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* Ahnouncements
- HW6

* due today Wednesday, April 22
* late due date on Friday, April 24

Front Matter * Project

* Video Showcase due on Wednesday, April 22

* Final report due on Thursday, April 23

* Project video showcase this Friday, April 24! Attendance required,

refreshments will be served!

* As a reminder, no late days can be used for project deliverables.




Image

What do we mean by “image generation”?

Generation




Séa anemone

brain coral
* Class-conditional
slug generation
* Super resolution
Image * Given a class label, sample a new
: _ * Image Editing
Generation image from that class
* Image classification takes an * Style transfer
image and predicts its label - Text-to-image (TTI)
p(y | x) generation

* Class-conditional generation

is doing this in reverse p(x|y)

Source: https://arxiv.org/pdf/1906.00446.pdf
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* Class-conditional

generation

* Super resolution

Image

' ° Editi
Generation mage Editing

. - Style transfer
SRDiff

- S * Text-to-image (TTI
* Given a low-resolution image, ge (TTI)

: : eneration
generate a high-resolution &

reconstruction of the image

Source: https://arxiv.org/pdf/2104.14951.pdf
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Inpainting

* Class-conditional

generation

Colorization

* Super resolution

Image

Uncropping

- Image Editing

Generation

* Inpainting fills in the (pre-specified) missing pixels
* Colorization restores color to a greyscale image
* Uncropping creates a photo-realistic reconstruction

of a missing side of an image

Source: https://arxiv.org/pdf/2111.05826.pdf
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* Class-conditional

generation

* Super resolution

Image

' ° Editi
Generation mage Editing

- Style transfer

* Given two images, present the

, * Text-to-image (TTI)
semantic content of the source

eneration
image in the style of the 5

reference image

Source: https://arxiv.org/pdf/1508.06576.pdf
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Image

Generation

Prompt: A propaganda poster depicting
a cat dressed as french emperor

napoleon holding a piece of cheese.

* Given a text description, sample

an image that depicts the prompt

Source: https://arxiv.org/pdf/2307.01952.pdf

* Class-conditional

generation

* Super resolution
* Image Editing
- Style transfer

* Text-to-image (TTI)

generation


https://arxiv.org/pdf/2307.01952.pdf

Image

Generation

Prompt: Epic long distance cityscape
photo of New York City flooded by the
ocean and overgrown buildings and
jungle ruins in rainforest, at sunset,

cinematic shot, highly detailed, 8k,

golden light

Source: https://arxiv.org/pdf/2307.01952.pdf

* Class-conditional

generation

* Super resolution
 Image Editing
- Style transfer

* Text-to-image (TTI)

generation
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Image

Generation

Prompt: close up headshot, futuristic
young woman, wild hair sly smile in

front of gigantic UFO, dslr, sharp focus,

dynamic composition

Source: https://arxiv.org/pdf/2307.01952.pdf

* Class-conditional

generation

* Super resolution
 Image Editing
- Style transfer

* Text-to-image (TTI)

generation
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Slide

Generation?

Prompt: powerpoint slide explaining
variational autoencoders for an intro to
ML course, easy to follow, with an

explanation of the evidence lower bound

Powrepnt Slale rationencers= for variicooider
autondberVariiina Leaurs

Source: https://stablediffusionweb.com/app/image-generator

* Class-conditional

generation
* Super resolution
- Image Editing
- Style transfer

* Text-to-image (TTI)

generation
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Image

Generation

- Fundamental challenge: images are incredibly high-

dimensional objects with complex relationships

between elements

* Idea: learn a low-dimensional representation of images,

sample points in the low-dimensional space and project

them up to the original image space

12



Recall:
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Source: https://en.wikipedia.org/wiki/Autoencoder#/media/File: Autoencoder structure.png



https://en.wikipedia.org/wiki/Autoencoder#/media/File:Autoencoder_structure.png

* [ssue: latent space is sparse...

- Sampling from latent space of an
autoencoder creates outputs
that are effectively identical to

images in the training dataset

Autoencoder Latent Space

Source: https://www.science.org/doi/10.1126/science.1127647
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Autoencoder Latent Space

Source: https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf
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Variational
Autoencoder:

Network
Perspective

NN encoder

Figure courtesy of Zack Lipton
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Variational
Autoencoder:

Network
Perspective

NN encoder

* Encoder learns a mean vector and

a (diagonal) covariance matrix for

each input

* These are used to sample a latent

representation e.g.,
MONBYORS N(ug(x(i)),ag(x“)))

Figure courtesy of Zack Lipton
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Variational
Autoencoder:

Network
Perspective

NN decoder

P¢

° Decoder tries to minimize the
reconstruction error in
expectation between x and a
sample from another (conditional)

distribution e.g.,
7D | 20 N(ﬂ(p(zu))’%z)(z(i)))

Figure courtesy of Zack Lipton
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Variational
Autoencoder:

Network
Perspective

NN encoder

* Objective: minimize the expected reconstruction error

plus a regularizer that encourages a dense latent space
N

L(H, (p) = 2 (_qu(zlx(i)) [1ng¢(x(i)|Z)])

=1

+ KL (95(2|®) 1 p(2))

Figure courtesy of Zack Lipton 19



Variational
Autoencoder:

Probabilistic
Perspective

- Model: assume data is generated by
1. First, drawing a sample from some latent space p(z)
2. Then, drawing a sample from a conditional distribution pg (x|2)

* ldea: maximize the evidence of our data

£O@) =p(x?) = [ py (x| 2)p(2)dz

* Issue: for most interesting distributions, this integral is going to

be intractable...
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Evidence

Lower Bound
(ELBO)

t0(¢) =1ogp(xV) = Eq, (,,0)|logp(x)]

_ pp(x9|2)p(2)
= Iqu [log p(z1xD)

=E

| (qu(x(i)lz)p(z) qe(zlx("’))]
) p(z1x®D)  qg(z1x®)

qe(zlx(”)) + 1o (qe(zlx(i))

- 5y [Jogpy (1012 - 108 (57 + 10g (42

= Eq, [log ps (x©12)] — KL (g0 (2|x®) Il p(2))

+ KL (qo(z|x®) 1l p(z 1 x©))

>E,,|logpy(x'¥|z)| — KL (C[g (z]x@) | p(z))

)
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The VAE objective has a built-in tug-of-war

The lecture’s ELBO picture can be summarized as a tradeoff: reconstruct the
input well, but also keep the approximate posterior close to the prior.

Fun fact:
\V/\\=

ELBO = reconstruction term - KL(q(z|x) || p(z))

/ ™~

¢ ™y 4 ™y

Reconstruction term

® make decoded x look like x
® preserve input information

® too strong - blurry /
average-like outputs

what happens if you weight the KL term too much or too little?

KL regularization

¢ push q(z|x) toward prior
p(2)

¢ make latent space smoother
and sampleable

¢ too weak - latent space
becomes messy
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Source: https://arxiv.orqg/pdf/1312.6114.pdf
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observations into

the objective

Can we encode
function?

the idea that
indistinguishable

samples should
from real

be

e: MNIST

Sourc

rg/pdf/1312.6114.pdf

e: https://arxiv.o

Sourc
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* A GAN consists of two (deterministic) models:
* a generator that takes a vector of random noise as

input, and generates an image

- a discriminator that takes in an image classifies

Generative whether it is real (label = 1) or fake (label = 0)
Adversarial * Both models are typically (but not necessarily) neural
Networks networks

(GANS) * During training, the GAN plays a two-player minimax game:
the generator tries to create realistic images to fool the
discriminator and the discriminator tries to identify the

real images from the fake ones

27



* A GAN consists of two (deterministic) models:

* a generator that takes a vector of random noise as

input, and generates an image

* Example generator: DCGAN

Generative
Adversarial

* An inverted CNN with four fractionally-strided
convolution layers that grow the size of the image from

Networks layer to layer; final layer has three channels to

(GAN S) generate color images

3
s,

1024

] = — —

Project and reshape

Source: https://arxiv.org/pdf/1511.06434.pdf G(2)
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Generative
Adversarial

Networks
(GANS)

* A GAN consists of two (deterministic) models:

° a generator that takes a vector of random noise as

input, and generates an image

- a discriminator that takes in an image classifies

whether it is real (label = 1) or fake (label = 0)

- Example discriminator: PatchGAN

* Traditional CNN that looks
at each patch of the image
and tries to predict whether

itis real or fake; can help

Annae
naan
naan
Anuaa

%

encourage to generator to

. . . SV
avoid creating blurry images sy

Source: https://arxiv.org/pdf/1803.07422.pdf
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Generative
Adversarial

Networks
(GANS):
Training

* A GAN consists of two (deterministic) models:

* a generator that takes a vector of random noise as

input, and generates an image

- a discriminator that takes in an image classifies

whether it is real (label = 1) or fake (label = 0)

* Both models are typically (but not necessarily) neural

networks

* During training, the GAN plays a two-player minimax game:
the generator tries to create realistic images to fool the
discriminator and the discriminator tries to identify the

real images from the fake ones

30



G9 x’ = GQ(Z)

Z
Generator

fake image

6

GANSs: Architecture
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x' = Gy(2) D,

D¢ (x’)
Discriminator

fake image /
¢

GANSs: Architecture
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x~D

¢
D¢\
Dy (x)
lgb[mscriminator}—b_

real image

GANSs: Architecture
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D,

D¢ (x’)
Discriminator

fake image
¢
x~D D,
‘ Discriminator
real image

GANSs: Architecture

Figure courtesy of Matt Gormley



D¢ (x’)
Generator Discriminator

/

x' = Gy(z)

fake image

x~D

h

real image

D¢<

Dy (x)
Discriminator

GANSs: Architecture

J' =1og(1 - Dy(Ge(2)))

Figure cou

rtesy of Matt Gormley
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The discriminator is trying to maximize the usual cross-entropy

loss for binary classification with labels {real = 1, fake = 0}

e — N
mqsin log (D(p(x(i))) + log ( — Dy(Go(z (@)))
max log (1 - D¢(Ge(z(i))))

N— —— 7

The generator is trying to maximize the likelihood of its generated

(fake) image being classified as real, according to a fixed discriminator

GANSs: Architecture

J' =1og(1 - Dy(Ge(2)))

\

L=]+]

e

= log(Dy(x))
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Both objectives (and hence, their sum) are differentiable

mqsin log (D(p(x(i))) + log (1 — Dy(Gg (Z(i)»)

max log (1 - D¢(Ge(z(i))))

Training alternates between:
1. Keeping 6 fixed and backpropagating through D
2. Keeping ¢ fixed and backpropagating through G,

GANSs: Architecture

J' =1og(1 - Dy(Ge(2)))

\

L=]+]

e

J = 1log(Dy(x))




MythBusters #2
Myth “The discriminator should win.”

Busters ‘ )

® Myth: if the discriminator becomes nearly perfect, GAN training is going
great.

Reality: GANs are a game. If the discriminator becomes too strong too early, the
@ generator may get poor learning signals. Training works best when both models
keep each other improving.

Balanced adversaries > one-sided victory

Generator Discriminator
-
w
better fakes
- _J

The lecture’s story is adversarial training, not “one model crushes the other.”




Quick game: which model sounds most appropriate?
Qu |Ck Match each goal to AE, VAE, or GAN.

Game

Goals

0 compress / reconstruct inputs

e smooth latent space +
generation by sampling z

make samples hard to
distinguish from real images

39



Goals

0 compress / reconstruct inputs

e smooth latent space +
generation by sampling z

make samples hard to
distinguish from real images

Reveal
. ™\
AE
reconstruction /
.compression __/
r ™\
VAE
sampleable latent
\.space J
¢ "\
GAN

realistic-looking

Quick game: which model sounds most appropriate?
Qu |Ck Match each goal to AE, VAE, or GAN.

Game

A = AE

B -» VAE

C -» GAN

40



Two truths and a lie (generative models)
Qu |Ck Vote for the lie: A, B, or C.

Game

A. A VAE adds a KL term to encourage a smoother, sampleable latent space.

B. In a GAN, the discriminator tries to distinguish real images from generated
ones.

C. A plain autoencoder guarantees that randomly sampled latent vectors
decode to realistic images.




Two truths and a lie (generative models)
Qu |Ck Vote for the lie: A, B, or C.

Game

A. A VAE adds a KL term to encourage a smoother, sampleable latent space.

B. In a GAN, the discriminator tries to distinguish real images from generated
ones.

C. A plain autoencoder guarantees that randomly sampled latent vectors
decode to realistic images.

Reveal: C is the lie.




GANSs

Everywhere!

Cumulative number of named GAN papers by month

Total number of papers
N
o

2014 2015 2016 2017 2018
Year

Source: https://github.com/hindupuravinash/the-gan-zoo/tree/master
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The rise of
vision

transformers
and diffusion
models

® PARTI-20B 20B

® DALLE 10B
® GAN method

® eDiff-|
® Imagen ® Muse3B
@ Transformer method

® Cogview2 g \11s6900M
® Glide ® DALLE2 5B

@ Diffusion method

® Make-a-scene

® Re-Imagen*
® Cogview

® PARTI-3B
® ControlNet
)
LDM ®sD 1B
® GigaGAN
® PARTI-750M
® DALLE-MINI 0.5B
® VQ-Diffusion*
® PARTI-350M
® GALIP
® LAFITE 0.1B
® XMC-GAN ® VQ-Diffusion-S*
® BridgeGAN
® StackGAN ® StackGAN++ ® ObjGAN
® GAN-CLS ® StyleGAN ® AttnGAN ® DMGAN OB
2016 2018 2020 2022

Fig. 5. Timeline of TTI model development, where green dots are GAN TT| models, blue dots are autoregressive Transformers and orange dots

are Diffusion TTI models. Models are separated by their parameter, which are in general counted for all their components. Models with asterisk are
calculated without the involvement of their text encoders.

Source: https://arxiv.org/pdf/2309.00810.pdf

44


https://arxiv.org/pdf/2309.00810.pdf
https://arxiv.org/pdf/2309.00810.pdf
https://arxiv.org/pdf/2309.00810.pdf

Vision Transformer (ViT)

Model:

* modelis almost identical to BERT
. . Class

* instead of words as input the Bird MLP
inputs are PxP pixel ima Ball Head
patches, P € {14, 16, 32} gno i

overlap) 0

* each patchis embedded linearly
into a vector of size 1024 Transformer Encoder

* 1D positional embeddings

Training: Patch + Position 5 4 4‘ @ﬁ 44 [ﬁ
 for pre-training, optimize for Embedding ™ ol 9 &) @0 L 4] 8

* Extra learnable
'mage classification on Iarge [class] embedding [ Llnear PI‘O]CCthl’l of Flattened Patches
supervised dataset (e.g.

ImageNet 21K, JFT-300M)—same
setup as a CNN

e for fine-tuning, learn a new
classification head on a small
dataset (e.g. CIFAR-100)

[a—

108
Figure from https://arxiv.org/abs/2010.11929



Vision Transformer (ViT)

Model:
* modelis almost identical to BERT

* instead of words as input the
inputs are PxP pixel ima
patches, P € {14, 16, 32} %no
oveﬂap)

Transformer Encoder

, A ,
MLP Lx @4—
Head

* each patch is embedded linearly [ wee ]
into a vector of size 1024 A
* 1D positional embeddings fransformer Encoder [ Nom |

Training: PEmbedding > 0 @ﬁ ‘4 @ﬁ [ Multi-Head

xtra learnable Attention
M for pre- -trainin g, optlmlze fOl' [cFia[ss]I embe?ildmg Linear Projection of Flattened Patches

L] ' *
3 N TG

image classification on large

|
supervised dataset (e.g. | W L [ Norm
ImageNet 21K, JFT-300M)—same il B Ew E — 1
setup as a CNN Embedded
Patches

e for fine-tuning, learn a new
classification head on a small
dataset (e.g. CIFAR-100)

109
Figure from https://arxiv.org/abs/2010.11929



Vision Transformer (ViT)

Model:
* modelis almost identical to BERT

* instead of words as input the
inputs are PxP pixel ima
patches, P € {14, 16, 32} %no
oveﬂap)

* each patchis embedded linearly
into a vector of size 1024

* 1D positional embeddings

Training:

* for pre-training, optimize for
image classification on large
supervised dataset (e.g.

ImageNet 21K, JFT-300M)—same
setup as a CNN

e for fine-tuning, learn a new
classification head on a small
dataset (e.g. CIFAR-100)

Figure from Henry Chai and https://arxiv.org/abs/2010.11929

Class
Narwhal
Axolotl
Parrot

MLP
head

Transformer Encoder

|
e LLLL L]

* Extra learnable
[class] embedding

Lmear PI"Q]CCIIOII of Flattened Patches

/x]
WA]—bs

&A

l
”’]f "”‘-’JE& ‘4

Transformer Encoder

er

=

-

)
-

[ Multi-Head

Attention

8 J
e ~

Norm

[ Embedded |

Patches
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Timeline: Language Modeling
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Timeline: Image Generation

AN IMAGE 1S WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy*'T, Lucas Beyer”, Alexander Kolesnikov*, Dirk Weissenborn™,
Xiaohua Zhai", Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby* '
*equal technical contribution, Tequal advising
Google Research, Brain Team

1.  Transformers
appeared in 2017

2. Theyimmediately
took over NLP

3. Vision Transformers
appeared in 2021

Question: Why did it take
so long for transformers
to become popularin
computer vision?

{adosovitskiy, neilhoulsby}@google.com

When trained on mid-sized datasets such as ImageNet without strong regularization, these mod-
els yield modest accuracies of a few percentage points below ResNets of comparable size. This
seemingly discouraging outcome may be expected: Transformers lack some of the inductive biases

inherent to CNNs, such as translation equivariance and locality, and therefore do not generalize well
when trained on insufficient amounts of data.

However, the picture changes if the models are trained on larger datasets (14M-300M images). We
find that large scale training trumps inductive bias. Our Vision Transformer (ViT) attains excellent
results when pre-trained at sufficient scale and transferred to tasks with fewer datapoints. When
pre-trained on the public ImageNet-21k dataset or the in-house JFT-300M dataset, ViT approaches
or beats state of the art on multiple image recognition benchmarks. In particular, the best model
reaches the accuracy of 88.55% on ImageNet, 90.72% on ImageNet-ReaL, 94.55% on CIFAR-100,
and 77.63% on the VTAB suite of 19 tasks.
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Timeline: Image Generation

1. Transformers
appeared in 2017

2. Theyimmediately
took over NLP

3. Vision Transformers
appeared in 2021

Question: Why did it take
so long for transformers

to become popularin
computer vision?

90

ImageNet Topl Accuracy [%]

75 - BiT ViT-L/32
ViT-B/32 ViT-L/16
ViT-B/16 ViT-H/14
70 1+— s i
ImageNet ImageNet-21k JFT-300M
Pre-training dataset
Figure Transfer to ImageNet.  While

large VIT models perform worse than BiT
ResNets (shaded area) when pre-trained on
small datasets, they shine when pre-trained on
larger datasets. Similarly, larger ViT variants

Comparison of two
model families:

1. BiT —large CNNs

based on ResNet

2. ViT —vision
transformers of
various sizes

overtake smaller ones as the dataset grows.
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Vision Transformer (ViT)

* The original Vision
Transformer models
were quite small
compared to the Large
Language Models
(LLMs) of the time

* By 2023, ViT had been
scaled to 22 billion
parameters with good
success

Model Layers Hiddensize D MLPsize Heads Params
ViT-Base 12 768 3072 12 86M

ViT-Large 24 1024 4096 16 307"M
ViT-Huge 32 1280 5120 16 632M

Table 1: Details of Vision Transformer model variants.

Table 1: ViT-22B model architecture details.

Name Width Depth MLP Heads Params|[M]
ViT-G 1664 48 8192 16 1843
ViT-e 1792 56 15360 16 3926
ViT-22B 6144 48 24576 48 21743
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Cumulative number of named GAN papers by month
Proxy update via OpenAlex phrase ssarch for ‘generative adversarial network(s)®
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Latent Variable Models

 For GANs and VAEs,

we assume that there
are (unknown) latent
variables which give
rise to our
observations

The vector z are those
latent variables

After learning a GAN
or VAE, we can
interpolate between
images in latent z
space

Figure from Radford et al. (2016)

Figure 4: Top rows: Interpolation between a series of 9 random points in Z show that the space
learned has smooth transitions, with every image in the space plausibly looking like a bedroom. In
the 6th row, you see a room without a window slowly transforming into a room with a giant window.
In the 10th row, you see what appears to be a TV slowly being transformed into a window.



GAN = VAE - Diffusion



GAN = VAE - Diffusion

GANSs
pe(z) ~ N(0,T)

pe(x | z) = point mass on Gy(z)

s )1 ifx = Gy(z)
o > @ pox | 2) = {0 otherwise

Z X

N
j — )
me: argm?x;bgp"(x ) NopE:

p(x) = [ palx| 2)pa(a) da

Learn: minimax game
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GANSs

pg(z) ~ N(Oa I)

Model: \1

MLE?:

Learn:

po(x | z) = point mass on Gy(z)

po(x | 2) = {1 ifx = Go(s)

GAN -> VAE -2 Diffusion

VAEs

N (1o (2), Xo(2))

0 otherwise

h
Lo
3

N
i he

il (x))
) — ] (7) X .
po(x) = /pg(x | z) po(2z) dz po(x) = /Z:Do(XIZ)pa(Z)dZ

minimax game

Learn: 0,¢=arg rgiqgl KL(gg(z | x) || po(z | x))

where py(z | x) is true posterior of pg(X | z) py(z)

Ilh(W1Z + bl)
= Wsh + b,
= (W3h + b3)I
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GANSs

pg(z) ~ N(Oa I)

GAN -> VAE -2 Diffusion

po(x | z) = point mass on Gy(z)

VAEs
po(x | 2) ~ N (o (2), Xo(2))

"X
N Qo(z [ %) ~ N(pg(x), Zg(x))

h = tanh(W;z + b,)
Mo (Z) = Wgh it b2
29 (Z) = (W3h + bg)I

MLP

MLE?; 0 = argmax) logpy(x") NOPE!
=1
po(x) = / po(x | 2) po(2) da
Learn: 0,¢=arg rgiqgl KL(gg(z | x) || po(z | x))

where py(z | x) is true posterior of pg(X | z) py(z)

] RS ifx = Gy(z
MOde’- \ RS = = [> @ po(x | ) = {(1) otherwise( )
| X
N

i (0
e 0 218 ope

) = / po(x | 2) po(2) dz
Learn: minimax game
Diffusion

Do (Z) ~/ N(O, I)
Model:

Ledrn: 0 = arg n%in KL(g4(z1.7 | X) || po(z1:7 | X)), ¢ chosen ahead of time

where pg(z1.7 | X) is true posterior of py(x | z1) - - - pe(zr-1 | 27) Po(27)

MLE?: NOPE!

q4(zo) = data dist.

16



Diffusion Model

noise pO(XT—l | XT) pg(Xt | Xt_|_1) p9(X0 | xl) image
pe(xT)

Q¢ (X7 | X7_1) g (Xt41 | X¢) 9s(X1 | Xo) ¢

XT XT_ Xtt1 Xt X1 Xp

.-.in---xxkxxvvvvvww

Figure from Ho et al. (2020)



Diffusion Model

noise pO(XT—l | XT) pg(Xt | Xt_|_1) p9(X0 | Xl) image

XTXT_1 X1 Xo

..-I Question: Answer:

Which are the latent variables in but ¢
...‘ a diffusion model? X1.7 but not Xy

Figure from Ho et al. (2020)



Denoising Diffusion Probabilistic Model (DDPM)

noise pB(XT—l | XT) pg(Xt ‘ Xt_|_1) p@(XO | Xl) image
po(xr)

- %(XO)
Forward Process (adds noise to image):
T
q(xg) = data distribution
gy (x0:7) = q(x0) | | 90 (x¢ [ X¢—1) ¢
¢ tl;[l g (Xt | X¢—1) ~ N(Vauxi—1, (1 — o)1)

(Learned) Reverse Process (removes noise):
po(XT) ~ N(Oa I)

T
po (%o.7) :pe<xT)£[lpe<Xt—1 | %) po(xe—1 | X¢) ~ N (o (x1,t), Do (¢, 1))



| want to know
more about

generative
models!

* Take 10-423/623 next semester to find out!
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Poll:

Final poll (pick one)

Which statement is FALSE?

A. A VAE adds a KL term to encourage a smoother, more sampleable latent
space.

B. In a GAN, the generator learns by trying to fool the discriminator.

C. Diffusion models generate samples by starting from noise and iteratively
denoising.

D. Vision transformers process images by splitting them into patches and
treating patches like tokens.

E. In diffusion models, the forward process gradually removes noise from the
data.
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