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Generative Adversarial Network [Goodfellow2014]
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A. Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, In ICLR, 2016



Generative Adversarial Network [Goodfellow2014]
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C. Ledig et al., Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network, In CVPR, 2017




DCGAN®D=EE [Radford2016]
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A. Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, In ICLR, 2016



JIXEFDCGANMBRIIRDN ? [Ulyanov2018]
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D. Ulyanov et al., Deep Image Prior, In CVPR, 2018



Spectral Normalization (a.k.a. SNGAN) [Miyato2018] '
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T. Miyato et al,, Spectral Normalization for Generative Adversarial Networks, In ICLR, 2018
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SelfAttention-GAN [Zhang2018]
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H. Zhang et al., Self-Attention Generative Adversarial Networks, arXiv, 2018
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ProgressiveGAN [Karras2018]
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T. Karras et al., Progressive Growing of GANs for Improved Quality, Stability, and Variation, In ICLR, 2018
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BigGAN [Brock2018]
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256 64 81.5 SA-GAN Baseline 1000 18.65 52.52
512 | 64 815 X X X 1000 15.30 58.77(X1.18)
1024 | 64 | 815 X X X 1000 14.88 63.03(£1.42)
2048 64 81.5 X X X 732 12.39 76.85(+3.83)
2048 | 96 | 1735 X X X | 205(X18) | 9.54(X0.62) | 92.98(14.27)
2048 | 96 | 160.6 7 X X [ 185(£11) | 9.18(%0.13) | 94.94(¥1.32)
2048 | 96 | 1583 7 7 X | 152(E7) | 8.73(X0.45) | 98.76(£2.84)
2048 | 96 | 1583 7 7 7 [ 165(£13) | 8.51(£0.32) | 99.31(£2.10)
2048 | 64 | 713 7 7 |7 | 371(x7) | 10.48(£0.10) | 86.90(£0.61)

A. Brock et al., Large Scale GAN Training for High Fidelity Natural Image Synthesis, arXiv, 2018



A. Brock et al., Large Scale GAN Training for High Fidelity Natural Image Synthesis, arXiv, 2018
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P. Isola et al., Image-to-Image Translation with Conditional Adversarial Networks, In CVPR, 2017
J. Zhu et al.,, Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, In ICCV, 2017
N. S. Keskar et al., On Large-Batch Training for Deep Learning: Generalization Gap and Sharp Minima, In ICLR, 2017
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T. Wang et al., Video-to-Video Synthesis, arXiv, 2018



Scene Dynamics (a.k.a. VGAN) [Vondrick2016]
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C. Vondrick et al., Generating Videos with Scene Dynamics, In NIPS, 2016
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Scene Dynamics (a.k.a. VGAN) [Vondrick2016]
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T. Wang et al,, Video-to-Video Synthesis, arXiv, 2018 20
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Temporal GAN [Saito & Matsumoto2017/]
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M.Saito et al., Temporal Generative Adversarial Nets with Singular Value Clipping, In ICCV, 2017



Temporal GAN [Saito & Matsumoto2017/]
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M.Saito et al., Temporal Generative Adversarial Nets with Singular Value Clipping, In ICCV, 2017
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C. Vondrick et al., Generating Videos with Scene Dynamics, In NIPS, 2016
30



DiscriminatormME15 9 dRNEPFRIF & (L ?
o [KYISULET] OREZES>IEBERRICAHIETERM O
- Discriminatord® X 17 (I ABIDOERKE (IERD

31



e

= ED

e DCGAN, SNGAN, SA-GAN, BigGANDZZE(IC DL THERIT

o —AT, LDTHIRRAAZTEDFD SFRLITDOTLRLY

- DELVHWRWEBO—DI(CHIEAT OY DRI DAREN DD
- INWFBAXZIEPLT T ETEDMC(FREBEND Z EHEATF

- FRNEBHBITR, H3VEARBETILENENCFRTS
DT HEN YT
o CDISBFHNFERENT DO DEIFULDFR

32



	コンピュータビジョンにおける無教師学習の進展とその課題
	自己紹介 & 会社紹介
	やはりメディア表現と画像という話でGANは避けられない�
	やはりメディア表現と画像という話でGANは避けられない�
	全体の流れ
	無教師学習の進展�(主にビジョン方面から)
	(ビジョン分野での) 無教師学習の主観的勢力図
	Generative Adversarial Network [Goodfellow2014]
	Generative Adversarial Network [Goodfellow2014]
	DCGANの台頭 [Radford2016]
	なぜDCGANが有効なのか？ [Ulyanov2018]
	Spectral Normalization (a.k.a. SNGAN) [Miyato2018]
	SelfAttention-GAN [Zhang2018]
	ProgressiveGAN [Karras2018]
	BigGAN [Brock2018]
	BigGAN [Brock2018]
	バッチサイズの不思議 (Pix2Pix, CycleGAN)
	動画問題への応用
	Scene Dynamics (a.k.a. VGAN) [Vondrick2016]
	Scene Dynamics (a.k.a. VGAN) [Vondrick2016]
	Temporal GAN [Saito & Matsumoto2017]
	Temporal GAN [Saito & Matsumoto2017]
	現状のまとめ
	無教師学習のこれからの進展
	モード崩壊の問題
	モード崩壊の問題: 画像生成の観点から
	モード崩壊の問題: 動画生成の観点から(1)
	モード崩壊の問題: 動画生成の観点から(2)
	学習不安定性の問題
	Discriminatorが獲得する内部表現とは？
	Discriminatorが獲得する内部表現とは？
	まとめ

