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Generative Models

Goal: Estimate the probability distribution of high-dimensional data

Such as images, audio, video, text, ...

Motivation:

Learn the underlying structure in data.

Capture the dependencies between the variables.
Generate new data with similar properties.

Learn useful features from the data in an unsupervised fashion.
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Autoregressive Models
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Recent Autoregressive models at DeepMind
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Modeling Audio
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Causal Convolution
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Causal Convolution
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Causal Convolution
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Causal Convolution

Output

Hidden
Layer

Hidden
Layer

Hidden
Layer

Input

i/////%

S

A
\
\
\
\
\
p——
p——
\
\
\
=
=

@ Google DeepMind



Causal Convolution
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Causal Dilated Convolution
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Causal Dilated Convolution
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Causal Dilated Convolution
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Causal Dilated Convolution
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Causal Dilated Convolution

oupt © © © © © O © © © © © © O O

dilation=8
Hidden
Layer
dilation=4
Hidden
Layer
dilation=2
Hidden
Layer
dilation=1
Input

@ Google DeepMind



Causal Dilated Convolution
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Multiple Stacks
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Sampling
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Speaker-conditional Generation

Speaker embedding

Does not depend on

timestep

L3
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https://deepmind.com/blog/wavenet-generative-model-raw-audio/

VAT T W iy

Text-To-Speech samples
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http://www.youtube.com/watch?v=I5ZvseQTKgE
http://www.youtube.com/watch?v=8OWhU8zcp2A
http://www.youtube.com/watch?v=WLt_Iel4qN0
http://www.youtube.com/watch?v=J3Zxr_n8ipQ
https://deepmind.com/blog/wavenet-generative-model-raw-audio/

https://deepmind.com/blog/wavenet-generative-model-raw-audio/

T e e

Speaker-conditional samples

(but not conditioned on text)
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http://www.youtube.com/watch?v=2AMFpqx5ikI
http://www.youtube.com/watch?v=bIAki0geVP0
http://www.youtube.com/watch?v=YHud65upWPQ
https://deepmind.com/blog/wavenet-generative-model-raw-audio/

https://deepmind.com/blog/wavenet-generative-model-raw-audio/

Tl Unh e

Piano Music samples
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http://www.youtube.com/watch?v=4xiOsMfE1GQ
http://www.youtube.com/watch?v=TdUPi3uzwEc
http://www.youtube.com/watch?v=vzSLr49yVcI
http://www.youtube.com/watch?v=qcmrT8YykxY
https://deepmind.com/blog/wavenet-generative-model-raw-audio/

VQ-VAE

- Towards modeling a latent space
- Learn meaningful representations.
- Abstract away noise and details.
- Model what’s important in a compressed latent representation.

- Why discrete?
- Many important real-world things are discrete.
- Arguably easier to model for the prior (e.g., softmax vs RNADE)
- Continuous representations are often inherently discretized by encoder/decoder.
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VQ-VAE

Discrete Codes

Decoder

Encoder Q

Related work: ‘ ,
PixelVAE (Gulrajani et al, 2016) b Google DeepMind
Variational Lossy AutoEncoder (Chen et al, 2016)



VQ-VAE
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VQ-VAE

z,(x) ~ a(zlx)
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Images
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= [0, 256]
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ImageNet reconstructions

Original 128x128 images Reconstructions
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VQ-VAE - Sample
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DM-Lab Samples
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3 Global Latents Reconstruction
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3 Global Latents Reconstruction

Originals
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Video Generation in the latent space
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Speech
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https://avdnoord.qithub.io/homepaqge/vgvae/
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http://www.youtube.com/watch?v=e41NSwRTOL8
http://www.youtube.com/watch?v=QLfZW-GcZHY
http://www.youtube.com/watch?v=Ywt0yqRfdxw
http://www.youtube.com/watch?v=-AbGd-Bx4dY
http://www.youtube.com/watch?v=Pfwdi4z4g8s
http://www.youtube.com/watch?v=5SH0r6F4YAk
https://avdnoord.github.io/homepage/vqvae/

Speech - reconstruction
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Speech - Sample from prior
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https://avdnoord.qithub.io/homepaqge/vgvae/
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http://www.youtube.com/watch?v=y5iTgwqFGqA
http://www.youtube.com/watch?v=kHJcyE8osOQ
http://www.youtube.com/watch?v=RC4NVXoCDmk
https://avdnoord.github.io/homepage/vqvae/

Speech - speaker conditional

Discrete
VQ latents
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https://avdnoord.qithub.io/homepaqge/vgvae/
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http://www.youtube.com/watch?v=OgJSMhnewMY
http://www.youtube.com/watch?v=qzglmuZBfvs
http://www.youtube.com/watch?v=WWH1SrFEowM
http://www.youtube.com/watch?v=FkkUhSrohcw
http://www.youtube.com/watch?v=yVzp1a6Uih4
http://www.youtube.com/watch?v=JxlD8BJ9EjM
http://www.youtube.com/watch?v=-qdlDK5g2uM
http://www.youtube.com/watch?v=uAeZIZsCE8w
http://www.youtube.com/watch?v=Ow5JPNwr5NY
http://www.youtube.com/watch?v=x3ddvpII4u0
http://www.youtube.com/watch?v=PYUnqy87CW8
http://www.youtube.com/watch?v=PPCKW9EsjpI
https://avdnoord.github.io/homepage/vqvae/

Unsupervised Learning of phonemes

Phonemes

Discrete codes

alphabet = codebook - Decoder

-
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Unsupervised Learning of phonemes

41-way classification
49.3% accuracy fully unsupervised

Phonemes

| |
0 20 40 60 80 100 120
' Google DeepMind
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