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PZ
 : Multi Style Transfer[3]
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Related work ñ : ACGAN[2] [ICML2017]
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Related work ð : CycleGAN[1] [ICCV2017]
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PZ: Cycle Consistency Loss
to push F(G(X)) ≈ X (and vice versa)
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Related work ï : pix2pix [CVPR2017]
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PZ: Auxiliary Classifier Loss
to make high quality image 
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Neural Style Transfer[Gatys+ CVPR2016]

¼¬@|�#'55¡Æ@§¹
¥�±�"¬�¤�².§*��
GPU,zª Qh�j|��[

Fast Style Transfer[Johnson+ ECCV2016]
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conditional CycleGAN vs Multi Style Transfer[3]
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堀田 大地，丹野良介，下田和，柳井啓司

大量のTwitter上の画像を用いた 
Conditional Cycle GAN を用いた食事画像カテゴリ変換

実験 : 画像枚数の違いによるクオリティへの影響結果 

Input Input1 10 23 1 10 23(万枚) 1 10 23 1 10 23(万枚)

[結果]   画像枚数が多いほうが綺麗に変換ができた


