Parallel Multi-Resolution Fusion Network for Image Inpainting
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⮚ Challenges:
• Most deep image inpainting methods are based on auto-encoder
architecture, in which the spatial details of images will be lost in the
down-sampling process, leading to the degradation of generated
results.
• Texture information and structure information can not be well
integrated into a serial conventional inpainting network like autoencoder.
⮚ Our Contributions:
• This is the first work to introduce parallel multi-resolution
network architecture into image inpainting, which is able to maintain
high-resolution inpainting in the whole process and generate
promising texture patterns for the inpainted images.
• Built on parallel multi-resolution network architecture, we propose
novel mask-aware representation fusion and attention-guided
representation fusion, which can fuse the low- and high-resolution
representations more effectively.
• Extensive experiments validate that our method can produce
more reasonable and fine-detailed results than other state-of-theart methods.
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Figure 2. Illustration of common priority and resolution-specific priority.
• The mask and feature update mechanism based on Inpainting Priority:
Step 1: Mask update
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The calculate of the pixel 𝑥 priority 𝑞:
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Common priority term sum(𝑴𝒑 ): the more confidently the pixel can be
inpainted with more valid surrounding pixels.
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High-resolution priority (𝑙 = 1,2,3):
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Step 2: Feature update
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Figure 1. The architecture of Parallel Multi-Resolution Network.
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Figure 3. The qualitative comparison on Places2.

