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Abstract: To solve the problems of lower image stylization quality of CycleGAN algorithm and
weaker network stability, a CycleGAN-SN algorithm is proposed. This algorithm adds a spectral
normalization layer after each convolutional layer of the discriminator network of CycleGAN
algorithm, then estimates the spectral norm of the parameter matrix of the convolutional layer by
a power iteration method, and updates the parameters of the convolutional layer with a random
gradient descent method. The parameter change in each update is small, so it only needs to
iterate once to estimate the maximum singular value of the matrix. The maximum singular value
obtained is used to normalize the parameters of the convolution layer, which makes the entire
discriminative network meet the 1-Lipschitz continuity. Experiments are performed on 4
commonly used style image datasets. Compared with CycleGAN algorithm, the results show that
the proposed algorithm can generate higher-quality stylized pictures with bright colors, clear
textures, and sufficient style renderings while retaining the details of the original pictures. The
loss function of the proposed algorithm in the training process has a small oscillation amplitude.

The network can be trained at higher learning rate and with greater stability. The proposed
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algorithm effectively reduces the number of steps required for network convergence and has a

faster convergence rate. The proposed algorithm stylizes 751 images at a time during the test

phase with protracting the period only by a maximum of 0.63 seconds, almost no extra time

consumption.

Keywords: image stylization; spectral normalization; CycleGAN

PG RS Ak 2 48 8 — o 5 38 9 25 MG B A8 Ry —
KB 2R KAg B KUAE A B R . Gatys % 7E 2016
AP A 5 1 b R 2 A B I 4% i B PRLAR AR AE L R A
7 1 R I 2 e LA XA 2 AR AR I s R, AR T
PBE R B 1 KA A RS . R XU R ik 22
F ol FA2EAR Tz R0

R . Gatys 55 BT 42 (9 XUKS 16 J7 25 b A FE I
I Justin % F1 Ulyanov 55 ] ] 5% 4 9 26 6 2% 4C
bt A2 5% B 20 U1 2k By BE. S BT PR XU RS B
5, RS 2 KU § 4 . Dumoulin 5 76 % 5 ¥
Z& efn A S A 52450 UH — Ak CCIND 45 0 o F1) FH 52 461 19
— Ak CIND Y o i 5 5 745 4 25 80 S 0 T 22 KU 5
e, FEAT R KUK B 45 )5 1T, Ghiasi 878 CIN Z5 44
(R SERE L L B s XU 0000 ) 266 SR i o L A 17 5 AR d
SR LI T AT A e

oAb, Huang 2532 H1 T AdalN 45 44, 5 XUA% 14
PGB YIE RN T5 22 4E Sy A5 S 7 4 25 850, o ] R 3 58
AT 3 KA B 46 L 26 UE B TSR A T 0 B 1)
1] PTG XA 1 B B L i MK 4l 2R I TG XU £k T
DA B — 408k [ 35 o ) A, 5 R H At L R
2B XA 5 5% PR BIOR 2 B ELG KUAS 46T Li (45
AR 8ok B 2 1) BEBIE N BRI A 6 T 4%
(GAN) Sk & EMGR RS fF AR

Zhu 42 1T CycleGAN B3k /K —Fh TG
B ) B KRR AT — RO o A B A N T
A EG AT A AL (HR B R e M 45 Y
DI Zhasd TR T SR FH S /I 3 eR B A SR 0 T 4% 1Y)
P R B, T B0 BUREAS (1 Z R L MR AR Ak
JE AN . e R RE Rk R e s %
BB R

A — P CSNDE 8 2o SR A R I 19 335 31 B0k 15
— AL S E Tl TR RS 8 0 ) X 2% 1 B —
N BRUZNHIE 58 4l i 1-Lipschitz % 22, T
iR o 2% 1) e M

A SCHE CycleGAN B35 1 H4 51 I 2% rf 5| A3
IH— 4k, # 4 CycleGAN-SN % 3, 5 CycleGAN
A, CycleGAN-SN 2% 1977 1L BE 1 38, A 4%
M ff ok T A REAR 22 R TS R A TR, 4R T XU

http: // zkxb. xjtu. edu. cn

PG B Joi e 3G 5 1 0 265 B AR E P L SR T T R 2R Y
W S

1 CycleGAN A

CycleGAN B0k A 5 2245 K dh 58 52 i e X 1P
RSB A K 2 ) B9 A LAl . FERR RIS AR
PSR S X T AR M 2% G RT3 R 26 Dy s R
IR AL BB e 4 Y S B KU AL i A

P50 IR AL 36F 10 P 38 0 P9 2 - 3 DU il 5 XA
PEB 0 XK + 55 X 458 2 o BB G L 5 8 B 9 2 1R 4R
(15 8+ 5508 PR — B0 ok O X

WEIRIIENTSE )
L(};\N((;’DY 9X7Y) = EyNPdma(y) (logDy(y)) +
E. p, o (log(1—Dy(G(x)))) D

Xrboxy 705 R A A R A XS KR x e Xy
EYiEip, o FRIE§ RN P (D BIREBLF 5K
{8 Po (D RBBHRE T3 A i=x,y, I=X,Y,
K (D5 GAN g 2% s B 7 AL (R T
B/ AR B RO AR RO AL SR pR KL
16 #5— BCHE A R BCH
Ly(G.F) = E,.p, ([ F(G(x)) —x | )+
E,p, o [GEF) —yllD (2)
) F 0D A M 45 G AT fig Y i St ok gk as )
TR e e S5 R I N M5
AR X BT A 2R B BRI 2R — B ol B W] A5

251 AR PR
L(G9F9DX 7DY) — L(}AN (GaDY 9X3Y) +
Loan(F,Dx,Y,X) + AL . (G,F) (3

A A S 2 B, ) 3 S 20 45 K e SCH AR X
L.

2  CycleGAN-SN & ¥

CycleGAN B35 R il dw /I — e 0 2% R B0OE AU i
RN AL 9 PR R0 LA 232 it o6 T2 T 2 1) R 32 o 5500
FEREAS LT 1 K T BU2E R A R X LS AR
A7 oy BAASE 17 0 2 e Bl 2R RURE AR 19 2 B T B
P15 XU A 2 4 7 SR A2 PR AR B S ik i A XA
PGB KRS B4 5 0F L S0 B 5 2 045 B AU 2




%5 W A A .2 CycleGAN-SN , 25 &

IH—fE Al CycleGAN (¥ B XS Ak B 3% 135

Xf NS AR ) i B . G, CyceleGAN 53035 7
A B R XA AL BT 1R 1

CycleGAN-SN & #: i1 CycleGAN 2 ¥: 2t 7
s 3 S TE 0 R 28 1) B — D B RUZ RS AR IH—
P2 B2 8 XURS Ak IR 1 5T 6 . 388 iR 90 245 1) A
FEHE— 25 B T W 26 1) S SI0E E
2.1 KBS H

TE 4 5 RS 16 1Y BT 5 5 18 > CycleGAN-SN
SR AT 9 05— 245 0 03] 1Y) % it o — 4> 4 Jmy Ak 1) 1E
W By 1k R 2% 2 B B — A Oy sk Al . 2R T
Lipschitz % 2P #8000 b fie K& 5 06 o € S R 1 72
VIS B R R A5 T FH S 7T e 2 1Y R AF 25 A4 W A
HA 0 A BORE AR B 22 A L R R RS XU A Y o

TESE T F2 5 Ve T . i T CyeleGAN B 3%
L GAN By 548 fy Fe il o B DhAR e PR AS 5 1 B I 5
GAN AR , FB 2 R T 40 551 100 % i) 42 1 7 R 22 111 =
. GAN FaE R 38R . 25 40 51 19 2% /0 A fn
B R e 1-Lipschitz 3% 22, 0 51 9 45 (1) 45 i M g
WA, GAN il gt Bk S fae .

P 2 — i 2 )2 A, &t 2 2 0 2 W 4%
O T JSC TR ) 531 P 208 A B b AH Y T — NS G R B
4 R Lipschitz B8 48 o B8 A R 200 2
1-Lipschitz # 22, W th &A1 20 800 52 5 pR s —
W 2 1-Lipschitz %%z,

CycleGAN 553 19 ] ) [ 2% J i ofi B34 R
Leaky Relu FE%M®, % pR £ i 2 1-Lipschitz &4k,
PRIk o 58 ) 0 9 2% 1 B — > 45 B2 0l /2 1-Lips-
chitz ¥ 22, A F) 51 P 46 g /2 1-Lipschitz % 2E,
CycleGAN-SN By 6 185 05 — 4k i FH 21 340 7] 1) 2% 1
BB RZET, 155 ZE W2 1-Lipschitz #
S E T O M 28 AR E M . TREAA T AN .

NFER)Z AN ERIZESBEE R A,
M A B REIEE o (A B U

o(A) = sup AR I, _ p AR |, (D

weo R Il ,<1

X o(A) 5 FHFE A R KH M ERZ ¢ 1

Lipschitz ¥ 221 8 8 5% F % 6 )2 S 806 BF 19 3%

WH, W R BZ S EOERE W ORI R

o (W) 153 10— 1L J5 19 6 FUZ S 5UH FE We 1 e K

TN 1. We BTN

Wew = W/6(A) (5)

GBREGE A )G, R KT R EE R 1,

B BUZ 0 5 At Y700 2 1-Lipschitz B 22, fy 75
H0 0 53] 0 24 1 e A B R i 2 1-Lipschitz 2%,

http: // zkxb. xjtu. edu. cn

2.2 ERRFREWREMIT
LT 0 0 2% v 8 s — A FRUE S RO B
R B R S (R, Bl oH SRR . AR B Y AR AR
] it ANAEAE 2 PR I HAB — A4 A5 (B R AR 1) £
AIESZ T8 — A7 aF S A8 45 Ak 1) & i, a] DU H] %
AR AL B B ) e K AT Sl . A, A BRR i 1
)03 A B BENLRAE S — A A S (AR AE ) i S
B A A SRR 1) BRSSO,
BERLRD R AL — A ) i w AR N S BUEE W 4
A A ) L 20 A SR e v
v = Wi u= Wy (6)
W | .’ Wy |
K (6) &l Z W EA LG kAT DUAG 5 6 B
WIW S R FFEME A B9 TF D7 2 W e KA
=il

VA = u"TWy 7
2.3 HiEHR
1 FH R AILRR BT R 05 BB B B S BUE E WA,
WS- A ER N, EXFRE T,
W& u v B2 RERITE BHFE —RGECRIT, B
PR T T, M R T DR R AT PR RE .
A SCHE Y CycleGAN-SN B3k Ay 3% 15 — 1k
AT,
(D BEVLII UG A — A 1) 1w, (52w, SR FE
T4 1) R 3 A
(2) 2R FH R 22 AR 00 7 6 X6 40 391) D) 2% 1) B — > 4
BUZSHOEE W' 354710 — e kb B, A
v WO/ WD || .
u, <~ W,/ [[Wh, ||, |
OIHHE I~ LUE B ZE S BUE R We s 8
KA
cs(W") = u/W'y, 1
Wiy (W) = W' /g(W!) |
(DAEFAEE Dy bR BEALER BT BRI 5 75
R ERESEUEE W, A
W< W — oVl (Wh (W), Dy) (10)
Ko H2E R,
TE 0 51 9 28 v, Bl 3 U — A 5 4E BT 28 B 2 AR
FiEH— A2 R SN 2. SN 247 & 7E 52
ZJa s PRI PR R .

3 SLEREE RN H A

S28 - 4 CPU K Intel (R) Core (TM) i7-
7820X, R KN & P5000 16 GB il i ,#AE R S N

D)




136 [ |

PN

554

64 {3/ ubuntul6. 04, 7£ tensorflow-gpu 1.1 F 47
i E S,

7 B2 5 R FH Y 4 A JRURS BEUSR BR 4 430 oy
monet2photo, vangogh2photo, ukiyoeZ2photo, cez-
anne2photo, A] LAFE WikiArt f7 F 3k, 4 XS K 14
VIR B R B KK R 1 072,400,563,525 IR, 1
AN R EE S N Flickr i 42 v 3R B0 X5 I 1Y
YIZRBE 6 287 MR XU BUR AL . S 2k ek 0 iy
A 10, % H Adam REL, batch U R/N A 1,

Az B 4 R Tustin 25 (4 X 4 25 44, 1% I 4%
HPA PR 2 B R E TR ZERMM ALK N
1/2 (953 8036 BU B AT ING 5 ARt & 0 — 1k
(BNOM (T 9 AN 5% 2 B R A7 EHR RUAS 1. H
4R 70 X 70 ) PatchGANs! ! A L[] i
FUMEZR 70X 70 A E AN T X B ARE O .

AR Shrivastava 25 SR B HE I R 3 25—
W B A S ) LA i A ) T 285 T AN S K A il T 5%
IR T A LI TRV AR Ry 0 530 X 45 1 i AL

H 7 Z) W CycleGAN-SN % 35 A %f T Cy-
cleGAN B (9 SO R - AR 58 R0CR I 2% B 1k
R 48 W SIS 3 S T TR E A T VR o
3.1 RMR

TE GAN AR MR AEAS 1 B8 58 RCR P4 J7 T A7
inception score®! | frechet inception distance™" %5
AR AR DAl A AR 0 T R R R
SN T DL AR B A58 b, 20 1) GAN BB PERE
e GRS AL T T8 S XU A 50 T8 IR B2 5 XA
PR BSOS 5 06 . 18 KUk R 8 5 L 80
ANTE W IS XU AL AR 25 N T I . BTk S 7 I 7 2
AR ME HE i 52 e IS KRS A I ROR . 72 2 HE P R L
27 D XU A6 SR AN [R] T P4 25 TG R XU TS
& RLA T P& RRAE . TC I R 2 R 1 R (L2
JEAE bR LM

JIT LA FEDE A RS XA A6 AL 58 ROR I 32 22 AR
i N0 T WRAZ o A SO XS T8 G e B2 L 250 B4
Y R B T XUAR H IBORD il B RO L R T 2
AT VAN YA R A AR B DR B R EE L DT A5 B BT
IS AR 8 S8R B 2 WLVTAN o XU TR G B 9 AR
O | G S0 AR RO R B AR5 B, SO Al 1 4
PR 1 AT 52 B2 PN 255 419 8 T 7 R I N 415 R

TEVIZRAEHCN 200, 2] Ry 0. 000 2 B AF T
CycleGAN 5 CycleGAN-SN 5.y 7F ukiyoe2photo
Al monet2photo £l 5 1 7= A= ) KU AL EZ dn & 1

http: // zkxb. xjtu. edu. cn

FIE 2 FioR .

& J .oy -~
i o VOIR | -

(b) CycleGAN H 3k ™ Az 1) WA 1k 4 15

() CycleGAN-SN 535 7= A= 1 KUK AL 181 45
Il 1 7E ukiyoe2photo ¥4l £ I 7™ A= ity KUK 1k K144

(a) J5 K

A= el ?
(¢)CycleGAN-SN 7k 7 A 1) XUA% AL R
&l 2 fF monet2photo g4 7= A= il XU 1k K%

M 1AL i CycleGAN-SN 835 75 MU TE
e BZ AN N A A 07 TR AL T CycleGAN 5
o AE UK TE e R BT 1, CycleGAN-SN 3k 7
(1 BRI 53 A 24 5] B AR BCBEROCR B . CycleGAN




%5

AHAS 2 CycleGAN-SN . 45 & 1

IH—fE Al CycleGAN (¥ B XS Ak B 3% 137

B W EUR B A A RS A R R
SRR SR — ., RN AN 7 . Cy-
cleGAN B ™ A RN & a5 £k WE BIR
KT AR S AR B A XU A R v 34 3 R B
1M CycleGAN-SN 553 ) 56 8 i {2 B3 T N A5 R Y
ZH, AR, CycleGAN-SN vk 75 Sr BEAH 15 [t mg
6T CycleGAN $3%

B 2 T LI H . CycleGAN-SN B2 78 KUK 15
YRR B R S A Y 7 T 3 W R LT CycleGAN 5
o TR RS E YR B2 5 T CycleGAN-SN 553 7= A
() PG £ R B 4 5 B3 TP, T CycleGAN B33 7™
A= B R B R B e B AR AR . 7E SCE A Y T
CycleGAN B35 ™ A4 19 R SC B 4 5 & 2%, B R R
RN - CycleGAN-SN B3 7 Az 1) R SO 4 15 1
W S R A A . AE NG b AR T ORI
ROR

Zeit B 1 RN 2 53 B el il A CycleGAN-
SN B30k XA Ak B PG e 58 53 0 % B L S0 RV
W BE 8 O B IOk N A IR P i 40T, B R 4F R
3.2 BEM

KNS SRERY 8 TS 2 S L R NSRS
ARG LR HEAT A3 AT SR 5 8 R 2 20 38 AR 7= A 1 XL
& AR UG B A58 2808 SR 25 I W 09 24 A2 0 1k

TEVIZREEHCh 200,22 2] 2 0,000 2 1Y 4514
T, CycleGAN 5 CycleGAN-SN 2 ¥ £ mon-
et2photo #l ukiyoe2photo {35 4 [ Il Zx i #2119
Pk sRBCE AR LA & 3 R 4 TR .

(=)
=3
1

— CycleGANE %
— CycleGAN-SN& %

W w b A
S WO W

T T T T T T T T 7T
S =N

10
p :» I
75 1 1 L J
0 60 120 180 240
%10
K 3 A% ELE monet2photo BUIE4E 1

51 5% PR R A1 B

M3 AT L H: CycleGAN 5035 72 UIl 25 0T fa
o B A AR K A0 45 2% o8 5 OB A R A T AR Y
ok e DRI ) 45 ) R E R T S ARG SI0E JE IEAI s Cy-
cleGAN-SN B AL TE Y 25400 4 I A7 550 1 45 2% B
0 DR TSI B A AR 5 A AR AR B i Wi 8

http: // zkxb. xjtu. edu. cn

11 — CycleGANHL %
10 — CycleGAN-SN& ¥k
9
8 1.0
®7 0.5
= 6 0.0
K5 95.00 101.0 107.0 \ 113.00
B4
3
2
1
0
_1 1 | | ¥ ]
0 30 60 90 120
3 ¥10°
B 4 RFEE DT ukiyoe2photo Bt & 11
P42 pR B A AE L

B
I 4 7T LLE H: CycleGAN 2y 76 Y1l 45 FF
IF 7 A AR I 5 2% oR B, W S P R AHE TR E
BAEFR 53 3t 75 77 26 1 /N ik i 5 CycleG AN-SN 5332
TE VI ZRIT 4R I 0 458 2% R B8O I 255 v 1) 460 % o 5K
P37 W& BE 24/ T CycleGAN 55086 19, I S &2 7
PR E T R

2 3 FE 4 B3 Hr T AL, CyeleGAN-SN 55
PN AL A R Y RS L T L I 28 e S 7 A
oL BRI

TEVIZREEEC 200 I, AR [R] 2 2] 5K CyeleGAN
5 CycleGAN-SN # ¥ 4F vangogh2photo %{ {4
7 A B KAS AL BRI L S TR .

Kl 5b Al Sc ZHE R AT E 0,001 0 B By KUAK
el &, T T LA ) CycleGAN-SN 532 78 XUA% 1 4
PR E WAL T CycleGAN Bk, 7E%% 2 R
AITEBL T 5 CycleGAN B AN B T 80 31 % 1A %4
2 RURS T Y AN 7843 A5 0], 36 1 B0 T B €8 43 1
PGz 6558 Il et Ul I i AR e M B &2 2 3
TR . {HJZ, CycleGAN-SN 5332 7 A= 4 JXUA AL 5]
BARIR R B 52 S b, H SR AR BOR 4L JF
AT 52 5 2 > S R i, B CycleGAN-SN
VR T E M5

K 5d Al Se J& ik — 1 K2 3 R ZE 0. 005 5 [
() WU AL S, AT LUE i, CycleGAN B 3L B &0
A RS AR BTG S I 2% B0 R 1k © 28 4™ F IR L 1T
CycleGAN-SN B AMK SR BE 08 = A ot 1 R 5 19 XU
L& 4 CycleGAN-SN F vk H A AR 58 14 £2 8 1 - fig
AT AR T3 .

23t B 3~5 By Hral AL 5 CycleGAN B %4H
e, CycleGAN-SN 53 H AT B ik 1) B2 g 1 72 I 2k
A AR I 288 {0l FH T KA 2 >0 32, IO 4% 1) AT B30 B
E— 2 Ik,




138 [N PN S 554 &

CycleGAN-SN 53k 7 Az 1) P 15 50 H1L 35 B L 9 2% 58
B OARE R T IT

() JR K

(b)) # A 0. 001 0 B} CycleGAN 28 ¥ 7= 4= Y
A% 1k 1B 15

(D NZREHR 130 B CycleGAN FE3% 77 4= 1
MUAE AL 1R

A A 1 5

OB R 100 BF CycleGAN-SN 577 4
B0 A% L [ 45
6 RREIIZRFEE 2 Fh 3L FE monet2photo
Byn e b A m WU AL 1R

()2 5] %W 0.005 5 I CycleGAN 5 7275 g M7 0l LA i, CycleGAN B3k 77 A4 1 4

A 11 1% Pt JK WS, N2 AT &G BUHEOR U M, Cy-

cleGAN-SN 53 W 75 24 b s B T X 4 [n] 51, 75 250 #1
2l R A R i s 7

I8 W LA Y PRP B e SO BRI L A A

W EMRCR JLF- A L fH CycleGAN-SN 573k 7= 4

()% ¥y 0.005 5 A CycleGAN-SN 2k 7= 2 (1)
KAk Ak 1E 15
K 5 R[A 2> REF 2 BB 7L 7E vangogh2photo
B S b AR AU 1R R

3.3 SUERE
3.3.1 RRAINAHRHTHMEZLR FEEIRRH
0.000 2 B DL F » CycleGAN 54 8 43 5131 4 130,
160.180 #, CycleGAN-SN & )l 2 100 %, 15 3]
A AL PRI 6~8 FT 7R T ‘

WEEL 6 T LU il CocleG AN-SN 81 3 7 KUK 55 <b>;§i§i§; 160 i CycleGAN %4 % = 1
PR CBCERAN T RN A AT B e AR TR A

http: // zkxb. xjtu. edu. cn




WA L% . CycleGAN-SN , 25 4 1%

IH— 4L A CycleGAN i B& XS 1k 3% 139

A% 1k 1B 1R
7 ARG T 2 Fh 3B FE cezanne2photo
Bs £ L 7= AR 0 XA L B

,,,,,

(DI 5% 180 Bt CycleGAN H i 7= A= 1
KA 1k B

< e % =
(Y ECH 100 B CycleGAN-SN vk 7= A 1
- Z AR
&8 N[FEYIZREEEET 2 Fhiyk 7E ukiyoe2photo
Bm A 1™ A 0 KUks 1 S

(18 JRURS Ak P45 €0 2 T o i 66 7 XU T e R L g
TR,

255k |8l 6 ~8 (43 7 AT A1, CycleGAN-SN % 3
FEVIZREEEN 100 (45 B0 T o KUK 1k T 45 11 00 5 5%
B F N4 %500 130,160,180 Y CycleGAN 3k
. 4 CycleGAN-SN %3 19 Il 25 H 1 2> F Cy-
cleGAN BEL IS 4% , CycleGAN-SN Bk {598 B A
TP 4 e A
3.3.2 kskik 4 H  CycleGAN-SN 2578 H) 7
M — N ERZEMATIEBE—kZE. Cy
cleGAN-SN 53k HFF — ¥k 2 48 B af 35 10 45 21 46
(14 Joe KT S A8 5 I 45 i o A% 9 3k B 9 3 R LR

http: // zkxb. xjtu. edu. cn

A AL (i) A% 9 3 AT R B BRI L 1 E SR A P RS
T3 CycleGAN-SN $32: 58 B, — & I 25 T 75 22 () Bif
[ e CycleGAN B¥EA FF i, CycleGAN Al Cy-
cleGAN-SN B TE 4 A K048 4 1l 25— % i 7 1
WA An 2 1 R .

MR 1 T LA L B 4 Y RS B AR 400
2 1072 ARNAE BRI LR BT 8 0 6 B A RO 5. 09
s B 16.52 s N4, BARENWERGEHE®RZ ., Gt
YIZRHG I B [ A X 1S %2 . 3% 2 J2& CycleGAN FI
CycleGAN-SN B3EAE 4 B8 4 LI 25 T 5 1 8
WHEl . AT LB H . CycleGAN B 8 76 Il 25 56 50K
130,160,180 i fF 75 A9 & A ] 43 51 & CycleGAN-
SN B 7E Y 246 %0k 100 BERY 1. 27 £%.1. 56 £%.
1.75 15,

% 1 CycleGAN #= CycleGAN-SN H & 4 4~
BYEE LG — 5P E 6 i)

s A ] /s S04 6 1]
CycleGAN  CycleGAN-SN /s
vangogh2photo 196. 26 201. 35 5.09
ukiyoe2photo 276.77 284.77 8. 00
cezanne2photo 257.71 266. 14 8. 43
monet2photo 524. 68 541. 20 16.52

% 2 CycleGAN #2 CycleGAN-SN H % & 4 A
AR LD AT E 6 R
I E] /b
BHEE  CycleGAN- CycleGAN CycleGAN CycleGAN

SN(100 %) (130 %) (160 %) (180 #)
vangogh2-
Bo8 5.59 7.09 8.72 9. 81
photo
ukiyoe2-
7.90 9.99 12. 30 13. 84
photo
cezannez-
7.39 9.31 11. 45 12. 89
photo
monet2-
15.03 18. 95 23.32 26.23
photo

MR T I 2 ATAL TR 4 DR B CycleGAN-
SN &A% T CycleGAN 8k () W 81K B 44 W
BT,
3.4 WX AR

T 3 B Be o R — UCHT 1] 4% 5 B AT Az i XU
L E 1% . CycleGAN Fl CycleGAN-SN Bk 7E 4 5
PE4E F Ao | an e 3 Fras . 4 AN RS K15 5 b




140 [ . ]

Ko

R

1 554 &

AR I A B 5 43 0 Dy 58.121,263.,400, N A
Bk A R B 751 R, R 3 ATLAE L 1
I By BE— Wk M AU Ak 751 i EZR B, Cycle GAN-
SN BE AT F CycleGAN B3k 39 i) B[] J5e 2 Ky
0.63 s, fx /b 0. 18 s, JL-BEAG % 40 1 B[] 4 4
23t 3. 1~3. 3 WA Hr v Al 5 CycleGAN 5%
B L CycleGAN-SN 57k BR 48 7 A= 40 96 550 R T 47
R XU b S, B2 530k EL AT o 1 e 1 0 B R
(WSS B 3k R PR A A A — Ak 45 0 0 0 8% it
— A& SR AR B IE T, B 1k 99 45 2 8 e B — A ) o
b, 358 T 28 Iz AL BE T, T B v T RS KRR B
R BT St o T L 3 S — ke ) S X 5% 1 e A
(] J"™ 4% it /& 1-Lipschitz % 22 PR 2K 3G 58 1 B 25 1Y
Faoe M B T 4% A IR SR
% 3 CycleGAN #= CycleGAN-SN H k&£ 4 A
F %R Lol 5K Bt )

o A 1] /s 7 ij\]l]l?j’{]
CycleGAN  CycleGAN-SN  I[R]/s
vangogh2photo 35.45 35.63 0.18
ukiyoe2photo 35.50 35.76 0. 26
monet2photo 35.75 36. 18 0.43
cezanne2photo 36.12 36. 75 0.63
4 & i

A SCER R CycleGAN B35 PR SR S5 /s — 3fe it
R RO ) PEHAGOXUAR A 5T 1 DA B A 2 2] R R i R
FEEAZ B R A 1) A 1T T CycleGAN-SN #3%
R B M 2% 1 — A B R R 5 ATSIH —1k
J2 AT — U AR R AT A 55 R R 1 e R A
X BRSO AT 09— fb b B B O 0 ) I 45 1
i A R 1-Lipschitz ¥ 48, LS8R0 | W 2%
R P S R AN R I 4 A AR R R KL TR 4
A RUHE GBI B AT R S8 A3 DL R 4598

(DFE 58 2808 J7 1 CycleGAN-SN 553k fE %
e R B e L S0 B BT L RUAS TE G TR A 1 KU fE
SEEE

() TEM 2 A2 8 PEJ7 1T » CycleGAN-SN 53k 7E
DI 23k 2 v 458 % R BSCHR 355 R /N 5 TG B S A U ik o
RE B A0 I 26 SR FH B K11 2 ) e kA7 I 455

(3) W S5 B J7 1T > CycleGAN-SN 5k | 5
100 & (9 M98 B E T CycleGAN B35 Il 25 130,
160,180 #5119 , 7 & vk /b T 501k e S50 75 19 25 4

(O TEM 3 1 77 18 5 CyeleGAN-SN 5k — Ik

http: // zkxb. xjtu. edu. cn

PEXUAE AL 751 i@ BRI, 5 CycleGAN 535 AH L B
ZIMT 0.63 s,/ T 0.18 s, JLT- A FiAb
F18) B[] 9 A

16 G T 30 47 358 CyeleGAN 203k 1237 T 4 1
— P AR | R XU B 8 S 2 PR AR B 4 0T 3 1Y
Hop—AJ7 1 . A SO 35 0 — 46 3 CycleGAN
S AR T A R RS e e EPERT . R
R IO — 20 5 R i S 5 ok B0 IR 3% I — AL 7R R B
P800 45035 45 A 5 T A S DA ST B H G R A5 A 46
(A G N T BAG Tz i A A .

S 30K -

[1] GATYSL A, ECKER A S, BETHGE M. Image style
transfer using convolutional neural networks [C] //
Proceedings of the 2016 IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway, NJ,
USA: IEEE, 2016 2414-2423.

[2] JUSTIN J, ALEXANDRE A, LI F F. Perceptual los-
ses for real-time style transfer and super-resolution
[C]// Proceedings of the 14th European Conference on
Computer Vision. Cham, Germany: Springer, 2016
694-711.

[3] ULYANOV D, LEBEDEV V, VEDALDI A, et al.
Texture networks: feed-forward synthesis of textures
and stylized images [C] // Proceedings of the 33rd In-
ternational Conference on Machine Learning. Prince-
ton, NJ, USA. IMLS, 2016. 2027-2041.

[4] ULYANOV D, VEDALDI A, LEMPITSKY V. Im-
proved texture networks: maximizing quality and di-
versity in feed-forward stylization and texture synthe-
sis [C] // Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Piscat-
away, NJ, USA. IEEE, 2017. 6924-6932.

[5] LI Yanghao, WANG Naiyan, SHI Jianping, et al. Re-
visiting batch normalization for practical domain adap-
tation [ C/OL] // Proceedings of the 5th International
on Learning Representations. London, UK. ICLR,
2017. [2019-08-01]. https: // arxiv. org/pdf/1603.
04779v4. pdf.

[6] DUMOULIN V, SHLENS J, KUDLUR M. A learn-
ed representation for artistic style [ C/OL] // Proceed-
ings of the 5th International on Learning Representa-
tions. London, UK. ICLR, 2017. [2019-08-01]. ht-
tps: // arxiv. org/pdf/1610. 07629. pdf.

[7] GHIASI G, LEE H, KUDLUR M, et al. Exploring
the structure of a real-time, arbitrary neural artistic

stylization network [ C/OL] // Proceedings of the 2017




%5

AHAS %5 CycleGAN-SN: £5 4 1% 5 — fL Al CycleGAN Fy 5 XA 1k 3% 141

[8]

(9]

[10]

[11]

[12]

[13]

(14]

[15]

[16]

Guildford, UK:
BMVA Press., 2017. [2019-08-01]. https: // arxiv.
org/pdf/1705. 06830. pdf.

HUANG X. BELONGIE S. Arbitrary style transfer in

British Machine Vision Conference.

real-time with adaptive instance normalization [C] //
Proceedings of the 2017 IEEE International Conference
on Computer Vision. Piscataway, NJ, USA. IEEE,
2017 1501-1510.

PAN S J. YANG Q. A survey on transfer learning
[J]. 1IEEE Transactions on Knowledge and Data Engi-
neering, 2010, 22(10). 1345-1359.

LIY, WANG N, LIU J, et al. Demystifying neural
style transfer [C/OL] // Proceedings of the 26th Inter-
national Joint Conference on Artificial Intelligence.
California, USA: IJCAI, 2017. [2019-08-01]. https:
// arxiv. org/abs/1701. 01036.

GOODFELLOW I, POUGET-ABADIE J, MIRZA M,
et al. Generative adversarial nets [ C] // Proceedings of
the 27th International Conference on Neural Informa-
tion Processing Systems. Cham, Germany: Springer,
2014, 2672-2680.

ZHU J Y, PARK T, ISOLA P, et al. Unpaired im-
age-to-image translation using cycle-consistent adver-
sarial networks [ C] // Proceedings of the IEEE Inter-
national Conference on Computer Vision. Piscataway,
NJ, USA. IEEE 2017, 2223-2232.

MAO X, LI Q, XIE H, et al. Least squares genera-
tive adversarial networks [C] // Proceedings of the
2017 IEEE International Conference on Computer Vi-
sion. Piscataway, NJ, USA. IEEE, 2017. 2794-
2802.

MIYATO T, KATAOKA T, KOYAMA M, et al.
Spectral normalization for generative adversarial net-
works [ C/OL] // Proceedings of the 6th International
on lLearning Representations. UK. ICLR,
2018. [2019-08-01]. https: // arxiv. org/pdf/1802.
05957. pdf

ARJOVSKY M, CHINTALA S, BOTTOU L. Wass-

London,

erstein generative adversarial networks [ C] // Proceed-

ings of the 34th International Conference on Machine

Learning Princeton, NJ, USA. IMLS, 2017. 298-
321.
MAAS A L, HANNUN A Y, NG A Y. Rectifier

nonlinearities improve neural network acoustic models
[C/OL]// Proceedings of the 30th International Con-
ference on Machine Learning. Princeton, NJ, USA.

IMLS, 2013. [2019-08-01]. http: // robotics. stanfo

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

http: // zkxb. xjtu. edu. cn

rd. edu/~ amaas/papers/relu _ hybrid _icml2013 _ fi-
nal. pdf.

IOFFE S, SZEGEDY C. Batch normalization: acceler-
ating deep network training by reducing internal cova-
riate shift [C] // Proceedings of the 32nd International
Conference on Machine Learning. Princeton, NJ,
USA: IMLS, 2015 448-456.

HE K. ZHANG X. REN S, et al.
learning for image recognition [ C] // Proceedings of the
2016 IEEE Conference on Computer Vision and Pat-
tern Recognition. Piscataway, NJ, USA. IEEE 2016 .
770-778.

ISOLA P, ZHU J Y, ZHOU T, et al. Image-to-image

Deep residual

translation with conditional adversarial networks [C]
// Proceedings of the 2017 IEEE Conference on Com-
puter Vision and Pattern Recognition.
NJ, USA: IEEE, 2017. 1125-1134.

LEDIG C, THEIS L, HUSZAR F, et al. Photo-real-

Piscataway .

istic single image super-resolution using a generative
adversarial network [C] // Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Rec-
ognition. Piscataway, NJ, USA. IEEE, 2017. 4681-
4690.

LI C, WAND M. Precomputed real-time texture syn-
thesis with Markovian generative adversarial networks
[C]// Proceedings of the 14th European Conference on
Computer Vision. Cham, Germany: Springer, 2016
702-716.

SHRIVASTAVA A. PFISTER T, TUZEL O, et al.
Learning from simulated and unsupervised images
through adversarial training [C] // Proceedings of the
30th IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway, NJ, USA. IEEE, 2017.
2107-2116.

SALIMANS T, GOODFELLOW I, ZAREMBA W, et
al. Improved techniques for training GANs [C]// Pro-
ceedings of the 2016 Conference of Advances in Neural
Information Processing Systems. Vancouver, Canada:
NIPS, 2016 2234-2242.

HEUSEL M, RAMSAUER H, UNTERTHINER T,
et al. GANs trained by a two time-scale update rule
converge to a local Nash equilibrium [ C] // Proceedings
of the 2017 Advances in Neural Information Processing
Canada: NIPS, 2017. 6629-

Systems. Vancouver,

6640.

ik me)




