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Problems with Variational Autoencoders
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In VAESs, we model an explicit probability

distribution N(u, o) and evaluate it with MSE + KLD:
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Generative Adversarial Networks (GANs)

GANs use a separated network, called a Discriminator, to evaluate the quality of images

produced by the Generator Network:
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A Typical Generator (DCGAN)

The Generator takes a vector of

Convolutional Neural Network wi
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A Typical Discriminator (DCGAN)

The Discriminator takes as input x af k real images from the dataset and k fake images produced
by the generator, and produces an output y € {Real, Fake} (binary classification)
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Geometric Intuition

The generator is implicitly modeling a conditional distribution P(x | z), assuming the existence
of latent features z that represent the real data:
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The Discriminator is trying to separate the the fake distribution from the real distribution:
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The Adversarial Training

A GAN is trained as a zero-sum game where both networks compete against each other, and the
only way for the generator to “win” is by generating realistic data:
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The Adversarial Training

A GAN is trained as a zero-sum game where both networks compete against each other, and the
only way for the generator to “win” is by generating realistic data:

each epoch:
each mini batch:
i from 1 to k: # Train Discriminator k times
Take m real examples from the training dataset
Generate m fake examples using the generator
Update ONLY D weights by maximizing log(D(x)) + log(l - D(G(z)))

Generate m new fake examples
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Geometric Intuition: Training
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Geometric Intuition: Training
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Results: DCGAN (2015)
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The Evolution of GANs

Year Model Key Inovations

2014 GAN Original adversarial framework
2015 DCGAN Stable CNN architecture

2016 Conditional GAN Controlled generation

2017 WGAN Improved training stability
2017 Progressive GAN High resolution images

2018 StyleGAN Style-based generation

2019 BigGAN Large scale training

2020 StyleGAN2 Image quality improvements
2021 StyleGAN3 Motion coherence
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Results over the years
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