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Multi-style Fast Style Transfer Network
with Linear-weighting Style Fusion and Spatial Style Fusion
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In 2015, Gatys et al. proposed an algorithm on neural artistic style transfer using Convolutional Neural Net-
work(CNN). This method enables us to modify the style of an image keeping the content of the image easily.
However, since the method proposed by Gatys et al. required forward and backward computation many times, the
processing time tends to become longer even using GPU. Then, several methods using only feed-forward computa-
tion of CNN to realize style transfer have been proposed so far. One of them is the method proposed by Johnson et
al. They proposed perceptual loss functions to train the ConvDeconvNetwork as a feed-forward style transfer net-
work. However, the ConvDeconvNetwork trained by their method can treat only one fixed style. If transferring ten
kinds of styles, we have to train ten different ConvDeconvNetwork independently. Then, we propose a multi-style
feed-forward network which can transfer not only one of the multiple trained styles but also their mixture.
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