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Unsupervised learning Representation learning



Representation Learning
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Missing Pieces

. V4
AControllable representations O

ALearning from weak supervision @

ARobust learning methods



Talk Goals

AGive overview of recent advances in unsupervised learning

AHighlight open research challenges



Density Estimation



Learning Probabillistic Models

C



Learning Probabillistic Models
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Assumptions orf:

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 network:s
A "QGAN WGAN



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



Implicit models as building blocks

AFor inference (as in AVB), or
AAs model component, or
AAsregularizer



Problem 1

Implicit Models
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Implicit Models: Problem 2

N

N w not defineda.e.



Generative Adversarial Networks



GAN = Implicit Models +
Estimation procedure



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
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Natural Images (Radford et al., 2015, arXiv:1511.06434)



