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Fig.2 Flow chart of image style transfer method based on
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Table 1 Comparison of average stylization loss
between method in this paper and different methods
based on CNN

Jrid:

Ghiasi 0.94 2.81 12.51
AdalN 0.91 1.39 11.63
SANet 0.97 2.88 16.18

VNS@IRIN 0.69 1.12 7.31
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Table 2 Comparison of average stylization loss between

method in this paper and methods based on vision
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Table 3 Comparison of average stylization loss under

different ablation settings
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VH R (a) 0.70 1.02 3.15
VHRf(b) 0.64 1.37 471
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FERTTVE 0.69 0.94 3.02
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Dual-channel Vision Transformer Based Image Style Transfer

JI Zongxing, BEI Jia", LIU Runze, REN Tongwei
(State Key Laboratory for Novel Software Technology , Nanjing University, Nanjing 210093, China)

Abstract: Image style transfer (IST) aims to adjust the visual properties of a content image in accordance
with a style image to generate a stylized image with visual appeal, which preserves the original content and
appears specific style patterns. Most existing methods neglect the encoding discrepancies between different image
domains, focusing on extracting local image features while ignoring the importance of global contextual
information. To address this issue, a novel image style transfer method based on dual-channel vision transformer
is proposed, called Bi-Trans, which constructs dedicated encoders for different image domains and extracts
parameter vectors to discretely represent the reference style, calibrating the content image to the target style
domain through cross-attention mechanism and conditional instance normalization. Experimental results
demonstrate that the proposed method is superior to state-of-the-arts in terms of both content retention and style
restoration.

Keywords: Image Style Transfer; Vision Transformer; Arbitrary Stylization; Conditional Instance
Normalization; Attention Mechanism



