CS 4803 / 7643: Deep Learning
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— Variational Auto-Encoders (VAES)

— ?ey ldeas
— AEs, Variational Inference
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Recap from last time
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Overview

e Unsupervised Learning

e Generative Models
o PixelRNN and PixelCNN
o Variational Autoencoders (VAE)
o Generative Adversarial Networks (GAN)

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



So far... Supervised Learning

Data: (x, y)
X is data, y is label

Goal: Learn a function to map x ->y

Examples: Classification,
regression, object detection,
semantic segmentation, image Classification
captioning, etc.

This i s CCO ) .

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n


https://pixabay.com/en/kitten-cute-feline-kitty-domestic-1246693/
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x
gust data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: Clustering,
dimensionality reduction,
feature learning, density
estimation, etc.

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: Clustering,
dimensionality reduction, K-means clustering
feature learning, density
estimation, etc.

This i cCo ) .

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n


https://commons.wikimedia.org/wiki/File:ClusterAnalysis_Mouse.svg
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Supervised vs Unsupervised Learning

Unsupervised Learning

original data space
component space
I PCA
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Just data, no labels!
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Goal: Learn some underlying
hidden structure of the data -
2-d
Examples: Clustering,
dimensionality reduction, Principal Component Analysis
feature learning, density (Dimensionality reduction)
estimation, etc. s imase

CCo X )

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n


http://phdthesis-bioinformatics-maxplanckinstitute-molecularplantphys.matthias-scholz.de/fig_pca_illu3d.png
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x

|
Just data, no labels! 1d d@estimation

Goal: Learn some underlying
hidden structure of the data

S e

)

Examples: Clustering,
dimensionality reduction,
feature learning, density
estimation, etc.

2-d density estimation

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

left and right


https://commons.wikimedia.org/wiki/File:Bivariate_example.png
https://www.flickr.com/photos/omegatron/8533520357
https://creativecommons.org/publicdomain/zero/1.0/deed.en

-]
Tasks

Supervised Learning

X > Classification >y Discrete |

X > Regression >y Continuous

y

Unsupervised Learning

X > Clustering > C Discrete

Dimensionality .
X > Reduction > y4 Continuous
X > Density > p(x) On simplex

Estimation
(C) Dhruv Batra 10



Some Data
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K-means

1. Ask user how many
clusters they’d like.
(e.qg. k=5)

(C) Dhruv Batra
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K-means I«

1. Ask user how many
clusters they'd like.
(e.qg. k=5)

2. Randomly guessk | *f T
cluster Center

locations
0’4 —0—
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%07

(C) Dhruv Batra Slide Credit: Carlos Guestrin 13



— Auton”’s Graphics | _Ji
K-means |-

0.8 T
1. Ask user how many

clusters they'd like.
(e.g. k=5)

2. Randomly guessk | *f T
cluster Center S
locations —r ot

3. Each datapoint finds | o« + . e

out which Center it's ’
closest to. (Thus

each Center “owns”

a set of datapoints) | ®2 T

x0 7

(C) Dhruv Batra Slide Credit: Carlos Guestrin 14



— Auton”’s Graphics | _IH
K-means |-

1. Ask user how many "

clusters they'd like.
(e.g. k=5)

2. Randomly guess k | *F
cluster Center
locations

3. Each datapoint finds | .4
out which Center it's
closest to.

4. Each Center finds
the centroid of the
points it owns

0,2

x0 7

(C) Dhruv Batra Slide Credit: Carlos Guestrin 15



= Auton’s Graphics

K-means |-

1. Ask user how many | os T
clusters they'd like.
(e.g. k=5)

2. Randomlyguessk | ;. 4
cluster Center
locations

3. Each datapoint finds
out which Center it’'s
closest to.

4. Each Center finds
the centroid of the | %2 T
points it owns...

RS
0.4 T
é

5. ...and jumps there ; 0.2 0.4 0.6 0.8 1

x0 7

6. ...Repeat until
(C) bhruv BA@rminated! Slide Credit: Carlos Guestrin 16



X
K-means

 Randomly initialize k centers
- 1O =0 ©

» Assign:
— Assign each pointie{1,...n} to nearest center:
N—

)

— (i) «— argmin ||x; — ;)

B

* Recenter:
— p; becomes centroid of its points
—_— S— s

(C) Dhruv Batra Slide Credit: Carlos Guestrin 17



What is K-means optimizing?

* QObijective F(u,C): function of centers p and point

allocations C:
ffj )Z{ixz NC(z)H

— 1-of-k encoding ZzangXz ugj

. Optimgl K-means:
—Wminuﬁlina F(up,a)

a—p

(C) Dhruv Batra 18



K-means as Co-ordinate Descent

« Optimize objective function:
min  min F(g,a) = min  min Z M\XZ— — p;)?
| 7 5 Mt AQ1,..., an H1,--- HE ai,..., anN “ —

. mgtimize a (or C)

(C) Dhruv Batra Slide Credit: Carlos Guestrin 19



K-means as Co-ordinate Descent

« Optimize objective function:

min  min F(p,a) = mm mm Z‘HXZ ,uj||2
Hi,..-, HEe Ai,..., a N Hi,..., kAi,...,

1=1 7=1

. [Fix a (or C)\ optimize p

(C) Dhruv Batra Slide Credit: Carlos Guestrin 20



[Eenerative Mod@

YGiven t@i_rligg__d_ala, generate new sample

B =

l Training data ~ pyata(X) ’ ) Generated samples ~ pmodel(x) ‘ l

- Want to learn p,oq4e((X) Similar to pyaa(X)

R 0

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Taxonomy of Generative Models

/Direct

/ GAN

Generative models

Explicit density

—

Implicit density

——

Tractable density Approximate density Markov Chain
Fully Visible Belief Nets / \ GSN
- NADE — :
- MADE Variational Markov Chain
- RIxelRNIWONN Variational Autoencoder Boltzmann Machine

Change of variables models
(nonlinear ICA)

Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Taxonomy of Generative Models

Direct
We will discuss 3 most GAN
popular types of generative Generative models
models /\
Explicit density Implicit density
Tractable density Approximate density Markov Chain

Fully Visible Belief Nets / \ oSN

- NADE — )

- MADE Variational Markov Chain

- |PixelRNN/CNN Variational Autoencoder Boltzmann Machine

Change of variables models

nonlinear ICA
( ) Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



PixelRNN and PixelCNN




Fully Observable Model

Explicit density model

Use chain rule to decompose likelihood of an image x into product of 1-d
distributions:

) Hp mzlmla 371,—1) &~
T —

- N

image X given all previous pixels

-
Then maximize likelihood of training data B "’@Sh -

—_—

Xy - "\’(Z—l —> | NN X WW Q@UFCZB

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



PlerRNN [van der Oord et al. 2016] P(”}( S ! gyb\b

Generate image pixels starting from corner

o 0 ¢
. . O

Dependency on previous plxel‘s/m_od’_eled P
Q

using an RNN(CSTV O O
O O O X
O O/@/

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n

e



Pixe |m [van der Oord et al. 2016]
—_—

Still generate image pixels starting from
corner

Dependency on previous pixels now
modeled using a CNN over context region

Slide Credit: Fei-Fei Li, Justin Johnson,

Figure copyright van der Oord et al., 2016. Reproduced with permission.

Serena Yeung, CS 231n




Variational
Autoencoders (VAE)




-]
So far...

PixelCNNs define tractable density function, optimize likelihood of training data:

n
po(z) = | [ po(zslor, i)

k i 1=1 —

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



So far...

PixelCNNs define tractable density function, optimize likelihood of training data:

Pe(l‘) = HP9($i|$1,---,5L‘i—1) 67@'9’/\

?C % / j
-deflne intractable density functlon}\mth latent z) L’L p
)pG i 2)py $|Z dZTﬂ . ;\%

?(j— 23 F(ZD

Cannot optimize directly, derive and optimize lower bound on likelihood instead

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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(C) Dhruv Batra Figure CredE Kevin
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= (Gaussian Mixture Model

12(1/2) o
) = 2 PRIy e Mmgniain
o ] 1 Y,
p(2in) = P O _ ﬁPliJ?)?(?)ﬁ/(\jW
- PO 20D O 7
~p@xl2)

L <
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K-means vs GMM

« K-Means

— http://stanford.edu/class/ee103/visualizations/kmeans/kmean
s.html

« GMM

— https://lukapopijac.github.io/gaussian-mixture-model/

(C) Dhruv Batra 36


http://stanford.edu/class/ee103/visualizations/kmeans/kmeans.html
https://lukapopijac.github.io/gaussian-mixture-model/

e
Hidden Data Causes Problems #1

=

. / Fully Observed (Log) Likelihood factorizes7

. )Marginal (Log) Likelihood doesn’t factorizg

» All parameters coupled!

(C) Dhruv Batra 37



(C) Dhruv Batra 38



Hidden Data Causes Problems #2

°{ Identifiability) 195 \ T G

145

-10.5]

-15.5}
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(C) Dhruv Batra Figure Credit: Kevin Murphy 39




L
Hidden Data Causes Problems #3

=

« Likelihood has singularities if one Gaussian
“collapses”

M\ = X\
©

gl - 2-

oo
| e
oy G &> e

(C) Dhruv Batra Xy X — 40
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Variational Auto Encoders

VAEs are a combination of the following ideas:

i 1.)Auto Encoders [

2.| Variational Approximation
|+ Variational Lower Bound / ELBO

3. Amortized Inference Neural Networks

\ 4. "Reparameterization” Trick

—_—

(C) Dhruv Batra 42



X
Autoencoders

— )
Unsupervised h for learning a lower-dimensional feature representation

from unlabeled training data

Features | ) 2 A
/ Encoder
Input data €T
%

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

Originally: Linear +

nonlinearity (sigmoid)
Later: Deep, fully-connected

Later: ReLU CNN
——

Features Z uhﬁ[m .

T Encoder _A-A.E@

Input data €T sew
i el R T

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

z usually smaller than x Originally: Linear +
(dimensionality reduction nonlinearity (sigmoid)
Later: Deep, fully-connected
T_Q:W/hydimensionality Later: ReLU CNN
reduction?
Features uhﬁ[m .

PN als
R P

YA
T Encoder
Input data €T

7l <« [ES

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation
from unlabeled training data

z usually smaller than x
(dimensionality reduction)

Q: Why dimensionality
reduction?

A: Want features to

capture meaningful Features <
factors of variation in
data

— Input data T

Originally: Linear +
nonlinearity (sigmoid)

Later: Deep, fully-connected
Later: ReLU CNN

p ] | =
B =

Encoder u?ﬁﬁ @
e RS )

7l <« [ES

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



X
Autoencoders

How to learn this feature representation?

Features

YA
T Encoder
€T

Input data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

How to learn this feature representation?
Train such that features can be used to reconstruct original data

“Autoencoding” - encoding itself

Reconstructed 7
input data

Features z
€T

Input data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

How to learn this feature representation?
Train such that features can be used to reconstruct original data
“Autoencoding” - encoding itself
Originally: Linear + 2
nonlinearity (sigmoid)

Reponstructed T / Later: Deep, fully-connected
input data Later: ReLU CNN (upconv)
T Decoder
Features Z uiﬁ[ .ﬂ
T Encoder ‘“ﬁ@
S
Input data e “E > .ﬁ

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

Reconstructed data

e i =T

How to learn this feature representation? ’E. n@
Train such that features can be used to reconstruct original data nsgn

“Autoencoding” - encoding itself -
-H: LT

Re.conStrUCted 53 Encoder: 4-layer conv
input data Decoder: 4-layer upconv
T Decoder 4

_ Inputdat:
Features A 'ﬁ }_-—. 5[ |
T err BN e
o el 5 ] M
noutsota [ sliri) < W

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

Reconstructed data

e i =T

Train such that features _ "E ‘ na
L2 L function:
can be used to \ :‘cl)zs_lgl'c;]lo: SEE

reconstruct original data -
bl < S8
Reconstructed 4

. Encoder: 4-layer conv
input data Decoder: 4-layer upconv
Decode 4

- Input data
Features r \ < = B

4 -ﬁ k ‘i{,"
Encode E A@

Input data 7)__3;_\ ag¥§
= b7 < S

WL,EH

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



X
Autoencoders

Reconstructed data

e = T
. ’ ' ’
-Cr;?]mb:uucshe;hta; features L2 Loss function: Doesn'’t use labels! sgg

reconstruct original data |z _;j‘;||2 < .H .E
" «
T o
Re.conStrUCted 53 Encoder: Ilayer conv

input data Decoder: 4-layer upconv

T Decoder o uttjgta
Features A ﬁ = =)
T Encoder ’EA@
e VLSRG
Input data X -E p” -E

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



X
Autoencoders

 Demo

— https://cs.stanford.edu/people/karpathy/convnetjs/demo/auto
encoder.html



https://cs.stanford.edu/people/karpathy/convnetjs/demo/autoencoder.html

Autoencoders

Reconstructed 7
input data S A '
\ De//o er
Featufes || 2 .’I 4§‘
T E\n\oder
Input data €T !
d L ee——D

-~

After training,
throw away decoder

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



X
Autoencoders

P
Loss function
(Softmax, etc bird  plane
dog deer truck
Predicted Label /| ¥ Yy
| - Train for final task
ssifier Fine-tune . .
Encoder can be encoder (sometimes with
used to initialize a Features = jointly with small data)
supervised model classifier
Encode
W] "
put data T MJ!&W

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Autoencoders

D
5 {! (% Y(@ g @
[ (’- Autoencoders can reconstruct

data, and can learn features to
initialize a supervised model

Reconstructed T Features capture factors of
input data A variation in training data. Can we
Decoder generate new images from an
autoencoder?

Featu resw o \\

Encoder

Input data T

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



-
Variational Autoencoders

Probabilistic spin on autoencoders - will let us sample from the model to generate data!

Z Z

Encoder q,zx)

f Data: x Reconstruction:

Image Credit: https://jaan.io/what-is-variational-autoencoder-vae-tutorial/



Variational/Auto Encoders

VAEs are a combination of the following ideas:

—

{ 1. Auto Encoders

)

e

2. Mppmximation

 Variational Lower Bound / ELBO
3. Amortized Inference Neural Networks

4. "Reparameterization” Trick

(C) Dhruv Batra 58



Key problem

* P(z|x) - Plz, 0 _ P(liﬁ Y@
— - P - [2 2DV
2

)

Q'

(C) Dhruv Batra 59



What is Variational Inference?

* A class of methods for
— approximate inference, parameter learning
— and approximating integrals basically..

 Key idea
- )3ea|itv E Complexl)

— |Instead of performing approximate computation@
complex,

_ S— 4/_7_!
—| Can we perform exact computation in something “simgle”:.%

— Just need to make sure the simple thing is “close” to the
complex thing.

(C) Dhruv Batra 60



Intuition

(C) Dhruv Batra



-
KL divergence:

Distance between distributions

* Given two distributions p and g KL divergence:

* D(pllq) = 0iff p=q

* Not symmetric — p determines where difference is
important

(C) Dhruv Batra Slide Credit: Carlos Guestrin 62



Find simple approximate distribution

. Suppos@isﬂt_ra_c_table posterior
« Want to find simple g that approximates p
« KL divergence not s?y'mmetric

* D(pll9)
— true distribution p defines support of diff.
— the “correct” direction

— will be intractable to compute

* D(dllp)
— approximate distribution defines support

— tends to give overconfident results
— will be tractable

(C) Dhruv Batra Slide Credit: Carlos Guestrin
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Example 1

« p = 2D Gaussian with arbitrary co-variance
» g = 2D Gaussian with diagonal co-variance

argmin_q KL (p || 9) argmin_q KL (q || p)

Z2 Z2

0 0.5 21 1 0 0.5 Z1 1
(b) (a)

(C) Dhruv Batra p = Green; g = Red 64



Example 2

| p = Mixture of Two Gaussians l/ o@
* [ q = Single Gaussian é \@ 5?//25




