,

5.6 Mask Vector

StarGAN DR e LT, 77— Xy bOFXAPEBUZ D7z > THHIFILAEEE W D /A
Db, BHROENTELDT &ty baflildT 220> Z L DOMERE LT, £T %ty
FRSEANUZ UMM R AL VDT N)VIEREZRMT DI LN TET, HGOHERDOERIZ
TED KA A VPHERBRETHFEL RN DI EFIIEET 2 2 LA TERNE WD A
ZiFonsd, ZOMPIEL LT, StartGAN 2RED T NV EMHT 5 LA TED LS
Mask Vector BAEA I NTW53, = (5.8) IZ Mask Vector & W= EEFIEHO T — X £ v
2 HWZEEDO ATME ¢ %R,

¢=le1y ey Cpym] (5.8)

Ci Z%E@%“&t"y k
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m :Mask Vector

¢ DET =Xy NINA FVEEDEEIZ. XM FURTZMLELT, #7573V —1k
INZBEEDHBAEE T Vhy hRZ MLELTERI N, REIO TV EEERZ ML L
THRIND, 72, Mask Vector l&niRjcdD7T ¥Ry hARZ hLELTHRI NS,

¢ EHWTEE 21T O H, Generator 13X T RZ ML AEBEH LU CHRINIZRI N TRV
R E Y TTEE %175, Discriminator lEHAWZHEGDET 27— Xty hDF~)LIZ
% L C DA Domain classification Loss Z /N2 LD IZFE L, ThUADT—X Ly
FD TR U TIERMEZRITDR WL SIZT 5, ThE&T—Xty NREIZITS Z
ET, BTDT—REY bD, 2TDT)VOHIEHAAEEL 725,

5.7 CelebA

CelebA ¥ 1Z. E&4 ADHEBE M 178 + 218 ¥ 7 &)L T 202599 Mgl 7 7 1 VA & TH
DoENTEZTF—XEy b THhHb, CelebA % H W T StarGAN THEEGEE %2 1T - FE R %
Figure 5.3 IZ/R3F, 2B, Aas=1,Arec=10,Mgp=10 TH D, 200000 [El# D& U 7=, &5
BILED SIEIZE DGR, REITEHU 72l SE2ICEHU 2R, RE2ICEWL 72
B, WilE RSS2, BEEZKESEZEHE R ->TWD,

Figure 5.4 #* 5 Figure 5.10 IR FEEEFEBD 7 5 7 25R9, 75 7 OMtfillldELk, Hih
TR U A E 22> TV D, [9]
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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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RAL VDT =28 %RT,

Frz, ZOEBRTITAEDIEUEEE 16000 [ & U7z, B, 2 HZ2FEWVTWSEGIZ
HULZEFAWTES Bz 7> THRIFEEHBI NN,

Table 6.1: Number of data used for pre-experiment.

EHTVA Y7 [HeBHU2 MmEZELCS WHEZHRC [HZH<

train 90 266 109 897

637

test 10 29 12 97

70

Figure 6.3 IZ PAHERIC & > THE L N2 B DG Z R T,

EPSIEIZCHEG, FHZHAC T V723872284, D20 CHA%Z EIFSE3
2, HEHUCHMEZE 284, HE2HEIELEH, HE2HVWTESEHBRL LTV,
FRIZAEDBHE IR NZH e UT, 5HEHOHZRWAZZHE, 6 5 HOO%B7- 2
NEFONS, 5HED1ITH, 4fTHOE G IE, TEGETIEHZBAL TWE 2, ZHkoO
EERTIRARER E o2 BV RHDO FIZERINTWEORb1 5, 65 HD547H.
6 fTHDEGETIZCOEETIZOZEALTWSHDD, BHEEOEHGE TR R,
AZBFVWTWA XS RHIREZT 5, FIZ6 THDOEEGIZEAL Tk, HxDaR< 2o 72
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Part

Input — Output Shape

Layer Information

(hyw,3 +n.) = (h,w,64) CONV-(N64, K7x7, S1, P3), IN, RelLU
Down-sampling (h,w,64) — (4,2 128) CONV-(N128, K4x4, 82, P1), IN, ReLU
(&, 128) — (&, ,256) CONV-(N256, K4x4, $2, P1), IN, ReLU
(&, 2 256) — (&, 2, 956) Residual Block: CONV-(N256, K3x3, S1, P1), IN, ReLU
(&, 2 256) — (&, %, 256) Residual Block: CONV-(N256, K3x3, 1, P1), IN, ReLU
(&, 2 256) — (&, 2, 956) Residual Block: CONV-(N256, K3x3, $1, P1), IN, ReLU
Bottleneck
(4,2 256) — (&, 2, 956) Residual Block: CONV-(N256, K3x3, $1, P1), IN, ReLU
(L, 2 256) — (&, 2, 256) Residual Block: CONV-(N256, K3x3, S1, P1), IN, ReLU
(&, 256) — (&, = 256) Residual Block: CONV-(N256, K3x3, S1, P1), IN, ReLU
(L, 2. 256) —» (& 2, 128) DECONV-(N128, K4x4, S2, P1), IN, ReLU
Up-sampling (&, 2, 128) — (h,w,64) DECONV-(N64, K4x4, $2, P1), IN, ReLU
(h.w,64) — (h,w,3) CONV-(N3, K7x7, S1, P3), Tanh
Figure 6.1: Generator network architecture.[9]
Layer Input — Qutput Shape Layer Information
Input Layer (h,w,3) — (%, %,64) CONV-(N64, K4x4, S2, P1), Leaky ReLU
Hidden Layer (‘% 5,64) — (%‘, T, 128) CONV-(N128, K4x4, S2, P1), Leaky ReLU
Hidden Layer (&, @ 128) — (£, 2,256) CONV-(N256, K4x4, 82, P1), Leaky ReLU
Hidden Layer (L, 2 256) — (L, L 512) CONV-(N512, K4x4, 82, P1), Leaky ReLU
Hidden Layer (L i 512) — (&, £ 1024) CONV-(N1024, K4x4, S2, P1), Leaky ReLU
Hidden Layer (&, 2.1024) — (L&, 2, 2048) CONV-(N2048, K4x4, S2, P1), Leaky ReLU
Output Layer (D.,.) b, 2,2048) — (&, 2.1) CONV-(NI, K3x3, S1, P1)
Output Layer (D) (&5, &,2048) — (1,1,n4) CONV-(N(ng), Kgzx &, S1, P0)

Figure 6.2: Discriminator network architecture.[9]
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Figure 6.3: Result of generation 2D character’s expression in previous experiment.
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Figure 6.4: Domain classification loss of discriminator in previous experiment.
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Figure 6.5: Adversarial loss on fake images of discriminator in previous experiment.
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Figure 6.6: Adversarial loss on real images of discriminator in previous experiment.
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Figure 6.7: Gradient p enalty loss in previous experiment.
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Figure 6.8: Domain classification loss of generator in previous experiment.
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Figure 6.9: Adversarial loss of generator in previous experiment.
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Figure 6.10: Reconstruction loss of generator in previous experiment.

Table 6.2: Number of data used for experiment.

EHTOA Y7 |HzHLC% WEZELC2 [mHEZH Bz

train 546 996 384 2800

1785

test 60 110 42 311

198

Figure 6.11 {24 [ D FEERIZ & > TH S NZEHBBEOE S E KT, BN ONEIL Fig-
ure 6.3 E[HKRIZI>TW5S,
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EOICIFIFRBIITEOEN AR R WIRERERELZ, V1V 7D R AL Vit
HEBEDOEHDP K> T UE>TWVWBED, FHERTIXZ S ZBEMARINT VRN 727280,
FRBRHESTHEE VR DL, ULRLUARSEKRE L TEDMD KA1 > O e ks 5
CHEBEENE DI N2, BT X2 I SIZEMUTWE W, 3FHDOOZHL A
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Figure 6.11: Result of generation 2D character
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Figure 6.12: Domain classification loss of discriminator.
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Figure 6.13: Adversarial loss on fake images of discriminator.
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Figure 6.14: Adversarial loss on real images of discriminator.
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Figure 6.15: Gradient p enalty loss.
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Figure 6.16: Domain classification loss of generator.
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Figure 6.17: Adversarial loss of generator.
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Figure 6.18: Reconstruction loss of generator.
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