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PixelCNN [van der Oord et al. 2016]

Still generate image pixels starting from

corner

: : AT~
Dependency on previous pixels now
modeled using a CNN over context region /
(masked convolution) /

Figure copyright van der Oord et al., 2016. Reproduced with permission.
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Decoder network gives py(x|z), can This KL term (between Pg(z[X) intractable (saw
compute estimate of this term through ~ Gaussians for encoder and z ~ earlier), can’t compute this KL
sampling. (Sampling differentiable prior) has nice closed-form term :( But we know KL
throuah reparam. trick. see paper.) solution! divergence always >=0.

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeung



Putting it all together: maximizing the
likelihood lower bound Maximize likelihood of

A/" \ original input being
[log po(x z — Drr(gs(z | D) || po(2)) reconstructed
ZEO [« ]

Sample from P(X|Z;0)~N(u,, o6,)
[ 1[ o ] |
Encoder

Q(Z|X; ¢)

From CS231n, Fei-Fei Li, Justin Johnson, Serena Yeuug
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Denoising Diffusion Probabilistic
Models (DDPMs)

And Conditional Diffusion Models



TEXT DESCRIPTION

DALL-E 2

An astronaut

riding a horse

in a photorealistic style

https://openai.com/dall-e-2/
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working
on new AI research

on the moon in the
1980s

https://openai.com/dall-e-2/

DALL-E 2







ity

¥ main ~

R rEErEErEirRi-REr-El S SN BN BN SN |

|~ Insights

F 1branch © 0tags

assets

configs

data

Idm

models

scripts

LICENSE
README.md
Stable_Diffusion_v1_Model_Card.md
environment.yaml|
main.py
notebook_helpers.py

setup.py

README.md

Stable Diffusion

-’ pesser Release under CreativeML Open RAIL M License

Release under CreativeML Open RAIL M License
stable diffusion
stable diffusion

stable diffusion

add configs for training unconditional/class-conditional Idms

Release under CreativeML Open RAIL M License
Release under CreativeML Open RAIL M License
Release under CreativeML Open RAIL M License
Release under CreativeML Open RAIL M License

Release under CreativeML Open RAIL M License

add configs for training unconditional/class-conditional ldms

add code

add code

Go tofile

69aedb3 on Aug 22 @ 29 commits

2 months ago
3 months ago
3 months ago
3 months ago
11 months ago
2 months ago
2 months ago
2 months ago
2 months ago
2 months ago
11 months ago
11 months ago

11 months ago

Stable Diffusion was made possible thanks to a collaboration with Stability Al and Runway and builds upon our

previous work:

High-Resolution Image Synthesis with Latent Diffusion Models
Robin Rombach*, Andreas Blattmann®, Dominik Lorenz, Patrick Esser, Bjorn Ommer
CVPR '22 Oral | GitHub | arXiv | Project page

https://github.com/CompVis/stable-diffusion

& Watch 321 ~ % Fork 5k - Starred 33k -

About
A latent text-to-image diffusion model
&’ ommer-lab.com/research/latent-diffus...

Readme
View license
33k stars

321 watching

< @ & & B

5k forks

Releases

No releases published

Packages

No packages published

Contributors 7
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Languages

® Jupyter Notebook 90.1%
® Python 9.8% » Shell 0.1%



Landscape Highlights of Diffusion Models (Nov 2022)

® Diffusion probabilistic models (Sohl-Dickstein et al., 2015)

basic

o ® Noise-conditioned score network (NCSN; Yang & Ermon, 2019)
principles

L ® Denoising diffusion probabilistic models (DDPM; Ho et al. 2020)

conditional & | ®  Classifier-guided conditional generation (Dhariwal and Nichole, 2021)

high-res | o  (Classifier-free Diffusion Guidance (Ho and Salimans, 2022)
image

generation ® [atent-space Diffusion (StableDiffusion; Rombach and Blattmann et al., 2022)

® Planning with Diffusion for Flexible Behavior Synthesis (Diffuser; Janner et al., 2022)

new

applications 7 @ DreamFusion: Text-to-3D using 2D Diffusion (Poole and Jain et al., 2022)

® Make-A-Video: Text-to-Video Generation without Text-Video Data (Singer et al., 2022)
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The Denoising Diffusion Process
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The Denoising Diffusion Process

image from The “forward diffusion” process:
dataset add Gaussian noise each step
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The Denoising Diffusion Process

image from The “forward diffusion” process: noise N (0, 1)
dataset add Gaussian noise each step '




The Denoising Diffusion Process

image from The “forward diffusion” process: noise (0, 1)
dataset add Gaussian noise each step '

_X'O e x1—>

Xg ~—— Xq +—

The “denoising diffusion” process:

generate an image from noise by
denoising the gaussian noises

—> X171 — XT

——XT-1 «— XT

Ties/inspiration form Annealed
Imporantce Sampling in physics



Comparison

Discriminator Generator

GAN: Adversarial / x|
training

Y

D(x) G(2)

y

VAE: maximize x ,m B =m ]
variational lower bound q¢(z|x) po(x|z)

Flow-based models: = Flow 0z | |nllfrse ]
Invertible transform of f(x) F(2)
distributions

Diffusion models: X0
Gradually add Gaussian - = == -1 pametal b L - i o]
noise and then reverse




Connection to VAEs

forward diffusion: encoding XT denoising diffusion: decoding




Connection to VAEs

forward diffusion: encoding XT denoising diffusion: decoding

noise NV (0, 1)

\ \ J

Known / predefined: Unknown / learned:
q(x1.7|x0)

T
poCror) = pCer) | [ oGl
t=1

xt Net xt_l




Connection to VAEs

forward diffusion: encoding XT denoising diffusion: decoding

noise NV (0, 1)

\ \ J

Known / predefined: Unknown / learned:
q(x1.7|x0)

T
poCror) = pCer) | [ oGl
t=1

Similar to VAEs, use the denoising decoding
process to generate new images.



Connection to VAEs

forward diffusion: encoding XT denoising diffusion: decoding

noise NV (0, 1)

\ \ J

Known / predefined: Unknown / learned:
q(x1.7|x0)

T
poCror) = pCer) | [ oGl
t=1



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> o —> X7



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> o —> X7
T

q(xq.7|xg) = 1_[ q(x¢|xt—1) Probability Chain Rule (Markov Chain)
t=1



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> o —> X7
T

q(xq.7|xg) = 1_[ q(x¢|xt—1) Probability Chain Rule (Markov Chain)
t=1

q(xelxi—1) = N(xg; (W1 — B )xe_q, 1) Conditional Gaussian



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> o —> X7
T

q(xq.7|xg) = l_[ q(x¢|x¢—1) Probability Chain Rule (Markov Chain)
t=1

q(xelxi—1) = N(xg; (W1 — B )xe_q, 1) Conditional Gaussian

Notation: A Gaussian distribution “for” x;



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> o —> X7
T

q(xq.7|xg) = l_[ q(x¢|x¢—1) Probability Chain Rule (Markov Chain)
t=1

q(xelxi—1) = N(xg; (W1 — B )xe_q, 1) Conditional Gaussian

[+ is the variance schedule at the diffusion step t



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> o —> X7
T

q(xq.7|xg) = 1_[ q(x¢|xt—1) Probability Chain Rule (Markov Chain)
t=1

q(xelxi—1) = N(xg; (W1 — B )xe_q, 1) Conditional Gaussian

frist 7 sion

L

0<p alue = 1000

https://www.youtube.com/watch?v=HoKDTa5jHvg&t=517s



The Diffusion (Encoding) Process

The known forward process Xg —> X1 —> o — X7
T

q(x1.7]1x0) = q(x¢|x¢—1) Probability Chain Rule (Markov Chain)
t=1

q(xelxe—q1) = N(x; (W1 — B )xe—q, f:1) Conditional Gaussian

[+ is the variance schedule at the diffusion step t

0<pB;<pB, << PBr<1,typical value range [0.0001, 0.02], with T = 1000

Xog —> X4 —> — X

— Xr




The Diffusion (Encoding) Process

The known forward process Xg —> X1 —> o — X7
T

q(x1.7]1x0) = q(x¢|x¢—1) Probability Chain Rule (Markov Chain)
t=1

q(xelxe—q1) = N(x; (W1 — B )xe—q, f:1) Conditional Gaussian

Nice property: samples from an arbitrary forward step are also Gaussian-distributed!
q(xelxg) = N (xe; A/ @exg, (1 — @)l

,where a; = (1 = B), @, = [1t2 as




A(x¢|vt—1) = N(z¢, /T — Bwi—1, B

The Diffusion (Encodingjiil T

ot Ti—1 ++/1—aze€

The known forward process X0 = Va1 T2 + T — a1 €
= /o102 T3+ 1 — arop_j04 2 €
q(xlTle) — ‘ ‘ q('xtlxt 1) PrOba :m.r(ﬁr1—(\/(\,,1...(11(1(,(

q(xt|zo) = Nz Varxg, (1 —ay)l) —— | = /oy xg+ /1 —aQp€

q(xelxe—1) = N (x¢; W1—=PB: )xi—1P

Nice property: samples from an arbitrary forward step are also Gaussian-distributed!

q(x¢|xo) = N (x4 \/C_Z_txo; (1—-a)h

Gaussian reparameterization trick (recall from VAEs!):
Xt = +/AeXg ++/1 — @€, e~N(0,1)

(square root appears because reparameterization trick has just o)
z=u+ex*xaoge~N(0,1)



The Diffusion and Denoising Process

forward diffusion: encoding XT denoising diffusion: decoding

noise V' (0, 1) X1
\ \ J

Known / predefined: Unknown / learned:
q(x1.7|x0)

T
poCror) = pCer) | [ oGl
t=1



The Denoising (Decoding) Process

The learned denoising process X0 X1



The Denoising (Decoding) Process

The learned denoising process X0 X1 X
T

po (xXo.7) = p(xT) 1_[ po(xs—1|x;) Probability Chain Rule (Markov Chain)
t=1



The Denoising (Decoding) Process

The learned denoising process X0 X1 X
T

po (xXo.7) = p(xT) 1_[ po(xs—1|x;) Probability Chain Rule (Markov Chain)
t=1
Pe (xt—llxt) = N (x¢—1; Ug (xt, t),Zg (xt, t)) Conditional Gaussian



The Denoising (Decoding) Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T

po (xo.7) = p(xT) po(x¢—1|x;)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xp—q; 1o (e, 1), Zg (L)) Conditional Gaussian
N~

Want to learn time-  Assume fixed / known variance
dependent mean (simplification)



The Denoising (Decoding) Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T

po (xo.7) = p(xT) po(x¢—1|x;)  Probability Chain Rule (Markov Chain)

t=1
Po(xe—1lxt) = N (xe—1; 1 (x, 1), Zgq (£)) Conditional Gaussian
N
Want to learn time-  Assume fixed / known variance
dependent mean (simplification)

How do we form a learning objective?



The Denoising (Decoding) Process
The learned denoising process X0 X1

Po(Xe—1lxt) = N (x¢_q; X,(0))



The Denoising (Decoding) Process
The learned denoising process Xg +— X{+— e <« X7
po(Xe—1lxt) = N (xp—1; 1o (x¢, t);zq (1))

High-level intuition: derive a ground truth denoising distribution q(x;_1|x¢, x¢) and
train a neural net pg (x;_1|x;) to match the distribution.



The Denoising (Decoding) Process
The learned denoising process Xg +— X{+— e <« X7
po(Xe—1lxt) = N (xp—1; 1o (x¢, t);zq ()

High-level intuition: derive a ground truth denoising distribution q(x;_1|x¢, x¢) and
train a neural net pg (x;_1|x;) to match the distribution.

The learning objective: argming Dy (q (%1 |x¢, X0) | 1P (Xe—11%¢))



The Denoising (Decoding) Process

The learned denoising process Xy «— X1 «—

Po(Xe—11xt) = N (xp—1; pg (x¢, 1), Zg ()
High-level intuition: derive a ground truth denoising distribution q(x;_1|x¢, x¢) and
train a neural net pg (x;_1|x;) to match the distribution.

The learning objective: argming Dy (q (%1 |x¢, X0) | 1P (Xe—11%¢))
What does it look like? q(x,_4|x; %) = N (Xt—mlq(t)»zq(t))

U (t)zi Xy — P €|, e~N(0,1)
BN (1—a)




The Denoising (Decoding) Process

The learned denoising process Xg «—— X1+ oo

Po(Xe—11xt) = N (xp—1; pg (x¢, 1), Zg ()
High-level intuition: derive a ground truth denoising distribution q(x;_1|x¢, x¢) and
train a neural net pg (x;_1|x;) to match the distribution.

The learning objective: argming Dy (q (%1 |x¢, X0) | 1P (Xe—11%¢))

What does it look like? q(x,_;|x; x0) = N (Xt—liuq(t)»zq(t))
Recall: Gaussian

1 Be
<xt — € e~N(0,1)*— reparameterization trick

Hq (t) = \/_a_t A-a,) )

The “ground truth” noise that brought x,_; to x;



The Denoising (Decoding) Process

The learned denoising process X5 «— Xq<+— «oo <«— X7
Po(Xe—11xt) = N (xp—1; po (X, t);zq ()

High-level intuition: derive a ground truth denoising distribution q(x;_1|x¢, x¢) and
train a neural net pg (x;_1|x;) to match the distribution.

The learning objective: argming Dy (q (%1 |x¢, X0) | 1P (Xe—11%¢))
What does it look like? q(x,_;|x; x0) = N (Xt—1i Hq (t),zq(t))
Assuming identical variance X, (t), we have:
argming Dy, (q (¥¢—11%¢, %0)|po (xe—11%)) = argmingw ||, () — g (x,, ]2

Should be variance-dependent, but constant
works better in practice



The Denoising (Decoding) Process

The learned denoising process X5 «— Xq<+— «oo <«— X7
Po(Xe—11xt) = N (xp—1; po (X, t);zq ()

High-level intuition: derive a ground truth denoising distribution q(x;_1|x¢, x¢) and
train a neural net pg (x;_1|x;) to match the distribution.

The learning objective: argming Dy (q (%1 |x¢, X0) | 1P (Xe—11%¢))
What does it look like? q(x,_;|x; x0) = N (Xt—1i Hq (t),zq(t))
Assuming identical variance X, (t), we have:
argming Dy, (q (Xe—11%¢, %0)1[po (te—11%)) = argmingw || () — g (xp, 0|2

Predict the one-step
noise that was added
(and remove it)!

Simplified learning objective: argming||e — €g(x;, t)||?



The Denoising (Decoding) Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T

po (xo.7) = p(xT) po(x¢—1|x;)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xe—q; 1o (x, 1), Zg (L)) Conditional Gaussian

Assume fixed / known variance

How did we arrive at the learning objective?
Let’s go back to the basics of variational models ...



(Quick) Derivation!



Connection to VAEs

forward diffusion: encoding XT denoising diffusion: decoding




Connection to VAEs

forward diffusion: encoding XT denoising diffusion: decoding

|
Latent Variables



e = ST = T = et demsenionn.

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational
Inference

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(2)
logp(x) =E [lo + D z|x)||p(z|x)
gp o B hperoeye k. (q(z10)|[p(z]x))
= E, [log% Evidence Lower Bound (ELBO) — From last lecture on VAEs

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational Simplify to
Inference KL

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(z)
logp(x) =E [lo + D z|x)||p(z|x)
gp Jicarer k.(q(z10)||p(z|x))
= E,4 [lo p(XI1Z)p(z) Evidence Lower Bound (ELBO)
i q(Z|x)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variati T
ariational -— Simplify to
Inference KL

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(2)

q(z|x)
p(X|Z)p(2)
a [l°8 =z

log p(x) = Eq llog + Dy, (q(z|0)|p(z]x))

> E Evidence Lower Bound (ELBO)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

X =Xo» Z= X1

p(xr) HZ:1 Po(x;—1]x;)| «— reverse denoising

=E_|lo
1 [ s Z:l Cl(xt|xt_1) <+— forward diffusion

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational Simplify to
Inference KL

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(2)

q(z|x)
p(X|Z)p(z)
a [l°8 =z

log p(x) = Eq llog + Dy, (q(z|0)|p(z]x))

> E Evidence Lower Bound (ELBO)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational Simplify to
Inference KL

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(z)
logp(x) =E [lo + D z|x)||p(z|x)
gp Jicarer k.(q(z10)||p(z|x))
= E,4 [lo p(XI1Z)p(z) Evidence Lower Bound (ELBO)
i q(Z|x)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T
= _Eq[DKL(Q(lexO)l|p(xT))] - ZtZZDKL(Q(xt—llxtr xo) P (xe—1lx:)) +log pe(x0|x1)

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational — Simplify to
Inference KL

p(x) = [p(x|z)p(z)dz Intractable to estimate!

p(x|z)p(2)
log p(x) = E [lo + D z|x)||p(z|x)
gp q - g q(le) KL(q( | )llp | )
>E, |l pX12)p(2) Evidence Lower Bound (ELBO)
T] qa(Z|x)

logp(xo) = E4 10gp(x0|x1:T)p(x1:T)

q(x1.7|%0)

X = Xo» Z = XqT

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T
= _Eq[DKL(CI(lexO)l|p(xT))] - Zt=2DKL(Q(xt—1|xt» x0)| 1P (xe—11x¢)) + log pg (xolx1)

/A \

Easy to optimize / sometimes omitted

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational — Simplify to
Inference KL

p(x) = [p(x|z)p(z)dz Intractable to estimate!

p(x|z)p(2)
log p(x) = E [lo + D z|x)||p(z|x)
gp ! 8 oGl k1 (q(z|x)||p(z|x))
>E, |l pX12)p(2) Evidence Lower Bound (ELBO)
T] qa(Z|x)

logp(xo) = E4 1ng(x0|x1:T)p(x1:T)

q(x1.7|%0)

X = Xo» Z = XqT

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T

= _Eq[DKL(CI(lexO)l|p(xT))] - t=2DKL(Q(xt—1|xt» x0)| 1P (xe—11x¢)) [+ log pg (xox1)

Maximize the agreement between the predicted reverse diffusion
distribution pg and the “ground truth” reverse diffusion distribution g

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational Simplify to Reverse Process
—-—)
Inference KL => Normal

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(z)
logp(x) =E [lo + D z|x)||p(z|x)
gp Jicarer k.(q(z10)||p(z|x))
= E,4 [lo p(XI1Z)p(z) Evidence Lower Bound (ELBO)
i q(Z|x)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T
= —Eq[Dk1(qCerlxo)|[p(xr))] — ZtZZDKL(Q(xt—llxtr Xo)

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015

[lpo (xp—11x¢)) + log pe (x0]x1)



Variational Simplify to Reverse Process
—-—)
Inference KL => Normal

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(z)
logp(x) =E [lo + D z|x)||p(z|x)
gp Jicarer k.(q(z10)||p(z|x))
= E,4 [lo p(XI1Z)p(z) Evidence Lower Bound (ELBO)
i q(Z|x)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T
= —Eq[DKL(CI(xﬂxo)l|P(XT))] - ZtZZDKL(Q(xt—llxtr xo)| P (xe—1lx:)) +log pe(x0|x1)

q(xe—1lxe) = q(x¢_1|xs, x9) (markov assumption)
_ a(X¢|Xe—1, X0)a(xt-1lx0)
- q(xei%o)
N (xpyaxe—1,Be DN (Xp—153/@ 1 x—1,(1-0_1)I)
B N (xg3/Aex0,(A1=@p—1)1)
e I (3 y; LETIEF 0000 5 ) )

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015

(Bayes rule)

(Property of Gaussian)



Variational Simplify to Reverse Process Bayes +

Inference KL => Normal Reparameterization

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(z)
logp(x) =E [lo + D z|x)||p(z|x)
gp Jicarer k.(q(z10)||p(z|x))
= E,4 [lo p(XI1Z)p(z) Evidence Lower Bound (ELBO)
i q(Z|x)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T
= _Eq[DKL(Q(lexO) |P(xT))] - tZZDKL(Q(xt—llxtr xo)||pe (xt-11x¢)) + log pg (xolxy)

qCee11%e,%0) = N (%e-15 114 (0,24 ()
1 B

Mq(t)=\/—a—t<xt—(1—_0_(t)€)» e~N(0,1)

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015

Proof using bayes rule and
gaussian reparameterization trick



Variational Simplify to Reverse Process Bayes +

Inference KL => Normal Reparameterization

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(z)
logp(x) =E [lo + D z|x)||p(z|x)
gp Jicarer k.(q(z10)||p(z|x))
= E,4 [lo p(XI1Z)p(z) Evidence Lower Bound (ELBO)
i q(Z|x)

log p(xg) = Eq logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo» Z= X1

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T
= _Eq[DKL(Q(lexO) |P(xT))] - ZtZZDKL(Q(xt—llxtr xo)||pe (xt-11x¢)) + log pg (xolxy)

qCee11%e,%0) = N (%e-15 114 (0,24 ()
1

L B _
.Uq(t)—\/a—t<xt —\/(1_—@%\» e~N(0,1)
N

Proof using bayes rule and
gaussian reparameterization trick

The “ground truth” noise that brought x;_; to x;

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



it [T [P = | it ™ oot

p(x) = [ p(x|2)p(2)dz Intractable to estimate!

p(x|z)p(2)

q(z|x)
1 p(X1Z)p(2)
a1 q(Z|x)

log p(x) = Eq llog + Dy, (q(z|0)|p(z]x))

> E Evidence Lower Bound (ELBO)

logp(xo) = E, logp(x0|x1:T)p(x1:T)

q(x1.7]%0)

X =Xo, Z =Xy

... (derivation omitted, see Sohl-Dickstein et al., 2015 Appendix B)

T

= _Eq[DKL(q(lexO)l|p(xT))] T t=2DKL(CI(xt—1|xt»xo)||P9(xt—1|xt)) + log pg (xo|x1)

Minimize the difference of distribution means (assuming identical variance)

argmingw||ug (t) — pg (x¢, t)|[?

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015



Variational Simplify to Reverse Process Bayes + Remove (variance-
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
o (xe_1]x:) = N (xp_q; pio (xs, £), Z(t)) Conditional Gaussian

Learning objective: argming||u, (£) — pg (x¢, t)]|?

b
VA —ap)

1
nq(t) = \/_a_t<xt -

E), e~N(0,1)

Predict the
noise!!!



Variational Simplify to Reverse Process Bayes + Remove (variance-
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
o (xe_1]x:) = N (xp_q; pio (xs, £), Z(t)) Conditional Gaussian

Learning objective: argming||u, (£) — pg (x¢, t)]|?

g®) = — [ x - —2¢
oVt Ja-a)

Do we actually need to learn the entire g (x;, t)?

1

E), e~N(0,1)

Predict the
noise!!!



Variational Simplify to Reverse Process Bayes + Remove (variance-
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
po(xi_1]x:) = N (xp_q; g (x¢,t), Z(t)) Conditional Gaussian

Learning objective: argming||u, (£) — pg (x¢, t)]|?

i X; — P € |, e~N(0,1)
Ve (1—a)

Unknown during  Recall: this is the “ground truth”
inference noise that brought x;_; to x;

Hq (t) =

known during inference

Predict the
noise!!!



Variational Simplify to Reverse Process Bayes + Remove (variance-

—) ..
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
po(xi_1]x:) = N (xp_q; g (x¢,t), Z(t)) Conditional Gaussian

Learning objective: argming||u, (£) — pg (x¢, t)]|?

i X; — P € |, e~N(0,1)
Ve (1—a)

Unknown during  Recall: this is the “ground truth”
inference noise that brought x;_; to x;

Hq (t) =

known during inference

Idea: just learn € with €5 (x;, t)!

Predict the
noise!!!



Variational Simplify to Reverse Process Bayes + Remove (variance-
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
po(xi_1]x:) = N (xp_q; g (x¢,t), Z(t)) Conditional Gaussian

Simplified learning objective: argming||e — € (x¢, t)|]?

Predict the
noise!!!



Variational Simplify to Reverse Process Bayes + Remove (variance-
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
po(xi_1]x:) = N (xp_q; g (x¢,t), Z(t)) Conditional Gaussian

Simplified learning objective: argming||e — € (x¢, t)|]?

Recall: the simplified t-step forward sample:
Xt =1/C_tho+ 1_6_(1-6

Predict the
noise!!!



Variational Simplify to Reverse Process Bayes + Remove (variance-
Inference KL => Normal Reparameterization dependent) constant

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T
po o) = pCer) | [ el
t=1
po(xi_1]x:) = N (xp_q; g (x¢,t), Z(t)) Conditional Gaussian

Simplified learning objective: argming ||e — €g (1/6_{15)(0 + /1 — ae, t)||2

Recall: the simplified t-step forward sample:
Xt :1/6_(1-)(0-'— 1_6_(1-6

Predict the
noisel!!l



Variational Simplify to Reverse Process Bayes + Remove (variance- Predict the
Inference KL => Normal Reparameterization dependent) constant noise!!!

Learning the Denoising Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T

po o) = pCer) | [ el
t=1

po(xi_1]x:) = N (xp_q; g (x¢,t), Z(t)) Conditional Gaussian

Simplified learning objective: argming ||e — €g (./c_xtxo + /1 — a;€, t)||2



The Denoising (Decoding) Process

The learned denoising process X5 «— Xq<+— «o0 «— X7
T

po (xo.7) = p(xT) po(x¢—1|x;)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xp—q; 1o (x, 1), Zg (L)) Conditional Gaussian

We know how to learn  Assume fixed / known variance

: 1 Bt
Inference time: ug (x;, t) = — (xt — — € (x¢, t))
U-

xt Net

]
T




The Denoising (Decoding) Process

The learned denoising process X3 «— X <+— «o <«— X7
T

po (xo.7) = p(x7) po(x¢—1|x;)  Probability Chain Rule (Markov Chain)
t=1
Do (Xe—1lxe) = N (xe—q; 1o (%, t), Zq (1)) Conditional Gaussian

We know how to learn  Assume fixed / known variance

xp~N(0,1) XT-1 X0

® po(xr_1lx7_2) o (x11x0) \ﬁ -
D e >

Generate new images!

po(xrlxr-1)
> |




The Denoising Diffusion Algorithm

Algorithm 1 Training

1: repeat
2! X v q(XO)
3: t ~ Uniform({1,...,T})
4: €~ N(0,I)
5: Take gradient descent step on
Vo He —eg(varxo + 1 — Eutt'z,t)H2

6: until converged

The Denoising Diffusion Probabilistic Models, Ho et al., 2020



The Denoising Diffusion Algorithm

Algorithm 1 Training | Algorithm 2 Sampling
I repeat 1: xr ~N(0,1)
2: %o ~ g(xo) 2: fort="T,...,1do
2= £~ [j{;l(l(f)oil)n({l’ - T}) 3 z~N(0,I)ift>1,elsez=0
N A . -
5: Take gradient descent step on 4 X1 = \/% Xt — \/ﬁeﬂ(xta t)) + oz
Vo ||e — es(v/@xo + /1 — &tevt)H? 5: end for

6: until converged 6: return xo

The Denoising Diffusion Probabilistic Models, Ho et al., 2020



The Denoising Diffusion Algorithm

Algorithm 1 Training “Algorithm 2 Sampling
1 repeat 1: x7 ~ N(0,T)
2: %o ~ g(xo) 2: fort="T,...,1do
2: b~ [j{?(léo%n({l’ - T}) 33 z~N(0I)ift >1,elsez=0
D e~ , . -
5: Take gradient descent step on 4 X1 = \/% (xt ~ Ji—a; €q(x¢, t)) + oz
Vo ||e — €o(v/arxo + V1 — aue, t)“2 5: end for
6: until converged 6: return xo

Po (Xe—1lxt) = N (xe—q; g (xe, t), 2(2))

The Denoising Diffusion Probabilistic Models, Ho et al., 2020



Visualizing the Diffusion Process on 2D data

EF 2
- — ':.-_'
The foreard trajectory : x
q(xg.1) o of j
"' 1"‘! "
] 0 2 b 2
2 - ; i— S
The reverse trajactory -
Po(Xo.1) o 0 S
i [ ] T3 o 2

Sohl-Dickstein et al., 2015



Conditional Diffusion Models

Conditional
Diffusion

An astronaut riding
a horse in a
photorealistic style



Conditional Diffusion Models

\ Conditional
An astronaut riding /
a horse in a

photorealistic style

Diffusion

Simple idea: just condition the model on some text labels y!
€0 (xt' Vs t)



