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Abstract

* We present high quality image synthesis results using diffusion probabilistic
models, a class of latent variable models inspired by considerations from
nonequilibrium thermodynamics.

* Our best results are obtained by training on a weighted variational bound
designed according to a novel connection between diffusion probabilistic
models and denoising score matching with Langevin dynamics.

*  Our models naturally admit a progressive lossy decompression scheme
that can be interpreted as a generalization of autoregressive decoding.

* On the unconditional CIFAR10 dataset, we obtain an Inception score of 9.46
and a state-of-the-art FID score of 3.17. On 256x256 LSUN, we obtain
sample quality similar to Progressive GAN.
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Denoising Diffusion Probabilistic Models (DDPM)

Generative Models PR12-409, https://www.youtube.com/watch?v=1j0W_lu55nc
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Generative Model : Latent variable model
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Generative Models

GAN: Adversarial < | % Discriminator 2 Generator 4
training D(x) G(z)
VAE: maximize X z Oucodenyl b/
variational lower bound po(x|z)
« HIEXO| H3k(iterative transformation)E &2
SICH= ZO0f|A Flow-based models 2} SA}
; « SI10]| CHSt Variational Inference2 S5t 8t&
Flow-based models: x| .'f:l(o")v J z . ;:Xf{s)e L x! 2 ZRIsiCH= M2 VAER} SA}
Invertible transform of X z _
distribiitiohs o Z|Z20|= Diffusion 22 9| sk&0{| Adversarial
training=2 &&35t7| g (Diffusion-GAN, 2022)
Diffusion models:_ X0 o X1 - Xo . z
Gradually add Gaussian oo g [+ - - - mmmm- MR TR *------- '
noise and then reverse
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Generative Models
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Generative Models

Variational Autoencoders
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Generative Models

Variational Autoencoders

Px(x) p'x(x)
X=glz) X=g(z)
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Generative Models

GAN
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Generative Models

Flow-based Model
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Generative Models

Flow-based Model
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Generative Models

Diffusion based generative model
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Generative Models

Diffusion based generative model
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Diffusion Model Overview

s

> Diffusion Model &£ : Text-to-Image generation "An astronaut riding a horse “A brain riding a rocketship
in a photorealistic style” heading towards the moon”
Imagen l
by Google Brain
May 2022 DALLE 2
EBMs it’s diffusion time! e
Flow-based models : f( l
GANs | GLIDE
VAEs iy OpenAl i
C Delcember 2021 y m "

- i‘

DALLE 2

P by OpenAl
DALLE April 2022
VAE 7|t 28 by OpenAl
January 2021

- 20215 H Diffusion based generative model2 2-8&7%t CHSt Text-to-Image generation HHE0| H|StE|H =42 &

« O|0JX|, 2C| & Ctot FA{o| HIX[OS HO[HO A 2[HEE 40| 220 generation d52 =ole
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Diffusion Model Overview
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From Deep Unsupervised Learning using Nonequilibrium Thermodynamics(2015,ICML)

Dif fusion process
Explicit Pattern Gaussian Noise
2 2 2
& 3
q (X(O...T)) o+ ok ol Y 4
"3 0 2 = 0 2 = 0 2
« St H0|E{2] HEIO] MA| BH=EXQl IS HAY etelsls HH(sEt
T UX|=")S 'Dif fusion process'ct HH
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Diffusion Model Overview

» Markov Chain
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Diffusion Model Overview

» Normalizing Flow

Ho= A, BX Hy(2)

BISo) M4 HE BAS B8

AL o dz
B A3 DAl
v ETEE e px(x) = p(2) E|

1%
- . S f2 f3
o — — —
- m—— Zl m—— ZZ ——
e fit f2! ft

xz

(Sampling)
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Denoising Diffusion Probabilistic Models (DDPM)

Diffusion Model Overview

» Diffusion Model

« Diffusion model2 Generative model2A &&=l H|0|E{Q] I|EIS MAM|L= datg &t

- OjE B I8 S oS0t flsl 1o/ ez HEHS FL{EE| 1 (Noising), O|S CHA| SHdt=s =5 PDFE 95 (Denoising)
Dif fusion process Reverse process
q(Xe | Xe—1)
l\\\\ //V/

....................................

qX, | X, B BEE ZHEIFHH g(X,_, | X,)= Inferencel’HOIM 22 £~ Q12
CHOF, (X, | X,—1)7t gaussianO| &, ¢(X,_, | X,)= gaussianO|2t= H2 0|0 ZHE (B, 7 OHL =2 )
22

(Feller, W., 1949)
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Diffusion Model Overview

» Diffusion Model

LS B}
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« Diffusion model2 Generative model2A] &= O|O|E{Q| I|EHE MMS|Li= S

° EHE Ao“%' J-I-I'IO-I% -64'%-6}7' '?'ISH _T|_2|&I|2§ E“E‘% -'?—'—'|EE|I'_(Noising), O|% El-A| %-?.;-I'(')'I-E _7F_7d—=|'— PDF% ﬂﬁ(Denoising)

Dif fusion process Reverse process

q(Xe | Xe-1)

»

Q(thxt)

po(Xe—q | X)) = q(Xe—q | X¢)

S T4

vV ope(Xeq | X)) B A8 q(X.—1 | X)) E approximation

v [2tA Diffusion model2 py(X,_1 | X)) =~ q(Xe—1 | Xp) EI =5 otE
23
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Denoising Diffusion Probabilistic Models (DDPM)

Diffusion Model Overview

» Diffusion Model

« Diffusion model2 Generative model2A &&=l H|0|E{Q] I|EIS MAM|L= datg &t

- OjE B I8 S oS0t flsl 1o/ ez HEHS FL{EE| 1 (Noising), O|S CHA| SHdt=s =5 PDFE 95 (Denoising)
Dif fusion process Reverse process

q(Xe | Xe—1)
N L/
Po(Xe—1 | X¢)

ey

stasts e 012 oz oty
24
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Denoising Diffusion Probabilistic Models (DDPM)

Diffusion Model Overview

» Diffusion Model

« Diffusion model2 Generative model2A &&=l H|0|E{Q] I|EIS MAM|L= datg &t

- OjE B I8 S oS0t flsl 1o/ ez HEHS FL{EE| 1 (Noising), O|S CHA| SHdt=s =5 PDFE 95 (Denoising)
Dif fusion process Reverse process
q(Xe | Xe—1)
- cee > LAY -

> / T =1,000

N s/
\\ //

Po (X1 | Xt)

o T

«  2709| Zt Process(Diffusion, Reverse) Ll ¥ 3} 142 Markov Chain2 2 01 2 THY|2 XN M4 E

v pe(Xe_1 | Xp) 8 B&2 23 "large number of small perturbations”E 3’3 (estimate)ot= A .
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Diffusion Model : Diffusion Process

Pextﬂxt
@—> @ — Oz %

thxt 1

Diffusion Process Figure 2: The directed graphical model considered in this work

. Reverse Process Diffusion models [53] are latent variable models of the form p,(x) = J'p,, (x0.7) dx1.7, Where
X1,...,xp are latents of the same dimensionality as the data x, ~ ¢(x(). The joint distribution
polx0.7 ) 1s called the reverse process, and it is defined as a Markov chain with learned Gaussian
transitions starting at p(x7) = N (x7:0,1):

o0
s

po(xo0.7) = p(xT) H]m(lexf{). po(Xe—1]xt) == N (xe—1; po(xe, 1), Bo(x¢,2)) (1)

« Forward Process  What distinguishes diffusion models from other types of latent variable models is that the approximate
posterior ¢(x;.7|x¢ ). called the forward process or diffusion process, is fixed to a Markov chain that

M gradually adds Gaussian noise to the data according to a variance schedule /7, ... .. Br:
i
g(xprlxo) = [ a(xelxi—1),  alxilxic1) == N(xe; /1 = Bixe1, Bi) (2)

=i l‘ T
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Diffusion Model :

Diffusion Loss

Diffusion Process

Pextﬂxt
@—> @ — Oz %

thxt 1

Figure 2: The directed graphical model considered in this work

Training is performed by optimizing the usual variational bound on negative log likelihood:

E [ log po xt.)]<1E[ log L’))]:E[ logp(xz) — > log Po(Xt— 1""‘]::1,(3)

’ILXL;'/'|XH > Xr|Xr 1)

The forward process variances 7, can be learned by reparameterization [33] or held constant as
hyperparameters, and expressiveness of the reverse process is ensured in part by the choice of
Gaussian conditionals in py(x;_1|x; ), because both processes have the same functional form when
3; are small [53]. A notable property of the forward process is that it admits sampling x; at an
arbitrary timestep ¢ in closed form: using the notation o, == 1 — J, and o, = Hi:l «vs, We have

g(x¢|x0) = N (x¢; vVaixo, (1 — a;)I) 4)

27
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Diffusion Model : Diffusion Process

Diffusion Loss

Efficient training is therefore possible by optimizing random terms of L with stochastic gradient
descent. Further improvements come from variance reduction by rewriting L (3) as:

E, pKL(Q(XTIX(')) | P(XT)2+ Z-\DKL((f(Xifl\X!-XU) I !’H(.Xf—.l.\Xf)ljlong(XU|X1)J ()

E; e Li_1 Lo
(See Appendixfor details. The labels on the terms are used in Section ) Equation @ uses KL
divergence to directly compare py(x;_1|x;) against forward process posteriors, which are tractable
when conditioned on xg:

([(X/__] IX/-XU) :N(Xj_!;l}zl{\Xf.Xli). ;/I) (6)
o Q1 B¢ \/W(l *ﬁ/—l,) 5 . | — @1 3 (7)

= - X0 —l_ P X and Dy = -
| = | = it | — ay

where [, (x:,Xp) :

Consequently, all KL divergences in Eq. are comparisons between Gaussians, so they can be
calculated in a Rao-Blackwellized fashion with closed form expressions instead of high variance

Monte Carlo estimates.

Learning B,

E, | Dxr(q(xr|x0) || p(x7)) + ZPKL(q(Xr_lle,xU) | po(x:—1]x:)) —log po(xo|x1)

Lt = Lty Lo

Regualization Reconstruction

28
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Diffusion Model : Diffusion Process ps youttbe.comwach sv=1JU¥Y_usone

Residual Estimation

Conwv.1 Relu.l Conv.D-1 Relu.D-1 Conv.D (Residual)
: ] ; _ﬂ ig - e g g #
P | -1 |

Accurate Image Super-Resolution Using Very Deep Convolutional Networks [CVPR 2016]
po(xt—1|%t) = N(xp—1; pg(xt, 1), Bo(x¢,t))

1
Ho(Xe,t) = pby (Xt- \/m(xf =afl = ”ff‘()(xi))) = \/—G_t (Xf =

Bt p ]
m(‘ﬁ(xf )

Residual €5 MX 0|F

29
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Diffusion Model : Diffusion Process ps youttbe.comwach sv=1JU¥Y_usone

Loss Simplification

E, | Dk (a(xr|%0) || p(x7)) + > Dxr(a(xe-11%t, Xo) || Po(xe—1%¢)) = 10:‘%‘1)9(X0|XQ]
Lt = Lo Lo

Lsimple(f)) = Et,xo,e [“E - EB(EXO + V1= ae, t)HQ]

Loss Simplification #1 —Deleting Regularization Term “Not to learn, just to fix B,“ Inductive biasE S2|= it
Po(Xi— 1|Xt
@ —% | | | _ﬁ @ _'% _'%
% (Xt|xt 1 = :

* We chose the 5; schedule from a set of constant, linear, and quadratic schedules, all
constrained so that Ly ~ (0. We set T' = 1000 without a sweep, and we chose a linear
schedule from 3; = 10~ to 7 = 0.02. 30



Diffusion Model : Diffusion Process

Loss Simplification #2 — Not to learn variance

Pe(Xt—l |Xt

Yo(xy,t) = J?I

Loss Simplification

l—ay_1
1(1t6t

E, [pKL(Q(XT|XO) | p(xr)) +

"

Lt

1

Ly =E, {T,?”ﬁt(xt'xo) —

Denoising Diffusion Probabilistic Models (DDPM)

PR12-409, https://www.youtube.com/watch?v=1j0W_lu55nc

Ji= N (e—_1; g (X, L), gl(xe, t))
Set the variance to untrained time dependent constants

Or O? = {9, Has similar results

ZPKL((I(Xt—llxt-XO) || Pf)(xt—1|xt)l: lOgPe(X0|X11}

t 1 W W
> Li_ Lo

H(Xtt)”z] +C u’(:?(xt.f) = \/% (Xt _ %ateﬂ(xt-”)

B2

EXD.G [

2020 (1 — @)

||€-€n(_\/ﬁ_ftxn+\/1 —@t€-t)||2] 31
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

- Diffusion process= gaussian noises MXHOZ Fste 0ty
v ZZE Gaussian q(X, | X;,—;) 2| Markov chain® 2 T4 &
q(Xe | Xe—q1)
— > —

T = 1,000

32
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

- Diffusion process gaussian noiseS BXHMo 2 Fs}

A

USS

rr

v FYE|= gaussian noise 27| AMEECE Ho|k|1, O| & 5,2 HY|

q(Xe | Xe—q) := N(X¢; th_l»zxt_l) = N(Xt V11— Be Xe—qy Bee I)

q(Xe | Xe-1)

b

:Noise T HE
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

- FYE|= gaussian noise 37|= AIHHO 2 HO||11, O|E 5,2 HY|
o B O MEE FO(scheduling)= 3 A 37tX| & 12{Et

v" Linear schedule
v" Quad schedule

v" Sigmoid schedule

0o Code Example

def make_beta_schedule(schedule='linear', n_timesteps=1000, start=le-4, end=0.02):
if schedule == 'linear':
betas = torch.linspace(start, end, n_timesteps)
elif schedule == "quad":
betas = torch.linspace(start % 0.5, end %% 0.5, n_timesteps) *x 2
elif schedule == "sigmoid":
betas = torch.linspace(-6, 6, n_timesteps)
betas = torch.sigmoid(betas) * (end - start) + start
return betas

34
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

« B, o AHHH HO|(scheduling)= 3 A 37tX| & 12{E

linear noise scheduling

Step:30 Step:40 Step:50 Step:60 Step:70 Step:80 Step:90 Step:100

Linear _‘
scheduling Qg - S

sigmoid noise scheduling

Step:10 Step:20 Step:40 Step:50 Step:60 Step:70 Step:80 Step:90 Step:100

Sigmoid j
scheduling r- 3 ‘3 e ,:"’

quadratic noise scheduling

Step:20 Step:30 Step:100

Step:40 Step:50 Step:60 Step:70 Step:80 Step:90 1
Quadratic 8 -
scheduling & S | :
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

« Diffusion Process GIF

Swiss-roll MNIST CELEB A

36
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

- Diffusion process gaussian noiseS BXHM2 2 Fs}

q(Xe | Xe—q) := N(X¢; .uXt_l»EXt_l) = N(Xt V1= B Xeeq, Bee I)

1Y (= Conditional Gaussian distribution )

rr

Voo VI—=PF: X1 + \Br €c-4 « e~N(0,I) (Reparameterization trick)

def forward_process(x_start, n_steps, noise=None):

Diffuse the data (t == @ means diffused for 1 step)
0o Code Example
x_start:tensor = dataset at start step(X_0)

n_steps:int = the number of convert iterations in diffusion process
noise:scheduled noise set

x_sequence = [x_start] # initial 'x_seq' which is filled with origianl data at first.
for n in range(n_steps):

beta_t = noiseln]
x_t_1 = x_sequence[-1]
epsilon_t_1 = torch.rand_like(x_t_1)

|x_t = (torch.sqrt(1-beta_t) * x_t_1) + (torch.sqrt(beta_t) * epsilon_t_1)
X_sequence.append(x_t)

37

return x_seq
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process

« Diffusion processe= HZEXOZ CHA M gaussian noiseE = CH2| latent variable(Xy, X5, ..., X1) S &5
« LCt==9| latent variable(Xy, Xy, ..., X7) & &L= EO| A Hierarchical VAER FAFSH B2
q(X1 | Xo) q(X2 | X1) q(Xe | Xe—1) q(X7 | Xr-1)
—> LY —> ; LN —>
Origianl
Data - Latent variables (Xl = Zl' Xz = Zz, ""XT = ZT)
X

0
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Diffusion Model : Diffusion Process

O Phase 1 : Diffusion Forward Process
- Diffusion process= Contitioanl Gaussian?| joint-distribution2 2A{, X, & =R E latent variables(X,.r)E d/dslLi= 1™

v 7% ObX| Bt latent variable(X, = Z7) 2 pure isotropic gaussaing 2=

T
q(Xy.r | Xo) = HQ(Xt | Xe—1), q(Xe | Xe—1) := N(X¢ ; th_l'zxt_l) = N(Xt iv1— B Xeoq, B I)
t=1

’ @ q(Xe | Xe—1)
Bt

: Noise T B
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process

« Diffusion model2 Generative model2A] & El C|O|E{Q] DjE S MMlLi=

- TiE 4 2Pl

o
10t

Dif fusion process

« Reverse process= Diffusion process®| & 17 (Denoising)= &

N &
~__-7 \\\\ ////
Po(Xe—1 | X¢)

1 Tha

http://dsba.korea.ac.kr/seminar/?mod=document&uid=2352

&517| ?l8f 1o/ 2= HH S FL{EE|1(Noising), O| S CtAl §RSE =T pdfE o5 8l(Denoising)

Reverse process

T =1,000

40
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process

« Reverse process Diffusion process2| %(reverse) "4 22, gaussian noiseE M 737t E-ot WHES PH=0{7t= 0t

T
po (Xo.7) = p(X7) npe(xt—l | X¢), Po(Xe—1 | X¢) := N(X¢—q 5 o (Xp, ), 2o (X¢, 1))
t=1

Sts e

(mean & variance function)

Po(Xe—1 | X¢)

g Y

\
/7l
\
7l
\
-
N v
/7l
\
/_’7l
\
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process

+ Reverse processt Diffusion process| %(reverse) 'S 2 2, gaussian noiseE MAsH7IH E-ot IfHS 2H=0{7t= 1t

T
poXor) = p(Xr) | [PoCeca 1%, PoQecy 1Xe) = N(Xe_y s g (X £, 39 (Xe, 1))
t=1

sto O
mean & variance function
o Code example ( ! )

def p_mean_variance(model, x, t):

# Make model prediction
out = model(x, t.to(device))

# Extract the mean and variance

mean, log_var = torch.split(out, 2, dim=-1)
var = torch.exp(log_var)

return mean, log_var
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process

« Reverse process gif

Swiss-roll MNIST CELEB A
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

LosSaifusion = Dxr(a(z | z0)||Ps(2)) + Y Drr(g(ze- | 24, 20)|| Po(i1 | 1)) — Eyllog Py(o | 21)]

t=2

Negative log likelihood (= IExT~q(xT|x0)[—108 po(x0)])

« Diffusion?| Loss= VAEQ} H| 1 0|38} 7}

o XtMBH =& 1M &1 Blog “[=23 2] Denoising Diffusion Probabilistic Models (DDPM) A1 & (Blue collar Developer)”

44
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

« VAEZ2l Diffusion®| 7+ H|ul

a single latent variable
v VAE

"markov chain” process for multiple latent variables

I ] ‘

e — —_—
45

v' Diffusion

B GEr
|
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

« VAEZ2l Diffusion®| 7+ H|ul

Reconstruction

v VAE

Regularization

Regularizer on Encoder Reconstruction on Decoder

LOSSVAE = DKL(q(Z | ZC)H pﬂ(‘z)) — Ez~q(z|:c) [IOng(.'B | Z)]

46
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Diffusion Model : Diffusion Process

Q

Phase 2 : Diffusion Reverse Process Loss

« VAEZ2l Diffusion®| 7+ H|ul

v Diffusion

LOSSDiffusion

Reconstruction

po(xe—1| x¢)
4—

—

q(x¢| x¢—1,%0)

http://dsba.korea.ac.kr/seminar/?mod=document&uid=2352

Regularization
po (xe_1| x¢) Po(Xe—1| x¢)
4— e cee 4—
see ) —>
q(xe| xp—1, %0) q(xe| xp—1, %0)

= Diu(a(z | 20)l| Po(o | 2)) = Eomyiolog Po(2)

= | Drr(q(z | zo)||Po(2))

Regularization

+

t=2

Dir(q(2e1 | 2o, o) | Po(s-1 | 21)) — Eyllog Py(xo | 21)]

Reconstruction

47
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

« VAEZ2l Diffusion®| 7+ H|ul

Denoising Process

l |

Po(xe—1| x¢) Po(xe—1| x¢) Po(xe—1| x¢)
4— eee cee 4—
oo see —>
q (x| x¢-1,%0) q(xe| xp—1, %0) q(xe| xp—1, %0)

Losspiffusion = Drr(a(z | zo)|| Po(zo | 2)) — Eoy(zlz) [log Po(2)]

= Dgr(a(z| 0)|Po(2)) H > Drr(q(me—1 | 24, 0) | Po(ze—r | 21)) - Eqllog Py(xo | z1)]

Denoising Process 48
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

« Diffusion model2| denoising process &t& : po (X1 | X)) =~ q(Xe—1 | Xp, Xo)

O Diffusion model

= Diffusion model2 Generative model2A] €& %l C|0|E{2| IHE S Al MsliLl= A&

mjo
ogt

- TS Y 2HYR BAs| S8 Dol o2 EE U ER| D (Noising), 0| ChA| 85t £25 PDFE 8 (Denoising)

Dif fusion process Reverse process
@ q(Xe | Xe—1) @
h‘\\\ ///

R e i

Q(Xr—x(t» Xo)

po(Xe—1 | Xe) = q(Xe—1 | Xe, Xo)

<1 Chit

v pe(Xoq | X)) B 788 q(X¢—q | Xt Xo) E approximation

v [f2kA Diffusion model2 pg (X,—1 | X;) =~ q(Xi—q | Xp, Xo) EIE2 8t 4
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

« VAEZ2l Diffusion®| 7+ H|ul

Reconstruction Denoising Process Regularization
| 1 |} |
po(xe—1| x¢) Po(xe—1l x¢) Po(xe—1l x¢)
4— LK) cee 4—
v" Diffusion
- > e, T
q (x| x¢-1, %0) q (x| x¢—1,%0) q(xe| xp—1,%0)

Losspiffusion = Drr(a(z | zo)|| Po(@o | 2)) — Eoy(zlz) [log Po(2)]

= Dgr(a(z| 20)|Po(2)) + > Drr(q(me—1 | 24, 0) | Po(ze—1 | 21)) — Eqllog Py(xo | z1)]

Regularization Denoising Process Reconstruction %
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Diffusion Model : Diffusion Process

O Phase 2 : Diffusion Reverse Process Loss

Regularizer on Encoder Reconstruction on Decoder

Lossyap = Dxr(a(z | 2)| pe(2)) — Ezg(zla)log Po(2 | 2)]

LosSpiffusion = Dgr(q(z | o)l Po(zo | 2)) — Eong(zlz)|log Pa(2)]

= Dxr(q(z | zo)[|Po(2)) H ZDkL(Q(th—l | 2t 20) || Po(t—1 | 2¢)) |— Eyllog Py(wo | 21)]

Regularization Denoising Process Reconstruction
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DDPM

« Choose the variances p; of the forward process and the model architecture and Gaussian distribution parameterization of the reverse
process.

» Establish a new explicit connection between diffusion models and denoising score matching (Section 3.2) that leads to a simplified,
weighted variational bound objective for diffusion models (Section 3.4).

 Ultimately, our model design is justified by simplicity and empirical results (Section 4).

Losspifrusion = DPrr(a(z | zo)|| Po(zo | 2)) — Eovqzf)log Po(2)]
= Dxr(q(z | 0)||Pa(2)) + Y Drr(q(@i-1 | T4, 20)l| Po(ze-1 | 21)) — Eqllog Py(wo | 1))
t=2

Regularizer on Encoder Denoising Process Reconstruction on Decoder

DDPMA M= Loss7t &S| ZHErot YO = HO|F

e —eo Ve + ﬂe,t)\z}

Losspppy = Baoe [

52



Denoising Diffusion Probabilistic Models (DDPM) http:/dsba.korea.ac.kr/seminar/?mod=document&uid=2352

DDPM

O Forward Process and Ly

We ignore the fact that the forward process variances 3; are learnable by reparameterization and
instead fix them to constants (see Section|4|for details). Thus, in our implementation, the approximate
posterior ¢ has no learnable parameters, so L is a constant during training and can be ignored.

1. st& SHAMO|M Regularization term X| 2|

v 20| StE5A|F|X| ZOtE fixed noise scheduling@ 2 E 23t ‘isotropic gaussian’ 5 7ts3%t7| &

1Po(2)) + ) Drr(q(@i1 | @i, o) || Po(ai1 | 24)) — Eqllog Py(zo | 21)]

=2
ar ion Denoising Process Reconstruction

Losspifrusion = Dxr(al

Learning f3;

N

+ ZPKL(Q(Xt—1|Xt: XO) H Po (Xt—1 le)) - 10gP0(XO|X1))
t>1 L:1 Ero

Reconstruction 53




Denoising Diffusion Probabilistic Models (DDPM) http:/dsba.korea.ac.kr/seminar/?mod=document&uid=2352

DDPM

O Forward Process and Ly

We ignore the fact that the forward process variances 3; are learnable by reparameterization and
instead fix them to constants (see Section [4|for details). Thus, in our implementation, the approximate
posterior ¢ has no learnable parameters, so L is a constant during training and can be ignored.

% {B; = 107*%,..,Br = 0.02} 2 NoiseZ LinearstH| Z7tA|7|-£ “Linear noise scheduling’s 4% 42

A ZXOl |atent variable (Z; = X;) 2 Ot2HQt 22 BEXE ZHA =

q(X7 | Xo) = N (X7 ; 0.00635 - x,,0.99995 - I) al3xlx0) = N xe; Vo, (1= a)T)

(1
(}flzl—ﬁi (_1{ = H

v &£t isotropic gaussiang 22 = QUCHD FE S

+ Y Dir(g(xe—1[%¢, %0) || po(xi—1%¢)) —log pa(xo|x1)
S L:1 Ero

Re'gualization Reconstruction 54
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DDPM

O Reverse Process and Ly.;_4

Now \v\édiscuss our choices in pg(x;—1|x¢) = N (xe—1; pg(x¢, 1), Xo(x¢,t)) for 1 <t < T. First,
we set’ >, (x,, 1) = oI to untrained time dependent constants. Experimentally, both 7 = 7, and

7 ) 1—ai— ) . . S - . - - -

@ gi = B = T~ /3 had similar results. The first choice is optimal for xq ~ N(0,I), and the
i

second is optimal for x( deterministically set to one point. These are the two extreme choices

corresponding to upper and lower bounds on reverse process entropy for data with coordinatewise

unit variance [53].

(@ Second. to represent the mean 7, (x;. /). we propose a specific parameterization motivated by the
following analysis of ;. With pg(x—1|xt) = N (X¢—1; prg(X¢. 1), 771), we can write:

i 1
Li 1 =K, EH;:,(X;.XU}—,u(,(x,.HH* B (8)

where ' is a constant that does not depend on . So, we see that the most straightforward parameteri-
zation of sz, is a model that predicts sz, the forward process posterior mean. However, we can expand

(4) (X0, €) = /arxo + /I — age for e ~ N(0,I) and

q(x¢—1]%¢, X0) = N (X¢—1; fy(Xe, X0), Be).

\/__-‘3 £/ X 1——‘_ a 1—_'_
where fi,(x¢,Xg) = at—f‘txo — % _Ot l)xt and 3 = ﬁfft 2
1 — (g 1 — Yy 1 — (g
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DDPM ETMN | .
L’t—]_—C‘:EXU-ﬁ 202 I‘Lt(}{/(x“.(—').T]_(XL(Xu.(—'J)— \/] (l/(:)) —’,Lg(,X/[IX”.E).t)
t ALY
O Reverse Proces - (9)
A=
(1| 1 v 3 2
Mt
= W 552 I (xt(xo.e) — 1—(_”6) — po(x¢(x0,€),1) (10)
2 — O
Equation (10) reveals that jz, must predict J—_ (x, = \_,f_’m e’) given x;. Since x; is available as
input to the model, we may choose the parameterization J

_ 1 —_— l 3
ol Xe, t) = 1y [ s, Xt — V1 — arep(x = Xy — ———€¢(Xy. 1) 11
Mo(Xt, T) lf( f \/:-;( £ =3/ ar€gl f))) \/”_i( t V,_il s o(X¢ ) (11)
where € is a function approximator intended to predict € from x;. To sample x;_; ~ pp(x1—1|x¢) is

to compute x; | =

\/lu—z X¢ — —=—€q(Xt, f)) + o4z, where z ~ N(0,T). The complete sampling
procedure, Algorithm[2] resembles Langevin dynamics with €4 as a learned gradient of the data
density. Furthermore, with the parameterization (11). Eq. (10) simplifies to:

32
xo.e|:9 D) ‘jt H € = &l \f“!\{1+vl_"/‘ /'H ] (12)
20} O.t(l — Ot
which resembles denoising score matching over multiple noise scales indexed by ¢ [55]. As Eq. (12]
is equal to (one term of) the variational bound for the Langevin-like reverse process (11), we see
that optimizing an objective resembling denoising score matching is equivalent to using variational 56
inference to fit the finite-time marginal of a sampling chain resembling Langevin dynamics.




Denoising Diffusion Probabilistic Models (DDPM) http:/dsba.korea.ac.kr/seminar/?mod=document&uid=2352

DDPM

O Reverse Process and Ly.7_;

To summarize, we can train the reverse process mean function approximator gt to predict gz, or by
modifying its parameterization, we can train it to predict e. (There is also the possibility of predicting
X0, but we found this to lead to worse sample quality early in our experiments.) We have shown that
the e-prediction parameterization both resembles Langevin dynamics and simplifies the diffusion
model’s variational bound to an objective that resembles denoising score matching. Nonetheless,
it is just another parameterization of pg(x:—1|x¢), so we verify its effectiveness in Sectionin an
ablation where we compare predicting € against predicting f,.

Algorithm 1 Training Algorithm 2 Sampling

I: repeat I: x7 ~ N(0,1)

2: XONCI(_XO) 2: fort=T,...,1do

3: t~ Uniform({1,...,T}) 3. z~N(0,1)ift >1,elsez =0

4. e~ N(0,1I) i i

5: Take gradient descent step on 4 oXe1 = (xt - \/ﬁ‘f@(xts”) + 0tz

Vo ||€ — €o(v/@xo + /1 — c‘tte.t)HQ 5: end for
6: until converged 6: return Xo

57



Denoising Diffusion Probabilistic Models (DDPM) http:/dsba.korea.ac.kr/seminar/?mod=document&uid=2352

DDPM

O Reverse Process and Ly.7_;

2. Denoising Process 2| SX A Xj41/d

[Po(2)) + D Drr(a(@e1 | 2o, 20) | Pole1 | 22)) = Eqllog Po(zo | 21)]

Losspiffrusion = Dxr(a

artegton Denoising Process

Eq| Dir(ql p(xr)) + > Dxu(a(xe—1x:.%0) || po(xe—1]x¢)) —log po(xo|x1)

o N '

> Lt 1 Lo

Reconstruction
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DDPM

O Reverse Process and L;.7_;

2. Denoising Process 2| S5 A Xj71/d

http://dsba.korea.ac.kr/seminar/?mod=document&uid=2352

« Reverse process= Diffusion process2| Y(reverse) 1’42 2, gaussian noiseS M| 7{(Denoising)di7tH £t IIEHE HE0{7t= 0t

T
pe (Xo.r) = p(X7) HPB(Xt—1 | X¢), Po(Xe—1 | X¢) := N(Xp—q 5 19 (Xi, 1), 29 (X1, 1))
t=1

ot Y

(mean & variance function)

|
|

~

> > -
™ /
N ~ N ™
N ~ - N s S 7
~

po(Xe—1 | X¢)

<t Y
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DDPM

O Reverse Process and Ly.7_;
2. Denoising Process 2| SX A Xj41/d
1) TeX,t) O &3}
v 25 Ul & (mean & variance function)
(1) ug(Xe, t) = po(Xe, t)
(2) Z¢(X;, t) > Constant (time dependent) = o2 + 1 = B, -1 = tAB-MK| Q| FH El noise
t

cop= fo= g (@] e a=1-60)

1-a;

s=1
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DDPM

O Reverse Process and Ly.7_;
2. Denoising Process 2| SX A Xj41/d
1) Ze(Xnt) o &3t
- DDPM O|H

T
poor) = p(n) | [poCtes1 %0,
t=1

- DDPM 0|

T
poor) = p(xp) | [poCes 1X0),
t=1

Po(Xe—1 | X¢) := N(Xe—q 5 g (Xe, £), 29 (X, 1))

O

= CH& (mean & variance function)

Po(Xe—1 | X¢) := N(X¢—q 5 o (X¢, £), Utz‘ I)

O

5 CH&) (mean function)

61
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DDPM

O Reverse Process and Ly.7_;
2. Denoising Process 2| S84 x| 4d

2) ug(x,t) = MEH H2| : Denoising matching

ZDkL(Q(CIJt—l | @4, o) || Po(@i—1 | 2¢)) 1
t=2

5 1 (e %0) — pro (e, 1)
207

q(zs-1 | T, 0) = N(xe—1; @ (xe,%0), Be 1) ] 1
— [,

Po(Xe—1 | Xe) = N(xe_q;pe (x40, 0), B 1)

Denoising Process

62
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DDPM

O Reverse Process and L;.7_;
2. Denoising Process 2| S84 x| +d
2) ug(x,,t) = MEA E2| : Denoising matching
t
x¢(X0,€) = vV arxg + v/1 — aze for e ~ N(0,I) (@ = nas. ar=1-p)
g | xp-q) = N(xt—l i1 = Be xe-1, B 1)» * €e~N(0,1)
Xe =1—Bexe—q1 + \/E €t—1

AOAM Falet x, & orfel A ()0l CHSHH, 4 (2)2F £0] Fa|=Ct.

W E [2%‘?||m(xt,>co) ol
1 1 Bt ’
(2) Exe [203 N (Xt(XO, €) — ﬁe) — po(x¢(x0, €), 1) ] i
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DDPM

O Reverse Process and L;.7_;
2. Denoising Process 2| S84 x| 4d

2) ug(x,,t) = MEA E2| : Denoising matching

2) E L 1,— (X( ) S ) (x¢(x0, €), ) 2
X0,€ X ’6 - € - X X ,6 3
- . e 1
Al 2)0 2™, &% mean function pg(x, t) = FTHT ¢ A|™HO| (Xt - = 6) =
of| =3l L Of BiC}. IEREhER— Vet 1—ay

x; (input) 2t t= TAHAXIEE, po(x,, t) A 2 0|F 42 tAlH2| noise(e) #0|LC}

[h2rAl OF2 & (3)df 20| ot 2& pp(x, t) = M Z2letrt.

(3) mo(xt,t) = fa (xt, - (xt ﬂeg(xt))): ! (xt—LEQ(Xt,t))

8
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DDPM

O Reverse Process and Ly.7_;
2. Denoising Process 2| S84 x| 4d
2) ug(x,,t) = MEA E2| : Denoising matching

B

].—C_\!t

(xt X0, €) - )—pe(xt(xo,e),t)

7
(3)  mo(xt,t) = (xt, \/10[—1: - \/1—_5@69(3&))) = \/10715 (xt - %eg(xt,t))

AL 22 Al (3)2 =gt Of2f Al (1) 22 M2 2R A0 Ho|=ICt,

(4) EXO’EIZ 5 Bi - He—ee(\/a_txo+\/1—dt€at)H2}

oioy(1 — ay)

(2)  Expe [
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DDPM

O Reverse Process and L;.7_;
2. Denoising Process 2| S84 x| 4d

2) ug(x,,t) = MEA E2| : Denoising matching

ﬁ? 6—69(\/@_t){0—|— ﬂe,t)“zl

(4) EXO,GL on(1— ) H

Z= DDPM model(e,)0l St&80F Sh= 242 FO Tl + A|E 2| gaussian noise(e) 7t I C}.

O| X & Zt A|HO| CFYSH scalel| gaussian noiseES 0|=38l, denoising®] -85t X} 8= Z40| DDPM2| X]
k& O|Ct,

HBHO == A= term2 M2t Ot Al (5)2] LossE AtE

(5)  Lsimple (0) := E¢x,.c |:‘e - 69(\/65_’5}{0 tVI1-ae t) H2]
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DDPM

0 Data Scaling, Reverse Process Decoder, and L,

We assume that image data consists of integers in {0, 1,...,255} scaled linearly to [—1, 1]. This
ensures that the neural network reverse process operates on consistently scaled inputs starting from
the standard normal prior p(x7 ). To obtain discrete log likelihoods, we set the last term of the reverse

process to an independent discrete decoder derived from the Gaussian N '(x: p1,(x.1). 071):

xr

D o, (
po(Xo|x1) = H/ ‘
i=1 f)_(l

mt
0

. o0 k=1 3 —00 ifxr=-1

O4(z) = {:1‘ + 2‘1)5 ifr <1 0-(z) = { 2%5 if v > —1
where D is the data dimensionality and the ¢ superscript indicates extraction of one coordinate.
(It would be straightforward to instead incorporate a more powerful decoder like a conditional
autoregressive model, but we leave that to future work.) Similar to the discretized continuous
distributions used in VAE decoders and autoregressive models [34,52], our choice here ensures that
the variational bound is a lossless codelength of discrete data, without need of adding noise to the
data or incorporating the Jacobian of the scaling operation into the log likelihood. At the end of
sampling, we display p,(x1, 1) noiselessly.

o) . ;
N (z; pp(x1,1),07) d
: (13)
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DDPM

0 DDPM Loss

LOSSDifquion = DKL(Q(Z | 330)” PB(CBO | Z)) - Ez~q(z|:r:) [log PH(Z)]

= Dxr(q(z| zo)||Ps(2)) + ZDkL(Q(fEt—l | @, 20) || Po(2s-1 | @) — Eyllog Pa(xo | z1)]

Regularizer on Encoder Denoising Process Reconstruction on Decoder

DDPMA M= Loss7t &S| ZHErot O = HO| &

(VA VI ae)|]

(5) LOSSDDPM = EJEO,E[
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Denoising Diffusion Probabilistic Models (DDPM)

Experimental Results

Q Sample quality

Table 1: CIFARI10 results.

NLL measured in bits/dim.

Model IS FID NLL Test (Train)
Conditional

EBM [11] 8.30 37.9

JEM [17] 8.76 38.4

BigGAN [3] 9.22 14.73

StyleGAN2 + ADA (v1) [29] 10.06 2.67

Unconditional

Diffusion (original) [53] < 5.40
Gated PixelCNN [59] 4.60 65.93 3.03 (2.90)
Sparse Transformer [7] 2.80
PixelIQN [43] 5.29 49.46

EBM [11] 6.78 38.2

NCSNv2 [56] 31075

NCSN [55] 8.87T4+0.12 25.32

SNGAN [39] 8.2240.05 207

SNGAN-DDLS [4] 9.0940.10 15.42

StyleGAN2 + ADA (v1) [29] 9.74 1= 0.05 3.26

Ours (L, fixed isotropic X) 7.87+0.13 13.51 < 3.70 (3.69)
Ours (Lsimpie) 9.46+0.11 3.17 < 3.75(3.72)

http://dsba.korea.ac.kr/seminar/?mod=document&uid=2352

DDPMZ2| FID score= 3.172 Al Unconditional 82y = 7%t
=2 sample qualitys 2

H S Term% H 2|5 74—.—(0urs Lsimpie)= MISHA| 42 B %
(Ours : L)0]| H|3{f NLLO| &=X|Zt Sample quality(FID score)= &

o) o 9o Blo|sH A Olo
OI%EE%* oleh = QU3

| =
o
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Denoising Diffusion Probabilistic Models (DDPM)

Experimental Results

Q Sample quality

Table 2: Unconditional CIFARIO0 reverse (D)
process parameterization and training objec-

tive ablation. Blank entries were unstable to

train and generated poor samples with out-of- (2)
range scores.

Objective IS FID (3)

f¢ prediction (baseline)

) [ L, learned diagonal X 7.28-4:0.10 23.69
. fixed mwllnpu 3 8.064+0.09 13.22
2) ||.U — Rgll® - - /
€ prediction (ours) @/
L. learned diagonal X - . i
3 L7 fixed isotropic = 7.67+0.13  13.51 ol
@) ||€ — eol|? Lsimple)  9.461+0.11  3.17 o

http://dsba.korea.ac.kr/seminar/?mod=document&uid=2352

1

3. ) = o O
Ot

Eq | (1, %0) — o1, )|

-
X0,€ 2 2 —
orou(l — ay)

2
He—eg( ayXg + 1—&,4—:,75)“]

2
B e~ eo(Vamo + VI=iest) [
8% st A 950 Ui# e B2, - 2 B
HAlo| 2, Fixed varianceE AFERS M, 450| e &l o
ZtER2} (simplification) A= &s0| O 2 23t=
=X A 0| HR, Fixed varianceE AFEE ZR & S A9 ZHEHSHE
8% 450 A g E 20
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Experimental Results

Q Sample quality

Coefficient term

_ 2 2
€ prediction (ours) (3) Xo.€ b ‘e — Eg(\/c_}:txU + V1 — &€, t) H 1
] 20'?03(1 — G{t)
3) L, learned diagonal 3 - - )
- L, fixed isouopiL > T:8710.13 13.51 E H ( — — ) H
x € — € vVauxo+ 11— et
@) ||1€ — eoll® (Lsimple)  9.46+0.11  3.17 (4) b “’6[ b t20 =
Small “t” Large “t”

Step:30 Step:50 Step:60 Step:100
TR 7

mjo

7|-7-|| L

« =84 (3): Coefficient term 2 t7t 7t =5 1 2f0| ZOtX|= d&= &4 &

« [M2tM coefficient term O] EXE AL, large t A|T(H noisy)2| Loss7t HIHH 22 down-weight El&= E1t7} &4

« ZHAH (4): Coefficient term & HHYHL2ZM, large t A|H(E noisy)2| Loss HISS H £ = AU

ajo

O|F &5 20| noise?} 2ot 0|O[X|(large t AF 2| #EH)2| denoisingd ESSI=F |

|.|'|

71




Denoising Diffusion Probabilistic Models (DDPM) http:/dsba.korea.ac.kr/seminar/?mod=document&uid=2352

Experimental Results

Q Progressive generation

*»i*!!‘(%‘c"dex‘\‘w‘:‘

s »
6, O 0 e e e e
HEERP AW T SSS S99 %5Y5Y
T [ o L v e
HEEE > ERREERE
%

- a
. — = - =
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From blog post from ‘A simple explanation of the Inception Score(David Mack)”

Appendix
| Diffusion "tutorial code”

O Tutorial code

* tutorial code [Link]

v' Reference : https;//github.com/acids-ircam/diffusion_models
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99000000039
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From blog post from ‘A simple explanation of the Inception Score(David Mack)”

Appendix

| IS score

Q Inception Score : the higher, the better

Improved Techniques for Training GANs(Tim Salimans, 2016)0| A X|2tEl generated image sample quality 7 X| &

* Inception image classifierE &&%dl 'inception’0|2t= HEHES Ar&¢

- 271X B4 Sl 4 E O|n[X[e] EEHES Bt Of2 27HX| & PUHEY =5 =2 score 25

v' Image quality : 4-dEl O|0|X|7} F=3| objectEs EOI L U= X|(realistic?)

. MAMEl imageS0| HEHoh objectS ZH= CHY, _

sum Z+2}+9] likelihood 2 29| summation2 w st 22 E 7tE A

" = 79| KL divergence2
v CHBt object?t M &l= X|(dog' class : {Bulldog, Poodle, ...}) Inception Score AH&
M- El images0| CHYSH objectE 7HE &= QUCHH,
sum Z+249] Jikelihood 23X 2| summation #YUSIX| Y BExE JIE 7 —
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Appendix

| FID score

Q

FID(Frechet Inception Distance) score : the lower, the better
*  Pre-trained Image classification model2 &&3d}| ==
« 7 2|(distance)= Frechet distanceZ2 =

0 Frechet distances 3%

—

mjo

O| = points?| #|X|t =AM E 12{8 &= 54 7t FAEE FEo= X[ &=

O|& E0f, Yz A2 7t Frechet distance= Ot2fiet 20| =X =
2 2
d(X,Y) = (ux — ny )’ + (ox —oy)

+  Feature JE= 2R layerO| A =Z73t high level representationS &&

e FID scoreQ| A A2 Of2fjet 28 M2 T

1. Pretrained image classification model define(ex: inception model)

2.Compute embedding(feature representation)

2 — 1) Embedding of real image
2 — 2) Embedding of generated image

3.Calculate "Frechet distance” between 2 — 1) and 2 — 2)

From blog post from ‘Wandb.ai”

=79t feature representation 72| 7 2|(distance)E score2 E&

=
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