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Generative models

ÅTraining dataὈ ὼȟȣȟὼ ὴͯ ὼ

ÅResult: distribution ὴ ὼḙὴ ὼ



Generative models

Åὴ ὼ directly

ÅGenerate samples fromὴ ὼ



Applications

ÅAdditional training data

ÅMissing values

ÅSemi-supervised learning

ÅReinforcement learning

ÅMultiple correct answers

ÅText-to-Image Synthesis

ÅLearn useful embeddings

Å...



Maximum likelihood

ÅMaximum likelihood :

ÅMinimize Kullback-Leiblerdivergance:



Generative models



Explicit density

ÅProbability density : ὴ ὼȠ—

ÅHow to designὴ ὼȠ—?

ÅTractable density

ÅApproximate density



Tractable density

ÅFully visible belief networks:

ὴ ὼ ὴ ὼȿὼȟȣȟὼ

ÅWaveNet, NADE, RNN, PixelRNN, PixelCNN

ÅDisadvantages:

ÅO(n) sample generation

ÅNon parallelizable sample generation

ÅGeneration not controlled by a latent code



Tractable density

ÅNonlinearindependent component analysis

ÅContinuous, differentiable, invertibletransformation g betweenὢi ὤ, 
ὼ Ὣᾀ:

ὴ ὼ ὴ Ὣ ὼ ÄÅÔ
‬Ὣ ὼ

‬ὼ

ÅDisadvantages:
ÅChoosing transformation g

Ådim(X) = dim(Z)



Approximate density

ÅDeterministic approximation(variational methods)

ÅLower bound:

flὼȠ— ὰέὫὴ ὼȠ—

ÅComputationally tractable for carefully designed lower bound

ÅDisadvantages:

Ågap between lower bound and true likelihood



Approximate density

ÅStochastic approximation (Deep Boltzmann Machines)

ÅMarkov chain Monte Carlo:

ὼ ήͯὼȿὼ

ÅDisadvantages:

ÅSlow convergence

ÅCurse of dimensionality

ÅSlow sample generation



Implicit density

ÅSample generation fromὴ ὼȠ—

ÅMarkov chain

ÅGenerative Stochastic Network

ÅDisadvantages:slow sample generation for high dimensional data

ÅSample generation in a single step

ÅGAN



Modelswith latent variables

Åὼςobserved variables

Åᾀςlatent variables

ὴ ὼ ὴ᷿ ὼȟᾀὨᾀ



Modelswith latent variables

ÅὴὼȟᾀȠ— ὴὼᾀȠ—ὴᾀ

Åὴᾀ - simple distribution

ÅὴὼᾀȠ— = Ὣᾀςneural network



Expectation Maximization

ὰὲὴὼȠ— flήȠ— ὑὒήȿȿὴ

flήȠ— ήᾀÌÎ
ὴὼȟᾀȿ—

ήᾀ

ὑὒήȿὴ ήᾀÌÎ
ὴᾀȿὼȟ—

ήᾀ

ὑὒήȿὴ πȟὑὒήȿὴ πᵾ ήᾀ ὴᾀȿὼȟ—)

flήȠ— ὰὲὴὼ— ὑὒήȿȿὴ ὰὲὴὼ— lower bound



Expectation Maximization

ÅE step: for fixed parameters — , maximize flήȠ— with respect to ή: 
ήᾀ ὴᾀȿὼȠ—

ÅM step: for fixed ήᾀmaximize flήȠ— with respect to —



Variational Inference

Problems:

ÅE step: evaluation ofὴᾀȿὼȠ—

ÅM step: compute expectation with respect toὴᾀȿὼȠ—

Solutions:

ÅStochastic approximation: Markov chain Monte Carlo

ÅDeterministic approximation: parametrize ήᾀȠ‫ i minimizeὑὒήȿὴ



Variational Autoencoders

Åὴὼ ᷿ὴὼȟᾀȠ— ᷿ὴὼᾀȠ—ὴᾀ

ÅHow to define the latent variablesz?

Åᾀͯ ὔπȟρ independent

ÅHow to calculate integral?

ÅSampleᾀȟᾀȟȣȟᾀ and calculate ὴὼ В ὴὼȿᾀ

ÅήᾀὼȠ‫ ὴͯᾀȿὼȠ—



VariationalAutoencoder

ὰὲὴὼȠ— ὑὒήᾀȿὼȠ—‫ȿὴᾀȿὼȠ ᷿ήᾀȿὼȠ‫ÌÎ
ȟȠ

ȿȠ

ὰὲὴὼȠ— ὑὒήᾀȿὼȠ—‫ȿὴᾀȿὼȠ ᷿ήᾀȿὼȠ‫ÌÎ
ὼᾀȠ—
ȿȠ

ὰὲὴὼȠ— ὑὒήᾀȿὼȠ—‫ȿὴᾀὼȠ ᷿ήᾀȿὼȠ‫ ÌÎὴὼᾀȠ— ᷿ήᾀȿὼȠ‫ ÌÎ
ȿȠ

ὰὲὴὼȠ— ὑὒήᾀȿὼȠ—‫ȿὴᾀὼȠ Ὁͯ ᾀὼȠ‫ ὰὲὴὼᾀȠ— ὑὒήᾀȿὼȠ‫ȿὴᾀ

flὼȠ—‫ȟ Ὁͯ ᾀὼȠ‫ ὰὲὴὼᾀȠ— ὑὒήᾀȿὼȠ‫ȿὴᾀ



Stochastic gradient descent

ÅήᾀὼȠ‫ ὔ‘ὼȠ‫ȟɫὼȠ‫ , ‘ὼȠ‫ȟɫὼȠ‫ neural network

Åὑὒὔ‘ὼȟɫὼ ȿὔπȟρ Ὕὶɫὼ ‘ ὼ‘ὼ Ὧ ὰέὫὨὩὸɫὼ

ÅὉͯ ᾀὼȠ‫ ὰὲὴὼᾀȠ— ḙὰὲὴὼᾀȠ—ȟᾀͯ ήᾀȿὼȠ‫

ÅMaximizeusing stochastic gradient descent:

Ὁͯ Ὁͯ ᾀὼȠ‫ ὰὲὴὼȿᾀȠ— ὑὒήᾀὼȠ‫ȿȿὴᾀ



Reparameterizationtrick

ÅήᾀὼȠ‫ ὔ‘ ὼȟɫ ὼ

Åᾀ ‘ ὼ ɫ ὼ‐ȟ‐ ὔͯπȟρ

Ὁͯ Ὁͯ ȟ ὰὲὴὼᾀ ‘ὼȠ‫ ɫ ὼȠ‫ ‐zȠ— ὑὒήᾀὼȠ‫ȿȿὴᾀ



Variationalautoencoders- results



Variationalautoencoders- results



Variationalautoencoders- results


