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Generative Adversarial
Networks
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B3asic idea

real images

image space

T;-E

synthetic images

Objective:

creating a non-linear
transformation from
a latent space

to a data space

latent space

Method:

training together

a generator

and a discriminator
using a real dataset

[Image from https://www.bishopbook.com/]
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Generative Adversarial Network (GAN)

D = {a{ ) @

AN

|
|
|
|
|
|
|
|
: A dataset of real images
|
|
|
|
|
|
|

|
i
/magespacei dlx;p) |— p(r=1), re{0,1}
|
|

latent space

The discriminator produces

| . a probability distribution
z~N(0,I)—— g(z;9) > Iy (is the image real?)
|
SGmpleS. in .Iatent The transformation
space are distributed (generator) is deterministic

as Gaussian
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Generative Adversarial Network (GAN)

latent space

D = {z(O}

Ly

— p(r=1), re{0,1}

z~N(0,1) —
|
Loss function |
L(v = ——
( 7@) N

Cross-entropy
(d should recognize real images)
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— N (1 — d(g(29): 9): )
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Cross-entropy
(d should recognize ‘false’ images)
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Generative Adversarial Network (GAN)

D = {z(O}

latent space

z~N(0,I)— g(z;9)

Loss function
L(9,p) = —— Z In(d
Gradients TieR
Ap = 8Mﬁw)

o

Make the discriminator smarter
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— .z,
ilmagespacei d(iB;(p) — p(’l“ 1), r e {0,1}
—
——{2m1— (29): 9): ©))
9 jeg
A = + 0219, )

Make the generator smatrter: the discriminator should be fooled
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Generative Adversarial Network (GAN)

After training

The generator can be used to transform random samples in latent space
into realistic data items

latent space image space|

z~N(0,I) —— g(z;9)

:a’}g

ImageGAN
Typically, a (de)convolutional network is used for the generator

conv 2

project and conv 1
reshape
I 4 x4 x1024 -
8 x 8 x 512

16 x 16 x 256

[Image from https://www.bishopbook.com/]
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32 x 32 x 128

64 x 64 x 3
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Varigtional
Auto-Encoders
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B3asic idea

| I | |
Auto-Encoder: data space I | latent space l | data space
from data space | | l | -
into latent space | | > < ,’ | ‘L
then back | | : |
Variational | | | !
Auto-Encoder : data space | M latent space | | data space
use a Gaussian spread : | N o\ | | N
function to organize L | i <~ (Ua o ) : i L
the latent space | e 0_2 | |

Sampling
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B3asic idea

| | |
Auto-Encoder: data space | | latent space |
the correspondence : | l
between data space L | | > 2 |
and latent space : | :
is one to one ! ' '
2V T L0
. . ,
A )
Variational | | |
Auto-Encoder : data space | T o latent space |
the correspondence | | |
; | | 2\ |
is one to many | 1 =z NN(,J,,O' ) |
l o’ |
; )
20— e®
), )
~ J
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Smooth generation

| | |

o | latent space | | data space
Variational | | |
Auto-Encoder: : Z : -—:—> €T
after training, any convex combination : : :
of two points in latent space will generate | ! |
a data item that changes smoothly
from one extreme to the other

4 (4) convex combination
z ,[ —
e

2= 2@ 4 ;20

gy O ZO, Oéz'—l—Oéj =1
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A problem: which loss function?

p ! ! ! |
Variational data space | L latent space | | data space
Auto-Encoder : ! | . | |
use a Gaussian spread X l z~N ( Hn, o )I T
function to organize l | L. = | |
the latent space ! O ! |

Sampling

This is what we want to train from a real dataset [) — {ag?(f‘) }1],\&"1
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A problem: which loss function?

Variational
Auto-Encoder:

use a Gaussian spread
function to organize
the latent space

|
data space |
|
|

X —

e(x; o)

— L latent space

> 2

Sampling

This is what we want to train from a real dataset [) — {agg") }7],\21

Deep Learning 2023-2024

g(z;9)

|
I data space
|
|

A~
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A problem: which loss function?

.. | | | |
Variational data space | M latent space | | data space
Auto-Encoder: | | 5 | |
use a Gaussian spread r — e(z;p) [ 2~ N(u, o )—}—> 9(z;0)
function to organize : L, 2 | |
the latent space ! O | |

Sampling

This is what we want to train from a real dataset [) — {agg") }?{\E" 1 This is similar to the loss

of a standard autoencoder
1|l — 2|
L($; 197 (P) = KL(Q(Z ’ £, (10) H p(Z)) + 5 This is an hyperparameter
/ ¢ (see later)

Kullback-Leibler divergence
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A problem: which loss function?

_ | | | |
Variational data space | e latent space | | data space
Auto-Encoder: | | 5 | |
use a Gaussian spread r — e(z;p) [ 2~ N(u, o )—}—> 9(z;0)
function to organize I L, 2 | |
the latent space ! O | |

Sampling

This is what we want to train from a real dataset [) — {agg") }7],\21

L |jo — ||

L(z;9,¢) :=KL(q(z | z.) [ p(2) + 57—

N (p(z; ), 0% (z; ) 1)

N (07 I ) ——— Normalization constraint: a soft limit
against overspreading latent values

a(z|x,e):
Design

choices p( Z) :
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A problem: which loss function?

.. | | | |
Variational data space | L latent space | | data space
Auto-Encoder: | | | | B
use a Gaussian spread r —- e(ag; (,0) H oz~ N([J,, 0'2)—1—> g(z; 19) H——x
function to organize : | |, 2 | |
the latent space ! O ! |

Sampling
A . q(z) o
ngenera KL((](Z) || p(Z)) = q(Z) In —= dz Kullback-Leibler divergence;
p(z ) always positive, zero when the two
distributions are identical

Under the
conditions

adopted . dim(z)

KL(g(z [ 2,0) [ p(2) = =5 > (1+ o (@) — (@i ) — o (a:0))
7=1
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A problem: which loss function?

| | | |
Variational data space | T latent space | | data space
Auto-Encoder: | | | |
use a Gaussian spread r —- e(w; (,0) 1 2~ N(”,OQ)_:_, g(z;ﬁ) b
function to organize I | 9 l |
the latent space ! o ! |

Sampling

With a bit more of mathematics (omitted :) ) it can be shown that the second term in the loss function

~ 112
1]z — x|
2 C
relates to an assumption of: hyperparameter
~ /.
p(&) :=N(x,cl), ¢ >0
Design choice (hyper) spherical normal
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Reparametrization Trick

Variational data space i i—>N latent space i i data space
Auto-Encoder: | | | |
use a Gaussian spread r — 8(33; (,0) i AN N([.L, 0'2)—1—> g(z; 19) —:—%E‘
function to organize | | L. 2 | |
the latent space ! O | |
Sampling
1Y : : : 1z — 2|
Lz 0,) = —5 Y, (L+mof(xse) — pii(z9) — of(zi90) + 57—
j=1
A 0 L(x; 9, ) AV 0 L(z; 9, )
_— — R ; ) — A a w? y
P 1595 P 59 P
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Repal’amefl’ fZ&ffOﬂ 77’ I.Ck €T depends on both 9 and WP via 2

yet, when Z issampled, the derivative in (O is blocked

data space

— I<J]tent space
Auto-Encoder:

I I I
I I I
| | |
use a Gaussian spread £r —> e(ag; (p) ; ‘Z ~ N([.L, 0'2)|—i—> g(z; 19) ' :
I y I
I I

|
|
|

function to organize | |, =7 |
the latent space ! o ! /
S p Depends on sampling
ampling
dim(z) ~ 112
1 1 ||z — x|
. . 2(.,. 2 . 20 ..
L(@:9,¢) =—5 ) (L+noj(ze) = pj(zip) — of(z9)) + 57—
=1
The trick is assuming:

z = p(z; ) + e o°(x; p)
e~N(0,1)

is a parameter, therefore it is constant to the derivative.

In plain words, during training and per each data item X (2) the system draws one random value &
and computes the derivatives

where:

Deep Learning 2023-2024 Generative Networks [19]



Links

https://johfischer.com/2022/09/18/denoising-score-matching/
https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73
https://en.wikipedia.org/wiki/Variational autoencoder
https://mbernste.github.io/posts/vae/
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https://johfischer.com/2022/09/18/denoising-score-matching/
https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73
https://en.wikipedia.org/wiki/Variational_autoencoder
https://mbernste.github.io/posts/vae/

Diffusion Models
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B3asic idea

q(T¢|Ti—1)
Forward Diffusion —» el — @ > @_> . _>@
Assume that images

are corrupted by
Gaussian noise

with known parameters

The idea behind
Denoising Diffusion Probabilistic Models
is learning how to reverse the process

@ @@ @
o
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Starting from the end: training algorithm

Forward Diffusion
Assume that images
are corrupted by
Gaussian noise

with known parameters

The idea behind
Denoising Diffusion Probabilistic Models
is learning how to reverse the process

Deep Learning 2023-2024

Algorithm 20.1: Training a denoising diffusion probabilistic model

Input: Training data D = {x,, }
Noise schedule {3, . ... it}
Output: Network parameters w

fort € {1,..., T} do

| ey < l_[:=1[1 — B;) // calculate alphas from betas

end for

repeat
x~D s/ Sample a data point
£~ {1 ..... T} // Sample a point aleong the Markow chain
E’“—'J"'L"Fi:ﬁlﬂ,l} S/ Sample a nolse wectol

By qvfm}{ + m& f/ Evaluate nolsy latent variable
Liw) + |le(ze. 9.t) —€||* 7/ Compute loss term

Take optimizer step

until converged

refurn w

Neural network
with suitable architecture

[Image from https://www.bishopbook.com/]
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Forward diffusion

q(T¢|Ti—1)
Forward Diffusion —» el — @ > @_> . _>@
Assume that images

are corrupted by
Gaussian noise II’ I
with known parameters
q(T¢|Ti—1)

x, ~ N (\/ 1 — 5y wt—la/@tI)
Could be rewritten as

~_
BtE(O,l), vt .’L‘t:ﬂ/l_ﬂtwt—l—l_\/ae
B1 < Ba< - < Br e ~N(0,1I)

N\

Hyperparameters

Deep Learning 2023-2024 Generative Networks [24]



Forward diffusion

Forward Diffusion
Assume that images
are corrupted by
Gaussian noise

with known parameters

At any forward step t, the diffusion sequence can be compacted as

x: ~ N (VVar 2o, (1 —ay)I)

where: t

at:H(l_ﬁT)

T=1

v

Deep Learning 2023-2024 Generative Networks [25]



Going backward: denoising

A neural network
is at the core

Backward Denoising — e - @ « @ o
q (th—1|fEt)
of the backward process I ’_f-‘l

We assume that:

Deep Learning 2023-2024

Neural

Li_1 = [,L(ajt, t; ’[9) -+ Bt € Network

1 g L
u’(a:tataﬂ) — \/1_—/@ { ( t7t719)}
e ~N(0,I)

(e

Generative Networks [26]



Going backward: denoising

Backward Denoising — e — @ « @ — e —— @
A neural network q(iEt—1|CBt)

is at the core
of the backward process I! ’.,‘I
We assume that:

i1 = p(x, ;9) + /B e

e ~N(0,I)

How can the neural network be trained?
(A suitable loss function is needed)

Deep Learning 2023-2024

Network

g(@e, t; 19)}

Generative Networks [27]



Going backward: denoising G(To_1|2)

An approximationto q (wt_l |:Bt)

i1 ~ N (u(xe, t;9), 5ed)

We assume that:

During training, X is known. Then we can sample €

mt:\/a_tzco+\/1

— Qi &y
" Noise added at step t
Therefore, it can be proven that:

is the true mean of:
9(3375—1 ‘CUt)

Then the Kullback-Leibler divergence is:

KL (q(xi—1|z:) || g(i—1]:))
1

= 5 [m(ze—1) — p(a:, t;9)]|* + const
20,

Deep Learning 2023-2024
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Going backward: denoising
KL (q(ae_s ) || 4@ |z))
_ ziﬁtnu(mt,t; 9) — m(@_1)|?

Therefore, given (see before):

+ const

1 ¢
p(xs, t;9) = T3 {fct — 16 ~ g(mtat;ﬁ)}

KL (G(xi—1]xe) || g@e—i]ze)) o || g(@e, t;9) — &4|?

L(9) = || g(¢, 1;9) — &¢|”

T To be minimized

Deep Learning 2023-2024 Generative Networks [29]



Diffusion Models:
Why so many steps?

Deep Learning 2023-2024 Generative Networks [30]



Going forward: adding noise

et e

/1 . 615—1 V ﬁt—l

@ q(@¢|Ti-1) @ /.%

Deep Learning 2023-2024

Marginal distribution
atstep t — 1

-9 (2) Forward probability distribution
. T i1 (Gaussian)

Q(ﬂi't\ict—l)

wt:\/l_ﬁtwt—1+\/§te

Generative Networks [31]



Going backward: denoising

The backward probability distribution
can be computed from forward
and marginals using Bayes’ theorem

This is what we want to learn

Q(mt—l‘mt) —

Deep Learning 2023-2024

Q(mt—l‘mt)

Q(a%\ict—l)

/\

Lt—1

q(xi|Ti—1)q(Ti—1)

C_I(Cl?t)

Bayes’ Theorem

Q(wt—ﬂ

~J\

Generative Networks [32]



Going backward: denoising

Q(Cﬁ‘t\wt—l)

/\

Li—1

At training time, XL is known
(dataset + forward diffusion)

Q(mt\wt—l)Q(mt—l)
Q(CUt)

Deep Learning 2023-2024 Generative Networks [33]

Q(mt—l‘mt) —

Bayes’ Theorem
[Image from https://www.bishopbook.com/]



Going backward: denoising

Q(w‘t\wt—l)

/\

Li—1

At training time, XL is known
(dataset + forward diffusion)

The reverse probability
is the blue curve

\ _ Q(mt\wt—l)Q(mt—l)
(@l q(x:)

Bayes’ Theorem
[Image from https://www.bishopbook.com/]
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Going backward: denoising

When (3, is large
q(@i-1]21) ‘
becomes very different q (ajt 1 ‘ Lt )

from a Gaussian, hence
unsuitable for training

By large Q("Bt‘wt—l) Q(mt—1|mt)
/\ q(mt_l)
iy z

Q(mt\wt—l)Q(mt—l)
Q(Cl?t)

Q(mt—l‘mt) —

Bayes’ Theorem
[Image from https://www.bishopbook.com/]
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Going backward: denoising

When 3, is small
q(@i—1|xe) ‘
is approximately Gaussian q (ajt 1 ‘ Lt )
B¢ small /\
@

q(xt|xi—1)q(T1—1)
q(x¢)

Deep Learning 2023-2024 Generative Networks [36]

q(Ti—1|Ts) =

Bayes’ Theorem



Links

https://www.assemblyai.com/blog/diffusion-models-for-machine-learning-introduction/
https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://www.superannotate.com/blog/diffusion-models
https://encord.com/blog/diffusion-models/
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://www.superannotate.com/blog/diffusion-models
https://encord.com/blog/diffusion-models/

Practical Implementation

Deep Learning 2023-2024 Generative Networks [38]



Conditional U-Net 3s basic denoising block

Loss function: L(’ﬁ) = || g(azt,t;ﬁ) — EtHz

The network architecture for g (:Et , T ’19) is a U-Net

— D P
Res. block o ﬂ‘o%:% N Concatenate
JORPEAN)
Res. block + /:L P

self-attention

Concatenate

w° Concatenate

Concatenate

///// e

time embedding

[Image from https://learnopencv.com/denoising-diffusion-probabilistic-models/]

[Ho, Jain & Abbeel, 2020 - https://arxiv.org/pdf/2006.11239]
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Conditional U-Net 3s basic denoising block
Loss function: L() := || g(as, t;9) — E?tHz

The network architecture for g (:Bt , T ’19) is a U-Net

— L))
Res. block ﬂ‘o@@%‘p’ Concatenate
‘fo‘b qf:b@L
Res. block + -

self-attention

Concatenate

Concatenate

Concatenate

A 20 0.5
=)

w

~ 30 0.0
o

i)

8 40 —0.5

time embedding

[Image from https://learnopencv.com/denoising-diffusion-probabilistic-models/]

| ©

-1.0

The U-Net is conditioned by the time parameter

0 10
which is embedded with sinusoidal positioning and added to each residual block Component j €[0, 31]

[Ho, Jain & Abbeel, 2020 - https://arxiv.org/pdf/2006.11239]
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Conditional U-Net as basic denoising block
Loss function: L() := || g(as, t;9) — E?tHz

<

_________________ ©

: () query i query e go

The network architecture for g (:Bt , T ’19) is a U-Net i ! g
! =

| S T~ =

{ [©]

— N «;L%’ X key : key [Similarity Matching g—
fes. block ‘i){ﬁ%:{f‘)%‘f_ : _: p| o 7 l %
DR - Convixl | —> =

Res. block + / e D | _ : @ Attention _g
self-attention ) _ : I Weights 2
v \\ value value '8

P I ! c

: o Sl < g

€

' ]

o 5

Q) Ceficatenate <

Q.

/Concatenate 2

3

2

g

—_— €

o

P :
O ;
time embedding £

Self- Attention modules
are interspersed with convolutional blocks in the pipeline

[Ho, Jain & Abbeel, 2020 - https://arxiv.org/pdf/2006.11239]
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Latent Diffusion Models

Forward Diffusion
It is relatively easy and inexpensive

(It can be performed in one step)

1O

Backward Denoising

Must be performed in small steps

and is quite expensive,

in particular with high-resolution images

Deep Learning 2023-2024 Generative Networks [42]



Latent Diffusion Models

Latent Diffusion Model
The intuitive idea is to perform
diffusion in the latent space

Image space latent space

—G @
| 4_@;@“'%)@4_ 4_@

[Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models

Latent Diffusion Model
The intuitive idea is to perform
diffusion in the latent space

| |
. |
image space | i latent space
| |
: |
| |
| |
| |
| |
= o 0,0 -
|
: q(xi—1|T¢)
|
|

A pre-trained VAE is used to encode and decode
high-resolution images into a suitable (reduced) latent format

[Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Conditioning on Labels
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Latent Diffusion Models with Conditioning

Latent Space ) (Conditioning)

gixel Spac9

Ky <---- T
denoising step crossattention  switch  skip connection concat N J

Diffusion Process emanti
Map ‘

Denoising U-Net €y Text

Repres |
entations

Deep Learning 2023-2024

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models with Conditioning

Latent Space ) (Conditioning)

Diffusion Process emanti
Ma

Denoising U-Net €g Text

Repres
entations

A suitable, VAE-style r TS
Encoder-Decoder is &--t-----

pre-trained

eixel Spac9 y

S e

denoising step crossattention  switch  skip connection concat & J

Deep Learning 2023-2024 [Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]

Generative Networks [47]



Latent Diffusion Models with Conditioning

The latent diffusion model is then

/ pre-trained (without conditioning)

Latent Space

Diffusion Process

(

r €D

\Pixel Spach

Denmsmg U-Net 69

) (

ondltlomna

Eemanth
Ma

Text

Repres
entations

KV

denoising step crossattention

Deep Learning 2023-2024

switch  skip connection concat

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models with Conditioning

Latent Space | | (Conditioning)

Diffusion Process emanti
Ma

Text

Repres
entations

Denoising U-Net €g

\PierSpace) r
To
Q

denoising step crossattention  switch  skip connection concat %/

A suitable encoder
of the conditioning elements

is pre-trained separately

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models with Conditioning

Conditioning R Latent Space ) (Conditioning)
>rocess | Eeﬁanﬁﬁ
a
Text

U-Net €p

Repres
entations

(L]
N
CLL]

-

Attention
scores
Lotent-space  Pixel Spacék ==
Q
ol €A <€---- <'T
denoising step crossattention  switch/ skip connection concat - 4

Latent-space representations
and embedded condition elements
are combined via cross-attention

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models with Conditioning

Latent Space | | (Conditioning)

Diffusion Process emanti
Ma

Text

Repres
entations

Denoising U-Net €g

Eixel Spac9 5 i essns
:
denoising step’ crossattention  switch  skip connection concat o J

The same step is iterated
T — 1 more times

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models with Conditioning

Diffusion Process

Denoising U-Net €

eixel Spac9

Latent Space )

6onditionina

emanti
Ma

Text

Repres
entations

g

3 @ <

denoising step crossattention  switch  skip connection/ concat

76

\ J

The switch is for multi-modality:
if the conditioning element is a class or text, use cross-attention,
if the input is an image, use concatenation

Deep Learning 2023-2024

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Latent Diffusion Models with Conditioning

Text-to-Image Synthesis on LAION. 1.45B Model.

"A street sign that reads ’A zombie in the ’An image of an animal "An illustration of a slightly "A painting of a ’A watercolor painting of a "A shirt with the inscription:

“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” ’

B

=0
LATENT
DIFFUSION

Generative
Models!

[Image from Rombach et al., 2022 - https://arxiv.org/pdf/2112.10752]
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Links

https://poloclub.github.io/diffusion-explainer/
https://blog.marvik.ai/2023/11/28/an-introduction-to-diffusion-models-and-stable-diffusion/
https://theaisummer.com/diffusion-models/
https://learnopencv.com/denoising-diffusion-probabilistic-models/

https://www.assemblyai.com/blog/diffusion-models-for-machine-learning-introduction/
https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://www.superannotate.com/blog/diffusion-models
https://encord.com/blog/diffusion-models/
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