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Information Distillation Generative Adversarial Net Based on
Supervised Contrastive Regularization
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Abstract: For generative adversarial net (GAN) , traditional methods mainly maximize disentangling the latent presentation
based on the mutual information between the disentangled representation and the generated data, but rarely analyze the inde-
pendence among dimensions of the latent vector. In this article, we propose an information distillation generative adversarial
net based on supervised contrastive regularization (IDGAN-SC) . The IDGAN-SC model firstly learns disentangled represen-
tation space through training f-VAE, which enforces strong correlation between the disentangled representation space and the
generative model. Then, the model constructs the disentangled structure by maximizing the mutual information between the
disentangled latent vectors and the generated data. Furthermore, the model utilizes the contrastive classification information
of the supervised contrastive regularization to enhance the independence between dimensions of the latent vectors. In our
present study, we conducted quantitative and qualitative experiments on the dSprites, MNIST, and CelebA datasets. Experi-
ments showed that IDGAN-SC significantly outperformed current disentanglement methods based on the disentanglement
metrics.
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Tab.2 Ablation experiment settings of supervised con-
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