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Discriminative vs Generative Models

Classifier | —— Bird

Philip Isola, Generative Models of Images. MIT 2023.
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P, (Y|x): Discriminative Models

Text

Mithun Oorath (‘Mit-thun’) @mithunoorath - 12 h v
Got new software yay !!! ... my car is newer now !!! Love this ownership
experience of my @Tesla Model 3. To be fair, | don't even remember what was
my car like when | bought it 10 months ago. Gotta love these software updates ...

zzteaven gy gy @stiven_ell - 13 h

w We all hate these gas prices I'm switching to a Tesla

Regression

v

Prob. of being a Potential Customer

Image

Jim Carrey

Audio

What Language?

Speech Translation

x=Data
Y=Labels
6= Model parameters

Y

Discriminative Modeling

Py(YIx)

Slide credit:
Albert Pumarola (UPC 2019)
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P, (Y|x): Discriminative Models

Discriminative model: Tell me the probability of some ‘Y’ responses given ‘X’
inputs.

Network (6) output
input B 0.01
. . 0.09
0.9
class

PG(Y | X = [pixel,, pixel,, ..., pixe|784])

Figure credit: Javier Ruiz (UPC TelecomBCN)
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P,(x): Generative Models

Slide Concept: Albert Pumarola (UPC 2019)

Mithun Oorath (‘Mit-thun’) @mithunoorath - 12 h v
e Got new software yay !l ... my car is newer now !!! Love this ownership “What about Ron magic?" offered Ron.
experience of my @Tesla Model 3. To be fair, | don't even remember what was TO Harry Ron was |0Ud SIOW and SOft
my car like when | bought it 10 months ago. Gotta love these software updates ... f B ) )
Text Prob. of being a Potential Customer bird. Harry did not like to think about
zzteaven gy gy @stiven_ell - 13 h v .
w We all hate these gas prices I'm switching to a Tesla b| rdS~
Image
Jim Carrey
X ) Music Composer and Interpreter
Audio Language Translation
MuseNet Sample
What Language?
L )
i
x=Data Discriminative Modeling Generative Modeling
Y=Labels 19

6= Model parameters

Py(Y1x)

P4(x)
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P, (x): Generative Models
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Each real sample x. comes from
an M-dimensional probability
distribution P(X).

X = {X) Xpp oees Xp}



P, (X): Generative Models

1) We want our model with parameters 0 to output samples with distribution
P,(X), matching the distribution of our training data P(X).
2) We can sample points from P,(X) plausibly looking how P(X) distributed.

Example: Gaussian Mixture Models (GMM)

P(X) P)\,u,o(x)
Distribution of training data Distribution of training data

N(p1,0%)

) = /\1,-V(p.1,cr%) 5. d /\QJV(_,u-Z,ag) 4. 2



P,(x): Generative Models

Network (6) output

? ~§@—

{What are the parameters 6 we need to estimate in deep neural networks ?

0 = (weights & biases)

22
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P, (X]Y): Conditioned Generative Models
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Joint probabilities P(X/Y) to
model conditioning variables on
the generative process:

X = {X;) Xpp eeen Xy}
Y={y, ¥ - Y}
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Sampling

Our learned model should be able to make up new samples from the distribution,

not just copy and paste existing samples!

Tr:cﬁning examples Model sa,mples

Figure from NIPS 2016 Tutorial: Generative Adversarial Networks (I. Goodfellow)
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Sampling

Bird — Generator

Philip Isola, Generative Models of Images. MIT 2023.
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Sampling

“Model the data distribution so that we can sample new points out of the
distribution”

. \/Fi Manifold Py(x)
s F | Learn >
\d g ‘

Training Dataset /‘ Feature
space

Sample Out

Slide concept: Albert Pumarola (UPC 2019)



Sampling

{How could we generate diverse samples from a deterministic deep neural network ? J

Generator

(6)

Generated Samples



Sampling

{How could we generate diverse samples from a deterministic deep neural network ? J

Sample z from a known prior, for example, a multivariate normal distribution N(O, I).

Example: dim(z)=2

i g

. Generator

6) X

Generated Samples



Interpolation

Traversing the learned manifold through interpolation.

wiw

e

Training Dataset ] ‘ Feature
space
Slide concept: Albert Pumarola (UPC 2019)



Disentanglement

Bird — | Generator | —

|
8 ®

Philip Isola, Generative Models of Images. MIT 2023.
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Disentanglement

which color? @ — | Generator | —

Philip Isola, Generative Models of Images. MIT 2023.
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Credit: Santiago Pascual [slides] [video]
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https://www.slideshare.net/xavigiro/deep-generative-models-ii-dlai-d10l1-2017-upc-deep-learning-for-artificial-intelligence
https://www.youtube.com/watch?v=a1aM0yUJXUI

Generator & Discriminator

We have two modules: Generator (G) and Discriminator (D).

e They “fight” against each other during training— Adversarial Learning

A B et 4D —] 275 .00 FREE PLAY
D's goal; ét DISCRIMINATOR

Classify between real
samples and those
produced by G.

G's goal:
Fool D to
missclassify.

Goodfellow, lan J., Jean Pouget-Abadie, Mehdi Mirza, Bing xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and
Yoshua Bengio. "Generative Adversarial Nets." NeurlPS 2014.
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Discriminator

Discriminator network D — binary classifier between real (x) and generated (x').
samples.

Discriminator

Discriminator

6 Generated (1)
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Generator & Discriminator
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Adversarial Training Analogy: is it fake money?

Imagine we have a counterfeiter (G) trying to make fake money, and the police (D) has to
detect whether money is real or fake.

FAKE: It's
not even
green

- =0

(©® ©®) 100 —> —

Figure: Santiago Pascual (UPC)




Adversarial Training Analogy: is it fake money?

Imagine we have a counterfeiter (G) trying to make fake money, and the police (D) has to
detect whether money is real or fake.

FAKE:
There is no
watermark

o

4
o

| "'""l 1 |
o R
1005u8e

Figure: Santiago Pascual (UPC)




Adversarial Training Analogy: is it fake money?

Imagine we have a counterfeiter (G) trying to make fake money, and the police (D) has to
detect whether money is real or fake.

FAKE:
Watermark
should be
rounded

o

4
o

=210
m —

Figure: Santiago Pascual (UPC)




Adversarial Training Analogy: is it fake money?

Imagine we have a counterfeiter (G) trying to make fake money, and the police (D)
has to detect whether money is real or fake.

After enough iterations, and if the counterfeiter is good enough (in terms of G network
it means “has enough parameters”), the police should be confused.
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1{10

‘ o

Figure: Santiago Pascual (UPC)




Adversarial Training

Alternate between training the discriminator and generator

Neural Network
Realworld —— Sample

SSO7

images

g Real
Discriminator .

gy o

@

—_

o O Generated

E

S O = Generator —»( Sample

c

= O
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()

LI

(gv]

-

p Neural Network

Figure: Kevin McGuinness (DCU)




Adversarial Training: Discriminator

1. Fix generator weights, draw samples from both real world and generated images
2. Train discriminator to distinguish between real world and generated images

Real world
images

Generator

o

Discriminator

Latent random variable
OO0

Figure: Kevin McGuinness (DCU)

Real
@
-
®
Generated

Backprop error to
update discriminator
weights



Adversarial Training: Discriminator

In the set up of the figure, which ground truth label for a generated image should we use to train the
discriminator ? Consider a binary encoding of “1” (Real) and “0” (Fake).

Realworld ——

images
9 Real
Discriminator . -
o
w
Generated
Generator —

Backprop error to
update discriminator
weights

Figure: Kevin McGuinness (DCU)

Latent random variable
OO0



Adversarial Training: Generator

1. Fix discriminator weights
2. Sample from generator by injecting noise.
3. Backprop error through discriminator to update generator weights

Real
Discriminator -
® 2
wn
wn

0 Generated

Backprop error to
update generator
weights

Generator —| Sample
<

Latent random variable
OO0

Figure: Kevin McGuinness (DCU)



Adversarial Training: Generator

In the set up of the figure, which ground truth label for a generated image should we use to train the
generator ? Consider a binary encoding of “1” (Real) and “0” (Fake).

Real
Discriminator =
o o
(7
(7]

6 Generated

Backprop error to
update generator
weights

Generator —| Sample
«

Latent random variable
OO0

Figure: Kevin McGuinness (DCU)



Adversarial Training: How to make it work ?

Soumith Chintala &
@soumithchintala

How to Train a GAN? I'm as clueless as you. Best I'll do is HOW tO Tral'n
summarize the tricks, hacks and untold dark rituals that 4 GAN

we've all used so far! Sounit Chiny
Lt

EmilyDe
| i Denton ".!an::.r‘:.zr, Nihae

Frxday lOam

—=NIPS 2016 Workshop on
: Adversanal Tralm?g";;

NeurlIPS Barcelona 2016

7:08 p. m. - 3 de des. de 2016 - Twitter Web Client

Soumith Chintala, “How to train a GAN ? Tips and tricks to make GAN work”. Github 2016.
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Non-Conditional GANs

Real/Generated

Discriminator

D(*)
Generator
G()
Real World
fl .= Random
¥~ seed (z) |

Slide credit: Victor Garcia
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Conditional GANs (cGAN)

Real/Generated

Conditional Adversarial Networks

Discriminator

i /
il
- zi:\u“/\_/ )
JaR L |
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: Y s
e

G()
Real World

Condition

Slide credit: Victor Garcia
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Learn more about GANs

lan Goodfellow.
NeurlPS Barcelona 2016.

Mihaela Rosca & Jeff Donahue.

UCL x Deepmind 2020.
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Auto-Encoder (AE)

e Learns P,(x) with a reconstruction loss.
e Proposed as a pre-training stage for the encoder (“self-supervised learning”).

Manifold Py(x)
Z
-
—> —
Encode ///1 — Decode
Feature “Generate”

space 45



Auto-Encoder (AE)

Could we generate new samples by sampling from a normal distribution and
feeding it into the encoder, or the decoder (as in GANS) ?

Manifold Py (x)

- | |
Encode /l - Decode
Feature “Generate”

space P



Auto-Encoder (AE)

Could we generate new samples by sampling from a normal distribution and
feedingitinto the encoder, or the decoder (as in GANS) ?

No, because the noise (or encoded noise) would be out of the learned manifold.

Manifold Py(x)

——— >
Encode /‘ - Decode
Feature “Generate”

space 47
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Variational Auto-Encoder (AE)

Encoder: Predict the mean p(x) and covariance ¥(x) of a multivariate normal

distribution.

Q(z|X)

Encode

Loss term to follow a normal

Dgr[N(p(X), (X)) ”N(O’ 1)] distribution N(0, ).

Kingma, Diederik P., and Max Welling. "Auto-encoding variational bayes." arxiv 2013.
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Maths 101: Multivariate normal distribution

Many sample points from a multivariate normal distribution with ;& = [8] and

2= [3}5 345] , shown along with the 3-sigma ellipse, the two marginal distributions,

and the two 1-d histograms.

Notation A (u, X)

Parameters |y € R — location
> e RkK*xk _ covariance

(x)d

61
Source: Wikipedia. Image by Bscan - Own work, CCO, https://commons.wikimedia.org/w/index.php?curid=25235145
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Variational Auto-Encoder (AE)

Decoder: Trained to reconstruct the input data from a z sampled from N(y, ).

N(p(X), B(X
A
oy
Q(z|X) P(X|2)

el

e
—)

R tructi

Encode Decode Ellog P(X|z2)] loesi)otr;smr:.]c ion

Kingma, Diederik P., and Max Welling. "Auto-encoding variational bayes." arxiv 2013.
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Reparametrization Trick

Challenge:
We cannot backprop through sampling of NV (x(X),3(X)) because “Sampling” is not differentiable!

N(p(X), 2(X))

B
M
P(X|z)
’L;J‘
s
—— /)
Encode Decode Ellog P(X|2)]

Drr[N(p(X), %(X)) [N (0, 1)]




Reparametrization Trick

Solution: Reparameterization trick
Sample ¢ ~ (0, 1)and define z from it, multiplying by 2(X)and summing u(X)

Ellog P(X|z)]

Dgr[N(p(X), %(X))|N(0, 1)]
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Generative behaviour

How can we now generate new samples once the underlying generating

distribution is learned ?

(x)n

Q(2|X) z | | P(X]z)

(X)X

(10N ~ 2




Generative behaviour

We can sample from our prior N(0,l), discarding the encoder path.

P(X|z)

(1‘0)N ~ 2
AV
N

z3




Generative behaviour

Example: P(x) can be modelled mapping a simple normal distribution N(0, I) through a

powerful non-linear function g(z).

05

0.0

=05

-1.0

8(z) = z/10+2z/||z]|
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Generative behaviour

#NVAE Vahdat, Arash, and Jan Kautz. "NVAE: A deep hierarchical variational autoencoder." NeurlPS 2020. [code]
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Generative behaviour

Walking around z manifold dimensions gives us spontaneous generation of

samples with different shapes, poses, identities, lightning, etc..

D
0
0
0
4
o
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http://www.youtube.com/watch?v=hgyB8RegAlQ
http://www.youtube.com/watch?v=XNZIN7Jh3Sg

Learn more about VAESs

Flows, GANs and VAEs

Max Welling - University of Amsterdam (2020)

Andriy Mnih (UCL - Deepmind 2020)
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Figure source: Lilian Weng, What are diffusion models ?, Lil'Log 2021.
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Outline

1. Discriminative vs Generative Models
2. Sampling

3. Architectures
o Generative Adversarial Networks (GANs)
o Variational Autoencoders (VAES)
o Denoising Diffusion Models (DDM)
m Forward diffusion process
m Reverse denoising process

o Auto-regressive



Forward Diffusion Process

Noise

&
ﬁ ﬁ — | Generator

Philip Isola, Generative Models of Images. MIT 2023.
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Denoising Autoencoder (DAE)

<L

Encode Decode

‘\//

“Generate”

#DAE Vincent, Pascal, Hugo Larochelle, Yoshua Bengio, and Pierre-Antoine Manzagol. "Extracting and composing robust
features with denoising autoencoders." ICML 2008.
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Reverse Denoising process

» | Diffusion > ‘ ‘

o, M, s
rﬁ-r‘qr v

Diffusion: Just add noise >

Philip Isola, Generative Models of Images. MIT 2023.



https://web.mit.edu/phillipi/www/writing/generative_models_of_images/index.html
https://web.mit.edu/phillipi/www/writing/generative_models_of_images/index.html
https://web.mit.edu/phillipi/www/writing/generative_models_of_images/index.html
https://web.mit.edu/phillipi/www/writing/generative_models_of_images/index.html

Reverse Denoising process

Noise
XT
( Network learns to
denoise step by step
%o Image

Data Manifold Py4(x,)

LWhat is the dimension of the latent variable in diffusion models ?

Same dimensionality as the diffused data.
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o Generative Adversarial Networks (GANSs)
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o Denoising Diffusion Models (DDM)
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Figure source: Lilian Weng, What are diffusion models ?, Lil'Log 2021.

GAN: Adversarial x'
training

VAE: maximize
variational lower bound

Diffusion models:
Gradually add Gaussian
noise and then reverse

Generator

Decoder
po(x|z)
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4. Architectures

o Generative Adversarial Networks (GANSs)
o Variational Autoencoders (VAES)
o Denoising Diffusion Models (DDM)

o Auto-regressive Models (AR)

Figure source: Lilian Weng, What are diffusion models ?, Lil'Log 2021.
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Motivation

Yann LeCun @ylecun - 14 de maig
Researchers in speech recognition, computer vision, and natural language

processing in the 2000s were obsessed with accurate representations of

Dustin Tran Seguint uncertainty.
' @dustinvtran 1/N

Senior Research Scientist at Google Q 26 T 274 QO 1694 a
Brain. Al, Bayesian statistics,

machine learning. @ Dustin Tran
@dustinvtran

% Yann LeCun Seguint En resposta a @ylecun

@ylecun , I . o .

' Professor at NYU. Chief Al Scientist I'd say probabilistic generative models did win out in
st Mite. Resparcher in Al Machine the end. Autoregressive models p(xnew|xprev) are the
Learning, Robotics, etc. ACM Turing universal API for all tasks in text, and increasingly so in
Award Laureate. other domains.

Tradueix el tuit

1:23 a. m. - 15 de maig de 2022 - Twitter Web App
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PixelRNN

An RNN predicts the probability of each sample x. with a categorical output

distribution: Softmax

Tt

-

255

Hp Ti|T1, ...y Tiz1)

>/

Context

#PixelRNN Van Oord, A,, Kalchbrenner, N., & Kavukcuoglu, K. Pixel recurrent neural networks. ICML 2016.
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PixelRNN

Why are not all completions identical ?
(aka how can AR offer a generative behaviour ?)
occluded completions original

#PixelRNN Van Oord, A,, Kalchbrenner, N., & Kavukcuoglu, K. Pixel recurrent neural networks. ICML 2016.
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PixelCNN

African elephant

#PixelCNN Van den Oord, A,, Kalchbrenner, N., Espeholt, L., Vinyals, O., & Graves, A. Conditional image generation with 85
pixelcnn decoders. NeurlPS 2016.
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Wavenet

Wavenet used dilated convolutions to produce synthetic audio, sample by
sample, conditioned over by receptive field of size T:

Otpt @ @ © O © O 90O SO0 OO O

Hidden . -~
Layer ~

Hdden ~ A & & A a6 /doo ;oo ;o
Layer: = 5% = U SR N Mo 59T S0 0¥ 9% R 0N R

Hdden &= s s oo 00 0 0 0 © © O
Layer " -’ ./ o’ L s ./ & ./ " " N

nmt @ © © 0000000000 O 0 O

#Wavenet Oord, Aaron van den, Sander Dieleman, Heiga Zen, Karen Simonyan, Oriol Vinyals, Alex Graves, Nal 86
Kalchbrenner, Andrew Senior, and Koray Kavukcuoglu. "Wavenet: A generative model for raw audio." arxiv 2016. [blog]
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The Transformer

Output
Probabilities

Feed
Forward
[}
———f—— | | (5gz rom Io]
f->| Add & Norm | Mut-Head :
Feed Attention
Forward T 7 Nx
N Add & Norm
Multi-Head
Attention
===
— 7 & J
Positional ) @ Positional
Encoding Encoding
Input Output
Embedding Embedding

I I

| (0] .
- (hited right _ Auto-regressive (at test).

#TransFormer Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N, ... & Polosukhin, I.. Attention
is all you need. NeurlPS 2017.ustrated Transformer” (2018)
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The Transformer

Decoding time step: 1@3 456

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

f

Kencdec Vencdec

C

Linear + Softmax

)
l

ENCODERS DECODERS
) 4 4
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OUTPUTS

Figure: Jay Alammar, “The illustrated Transformer” (2018)
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Text completion

“GPT-2 is trained with a simple objective: predict the next word, given all of the

previous words within some text.”

{ Condition J

In a shocking finding, scientist
discovered a herd of unicorns
living in a remote, previously

unexplored valley, in the Andes
Mountains. Even more surprising to
the researchers was the fact that
the unicorns spoke perfect
English.

The scientist

{ Generated completions J

population,
Ovid’s

named the

after their distinctive horn,

—— Unicorn. These four-horned, silver-white

unicorns were previously unknown to

science.

Now, after almost two centuries, the
mystery of what sparked this odd
phenomenon is finally solved.

#GPT-2 Alec Radford, Jeffrey Wu, Dario Amodei, Daniela Amodei, Jack Clark, Miles Brundage, Ilya Sutskever, “Better

Language Models and Their Implications”. OpenAl Blog 2019.
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Zero-shot learning

GPT-2/3 can also solve tasks For which it was not trained for (zero-shot
learning).

Text Reading Comprehension

The 2008 Summer Olympics torch relay was run from March 24

until August 8, 2008, prior to the 2008 Summer Olympics, Q: What was the theme?
with the theme of “one world, one dream”. Plans for the cc 9
relay were announced on April 26, 2007, in Beijing, China. A: one Wor‘ld, one dream”.

The relay, also called by the organizers as the “Journey of
Harmony”, lasted 129 days and carried the torch 137,000 km

(85,000 mi) - the longest distance of any Olympic torch . ?
relay since the tradition was started ahead of the 1936 Q' what was the 1ength O-F the race:
Summer Olympics. A: 137,000 km

After being 1lit at the birthplace of the Olympic Games in

Olympia, Greece on March 24, the torch traveled to the . . . >
Panathinaiko Stadium in Athens, and then to Beijing, Q‘ Was it lar\ger‘ than pr‘eV10us ones:
arriving on March 31. From Beijing, the torch was following A: No

a route passing through six continents. The torch has
visited cities along the Silk Road, symbolizing ancient
links between China and the rest of the world. The relay

also included an ascent with the flame to the top of Mount Q: Where did the race begln?
Everest on the border of Nepal and Tibet, China from the . .
Chinese side, which was closed specially for the event. A’ Olympla) Gr\eece

#GPT-2 Alec Radford, Jeffrey Wu, Dario Amodei, Daniela Amodei, Jack Clark, Miles Brundage, Ilya Sutskever, “Better
Language Models and Their Implications”. OpenAl Blog 2019.
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Zero-shot learning
“GPT-2 is trained with a simple objective: predict the next word, given all of the
previous words within some text.”

Zero-shot task performances
(GPT-2 was never trained for these tasks)

Reading Comprehension Translation Summarization 10 Question Answering
90 THUMBMN =St a s 55 [Unsupervised Statistical MT 32 {Lead-3
80 1 5 301 81 1 Open Domain QA Systems T 1
20 ~ 8 |PGNet -
W ﬂD QA+PGNet G
rQA+ et-——--m | > 6
|Denoising + Backtranslate ----1{= 26 g 6
~ 60 3 e e o
W DrOA. = 5 24 {Seqg2seq + Attn o "
50 A 10 {Embed Nearest Neighbor L 221 =
PGNet 5 © Random-3-- 4
Denoising 9 20
40 5 > 24
301 181 ~~_most freq Q-type answer
A~ -Seq2seq o 16 0
117M 345M 762M  1542M 117M 345M 762M  1542M117M 345M 762M  1542M 117M 345M 762M  1542M
# of parameters in LM # of parameters in LM # of parameters in LM # of parameters in LM

#GPT-2 Alec Radford, Jeffrey Wu, Dario Amodei, Daniela Amodei, Jack Clark, Miles Brundage, Ilya Sutskever, “Better
Language Models and Their Implications”. OpenAl Blog 2019.
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GPT-2 / GPT-3
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#iGPT Chen, M., Radford, A., Child, R., Wu, J., Jun, H., Luan, D., & Sutskever, |. Generative Pretraining from Pixels. ICML

2020.
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ChatGPT / GPT-4

Step 1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

#ChatGPT [blog]

™
=/
Explain reinforcement

learning to a 6 year old.

|

o)

4

We give treats and

punishments to teach...

Step 2

Collect comparison data and
train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used
to train our
reward model.

#GPT-4 (OpenAl) GPT-4 Technical Report. arxiv 2023. [blog]

~
G

Explain reinforcement
learning to a 6 year old.

o

In reinforcement Explain rewards..

foarning, the
agentis.

e

Inmachine Wa give treats and

Iasrming.. punishmsnts to

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO modelis
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.

“e

Write a story
about otters.
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Discussion

£ Raphaél Milliere

& @raphaelmilliere

Yann LeCun kicking off the debate with a bold prediction: nobody in their
right mind will use autoregressive models 5 years from now

#phildeeplearning
Tradueix el tuit

' models of the world

‘e too many samplesi/trials
'ncies / to fill in the blanks
z2cific way

itrol

3 “System 2"
computation.

10:49 p. m. - 24 de marg de 2023 - 560,5m Visualitzacions

Yann LeCun
‘ @ylecun

| have claimed that Auto-Regressive LLMs are exponentially diverging
diffusion processes.

Here is the argument:

Let e be the probability that any generated token exits the tree of
"correct" answers.

Then the probability that an answer of length n is correct is (1-€)*n

1/

Tradueix el tuit

Unpopular Opinion about AR-LLMs i

» Auto-Regressive LI.Ms are doomed.
» They cannot be made factual, non-toxic, etc.
>

They are not controllable Tree of “correct”
answers Tree of all possible
s token sequences
» Probability e that any produced token takes = T
us outside of the set of correct answers / \\

» Probability that answer of length n is 4 \
correct: [ \
‘ |

> p(correct) = (1-e)"

» This diverges exponentially. \
» It's not fixable (without a major redesign). -

12:43 a. m. - 27 de marg de 2023 - 530,9m Visualitzacions
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Learn more about AR models

Autoregressive Image Models

Nal Kalchbrenner

[N

Nal Kalchbrenner, Mediterranean Machine Learning
Summer School 2022.
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Outline

1. Discriminative vs Generative Models
2. Sampling

3. Architectures

o Generative Adversarial Networks (GANSs)
o Variational Autoencoders (VAESs)

o Denoising Diffusion Models (DDM)

o Auto-regressive Models (AR)

Figure source: Lilian Weng, What are diffusion models ?, Lil'Log 2021.
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Source: David Foster
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Recommended books

Generative
Modeling

f Springer

OREILLY"

Generative
Deep Learning

Teaching Machines to Paint, Write,
Compose and Play :

AL 2T

David Foster

Interview of David Foster for
Machine Learning Street Talk
(2023)
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http://www.youtube.com/watch?v=CTA7-Bsa9U4
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