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[Abstract]

Recently, Generative models such as style transfer, style synthesis, background inpainting are applied to a diversity of areas.
But GAN of typical generative model can’t be trained well with some problems like mode collapsing. Although it is important
that GAN generates images extracting various features of datasets to make the best use of it, it is impossible to control. To relieve
this problem, we changed discriminator’s targets from binary to multiple one-hot class on this paper. By changing them, we can
decide which features of the classes we will send to generator depending on discriminator’s targets. So, we can generate more
varied images stably. On this paper, we experiment many kinds of methods with MNIST, CIFAR-10 datasets. Compared to
DCGAN, method 1 increases about 160% of density and 50% of coverage and method 2 shows similar performances. We divide

discriminator’s targets depending on the classes on this paper, but we can divide it with other criterion like feature to expand it.

AMOI0] : QK5 WY, BE g1 OLEE FOf, Ty

Keyword : Al, Generative network, Mode collapsing, Manifold control, Diversity

http://dx.doi.org/10.9728/dcs.2022.23.2.309 Received 02 January 2022; Revised 07 February 2022
This is an Open Access article distributed under Accepted 07 February 2022
@ the terms of the Creative Commons Attribution

AL Non-CommercialLicense(http://creativecommons *Corresponding Author; Sung Hoon Jung
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial
use, distribution, and reproduction in any medium, provided the Tel: +82-2-760-4344

original work is properly cited. . .
E-mail: shjung@hansung.ac.kr

Copyright (©) 2022 The Digital Contents Society 309 http://www.dcs.orkr  pISSN: 1598-2009  elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2022.23.2.309&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

C| x| 2El = &h5]=&X|(J. DCS) Vol. 23, No. 2, pp. 309-315, Feb. 2022

[y =2
201430  ¥EE GAN(Generative  Adversarial

Networks)[1]-¢ shwat AAato] A= o7 dF5S 8}
o] 2L o|u|XE AAstE AR ARA ZFS welt)
g} 7)o Shgo] AR FaE ] gkgkon] Agsh=
oA 9] EHo] F2| Skt olHg FAIE 4 Fa A

&k o] DCGAN[2] 2= o] el @_?7} w@g}o] o}
Fat ool W 877t FAHATHII-[5]. GANS]
HEA S8AFRE 54 31 :@hri Olﬂle = Hg
3l Style transfer[3], A4 £A)8h= Algre] dZ= 27+
 Areo] AFAR oJuX|E k== StyleGAN[4] So] §
o &3 X}* o] AFE t=2Y MY R HINATE 5 4
Al §-83 71 5E5S FHEEh

et GAN% olg| g W2 ATl Eskal g5
OH%}O# T8 &= A7 o dhFol Hyge &

A 27t WHEolUl= mode collapsing®] sk 3it)
Tgh sk ojn|A|o] thepdo] FEgk A7) ol o]
Yt TAHEL AN[l]«] %L%—e‘ 01%’371] =3

iz

okt WhH o = ElS A
F ek FehE w
O mRAAE 13 SJuvh 2 3700 e A
Falole. A WA w1 W) 29 Fo 21
AR 12 43tel 4TS S5
S A A2 1
o2 77 e7] Wi 1& GANe 1

% Lo,

l
A T 3‘01*1 *EHE]“ 01 o Was] o]
B 548 mabd = 9k % Ha e e nE
e sy Bl o g AAsle] QS k57 W
Holck 13474] shd e o] Eplo R H JRE 7t
kA S Sratrlol 7 SYE 58 BE e
A #et ﬁ% EPJ Exo] thekalA 2§t olnX2

% 5 ek Al 3
o) jelel 2l oA el
F7hH 02 e shtel B o
Wolth, b 02 Aejshs Bl ALgAte] ool ket
Hejg 32 glek 18] Al 7B g olslol BA] webd o
RS Astel AAEE UEE F2H tigsl A
Stk ¥ Aol 71EAe) ofoltiofiz STal =R
4] ARSI W el Al Heke 2% 2 o2 F
Fhavtsl 1418 F7ksg:

Rl AN el A 4O Bt
slete] AT olnlEe] v e Wreke A

oS 2o
o
¥
rlo

o3

)

http://dx.doi.org/10.9728/dcs.2022.23.2.309

Z)%21 DC(Density&Coverage)[6]15 = =43sF3th
DCE FHZo] B33 ASAER 7|0 AREShd IS FID
Ho} Esirar 2 A Ak ofek o] ol A AlAlEE Tk
oFAg el Coverage(C)“ AAaro] AAJER= o|m| A7} e &
FHolElE Xt ou|2A] 27} 2 oA ojep]
sh= A ol x| ] T = o Tt ofmjott i =i
oAl olopr|sli= I g2 AAdE on A7t B2 shsolE
o] EAE xR SLolth aeiA B vtellAE v
< DC7} ol /3% Wb o= ARAANE HojEr)
Aokslk W ol A5 DCGANS Ay Hlus3i=t],
DCGANS ARE-3F o]f+= g5 9F34d, mode-collapsing
WA 18] a1 TRekgE o)A A4 Sl A 1L o] Fel] A
574 529 GANET} t vlaslr]e] 23}sl7] wiolo). A
A3} A #H 25% MNIST, Fashion-MNIST, CIFAR-10
52 HoJE Aol A DCGAN°ﬂ H|3) 52 AJ5S HAFUT
S-27F AR WHE SFHlolHE SR gHEste] 8t
S o R o ]B o] lojof g}, sA|RE o] = 9ol
=3 Ax™ mode-collapsingS £+3}&taL thksl ojnjx]
SEA7| 3R} s Ao R EAaTt W ou)E 2
Fok t}. o5 3] $15te] MNIST ghstlole ] &
2~ A2 dFetm A3t Ao dk5o] 7 &
gt olu A& AA3hH= A
eha SEfE A Ex A o
o] S-S Bt As B wollA] At
£ DCGAN o] 7l S5}l
A GIE BHY FOE o4 Hrh
=] 4L vt 2k 2800 e B ATl o)
sho] 7%ak}, 34ol4 AQEE ClassGANS] thate] deeh
v ZbE A9 Aol BA4L 47 Qo) mix|Rto R 53 9
Agow g Yt

e
ma)

% 4‘1 r@’ﬂ %H

o
gk

tﬂ—\g
)
=

bt rQL’ HU B S g r ol

=
e

AR
21 4y

GAN 12 AiA Agolehs olgolA & 5 kol A
(Generator)JJr EY(Disciminator) 9] A4S E3f st
5&‘:}. AA| do|Ele] EXEF Egate] AA o|u| x|} FAL
A& A 3lo] JapelH o] W A2 v
T A W= Xéi% 7]Hko & 858 3} ‘:} %o
(710l v]&l ste]s dfepu]E o] wztalA]
U 2455k o] ] A& SR o] k.
DCGAN[2]2 7]¥& GAN2] MLP %% Convolution
layer® vHERITE 1 A3} mode collapsing d73°] 2315
om BL a3 on|A| & AAsh= Aol 7Fsal Ak

(o mo o m1> oL
>
oX
b
i)
rO
<
a>



ClassGAN: GAN2| st&

Generator Target
1
'
G(z) - —* [Output] -
Real )
I | .
Images [ Output ]

|
l |

1 0

Real label

Fake label

Discriminator Target

(a)

38 1. GANS| = (a) 7|Z& GAN (b) ClassGAN
Fig. 1. GAN'’s structure (a) Original GAN (b) ClassGAN

2-2 @7 &

EF e AR X EE = Inception Score(S)
¢} Frechet Inception Distance(FID)7} At} kAW 5 7}
A Az B FAY Al dial FFH o= veR Y] o
ol o] E& HHA R RISt A wh= A3}skA] K3t
= wle] qitk

ol WS HAsH] 913k A|EEFE Precision &
Recall[8]°] At} Precisione A4 o|n|x| 9] B3| Eof
7h= A o|uA| 9] HIEE drht A 22 on|AE A4
SR=AE UERY o2 #28 UERATE Recall AA| o]
o] 3o Eo7k= A ofn|H o] HlEE ThFAS LHERY
mode collapsing®] AEE &1 = gt} T3 o] A%
3 o FUS BEY = ESlaL E tf 10] A gko
), o] e) FHoFslrhi= EA|H o] qlo] o] & & Ag DCI6]
(Density$} Coverage)”} &= Atk DCollA = Z42te] Ad
E XQIEZ} opd AlEEY
TAE SAs T

Density(D)¥&= #2S YEhll= A EZ ol 2A| ofn]
X &} FARSE ou| X & A e S YR, Coverage(C)
= s Uil X2 drhy okt S2~9] ol
AEs AdsherHE vt

=

By =
Xt

. ClassGAN

3-1 ClassGAN

311

o]

EAd

=3

oHEM 2 M o|o|x| cf

0.

= @f" means one-hot encoding that ith index is 1 in ™

Generator Target

for n in range(N):

n=argmax{output[0:N])
target = 0

target = 0F

. 4

Method1 Method2

G(2) — [ Output] -
Real
images [ Ou:crpu’r]
=N
‘___.---" = x,"' ., i |
@E\J.’+1 @1F+1 @:¥+l @:¥+l
L ]
Real label Fake label

Discriminator Target

(b)

GANS] Hxe Adnto] A= HolH <]
dlolEle] et Hdlg FARSHAl o] AA dlolE ek
Hal7] of#g oA & A EHE Aolth o] w A 4
Al olm| Aol A o7 M = 7] wiitel wEwe] 3
Gg DAR 5SS Fh 71E GAN9| ghHgolA A}
L3l o)X 79 4% True/False Whe g siwo] &

= AEE Ao R 71 7] wiel kol & <t
mode-collapsing =A17} 2AshH Sksdlold o] 545
wol ¥ &sli= st on| A& k==t ofggo] Utk 5,
Y] True/FalseRro 2 3=l gho} AP Te] 7}5%]
7JRBIE R Z7)d el =4 54 omAREE A
&2 07 Qe ghEo] Folxit)

Aot 22 FAE Wdstaat sul= A S
3| True/FalseTrs Ao tpor} g5 tlolE
o] FYAE Y-goz ZH3= ClassGANS Aoksit) 1
g 1L 7]¥& GAN ClassGANQ| #Jo]Z Hoj==t) 7|&
GANAA = 19 1(@)AH a3S 358 o 24 do]g]
= 12, Aol vEsoldl 74 HolE= 022 EpAlS A4
stod st} 1gla AAES E5e di= Aol v
71} ofu| Aol tjste] Ee] Bl 12 AL S5t

olof| nlated B =l Al A9Hgt ClassGANC A= T2
o) sk}, TS 20 F57o| Fake #halS tl el
F N+ 12 BEFE vl &432 Cross Entropy
Loss& ARS8l A ofuA|= 742} sljdsh= S| &
WS 714 o]nA|= Fake Label(N+ 1)S EPFlO R Fa1

S,

XS A

o nk

o2

o i o)

o

pul

L

Sk

http://www.dcs.or.kr



.- ¥ ¥ 4 ¢ a4
[cy Method?2
33 2. MNIST interpolation Zx}
Fig. 2. MNIST interpolation results

CE= = Y, plog 1

712 GAN3} &2] £23814=2 Cross Entropy LossE
ARESE7] witel] Ao R Bl AEE Aol vk
Cross Entropy Loss© 2(1)ollA ¢7F pol X w27}
5 ShEelERE po] A B3 RS 7T 5 drk
=9 T 7P & A9 v 12 A
kA, AR olw|A] T 7P A
gt SE2~9] o|uR| 9] BEE wErtESs Skt 11 AT
AA| o)A FAZA ATt o|u| A &S ATk
Wy 204 e Ee BE SR shv Ele s A
ettt whehA] A Sk ey
SEf2of frAkgh ol r A Hrh= o
oA EE ol AAdgith o]
Z

ke S04 3 o

3-2 Manifold control

SR wlolE Al wiate] -2l W 19} 25 Bl 271
. ;

Ao wiuZES A4 4 vk

W27} zE)0] Sy,

ClassGAN=- = 71x] ®2je] o]¢jol| &= =gk £5to] 7}
otk ol 3o eHlS 12 e i 19 BE BplS

http://dx.doi.org/10.9728/dcs.2022.23.2.309

(dy Target mix

27k 12 i a2 Aolol = Hu) Bezke) BAL Ve
2 U2 BAES AolFE PSS 22T 5 Atk 14
B N— 17174 491% % glom] N— 1748 HojFt 3
3 29 BUsh 1 A B A AL g gen
A IPEEE Aol & 4 om o] o] uhE T of
HAE AT S Yok AolA B84o] Ant

<
nx
o

£-2]+= MNIST, Fashion MNIST Z1#]al CIFAR-10<&
o]-8-ao] slck.  DCI6] AsARE Sl
ClassGAN©] DCGANI[2]el H|3] #2437} theFxd SHollA]
A53HS H9lon Interpolation ©JR|XE Eaf A AA
Walel wet e viuE=rh dA4ES Btk vt
DCGAN=S Bl ti/de = AAste] A3k olfi+= tf A
M GANES] 749 72 R A28 545 3
Al g7t AljbeE SdoA 2] Bt o of#9AE
o] 471 wioltt.

& O
A

3ol Fe s PRet] Sgehs Ao A%
dglon} oo B4 g TE rlEom el o
3 71 7)) wek Aol 4 ek ol ek 4,
ClassGANE 71BH02 ehilo] Bag Amsigrolw
MNIST 8elA] 4] 57 o} T Fa9l= 2

2% PR S5E F9olE Aol 278 2 A4

Shs A& Bof HIX =850 7 A= vrEh.



4-1 MNIST & CIFAR10

=] o
2x49

a8 3. MNIST | 2f 2o}
Fig. 3. MNIST random label result

ClassGAN: GAN2| st& obEM 2l 4 o|o|X| cietd EZE 2l8

o

oo
ks

¥

% 2b) W 1€ DCGANe] vl3] SFeie 54
nolu] o] ojele ojulx|Eo] Al gitk. Z, v
ol tiel Hele7k Fels Bkl EAlg 17 200
W 2 FU5E S5 ofele olvlxEo] Bol nealdt,

B e e delelt 2oz Abe]
°l

_:}_EZ)\

ﬂl
o:

=

u)

Z

37

&
=2

(3

RE1A
[*
p
L

*XHTSLE} %9 2(d) Target mixe xS0 2 4o
wol7] &) 4, 5, 7(0, 1, 2= 2P| A 7}
Z2)0] Huzk olu) s}

>

r& riru

e~
Z7)2)

AL B e
stel 2

Ship Horse Automobile

38 4. CIFAR-10 Z2} o|ax]
Fig. 4. CIFAR-10 result images

7% 2% MNISTE @88} a3 5 444 olvA5 oS =01 Oo] Adat A=2Rl A5 0F 15 Bplo= 7
< interpolation® E?3H Hlagk Ayolr). 1§l 2(a) SEskaint. L A el 2ol ARl AR wiuE
DCGAN®] 75 -] olu)x| o] 4 /b5 shat 74 ot A R 4 o
Ao FREA £ 17 3L oful o] e FA9) = Rofalo] S Aol

Density(D)
Density
08
—— DCGAN
o7 Methodl
Method2

06 z
5 05 i &

g:. o4 —

03 - ) 3 —~——

o2f{ fr~———— "

01 7 CIFAR1O Fashion MNIST MNIST

;. ; !,o !5 ;0 ;: Dataset
Epoch Coverage(C)
Coverage 1o _ DCGAN

o7 DCGAN Methodl

Methodl 0.8 1 W Method2

06 Method2 -
go.: o= P ——— 3 o4
] / e —

03 .';"' 02

02 /’ s

!- E o o = 1 s CIFAR1D Fasnn.z;ll}:ﬂ::IST MNIST
(a) (b)
13 5. DC Z1t (a) MNISTOIAM &5 & (b) CIFAR10, Fashion MNIST, MNISTOA && =

Fig. 5. DC result (a) on training at MNIST (b) after training at CIFAR10, Fashion MNIST, MNIST

313

http://www.dcs.or.kr



C| x| 2El = &h5]=&X|(J. DCS) Vol. 23, No. 2, pp. 309-315, Feb. 2022

w219) Phielel = BTekar 54
Y] ClassGAN©] At oz A=
olet HAESE JERE 29 5 &S Bt o) &
A EAe uhebA SY2E WA S-S & 5 Stk A
o xﬂo}zs} HlH ,/] :d-xo}}dg y_oqr_‘_%_l:]_.

1§45 CIFAR-10S &-83to] 853 $ DCGANY

1ol FrARSE oA S AP RS vl o] BES Hug A3}
oftk. W 19] omx|ellA wje] 1A}, T 27|, A-sat
v o] g} 2o AN EAES oS Agsta s &
ot A5S = F 015} 71 GAN2 ol 225 ﬂﬂﬂ
=0t 1 1A= S

A

42 Yol WA G ols) 2o P mu}

1)
oy
Ol
o
2
[
2 o,
il
&
rM
Nopoty X
iﬂ

719 5(a)% MNISTE DCGANT} ClassGANLS.Z 8}5A]
A 42 A omAE DCl6l= Hrisk AFjelr)
Density(D)¢} Coverage(C)+= 217} 43} TS Hr)s)
= 822 9 10] DCGANS vl&f ZH2} oF 160%, 50% 2]
Asdds Hoeoh 9 5(b)= MNIST, Fashion
MNIST, CIFAR-109A Z+ ¥1H¥ 2 Density$} Coverage
E rojFEr) o] Ao WY 10] Density?} Coverage
oA TP e ANE Below WY 29 A=
DCGAN#} Ak Aaks BojF=3lt) o) &af -2l W
Ho] mode collapsing A4S ¢3)slal o] & £ 9] o]

A& Adshedl EAQE & ok Bk ofue}, o=
o= o 55 T WY 2% DCGANT A4 452
HeE of= W 27F Sl Alo] F71e] oW 5 Hol
‘3”“‘]3}5 el %7&01]/\14 °] A& S| ket

& F49] oA E

2 =dAE Sl 9-3 13dS E8sto] el
TS OdsHA & 4 Y ClassGANS Aokl
MNIST, Fashion MNIST Z128]al CIFAR-10< 53l 2 &3
A3} True/False?] o7 BF/FE AFE-8= DCGANe] H]&|
mode collapsing A417} €bs}E ™ A7 ojm)x] 9] 3] g
AeE AL 1 WY 12 density®} coverageE SA

& A7} o 160%, 50%2] 4% e Hom i 2t o
EHo R FE o EAES AoFASdE Bsta fAF
3 S Eoﬂﬁ‘r et shue] EAS o] 88k W 13 V

H S 0]83l= W 2 Alo]ol|A] B A o]FE HEA)

A= T

g %ol FRE UESS UL F A Bl ol

IS vHEo] ¢S thekst Fele] ofnlR|
& AAFE W}E‘r}ﬂ ClassGANS 1)
F43 S 7R oM RIES A, 2) HF

http://dx.doi.org/10.9728/dcs.2022.23.2.309

FiyEE S ool wet FAE 5 qlrks Aol 9

ZAel 2
B At sl ajekE A ] ARl iy o
Hn2

[1] Ian J Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing
Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville,
and Yoshua Bengio, “Generative adversarial networks”,
Neural Information Processing Systems(NIPS), Motreal,
Dec 2014.

[2] A. Radford, L. Metz, and S. Chintala, “Unsupervised
representation learning with deep convolutional generative
adversarial networks”, International Conference on

Learning Representations (ICLR), San Juan, Puerto Rico,

May 2016.

Jun-Yan Zhu, Taesung Park, Phillip Isola, and Alexei A.

Efros, “Unpaired Image-To-Image Translation Using

Networks”, IEEE
International Conference on Computer Vision (ICCV),
Venice, Italy, pp. 2223-2232, October  2017.
https://doi.org/10.1109/iccv.2017.244

[4] Tero Karras, Samuli Laine, and Timo Aila, “A Style-Based
Generator ~ Architecture  for
Networks”, IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), CA, USA, pp. 4401-4410 June
2019. https://doi.org/10.1109/cvpr.2019.00453

[5] Dmitry Ulyanov, Andrea Vedaldi, and Victor Lempitsky,
“Deep Image Prior”, IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), UT, USA, pp. 9446-9454,
June 2018. https://doi.org/10.1109/CVPR.2018.00984

[6] Muhammad Ferjad Naeem, Seong Joon Oh, Youngjung Uh,

3

—_

Cycle-Consistent Adversarial

Generative  Adversarial

Yunjey Choi, and Jaejun Yoo, “Reliable Fidelity and
Diversity Metrics for Generative Models®, 37th International
Conference on Machine Learning, PMLR, 119:7176-7185,
April 2020.

[7] Kingma, Diederik P, and Welling, Max, “Auto-Encoding
Variational Bayes”,
Learning Representations (ICLR), Banff, AB, Canada, April
2014.

[8] Mehdi S. M. Sajjadi, Olivier Bachem, Mario Lucic, Olivier
Bousquet, and Sylvain Gelly, “Assessing generative models

2nd International Conference on



o]

ClassGAN: GANS| 3t oF5i4 21 444 o|olx| Chep Z2IS 93t 2o& BrE Y =

0.

via precision and recall”, Neural Information Processing
Systems(NIPS), Montreal, Canada, Dec 2018.

[9] Kyongjun Kim, Sung Hoon Jung, “ClassGAN: Class
Discriminant Networks for Enhancing Training Stability
and Generated Image Diversity of GAN”, In Proceedings of
the IEIE Fall Conference, Inchon, pp. 723-724, Nov 2021.

A4 Z(Kyong Jun Kim)

20159~ A @it (BAA S

##AR-oF 3D vision, Tracking, Generative network %
A/ =(Sung Hoon Jung)

19881 ¢ @FUekaL ARbE eI (FEHAD)

1991 @ KAIST A7 2 AA3 st (F3A1 A
1995 : KAIST A7 2=z 8t} (F8hakah

19961~ @ Al @Au s AIS g8t e

315 http://www.dcs.or.kr



	ClassGAN: GAN의 학습 안정성 및 생성 이미지 다양성 증진을 위한 클래스 판별망 구조
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련연구
	Ⅲ. ClassGAN
	Ⅳ. 실험
	Ⅴ. 결론
	참고문헌


