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Abstract: To solve the disability of modeling inter-domain semantic and intra-domain long-range infor-
mation in current image style transferring algorithms this article proposes a novel image style transferring
algorithm SSC-GAN. This method extracts the semantic features by constructing the semantic shortcut con-
nections, thereby enhancing its capability of modeling semantic difference between image domains. Mean-
while, the self-attention mechanism is introduced for the modeling of long-range dependency in the image
domain. The SSC-GAN can significantly improve the performance of image style transferring without extra
computation. Through the extensive experiments on vangh2photo and selfie2anime datasets, the proposed
method achieves excellent visual effects and reduces FID and KID by 1.3 and 1.1 on average respectively,
which verifies the effectiveness of SSC-GAN.
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(h,w,3) - (h,w,64) CONV-(Ngs, K7, S1, Ps), IN, ReLU

N T =) (h,w,64) - (9h/ 2,w/ 2,128) CONV-(Nyzs, Kz, 2, Py), IN, ReLU
(h/2,w/2,64) —(h/4,w/4,128) CONV-(Nass, Kz, S5, Py), IN, ReLU
(h/4,w/4,128) — (h/4,w/ 4,256) CONV-(Nass, K3, S;, P1), IN, ReLU

P — (h/4,w/ 4,256) — (h/ 4,w/ 4,256) CONV-(Nyss, Kz, Sy, Py), IN, ReLU
(h/4,w/ 4,256) — (h/ 4,w/ 4,256) CONV-(Nyss, K3, Sp, Py), IN, ReLU
(h/4,w/4,256) — (h/ 4,w/ 4,256) CONV-(Nasg, K3, S, Py), IN, ReLU

AT 98 2 (h/4,w/4,256) — (h/4,w/ 4,256) CONV-(Nyss, Ky, Sp, Po), IN, ReLU
(h/4,w/ 4,256) — (h/ 4,w/ 4,256) CONV-(Nyss, K3, Sp, Py), IN, ReLU

P — (h/4,w/ 4,256) — (h/ 4,w/ 4,256) CONV-(Nasg, K3, S, Py), IN, ReLU
(h/4,w/4,256) — (h/4,w/ 4,256) CONV-(Nysg, K3, Sy, Py), IN, ReLU
(h/4,w/4,256) — (h/ 4,w/ 4,256) CONV-(Nass, K3, S;, Py), IN, ReLU
(h/4,w/4,256) — (h/2,w/ 2,128) UP-CONV-(Nyg, K3, S;, Py), IN, ReLU

A PSR R (h/2,w/2,128) - (h,w,64) UP-CONV-(Ngs, Kz, Sy, P1), IN, ReLU

(h,w,64) — (h,w,3)

UP-CONV-(N3, K7, S, Ps), IN, ReLU

TEN, K, S PR ES . BRI, PR B3, IN FRIH— 055X ReLU SRR 05 k4L

w2 LHBMKLEN

B BL iy A=

ZHE

(h,w,3) > (h/2,w/ 2,64)

(h/2,w/2,64) - (h/ 4w/ 4,128)

CONV-(Nes, Ks, S, P1), SN, Leaky-ReL U
CONV-(Nizs, K4, S, P1), SN, Leaky-RelL. U

g T RALZ
= (h/4,w/4,128) - (h/8,w/8,256) CONV-(Nzss, Ka, S, Py), SN, Leaky-ReLU
(h/8,w/8,25) — (h/8,w/8,256) CONV-(Ns1z, Ks, S, Py), SN, Leaky-ReLU
Sy (h/8,w/8,512) —(h/8,w/8,1) CONV-(Ny, Kz, S, P1), SN

TEN, K, S PP Rl B8 BRI/ PR IS IN ZoR I — 053 Leaky-Rel U o B sL.
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d ZRERER B IE4E R . A SCE I 5 ATER L
il ARG b 5 AR A R M R T T AR A
X MG IR A5 S 25 5 A R
2.2 JBXRIEEE

AR SC B T 4 R R S5 AL R A R P A 2
T a8 o P4 — 2, (H % B AR VI ZRad 72 b an 2R
X8 SCGm S 25 AN A2y o, 82 ] B3 20iE 4
s AE DRSS, B, ASCHIAT —ASHfk
PRESR X T SRS 2 A T 2
23 £7E

X {X¢,Ggp (Xs)} Fr H ARSI IR 46t 31

H AR B BEUGAE AT . 5 At 5 RURS e 46 A
R—5, 7RSI AR B+ L, A3 CycleGAN —
2, PR Z LSS, MLk 2 R,
24 BHRKRE
A SCHY PR R Bl 48 Xk | 1R
P—EPE G | E AR R A SR k.
ARSCH XS Pt

50! =B [(0109) ]+ B [1-(Du(G 00 ] @

v(x):Softmax[

L3 =B [(D,0)° [+ v, | 1-(Do(Ge )] @)
3 1 PR (90 A3 B0 P4 0 B 45
fi, H X Form A KL, o~ T REBR I 2l
&, METOARE, ARSCRHENFE Ik wEL.

8 T SRR S R, A S T AR
SHER K

Ltc;::ISe = E><~XS |:|X_ Gtas (Gsat (X))|:|1 (4)

Lsc;:Ite = Ex~X1 |:|X_Gs—>t (Gt—>s(x))|:'l (5)

XAE AT AR, HE—NDEE Xe X, H&
X AE 2 s G P — B 2 )5 IV 12 Bl e o ] ok 7 1]
Bk,

T ORIE S A PR A S P45 A B340 93 A1 A
AL, ARSO A e L T B A — 2R

Lisc;el)fltity = Bx~X, [|X_GS—>I(X)|:|1 (6)
L}d_ér?tity =Ex, DX_GS—M(X)Hl @)
HE—DEB X e X, BR XTELSE e G,

Feti Z Ja AN Je el g
T PRUETE S f R 5 S IO IR1R 19 X

FRIE, AR SOGFE St b ] T 18 Ak

Lsemantic = _E|:| Esemantic (Xt )_ Esemantic (XS)|]1 (8)
PEATA R, HP, Egamic 280 Xt ay, i
A0 R R EICRE T S 4 Bt 05 4 SO 198 A [ 1] 5 )
FRIERE RS W REh I, (i U A% REAS B ) 2
AN ) R A 1 SARFAE.

AR IR 1) A 2% BB

Liota = ALleay + AoLoyae + AsLidentity + Aalsemaniic (9)
Hh, 4 =1 2,=10, 43=10, 1, =1.
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31 K& E
311 HudEdE

AN B PAE vangh2photo Fil selfie2anime £
£ 47525, vangh2photo £ 800 M 4% &5 XU
M EEF 6932 MRILSEG st IR, Horh, YIlgkgE
£ 75 400 M AE 5 XU 19 (5145 R 6281 R IS5 47 5 1Y
EI&, AL 7 400 M A v XU 19 145 751
PRS2 5 1 K4 selfie2anime 43 & 3500 1 31 X,
& 0 AR S AT 3500 1 A F AR EE, il 2k
RN AR A o —2F.
312 GBS E

AR Adam L fb #5317 M 45 S 50t fk,
H1 B, =054, =0.999. AICRAILL 0.5 AYMERKE K]
1R IK - S K AR K /N T 3% Ry 286% 286 15 %,
Bl HLER BY £ 256x 256 15 2. A SC AT A 5256 4 4k
FO/NEIE R 1 R SR E B2 21 %% 0.0001 Il %k
AR, HEENS0 K, ELrtwmm, Bit
YIZRZEAR 100 Tk, [RIEF, A SCR FACE 280N
0.0001 (AL HE FEIs, AN 7 4R AR H Y O 2N 3
fEh 0, FRifE2EH 0.02 fY IE 25437
313 LEHEE

ARSI () E E IR N Intel Xeon(R) silver
4214R 2.40 GHz CPU; Tesla V100 32 GB GPU; %k
38550 Centos BEfERGE, W% HELL R
Pytorch 1.6.0 iii74<, CUDA A 10.2 .
32 SBoth
321 LIk E XA

ASCRHA 2 e s FR(FID, KID), M 2 Fik
5] f4 A B 43 %1 5 CycleGAN, MUNIT, DRIT++,
CouncilGAN, U-GAT-IT #47Hb#e. [AEF MG EA
SCEVEMA RO, LS Bk R ST A EE
JRUKS T 4 R AR A R RS AT AL R 1 FID, KID
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A RUIIE ey Tl s Sl B =
3.2.2 EMETEAG

& 4 /R T 1E selfie2anime$i#i 4 | SSC-GAN
5 R XTSI 10 UMK e e 45 SR HL . SSC-GAN
FE AR B T SRR 0 R B, A B A %o B 8392 v B
4T Bl LB R T . Councill GAN RS 1 Hb
SR 58 BN K B 2 8 Sk AR B 4, HR TR T
kR T . CycleGAN TEHEHd FE A
B P= A T AR B AS, HoAR W RS 2 e v KA
MUNIT ZE B9 B 14 [5) B 77 7€ Council GAN il

a. By A BB b. CycleGAN™! c. DRIT++22

d. CouncilGAN®!

CycleGAN [yl 5. DRIT++2E BT 15 B AR5 51
WA, HREFSME S T ENIRE.
U-GAT-IT 7£ B st 2 i AR FUE AME 58
HAUERI] . SSC-GAN REMS[] i 3¢ 14 2 A /Y &
o, HE . AT R, RESAL FRAT R it FE
WO & A IS, IR T AL A 5 A2
Th TR 4 R RIS B BE 1. Ak, S ULEH
SSC-GAN Hizfkfie J1, ASCH T 7E photo2vangh
B F RS S B, R 5 PR, R
£ PASCRE AT T AR SRR

e. MUNIT?4 f. U-GAT-IT® g. SSC-GAN

E 4 RIEESTE selfie2anime 54 0 & PSS R 1L 3%

323 JEmiITAh

ARSI R E A TE R RRE e 4 b iz
JH 3 25 1) 4% 23 [a] #E 25 (Fréchet inception distance,
FID)F14% 7 [H] 5 2 (kernel inception distance, KID)
2 AR BRI P AR S B S AR Y 1) e KUA
FeH B, FID it AR i RIMR S LS R A AFAIE 1)
HEEES, FID (E BN A OB R 2R e
P4 o e g . KD i o S PR AR A i BT 1R
FRAE 2Z 4] 1 e ROV 4 25 S, (B BN 3ROR AR R
55 D PG ORR L BE B R, R A R IE R R 2
Inceptiont® [ 45 L. 5 FID f54rMIH, &

Prfdi il KID F8 4R 5 ] %, B T photo2vangh [
4, SSC-GAN TE FID Hl KID #8 5 L ¥ U T i
FEREL, 5B mME 3IME 4R, HEITTLEH,
SSC-GAN 7 FID f5 b5 & Bl fE, HAE vangh2photo
BB AET photo2vangh, 740 1H] T SSC-GAN
REAS A Sl T EAR Sk ()38 A5 BT A, 3k 4
ALIE H, 7E KID 545 I, SSC-GAN fE 4
BUS THAER KID BRI, BRIEARFA
i Z MAFFE R R I IE A, {H 2 SSC-GAN K IHHUAH
T EBAEMFARROR, el T SSC-GAN YA
BUPE.
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a WIAEB b, CycleGANR! c. DRIT+H22  d. CouncilGAN®I

S

e. MUNIT®?4 f. U-GAT-IT®! g. SSC-GAN

KI5 ARIFATE photo2vangh Bl b HE 4 R H

®3 6MEZEESNBIEE LM FID TSR

vangh2photo photo2vangh  selfie2anime
CycleGANI?Y 163.4 151.4 149.4
DRIT++?2 109.2
Council GAN 115.1
MUN| T4 131.7
U-GAT-I T 80.4 89.4 114.1
SSC-GAN 75.1 92.8 112.2

T LR R e B 45 R

®4 e MERE 4 MBS LH KID FESEEER

GRS

ik vangh2 photo2 selfie2 anime2
photo vangh anime selfie

CycleGAN?Y 4.68 5.46 13.08 11.84
DRIT++? 7.72 12.65 15.08 14.85
CouncilGANZ! 15.21 14.94
MUNIT! 9.53 13.08 13.85 13.94
U-GAT-I T 5.61 4.28 11.61 11.52
SSC-GAN 3.67 3.26 10.30 11.21

L LR R B R BB 25 R
4 % ®

Bt X BUA 145 XURS B A B R 5 TR K 4R 1K

BRI A] T AF B 22 5 RN B 1 B Z 42 R R AR
$RIBE ST A IR, AR SCHEH T SSC-GAN. K sk
P AERR W], T BRI A i SR A T, 2
SSC-GAN UM % e Jr 19 141 45 St 3l T H A3l
[l O BT O o0 IR AR B A Y A R RN i
SAE B TE, £t SSC-GAN KUK 46 i 1 ]
RRENS B by Mo PR B RUIR I 22 JR AR AE, A2 2R IR
FUg ARy . IRIEET SR 5. AR, HRTA SO
5 S T — X — O R B A 55, o] 5
B — Xt 25 14 RUAR e i 45 J o 2 52 3 14 A
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