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Decoupling of Variational Autoencoder Based on
Generative Adversarial Network

ZHANG Xiankun, ZHAO Yating, DING Wenqiang, ZHANG Yiying
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Deep generative models learn latent factors from observational data, and then generate targets through latent fac-
tors, which have received extensive attention in the field of artificial intelligence. The latent factors learned by the existing
deep generative models are often coupled, and each dimension of the latent factors cannot control different characteristics of
the obtained data, that is, it is impossible to change a certain characteristic independently without affecting other characteris-
tics. Therefore, beta-variational autoencoder (3-VAE) based on generative adversarial network (-GVAE) is proposed based
on B-VAE and combined with generative adversarial networks (GAN) . This model is an improved S-VAE, which promotes
the decoupling of the model by introducing a generative adversarial network to constrain the KL divergence of the loss func-
tion in f-VAE. By designing comparative experiments on three datasets, CelebA, 3D Chairs and dSprites, it is proved that -
GVAE not only has better decoupled representation, but also the generated images has better visual effects.
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Fig.1 Variational autoencoder model
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Fig. 2 Structure diagram of GAN network model
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Tab.1 Hyperparameter selection
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Tab.2 Experimental comparison of quantiative results
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Fig.4 Comparison of reconstruction errors between dif-
ferent models
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Fig. 5 Comparison of KL divergence among different
models
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Fig. 6 Results of generated images on the CelebA dataset using different models
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Fig. 7 Results of generated images on the dSprites dataset using different models
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