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?30C0 (G) Real distribution

?6 (G) Generated distribution

?I (I) Latent distribution

Motivation
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<8=
�

<0G
�
L(�,�) = EG∼?30C0 (G) [;>6 � (G)] + EI∼?I (I) [;>6(1 − � (� (I))]

1 Goodfellow et al. 2014

Generative Adversarial Nets1
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Optimal discriminator

For G fixed, the best
discriminator is:

�∗ =
?30C0 (G)

?30C0 (G) + ?6 (G)
=
1

2

Optimal generator

For �∗, the best generator �∗ is
reached when:

?6 (G) = ?30C0 (G)

The state (�∗, �∗) is a Nash equilibrium. Meaning that each
player has no interest in changing their strategy if the others
don’t.

Generative Adversarial Nets
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Learning the mapping between two
image representation.

Image-to-Image
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Source images

Target images

Paired datasets
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<8=
�

<0G
�
L(�,�) = EG∼?30C0 (G) [;>6� (G |H)] + EI∼?I (I) [;>6(1 − � (� (I |H) |H))]

1 Mirza and Osindero 2014

Conditional Generative Adversarial Nets1
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1 Isola et al. 2016

Image-to-Image Translation with Conditional Adversarial Nets1
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Source images

Target images

Unpaired datasets
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L2H2 (�, �) = EH∼?30C0 (H)
[
| |� (� (H)) − H | |1

]
+ EG∼?30C0 (G)

[
| |� (� (G)) − G | |1

]
<8=
�,�

<0G
�- ,�.

+ (�, �, �- , �. ) = L��# (�, �. ) + L��# (�, �- ) + L2H2 (�, �)

1 Zhu et al. 2017

CycleGAN1
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CycleGAN

13/16Beuve Nicolas CycleGAN



CycleGAN
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Advantages
• Strong mathematical theory
• Very flexible architecture

• Can use state of the art models as generator or
discriminator

• D2GAN, MGAN, CycleGAN

Drawbacks
• Two models trained at once
• Very sensible training

• Gradiant vanishing
• Mode collapsing

Go further
• Improve training with Wasserstein GAN 1

• Generate HD content with PG-GAN 2

1 Arjovsky, Chintala, and Bottou 2017

2 Karras et al. 2018

Conclusion
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