Diffusion

Romain Loiseau

Slides mainly taken from a talk from Yannis Siglidis (IMAGINE/ENPC)


https://docs.google.com/file/d/1z8aA2udWU1w3vYp22J-aoxcQcQBpTjJA/preview

Diffusion

1. What is diffusion and how does it work ?
2. Conditioning diffusion to match a description ?
3. Diffusion for 3D !

| didn’t knew anything about diffusion 10 days ago so please interrupt me if:

- You don’t understand anything I’'m saying and want me to clarify

- You want to add more details you know

- You want me to stop explaining useless math things because it's too painful
- I'm saying stupid things

Key ideas for each slide in red here



History

Papers on Diffusion
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First results mainly p.o.c. (cifar, texture synthesis, etc) “DDPM”: Reallistic faces, churches, bedrooms, etc.

Sohl-Dickstein et al., 2015 -> Nonequilibrium Thermodynamics Ho et al. 2020,
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“Diffusion models beat gans on image synthesis.” (SOTA + conditional generation)
Nichol & Dhariwal (2021)



State of the art:

DALL-E2

Stable Diffusion is @ machine leamning, text-to-image
model to generate digital images from natural
language descriptions. The underlying approach was
developed at LMU Munich and then extended by a
collaboration of StabilityAl, LMU, and Runway with
support from EleutherAl and LAION. Wikipedia

Compositional Generalization!



A generative model.

GAN: Adversarial / ) o
X X > VA >
training D(x) G(z)

VAE: maximize x Encoder 7z Decoder .,
variational lower bound qe(2[x) po(x|z)
Flow-based models: x " Flow B > Inllfrse .
Invertible transform of f(x) f~(2)

distributions
Diffusion models:. X0 - - Xo .

Gradually add Gaussian - -- [+ - - e -~ -~ - —-- """ %%F i = = ]
noise and then reverse

Discriminator

Generator




Overview Learn how to reverse

peXt1|Xt
Oz ~ @ "0 —Cp

\ Gaussian Noise

g(x¢|x:1) = N (x5 /' 1 — Bexs 1, Bel)

BT — 0‘02 Fixed linear schedule /Bl _ 10_4

Ho et al. 2020 The Markov chain diffusion process of generating a sample
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21— T = Brzo + V/Biz, 2~ N(0,1) q(xefxe-1) = N (x5 \/1—757:&—1,&1)
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q(z2 | 20) = N(w2;1/(1 = B2)(1 = 1)z, 1 — (1 — B2)(1 = B1))

ar=1-— B
Q(Xt|xt—1) = N(Xt; &L — 5txt—1,5t1) (Xt|X0 Xt, \/_Xo, (1 - Oét

O = H?:l Q

Sohl-Dickstein et al., 2015 Step Independent Computation is key for the training to be tractable


https://arxiv.org/abs/1503.03585

Forward

q(x¢|x0) =

N (x4 v/ @rxo, (1 — )1
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Close form transition kernel conditioned on xg
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Mo (Xtv t) —

\/104_75 (Xt — L_Zg(xt, t))
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Original: 3g(xy,t) = 07521

Model

Sohl-Dickstein et al., 2015

Ask the model to denoise -> estimate the mean and variance of the applied noise


https://arxiv.org/abs/1503.03585

| oss Derivation

Q(Xt|xt 1)
T T
q (x0:1) = q(x0) [ [;—1 q (x¢ | xt—1) po (X0:1) = po (x7) [ [121 Po (X¢—1 | X¢)
Forward Trajectory Markov Property Reverse Trajectory

g\xi.7|x
(x1.7] 0)] > —E,(x,) log pa(x0)
Po(x0.7)

Variational Lower Bound Loss

Lvip = Egxor) [ log

LVLB:LT—l-LT 1+---+ Lo

L() — = log Po (XO |x1) Actual Loss

Expanding VLB Dk r(qllp) = Eqllog k]

Sohl-Dickstein et al., 2015 Train it using a single loss at time t


https://arxiv.org/abs/1503.03585
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Transition Kernel

N\
Lt = By sy i I e
t— ; ty X0
X0,z QHZQ(Xt, )H2 t 9
2 rTTTTTTe ey
L,=E [ { Iz
! 0% 2()ét(1 — ()ét>H§]9”3'|-’--z_t __________________ . |
Denoising \\\ Step Independent Computation
2 )
Li=E { L Va V1= az..t 2]/"
' Borla i agqm g v T VaRe VI T a0l
lgnored by Ho et al. (2020) and denoted Lsimple Loss

Sohl-Dickstein et al., 2015 Ask the model to denoise


https://arxiv.org/abs/1503.03585

Training

Algorithm 1 Training

l: repeat

2: X0 ~ q(Xo)

3: t ~ Uniform({1,...,T})
4: €~ N(0,1)

5: Take gradient descent step on

Vo |le — eo(vVarxo + /1 — @te,t)HQ

6: until converged

Ho et al. (2020)


https://arxiv.org/abs/1503.03585
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Algorithm 2 Sampling  po(xi-1/x:) = N (%15 po (x4, ), Zo(x1, 1))

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

2
3
4: Xi—1 = \/L—t (Xt — \}l_&ee(xt, )) + OtZ
5
6

Sampling

. end for
. return Xg

Ho et al. (2020)


https://arxiv.org/abs/1503.03585

Interpolation

Diffused source

X, ~ alx; | xo)

Denoised
interpolation

Image
& manifold

-

Pixel-space Source X

Souce
%o interpolation

e ~ N ( ()7 I) must be kept the same across all steps.

Ho et al. (2020)



https://arxiv.org/abs/1503.03585

Why does it work?

cvpr2022-diffusion

_I_

Fourier Transform
x; = Vauxo + /(1 — ay)e
JT"(Xt) = \/5775-7: (Xo)

V(1 —a)F(e)

-

Freq.

ap ~ 0

Low frequency dominance of image responses

0

Large t

1.

Small t J

Freq. Freq.

ap ~ 1

high frequency information is perturbed faster.


https://cvpr2022-tutorial-diffusion-models.github.io/

You all know everything about
how diffusion works know

Let’s dive into some fun stuffs now



Conditioning the Model

An astronaut riding a horse in a
photorealistic style

Conditional Model: €y (2,1, C)

E.g. The network can be a UNET and ¢ can be a BERT embedding.

sample with: €y (Z¢,t, ) = (1+w)€y (24, t, c)—wey (z4,t,¢c = 0)

U J g

Y Y
Conditional Unconditional

good balance between FID (distinguish between synthetic and
generated images) and IS (quality and diversity)

Ho & Salimans (2021) Classifier Free Guidance




Proof

Bayes formula

/

Vx log p(y|x:) = Vy, log p(x¢|y) — Vx, log p(x;)
1
= m (GG(Xt,t, y) 5 GO(Xt, t))

gradient of the log likelihood of an
auxiliary classifier model pB(y|x_t)

!
€o(xt,t,y) = €o(xt,t,y) — V1 — Gt wVx, log p(y|xt)
69(xt7 tay) o w(€9(xtatay) - 69(xt)t)) —
= (w + 1)eg(xt, 8, y) — wes(xt, t)




Latent Space Diffusion

Encoder Decoder

\
»

s(2 | -)

Po(x|2)

Stable Diffusion

Lipy = ES(m),ewN(O,l),t [HG _ EQ(Zta t>||§]

Rombach, Blattmann

et al. (2022)

DALLE-2

| ¢
Lprior — Etw[l,T],zgt)th |:Hf9 (Zz( )7 ta y) — <

"""""" / Ramesh, et al. (2022)

Directly predicts the denoised
(instead of the noise)




I_atent Space DIﬁ;USIOn Stable Diffusion, Rombach, Blattmann, et al. (2022)

Latent Space ") (Conditioning)

.~ Diffusion Process | Eemantiq
Ma

Denoising U-Net €g N2 Text

Repres
entations

Pixel Space,

denoising step crossattention  switch  skip connection concat - 4




DREAMFUSION, Poole et al. (2022)

a sliced loaf of fresh bread

zoomed out view of Tower Bridge made out of gingerbread and candy a robot and dinosaur playig chess, high resolution* a squirrel gesturing in front of an easel showing colorful pie charts



DREAMFUSION, Poole et al. (2022)

"a DSLR photo of a

peacock on a surfboard" Imagen
P — "
24, ~ U(0, 1) [ratener@] ] (22l 1)

rendering

e P
} P(camera) b g
et

NeRF MLP(-; 6)

e ~N(0,1I)

Backpropagate onto NeRF weights

VoLsps(¢,x = g(0)) = Be.e |w(t) (€o(ze3y,t) —€) g_;]

create 3D models that look like good images when rendered from random angles



3D-Diffusion, Watson et al. (2022)

-


https://docs.google.com/file/d/1bq-smVZG0U_d7jcKBc992DJayrABbWff/preview

3D-Diffusion, Watson et al. (2022)

[nputs Target*

‘ + nOisc :
— -




3D-Diffusion, Watson et al. (2022)

conditioning set diffusion + stochastic conditioning

step 1

{W

step 2
K_H
3
\




& craiyon

Al model drawing images from any prompt!

A smiley face, with a caption writing "thank you for your attention" ‘O‘




