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[Abstract]

Generative adversarial network (GAN), a generative model currently used in various fields, has a fundamental problem of low
learning stability, and substantial research has been conducted to overcome this problem. However, there is no perfect solution yet
and research on improving learning stability is ongoing. The proposed method in this study aims to improve the learning stability
by introducing the concept of multiple latent vectors into the generative network of GANs. To measure the performance of the
proposed method, the results were compared with those of GAN without multiple latent vectors on the CIFAR-10, FashionMNIST,
and MNIST datasets. Experimental results using Vanilla GAN and Deep Convolutional GAN showed that the learning stability of
GAN applying multiple latent vectors increased by an average of about 68% and a maximum of 426%. In most indexes, except

Recall and FID, the quality of images generated by the proposed method improved.
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