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Abstract This paper studies classification models based on generative adversarial networks with
mutual information regularization. Traditional machine learning methods rely on a large number of
labeled datasets, which are scarce in practice, to train the model and can easily overfit to spurious
correlations in the data; while generating adversarial networks can be trained in an unsupervised
manner. In addition, mutual information constraint allows the model to generate data of a specified
category, which can be used to expand the data set. This paper proposes the InfoCatGAN and C-
InfoGAN classification models. The former adds the mutual information term to CatGAN model in
order to generate images of higher visual fidelity; the latter uses the InfoGAN model for
classification, which can ensure the quality of the generated images and provide a mentionable

classification accuracy. Additionally, both two models can control the category of generated images

* 2K A SRPHE R4 (61901267 ) AL IE TV A A 3141 (18PJ1408500) %t Bl
+ BA51E# , E-mail ; hubb@shanghaitech. edu. cn



552 R R AR

39 %

through latent variables, which has a certain significance for data augmentation. Moreover, after

adding a small amount of label information, the accuracy of the model can be improved.
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Fig. 1 The impact of variations of latent codes
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