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Generative Al?
Y =2X +10

X ~N(0,1) Y~ N(10,4)
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Generative Al?

Discriminator

D(x)

Generator

GAN: Adversarial /
X X
G(z)

training

VAE: maximize Decoder

o X
variational lower bound pe(x|z)
Flow-based models: x| Flow = In:rfrse x
Invertible transform of f(x) [ [ (2)

distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse
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One Distribution to Another
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Generative Al

Random Noise
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Stochastic process

Stochastic process
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Just revert the process!

—— Reverse stochastic process

—— Reverse stochastic process

—— Reverse stochastic process
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Anatomy of a Diffusion |\/|ode|

1. Forward Diffusion (Markov chain)
q(xe|xe-1)
-~ @—

2. Reverse Diffusion (Neural Network)

Msx:]bif
@% — ) @H H@

x.-|xr 1)

e o

@2
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Forward Diffusion @_, @ @_, _,@_,

» Corrupting the image by adding small amounts of Gaussian noise

Forward diffusion process (fixed)

Data Noise

, A
q(xe|xi—1) =N (x451/1 = Bixi—1, BI)  q(xrrlxo) = [ a(xelxi—1)  {Bre (0,1)},

t=1

Why is that? —

x; ~ N(x,g_l.].) = :1] = IIg_l +_"\"'(0. 1)
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Forward Diffus @@ @
orward Diffusion @E'] @ﬂ @.

» What happens when we add multiple stages of noise?
let oy =1—5; ay=1IIl
Xt = Jarxi—1 + V1 — €1 ;where €;_1,€;_9,--- ~ N(0,1)
= 1Xp—92+/1 —aroy_1€,_2 ;where €_ merges two Gaussians (*).

= Vauxo+v1— e
q(x¢|x0) = N (x¢;vVauxo, (1 — ay)I)
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Forward Diffusion e L@ @ @,
@ ©— @. @.

» What happens when we add multiple stages of noise?

Forward diffusion process (fixed)

Data Noise

x; = VX + V1 — age
q(xe|x0) = N (x¢; Varxo, (1 — @,)I)
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Reverse Diffusion

» Just reverse the process!

» Why is it unknown?
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Reverse Diffusion @ @ @

> Why is it unknown? Diffused Data Distributions

q(x¢-1]xt) o< q(x¢—1)q(x¢[x1-1)

» Intractable! It requires the whole | )
data distribution
» Approximate it alo) Al aba)  qlx) qlxy)
e "~ W~ W~ W~
» What would be our best guess? abobal  ababe)  abale)  ablx)  alsnlx)

po(Xe—1|x¢) = N(x¢-1; pg(x¢, ), Vg (x¢,1))  po(x0.:7) = p(x7) | [ Poxi-1]x¢)

[=E
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Reverse Diffusion @H H@“* ) @H H@

ol |x -

> Is it always unknown? No! — q(x;_1]x+.xn) = N (x_1:ib(xs.Xn). 5:1)
] o]

Q(Xt71|Xt,X0) =

4\ Xt—1|X0
—Q(Xt|xt17X0)é(;t|)|(0))
scoxp (~ LBV | o V) (VX))
P73 Be 1—&t 1 1—ay
— ex (_1( — 20 XX 1 o] L X =2/ 1X0X¢—1+ 01X C(x t—\/&tx0)2))
b 2 'Bt 1—ar 1—ay
1, Lo 2V 2E
- IR NN I — _1+C
eXP( 2((5 +1_at 1)Xt—1 ( 3 Xe+ T G X0)X¢—1+ (Xt,Xo)))
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Reverse Diffusion Y 2 P
@ : @ l\.' . " o | \:’/‘["‘1
» Why is it a big deal?
o7} 1 oy — oy + By 1 — 6y
! /(6t+1_&_ ) / Bt(l_@t—l)) 1—aqy :
[ \/Oé_t a1 o 1
Xt,X0) = X+ ¢ < ay ]
fre(x¢,%0) = ( 3 1A, ) 5 T 1oa
= <\/a_tx + \/m % 1l—ap_q ))
RVCTI Gt/ VNNRVAT U
o ~ t+ — XO
1— =
g = Voal=diy) o VEif ] _
— 1_

_ ! <xf l,iaf Q) — Our GT!! (kind of...)

1 —ay
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Reverse Diffusion

Po(xealx)
b o y Eﬂ ) ﬂ
& 8

q(Xe|xe-1) i N~

Data Noise

J\ N N D\ N N

p(x¢) =N (x40,1)  po(x—1]xs) = N (x4—1; pg(X¢, 1), BeI)

Lo(x¢,t) — Neural Network
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Training @ ®—© ~
u) B A

» Likelihood problem! e
max By po(x0) — min —Ey(x,)po(xo) — min —Ey () log pg(x0)

L= _Eq(XO) 1ngg(X0)
= _EQ(XO) log (/pG(XO:T)dXLT)

. po(X0.7)
= IEq(XO) log (/Q(XI:T|XO) q<X1:T|XO) Xm:T)

p@(XO:T) )
q(x0) og( q(x1:T|XO)Q(X1:T‘XO)
log _P(X0:T)
q(x1.7(X0)
Q(XI:T|X0):| — L
-~ | — LVLB
p@(XO:T)

—  Jensen's Inequality
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Training N
®5 9 % “p
Q(X1:T|XO)] \
p9<XO:T)

T q(xefxe 1)
Po (XT)HtT 1P9(Xt 1]x¢)

q(xt|xt-1)
=K —logpg Xr)+ Y log———mm=
1 T tz:] pe(Xt 1|Xt)

(x¢|xt-1) o q(x1]x0)
a(Xt 1|Xt) pe(Xofxl)

Lvie = Eq(xp.r) [10%

=[E,|log } — definitions of p and q

} — splitting the log

=E, —logpg X7) Zlog — splitting last step
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Training @ H@%H H/{
\ glxilxi1) A

T
—_ X1 |X
:Eq{—logpg(xT)—i—Zlog(q(Xt 1|Xt,XO). q(x¢|x0) )—l—log q(x1] o)} s Bayes rule

po(xe—1/xt)  q(xe-1]x0) po(xo[x1)
q(x¢—1]%¢,%0) (xt|x0) q(x1/x0) "
=E,|—1lo xr)+ » log +>» lo +log — splitting log
[ Epo(xr) ;; po(xi-1lxi) Z q(x¢—1[x0) pe(X0|X1)}
=E {—logpe X7) +Zlogm+log a(xr|xo) lo q(x1|x0)} — cancel out products
i—2 po(xt—1|x¢) q(x1xo0) po(Xo[x1)
:Eq{l XT| 0 Zl w—logm(x(ﬂxl)} — cancel and combine logs
Po(xt—1xt)
T
= By [Diw (g(x7|%0) || po(xr)) + > Drci(q(¢e—1%¢,%0) || po(x¢—1]%¢)) —logpg(xo[x1)]
t=2

Lr Li—q Lo
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Trainin 7
W s

» Putting all together as KL-Divergences

Lvig=Lr+Ly-1+---+Lo
where Ly = Dk (q(x7|x0) || po(x1))
Ly = Dii(q(xe|x¢+1,%0) || po(xe|xe41)) for 1 <t <T—1

Lo = —logpa(xo|x1)

» KL-Divergence for two Gaussians has a closed form!

1 11 2
2 H”t(xtvx()) _H’H(Xf-f)H—

T R
L0 9B (xe, 1)]13
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Training (almost there!)

» Why is that proportion important?

I 1
Lo = Expe| ooy (e, %0) —
t Xi).€ -2||Ea(xﬁ-f-:l]g #p( B [1} [TFB
r | 1 1 — oy 1 -
— IE)(“.E '—‘)” (X - = € ) = \ enlx, 1
L2[[Zg |5/t ’ V1—ay r /S V1 —a
(1 —ay)? 5
= [Ex ~|le;r — ep(x4,1 ]
0.€ .2(\';(] —-ﬁf)”Eﬁ”éH t 6'{ ts )“
[ (1 — oy)? _ _ Y
= By, lec — €o(Vaxo + VT e, )]
[ 200, (1 — @) || Zp |3
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Training - Algorithm

@4) 4)@—._)@ ’ xo
{'::'
2
\ X\Xl ' |

;) is unknown

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xr ~ N(0,I)
2 Xo ~ 4(xo) 2 fort=T,...,1do
2. t~ Ij}](léorli)ﬂ({l, T} 3: z~N(0,1)ift > 1,elsez =0
D e~ ,
5: Take gradient descent step on 4 Xp-1 = ﬁ (xt - Jl——LEe(Xt» ) + Otz
Vo ||€—€g(\/5t_tX()+v‘l —dte,t)nz 5: end for
6: until converged 6: return xo
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Implementation - Architectures

1}
Time Representat1 on .II I

Fully-connected
Layers

» Diffusion models typically use a U-Net on steroids to predict the noise.
» [t's a massive kitchen sink of modern CV tricks:

» ResNet blocks, Positional Embeddings, Attention blocks, Group Norm, Swish Act.,
etc.
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Diffusion Models Power

Linear
(a) Inpainting (c) Gaussian deblur

Non-linear

(e) Phase retrieval
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Diffusion Models Power

PnP-ADMM Ours Ground Truth

Measurement

Gaussian deblur Motion deblur

SR (x4)

(sor

0 = 0)an|q ueissneg

juswaInsespy

(so0

= 0)4n|q uoROW

Wina punoJto
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Summary (cheat sheet)

» Timesteps: 1000
» Betas: linear scheduler

Bi=10"%* Bp=0.02
t
a=1-5 ay=]]w
i=1

» Adding Noise: ¢(x¢|x0) = v/arxo+ /1 — aze
» Removing Noise: py(x;—1|x¢) = \/z—t<xt - \}%ee(xt,t)) + Bre

> Cost: f3; = 1;?3;1 - Bt

Lt = Epnfy 1) |l €0(v/arxo +VI=arer, )



