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A Proposal of a loss function of GAN to generate various images
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We propose a new loss function based on variance of generated images that we introduce to GAN(Generative
Adversarial Networks). Recent image-generation methods adopt a neural-network based generative model. Auto-
generators of illustrations can contribute to assist creative activities and entertainment. This paper focuses on
supression of collapse and its benefit to GAN training. Using our new technique, we attempted to generate various

images of illustrations.
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