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[Abstract]

Image-image translation is a technology that creates a target image through input images, and has recently
shown high performance in creating a more realistic image by utilizing GAN, which is a non-map learning
structure. Therefore, there are various studies on image-to-image translation using GAN. At this point, most
image-to-image translations basically target one attribute translation. But the data used and obtainable in real life
consist of a variety of features that are hard to explain with one feature. Therefore, if you aim to change
multiple attributes that can divide the image creation process by attributes to take advantage of the various
attributes, you will be able to play a better role in image-to-image translation. In this paper, we propose Multi
CycleGAN, a dual attribute transformation structure, by utilizing CycleGAN, which showed high performance
among image-image translation structures using GAN. This structure implements a dual transformation structure
in which three domains conduct two-way learning to learn about the two properties of an input domain.
Experiments have shown that images through the new structure maintain the properties of the input area and
show high performance with the target properties applied. Using this structure, it is possible to create more

diverse images in the future, so we can expect to utilize image generation in more diverse areas.

» Key words: image to image translation, GAN, Multi attribute translation, CycleGAN
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I. Introduction
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II. Related works
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V. Conclusions
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