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T. Karras et al., “Analyzing and Improving the Image Quality of StyleGAN,” arXiv 2019.
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T. Karras et al., “Analyzing and Improving the Image Quality of StyleGAN,” arXiv 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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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., “Genera2ve A5ribute Controller with Condi2onal Filtered Genera2ve Adversarial Networks,” CVPR 2017.
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CycleGAN [Zhu+ICCV2017] CFGAN [Kaneko+CVPR2017]

StyleGAN2 [Karras+arXiv2019]
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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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• .M+ 6V(N%A&�AR, Flow, VAE, GAN
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z = f(x)
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x = f�1(z)
<latexit sha1_base64="Xnt9lX2cNEUMxaHM7bxRUcRtMvU=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahHixJFfQiFL14rGA/oI1ls920SzebuLsp1tDf4cWDIl79Md78N27bHLT1wcDjvRlm5nkRZ0rb9reVWVpeWV3Lruc2Nre2d/K7e3UVxpLQGgl5KJseVpQzQWuaaU6bkaQ48DhteIPrid8YUqlYKO70KKJugHuC+YxgbST3EV0i/z45ccbFp+NOvmCX7CnQInFSUoAU1U7+q90NSRxQoQnHSrUcO9JugqVmhNNxrh0rGmEywD3aMlTggCo3mR49RkdG6SI/lKaERlP190SCA6VGgWc6A6z7at6biP95rVj7F27CRBRrKshskR9zpEM0SQB1maRE85EhmEhmbkWkjyUm2uSUMyE48y8vknq55JyWyrdnhcpVGkcWDuAQiuDAOVTgBqpQAwIP8Ayv8GYNrRfr3fqYtWasdGYf/sD6/AHauJDa</latexit>

Reference: I. Goodfellow, “NIPS 2016 Tutorial: GeneraBve Aversarial Networks,” NIPS 2016.



• 8:5%Cc2;/.M�AR, Flow, VAE, GAN

 �

�����
�

e&:< ����

>i�G>i%"
����7���-��-����-�	��-1 �� 

����������1��7��-����-�
���

�-�-�����-����-������1�
-������7KI (Chain Rule)
?N>i g35Va

�	
���1���
��-��	��-1
@b2;

Reference: I. Goodfellow, “NIPS 2016 Tutorial: GeneraBve Aversarial Networks,” NIPS 2016.
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• Generative Adversarial Networks [Goodfellow+2014]

– ��� (Generator) ��
� (Discriminator)�����
�

– Min-Max��	�Generator vs. Discriminator�
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GAN 1/4

Latent code
z Generator Fake image

G(z)
Discriminator Real/Fake

D(x)

Real image
x

Random G
D

I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.



• Genera&ve Adversarial Networks [Goodfellow+2014]
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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• Genera&ve Adversarial Networks [Goodfellow+2014]
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I. Goodfellow et al., “Generative Adversarial Nets,” NIPS 2014.
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• Genera&ve Adversarial Networks [Goodfellow+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.



• Mode Collapse [Metz+2017]

– �����,A:(�- 
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L. Metz et al., “Unrolled Genera?ve Adversarial Networks,” ICLR 2017.



• Least Squares GAN [Mao+2017]

– Sigmoid Cross Entropy0��2�Least Squares Loss���
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X. Mao et al., “Least Squares Generative Adversarial Networks,” ICCV 2017.
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X. Mao et al., “Least Squares Generative Adversarial Networks,” ICCV 2017.



• Wasserstein GAN [Arjovsky+2017]

– Classifier�"�����Critic�"�#�
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GAN

WGAN

M. Arjovsky et al., “Wasserstein Generative Adversarial Networks,” ICML 2017.
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WGAN (��)

M. Arjovsky et al., “Wasserstein Generative Adversarial Networks,” ICML 2017.
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• WGAN�.#
– D�Lipschitz!�3.	
�Weight Clipping (���!�)

→ ����)��62�

• WGAN Gradient Penalty [Gulrajani+2017]

– 0-�f��"�8�,'→ f�1-Lipschitz�
�* (�+%�

– &$�Gradient Penalty (GP) (4�!�)

– 95�/�
��� (FC, Conv, ResNet) ���1,'�

��

WGAN-GP

I. Gulrajani et al., “Improved Training of Wasserstein GANs,” NIPS 2017.
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krfk  1 everywhere
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kf(x)� f(y)k  kx� yk for all x,y
<latexit sha1_base64="jtPeQUvUiRvSOnL+KBJuWkFpJXc="></latexit>



• Spectral Normalization GAN [Miyato+2018]

– 64����� ���!���+�W
0(%$)a�*#�
29	Lipschitz → f�Lipschitz

– .,�Spectral Normalization (SN)

– =;�:<���� (ImageNet) ��&83/�
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SN-GAN

f(x) = WL+1(aL(W
L(aL�1(W

L�1(. . . a1(W
1x) . . . )))))

<latexit sha1_base64="0D/mU9VabMTn/8Uh0opp7OoGXcA="></latexit>

0(%$)�-��Lipschitz W3Lipschitz�
2���

σ(W)�'"175

T. Miyato et al., “Spectral Normalization for Generative Adversarial Networks,” ICLR 2018.



• Large Scale GAN [Brock+2019]

– 25.�!��4�
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��

BigGAN

A. Brock et al., “Large Scale GAN Training for High Fidelity Natural Image Synthesis,” ICLR 2019.
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Picgures: T. Karras et al., “Analyzing and Improving the Image Quality of StyleGAN,” arXiv 2019.



• Laplacian GAN [Denton+2015]

– �!��8$�4
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E. Denton et al., “Deep Generative Image Modeling using a Laplacian Pyramid of Adversarial Networks,” NIPS 2015.



• Progressive Growing of GANs [Kerras+2018]
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T. Karras et al., “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 VariaBon,” ICLR 2018.
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• Style-Based Generator for GANs [Kerras+2019]

– Generator���
�$%�
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T. Karras et al., “A Style-Based Generator Architecture for GeneraCve Adversarial Networks,” CVPR 2019.
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T. Karras et al., “A Style-Based Generator Architecture for Generative Adversarial Networks,” CVPR 2019.
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• Conditional GAN [Mirza+2014]
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• Conditional Filtered GAN [Kaneko+2017]
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• Decision Tree Latent Controller GAN [Kaneko+2018]
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• Label-Noise Robust GAN [Kaneko+2019]
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M. Mirza & S. Osindero, “CondiKonal GeneraKve Adversarial Nets,” arXiv 2014.
T. Miyato & M. Koyama, “cGANs with ProjecKon Discriminator,” ICLR 2018.
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• Classifier’s Posterior GAN [Kaneko+2019]
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• Semi-Supervised GAN with Self-Supervision [Lucic+2019]
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• AmbientGAN [Bora+2018]
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• Noise Robust GAN [Kaneko+2020]
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