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A Style Transfer Method using Wasserstein Autoencoder
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We propose a image style transfer method based on Wasserstein Autoencoder. Style transfer is an area of image
generation technique that generates an image that shows content taken from one image with a style taken from
another image. While there are extensive researches in this area, most of them requires some ’training’ time to
generate images with specific style. The proposed method does not require training time which trains a network
that can be used for any style and content image. The network encode images into content latent variables and style
latent variables. We can transfer image style by simply replacing style latent variables. We tested the proposed
method with images from CelebA and confirmed that it can generate style transferred images.
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