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Noise Conditional Score Network (NCSN)*

Motivation: Learning the score function sg(z) ~ V, log p(x) instead

Training Objective: Score Matching for Score Estimation

1 1
SEpiaa [ 36(2) = Vi l0g pdata(@) |3] — Ep,,i, %I(‘7m89($))-+ 5 1 s0(2) |2

2
expensive

Sampling with Langevin Dynamics

Ty = Ti—1 + %Vm logp(xs—1) + Vez:, where zp ~ N(0,1)
score

*[1907.05600v3] Generative Modeling by Estimating Gradients of the Data Distribution (arxiv.orq)



https://arxiv.org/abs/1907.05600v3

Noise Conditional Score Network (NCSN)

Cheaper Score Matching
pre-specified noise distribution, i.e. Gaussian

1. Denoising Score Matching (DSM) /

Matching perturbed data distribution ¢, (%) = /qg(:’z”:|a:)pdam(.r)da:

1 N -
5B @loypanrata) [ 56(2) = Vi log g (E]) |[3]

2. Sliced Score Matching: random projections to approximate tr(V,sg(z))

1
By Epa 0750000 = 5 1| s0(o) |



Noise Conditional Score Network (NCSN)

Low Density Regions Pitfalls: learning the score of pg4:q ONly

1.

2.

Inaccurate score estimation in low data density regions

For regions with p4.ta = 0, we do not have sufficient

data samples for accurate estimation.

Slow mixing of Langevin dynamic

pdata(m) . 7Tp1(33) + (1 . ﬂ-)pQ(x)
vm log Pdata (x) - v:r: 10gp1 (-17)
v:c log Pdata (LL‘) — vcc 10gp2 (.GC)

Data scores

Estimated scores
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Noise Conditional Score Network (NCSN)

Training Objective: Score Matching a Sequence of Noise-levels

Large noise: perturbate the data sufficiently to better estimate the low density regions
Small noise: be able to converge to the true data distribution

Denoising score matching objective for given ¢
4o (Z|2) = N(% | 2,0°T) — V,logqs(Z|z) = —(& — 2)/0?

1 N T —x
ZEpdam(:r)E:ENN(:c,JQI) | so(Z,0) +

((0;0) 2
Final objective

LO;{o} )& — Z/\ (0:)0(0;0;)

i=1 coefficient function



Noise Conditional Score Network (NCSN)

NCSN Inference: via Annealed Langevin Dynamics

A sequence of positive noise scales G5, — 01 < 02 < - -+

Pooin (:E)

% 'S
Ay
B
Data samples
{x1, %2, , xn} = p(x)

/

~ Pdata (33)

I s S N N
AR A R R A A A 4

B e

B

; :
- :’11 d 4 4 by
> ipw 4 DR R
2 RN S A T
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Scores

Se(x) ~ Vx logp(x)

o

Langevin
dynamics

New samples

pJT?Lﬂ.m (33)

< 0L = Omax

\

N(x;0,02 1)

Algorithm 1 Annealed Langevin dynamics.

Reqmre {O‘,}L_l,E,T

2:

3
4
5
6:
7
8
9

: Initialize xq
fori+ Lto 1 do
a; —€e-0)or
fort+ 1lto1 do
Draw z; ~ N(0,1)
% X1+ G s0(Ri1,00) + /a7
end for
5(0 — )NCT

> «y; is the step size.

: end for

return X

Outer loop: responsible for transitioning to next noise levels
Inner loop: takes T steps to guarantee the samples are from P,
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Deep Unsupervised Learning using Nonequilibrium Thermodynamics™

First Attempt from Deep Unsupervised Learning using Nonequilibrium Thermodynamics

Main Ideas:

® inspired by non-equilibrium statistical physics

® systematically and slowly destroy structure in a data distribution (iterative forward diffusion)
® then learn a reverse diffusion process that restores structure in data(restore data distribution)

Math come soon in DDPM

Jascha Sohl-Dickstein is also author of RealNVP and Score-based generative model through SDE,
now is working on ML theory and NLP

*[1503.03585] Deep Unsupervised Learning using Nonequilibrium Thermodynamics (arxiv.org) 10



https://arxiv.org/abs/1503.03585

DDPM: Denoising Diffusion Probabilistic Models*

GAN: Adversarial / Discriminator Generator 1.

. X X A x
training D(x) G(z)

VAE: maximize x | .| Encoder dz Decoder ,

variational lower bound q¢(z[x)

Flow-based models: x Flow z . In:ffrse .| x!
Invertible transform of f(x) f~(=z)
distributions
Diffusion models:_ X0 X1 Xo . z
Gradually add Gaussian - - - [ --mmmmme R R
noise and then reverse

*[2006.11239] Denoising Diffusion Probabilistic Models (arxiv.orq)



https://arxiv.org/abs/2006.11239

DDPM: Denoising Diffusion Probabilistic Models

True data dist. : 2o ~ q(xo)

Markov Assumption
Forward process: ¢(z1.7|2o) := Hq(fctlict 1)
T
= )

Reverse process: po(zo.r) := p(@r HP@ Ty—1|my
t=1

Use variational lower bound

\~_—’

O oy, il

12



DDPM: Denoising Diffusion Probabilistic Models

Forward Diffusion Process

5131 T\iUo) Hq $t|5€t 1

Each Step

q(xi|ri—1) = N(285 /1 = Bravg—1, ) of a2 = /1 — Brws—1 + / Brze—1

norm invariant

variance schedule 3: controls the diffusion processing

For arbitrary t

T
Q(ﬁt\l‘o) = N(ﬂft; Vo, (1 — @t)I) a; =1— 3 and oy = HOéi

i=1
Tt =VouTo+ V1 — a2z

13



DDPM: Denoising Diffusion Probabilistic Models

Reverse lefUS|on Process if 6t is small enOUgh, Q(.ft_l ‘;Ef) will also be Gaussian
T
po(zo.T) = p(zT) Hp9(33t—1’33t) po(Ti—1l|Te) = N (@115 (@1, ), X (24, 1))
t=1

Reverse when condition on zg

Q(ﬂjt—l‘xta CUO)

= glelwi, 20) (T
Lt—/ Ut Tt 2 Ty 1—A/Op_ 1T 2 Ti—\/ O T 2
xX exp ( — %(( \/; - + = ll—atill o) L 1g o) ))

=exp (= 1((5 + e — (e + P a0 )n 1 +C(w, w0))

1
— Q(mt—l\xt; 370) = N(Xt—l; ﬁ(Xt, XO)? BtI)

Vor(l — 1)

var 1By 1 ( B ) 1 —apq
—a T loa X Jm T VIoa -

z; 18 the noise between x; and xg



DDPM: Denoising Diffusion Probabilistic Models

Negative Log Likelihood to Variational Lower Bound

—log pg(x0) < —logpg(xo) + Dkr(q(x1.7[%0)||pe (X1:7[%0))
q(X1:7|%0) ]
Po(X0:7)/Po(X0)

=i 10%]?9(?(0) + EXI:TNQ(X11T|XO) [log

= —log pg(x0) + E, [log q;j(lxj(;'?))) + log pg (XO)]
Q(Xl:T|XO)}
Po(Xo0:.T)
q(x1.7|%0)

Po(X0:7)

= E, | log

Let Lyvig = Eq(xo;T) |:10g :| > _Eq(xo) 1ng9(X0)

15



DDPM: Denoising Diffusion Probabilistic Models

Parameterization for Training Loss

T
LVLB — EQ’(X():T) |:10g q(X1T|XO)i| — ]E,q |:10g Ht=1 Q(Xt|xt71) :|

Po(Xo0:7) po(xX7) Hle Po(Xi—1]X¢)
g(x7[x0) =, q(xi_1|%t,%0)
— 1| X,
:Eq[logA+E log == o —10gP6(X0|X1)} Known

pQ(XT) i—o Peo (Xt I‘Xt) /

= Eq[PKL( (XT\XO || Po XT) ZDKL Q(Xt—1|Xt,X0) H PB(Xt 1\Xt)) 10%176(X0|X1)]

Ly Ly Lo

He(il?t:t) . \/%_t(xt - wli—mZQ(mt’t))

P9($t4|$t) =N(ift—l;Me(iﬁt,t)aze(il?tat)) {
So(xs,t) = o2l

Model The Noise(Residual)

LT = By 2, [l126 — 26(Vaswo + mzt’t)nz]

16



DDPM: Denoising Diffusion Probabilistic Models

Nonetheless, it is just another parameterization of pg(x¢—1|x+)

t

po(we,t) = (e — 1’8_@29(3%75))

pe(ﬂﬂ’t—l !fﬁt) = N(ft—l;ﬂa(%, t), 26(3715: 75))

So(w1,t) = 07 1 Pt
two optionst o* =<¢ 1 — @&,
T4 Pt
Ot
Algorithm 1 Training Algorithm 2 Sampling
l: repeat 1: x7 ~ N(0,1)
2: %o ~ q(Xo) 2: fort=T,...,1do
2- t~ Ij{;l(l(f)orlf)n({lv -, T}) 3. 2~ N(0,I)ift > 1,else z = 0
e~ ’ —
5: Take gradient descent step on 4| X1 = \/% (Xt - —Lﬁze(xtat)) + otz
Vo ||€ —Zg(varxo + V1 — Qe t)||2 5: end for

6: until converged 6: return x,

+ Covariance has analytical optimal form (Estimating the Optimal Covariance with Imperfect Mean in Diffusion Probabilistic Models) 17



https://arxiv.org/abs/2206.07309

DDPM: Denoising Diffusion Probabilistic Models

T
—_— Q($t|wt-1) = N(wt; \/1 - Btwt—hﬂt-’) = g(z17|20) = HQ(th’Bt—l)

t=1

T
po(To) = /p(wT)HPe(wt—ll-’Bt)dwlzT G po(ze-1|zt) = N(2e-15 0 (21, 8), Bp (21, 8)) +—— ar ~N(0,I)

=1

18
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DDIM: Denoising Diffusion Implicit Models*

Variational Inference for Non-Markovian Forward Processes

—log pg(x0) < —log pg(x0) + Dxr(q(x1.7X0)|lPe(X1:7[%0))
T Model this directly

4o (T1:7|%0) = g5 (z7|T0) H Qo (Tt—1|T¢, To)
t=2
Reverse Process: deterministic given x;, xg

Ti—1 = /O — 1$0+- Oft 1330‘|‘ 1—0615 l_O't €t + O1€

Qo

Qo (ﬂi’t 1|$t,$0 Oét 1$0+\/1—Oft 1—01; \/ﬁ ;UtI)
. t

Forward: still Gaussian (non-Markovian)

Qo (Te—1|2t, 20)qo (t|0)
QJ(%—1|LL’0)

QU(It\%—l;IO) —

[2010.02502] Denoising Diffusion Implicit Models (arxiv.org)
a in DDIM is a; in DDPM.

20


https://arxiv.org/abs/2010.02502

DDIM: Denoising Diffusion Implicit Models

Given: noisy observation z, Model difference between xp and ¢

Prediction of the corresponding o (z:) = £ (a¢) = (z; — \/—,‘(1 —adesNae)) /v

(1) 2 ——
pg)(xt—l’xt) = {N(f9 (21),011) ift=1

qJ(l?t—1|$tafét)(£L’t)) otherwise

Variational Inference Objective (equivalent to objective in DDPM for certain weights)

JO’(EB) = Em(];z‘mqg(ﬂ?():?) [log qU' (J:l;T‘iEO) T log p9 (:EOTH
T

T
= Exg.1~go (@o:r) llog Go(Tr|T0) + Y 10 go(@e—1|Te, o) — Y logpy (s—1]a:) — logpe(&'rT)]
t=2 t=1

Surrogate Objective ~ [3"™Plc — | [Hzt — zo(vV o + V1 — a2, t)||2] Same as in DDPM!

21



DDIM: Denoising Diffusion Implicit Models

Sampling from Generalized Generative Processes p( )(

Tt — v/ 11— thﬁg .'Et 9 (1)
Ti—1 = /01 N l -1 —o0f €y (xe)+ Ot€
t ) =~
random noise
~~ direction pomtlng to z

predicted xg

o=V (1 —as_1) /(1 —ap)V/1 —as/oy_1

« DDPM: 1 = 1 (forward process becomes Markovian (different noise schedule from vanilla DDPM))

« DDIM: 1 = 0 (forward process becomes deterministic)

Table 1: CIFARI10 and CelebA image generation measured in FID. 7 = 1.0 and ¢ are cases of
(although ( ) only considered 7" = 1000 steps, and S < 7' can be seen as
simulating DDPMs trained with .S steps), and 77 = 0.0 indicates

CIFARI10 (32 x 32) CelebA (64 x 64)
S 10 20 50 100 1000 10 20 50 100 1000

0.0 | 13.36  6.84 4.67 4.16 4.04 17.33 13.73 917 6.53 3.51
02| 1404 7.11 4.77 4.25 4.09 17.66  14.11 9.51 6.79 3.64
T 05| 16.66 8.35 5.25 4.46 4.29 19.86 1606 11.01 8.09 4.28
1.0 | 41.07 18.36 8.01 5.78 4.73 33.12 2603 1848 13.93 5.98

o | 36743 13337 3272 9.99 317 | 29971 183.83 7171 4520  3.26

22



DDIM: Denoising Diffusion Implicit Models

Accelerated Generation Processes o3 /\

Denoising surrogate objective does not depend @
on the specific forward procedure g, (x;—1|xg
Arelo) T g (g, o)

Peo
y
‘(/(;133‘:13(,}

Consider the forward process as defined on asubset 7 = [71, 72, .. ., Tdim(r)] C [1,2,---, T

_ B T, — A/ QX
qa,T($T¢—1|$Tta$0) — N(‘CCTi—l; vV &t—120 + \/1 — Qg1 — Utg Tﬂ 701521)

The generative process now samples latent variables according to reversed(7), which we term (sampling) trajectory

—> Train a model with arbitrary number forward steps but only sample from some of them in the generative process

(05}
f (@) —— (@0

23



DDIM: Denoising Diffusion Implicit Models

Relevance to Neural ODEs

(t)
—J1 =
e (:Et €y (il?t)) +\/1—Oft— 2 (¢)

v “ ~~~
v~ .
- , . . M 7 random noise
~~ direction pointing to x:
”predicted xo ”

Tt—At Lt

‘ I —ai_ay =) o
= — = — €y (T¢)
v Ot— At \/at Ot At Ot

—t
|
R

o — dz(t) = P (
Fri=

§)-°

z(t)

o2 +1

) do(t) Variance-Exploding SDE soon

24
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SDE-based Generative Models: A Unified Framework*

Forward SDE (data — noise)
@ dx = f(x, t)dt + g(t)dw
o . score functln 8(9 x, " O't
'(— dx = [f(x,t) — t{V log pt ( i] dt + g(t)dw

Reverse SDE (noise — data)

N——

*[2011.13456] Score-Based Generative Modeling through Stochastic Differential Equations (arxiv.orq) 26



https://arxiv.org/abs/2011.13456

SDE-based Generative Models: A Unified Framework

Model diffusion process as solution of 1t6 SDE (continuous time)
dr = f(x,t)dt + g(t)dw

Generating samples by reversing the SDE

dr = [f(ZC, t) - g(t)Qv:c logpt(x)]dt + g(t)dw

Data Forward SDE Prior Reverse SDE

dz = f(z,t)dt + g(t)dw —)@— dz = [f(z,t) — ¢*(t)V. log pi(z)] dt + g(t)d@

o
2
@

27



SDE-based Generative Models: A Unified Framework

known Gaussian when f(x,t) if affine

Training Objective (DSM)

0% = argmin Ey_p 0,1y { N6)Ea(0)Ea(yjwo) [l[56 (£(t), 1) — V() log por ((2)[2(0)) 5]}

Discretizations dx = f(x,t)dt + g(t)dw
SDE Form Discrete Markov Chain SDE Expression
Variance Exploding (VE) SDE 2 2 d[o2(t
ariance >(<§|\</)IdL|[r;§1( )S T = mi1 + /0% — 0% 24 ]y [ dt( )] e

Variance Preserving (VP) SDE 1
(DDPM) z; = V1= Bizic1 +/Bizi—1 dr = 55@)33(175 + /B(t)dw



SDE-based Generative Models: A Unified Framework

Reverse SDE Discretization z; = ;41 — fi+1(xit1) + gi+1gﬂ139(:ci+1 i+ 1)+ giv12ia1

Predictor-Corrector (PC) Samplers

1. general-purpose numerical SDE solvers DDPM: predictor only
2. score-based MCMC (i.e. Langevin MCMC) SMLD: corrector only
Algorithm 2 PC sampling (VE SDE) Algorithm 3 PC sampling (VP SDE)

1: XNNN(O,) 1: xy ~N(0,1)

2:- fori = N — Tto (0 do 2: fori =N —1to0do

3 x; <—NJ’<¢+1 + (6211 — 03)se% (Xiy1,0i41) 30 X (2—4/1-=Bir1)%ir1 + Bit1Sex (Xiv1,4 + 1)
SR T 4: z~N(0,I)

51 X4 — xg + 4 /JfH — sz 50 x; «— x:; + \/KT—HZ Predictor
6: forj = 1to M do 6: for j = 1to M do Corrector
7 z ~ N(0,1) 7 z ~ N(0,1)

8 X; < X; + €;Sgx% (X, 0;) + /2¢,2 8 Xi — Xi + €:Sgx (Xi,1) + /2¢€;2

9: return xg 9: return xg




SDE-based Generative Models: A Unified Framework

Relationship between Bayesian Posterior and Reverse SDE

p(@eiaelee) =N (zeia; @ + fi(2e) At, g AtT)
LAt — T = ft(mt)At + arv At&?, €~ N(Oa I) ( ‘|wt+At — Ly — ft(cct)AtHz)
x exp| —

297 At

p(®sae|xe)p(x:)
p(®eiat)
( T ae — ¢ — film) At
ox exp| —
297 At

p(®|®riat) = = p(@t4atle:) exp(log p(:) — log p(®1at))

+ logp(z;) — IOgP(thrAt))

)
logp(@iiat) = logp(®;) + (®11a: — ®1) - Vi, logp(ay) + AtalOgP(wt)

@ ae — @ — [fe(®:) — 97V, log p(a:)] At )

plee|@ear) o eXP(— QQfAt

. ( e — ®eeae + || Froae(®ear) — Qf_mvm,.d. log p(m:; ae) JAL| )
29?| AL

de = [fi(z) — g/Valogp(z)|dt + gidw

30



SDE-based Generative Models: A Unified Framework

Sampling: DDPM and SDE point of views (equivalent up to first order)

The ancestral sampling of DDPM matches its reverse diffusion counterpart when 3; ~ 0 for all i

Bayesian Posterior Reverse SDE

1
X :—(Xz‘+1 + Bit18e (Xiy1,0 4+ 1)) + v/ Bis1Zit1
\/ 6'L+l
1+ BHI + 0(5z+1)) (Xi41 + Bit18e% (Xix1, + 1)) + 7/ Biv18Bit1

1 1
I+ Bz+1>xz+1 + BiviSgx (Xip1,8+ 1) + Bz+159*(xz+1, i+ 1)+ Biv1Zi41

1
%(1 + 2ﬁz+1) (Xip1 + Biv18ex (Xit1,0 + 1)) + v/ Biv1Zi11
( 2

1
1+ 25z+1)xz+1 + Bit18e% (Xix1, 0 + 1) + A/ Bit1Zi+1

1 .
(1 — §Bi+1)]xi+1 + Biv18gx (Xit1,1 + 1) + 1/ Bit1Zit1
1 .
(1 5z+1) + O(ﬁiﬂ)]xz‘ﬂ + Biv18ex (Xiv1,0 + 1) + /Biy12Zi41

=(2 — /1= Bit1)Xiz1 + Biv1Se* (Xig1,0 + 1) + A/ Biv1Zi41-

31



SDE-based Generative Models: A Unified Framework

Model: DDPM and SDE point of views

Score in score-based model is affine transformation of predicted noise in DDPM

Ty =/ ouxog+ V1 — o - € Equivalent one step forward

so(xe,t) =~ Vg, logp(xi|Ty) Denoising score matching

Ty — /O : :
LN hes Gaussian assumption
1 — oy
€
v1— oy
7@:9(:13,5, t)

N

Q

32



SDE-based Generative Models: A Unified Framework

ODE form

Fokker-Plank function associated with forward diffusion

%pt(w)—_vm-[ft(w) ()] + gtv Vapi(2)

fo — fiz) - 5(9? _th)vm log pi(x)

With a? S gf and =

. 1
dr = f,(x)dt + gidw equivalent dx = (ft(;c) - 5(93 — 02V, logpt(as)) dt + opdw

1
Reverse dx = (ft(w) - 5(93 +07)Va 10gpt($)) dt + oydw

1
ODE o (ft(ac) - lgv. logmm)) it

Comparing with SDEs, ODEs can be solved with larger step sizes as they have no randomness.

33



SDE-based Generative Models: A Unified Framework

Controllable Generation
dx = [f(x,t) — g(t)* V. log pi(z]y)]dt + g(2)

/ Bayesian time-dependent classifier
dz = {f(z,t) — g(t)*[Vz logpi(z) + V.log pi (y|z))}dt + g(t)dw

34
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SDEdit: Guided Image Synthesis and Editing with SDE*

Perturb with SDE Reverse SDE

%kc . ‘Q

L
Image @

Input
Faithful Realistic More faithful More realistic
- —- Less realistic Less faithful
R SDEdit ..
Faithful [ 1 ‘ Realistic

L; squared

slolole]ls o]l

t0=0 to=0.2 t0—04 to—OS t0—06 to—07 to—08 to—09 to

*[2108.01073] SDEdit: Guided Image Synthesis and Editing with Stochastic Differential Equations (arxiv.org) 36



https://arxiv.org/abs/2108.01073

Come-Closer-Diffuse-Faster: Accelerating Conditional Diffusion Models for Inverse Problems
through Stochastic Contraction*

Same idea but different downstream tasks: super-resolution (SR), inpainting, and MRI reconstruction

(@) (b) (c)

- ) )
..- o

Reverse rwar Forward Reverse

]

t="T t=0 t=0 t=t, t=0 t=0 t=t' t=0

*[2112.05146] Come-Closer-Diffuse-Faster: Accelerating Conditional Diffusion Models for Inverse Problems through Stochastic Contraction 37



https://arxiv.org/abs/2112.05146

DifFace: Blind Face Restoration with Diffused Error Contraction®

Same idea but different downstream task: Blind face (easier) restoration

@ P (Xn—1]xn) >@ R

xn~p(xn|Yo) HQ Image

L

A
®

Diffused Estimator !

LQ Image

y={[@ k) b +10) g, | 1o

two classical network architectures
as the backbone SRCNN and SwinIR

*[2212.06512] DifFace: Blind Face Restoration with Diffused Error Contraction (arxiv.orq)



https://arxiv.org/abs/2212.06512

Accelerating Diffusion Models via Early Stop of the Diffusion Process™

Get not fully noising image by diffusing output from pre-trained models like GAN and VAE

Diffuse T steps

Diffuse T’ steps Encoding G (2 |5130)

Latent
Code

Denoise T steps

Denoise T steps Diffuse
Full-length DDPM Early-Stopped DDPM

T T

*[2205.125241 Accelerating Diffusion Models via Early Stop of the Diffusion Process (arxiv.org) 39



https://arxiv.org/abs/2205.12524

Image Super-Resolution via lterative Refinement*

The condition is concatenated with yt along the channel dimension (cascaded)

82,1024 82,1024

642, 256 642, 256

Z-Ye 128?128 1282, 128 Yi-1
Same author also proposed palette for multi-tasks{, same architecture used for cascaded diffusion

*[2104.07636] Image Super-Resolution via lterative Refinement (arxiv.orq)
1[2111.05826] Palette: Image-to-Image Diffusion Models (arxiv.org)
1[2106.15282] Cascaded Diffusion Models for High Fidelity Image Generation (arxiv.org)



https://arxiv.org/abs/2104.07636
https://arxiv.org/abs/2111.05826
https://arxiv.org/abs/2106.15282

SRDiff: Single Image Super-Resolution with Diffusion Probabilistic Models™

Learn the residual with condition encoded LR (fused as 2D CNN block outputs )

Po (Xe—1lx¢)

q(xelxe-1)

Algorithm 1 Training

Algorithm 2 Inference

1:

o

P

Input: LR image and its corresponding HR image pairs P = 1:
{(z%, x5) 1, total diffusion step 7' 2:
Initialize: randomly initialized conditional noise predictor € and  3:
pretrained LR encoder D 4:
repeat 5:
Sample (zr, zH) ~ P 6:
Upsample x 1, as up(xr), compute|z, = x5 — up(x )| 7
Encode LR image z1, as e = D(z1) 3:
Sample € ~ N(0,1), and ¢ ~ Uniform({1,--- ,7'})
Take gradient step on
Volle — eo(ze, ze, t)||, 2t = Varx, + 1 — e 9:
until converged 10

Input: LR image xr, total diffusion step T

Load: conditional noise predictor € and LR encoder D

Sample zp ~ N(0,1)

Upsample x 1, to up(xr)

Encode LR image z, as z.

fort=7,T7—-1,---,1do
Sample z ~ N (0,1) if t > 1,else 2 =0
Compute x;—; using Eq. (7):

Ty — %Ee(mtgfﬁe:t)) + o9(@1, 1)z

D(zr)

1
Tt—1 = Jat
end for

: return o + up(xr) as SR prediction

[2104.14951] SRDiff: Single Image Super-Resolution with Diffusion Probabilistic Models (arxiv.org)
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ILVVR: Conditioning Method for DDPM*

Latent Variable ‘ » A
Refinement  q(y,_1|y) ”

-

Algorithm 1 Iterative Latent Variable Refinement

Input: Reference image y

Output: Generated image x

on(+): low-pass filter with scale N

Sample 27 ~ N(0,1)

fort=1T,...1do
z~ N(0,I)
xy_ ~ po(xi_q|Te) > unconditional proposal
Yi—1 ~ q(yi—1ly) > condition encoding
Ty On (Y1) + 241 — On(T4_1)

end for

: return o

R A A ol S

—_— =
—_ o

*[2108.02938] ILVVR: Conditioning Method for Denoising Diffusion Probabilistic Models (arxiv.org)



https://arxiv.org/abs/2108.02938

RePaint: Inpainting using Denoising Diffusion Probabilistic Models*

Same idea but different downstream tasks from ILVR

Algorithm 1 Inpainting using our RePaint approach.

Input Mask 1: xr ~ N(0,1)
2. fort="T,..., 1do
3: foru=1,..., U do

5 4 e~N(0,I)ift > 1,elsec =0
5: Iltﬂf“fm = Vaixro + (1 — c')zt)e
6 z2~N(0,I)if¢t > 1, elsez=0

Mask Inv. 1 Ig]lklfown = \/%—t ($t - \/lﬁ%—mee(afnt)) +oiz

8: i1 =m O + (1 —m) © ™o

* 9: ifu < U andt > 1 then
10: zt ~ N(1 = Bi—1zi—1, Be—11)
11: end if
12: end for

Next 13: end for

- 14: return xg
[teration

*[2201.09865] RePaint: Inpainting using Denoising Diffusion Probabilistic Models (arxiv.orq)



https://arxiv.org/abs/2201.09865

Noise Estimation for Generative Diffusion Models*

Figure 1: An overview of our generative process. INS and UNS are respectively the functions initializeNoiseSchedule() and
updateNoiseSchedule(&).

Algorithm 3: Py training procedure

1: repeat

2 yo ~q(yo)

3 s~U{L,..,N})

4: \/CTINH([ZS_l,ES])

50 e~N(0,1)

6:  ys=vay+/1—|ale

7 o= Pg(ys)

8:  Take gradient descent step on:

[ log(1 — a) —log(1 — &)||2

9: until converged

*[2104.02600] Noise Estimation for Generative Diffusion Models (arxiv.org)

Algorithm 4: Model inference procedure

1: N Number of iterations

2: yn ~N(0,1)

3: «, 3 = initialNoiseSchedule()
4: forn=N, ..., 1 do

50 z~N(0,I)

6: € =c¢p(yn, \/1&_"“) or £9(yYn, t) where &y, € [ly, ;1]
T g = S

8: if n € U then

9: &= Pg(yn_l)

10: a, B, 7 = updateNoiseSchedule(c, n)
11:  endif

12:  if n # 1 then

13: Yn—1 = Yn—1 + 0nZ

14:  end if

15: end for

16: return y,
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https://arxiv.org/abs/2104.02600

Denoising Diffusion Restoration Models (DDRM)*

An efficient, unsupervised posterior sampling method

PO(X() X1, X2, X3) P()(X0=X1=X21X3‘Y)

—,
Use pre-trained
models for linear Xl X2, X‘3|X0 y
O inverse problems ( /\{ E }y
X0 X1 X |
Denoising Diffusion Probabilistic Models Denoising Diffusion Restoration Models
(Independent of inverse problem) (Dependent on inverse problem)

*[2201.11793] Denoising Diffusion Restoration Models (arxiv.orq) 45



https://arxiv.org/abs/2201.11793

Dual Diffusion Implicit Bridges for Image-to-Image Translation*

Source Latent Target

A 4

A 4

A 4 v
y Yl ¥
y
.

Y
A
\ A 4

Yy

ODESolve(x}”;gi”,0,T) ——> (x|~ (xl) ) ——  ODESolve(x{"; 4, 7,00 —— (x{?)

Figure 1: Dual Diffusion Implicit Bridges: DDIBs leverage|two ODEs Ifor image translation. Given a source image

xés), the source ODE runs in the forward direction to convert it to the latent x(; ), while the target, reverse ODE

then constructs the target image xgt). (Top) lustration of the DDIB idea between two one-dimensional distributions.
(Bottom) DDIB from a tiger to a cat using a pre-trained conditional diffusion model.

*[2203.08382] Dual Diffusion Implicit Bridges for Image-to-lmage Translation (arxiv.org)



https://arxiv.org/abs/2203.08382

Score-based Generative Modeling in Latent Space™

Latent Space Conditioning)
Diffusion Process emanti
Ma
Z s

Faster diffusion
in latent space

* Datax

- 2

N/

Reconst
p(x|zo)

—e
™\
o

Pixel Space

\9/

Denoising U-Net €p Text

Repres
entations

bg

T

denoising step crossattention  switch  skip connection concat =/

Encoder

e—— =@ \

=0 ;z:‘(

==

Decoder

Latent Space Diffusion » p(z1)

KL(q(zo|x)||p(2z0)) ) Latent Space Denoising

1[2112.10752] High-Resolution Image Synthesis with Latent Diffusion Models (arxiv.org)

*[12106.05931] Score-based Generative Modeling in Latent Space (arxiv.orq)
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https://arxiv.org/abs/2111.05826
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2106.05931

Tackling the Generative Learning Trilemma with Denoising Diffusion GANS*

High
Quality
Samples

Generative
Adversarial / |
Networks/ : \

Denoising
“, Diffusion
“, Models

Variational Autoencoders,
Normalizing Flows

*[2112.07804] Tackling the Generative Learning Trilemma with Denoising Diffusion GANSs (arxiv.orq)

Lo

Forward diffusion

q(x; 1 | )

Real / Fake?

Q(wt-l | Z;, 33’0)

Suruonipuo)
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https://arxiv.org/abs/2112.07804

Thank Youl



Useful Resources

 What's the score? — Review of latest Score Based Generative Modeling papers

» zhangbaijin/Diffusion-model-low-level (github.com)

 What are Diffusion Models? | Lil'Log (lilianweng.qgithub.io)

» Generative Modeling by Estimating Gradients of the Data Distribution | Yang Song

» Diffusion Models as a kind of VAE

* yang-song/score sde pytorch

* Denoising Diffusion Probabilistic Models (DDPM) (labml.ai)

* Denoising Diffusion-based Generative Modeling: Foundations and Applications
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https://scorebasedgenerativemodeling.github.io/
https://github.com/zhangbaijin/Diffusion-model-low-level#image-to-image-translation
https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://yang-song.net/blog/2021/score/
https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
https://github.com/yang-song/score_sde_pytorch
https://nn.labml.ai/diffusion/ddpm/index.html
https://cvpr2022-tutorial-diffusion-models.github.io/
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