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Generative Adversarial Network(GAN) is often used in the field of image generation. This method is able to
generate more photo-realistic images than other methods. As GAN’s disadvantage, it is necessary to manually
check that each element of latent variable vector used in GAN’s input correspond to which part of the generated
image. Also, in the feald of image processing, there are many ways to combine different images. However, the
output image becomes an artifact and no results have been obtained. In this study, each element of two latent
variable vectors, which mapped two different input images, is automatically clarified, and we aim to build a method
to fuse as specified by combining those elements. The generated image which was obtained from the proposed
method contained the feature of the input image. However, the proposed method can be specified more detail
than GAN, but it is a future task because it is not possible to specify in detail the parts related to the shapes of

people and objects in the image.
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