Score-based generative
models and diffusion
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Why denoising is so powerful?
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A really long agenda

 Challenges of generative modelling [5 mins]

e Score matching [15 mins]

e Score-based generative models [20 mins]

e Diffusion models as score-based model [20 mins]
e Diffusion via SDE [10 mins]

* Probability flow ODE [10 mins]

* Quiz + QA[20 mins]

* Interesting research problems



e Score function

* Score matching

* Score-based models

 Denoising score matching

* Noise Conditioned Score networks

e Sampling as iterative denoising



Estimating the probability distribution of data

Data samples



The key challenge for building complex generative models

Data distribution

(unknown)
A

&

\ 4

Model distribution



The key challenge for building complex generative models

Data distribution

(unknown)
A

&

\ 4

Model distribution Novel data points



The key challenge for building complex generative models

High probability Low probability

Data distribution

(unknown)
A

&

\ 4

Model distribution



The key challenge for building complex generative models

High probability Low probability

Data distribution

(unknown)
A

&

A 4
Generative model



The key challenge for building complex generative models

Data distribution

(unknown)
A

&

\ 4

Model distribution



The key challenge for building complex generative models

Data distribution

(unknown)
A

&

\ 4

Model distribution Novel data points



The key challenge for building complex generative models

High probability Low probability

Data distribution

(unknown)
A

&

\ 4

Model distribution



The key challenge for building complex generative models

High probability Low probability

Data distribution

(unknown)
A

&

A 4
Generative model



The key challenge for building complex generative models

(unknown)

Data distribution &ﬁ 000 ﬁi

Data distribution is

extremely complex for
high dimensional data.




The key challenge for building complex generative models

Data distribution
(unknown)

Data distribution is
extremely complex for
high dimensional data.

Model distribution -

How to build a complex
model to fit the data

distribution?
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The key challenge for building complex generative models

Data distribution
(unknown)

Model distribution

Deep Neural Network

{

Deep Generative Models
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Normalizing constant

Normalization constant for Gaussian
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Approximating Normalizing Constant
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Approximating Normalizing Constant

* Energy based models [Lecun et.
Al. 2006]
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Approximating Normalizing Constant

e Energy based models [Lecun et. ° Inaccurate probability
Al. 2006]

evaluation

e Using restricted neural nets

* Autoregressive models e Restricted model family
* Normalizing flow models

e Variational auto-encoders

* Modeling the data generation
. e Cannot evaluate
process directly probabilities
e Generative adversarial networks
[Goodfellow et. Al. 2016]
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Desiderata of better generative modelling

Inaccurate probability
evaluation

e Restricted model family

Cannot evaluate

probabilities
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Desiderata of better generative modelling

Inaccurate probability
evaluation

Q Restricted model family

° Cannot evaluate
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A solution: working with score functions
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A solution: working with score functions

Bypass the Higher sample Accurate probability
normalizing constant quality than GANs evaluation
* Principled statistical « Controllable « Better estimation of
methods generation data probabilities
[Song et al. UAI 2019 oral] [Song & Ermon. NeurlPS 2019 oral] [Song et al. ICLR 2021 oral]
[Song & Ermon. NeurlPS 2020] [Song et al. NeurlPS 2021 spotlight]

[Song et al. ICLR 2021 oral]
(Outstanding Paper Award)
[Song et al. ICLR 2022]
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Score estimation by training score-based models
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Score estimation by training score-based models

vx lOg Pdata (X)

Given: i.i.d. samples

Task: Estimating the score

{xlv X2y 7Xn} ~ pdata(x)

Vx lOg Pdata (X)

Score Model: A learnable vector-valued function sg(x) : R* — R
Goal: Sy (X) ~ Vy 1ngdata(x)

How to compare two vector fields of scores?

i /;_'2»'-7'» Average
A-"—» " Euclidean distance
</ overthe space
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* Objective: Average Euclidean distance over the whole
space.
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Brpis| 5 18005 4{tr( Viso(x) )

e Requirements: (O(d) Backprops!  Jacobian of sg(x)

» The score model must be efficient to evaluate.
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function (i.e., gradient of a scalar "energy” function)?
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Score-based models

« Score estimation: training the score-based model from datapoints

« Score matching ,
+ Bcepaa [V 108 Pasea(x) — 8003

1
=§Ex~pdata a ||39(X)||2 + tr(vxSO(X)) + const.

* Not scalable for deep score-based models and high dimensional data

19



Denoising score matching (Vincent, 2011)

Perturbation
distribution/kernel

X ~ pdata(x) X~ (o (X)
Data Noise-perturbed
distribution data distribution
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Denoising score matching (Vincent, 2011)

Epaual|86(X) — Vi log g5 (%)|I3]

1
2
1 - . 2
Perturbation =§Ex~pdata(x),)~(~qa()'(|x)[HSG(X) — Vi log g, (X | x)||5] + const.
distribution/kernel

X ~ pdata(x) X~ (o (X)
Data Noise-perturbed
distribution data distribution
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Denoising score matching (Vincent, 2011)

Perturbation
distribution/kernel

X ~ s (X)
Noise-perturbed
data distribution

X ~ Pdata (X)

Data
distribution

1

2
1
9

1
= §Ex"’pdataaz"‘N(OaI) [ ‘

20

Ex"’pdata (X) X~Qo ()~(|X) !

z
Sg(X + 0z) + —
o

2

2

] + const.



Denoising score matching (Vincent, 2011)

1 . -
5 Bxpaneal1186(%) = Vi log 4o (%))
1

e (< . 2
=§Ex~pdata(x),,~(~qa(,~(|x) [|s9(X) — Vi log g, (X | x)||5] + const.

Perturbation
distribution/kernel

1 Z ||2
§ 5 = §Ex~p waaz~N(0.1)| ||S0(X + 02z) + 21l + const.
X ~ pdata(x) X~ (o (X)
Data Noise-perturbed
distribution data distribution
* Pros:

* Much more scalable than score matching
* Reduces score estimation to a denoising task
« Con: estimates score of noise-perturbed data
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Denoising score matching (Vincent, 2011)

N 1 ) i
@ (X | x) > B~ [[180(%) — Vi log g (%))
> 1 o 3 )
Perturbation =§Ex~pdata(x),)~c~qa(i|x) ||sg(X) — Vi log g, (X | x)||5] + const.
distribution/kernel
1 Z 112
~ - = §Ex"’pdata,z"‘N (O,I)H Se(x + az) + ; 2] + const.
X ~ pdata(x) X~ (o (X)
Data Noise-perturbed
distribution data distribution

* Pros:

* Much more scalable than score matching

* Reduces score estimation to a denoising task
« Con: estimates score of noise-perturbed data

Sg (X) ~ vx log 4o (X) 7 Vx log Pdata (X)

20



Why denoising is so powerful?

» Because it estimates the gradients of the log likelihood of
data and neural nets are great at following gradients!

21



* What makes score function estimation challenging for
high-dimensional data?
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Guaranteed to produce
correct samples.



Score-based generative modelling

Data samples

{xla X2, ,Xn} ~ pdata(x)
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S9(X) ~ V4 log pgata(X)
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Score-based generative modelling results

(a) MNIST (b) CelebA (c) CIFAR-10
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Pitfall 1: manifold hypothesis

In real world, data points lie in low-
dimensional spaces with a much smaller
dimension than the data dimension.




Pitfall 1: manifold hypothesis

In real world, data points lie in low-
dimensional spaces with a much smaller
dimension than the data dimension.

Data score is undefined.

Vx logxa(x)
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Pitfall 2

Data density Data scores Estimated scores
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Joint Score Estimation via
Noise Conditional Score Networks
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Joint Score Estimation via

Noise Conditional Score Networks

..‘ oo’
‘. R Ve . - - .'.'."? R
-0t . . . UEEEEn. ' . R
® o e b ,ea¥e -‘"%'k‘-
' e %0 e%. % *ate .
s . ey
~ g
N N T T T R A AR SOOI T T TR R A NUATATATA A M R M A A 4y y »
USSR TATA TR R R R A A Ly s - \\\\\\\\‘\ AA A s » TATATATA TR A R R R A A 4 » »
TNSATATATATATA R R R A A A s e e AR T S e R A A A s - T e e A A . . a
NSRS TR T . . e e e e e SRR };‘\\-.-;-.---—--- §\ —————— e e .-
SIIIIIIIIIIIIL L IT o WNNNTTIIIIIOLL Wiy =z -
N il S G A \\““."'vr ....... v \¥¥“ -y oo . >
\\\\so-’vvvvtcann»\‘ :::::"'rliiflltli\v ::::::iv""llllk‘i\
\\\‘;bv'rvifillll\¥\ N & 2 2 B T S N v ¥ X A AL d Ay . *L*
NRNAAAEr T Y LAy :::::::,.«Illlllti\\ ::::::::,vllllllll\\ NOISecon |t|0na
‘\(A_-—vvdlldllll\\\ R B B BT I RN S N Y « A4 4 4 48 b N
caa ARy \Vvvrroeeo EREEEER NI I I I ST ST
D Q . a4 LA
NN R E NN NN SOOI R E R R NS PR E R RN Score Network
.. P N B B A AP S B I I 25, B SN saaew VEEERARN
. RSB IR R S S\ oo I S N . e eee P EEEAY
NP SEEERRRRE - oo : IIIIIONHN NCSN
- N - ‘v - . - ————— % - e .. - ———
....... ‘\\\\\\\\\\\\ - w‘v“‘-:\\\\\\ 4 ~““'~‘-“\‘\
v "““‘\\\\\\Q§§ ¢ ¢ ¢ vy w“‘\\x\\\\\ - “ o svv‘\\\\\\\\\
lllll\l\\\\\\\\\ ¢ a4 “‘,“‘\\\\\\\\ ¢44‘..\»w\\\\\\\\\\\

28



Using multiple noise levels
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Using multiple noise levels
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Using multiple noise levels
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Why denoising is so powerful?

» Because it estimates the gradients of the log likelihood of
data and neural nets are great at following gradients.

» Because it can populate low data density regions.

32
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* Does score matching require knowledge of the
normalizing constant of the data distribution?

33



* What is the primary role of the score function in score-
based generative models?

33



* Why is the output of NCSN conditioned on the noise
level parameter ¢?

33



 Why we need Langevin dynamics for score-based
generative models?

33



e |terative noising process

e Diffusion perspective

e Diffusion model as hierarchical VAE

* Denoising diffusion probabilistic model

* Training and sampling

34



Sampling as iterative denoising

Iteratively remove noise
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Sampling as iterative denoising

qr(x)
7T(XT)
Langevin
XO — e e Xt PP . XT']. — XT Start
from
noise

Iteratively remove noise
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Sampling as iterative denoising

qr(x)
7T(XT)
Langevin Langevin Langevin
XO C— oo P R xt .o ¢ XT-]. PR XT Start
from
noise

Iteratively remove noise
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Sampling as iterative denoising

Inverse process: iteratively add Gaussian noise

qr(x)
7T(XT>
Langevin Langevin Langevin
XO C— oo P R xt .o ¢ XT-]. PR XT Start
from
noise

Iteratively remove noise

35



Iterative noising process
/I\ ﬁ\ Progressively add noise

XO ' Xl_> X2 . XT

Noise perturbed densities are obtained by adding Gaussian noise

q(X, | X,_y) = ‘/V<Xt; \/1 ez Xt—laﬁtl>

36



Iterative noising process
/]\ A\ Progressively add noise

Noise perturbed densities are obtained by adding Gaussian noise

q(X, | X,_y) = ‘/V<Xt; \/1 ez Xt—laﬂtl>

T
Defines a joint distribution g(X,.7 | Xy) = Hq(xt | X,_¢)

=1

36



Multistep transition is easy

Multi-step transitions are also Gaussian and can be computed in closed form
t

q(xt|x0) = N(xt: Vg, (1 — ag)I)) ar=][(~55)

s=]
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Multistep transition is easy

Multi-step transitions are also Gaussian and can be computed in closed form
t

q(xt|x0) = N(xt: Vg, (1 — ag)I)) ar=][(~55)

s=]

1. Same as noise-perturbed data distributions in score-based models
2. Efficient sampling at any

37



Diffusion perspective

Data distribution

\/

Po(x)
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Diffusion perspective

Data distribution Perturbed distribution

b g (x|x) B8
A Perturbation ” : <
distribution/kernel _

»

%

¢
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®
%

¢
Q
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Diffusion perspective

Data distribution Perturbed distribution Perturbed distribution Perturbed distribution

. o(x|x) B
1 Perturbation ” )
distribution/kernel - < x X

X~ Gy (i)
Data Noise-perturbed

distribution data distribution / /

\/ \/
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Diffusion perspective

Data distribution Perturbed distribution Perturbed distribution Perturbed distribution

\

— wx|x) B
Perturbation R
x distribution/kernel x x
\ X ~ Pdata(X) X ~ gs(X)
Data Noise-perturbed
/ distribution data distribution /

-
|

€<

Nata djstribution Perturbed distribution Perturbed distribution Perturbed distrihiition
: X . X u X

Po(x) Po, (X) Po,(X) Pos(X)
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Diffusion perspective

Data distribution Perturbed distribution Perturbed distribution Perturbed distribution

\

-
|

— wx|x) B
Perturbation R
x distribution/kernel x x
\ X ~ Pdata(X) X ~ gs(X)
Data Noise-perturbed
/ distribution data distribution /

€<

Nata djstribution Perturbed distribution Perturbed distribution Perturbed distribiition
Po(x) > I pT(X)
= Ny
: X X X ~
pdata(x)\
— I 7(X)

Po(x) Po, (X) Po,(X) Pos(X)

39



Iterative denoising

40



Iterative denoising

|deal sampling process:
1. Sample Xt from 7T(XT) , i.e. from pure noise

2. Iteratively sample from the true denoising distribution g(x,_; | x,)

40



Iterative denoising

|deal sampling process:
1. Sample Xt from 7T(XT) , i.e. from pure noise

2. Iteratively sample from the true denoising distribution g(x,_; | x,)

Issue: Exact denoising distribution is unknown!
Solution: Learn a variational approximation

40



Iterative denoising
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Iterative denoising

41



Iterative denoising

Sample X7 from p(x7) =N(x7;0,I) = 7

iteratively sample from  po(x¢—1|xs) = N (x—1: pg(xy, t), o71)

41



Iterative denoising
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Iterative denoising

Sample X7 from p(xr) = N(x7:0,I) = 7

iteratively sample from  po(x¢—1|xs) = N (x—1: pg(xy, t), o71)
T

Joint distribution po(xo1) = p(x1) | | Polxt-1/x1)

41



Diffusion models as hierarchical VAE

Encoder (fixed):

T
Decoder (learnable):  py(xo7) = p(xr) | [ po(xi—1x¢)
t=1

42



From VAE to Hierarchical VAE

Hierarchical VAE (decoder): p(x, 2, %)) = p(20)p(z; | 20)p(x| 2¢)
1.Sample z, from a simple prior A°(0,])

2.Sample z; from a decoder p(z; | 2») Z,

3.Sample x from a decoder p(x | Z1)

Encoder: g(z;, 2 | x)

X, 3215 %
ELBO Training: [Eq(zl,@lx) lgg (p( 1 2) )
Q(Zla Zzlx)

43



Training a denoising diffusion probabilistic model

T
Encoder (fixed): ¢(x1.7|x0) = HQ<X1‘|X1‘—1)

Xg <+— t

ELBO loss (negative ELBO averaged over data distribution):

. . Pe(X()zT)
v Xo) L 10 p9 X_ S 4‘( X0 X1-71Xp o 10 —. L
a(x0) =108 Pa(%0)] < Eq(xo)g(x1irlx0) 8 L xarlx0)

DDPM, Ho et al. 2021
44 Song et al. 2020



Training a denoising diffusion probabilistic model

T
Encoder (fixed): ¢(x1.7|x0) = HQ<X1‘|X1‘—1)

Xg <+— t

ELBO loss (negative ELBO averaged over data distribution):

. . Pe(X()zT)
v Xo) L 10 p9 X_ S 4‘( X0 X1-71Xp o 10 —. L
a(x0) =108 Pa(%0)] < Eq(xo)g(x1irlx0) 8 L xarlx0)

p(x,2)
q(z|x)

log p(x) =1logkE(y [ ] <= Regular VAE

DDPM, Ho et al. 2021
44 Song et al. 2020



Training a denoising diffusion probabilistic model

T
Encoder (fixed): ¢(x1.7|x0) = HQ(Xt|Xf—1)

Encoder (q) has no
learnable parameters!

Xo C—

ELBO loss (negative ELBO averaged over data distribution):

41

p(x,2)

q(z|x)

-

“q(x0) [_ lngg(X(_))] < 4‘(1(X0)(I(X1:'J’|X0)

] <= Regular VAE

44

— log

Pe(X():T)
Q(XlzT‘XO) _

DDPM, Ho et al. 2021
Song et al. 2020



Diffusion models as score-based models

The ELBO objective is

1 ] pe(X():T)
4 — log X < vy 1:T — log
2(x0) [ gpg( (_))] >~ Lg(x0)q(x1.7|%0) & q(X];T|XO)_

—: L

Decoder parameterization:  pg(X;—1|x¢) = N (Xp—1; po(x¢, 1), 01521)

DDPM, Ho et al. 2021

45 Song et al. 2020



Diffusion models as score-based models

The ELBO objective is

] ;Ue(X():T)
) —log pe(xp)| < E, — log
2(x0) [ gpg( (_))] >~ Lg(x0)q(x1.7|%0) & q(X];T|XO)_

—: L

Decoder parameterization:  pg(X;—1|x¢) = N (Xp—1; po(x¢, 1), UtQI)

Py

IMQ(Xta t) — Xt GQ(Xp t)

\/1—,@ \/1—5@

DDPM, Ho et al. 2021
45 Song et al. 2020



Diffusion models as score-based models

The ELBO objective is

1 ] 'pe(X():T)
Dy —log pp(xp)| < E, — log =L
/(%0) — log pg(x0)] < 1(%0)q(x1:7X0) 05 q(x1.7|x0)

Decoder parameterization:  pg(X;—1|x¢) = N (Xp—1; po(x¢, 1), O'tQI)
Up to scaling,

| p, predict noise
Ho(X,, 1) = : X; — €y(X;, 1) that was added
\/ . \/ — % and subtract it

DDPM, Ho et al. 2021
45 Song et al. 2020



Diffusion models as score-based models

The ELBO objective is

1 ] ])H(X():'T)
vy — log pe(x < vy q(X1.7 — log =L
1(x0) [ 0L [)()( ())] = *q(x0)q(x1:7|%0) 05 q(X]:7’|X0)_

Decoder parameterization:  pg(X;—1|x¢) = N (Xp—1; po(x¢, 1), O'tQI)
Up to scaling,

| p, predict noise
Ho(X,, 1) = : X; — €y(X;, 1) that was added
\/ . \/ — % and subtract it

_r = = 2
L=Ey x)~%{1.T}.e~N (0T [’WG — €94/ A, X + V1—ae ] ]

DDPM, Ho et al. 2021
45 Song et al. 2020



Diffusion models as score-based models

The ELBO objective is

| 1 po(Xo.7)
vy — log py(x < I q(X1.7 — log = L
/(%0) — log pg(x0)] < 1(x0)q(x1.7/X0) 05 q(x1.7|X0) |

Decoder parameterization:  pg(X;—1|x¢) = N (Xp—1; po(x¢, 1), O'tQI)
Up to scaling,

| p, predict noise
Ho(X,, 1) = : X; — €y(X;, 1) that was added
\/ . \/ — % and subtract it

_r = = 2
L=Ey x)~%{1.T}.e~N (0T [’WG — €94/ A, X + V1—ae ] ]

ELBO loss reduces to denoising score matching!

DDPM, Ho et al. 2021
45 Song et al. 2020



Training and inference

Algorithm 1 Training Algorithm 2 Sampling
I repeat 1: x7 ~ N(0,1)
2: XONQ(,XO) 2: fort=1T,...,1do
i‘ L~ IJ{;I(l(f)Olir)n({l’ .-, T}) 3: z~N(0ILift>1,elsez=20
. €~ , —
5. Take gradient descent step on 4 Xp-1= \/% (xt - \}ﬁee(xt,t))h OtZ

Vo ||e — €o(v/axo + vI— aeft)|’ 5: end for

6: until converged 6: return xo

DDPM, Ho et al. 2021
46 Song et al. 2020



Training and inference

Algorithm 1 Training Algorithm 2 Sampling
I repeat 1: x7 ~ N(0,1)
2: XONQ(,XO) 2: fort=1T,...,1do
i: L~ IJ{;I(l(f)Olir)n({l’ .-, T}) 3: z~N(0ILift>1,elsez=20
. €~ , —
5. Take gradient descent step on 4 Xp-1= \/% (xt - \}ﬁee(xt,t))h OtZ

Vo ||e — €o(v/axo + vI— aeft)|’ 5: end for

6: until converged 6: return xo

Denoising score matching over multiple
noise scales indexed by 7

1 L
L

1=1

Ex~pdata,z~N(0,I)|: |€o(x + 042z, 0;) + Z||g] | €o(:, 04) := 0i89(:, 0%) ]

DDPM, Ho et al. 2021
46 Song et al. 2020



Training and inference

Algorithm 1 Training Algorithm 2 Sampling
I: repeat 1: xr ~ N(0,T)
2: X0 ~ q(o) 2: fort=T,...,1do
i‘ b~ IJ{;I(l(f)OIir)n({l’ - T}) 3: z~N(01)ift>1,elsez =0
. €~ : —
5: Take gradient descent step on 4 X1 = \/%7 (xt - \}ﬁeg(xt,t))h 012
Vo ||e — eov/@ixo + T — ate,‘t)||2 5: end for
6: until converged 6: return xo

Denoising score matching over multiple  |teratively sample from decoders py(x,_; | x,)
noise scales indexed by (Annealed Langevin Dynamics)

1 L
L

1=1

Ex~pdata,z~N(0,I)[ |€o(x + 042z, 0;) + Z||g] | €o(:, 04) := 0i89(:, 0%) ]

DDPM, Ho et al. 2021
46 Song et al. 2020



Architecture of the denoiser

Unet architecture used in practice

HEEEN

Time Representation

Fully-connected
Layers

Same as the noise-conditioned score network (t represents

time index or equivalently the noise level)

DDPM, Ho et al. 2021
47 Song et al. 2020



High-Fidelity Generation for 1024x1024 Images

DDPM, Ho et al. 2021
Song et al. 2020



Why denoising is so powerful?

» Because it estimates the gradients of the log likelihood of
data and neural nets are great at following gradients.

* Because it can populate low data density regions.

» Because hierarchical VAE is more powerful than VAE. It
increases the dimensionality 7 times

49
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 Why does DDPM use a Markov chain to model the diffusion
process?

50



e True or False?

50



* |nitial data distribution must be Gaussian.

50



* Transition kernel can be any distribution.

50



* Noisy distribution at the final time step can be non-Gaussian.

50



* |[f we assume infinite number of noise levels in diffusion, does
VAE perspective hold?

50



 How would you define the 'shortest path' between two
probability distributions in a generative model?

50



Assuming you're working with images, what are the possible
spaces in which you could formulate the diffusion process?

What's autoregressive about diffusion?
SNR at the end of diffusion process high or low?

One diffusion perspective suggests it is a kind of hierarchical-
vae. Given how successful diffusion is, why don’t we train more
and more hierarchical-vaes?

Did you notice in diffusion-vae, encoder is fixed? If yes, does it
seem odd?

51



* Infinite noise levels

* Perturbing data with stochastic processes
 (Generation via reverse stochastic process

* Score-based generative modeling via SDEs
 Converting the SDE to an ODE

e Evaluating likelihoods with ODEs (flow model)
e Distillation

e [atent diffusion model

 Control the generation process

52



Infinite noise levels

Data distribution
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Infinite noise levels

Data distribution Perturbed distribution Perturbed distribution Perturbed distribution

><> x < X X
—
/

4 4 a

po(x) Po, (X) Po,(X)
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Infinite noise levels

Data distribution

|

Data distribution

po(x)

Perturbed distribution

C
1 C

Po, (X)

|

Perturbed distribution

Po, (x)
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Perturbed distribution

s
-

Perturbed distribution

Po, (x)

Perturbed distribution

Perturbed distribution

Pos, (x)



Infinite noise levels

54



Infinite noise levels

Data distribution Perturbed distributions

Po(x) Po,(X) Po,{(X) Po,(X) Po,(X) Po.(X) Po.(X)
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Infinite noise levels

Perturbed distributions

*
Po(x) pi(x) pr(x)
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Infinite noise levels

Perturbed distributions

Po(x)

pdata(x

te|0,T
54 0.7}



Perturbing data with stochastic processes

Perturbed distributions

pe(x) pr(x)
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Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process
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Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process
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Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process

55



Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process

m(X)
Probability densities pr(X)
{D¢(%) htefo,m
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Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process

N\ ]

pt(X) pr(x)

Stochastic differential equation (SDE)
dx; = f(x¢,t) dt + g(¢) dwy

Probability densities
{pt (X) }te [0,T7]
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Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process

N\ ]

pt(X) pr(x)

Stochastic differential equation (SDE)
dx; = f(x¢,t) dt + g(¢) dwy

Deterministic drift 7T(X)
Probability densities pr(X)
{P¢(%) be [0,T]
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Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process

N\ ]

pt(X) pr(x)

Stochastic differential equation (SDE)
dx; = f(x¢,t) dt + g(¢) dwy

\

Deterministic drift  Infinitesimal noise 7T(X)
Probability densities pT%X)
{pe(%) }eqo,m

55



Perturbing data with stochastic processes

Perturbed distributions

—— Stochastic process

N\ ]

pe(x) pr(x)

Stochastic differential equation (SDE)
dx; = f(x¢,t) dt + g(¢) dwy

\

Deterministic drift Infinitesimal noise 7T(X)
Probability densities :’ " WLOG: Toy SDE ‘: pTNX)
{pt (X) }tE[O,T] l dXt = U(t) th ]



Generation via reverse stochastic process

pr(x)

Perturbed distributions

—— Reverse stochastic process

pt(X)

56

\

X
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Generation via reverse stochastic process

Perturbed distributions

56

Reverse stochastic process

OV

Po

X




Generation via reverse stochastic process

Perturbed distributions

—— Reverse stochastic process

OV

=

Po
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Generation via reverse stochastic process

Perturbed distributions

—— Reverse stochastic process
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Generation via reverse stochastic process

Perturbed distributions

—— Reverse stochastic process

OV

=

Po

Forwai
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Generation via reverse stochastic process

Perturbed distributions

—— Reverse stochastic process

OV

=

Po

2Vx lngt Xt dt + o(t dv_vt
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Generation via reverse stochastic process

Perturbed distributions

—— Reverse stochastic process

OV

=

Po

Infinitesimal noise
in the reverse time
direction

Xt dt + o(t dv_vt

56



Generation via reverse stochastic process

Perturbed distributions

—— Reverse stochastic process

\

=

Pol

Infinitesimal noise
in the reverse time
direction

2vx lngt Xt dt + o(t th

Score function!

56



Score-based generative modeling via SDEs
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Score-based generative modeling via SDEs

* Time-dependent score-based model
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Score-based generative modeling via SDEs

* Time-dependent score-based model

Sg(X,t) =~ Vx log pt(x)
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Score-based generative modeling via SDEs

* Time-dependent score-based model
Sg(X,t) =~ Vx log pt(x)

* Training:
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Score-based generative modeling via SDEs

* Time-dependent score-based model
Sg(X,t) =~ Vx log pt(x)
* Training:
Zseu(0,1) A1) Ep, ) [ Vx log 91 (x) — 50, 1)]|3]

57



Score-based generative modeling via SDEs

* Time-dependent score-based model
Sg(X,t) = Vx log p:(x)
* Training:
Zseu(0,1) A1) Ep, ) [ Vx log 91 (x) — 50, 1)]|3]

e Reverse-time SDE

57



Score-based generative modeling via SDEs

* Time-dependent score-based model
Sg(X,t) = Vx log p:(x)
* Training:
Zseu(0,1) A1) Ep, ) [ Vx log 91 (x) — 50, 1)]|3]

e Reverse-time SDE
dx = —0?(t)sg(x, t)dt + o(t)dw

57



Score-based generative modeling via SDEs

* Time-dependent score-based model
Sg(X,t) = Vx log p:(x)
* Training:
Zscu(0,1) [N Ep, (0 [l Vx 1og e (%) — s6 (. 1) 5]

e Reverse-time SDE
dx = —0?(t)sg(x, t)dt + o(t)dw

e Euler-Maruyama (analgous to Euler for ODES)
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Score-based generative modeling via SDEs

* Time-dependent score-based model
Sg(X,t) = Vx log p:(x)
* Training:
Zscu(0,1) [N Ep, (0 [l Vx 1og e (%) — s6 (. 1) 5]

e Reverse-time SDE
dx = —0?(t)sg(x, t)dt + o(t)dw

e Euler-Maruyama (analgous to Euler for ODES)
x X —o(t)?se(x,1)At +0o(t) z (z ~N(0,|At| I))
t+—t+ At

57



Why denoising is so powerful?

 Because
data and

* Because
* Because

it estimates the gradients of the log likelihood of
neural nets are great at following gradients.

It can populate low data density regions.
hierarchical VAE is more powerful than VAE. It

iIncreases the dimensionality 7 times.

e Because

iterative denoising over infinite time steps is

equivalent to solving reverse-time SDE and statistics
physics has rich tools (some are decades-old) to offer for
solving SDEs.
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Converting the SDE to an ODE
Perturbed distributions

. ODE trajectories
—— SDE trajectories

pr(x)
SDE Ordinary differential equation (ODE)
dx 1
dXt — O-(t) th d—tt — —§U(t)2vx logpt(xt)

Score function

~ Sg(x,1)

Song et al. 2020
59



Evaluating likelihoods with ODEs (flow model)

Probability distributions

ODE trajectories

N
-

m(x)

se(x,t) > ODE

Computing the probability density function (change of variables formula)

1 (" \
log pg(xo) = logm(xr) — 5 J o (t)*trace(Vxs(x, ))idt
0

60



Accelerated sampling

Probability distributiopns

- )DE trajectories

\

* Numerical methods + ODE formulation to accelerate sampling
« DDIM [Song and Ermon, 2021]:
» Coarsely discretize the time axis, take big steps

» Corresponds to exponential integrator (semi-linear ODE) [Lu et al,
2022; Zhang and Chen, 2022]

* 10x-50x speedups, comparable sample quality

61



Accelerated sampling

Probability distributiopns

- )DE trajectories

\

* Numerical methods + ODE formulation to accelerate sampling
« DDIM [Song and Ermon, 2021]:
» Coarsely discretize the time axis, take big steps

» Corresponds to exponential integrator (semi-linear ODE) [Lu et al,
2022; Zhang and Chen, 2022]

* 10x-50x speedups, comparable sample quality

61



Distillation

student student\~ student
rea N N TN

Probability distribytions

- ODE trajectories

Progressive distillation [Salimans, Ho 2022]

o DDIM sampler as a teacher model

o Student model trained to do in 1 step what DDIM achieves in 2 steps
o Applied recursively to drastically reduce the number of steps required
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Distillation

student student\~ student
rea N N TN

Probability distribytions

- ODE trajectories

Progressive distillation [Salimans, Ho 2022]

o DDIM sampler as a teacher model

o Student model trained to do in 1 step what DDIM achieves in 2 steps
o Applied recursively to drastically reduce the number of steps required
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Control the generation process

Forward model p(y ‘ X)
Control signal Y ="dog”

(@)
W



Control the generation process

o Di‘

Forward model p(y ‘ X)
Control signal Y ="“dog”

Inverse distribution
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Control the generation process

eg Bayes’ rule:
T Dmfj

Forward model p(y ‘ X)

p(x|y) =

Control signal Y ="dog”

Inverse distribution

(@)
W



Control the generation process
p(x) D{i‘

Forward model p(y ‘ X)

Bayes’ rule:

p(x|y) =

Control signal Y ="dog”

Inverse distribution
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Control the generation process

E Bayes’ rule: Q
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Control the generation process

e 3 Bayes’ rule: Q 0

A e x4y = PO [
p(x) D&i‘ p(y) X
Forward model p(y ‘ X)

Bayes’ rule for score functions:

Vi logp(x | y) =Vxlogp(x)
+ Vi log p(y | x)
— Vx 1ng(Y> 0

Control signal y = “dog”

= Vylogp(x) + V, logp(y | x)
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Why you should work on it?

* Mathematically beautiful, empirically works
* Fits in your GPUS; still can train on ImageNet
* We're stuck with VAE for like 10 years by now

 Diffusion policies is revolutionizing offline RL;
multimodal, expressive policies

* Hybrid models (diffusion + AR) is the future probably

* SO0 many questions left to answer as the field is less
matured and more diverse (e.g. aidscience); good for
phd timeline

* Some problems are decade old e.g. sampling, literally
no worries of getting scoped
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Some Problems to think about ... diffusion

Diffusion Representation Learning (e,g, classification, segmentation) SecretlyClassifier23 EmerDiff' 24

What's a good latent space e.g. equivariance, object-centricness? EQ-VAE'25 REPA-E'25 Diffusability’ 25

AAAAAAAAAAAAAAAAAAAAAAA RV vav v vy v Vv vy Y Y VY Vv e

@' What's a good forward process e.g. how to introduce noising best (heavy tail issue in Gaussian diffusion,

noise warping)? Warpyournoise'25 Critically-Damped Langevin Diffusion’21 Rectified Flows'22

NAAAAAAARRPAIAINARNININIINI NN I INININARNINN NVAAAARARAAAAN

How to reconcile the representation and generation (e.g. reducing high variance in denoiser, ssl, repa)?
REPA'24 Diffuse Disperse'24

NAAAAAAAAAAAAAAANA v

How to get rid of two stage (the vae component): make one big beautiful diffusion end-to-end?

Sequence length generalization (autoregression) and refinement (diffusion) — combining both into one for
test-time scaling BlockDiffusion'25 DiffusionForcing’ 25 KV Caching

AAAAAANAAAANAAASY AN SAAY AAAA Y AAAAAAAAAAAAAAAAAATIAANAAAN

MORNING: want to sleep I
AFTERNOON: dying to sleep

Few-step or one-step diffusion (Flow matching) MenFlow 25 FlowMaps25 NIGHT: can't sleep

SAAAAAAAAAAAAAAAAAAAAAAAN AAAAAAAAAANAAAAAAANAAAAANAAANS

The trilemma of continuous generative models

To classifier free guidance or not to

Reward modeling for diffusion e.g. adjoining matching ‘

Diffusion policy (long-horizon actions smoothing) DiffusionPolicy’ 25

AP,

Diffusion model for almost everything text, action, video, genome, etc

Diffusion duality (gaussian diffusion annealed to discrete diffusion, CTMC'25)

ANANAAAS A~ A

Discrete flow matching
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