EECE 576L

Advanced Topics in Deep Learning
Lecture 5: Diffusion Models

Felix Fu, Qi Yan, Renjie Liao

University of British Columbia
2026/27 Winter Session, Term 1 (Fall 2026)



Outline

Denoising Diffusion Probabilistic Models (DDPMs)

Forward Process
Reverse Process

ELBO

Noise vs Data Prediction

Inference

Other Diffusion Models
Score Matching & Score-based Models
Score SDEs



Generative models

. Learning to generate data.

Train

Samples from a Data Distribution Neural Network

Sample

Image credit: [1]



Generative models

GAN: Adversarial XI . Discriminator z Generator N x’
training D(x) G(z)
VAE: maximize N Encoder - Decoder Ly
variational lower bound Q¢(Z|X) PO(X|Z)
Flow-based models: invertible
transformations of distributions
- S S R 2 e - - _— | -
X0 X1 Xo X7T_1| |X7| |[XT-1| |X2 X1 X0
-« ~— +— — + -

Diffusion models: gradually

This lecture:| add Gaussian noise and then
reverse it

Image credit: [2]




= 2021

Al Artworks

Stable Diffusion

Image credit: [3]



= 2022

Al Artworks

Midjourney

Image credit: [14]



= 2024

A fast-involving field

Video credit: [15] ’



A fast-involving field

¢ @ nDiffusion Effect ¢

"
Mercury Coder

Try our first commercial-grade diffusion LLM

How can | help you code?

Implement the game Snake
in HTMLS

Write a detailed guide

to object oriented programming

Make atool in HTML5, CSS and Javascript

where a user can pick up a block and drop it

By using Mercury Coder, you agree to our Terms of Service and have read our Privacy Policy.

Powered by Lambda

Mercury Coder
Video credit: [16]




= 2015

Motivations

Probabilistic models suffer from a trade-off:
Some models are tractable but not flexible. (e.g. Laplace, Gaussian distributions)

Some models are flexible but not tractable. (e.g. energy-based models)

We build a generative Markov Chain (Markov Process) that
converts a simple distribution into a target distribution.
has an analytical transition kernel between two intermediate states.

based on non-equilibrium statistical physics.



= 2015

Motivations

A defined forward process that transforms data to noise (more tractable).
A learned reverse process that transforms noise to data (more flexible).

Forward

Reverse

12



= 2015

Motivations

A defined forward process that transforms data to noise (more tractable).
2. A learned reverse process that transforms noise to data (more flexible).

Forward

Reverse
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Denoising Diffusion Probabilistic Models

Denoising diffusion models consist of two processes:
Forward diffusion process that gradually adds noise to input data.

Reverse denoising process that learns to generate data by denoising.

Forward diffusion process (fixed)

-

Po(x;— 1|xf
voe @) = — @) —— @) — - Hﬂ
oise
xt|xt 1)

Reverse denoising process (generative)

Data

= 2020
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Forward Process

. Given real data distribution x, ~ ¢(x), We gradually adding Gaussian noise
according to a schedule {3, < (0,117, .

T
q(Xt | x¢—1) = N (x5 /1 = Bexi—1, Bi]) g(xrr [ x0) = [ [ alxt | xe-1)
t=1
Forward diffusion process (fixed)
Data Noise

o A A A A A

16

Image credit: [1]



Forward Process

Forward diffusion process (fixed)

Data Noise

X, X, X3 X, Xt

q(x¢ | X0) = N (%45 vV/@rxo, (1 — a)I)

e The forward process allows sampling of x; at arbitrary timestep ¢ in

tractable, closed form:
t

x; =vVaxo+vV1—are,  e~N@OI) a=[[0-8) at1l-p

s=1

e The noise schedule 1s designed such that g(xr | %0) ~ N (x50, T)

Image credit: [1] v



Forward Process

Change of variable.

We want to sample x, ~ q(x; | xo) based on noise and data in one pass.

Xt = \V/OtXt—1 1+ V 1 — o€y €t—1,€t—2," " N(O7I)

= Jopop_1Xi—o + \/1 — vy 1€4_o  Where €;_o merges two (Gaussians.

= VouXo + V1 — o€

q(x¢ | X0) = N (%45 v/@rxo, (1 — a)I)

19



Noise Schedule

109 5

10—1 .

10*2 4

— Bt
— Ot

-3 4
1073 4 a

— Va;

— Vi-a

f T T T 1074 T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000

Figure 2: Parameter values for 8 = [10~%,0.02] over 1000 time steps t using a linear schedule. The
information in the two figures are the same, but the right-hand side uses log-scale on the y-axis to
show the speed of which a; goes towards zero.

Ref: [9]
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Reverse Process

How to generate data?

Sample x7 ~ N (x7;0,1)
Iteratively sample from the reversed Markov chain X;_ 1 ~ q(Xt_l ‘ Xt)

But ¢(x;_1 | x¢) 1s unknown and intractable!

Luckily, if we condition on the data, we arrive at something tractable ¢(x;_; | x4, x0)

That 1s to say, we have a closed-form posterior distribution as the target. Yay!

Q(Xt—1 ’ Xt7XO) =N (Xt—l;ﬁt(xt,xo)75t1>

- /Oy v1-— 1 —ay_ ~ 1 — oy
where Nt(Xt7XO) = o iﬁtxo—i‘ ﬁt( - o 1>Xt and [ = &i :
1—(){t 1—Oft ]_—O[t

B

[\
[\



Reverse Process

q(z)) q(z;) q(z5) ‘I(xs) (1(554)
Diffused |
Data Distribution oy
>
B @ B 'S S G
A

- -
- -
-
-~ -

True Denoising ® ;

Distribution

q(y|z5=X)

Complex distribution!

Image credit: [22]



Reverse Process

Image credit: [22]

Diffused
Data Distribution

True Denoising
Distribution

q(x)) q(z;) q(z5) q(z;) ‘1(374)
_ o
—
° ® ® ® ® ® > t
_ e
g
(7| z;=X)
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Reverse Process

Image credit: [22]

Diffused
Data Distribution

True Denoising
Distribution

q() q(z;) q(z5) q(z;) 4(374) q(;)
=
—
O O B & O B
e s e
q(s|z5=X)

25



Reverse Process

Image credit: [22]

Diffused
Data Distribution

True Denoising
Distribution

q() q(z)) q(z,) q(z) CI(%)
——
° ® @ *— @ —e
q(zs|z5=X)

26



Reverse Process

Image credit: [22]

Diffused
Data Distribution

True Denoising
Distribution

q() q(z,) q(x,) q(zs) 4(174)
——
O O O O O ~ O
)
Q(m4|$5:X)

Simple distribution ©

27



Reverse Process

We predict the mean and covariance of added Gaussian noise.

p(xr) = N(x7;0,1)

T
po(Xo0.7) = p(XT) Hpe(Xt—l | xt)
po(Xi—1 | X¢) = N (x¢—1; pho(Xe, 1), Bp(Xe, t=1

_ Reverse denoising process (generative)

S

Data Noise

28

Image credit: [1]
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ELBO

. Connection with Variational Autoencoders

pxz) z | x z | x
2] 4 D ol |20 ol | )

Po(x | Z)p(Z)]

q¢(z | x)

log p(x) = Eg, (z1x) |log

> K log

90 (z|x)

= Eq,(z1x) log po(x | 2)] + Eq, (21x) llog %]
= Eqyap [logpo (x | 2)] = Dkt (9(2 | %) || 2(2))

Vo . Vo K
Reconstruction Prior Matching

30



ELBO

. Connection with Variational Autoencoders

log p(x0) = log / p(Xour) dX1or

log p(x) = Eq s |log L) ]wm (g6(2 | %) || po(2 | %)) o, [ PO0T) alxur [ x0)
| qp(z [ %) g 1:T
po(x | 2)p(2) 1 | x0)
> By, (a1 |l0g ] X0
7o (2 q9(2 | x) = 1OgECI(X1:T|xo) [ o
p(z) Q(XlzT | XO)_
=K, (z1x) logpe(x | 2)| + E, (21x [log ] 7
as(ai) (08 2o (x | 2)] 26(2p9) qs(z | x) > Eg(xy.r|x0) |108 P(Xo:x)
= Ey, (o) 108 po(x | 2)] = Dict. (45(2 | x) || p(2)) gt [ Xo)
Reconstruction Prior 1\7[rEItChing p(XT) Hle yo) (Xt—l | Xt)
= Eq(x1.r1x0) [108 T
| Ht:1 Q(Xt | Xt—l)

31



ELBO

. Connection with Variational Autoencoders

' log p(xo) = log / p(xo.7) dX1.1

[ p(x,2) - < | >
] =E : : :
ng(X) RCES _log Q¢(Z | X)] + Dx1, <Q¢(Z ‘ |’p9@| X)): _ 10g/ p(XO.T) q\X1.T | X0 Xm:T
' q(x1.7 | X0)
> By, ) logpe(x | Z)p(z)] (x0:7)
= Dg4(z|x Q¢(Z ‘ X) _ 10gE | P\Xo.T
q(x1:7|%0) (x1.7 | X0)
=E logpe(x | z)] + E lo p(z) e :
a4 (zlx) 108 Do a0 (b |08 T > By r oy |108 p(Xo.7)
= Lg(x1.7|x
= Ey,(upo llog po(x | 2)] = Dict. (a6(2 | x) || p(2)) L T abaur [xo).
Vo - ™~ . v . d ! i T
Reconstruction Prior Matching i ) 1 p(XT) Htsl Po (Xt—l | Xt)
= Bg(x1.7|x0) |108 T
i Ht:1 Q(Xt | Xt—1>

VAE Diffusion



ELBO

. Connection with Variational Autoencoders

' log p(xo) = log / p(xo.7) dX1.1

[ X, Z ) SR : -
08 2(0) = By e (108 22|+ D a2 15 [ 0 2] ) g [ PSTOTRD iy,
_ pd)(x | z)p(z) : 1By | %0) |
0
> Eq,(zx) (108 (z | x) ] . p(xo0.7)
) — 1Og I['Eq(x1::r|><10)
p(z) Q(XlzT | XO)_
= Bgy(apo) logpo(x [ 2)] + Egy (ap) llog (z x)] p(xo.7) |
d¢ »> ]EQ(Xl:Tlxo) log ( | )
— B,y D059 3¢ | 2)] ~ Dics, (a(z | %) | p(2) - gl [%0)
Reconstruction Prior 1\7[:1tching i K 1 p(XT) Hfsl Po (Xt—l | Xt)
= Lg(x1.7|x0) 108 T
i [1—q a(xe | x¢-1)

VAE | Diffusion
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ELBO

[ T
p(xr) | [;=; Po(xe—1 | X¢)
log p(x0) > Eq(xy.1/x0) |108 A
thl q(x¢ | x¢—1)
po(Xt—1]%¢) ithmi

— E . lo X7) + lo Logarithmic rules

q(x1:7|x%0) gp( T) ; & C](Xt|Xt—1)
= log p(xr) + ) log PoXy-1xe) g(xe1) Bayes”rule

q(x1:7|%0) = C_I(Xt—l‘xt) q(xt)
— EQ(X1~T|XO) p 9 Xt 1|Xt) + log Q(XO) Telescoping products

| t>1 q(xe-1/x)

Intractable!



ELBO

Rao-blackwellization

Xt|Xt 1) 1 Q(X1|Xo)}

E, . [1 }>E . [1 1
a(x0) | 108 P (%0) a(xor) | 108 Po(XT) Z %8 po(x1_1]xr) pa(Xo|x1)

q(x¢— 1\Xt,X0) Q(Xt|xo) Q(X1|X0)

=E lo X log ( : ) —lo —} Bayes’ rule

11 gpe T Z pe Xt— 1|Xt> Q(Xt—1|xo) pG(X0|X1) Y

Xt 1|Xt,X0 Xt|X0 q(xllxo) . .

=K lo X log log —lo —] Logarithmic rules

71 8Po(x7) Z po(X¢—1|x¢) Z q(X¢—1]Xo0) gpe(X0|X1) 8
=K logpg X7) Zlo Xt 1xt,Xo) _ logM —1 M] Tel I duct

I Po(Xi—1]X¢) q(x1[x0) Po(Xo|x1) CIeSCOpIng procuets

[ po(XT) Xt 1]X¢,X0)
log log
xT|x0 Z Po(Xt—1]%¢)
T
log po(x0) = — Dxr(q(x7[x0) || po(x1)) ZEq(xt|xo)[pKL( (x¢—1(%¢,%0) || Po(xe—1]x¢))] = Eq(x, x0) [ l0g po(x0[%1)]

Prior Matching (LT) Prior Matching (Lt—l) Reconstruction (LO)

+ log po(xofx1)]
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Parameterizing DDPM

KL divergence has a simple form between Gaussians.

1

2
557 ~ g D)2 +C

Li—1 =Dkr (¢(x¢—1 | X¢,%0) || po(xi—1 | x¢)) = E



Parameterizing DDPM

KL divergence has a simple form between Gaussians.

1

2
557 ~ g D)2 +C

Li—1 =Dkr (¢(x¢—1 | X¢,%0) || po(xi—1 | x¢)) = E

Recall the re-parameterization of the forward process x, = va;xo + vI— aze,

e ~ N(0,I)
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Parameterizing DDPM

KL divergence has a simple form between Gaussians.

1

2
557 ~ g D)2 +C

Li—1 =Dkr (¢(x¢—1 | X¢,%0) || po(xi—1 | x¢)) = E

Recall the re-parameterization of the forward process x, = va;xo + vI— aze,

Trainable network predicts the noise mean.

e ~ N(0,I)



Parameterizing DDPM

KL divergence has a simple form between Gaussians.

1

2
557 ~ g D)2 +C

Li—1 =Dkr (¢(x¢—1 | X¢,%0) || po(xi—1 | x¢)) = E

Recall the re-parameterization of the forward process x, = va;xo + vI— aze, e ~ N(0,1)

Trainable network predicts the noise mean.

1 b ;
I’L@(XHXO) — m (Xt _ MGQ(XU )>

40



Parameterizing DDPM

KL divergence has a simple form between Gaussians.

1

Li—1 = Dxr (¢(xe-1 | X4, %0) || po(xe-1 | X¢)) = Eg | 5 |
t

Recall the re-parameterization of the forward process x, = va;xo + vI— aze,

Trainable network predicts the noise mean.

o B
MQ(Xtﬁ XO) - \/1_7575 (Xt \/1—70_47569(Xt7 t))
Final objective:
2

202(1 — B¢)(1 — ay)

Lt_l — EXONQ(XO)> €NN(OaI)

— €y <\/oztx0 +v1—ae, t

Xt

|

o

— po(xe,1)|*|+C

+C

e ~ N(0,I)

41



Simplified Training Objective

Lt_l — EXONQ(XO)a GNN(OaI)

+C



Simplified Training Objective

2
t le — €0 (x4, 1)]]

Lt_l — EXONQ(XO)a GNN(OaI)

A+ adjusts the weights for correct maximum likelihood estimation.

+C



Simplified Training Objective

Lt_l — EXONQ(XO)a GNN(OaI)

A+ adjusts the weights for correct maximum likelihood estimation.

: le — €0 (xi, 1) | +C

In DDPM, the training objective gets simplified to:

Lsimple

. 2
Brcorea(o), N (0.1), -1 T) | 1€ — €0 (51, 1)]?]



Ref: [5]

Training and Inference

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xr ~N(0,1)
2: %o ~ q(Xo) 2: fort=T,...,1do
3t~ Uniform({1,...,T}) 3: 2~ N(0,I)ift > 1,elsez =0
4: €~ N(0,I) ; —
5: Take gradient descent step on 4| Xt-1 = = (xt — ﬁeg(xt, t)) 1 Otz
Vo ||e — e(\/d_txo ++1-— &te,@|2 5: end for
6: until converged 6: return xo

45



Generated Samples

Image credit: [5]

B bed | LT
b e e o L
s el 8 5 O O
'Wl.h‘ﬂl

T=ECa"[ M
Pl O
Fai e v WD
= 5, R
| A < B
IR B PP
AN |

Figure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)

46



Outline

Denoising Diffusion Probabilistic Models (DDPMs)

Forward Process

Reverse Process

ELBO

Noise vs Data Prediction

Inference

Other Diffusion Models
Score Matching & Score-based Models
Score SDEs



Noise vs Data Prediction

DDPM noise estimation loss:
Lsimple — Exo,e,t ||€ — €9 (Xt7 t)”z}

i — 2
Xt — v/ X
: f ° —GQ(Xt, t)
\/1 — (Ot

— EXO7€7t



Noise vs Data Prediction

DDPM noise estimation loss:

Lsimple — Exo,e,t ||€ — €9 (Xt7 t)”z}

Xt — \/O_ét X0

— EX@,G,t

V-
Recall the forward process:
Xt = Varxo + V1 — ay €,
_ Xt — \/54_1& X0
VI—a

€

— €y (Xt7 t)

e ~ N(0,1)

7



Noise vs Data Prediction

DDPM noise estimation loss:

Lsimple — Exo,e,t

— EXO7€7t

Recall the forward process:

e~ eo (xi, )]

— €p (X4, T
=& el

i - 2
Xt — VOt Xp ]

Xt:\/C_VtXO—I—\/l—@tE, GNN(O,I)
el XtV Qi X
2(1 — Q..
Let’s use x0 centered parameterization:
Dy(x¢,t) ~ X
€y — Xt — Qs Dg(x¢,1)

v1—ay



Ref: [5]

Noise vs Data Prediction

DDPM data estimation loss:
Lsimple — Exo,e,t HE — €9 (Xt7 t)HZ}
B — 2
— Exo,e,t =t Oéf =0 — €9 (Xt7 t) ]
AV 1— (87
X+ — v/ Q¢ X0 Xt — /Oy D@ (Xt, t)

:Exe
VI VI—a

2]
Lo = Exg e !DHXO = Dy (x, )|
Here, we show a simplified objective. See more discussion in [5].
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Inference: guided conditional generation

. Goal: generation with conditions (controllability)

........

). / — *”;. g =
Unconditional generation

Image credit: [6]
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Inference: guided conditional generation

. Goal: generation with conditions (controllability)

’A street sign that reads ’A zombie in the "An image of an animal "An illustration of a slightly

“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’ conscious neural network’

Input human pose Default

Text-to-Image generation Visual cue-based generation

Image credit: [7, §] o



Inference: guided conditional generation

. Naive approach: explicit training using the data-condition pairs (x,y)
. Generative modeling objective:

(x| y)

through denoiser network:

€o (Xt7 ta Y)



Inference: guided conditional generation

Naive approach: explicit training using the data-condition pairs (x,y)
Generative modeling objective:

(x| y)

through denoiser network:

€o (Xt7 ta Y)
Caveats:

Data scarcity: what if one condition appears rarely in the dataset?

Flexibility: control “strength” of conditioning?



Inference: classifier guidance

. Can we steer the generation controllably using another neural net?
. Bayes’ rule:
Q(Xt)Q(y|Xt)

q(y)

logq(x¢|y) =  logq(x;)+  logq(y|x:) —  logq(y)

q(x¢ly) =

Ref: [9]



Inference: classifier guidance

. Can we steer the generation controllably using another neural net?

. Bayes’ rule:

q(xt|y) =
q(y)
log q(x¢[y) = logq(xe)|+  logq(ylx) —  logq(y)
Cond. Uncond. distribution Classifier objective

distribution

Ref: [9]



Ref: [9]

Inference: classifier guidance

Can we steer the generation controllably using another neural net?

Bayes’ rule:
q(xt)q(y|x¢)
q(xt|y) =
q(y)
logq(x¢|y) = logq(xe)|+  logg(ylxe) —  logq(y)
C.on(.:l. . Uncond. distribution Classifier objective
Take g%lﬁgll%lﬁ PW.r.t. data:
Vi, log q(xt|y) = Vx, log q(xt) + Vx, log q(y[x:) — Vi logq(y)

vXt log Q(Xt|y) — VXt 1Og Q(Xt) -+ vXt lOg Q(y’Xt)

59



If x ~N(p,0?I),then Vylogq(x) = VX(

Ref: [10]

Inference: classifier guidance

Some background on score function:
s(x) = Vxlog q(x)
Think about gradient ascent

Gaussian distribution score function:




Inference: classifier guidance

Some background on score function:
s(x) = Vxlog q(x)
Think about gradient ascent

Gaussian distribution score function:

1 X — W

If x ~N(p,0?I),then Vylogq(x) = VX( —(x — p,)Q) = — =

202 o2

Denoising score matching (DSM) [10]:

q(xt[x0) ~ N (Vaixo, (1 — a)I)

vxt lOg Q(Xt) — Eq(xo)q(x,ghco) [vXt log q(Xt | XO)]
€o (Xt7 t)

V31— oy

Ny ___
a4

Ref: [10]



Inference: classifier guidance

Can we steer the generation controllably using another neural net?
Putting things together:
vxt log q(Xt|y) — vxt log q(Xt) - vxt log Q(y‘xt)

First term:

€9 (Xt7 t)

V13— oy

vxt lOg Q(Xt) ~ —
Second term:

Vx, log q(y|x:) = Vi, log fy(y|x:)
Gradient of a classifier



Inference: classifier guidance

. Can we steer the generation controllably using another neural net?

. Classifier guidance:

Vi, log q(xt|y) = Vx, log q(xt) + Vx, log q(y|x:)

1
1 T
- \/1_76%(69(}%715) —V1- @tvxt log f¢(y|xt))

. Modified denoising process:

€o(x¢,t) = €9(x¢,t) — V1 — ap wVx, log fo(y|x:)

Ref: [9]



Inference: classifier guidance

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (ug(z¢), Xo(x;)), classi-
fier f,(y|z:), and gradient scale s.

Input: class label y, gradient scale s
x7 < sample from N(0,I)
for all £t from 7 to 1 do
p, X 4= po(zt), Xo(zt)
z;—1 < sample from N (u + sX Vg, log fs (y|z+), X)
end for
return x

Image credit: [9]
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Inference: classifier-free guidance

. Drawbacks of classifier guidance

€o(xt,t) = €g(x¢,t) — V1 — ay wVy, log [y (y|x:)
. Classifier must be separately trained, but it 1s usually not trained on the noisy data.

. Computing gradient in the denoising process is slow.



Inference: classifier-free guidance

. Drawbacks of classifier guidance

€o(xt,t) = €g(x¢,t) — V1 — ay wVy, log [y (y|x:)

. Classifier must be separately trained, but it 1s usually not trained on the noisy data.

Computing gradient in the denoising process is slow.

. Classifier-free guidance (CFG) uses a single neural net for both purposes.

Unconditional: Vg, logq(x;) = —
t VI—ay

Conditional: Vy, logq(x¢|ly) = —
t VI—ay

Ref: [11]



Inference: classifier-free guidance

. Drawbacks of classifier guidance

€o(xt,t) = €g(x¢,t) — V1 — ay wVy, log [y (y|x:)

. Classifier must be separately trained, but it 1s usually not trained on the noisy data.

Computing gradient in the denoising process is slow.

. Classifier-free guidance (CFG) uses a single neural net for both purposes.

vxt lng(y|Xt) — vXt logp(xtly) T vxt logp(xt)

1
= (EQ(Xt,t,y) _ EQ(Xtatay — Q))
1 — (¢

€g(xt,t,y) = €9(X¢,t,y) — V1 — ap wVy, log p(y|x¢)
= €9(x¢, t,y) + w(eo(xe,t,y) — €a(x¢, 1))
= (w+ 1)eg(x¢,t,y) — wep(Xy, t)

Ref: [11]



Inference: classifier-free guidance

. Drawbacks of classifier guidance

€o(x¢t,t) =l€g(x¢s,t) — V1 — ay wVy, log [y (y|x¢)

. Classifier must be separately trained, but it 1s usually not trained on the noisy data.

Computing gradient in the denoising process is slow.

. Classifier-free guidance (CFG) uses a single neural net for both purposes.

vxt lng(y|Xt) — vXt 10gp<Xt|y) T vxt logp(xt)

1
— (EQ(Xt,t,y) T Ee(Xt7t7 Y= @))
1 — (¢

€0(x¢t,t,y) = €9(x¢,t,y) — V1 — ar wVx, log p(y|x:) |
= €p(x¢,t,y) + wl(€g(xe, 8, y) — €a(x, 1)) > Guidance scale
= (w+ 1)eg(x¢,t,y) — wep(Xy, t)

69
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Inference: classifier-free guidance

Image credit: [11]

Algorithm 1 Joint training a diffusion model with classifier-free guidance

Require: puncond: probability of unconditional training

1: repeat

2: (x,c) ~ p(x,c) > Sample data with conditioning from the dataset
3 c < @ with probability pyncond > Randomly discard conditioning to train unconditionally
4 A~ p(N) > Sample log SNR value
5  e~N(0,I)

6: Z) = Q)X + O)\€ > Corrupt data to the sampled log SNR value
7: Take gradient step on V ||€g(za, ) — €| > Optimization of denoising model
8: until converged

Algorithm 2 Conditional sampling with classifier-free guidance

Require: w: guidance strength
Require: c: conditioning information for conditional sampling
Require: )\i,...,Ar: increasing log SNR sequence with A1 = Apin, A7 = Amax
1: 21 ~ N (O, I)
2:. fort=1,...,T do
> Form the classifier-free guided score at log SNR \;

3: € = (1 + w)eg(z¢, c) — weg(z)
> Sampling step (could be replaced by another sampler, e.g. DDIM)
4. )Nit = (Zt—O')\tét)/Ol)\t
5: Ziyq N(ﬂ’)\t+1|)\t (Zt, )~(t), (&§t+1|)\t)l_v(0-§\t|>\t+1)v) if t < T else Ziy1 — it
6: end for

7: return zr
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Inference: DDIM

. Sampling for-loop is slow.

Algorithm 2 Sampling
l: xp ~ N(O,I)
2: fort=1T,...,1do
3: z~N(0,I)ift > 1,elsez=0
4: x¢1 = \/% (Xt - %Ge(xt,t)) + otz
5: end for
6: return xg

Image credit: [4]



Inference: DDIM

Let’s skip some steps in the middle!
Do

@—>@ ‘; Q e /\@%

“E (x|
q(w3|w1,w0) }/( _‘ 0)

q(x2|z1)

Image credit: [12] B



Inference: DDIM

Let’s skip some steps in the middle!

. Recall the data prediction formulation:
%0 — X; — \/1——?77569(Xt,t)
Var
. We can jump to data prediction and jump back to arbitrary noisy step.
. This 1s called denoising diffusion implicit model (DDIM).

Image credit: [12]
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Inference: DDIM

. We can jump to data prediction and jump back to arbitrary noisy step.

Algorithm 1: Fewer-Steps DDIM Sampling
1: X7~ N(O, I)
2: for s from S to 1 do
3: < T
4 t Ts—1
5: € < €y (Xt, t)
6 (%0 o (x— VI~ @)
7 Xy — /apXg+ /1 — ape
8: end for
9: return X

1,...., 7| = [0 =0,...,7s =T],e.g., 7 = [0, 10, 20, 30, . .., 1000]



Inference: DDIM
. Application: StableDiffusion v1.5 at huggingface.co

DDIMScheduler

s class diffusers.DDIMScheduler

( num_train_timesteps: int = 1000, beta_start: float = 0.0001, beta_end: float = 0.02, beta_schedule:
r = 'linear', trained_betas: typing.Union[numpy.ndarray, typing.List[float], NoneType] = None,
clip_sample: bool = True, set_alpha_to_one: bool = True, steps_offset: int = 0, prediction_type: str =
epsilon', thresholding: bool = False, dynamic_thresholding_ratio: float = 0.995, clip_sample_range:
float = 1.0, sample_max_value: float = 1.0, timestep_spacing: str = 'leading', rescale_betas_zero_snr:
| = False )

Image credit: [13] E
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Score Matching & Score-based Models

. Recall the aforementioned denoising score matching (DSM) [10]:

q(xt[x0) ~ N(Vaixo, (1 —a)I)

Vi, 10g q(x:) = Eg(x)q(x:]x0) [Vx: 108 q(x: | X0)]
€%y, 1)
VIi-ay
. Here, we introduce DSM within the DDPM objective. What if we train score-
based models from scratch?

Y
Y

Ref: [10]



Score Matching & Score-based Models

Score matching objective:

Vx log g(x)

s(x) :

Interpretation of score function: the direction where data likelihood increases.
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Score Matching & Score-based Models

. What if we train score-based models from scratch (using DSM)?
do: (X[x0) ~ N (x0,07T)
Vz10g 45, (X) = Ey(x0)q,, (%Ix0) [V 108 g0, (X[X0)]

—S0 (ia U’i)

Y
Y

where opin =01 < 03 < -+ < ON = Omax

Ref: [17, 18]
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Score Matching & Score-based Models

. What if we train score-based models from scratch (using DSM)?
4o, (X|%0) ~ N (x0, ;1)
Vz10g 45, (X) = Ey(x0)q,, (%Ix0) [V 108 g0, (X[X0)]
~ —Sg(X,04)

where opin =01 < 03 < -+ < ON = Omax
. Training:

N
~ ~ 2
L = ZU? EC](XO>EQJ7; (%|%0) [HS@(X, 0;) — Vxlog 4o, (x| XO)”Q}

1=1

Ref: [17, 18]



Score Matching & Score-based Models

Ref: [17, 18]

Sampling:

Algorithm 1 Langevin MCMC Sampling from Score-Based Model

1:

_ = =

Input: Number of noise scales N, step sizes {e; g\il, number of MCMC
steps M, score model sy(x,0)
Initialize: x3; ~ N(0,0%1)
fori=N,N—-1,...,1do > Loop over noise scales
for m =1 to M do > Langevin MCMC at one noise level
Sample z" ~ N(0,1)
X" — X;"_l + GiSQ(X;n_l, 0;) + /2¢;2"
end for
if 2 > 1 then
X;_1 < X}

end if

: end for
. Output: Sample x ~ p, . (x)




Score Matching & Score-based Models

. Sampling:

Q
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Ref: [17, 18]
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Score SDEs

. What happens if we generalize the number of noise scales to infinity?
4o, (X[x0) ~ N (x0,0:°T)

—— Stochastic process

Ref: [17, 18, 19]
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Score SDEs

. What happens if we generalize the number of noise scales to infinity?

Xt . pt(x) Qdata(X)

Ref: [17, 18, 19]
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Score SDEs

. We use stochastic differential equation (SDEs) to represent the forward process:
dx = f(x,t)dt + g(t)dw

7_ \

Drift term Diffusion term Wiener process
(deterministic) (stochastic)

SDE solutions {x(t)};cjo.r7 follow the distributions of p,(x) which are analogous
to p,, (x) 1n the vanilla score-based models.

. pr(x) tractable prior
. po(x) data distribution

Ref: [17, 18, 19]



Score SDEs

. We use stochastic differential equation (SDEs) to represent the forward process:
dx = f(x,t)dt + g(t)dw
. Reverse-time SDE corresponds to the sampling process:

dx = [f(x,t) — g*(t)|Vx log pe (x)|dt + g(t)dw

Score function

Forward SDE (data — noise)
@ dx = f(x,t)dt + g(t)dw
S ‘score function

dx = [f(x,t) — ¢* (t)&x log p; (x)]] dt + g(t)dw

Reverse SDE (noise — data)

Ref: [17, 18, 19]
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Score SDEs

. We use stochastic differential equation (SDEs) to represent the forward process:
dx = f(x,t)dt + g(t)dw
. Reverse-time SDE corresponds to the sampling process:
dx = [f(x,1) — ¢°(t)Vx log py(x)]dt + g(t)dw
. Training (based on forward SDEs):

Ereri(0,7)Ep, (x) [A(0)[[Vx log pe (%) — sa(x, 1))

Denoising score matching
(or other variants)

Ref: [17, 18, 19]



Score SDEs

. We use stochastic differential equation (SDEs) to represent the forward process:
dx = f(x,t)dt + g(t)dw
. Reverse-time SDE corresponds to the sampling process:
dx = [f(x,1) — ¢°(t)Vx log py(x)]dt + g(t)dw
. Training (based on forward SDEs):

Eicri(0.1)Ep, (x0) [AE) || Vx log pe (x) — sa(x,t)||3]
. Neural reverse SDE:

dx = [f(x,t) — g%(t)se(x,t)]dt + g(t)dw

Ref: [17, 18, 19]



Score SDEs

Sampling (based on reverse SDEs):
dx = [f(x,t) — ¢°(t)se(x, t)]dt + g(t)dw
Ax — [f(x,t) — ¢°(t)se(x, t)|At + g(t)/|At|zy

X < X+ Ax,t « t+ At,z, ~ N(0,1)
Numerical solver design space:

Euler-Maruyama

Adaptive step size
High-order SDE solver

Ref: [17, 18, 19]



Score SDEs

Sampling (based on reverse SDEs):
dx = [f(x,t) — ¢°(t)se(x, t)]dt + g(t)dw

. Transforming SDEs into probability flow ODEs (without noise):
dx = |f(x, 1) — %g%)vx log py (x) | dt

. Both share the same marginal distributions {pe(x) }ie 0,7

ODEs allow for exact log-likelihood evaluation.

Ref: [17, 18, 19]
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