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Overview

e Diffusion Models

* Energy-based Models and Score Matching
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Diffusion Models



Diffusion Models

Forward process
 add noise to data

Reverse process
* |earn to denoise

Training objective
* from Hierarchical VAE to L2 loss

Noise Conditional Network
* represent distributions



... in a nutshell

noise
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Forward process: add noise



... in a nutshell

noise

Reverse process: denoise



What is noise?

* Adding Gaussian noise < sampling o ~ N(:U | o, (7)

p(z) = N(z | zo,0)
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What is noise?

e Adding Gaussian noise & sampling x ~ N(:L’ | T, 0)
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What is noise?
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Diffusion Models

Forward process
 add noise to data



Forward Process

OB S

A —
Tt = \/_1/—__5t513t—1 + \/_@;_6, e ~ N(0,I)

coefficients:
variance preserving




Forward Process

OB S

A —
ze = V1—fegr-1 + Vi, €~N(0,I)
t: “schedule”,

key to Diffusion Models’ success



Forward Process

OB S

u
mt:l/l_ﬁtajt—l -|-, e ~N(0,TI)

mean of z, std of x,




Forward Process

OB S
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q(xt | T-1)
= Nz | VI=Bwe 1,5

mean of z, var of x,




Forward Process

OB S
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C](Cl?t ZUt—l)

= N(CUt V1= Biri 1, 5@

identity matrix
 samplingisi.i.d.
 dim =dim of data




Forward Process

\ J
Y
* sampling without simulation q(zt | zo)
* 1z, from x; in closed form = N(z | Vazxo, (1 — az)I)

coefficients 1
given by [ S = N Pt
A = Hszl g



Forward Process: Noise Schedule
schedule of 3

W7
10= — |inear /
cosine4
0.8 1
schedule of
\ 0.6 -
0.4
0.2
i noisiest
OO {/I\ : : : I (/I—
cleanest W 0.2 0.4 0.6 0.8 1.0

diffusion step (t/T)



Forward Process

® ©

(J(Cl?t | 513t-1)

tl: dr:
* pre-defined conditional distributions
e Gaussian w/ controllable mean/std

* divide and conquer




Diffusion Models

Reverse process
* |earn to denoise



Reverse Process

pe(ilft—l \ Clit)
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(J(Cl?t | 513t-1)



Reverse Process

parameterized
by a network reverse the

@(fﬁt 1 ‘CCt time steps

Q-0

Q(Et | xt_l) e known

* but not our target




Reverse Process

]
i

(](CL’t—l ’ $t)

e our target
e but unknown



Why are the reverse conditionals unknown?
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 known (Gaussian)



Why are the reverse conditionals unknown?

Q(m_t:} | Ly )
— = ¢ unknown
| %—\ (depends on data
distribution)



Reverse Process

Q(xt—l Lt, :CO)

e known
e (@Gaussian



Reverse Process
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q(Ti—1 | Tt,T0)

= N(zt-1 | ii(zt, o), BiI)



Reverse Process




Reverse Process
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q(xi_1 | ¢, x0)
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Mmean var




Reverse Process

)
\JV

q(xi_1 | ¢, x0)

= Nzt l@@
e )= @ e RS

Mmean

linear combination



Reverse Process
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Reverse Process

_/Bt



Reverse Process

Mmean

tl; dr:

-

* outcome of the dependency graph
 some linear combinations
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Reverse Process

C](CUt—l ’ $t,$0)

e tl; dr: a known Gaussian

* we want to learn it by p,

* we can represent p, by a Gaussian
 minimize KL divergence



Reverse Process

Vs

Dy, of two Gaussians is like L2 loss: (pset 1)

g2

o+l — poll> 1

Drr(Ny | Na) = log (_> "

o1 ez
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DKL(Q(fUt—l | ¢, 20) || Po(Te—1 | wt))




Reverse Process

Vs

Dy;, of two Gaussians is like L2 loss: (pset 1)

Dk (N || N2) = log (

g2

o)

o+l — poll> 1

20% 2
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(2) — €

\J

DKL(Q(CUt—l | ¢, 20) || Po(Te—1 | wt))

(* N(mt—l @It)@

learn preset



Vs

Reverse Process

Dy;, of two Gaussians is like L2 loss: (pset 1)

2 2
+ o — 1
DM || My) = log (2) Lo lpn — pol? 1
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DKL(Q(CUt—l | 24, 70) || po(@e-1 | wt))
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learn preset




Reverse Process

Vs

Dy;, of two Gaussians is like L2 loss: (pset 1)

DKL<N1 H NQ) = log (2> =i
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DKL(Q(CUt—l | 24, 70) || po(@e-1 | wt))
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learn preset
estimate noise



Reverse Process

Vs

Dy;, of two Gaussians is like L2 loss: (pset 1)

g2
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Drr(Ny | Na) = log (_> "
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Reverse Process

Vs

Dy;, of two Gaussians is like L2 loss: (pset 1)
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Reverse Process

Vs

Dy;, of two Gaussians is like L2 loss: (pset 1)

g2

o+l — poll> 1

Drr(Ny | Na) = log (_> "

o1 20%
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DKL(Q(CUt—l | ¢, 20) || Po(Te—1 | wt))
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* weights due to «,, 3,
e but set as 1 (critical)




tl; dr

some dependency graphs
some linear combinations
Dy,

L2 loss of noise



Diffusion Models

Training objective
* from Hierarchical VAE to L2 loss



Training Objective

N — A A TR A —

LviB = L7+ Lr_1+ ...+ Lo
Lr = Du(aer | o) || poler))
L1 = Dk (Q(xt—l \ 37757370) H p9(33t—1 \ let))

Lo = —logpg(wo | 1)



Training Objective

N — A A TR A —

e variational lower bound

* |ike ELBO
,C@ = Lr+Lr_1+..4+ Ly
Lr = Du(aer | o) || poler))
Li1 = DKL(Q(iUt—l \ xtawO) H pé’(xt—l \ Clﬁt))

Lo = —logpg(wo | 1)



Training Objective

N — A A TR A —

e variational lower bound

* |ike ELBO
LgiB) = Lr+Lr1+..+ Lo
Z 2
Lr = D |20) || po(az))
it’s ELBO if one step
o —— DKL\Q\LW,,_l $t7$u> pu(%—l xt))




Training Objective

N — A A TR A —

LviB = L7+ Lp_1+ ...+ Lo

no parameter, unlike VAE's g,

&) = Da(ser| ) limen)

constant

Li 1

DKL(Q(xt—l \ xtax()) || p@(xt—l | $t))

Lo = —logpe(zo | z1)



Training Objective

N — A A TR A —

LviB = L7+ Lp_1+ ...+ Lo
Lr = Du(aer | o) || poler))
L1 = Dk (Q(ﬂft—l \ xtawO) H pé’(xt—l \ Clﬁt))

reconstruction loss;
like VAE @ = —logpe(zo | 71)



Training Objective

N — A A TR A —

LviB = L7+ Lr_1+ ...+ Lo
Lr = Du(aer | o) || poler))
L2 loss on noise
Liq) = DKL(Q(iUt—l \ 37757370) H pé’(xt—l \ Clﬁt))

Lo = —logpg(wo | 1)



Training Objective

N — A A TR A —

L = By |wille — eo(ze,1)]?]



Training Objective

N — A A TR A —

L = By e |wille — o, )|

-

over Pdata
over [1, T']



Training Objective

N — A A TR A —

L = By (@i)le — eo(z1,1)|?]

set as 1 (critical)

Objective IS FID

L, learned diagonal 32 —
L, fixed isotropic X2 7.67£0.13 13.51 «e—
|€ — €o]|® (Lsimple)  9.464+0.11  3.17 <




Training Objective

N — A A TR A —

[ —

oo e [welle ~Eofz D

conditioned on
noise level (critical)



Diffusion Models

Noise Conditional Network
* represent a distribution



Noise Conditional Network

e Diffusion models decompose a distribution into many simpler ones.
 We need the same # networks to fit all of them.

III

 We can combine all into one “powerful” network.

* This network is conditioned on noise level .

* Noise Conditional Network : things made work



Noise Conditional Network

How to represent po(zi—1 | ¢)
* network input: x;
* network output: u and o of a distribution

* parametrize u by: €g(xy, 1)
noisy image: noise level:

* condition e condition
* network input * network input



Noise Conditional Network

€Eg\L¢,
Unet, ViT, ...
—>>
.
network output:
input also same size
network

input



Diffusion algorithm annotated:

Algorithm 1 Training Algorithm 2 Sampling
1. repeat o = N(0,T)
; TN .
oo "[’JQ(.?O) (1T 2: fort =T,...,1do e/sf'mateo'“
s s O S B 3: ZNNOIlft>lelsez—O
4: €~ N(O I T,
5. Take gradient descent step on 7 4 X1 = Xt 1 ;<0 D
VgHe—eg <Z x0—|—\/ j )H 5: end for
6: until converged 6: return xg

sampling from
estimated distribution



Diffusion algorithm annotated:

Algorithm 1 Training Algorithm 2 Sampling
. wepeat 1: xp ~ N(0,1)
2: XONQ(,XO) 2: fort=1T,...,1do
R, [j{;l(l(f)o%n(@ o, T}) 3 z~N(0,I)ift > 1 elsez =0
. €~ : N
5: Take gradient descent step on X1 = \/% (Xt - \}ﬁée(xu t)) + 0tz
Vo HG—GQ(\/@th—F\/l—@te,t)Hz 5: end for
6: return xg

6: until converged

tl; dr: noising and denoising
 Turns out to be extremely simple
* Being “simple and effective” moves the needle



Example: Unconditional Generation on CIFAR-10
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[Ho et al, 2020]



shared intermediate latents

Example

Share x,,,,

[Ho et al, 2020]



Summary

Forward process
 add noise to data

Reverse process
* |earn to denoise

Training objective
* from Hierarchical VAE to L2 loss

Noise Conditional Network
* represent distributions



Energy-based Models
and Score Matching



Diffusion and Score Matching

e Diffusion Models are closely related to Score Matching.
e Score Matching is one solution to Energy-based Models.

* Energy-based Models:
e can be probabilistic or non-probabilistic
e can be generative or discriminative

* Many useful concepts in diffusion co-evolved w/ score matching

* Annealed importance sampling
* Denoising score matching
* Noise Conditional Score Network



Energy-based Models

* Define a scalar function, called “energy”.

* Atinference time, find x that minimizes energy




Energy-based Models

 We can use an energy to model a probability distribution

exp(—FE(z))

p(z) = @

normalizing
constant




Energy-based Models

e “Score function”: gradient of log-probability

logp(a?) = =

w.r.t. x

269




Energy-based Models
e “Score function”: gradient of log-probability

Velogp(x) = -V, E(x)

‘non-normalized probabilistic models”

E(x)




Energy-based Models
e “Score function”: gradient of log-probability

Velogp(x) = -V, E(x)

‘non-normalized probabilistic models
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*only visualize directions



Score Matching

* |nstead of parametrizing p, we can parametrize the score

1
Dr(paaa(z) || po(T)) = Epdata(w) 9 |V ¢ 10g pagata () — V4 log pe (5’72”2

Fisher divergence score of data parameterized score

Vi log Pdata (97 )

*only visualize directions



Score Matching

* |nstead of parametrizing p, we can parametrize the score

1 2
Dp (pdata(m) ” Po (37)) — Epdata(x) 5 va 1ngdata(m) _ V:B 10gp9 ($)||
Fisher divergence N score of data parameterized score
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Denoising Score Matching

* with noised data x := x + €, it can be proven:

. s 1 N s
Dp(a(#) || po(#)) = Eqtez) | IV2108(F | 2) — Vi logps(#)]*| + constant

Fisher divergence joint
of noised data distribution

parameterized score



Denoising Score Matching

* with noised data x := x + €, it can be proven:

. s 1 N s
Dp((#) || po(#) = Eqgez) | [IVa108(F | 2) — Vi logps(#)]*| + constant

a network to predict
(negative) noise



Langevin Dynamics

* Given a score function, we can sample x from p by iterating:

2
Tt <— Tt—1 ‘|‘(%w log po(Ti—1) + o1z

step size score function
(don’t need to know p)

/ (neg) gradient of energy
_vaQ(mt—l)



Langevin Dynamics

* Given a score function, we can sample x from p by iterating:

“learning rate” gradient

| § L e
| B
oy RN Y

e~

.

2
Tt < Tt—1 _@wEO(fct—l) +

perturbation



(Recap) Diffusion algorithm

Algorithm 1 Training Algorithm 2 Sampling
. wepeat I: xp ~N(0,1)
2: XONQ(,XO) 2: fort=1T,...,1do
y tNB{;l(l(f)Olf)n({la---»T}) 33 z~N(0,I)ift > 1,elsez =0
. €~ : N
5: Take gradient descent step on X1 = \/% (Xt - \}ﬁ@(xta t)) T Otz
Vo He—ee(\/@txo+\/1—@te,t)HZ 5: end for
6: until converged 6: return xo score function
score function 1/

Langevin Dynamics



More about Energy-based Models ...

* Atinference time, find a solution that minimizes energy

1

E(Y,X)

(b)

T

E(Y,X)

xI V]

"This is easy"  (pronoun verb adj)

(d) ()

Rl
8.

& ..

()



Various Perspectives on Diffusion Models ...

* Autoregressive models

be a fully expressive conditional distribution. With these choices, Dx1,(¢(x7) || p(x7)) = 0, and
minimizing Dkr,(q(x¢—1|x¢) || pe(xt—1|x¢)) trains pg to copy coordinates ¢ + 1, ..., 7 unchanged
and to predict the t™ coordinate given ¢t + 1, ..., 7. Thus, training py with this particular diffusion is
training an autoregressive model.

 SDE and ODE
* Normalizing Flows

e Recurrent Neural Networks



This Lecture

e Diffusion Models

* Energy-based Models and Score Matching
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