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* Project milestone
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Supervised
Learning

Train Input: {X,Y}

Learning output:
f:X =Y, P(ylx)

e.g. classification

Less Labels

Spectrum of Low-Labeled Learning

Unsupervised
Learning

Input: {X}

Learning
output: P(x)

Example: Clustering,
density estimation, etc.
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Supervised Learning
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Unsupervised Learning

o= () ==
= iy —>

x == -|::> p(x)

) Unsupervised Learning

Discrete

Continuous

Discrete

Continuous

Sample from
Distribution
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Traditional unsupervised learning methods:

Density
estimation

Modeling P(x)

Deep Generative Models

a N

.

: : "gﬂ' _ . Principal
Gy o Clustering ' Component
‘,1‘::»;.‘ Analysis
‘*!\

Comparing/ Representation
Grouping Learning

Metric learning & clustering

.

J

Almost all deep learning!

Similar in deep learning, but from neural network/learning perspective

) . What to Learn?




Discriminative vs. Generative Models
Discriminative models model P(y|x)
Example: Model this via neural network, SVM, etc.

Generative models model P(x)

Goodfellow, NeurlPS 2016 Tutorial: Generative Adversarial Netw. orks

) Generative Models Ge‘%



Discriminative vs. Generative Models
Discriminative models model P(y|x)
Example: Model this via neural network, SVM, etc.

Generative models model P(x)

We can parameterize our model as P(x, 8) and use maximum likelihood to optimize the
parameters given an unlabeled dataset: " _
0" =arg IllaXHmede] (:B(l)', 9)
o i

m
= arg max log H Pmodel (;I:(""); 9)
o .
i=1

=argmax ¥ log pmodel (m(i): 9) :

They are called generative because they can often generate samples

Example: Multivariate Gaussian with estimated parameters u, o
Goodfellow, NeurlPS 2016 Tutorial: Generative Adversarial Netv orks

) Generative Models Ge‘%



Maximum le@llhOOd‘ / GAN
N

Explicit density ‘ Implicit densit}-"

N\ o

Markov Chain ‘

Tractable density‘ Approximate density

-Fully visible belief nets GSN
_NADE / \

_MADE Variational  Markov Chain
-PixeRNN Variational autoencoder Boltzmann machine

-Change of variables
models (nonlinear ICA )

Diffusion Models

Goodfellow, NeurlPS 2016 Tutorial: Generative Adversarial Networks But first, how do we generate an image?

Generative Models Gegrgia |
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Given an image, output another image

Each output contains class distribution per pixel

More generally an image-to-image problem

Semantic Segmentation Instance Segmentation
(Class distribution per pixel) (Class distribution per pixel with unique ID)

) How can we generate images? Gegrala |
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3 Classes

) Input & Output

Probability distribution over
classes for this one pixel

v
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Convolution + : Pooling : Convolution + Fully
Non-Linear |  Layer , Non-Linear | Connected
Layer | | Layer | Layers

Fully connected layers no longer explicitly retain spatial information (though the
network can still learn to do so)

Idea: Convert fully connected layer to convolution!

) Idea 1: Fully-Convolutional Network Ge°r9'aQ
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Convolution + Pooling Convolution + Fully Fully Fully
Non-Linear Layer Non-Linear Convolutional  Convolutional  Convolutional
Layer Layer Hidden Layer  Hidden Layer  Output Layer

Each kernel has the size of entire input! (output is 1 scalar)
This is equivalent to Wx+Db!
We have one kernel per output node

) Converting FC Layers to Conv Layers Ge°r9'aﬁ
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Why does this matter?
We can stride the “fully connected” classifier across larger inputs!
Convolutions work on arbitrary input sizes (because of striding)

“tabby cat”
Original sized image . ﬁfﬁ‘?@s@

conv olutlonahzatlon

v

tabby cat heatmap

. ~ Larger
Larger Image g@%@ﬁ Output
'1,‘96/3 o SiZE!
Larger Output Maps

Long, et al., “Fully Convolutional Networks for Semantic Segmentation”, 2015

) Inputting Larger Images Gograla |



Convolutional Neural Network (CNN)

Image

7

|
. We can develop learnable
I Useful, lower-

dimensional or non-learnable

|

|

|

. features
|

B

|

|

|

|

////’ ! upsampling layers!
|
|
|
Convc;lution Pooling Convzlution I Decode r
Non-Linear Layer Non-Linear I .
Layer Layer (De)Convolution (De)Convolution
+ (Un)Poollng + “Image”
Non-Linear Layer Non-Linear
Encoder Layer Layer

A
77/ 4

Useful, Iower-/
dimensional |
features I

|

&

Idea 2: “De”’Convolution and UnPooling Gogratn |



Example : Max pooling
Stride window across image but perform per-patch max operation

X(0:1,0:1) = Hgg ;(5)8] =) max(0:1,0:1) =200

Copy value to position chosen as max
in encoder, fill reset of this window
with zeros

H

=5
o WE %I

N
= WK

i EE
miwad

Pooling

Idea: Remember max elements in encoder! Copy value from equivalent position,
rest are zeros

) Max Unpooling Gegraia
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120 150 120
150 150
X=1100 50 110 |:> Y=[100110
25 25 10 2x2 max pool
Encoder
Decoder
2x2 max unpool
0 300 -
300450
= Y = _
=[loozz0l ~ EP Y=|0 0 l

) Max Unpooling Example (one window) Gegrala |

=



_ 120150 120:> v = [150150 Contributions from
I o -¢ 1100110 multiple windows

25 25 102
are summed

max pool

Encoder
Decoder
2x2 max unpool 0 300+450 O
Y. = 300450 |:> Y;:..=1100 0 250
dec ~ (100 250] dee 0 0 0

) Max Unpooling Example Gegrala)



Convolutional Neural Network (CNN)

Image

7

! We pull max indices from
| .
| Useful, lower- corresponding layers

| |
| |
| | ) .
dimensional . .
! ! features (requires symmetry in
| | e |
| | ||||’ ! encoder/decoder)
| | |
| | |
Convolution | Pooling | Convolution Decoder
+ +
Non-Linear ! Layer ! Non-Linear I .
Layer | Layer (De)Convolution (De)Convolution
Y + “Image”
Non-Linear * Non-Linear
EnCOdeI" Layer | (Un)Pooling Layer
Layer
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How can we upsample using convolutions and learnable kernel?

Normal Convolution

mEEEE
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W=>5 W—k,+1

3

Transposed Convolution (also known as “deconvolution”, fractionally strided conv)
Idea: Take each input pixel, multiply by learnable kernel, “stamp” it on output

“De”Convolution (Transposed Convolution) Ge%%'ﬁ@



120 150 120 1 -1 Contributions from
X=[100 50 110 K = [2 2] o ulfinle wind
25 25 10 — ultiple windows
are summed
[ 120 —120 0O O 120 —-120+ 150 — 150 0 ]
240 — 240 0 O 240 — 2404 300 —300 O
0 0 0O O 0 0 0 O
0 0 0O O 0 0 0 0.
Incorporate Incorporate
X(0,0) X(1,0)

) Transposed Convolution Example Ge%%'ﬁ&



Convolutional Neural Network (CNN)

7

| We can either learn the kernels,
| or take corresponding encoder

Useful, lower-

| | |

| | |

: : : dimensional kernel (no decoder learning)

features

| | | e |

| | | ’ |

| | - Y

| | | |

| Convolution Pooling | Convolution Decoder

Image + +
I Non-Linear ! Layer ! Non-Linear I .
Layer Layer (De)Convolution (De)Convolution
I + I + “Image”
| Non-Linear Non-Linear
: Layer ; (Un)Pooling Layer
Encoder , Layer

I
|

Useful, lower-
dimensional |
features

&

Symmetry in Encoder/Decoder Gograia |
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/

We can start with a
mage —| CNN —> Predictions runkhackoone (6.6
network pretrained on

//@ ImageNet)!

CNN

) Transfer Learning Gogratn |



input
image

output
tile

| segmentation
g map

\

388x388

You can
have skip
connections
to bypass
bottleneck!

= CONV 3X3, RelLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
= CONnv 1x1

Ronneberger, et al., “U-Net: Convolutional Networks for Biomedical Image Segmentation”, 2015

Georgia I&
Tech



Summary

Various ways to get image-like outputs, for
example to predict segmentations of input
images

Fully convolutional layers essentially apply
the striding idea to the output classifiers,
supporting arbitrary input sizes
(without output size depending on what
the input size is)

We can have various upsampling layers that
actually increase the size

Encoder/decoder architectures are popular
ways to leverage these to perform general
image-to-image tasks

Georgia
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Variational

Autoencoders
(VAESs)
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Maximum leethOd‘ / GAN
N

Explicit density ‘ Implicit densit}-"

N\ o

Markov Chain ‘

Tractable density‘ Approximate density

-Fully visible belief nets GSN
_NADE / \

_MADE Variational  Markov Chain
-PixelRNN Variational autoencoder Boltzmann machine

-Change of variables
models (nonlinear ICA)

Goodfellow, NeurlPS 2016 Tutorial: Generative Adversarial Networks

Generative Models




Comparison

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

Generator

b4 > VA >
D(x) G(z)
a N Encoder z Decoder N
q5(2z[x) pe(x|z)
Flow Z Inverse
X |—» — > _ -
f(x) f(2)
Xo— X1—X2——— = e e —




Minimize the difference (with MSE)

\

Encoder

_—

Low dimensional embedding

Linear layers with reduced Linear layers with increasing
dimension or Conv-2d dimension or Conv-2d layers
layers with stride with bilinear upsampling

) Autoencoders




What is this?
Hidden/Latent variables
Factors of variation that —
produce an image:
(digit, orientation, scale, etc.)

P(X) = fP(XIZ; 0)P(Z)dZ

We cannot maximize this likelihood due to the integral
Instead we maximize a variational lower bound (VLB) that we can compute

Kingma & Welling, Auto-Encoding Variational Bayes

) Formalizing the Generative Model




We can combine the probabilistic view, sampling, autoencoders, and
approximate optimization

Just as before, sample Z from simpler distribution

We can also output parameters of a probability
distribution!

Example: u, o of Gaussian distribution

For multi-dimensional version output
diagonal covariance

How can we maximize
P(X) = [P(X|Z;0)P(2)dZ

) Variational Autoencoder: Decoder



We can combine the probabilistic view, sampling, autoencoders, and
approximate optimization

Given an image, estimate Z

Again, output parameters of a
distribution

Encoder

QZ|X; )

Variational Autoencoder: Encoder




We can tie the encoder and decoder together into a probabilistic autoencoder
Given data (X), estimate u,, o, and sample from N(u,, a,)
Given Z, estimate u,, o, and sample from N (u,, o,.)

e [0 ]
Encoder
Q(Z1X; ¢)

» Putting Them Together



How can we optimize the parameters of the two networks?

Now equipped with our encoder and decoder networks, let's work out the (log)
data likelihood:

log pp(z'V) = B st [log pg(a:(’:))} (po(2?) Does not depend on z)

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu: g

) Maximizing Likelihood s




log pe (V) = B ooslila® [log pg(x(i))} (pg(a:(i)) Does not depend on z)

(4)
=E, {log pol™ | z)pg(z)] (Bayes’ Rule)
po(z | z(V)

po (¢ | 2)po(2) 4s(2 | 29)]
po(z | ) \ge(z | @) ]

=E, {log (Multiply by constant)

ao(2 | 217)
po(z | =)

] (Logarithms)

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu: g

) Maximizing Likelihood I




Aside: KL Divergence (distance measure for distributions), always >=0

KL(a||b) = H.(a,b) — H(a) = ¥ a (x)loga(x) — ¥ a(x) log b(x)

Definition of Expectation
E[f] = Eonglf(2)] = ) _ a(2)f(2)
ze)

KL(a|lb) = E[log a(x)] — E[log b(x)] = E[log %l

KL-Divergence



log pe (V) = B ooslila® [log pg(x(i))} (pg(:z:(i)) Does not depend on z)

(4)
=E, {log po(™ | z)pg(z)] (Bayes’ Rule)
po(z | )

po (2 | 2)po(2) g (2 | 2'*)
po(z [2)  gy(z | z)

=E, [log ] (Multiply by constant)

, (4) (%)
—E. {logpg(:r:(z) | z)] -E, {log 4z |2 )] + E, llog il L(i))] (Logarithms)
Po(2) po(z | x)

= E. [logps(z¥) | 2)| — Dxcr(gs(= | 2¥)||po(2)) + Dcr(go(z | 2@) | po(z | 29))

—~

The expectation wrt. z (using
encoder network) let us write
nice KL terms

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu: g

) Maximizing Likelihood I




log pe (V) = B ooslila® [log pg(x(i))} (pg(:z:(i)) Does not depend on z)

(4)
=K. {log po(™ | z)pg(z)
po(z [2) |
_ po (2™ | 2)py(2) gs(z | )
=E, |log : .
po(z | x®)  gy(z | 2)

] (Bayes” Rule)

] (Multiply by constant)

—E, {logpg(;r:(z) | z)] -E, {log 42| )] + E, [log 42 | @ G )] (Logarithms)
po(2) po(z | )

— E. [logps(2? | 2)| — Dir(gs(2 | 29) || ps(2)) + Dicr(go(z | #?) || po(z | #9))

f . +

Decoder network gives p(x|z), can This KL term (between pg(2[x) intractable (saw
compute estimate of this term through ~ Gaussians for encoder and z ~ earlier), can’t compute this KL
sampling. (Sampling differentiable prior) has nice closed-form term :( But we know KL
throuah reparam. trick. see paper.) solution! divergence always >= 0.

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu: g

) Maximizing Likelihood ceslliS

Tec



log pg(zV) = L [log pg(x(i))} (pg(a:(i)) Does not depend on z)

(4)
=E, {log po(™ | z)pg(z)] (Bayes’ Rule)
po(z | )

(29 | 2)po(2) 4o (2 | &)
po(z | x)  gs(z | =)

, (1) ()
—E, {lngg({L‘(%) | z)] -E, {log 42| @ )w +E, [log 42 | T G )w (Logarithms)
] po(2) pe(z | )

£(x("3‘: 0,) > (
' - 0. ¢" — Lz, 0,
log po(z) > L(z®, 6, ¢) ,d* = arg maxz (2 &)

Variational lower bound (“ELBQO”) Training: IVIaX|m|ze Iower bound

E. {log i ] (Multiply by constant)

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu: g

) Maximizing Likelihood s




Putting it all together: maximizing the
likelihood lower bound

E. [logpg(x(i) | z)] — Dir(gp(2 | x(i)) || po(2))

N

(.6, 9)
Make approximate
posterior distribution

B B | O

Encoder
QZ|X; )
From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu: g

) Forward and Backward Passes Geo

Tec




Putting it all together: maximizing the
likelihood lower bound

E. [logpg(x(i) | z)] — Dir(gp(2 | x(i)) || po(2))

E(ﬂﬁ(”af’y Sample from Q(Z|X)~N(u,, 0,)

Encoder
Q(Z1X; ¢)

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu:g
-

» Forward and Backward Passes




Putting it all together: maximizing the
likelihood lower bound Maximize likelihood of

A \ original input being
E. [logpg(x(“ | z)] — Drrlgs(z | 2@) | po(2)) reconstructed
£, QW -

Sample from P(X|Z; 0)~N(u,, o)

Encoder
Q(Z1X; ¢)

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeu:g
c’

Forward and Backward Passes




Problem with respect to the
VLB: updating ¢

Lvag = By, (z|2) [log p G(Z’w)] | KLIN (u(X), B(X))IN(0, D] | =

g5 (2|z)
= —Dxr(44(2[2)||ps(2)) + Eq, (2]a) log po (|2

Z~Q(Z|X; ) :need to

Encoder

differentiate through the (@)

sampling process w.r.t ¢
(encoder is probabilistic)
From: Tutorial on Variational Autoencoders

https://arxiv.orq/abs/1606.05908

From: http://qokererdogan.qithub.io/2016/07/01/reparameterization-trick/

) Problem Ge‘%



https://arxiv.org/abs/1606.05908
http://gokererdogan.github.io/2016/07/01/reparameterization-trick/
http://gokererdogan.github.io/2016/07/01/reparameterization-trick/
http://gokererdogan.github.io/2016/07/01/reparameterization-trick/

)% |

™

[11X — f(
A

Solution: make the randomness

: f(z)

independent of encoder output, )

making the encoder deterministic KLIN (u(X), S(X))|IN(0, T)] De(c]r;;ier
N N

Gaussian distribution example:

Previously: encoder output =
random variable z~N(u, o)

N_ow_ engoder output = proocisr | (AR
distribution parameter [u, o] (Q)

z=u+exae~N(01)

From: Tutorial on Variational Autoencoders
https://arxiv.orq/abs/1606.05908

From: http://qokererdogan.qithub.io/2016/07/01/reparameterization-trick/

) Reparameterization Trick: Solution


https://arxiv.org/abs/1606.05908
http://gokererdogan.github.io/2016/07/01/reparameterization-trick/
http://gokererdogan.github.io/2016/07/01/reparameterization-trick/
http://gokererdogan.github.io/2016/07/01/reparameterization-trick/
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Kingma & Welling, Auto-Encoding Variational Bayes



Variational Autoencoders (VAESs) provide a principled way to perform
approximate maximum likelihood optimization

Requires some assumptions (e.g. Gaussian distributions)
Samples are often not as competitive as diffusion models or GANs

Latent features (learned in an unsupervised way!) often good for
downstream tasks:

Example: World models for reinforcement learning (Ha et al., 2018)

Ha & Schmidhuber, World Models, 2018

) Summary Ge°




De-noising Auto-encoder

As close as possible

NN »
Encoder Decoder

Vincent, Pascal, et al. "Extracting and composing robust features

JO]J0A

Georgia
=

with denoising autoencoders." ICML, 2008. ech ||



Discrete Representation

e Vector Quantized Variational Auto-encoder (VQVAE)

» NN
Encoder Decoder

(c.f. attention)
Codebook Compute similarity
(a set of vectors)

Learn from data

YK T

L 4

The most similar one
is the input of decoder.

¢ 10]120A 4;4 J0129A

T 0199A

¢ J0129A
JleLEN

G JO129A f

) https://arxiv.org/abs/1711.00937 Slide by Hung-yi Lee Ge?rfgﬁ&



Variational Autoencoders (VAESs) provide a principled way to perform
approximate maximum likelihood optimization

Requires some assumptions (e.g. Gaussian distributions)
Samples are often not as competitive as GANs

Latent features (learned in an unsupervised way!) often good for
downstream tasks:

Example: World models for reinforcement learning (Ha et al., 2018)

Ha & Schmidhuber, World Models, 2018

) Summary Ge°




Comparing the different generative models

Q. Which ones are VAEs good at?
Autoregressive GANs Diffusion
(VAEs)

Mode coverage /
diversity of
generations

Fast sampling

High quality
samples



Comparing the different generative B3 &H&E

VVAEs are bad at generating high quality samples

o RS |
RS A

a7l < IS5

samples

Autoregressive GANs Diffusion
(VAESs)
Mode coverage /
diversity of
generations
Fast sampling
High quality x




Comparing the different generative models

Q. Which ones are GANs good at?

Autoregressive GANs Diffusion
(VAESs)
Mode coverage /
diversity of
generations
Fast sampling
High quality x

samples



Comparing the different generative models

GANSs suffer from mode collapse

Autoregressive GANs Diffusion
(VAEs)
Mode coverage / x

diversity of
generations

Fast sampling
High quality x

samples




Comparing the different generative models

Q. Which ones are Diffusion models good at?

Autoregressive
(VAEs)

GANs

Diffusion

Mode coverage /
diversity of
generations

Fast sampling

High quality
samples

X




Comparing the different generative models

Diffusion models are bad at sampling fast.

Autoregressive
(VAEs)

GANs

Diffusion

Mode coverage /
diversity of
generations

Fast sampling

X

High quality
samples

X




Several ways to learn generative models via deep learning

Variational Autoencoders:
Pro: Principled mathematical formulation
Pro: Results in disentangled latent representations
Con: Approximation inference, results in somewhat lower quality reconstructions
Generative Adversarial Networks (GANSs):
Pro: Amazing results across many image modalities
Con: Unstable/difficult training process, computationally heavy for good results
Con: Limited success for discrete distributions (language)
Con: Hard to evaluate (implicit model)
Diffusion Models
Pro: Great results and diversity!
Con: Slow generation (though lots of tricks to address)

Ha & Schmidhuber, World Models, 2018

) Overall Summary




Comparison

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

Generator

b4 > VA >
D(x) G(z)
a N Encoder z Decoder N
q5(2z[x) pe(x|z)
Flow Z Inverse
X |—» — > _ -
f(x) f(2)
Xo— X1—X2——— = e e —
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