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Conditional Generative Adversarial Capsule Networks

KONG Rui®? HUANG Gang?

Abstract Generative adversarial networks (GAN) is one of the main methods of learning deep generative models in
an unsupervised fashion. The generative modeling method based on a network of differential generators is the hottest
research field, but due to the complexity of the real sample distribution, the GAN has many problems in the stability of
training process and the quality of generation. In the field of generative modeling, the exploration of network structure is
an important research direction. And in this paper, we use the capsule networks (CapsNets) to reconstruct the structure
of GAN, and the loss function based on Earth-mover distance proposed in Wasserstein GAN (WGAN) is used in the
training process, and then we add the conditional constraints to stabilize the model generation process. According to
the above, a conditional generative adversarial capsule networks (C-CapsGAN) is established. The results of multiple
simulation experiments on the MINIST and CIFAR-10 datasets show that it is feasible to apply the CapsNets to the
generative modeling field. Besides, compared with the existing similar model, C-CapsGAN can not only stably produce

high-quality images in the image generation task, but also inhibit the occurrence of pattern collapse more effectively.
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