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Diffusion Probabilistic Model T

A man teaching diffusion model to people in front of a whiteboard, anime style



Generative models

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse
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Sprouts in the shape of text “Imagen’ coming out of a A photo of a Shiba Inu dog with a backpack riding a A high contrast portrait of a very happy fuzzy panda
fairytale book. bike. It is wearing sunglasses and a beach hat. dressed as a chef in a high end kitchen making dough.
There is a painting of flowers on the wall behind him.
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A cute sloth holding a small treasure chest. A bright
golden glow is coming from the chest.

Teddy bears swimming at the Olympics 400m Butter- A cute corgi lives in a house made out of s
fly event.

Imagan

A strawberry mug filled with white sesame seeds. The
mug is floating in a dark chocolate sea.

A brain riding a rocketship heading towards the moon. A dragon fruit wearing karate belt in the snow.




Dora the explorer




Diffusion model in short

Forward diffusion process = fixed Markov chain algorithm



Diffusion model in short

t=0 t=49 t=50

EER——0NREN

Reverse diffusion process = trained model



Diffusion model in short

Generation process = reverse diffusion T times from noise



p: €(0,1) p;follow a schedule where 1 <, <---<
q(xelxeq) = N( Xp ;1= P rﬁtl)
xp =1 - Pxi 1 +/Przi ; where z;_1 ~ N(0,])
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X =AOXp1 + 1 —azpq ; where a; = 1-5;
Xt =\t 1Xpp + V1-aro 1z
xXp=.Jaxg+ 1 -0z ; Where a; = HiTzlozi
q( x| x0) :N(xt;\/atxt—lr(l_at)l) ;




z; (noise)
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q(xe1lxe) = po(Xealxe) = Tu—

EER— 0N
- -

po(xpqlx;)=N(xpq;pg(xs, t), 04 ”



Reverse diffusion process

q(xpqlxp,x0) =N(xpq; [e(xs, x0) /Btl)

po= T,
\/04;5 ﬁt \/_(1 Ot 1) 1 b
fe(xe, x0) = 1-a, \/Et(xt \/1——5étZt)

q(x—1 1 xr,x0) =po( X1 | x¢)
=>

Ly, - ~ L (x, — P
\/Wt(xt 1_at2t) \@(xt Jl_—ze(x £)) )




e a2 /

Reverse diffusion process W

z; (noise)

z (noise)
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Reverse diffusion process

Loss to train the model

negative log-likelihood: —logpg(xy) (not possible)
I
, | | » variational lower bound:
11 —logpg(xg) <—logpg(xg) + Dk (q (x1.7 | X0) Il po (x1.7 1%0))
==>

EEE—— 0NN
(| - Lt: E[” Ivtt_['le(xt/t) ”2]

Le= E|ll z;—zg(x; , 1) 7]
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Training

Algorithm 1 Training

1. repeat

2: X0 ~ q(x0)

3: t~ Uniform({1,...,7T})

4. €~ N(0,I)

5: Take gradient descent step on

Vo ||e — ea(vaixo + 1 — @te,t)HQ

6: until converged
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Training

Algorithm 1 Training
1: repeat
2: Ixo0 ~ q(xo
3: t~ Uniform({1,...,T}) o
4 e~ N(O.T) Training
5: Take gradient descent step on dataset

Vo ||l€ — eo(vVarxo + /1 — c‘vte,t)||2

6: until converged
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Training

Algorithm 1 Training t — 50

. repeat
X0 ~ q(Xo)

1

Z

3: |t~ niorm({l,...,TTy‘
4: ‘e ~ N(0,I)

5: Take gradient descent step on

Vo ||e—eg(\/&_txo+\/1—&te,t)||2 €

6: until converged
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Training

Algorithm 1 Training

. repeat

1
2: xo ~ q(x0)

3: t~ Uniform({1,...,7})
4

5

. e~ N(0.1)
. |Take gradient descent step on
— 2
Vo |le — eo(v/arxo + /1 — aue, t)||

6: until converged
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Sampling

Algorithm 2 Sampling

l: x7 NN(O,I)
cfort=1T,...,1do
z ~N(0,I)ift > 1,elsez =0

2
3
4: X391 = — (xt o ee(xt,t)) + 02
5
6

\/ Ot 1—a¢
. end for
. return xXg
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Sampling

Algorithm 2 Sampling

1: [z ~ N(0.1)]
2: fort=1T,...,1do

3: z~N(0,I)ift >1,elsez=0 xT —
4: X1 = \/%—t (Xt - %Ee(xtat)) + 0tZ
5: end for

6: return xg
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Sampling

Algorithm 2 Sampling Z =

: x7 ~ N(0,1)
cfort =T, ....1do

: Iz~N(0,I)ift> 1, else z = O

|
2
3
4 Xi-1= = (Xt - %ee(xw:,t)) + 012 or
5
6

- end for
. return xo

N
1
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Sampling

Algorithm 2 Sampling

: x7 ~ N(0,1)
cfort=1T,...,1do

1
2
3: z~N(0,I)ift > 1,elsez=0

4: ‘Xt—l = ﬁ (Xt — %ee(xt,t)) —|—O’tZ‘
5

6

: end for
. return Xg

Z z (noise)




Model example

EER—HREN
- -
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Model example

temb
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Text-to-image

Training

dataset

The French supercomputer Jean-Zay
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Text-to-image

The French supercomputer Jean-Zay

Text embedding model

(0961 0.230 -0.567...)
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Text-to-image

(0.961 0.230 -0.567...) -
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