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Generative Adversarial
Networks (GANS)



Classic parametric models

' -

A Density function available
A Limited expressive power
A Mature field in statistics and learning theory



Implicit Model / Neural Sampler / Likelihodaee Model

noise

A Highly expressive model class

A Density function not defined or intractable

A Lack of theory and learning algorithms

A Basis for generative adversarial networks (GANS)



Implicit Models

1990 2000 2010

1. Diggle and Gratton (1984). Monte Carlo methods of inference for implicit statistical mag&s. B
2. Goodfellow et al. (2014). Generative Adversarial Nets. NIPS
3. Mohamed and Lakshminarayanan (2016). Learning in Implicit Generative Maxd@is1610.03483



Learning Probabilistic Models

CA



Learning Probabilistic Models

CA

AV

Assumptions or.

A tractab
A tractab
A tractab

e sampling
e parameter gradient with respect to sample
e likelihood function



Principles of Density Estimation

A Kernel MMD / DISCO A VariationalAutoencoders A Generative adversarial

A Wasserstein GANs A DISCO networks networkf
A "QGAN WGAN



Talk Parts

(Introduction)
1. Two viewpoints on GANS
2. Solved Problems in GANs
3. Open Problems in GANs



Part 1: Two Viewpoints on GANs



Viewpoint 1: Statistical Divergence



Principles of Density Estimation

Assumes density ratio exists

No density required

everywhere
Analytic solution (MMD) or Nguyen/Wainwright/Jordan Duality
Enforcing constraints oifX\WGAN) [Nguyen et al., 2010]

o]

DonskefVaradharnrepresentation
[Belghazet al., 2018]



Integral Probability Metrics (IPM)wumbuaur etar. vz 2010
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AMaximum mean discrepancy A Wasserstein distance
A is RKHS. then A is set of Lipschitbounded
R functions
A ) I | H A [Arjovskyet al., 2017]
A[Dziugaite et al., 2015] and
Li et al., 2015]
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Principles of Density Estimation

Assumes density ratio exists

No density required

everywhere
Analytic solution (MMD) or Nguyen/Wainwright/Jordan Duality
Enforcing constraints oif{\WGAN) [Nguyen et al., 2010] (GAN)

o]

DonskefVaradharnrepresentation
[Belghazet al., 2018]



‘Qdivergences

Name

D¢ (P|Q)

Generator f(u)

Total variation
Kullback-Leibler

Reverse Kullback-Leibler
Pearson \?

Neyman y?

Squared Hellinger

Jeffrey

Jensen-Shannon
Jensen-Shannon-weighted

GAN

a-divergence (o & {0.1})
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EstimatingQdivergences from samples

[Nguyen, Wainwright, Jordan, 2010]
_ . _ _ [Nowozin et al., 2016]
ADivergence between two distributions
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f . generator function (convex &1)=0)

AEvery convex functioifhas aFenchetonjugate’@ so that
Qo) OOH Qo)

0O any cfocambeaepresented as point-wise max oflinearf uncti ons
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EstimatingQdivergences from samplesoft)

[Nguyen, Wainwright, Jordan, 2010]
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Approximate using: samples from P  samples from Q



"QGAN and GAN objectives

AGAN - -
| ETA®., 171G M. 1T O w

A'QGAN
| ENA@ . [Y ©®] M, QY o )

AGAN discriminatevariationalfunction correspondence: 10C(c) Y ()

AGAN minimizes the Jens&nhannon divergence (which was also pointed out in
Goodfellow et al., 2014)

A Limitations of discriminator function class: weaker lower bound



Viewpoint 2: Algorithmic



GAN Tral n I n g O bJ eCti\éedfellow et al., 2014]

AGenerator tries to fool discriminator (i.e. generate realistic samples)
ADiscriminator tries to distinguish fake from real samples
ASaddlepoint problem

| ENTA®, 11T@QW M. 1 1T€ 0



Smooth tweplayer game
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ADefine the learning problem as solving a game
ALimitations of discriminator function class are virtue
AAnalyzeproperties of the game

AAnalyzeproperties of algorithms to solve the game



Part 2: Solved Problems in GANSs

(as of February 2018)



Mode Collapse and Stability

Mode collapse example [Roth et al., 2017]



Mode Collapse and Stability

step 0 step 10000 step 50000 step 60000 step 70000 step 80000 step 90000 step 100000
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Unstable Trainin@@ehaviourexample [Roth et al., 2017]



Understanding an&esolving
GAN Mode Collapse and Instability

Divergence Viewpoint Algorithmic Viewpoint
Mode Collapse [Arjovskyand Bottou, 2016],
and [Senderby et al., 2016], [Mescheder et al., 2017]
[Roth et al., 2017], [Mescheder, 2018]

Training Instability [Mescheder, 2018]



Divergence View

(3




Divergence ViewcQnt)

N

N w not defineda.e.

Hence, fdivergence not defined!



Fixing the Problem: Generalized Divergence

A Use generalizeddivergence
Op () O vzouhzo

A Implementation: add noise

[Senderby et al., 2016]
[Arjovskyand Bottou, 2016]

A Implementation: analytic \
[Roth et al., 2017] r]

A Choice of kernel introduces local geometry

N w not defineda.e



Regularization [Roth et al., NIPS 2017]
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Algorithmic View [Mescheder et al., 2017]

(with figures from Ferenduszay

- A Solving for saddle points is different
S from gradient descent
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A Minimization problems yield
o conservativesector fields
- L e A Min-max saddle point problems may
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ATheory of GAN convergence, unification with divergence view
[Mescheder et al., 2018]



