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MStarGAN: a face style transfer network with changeable style intensity
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Abstract: Objective The style transfer algorithm can transfer the style from the art image to the original natural image.
The style image provides certain features, such as style texture and stroke, while the content image provides the contour
structure. The goal of the style transfer algorithm is to synthesize a new stylized image with the texture stroke of the style
image and the contour structure of the content image. The early face style transfer algorithm applies mathematical modeling
to build a filter that counts the local features of the target image to understand its style. This algorithm then establishes a
statistical model to describe the image style. However, the face style transfer algorithm only generates a single style, the

resulting image style is not obvious, and needs to be modeled manually, thereby limiting its efficiency. With the rise of
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deep learning, the style transfer algorithm has started using the deep learning model as its core. Given that generative
adversarial network (GAN) can generate images that satisfy certain distribution laws, we can generate a target image that is
similar to the real image by training GAN. Therefore, GAN has been widely used in image style transfer algorithms. The
main image style transfer algorithms are divided into two categories. The algorithms in the first category only improve GAN
without using a pre-encoder, such as pix2pix and CycleGAN, while those in the second category use a pre-encoder. Due to
the addition of encoders before the GAN structure, the resulting network structure becomes complex yet achieves highly
realistic results, such as StyleGAN and StarGAN. To overcome the shortcomings of some face style transfer algorithms,
such as StarGAN and MSGAN, which have poor detail style learning, insignificant style transfer effect, and generation of
distorted images, we present a face style migration algorithm called multi-layer StarGAN (MStarGAN) with controllable
style intensity. Method First, we construct the pre-encoder through the feature pyramid network (FPN) to generate multi-
layer feature vectors containing image detail features. Compared with the original 1 X 64 feature vector, the pre-encoder
constructed by FPN can output a 6 X 256 feature vector, which contains additional details of the original image. Therefore,
the generated image can learn the detailed style of the style image during style transmission. Second, we use the pre-
encoder to generate style vectors for the original and style images and then combine these vectors. We then use the com-
bined style vector for style transmission. We can also adjust the number of layers of this vector so that the style of the gener-
ated image is biased to either the original or style image, hence resulting in different style transfer intensities for the gener-
ated image. Third, we introduce a new loss function to maintain balance in the style of the generated image and ensure that
the image will not be too biased toward either the original or style image. Fourth, we apply the weight demodulation algo-
rithm as our style transmission module in the generator. The traditional method AdalN has been proven to distort the gener-
ated image. By replacing the normalization operation on the feature map with the operation of convolution weight, we elimi-
nate the feature artifacts in the feature map and reduce the distortion in the generated image. Result We implement our
model in Python and test it on the Celeba_HQ dataset with RTX2080Ti. Our model not only generates high-quality random
face images but also makes the generated images learn the style of style images, including hair and skin color. Compared
with the multimodal unsupervised image-to-image translation) , diverse image-to-image translation, MSGAN, and StarGAN
V2 algorithms, in the latent-guided synthesis experiment, the Frechét inception distance (FID) index of the proposed algo-
rithm is reduced by 18.5, 39.2, 20.2, and 0.8, respectively, while its learned perceptual image patch similarity
(LPIPS) index is increased by 0. 181, 0.366, 0. 155, and 0. 092 respectively. In the reference-guided synthesis experi-
ment, the FID index of the proposed algorithm is reduced by 86. 4, 32.6, 18.9, and 3. 1, respectively, while its LPIPS
index is increased by 0.23, 0.095, 0.094, and 0. 018, respectively. In sum, our algorithm can generate result images
with different styles and intensities. Conclusion The proposed algorithm can transmit the detail style of the image, control
the style intensity of the output image, and reduce the distortion of the generated image.

Key words: face style transfer network ; StarGAN ; style intensity; feature pyramid network (FPN); weight demodulation
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Fig. 1 Face style migration algorithm example
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Fig. 2 Early face style migration algorithm example

(o) AR

((a) original image; (b) style image; (c¢) result image)

g R b R AR T R 45 (genera-
tive adversarial network , GAN) (Goodfellow %5 ,2020)
BT EUG KA TR S b th T GAN REAE 2 A
FFEFE— o0 A LA A PG 3 % GAN R 25 1471
YRINREA 1 B EUR BN AL BFRESR . Tsola
SN (2017) 4R T pix2pix Bk 8 44 iR
% 28 (Mirza 1 Osindero, 2014 ) %7 ) M iy A 1% 2 i
Hh RS, DLSE UK ST REAT: 55, BE A8 A XUt
BFE R RS REIR . Xie 5EA(2020) 82 T
— TR DGR 5 1 AR Sy PG R I B A
Zhu 55 N (2017) 5% I 1 XA 51l 45 19 2548, DI 246 ]
LU 1) IS AN NS 1 R B ke 1 XU S 4% 1Y
LRI 3 PG 25 (RO 2 1) [ A

Choi 2 A (2018) #2& 44 19 StarGAN (star genera-
tive adversarial network ) 5K FH Hij & 2 i i A 52 90 XU
T, g al LS I R B ) i () % 72, XA~
[ it A0, B JEUAS PR b A5 B, R A 1 % ek O )
TR 2 0 2% 1 TR s ] v, AN A A i 1 246 v i
A . StarGAN AEHE7E [ B I A1 (URRAIE 1 [F] g 22
2 B HAREHS A KUK, TR T RS g g, KUK
RS Z e Lo B AR AT B4 Tt (HH A B el
PAR R : 1) StarGAN A= i i B AT RE ™ AR Ak £k
5 XA SRR R P, S e A R R &
B 2 AR A HRAE , 38 AR R R L5 2) StarGAN X
T H AR G201 003 BRI 25 2T A B e, FL D A
TE T I 0 285187 FH F IXURS [ i 50, TRV AR G- ) 4
H AR ER 915 B 5 3) StarGAN X F A — X & 15 4
A HUR B — B KU 7% i L AN R b 4 1 A i
PG B XA iR 3

NT B LL R, AR SCHR T MStarGAN
(multi-layer StarGAN) , & F A & f# )8 (Karras 5% ,
2020) J7 ¥5 i P StarGAN [ 26 i i B4 RFAIE B4 52 7]
B, R T e G g as a5 FBE S8 K R
BARAFE B L, 2R JH Lin % A (2017) $2 1 09 RRAE 42 F
EE& W 4% (feature pyramid network , FPN) #5741
iRy g ) HE RN A 4, 7 1 AR LR XU A
JEREAS B[R] RUAR S B2 1 A2 S . AR SO 28 T
VEALAE . 14—~ B8 A2 BUAS [R] XURS 58 B2 LR N
o XU S A% P 285, T8 3 A1 R P 28 ) 250, BT AR
[] 50 B2 1) H bR ERARAE |, RERS AR 1R 22 4 Wi XU 3
% R B A [] 14 235 SR PR 5 2) >R FHASCH fidk 81 7 2 080
LABEREEYNA s WA NI S T MR N R A o
EUE P YRR DS 3 3) SR KRS s AR R L DR e TN
X EVRRAIE 5 XA PR TE A XU A B o e v 8P £
s A oS PRAG XURS i 1) it P sl DA P

1 HEXIE

1.1 GAN

GAN P2 R LA B i J 45 52 43 A B0 A 1) i
1% . Mirza il Osindero(2014) B Jel b5 205 8 4 i
h—A- T AR A 2R B AR S 22 R G
2, LI GAN BY%i o Denton 28 A (2015 ) #5 A= i
i H AR 1Y) 2 )2 36 FUAS M BN & B B 454, il 1T
BRZABAT , ARAT o PR o o o A i RS



$28% /FE 128 /2023 £12 B

BERE, $horfe, EE / RUEREREH ARRISEH M %

Shrivastava % A (2017 ) B YR EMRAE A 28 1l 1 i
A B b 2 2] 3 i AR b S A () 50k 3 A 18]
LSS o Z 5, BT GAN By KUk 1T 78 55 12 (Elgam-
mal %, 2017 ; Sbai %+, 2018; Huang 2 2017) 18 DL
tho fH T GAN A B BT o A8 f JEA T 4, i
SR BAT BRI R FRYE , A8 1 GAN 52 Y XURS 1
R TC AR b iz T 92Fr o

1.2 4L

A 3 0 A R XA T RS B o W IS 1) A
68 FH I g A R L O GAN HE AT 2le 1 1) I 2%,
pix2pix . CycleGAN (Zhu 45,2017 ) A S P> GAN (Zheng
Al Liu, 2020) 25 5 2) o FH R G it 09 W 4%, i T7E
GAN Z5 F T 5 0 T G % & L 33X ol I 28 S5 40 0l 52
2%, (HAERE 15 B B L SE A9 45 2R, U0 StyleGAN (style-
based generative adversarial network ) . StarGAN £
StyleGAN % H] 8 )22 ) 2 J2 B FI ML (multilayer percep-
tron, MLP) /2 Bl S fth 2% , 3 1o K B B A2 12 g A
Gihth g 1 L BEAE A A B A JAS 3 A 8 XA ] 2,
IHE XA ) e A 1) A ol o, RIDVRE 2k 21 4 1 g o TR
1 X% 1) H 14 ; DualStyleGAN (dual style-based gen-
erative adversarial network ) (Yang 4§ , 2022 ) 7 It % 4%
ARt b 2 A 25 4 R SR T B 18 J2% MILP, BB 55
G 2 A7 ] 1] 15 240 B JRURS 5 StarGAN R ResNet
(residual network ) (He 5%, 2016a, b) 1E N 4 i 2 , i
B X8 AN [ 118 PG XU Sl A Sl A ] F XU [ L
X ) 28 SR T 1Y) T G B 4 SSORR AT , T PR
2V B T2 5 RN 2 R 9% ) 28 2 ) v
1.3 Xtz SR

H1 T GAN 7S Bf R BLAT 27 o] XU [n] £ v AR AR 1Y
AEJ) 5 BN AR IR AT KU 22 > o H BT 2 AY
7R E A WA R F AdalN (adaptive instance nor-
malization) (Huang %5 ,2017) 3.4 . AdalN i i3 iy A
J 5 5 XA EHR I 1 5 07 22, Wi A RMR AT
H—Ak A A B B G EAT XS R AR I RAAE
{5 AdalN X iy A IR A 45>l E X k4T 173 —1k,
SRR S 2 Z A SCHR A E B A2 BIRR i i 15
JEAF BB BR A AR o E— D B, B R KR
KE,

AT BB F D2 . GAN 2% DL K XA 2 >
Hhy B i A RSB X 46 119 22 R o . 4%
FETELA T TR . 1) & it g 45 A8 2 15T B0, 12 BRI XU
Te] 5t T 12 56 4 2 1Kk XU T R E , 3 5 18410 s %

i 19 258 2 B 7 SUREAS B AL 1 XURS 1] i, (HL 28K
iR FEBR I )X 52) R AdaIN 97595 S AE AR
P = AR R D, (2 PR R 5 3) JCik il A
PRG0S 53R 58, 4% i 22 /0 XU 81 A i PR A5 2
BENLEY o S 7 ff P DL B TR ST, AR SCHR T MStar-
GAN,

2 ERXFHE

2.1 MREAREH

MStarGAN f) 5 (R 55 14 Q] 3 o, 384 ) 258 4
AT M4 . Style Encoder . Mapping Network | A= i
v AUA RS . Hip, Style Encoder $2 B A B4
B REAE AR B, 8 L Ak UK 15] & w3 Mapping Net-
work T DL Bifi AL AR 55 5 A5 oAy XU ] £ w5 2 B2 A
) 00 5 B SRy GAN [ 25 v 1) 2l 19 245 5 340 551 1) 8%
55 StarGAN v2 #I e, MStarGAN % FHl FPN % 2% 1 4y 24
e ) 250, B AR T AN ResNet i 2% , If:
it 2 G 5 XU R AE R b 2 1 A, DAER
AE L) XA [ 2t (ARG BE R KU AR . AR, AR S
XS StarGAN v2 FAE s i o0 EAT T 2k, A A A
EUEA S R

SR FH G R g 118 XA S % B8 ok R P A =X
BRHRAE ] 1t , — B 5 2K A AU PG i A 4
i, IR IR 735 B JRURS A5 2 A1 1 JXUAS 1) 3, )
W) AT KAS RS R L R R A 2 % 51 5 0 )
— B KO KBS T 2 0 A i, BT 2 2 BE AL
Az R, S SR B XA [] B 638 B R IR Sl B
BLEY A o) o 244 7 UG XU S 7% 1) 3l 2 B Sl
1EG 135 M.

ZEL| S E5 RSB S8 REA AR F )
B =% 5|36 B i A BHR B XU S RE
i £ B XA PG AR 1 S TR S I TE S | 52 6
AN e B A AR G 3 o o A PR AR B A B
BLXAE R . A SCRIZ % 51 6 00 I8 TEL | 5
B B XS T2 A% 7 ik an 8] 4 s .

B AR EMEN %, , WA EURR o, KU ] 12
w5 0 SRR s, BEBILAS 15 2y 2, D00 AN [] £ JXUR
EBTTET

1) ZE5 5 M KT Tk

w=Hy(x,,%,) (1)
x,=G(x,,w) (2)

3787



3788

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 12,Dec. 2023

BTES Sk

py

Rl Az #
k4

N

Mapping
Network

GANZER)

@ il
ARy )

K3 2R iR gl

Fig. 3 Overall network structure

1

Style = el
\—+ e %M*ﬁﬁiw—w PRk 1h

J 'l =

7

() ZF51FEK

\ @ ) ( ) ‘
Kbl As . — Mapping Hﬁ%mﬁw = mz%&J—
Network
| .

(b) THTES ' E

K4 PIRRXRS RS 7 i
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Fig. 9 Latent-guided synthesis results ((a) original images ;

(b) random male style; (¢) random female style)
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Table 1 Latent-guided synthesis quantitative indicator

TEEAY FID LPIPS
MUNIT 31.4 0.363
DRIT 52.1 0.178
MSGAN 33.1 0.389
StyleGAN 13.4 0.424
StarGAN v2 13.7 0.452
A 12.9 0.544

E RS R 2 5 B A4 2R

FEWAE S| A BUE I AR SR Hh R B AR g A
INENEAR A FE AR, X HE ALY StarGAN v2 1] LAk A5
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TR A D i W T A SRR R B R e
ARSI RS IS B I S5 R o LAk AR SOR R 7
BESCE T AL T StarGAN v2, AE I ] F- 34 4
BT 298%. FRIEDhRZ I BR 5 R 10 firr , Hir
5 LAT R A UG 58 24T AR U B 45 3, 56 3
170 StarGAN v2 W 2515 21| A 25 5%

U &%

AL

StarGAN v2

10 FRAEPR R THBREY

Fig. 10 Remove water droplet artifacts results
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Fig. 11 Reference-guided synthesis results
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Table 2 Reference-guided synthesis quantitative indicator GAN v2 {i 1y Style Encoder Fi e 45 74 4 ResNet [
X FID LPIPS 7% % T UG AR 3o i 4 S SRR IRE . i AR
pix2pix 138.4 0.121 ORISR T FPN R 25 55 - 1 3 BT R4S A 20 T
CyeleGAN 72 0284 REGE , 3 LV P (0 R F 477 43 22 AR B, 0 — A
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ARSI AR ARY AT L o 9 % Style Encoder H?
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Fig. 12 Reference-guided synthesis comparison results

((a) original images; (b) style images;; (¢) DRIT; (d) MSGAN; (e) StarGAN v2; (f) ours)
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Fig. 13 Multi-style intensity test results ((a) 8 =1 (origin); (b) §=2; (¢) §=3; (d) §=4; (e) §=5; (f) § = 6 (target))
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Table 3 Reference-guided synthesis model

optimization and promotion

b

el FID LPIPS
StarGAN v2 13.7 0.452
+FPN 2% 13.9 0.498
-+ fiff A 13.3 0.515
+ UK iR 45 2 12.9 0.544

TE IR R & 5 B A4 2R

2% 3 0, ZE RN FPN 2% 2 I 32T T 84k
BV FID F8 b5 , 3 J2 PR 2R FPN ) 28 B2 %) XU 1]
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Fig. 14 Abnormal face test results

(c) fups:

((a) hair covering; (b) eyeglass; (c) side face)
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