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Lightweight Network for Multi-Attribute Style Image
Generation Based on StarGAN

SUN Zhiwei, ZENG Lingxian, MA Yongjun
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: The generation countermeasure network has been widely used in image-to-image translation tasks,in which
multi-attribute transformation has been studied and applied increasingly. However, the existing network architecture has
many parameters and complex models, requiring high computing and storage costs;the traditional network compression
technology mainly focuses on visual recognition tasks, and rarely implements the compression of generated tasks. Therefore,
in this article we propose a method stuStarGAN to train the student network with fewer parameters by learning the low-level
and high-level features of StarGAN. In our proposed method, first, we distill the generator with knowledge distillation, and
design the student discriminator so that the teacher discriminator distills the student discriminator;then in the student net-
work design, skip-connection is used to provide cross module feature fusion;second, the content loss function is added to
keep the consistency of the content information between the generated image and the original image; finally, depth separable
convolution is used to further reduce the number of parameters and improve the quality of image generation. The experimen-
tal results on benchmark datasets showed that the model could generate multi-attribute style images with fewer parameters
without reducing the generation quality , making it easy to transplant to various application scenarios.
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Fig.1 Diagram of distillation network
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Fig.2 Diagram of depth separable convolution
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Fig. 3 Diagram of content loss and style loss
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Fig. 4 Diagram of whole distillation network module
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FIRUTE CelebA Kdlafle 1 ibAT 2 J@ 1L XURS K115 4
PRI TP 8 R

3k B4R

FLE Y
B8 ZEMMNETEE

Fig. 8 Diagram of change of multi attributes

FUHBLEEHB $39% 1

K8 e 1 FORIE IR, 55 2 S0k kg,
PRSI, 56 3 AelAs T Sk R B DL AR I P&
P g5 03 B A AR RE X BIMG AT R A 2 R
el
3.4 HBLSELG

R TR AR A R TR R AL Z SR AT AR R AR LT
(A PGt , A SC LA 0 I 25 Ay JE AR TR S A 1 gl S
5, TEVET s B PEAL & IMsE B a2k R Ao HERE Y
o, 25 R 1, Hrp U FORMTH U-net 1y sk1p
connection, CL F /Rl NI, DP Fonk i
G R R 3 B H, DL RR7% %’iﬁk%%ﬂ
B A 6 ) i e 25 I O o

R 1 7E CelebA HIELE E REIZERAIITLL

Tab.1 Comparison of different modules on CelebA

TR PSNR  SSIM Z¥{i/MB GFLOPs  FID
StarGAN 22324  0.878 8.43 223 40438
+KD 21.943  0.867 3.12 131 43.132
+U 22.714  0.886 3.12 131 39.093
+DL 22.753  0.885 3.12 131 38256
+CL 22712 0.887 3.12 131 37.543
4+DP 22.821  0.884 1.55 031  37.923
ASCER 22.853  0.885 1.55 031  36.112

TER 19,5 1 ATABUTME, KD FRAHZE
I, 5 2 17 + KD Foorm JUF 245 051 T AR 813 0
GE0L, VUG R — A T8 S A0 18 1 At b e — 25 ik
ARG WSS 3 ATRAESS 2 ATIISERE R A skip-
connection, FLELHS 1 17HI5E 2 17, HXF StarGAN 7%
TR, BT AR 0 S RN SRR (IERE RN T R B
2 LS HE(d F skip-connection Z JERURA S, %
AR i 205 BRI L R4S T 2Rt

FLACER 3 ATRI5 4 17, Horh DL R4 5]
AR B ZE IR, a2 T LA 8O A 2 A 5]
a i S ELARE SR AR MR v A
A i DL S S8 12225 AR IUR .

5% 5 ATTERTTAIEAR FoR NS, SSIM. i#E—
A, UL AR B EMRAR I AR B T R MR A 2540 1
S, 1M PSNR AHESS 4 17 B TR 4 HL R R 32
BAETFEIANEIRSG, I T IRIERG EIRG5HE R
AR HE S EMGAE LR T 5 | AN | (15 ER AR 5
o FR#, B PSNR F#AIC. 27 6 17 4 + DP J&487E56 4 17
AL ES I DP, 45538 CL #5252 I PSNR
Sh5, SRMSIA DP ZJ5 PSNR £ B RiE7}, HE
SSIM FHESS 4 1A PR LSS 4 1rRliRE —
17, AR SSIM A UEVTREAL, (AR IREE AT 43 245 1
RIS T P45 S Ecm AT, AR T T 2 AR



2024 42 A

INEAE, . T StarGAN WY 22 Jm PE XU UG A it it AL I 2% © 63 -

) FID, [HI, A4l PSNR Al SSIM A7 BEi/F 480 A K
FID #2242 S 0L, A SRR T SEE fi T
/DRI N B S Y stuStarGAN BERY 2 5 41 3%
SBGE BB AR SR B/ s S, AR
RUBSERRAG T P45 R

1 P RuREAE RS, B oA B R
FEVIGRIY B AR A, feet Ha il & Ak e
3.5 XfEbcie

W ARV EVETE CelebA LK Fer2013 M/NEdide
HEA T HL AR, S5 2 RNk 3.

R 2 TEEETE CelebA $IEE FHIMAELLER
Tab.2 Comparison of different methods on CelebA

A SSIM FID ZHE/MB
pix2pix!"! 0.767 39.7 54.4x 10
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A S 0.885 36.1 28.4
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