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Variational Autoencoder Model Based on Adversarial Strategy

CHEN Yarui, WANG Haonan, ZHANG Zhihui, YANG Jianning, DING Wengqiang
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Deep generative models combine generative models and multilayer neural networks, and they are widely used in
computer vision, target detection and data dimensionality reduction. Variational autoencoder is an important deep generative
model. Modeling the generative model and the variational approximate distribution of the posterior probability distribution
through a multilayer neural network can obtain the lower bound of the variation of the objective function. Variational autoen-
coder has attracted the attention of researchers with its explicit generative model modeling and quantitative lower bound rep-
resentation. However, due to the limited representation ability of the inference model in the variational autoencoder, the fine-
ness of the generated image is not high. Therefore, in this paper we propose a variational autoencoder model based on adver-
sarial strategy. The model adds random noise to the inference model of the variational autoencoder to improve the representa-
tion ability of the inference model. At the same time, the adversarial network is introduced to increase the aggregation regu-
larization constraint for further training inference model. The experimental results on MNIST and Fashion-MNIST datasets
show that the model can obtain better variational lower bound of the variational likelihood under given parameters, and the
effect of image generation is also improved.
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