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Abstract

This paper builds a dance video generation system using a generative adversarial network, which can in-
put a single image and a target dance video to make the people in the photo dance. The system mainly adopts
human posture transfer technique and facial posture transfer technique to allow the computer to generate an
image of a person that matches the target poses. Also, image inpainting technique repairs the holes in the pic-
ture caused by the characters being cut out from the background. In addition, the system uses a multi-scale re-
gion extractor to capture body features and incorporates region style loss into the loss function. For face pose
transfer, a progressive face angle transformation framework is adopted and a mask discriminator is added to
improve the quality of the generated image. Finally, for the color shift problem during the inpainting process,
the system uses the perceptual color loss function based on the CIEDE2000 color difference formula to han-
dle the problem, so that the inpainting results match human visual perception better.

Keywords: artificial intelligence, generative adversarial network, generative model, pose transfer, image in-
painting
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(Ma, Jia, Sun, Schiele, Tuytelaars, and Van Gool, 2017; Ma, Sun, Georgoulis, Van Gool, Schiele,
and Fritz, 2018; Neverova, Alp Giiler, and Kokkinos, 2018; Siarohin, Sangineto, Lathuiliére, and
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