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Tab. 1 Evaluation results of objective metrics for different image style transfer models

dog—>cat winter—>summer photo—>vangogh zebra—>horse
T
FID KIDX 100 FID KIDX 100 FID KIDX 100 FID KIDX 100
MUNIT! 2 53.25 1.26 99.14 4.66 130.55 4.50 193.43 7.25
UNITL 59.56 1.94 95.93 4.63 136.80 5.17 170.76 6.30
CycleGANL™ 119.32 4.93 79.58 1.36 136.97 4.75 156.19 5.54
U-GAT-I1T-light"?] 80.75 3.22 80.33 1.82 137.70 6.03 145.47 3.39
NICE-GAN! 48.79 1.50 76.44 1.22 122.27 3.71 149.48 4.29
Ours 41.67 0.86 70.99 0.86 122.31 4.23 128.20 2.34
cat—>dog summer—>winter vangogh—photo horse—>zebra
H
FID KIDX 100 FID KIDX 100 FID KIDX 100 FID KIDX 100
MUNIT! 2! 60.84 2.42 114.08 5.27 138.86 6.19 128.70 6.92
UNITE2! 63.78 1.94 112.07 5.36 143.96 7.44 131.04 7.19
CycleGANL7 125.30 6.93 78.76 0.78 135.01 4.71 95.98 3.24
U-GAT-1T-light[?] 64.36 2.49 88.41 1.43 123.57 4.91 113.44 5.13
NICE-GAN! 44.67 1.20 76.03 0.67 112.00 2.79 65.93 2.09
Ours 37.01 0.56 76.57 0.96 95.03 2.38 79.47 2.11
F 2 HEM4FEI LR BRBTERT
Tab. 2 Add the feature comparison module before and after comparison
GrEH UGS Ir ik FID KID Iy CLEITES iR FID KID
AR X AR B FREIE XS LA
S — cat—>dog 44,67 1.20 i cat—>dog N/ 37.01 0.56
dog—>cat 48.79 1.50 dog—cat N 41.67 0.86
winter—>summer 76.44 1.22 winter—>summer N 70.99 0.86
summer—>winter 76.03 0.67 summer—>winter N 76.57 0.96
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Research on image style transformation of cyclic generation adversarial
network based on feature contrast

Yan Juan®, Kang Pengshuai”, Wang Shibin"®, Mei Xueshu”, Li Yan®, Liu Dong"

(a. Information Construction and Management Office; b. School of Computer and Information Engineering; c. Key Lab of "Artificial

Intelligence and Personalized Learning in Education" in Henan Province, Henan Normal University, Xinxiang 453007, China)

Abstract: The unsupervised image-to-image translation task is to learn the transformation of source domain images to
target domain images in the case of unpaired training data. However, the image style conversion task still faces phenomena such
as image content loss and model collapse. In order to solve the above problems, we propose a local feature comparison to pre-
serve image content, and obtain multi-layer image deep features through a feature extractor, allowing the image encoder to
learn high-level semantic information and obtain more informative image features. At the same time. local feature contrast loss
is added to guide the feature extractor to learn features that are beneficial to image content generation. Experimental results
show that in most cases, our method outperforms previous methods in terms of FID and KID scores, and the quality of image
generation is improved to a certain extent.

Keywords: feature comparison; image style conversion; contrast loss
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