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Outline

e Variational Auto-Encoders (VAEs)
e Self-Supervised Learning (SSL)
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variational parameters v ,i.e.  q(z|x,v)
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o p(x,z|6)
5 q(z|x)

£(0;x) = Eq(zx) \ ] + KL(q(zIx} || p(z|x, B))

Recap: Variational Inference

e Choose a family of distributions over the latent varigbles z with its own set of
variational parameters v ,i.e.  q(z|x{v gjo

e We maximize the ELBO over ¢ to find an “optim@il approximation” to p(z|x)

argmaxy, Egzxv) [logp(x,z|9)
’ q(z|x,v)
— argmax,, [Eq(z|x,v) [log p(x: Zlg)] _ IE':q(z|x,v)[ log Q(le; V) ]
p(a|x) How do we choose the variational family
KLy | plal0) q(z]x,v)?

e Factorized distribution -> mean field VI
e Mixture of Gaussian distribution -> black-box VI

e Neuvural-based distribution -> Variational Autoencoders
(VAEs)



Variational Auto-Encoders (VAEs)
o Model pg(x,2) = pg(x|z)p(z) Y% € — p's

CT——_.
o pg(x|2z): a.k.a., generative model, generator, (probabilistic) decoder, ...
e P, T

: . =
o p(z): prior, e.g., Gaussian
e Assume variational distribution q4(z|x) ¢
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o E.g., a Gaussian distribution parameterized as deep neural networks

© a.k.a, recognition model, inference netwgrk, (probabilistic) encoder,
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Variational Auto-Encoders (VAEs)

e Model pg(x,2) = py(x|2)p(2)
o po(x|2):
o p(z): prior, e.g., Gaussian
e Assume variational distribution q4(z]x)

o E.g., a Gaussian distribution parameterized as deep neural networks
0

e ELBO:

L(0, ¢; x) = Eq (z1x)[log pe(x, 2)| + H(qy(2]x))
= Eg,zix) [log pe(x]2)] —KL(gy(zlx) || p(2))

==

Reconstruction Divergence from prior
(KL divergence between two Guassians has
an analytic form)



Variational Auto-Encoders (VAEs)

o O:
ELB £(6, ;%) = Eq (7% [log o (x, 2)] + H(gy (2]2))

= Eq zi1x) [l0g pe(x|2)] — KL(qy(z|x) || p(2))
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Variational Auto-Encoders (VAEs)

o O:
ELB £(6, ;%) = Eq (7% [log o (x, 2)] + H(gy (2]2))

= Eq zi1x) [l0g pe(x|2)] — KL(qy(z|x) || p(2))

VoL =Eg, (zix)[Volog pg(x, 2)]



Variational Auto-Encoders (VAEs)

e ELBO:
L(6, ¢; x) = Eg,(z1x)[log pe(x, 2)| + H(qy(z]x))

= Eq zi1x) [l0g pe(x|2)] — KL(qy(z|x) || p(2))

e Reparameterization:
o [u; 0] = fp(x) (a neural network)
o z=u+0oQ®e, €~N(01)

VoL =Eg, (zix)[Volog pg(x, 2)]
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Variational Auto-Encoders (VAEs)

e ELBO:
L(6, ¢; x) = Eg,(z1x)[log pe(x, 2)| + H(qy(z]x))

= Eq zi1x) [l0g pe(x|2)] — KL(qy(z|x) || p(2))
VoL =Ec_ncon| Vz[log pe(x, 2) — log q4(z|x)]| Vyz(e, )]

e Reparameterization:
o [u; 0] = fp(x) (a neural network)
o z=u+0oQ®e, €~N(01)

VoL =Eg, (zix)[Volog pg(x, 2)]
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Example: VAEs for images

encode > decode >
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[https://www.kaggle.com/rvislaywade/visualizing-mnist-using-a-variational-autoencoder]
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Example: VAEs for images

encode > decode >
Inference Generative

Reconstructed
Image
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Distribution

[Courtesy: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n]

Input Data
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Example: VAEs for images

encode > decode >
Inference Generative

Reconstructe
Image
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Distribution

Encoder network
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q¢(2|)
Input Data

[Courtesy: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n]
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Example: VAEs for images

encode > decode >
Inference Generative

Reconstructe
Image
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input hidden output z
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[Courtesy: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n] 15



Example: VAEs for images

encode > decode >
Inference Generative
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Decoder network

po(z]2)

=

~_

yA

Sample z from z|a: ~ N(Mz|;c, Zz|a:)

T

Distribution

Hz|z
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Input Data
[Courtesy: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n]

Ez:‘|:::

~_

b

16




Example: VAEs for images
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Data manifold for 2-d z

: VAEs for images

Example
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Vary z,

[Courtesy: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n]



Example: VAEs for images Data manifold for 2-d z

Generating samples:

e Use decoder network. Now sample z
from prior!
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[Courtesy: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n]



Example: VAEs for text

Latent code interpolation and sentences generation
from VAEs [Bowman et al., 2015].

66 29

i want to talk to you .
“o want to be with you . ”
“o do n’t want to be with you .

1 do n’t want to be with you .
she did n’t want to be with him .

)




Variational Auto-encoders: Summary

e A combination of the following ideas:
o Variational Inference: ELBO
O Variational distribution parametrized as neural networks

O Reparameterization trick

L(6,p; x) = [logpy(x|z)] —KL(q4(z|x) || p(2))

</ ‘l'

Reconstruction Divergence from prior

e Pros: (Razavi et al., 2019)
O Principled approach to generative models

o Allows inference of q(z|x), can be useful feature representation for other tasks

e Cons:
0 Samples blurrier and lower quality compared to GANs

o0 Tend to collapse on text data
21



Summary: Supervised / Unsupervised Learning

e Supervised Learning

0  Maximum likelihood estimation (MLE)

e Unsupervised learning

©  Maximum likelihood estimation (MLE) with latent variables

Marginal log-likelihood

o EM algorithm for MLE

ELBO / Variational free energy

O Variational Inference

a

a

a

ELBO / Variational free energy
Variational distributions

Neural-based (VAEs)

palv)

/KL(g(z:v*) || p(z] %))

encode > decode >
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Input Reconstructed
Image
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Questions?
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