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e graph structured data
» graph neural nets (GNNSs)
 GNNSs for “classical” network problems

1




Lecture overview

* supervised vs unsupervised learning
* generative modeling

e basic foundations
— sparse coding
—autoencoders

» generative adversarial networks (GANSs)

Disclaimer: Some of the material and slides for this lecture were borrowed from

—Justin Johnson's EECS 498/598 class
—Ruslan Salakhutdinov’s talk titled “Unsupervised Learning: Learning Deep Generative Models”

—Ilan Goodfellow’s tutorial on “Generative Adversarial Networks”
—Aaron Courville’s IFT6135 class



Supervised vs Unsupervised Learning

Supervised Learning

Data: (x, y)
X 1S data, y Is label

Goal: Learn a functionto map x — vy

Examples: classification, regression,
object detection, semantic
segmentation, image captioning,
sentiment analysis, etc.

Classification




Supervised vs Unsupervised Learning

Supervised Learning
Object Detection
Data: (X, y) W

X 1S data, v I1s label

Goal: Learn a function to map x — vy

y
Examples: classification, regression, g‘ | ‘ P A=
object detection, semantic = == A= ==
segmentation, Image captioning, DOG, DOG, CAT
sentiment analysis, etc.




Supervised vs Unsupervised Learning

Supervised Learning _ _
Semantic Segmentation

Data: (x, y)

X 1S data, y Is label

Goal: Learn a functionto map x — vy

Examples: classification, regression,
object detection, semantic
segmentation, Image captioning, GRASS, , TREE, SKY
sentiment analysis, etc.




Supervised vs Unsupervised Learning

Supervised Learning Image captioning

Data: (X, v)
X 1S data, v I1s label

Goal: Learn a function to map x — vy

Examples: classification, regression,
object detection, semantic
segmentation, Image captioning,
sentiment analysis, etc.

A cat sitting on a
suitcase on the floor



Supervised vs Unsupervised Learning

Supervised Learning

Data: (X, v)
X 1S data, v I1s label

Goal: Learn a function to map x — vy

Examples: classification, regression,
object detection, semantic
segmentation, Image captioning,
sentiment analysis, etc.

Sentiment Analysis

“This Movie 1s amazing.
It has a great plot and
talented actors, and
the supporting cast 1is
really good as well.”“




Supervised vs Unsupervised Learning

Supervised Learning Unsupervised Learning
Data: (X, v) Data: x
X 1S data, v I1s label Just data, no labels!

Goal: Learn a function to map x —y Goal: Learn some underlying
hidden structure of the data

Examples: classification, regression, Examples: clustering,
object detection, semantic dimensionality reduction,
segmentation, Image captioning, feature learning, density
sentiment analysis, etc. estimation, etc.



Supervised vs Unsupervised Learning

Clustering
(e.g. K-Means)
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Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: clustering,
dimensionality reduction,
feature learning, density
estimation, etc.
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Supervised vs Unsupervised Learning

Dimensionality Reduction
(e.g. Principal Components Analysis)

original data space

Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: clustering,
dimensionality reduction,
feature learning, density
estimation, etc.
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Supervised vs Unsupervised Learning

Feature Learning
(e.g. autoencoders)

L2 Loss function:
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Reconstructed | :'IT}
inputdata Y

Decoder
Features o
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Encoder

Input data T E—

Reconstructed data
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Encoder: 4-layer conv
Decoder: 4-layer upconv

. Input*q§ta
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Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: clustering,
dimensionality reduction,
feature learning, density
estimation, etc.
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Supervised vs Unsupervised Learning

Density Estimation

Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: clustering,
dimensionality reduction,
feature learning, density
estimation, etc.
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Supervised vs Unsupervised Learning

Supervised Learning Unsupervised Learning
Data: (X, v) Data: x
X 1S data, v I1s label Just data, no labels!

Goal: Learn a function to map x —y Goal: Learn some underlying
hidden structure of the data

Examples: classification, regression, Examples: clustering,
object detection, semantic dimensionality reduction,
segmentation, Image captioning, feature learning, density
sentiment analysis, etc. estimation, etc.

14



Discriminative vs Generative Models

Discriminative Model:
Learn a probability
distribution p(y|x)

Generative Model:
Learn a probability
distribution p(x)

Conditional
Generative Model: Label: y

Learn p(x|y) Cat



Discriminative vs Generative Models

. .. _ Probability Recap:
Discriminative Model:

Learn a probability
distribution ply|x)

Density Function

p(x) assigns a positive
number to each possible Xx;
higher numbers mean x is
i more likely
Generative Model:

Learn a probability

distribution p(x)

Density functions
are normalized:

Conditional B
Generative Model: Label: y fx p(x)dx =1
~eamn p(X|y) Cat Different values of x

compete for density
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Discriminative vs Generative Models

P(cat|gE)
Discriminative Model{ Data: x
Learn a probability
distribution p(y|x) P(dog| )
Generative Model: R i
Learn a probability Density functions
distribution p(x) are normalized:

Density Function
.- pP(x) assigns a positive number to

Condltlo_nal each possible x; higher numbers p(x)dx =1
Generative Model: mean x is more likely ¥

Learn p(x|y)

Different values of x
compete for density

17



Discriminative vs Generative Models

Discriminative Model Plcat/ g

Learn a probability

distribution p(y|x) Pldoglgl
Generative Model:

Learn a probability P(dog| g )

distribution p(x)

Conditional

Generative Model: Discriminative model: the possible labels for
Learn p(le) each input “compete” for probability mass.
But no competition between images
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Discriminative vs Generative Models

Discriminative Model
Learn a probability

distribution p(y|x)

Generative Model:
Learn a probability
distribution p(x)

Conditional
Generative Model:

Discriminative model: No way for the model to
Learn p(le) handle unreasonable inputs; it must give label
distributions for all images

19



Discriminative vs Generative Models

Discriminative Model
Learn a probability

distribution p(y|x)

Generative Model:
Learn a probability
distribution p(x)

Conditional
Generative Model:

Discriminative model: No way for the model to
Learn p(le) handle unreasonable inputs; it must give label
distributions for all images

20



Discriminative vs Generative Models

Discriminative Model:
Learn a probability
distribution p(y|x)

Generative Model:

Learn a probability
distribution p(x)

Conditional Generative model: All possible images compete with each other

. for probability mass
Generative Model: P Y
Learn p(x|y)

21



Discriminative vs Generative Models

Discriminative Model:
Learn a probability
distribution p(y|x)

Generative Model:

Learn a probability

distribution p(x) £ o Be- XX
Conditional Generative model: All possible images compete with each other
Generative Model: for probability mass

Learn p(x|y) Requires deep image understanding! Is a dog more likely to sit or

stand? How about 3-legged dog vs 3-armed monkey?
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Discriminative vs Generative Models

Discriminative Model:
Learn a probability
distribution p(y|x)

Generative Model:

Learn a probability

distribution p(x) £ o Be- XX
Conditional Generative model: All possible images compete with each other
. for probability mass
Generative Model: P Y
Learn p(x|y) Model can “reject” unreasonable inputs by assigning them small

values

23



Discriminative vs Generative Models
P( gg|cat)

Discriminative Model:
Learn a probability
distribution p(y|x)

Generative Model:
Learn a probability
distribution p(x)

Conditional

Generative Model:
Learn p(x|y)

Conditional Generative Model: Each possible label
Induces a competition among all images

24



Discriminative vs Generative Models

Discriminative Model: Recall Bayes’ Rule:
Learn a probability
distribution p(y|x)

Generative Model: P(y ‘ x)
Learn a probability P(x | y) — P(x)
distribution p(x) P(J’)

Conditional

Generative Model:
Learn p(x|y)




Discriminative vs Generative Models

Discriminative Model: Recall Bayes’ Rule:
Learn a probability
distribution p(y|x)

(Unconditional)
Generative Model

G tive Model: P X
prlippihdiie PG 1) = 2P )
distribution p(x) P(,V)

Conditional
Generative Model

Conditional

Generative Model:
Learn p(x|y)

We can build a conditional generative
model from other components!




What can we do with a discriminative model?

Discriminative Model:

Learh d probability Assign labels to data
distribution ply|x) > Feature learning (with labels)

Generative Model:
Learn a probability
distribution p(x)

Conditional
Generative Model:
Learn p(x|y)

27



What can we do with a discriminative model?

Discriminative Model:

Lgarh d probability Assign labels to data
distribution ply|x) > Feature learning (with labels)

Generative Model:
Learn a probability Detect outliers

distribution p(x) —p Feature learning (without labels)
Sample to generate new data

Conditional
Generative Model:
Learn p(x|y)

28



What can we do with a discriminative model?

Discriminative Model:

Lgarh d probability Assign labels to data
distribution ply|x) > Feature learning (with labels)

Generative Model:

Learn a probability Detect outliers

distribution p(x) —p Feature learning (without labels)
Sample to generate new data

Conditional

Generative Model: Assign labels, while rejecting outliers!

Learn p(x|y) =%  Generate new data conditioned on input labels



Generative Modeling

» Goal: Learn some underlying hidden structure of the training samples
to generate novel samples from same data distribution

Slide adapted from Sebastian Nowozin 30



Learning a generative mode|

6eEM

. xi“’Pdata
i=1,2,..,n Model family

* \Ve want to learn a probability distribution p(x) over images x s.t.
— Generation: If we sample X,.v ~ P(X), X,ew Should look like a dog (sampling)

— Density estimation: p(x) should be high if x looks like a dog, and low
otherwise (anomaly detection)

— Unsupervised representation learning: \\We should be able to learn what
these images have in common, e.g., ears, tail, etc. (features)

Slide adapted from Stefano Ermon, Aditya Grover 31



Why Unsupervised Learning?

» Given high-dimensional data X = (xq,...,x, )we wantto find a
low-dimensional model characterizing the population.

» Recent progress mostly in supervised DL

* Real challenges for unsupervised DL

» Potential benefits:
— Exploit tons of unlabeled data
— Answer new questions about the variables observed
— Regularizer — transfer learning — domain adaptation
— Easier optimization (divide and conquer)
—Joint (structured) outputs

32



[ Unsupervised Learning j

<\

‘N babilistic Models |
f”'psm a 'C'SZ'I? oaels Probabilistic
ReelSie LAVOLINS (Generative) Models
e Autoencoders

. e (thers (e.g. k-means) / \
(—————— & — — — — —— ~

(Tractable Models ‘Non-Tractable Models | ¢ Generative
e [ully observed ® BoltzmannMachines | Adversarial
Belief Nets e \ariational | Networks
e NADE Autoencoders || ® Moment
_* PixelRNN )| * Helmholtz Machines || Matching
e Many others... 1% Networks
\§ )}

G oE o oGBS GBS GBS GBS GE GE GED GED GE GE GE GED GED GE GE GE GE GE GBS 2GS

Explicit Density p(x) Implicit Density



Unsupervised Learning

» Basic Building Blocks:
« Sparse Coding
« Autoencoders

» Autoregressive Generative Models
* Generative Adversarial Networks
e Variational Autoencoders

* Normalizing Flow Models

34



Sparse Coding

« Sparse coding (Olshausen & Field, 1996). Originally developed to explain early
visual processing In the brain (edge detection).

* Objective: Given a set of input data vectors (y ., . x,1. learnadictionary of
bases, such that:

K
Xn = Z ank¢k
k=1 \

Sparse: mostly zeros

« Each data vector is represented as a sparse linear combination of bases.

35



Sparse Coding

Natural Images Learned bases: “Edges”

New example

=08% ¢pgg * 03* Py FTO5F gy
0.0, 0.0, ... 0.8, ... 0.3, ..., 0.5, ...] = coefficients (feature representation)

Slide Credit: Honglak Lee 36




Sparse Coding: Training

e Input image patches: xi,Xs,...,xy € R”
e Learn dictionary of bases: ¢, s, ..., 0 € R”

2

N K
min Z Xy — Z ank®r|| + A Y Y |
TP =1 k=1 n=1k=1
\ / \ J
Y Y

Reconstruction error Sparsity penalty

 Alternating Optimization:

1. Fix dictionary of bases and solve for activations a (a standard Lasso
problem).

2. Fix activations a, optimize the dictionary of bases (convex QP problem).

37



Sparse Coding: Testing Time

* Input: a new image patch x* , and K learned bases ¢, ¢, ..., o
« Qutput: sparse representation a of an image patch x*.

K

2 K
min ||x* — Z ardr|| + A Z ay|
* 2 k=1

k=1




Sparse Coding: Testing Time

* Input: a new image patch x* , and K learned bases ¢, ¢,, ..., d 5
« Qutput: sparse representation a of an image patch x*.

K 2 K
min ||x* — Z apdr|| + A Z ay|
* k=1 2 k=1

E =0.8 * - +0.3 % E roc+

X* =08% gy *03% pyy  HO5* s

[0.0, 0.0, ...0.8, ..., 0.3, ..., 0.5, ...] = coefficients (feature representation)

39



Image Classification

» Evaluated on Caltech101 object category dataset.

Classification
Algorithm
(SVM)

Input Image Learned Features (coefficients) -
bases 9K images, 101 classes
i
Algorithm Accuracy
Baseline (Fei-Fei et al., 2004) 16%
PCA 37%
Sparse Coding 47%

Slide Credit: Honglak Lee | | (Lee, Battle, Raina, Ng, NIPS 2007)

40



Modeling Image Patches

* Natural Image patches:
—small image regions extracted from an image of nature (forest, grass, ...)

Image

Image taken from: Emergence of complex cell properties by learning to generalize in natural scenes. Karklin and Lewicki, 2009 41



Relationship to V1

* \When trained on natural image
patches

—the dictionary columns (“atoms’’) look
like edge detectors

— each atom Is tuned to a particular
position, orientation and spatial
frequency

— V1 neurons in the mammalian brain
have a similar behavior

Emergence of simple-cell receptive field properties by learning a sparse code of natural images. Olshausen and Field, 1996

—EMERNPNOEZA S

42



Relationship to V1

» Suggests that the brain might be
learning a sparse code of visual
stimulus

_—
I.l.ll!l.-.

— Since then, many other models have
been shown to learn similar features

—they usually all incorporate a notion of
sparsity

»
4

Emergence of simple-cell receptive field properties by learning a sparse code of natural images. Olshausen and Field, 1996



Interpreting Sparse Codmg
rglq?z Xn = Y Gnk®p +)\YY|ank!

n=1k=1

a  Sparse features

OOO0O00000]
I ga) E_xplicit

{OOOOO} Decoding




Interpreting Sparse Codmg

18{171(;1 Xn = Y Gnk®p +)\YY @]
a  Sparse features a
OOOO0OO00] OOO000000)
§ o v,
OOOO0)  Dpecoding OOOO0)  Encoding

« Sparse, over-complete representation a.
 Encoding a = f(x) is implicit and nonlinear function of x.
* Reconstruction (or decoding) X' = g(a) is linear and explicit.

45



Autoencoder

|

Feature Representation

]

N 4

J o

Encoder

~

j

]

Input Image

46



Autoencoder

|

Feature Representation

U

]

Feed-forward,

bottom-up

Feed-back, A 4 A
enerative,
opdown | Decoder Encoder
N / \ /
[ Input Image

» Details of what goes insider the encoder and decoder matter!

* Need constraints to avoid learning an identity.

47



Autoencoder

{ Binary Features z J
Decoder @ ﬁ Encoder
Filters D ( h 4 ) filters W
Linea_r Dz Z=G(WX) Sigmoid
function Y, \_ _/ tunction

1
@ ﬁ o) = 1 4+ exp(—x)

Input Image x ]

48



Autoencoder

[

Binary Features z

U

4

Decoder
Filters D L

o(WTz)

N

J

U

ﬁ Encoder
n

£ -

& filters W
Z=0(Wx

G( ) Sigmoid

\_ J function

1

e exp(—x)

|

Input Image x

|

* Need additional constraints to avoid learning an identity.
» Relates to Restricted Boltzmann Machines (later).

49



Autoencoder

* Feed-forward neural network trained to reproduce its input at the
output layer

Decoder
* ©®0000 | * = o@c)
W = \Slgjrn(cj—l—w h(x))
(tied weights) for binary units
h(x) (OGOO0)
IW Encoder
h(x) = g(a(x))

x (OOO000) — sigm(b + Wx)

50



Loss Function

* Loss function for binary inputs

I(f(x)) = — > (@ log(Zk) + (1 — zx) log(l — Z%))
— Cross-entropy error function (reconstruction loss) f(X) — 3

* Loss function for real-valued inputs

(f(x) =3 2k (@k — 21)

— | ynstruction loss)
—we use a linear activation function at the output

51



Autoencoder

[ Linear Features z ] * |f the hidden and output layers are
linear, it will learn hidden units that

@ ﬁ are a linear function of the data and

C A C A minimize the squared error.
Wz z=Wx _ . .

* The K hidden units will span the

~ / . o same space as the first k principal

@ ﬁ components. The welight vectors
[ Input Image x J may not be orthogonal.

* \With nonlinear hidden units, we have a nonlinear generalization of PCA.

52



Denoising Autoencoder

. _Idea: Representat_ion should be robust to 2 [O@QOQO]

introduction of noise:

—random assignment of subset of inputs to O, W*= W'
with probability v/ (tied weights)
— Similar to dropouts on the input layer h(;{)@@ QQOQO ]
— (Gaussian additive noise
I w
» Reconstruction X computed from the [@OO@O@]
corrupted input x . nons(exr>|;<:)cess

» Loss function compares X reconstruction X [OQOQOQ]
with the noiseless input X

(Vincent et al., ICML 2008) 53



Denoising Autoencoder

54



Learned Filters

Non-corrupted 25% corrupted input

(Vincent et al., ICML 2008) 55



Learned Filters

Non-corrupted 50% corrupted input




Predictive Sparse Decomposition

¢ Binary Features z 1

{Ll Sparsity} @ ﬁ Encoder

filters W
L Dz } £z=0(Wx)} o
Decoder Sigmoid

filters D @ ﬁ function

[ Real-valued Input x }

(Kavukcuoglu, Ranzato, Fergus, LeCun, 2009)

57



Predictive Sparse Decomposition

¢ Binary Features z 1

{Ll Sparsity} @ ﬁ Encoder

filters W
L Dz } £z=0(Wx)} o
Decoder Sigmoid

filters D @ ﬁ function

[ Real-valued Input x }

Ataining  min 1Dz — |3 + el +[lo (W) o]
time D,W.z

Decoder Encoder

(Kavukcuoglu, Ranzato, Fergus, LeCun, 2009)
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Stacked

Autoencoders
[ Features
- m 2\
[ Sparsity J [ Decoder} [ Encoder J
]

[ Input x




Stacked

Autoencoders
[ Features
- ] N
[ Sparsity J { Decoder } [ Encoder J
< []
[ Features
- [ Z
[ Sparsity J [ Decoder J [ Encoder J
]

[ Input x
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StaCked [ Class Labels

J

m Z
Autoencoders [ Decoder } [ Encoder }
N ]
[ Features
- [ Z
[ Sparsity J { Decoder } [ Encoder J
N []
[ Features
- [ Z
[ Sparsity J [ Decoder J [ Encoder J
]

[ Input x
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StaCked [ Class Labels

J

m >
Autoencoders [ Decoder J [ Encoder }
< O]
[ Features
m Z
[ Sparsity J { Decoder } [ Encoder }
< []

- b s

Greedy Layer-wise Learning
N J G ]

[ Input x
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Stacked
Autoencoders

e Remove decoders and use
feed-forward part.

Class Labels

J

2N

[ Encoder }
]

Features

2N

[ Encoder J
]

Features

N

[ Encoder J
]

Input X

63



Stacked
Autoencoders

e Remove decoders and use
feed-forward part.

e Standard, or convolutional neural
network architecture.

 Parameters can be fine-tuned
using backpropagation.

Class Lab

els

J

2N

[ Encoder }

L]

Features

2N

[ Encoder J

L]

Features

N

[ Encoder J

L]

Input X
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Deep
Autoencoder

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Pretraining

Decoder

. _Encoder —

Unrolling Fine—tuning
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Deep Autoencoders

e 25x25 - 2000 - 1000 — 500 — 30 autoencoder to extract 30-D real-
valued codes for Oliver face patches.

'Tq") | N

—F w ' -mmr

 Top: Random samples from the test dataset.
« Middle: Reconstructions by the 30-dimensional deep autoencoder.
« Bottom: Reconstructions by the 30-dimensional PCA.

(Hinton and Salakhutdinov, Science 2006) gg



Information Retrieval

European Community

Interbank Markets Monetary/Economic 2-D LSA Space

.. Disasters and
¢ Accidents

Leading
Economic PSS
Indicators .. -, an *
; v e .. ;}5 .o
Selugt K
g Government
A n © WY .
E;(r:r?i%gtss/ -;;{: Borrowings

* The Reuters Corpus Volume |l contains 804,414 newswire stories (randomly split
into 402,207 training and 402,207 test).

« "Bag-of-words” representation: each article is represented as a vector containing
the counts of the most frequently used 2000 words in the training set.

(Hinton and Salakhutdinov, Science 2006) g7



Semantic Hashing

European Community g8 099 §o

: oo o
Monetary/Economic _qesy o © %o % o
00O Oo@ﬁ%@(%& @] 8 » ;% -
Address Space ° o Qg «‘ : om, v %isasters and

X +W{7 X 1
reo oo Accidents

\

\ ++ L
® Semantically vt
g Similar R
S/ Documents +HE 5
++
Semantic oF 5* ol S s v
Hashing X R xxggfg Government
Function Energy Markets o %;&g&@x % Borrowing
>§§X XXX
T 0P
X x X X x %
Document Accounts/Earnings

* Learn to map documents into semantic 20-D binary codes.
* Retrieve similar documents stored at the nearby addresses with no search at all.

(Hinton and Salakhutdinov, Science 20006)



Searching Large Image Database using
Binary Codes

Input image 30-RBM 128—RBM 256—RBM

* Map images into e los
binary codes for
fast retrieval. - 2

c
’M

« Small Codes, Torralba, Fergus

« Spectral Hashing, Y. Weiss, A. Torralba, R. Fergus, NIPS 2008
» Kulis and Darrell, NIPS 2009, Gong and Lazebnik, CVPR 2011
* Norouzi and Fleet, ICML 2011
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[ Unsupervised Learning j
= \«

4 T
Non-probabilistic Models { Probabilistic }

* Sparse Coding (Generative) Models
e Autoencoders

. e (thers (e.g. k-means) / \
(—————— & — — — — —— ~

(Tractable Models ‘Non-Tractable Models | ¢ Generative
e [ully observed ® BoltzmannMachines | Adversarial
Belief Nets e \ariational | Networks
e NADE Autoencoders || ® Moment
_* PixelRNN )| * Helmholtz Machines || Matching
e Many others... 1% Networks
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Explicit Density p(x) Implicit Density



Generative Adversarial
Networks



Genetive Adversarial Networks (GANSs)
(Goodfellow et al., 2014)

Noise
(random Input)

Advantages:

Generative
Model

e Uses a latent code

* No Markov chains

z ~ Uniformy o needed

think of this as & * Produces the best
a transformation looking samples
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Genetive Adversarial Networks (GANS)
(Goodfellow et al., 2014)

Generator

Noise f| == —_— CCfCLke
Go [ J\

li:'r N za‘v: v, ;.‘ ‘:]‘ ¥ ‘( ¢ X
Traini Y e A
raining e Rgesaie n el

/v_ Lo Bl =\
data B it o

» A game between a generator Gy(z) and a discriminator D, (x)
= Generator tries to fool discriminator (i.e. generate realistic samples)
= Discriminator tries to distinguish fake from real samples
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Intuition behind GANs

W
' f!;%' ’
- R

I 4 £y
{ WL

re D, : Discriminator (Art Critic)

B v
Lreql L fake (+y: Generator (Forger)
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Training Procedure (Goodfellow et al., 2014)

* Use SGD on two minibatches simultaneously:

= A minibatch of training examples

= A minibatch of generated samples

) N ~»n
k) D) )

----------------------

. . .
. ° D ‘\_

.
L )
4 A
e e, e --e-7
. ’ A} .
\l \.l

. 7L T I
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GAN Training: Minimax Game (Goodfellow et al., 2014)

min max Bz p,,., 108 Do ()] + Eznp, [log (1 — Du(Go(2)))]

. r

Real data Noise vector used
to generate data Cross-entropy
(D) 1 1 loss for binary
JV = —3 @~ panss 108 D(x) — 5 2 log (1 — D (G(z))) TeEESiilearlen
(G) _ _1 5 Generator maximizes the log-probability
S = 9 £z log D (G(2)) of the discriminator being mistaken

* Equilibrium of the game
 Minimizes the Jensen-Shannon divergence between pg., and p,



GAN Training: Minimax Game (Goodfellow et al., 2014)

min max Bz p,,., 108 Do ()] + Eznp, [log (1 — Du(Go(2)))]

S0 r

Real data Noise vector used
ross-entropy
" " ss for binary
D) _ % . | Importa nt question Is i
o Does this converge??
J — _5 Oz | Oi the discriminator being mistaken

* Equilibrium of the game
 Minimizes the Jensen-Shannon divergence 78



Training Procedure (Goodfellow et al., 2014)

GAN learning gaussian

1.0
il o P(data) ; 3 b 1 :3 Ry~ | Y | | P3|
Sty | ] : :, :I .:1 | 1 _':.:‘
0.8 —JD(X)
0.6
Pel
® s R ———————————mtamesstemsed 0000 e
&
0.4
0.2
4
4
AL N R e e
0.0 = = 0 ) -
x

8
1

Source: Alec Radford O R B PR O
Source: OpenAl blog

Generating 1D points Generating images
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Training Procedure (Goodfellow et al, 2014)

* Use SGD on two minibatches simultaneously:

= A minibatch of training examples

= A minibatch of generated samples

) N ~»n
k) D) )

----------------------

. . .
. ° D ‘\_

.
L )
4 A
e e, e --e-7
. ’ A} .
\l \.l

. 7L T I
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Training Procedure

* Updating the discriminator:

Noise

i '“"‘:’ T((“j‘“ \ 4
Training S L e R L
| ™ g - k \ *

(4 b =1
data [ei

/

L fake \

OR

Lreal

\_

update the discriminator weights using

backprop on the classification objective/
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Training Procedure

« Updating the generator:

4 N
Noise J| ===b -_> [',I"fak%
<

update the generator weights using

backprop
N /

-

backprop the derivatives, but don't
modify the discriminator weights

flip the sign of
the derivatives
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Results
(Goodfellow et al., 2014)

* [The generator uses
a mixture of
rectifier linear
activations and/or
sigmoid activations

 The discriminator
net used maxout

' ' ™ £ !c
activations. # |
CIFAR10 samples CIFARTO samples
(fully-connected model) (convolutional discriminator,

deconvolutional generator) s



Deep Convolutional GANs (DCGAN)
(Radtford et al., 2015)

* |dea: Tricks to make GAN training more stable

f—x—\
Project and reshape Deconv 1 e |
Deconv 2
Deconv 3 N
Deconv 4 -
G(2)
* No fully connected layers « Use Adam (Kingma and Ba, 2015)
e Batch Normalization * Tweak Adam hyperparameters a bit
(loffe and Szegedy, 2015) (Ir=0.0002, b1=0.5)

* Leaky Rectifierin D
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64 %64 pixels
for LSUN Bedrooms -3 images (Radford S;t)?lB)
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non-overfitting

* [nterpolation
suggests
behavior




(Radford et al., 2015)
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(Radford et al., 2015)

man man woman

with glasses without glasses without glasses woman with glasses



Vector Space Arithmetic (Radford et al., 2015)

\' t, - N

smiling neutral neutral
woman woman man

smiling man



Cartoon of the Image manifold

X2




What makes GANSs special?
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more traditional max-likelihood approach GAN




GAN Failures: Mode Collapse

min max V(G,D) # max min V(G, D)

* D in inner loop: convergence to correct distribution
* G in inner loop: place all mass on most likely point

Target

Step O Step 5k Step 10k Step 15k Step 20k

(Metz et al., 20106)

Step 25k
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Mode Collapse: Solutions

* Unrolled GANs (Metz et al 2016): Prevents mode collapse by
backproping through a set of (k) updates of the discriminator to update
generator parameters

g .
< -
- -
- P -

Step O Step 5k Step 10k Step 15k Step 20k Step 25k

 VEEGAN (Srivastava et al 2017): Introduce a reconstructor network
which Is learned both to map the true data distribution p(x) to a
Gaussian and to approximately invert the generator network.

93



Mode Collapse: Solutions

 Minibatch Discrimination (Salimans et al 2016): Add minibatch
features that classify each example by comparing it to other members
of the minibatch (Salimans et al 2016)

 PacGAN: The power of two samples in generative adversarial
networks (Lin et al 2017): Also uses multisample discrimination.

GAN Discriminator Q PacGAN2 Discriminator
Input Layer <:::><:::><:::> :,“\\, Y,ﬁ <:::>

Input Layer
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Mode Collapse: Solutions

 PacGAN: The power of two samples in generative adversarial
networks (Lin et al 2017): Also uses multisample discrimination.

Target distribution GAN PacGAN2
6 T v T ; : 6 T T ; ; v 6 T T T T
4 o . « L o 4 - ¢ - 4 Y - - - -
2 kL * L ] . . 2 2 & - - -
0 - v ° o L ] 0 . 0
2 L 2 L ] Q v . 2 - 2 -
a4 ° a o . o 4 o> 4 ) Py - -

Figure 2: Scatter plot of the 2D samples from the true distribution (left) of 2D-grid and the learned
generators using GAN (middle) and PacGAN2 (right). PacGAN2 captures all of the 25 modes.
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GAN Evaluation

* Quantitatively evaluating GANs is not straightforward:
* Max Likelihood is a poor indication of sample quality

« Some evaluation metrics

Inception Score (1S):
y = labels given gen. image. p(y|x) is from classifier - InceptionNet

IS(P,) = B~y [KL(pr(y1x)[lpa(9))]

Fréchet inception distance (FID): (Currently most popular)
Estimate mean mand covariance C from classifier output - InceptionNet

B2((m, C), (M, Cy)) = |lm — my |2 + Tr(C + C,, — 2(CC,) ")

Kernel MMD (Maximum Mean Discrepancy):

2

MMD(P,,P,) = (Exr,x;wm, [k(xr, X)) — 2k(x,,X,) + k(xg4, X’g)]>

/
Xg,X, ~Py
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Subclasses of GANs

Vanilla GAN Discriminator Looks at Latent Variables Discriminator Predicts Latent Variables
Vanilla GAN Conditional GAN Bidirectional GAN Semi-Supervised GAN InfoGAN Auxiliary Classifier GAN
(Goodfellow, et al., 2014) (Mirza & Osindero, 2014) (Donahue, et al,, 2016; Dumoulin, et al., 2016) (Odena, 2016; Salimans, et al., 2016) (Chen, et al., 2016) (Odena, et al., 2016)

real c=1
real c=2 c=1
ol real

!
<,
HI
ol
(1)
a
<,
=}
Eoyl
(1)
[
Il
)

B
S
b

Lo
{2.
!_}
i

(fake) (fake) fake

=

(Xreal (data)J ( X fake J (Xreal (data)) ( X fake ) (Xreal (data))

: : W,

(C (class)) ( 7 (noise)) ( C (class) ] ( Z (noise) ) (C (latent)] (Z (noise)) [c (class)j ( VA (noise))

(Xreal (data)] ( X fake

—/

[Xreal (data)) ( Xfakc J

Image: Christopher Olah 97



VaniIIa GAN (Goodfellow et al., 2014)

Discriminator

(K em) | X.;ake ) DCGAN (Radford et al., 2015)
6 /

( Z (noise) )
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Conditional GAN (Mirza and Osindero, 2014)

» Add conditional variables y into G and D

fake

(zly)))]

Ewrvpdata(:n) [log D(CE’y)] + EZNpZ (2) [lOg(l _ D(G

(D, G)

D

min max V
G

DQ OO0V OQQQOLOOL&DLLO O

D

>
=N
F
>
~
*
-8
I
-
-
T
¥

¥ % ¥ ¥ ¥

(X'real (data)] ( X fake )

P99 79 729949¢9719

[
i

3 2272 9219
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Auxiliary Classifier GAN (0dena et al., 2016)

» Every generated sample has a corresponding

= 9; class label
fake) () Ls = Ellog P(S =real | Xyea)|] + Ellog P(S = fake | Xfake)]

Lo = E[log P(C = C ‘ Xreal)] —+ E[log P(C = C ‘ Xfake)]

* D Is trained to maximize L+ L,
Hea b)) (e ) o 5 s trained to maximize L. — L

@) (Zoow) ® LEArns a representation for z that is
iIndependent of class label
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Auxiliary Classifier GAN (0dena et al., 2016)

128%128 resolution samples from b classes taken from an AC-GAN
trained on the ImageNet

\/'/' ?
&

monarch butterfly goldfinch
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Bidirectional GAN (Donahue et al., 2016: Dumoulin et al., 2016)

« Jointly learns a generator network and an inference

network using an adversarial process.
I m(%n max V(D,G) = Eyg)log(D(z,G.(x)))] + Epz)log(l — D(G(2), 2))]
// q(z | ) log(D(x, z))dxdz
- (data))m Xfake : // p(x | z)log(1l — D(x, z))dxdz.
PRASSAHARAAA I B E P 1 101
_J BeHls © 90 EEEEEE

L*Jy

( 7 (latent)

k{ 7 (Iatent))

sEEBAaHE
AQBZaA0 0
HEAALE R
& - .6 Sl Ba s
EEnORnEE
aaARSE AN

CelebA reconstructions

LT EEEE
gl il 15 71 10 B N
N
REIEH < HE
]
sl I 171 MO O

SVNH reconstructions
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. s - (Donahue et al., 2016;
B|d|rect|ona| GAN Dumoulin et al., 2016)

ageNet

- —
.

LSUN bedroom Tiny Im

J \ ¢ "

|



Wasserstein GAN (Arovsky et al., 2016)

* Objective based on Earth-Mover or Wassertein distance:

m@in mgx ﬂwdiata [Dw (m)] — 4:szz [Dw(GH(Z))]

* Provides nice gradients over real and fake samples

1.0 T T T T T T T
\ Density of real

Density of fake

gy 1)

0.8 | ]
GAN Discriminator
WGAN Critic

0.6 |-

04+

0.2 -

62} a WGAN Vanishing gradients
in regular GAN
_04 1 1 | | L L |
-8 -6 -4 -2 0 2 4 6 8
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Wasserstein GAN (Arovsky et al., 2016)

* Wasserstein loss seems to correlate well with image quality.

35 F T B 35 F T
. MLP-512 — DCGAN
3.0 . 3.0 |
3 3
(s} [4+]
E =
i i
= c
Q 1))
0 14
= 10} =
0.5 1 ¥ 0.5
v ' 4
0.0 | 1 1 | | 0.0 I 1 ! | |
0 100000 200000 300000 400000 500000 600000 0 100000 200000 300000 400000 500000 600000
Generator iterations Generator iterations
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WGAN with gradient penalty Guiraani et al., 2017)

L= E [D@)]- E [D@)]+A E [([VaD(@)]2—1)?]
z~Py z~ P z~Ps
Original‘crritic loss Our grad;e:lt penalty

» Faster convergence and higher-
quality samples than WGAN
with weight clipping

* Train a wide variety of GAN
architectures with almost no
hyperparameter tuning,
Including discrete models

Samples from a character-level GAN
language model on Google Billion Word

WGAN with gradient penalty
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Least Squares GAN (LSGAN) Mao et al.,, 2017)

« Use a loss function that provides smooth and non-saturating gradient in
discriminator D

. T | ‘
min Visean(D) =5 Eenpaua(e) [(D(z) — b)?] + S Eznp. (2) [(D(G(2)) — a)?]

. 1 ‘
11}1‘11 Viscan(G) =zEnp.(2) [(D(G(Z)) - (7>2]v

¢

Decision boundaries of Sigmoid & Sigmoid decision boundary Least Squares decision boundary
Least Squares loss functions
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Least Squares GAN (LSGAN) (Mao et al., 2017)

Church Kitchen



Boundary Equilibrium GAN (BEGAN)

(Berthelot et al., 2017)

Embedding (h) |

» A loss derived from the Wasserstein
distance for training auto-encoder based "o, T

Comoltion, W) e 1) Convolution, w=(3,3) d=(n, n)
P k \

G A N S NN Upsampling (2,2) : Convolution, w=(3,3) d=(n, n) 64 x64 xn
Convolution, w=(3,3) d=(n, n) Subsampling (2,2) ------s-s----===-F————(I------

D : RN+ s RN= g the autoencoder function. Comvohiin, WH3.3) de(n. ) 2 Convaluion, w=(3.3)d=(2n,2r) | S22

NN Upsampling (2,2) Convolution, w=(3,3) d=(2n, 2n)

L(v) = |v — D(v)|" where {77 c{1,2} is the target norm. . N R— -

-
o o
x x x

Convolution, )
Convolu(ionr__ w=(3,3)d=(n, n) 32x32xn

v € RN= is a sample of dimension V,. Convolution, w=(3,3) d=(3n, 3n)

NN Upsampling (2,2) e T e e e Convolution, w=(3,3) d=(3n, 3n)

. . . Convoluﬁon,.w=(‘3.3)d=(n‘ n;n / Subsampling (2,2) ----------------=mn=-m-ooy
* \\Wasserstelin distance btw. the reconstruction L

volution, w=(3,3) d=(4n, 4n)
losses of real and generated data

|
Convolution, w(3,3) d=(n,3) volution’ w=(3,3) d=(4n, 4n)
8 b o

» Convergence measure:
Mgtobar = L(x) + |7L(x) — L(G(26))]

* Objective:
Lp=L(x)— k. L(G(2D)) for Op
ﬁG = L(G(zg)) for 9@

kiv1 = ki + M\e(7L(x) — L(G(2¢))) for each training L D i e
step ¢ O s




BEGANS for CelebA Sywmdivicemaes — (Berthelot et al., 2017)
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Progressive GANS (Karras et al., 2018)

* Progressively generate high- Latent Latent Latent

res images ﬁ *

 Multi-step training from low T —
to high resolutions BR. BR. - B ..

' M Y
D . . 1024x1024 |
P [ ]
S J— P— — (A H [ ]
G 1616 ] [ mxj‘ls ] x.,},@;_@. ] L P [ ]
x 2 i P [ ]
— 3232 ) b Lo [ ]
: e e [ &x8 | [ ,
toRGB toRGB toRGB toRGB : o X [ ]
} ! } Training progresses >
D fromRGB - - fromRGB fromRGB & Prog
o gz g
0sx. 05x
T‘i:}éu
L 16x16 | [ 16x16 L_16x16 |
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Progressive GANS (Karras et al., 2018)

 Training
Process




Prog ressive GANs (Karras et al., 2018)

CelebA-HQ

random interpolations




BIgGANS (Brock et al., 2019)

High resolution, class condmonal samples generated by the model

* BigGANSs trained with 2-4x as many parameters and 8x the batch size compared to prior art.
« Uses Gaussian truncation to sample z (avoid sampling from the tail of the Gaussian distribution)

« Uses multiple other tricks including multiple regularizations including a Gradient penalty
regularization and an Orthogonal Regularization:

Rﬁ(W) :BHWTWQ(l_I)H%‘a 114



(Brock et al., 2019)
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SterGAN (Karras et al., 2019)

Latent z € £ Latent z € 2

v

Normalize

v

Fully-connected

PixelNorm

|
Conv 3x%3
|

PixelNorm

l 4x4

Upsample

Conv 3x%3

PixelNorm

Conv 3x3

PixelNorm

l 8x8

(a) Traditional

v

Normalize

Mapping
network f

Synthesis network g

Const 4x4x512

style :

—>» AdalN

FC

FC

|
Conv 3%3

style :

FC

—>» AdalN

FC

FC

FC

FC

FC

l 4x4

Upsample
[
Conv 3x3

Noise

v

style @(

—>» AdalN

|
Conv 3%3

style @(

A —>| AdaIN

i 88

(b) Style-based generator

Feature map affine transformation:

AdaIN(x;,y) = ys,ix’i — p(xi)

Samples (trained on the FFHQ dataset)

A S
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Py]
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StYIGGAN (Karras et al., 2019)

« Swapping out the destination
style for the source style

source

destination

Latent z € Z . Noise
Synthesis network g
| Normalize | Const 4x4x512 |

Mapping
network f

y

Coarse styles copied




Some Applications of GANSs



_ _ . _ (Salimans et al., 2016;
Semi-supervised Classification pumoulin et al, 2016)

SVNH
Model Misclassification rate
VAE (M1 + M2) (Kingma et al., 2014) 36.02
SWWAE with dropout (Zhao et al., 2015) 23.56
DCGAN + L2-SVM (Radford et al., 2015) 22.18
SDGM (Maalge et al., 2016) 16.61

GAN (feature matching) (Salimans et al., 2016) 8.11 +1.3
ALI (ours, L2-SVM) 19.14 £ 0.50
ALI (ours, no feature matching) 7.42 + 0.65
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Class-specific Image Generation (Nguyen etal., 2016

» Generates 227x227 realistic images from all Noiseless joint PPGN-h ~ 'mage classifier
ImageNet classes

 Combines adversarial training, moment matching, dasses
denoising autoencoders, and Langevin sampling

redshank monastery volcano 120



ideo Generation (vondrick et al., 2016)

Foreground Stream /'
3D convolutions
Encoder e
2D convolutions "3, QR
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> 1 Tanh
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Generative Shape Modeling wuetal., 2016)

512x4x4x4

= @fﬁ

| — —
17

””’”—_—Tﬁ____
//ﬁ —::: :’/_/
Puint

256x8x8x8

1 > @

Chairs

128x16X16%X16

64x32x32%x32

G(z) in 3D Voxel Space
64x64x64
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Text-to-Image Synthesis zhang et al., 2016)

The small bird has a red head with feathers that fade from red to gray from head to tail

This flower The flower A flower that
A unique yellow This floweris  This is a light 1s yellow have large has white petals
The petals of flower withno  pink and yellow colored flower and green in petals that are with some
this flower are  visible pistils in color, with  with many color, with pink with tones of yellow
white with a protruding from petals that are  different petals petals that yellow on some and green
large stigma the center oddly shaped  on a green stem  are ruffled of the petals filaments

>




Single Image Super-Resolution (Ledig et al., 2016)

e Combine content loss with adversarial loss

bicubic ~ SRResNet N original

=l

p

«,'N :
2 Y '. .




Image Inpamtmg (Pathak et al., 2016)

ill“h

.—-_—.———




Unsupervised Domain Adaptation (Bousmalis et al., 2016)

Residual Block

Irelu
nl128s2
conv_| B,
BN [&
Irelu |89
n512s2
n1024s2
fe:sigmoid

RGDB image samples
(condmoned on a synthetic |mage)
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Image to Image Translation (Pix2Pix)

Ground truth
Labels to Street Scene

output
Aerial to Map 3

"Av

input output

(Isola et al. 2016) SR 127



—— H H — real or fake pair ?

arg min max *lx,y[ logD(G(X)) + log(l—D(Y)) ]

G D
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arg min max
G D

real palr

l...

,y| log D@ G(x)) + log(1 — DR, y))
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—1 0 — real or fake pair ?

arg min max *lx,y[ log D(x,G(x)) + log(1 — D(x,y)) ]

G D




BW — Color

Data from [Russakovsky et al. 2015]



#edges2cats [Chris Hesse]

TOOL INPUT OUTPUT

m clear random




INPUT OUTPUT
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Shrinking the capacity: Patch Discriminator

D Rather than penalizing if output image
— looks fake, penalize if each overlapping
. patch in output looks fake
T
Z
N pixels . Faster, fewer parameters
e More supervised observations
e Applies to arbitrarily large images

Y [Li & Wand 2016]
[Shrivastava et al. 2017]
[Isola et al. 2017]




Labels - Facades

1x1 Discriminator

Data from [Tylecek, 2013]



Labels - Facades

16x16 Discriminator

Data from [Tylecek, 2013]



Labels - Facades

Input /70x70 Discriminator

Data from [Tylecek, 2013]



Labels - Facades

Input Full image Discriminator

Data from [Tylecek, 2013]



Pix2Pix w/o input-output pairs

Monet Z_ Photos Summer % Winter

7 A

an Gogh

(Zhu et al. 2017)

F’htograph
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Unpaired data

Paired data
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—— H H — real or fake pair ?

argm&n max x.y| log D(x,G(x)) +log(l — D(x,y)) |




—— H H — real or fake pair ?

argm&n max x.y| log D(x,G(x)) +log(l — D(x,y)) |

No input-output pairs!



— H H —— real or fake?

argminmax Ex | log D(G(x)) + log(l— D(y)) |

G D

Usually loss functions check if output matches a target instance

GAN loss checks if output is part of an admissible set



Gaussian Target distribution




Horses /ebras




—i— Reall




Real too!

Nothing to force output to correspond to input



Cycle-Consistent Adversarial Networks

/\
X Yy
|
e DY ®

[Zhu et al. 2017], [Yi et al. 2017], [Kim et al. 2017]



Cycle-Consistent Adversarial Networks

N ]




Cycle Consistency Loss

reconstruction .
1Y .
| ) \.‘

error




Cycle Consistency Loss

F(y) G(F(x))

Nl

reconstruction

. — \ u’ error
reconstruction .
ap® \. G —

error










Collection Style Transfer
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Monet's paintings - photos




Monet's paintings - photos




Failure case




Failure case




Semantic Image Synthesis (SPADE) (parket al, 2019)

* Image generation conditioned on semantic layouts

Semantic Manipulation Using Segmentation Map

sodew] o[4A1g Sursn uorjendruey 91418
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. o MIT CSAIL
s . R

g Neural networks are now "hallucinating." This
framework lets you change an image to appear to be
in a different season, weather condition or time of
day:b VeVl v/ @Ha ene1967 &
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Manipulating Attributes of Natural Scenes via Hallucination.
Levent Karacan, Zeynep Akata, Aykut Erdem & Erkut Erdem.
ACM Trans. on Graphics, Vol. 39, Issue 1, Article 7, February 2020.




SNOW







Spring
_|_
Clouds

prediction




(A young woman A

with bangs
_wearing lipstick y

< = '\‘ Adobe Research

Al CENTER

CLIP-Guided StyleGAN Inversion for Text-Driven
Real Image Editing.

Canberk Baykal, Abdul Basit Anees, Duygu Ceylan,
Aykut Erdem, Erkut Erdem, Deniz Yuret

ACM Transactions on Graphics, 2023
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CLIP-Guided StyleGAN Inversion for Text-Driven
Real Image Editing.

Canberk Baykal, Abdul Basit Anees, Duygu Ceylan,
Aykut Erdem, Erkut Erdem, Deniz Yuret
ACM Transactions on Graphics, 2023
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VidStyleODE: Disentangled Video Editing via StyleGAN and NeuralODE. as ﬁ f'

Moayed Haji Ali, Andrew Bond, Tolga Birdal, Duygu Ceylan, Levent Karacan, Erkut Erdem,
Aykut Erdem. ICCV 2023

170



K = AN Adobe Research

Al CENTER

Audio-based Image Editing and Generation
using Latent Diffusion Models

Burak Can Biner, Farrin Marouf Sofian,

Umur Berkay Karakas, Duygu Ceylan, Erkut Erdem,
Avkut Erdem. In progress
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Audio-based Image Editing and Generation
using Latent Diffusion Models

Burak Can Biner, Farrin Marouf Sofian,

Umur Berkay Karakas, Duygu Ceylan, Erkut Erdem,
Avkut Erdem. In progress
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Audio-based Image Editing and Generation
using Latent Diffusion Models

Burak Can Biner, Farrin Marouf Sofian,

Umur Berkay Karakas, Duygu Ceylan, Erkut Erdem,
Avkut Erdem. In progress




Next lecture:
Autoregressive and Flow Models



