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Generative Adversarial Networks (GANs)

In a GAN [1], two neural networks (players) play a zero-sum game, i.e., one player’s gain is equivalent to 
the other’s loss. 
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Min-max loss:
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1. Fix generator, the optimal discriminator is
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Set the gradient of loss w.r.t. D to be zero, we obtain the optimal discriminator 
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Suppose we found the optimal discriminator, our loss function becomes
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2. The global minimum of                 is achieved iff. 

Why?

Jensen–Shannon divergence (JSD) is in 0, log! 2  (base b) and is zero iff. P = Q
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Given two Gaussian distribution,  p 
with mean=0 and std=1 and q with 
mean=1 and std=1. The average of 
two distributions is labelled as m. 
KL divergence is asymmetric but JS 
divergence is symmetric.
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Given two Gaussian distribution,  p 
with mean=0 and std=1 and q with 
mean=1 and std=1. The average of 
two distributions is labelled as m. 
KL divergence is asymmetric but JS 
divergence is symmetric.

If high density areas of data and model 
(generator) distributions have less 

overlap, JSD is not a good objective!
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Deep Convolutional Generative Adversarial Network (DCGANs) [4] : using CNNs as both Generator and 
Discriminator.

Image Credit: [2]

Generator

Architectures



Outline

• Generative Adversarial Networks (GANs)

• Zero-sum game & min-max loss
• Optimal discriminator
• Global minimum
• Architectures
• Results & Challenges

• Variants

• Wasserstein GANs
• Progressive GANs
• Cycle GANs
• MolGANs



Samples from GANs during training on SVHNs (left) and MNIST (right)

Image Credit: [2]

Results



Challenges in Training GANs

1) Training instability

Hard to reach Nash Equilibrium:

Image & Example Credit: [3]

A simulation for updating 𝑥 to 
minimize 𝑥𝑦 and updating 𝑦 to 
minimize −𝑥𝑦. The learning 

rate 𝜂 = 0.1 . With more 
iterations, the oscillation grows 

more and more unstable.



Challenges in Training GANs

1) Training instability

Image Credit: [5]

Convergence Failure: e.g., caused 
by imbalance training of 

generator and discriminator



Challenges in Training GANs

1) Training instability, 2) Mode collapse 

Mode Collapse: generating samples 
that are very similar or even identical

Image Credit: [5]



Challenges in Training GANs

1) Training instability, 2) Mode collapse, 3) Vanishing gradient 

First, a DCGAN is trained for 1, 10 and 
25 epochs. Then, with the generator 
fixed, a discriminator is trained from 

scratch and measure the gradients with the 
original cost function. We see the gradient 
norms decay quickly (in log scale), in the 
best case 5 orders of magnitude after 4000 

discriminator iterations.

Image & Example Credit: [6]



Outline

• Generative Adversarial Networks (GANs)

• Zero-sum game & min-max loss
• Optimal discriminator
• Global minimum
• Architectures
• Results & Challenges

• Variants

• Wasserstein GANs
• Progressive GANs
• Cycle GANs
• MolGANs



Earth Mover Distance (Wasserstein-1 Distance)
Suppose we have two distributions 𝑃" and 𝑃#, we want to match them by “moving dirt” from 𝑃" to 𝑃#.
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Earth Mover Distance (Wasserstein-1 Distance)
Suppose we have two distributions 𝑃" and 𝑃#, we want to match them by “moving dirt” from 𝑃" to 𝑃#.

Image & Example Credit: [7]

Transportation Plan: we split the “dirt” (probability) and move it to different locations to match them.



Earth Mover Distance (Wasserstein-1 Distance)

is the set of all distributions 
whose marginals are    
respectively, called couplings.
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Why Wasserstein Distance?
Consider two distributions:

Example & Image Credit: [3]
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Wasserstein distance is smooth, which is helpful for gradient based learning!
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Earth Mover Distance / Wasserstein Metric:

It is typically hard to compute (need to solve linear programming for discrete distributions)! 

Wasserstein GANs
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Wasserstein-GAN [8] proposes a unified objective:

 Learn Discriminator via

 Learn Generator via
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Earth Mover Distance / Wasserstein Metric:

It is typically hard to compute (need to solve linear programming for discrete distributions)! 

Wasserstein distance (using Kantorovich-Rubinstein duality, see, e.g., [8]):

Wasserstein-GAN [8] proposes a unified objective:

 Learn Discriminator via

 Learn Generator via

 To enforce Lipschitz condition, one can clip weights [8], add gradient penalty (WGAN-GP) [9], 
and use spectral normalization [10]
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Cycle GANs

Image Credit: [13]

Cycle-Consistent Generative Adversarial Networks [12] learn the image-to-image translation without a 
training set of aligned image pairs 
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Cycle-Consistent Generative Adversarial Networks [12] learn the image-to-image translation without a 
training set of aligned image pairs 
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Cycle-Consistent Generative Adversarial Networks [12] learn the image-to-image translation without a 
training set of aligned image pairs 
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Cycle-Consistent Generative Adversarial Networks [12] learn the image-to-image translation without a 
training set of aligned image pairs 
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MolGANs

MolGANs [15] generate molecular graphs without graph matching:

Image Credit: [15]
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MolGANs

Image Credit: [15]
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X
<latexit sha1_base64="k8fMTYMpbcAk1m6rTYMegJsdMOM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCrDcfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGNnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qzUdRRhjM4h0vwoAFNuIMWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPJSpDx</latexit><latexit sha1_base64="k8fMTYMpbcAk1m6rTYMegJsdMOM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCrDcfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGNnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qzUdRRhjM4h0vwoAFNuIMWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPJSpDx</latexit><latexit sha1_base64="k8fMTYMpbcAk1m6rTYMegJsdMOM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCrDcfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGNnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qzUdRRhjM4h0vwoAFNuIMWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPJSpDx</latexit><latexit sha1_base64="k8fMTYMpbcAk1m6rTYMegJsdMOM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi1GXBjcsK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mt7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCrDcfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGNnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qzUdRRhjM4h0vwoAFNuIMWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPJSpDx</latexit> X̃

<latexit sha1_base64="h5fkkvOPNqe9NI7w0SLn2N2FVmc=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4KokIdVlw47KCfUATymQyaYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98wJUs6Udpxva2Nza3tnt7ZX3z84PDq2Txp9lWSS0B5JeCKHAVaUM0F7mmlOh6mkOA44HQSz29IfPFKpWCIe9DylfowngkWMYG2ksd3wYqynQZR7mvGQ5sOiGNtNp+UsgNaJW5EmVOiO7S8vTEgWU6EJx0qNXCfVfo6lZoTTou5liqaYzPCEjgwVOKbKzxfZC3RhlBBFiTRPaLRQf2/kOFZqHgdmskyqVr1S/M8bZTq68XMm0kxTQZaHoowjnaCyCBQySYnmc0MwkcxkRWSKJSba1FU3JbirX14n/auW67Tc++tmp13VUYMzOIdLcKENHbiDLvSAwBM8wyu8WYX1Yr1bH8vRDavaOYU/sD5/ALyelNg=</latexit><latexit sha1_base64="h5fkkvOPNqe9NI7w0SLn2N2FVmc=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4KokIdVlw47KCfUATymQyaYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98wJUs6Udpxva2Nza3tnt7ZX3z84PDq2Txp9lWSS0B5JeCKHAVaUM0F7mmlOh6mkOA44HQSz29IfPFKpWCIe9DylfowngkWMYG2ksd3wYqynQZR7mvGQ5sOiGNtNp+UsgNaJW5EmVOiO7S8vTEgWU6EJx0qNXCfVfo6lZoTTou5liqaYzPCEjgwVOKbKzxfZC3RhlBBFiTRPaLRQf2/kOFZqHgdmskyqVr1S/M8bZTq68XMm0kxTQZaHoowjnaCyCBQySYnmc0MwkcxkRWSKJSba1FU3JbirX14n/auW67Tc++tmp13VUYMzOIdLcKENHbiDLvSAwBM8wyu8WYX1Yr1bH8vRDavaOYU/sD5/ALyelNg=</latexit><latexit sha1_base64="h5fkkvOPNqe9NI7w0SLn2N2FVmc=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4KokIdVlw47KCfUATymQyaYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98wJUs6Udpxva2Nza3tnt7ZX3z84PDq2Txp9lWSS0B5JeCKHAVaUM0F7mmlOh6mkOA44HQSz29IfPFKpWCIe9DylfowngkWMYG2ksd3wYqynQZR7mvGQ5sOiGNtNp+UsgNaJW5EmVOiO7S8vTEgWU6EJx0qNXCfVfo6lZoTTou5liqaYzPCEjgwVOKbKzxfZC3RhlBBFiTRPaLRQf2/kOFZqHgdmskyqVr1S/M8bZTq68XMm0kxTQZaHoowjnaCyCBQySYnmc0MwkcxkRWSKJSba1FU3JbirX14n/auW67Tc++tmp13VUYMzOIdLcKENHbiDLvSAwBM8wyu8WYX1Yr1bH8vRDavaOYU/sD5/ALyelNg=</latexit><latexit sha1_base64="h5fkkvOPNqe9NI7w0SLn2N2FVmc=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4KokIdVlw47KCfUATymQyaYdOJmFmIpaQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98wJUs6Udpxva2Nza3tnt7ZX3z84PDq2Txp9lWSS0B5JeCKHAVaUM0F7mmlOh6mkOA44HQSz29IfPFKpWCIe9DylfowngkWMYG2ksd3wYqynQZR7mvGQ5sOiGNtNp+UsgNaJW5EmVOiO7S8vTEgWU6EJx0qNXCfVfo6lZoTTou5liqaYzPCEjgwVOKbKzxfZC3RhlBBFiTRPaLRQf2/kOFZqHgdmskyqVr1S/M8bZTq68XMm0kxTQZaHoowjnaCyCBQySYnmc0MwkcxkRWSKJSba1FU3JbirX14n/auW67Tc++tmp13VUYMzOIdLcKENHbiDLvSAwBM8wyu8WYX1Yr1bH8vRDavaOYU/sD5/ALyelNg=</latexit>

Ã
<latexit sha1_base64="IVJAEzjPjiXPvp4Oo4QNTUc/Kds=">AAAB+3icbVDLSsNAFL2pr1pftS7dDBbBVUlEqMuKG5cV7AOaUCaTSTt0MgkzE7GE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W5WNza3tnepubW//4PCoftzoqziVhPZIzGM59LGinAna00xzOkwkxZHP6cCf3Rb+4JFKxWLxoOcJ9SI8ESxkBGsjjesNN8J66oeZqxkPaHaT5+N6027ZC6B14pSkCSW64/qXG8QkjajQhGOlRo6daC/DUjPCaV5zU0UTTGZ4QkeGChxR5WWL7Dk6N0qAwliaJzRaqL83MhwpNY98M1kkVateIf7njVIdXnsZE0mqqSDLQ2HKkY5RUQQKmKRE87khmEhmsiIyxRITbeqqmRKc1S+vk/5ly7Fbzv1Vs9Mu66jCKZzBBTjQhg7cQRd6QOAJnuEV3qzcerHerY/laMUqd07gD6zPH5mUlME=</latexit><latexit sha1_base64="IVJAEzjPjiXPvp4Oo4QNTUc/Kds=">AAAB+3icbVDLSsNAFL2pr1pftS7dDBbBVUlEqMuKG5cV7AOaUCaTSTt0MgkzE7GE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W5WNza3tnepubW//4PCoftzoqziVhPZIzGM59LGinAna00xzOkwkxZHP6cCf3Rb+4JFKxWLxoOcJ9SI8ESxkBGsjjesNN8J66oeZqxkPaHaT5+N6027ZC6B14pSkCSW64/qXG8QkjajQhGOlRo6daC/DUjPCaV5zU0UTTGZ4QkeGChxR5WWL7Dk6N0qAwliaJzRaqL83MhwpNY98M1kkVateIf7njVIdXnsZE0mqqSDLQ2HKkY5RUQQKmKRE87khmEhmsiIyxRITbeqqmRKc1S+vk/5ly7Fbzv1Vs9Mu66jCKZzBBTjQhg7cQRd6QOAJnuEV3qzcerHerY/laMUqd07gD6zPH5mUlME=</latexit><latexit sha1_base64="IVJAEzjPjiXPvp4Oo4QNTUc/Kds=">AAAB+3icbVDLSsNAFL2pr1pftS7dDBbBVUlEqMuKG5cV7AOaUCaTSTt0MgkzE7GE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W5WNza3tnepubW//4PCoftzoqziVhPZIzGM59LGinAna00xzOkwkxZHP6cCf3Rb+4JFKxWLxoOcJ9SI8ESxkBGsjjesNN8J66oeZqxkPaHaT5+N6027ZC6B14pSkCSW64/qXG8QkjajQhGOlRo6daC/DUjPCaV5zU0UTTGZ4QkeGChxR5WWL7Dk6N0qAwliaJzRaqL83MhwpNY98M1kkVateIf7njVIdXnsZE0mqqSDLQ2HKkY5RUQQKmKRE87khmEhmsiIyxRITbeqqmRKc1S+vk/5ly7Fbzv1Vs9Mu66jCKZzBBTjQhg7cQRd6QOAJnuEV3qzcerHerY/laMUqd07gD6zPH5mUlME=</latexit><latexit sha1_base64="IVJAEzjPjiXPvp4Oo4QNTUc/Kds=">AAAB+3icbVDLSsNAFL2pr1pftS7dDBbBVUlEqMuKG5cV7AOaUCaTSTt0MgkzE7GE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W5WNza3tnepubW//4PCoftzoqziVhPZIzGM59LGinAna00xzOkwkxZHP6cCf3Rb+4JFKxWLxoOcJ9SI8ESxkBGsjjesNN8J66oeZqxkPaHaT5+N6027ZC6B14pSkCSW64/qXG8QkjajQhGOlRo6daC/DUjPCaV5zU0UTTGZ4QkeGChxR5WWL7Dk6N0qAwliaJzRaqL83MhwpNY98M1kkVateIf7njVIdXnsZE0mqqSDLQ2HKkY5RUQQKmKRE87khmEhmsiIyxRITbeqqmRKc1S+vk/5ly7Fbzv1Vs9Mu66jCKZzBBTjQhg7cQRd6QOAJnuEV3qzcerHerY/laMUqd07gD6zPH5mUlME=</latexit>

MolGANs [15] generate molecular graphs without graph matching:
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