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How do we understand the world?

« Our brains are like powerful
computers, constantly
predicting what will happen
next based on past
experiences

* Just like we use past knowledge
to guess future events,
generative Al attempts to
forecast and create based on
what it has learned
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The Future of Al with Generative Models

« Generative Al could be a critical
part of future Al advancements

* [t combines creating new things
and understanding causality—
how one action leads to another

e Like us, these Al systems can
simulate different scenarios and
outcomes, helping to make better
decisions
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Precision Meets Creativity: A new era in Al
* Predict * Imagine

 Classify « Augment

P Gy

» Recommend [ESUUEMEE) SRR Ay @R~ M - Create

AG I ? Artificial General Intelligence
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Vicky Kalogeiton

* Images

* Audio

e Text

* 3D models

Creative palette

}
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Introduction

a professional high quality illustration of a giraffe turtle chimera. a giraffe
imitating a turtle. a giraffe made of turtle,

“a painting of a fox in the style
of starry night”

“a stained glass window
of a panda eating bamboo”

“aboat in the canals of venice”

“a crayon drawing of a space elevator” “a futuristic city in synthwave style” “a pixel art corgi pizza” “a fog rolling into new york”
Figure 1. Selected samples from GLIDE using classifier-free guidance. We observe that our model can produce photorealistic images with
Itinl

and reflecti can p p pts in the correct way, and can produce artistic renderings of novel concepts. For
random sample grids, see Figure 17 and 18.

DALLE-1 GLIDE

\xIR/\H'}(

2014 GAN 2017 PGGAN 2019 DM-GAN(T2I) 2021 VQ-GAN 2022 DALLE, GLIDE

} | | | |
I T

2016 AlignDRAW 2020 DDPM
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5 January 2021

DALLE

TEXT PROMPT  an armchair in the shape of an avocado. an armchair imitating an avocado.

AI-GENERATED
IMAGES \

A
4O
&6

https://openai.com/blog/dall-e/
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https://openai.com/blog/dall-e/

23 May 2022

Imagen by Google Al

A photo of a Corgi dog riding a bike in
Times Square. It is wearing sunglasses
and a beach hat.

https://im n.r rch le/
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https://imagen.research.google/

13 April 2022

Dalle-2 (Text-to-lmage)

A bowl of soup as a planet in An astronaut riding a horse in Teddy bears mixing sparkling
the universe a photorealistic style chemicals as mad scientists
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Diffusion Models

MIDJOURNEY.

OpenAl: DALL-E3 Midjourney

music, audio, animation, video, physical etc....
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February 2024

Stable Diffusion 3

Vicky Kalogeiton



Make-A-Video (Text-to-Video)

ECOLE
POLYTECHNIQUE

A confused grizzly bear A golden retriever eating ice A panda playing on a
in a calculus class cream on a beautiful tropical swing set

beach at sunset, high

resolution
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February 2024

SORA (Text-to-Video)
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Vicky Kalogeiton

Human Motion Diffusion (Text-to-Motion)

“A person punches in a “A person is “a man kicks with
manner consistent skipping rope.” something or someone
with martial arts.” with his left leg.”
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Part Il: Outline

* GANs
* Training objective
 Training GANs
* GAN properties
« Examples & Metrics
« Conditional GANs
e Summary
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Generative Adversarial Networks

« Assume data x; drawn from distribution py,i,(X).
« Want to sample from pyat,

* Idea: Introduce a latent variable z with simple prior p(z)
« Sample z ~p(z) and pass to a Generator Network x=G(z)
« X'is a sample from the Generator distribution pg.
* Want Pc=Pdata

Generator Generated Discriminato
Network Sample r Network

Z N €

Sample z
from p,

_|~ Fake

Train Generator Network G to convert z '_ —I_. Real

into fake data x sampled from pg

Train Discriminator Network D to
as real or fake (0/1)
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GANSs: Training Objective
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GANSs: Training Objective

e Jointly train generator G and discriminator D with a minimax

game
Discriminator Discriminator
wants wants
D(x) =1for real D(x) = 0 for fake
data data
mln max (Ex~pdata llog D(x)| + E,~p(») [log (1 — D(ﬁ (z)))D
J
Y

Generator wants
D(x) = 1 for fake
data

Generator Generated Discriminator
Network Sample Network

Sample -~
z from p, : G ' L. _]—'Fake

D

B L.
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GANSs: Training Objective
e Jointly train generator G and discriminator D with a minimax

game

Train G and D using alternating gradient updates

min max (Ex,,p 1aea 108 D ()] + E, () [log (1 —D( ()))D

D
= minmax V (G, D) Fortinl, .. T:

G D ov

1. (Update D) D = D + a) T

2. (Update G) G =G — aG%
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GANSs: Training Objective

e Jointly train generator G and discriminator D with a minimax
game

Train G and D using alternating gradient updates

mln mDElX (Ex"'pdata [lOg D(X)] T E’*"'f“'p(*f") [log (1 B D( ()))])

= mc,in mgx V(G,D) Fortinl, .. T:

1. (Update D) D = D + aDa—V

We are not minimizing any overall ge

loss! No training curves to lookat! 2. (Update G) G = G — ey
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Training GANs
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Training GANs: Two-player game

Generator network: try to fool the discriminator by generating real-looking images
Discriminator network: try to distinguish between real and fake images

Real or Fake

Discriminator Network

Fake Images
(from generator)

E
R -

f

Generator Network ’

Random noise

Real Images
' (from training set)

4 After training, use generator network to

y4

lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014

Vicky Kalogeiton

generate new images
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Examples of GANs!

lan Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014

Generated samples

Nearest neighbor from training set
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Training GANS is hard!
Mode-collapse

Generator can “memorize” real images

Generated samples

Nearest neighbor from training set
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Training GANS is hard! 4

ECOLE
POLYTECHNIQUE

Generator can produce “fuzzy” images

Generated samples (CIFAR-10)

ot 2
w
=
(3

Nearest neighbor from training set
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Training GANS is hard!

* Training GANSs is still very hard
« Many problems exist

* Non-convergence
« The models never converge and worse they become unstable

« Mode collapse

« The generator produces a single or limited modes
* i.e.theimages are not as diverse as the true data

« Many tricks exist

raining se / T
Discriminator
_|4 -
Random m /I @E]{Fake
noise %

Fake image

Generator

Vicky Kalogeiton 13/12/2024 Introduction to
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GAN properties
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GAN Interpolation

Interpolatin
g between
points in
latent z
space

[Radford, Alec, Luke Metz, and Soumith Chintala. "Unsupervised representation learning with deep
convolutional generative adversarial networks.", ICLR 2016]
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GAN Vector Math

ECOLE
POLYTECHNIQUE

Smiling Neutral Neutral
woman woman man

Samples Smiling Man
from the <

model

Average Z

vectors, do
arithmetic
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GAN Vector Math

Man with Man w/o Woman
glasses glasses w/o glasses

Woman with

Samples
glasses

from the <
model

Average Z

vectors, do
arithmetic
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Examples & Metrics
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Examples

ECOLE
POLYTECHNIQUE

» https://thiscatdoesnotexist.com/

These Cats Do Not Exist

Learn More: Generating Cats with StyleGAN on AWS SageMaker

Enable BOTH stylegan1 & 2 results: (] |
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https://thiscatdoesnotexist.com/

FID - Frechet Inception Distance

« A metric attempting to quantitatively evaluate the quality of
generated images

« Main Idea

» Use features learned for classification, and see how similar they are
for real and generated images

e How to:

 Take the 2048 dimensional output of the global pooling layer in
Inception v3

e Com ute.the mean and covariance matrix of the features for real
and take images

- Calculate the Frechet distance between the real and generated
images

, , , v 1/24
FY) e 2 T ja B 1 90 \ 4
l m m.,.| 2T Iy I C C w <\ o8 w 'l ’ [Mercel. Martin, de al. “Gans trained by a two time-scale update

rule converge to alocal nash equilibrium”. In NeurlPS 2017]
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Conditional GANs

Vicky Kalogeiton 13/12/2024 Introduction to

P B T | W o



Conditional GANSs

« Conditional GAN: learn p(x|y) instead of p(x)

- Make generator and discriminator both take
label y as an additional input

Y.

Vicky Kalogeiton 13/12/2024 Introduction to
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Conditional GANSs

Batch Normalization Conditional Batch Normalization
1 N
i=1 i=1
, 1 N ,  Learna separate 1 & ,
9 = NZ(xi,j ) scale and shift of = NZ(xi,j — 1))
Xi; — U for each xiifl— uj
*ij =T different label y Xij =
09 + € ’0?'+'€
Yij = ViXij + Bj Yij =i %ij+ B}

Dumoulin et al, “A learned representation for artistic style”, ICLR 2017
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Conditional GANSs

Welsh spri

_ Fire truck

‘. ; .

Miyato et al, “Spectral Normalization for Generative Adversarial Networks”, ICLR 2018
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Conditional GANs
Image-to-Image Translation: Pix2Pix

Labels to Street Scene Labels to Facade BW to Color

input output
P Aerial to Map g

input ] out input

input output input output

Pix2Pix
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Conditional GANs
Unpaired Image-to-Image Translation: CycleGAN

POLYTECHNIQUE

Monet 7_ Photos Zebras > Horses Summer Z_ Winter

CycleGAN

horse — zebra

...............................................................................................................................................................................................................

: Tt 4. b = » :
iz S

: G, | caliiile
Photograph Van Gogh Cezanne

B o \
" ’.L-" -~y
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Multimodal Generative Al with Diffusion

Generative
Al

Diffusion
models

Vicky Kalogeiton

Manipulation

GANS of Iater.1t
space in
GANs
DDIM/More L Guidance
speed
13/12/2024 Introduction to
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Part lll: Image Manipulation w GANS

* Manipulating images with GANs
* Interpolation in latent space
* GAN inversion

* Learn and apply latent directions
« CLIP + StyleGAN

Vicky Kalogeiton 13/12/2024 Introduction to
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Interpolation in latent space
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Latent space of a GAN

Z1 a*z,+(1-a)*z, Z3

https://github.com/NVlabs/stylegan2-
python generate.py --outdir=out --dlatents=out/dlatents.npz --network=https://nvlabs-
fi-cdn.nvidia.com/stylegan2-ada/pretrained/ffhq.pkl

Vicky Kalogeiton 13/12/2024 Introduction to


https://github.com/NVlabs/stylegan2-ada

Real images: GAN inversion

POLYTECHNIQUE

Latent code z

Fake generated image
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Real images: GAN inversion

f [
POLYTECHNIQUE

Latent code z
000/0/0'0

How to find z that generates Elon Musk?

Realimage

A
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Vicky Kalogeiton

Real images: GAN inversion

Iterative optimize z to minimize the

Initial z differences between images

Difference (e.g. L2)
A
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Real images: GAN inversion

Iterative optimize z to minimize the

Initial z differences between images

Distance in feature space

E E

E: VGG16 pretrained network

Vicky Kalogeiton 13/12/2024 Introduction to



Real images: GAN inversion

python projector.py --outdir=out --target=targetimg.png \ --
network=https://nvlabs-fi-cdn.nvidia.com/stylegan2-ada/pretrained/ffthq.pkl

Vicky Kalogeiton 13/12/2024 Introduction to
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Real images: GAN inversion

POLYTECHNIQUE

python projector.py --outdir=out --target=targetimg.png \ --
network=https://nvlabs-fi-cdn.nvidia.com/stylegan2-ada/pretrained/ffhq.pkl

Vicky Kalogeiton 13/12/2024 Introduction to



Align Images with FFHQ

original images alignment images

https://gith m/h -jihye/FFHQ-Alignment
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https://github.com/happy-jihye/FFHQ-Alignment

Learn and apply latent directions

Vicky Kalogeiton 13/12/2024 Introduction to
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Latent directions

Latent space
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Latent directions

Latent space

* Learn meaningful latent directions

Either supervised or unsupervised

Apply these directions in any image

Example of directions in faces:
* Aging
* Smiling
* Hairorskin color

 Gender

[Unsupervised: Voynov and Babenko. "Unsupervised discovery of interpretable
directions in the gan latent space." In ICML 2020]
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Supervised Learning of Latent directions

Latent space
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Supervised Learning of Latent directions

aging

— *
new — ZTW™mM

smiling
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CLIP + StyleGAN
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Vicky Kalogeiton

1. Contrastive pre-training

pepper the

aussie pup

Text

CLIP

Encoder

Image
Encoder

13/12/2024
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I; T,

I, T,
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I3 T3
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5 Januray 2021

CLIP

2. Create dataset classifier from label text

a photo of Text
a {object}. Encoder

3. Use for zero-shot prediction

Image
Encoder

a photo of

adog.

Vicky Kalogeiton 13/12/2024 Introduction to



Image generation from text

Iterative optimize z to minimize the

Initial z differences between images

Distance in feature space

E E

E: VGG16 pretrained network

Vicky Kalogeiton 13/12/2024 Introduction to



Image generation from text

Initial z lterative optimize z to minimize this distance

Distance(text,image) in feature space

m

an image with the face of a woman with
purple eyes and blonde hair
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Multimodal Generative Al with Diffusion

Manipulation

Generative L GANSs L of Iatept
Al space in
GANSs
Diffusion DDIM/More : Latent
—
models - speed — Guidance — Diffusion
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Part IV: Outline

 Introduction

« AutoEncoder (AE)

 Variational AutoEncoder (VAE)

 VAE Loss

« Parametrization Trick

* Problem with VAE

« Vector Quantised-Variational AutoEncoder (VQVAE)
* Training VQVAE

* VQGAN
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AutoEncoder
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AutoEncoder (AE)

Reconstructed
L — Ideally they are identical. ------------------ > input
x ~ x'
Latent
Decoder
X [— | X

fo

An compressed low dimensional
representation of the input.
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AutoEncoder (AE)

n

Reconstructed

1 , , 2 ot < ol o e B
Las(@,9) = £ 37 (x — fu(50(x9)))

1= ]_ Bottleneck!
. Encoder Decoder
Reconstruction Loss X —— g4 - . e

An compressed low dimensional
representation of the input.

9o ( . ) The encoding function parameterized by ¢.
fg ( . ) The decoding function parameterized by 6.
x(z) Each data point is a vector of d dimensions, x(0) = [:l:gi), :I}g:), ceey wg)] .

Hinton & Salakhutdinov, 2006
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http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.459.3788&rep=rep1&type=pdf

AutoEncoder (AE)

Reconstructed

T S Ideally they are identical. ------------------ > input

x ~x

Latent
Encoder Decoder .
x 9¢ . fo x

An compressed low dimensional
representation of the input.

No force to draw them together

+ Easy to use, simple structure, fast to train

- Identity mapping is prone to overfit the data.
- non-interpolatable and non-smooth latent space Latent Space
- Limited capacity of generating new data

Vicky Kalogeiton 13/12/2024 Introduction to



AutoEncoder (AE)

Reconstructed

T S Ideally they are identical. ------------------ > input
x~x
Latent
Encoder Decoder .
X F—— EE——
9o fo =
An compressed low dimensional
representation of the input.

How to represent new data
(not included in the training)
+ Easy to use, simple structure, fast to train

- Identity mapping is prone to overfit the data.
- non-interpolatable and non-smooth latent space Latent Space
- Limited capacity of generating new data
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AutoEncoder (AE)

Reconstructed

Input <------oooo e Ideally they are identical. ------------------ > input

x ~x

Latent
Encoder ‘ | ‘ Decoder .

An compressed low dimensional
representation of the input.

+ Easy to use, simple structure, fast to train

- Identity mapping is prone to overfit the data.

- non-interpolatable and non-smooth latent space
- Limited capacity of generating new data

Vicky Kalogeiton 13/12/2024
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Variational AutoEncoder
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Variational AutoEncoder (VAE)

Instead of learning data one by one:
Solution: Learn a distribution with a hidden latent z!

New sample of the data pg(X|2); Z~pg(2)

A A

v
v

Data Distribution of the Data with a hidden latent

pe(X12)pg(2)

Vicky Kalogeiton 13/12/2024 Introduction to
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Variational AutoEncoder (VAE)

Reconstruction Loss

‘N\\\\\\\ ””’,,—”

Probablistic |+ pu — Probablistic
X » Encoder Decoder " X
1$(z1X) [L_2 E | pe(X |12)

zZ=p+o0e

KL Loss/ \
Latent ﬁsampl oD /\
Loss
Lyar(0,¢) = Eygy(z)x) 108?0(x|z) + Dy, (Q¢(z|x) |po(z))

0: Parameter of decoder

Kingma & Welling, 2014 ¢: Parameter of encoder

Vicky Kalogeiton 13/12/2024 Introduction to
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https://arxiv.org/abs/1312.6114

Beta-VAE

Reconstruction Loss

Lyag(0,¢) =

Kingma & Welling, 2014

Vicky Kalogeiton

Probablistic |} r |——
» Encoder

q¢(ZIX) "L })_'

zZ=p+oOe
KLLoss/
sampl €~N(0,I)

aten ﬁ /\

Loss
z~q¢(z|x) logpg(xlz)l

B: Parameter of decoder
¢: Parameter of encoder

13/12/2024

Ve B

Probablistic
Decoder X
Pe (X |2)

_—]

A\ 4

+ 8. Dx1,(q4(2[x)||ps(2))

Introduction to
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https://arxiv.org/abs/1312.6114

Conditional VAE (CVAE)

Reconstruction Loss

Condition C;: ADog Label Condition C;

\j\ /[/

Probablistic |+ pu — Probablistic
X Encoder Decoder X
1$(z1X) [L_2 E | po(X|2)

/ I \
KLLoss/\ 8
Latent ﬁsampl NeD
Loss

LCVAE(¢ IB) z~q¢(z|x c;) 10gp9(x | = Cz) + BDkL (Q¢(z | S Cz)”pg( ))

\ 4

0: Parameter of
decoder

: Parameter of
(b arametero 13/12/2024 Introduction to
encoder R

Kingma & Welling, 2014

Vicky Kalogeiton


https://arxiv.org/abs/1312.6114

VAE Examples

Samples from Vanilla VAE (Kingma & Welling, 2014) on dataset CelebA
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https://arxiv.org/abs/1312.6114

Summary VAE

Reconstruction Loss

Condition C;: ADog Label Condition C;

\j\ /[/

Probablistic |+ pu — Probablistic
X Encoder Decoder X
1$(z1X) [L_2 E | po(X|2)

/ I \
KLLoss/\ 8
Latent ﬁsampl NeD
Loss

LCVAE(¢ IB) z~q¢(z|x c;) 10gp9(x | = Cz) + BDkL (Q¢(z | S Cz)”pg( ))

\ 4

0: Parameter of
decoder

: Parameter of
(b arametero 13/12/2024 Introduction to
encoder R

Kingma & Welling, 2014
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https://arxiv.org/abs/1312.6114

Problem with VAE
Guess?

Vicky Kalogeiton 13/12/2024 Introduction to
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Problem with VAE

Autoencoder - Projection of 200D Latent-Space to 2D (Cartoon Set) - VAE - Projection of 2D Latent-Space (Cartoon Set)

Vicky Kalogeiton 13/12/2024 Introduction to



Problem with VAE

20 -+ Latent space is regularized. Vectors sampled from
Latent space distribution latent space can generate valid data.

after training

Vectors sampled from overlapping

distribution generates morphed data.

Vicky Kalogeiton 13/12/2024 Introduction to



Problem with VAE

20 &

Latent space distribution
after training

Latent space is regularized. Vectors sampled from
latent space can generate valid data.

Vectors sampled from overlapping

3 . . . ' .
GISTTIDILION generaies mornmnea .1,‘\4",

Vicky Kalogeiton 13/12/2024 Introduction to



Vector Quantised-Variational
AutoEncoder (VQVAE)
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Training VQVAE

Vicky Kalogeiton

Codebook
el e2e3 eK
Embedding
Space
v L / /' /
2 b4
e
TR 2
Z.(X) Z B 2 i Zq(x)
53
J/ =1 - ®
Y Y
Encoder Posterior categorical distribution: Decoder
1 if k = argmin; ||z.(x) — e;
2 = exlx) = s [y el
0 otherwise.

L = ||x — D(e)l3 + |Isg[E(x)] — exll; + Bl E(x) — sglex]l;

\ .

TV . TV . TV
reconstruction loss VQ loss commitment loss

13/12/2024 Introduction to

ECOLE
POLYTECHNIQUE

o 95 o

z,(x)
o ® o ©

2,x) ~ q(zlx)

sg[.] for stop gradient



Sampled Results on ImageNet
VQVAE( Van den Oord, et al. 2017)
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http://papers.nips.cc/paper/7210-neural-discrete-representation-learning.pdf

VQGAN
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%
VQGAN 7

ECOLE
POLYTECHNIQUE

real/fak
( Transformer ' | ) f]r fer
A [ || il te]c]¢
P(3)=nip(3‘|3<‘) r|t]|re]t
1 :: t|r|r]r
Y 13,'-
\_ 8= Y,

CNN
Discriminator

CNN

Decoder
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VQGAN

ours VQVAE-2 [53] BigGAN [“] MSP [17]

VQGAN(Esser et al. 2021) compared with VQVAE and other methods
Esseretal. 2021

Vicky Kalogeiton 13/12/2024 Introduction to


https://arxiv.org/pdf/2012.09841.pdf
https://arxiv.org/pdf/2012.09841.pdf

Multimodal Generative Al with Diffusion

Manipulation

Generative of latent AE, VAE,
Al — GANs — N - VQVAE,
GANs VQGAN

Diffusion DDIM/More Guidance L, Latent
models speed Diffusion
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Part V: Outline

 Learn distribution

« Forward process

* Reverse process

* Loss

« Network and Convergence
« Examples
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Discriminator

Generative Models

Generator

Decoder
po(x|z)

Y

G(z)

v
o

min max L(D, G) = E,.y,(;)log D(2)] + E..p,(» [log(1 — D(G(2)))]
= Eznp.(2)[log D(2)] + Eqrpy(o) [log(1 — D(2)]
unstable training
and mode collapse (learning data, instead of distribution)
Lyag(8, ¢) = —logps(x) + Dxr(g4(z|x)[/ps(z]x))

= _Ez~q¢(z|x) ].ngg(X|Z) -+ DKL(Q¢(Z|X)||p9(Z))
0*,¢" = arg 110}';11 Lyag

b

under-represtation of the distribution,
posteriori collapse (Gaussian Prioriis not realistic)

and learn the whole distribution.

GAN: Adversarial / .
X X —
training D(x)
VAE: maximize X Encoder VA
variational lower bound q4(z|x)

e
I
|
I . . .
i Diffusion models.' X0 — X1 — Xg| ——— -
" radually add Gaussian < - <
| hoise and then reverse
|

Vicky Kalogeiton

|
|
|
| Better representation capacity,
|
|
|



Generative Objective: Forward Process

° 'Q q(thxt_l) ‘ °

f f
POLYTECHNIQUE

We call this a Forward Process. z; = /1 — Bixs_1 + +/Bie where €~ N(0, )

* Originalimage at Xy and pure noise at Xr
* Werepeat the noising T times

* B¢ € (0,1) isanoise schedule, ie. linear
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DDPM: Forward Process

6 G - G °

f [
POLYTECHNIQUE

» Original image at X, and pure noise at X Forward: q(x¢|xi1) = N (%43 /1 — Bexe_1, Be])
* We repeat the noising T times
. € (0,1) is a noise schedule — /a o
b € (0,1) (“Shortcut’) q(xt|x0) = N (xe; v/ @exo, (1 — a&)I)
Sample any step using x5 : | *t= Vaxg+ /1 - ae
o = l—ﬁt &tZH;—leai
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Reverse process
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Generative Objective: Reverse Process Summary

In the “Reverse Diffusion process,” the idea is to reverse the forward diffusion process.
We slowly and iteratively try to reverse the corruption performed on images in the forward process.
The reverse process starts where the forward process ends.

The benefit of _startin_% from a simple space is that we know how to get/sample a point from this simple
distribution (think of it as any point outside the data subspace).

5. And our goal hereis to figure out how to return to the data subspace.

6. However, the problem is that we can take infinite paths starting from a point in this “simple” space, but only a
fraction of them will take us to the “data” subspace.

7. In diffusion probabilistic models, this is done by referring to the small iterative steps taken during the forward
diffusion process.

8. The PDF that satisfies the corrupted images in the forward process differs slightly at each step.

9. Hence, in the reverse process, we use a deep-learning model at each step to predict the PDF parameters of the
forward process.

10. And once we train the model, we can start from any point in the simple space and use the model to iteratively
take steps to lead us back to the data subspace.

11. In reverse diffusion, we iteratively perform the “denoising” in small steps, starting from a noisy image.

12. This approach for training and generating new samples is much more stable than GANs and better than previous
approaches like variational autoencoders (VAE) and normalizing flows.

HwnN =

[Vaibhav Singh]
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Generative Objective: Reverse Process

ECOLE
POLYTECHNIQUE

q(xelxe—1)

q(xe—1]xt)
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Generative Objective: Reverse Process

q(xe|xe—1)
q(xe—q1lxt) .

Po (X¢—1|x¢) .

A very nice property of Gaussian:

if g(x¢|x._1) is a Gaussian with small 8 (another reason we need many q(z | 1) ~ N(y/1 - Bimi1, Bel)
steps!)
> then, q(x;_4|x,) is also a Gaussian. Po(Xe_1|x¢) = N (x¢1; o (Xe, t), Zg(xy, 1))

Therefore, we learn this Gaussian’s mean and variance

Learnable parameters
by a network approximated pg (x;_1|x;)
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DDPM: Reverse (=Generative) Process

f f
POLYTECHNIQUE

q(xelxe—1)

q(xe—q1lxt) @
Po (Xe—1lx¢)

, : neration: X;_1|X¢) = N(%4_1; pro (%, 1), Bo(Xe,
A very nice property of Gaussian: Generatio Po(Xe-1[x¢) (xe-15 po(xe, 2), Bg (%1, )
if g(x;|x;—1) is a Gaussian with small B (another reason we need many Learnable parameters
steps!)

- then, q(x;_|x;) is also a Gaussian.
Therefore, we learn this Gaussian’s mean and variance
by a network approximated pg (x;_1|x;)
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DDPM: Reverse/Generative Process

q(xe|xe—1)
q(xe—qlx¢) @
Po (Xe—1lx¢) .

Forward

ECOLE
POLYTECHNIQUE

q(x¢|x¢—1) = N (%451 = Bixs_1, Bie]) > y

Bayes

v

Q(wt—l | wt) = N(xt—l; I—l'(xta xO)’ BtI)

l l ar=1-p
1-a 1—a4

1
IV |
v T ea s B

\lpo(xt—1|xt) = N(xt—1; po(X¢,t), Bg(x¢,t))

Generation
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DDPM: Reverse/Generative Process

q(xe|xe—1)
q(xe—qlx¢) @

Po(Xe—1|x¢) .

ECOLE
POLYTECHNIQUE

Forward I\
q(x¢|x¢—1) = N(Xt; VA 5txt—1aﬁtl)/ 1
! Bayes
<Q(wt1 | wt) = N(xt—l; ﬁ(xta xO)’ BtI)
Minimize KL
divergence

<p0(xtl|xt) = N (%115 po(xt, 1), B (%1, 1))

Generation
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LOSS
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Generative Objective: Loss

q(xelxe—1)

q(xe—q1lxt) @
Po (Xe—1lx¢)

We want to minimize:

Lvyip=Lpr+ Lp_1+ -+ Ly
where L1t = Dxr,(q(x71|x0) || po(xT))
L; = Dxr,(q(x¢|%x¢+1,%0) || po(x¢|x441)) for1 <t <T —1
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Generative Objective: Loss

q(xelxe—1)

q(xe—q1lxt) @

Po (Xe—1lx¢)

We want to minimize:

Lyvis=Lpr+Lp_1+---+4+ Ly
where Ly = Dgy,(q(x7|x0) || po(x7))

L; = Dxr(g(x¢|xt+1,%0) || po(x¢|xe41)) for 1 <t < T —1

Minimizing predicted noise based on data:

In code: Algorithm 1 Training

X~ N(u,0?)
2 ~N(0,1)
Algorithm 2 Sampling X=ptoz
1 repeat 1: xr ~ N(0,1) Po(Xs_1]x¢) =
2: xo0 ~ q(xo) 2 fort=T,...,1do
3: ¢~ Uniform({1,...,T}) 3: z~N(0,I)ift > 1,elsez=0
4: e~ N(0,1) . ) o
5: Take gradient descent step on 4 X1 = Vaor \ Xt~ —t—m‘EG(xt,t)) + oz i( 1—a; oy
Vo ||l€ — eo(v/arxo + V1 — ace, t)||2 5: end for N Xt @ 0) of =
6: until converged 6: return xo

L™ = Byt 2o, [Hft — €o(V arxo + V1 — aser, t)”2]

N (%415 po(xe,t), Bo(xt, 1))

Vicky Kalogeiton 13/12/2024

Introduction to
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Network/Convergence/Examples
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Generative Objective:
Which networks?

q(xe|xe—1)
q(xe—q1lxt) @

Po(Xe—1|x¢) .

Noise Time Embedding ~ Nose
. ¥ ¥
L] 1]
: % A standard U-Net to predict noise
7 | Y 7 from previous noise and time information.
[ ‘ \d v
v v
Image Noise
U-Net for standard encoding A (very simple) U-Net for diffusion Model
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Generative Objective: Reverse Process

q(xelxe—1)
q(xe—qlxe)
Po(Xe—1|x¢)
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Generative Objective: Reverse Process
Convergence

« GANs: if the Discriminator can successfully differentiate
between real/fake then we stop the training

 VAE: reconstruction loss (meaningful)

» Diffusion models: complicated: we need to measure the
distance between two distributions - FID

Vicky Kalogeiton 13/12/2024 Introduction to



Results: Denoising Diffusion Probabilistic Model (DDPM) ><

Sampled results: Sampled results:
LSUN Church Dataset LSUN Church Bedroom
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Multimodal Generative Al with Diffusion

Manipulation

Generative of latent N2, ViR,
Al > GANSs —> N — VQVAE,
GANs VQGAN
Diffusion DDIM/More : Latent
—
models speed Guidance — Diffusion
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Problem with DDPM

Problem with DDPM: many iterations to produce high quality sample

« Generative process approximates the reverse of the forward process, which could
have thousands of steps; iterating over all the steps is required to produce a
single sample

Slower than GANs (one pass through the network)
E.g. 50k images 23x23

« DDPM: 20h
* GAN: <1 min

E.g. 50k images 256x256
« DDPM: 1000h!

_)

« Denoising Diffusion Implicit Models (DDIM)
« Same objective function as DDPM
 Faster sampling

Vicky Kalogeiton 13/12/2024 Introduction to
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Generalization of DDPMs

« A non-Markovian forward process

_ _ = Xt —\/ouXo 5 y,
q(X¢—1 | X¢,%0) = N (%4—1 V@ —1%0 + \/1 — Q41— P tﬁo, ,BtI) ,Bt — 0'?
—
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Generalization of DDPMs

« Keeps some properties of the original process

— T
Q(xtlxo) = N(xt; VvV atXo, (1 o C—!t)l) ot = Hz’zl (8%
xz=\/dtx0+\/1—&te at:]-_/Bt

» Distribution of xt is defined given xt-1 and x0: the process is
no longer Markovian >< |
q(x¢|xi—1) = Ny /1 — Bixi—1, Bi)

Go (Te—1|T¢, o )go(Ti|T0) = 9
t — Oy
G (mt—l |1:U)

ch(a:l |$t—1. -'Bo) —
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Generalization of DDPMs
Stochasticity

« Sigma/beta modulate the stochasticity of the process

~ 1 — oy
when fB; = o2 = - ;1 .B; DDIMis DDPM
- ¢

(1—ay) interpolation between DDIM and DDPM,
(1—ay) t i.e. we control the sampling variance

when 3, (n) =n

when Bt is zero, the DDIM is deterministic process
- the same noise XT always leads to the same image x0

Vicky Kalogeiton 13/12/2024 Introduction to
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Generalization of DDPMs
Deterministic generation

« When Sigma/beta !=0: stochastic process

/
bDPM - N \ N ”‘ N SO Y
RS o "A NS,
LT | *

1, ; H|l i

* When sigma/beta = 0 (DDIM): deterministic
- the same noise XT always leads to the same image x0

LT
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Generalization of DDPMs
Training objective

» Training objectives are equivalent for any of the values of
sigma/beta

t
Eay.2mq(@o.e) (DKL (G0 (Tt—1|T0, 20)) 1Y (21| 24))]

« A model trained for the original DDPM process can be used for
any process of the family
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Generalization of DDPMs:
Sampling

« Sampling becomes

Qo(l‘t—llmu 20) =N (\/01-130

+ \/1—a¢-1 — o2 Lt "atzo,afl) :

\/l—at

: - fgt)(zt)

“direction pomnting Lo @™

Vicky Kalogeiton 13/12/2024 Introduction to
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Sampling acceleration
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Generalization of DDPMs:
Recap

Do

M )

Po(x0:3) := pg(x3) » [Pe(x1|x3) - Po(xolx1)]|X Do(x0]x2)

A process defined on
a subset {x; ..., x;.}

po(xo.r) = po(xr)| [ [ p6™ (r,_, |2+) X [ P (2olez:)

=1 teT
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Experiments
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Generalization of DDPMs:
Experiments

CIFAR10 (32 x 32)

CelebA (64 x 64)

S 10 20 50 100 1000 10 20 50 100 1000
0.0  13.36 6.84 4.67 4.16 404 | 1733 13.73 917 6.53 3.51

02 | 14.04 7.11 4.77 4.25 4.09 17.66 14.11  9.51 6.79 3.64

T 05| 1666 835 5.25 4.46 4.29 1986 16.06 11.01  8.09 4.28
1.0 | 41.07 1836  8.01 5.78 473 | 33.12 2603 1848 1393 598

o 367.43 133.37 32772  9.99 317 | 299.71 183.83 71.71 4520  3.26

—

Sampling quality of DDIM better than DDPM for the same number of steps
2. For a given number of steps, when lowering the stochasticity, the sampling

quality improves
3. DDIM reaches the same image quality of DDPM in 50 steps instead of 1000
steps =2 20x speed up for the same image quality!

~ B (1—56t_1)
Bi(m) =mn 1—a)

B

Vicky Kalogeiton
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Generalization of DDPMs:
Experiments

)

()g

0

0

0
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Generalization of DDPMs: ><
Experiments

sample timesteps
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Generalization of DDPMs:
Interpolation

ECOLE
POLYTECHNIQUE

Xy axg + (1 —a)x3 X0
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Multimodal Generative Al with Diffusion

Manipulation

Generative of latent N2, ViR,
Al > GANSs —> N — VQVAE,
GANS VQGAN
Diffusion DDIM/More : Latent
—
models - speed Guidance Diffusion
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Part VII: Outline

 Guided diffusion

 Control the diffusion

* Explicit condition

« Guided diffusion

« Why not guided diffusion?
« Classifier-free guidance

* Negative prompting

Vicky Kalogeiton 13/12/2024 Introduction to
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Control the Diffusion Model

ECOLE
POLYTECHNIQUE

q(xelxe—1)

Po (X¢—1]x¢)

Where is the control?
How did we do with VAE? This sounds a familiar question.
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Explicit condition
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Control the Diffusion Model: Explicit Condition

q(xelxe—1,y)
P>
Po(Xe—11Xt, ¥ )

“a young schoolboy in a red shirt”

---- ll--ll -> fo(Xt,t;y).
R
] 1 ] 1 1 ]

CT T BRSNS B

We can add it directly, but is this an effective way? Why?

f [
POLYTECHNIQUE
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Guided diffusion

Vicky Kalogeiton 13/12/2024 Introduction to



Control the Diffusion Model: Guided Diffusion

0 q(xelxe-1) 0 °
/ Po(Xt—1|xt )/ /

Shiftto a dog label!

How to do it?

XeRN
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Control the Diffusion Model: Guided Diffusion

CALN G °
- — /

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

It’s like a classifier: p, (v|x)

We just look at its gradient:
Vxlogpe (y]x)

Such that the generated x is similar to
the condition label.

X eRVN In sampling: e (x;, 1) + V, log p(y|x)

Vicky Kalogeiton 13/12/2024 Introduction to
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Control the Diffusion Model: Guided Diffusion

CALN G °
- — /

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

f [
POLYTECHNIQUE

In sampling: ¢ (x;, £) + V, logpg (v]x). € Guided Diffusion

We need to train a classifier: pg (y[x), with the awareness of noise

py(y|x)) ADog

Vicky Kalogeiton 13/12/2024 Introduction to
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Control the Diffusion Model: Guided Diffusion

q(xe|xe—q1)
/ — S

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

In sampling: €y (x;, t) + yVylogpy(v|x). € Guided Diffusion

Label: Corgi

Vicky Kalogeiton 13/12/2024 Introduction to
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Guided Diffusion: Nearest Neighbors for Samples

Figure 7: Nearest neighbors for samples from a classifier guided model on ImageNet 256 x256. For
each image, the top row is a sample, and the remaining rows are the top 3 nearest neighbors from the
dataset. The top samples were generated with classifier scale 1 and 250 diffusion sampling steps (FID
4.59). The bottom samples were generated with classifier scale 2.5 and 25 DDIM steps (FID 5.44).
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Why not guided diffusion?
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Control the Diffusion Model: Guided Diffusion

CALN G °
- — /

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

In sampling: €y (x;, t) + yVylogpy(v|x). € Guided Diffusion

What do we NOT like in guided diffusion?

- Need to fine-tune and train a classifier
- Condition can only be label-based, hard to support other conditions like “text input”

Because for text, the classifier p,(y|x) does not exist.
Shariwal and Nichol. 2021
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Classifier-free guidance
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Control the Diffusion Model: Classifier-Free Guidance

CALN G °
- — /

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

f [
POLYTECHNIQUE

Attraining:  PoCoeqlxe, ) = polxe1lx Jpe(v]x)

In sampling: €, (x;,t,v) = eglx;, t) + vV, logp(y|x)

p(xly)
PO 56
V,logp(y|x) « eg(xs, t,y) — gy, t) Vi logp(y|x) o< Vy logp(x|y) — Vi logp(x)
Finally: €o(xp, t,y) = €g(xs, t) + y(€g(xe, t,y) — €g(xs, t)) Thanks to Bayes
\ v J \ )
conditional  unconditional
generation generation

Ho and Salimans, 2022
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https://arxiv.org/abs/2207.12598

Control the Diffusion Model: Classifier-Free Guidance

CALN G °
- — /

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

How to compute: €g(x;, t,v) =2

glxe, t,y) = €9, ) +y(eg(xe, t,¥) — €g(xe, 1)) - explicit condition
\ J \ )
conditional  unconditional
generation generation How to compute: €g(x;, t) 2
\ , - We randomly set the condition to null
A\ (drop-out condition)
Implicit

-€g(xg, t,y) > €g(xg, t, D)

classifier
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https://arxiv.org/abs/2207.12598

Control the Diffusion Model: Classifier-Free Guidance X

CALN G °
- — /

po(xe—1lx:,y) = po(xe_qlxe )p¢(y|x) Shift to a dog label!

Eolxp, t,y) = eg(xp, t) +y(eg(xg, t,y) — €9y, 1))

Label: Husky

Ho and Salimans, 2022
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https://arxiv.org/abs/2207.12598

Classifier free guidance

Cute dog

..
=

Prompt: - 5
“cute dog’ s I

. Weighted
Skip Connection
Prompt: ’ . l average
A %Oo - - obé arbitrary
% .
/
Bottleneck

Classifier free guidance

Vicky Kalogeiton 13/12/2024 Introduction to



Control the Diffusion Model: Classifier-Free Guidance

‘ - }‘1

-V
-nw

\&‘@“{

Caption: “A stained glass window of a panda eating bamboo.”
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Control the Diffusion Model: Classifier-Free
Guidance

Figure 3: Classifier-free guidance on 128x128 ImageNet. Left: non-guided samples, right: classifier-
free guided samples with w = 3.0. Interestingly, strongly guided samples such as these display Figure 8: More examples of classifier-free guidance on 128x128 ImageNet. Left: non-guided samples,
saturated colors. See Fig. 8 for more. right: classifier-free guided samples with w = 3.0.
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Multimodal Generative Al with Diffusion

Manipulation

Generative of latent N2, ViR,
Al > Gl > space in > VQVAE, —
GANS VQGAN
Diffusion DDIM/More : Latent
—
models - speed > Guidance Diffusion
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Latent Space

@ixel Spac9

denoising step crossattention

. Diffusion Process —

|

Denoising U-Net €p a 2T

Latent Diffusion Model

éonditionina

emanti
Ma
Text

Repres
entations

g

switch

skip connection concat

70

. J

'\

Classifier-Free Guidanc:

Instead of denoising on pixels, we could denoise on latent space with could be constructed from a VAE/VQGAN.
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Latent Diffusion Model

Introduction to

13/12/2024
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Thank you

Vicky Kalogeiton 13/12/2024 Introduction to

P B T | W o



	Default Section
	Slide 0:  Multimodal Generative AI:  from GANs to Diffusion
	Slide 1: About me

	lecture
	Slide 2: Multimodal Generative AI with Diffusion
	Slide 3: Multimodal Generative AI with Diffusion

	ntro
	Slide 4: How do we understand the world?
	Slide 5: The Future of AI with Generative Models
	Slide 6: Precision Meets Creativity: A new era in AI
	Slide 7: Transforming Business with Generative AI
	Slide 8: Creative palette
	Slide 13: Introduction
	Slide 14: Introduction
	Slide 15: Introduction
	Slide 16: Introduction
	Slide 17: Introduction
	Slide 18: Introduction
	Slide 19: Examples
	Slide 20: DALLE
	Slide 21: Imagen by Google AI
	Slide 22: Dalle-2 (Text-to-Image)
	Slide 23: Diffusion Models
	Slide 24: Stable Diffusion 3
	Slide 25: Make-A-Video (Text-to-Video)
	Slide 26: SORA (Text-to-Video)
	Slide 27: Human Motion Diffusion (Text-to-Motion)

	important
	Slide 28: Why is it important?
	Slide 29: Why does it matter?
	Slide 30: Modern applications Automatic story telling
	Slide 31: Modern applications Search images or videos

	outline
	Slide 32: Multimodal Generative AI with Diffusion
	Slide 33: Part II: Outline

	relation
	Slide 34: Relation among models
	Slide 35: Relation among all models
	Slide 36: Relation among all models
	Slide 37: What can we do with them?
	Slide 38: What can we do with them?
	Slide 39: What can we do with them?
	Slide 40: What can we do with them?

	GANs
	Slide 41: Generative Adversarial Networks
	Slide 42: Generative Adversarial Networks
	Slide 43: Generative Adversarial Networks
	Slide 44: Generative Adversarial Networks
	Slide 45: Generative Adversarial Networks
	Slide 46: Generative Adversarial Networks

	objective
	Slide 47: GANs: Training Objective
	Slide 48: GANs: Training Objective
	Slide 49: GANs: Training Objective
	Slide 50: GANs: Training Objective
	Slide 51: GANs: Training Objective
	Slide 52: GANs: Training Objective
	Slide 53: GANs: Training Objective
	Slide 54: GANs: Training Objective
	Slide 55: GANs: Training Objective

	training
	Slide 56: Training GANs
	Slide 57: Training GANs: Two-player game
	Slide 58: Training GANs: Two-player game
	Slide 59: Examples of GANs!
	Slide 60: Training GANS is hard! Mode-collapse
	Slide 61: Training GANS is hard!
	Slide 62: Training GANS is hard!

	properties
	Slide 63: GAN properties
	Slide 64: GAN Interpolation
	Slide 65: GAN Vector Math
	Slide 66: GAN Vector Math
	Slide 67: GAN Vector Math
	Slide 68: GAN Vector Math
	Slide 69: GAN Vector Math

	applications
	Slide 70: Examples & Metrics
	Slide 71: Examples
	Slide 72: Examples
	Slide 73: Which face is real?
	Slide 74: Data augmentation in GANs
	Slide 75: FID - Frechet Inception Distance

	conditional GANs
	Slide 76: Conditional GANs
	Slide 77: Conditional GANs
	Slide 78: Recall: Batch Normalization
	Slide 79: Recall: Batch Normalization
	Slide 80: Conditional GANs
	Slide 81: Conditional GANs
	Slide 82: Conditional GANs BigGAN
	Slide 83: Conditional GANs More than labels: Text to Image
	Slide 84: Conditional GANs Image-to-Image Translation: Pix2Pix
	Slide 85: Conditional GANs Unpaired Image-to-Image Translation: CycleGAN
	Slide 86: Conditional GANs Unpaired Image-to-Image Translation: CycleGAN

	summary
	Slide 87: GAN summary

	part 3
	Slide 88: Multimodal Generative AI with Diffusion
	Slide 89: Part III: Image Manipulation w GANs
	Slide 90: Interpolation in latent space
	Slide 91: Latent space of a GAN
	Slide 92: Generate random images
	Slide 93: Interpolation
	Slide 94: Latent space of a GAN

	GAN inversion
	Slide 95: GAN inversion
	Slide 96: Real images: GAN inversion
	Slide 97: Real images: GAN inversion
	Slide 98: Real images: GAN inversion
	Slide 99: Real images: GAN inversion
	Slide 100: Real images: GAN inversion
	Slide 101: Real images: GAN inversion
	Slide 102: Align Images with FFHQ
	Slide 103: Align Images with FFHQ

	Latent direction
	Slide 104: Learn and apply latent directions
	Slide 105: Latent directions
	Slide 106: Latent directions
	Slide 107: Latent directions
	Slide 108: Supervised Learning of Latent directions
	Slide 109: Supervised Learning of Latent directions
	Slide 110: Supervised Learning of Latent directions
	Slide 111: Supervised Learning of Latent directions
	Slide 112: Supervised Learning of Latent directions

	styleCLIP
	Slide 113: CLIP + StyleGAN
	Slide 114: CLIP
	Slide 115: CLIP
	Slide 116: Image generation from text
	Slide 117: Image generation from text
	Slide 118: Image generation from text
	Slide 119: Image generation from text

	part IV
	Slide 120: Multimodal Generative AI with Diffusion
	Slide 121: Part IV: Outline
	Slide 122: Dimensionality Reduction
	Slide 123: Dimensionality Reduction
	Slide 124: Dimensionality Reduction

	AE
	Slide 125: AutoEncoder
	Slide 126: AutoEncoder (AE)
	Slide 127: AutoEncoder (AE)
	Slide 128: AutoEncoder (AE)
	Slide 129: AutoEncoder (AE)
	Slide 130: AutoEncoder (AE)
	Slide 131: AutoEncoder (AE) Problems?
	Slide 132: AutoEncoder (AE)
	Slide 133: AutoEncoder (AE)
	Slide 134: AutoEncoder (AE)
	Slide 135: AutoEncoder (AE)

	VAE
	Slide 136: Variational AutoEncoder
	Slide 137: Variational AutoEncoder (VAE)
	Slide 138: Variational AutoEncoder (VAE)
	Slide 139: Variational AutoEncoder (VAE)
	Slide 140: Variational AutoEncoder (VAE)
	Slide 141: Variational AutoEncoder (VAE)
	Slide 142: Beta-VAE
	Slide 143: Conditional VAE (CVAE)
	Slide 144: VAE Examples
	Slide 145: Summary VAE

	VQVAE
	Slide 146: Problem with VAE Guess?
	Slide 147: Problem with VAE
	Slide 148: Problem with VAE
	Slide 149: Problem with VAE
	Slide 150: Problem with VAE
	Slide 151: Vector Quantised-Variational AutoEncoder (VQVAE)
	Slide 152: Vector Quantised-Variational AutoEncoder (VQVAE)
	Slide 153: VQVAE
	Slide 154: Training VQVAE
	Slide 155: Training VQVAE
	Slide 156: Training VQVAE
	Slide 157: Training VQVAE
	Slide 158: Training VQVAE
	Slide 159: VQVAE
	Slide 160: VQGAN
	Slide 161: VQGAN
	Slide 162: VQGAN
	Slide 163: VQGAN
	Slide 164: VQGAN
	Slide 165: VQGAN
	Slide 166: VQGAN
	Slide 167: VQGAN

	part V diffusion
	Slide 168: Multimodal Generative AI with Diffusion
	Slide 169: Part V: Outline

	learn distribution
	Slide 170: Learn distribution
	Slide 171: Generative Objective: Learn the distribution
	Slide 172: Generative Models
	Slide 173: Generative Models
	Slide 174: Generative Models
	Slide 175: Generative Models
	Slide 176: Generative Models
	Slide 177: Generative Objective: Learn the distribution
	Slide 178: Generative Objective: Learn the distribution

	forward and reverse
	Slide 179: Forward process
	Slide 180: Generative Objective: Forward Process
	Slide 181: Generative Objective: Forward Process
	Slide 182: Generative Objective: Forward Process
	Slide 183: Generative Objective: Forward Process
	Slide 184: DDPM: Forward Process
	Slide 185: Generative Objective: Learn the distribution

	reverse
	Slide 186: Reverse process
	Slide 187: Generative Objective: Reverse Process Summary
	Slide 188: Generative Objective: Reverse Process
	Slide 189: Generative Objective: Reverse Process
	Slide 190: Generative Objective: Reverse Process
	Slide 191: Generative Objective: Reverse Process
	Slide 192: DDPM: Reverse (=Generative) Process
	Slide 193: DDPM: Generative Process
	Slide 194: DDPM: Reverse Process
	Slide 195: DDPM: Reverse/Generative Process
	Slide 196: DDPM: Reverse/Generative Process

	losses
	Slide 197: Loss 
	Slide 202: Generative Objective: Loss
	Slide 203: Generative Objective: Loss
	Slide 204: DDPM: Sampling
	Slide 205: Generative Objective: Loss
	Slide 206: Denoising Diffusion Probabilistic Model (DDPM) 

	which nets?
	Slide 207: Network/Convergence/Examples
	Slide 208: Generative Objective: Which networks?
	Slide 209: Generative Objective: Reverse Process
	Slide 210: Generative Objective: Reverse Process Convergence
	Slide 211: Results: Denoising Diffusion Probabilistic Model (DDPM)
	Slide 212: Results: Denoising Diffusion Probabilistic Model (DDPM)

	speed
	Slide 213: Multimodal Generative AI with Diffusion
	Slide 214: Part VI: Outline
	Slide 215: Problem with DDPM
	Slide 216: Problem with DDPM
	Slide 217: From DDPM to DDIM
	Slide 218: Generalization of DDPMs
	Slide 219: Generalization of DDPMs
	Slide 220: Generalization of DDPMs
	Slide 221: Generalization of DDPMs
	Slide 222: Generalization of DDPMs Stochasticity
	Slide 223: Generalization of DDPMs Deterministic generation
	Slide 224: Generalization of DDPMs Training objective
	Slide 225: Generalization of DDPMs: Sampling
	Slide 226: Sampling acceleration
	Slide 228: Generalization of DDPMs: Recap
	Slide 229: Generalization of DDPMs: Recap
	Slide 230: Experiments
	Slide 231: Generalization of DDPMs: Experiments
	Slide 232: Generalization of DDPMs: Experiments
	Slide 233: Generalization of DDPMs: Experiments
	Slide 234: Generalization of DDPMs: Interpolation

	problems with DDIM
	Slide 235: Problem with DDIM
	Slide 236: Part VI: Outline
	Slide 237: Knowledge distillation
	Slide 238: Knowledge distillation
	Slide 239: Knowledge distillation
	Slide 240: Knowledge distillation
	Slide 241: Knowledge distillation Response-based knowledge
	Slide 242: Knowledge distillation Feature-based knowledge
	Slide 243: Knowledge distillation Relation-based knowledge
	Slide 244: Progressive distillation
	Slide 245: Progressive distillation
	Slide 246: Progressive distillation
	Slide 247: Progressive distillation
	Slide 248: Progressive distillation
	Slide 249: Progressive distillation
	Slide 250: Guided distillation*

	part VII guidance
	Slide 251: Multimodal Generative AI with Diffusion
	Slide 252: Part VII: Outline
	Slide 253: Control the Diffusion Model
	Slide 254: Control the Diffusion Model
	Slide 255: Explicit condition
	Slide 256: Control the Diffusion Model: Explicit Condition
	Slide 257: Control the Diffusion Model: Explicit Condition
	Slide 258: Guided diffusion
	Slide 259: Control the Diffusion Model: Guided Diffusion
	Slide 260: Control the Diffusion Model: Guided Diffusion
	Slide 261: Control the Diffusion Model: Guided Diffusion
	Slide 262: Control the Diffusion Model: Guided Diffusion
	Slide 263: Control the Diffusion Model: Guided Diffusion
	Slide 264: Control the Diffusion Model: Guided Diffusion
	Slide 265: Control the Diffusion Model: Guided Diffusion
	Slide 266: Control the Diffusion Model: Guided Diffusion
	Slide 267: Control the Diffusion Model: Guided Diffusion
	Slide 268: Guided Diffusion: Nearest Neighbors for Samples
	Slide 269: Guided Diffusion: Effect of Varying the Classifier Scale
	Slide 270: Guided Diffusion: Examples 
	Slide 271: Why not guided diffusion?
	Slide 272: Control the Diffusion Model: Guided Diffusion
	Slide 273: Control the Diffusion Model: Guided Diffusion

	CFG
	Slide 274: Classifier-free guidance
	Slide 275: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 276: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 277: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 278: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 279: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 280: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 281: Classifier free guidance
	Slide 282: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 283: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 284: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 285: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 286: Negative prompting
	Slide 287: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 288: Control the Diffusion Model: Classifier-Free Guidance 
	Slide 289: Control the Diffusion Model: Classifier-Free Guidance 

	guided distillation
	Slide 290: Guided distillation*
	Slide 291: What is wrong with CFG?
	Slide 292: Guided distillation
	Slide 293: Guided distillation Stage 1: Guidance distillation
	Slide 294: Guided distillation Stage 2: Progressive distillation
	Slide 295: Guided distillation
	Slide 300: Guided distillation
	Slide 301: Guided distillation
	Slide 302: Guided distillation
	Slide 303: Guided distillation
	Slide 304: Guided distillation
	Slide 305: Guided distillation Image editing

	latent diffusion
	Slide 306: Multimodal Generative AI with Diffusion
	Slide 307: Latent Diffusion Model
	Slide 308: Latent Diffusion Model
	Slide 309: Latent Diffusion Model
	Slide 310: Latent Diffusion Model
	Slide 311: Latent Diffusion Model
	Slide 312: Latent Diffusion Model
	Slide 313: Imagen by Google AI
	Slide 314: Make-A-Video (Text-to-Video)

	thank you
	Slide 315: Thank you


