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Generative Models

Some generative models learn to produce a probability density function or
sample from one such density that represents an estimation of the original
density where the data was drawn from



Generative Models

But sometimes we are more interested in the data produced by
such densities and not on the densities themselves




Maximum Likelihood Estimation Generative

Z(x,0) = | | Pmodeli: 0)
=1

One way a generative model can work is by using the principle of maximum
likelihood (ML)

The likelihood is the joint probability of all samples from the training data
“happening” on the estimated distribution
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One way a generative model can work is by using the principle of maximum
likelihood (ML)

The likelihood is the joint probability of all samples from the training data
“happening” on the estimated distribution

GANs by default are not based on the ML principle but can, for the

sake of comparison, be altered to do so (Goodfellow, 2014) 1




Generative

Categorization Models

Explicit Density Functions Implicit Density Functions

We can categorize the methods that are based on the ML principle into two
main buckets
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Categorization

Explicit Density
Functions

e Fully Visible Belief Nets
(Frey et al, 1996, 1998
WaveNet, 2016)

¢ Boltzmann Machines
(Fahlman, 1983)

¢ Variational Autoencoders

Generative
Models

Implicit Density
Functions

e Methods based on
Markov Chains

¢ Generative Adversarial
Networks
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Generator vs. Discriminator

Generator Discriminator

Two models are trained simultaneously, one is a Generator model that given an
input z produces a sample x from an implicit probability distribution; The other is
the Discriminator, a classifier that should identify if a sample was produced by
the original distribution or by the generator approximation.
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Generator vs.

IntUition Discriminator

Counterfeiter

It is possible to think of the generator as a money counterfeiter, trained to fool
the discriminator which can be thought as the police force
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Generator vs.

IntUition Discriminator
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The police are then always improving its counterfeiting detection techniques at
the same time as counterfeiters are improving their ability of producing better
counterfeits.
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Generator vs.

GANSs as a probabilistic model Discriminator

Generator Discriminator

Formally, GANs are a structured probabilistic model with latent variables z and
observed variables x. The two models are represented generally by functions
with the only requirement being that both must be differentiable.
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Generator vs.

GANSs as a probabilistic model Discriminator

Trained
Generator

Formally, GANs are a structured probabilistic model with latent variables z and
observed variables x. The two models are represented generally by functions
with the only requirement being that both must be differentiable.
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Generator vs.

GANSs as a probabilistic model Discriminator

Trained

Generator

Latent Variables Space Observed Variables Space

Formally, GANs are a structured probabilistic model with latent variables z and
observed variables x. The two models are represented generally by functions
with the only requirement being that both must be differentiable.
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Formally

Generator

Discriminator

Generator vs.
Discriminator

The Generator can be any differentiable function G that
takes z as an input and uses predefined parameters to
output the observed variables x

The Discriminator can be any differentiable function D
that takes x and uses predefined parameters to output a
single scalar: a label defining where x was sampled from
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Formally

Generator

Discriminator

Generator vs.
Discriminator

G is trained to minimize correct assignments of D

The function D is optimized to assign the correct labels
to both training data and data produced by G
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Training procedure peneaor s

Discriminator

Training
Data

—>
A
back propagation

... iIs real or
Discriminator —>
generated?

x l

Cost Function

At each minibatch, values are sampled from both the training set and the set of
random latent variables z and after one step through the networks, one
gradient-based optimization method of choice is applied to update G and D’s

parameters based on loss functions designed to optimize each agent for the
task
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Generator vs.
Discriminator
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Generator vs.

Training Procedure Discriminator

Cost Function

Designed to represent a zero-sum game. This way
both players G and D, if implemented as compact
convex functions, are guaranteed by the minimax

theorem to achieve an equilibrium point.
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Generator vs.

Training Procedure Discriminator

mén T (G, D) =Lk, w108 D))
T _ZNpg(z)[log(l — D(G(2)))]

In the original formulation, D and G play a minimax

Cost Function game with value function V(G, D)
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Training Procedure peneiaor s

FD) (D) eG)y = _% = e ol10g D]

—~E_[log(1 — D(G(x)))]

PO D) 9G)y = _ JD)

The minimax game value function can be used to

Cost Function design the cost functions for the training procedure
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Generator vs.

Training Procedure Discriminator

pdata(x)
pdata(x) T pg(x)

Dg(x) =

Py = Pdata = Dj(x) = >

If we fix the Generator, this is the optimum discriminator value because
we know functions of the kind ¥y — a log(y) + & log(1 —y) achieve

their maximum at —2
a+b
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Generator vs.

Training Procedure Discriminator

C(G)=ELE [log Dé(x)] + [Eprg[l — log Dz’;(x)]

A~Pdata

X X
lOg pdata( ) ]+ [Eprg[l . lOg pdata( ) ]

C(G)=L
pdata(x) +pg(x) pdata(x) +pg(-x)

prdata[

Fixing the discriminator at its optimum point, we can redefine the value
function
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Generator vs.

Training Procedure Discriminator

C(G)=—1ogd+2.J5D(Piaral | Pg)

It is then possible to manipulate this value function and rewrite it with a
Jensen-Shannon divergence, which is always non-negative or zero,
proving that there is an equilibrium at C(G) =log4 when P; = Paara
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Training Procedure peneraor is.

FD) (D) eG)y = _% = e ol10g D]

—~E_[log(1 — D(G(x)))]

PO D) 9G)y = _ JD)

Guaranteed to converge if both G and D are convex functions
updated in function space.
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Generator vs.

Training Procedure Discriminator

FD)e?) 96y = _L = e ol10g D]

—~E_[log(1 — D(G(x)))]
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There is at least one problem without these guarantees, when
discriminator achieves the point where it is performing its task
successfully, the gradient of the discriminator’s cost approaches zero.
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Training Procedure peneraor is.

FD) (D) eG)y = _% = e ol10g D]

—~E_[log(1 — D(G(x)))]

1
g(G)(g(D), g(G)) — 5 = log D(G(x))

The heuristic non-saturating game suggested by
Cost Function (Goodfellow, 2016) is a variation of the minimax
game.
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Generator vs.

Training Procedure Discriminator

FD) (D) eG)y = _% = e ol10g D]
—~E_[log(1 — D(G(x)))]

1
ZOOP), 09 = — —E_log D(G(x))

Cost Function

2

In the heuristic non-saturating game, rather than
minimizing log-probability of the discriminator being
correct, the generator maximises the log-probability
of the discriminator being mistaken
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Generator vs.

Training Procedure Discriminator
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DCGAN for Image Generation Applications

DCGAN trained for 5 epochs on LSUN Bedrooms
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Alec Radford, Luke Metz and Soumith Chintala, “Unsupervised Representation
Learning with Deep Convolutional Generative Adversarial Networks”
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Vector Space Arithmetic Applications

man man woman

with glasses without glasses without glasses woman with glasses

Alec Radford, Luke Metz and Soumith Chintala, “Unsupervised Representation
Learning with Deep Convolutional Generative Adversarial Networks”
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Image to Image Translation

Labels to Street Scene

Applications

BW to Color

Labels to Facade
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Phillip Isola, Jun-Yan Zhu, Tinghui Zhou and Alexei A. Efros, “Image-to-Image
Translation with Conditional Adversarial Networks”
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Image to Image Translation Applications
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Single Image Super-Resolution Applications

bicubic SRResNet SRGAN
(2 .15dB/0.6868)
o g !‘

Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew
Cunningham, Alejandro Acosta, Andrew Aitken, Alykhan Tejani, Johannes Totz,

Zehan Wang and Wenzhe Shi, “Photo-Realistic Single Image Super-Resolution
Using a Generative Adversarial Network”
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Visual Manipulation

User edits Generated images

mmmm (Color

wm = Sketch

Jun-Yan Zhu, Philipp Krahenbuhl, Eli Shechtman and Alexei A. Efros,
“Generative Visual Manipulation on the Natural Image Manifold”

Applications
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Visual Manipulation Applications

Andrew Brock, Theodore Lim, J.M. Ritchie and Nick Weston, “Neural Photo
Editing with Introspective Adversarial Networks”
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Future Research on GANs

Non-convergence Mode collapse

Discrete Output Latent code usage

Evaluation of GANs

Semi-supervised
learning
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