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Generative Image Inpainting with Attention Propagation

CAO Cheng-Rui' LIU Wei-Rong! SHI Chang-Hong! ZHANG Hao-Chen'

Abstract There are disordered structures and blurred detail textures in most existing image inpainting methods, because the inpainting
network cannot make full use of the information in the non-damaged regions to infer the contents of the damaged regions during
reconstructing process. To address the issues, an image inpainting network driven by multi-scale attention propagation is proposed in this
paper. Firstly, the high-level features extracted from the full-resolution images are compressed into multi-scale compact features, and
then the compact features are driven to perform multi-scale attention feature propagation in order of scale size. As a result, the high-level
features including structures and details are fully propagated in the network. In order to realize fine-grained image inpainting, a compound
granularity discriminator is proposed to constrain image inpainting process with global semantic constraints and non-specific local dense
constraints. A large number of experimental results show that the proposed method can restore higher quality inpainting results.

Key words Attention propagation, feature compression, compound granularity discriminator, image inpainting
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Fig.3 Multi-scale attention propagation driven autoencoder
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Fig4 The framework of multistage attention propagation network
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Fig. 9 Results with/without attention propagation
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