Generative Adversarial
Networks

Milos Jordanski



Generative models

* Training data D = {xy, ..., Xy } ~Paata (¥)

* Result: distribution p,,04e1(X) = Pagia (X)



Generative models

* Pmodei (x) directly

* Generate samples from p,,,ge1 (%)

Training examples



Applications

e Additional training data

* Missing values

* Semi-supervised learning
* Reinforcement learning

* Multiple correct answers
* Text-to-Image Synthesis

* Learn useful embeddings



Generative Adversarial Networks
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Models with latent space

Frey Face dataset:

e X - observed variables

e 7 —|atent variables

Expression
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GAN - architecture
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GAN - discriminator

1 1
JP (6 96)) = — EEx,\,pmdlo gD (x) — EEZlog(l — D(G(2)))

Discriminator“ Data
* Optimal discriminator: \ i Model
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GAN — Choice of divergence

generated distribution true data distribution
A
P(X)
unit gaussian/
generative
O model ”
|| (neural net) 5 [oss] ./

N image space image space

* By varying 8 we can make Py distribution arbitrarily “close” to P;4¢q

e How to define “close”?



GAN — Choice of divergence

* Kullback-Leibler divergence:

P(x)
KL(P||Q) = Ey.p[log

Q(x)

]

* Jensen Shannon divergence:

1 1 1 1
JS(P|Q) = EKL(P ||§(IP’ + Q)) +§KL(@||§(P + Q))



GAN — Choice of divergence
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/ero-sum game

* N players
* Payoff matrix
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A zero-sum game

Red

* Nash equilibrium of a game



Generator cost function

J©@(9®,9(@)) = —®) (gD g(©))
* Minimax game:
VD), @) = @ (g §(©)

e Solution:

6P = grgminmax V(6P),6(6))
0(G) (D)

In practice:
J©(6),67) = =3 E,log(D(G(2)))



Generator Cost function

« Minimax: J@=1E logD(x) + %Ezlog(l — D(G(2)))

2 “X~Pdata
* Heuristic: J(¢) = —%Ezlog(D(G(z)))
« MLE: J© = _% E,e(@ 1 (DG@)))
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GAN - Training

e Simultaneous stochastic gradient descent
« Discriminator updates 8(?) to reduce J®)
* Generator updates 6(%) to reduce ](G)

. ](G) does not make reference to the training data directly



GAN - Tricks

ex €[—1,1]

e Using labels

* One-side label smoothing
* Batch normalization

* Running more steps of one player



Generative Adversarial Networks

* Advantages:

e Sample generation in a single step (does not depend on dimensionality of X)
* Does not use Markov chain
* Does not use variational inference

* Generation function has very few restrictions

* Disadvantages:

e Hard to train



GAN - results

mEIEﬂ

Training Data Samples



Semi-supervised learning with GAN

Training dataset

Input noise

Generated
Image

Real classes Fake classes



GAN — Latent Space Arithmetic




GAN — another perspective

* Cooperative instead of adversarial
* Learn cost function
* Reinforcement Learning

e Actor-Critic



THANKS!



