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[Abstract]

In this paper, we propose a novel generator architecture for multi-domain style transfer method not
an image to image translation, as a method of generating a styled image by transfering a style to the
content image. A latent vector and Gaussian noises are added to the generator of GAN so that a high
quality image is generated while considering the characteristics of various data distributions for each
domain and preserving the features of the content data. With the generator architecture of the proposed
GAN, networks are configured and presented so that the content image can learmn the styles for each
domain well, and it is applied to the domain composed of images of the four seasons to show the

high resolution style transfer results.
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I. Introduction

TH= OJUjX]E TS OJujX|9] AEYZ EFHA
(translation, transfer)sl= @2id 7|¥HSo] 52 @&
UHS o [1-4]. QIXF2 Al 02 o|u]x|e] AE}
Y % oJufx] Yio] FEE QAsH= Aol 7HsSHAITE 71A|
7t FE0R Ah QAE 77 she A2 UhE ol
WA|GE. g o]ulx|e] FRIXE HESIHA T o[ulA|
o] ARtU=E U5l AU EfiAD A2 22 A
ojt]x|of] ABIU(E]O, £F, ¢ )= EATIE A+
oAl Hold Aats B 9ot [3-4].
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II. Related Works

1. Style transfer methods

ARY 2 ZRI= o]ulR|QF ABFY ou]X|7F oiR
= o, oJujR|9] £ FH= ZRI= oJujA]| 2 FA|EAL 1
SJofl A6} ofulAle] ARfIS ol e W) 2} B
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2. latent vector for style transfer

o|u]x] A3/de] =M A} HE{(latent vector)o]Tt.
o] Al WE = HE WS SEFXAA A=t AY
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2.1 Latent Vector

VAE(Variational Autoencoder)oflA] 4= djo|gj7}
S0le% 133 S AM d=H #A(compressed
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2.2 Latent Space
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3. Normalization for style transfer
3.1 Adaptive instance normalization
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3.3 Instance Normalization
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III. A Proposed Style Transfer Model
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(disentanglement)> o]0]x] A =ojlA] HAf F31o]
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L As] o ou]x| 2 Hete]= o] Hojx|A| &= 7o
of. 722]al GANE she] AA|Yof|xe] shte] ojnx]d}
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Fig. 1. A Modified Generator for style transfer

Lo =E, ,[logD,(2)]+E, ; [log(1—D;(G(z,5))] (10)
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2. A Proposed Style Transfer Model
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IV. Experiment Result
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Fig. 2. Four Seasons Datasets
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Fig. 3. (b) Styled images
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V. Conclusions
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