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Generative models
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Applications

AAdditional training data
AMissing values
ASemi-supervised learning
AReinforcement learning
AMultiple correct answers
ATextto-lmage Synthesis
ALearn usefuembeddings

A...



Maximum likelihood

AMaximum likelihood

0" =argmax | | Pmode (m(i);ﬂ)
ge E del

= arg max 10g | [ Pmodel (:c(” ; 9)
6 i—1

~argmax Y log o (2:0)
=1

AMinimizeKullbackLeiblerdivergance

0* = arg min Dy (Pdata()||Pmodel (5 6))



Generative models
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Explicit density

AProbability density 1) o —
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Tractable density

AFully visible belief networks:
N (@ N w0 M8 Foo
AWaveNet, NADE, RNN, PixelRNN, PixelCNN

ADisadvantages
A O(n) sample generation
A Non parallelizable sample generation

A Generation not controlled by a latent code



Tractable density
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AChoosing transformation g
Adim(X) = dim(2)



Approximate density

ADeterministic approximatiovariational methods)
ALower bound
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AComputationally tractable for carefully designed lower bound

ADisadvantages

Agap between lower bound and true likelihood



Approximatedensity

AStochastic approximatiofDeep Boltzmann Machines)

AMarkov chain Monte Carlo
ADisadvantages:
A Slow convergence

A Curse of dimensionality

A Slow sample generation



Implicit density

ASample generation from o —

AMarkov chain

A Generative Stochastic Network

A Disadvantagesslow sample generation for high dimensional data
ASample generation in a single step

A GAN



Modek with latent variables

A ¢ observed variables
A & ¢ latent variables
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Modek with latent variables
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Expectation Maximization
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Expectation Maximization

AE step: for fixed parameters- , maximizefl (NN with respect ton:
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Variationalnference

Problems
AEstep: evaluation off] asd}—
AM step: compute expectation with respect 1) ad}—

Solutions

AStochastic approximatiorMarkov chain Monte Carlo

ADeterministic approximatiorparametrizer) A i minimizev ORYN)



Variational Autoencoders

A | AN | Alaan-n

AHow to define the latent variablez?
Adax 0 (1tp) independent

AHow to calculate integral
ASample{ad hd B hd }and calculate) @ —B 1) g
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VariationalAutoencoder
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Stochastic gradient descent
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Reparameterizatiotrick
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Variationahutoencoders results
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Variationahutoencoders results

./‘Jﬂuu /nvzgﬂ

LY BN P Y (e8] KN
N o R

3

Y R K




Variationahutoencoders results



