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Abstract Image cross-domain transformation, also known as image translation, is a technology that aims to transform
the images of the source domain into the ones of the target domain. Specifically, the converted images have the style
of the target domain images (contour, posture, etc.) while maintaining the structure of the source domain images
(texture, color, etc.). Image cross-domain transformation technology is widely used in the field of vision, such as
photo editing and video special effects production. In recent years, this technology has developed rapidly based on
deep learning, especially the generation of adversarial networks, and achieved impressive results. However, there are
still problems, including the collapse of color mode and the inability to maintain the content structures in the
transformed images. To solve the above problems, we propose an image cross-domain transformation algorithm based
on self-similarity and contrastive learning. The algorithm uses the pre-trained deep neural network model to extract
the content and style features of the images and takes the perceptual loss and the loss based on self-similarity as the
image content loss function. At the same time, a loose optimal transport loss and the moment matching loss are used
as the image style loss function to train the proposed neural network, and the transformed images and the target
domain images are marked as positive sample pairs, and the translated images and the source domain images are
marked as negative samples for contrastive learning. The proposed algorithm is verified by experiments on four data
sets. The results show that the proposed method maintains the content structure of the source domain images,

reduces the mode collapse of color, and makes the style of the translated images more consistent with that of the
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Table 1 Normalized VGG-19 Network Structure
F1 A—H VGG-19 MELEH

MR BREIRST B BOEAA MARIGRST flEG R

Conv0_1 1x1 1 3 3x256%256 3%256%256
Convl_1 3x3 1 1 3x256%256  64x256x256
ReLUI1_1 64x256x256  64x256x256
Convl_2 3x3 1 1 64x256x256  64x256x256
ReLUIl_2 64x256%x256  64x256%256
Pooll 2%2 2 0 64x256x256  64x128x128
Conv2_1 3x3 1 1 64x128x128  128x128x128
ReLU2 1 128x128x128  128x128x128
Conv2_2 3x3 1 1 128x128x128  128x128x128
ReLU2_2 128x128x128  128x128x128
Pool2 2x2 2 0 128x128x128  128%x64%64
Conv3_1 3x3 1 1 128%64x64 256%64x64
ReLU3_1 256%64x64 256%64x64
Conv3_2 3x3 1 1 256x64x64 256x64x64
ReLU3_2 256%64x64 256%64x64
Conv3_3 3x3 1 1 256%64x64 256%64x64
ReLU3_3 256x64x64 256x64x64
Conv3_4 3x3 1 1 256%64x64 256%64x64
ReLU3_4 256%64x64 256%64x64
Pool3 2x2 2 0 256x64x64 256x32x32
Conv4_1 3x3 1 1 256%32x32 512x32%32
ReLU4_1 512x32x32 512x32x32
Conv4_2 3x3 1 1 512%32x%32 512%32x%32
ReLU4_2 512x32%32 512x32%32
Conv4_3 3x3 1 1 512x32x32 512x32x32
ReLU4 3 512%32x%32 512%32x%32
Conv4_4 3x3 1 1 512x32%32 512x32%32
ReLU4_4 512x32x32 512x32x32
Pool4 2x2 2 0 512%32x%32 512x16x16
Conv5_1 3x3 1 1 512x16x16 512x16x16
ReLU5_1 512x16x16 512x16x16
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y =D(F,.). 4

N T AR AR 2 18] B R AT A, AR SR
TEfRI g s e T 2 sk 2E M, W 2 TR,
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Fig.2 Residual block model ZRRLL 2 AERLL 4.
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Table 2 Network Structure of Decoder
F2 fREISRAINELED
o 2k He By BRI RS P HFEAIEL EIPNEEAING IR EAING
Convl 3x3 1 1 512x32x32 512x32x32
ResBlock
Conv2 3x3 1 1 512x32%32 512x32x32
Convl 3x3 1 1 512x32x32 256x32x32
ConvBlock
ReLU 512x32%32 256x32x32
UpBlock Upsample 2x2 256%32x32 256%64x64
Convl 3x3 1 1 256x64x64 256x64x64
ResBlock
Conv2 3x3 1 1 256%64x64 256%64x64
Convl 3x3 1 1 256x64x64 128x64x64
ConvBlock
ReLU 256x64x64 128%x64x64
UpBlock Upsample 2x2 128x64%64 128x128x128
Convl 3x3 1 1 128%x128%128 128x128%128
ConvBlock
ReLU 128x128x128 128x128%128
Convl 3x3 1 1 128%x128%128 64x128x128
ConvBlock
ReLU 128x128%128 64x128%128
UpBlock Upsample 2x2 64x128%128 64x256%256
ConvBlock 3x3 1 1 64x256%256 3x256%256
Table 3 Network Structure of Discriminator
F3 FHISEHI KL
o 2k He [ )2 BRI RN PERE HFEAIE i AR RS it UG RGT
Conv 4x4 2 1 3x256%256 64x128x128
ConvBlock]
LeakyReLU 64x128x128 64x128x128
Conv 4x4 2 1 64x128x128 128x64x64
ConvBlock2
LeakyReLU 128x64x64 128x64x64
Conv 4x4 2 1 128x64x64 256x32x32
ConvBlock3
LeakyReLU 256x32x32 256%32x32
Conv 4x4 2 1 256x32%32 512x16x16
ConvBlock4
LeakyReLU 512x16x16 512x16x16
ConvLayer Conv 1x1 1 0 512x16x16 1x16x16
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Jeth uFys ) Fy 235 A PR GCRF AT 19 44 (R0 B )y
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1 1
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A KER 5, XN T 4, BiX 2 A5k, [F8F4E I 5
By 19 )1 2 B 0 6 0k 4 A G B R B IR 4R B R AR
B Y E A AR B A B ZR AR A2 17 833 sk BT, Ul
AL 2287 5K IEA, B B Il 2R AL 4 17 833 5K
PG, MR 2287 sk 8. MWIT™ 2 — A
cloudy, foggy, rain, snow, sunny iX 5 it 2 5l () 5 9 4
MWI A X 3 Il G5 4R A 4., 20 il 41 5 45 662, 357,
1359, 1252, 70 501 5K 1R, [EER A 73 B A8 5E
HIZBESE A cloudy A rain 11945 0 DL 4> 3%, TR AR
A A R H A sunny, foggy, snow, I MWI [



BAFESE . FET B AL X 27 ST B TR B Bl 45 5 vk

939

90% & F #H 7 I 2542, 10% VE Jy It 4 . & S i
LR A 3 s

) 2
%

R HER ZR
(a) summer2w1nter§5lﬂ§7%

iy /
(b) monethhoto%ﬁE%

z

STIR AR W

snow

- /

(impgEs)  (FEw
ﬁu
s

(c) night2day$i#4E (d) MWIXHESE

Fig.3 Example images of each data set
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Fig. 4 Experimental results of our proposed algorithm on summer2winter and monet2photo
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Fig. 5 Experimental results of our proposed algorithm on night2day and MWI
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Fig. 6 Comparison of experimental results of different algorithms on summer2winter
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Fig. 7 Comparison of experimental results of different algorithms on monet2photo
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Fig. 8 Comparison images of diversity results of different algorithms on summer2winter
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Fig. 9 Comparison images of diversity results of different algorithms on monet2photo
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Table 4 Quantitative Metrics of Different Algorithms on summer2winter
* 4 AFEEELE summer2winter FHIEX ISR

AbdElR ARSI DRIT MUNIT MSGAN

FID| 54.64+1.83 58.22+3.03 60.14+2.10 55.47+1.37
LPIPS? 0.144 7+0.001 7 0.122 5+0.001 6 0.090 9+0.001 0 0.130 3+0.002 1

NDB| 4.95+1.21 5.47+1.34 5.44+0.87 5.16+1.18
JSD|] 0.038 8+0.002 7 0.053 3+0.002 4 0.054 9+0.004 8 0.042 2+0.003 5

T V" FOREUE R INBGE, 17 FR B BT
Table 5 Quantitative Metrics of Different Algorithms on monet2photo
&R 5 AEERTE monet2photo FiFE FRIELIEFR

AR ARSI DRIT MUNIT MSGAN

FID| 84.14+1.73 87.65+2.34 92.66+1.23 85.27+1.55
LPIPS? 0.215 6+0.001 6 0.169 1+0.001 4 0.161 3+0.001 5 0.192 2+0.001 6

NDB| 4.99+1.52 6.23+1.05 6.41+1.77 5.54+1.32
JSD|] 0.046 5+0.006 6 0.057 7+0.002 1 0.058 2+0.003 2 0.051 5+0.001 9
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Fig. 10 Result images of ablation experiment
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