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Overview: Lectures on Generative Models

* Today: Introduction

 10/23: “Classical” methods
 Variational Autoencoder (VAE)
e Generative Adversarial Network (GAN)

 10/30: “Modern” methods
* Diffusion Models
* Flow Matching



Today: Introduction to Generative Models

e What are Generative Models?

* Generative Modeling of Real-world Problems

e Families of Generative Models



The “GenAl” Era

Chatbot and natural language conversation

What are generative models?

& Generative models are a class of machine learning models designed to generate
new data samples that resemble a given dataset. They aim to learn the

underlying distributio @

@ Message ChatGPT




The “GenAl” Era

Text-to-image generation




The “GenAl” Era




The “GenAl” Era

Al assistant for code generation

GITHUB COPILOT: CHAT @ parse_expenses.py X addresses.rb ¥ sentiments.ts

GitHub Copilot import datetime
Hi @monalisa, how can | help you?
I'm powered by Al, so surprises and mistakes are possible. Make sure

to verify any generated code or suggestions, and share feedback so
that we can learn and improve.

Ask a question or type /' for commands




The “GenAl” Era

Protein designh and generation

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023



The “GenAl” Era

Scientific Problems

arget

precipitation

cyclone



Generative Models before the “GenAl” Era

the first thing i noticed
was that the first thing
that came to

Your keyboard
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Generative Models before the “GenAl” Era
2009, PatchMatch: Photoshop’s Content-aware Fill

PatchMatch: A Randomized Correspondence Algorithm for Structural Image Editing, SIGGRAPH 2009



Generative Models before the “GenAl” Era

1999, the Efros-Leung algorithm for texture synthesis
o[He A W72 WA
In today’s word: this is an Autoregressivem\) % Motk e 4.

llllllll=lllllllL non-parametric =

| sampling

Input image

Synthesizing a pixel
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What are Generative Models?

What is a generative model?

1. An algorithm that generates data

2. A statistical model of the joint distribution of some data, p(x,y, ...)




What do these scenarios have in common?

_Generative Y~

models
There are multiple predictions to one input.
oy ML

Some predictions are more plausible.
T A% ARl 1.
Training data may contain no solution. Chatbot
o i G
Output may be more complex, more
informative, and higher-dimensional

7“%&/ — P’”\—;ﬂ\/

Video generation
Protein generation



Discriminative Models vs. Generative Models

discriminative generative
Discriminative Model X Y
(o ” o ” /(\
e “sample” x = “label” y “dog”

e one desired output

moge clacsifigr: £ - |R”'”""_;{4,a, . et
model
Generative Model
 “label” y = “sample” x el l
* many possible outputs i




Discriminative Models vs. Generative Models

= PP At el o] o bl ot oz
# e . ekt comly, 42 Y%
discriminative p(yjz) ' # generative p(z|y) son, 44 %
lobe/ \’KS”T\?' SamYle, |abe |
y=0 p(z|y = 0)
plzly = 1)

* Generative models can be discriminative: Bayes’ rule

e Can discriminative models be generative?



* Generative models can be discriminative: Bayes’ rule

( ) assuming known prior
p(y\:z;) — p(xly) Z% (uniform categories)”
P\T
generative

constant for given x

p(z|y = 0)
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* Generative models can be discriminative: Bayes’ rule

oty PW)
p(y|z) = p( Iy)p(z)

generative

e Can discriminative models be generative?

o pl@)

generative

* The challenge is on probabilistic modeling ,

assuming known prior
(uniform categories)

constant for given x

unknown prior
distribution of x
(“natural” images?)

constant for given y

oNSwer
diuttindve - daton—s [on,, " one. oy

Janerstve o label = dolo . PG
Brdes 1,
O



Probabilistic Modeling ot 2 2(2) s

* Where does probability come from?

 Assuming underlying distributions of data Identity
generation process

—
O

example: é l 2 ‘

e latent factors z (pose, lighting, scale, ...)

* z has simple distributions

e observations x are rendered by a graphics model, "

(a function on z)
r | §
.

= ot fochrs

e x has complex distributions

* Probability itself is a modeling assumption



Probability itself is a modeling assumption

There may be no true “underlying” distribution behind the data. A | 3 o
—\—

Even if it exists, we can only observe a finite sample set of it. a4 %W\e
AV}
*” Models must extrapolate}irom observations to represent a distribution. %
%
1 J

* Leads to overfitting vs. underfitting (just as in discriminative models)wwﬁ/

overfit “right” fit underfit ovedit

discriminative models




Probability itself is a modeling assumption

 We can only observe a finite sample set
of an unknown distribution.




Probability itself is a modeling assumption

* Underfitting: the probabilistic model
is too simple.

underfit?




Probability itself is a modeling assumption

* Overfitting: the probabilistic model
does not extrapolate/generalize

overfit

IR




Probability itself is a modeling assumption

* Overfitting: the probabilistic model
does not extrapolate/generalize

overfit 5
(delta distributions ’Focms
memorize data) |

nigniE

X




Generative Modeling is Probabilistic Modeling

data P o

,\éf . 0.9



Generative Modeling is Probabilistic Modeling

data

This in itself is
part of modellng

CJOT{?)\¥ _ko‘[ &»7‘\&4}‘4 >H

data
distribution



Generative Modeling is Probabilistic Modeling

data
Il 22Z, moéwgr_

data

Optimize a loss function
l?iwk«@ﬂ distribution

Ll , )

Guerottw [ €Stimated
Mo&e/\'s(distribution

e



Generative Modeling is Probabilistic Modeling

data
data
distribution
sample new data
estimated 2 o p(x\y)
distribution

2 duon



Generative Modeling is Probabilistic Modeling

data
data
distribution
estimate prob density
estimated
C . p(x | y=dog) =7
distribution (@] &)
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Case study: a minimalist generative model?

AEARNESEEEEEAAEE R ECEE
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data set
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@ random - Ry
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\ J

* Is this a generative model? Yes

* Is this a “good” generative model? No - not generalize?
N—— — —



Case study: a minimalist generative model?

AEARNESEEEEEAAEE R ECEE
HMinpuannanoannnpeanann
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data set
@ random retrieve
index + random noise
L ~ )

N’

* Is this a new sample? Yes 9 b R S

* Is this a “good” new sample? No - not “within distribution”?



Case study: a minimalist generative model?

AEARNESEEEEEAAEE R ECEE
HMinpuannanoannnpeanann
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data set
(JTM
QW\D\ tl"\"TMo\ 7] 2>
@ 2 random retrieve =
indexes and merge

. J

~A
Volue. ( y >

* |s this a new sample? Yes

* Is this a “good” new sample? No - not “within distribution”?
\/\/\/\/\/—



Case study: a minimalist generative model?

AEARNESEEEEEAAEE R ECEE

L D D D L T o)

BEEEEEENBEEHEERBAEEERE 90| V-2

S EEEEEEEEEEEEREEEERE

EIPZEl Bl FE P p P R EE C EA SV Bl A CI B FA P .

SEERGEEEEDENGEEGEENEES W qmd= MNTE TR

Zlelelelelelelelelelelel el elele[2] 2] 2] e ¢ ok o e

HEEEENEENREEE AR EEnE @

HEEEABEGERERARGEEREEH .

nEpOOnanaoaauEAneEaE &47C*AhW;ﬁ42ﬂ\
data set

':)g_oo:l S“W‘Y"Q .

@ random retrieve
index and colorize

-

.

* |s this a new sample? Yes

* Is this a “good” new sample? No? It depends.

~— e ——



Generative Modeling is Probabilistic Modeling

Notes: o
L Bl g S5,

* Generative models involve probabilistic models hypothesized by humans.

* Probabilistic modeling is not just the work of neural nets (even in the
context of deep learning). 4 o> drt diguetion

* Probabilistic modeling is a popular way, but not the only way. ¢

mlebased
delaminestic Simaltion...

o ! ” %k © ~
All models are wrong, but some are useful.t/,7 2| P eret Kol

2 kel ] SO 5 X g, It bk gesion il




Deep Generative Models

* Deep learning is representation learning

* Discriminative: represent data instances
* one data point: = — fg (.’23)
* loss w.r.t. one label: E(y, fg(a:))




Deep Generative Models

Jescrtminative

* Deep learning is representation learning L

* Discriminative: represent data instances

* one data point: T — fg (.’23)
* loss w.rt. one label: L(y, fo(x))

* Generative: represent data distribution
* distribution-to-distribution mapping: T — Qg [71‘]
* loss w.r.t. true (but known) distribution: [-:(pdata; ol [71‘])
———
SM\P\*L dot. diiytlpantton




Learning to Represent Distributions

estimated

map asample: T =;g\9(z) distribution:

sample: Do A 99[71']
z~T ) "
| whortfockoy

generative
model

/ L—MV\TV\&}

loss

data A

distribution /2“+”‘

simple distribution 7T



Learning to Represent Distributions
* Not all parts of a generative model are learned. s ﬁ;{’ O\cqccam
— &5 sl

Case study:

Autoregressive model This dependency structure is
designed (not learned).




Learning to Represent Distributions

* Not all parts of a generative model are learned.

Case study:
Autoregressive model This probability is learned

p(xz ‘ Lo, L1, )



Learning to Represent Distributions

* Not all parts of a generative model are learned.

This noising process is

Case study: - designed (not learned).
Diffusion model e

Uc\:—PW@, SW%—W\ noGe%, xm

Lt LT

7\, )

denoising



Learning to Represent Distributions

* Not all parts of a generative model are learned.

Case study:
Diffusion model m
Lo Tt 7
denoising This probability is learned

A O xtf \( x@ Fo(An | 7&)

T s ot e 4Bk
(Eptotly) 2%



Objective Functions in Generative Models

 The objective is a functional: it operates on functions

L4 , )

a functional 7 / '\
3 function another function
Pdata (7) Po(®) - bxx ok L,

f"‘)‘&o%\ dietion e fimeted Tonckon AL



Objective Functions in Generative Models

* Case study: Kullback-Leibler (KL) Divergence /

X IS

a dummy

E( A 7 » ) variable

/
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Objective Functions in Generative Models

Likelihood: —E,....[logpg(x)] —ZME_ MLE, VAE, Normalizing Flows

KL divergence?} likelihood2| 27

Ag Zelst Chsat ZELich

A R &2 09 gl dYLich alztM KL divergenceS #|£3t8l= 22 CH negative log-likelihood S #2&teh= 2
D H . D 7} g2 HM8E FHELCh
ivergence: KL\Pdata || P8
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Adversarial: Dy (pdata, Po) GAN

—
A_( Q(_F('m“( \

2 . .
Score-based: Epyia | V2 10g Daata — Vg log po||“  Diffusion, Energy-based, ...
- ~ |, L HA vk (nstse) S5
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What makes the objectives difficult to design?

* _Analytical formulations Sirple detithution
e Only for limited families Y
* Low-dimensional (A 25448, 7K X)
* Example: Gaussian => L2 loss .
Y5 ):'_(’,(—A‘i)
* Monte Carlo estimation
e Distributions unknown in analytical form
« We can only sample from them — ﬂo\ o2y [zﬁg?)/\m) [ L%

* Example: z,y ~ Pgata(Z,y)

* Divergence measures

e often not directly computable (a surrogate is used)
e Example: GAN \/33\657



Elements of Deep Generative Models

Formulation: a real-world problem => probabilistic modeling

* designed structures
e 1Y), Fiwtn )

Representation: use deep neural nets to represent distributions /3 (%)
Objectives: discrepancy between distributions = $#35 A (7[/);3>
Optimization: differentiable, computable, and tractable _, g 7%%

* learnable components

Inference:
* sampler: able to produce new samples
e density estimator: (optional) able to evaluate p(m)




Generative Modeling of
Real-world Problems



Generative Modeling of Real-world Problems

e Generative models are about p(a?|y)

atcanb
condition

e constraint

b ARz

e—

e J|abels
attributes

* more abstract

e J|ess informative

Wha ?

“data”
samples
observations
measurements

more_concret

more informative

(e

v




Generative Modeling as p(x|y): Case Study
 Natural language conversation
y: prompt

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new

instances that are similar to the original data but not identical to any specific X. res p O ns e Of t h e Ch at b Ot

training exa @

@ Message ChatGPT




Generative Modeling as p(x|y): Case Study

» Text-to-image/video generation

y: text prompt

X: generated visual content




Generative Modeling as p(x|y): Case Study

* Text-to-3D structure generation

¥ B Of

“motorcycle” “mech suit” “ghost lantern” “furry fox head” y: text p rom pt

X: generated 3D
structures

-

¢ o;%\
/I

“dresser” “swivel chair” “astronaut” “mushroom house”




Generative Modeling as p(x|y): Case Study

* Protein structure generation

XY X: generated
y: condition/constraint N3V protein structures
(e.g., symmetry) |



Generative Modeling as p(x|y): Case Study

* Class-conditional image generation

y: class label

X: generated image




Generative Modeling as p(x|y): Case Study

* “Unconditional” image generation

y: an implicit condition
“images following CIFAR10 distribution”

X: generated CIFAR10-like images

* p(x|y): images ~ CIFAR10
* p(x):allimages

Images generated by: Karras, et al. Elucidating the Design Space of Diffusion-Based Generative Models, NeurlPS 2022



Generative Modeling as p(x|y): Case Study

* Classification (often not viewed as generative)

y: an image as the “condition”
~ T

X: probability of classes
conditioned on the image




Generative Modeling as p(x|y): Case Study

* Open-vocabulary recognition %4 7,

X: plausible descriptions

y: an image as the “condition” < .
conditioned on the image




Generative Modeling as p(x|y): Case Study

* |mage captioning

X: plausible descriptions
conditioned on the image

y: an image as the “condition”

a baseball player with a catcher and umpire on top of a baseball field.

a baseball player is sliding into a base.

a baseball player swings at a pitch with the pitcher and umpire behind him.
baseball player with bat in the baseball game.

a batter in the process on the bat in a baseball game.

figure credit: https://github.com/GoogleCloudPlatform/asl-ml-immersion/blob/master/notebooks/multi_modal/solutions/image_captioning.ipynb



Generative Modeling as p(x|y): Case Study

* Visual dialogue

( User What is unusual about this image? )
‘A
Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg )

N\

GPT-4

The unusual thing about this image is that a man is ironing clothes on an ironing
board attached to the roof of a moving taxi.

J

y: image and text prompt

X: response of the chatbot



Generative Modeling as p(x|y): Case Study

* Policy Learning in Robotics x: policies %%

y: visual and other  vfzea+ (probability of actions)

. A L
sensory observations b=

Chi, et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion, RSS 2023



Generative Modeling of Real-world Problems

e Generative models are about p(56|y)

What can be y? What can be x?
 condition e “data”

e constraint e samples

* |abels  observations

e attributes * measurements

* more abstract °* more concrete

* |essinformative e more informative




Generative Modeling of Real-world Problems

e Generative models are about p(a?|y)

What can be y? What can be x?
+condition = ~
+—constratnt *—samples
«—labels *—pbservations
s attributes s —meastrements
s —more-abstract ~—more-coencrete
o locc inf . ot .




Generative Modeling of Real-world Problems

* Generative models are about p(z|y) given) %/ Maoé//;o%ﬂ}/g A

* There is no conceptual obstacle to formulating any real-
world problem from a generative perspective.

* Generative modeling is a way of problem-solving.




Families of Generative Models



[Recap] Learning to Represent Distributions

estimated

Z 2(2) | distribution:
T '120%(2*) po = go[r]

[stwit

generative
model

- ==

distribution

simple distribution 7T
loss



[Recap] Learning to Represent Distributions

A generator A

p,(2) pg(x)



Variational Autoencoder (VAE)

Aol s 28, (ko2 28
encoder A generator

pdata(x) pZ(Z) pg(x)

\ J
Y

reconstruct o% ( /)dm @0 I% (¢7>
er - ld, clivergence.




Normalizing Flows

ef\codey @k’ jﬂ/\ew%yz.’, 7\'“3?,,/\‘%. 4% T Cxck J‘llfek\/\mc\’—.'\,ﬁfb\'%.

A o A »
pdata(x) % pZ(Z) > pg(X)
\ J

Y
maximize log-likelihood



Generative Adversarial Net (GAN)

A generator /“

p,(2) pg(x)




generator

Generative Adversarial Net (GAN)

| “@% drfn
Aok

PA2) g degrnedz Pe(X)

%ol5% ok ~ discriminator — Ah o 4h >
Al dodak real, fAke 341,

7

pdata(x)



Autoregressive Models (AR)

p(x1,22,...,2Tn) = p(x1)p(z2 | T1)...0(2n | 21,22, ..., Tn—1)

@) o

X1 i) In

i Tn
L1y L2y eeeyn—1 ®

A



Diffusion Models

2
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Diffusion Models

@ % h % @ é @ é -

noise data

distribution \ //7 distribution
SHHMes _ wek -




Diffusion Models

o 6 6 4 4 )




Flow Matching

Figure adapted from: https://github.com/facebookresearch/flow_matching



Flow Matching s ot
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Figure adapted from: https://github.com/facebookresearch/flow_matching



Takeaways

* Generative modeling is probabilistic modeling

/\

* Learning to represent probabilistic distributions

* A way of problem-solving




This Lecture

e What are Generative Models?

* Generative Modeling of Real-world Problems

e Families of Generative Models



