Diffusion models
4




Auto-encoders

Encoder Decoder

Bank of 3x3 convolutional filters + nonlinearity + downsampling / upsampling



Auto-encoders

L  Decoder

Training:

« For a given image, find convolution weights that minimizes differences between input
and output images

« Assumes the use of many (many) input images . consider the sum of individual losses

« Find derivatives with automatic differentiation

« Stochastic gradient descent (for example), using small batches of images, i.e., a small
random subset of input database



Restoration via Auto-encoders

L  Decoder

« Given frained network, encoder allows to compress input images into a small feature
vector (“code”)

« Decoderrecovers the image based on feature vector

« Useful for restoration ; Decoder could be used (with modest success) for generation
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Ditfusion models : training

» |dea: at tfraining fime, progressively add noise




> Diffusion models: training imoge

trajectory

» From distribution of images to & (0,1) - -

4
« Remove (almost) all information of Fam,
* Repeat: | # . J:\
It+1=\/a_t1t+ 1_at€t_)t+1 %1 ;
WiTh gt—>t+1 ~ N(O,l) o {

a; some parameter (could be constant)

Image 1

« Converges to [~ N(0,1)

Pixel 1 Pixel 2

Pixel 1



> Diffusion models: training

« Known distribution at time t Al
« If you know I°:
It ~ N(Ht, O-tz)

with u, = Ja; 1°, of = (1 —a;) 1d
and @; = [i=; &

Pixel 2

It = a; I°+ /1 —a; gy
with gy ~N'(0,1)

« You know I°, the noise-free image, at
training time (only)

* Indeed converges to I~ N (0,1)

« Allows to get It at any time t “for free” Pixel 1



> Diffusion models: tfraining

» Train a network to predict noise:

Loss: ||€05¢ — €0o¢ll?

It = [T 10+ T o I - I
I ot
t e |

®» Feed the network with many noisy images at random fimes t € [0, t,,,4x]



o Diffusion models: inference

» Start with a random noise image at fime t = t,4 -
t — = 0 —
['max = Ja—1"+Vi-a, €t
~ 0 ~ 1

tmax ~ N(0,1)

» Predict noise level

tmax — [ |O a;
[tmax = [oo, — [0+ 1 =@t €0otimar o II-III'V €0t
max
tmax *-



o Diffusion models: inference

®» Remove the noise
t _ 0 —
['max = Ja, 1"+ Ji-a__ €t ~N(OD)

tmax — — 7. -
[ \/1 atmax 80_’tmax

V atmax

SYAES

In practice, task is too difficult: do it progressively



o Diffusion models: inference

®» Remove the noise progressively
» Given I° and It*1, I'~N(u,0%) with

Va1 (1 —ap) [+l \/“:t (1—at+1) 70

1—ap4q 1 —ap4q

(04
2 t—1
o2 = 1—a

» Don't know I°

» Take our previous (poor) estimate:

t+1 —
70 ~ """ =1 =41 €o5t41
vV &t+1




Diffusion models: inference

®» Remove the noise progressively
» We get




Diffusion models: scheduling

» Constant a; = never used
®» |near a; = 1 —t sometimes, but not great.

» f=1—a,=10"*(1—1t) + 0.02t in the original paper

» |dea: near the solution (t = 0) , you need more accuracy
» Cosine: a; = cos?(mt) better

®» More accuracy near and far from the solution



> Diffusion models: prediction

t —_—
= Originally: predicts noise I" & I I - I I I'P €0t
> =

» Claimed that it worked better

» Recently: predicts image is better [t .}I I I O I I I* f()

» +Transformer
t = =

» ‘“Back to Basics: Let Denoising Generative Models Denoise” [Li and He, Nov. 2025]

» Directly in pixel space



Latent diffusion models

» Same thing as diffusion... but in latent space (i.e. lower dimensional)
» ses a Variational Auto-Encoder (VAE) to reduce dimensionality

» Typically, from 512x512x3 = 64x64x4




Grandma's Goddamn
Bedtime Tales:
Swearing, Laughter;

D Diffusion models et

» Now used by most image generative models
» Offen with conditioning by text

» Offen variants, such as “Latent diffusion models” /Stable diffusion

» Hqas superseded most other approaches (GANs, VAE..)




Flow matching

= Training
» Sample from a standard Gaussian distribution
®» Random matchings between Gaussian samples and the target images

» |earn a velocity field v(x, t) to fit this assignment

®» |nference (i.e., image generatfion)
» Sample for a standard Gaussian distribution

» |ntegrate velocity field (i.e., Euler, RK4...)

» Fquivalent to diffusion models (random flow/diffusion from Gaussian to
images)



Flow matching: fraining

N(0,1)

Bafch size = 12 Image dataset



Flow matching: fraining

Random pairing

N(0,1)

Bafch size = 12 Image dataset



Flow matching: fraining

Random ®
interpolation
time t

N(0,1)
Batch size = 12

Image dataset



Flow matching: training  * ->I I i=i I I-» ¥

t @
ol ) = (¥ = X)|2

Learn velocity field
v(lt' t)

N(0,1)

Batch size = 12 Image datfaset



Flow matching: inferencer ->I I = I I-» 7
t =

Predicted velocity field
17(10' O)

o

N(0,1)

Image dataset

(here | consider =0 is the “noisy” image...)



> Flow matching: inference! ->I I =1 I I-» 7

t =

Predicted velocity field
v(lss, O6t)

O o—)

N(0,1)

Image dataset



> Flow matching: inference! ->I I =1 I I-» 7

t =

@.New image
o .@o@‘

N(0,1)

Image dataset



> Flow matching

» Better matchings than random
» Optimal fransport !
» With small batches, exact tfransport remains fast

» Flow is more straight = less Euler time steps for inference
» Better than Euler (order 1 : errorin 0 (é))

= Doprid (4th and 5th order with time step control), Runge Kutta 4 (4th order),
Dopri8...



D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v1 (Février 2022)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v2 (Avril 2022)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v3 (Juillet 2022)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v4 (Novembre
2022)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v5 (Mars 2023)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v5.1 (Mai 2023)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v5.2 (Juin 2023)




D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney vé (Décembre
2023)



D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

-

sy

MidJourney vé.1 (Juillet
2024)



D Evolution

“Realistic photograph of an elderly woman's hand featuring an expensive wedding ring
with a huge diamond” (controle seed, meilleur de 4)

MidJourney v7 (avril
2025)



Comparaison (au 18/06/2025)

Sora/ChatGPT MidJourney v7




Comparaison (au 18/06/2025)

stablediffusionweb.com

Reve Adobe Firefly 4 StableDiffusion
(pas Ulira)



Comparaison (au 18/06/2025)

Google Gemini Mistral Le
Pro Chat



> Biquis

» Tests
» ‘“Realistic photograph of a CEO in a big company behind a desk”
» “Realistic photograph of a flying superhero saving someone falling a skyscraper”
» ‘“Reaqlistic photograph of a top model walking on a stage with beautiful clothes”
» ‘“Reaqlistic photograph of a secretary typing on a computer”

» “Realistic photograph of a couple shaking hands in an office”

» (pas de soucis de genre en lange anglaise)
» MidJourney, ChatGPT/Sora, Adobe FireFly, Grok
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f ; @WebCrooner

, Cesphotos de la manifestation d'hier sont dingues et

Repérer |eS imOgeS ge pour une fois ce n'est pas @OdieuxBoby quiles a

prises. Réforme des #Retraites #manif7fevrier

Translate Tweet

» Sites de détection moyennement fiables

» Gros problemes

v

» Nombre de doigts, F
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> Repérer les images générées

» Sites de détection moyennement fiables =
=

La photojournaliste palestinienn
avait 25 ans

min /

. = Upsampling par |
» Gros problemes 2 RIN9 P

[

A

» Nombre de doigts,

» Texte illisible

!
"‘ \

Fatima Hassouna,
héroine d'un film
sélectionnéa C
tuéechezelleaGaza

Vincent Flibustier
(NordPresse)

The input is:




Repérer les images générf#

» Sites de détection moyennement fiables
» Gros problemes
» Nombre de doigts,
» Texte illisible

» Proportions

RADIO BROADCAST RECORDING. 1882

NIRVAXA

SMELLS LIKE LIVE SPIRIT




> Repérer les images générées

» Gros problemes se “reglent” tout doucement

Realistic photograph of an elderly woman's hand with only 3 fingers featuring an expensive wedding ring with a huge diamond -—-v 7.0




> Repérer les images générées

» Détails plus subtils

» Hautes fréequences, cheveux / Peaux frop lisses

» |ncohérences : manque de symétries (ou frop), anachronies,
si plusieurs images : personnages pas consistants dans le tfemps

Amanda Ll & @amanda_npo - 3]
< Post Nous ne sommes que de simples agriculteurs :
un simple bonjour signifie beaucoup pour

» ESThéTIQUe Sembkjble ﬁ Christine KELLY & @christine_kelly -6 h fous:

Joyeux anniversaire §

» Sourirs @ Rubish @ @Rubish4_-18 h

« Je suis Maxime. Je suis pompier.

» Flou en arriere plan (bokeh/profondeur de champs) AGAREIL e st FB BT e Eals.Fas

de féte, pas de gateau, juste ta
bénédiction, et ca me suffit | @ »

» Contexte clickbait pour boomer
» « Je suis a I'hopital et personne ne me souhaite mon anniversaire )

»  J'ai fait une tour Eiffel en allumettes et personne ne la partage »

» Sinon, Reverse image search = source

O13k 121k Qask li27sk  [] o3
&% christine Bouting @ g
ﬁ) @christineboutin

En réponse & @amanda_npo

» Tineye, google reverse image search, yandex

=M Bravo 4 vous et pour ce que vous étes 1L
<
22:54 -01juin 25 -3 043 Vues
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