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Arbitrary Image Style Transfer with Consistent Semantic Style

YAN Mingqiang, YU Pengfei, LI Haiyan and L.LI Hongsong

School of Information, Yunnan University , Kunming 650000, China

Abstract The goal of image style transfer is to synthesize an output image by transferring the style of the target image to a given
content image. There are a large number of image style transfer works,but the stylization results ignore the manifold distribution
of different semantic regions of the content image. At the same time.,most methods use global statistics(for example, Gram matrix
or covariance matrix) to achieve the matching of style feature to content feature. There are inevitable issues of content loss,style
leakage,and the presence of artifacts. resulting in inconsistent stylized results. Aiming at the above problems,a self-attention
mechanism-based progressive manifold feature mapping module (MFMM-AM) is proposed to coordinately match features be-
tween related content and style manifolds. Exact histogram matching(EHM) is applied to achieve higher-order distribution ma-
tching of style and content feature maps,reducing the loss of image information. Finally, two contrastive losses are introduced to
learn human beings using the external information of large-scale style datasets perceived style information that makes the color
distribution and texture patterns of stylized images more reasonable. Experimental results show that,compared with the existing
typical arbitrary image style transfer methods, the proposed network greatly bridges the gap between human-created artworks and
Al-created artworks,and can generate visually more harmonious and satisfying artistic images.

Keywords Image style transfer, Manifold distribution, Self-attention mechanism, Feature mapping, Higher-order distribution
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Fig. 3 Manifold feature mapping module based on self-attention mechanism
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Fig.4 Encoder-Decoder style transfer network feature transmission
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(EDM) based on attention mechanism on stylized results
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Fig. 7 Comparison of stylized images with other style transfer methods
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Table 1 Comparison of quantitative indicators between different
style transfer methods

Method Time/s SSIM PSNR LPIPS
Gayts 150. 32 0. 34 9.14 0.31
AdalN 2.33 0.27 10.07 0.27
WCT 3.98 0.18 8.67 0.25
LST 1.74 0.24 8.96 0.24
ArtFlow 2.45 0.33 10.9 0.23
AdaAttN 1.68 0.31 11.1 0.21
CCPL 1. 89 0.28 11.7 0.23
CAST 2.77 0.36 12.4 0.24
Ours 1.66 0.29 13.9 0.21
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Fig.8 User preference survey for different style transfer methods
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