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SwapGAN: Cloth-Region Aware Generative Adversarial Networks
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Abstract: We investigate a virtual try-on method based on generative adversarial networks (GAN). Con-
ditional Analogy GAN (CAGAN) has already been proposed as a virtual try-on method based on GAN,
though this method is not good at generating with complex patterns of clothing. In this study, we propose
SwapGAN which can better reflect clothing pattern than CAGAN by considering clothing area. Our method
first obtains the clothing region on a person by using a human parsing model trained with a large-scale
dataset. Next, using the acquired region, the clothing part is removed from a human image. A desired
clothing image is added to the blank area. Our experimental results showed that our proposed method has

superiority over the existing method by a human parsing functioning effectively.
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Fig. 1 The architecture of CAGAN’s generator (on the upper

side) and SwapGAN’s generator (on the lower side).
This figure shows an example at the time of testing.
SwapGAN first identifies the area of clothing in the per-
son image and removes the area. Then encoder-decoder
network generates a image by using the removed image

and a clothing item.
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5.2 Xy hNT7—7iEE&E
FEEEIT oAy NI =7 OFMEZT 5. 3 e
ZT:D Generator @ Encoder-Decoder & v b7 — 27 O

2 7=+t M
Fig. 2 Dataset examples.

Convolution
Transposed convolution
BatchNorm
LeakyRelu
Relu
[ concatenate

3 SwapGAN @ Encoder-Decoder DX
Fig. 3 The encoder-decoder architecture of SwapGAN.

KM TH5S. Encoder fllo—HiZt 7 A7 —3 3 ol
BREZDNYDIRDERST % LY A 72BRED 4 F % ¥ 4 )b
DANT, ) —HEEEEREZTVIIROWIED 3 F v >~ 4
VDA E R >TWS, F v T —271F Encoder i 3x 3
DT 4IWVETTANTA R 20 Convolution /&, BatchNorm
&, LeakyRelu DL A Y%k %, Decoder fllid 3 x 3D
T4 NVETTANTA K 2O Transposed convolution &*3,
BatchNorm /&, Relul@ DL 1 Y25 . L Tl
3x3DT7 4 NVFTAMTA K 1D Convolution &A% < .
7, 4 [ FF_FE TP D Discriminator D 4 v b7 — 7§
ORI TH L. %B, D Decoder DA v b7 — 7 Hk
iE 1 CAGAN THW 5115 Decoder D % v 77— 7 ik
LAETH 5.

F 72, RILETFETIE Gong & DAL [14] TEVAEEEDS
IRENFE T AV T—2aryOETFVEFHTA. 2OE
7 W1 Attention [15] £ 7V 12 Self-supervised Structure-
sensitive Learning (SSL) & \»9) S{RkoirE % £ 58 L 724k
HMLA 2 HY A7z Attention+SSL LI 5 E TV ToH
LH, CORT AT =3 DAY NI =T DINT A =4
FRETHOSE CIEHEPET1Z, Cong 5 OHFZE [14] 1Y
TIRESNL LIP 77— %ty bTHEHFADNT A—5 %
FIHS 5.

BEAFRTZEIZE - C, BolifbFE12id Adam 2 FIH L, /¥
FRX—=F% B =0.5, B =0.999, FEHEKE (0.0002 & L
7z, F 72, FEEIL Tensorflow /N v 7 T2 N Keras TAT
WV, Ny FHA X% 16 TI35 HAT v TOHER %45
7. WETEOHHIT12GB A€ O TITAN X (Pascal)
GPU L CT#y 16 RERIFERERE 2 22 1L 72,

5.3 HRE1SOE M
5.3.1 ARE{RODEER

5 TIEBEAETF D CAGAN L RETFHD SwapGAN
DERIEDWE 7> TV D, (a) ZEEEEZ 20D
AW {%T, (b) i (a) D AMIIHEEEZ 5 MOEETH
%. CAGAN 2 X & A B#E R () T SwapGAN 12 & %2k
Bk RS (d) TH B,

(A), (B) AT (a) D WG DAY OIRA 5 O i %
THLGEDEEEZTHAS. MFHFLd)FL voTn
559 AZRDBDS, BAFED (c) TRIEDIROEHET
o TWAOITH LT, REFHED (d) TRIEHITON

Convolution
BatchNorm
LeakyRelu

4 SwapGAN O Disciriminator OfEX]
Fig. 4 The discriminator’s architecture of SwapGAN.

*7 http://www.zalando.com/
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*8  Transposed convolution & & (3 EAAAEDZ L 25T .
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L

(c)

(@) (b) (d)

®)
(a)
©)
@) (b) ©
©)
@) (b) ©) (@)

X 5 CAGAN 3B X 0 SwapGAN OO ERFE R OB %77 LT
5. (a) & (b) 37 =%ty MPOWETHS. (a) DD
k% (b) OMIZEEEZ 5. (c) 75 CAGAN DERGERE %
LTHY, (d) #° SwapGAN 2k 2 EROKREF LTV D
Fig. 5 (a)and (b) are images in the dataset. The human model
(a) wears the item (b). (c) shows the result of CAGAN,

and (d) shows the result of SwapGAN.

DEDOFEN/NS W, T, (C), (D) DITIXEEF DA
OB NS B EDEEBRLTH L. BETFHED
(c) IZTLDRDBRIERRDFZEN (A), B) DL E LD LK
ELF-oTWLIENALNL, — T, RETHD () 1&
TORDELERRDLEEI/NE L, FEFEZDY X705
BUELCTETVWAILEDNERTE S, &nd, EREERO
ORI ERE L THEB L Tw5,

5.3.2 VAT — 3 OBEMEDRE

ARIFFETIE CAGAN TSR 2 Bikk 2 R D IR DBAR I
LCHIE R T e TE TV AW LS IC 2 o T W
LLEZT, FNERBICL DR TS, B 612 CAGAN
CIETFEOERBGEE 20T A YT — 3 y Ol &R
T K EEOAT ORI ET T CAGAN 12 X 5k
DALEDFFED W) £ Lo TBY SwapGAN & D#E
S Lo L, RPTEOIRD &9 18 ik % #F
DUAIZIE CAGAN Ot 7 2 57— a v (d) 759 % <
Vo TBLY, FRMICAERMEIE (c) 2SHNZbDICko
TLE-TVE., ZNIIHLTRETFEOL S AV T —
vary (HREAFOETED ) ECTETEY, ARG
A CAGAN & i U CHMER AR L TOEL T 5
WG hAH. DEXD, SwapGAN Tld CAGAN & i
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SwapGAN

v
-0

4 |
- @ n

6 CAGAN & SwapGAN Dt 7 X 57— a . (a)- (b) &
7%ty bW, (c)- (d) BAENLTH CAGAN 12X
BEKEGRE LAY TF—2ay GLho a), () (f) A
SwapGAN (2 X B AEREGRE LT A T =2 a vV aRT

Fig. 6 The results of CAGAN and SwapGAN. (a) and (b) are

images in the dataset. (c), (d) shows the generated im-

dataset CAGAN
=
'

© ()]

age and segmentation by CAGAN respectively. (e), (f)
shows the generated image and segmentation by Swap-

GAN respectively.

v,
e WAL
4] ka
(a) (b) (c)

(d)

R7 wrxry7—2ar0gE (a) PEEELLMT (b) W5
B2 NYOWETHD. (d) LT A YT =23 Y ORERT
B, (c) BEEHLOMEDOWIZTH 2

Fig. 7 The influence of segmentation. The human model (b)

wears the item (a). (c) shows the generated image and

(d) shows the result of segmentation.

L CHEME R D RIS LT H OB WIRO IR O &
HTETBY, IROBTEZICEBMLTWAE ZED{Z D,
5.3.3 SwapGAN )i & H

SwapGAN OHEAER D BT TLE ) F L vk
WA DHIEL 72D T, ZOBl%RT. SwapGAN TldF
FTANWEEOROE 2 FFE Lz s X T —va
ERT LD, TOXTAyT—=2a sy FL kvl
BIHERHRZ PR T 20 05A LNz, DITOR 7 O (d)
BAHO LA EET I AYTF—2 a3y ThHH —
LA LEE LTHETX b o270 (¢) DB
DFEROWEIRIZ) TLTETVRWVHEEBAER->TLEST
W5,

T/, R TR EEDETEZICRE L. FDD
D77y ar7ATLAICELTIEEEL TR W, /2
2L, o7 AT 2 onTHELICHEBEDET IV E W
LIETHMLTEBEEZONS, Z LT, KIFFETIRA
WEBEOIEHBEIZRE L. 20720, \WHketkts
MWV TWVALERMOEPDR—-—A % L 5o TWALIERE
IO GEDIKIEDFEFINZONWTIIZEE L Tk, 4%
37 7vvarTATLARNIOGEDIREEI S L THIH
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£ 1 CAGAN & SwapGAN D4 %O % =EEFAl
Table 1 Quantitative evaluation of images generated by CA-
GAN and SwapGAN.

ETI IS*[16] | FID[17] | 7> — b

CAGAN [2] 2.71 98.30 17.8%

SwapGAN (JE%EFH) 2.88 126.37 82.2%
FANF—% 2.79 - -

ISR ETNELRDLIENEINS.

5.4 HREROEEFFM

ABAEROIE L L TRl 4T 72, ERET IV
WA Ol E L CTHWS A Z & D%\ Inception
Score [16] & FID [17] DFgfEIC X 25Fi& 7 > 7 — + & Fl
M L7253 247 - 72,
5.4.1 Inception Score & FID
AR L 72 WG D RN &2 47 9 720
FID |2 & 284 CaMli 247 9 . Inception Score [16] 1& In-
ception E TN TEI SN D T XUHPLEETHR L2 W
HETH B EHENEL %D L) ICHEF SN TV B R
Thbh. £7z, FID17] FEGOESHOMEEEZ £ Y. 4
ETlE, 7AMTF—FOFETEZEITH) ANWEIEZOES &
ARG OEEDOEMZ R L TW5. WRERD ME %l
5 & XTI 2, Inception Score {EHUEAE
12&, FID IZHAEATERWIZ E X W E T &b, Inception
Score & FID 32 2) FLTETWELENLE) 1k
ERLTWSEbIFTlRLVAS, AL ZmgErRYy S L
WlHRIZ7% > TV AP el 28 IEICHVwS 2 3T
&5, ERHEREIR 1LICRTEBYITH L. REFEO
Inception Score (& CAGAN R 7 A b7 —# L LT+
SHMEIC R o Twh. F72, FID Ofid CAGAN Ol
TN REL L S>TIIVDE D ODOWRIFIZRKE RHEIZIE R - T
BOY, ¥ AYTF—varyaNib b CHREIEO N
EHRELLED IR NI EERLTWD
5.4.2 T 2 — N

Inception Score % FID TR MO 'E & iFfild T &
Th, #MYICETBEZEITZTWANEL W) RIfFETHOH
B %+ IC5 -T2 2 L IdTE v, RIFETIE, B
2 DIFGD NP ONRDIS D53 IR L THEEE R 72 ik
DR 8% ) £ BT E TV L2 5Fli§ 5 L%
Wb, ZDlz, Tor— b MIXLEHibITo72. T~
F—bMOHMIIESEZ L LTHAFELREFEOED
LPHEYICETEZDNTCE TV INEMRT LI ETHD.
ZD2OIZT 77— P CEMFEOEFMHREZIRLTE
LHDIE)DVHEEEZ L LTHY N E) pEFQ. Ty
T bMDEMRWN ATy TELTEUTOEB)THS.
o ANWWifg L HEEEZ HIROMGE LY AT D,

*9 IS & Inception Score D Z &,

Z, Inception Score &
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o [AFIZ, CAGAN, SwapGAN Ojilj 312 & A4 L
AR MGEERRT .
o LELOMENEEEZ L L CGHYIN T EINT 5.
COATy TH 1AL LTELRLT Y TIVTLADHLD
BEF30 MDA T v T EAT, HEE 131 AL HE T E
D7z, EBAERIER VIRTEBY TH L. ROKHILH
PTh s EME LEHELZRT. BRPOEEEZDER
Wif% 1% CAGAN X 1 3 SwapGAN I P X Wi E % 5
CEDIREND.

5.5 E&

BEEONYOREHZ B E V)W, DTO2 fHh
LW YIDEEZLND.

(1) BELEONYOTLORDOINEE L5 5T L
(2) ZORICER LA EEREZ 5L OMRE L TIEID S
ek

CAGAN TlE (1) &7z 3720, N\WHEELEHLT
WSRO TEIE A S NWEE D & Z05KIRTH % hOFFE %
fToTwbeEZOLNL, 2O, AJEEE LTH
HLTWABIROEEI LI > TWwh,. Lo L, CAGAN
TP LR EHOREZE TV LA, 20 (1)0
ROMNEEZESZAHEZIHDD T <$&‘“L’Cux7§c75>o 7.
AEfFeDIREFHETIE, ROBEHE ES2 L7 Ay F—
TarvoREENOF =Yty NCFEEHEE Ay T —
7 m ARt 2 LT, 532 HHIIREND L) ITHEDOE
WIROFEBOIFENRTE, TETNVOR TR EEUFHE L
ERZOND, BT AYTF—va Dty NI — 7 OREEN
OO ANWEIE LIS B IROEROW G T — 5+ vk
TTTIEFRZTo>TVE720THY, 20X BETFI
% Y HLAIAD 72 2 & Y SwapGAN OE RN EN TH
LEZOLND.

F7, ADEREE LTAMOET L T3 ROMBIEIE%
CTCHMOMBOREEE LT AL TF—2a VDEFT VT
1256720, MEFETRIAYOE TV LIROEIED AT
BAEE o7z, ZhI2X ), CAGAN TiI [ AWEi{£],
[ZDNYDHERL T LROEE], [T 72RO
W% OFt 3B ATIE LTREE 5722, SwapGAN T
i T, (B2 72VIROMEE] D 2HDAD A
TNTHEEFEZWGOERDREL o7z, ECH A T
I—HFPEERZTFETTLEEICBTORERNTED
ROWGE LT HZLIEFMTH L7720, [ 20 N
HALTWEIROWEIE] AL D2 LET T r— 3
YELTHHT .29 2 THE LS.

6. bV

KEETIE, 779y a3y ECHBOREZERICEED
EIAEEFOABEERAICELT, A5 LWEEE
T B ENTEDL GAN # H7-HEZE T 2 OK5EE
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mEEHE L. BFETETH S CAGAN OROFHEE %
BETLET AT —2a VIZIEHLT, IROME DT
EAT) OB EADEL T AT =23 VOETIVEM
FAATEFD: SwapGAN ZEFE L7z, wEWaFilic & 5 48k
i OMGEE & ERmAFMIC X 5 CAGAN DRI L 5 C
REFEOFREEZ R LT,

L1505 &6 E, ROBRIZOWTHHF I MO FE
Thb., Tz, BALRESERST A T LIEMFHMZ LTS
CELTELTWS.
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