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Abstract Generative adversarial networks (GANs) adversarially trains generative and discriminative models. And this is
how to generate a nonexistent image. Common GANs use only a single generative model or discriminant model, and are
considered to be unable to maximize their performance. On the other hand, in the image classification problem, it is known that
the recognition accuracy is improved by collaborative learning in which knowledge transfer is performed among a plurality of
neural networks. Therefore, in this research, we propose a method that uses multiple generative models and one discriminant
model to perform collaborative learning while transferring information in each generative model. Experimental results show
that the quality of images generated by the proposed method was improved.
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