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A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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JY. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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Pictures: A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
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Pictures: A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
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I. Goodfellow., “NIPS 2016 Tutorial: Generative Aversarial Networks,” NIPS 2016.
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I. Goodfellow., “NIPS 2016 Tutorial: Generative Aversarial Networks,” NIPS 2016.
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A. van den Oord et al., “Pixel Recurrent Neural Networks,” ICML 2016.
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A. van den Oord et al., “WaveNet: A Generative Model for Raw Audio,” arXiv 2016.
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A. van den Oord et al., “WaveNet: A Generative Model for Raw Audio,” arXiv 2016.
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I. Goodfellow., “NIPS 2016 Tutorial: Generative Aversarial Networks,” NIPS 2016.
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L. Dinh et al., “NICE: Non-linear Independent Components Estimation,” ICLR 2015.
L. Dinh et al., “Density estimation using Real NVP” ICLR 2017.
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D. P. Kingma & P. Dhariwal, “Glow: Generative Flow with Invertible 1x1 Convolutions,” NeurIPS 2018.
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D. P. Kingma & P. Dhariwal, “Glow: Generative Flow with Invertible 1x1 Convolutions,” NeurIPS 2018.
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Variational Autoencoder
25533
logpy(x) > L(6, ¢; x)
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+ Egy (2|2 [log Po (z|2)]

I. Goodfellow., “NIPS 2016 Tutorial: Generative Aversarial Networks,” NIPS 2016.
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Variational Autoencoder [Kingma+2014, Rezende+2014]
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D. P. Kingma & M. Welling, “Auto-encoding Variational Bayes,” ICLR 2014.
D. J. Rezende et al., “Stochastic Backpropagation and Approximate Inference in Deep Generative Models,” ICML 2014.
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A. B. L. Larsen et al., “Autoencoding beyond Pixels Using a Learned Similarity Metric,” ICML 2016.
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A. B. L. Larsen et al., “Autoencoding beyond Pixels Using a Learned Similarity Metric,” ICML 2016.
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Generative Adversarial Networks
O

mén max Ezp, (@) [log D(x)]

p(= + Ezp. (2)[log(l — D(G(2)))]

I. Goodfellow., “NIPS 2016 Tutorial: Generative Aversarial Networks,” NIPS 2016.
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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Generative Adversarial Networks coodfeliow+2014]
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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— Mode Collapse: RX=-1 K

I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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L. Metz et al., “Unrolled Generative Adversarial Networks,” ICLR 2017.
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— LSGAN: Chi-square DivergenceZz %8
— WGAN: Wasserstein (Earth Mover) DistanceZz ¥

M. Arjovsky et al., “Wasserstein Generative Adversarial Networks,” ICML 2017.
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Least Squares GAN [Mao+2017]
 Sigmoid Cross Entropy®f\1O D (CLeast Squares Lossz#IH

Discriminator A
GAN MinEg ) (@)[—10g D(@)] + Eznp, (2)|~log(l — D(G(2)))]
-
LSGAN ml%n Exrp, () [(D(x) — 1)2] - Eszz(z)[D(G(z))ﬂ
. ReallZ1(TIEDIF3D Fakel30(SIEDITD )

( Generator
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X. Mao et al., “Least Squares Generative Adversarial Networks,” ICCV 2017.
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LSGAN (cont.)
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X. Mao et al., “Least Squares Generative Adversarial Networks,” ICCV 2017.
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Wasserstein GAN [Arjovsky+2017]
o ClassifierB8zXa4 10 D (CCriticBaz= FI B
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. Real & FakeDiEEEZ 72 DN IEFE(THI B
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i e e
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M. Arjovsky et al., “Wasserstein Generative Adversarial Networks,” ICML 2017.
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M. Arjovsky et al., “Wasserstein Generative Adversarial Networks,” ICML 2017.
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WGAN Gradient Penalty (currajani+20173
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I. Gulrajani et al., “Improved Training of Wasserstein GANs,” NIPS 2017.
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SN-GAN y

Spectral Normalization GAN [miyato+2018]
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 #E2 : Spectral Normalization (SN) = - A

Wsn = W/a (W)
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T. Miyato et al., “Spectral Normalization for Generative Adversarial Networks,” ICLR 2018.
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Large Scale GAN [erock+2019]
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EFv I AX (EFTILDKRIREES)

P CHE
> FBRREELL. &0 SIBERERDERN TR

A Brock et aI “Large Scale GAN Tra|n|ng for ngh Fidelity Natural Image SyntheS|s ICLR 20109.
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Pictures: T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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LaplaCian GAN [Denton+2015] G3

G, G Go
Ex PR (CEERAEERK {\ (\{\(\
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E. Denton et al., “Deep Generative Image Modeling using a Laplacian Pyramid of Adversarial Networks,” NIPS 2015.
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E. Denton et al., “Deep Generative Image Modeling using a Laplacian Pyramid of Adversarial Networks,” NIPS 2015.
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StackGAN )

StaCked GAN [Zhang+2017]
- ENEER (FXR D) ZERA UGN SEFER (CE{RARK
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H. Zhang et al., “StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks,” ICCV 2017.
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StackGAN (cont.) )
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@1& 1 Ez{y IJ This bird is white ~ yellow belly and  overlapping pink
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ProGAN

Progressive Growing of GANs [Kerras+2018]
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“Progressive Growing of GANs for Improved Quality, Stability, and Variation,” ICLR 2018.
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T. Karras et al., “Progressive Growing of GANs for Improved Quality, Stability, and Variation,” ICLR 2018.

® NTT Copyright©2019 NTT corp. All Rights Reserved. 65



StyleGAN )

\.

Innovative RED by NTT

Style-Based Generator for GANS (kerras+2019]
« Generatord A 7%= ZEP&E1L
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T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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StyleGAN (cont.)

B8R A A

T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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Innovative RSD by NTT

BESRERKRO IS bO—) LA R EE

Latent Real/
code Generator 3 Discriminator Fake
z ‘ D(x)

ADNFELER — FIR(IEIE
(Bl BEAE. BEEET)

LB} {5k 2 kA5 '

EAIREFENEMR SN DINES > A

Pictures: T. Kaneko et al., “Generative Adversarial Image Synthesis with Decision Tree Latent Controller,” CVPR 2018.
T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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Conditional GAN [Mirza+2014]
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M. Mirza & S. Osindero, “Conditional Generative Adversarial Nets,” arXiv 2014.
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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Conditional Filtered GAN (xaneko+2017]
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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T. Kaneko et al., “Generative Adversarial Image Synthesis with Decision Tree Latent Controller,” CVPR 2018.

@ NTT Copyright©2019 NTT corp. All Rights Reserved. 75



DTLC-GAN (cont.) y

B8R A A

AHLRD
B

= I3
HFTU

E-:\El%ﬂslfd: | A A - A
HFI i I | s b

SHMRHTTVET—INBRER
| o] — 4 =
FEERY (CHlfE ] gE
T. Kaneko et al., “Generative Adversarial Image Synthesis with Decision Tree Latent Controller,” CVPR 2018.
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DTLC-GAN (cont.)
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DTLC4GAN on MNIST
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Continuous representations are discovered
conditioned on discrete code
in fully unsupervised manner

10x3x3x3x3 = 810 categories
are discovered only using class labels

S-EEhiE : http://www.kecl.ntt.co.jp/people/kaneko.takuhiro/projects/dtlc-gan/index.html
T. Kaneko et al., “Generative Adversarial Image Synthesis with Decision Tree Latent Controller,” CVPR 2018.
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T. Kaneko et al., “Label-Noise Robust Generative Adversarial Networks,” CVPR 2019.
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Label‘NOise RObUSt GAN [Kaneko+2019]
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T. Kaneko et al., “Label-Noise Robust Generative Adversarial Networks,” CVPR 20109.
[1] A. Odena et al., “Conditional Image Synthesis With Auxiliary Classifier GANs,” ICML 2017.
[2] M. Mirza & S. Osindero, “Conditional Generative Adversarial Nets,” arXiv 2014.
® BT [3] T. Miyato & M. Koyama, “cGANs with Projection Discriminator,” ICLR 2018.
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T. Kaneko et al., “Label-Noise Robust Generative Adversarial Networks,” CVPR 2019.
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T. Kaneko et al., “Class-Distinct and Class-Mutual Image Generation with GANs,” BMVC 2019.
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Classifier’s Posterior GAN [kaneko+2019]
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T. Kaneko et al., “Class-Distinct and Class-Mutual Image Generation with GANs,” BMVC 2019.
A. Odena et al., “Conditional Image Synthesis With Auxiliary Classifier GANs,” ICML 2017.
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M. Lucic et al., “High-Fidelity Image Generation With Fewer Labels,” ICML 2019.
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Semi-Supervised GAN with Self-Supervision [Lucic+2019]
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M. Lucic et al., “High-Fidelity Image Generation With Fewer Labels,” ICML 2019.
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C. Ledig et al., “Photo-Realistic Single Image Super-Resolution Using a Generatlve Adversarial Network,” CVPR 2017.

2. RPFT—AIxUFT—FZHA
AT L

J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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1.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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C. Ledig et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network,” CVPR 2017.
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C. Ledig et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network,” CVPR 2017.
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C. Ledig et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network,” CVPR 2017.
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C. Ledig et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network,” CVPR 2017.
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C. Ledig et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network,” CVPR 2017.
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P. Isola et al., “Image-to-Image Translation with Conditional Adversarial Networks,” CVPR 2017.
J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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P. Isola et al., “Image-to-Image Translation with Conditional Adversarial Networks,” CVPR 2017.
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P. Isola et al., “Image-to-Image Translation with Conditional Adversarial Networks,” CVPR 2017.
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T.C. Wang et al., “High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs,” CVPR 2018.
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T.C. Wang et al., “High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs,” CVPR 2018.
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T.C. Wang et al., “High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs,” CVPR 2018.
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T.C. Wang et al., “High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs,” CVPR 2018.
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T.C. Wang et al., “High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs,” CVPR 2018.
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Video-to-Video Synthesis [wang+2018]
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T.C. Wang et al., “Video-to-Video Synthesis,” NIPS 2018.
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T. Park et al., “Semantic Image Synthesis with Spatially-Adaptive Normalization,” CVPR 2019.
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T. Park et al., “Semantic Image Synthesis with Spatially-Adaptive Normalization,” CVPR 2019.
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T. Park et al., “Semantic Image Synthesis with Spatially-Adaptive Normalization,” CVPR 2019.
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1.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
T. Kim et al., “Learning to Discover Cross-domain Relations with Generative Adversarial Networks,” ICML 2017.
Z. Yi et al., “DualGAN: Unsupervised Dual Learning for Image-to-Image Translation,” ICCV 2017.
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J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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J.Y. Zhu et al., “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks,” ICCV 2017.
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Y. Choi et al., “StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation,” CVPR 2018.
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Y. Choi et al., “StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation,” CVPR 2018.
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Y. Choi et al., “StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation,” CVPR 2018.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for STFT Spectrograms,” Interspeech 2017.
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T. Kaneko & K. Kameoka, “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv 2017.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for STFT Spectrograms,” Interspeech 2017.
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T. Kaneko & K. Kameoka, “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv 2017.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for Statistic Parametric Speech Synthesis,” ICASSP 2017.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for Statistic Parametric Speech Synthesis,” ICASSP 2017.
@ e J. Long et al., “Fully Convolutional Networks for Semantic Segmentation,” CVPR 2015.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for Statistic Parametric Speech Synthesis,” ICASSP 2017.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for STFT Spectrograms,” Interspeech 2017.
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“Generative Adversarial Network-based Postfilter for STFT Spectrograms,” Interspeech 2017.
“Generative Adversarial Network-based Postfilter for Statistic Parametric Speech Synthesis,” ICASSP 2017.
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T. Kaneko et al., “Generative Adversarial Network-based Postfilter for STFT Spectrograms,” Interspeech 2017.
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T. Kaneko & K. Kameoka, “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv 2017.
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T. Kaneko & K. Kameoka, “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv 2017.
T. Kaneko et al., “CycleGAN-VC2: Improved CycleGAN-based Non-parallel Voice Conversion,” ICASSP 2019.
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T. Kaneko & K. Kameoka, “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv 2017.
Y. Taigman et al. “Unsupervised Cross-domain Image Generation,” ICLR 2017.
Y. N. Dauphin et al., “Language Modeling with Gated Convolutional Networks,” ICML 2017.
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T. Kaneko & K. Kameoka, “Parallel-Data-Free Voice Conversion Using Cycle-Consistent Adversarial Networks,” arXiv 2017.
T. Kaneko et al., “CycleGAN-VC2: Improved CycleGAN-based Non-parallel Voice Conversion,” ICASSP 2019.
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WaveCYCIeGAN [Tanaka+2018]/ WaveCYCIeGANZ [Tanaka+2019]
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K. Tanaka et al. (T. Kaneko1ti), “Speech-to-Natural Speech Waveform Conversion Using
Cycle-Consistent Adversarial Networks,” SLT 2018.
K. Tanaka et al. (T. Kanekott#E), “WaveCycleGAN2: Time-domain Neural Post-filter for Speech Waveform Generation,” arXiv 2019.
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K. Tanaka et al. (T. Kanekoti), “Speech-to-Natural Speech Waveform Conversion Using
Cycle-Consistent Adversarial Networks,” SLT 2018.
K. Tanaka et al. (T. Kanekott#E), “WaveCycleGAN2: Time-domain Neural Post-filter for Speech Waveform Generation,” arXiv 2019.
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H. Kameoka et al. (T. Kanekot#®), “StarGAN: Non-parallel Many-to-Many Voice Conversion with Star Generative
Adversarial Networks,” SLT 2018.
T. Kaneko et al. “Rethinking Conditional Methods for StarGAN-Based Voice Conversion,” Interspeech 2019.
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® 2 Generative Attribute Controller
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T. Kaneko et al., “Generative Attribute Controller with Conditional Filtered Generative Adversarial Networks,” CVPR 2017.
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