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Abstract

In recent years, several researches have been carried out around the techniques of human image
synthesis, and pose transfer is one of them. The guidance of pose information as conditional input
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has limitations, and it is difficult to generate models to handle complex character appearance fea-
tures during perspective transformation. The attention mechanism can effectively extract the im-
portant parts of the image, learn the pose correlation step by step by through the short skip con-
nections embedding the residual blocks for feature extraction into the residual attention module,
select spatial pixels adaptively making full use of the global spatial information in the pose trans-
formation process, improve the representational capability of the generative network and gener-
ate high-quality person images with target pose. The effectiveness of the proposed algorithm is
verified by testing on a multi-category large clothing dataset DeepFashion.
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Figure 1. OpenPose bipartite matching
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Figure 2. Attention mechanism
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Figure 3. Nested residual attention module
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