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Generative Models:
Denoising Diffusion Probabilistic Models (DDPMs)
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Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.
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Figure copyright van der Oord et al., 2016. Reproduced with permission.
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Variational Autoencoders
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Variational Autoencoders

Putting it all together: maximizing the
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Denoising Diffusion Probabilistic
Models (DDPMs)

And Conditional Diffusion Models
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Stable Diffusion

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
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Landscape Highlights of Diffusion Models (Nov 2022)

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

basic

Srinciples - ® Noise-conditioned score network (NCSN; Yang & Ermon, 2019)
| |

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 | @ [Latent-space Diffusion (StableDiffusion; Rombach and Blattmann et al., 2022)

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

new

applications ™ ® 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

image from The “forward diffusion” process: noise V(0,1
dataset add Gaussian noise each step ’
Xo — X1 — —> X1—1 — XT

o000
o000
Xo «—— X1+ ——XT-1 «— XT

The “denoising diffusion” process:
generate an image from noise by
denoising the gaussian noises



Connection to VAEs
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Connection to VAEs

forward diffusion: encoding Xt denoising diffusion: decoding

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

Known / predefined: Unknown / learned:
q(x1.71%0)

T
poCror) = pCer) | [ po e 1)
t=1



Connection to VAEs

forward diffusion: encoding Xt denoising diffusion: decoding

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

Known / predefined: Unknown / learned:
q(x1.71%0)

T
poCror) = pCer) | [ po e 1)
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 V' (0,1) X1
\ | J

Known / predefined: Unknown / learned:
q(x1.71%0)

T
poCror) = pCer) | [ po e 1)
t=1



The Diffusion (Encoding) Process

The known forward process Xg — X1—
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The known forward process Xg —> X{—> ¢ — XT
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q(x1.7lx0) = 1_[ q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> ¢ — XT
T

q(x1.7lx0) = 1_[ q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1

CI(Xt|xt—1) = N (x¢; (1 = B)xe—1, Be]) Conditional Gaussian



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> ¢ — XT
T

q(x1.7lx0) = 1_[ q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1
q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

/

Notation: A Gaussian distribution “for” x;



The Diffusion (Encoding) Process

The knownforwajl:d process Xg —> X{——> o —> XT

q(x1.7lx0) = 1_[ q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1

q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

[ is the variance schedule at the diffusion step t



The Diffusion (Encoding) Process

The knownforwajl:d process Xg —> X{——> o —> XT

q(x1.7lx0) = q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1

q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

p; is the variance schedule at the diffusion step t

0< By <PBp<-:-<Br<1,typical value range [0.0001,0.02], with T = 1000



The Diffusion (Encoding) Process

The knownforwaqtd process Xg —> X{——> o —> XT

q(x1.7lx0) = q(x¢|x¢t—1)  Probability Chain Rule (Markov Chain)
t=1

q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

p; is the variance schedule at the diffusion step t

0< By <PBp<-:-<Br<1,typical value range [0.0001,0.02], with T = 1000

Xo —> X —> —> X171 — Xt




The Diffusion (Encoding) Process

The known forward process Xg —> X{—> ¢ — XT
T

q(x1.7lx0) = q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1

q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

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

q(xelxg) = N (x¢; \/C_(—txOr (1—a)l)

,wherea; = (1 — ), @, = H§=1 As



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> ¢ — XT
T

q(x1.7lx0) = q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1

q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

Nice property: samples from an arbitrary forward step are also Gaussian-distributed!
q(x¢|xo) = N (x; V @exo, (1 — ap)I)
~—

) Where ar = (1 - ﬁt)l C_Zt - H§=1 CZS Xo X1

Xt
.~
e



The Diffusion (Encoding) Process

The known forward process Xg —> X{—> ¢ — XT
T

q(x1.7lx0) = q(x¢|xt—1)  Probability Chain Rule (Markov Chain)
t=1

q(xelxe—1) = N (xe; (1 — Be)xe—1, f¢]) Conditional Gaussian

Nice property: samples from an arbitrary forward step are also Gaussian-distributed!
q(x¢|xo) = N (x; V @xo, (1 — @p)I)

Gaussian reparameterization trick (recall from VAEs!):

Xy = \/c_x_txo + /1 — a;e, e~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(xq.7|x0)

T
poCror) = pCer) | [ po e 1)
t=1



The Denoising (Decoding) Process

The learned denoising process X0 X1



The Denoising (Decoding) Process

The learned denoising process X0 X1 X
T

pe (xo.7) = p(xT) 1_[ pe(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1



The Denoising (Decoding) Process

The learned denoising process X0 X1 X
T

pe (xo.7) = p(xT) 1_[ pe(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1
po(xi_1l|x:) = N (xe—1; o (xs, t),Zg(x4,t))  Conditional Gaussian



The Denoising (Decoding) Process

The learned denoising process Xg «— X{+— oo +— XT

T
pe (xo.7) = p(xT) 1_[ po(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xp—q; 1o (x, 1), Zg(2)) Conditional Gaussian
™~

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



The Denoising (Decoding) Process

The learned denoising process Xg «— X{+— oo +— XT
T

pe (xo.7) = p(xT) po(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (x¢—1; 1o (x4, 1), Xg (t)) Conditional Gaussian
™~

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
Do (xe—1lxe) = N (x¢—1; Zq(t))



The Denoising (Decoding) Process
The learned denoising process Xg «— X{+— oo +— XT
Po(Xt-11x¢) = N (x¢—q; 1o (x4, t);zq(t))

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



The Denoising (Decoding) Process
The learned denoising process Xg «— X{+— oo +— XT
Po(Xt-11x¢) = N (x¢—q; 1o (x4, t);zq(t))

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

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



The Denoising (Decoding) Process

The learned denoising process X3 «— Xq «—
Po(Xt-11x¢) = N (x¢—q; 1o (x4, t);zq(t))

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

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

What does it look like? g(x,_1|x;, x0) = N (Xt—1; tq (0), Zq(t))
1
(xt — Le), e~N(0,1)

.Uq(t) = \/_a_t m



The Denoising (Decoding) Process

The learned denoising process X3 «— Xq «—
Po(Xt-11x¢) = N (x¢—q; 1o (x4, t);zq(t))

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

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

What does it look like? g(x,_1|x;, x0) = N (Xt—1; tq (0), Zq(t))
1

pq (t) =—<xt—Le ,
! v Ja—-a)

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

Recall: Gaussian
e~N(0,])« o .
(0,1) reparameterization trick



The Denoising (Decoding) Process

The learned denoising process Xg «— X{+— oo +— XT
Po(Xt-11x¢) = N (x¢—q; 1o (x4, t);zq(t))

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

The learning objective: argming Dy, (q(x:—1|x, X0) | |pg (Xe—11%¢))
What does it look like? q(x,_1|x,, xo) = N(Xt—ﬁuq(t),zq(ﬂ)
Assuming identical variance X, (t), we have:

argming Dy, (4 (o1 1%, %0)|[pg Cxe—1 %)) = argmingw] |1z, (£) — ey e, O]

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



The Denoising (Decoding) Process

The learned denoising process Xg «— X{+— oo +— XT

T
pe (xo.7) = p(xT) 1_[ po(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xp—q; 1o (x, 1), Zg(2)) Conditional Gaussian
™~

We know how to learn  Assume fixed / known variance



The Denoising (Decoding) Process

The learned denoising process Xg «— X{+— oo +— XT
T

pe (xo.7) = p(xT) po(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xp—q; 1o (x, 1), Zg(2)) Conditional Gaussian

We know how to learn  Assume fixed / known variance

xTN(O, I) XT-1 X0

Po(Xr—1lxT_2) Po(x1lx0) \ﬁ

Generate new images!

pG(lexT—l)‘




The Denoising (Decoding) Process

The learned denoising process Xg «— X{+— oo +— XT
T

pe (xo.7) = p(xT) po(xt—1lxt)  Probability Chain Rule (Markov Chain)
t=1
Po(Xe—1lxt) = N (xp—q; 1o (x, 1), Zg(2)) Conditional Gaussian
™~

We know how to learn  Assume fixed / known variance

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



Connection to VAEs

forward diffusion: encoding Xt denoising diffusion: decoding

X1 noise V' (0, 1) XT-1



Connection to VAEs

forward diffusion: encoding Xt denoising diffusion: decoding

X1 noise V' (0, 1) XT-1
|
Latent Variables




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

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, Sohl-Dickstein et al., 2015
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p(x|2)p(2)
lo x)=E, [log————|+D Z|x Z|x
p(X|Z)p(z) .
= E, [logw Evidence Lower Bound (ELBO)

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



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

p(x|2)p(2)
lo x)=E, [log————|+D Z|x Z|x
p(X|Z)p(z) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

_e |y p(xr) [1F-1 po(xs—1lx:)] «— reverse denoising
! ?:1 q(xelxe-1) <«— forward diffusion

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

= _Eq[DKL (q(lexO)“p(xT))] - zt:ZDKL (q(xe—1lxe, X0) |l (xe—1|x.)) + log pg (xo|x1)

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

= _Eq[DKL (q(lexO)“p(xT))] - thZDKL (q(xe—1lxe, X0) |l (xe—1|x.)) + log pg (xo|x1)

/A \

Easy to optimize / sometimes omitted

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xq.T

—E [1 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

= _Eq[DKL(q(xT|x0)||p(xT))] - Dy (q(xe—1|xe, x0) [ |Pg (xp—11x¢)) |+ log Do (x01x1)

t=2

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

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

X =Xo, Z =Xy

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

= _Eq[DKL(q(xT|x0)||p(xT))] - ztzzDKL(q(xt_llxt'xO)

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

llpe (xe—11x:)) + log pg (xolx1)



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

= —Eq[Dxs (q(lexO)“p(xT))] - thZDKL(q(xt—llxti xo)|1Pe (xe—11x¢)) + log pg (xo]x1)

q(xe_1lxe) = q(x¢_1|x¢, x9) (markov assumption)
_a(xe|xe—1, X0)a(xe-11%o)
N q(x¢)xo)
_ N(xt;\/a_txt—l:ﬁtI)N(xt—l;\/Ext—lr(l_at—l)l)
B N (xefarxo,(1—ae_I)
Ar(1—ar—q)xe+ /a1 (1—ap)x
o N<xt_1; Var(1-a; 1)1;/{[_?( t) O,Zq(t)>

(Bayes rule)

(Property of Gaussian)

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

X =Xo, Z =Xy

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

= _Eq[DKL(q(xT|x0)||p(xT))] - thZDKL(q(xt—llxtixO)

llpe (xe—11x:)) + log pg (xolx1)

" (t)=i<xt—Le>,
T V@ Ja-a)

q(xe—1lxe,x0) =N (xt—l;.uq(t)'zq(t))

Proof using bayes rule and
e~N(0,1) gaussian reparameterization trick

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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xg, Z=Xi.T

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

= —Eq[Dxs (q(lexO)“p(xT))] - thZDKL(q(xt—llxti xo)|1Pe (xe—11x¢)) + log pg (xo]x1)

1

q(xe—1lxe,x0) =N (xt—l;.uq(t)'zq(t))

e~N(0,1)

u (t)=—<xt—Le ,
! V& \/(1_‘71&)
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



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

p(x|z)p(2)
lo x) =E, |log————|+ D Z|x Z|x
p(X|Z)p(2) .
= E, [logw Evidence Lower Bound (ELBO)

p(Xo|X1.7)p(x1:7)
q(x1.7|%0)

logp(xy) = E4 [log X =Xy, Z=Xy.T

—E [10 p(xr) [Ti=1 po (xe—11%¢)
! t=19(Xe]xe—1)

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

= _Eq[DKL(q(xT|x0)||p(xT))] T Dy, (q(xe—11xe, x0) | I1pg (xe—11x)) + log pg (xolx1)

t=2

Minimize the difference of distribution means (assuming identical variance)

argmingw||pg (t) — pg (x¢, ||

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



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
po (o) = p(xr) ]_[ po (e 1)
po(xi_1]|x;:) = N(xt_l, Lo (x:, t), Z(t)) Conditional Gaussian

Learning objective: argming||ug (t) — g (x¢, t)||

1/ B B
,uq(t)—\/a_t<xt mé), e~N(0,1)



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
T
poCron) = pCen) | [ poCeeoalo)
t=1
po(xe_1lxt) = N (xp—q; 1o (xs, 1), Z(t)) Conditional Gaussian

Learning objective: argming||ug (t) — g (x¢, t)||

Uy (t) = i (xt — i e), e~N(0,1)
! Var (1-ap)

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



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
T
poCron) = pCen) | [ poCeeoalo)
t=1
po(xe_11x:) = N (x¢—q; o (xs, t), Z(t)) Conditional Gaussian

Learning objective: argming||ug (t) — g (x¢, t)||

1 B
Hq(t) =\/—a—t<xt—(1—_tc_¥t)€>; e~N(0,1)

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



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
T
poCron) = pCen) | [ poCeeoalo)
t=1
po(xe_11x:) = N (x¢—q; o (xs, t), Z(t)) Conditional Gaussian

Learning objective: argming||ug (t) — g (x¢, t)||

1 B
Hq(t) =\/—a—t<xt—(1—_tc_¥t)€>; e~N(0,1)

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

Idea: just learn € with € (x, t)!



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
po (o) = p(xr) ]_[pem 1)
po(xi_1]|x;:) = N(xt_l, tg(xs, t),2(t)) Conditional Gaussian

Simplified learning objective: argming||e — €9 (x;, t)|]



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
T
poCron) = pCen) | [ poCeeoalo)
t=1
po(xe_11x:) = N (x¢—q; o (xs, t), Z(t)) Conditional Gaussian

Simplified learning objective: argming||e — €9 (x;, t)|]

Recall: the simplified t-step forward sample:
thwzﬁtxo+ 1_C_Zt6



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
T
poCron) = pCen) | [ poCeeoalo)
t=1
o (xi_1lxt) = N (xp_q; g (xs, t), 2(t)) Conditional Gaussian

Simplified learning objective: argming||e — €g (J&txo + /1 — a;e, t)||

Recall: the simplified t-step forward sample:
thwzc_ltxo-l- 1_C_Zt€



Learning the Denoising Process

The learned denoising process Xg «— X{+— oo +— XT
T

poCron) = pCen) | [ poCeeoalo)
t=1

Po(Xe—11xe) = N (xe—q1; tg (X, t), (L)) Conditional Gaussian

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

o _ 1 Bt
Inference time: ug (x;,t) = \/a_t<xt mfe (x, t)>



The Denoising Diffusion Algorithm

Algorithm 1 Training

1: repeat

2: x0 ~ q(x0)

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

4: €~ N(0,I)

5: Take gradient descent step on

Vo ||e — €0 (v/@rxo + VI — are, t)|”

6: until converged

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



The Denoising Diffusion Algorithm

Algorithm 1 Training | Algorithm 2 Sampling
1: repeat 1: xr ~N(0,1)
2: x0~q(x0) 2: fort="T,...,1do
i- t~ %1(1301;)’“({1, .5 T}) 3 z~N(0,I)ift >1,elsez =0
€~ A .
5: Take gradient descent step on 4 X1 = \/%7 Xt — \}ﬁeﬂ(xt, t)) + otz
Vo ||e — eo(varxo + V1 — aze, t)“2 5: end for
6: return xg

6: until converged

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



The Denoising Diffusion Algorithm

Algorithm 1 Training | Algorithm 2 Sampling
1 repeat 1: x7 ~N(0,1)
2t xo ~ q(xo) 2 fort =T,...,1do
31 b %1(130?;1({1, o T 3. z~N(0,I)ift >1,elsez =0
. ENV 5 —a
5: Take gradient descent step on 4| X1 = \/% Xt — \}ﬁeg(xt,t)) + oz
Vo ||e — €0 (v/@rxo + VI — are, t)|” 5: end for
6: until converged 6: return xo

po(xe—1lxt) = N (xp—1; ue(xe, t), X(t))

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



Visualizing the Diffusion Process on 2D data

t=0 t=1 =T
2 - 2 T 2 ,
The forward trajectory & - ¥
o -
q(XO:T) 0 1 0 1 0 y 4 X W o
it i
=2 =2 -2
=2 0 2 -2 0 2 -2 0 2
2 2 2
The reverse trajectory 1 %
po(Xo:7) 0 1 of: e | of Vias ]
s ;
-2 -2 L =2 "
-2 0 2 -2 0 2 -2 0 2

The drifting term
Ko (Xt,t) — X

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 !
€g (xti Vs t)



Conditional Diffusion Models

Conditional

Diffusion

An astronaut riding
a horse in a
photorealistic style

Simple idea: just condition the model on some text labels !

€ (xti Vs t)
Problem: Very blurry generation



Classifier-guided Diffusion

\ Conditional
An astronaut riding /
a horse in a

photorealistic style

Diffusion

Better idea: use the gradients from a image captioning model f,, (y|x;) to
guide the diffusion process!

eTQ (xtl t) — 69 (xtr t) Y/ 1- &tvxtlogf(p (ylxt)

Dhariwal & Nichol, 2021



Classifier-guided Diffusion

\ Conditional
An astronaut riding /
a horse in a

photorealistic style

Diffusion

Better idea: use the gradients from a image captioning model f,, (y|x;) to
guide the diffusion process!

eTQ (xtl t) — 69 (xtr t) Y/ 1- &tvxtlogf(p (ylxt)
Problem: need a classifier

Dhariwal & Nichol, 2021



Classifier-free Guided Diffusion

\ Conditional
An astronaut riding /
a horse in a

photorealistic style

Diffusion

Classifier-free Guided Diffusion: estimate the gradient of the classifier
model with conditional diffusion models!

1
Vi logf,(vlx:) = _\/T_ﬁ
t

(69 (xtr t, y) — €y (xt; t))

Ho and Salimans, 2022



Classifier-free Guided Diffusion

\ Conditional
An astronaut riding /
a horse in a

photorealistic style

Diffusion

Classifier-free Guided Diffusion: estimate the gradient of the classifier
model with conditional diffusion models!

1
Vi logf,(vlx:) = _\/T_ﬁ
t

679 (xt; L, y) = (W + 1)69 (Xt, ¢, y) — WE€g (xtr t)

(69 (xtr t, y) — €y (xt; t))

Ho and Salimans, 2022



Latent-space Diffusion

Problem: Hard to learn diffusion process on high-resolution images

Solution: learn a low-dimensional latent space using a ViT-based autoencoder
and do diffusion on the latent space!

real/fake
flr|f]|r

Transformer

p(s):Hzp(sl|s<l)-IIIlIIIl i1 flrls

PrE— o r r
=1

e
C T

Si

hi
S<i

argmin,cz |2 — z]|
_
quantization

The latent space autoencoder

Esser and Rombach et al., 2021



“StableDiffusion”

Latent Space

_ |

- Diffusion Process

Pixel Space

Denoising U-Net €y R

2T

<T

6onditionina|
emanti
I Ma; |
Text

Repres
entations

Q
KV

denoising step crossattention

Rombach and Blattmann et al., 2022

switch

skip connection concat




“StableDiffusion”

Layout-Conditional Generation
Rombach and Blattmann et al., 2022



“StableDiffusion”

Segmentation-Conditional Generation

Rombach and Blattmann et al., 2022



“StableDiffusion”

Inpainting

Rombach and Blattmann et al., 2022



Beyond Image Generation

https://dreamfusion3d.github.io/



Beyond Image Generation

https://ai.facebook.com/blog/generative-ai-text-to-video/



Beyond Image Generation

https://ai.facebook.com/blog/generative-ai-text-to-video/



Additional resources / tutorials

e Overview of the research landscape: \What are Diffusion Models?
e More math! Understanding Diffusion Models: A Unified Perspective
e Tutorial with hands-on example: The Annotated Diffusion Model

e Nice introduction video: \What are Diffusion Models?

e CVPR Tutorial: Denoising Diffusion-based Generative Modeling:
Foundations and Applications



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://calvinyluo.com/2022/08/26/diffusion-tutorial.html
https://huggingface.co/blog/annotated-diffusion
https://www.youtube.com/watch?v=fbLgFrlTnGU
https://cvpr2022-tutorial-diffusion-models.github.io/

Summary

e Denoising Diffusion model is a type of generative model that learns the
process of “denoising” a known noise source (Gaussian).

e \We can construct a learning problem by deriving the evidence lower
bound (ELBO) of the denoising process.

e The learning objective is to minimize the KL divergence between the
“ground truth” and the learned denoising distribution.

e A simplified learning objective is to estimate the noise of the forward
diffusion process.

e The diffusion process can be guided to generate targeted samples.
e Can be applied to many different domains. Same underlying principle.
e \ery hot topic!



Next time: Guest Lecture on Large Language Models (LLMs)!

“The Practicalities of Building Large
Language Models”

Zoom only (no in-person lecture)

Siddharth Karamcheti
Stanford University



