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Section 1

The Quest for Deep Generative Models
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[RIS dataset
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Figure: Two types of Iris flower
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Figure: Dataset D = {(wz,yz)}fil
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Simple Generative Model: Binary Logistic Regres

Model:

p

—
po(ylz) = Ber(y| o(w” z + b))

po(y =1|z) =p
poly=0lz)=1-p

Sigmoid function
Weight vector
Bias value

Model parameters
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Figure: BLR contours for p
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Sampling from Binary Logistic Regr

e setosa (y=0)
e versicolor (y=1)
X plylx) = Ber(y[0.937)

Sampling from py(y|x,) = Ber(y|0.937)
o u~U0,1)

{)ﬁuZQ%ﬂ
o y=

1 if u < 0.937)

petal length (cm)

Figure: Query inference
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BLR Limitation

e setosa (y=0)
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e virginica (y=2)
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Figure: Dataset D = {(a;, y:)}/2y
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=

po(y =L —1|x) =pr_1

where:

S(+)

W € RCXD
b e R

0 ={W,b}
a=Wx+b

P=[P0,-~-7PL—1]T

po(ylz) = Cat(y| S(Wz +b) )
po(y = 0|x) = po

Softmax function
Weight matrix
Bias vector
Model parameters
logits vector
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Sampling from Multinomial Logistic Regression

e setosa (y=0)

e versicolor (y=1)

e virginica (y=2)
x p=/[0.00,0.80,0.20]"
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Sampling from po(ylzq)

0.00
Cat | y| [0.80
0.20
0.0 0.0
oep=|02 | =c=| 02
0.8 1
o u~U(0,1)
0 if u <
ey=<¢ 1 if 0 < u <
2 if u <
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MLR Limitation
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Featur 1sformation
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Classification in the Transformed Space

o class (y=0)
e class (y=1)

1.04

0.5

—0.51

—1.0

(a) MLR result in the transformed space (b) Transformed features
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The Era of Deep Learning

]
!
|

Feature 2

~ S Feature 1

Figure: Learning suitable transformation from data using Deep Neural Networks
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What We Can Do So Far

Model Distribution Sample
po(y|x)
Binary Logistic Regression x € RP
y€{0,1}
po(ylz)

Multinomial Logistic Regression xz € RP
ye{l,2,...,L}

DNN Feature Transformation po(yl)
+ z € RP
Multinomial Logistic Regression ye{l,2,....L}
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Limitation

y is assumed to be a one-dimensional random variable and cannot be extended
to the case where y is a high-dimensional random vector.
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Text-to-Speech Models [1]

Text-to-Speech Models

)y : An audio file
p(yle) : {m : A text

“A single Wavenet can
capture the characteristics of many  Samplingp(z|y)
different speakers with equal fidelity, y
not it’s fast.”
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Text-to-Image Models [2]

Text-to-Image Models

vy : An image
x):
P(yle) {:c : A text
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Image-to-Image Translation [3]

Image Colorization

vy : A Colored image
p(yle) : )
x : A Gray — scale image
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Image-to-Image Translation [3]

Image Inpainting

y : A clean image
pylz) : :
x : A corrupted image
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Image-to-Image Translation

Image Uncropping

vy : A clean image
p(yle) : :
x : A cropped image
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Image-to-Image Translation

Image Restoration

y : A clean image
p(yle) : .
x : A degraded image

(¢) Ground truth
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The Era of Deep Learning

p(y)‘ ye R1024x1024

X
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Section 2

Big Picture
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Deep Generative Modeling Big Picture [4]
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P={p("}
pdata(x)
L(o)t(d' pg = {pg()}
’St(pdata (X)’ .
g p,x)
Py+(X)

0* = argmin,L(0)

Big Picture




Model Learning

o Experience:
N
D ={zi}i,

e Objective:
o Estimating distribution pg(x)
o Tasks:

o Density estimation: pg(Znew)
o Generation: Tnew ~ po(x)
o High-level representation z
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Section 3

Generative Adversarial Networks

(Latent Variable Model)
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Subsection 1

Family Selection
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Family Ove

D,,(x)
Discriminator

G, (2)
Generator

| X' ~Pgg(X) /

Figure: GAN Architecture

Specifications
o z € R ~ N(0,T)
o ' € R64x64%3; Generated Images
o x € R64*64x3; Real Images

e 0,,0,: Generator and discriminator parameters

Sajjad Amini DGM-S01



Generator in Deep Convolutional GAN |[5]

Stride 2

CONV 2 CONV 3 64

CONV 4 -
G(2)

Figure: Generator Architecture in DCGAN (input: z € R'® output: =’ € R64x54%3)
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Discriminator in Deep Convolutional GAN [5]

@ full connected

64x64%X3 32x32x128 16 X 16 x 256 8x8x512 4% 4x1024

Figure: Discriminator Architecture in DCGAN (input: & € R6**64%3 output:
p € [0,1]) [6]
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Subsection 2

Distance Metric
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Distance Metric

D, (x)
Discriminator

G,,(2)

Generator X ~PegX)

Figure: GAN Architecture

Training Generator

Assume we have trained a powerful discriminator such that: {

Then a good generator can be trained as:

’
xT

; —_——
n;m IEzrvp(z) log(]- - D9d (G9g (z)))

Sajjad Amini DGM-S01



Distance Metric

D,,(x)
Discriminator

Gy,(2)

Generator X Peg(X)

Figure: GAN Architecture

Training Discriminator

Assume we have trained a powerful generator that can generate samples quite
similar to real ones. Then a good discriminator can be trained as:

r%i‘x [EENPdam log Dy, (x) + Ez p(z) log (1 — Dy, (Geg (z)))]

Sajjad Amini DGM-S01



Distance M

Dyy(X)
Discriminator

6,2

Generator X ~PeX)

Figure: GAN Architecture

Training GAN

In practice, there is neither a powerful generator nor a powerful discriminator
available at the start. Thus both should be trained in a min-max optimization
as:

ar%min arg;nax [Eznpaaia 108 Do, (®) + Eoop(z) log (1 — Dy, (Go, (2)))]
g d

Sajjad Amini DGM-S01



Distance Metric

D,,(x)
Discriminator

Gy,(2)

Generator X ~PeX)

Figure: GAN Architecture

Desired Convergence situation

We have a successful learning if:
o A powerful discriminator is trained.

@ The generator can fool the discriminator with high probability.
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D,,(x)
Discriminator

6,2

Generator X Peg(X)

Figure: GAN Architecture

Monte Carlo Estimation

ar%min argemax Ezpauea 108 Do, () + E,op(z) log (1 — Dy, (Go, (2)))
g d

%2511 10gD9d(zk) %ch{:l log(l—ng(Ggg(zk)))
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Subsection 3

Applications
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Samples from Deep Convolutional GAN
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lication of Latent Representation [5]
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ication of Latent Representation

L3
smiling neutral neutral
woman woman man

smiling man

Figure: Finding the direction of smile in latent space z [5]
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man man woman

with glasses without glasses without glasses woman with glasses

Figure: Finding the direction of wearing glasses in latent space z [5]
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Section 4

Autoregressive Models

(Likelihood Based Model)
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Subsection 1

Family Selection
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Sample Dataset

Figure: Samples from binary MNIST dataset (@ € R™* and =; € {0,1})

Full Joint Using Chain Rule

P(w) = p(xl)p(x2|x1)p(x3|x2, 551) .. 'p($784|$783, e 7961)
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Complete Distribution Search

pdata(x)
&
Py+(X)
(a) Typical P and Py (b) Generated samples from pg+ assuming P = Py we
can find py+ efficiently
Challenges

#p=1 #p=2 #p=2"""
—~ N

p(x) = p(x1) p(wa|z1) . .. p(T784|T783, . . ., 1)

o Intractable number of parameters: 2784 — 1

o Hard to optimize
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Small Subset Search

Pgata(X)
@,
(a) Typical P and Py (b) Generated samples from py+ assuming we can
find py+ efficiently
Challenges

#p=1 #p=1 #p=1
~ =/

p(x) = p(z1) p(z2) - . . p(T784)

e The resulting pyg(x) cannot capture the data distribution.
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Chain Rule

Using the chain rule, we have:

A

p(x) = p(z1)p(z2lT<s) . .. p(2s|@<i) - . . P(@788|T<784), Ti = [0, ..., Bim1]”

Resembelence to BLR

Consider a factor in the right-hand side of the chain rule as:
p(@ile<i), ; € {0,1}
This problem can be easily solved via BLR (or BLR over DNN features) as:

b; eR
w; € Ri—1

p(@i|T<s; wi, b;) = Ber(z;|o(b; + w] ©<;)), {

Sajjad Amini DGM-S01



Our New Parametric Familty

The new parametric distribution family is called Deep Autoregressive Mod-
els, as they calculate the current state x; given its past x ;.

Number of Parameters
We have:

p(x) = p(z1)p(z2|T<2) . . . P(T0|T<n)
#p=1 #p=2 #p=n

—
p(x) = Ber(z|o(b1)) Ber(za|o(by + wi ®<2)) . .. Ber(zy|o (b, + wlx,))

Thus
o #Parameters for Py: 1+2+3+...+n = %
e 0= {blab27w27' .. ,bn»wn}

Sajjad Amini DGM-S01



Subsection 2

Distance Metric
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Model Likelihood Estimation

Model Likelihood Estimation

We are interested in solving the following problem:

9* = a‘rgrenaXEmdiata [logpe ($)]

Solution via Monte Carlo Estimate

Using Monte Carlo estimate we have:

N
1
Exrpaaca 108 po(T)] = D > " log pe ()
=1

Thus:

N
1
0" = argmax — Y logpy(x;)
o DI ;

Sajjad Amini DGM-S01



Last Piece of the Puzzle

Calculating py(x;)

Assume x € R? and our model is:
p(x) = Ber(z1|o(b1)) Ber(as|o(by + wy X 1))
To compute the probability z; = [1,0]7 w have:

s = H) _ Ber(z1 = 1{o(81)) Ber(zs — 0[o(bs + w3 x 1))

ZO'(bl) X [1—0’(b2+1U2 X 1)]
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Subsection 3

Sampling
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Sampling

Sampling
pling

Assume = € R? and our trained model is (trained parameters are: 6* =
{01, 05, w3 }):

p(x) = Ber(z1]0(b))) Ber(az|o(by + wl x x1))
To sample we do:

@ Ty Sample(Ber(xﬂa(b‘{)))

° I+ Sample(Ber(x2|a(b§ + w} x El)))

The generated sample is: = [z, T2

Sajjad Amini DGM-S01




Subsection 4

Application
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Section 5

Latent Variable Models with Likelihood Training
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Evidence Lower Bound (ELBO)

ELBO is a tractable lower bound to data log-likelihood as:
ELBO(z) < logpg(mk)
Thus the following problem can be replaced for generative modeling;:

K
1
* —_—
0" = argznax = ,},1 ELBO(xy)

v

Models Using ELBO

@ Variational AutoEncoder

e Diffusion probabilistic models

Sajjad Amini DGM-S01 Training



Change-of-Variable Technique

Change-of-Variable Technique
Consider the following two assumptions:
o z~N(0,I),z€RP

o x = f,y(z) where f(-) : R? — R? is a nonlinear invertible function
implemented by a DNN

Then pg(x;) can be calculated analytically using change-of-variable technique.

Models Using Change-of-Variable Technique
e Normalizing Flow

Sajjad Amini DGM-S01 Training



Section 6

Summary
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Model Density Sampling Training Latent Architecture
Autoregressive Exact Slow MLE* - RNN /Transformer
GAN - Fast JSD** RE Generator/Discriminator
VAE Lower Bound Fast ELBO RE Encoder /Decoder
Normalizing Flow Exact Slow/Fast MLE RP Invertible
Diffusion Lower Bound Slow ELBO RP Encoder/Decoder

*Maximum Likelihood Estimation

**Jenson-Shanon Divergence

Table: Summary of Deep Generative Models
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