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Abstract

In recent years, with the extensive research of deep learning algorithms, convolutional neural
networks for supervised learning have made huge breakthroughs in computer vision applications.
However, in terms of unsupervised learning, the attention of convolutional neural networks is not
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high. This paper adds deep convolution to the unsupervised learning generative confrontation
network to generate Chinese faces. On the one hand, generating a confrontation network can re-
duce complicated calculations, and on the other hand, the quality of the generated images is also
ideal. By using 15,000 Chinese face data sets, this paper finally generates diverse Chinese face
photos. The final discriminator loss function fluctuates around 0.695, and the generator loss func-
tion fluctuates around 0.74.
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Figure 1. Relation diagram of face generation and analysis
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Figure 2. Generate a confrontation network structure diagram
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Figure 3. Transposed convolution graph 1
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Figure 4. Transposed convolution graph 2
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Figure 5. DCGAN network structure diagram
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Figure 6. Generator loss function graph
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Figure 7. Discriminator loss function graph
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Figure 8. Figure 1 of face generation results
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Figure 9. Figure 2 of face generation results
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