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LIN Zhikun®, XU Jianlong"”, BAO Xiao'an"
(a. School of Information Science and Engineering; b. School of Computer Science and Technology,
Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Face attribute editing technology has important applications in beauty APPs and
entertainment fields. However, the existing methods still have problems such as low-quality and
inaccurate editing. To this end., an improved face editing model based on selective transfer generative
adversarial networks (STGAN) was proposed. Using the idea of latent code decoupling, the latent code
was decomposed into the content latent code and the style latent code, which improved the content-coding
consistency of the source domain image and the target domain image, thereby improving the accuracy of
attribute editing. In the meanwhile, we used pixel-level reconstruction loss and latent code reconstruction
loss, and added pixel-level restrictions and latent code reconstruction restrictions to the total loss function,
improving the quality of generated images through complementary effects. Experiments were carried out
on the CelebA face dataset and seasonal dataset. Compared with the current mainstream model of face

attribute editing, this model has improved both qualitative results and quantitative indicators. Compared
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with the STGAN model, the peak signal-to-noise ratio and structural similarity index of this model are

improved by 6.06% and 1.58%, respectively. This shows that the improved model can effectively

improve the performance of face attribute editing and meet the needs of beauty apps and entertainment

fields.

Key words: generative adversarial networks;
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