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Consistency Models

Abstract
» Diffusion models depend on an iterative sampling process that < Objective
causes slow generation. « Create generative models that facilitate efficient, single-step
* Propose consistency models, a new family of models that generate generation without sacrificing important advantages of iterative
high quality samples by directly mapping noise to data. refinement.
v' Support fast one-step generation by design, while still allowing + Ability to trade-off compute for sample quality when necessary,
multistep sampling to trade compute for sample quality. as well as the capability to perform zeroshot data editing tasks.

v' Support zero-shot data editing, such as image inpainting,
colorization, and super-resolution, without requiring explicit
training on these tasks.

v' Can be trained either by distilling pre-trained diffusion models,
or as standalone generative models altogether.

» Outperform existing distillation techniques for diffusion models in
one- and few-step sampling, achieving SOTA FID of 3.55 on
CIFAR-10 and 6.20 on ImageNet 64x64 for one-step generation.

* When trained in isolation, consistency models become a new
family of generative models that can outperform existing one-
step, non-adversarial generative models on standard benchmarks
such as CIFAR-10, ImageNet 64x64 and LSUN 256x256.



Consistency Models

1. Introduction
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Consistency Models

1. Introduction
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Figure 1: Given a Probability Flow (PF) ODE that smoothly converts data
to noise, we learn to map any point (e.g., X;, Xy, and xp) on the ODE
trajectory to its origin (e.g., x,) for generative modeling. Models of these
mappings are called consistency models, as their outputs are trained to
be consistent for points on the same trajectory.

Build on top of the probability flow (PF) ordinary differential
equation (ODE) in continuous-time diffusion models (Song et al.,
2021), whose trajectories smoothly transition the data
distribution into a tractable noise distribution.

Propose to learn a model that maps any point at any time step to
the trajectory’s starting point.

A notable property of our model is self-consistency: points on the
same trajectory map to the same initial point. Refer to such
models as consistency models.

Consistency models allow us to generate data samples (initial
points of ODE trajectories, e.g., X, in Fig. 1) by converting
random noise vectors (endpoints of ODE trajectories, e.g., Xt in
Fig. 1) with only one network evaluation.

Importantly, by chaining the outputs of consistency models at
multiple time steps, we can improve sample quality and perform
zero-shot data editing at the cost of more compute, similar to what
iterative refinement enables for diffusion models.



Consistency Models

1. Introduction

» To train a consistency model, we offer two methods based on
enforcing the self-consistency property.

Data
1) First method : Relies on using numerical ODE solvers and a pre-

o
’r"
it Rl trained diffusion model to generate pairs of adjacent points on
/
(%0, 0) (x¢,t) (x¢,1') (x7,T) a PF ODE trajectory.

* By minimizing the difference between model outputs for
these pairs, we can effectively distill a diffusion model into a
consistency model, which allows generating high-quality
samples with one network evaluation.

2) Second method : Eliminates the need for a pre-trained diffusion

Fi 1: Gi Probability FI PF) ODE that thli rts dat . . . .
'gure iven a Probability Flow (PF) al smoothly converts gata model altogether, allowing us to train a consistency model in

to noise, we learn to map any point (e.g., X;, Xy, and xp) on the ODE

trajectory to its origin (e.g., x,) for generative modeling. Models of these isolation.
mappings are called consistency models, as their outputs are trained to - Situates consistency models as an independent family of
be consistent for points on the same trajectory. generative models.

* Crucially, neither approach requires adversarial training, and
both training methods permit flexible neural network architectures
for consistency models.



2. Diffusion Models

» Consistency models are heavily inspired by the theory of
(continuous-time) diffusion models.

v’ B= diffusion processi= marginal likelihood p(x,.r)E S&0olA 7}X|

= ODEZ #t= + QUL

v 212 9| Diffusion SDE= Al(1)

+ Diffusion models start by diffusing py,:.(X) with a stochastic
differential equation (SDE)

dx; = p(xy, t)dt t€[0,T] (1)

V' Daara(X) : Data distribution
v' u(-) and g(-) : Drift and diffusion coefficients
v {W¢ltepo,r) - Standard Brownian motion

* p:(x) : Distribution of x; and as a result py(X) = pgata (X)-

Consistency Models

v Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., and Poole, B.
"Score-based generative modeling through stochastic differential
equations," ICLR, 2021.

v Song, Y., Shen, L., Xing, L., and Ermon, S. "Solving inverse problems in
medical imaging with score-based generative models," ICLR, 2022.

v Karras, T., Aittala, M., Aila, T., and Laine, S. "Elucidating the design space of
diffusion-based generative models," Proc. NeurlPS, 2022

v' SDE (1) 235t marginal likelihoodZE 71X|= ODE= Al(2)2} ZICt.

* Remarkable property of SDE; Ordinary differential equation (ODE),
dubbed the Probability Flow (PF) ODE by Song et al. (2021),
whose solution trajectories sampled at t are distributed according to

pe(X):

1
dx; = [H(Xt:t) N §g(t)2V10ng (x¢)\ dt. (2)

v' Vlogp:(x) : Score functions of p;(x)
v Diffusion models are known as score-based generative models.



Consistency Models

» Standard Brownian Motion

DEF 19.1 (Brownian motion: Definition I) The continuous-time stochastic pro-
cess X = {X(t)}+>0 is a standard Brownian motion if X is a Gaussian proces:
with almost surely continuous paths, that is,

P[X (t) is continuous int] = 1,

such that X (0) = 0,
E[X(¢)] = 0,

and

Cov[X (s), X (t)] = s At.

More generally, B = ¢ X + x is a Brownian motion started at x.

v https://people.math.wisc.edu/~roch/teaching_files/275b.1.12w/lect18-web.pdf

» Marginal likelihood v’ https://en.wikipedia.org/wiki/Marginal_likelihood

Given a set of independent identically distributed data points X = (z;,...,2,),
where z; ~ p(z|@) according to some probability distribution parameterized by #,
where @ itself is a random variable described by a distribution, i.e. 8 ~ p(6 | a), the
marginal likelihood in general asks what the probability p(X | ) is, where 6 has been
marginalized out (integrated out):

Vp(X|a)=fgp(X|e)p(e|a) d

The above definition is phrased in the context of Bayesian statistics in which case

p(@ | @) is called prior density and p(X | ) is the likelihood. The marginal likelihood
quantifies the agreement between data and prior in a geometric sense made
precisel%7 in de Carvalho et al. (2019). In classical (frequentist) statistics, the concept
of marginal likelihood occurs instead in the context of a joint parameter 8 = (1, A),
where 1 is the actual parameter of interest, and A is a non-interesting nuisance
parameter. If there exists a probability distribution for Aldubious - discuss it is often
desirable to consider the likelihood function only in terms of %, by marginalizing out )

~ LX) = p(X | ¥) = f) p(X | A %) p(A | %) dA

Unfortunately, marginal likelihoods are generally difficult to compute. Exact solutions
are known for a small class of distributions, particularly when the marginalized-out
parameter is the conjugate prior of the distribution of the data. In other cases, some
kind of numerical integration method is needed, either a general method such as
Gaussian integration or a Monte Carlo method, or a method specialized to statistical
problems such as the Laplace approximation, Gibbs/Metropolis sampling, or the EM
algorithm.



Consistency Models

2. Diffusion Models

Diffusion models start by diffusing pq.ta(x) with a stochastic
differential equation (SDE)

iy = il 33 + ce[or] (1)

Typically, the SDE in Eq. (1) is designed such that p;(x) is close to a
tractable Gaussian distribution m(x).

We hereafter adopt the configurations in Karras et al. (2022), who
set u(x,t) = 0 and g(t) = V2t.

In this case, we have p;(X) = pgaa X)QN (0, t%I), where ® denotes
the convolution operation, and 7(x) = N (0, T?I).

For sampling, we first train a score model sy (x,t) = Vlogp.(x;) via

score matching, then plug it into Eq. (2) to obtain an empirical
estimate of the PF ODE,

» Probability Flow (PF) ODE by Song et al. (2021), whose solution

trajectories sampled at t are distributed according to p;(x) :

1
dx; = [p,(xf, t) — §g(t)2Vlogpf(xt)] dt. (2)

u(x,t) =0, g(t) = V2t in Karras et al.
l s (x,t) = Vlogp,(x;)
Empirical PF ODE
dx;

= —t34(xt,1). (3)

111 0| X|
g

Next, we sample &,~m = N (0, T?I) to initialize the empirical
PF ODE and solve it backwards in time with any numerical
ODE solver to obtain the solution trajectory {X;};c[or-

The resulting £, can be viewed as an approximate sample
from the data distribution pga¢a (X).

To avoid numerical instability, one typically stops the solver at
t = €, where € is a fixed small positive number, and instead
accepts X, as the approximate sample.

10



2. Diffusion Models

Stochastic differential equation (SDE)

dx; = plx;, 1) de + t€[0,T] (1)

Probability Flow (PF) ODE l X/
1 ‘
dx; = [p(xf,t) - §g(t)2V10gpt(Xt)] dt. (2)

l u(x,t) =0, g(t) = V2t in Karras et al.

sp(x,t) = Vlogp,(x¢)

dx; 3)
W = *de;(Xt. f)

Empirical PF ODE

+ ODEZ H33HS I SDEO| CHolf 7}X|= &™E stochasticst diffusion
coefficient (dw,)E 7}X|X| 20X, Probability flow ODEE 7|&2 =2
starting point (xy)E &=0H Ol W™AI9| solution0| Z12|= trajectory
g M7t xr 7HX|2] 2= H x,. 0l THoH stte| M= 0|5 o~ A E=ITt
(a2 &),

Consistency Models

v https://junia3.github.io/blog/consistency

‘ y Solution ——

Corrector point

- SDEX drift term(p(-,"))0| YWai0t MaHS &, ARMOR WojLI/k= 71X
= HHESH QAT X822 starting point2t ending pointTh 2F &£ 77 Lj
SOAM 22| x, 7t MZ2 WXlolL! Hol= IHEs € & 98 =, 1041
mapping0| &7tsottt= TE0[ ULt

+ ODEZQ| ZR0|= trajectoryE T|= 240 A|ZI=F0|2t= HHY BTt 2
o o= UA =T

- QF £ A2 HIOIE{ QI x,.Off CHaH scoreE O|5E 4= U= EEOQ!
s¢(X,t) = Vlogp,(x)7} UCHH, {2 WHAI2 perturbation kernel
Pt(X) = Daara QN (0, t21)0]| CH3H A(3) Z2 formQ 2 LIEF 4 QILCH.

11
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2. Diffusion Models

‘ v Solution ——.
Corrector point ——
o MXIZ AnalyticsI/H| Z0{d £ =(H5HE solution0| Si=) 0|2 WHAS
. OFRSM, Ot X2 B | HHSL0f| CHE ehedt HatE MSolk= i8S 2
: 0|5t}
_ : - el J8S 28 & 4 UXR0| £HZ numericaldtA| S0iH 0|2 4EA9
5 h f N ofi= & solutionit X7} 2 4= B0l YiCH, O|= AlZ 50| ZH{X|H 20
% " > B, A5E A0 S0LUEH S0{ES variance’t ZORICE
o DIk x ~1 = (0, T21)Z H2|5t1 0|0j| [I}2 probability flow ODE (4] Xr,t € (0,7)
(3))2 E0HCHH, xo 1t xS QU= BHLEQ| trajectoryS 718t 4 QA =Lt
+ 0|2 4™AS E= YAI2 EulerLt Heun solver?t Z2 numerical &S
S5 siro] HUS oS5l HEp} B o ]
+ =20 A= numerical instabilityS Hetet ZHMOZ t € €(0.002) | ¢X|
X, OlA2] solutionS X[ HIO[E] ME QI x, 0| ZAtet 222 ZIFYOM, time
T —tsg (X, t) where s4(x,t) = Vlogp.(x,) step?| & £=T =80 S A&

12



Consistency Models

2. Diffusion Models v' Salimans, T. and Ho, J. Progressive distillation for fast sampling of diffusion
models. In International Conference on Learning Representations, 2022.

+ Diffusion models are bottlenecked by their slow > Progressive distillation : MZIHO 2 distillationS ~3icl= time step

sampling speed. +E ¢

» Clearly, using ODE solvers for sampling requires
many evaluations of the score model s (x, t). t=1

™
I
1™

» Existing methods for fast sampling include faster z3/4 = f(2z1;7)
numerical ODE solvers and distillation techniques.

A

Distillation

v ODE solvers : Still need more than 10 evaluation
steps to generate competitive samples - I Z2 &<£|

z1/2 = f(Z3/4;7M)
E[Q] HIO|HE -dol7| loiM= T steplzEE= 57%
n

Distilation » | | >x = f(z1;0)

v 7
X X

v Distillation methods : Rely on collecting a large 2y/4 = f(2Z1/2: {
dataset of samples from the diffusion model prior to

14

@ju

Distillation

distillation. - E% DDPM1} &2 Diffusion?| prior0i| 2
Z5H| E|=0|, Z= DDPMOI|A] 2} time step0i| Ci5t f(z1/43m)
Noise H|0|E|E MZE 5{0F5t7| ME0| HLAZO| B

» To our best knowledge, the only distillation approach

that does not suffer from this drawback is progressive

distillation (PD, Salimans & Ho (2022)) Figure 1: A visualization of two iterations of our proposed progressive distillation algorithm. A
sampler f(z;7), mapping random noise € to samples x in 4 deterministic steps, is distilled into a
new sampler f(z;6) taking only a single step. The original sampler is derived by approximately
integrating the probability flow ODE for a learned diffusion model, and distillation can thus be
understood as learning to integrate in fewer steps, or amortizing this integration into the new sampler.

I
%<
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2. Diffusion Models

v Salimans, T. and Ho, J. Progressive distillation for fast sampling of diffusion
models. In International Conference on Learning Representations, 2022.

Algorithm 1 Standard diffusion training Algorithm 2 Progressive distillation

» Progressive distillation

Require: Model xg4(z;) to be trained Require: Trained teacher model x,,(z;)
IS EE T trajectoryS 25 8162 H Require: Data set D Require: Data set D
- =0l IO S A A Require: Loss weight function w() Require: Loss weight function w()
score S0 2t YIS0 123 SO{LHA = ; :
_ i ) Require: Student sampling steps N
SFX|2k 2HoF 012 trajectory0| CHa FEXC= & for K iterations do
& ODE score estimator?| A2 HADAIS 0« & Init student from teacher

distillation 5tHA 71 & E0{LIJIH, 20| XS

while not converged do

while not converged do

FE AP o WES MEoHK| i SE0| & x ~ D > Sample data x~D
2 452 HY & UCk= 20| 1 LHO|CE. t ~U[0,1] > Sample time t=1/N, i~ Cat[l,2,...,N]
e~ N(0,1I) > Sample noise e ~ N(0,1)

2 =20 = 22 20| progressive
distillation=2 A25IX|= 2 X|2F consistency
distillation=2 A23510{ ODE solver0] LSt 0|=
it prior0f| CHSH OIFS LYXIA7 = ZHHSE TIHSHA

Z; = X + o€ > Add noise to data

x =x b Clean data is target for X
At = log[a?/a?] > log-SNR
Lo = w(\)||%X — %Xo(2z¢)||2 > Loss

Z; = (X + ;€

# 2 steps of DDIM with teacher
t'=t-05/N, t"=t—-1/N

Zy = apXy(2e) + 7 (20 — Xy (2e))

Zer = ayrky(ze) + 22 (20 — an(201))

Zy1t —(crtn /or;)z,
Qytt —(Utn /O’g)at

x
A = log[a? /o7]
Ly = w)[[% — %o (20)]3

> Teacher x target

EICt 0 0 —~yVoLe > Optimization 0+ 0 —~VgLe
end while end while
n 0 > Student becomes next teacher

N

< N/2 > Halve number of sampling steps

end for
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3. Consistency Models

» Consistency model, A new type generative models > Consistency model2 diffusion process2| SDEE 7|8IOZ t=
v' Support single-step generation at the core design probability flow ODES =-5/H 8- Z&AS2 o=t 0/ ODES
pport SIngTerstep 9 ) Z0{7}= upAloj Brot 0| A 8t DDPMO 23t distillation0] 22!
v" While still allowing iterative generation for zero-shot data Q35| =ICHH 0]= 2 scratch 2 8I&E 2 9l= \|22 MM HHIo| 7]
editing and trade-offs between sample quality and compute. 20| E= Z40]|Ct.

> Trained in either the distillation mode or the isolation mode.

v'  Disitllation mode : Distill the knowledge of pre-trained diffusion
models into a single-step sampler, significantly improving other
distillation approaches in sample quality while allowing zero-shot
image editing applications.

« [Isolation mode : \With no dependence on pre-trained diffusion
models. Makes them an independent new class of generative
models.

15
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3. Consistency Models

Data Noise

Figure 2: Consistency models are trained to map points on any trajectory
of the PF ODE to the trajectory’s origin.

ODE Trajectories(ZEAH)0| A|ZtE MOIAM e5E T7HX| #0{Ql= PF ODEQ| &2
M HEZO|H, BE AZts 49 MES H=0E= HEAFAHE= A0 =Z0M &5
AlZ|12 X} 5= consistency modelQ| =& =4{0|C}.

Z, consistency model2 ODEE &dofl HI=E G|=otHAM E2 LXA=2| SLHS
S22 XU x L= HUi= 1°go| Tt

3.1) Definition

- Given a solution trajectory {X;}:c[¢,r) Of the PF ODE in Eq. (2),

1 2
dx; = [u(xt,t) - §U(t)“Vlogpf(xf)] dt.

» Define the consistency function as
f1{xe 1) Hx0)

v Property; Self-consistency

its outputs are consistent for arbitrary pairs of {x;, t} that belong
to the same PF ODE trajectory, i.e., f (X, t)=f (X, t") forall ¢, t’' €
[€, T]

v With fixed time argument, f (-, t) is always an invertible function.

» As illustrated in Fig. 2, the goal of a consistency model, symbolized
as fg, is to estimate this consistency function f from data by
learning to enforce the self-consistency property.

16
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3. Consistency Models Architecture of Fy DDPM++ NCSN++ DDPM (any)
Skip scaling cyip(o) 1 1 1 Tansl (0% +03)
Output scaling cou (o) —0o o —G 7 - Odaa/ \/ Tda + 02

3.2) Parameterization

* Boundary condition : For consistency function f(-,-); f(:,€) is an
identity function.

f(Xe, €) = X,

* Discuss two ways to imp|ement the boundary condition for * The ConSiStency model is differentiable at t = ¢ if Fy (X, t) and Scaling
consistency models coefficients are differentiable, which is critical for training continuous-

time consistency models
v Fy(x,t) : a free-form deep neural network, Output has the same
dimensionality as x.

v Ei . , ,
First way : Simply parameterize the consistency model as » Bears strong resemblance to many successful diffusion models,

=i 4 -» making it easier to borrow powerful diffusion model architecture for
folx,t) =4~ - @ truct st del
Fo(x,1) te(e,T] constructing consistency models

v' Second way : Parameterize the consistency model using skip

connections

“~J
Fo(x,£) = cat)x + cou(®) Fo(x, 1), (5) —

Cskip (£) @nd ¢, (t) are differentiable functions such that

Cskip(€) = 1, and cqye(€) = 0 17
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pATA PRIOR W)
3. Consistency Models PPN "
Fer s
3.3) Sampling P
i eV N 737
!
» Single Step Sampling — »D :
| | | it -7 o
» With a well-trained consistency model f, (+,-), we can generate ¥ %L?\Cﬂ’
samples by m . g
v Sampling from the initial distribution %, ~N (0, T*I) 4 pea
Xr~N(0,
pling | r Po FolKeprs Ton) Pr

v Evaluating the consistency model for %~ f, (%,,T) .

» One can also evaluate the consistency model multiple times by .

alternating denoising and noise injection steps for improved

sample quality. Algorithm 1 Multistep Consistency Sampling

Input: Consistency model fg(-,-), sequence of time
» Multistep Sampling

points 71 > T > --- > Ty _1, initial noise X7
* Provide the flexibility to trade computing for sample quality x «— fo(x7,T)
« Zero-shot data editing forn=1to N —1do
. EjX DI22 HZIC} ChA| NoiseS C8Ch} 51 TS e Samplefil- N(0,1) v
Krn AT I =
« We find time points in Algorithm 1 with a greedy algorithm, where en:;; tjo_r Jo(Xrn: Tn) Fo(x,t) = cqip(t)X + cou(t)Fo(x, 1),

the time points are pinpointed one at a time using ternary search
to optimize the FID of samples obtained from Algorithm 1 Output: x 18
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3. Consistency Models

v https://junia3.github.io/blog/consistency

3.4) Zero-Shot Data Editing

« Enable various data editing and manipulation applications in
zero shot; Do not require explicit training.

» Define a one-to-one mapping from a Gaussian noise vector to a
data sample. Similar to latent variable models like GANs, VAEs,
and normalizing flows, consistency models can easily interpolate
between samples by traversing the latent space (Fig. 11)

Fig. 11. Interpolating between leftmost and rightmost images with spherical linear interpolation. All samples are generated by a consistency model trained on

LSUN Bedroom 256x256.
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3. Consistency Models v https://junia3.github.io/blog/consistency

3.4) Zero-Shot Data Editing
- 35 0|2 YHANAS| diffusion processE J1HZ AtEdH= DD

+ Consistency model2| E&(priorE 7|22 & data?t HSkl= Hx A9 baseline2| Z<20] prior sampleQ! x, 2} 0|0f] CH3H A4AdSt )}:I,*%
Offl FOIN SUSHLI2E 2120 x 2 851 822 MBS Bt Fg, »(xr) = X,0 1041 C420| OfL|2t= Mg M2teH2 K. 5HLIO| latent
image editing0|L} manipulationS zero shotgi 45t A OIL} sarhple xT7f Lot ModalityOl|A] 0]0| CHEE &~ U= dataset Modality
+ 7R ZICHSEH) MZIBHE 4 QU= 22 GAN, VAES 22 latent variable B2 xp, -, x) 2 Markov processs THZ #1235t/ L latent
modelo ] 3 2 91= inter atlonOIEr inter olatlonO imageW|A £2|0|5t interpolation@ £ 0| X|X| Yr=CH=

=7t UL

« 712104 0|2 consistency modeli} 20| Probability flow ODEZ2]
solutionO]| Ci5 EA| EICIH x,= E{0|4 data modallity0f| CHSH one to
many mapping0| OtL|A =IC}.

2 e

q°

- [M2tA GANO| 7tX|= &H = 5}LI2I latent manipulationS £61 00| X|
+ Latent?t -4 %l= sampleO| parameter2 14 & implicit decoder? manipulation0| £0|5}CH= EXIS 7pMZ 2 QIC},
E£30| &l= GANL} VAEQ| 420= ME x,E PIE0ILH= latent z,, 12|

I ME x, 2 IENHUE Iatent z, AMO[<| E7P° =aofl 37t 0|0|X| (Image one-to-one many-to-one

(0, X1))2 MMe UL, O]= 2 EYXHEHE th% Al AESHH MM E|
|

= O|0IX|S Hf% Tt HHO| S
| —

Folazy + (1 — a)z,) = Image(Xg, X;)




3. Consistency Models

3.4) Zero-Shot Data Editing

* As consistency models are trained to recover x, from any noisy
input x; t € [¢,T], they can perform denoising for various noise

levels (Fig. 12)

Consistency Models

FIMXO Z sample?| modality?t £ condition0] S0{7t= R0 T
zero-shotQ 2 AEe &~ QICH= HHEO| Yorlt oM E2 4S9
image inpainting, colorization 12|11 super-resolution S it £
Ql= Diffusion 7|"to| BES D= SHEF taskd| Cist SMZ 7HA[L! explicit
oA st50| HMA|=|0{OFRtCt. SEX|TH AN T3 TH 241t 20| consistency
model2 NSt £F9| noiseHAE x, = SHLSH 4= UAZ SHEE7| IR
0l 62] noise leveldj LSt denoising0| 7H=G}HC}.

Fig. 12. Single-step denoising with a consistency model. The leftmost images are ground truth. For every two rows, the top row shows noisy images with
different noise levels, while the bottom row gives denoised images.
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3. Consistency Models

3.4) Zero-Shot Data Editing

» Multistep generation procedure in Algorithm 1

» Uuseful for solving certain inverse problems in zero shot by using an iterative replacement procedure similar to that of
diffusion models.

* Enables many applications in the context of image editing, including inpainting (Fig. 10), colorization (Fig. 8), super-
resolution (Fig. 6b) and stroke-guided image editing (Fig. 13) as in SDEdit (Meng et al., 2021).

— ¥ "'f_ e
-

Fig. 10. Masked images (left), imputed images by a consistency model (middle), and ground truth (right)
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3. Consistency Models

3.4) Zero-Shot Data Editing

- 0|2 5| conditiond] CH3H M2 Sh&st W QiCH= HES Ofayet 2

« O{[§St input0] EX7IEELE multiple step generation=2 £=3li5tAH &[™
219|9| input0y] CHaH T AIEHRS £k 2 QUA| El= Z40|CH (condition0| S
01Z M= Hal prior sampling 22Tt skipot® & 2 25).

0l inpainting, super-resolution 12|11 SDEdit(painting to image)2t Z
S taskoll AIHAZA| AFRE 4 UCH= HHS ROfH=CL.

« OIOF input0| grey image2}t™ 0| consistency model0i| CH3H
k=3 I_-!R%I- A 0||___|-
o= 1 "

multistep(NoiseZ Cl5t11 xS 0|E511 5 £Xt8| )2

I l O | F
A %
i ' ‘ » B Y
g . \'?&fif-_?;if:.f. il , i WL

V. ity
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4. Training Consistency Models vis Distillation Consistency Distillation (CD)
PF ODE
* Method for training consistency models based on distilling a pre- 1 .
trained score model s, (x, t). dxy = [u(xf, t) — 50(1‘,) V log pt(xt)} dt. (2)
dx
Empirical PF ODE Tt = —18p(Xe,b) 3) PF ODEO|A AlK| HO|Ef 20| LSt socreE & 4= QOO Z, St &
¢ 4E T 2| score predictionS CHY!5HH Al(3)1} 20| empirical PF-
ODEE ZHZ 7N = ULt
Data Noise
* When N is sufficiently large, obtain an accurate estimate of
- x;, from x, by running one discretization step of a numerical
ODE solver.
a Fatxost . | , B ]
(0,0 Tt - ) L » Estimate &, (SolverZt O|=5t EX AIH0|A 2] &2
il Jo(xr,T) / )A(ﬁ! = Xtny1 T (In = tnt1) P(Xeny 15 tnt15 @), (6)

®(---; ¢) : Update function of a one-step ODE solver applied to

the empirical PF ODE. (¢ 7| ODE Solving0f| 2t0{5t= 0|R 7} score
estimator’t emprirical PF ODEE Z110otAt 6}, AIM k& E score

estimatorg AI8E AYUS LAHT)

» Consider discretizing the time horizon [¢,T]; Ts into N — 1 sub-
intervals, with boundariest; = e <t, <<ty =T

* In practice, follow Karras et al. (2022), boundaries Using the Euler solver, ®(x, t; ¢) = —s4 (X, t)

1 . 1 1
- i—1 - - @ L
t; = (er + E(TP —eP))P, p=7 % =x.., (tn — tn+1)tn+180(Xe,
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4. Training Consistency Models vis Distillation Consistency Distillation (CD)
A4 SDEE PF-ODEZ HIIHM M47|= 2X}t= 4! H| score estimate
* Due to the connection between the PF ODE in Eq. (2) and the SDE function 19| @XI°} £&t61A| =Lt 0] 220 LSt connectionS oiF7|
in Eq. (1), one can sample along the distribution of ODE trajectories FloiA ZHZ 1 to many mappingS ZHSHE + ULt

by first sampling x~p4..., then adding Gaussian noise to x.

X~Ddata: X = X + 1 (Gaussian Noise)

27
%

g

» Specifically, given a data point x, we can generate a pair of adjacent

data points (ﬁfn,xtnﬂ) on the PF ODE trajectory efficiently by Paata (X)
sampling x from the dataset, followed by sampling x, ., from the l
transition density of the SDE N (x; t2,,I) and then computing fcf;
using one discretization step of the numerical ODE solver according “FFORE= & j
o Eq. (6). ! W (xor 2aa D)
" <SDE> Xo=X+n Xtni1 !
itn = Xti 1™ (fn - tn +1 )f‘rH lstb(xt" i1 tn +1) (6) <Transition SDE> i
. Adjacent
H Point sample
; ODE ~p
= S¢ + solver " xtn
» Afterwards, we train the consistency model by minimizing its
output differences on the pair (if’n,xtnﬂ). This motivates our
following consistency distillation loss for training consistency . O|HH MZ23t adjacent pointS0i| CHsH consistency networks 8t& &t

models.
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4. Training Consistency Models vis Distillation Consistency Distillation (CD)

> Definition 1

» The consistency distillation loss is defined as

LY. (0,07;¢) = + Shg Y2 7HHSIA| & Q1F St sample point(otLt= forward SDEO]| I}
EINENd( Fa(x ; . 2b F ME2 L= 0|2 A MEZ E AS score estimator?t numerical
MEn)d{ o (Xtnsss trs1), Fo- (3, tn))]; ODE solverE S8 #I= 015)S 247} UIEQZ0| S8 0P} N2 2
2 sirt.
The expectation is taken with respect to x~pgata, n~U[1, N — 1],
and x,  ~N(x;th,D).
v' U[1,N — 1] : Uniform distribution over {1,2,--, N — 1} « SIS0 FX7t == 67 student parameter= loss0i| Lot gradient
descentE 2| k|11, 6~ = teacher parameter= student parameter2
v A(-) € R* : A positive weighting function, (A(t,,) = 1 performs EMA BIAO 2 JHX7ICt &5 211U distillation B0 |2 S ST

well across all tasks and datasets); A[Zt0]| [[}2 kenrel 23 HS}HIY

W tasks and dat
0l loss0f weight=Z 7] #let term . 742 HEIS 07087 Cf 7Hs3H) 0]0]X| A4A0) =2 AFREI= MSE, L1

v 8~ : Arunning average of the past values of 8 during the course 12| LPIPSS oliid =20M= 25 d™AH, weight term?l A(-) =
of optimization AMIESHH 12 THNM AFRSEH= 740| 2 E task 2 dataset0]] L5l ZHEI

ds2 2R gtk
v'd(-,) : Ametric function that satisfies vx,y: d(x,y) > 0 and
d(x,y) =0ifandonly if x = y.
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4. Training Consistency Models vis Distillation Consistency Distillation (CD)
Algorithm 2 Consistency Distillation (CD) * fo: SS9 FA7t &= fo & student network?} Ot online(St&5El=)
e . network
Input: dataset D, initial model parameter 8, learning rate
1, ODE solver ®(-, -: ¢), d(-,-), A(-), and p * fo- : EMAZ LIct0|EE = fo-E teacher network?} Ot target(=%
6 «— 6 0| E[=) network
repeat
Sample x ~ Dand n ~ U1, N — 1]
(e $2
Sz(llmple Xtni1 ~ N(Xth411) « EMA update and “stopgrad’ operator can greatly stabilize the
\,) — Xtpoq + (tn — tns1)P(Xtp gy tnt1; @) training process and improve the final performance of the
£(0,0™; @) «— consistency model
: , . g » Since 67 is a running average of the history of 6, we have 6~ =0
Alt,) (X L ! (X: .1 e . ’
Atn)d(fo(Xtr115tnt1), fo- (X, tn)) when the optimization of Algorithm 2 converges
V0 —6—-nVeL(0,07;9) Update 6 with » The target and online consistency models will eventually match
v 0~ « stopgrad(p@~ + (1 —11)0) <4 EMagsxponential
i stopgradi/ | H) moving average) each other
until convergence = g~

» Consistency distillation loss= £5t5| S7t6t= time step sample NOj|
CHoll ski&E M targett online parameterE &4 2t= &= UCH, 0|l= &
distillation2| |7} &|= consistency network?} tHsHA| R E HEE 0|
O{ L RUACILL OfaHe == ULH.
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4. Training Consistency Models vis Distillation

Theorem 1. Let At := maxX,cpq n—1]{|[tns1 — tnl}, and
f(-.-1@) be the consistency function of the empirical PF
ODE in Eq. (3). Assume fg satisfies the Lipschitz condition:
there exists L > 0 such that for all t € e, T, x, and y,
Algorithm 2 Consistency Distillation (CD) we have ||f9'(x. t)— Joly. {)”2 < Lix —ylly. Assume
further that for all n € [1, N — 1], the ODE solver called
at ty1 has local error uniformly bounded by O((tp+1 —

Input: dataset D, initial model parameter €, learning rate

1), ODE solver ®(-, -; @), d(-,-), A(+), and p tn)PTL) with p = 1. Then, if LY,(8.,0; ¢) = 0, we have
6 6
repeat sup | fo(x,tn) — F(X,tn; @)[2 = O((AL)P).

n,x

Sample x ~ Dand n ~ U1, N — 1]

42
Sample x¢,,,, ~ N(x;t5411) Proof. The proof is based on induction and parallels the

xf; — Xt + (tn —tnt1)P(Xepyy) tns1; @) classic proof of global error bounds for numerical ODE
= S s (Siili ayers, 2003). We provide the full proof in
£00.0—: &) « solvers (Siili & Mayers P P
(9, ?) & Appendix A.2. (]
A(f“)d( fe(xtn+1 ) tﬂ-l-l)~ f9* (th 3 fn))
0 —0—-nVel(0,0 ;0) Update 67 with « Numerical ODE7} 7tX|= bounded condition(numericalst#| &
~ 0 « stopgrad(uf= + (1 — 11)8) 4m  EMalexponental solution0| AX| solutionZ} 7HX[= QX7H S B9 Lol ZISITH= 7H)
) e moving average) 7} consistency network 7} 7tX|= Lipshitz condition2 DtE5it=
until convergence @ o g + y f = Lipshitz conditionS & oC}=

X7 M0|A loss function?| supremum ESH £35S = SHS & £
QIL}. 0]= & empirical PF ODE(Consistency model), EC 23|
SIXtH consistency network7} distillation=|= Al SDE H|=0i| 2}
Numerical ODE2} &4 30| 7}sotCt= 747t EILL.

If local error uniformly bounded by O((t,+1 — t.)P™!),
sup | fo(e, ta) — (2, ta; 8) |a= O((A0)) .

m]
=



Consistency Models

5. Training Consistency Models in Isolation Consistency Training (CT)

 Training in Distillation : Consistency modelZ score network2| H& « Distillation 8l419] AL AMM sk&El diffusion process model0| 2 Q611
?} ODE solverE AI2510 0] AOZ consistency lossE +HAIZ £ 0|Z &Sadll score estimation s4(x,t) £ 0|2 WA ot QAR AIEE
U=X|0f| CHolf SHot= 2HHO0[RULE. BHOi| SAACH.

 Training in Isolation : Consistency modelO| 7|Z diffusion 2AI0|AM H « OIOF Consistency modelE HEO 2 StEA|7| 1K} SHCHH Y S|&2M8S8
Ot PF ODE XH22| 7HsA4S HOIRM, M2 A4 BHO| A|X0[2tH= QO 2{OFBHHOFHL] AOIM 7, logp, (x) S TFEHOFEH.

7|1Z0] & sHS|of tiolf AgoteS oft. .
PF ODE dey = (p(:ﬂt,t) - §a(t)2vx logpt(:l:t)) dt

» PD ODEDO0]| Score estimator ¢i0| Fo}= HlH

. —716_}3'_ ﬂg;score% AlX| data®| marginal distributiondj| CHsH IO 2 . B2 BT p(x,|x)0 THE 0152 log likelihood log (p(x,|x)) O THEH O]&
projectiontE e 40| Lzt o2 X|afet 4 9, E0/SX Halste T2} 2L},
Vlog pi(z:) = Vo, logfpdata(:c)l’(wtla:)da: S [ Panta(2)P(@4]8) Vs Iog ple|i6)
og pt(zt) =
5 o [ Pasea(@)p(ai|z)dz
+ log0f| CHSt 0|22 closed formQ &2 XE|EICt.
\V/ fpdata(fﬂ)P(iEdI)th IOgP(ZL'tlilZ)d:B
fpdata(a:)\ e, P T r)dx —
Vlog pi(zt) = (@)
[ pdata(z)p(z:|2)da
© X x2t B - / Pdata(Z)p(2t|z) V.. log plae)d
o2, Y3z pe(zy) = OB .
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5. Training Consistency Models in Isolation Consistency Training (CT)

+ Bayes’ rule0f| mj2f 2R Q| {X|7} HHHA| &1,

pdata(m)p(mt |$)
pe(xt)

V., log p(z:|z)dx

Vlog pi(z:) = [

- /p(:r:|:r:t)vzt log p(z¢|z)dz

* 0|z x, 5 ZUCR 5= =& 220| [HE x0f CHol BS FLok= At 2L
Vlog pi(z¢) = E(Vy, log p(z¢|z)|z¢) . XZE EEL diffusion
2y — processH|A] 7t A|Ct
- = a2 xXo|7} =l
=K 12 lmt 7-' =2 o-—|7|' [=|

+ O|ME ZAAZE &= ULt F2 7HX1 = ME oM S +ok= 2l
0] =|7| 20 numerical error= ZXH& 4= 8{0i| QICt OLFE O|ZA &t
scoreZ AR5 /™ score estimationg 3= pre-trained network
20| ME2I0| 753811, 0] MES2 Sl consistency network &+&50] 7t
SolCt.
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5. Training Consistency Models in Isolation

Theorem 2. Let At := maxpcpi,N—1]1/tn+1 — tnl}. As-
sume d and fg- are both twice continuously differentiable
with bounded second derivatives, the weighting function
A(+) is bounded, and E[HVlogptn(xtn)”gJ < . As-

« Trained without relying on any pre-trained diffusion models. sume further that we use the Euler ODE solver, and the
pre-trained score model matches the ground truth, i.e.,
* This differs from diffusion distillation techniques, making Vt € [6,T] : 84(x,t) = Vlog py(x). Then,
consistency models a new independent family of generative
models LN)0,07:¢) = £LN.(8,07) + o(Ab), 9)

where the expectation is taken with respect to X ~ Paata, 0 ~
UL N — 1], and x4, ., ~ N(x: 12 I). The consistency
training objective, denoted by L },» 0.6 ), is defined as

+ Consistency distillation ; Use a pre-trained score model s4 (x, t) to
approximate the ground truth score function ¥ log p; (x)

» To get rid of this dependency, we need to seek other ways to
estimate the score function E[A(#n)d(fo(x + tnt1Z,tn+1), fo- (X + tnz,tp))], (10)
Consistency training (CT) loss
where z ~ N(0,1). Moreover, LN.(8,07) = O(At) if
* There exists an unbiased estimator of I’ log p,(x;) due to the infy LY,(8,07; ¢) > 0.
following identity

X — X Proof. The proof is based on Taylor series expansion and
Viogpy(xs) = —E Xe | e P o B ; g
2 properties of score functions (Lemma 1). A complete proof
is provided in Appendix A.3. ]
X~Pdata @Nd X, ~N (x; t21)
« Given x and x,, we can form a Monte Carlo estimate of V log p;(x,) » This estimate actually suffices to replace the pre-trained diffusion
with —(x, — x)/t2. ~—— model in consistency distillation, when using the Euler method (or

any higher order method) as the ODE solver in the limit of ;> oo
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5. Training Consistency Models in Isolation Consistency Training (CT)

Consistency training (CT) loss

Algorithm 3 Consistency Training (CT)

LY(0,07):= E[Atn)d(fo(x + tni12,t s Jo- (X + taz,t 10
cr(9,87) [Atn)d(Fol w412 tnt1), fo- (X + tnz, tn))] (10) Input: dataset D, initial model parameter 6, learning

rate 77, step schedule N(-), EMA decay rate schedule
1) N is small (i.e., At is large) : (-, d(-,-), and A(+)

* CT loss has less “variance” but more “bias” with respect to the 6 —Bandk 0

underlying consistency distillation loss repeat
Sample x ~ D, and n ~ U[[1, N (k) — 1]
+ Facilitates faster convergence at the beginning of training Sample z ~ N (0, 1)
L£(0,0) —
2) N is large (i.e., At is small) : Atp)d(fo(X+ thi12,thi1), fo- (X + t,2,t,)

@ —0—nVeLl(6,0)

0~ — stopgrad(ju(k)0~ + (1 — ju(k))8)
 Desirable when closer to the end of training. k—k+1

until convergence

* CT loss has more “variance” but less “bias”

» For best performance, find that u should change along with N,
according to a schedule function p(-).
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5. Training Consistency Models in Isolation Consistency Training (CT)

< ZA ZF2PHO| UAKX|Tt process= ZHASHAIE Q1 MESS 2F AN
Holot diffusion SDEO]| 2t Hd, 0|5 AFZ5t0 consistency models Algorithm 3 Consistency Training (CT)

Input: dataset D, initial model parameter 6, learning

* olid process= 2= consistency network st loss= LA rate 77, step schedule N(-), EMA decay rate schedule
standard gaussian H= z~N(0, 0| C{3H CH 2 20| ST} w(-), d(-,-), and A(+)
& 6 «—@andk 0
EC‘T(Ba 9_) = E(A(tn)d(fg(m +tn12, tn+l)7 f9’ (:I: + tnzttn))) repeat
Sample x ~ D, and n ~ U[[1, N (k) — 1]
* ofld lossE +=EAl7|= 2HF0| distillation lossE +EA|7|= Adt 24X O Sample z ~ N(0, 1)
= SYUYs 38 = UMt = Appendix 2 £(6,07) — |
,\(_lf” ‘lr/[:fgf}(' F £y 1%, b l\). fg (X A /,LZ. f‘n}

0 —0—nVeLl(6,60)
0~ «— stopgrad(p (k)@ + (1 — p(k))O)
k—k+1

until convergence
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6. Experimental Results

6.1 Training Consistency Models Metric Function : [, distance, [, distance and the Learned Perceptual Image

Patch Similarity (LPIPS, Zhang et al. (2018))

* The effect of various hyperparameters on the performance of
consistency models trained by consistency distillation (CD) and
consistency training (CT).

— = LPIPS, Euler, N=50
—— LPIPS, Heun, N =50

1) Focus on effect of the metric function d(-,-), the ODE solver, and the

8 == LPIPS, Euler, N =80
number of discretization steps N in CD, : —— LPIPS, Heun, N =80
o = == LPIPS, Euler, N =120
2)Then, Investigate effect of the schedule functions N(:) and u(-) in CT. “ 6 T\ PIPS. Heun, N =120
D
4
* Fig.3 (a) : LPIPS loss7t 7t%& &1tX9Ql distance metric2 & &= U3 25 T % #0520 78 80 ® s 1 35 30 25 g
* Fia.3 (b): LPIPSE J__II-I metricl 2 §|-9_0|.0:| I:|-7:||I:|-7:" AlS|IS I|3H3H:|- Training iterations (x10000) Training iterations (x10000)
(b?Oil)éIE) soIverOiiEEHof oty T2 B0, 1X} AR 18 ?;EI_ Oull_erE (a) Metric functions in CD. (b) Solvers and N in CD.
Ch= 2} ZAFE 12{6t= HeunO| & O £2 M52 2.

Fig. 3. Various factors that affect consistency distillation (CD) and
consistency training (CT) on CIFAR-10. The best configuration for CD is
LPIPS, Heun ODE solver, and N=18. Our adaptive schedule functions for N
and p make CT converge significantly faster than fixing them to be
constants during the course of optimization.

* Fig.3 (c) : ¥\ biasE £0|7| ISH HIAESHtime step sample = NOj| CH
ot A, I¥oH T NO| HE+E 450| EO0FLICE NO| O HE S7totH
103 RE M5 230 BASHE 21T S 01 & Uk (ORBlE
numerical ODEO|| (2 MHs 22| bottleneck0|X| 2277t MZtoli=.)
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6. Experimental Results

6.1 Training Consistency Models

10 60
[ ]

. Ei . O} e = = AE ~—— LPIPS, Heun, N=9 [ ] == CT(N=50,u=0.99)
Fl}g*? g )l:_'ro?fl biasE onljl Iotl\_'Ell__:f t;nse step SalTE!—? xN01| IZI:tll:I 9 — LPIPE Heun = T2 s0 4 e e
ot e, IS = NO| HE MS0[ Z0tZEICE NO| K= = F7totHH 8 —— LPIPS, Heun, N =18 (Sl = CT(N=120,u=0.99)
10|82 Ms 2210 “”é;fE 2 S ol £ QICt. (OFF = , —— LPIPS, Heun, N = 36 40 & —— CT (adaptive N and u)
numerical ODEO]| 2 Ms SHAt| bottleneckOIII orS 7t A ztsE) o LEIES, sn, A= 03 !\:\

(48 6 (T8 A\
A\

* Fig.4(d) : CTE At8¢t o5 1% (2T FIDZ} eiXs| BH{X|=A O + 5 B I N e eevletuiyly
ol S R) ) |~ T i s
v CTe ZR0l= CDQ}% EtEHI =3 'Tumﬁrical ODE solver0f J30]| %0 s 10 15 20 25 30 "o 20 40 60 80

LI K| 27| H20|(EHS0 A2 E= MEE2 AP HoE HE=Z Training iterations (x10000) Training iterations (x10000)
h solvers Ar28t TQ 7} QICt CTQ| ARO|E distillation0] AL a , , ,
X[ 07| 0] NO| CH3t ST} SE . > 0f7E| NO| 42 Koo (c) N with Heun solver in CD.  (d) Adaptive N and  in CT.
HE A2 7ISUX T MES M50| £EX| 26110, N2 7|RH 22 Fig. 3. Various factors that affect consistency distillation (CD) and
= LYX| X2t MEZ =2 §, AMZICE O] = 71X &S 20| At&6H | consistency training (CT) on CIFAR-10. The best configuration for CD is

o = 5 — o = — . .

pet A1 3 3 -

_r| H NS Z2M STIA|7|HA SH5A|7 = WH(Eat) S TotsH T, LPIPS, Heun ODE solver, and N=18. Our adaptive schedule functions for N
EMA factor p EESH 0|0f 2| MR} S7HA|7|= HHHS ALRSISILCY and p make CT converge significantly faster than fixing them to be

constants during the course of optimization.
v OMOE HHHE N5 3 + 52

oo TO
sl 4 QLt.

H=d EelE(FID)E 20l= A=
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6. Experimental Results

6.1 Training Consistency Models

30
8.0 PD (t;) 15 PD (£) PD (£;) PD (L)
mmm PD (LPIPS) mmm PD (LPIPS) L mmm PD (LPIPS) mmm PD (LPIPS)
6.0 CD (£2) 10 CD (£,) CD (£2) 20 CD (£,)
o mm CD(LPIPS) mmm CD(LPIPS) 10 = CD(LPIPS) A mmm CD (LPIPS)
i 4.0 w [T [T
5 10
0.0 0 0 0
1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
Number of sampling steps Number of sampling steps Number of sampling steps Number of sampling steps

(a) CIFA-10 (b) ImageNet 64x64 (c) Bedroom 256x256 (d) Cat 256x256

Fig. 4. Multistep image generation with consistency distillation (CD). CD
outperforms progressive distillation (PD) across all datasets and sampling
steps. The only exception is single-step generation on Bedroom 256x256.
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6. Experimental Results

6.2. Few-Step Image Generation

Distillation Direct Generation

» All methods distill from an EDM(Karras et al., 2022) model that we » Compare the sample quality of consistency training (CT) with other
pre-trained in-house. generative models using one-step and two-step generation.

* Note that across all sampling iterations, using the LPIPS metric » CT outperforms all single-step, non-adversarial generative models.
uniformly improves PD(progressive distillation) compared to the - CT obtains comparable quality to PD for single-step generation

squared {2 distance in the original paper of Salimans & Ho (2022). without relying on distillation

» Both PD(progressive distillation) and CD(consistency
distillation) improve as we take more sampling steps.

* We find that CD uniformly outperforms PD across all datasets,
sampling steps, and metric functions considered, except for single-
step generation on Bedroom 256x256, where CD with {2 slightly
underperforms PD with {2.

» Table 1, CD even outperforms distillation approaches that require
synthetic dataset construction, such as Knowledge Distillation
(Luhman & Luhman, 2021) and DFNO (Zheng et al., 2022).

< EDM : Tero Karras, Miika Aittala, Timo Aila, Samuli Laine, "Elucidating the
Design Space of Diffusion-Based Generative Models," NeurlPS 2022.
https://github.com/NVlabs/edm
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EDM (Elucidating the Design Space of Diffusion-Based Generative Models)

VP [49] VE [49] iDDPM [37] + DDIM [47] Ours (“EDM”)
Sampling (Section 3)
ODE solver Euler Euler Euler 2" order Heun
: ; - 1
Time steps tien 1+ 5(es—1) (T Uy jop Mctdo ;1 1o Where (Um_ax” TR i .
uy =0 ﬁ(gmin P —Omax ? ))
u?+1
1=\ max(a; 78,00 L
Schedule o(t) Ve2Pet*+Bunt _1 Vi t t
Scaling s(t) 1/V 3Pat? +Buint 1 1 1
Network and preconditioning (Section 5)
Architecture of Fj DDPM++ NCSN++ DDPM (any)
Skip scaling  cgip(0) 1 1 1 O3l (02 +0%sa)
Output scaling cou(0) —0 o —0 o- Udala/\/adgaga + 02
Input scaling  eip(0)  1/Veo?+1 | 1/Ve? +1 1/\/e2 + 0%,
Noise cond. epoise(0) (M —1) 0= 1(0) ln(%a) M —1—argmin; |u; — o éln(a)
Training (Section 5)
Noise distribution o~ Yo) ~U(e,1) In(o) ~U(In(omin), o=uj, j~U{0,M=1} In(0) ~N(Ppean, P%)
In(max))
Loss weighting A(o) 1/0? 1/02 b 1/02  (note: *) (02+02.) /(0 - Odaa)®
Parameters Ba=199, foa =01 e =002 &; = sin’* (3 yrsrs) Omin = 0.002, omax = 80
& =10 a=10"" &g =10 Cy = 0.001, C3 = 0.008 Oda =05,p=T

M = 1000

M = 1000, jo = 81

Pme:mz —1.2. }Dsld = 1.2

* iDDPM also employs a second loss term Ly

T In our tests. jo = 8 yielded better FID than jo = 0 used by iDDPM



6. Experimental Results

6.2. Few-Step Image Generation

Consistency Models

Table 1: Sample quality on CIFAR-10. *Methods that require synthetic data

construction for distillation

Direct Generation

METHOD NFE(]) FID(]) IS(1)
Diffusion + Samplers

DDIM (Song et al., 2020) 50 4.67

DDIM (Song et al., 2020) 20 6.84

DDIM (Song et al., 2020) 10 8.23
DPM-solver-2 (Lu et al., 2022) 12 5.28
DPM-solver-3 (Lu et al., 2022) 12 6.03

3-DEIS (Zhang & Chen, 2022) 10 4.17
Diffusion + Distillation

Knowledge Distillation® (Luhman & Luhman, 2021) 1 9.36

DFNO* (Zheng et al., 2022) 1 4.12
1-Rectified Flow (+distill)* (Liu et al., 2022) 1 6.18 9.08
2-Rectified Flow (+distill)* (Liu et al., 2022) 1 4.85 9.01
3-Rectified Flow (+distill)* (Liu et al., 2022) 1 S 8.79
PD (Salimans & Ho, 2022) 1 8.34 8.69
CDh I 3.55 9.48
PD (Salimans & Ho, 2022) 2 5.58 9.05
CDh 2 2.93 9.75

BigGAN (Brock et al., 2019) 1 14.7 9.22
CR-GAN (Zhang et al., 2019) 1 14.6 8.40
AutoGAN (Gong et al., 2019) 1 124 8.55
E2GAN (Tian et al., 2020) 1 11.3 8.51
ViTGAN (Lee et al., 2021) 1 6.66 9.30
TransGAN (Jiang et al., 2021) 1 9.26 9.05
StyleGAN2-ADA (Karras et al., 2020) 1 292 9.83
StyleGAN-XL (Sauer et al., 2022) 1 1.85

Score SDE (Song et al., 2021) 2000 2.20 9.89
DDPM (Ho et al., 2020) 1000 3.17 9.46
LSGM (Vahdat et al., 2021) 147 2.10

PFGM (Xu et al., 2022) 110 2.35 9.68
EDM (Karras et al., 2022) 36 2.04 9.84
1-Rectified Flow (Liu et al., 2022) 1 378 1.13
Glow (Kingma & Dhariwal, 2018) 1 48.9 3.92
Residual Flow (Chen et al., 2019a) 1 46.4

GLFlow (Xiao et al., 2019) 1 446
DenseFlow (Grcié et al., 2021) 1 349

DC-VAE (Parmar et al., 2021) 1 17.9 8.20
By 1 8.70 8.49
CF 2 583  8.85



Consistency Models

METHOD NFE()) FID(]) Prec.(t) Rec. (1)

ImageNet 64 x 64 LSUN Cat 256 x 256

PD' (Salimans & Ho, 2022) | 15.39 0.59 0.62 PD' (Salimans & Ho, 2022) 1 29.6 0:51 0.25
DFNO'* (Zheng et al., 2022) | 8.35 PD' (Salimans & Ho, 2022) 2 15:5 0.59 0.36
CDf | 6.20 0.68 0.63 CcD’ 1 11.0 0.65 0.36
PD' (Salimans & Ho, 2022) 2 8.95 0.63 0.65 CD’ 2 8.84 0.66 0.40
CD' 2 4.70 0.69 0.64 DDPM (Ho et al., 2020) 1000 17.1 053 0.48
ADM (Dhariwal & Nichol, 2021) 250 2.07 0.74 0.63 ADM (Dhariwal & Nichol, 2021) 1000 5.57 0.63 0.52
EDM (Karras et al., 2022) 79 2.44 074 0.67 EDM (Karras et al., 2022) 79 6.69 0.70 0.43
BigGAN-deep (Brock et al., 2019) | 4.06 0.79 0.48 PGGAN (Karras et al., 2018) | 317.5

CT 1 13.0 0.71 0.47 StyleGAN2 (Karras et al., 2020) | 7.25 0.58 0.43
CT 2 K11 0.69 0.56 CT | 20.7 0.56 0.23
LSUN Bedroom 256 x 256 e > s R B
PD' (Salimans & Ho, 2022) | 16.92 0.47 0.27

PD' (Salimans & Ho, 2022) 2 8.47 0.56 0.39 Table 2: Sample quality on ImageNet 64x64, and LSUN Bedroom & Cat
Cp’ 1 7.80 0.66 0.34 256x256. tDistillation techniques

CD’ 2 5.22 0.68 0.39

DDPM (Ho et al., 2020) 1000 4.89 0.60 0.45

ADM (Dhariwal & Nichol, 2021) 1000 1.90 0.66 0.51

EDM (Karras et al., 2022) 79 3.50 0.66 0.45

SS-GAN (Chen et al., 2019b) 1 13.3

PGGAN (Karras et al., 2018) | 8.34

PG-SWGAN (Wuet al., 2019) 1 8.0

StyleGAN2 (Karras et al., 2020) | 2.35 0.59 0.48

CT | 16.0 0.60 0.17

i 2 7.85 0.68 0.33
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Consistency Models

Direct Generation

Figure 5: Samples generated by EDM (top), CT + single-step generation (middle), and CT + 2-step generation (Bottom). All
corresponding images are generated from the same initial noise.
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p

6.3 Zero-Shot Image Editing

LR
7.;‘:.“\.7 = r@ T e

(c) Left: A stroke input provided by users. Right: Stroke-guided image generation.

Figure 6: Zero-shot image editing with a consistency model trained by consistency distillation on LSUN Bedroom 256 x 256. e



Consistency Models; Appendices

Appendix C. Additional Experimental Details

Score-based Generative Modeling through Stochastic Differential Equations

Model Architecture Forward SDE (data — noise)

- Follow Song et al. (2021), Dhariwal & Nichol (2021) for model x(0) dx = £(x, t)dt + g(t)dw —————3{ :: )
architectures. '

* Use the NCSN++ architecture in Song et al. (2021) for all CIFAR-10
experiments, and take the corresponding network architectures from

Dhariwal & Nichol (2021) when performing experiments on ImageNet

64x64, LSUN Bedroom 256x256 and LSUN Cat 256x256. score function
dx = [f(x,t) — ¢*(t)Vx log p; (x)] dt + g(t)dw @

Song, Y., et al., Score-based generative modeling through Reverse SDE (noise — data)

stochastic differential equations. ICLR 2021. i PR~ B S e

image synthesis. NeurlPS 2021.

dz = f(z,t)dt + g(t)dw dz = [f(z,t) — ¢*(t)V. logp ()] dt + g(t)dw
) " /\

Dhariwal, P. and Nichol, A. Diffusion models beat gans on —
'."lﬂ!!

po(z) pe(z) > pr(z) pe(z) » po(z)
https://blog.si-analytics.ai/49 43
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Appendix C. Additional Experimental Details

Song, Y., et al., Score-based generative modeling Dhariwal, P. and Nichol, A. Diffusion models beat gans on image

through stochastic differential equations. ICLR 2021. synthesis. NeurlPS 2021.
Algorithm 1 PC sampling (VE SDE) PrediCtor'C_orreCtor Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (4 (), Xg(¢)), classi-

1: xn ~ N(0,00,1) (PC) sampling fier ps(y|x:), and gradient scale s.

2: fﬂl"i =N-—1to0do Variance Exploding Input: class label y, gradient scale s

3: Xj X1+ (0701 —07)sex(Xi41,0641)  stochastic differential zr < sample from N(0, I)

4: z~N(0,I) equation (VE SDE) for all £ from T"to 1 do

50 X, — X, + =’fo"'fH — 02z fs 24— po(2), X ()

6 fori—i to\/M d'o x—1 < sample from N (p + sX V., log ps(y|zt), X)

2 a MO % NCSN++ cont. (VE) ~ end for

z ( ) ) return z,
8 Xi «— X; + €iSg* (Xi,0i) + V2¢;2 model
9: return xg
Algorithm 2 Classifier guided DDIM sampling, given a diffusion model €y (), classifier py(y|z;),

Algorithm 2 PC sampling (VP SDE) Predictor-Corrector ~ and gradient scale s.
— T (PC) sampling Input: class label y, gradient scale s

1t xy -~ (0,1) . . x + sample from N (0, T)

2: fori = N —1to0do Variance Preserving forall # ﬁ.om Tto1de

3: %\ (2— /I — Bir)Xic1 + Bir1Ses (Xiv1,i + 1"St00ht?3tlc\?||:ﬁg§2tlal € ep(e) — V1 — Gt Vi, logpy(ylae)

4 Z~N(0,I) : Faua IOH( ) Ti_1 < /O 1(act 1 ate)-i-\/l—aft 16

5 X; — X, ++/Bit1z Bredktat end for

6: forj =1to M do Corrector 3 DDPM-++ cont. return zo

7.z~ N(O,I) | (VP) model

8 Xi — Xi + €iSgx (Xi,1) + /262

9: return xo 44




Consistency Models; Appendices

Appendix C. Additional Experimental Details

Parameterization for Consistency Models Schedule Functions for Consistency Training
» Use the same architectures for consistency models as those used for » Consistency generation requires specifying schedule functions N() and u()
EDMs. Slightly modify the skip connections in EDM to ensure the for best performance.

boundary condition holds for consistency models.

» Parameterize a consistency model I
N(k) = |\ g1+ 1) —sg) +s§—1f +1
fo(x,t) = Cskip(t)X + cout(t) Fo(x.1).
S0 10%#0
v EDM
2
o Odatal
Caip(t) = =—HB—  coult) = _;L”_ where o4y, = 0.5.

2 /
t= + T data V T data + 12

it does not satisfy the boundary condition when the smallest time K the total number of training iterations

instant € # 0. * 5o : the initial discretization steps

* 51 > 5 : the target discretization steps at the end of training
v" Modify them

Uo : the EMA decay rate at the beginning of model training.

2
T data Tdata | t €)

,  Caull) = ——,
2 oul( ;
(1 : )2 " T data \"/U(?ata T t2

Cskip(t) =

which clearly satisfies cqip(€) = 1 and coy(€) = 0.
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Training Details

» In both consistency distillation and progressive distillation,

 Distill EDMs (Karras et al., 2022).

» Trained these EDMs for 600k and 300k iterations and reduced the

Consistency Models; Appendices

Appendix C. Additional Experimental Details

» For consistency training,

batch size from 4096 to 2048 according to the specifications given in

Karras et al. (2022).

+ In all distillation experiments, Initialized the consistency model with

pre-trained EDM weights.

Table 3: Hyperparameters used for training CD and CT models

* Initialized the model randomly, just as did for training the EDMs.

» Trained all consistency models with the Rectified Adam optimizer
(Liu et al., 2019), with no learning rate decay or warm-up, and no

weight decay.

» Applied EMA to the weights of the online consistency models in
both consistency distillation and consistency training, as well as to
the weights of the training online consistency models according

to Karras et al. (2022).

Hyperparameter CIFAR-10 ImageNet 64 x 64 LSUN 256 x 256
CD CT CD CT CD CT
Learning rate 4e-4 4e-4 8e-6 8e-6 le-5 le-5
Batch size 512 512 2048 2048 2048 2048
L 0 0.95 0.95
Lo 0.9 0.95 0.95
S0 2 2 2
81 150 200 150
EMA decay rate 0.9999 0.9999 0.999943 0.999943 0.999943 0.999943
Training iterations 800k 800k 600k 800k 600k 1000k
Mixed-Precision (FP16) No No Yes Yes Yes Yes
Dropout probability 0.0 0.0 0.0 0.0 0.0 0.0
Number of GPUs 8 8 64 64 64 64
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Consistency Models; Official Code

https://github.com/openai/consistency _models

* Provide examples of EDM training, consistency distillation, consistency training, single-
step generation, and multistep generation in scripts/launch.sh

EDM : Karras, T., Aittala, M., Aila, T., and Laine, S. Elucidating the design space of diffusion-based generative
models. In Proc. NeurlPS, 2022
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scripts/launch.sh

HHHHHHHHH R R R
# Training EDM models on class-conditional ImageNet-64, and LSUN 256
HHHHH R R R R PP HE

mpiexec -n 8 python edm_train.py --attention_resolutions 32,16,8 --class_cond
True --use_scale_shift_norm True --dropout 0.1 --ema_rate
0.999,0.9999,0.9999432189950708 --global_batch_size 4096 --image_size 64 --Ir
0.0001 --num_channels 192 --num_head_channels 64 --num_res_blocks 3
--resblock_updown True --schedule_sampler lognormal --use_fp16 True
--weight_decay 0.0 --weight_schedule karras --data_dir /path/to/imagenet

python -m orc.diffusion.scripts.train_imagenet_edm --attention_resolutions
32,16,8 --class_cond False --dropout 0.1 --ema_rate
0.999,0.9999,0.9999432189950708 --global_batch_size 256 --image_size 256 --Ir
0.0001 --num_channels 256 --num_head_channels 64 --num_res_blocks 2
--resblock_updown True --schedule_sampler lognormal --use_fp16 True
--use_scale_shift_norm False --weight_decay 0.0 --weight_schedule karras
--data_dir /path/to/lsun_bedroom

T R R R R R R R
# Sampling from EDM models on class-conditional ImageNet-64
T R R R R R R R R R

mpiexec -n 8 python image_sample.py --training_mode edm --batch_size 64
--sigma_max 80 --sigma_min 0.002 --s_churn 0 --steps 40 --sampler heun
--model_path edm_imagenet64_ema.pt --attention_resolutions 32,16,8
--class_cond True --dropout 0.1 --image_size 64 --num_channels 192
--num_head_channels 64 --num_res_blocks 3 --num_samples 50000
--resblock_updown True --use_fp16 True --use_scale_shift_norm True
--weight_schedule karras

B B B T e
# Consistency distillation on class-conditional ImageNet-64
HH R R R R R R

## L_CD”N (12) on ImageNet-64

mpiexec -n 8 python em_train.py --training_mode consistency_distillation
--target_ema_mode fixed --start_ema 0.95 --scale_mode fixed --start_scales 40
--total_training_steps 600000 --loss_norm 12 --Ir_anneal_steps 0
--teacher_model_path /path/to/edm_imagenet64 ema.pt

--attention_resolutions 32,16,8 --class_cond True --use_scale_shift_norm True
--dropout 0.0 --teacher_dropout 0.1 --ema_rate 0.999,0.9999,0.9999432189950708
--global_batch_size 2048 --image_size 64 --Ir 0.000008 --num_channels 192
--num_head_channels 64 --num_res_blocks 3 --resblock _updown True
--schedule_sampler uniform --use_fp16 True --weight_decay 0.0 --weight_schedule
uniform --data_dir /path/to/data

T R R R R R
# Consistency training on class-conditional ImageNet-64
T R R R R R

## L_CT”N on ImageNet-64

mpiexec -n 8 python em_train.py --training_mode consistency_training
--target_ema_mode adaptive --start_ema 0.95 --scale_mode progressive
--start_scales 2 --end_scales 200 --total_training_steps 800000 --loss_norm Ipips
--Ir_anneal_steps 0 --teacher_model_path /path/to/edm_imagenet64_ema.pt
--attention_resolutions 32,16,8 --class_cond True --use_scale_shift_norm True
--dropout 0.0 --teacher_dropout 0.1 --ema_rate 0.999,0.9999,0.9999432189950708
--global_batch_size 2048 --image_size 64 --Ir 0.0001 --num_channels 192
--num_head_channels 64 --num_res_blocks 3 --resblock_updown True
--schedule_sampler uniform --use_fp16 True --weight_decay 0.0 --weight_schedule
uniform --data_dir /path/to/imagenet64



scripts/launch.sh

HH B R
# Sampling from consistency models on class-conditional ImageNet-64
HH R R

## ImageNet-64

mpiexec -n 8 python image_sample.py --batch_size 256 --training_mode
consistency_distillation --sampler onestep --model_path /path/to/checkpoint
--attention_resolutions 32,16,8 --class_cond True --use_scale_shift_norm True
--dropout 0.0 --image_size 64 --num_channels 192 --num_head_channels 64
--num_res_blocks 3 --num_samples 500 --resblock_updown True --use_fp16 True
--weight_schedule uniform

AR R R AR EHHE R
Tenary search for multi-step sampling on class-conditional ImageNet-64
B R R R

## CD on ImageNet-64

mpiexec -n 8 python ternary_search.py --begin 0 --end 39 --steps 40 --generator
determ --ref_batch /root/consistency/ref _batches/imagenet64.npz --batch_size 256
--model_path /root/consistency/cd_imagenet64_Ipips.pt

--attention_resolutions 32,16,8 --class_cond True --use_scale_shift_norm True
--dropout 0.0 --image_size 64 --num_channels 192 --num_head_channels 64
--num_res_blocks 3 --num_samples 50000 --resblock_updown True --use_fp16 True
--weight_schedule uniform

## CT on ImageNet-64

mpiexec -n 8 python ternary_search.py --begin 0 --end 200 --steps 201 --generator
determ --ref_batch /root/consistency/ref _batches/imagenet64.npz --batch_size 256
--model_path /root/consistency/ct_imagenet64.pt

--attention_resolutions 32,16,8 --class_cond True --use_scale_shift_norm True
--dropout 0.0 --image_size 64 --num_channels 192 --num_head_channels 64
--num_res_blocks 3 --num_samples 50000 --resblock_updown True --use_fp16 True
--weight_schedule uniform
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scripts/launch.sh

HHHHHHHH AR AR AR PR HHPHHPHHEHHE
# Multistep sampling on class-conditional ImageNet-64
B R R R R R H R R

## Two-step sampling for CD (LPIPS) on ImageNet-64

mpiexec -n 8 python image_sample.py --batch_size 256 --training_mode
consistency_distillation --sampler multistep --ts 0,22,39 --steps 40 --model_path
/path/to/cd_imagenet64 _Ipips.pt --attention_resolutions 32,16,8 --class_cond True
--use_scale_shift_norm True --dropout 0.0 --image_size 64 --num_channels 192
--num_head_channels 64 --num_res_blocks 3 --num_samples 500
--resblock_updown True --use_fp16 True --weight_schedule uniform

## Two-step sampling for CD (L2) on ImageNet-64

mpiexec -n 8 python image_sample.py --batch_size 256 --training_mode
consistency_distillation --sampler multistep --ts 0,22,39 --steps 40 --model_path
/path/to/cd_imagenet64 |2.pt --attention_resolutions 32,16,8 --class_cond True
--use_scale_shift_norm True --dropout 0.0 --image_size 64 --num_channels 192
--num_head_channels 64 --num_res_blocks 3 --num_samples 500
--resblock_updown True --use_fp16 True --weight_schedule uniform

## Two-step sampling for CT on ImageNet-64

mpiexec -n 8 python image_sample.py --batch_size 256 --training_mode
consistency_training --sampler multistep --ts 0,106,200 --steps 201 --model_path
/path/to/ct_imagenet64.pt --attention_resolutions 32,16,8 --class_cond True
--use_scale_shift_norm True --dropout 0.0 --image_size 64 --num_channels 192
--num_head_channels 64 --num_res_blocks 3 --num_samples 500
--resblock_updown True --use_fp16 True --weight_schedule uniform
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Karras, T., Aittala, M., Aila, T., and Laine, S. Elucidating the design space of
diffusion-based generative models. In Proc. NeurlPS, 2022

scripts/edm_train.py

def create_argparser():
defaults = dict(

data_dir="",
schedule_sampler="uniform",
lr=1e-4,

weight_decay=0.0,
1r_anneal_steps=0,
global_batch_size=2048,
batch_size=-1,
microbatch=-1, # -1 disables microbatches
ema_rate="0.9999",

log_interval=10,

# comma-separated list of EMA values

save_interval=10000,

resume_checkpoint="",

use_fplé=False,

fpl6_scale_growth=1e-3,
)

defaults.update(model_and_diffusion_defaults())
parser = argparse.ArgumentParser()
add_dict_to_argparser(parser, defaults)

return parser

EDM (Karras et al. (2022))

cm/dist_util.py : model_and_diffusion_defaults()

def model_and_diffusion_defaults():

Defaults for image training.

res

= dict(

sigma_min=0.002,
sigma_max=80.0,

image_size=64,
num_channels=128,
num_res_blocks=2,

num_heads=4,
num_heads_upsample=-1,
num_head_channels=-1,
attention_resolutions="32,16,8",
channel_mult="",

dropout=0.0,

class_cond=False,
use_checkpoint=False,
use_scale_shift_norm=True,
resblock_updown=False,
use_fpl6=False,
use_new_attention_order=False,

learn_sigma=False,

W weight_schedule="karras",

)

T ——

return res

mpiexec -n 8 python edm_train.py
--attention_resolutions 32,16,8
--class_cond True
--use_scale_shift_norm True
--dropout 0.1

--ema_rate
0.999,0.9999,0.9999432189950708
--global_batch_size 4096
--image_size 64

--Ir 0.0001

--num_channels 192
--num_head_channels 64
--num_res_blocks 3
--resblock_updown True
--schedule_sampler lognormal
--use_fp16 True

--weight_decay 0.0
--weight_schedule karras
--data_dir /path/to/imagenet
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EDM (Karras et al. (2022))

scripts/edm_train.py

def main(): data = load_data(
args = create_argparser().parse_args() data_dir=args.data_dir,
batch_size=batch_size,
dist_util.setup_dist()V (1) Setup a distributed process group image_size=args.image_size,
logger.configure() class_cond=args.class_cond,
)

logger.log("creating model and diffusion...")
Vmodel, diffusion = create_model_and_diffusion( (2) -

**args_to_dict(args, model and_diffusion_defaults().keys())

TrainLoop( (4)
~smodel=model,
~diffusion=diffusion,

" v data=data,

)
model.to(dist util deo()) cuda’,”cpu

— batch_size=batch_size,
schedule_sampler = create_named_schedule_sampler(args.schedule_sampler, diffusion)

microbatch=args.microbatch,
(3) Create a ScheduleSampler from Irecargs. ir,
logger.log("creating data loader...") a library of pre-defined samplers

] ) ema_rate=args.ema_rate,
if args.batch_size == -1:

log_interval=args.log_interval,
batch_size = args.global_batch_size // dist.get_world_size() . .
save_interval=args.save_interval,
if args.global_batch_size % dist.get_world_size() != O:

resume_checkpoint=args.resume_checkpoint,
logger.log(

use_fplé=args.use_fple6,
fpl6_scale_growth=args.fpl6_scale_growth,

f"warning, using smaller global_batch_size of L

) {dist.get_world_size()*batch_size} instead of {args.global_batch_size}"

™ schedule_sampler=schedule_sampler,
else:

weight_decay=args.weight_decay,
batch_size = args.batch_size

1r_anneal_steps=args.lr_anneal_steps,
).run_loop()
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(1) cm/dist_util.py : setpup_dist()

def setup_dist(): import io

import os

. 8 import socket
Setup a distributed process group.

» 24 GPU training A| NCCL
+ 24t CPU training A| Gloo import blobfile as bf
if dist.is_initialized(): « 184S ARE Al MPI from mpidpy import MPI v/
return import torch as th
os.environ["CUDA_VISIBLE _DEVICES"] = import torch.distributed as dist AV
£"{MPI.COMM_WORLD.Get_rank() % GPUS_PER_NODE}"
comm = MPI.COMM_WORLD # Change this to reflect your cluster layout.
backend = "gloo™ if not th.cuda.is_available() else "nccl® # The GPU for a given rank is (rank % GPUS_PER_NODE)

GPUS_PER_NODE = 8

if backend == "gloo":
SETUP_RETRY_COUNT = 3
hostname = "localhost"

else:
hostname = socket.gethostbyname(socket.getfqdn())

o envlronl TG i S comdicastihostnme, nootsd) + [MASTER_PORT] 0-2:9|9| EZHAS SAES 7]7|9| Hl0j2ls ZE #5(free port)

os.environ[ "RANK"] = str(comm.rank) « [MASTER_ADDR] 0-&92|2| IZMAEZE SAES 7|7|19] IP A
os.environ["WORLD_SIZE"] = str(comm.size) « [WORLD_SIZE] : Number of processes participating in the job (0] AF2 k=
D2 MAZL| 7H4) &, B4 X2|0M AL E = gpu i+
« [RANK] : Data Distributed Parallel®f|A| 7} k|= process ID
v Global Rank: M| node0|| 7}=k|= process id
v Local Rank: Z} node'# process id
V dist.init_process_group(backend=backend, init_method="env://") . [Local Rank]: =& Lf T2MAL 2 29
v Local Rank& 02 & SICHH O GPUE Ma2|2 20| X

port = comm.bcast(_find_free_port(), root=0)
os.environ["MASTER_PORT"] = str(port)

02

&

rir
*n
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(2) cm/script_util.py : create_model_and_diffusion model, diffusion = create_model_and_diffusion(
‘_——__________— **args_to_dict(args, model_and_diffusion_defaults().keys())
)

from .karras_diffusion import KarrasDenoiser

12 . i N
PO et AMpOrt Metiogel def args_to_dict(args, keys):

i t
Ty Ulpy &% 0P return {k: getattr(args, k) for k in keys}

NUM_CLASSES = 100e

def create_model and_diffusion(

. ] = create node 1 (2)-1; UNet Model diffusion)= KarrasDenoiser( (2)-2
image_size, . .

image_size i data=0.5
class_cond, . ! HESLE0E0 ’

i num_channels, sigma_max=sigma_max,

learn_sigma,

num_res_blocks, sigma_min=sigma_min,
num_channels,

channel_mult=channel_mult, distillation=distillation,
num_res_blocks, K .

learn_sigma=learn_sigma, weight_schedule=weight_schedule,
channel_mult,

class_cond=class_cond, )
num_heads, . .

use_checkpoint=use_checkpoint, return model, diffusion

num_head_channels, . . . .
attention_resolutions=attention_resolutions,

num_heads_upsample,

. . num_heads=num_heads,

attention_resolutions,
num_head_channels=num_head_channels,
num_heads_upsample=num_heads_upsample,
use_scale shift_norm=use_scale_shift_norm,
dropout=dropout,
resblock_updown=resblock_updown,
use_fplé=use_fpls6,

use_new_attention_order=use_new_attention_order, 54
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The full UNet model with attention

(2)-1 cm/script_util.py : create_model l and timestep embedding.

def create_model( if channel_mult == "": return UNetModel(
image_size, if image_size == 512: image_size=image_size,
num_channels, channel_mult = (0.5, 1, 1, 2, 2, 4, 4) in_channels=3,
num_res_blocks, elif image_size == 256: model_channels=num_channels,
channel_mult="", channel_mult = (1, 1, 2, 2, 4, 4) out_channels=(3 if not learn_sigma else 6),
learn_sigma=False, elif image_size == 128: num_res_blocks=num_res_blocks,
class_cond=False, channel_mult = (1, 1, 2, 3, 4) AV attention_resolutions=tuple(attention_ds),
use_checkpoint=False, elif image_size == 64: dropout=dropout,
attention_resolutions="16", channel_mult = (1, 2, 3, 4) \V; channel_mult=channel_mult,
num_heads=1, else: \V; num_classes=(NUM_CLASSES if class_cond else None),
num_head_channels=-1, raise ValueError(f"unsupported image size: {image_size}") use_checkpoint=use_checkpoint,
num_heads_upsample=-1, else: use_fplé=use_fpl6,
use_scale_shift_norm=False, ~ channel_mult = num_heads=num_heads,
dropout=0, tuple(int(ch_mult) for ch_mult in channel_mult.split(",")) num_head_channels=num_head_channels,
resblock_updown=False, attention_ds = [] num_heads_upsample=num_heads_upsample,
use_fpl6=False, for res in attention_resolutions.split(","): use_scale_shift_norm=use_scale_shift_norm,
use_new_attention_order=False, attention_ds.append(image_size // int(res)) resblock_updown=resblock_updown,

)2 use_new_attention_order=use_new_attention_order,

image_size == 64
channel_mult= (1,2,3,4)
attention_resolutions="32,16,8"

attention_ds = [2, 4, 8]
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(2)-2 cm/karras_diffusion.py : class karrasDenoiser

class KarrasDenoiser:
def __init_ (
self,
sigma_data: float = 0.5,

« LPIPS(Learned Perceptual
Image Patch Similarity) : H|u'g 2
742] 0|0|X|E ZtZt VGG Network
ol 210, £7t layerQ| featureZt=2
242} ®OHLHA, 27H2| feature} QA
otX|E ZFoIH HIHKEZ A8

» from piq import LPIPS

» PyTorch Image Quality (PIQ)

sigma_max=80.0,
sigma_min=0.002,

rho=7.0,
weight_schedule="karras”,
distillation=False,

loss_norm="1pips",

self.sigma_data = sigma_data
self.sigma_max = sigma_max
self.sigma_min = sigma_min
self.weight_schedule = weight_schedule
self.distillation = distillation
self.loss_norm = loss_norm
if loss_norm == "lpips":
self.lpips_loss = LPIPS(replace_pooling=True, reduction="none")
self.rho = rho

self.num_timesteps = 40

EDM (Karras et al. (2022))

Based on https://github.com/crowsonkb/k-diffusion
Elucidating the Design Space of Diffusion-Based Generative Models (Karras et al.,
2022)

def get_snr(self, sigmas):

return sigmas**-2

def get_sigmas(self, sigmas):

return sigmas

def get scalings(self, sigma):
c_skip = self.sigma_data**2 / (sigma**2 + self.sigma_data**2)
c_out = sigma * self.sigma_data / (sigma**2 + self.sigma_data**2)
c_in = 1 / (sigma**2 + self.sigma_data**2) ** 0.5

return ¢_skip, c_out, c_in

def get_scalings_for_boundary_condition(self, sigma):
c_skip = self.sigma_data**2 / (
r. (sigma - self.sigma_min) ** 2 + self.sigma_data**2
)
c_out = (
(sigma - self.sigma_min)
* self.sigma_data
/ (sigma**2 + self.sigma_data**2) ** 0.5
)
L c_in = 1 / (sigma**2 + self.sigma_data**2) ** 0.5

return c_skip, c_out, c_in
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(2)-2 cm/karras_diffusion.py : class karrasDenoiser

def training_losses(self, model, x_start, sigmas, model_kwargs=None, noise=None):

if model_kwargs is None:
model_kwargs = {}
if noise is None:

noise = th.randn_like(x_start)

v append_dims(x, target_dims): Appends

terms = {} dimensions to the end of a tensor until it has

target_dims dimensions.
dims = x_start.ndim

x_t = x_start + noise * append_dims(sigmas, dims)

model_output, denoised = self.denoise(model, x_t, sigmas, **model_kwargs)

snrs = self.get_snr(sigmas)
weights = append_dims(

get_weightings(self.weight_schedule, snrs, self.sigma_data), dims

)
[? terms["xs_mse"] = mean_flat((denoised - x_start) ** 2)
terms["mse"] = mean_flat(weights * (denocised - x_start) ** 2)

if "vb" in terms:

terms["loss"] = terms["mse"] + terms["vb"]

else:

terms["loss"] = terms["mse"

return terms

def denoise(self, model, x_t, sigmas, **model_kwargs):

import torch.distributed as dist

if not self.distillation:
c_skip, c_out, c_in = [
append_dims(x, x_t.ndim) for x in self.get_scalings(sigmas)

]

else:
c_skip, ¢ out; c.in = [
append_dims(x, x_t.ndim)
for x in self.get_scalings_for_boundary_condition(sigmas)

]
rescaled_t = 1000 * 0.25 * th.log(sigmas + le-44)

model output = model(c_i;'* x_t, rescaled_t, **model_kwargs)
-~

- s T
denoised = ¢_out * model output + c¢_skip * x_t

return model_output, denoised

¢ TrainLoop Class : forward_backward-> training_losses

+» CMTrainLoop Class : forward_backward -> consistency_losses, progdist_losses
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(2)-2 cm/karras_diffusion.py : class karrasDenoiser

def consistency_losses( def progdist_losses(
self, self,
model, model,
x_start, x_start,
num_scales, num_scales,
model_kwargs=None, model_kwargs=None,
target_model=None, teacher_model=None,
teacher_model=None, teacher_diffusion=None,
teacher_diffusion=None, noise=None,
noise=None, b E

):

¢ CMTrainLoop ClassOf| At2
» forward_backward -> consistency_losses, progdist_losses
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(3) cm/resample.py / schedule_sampler="uniform"
v LIS HOIX|

def create_named_schedule_sampler(name, diffusion):

class UniformSampler(ScheduleSampler):
def __init_ (self, diffusion):
from a library of pre-defined samplers. self.diffusion = diffusion

Create a ScheduleSampler
— self._weights = np.ones([diffusion.num_timesteps])

:param name: the name of the sampler. .
def weights(self): Class KarrasDenoiser

:param diffusion: thef[diffusion object to sample for. num_timesteps = 40

man

return self._weights

if name == "uniform":

return UniformSampler(diffusion) ‘
elif name == "loss-second-moment":

return LossSecondMomentResampler(diffusion) «
elif name == "lognormal":

return LogNormalSampler() .

else:

raise NotImplementedError(f"unknown schedule sampler: {name}")
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(3) cm/resample.py

v
class UniformSampler(ScheduleSampler):

class ScheduleSampler(ABC): FAEI|A

oo def sample(self, batch_size, device):

TR

A distribution over timesteps in the diffusion process, intended to reduce

variance of the objective. Importance-sample timesteps for a batch.
By default, samplers perform unbiased importance sampling, in which the :param batch_size: the number of timesteps.
objective’'s mean is unchanged. :param device: the torch device to save to.
However, subclasses may override sample() to change how the resampled ireturn: a tuple (timesteps, weights):
terms are reweighted, allowing for actual changes in the objective. - timesteps: a tensor of timestep indices.
e - weights: a tensor of weights to scale the resulting losses.
@abstractmethod ~ W = self.weights()
def weights(self): p = w / np.sum(w)
e \\/ indices_np = np.random.choice(len(p), size=(batch_size,), p=p)
Get a numpy array of weights, one per diffusion step. indices = th.from_numpy(indices_np).long().to(device)
weights_np = 1 / (len(p) * p[indices_np])
The weights needn't be normalized, but must be positive. . weights = th.from_numpy(weights_np).float().to(device)

awn return indices, weights
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~ self.model = model
EDM (Karras et al. (2022)) self.diffusion = diffusion
self.data = data

self.batch_size = batch_size

self.microbatch = microbatch if microbatch > © else batch_size
self.lr = 1r

self.ema_rate = (

(4) cml/train_util.py

TrainLoop( class TrainLoop: [ema_rate]
model=model - -
P dfff . def __init_ ( if isinstance(ema_rate, float)
iffusion=diffusion
* . ~. self, else [float(x) for x in ema_rate.split(",")]
data=data, & )
>

batch_size=batch_size

- - ¥ model, self.log_interval = log_interval
IICPObat;hgapgs'mlcrObatCh’ diffusion, self.save_interval = save_interval

r=args.lr

& ’ data, self.resume_checkpoint = resume_checkpoint
ema_rate=args.ema_rate, batch_size, self.use fpif = use Fpl6
log_1nterva1;args.log_lnterval,l microbatch, self.fpl6_scale_growth = fpl6_scale growth
save_interval=args.save_interva
- & - ? 1r, self.schedule_sampler = schedule_sampler or UniformSampler(diffusion)

resume_checkpoint=args.resume_checkpoint, ema_rate, s61E. walaht decay % welght . dicay

se_fpl6é=args.use_fpl6 < ’ - -
use_tp rgs-use_tpEd log_interval, .. self.lr_anneal_steps = lr_anneal_steps
fpl6_scale_growth=args.fpl6_scale_growth, save dntenval

- 2
schedule_sampler=schedule_sampler, resume_checkpoint, self.step = @
weight_decay=args.weight_decay, use_fpl6=False, T
steps=args.lr_anneal_steps -
= A ¢ - Sl fplé_scale growth=le-3, self.global_batch = self.batch_size * dist.get_world_size()

) drun_loop()

schedule_sampler=None,

(— weight_decay=0.0,
1r_anneal_steps=0,

self. load_and_sync_parameters()

self.mp trainer = NixedPrecicionTrainer (4« fp16_util.py class
model=self.model,
use_fplé=self.use_fpls6,
fpl6_scale_growth=fpl6_scale_growth,

torch.optim.RAdam class

RAdam (Rectified Adam) : adaptive learning rate term2| 2t self.opt = Radam(

rectify3|.o:| Sh59| OtX™ M BALS consistentst| 6h= rectification — self.mp_trainer.master_params, lr=self.lr, weight_decay=self.weight_decay

term2 7511 0|12 S :
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(4) cml/train_util.py

if self.resume_step: if th.cuda.is_available():

self. load optimizer state() self.use_ddp = True

* Model was nesumed,, elther due:to A mastart or 2 checkpolnt self.ddp_model = DDP( torch.nn.parallel.distributed.DistributedDataParallel
# being specified at the command line. colf.model
- Bl
self.ema_params = [ device_ids=[dist_util.dev()],
self. load_ema_parameters(rate) for rate in self.ema_rate output_device=dist_util.dev(),
] broadcast_buffers=False,
else: bucket_cap_mb=128,
self.ema_params = [ find_unused_parameters=False,
copy.deepcopy(self.mp_trainer.master_params) )
for _ in range(len(self.ema_rate)) -
] if dist.get_world_size() > 1:

logger.warn(
“Distributed training requires CUDA. "
"Gradients will not be synchronized properly!”
)
self.use_ddp = False

self.ddp_model = self.model

self.step = self.resume_step
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(4) cml/train_util.py

class TrainLoop def run_loop(self):
while not self.lr_anneal_steps or self.step < self.lr_anneal_steps:

def___hﬂt__ batch, cond = next(self.data)
self.run_step(batch, cond)
def load_and_sync_parameters(self): A% zelE.stap esnlf.log dntecval ke
logger.dumpkvs()
def load_ema_parameters(self, rate): if self.step % self.save interval ==
def _load_optimizer_state(self): self.save()

# Run for a finite amount of time in integration tests.

def run |00p(se”x [ if os.environ.get("DIFFUSION_TRAINING_TEST", "") and self.step > O:
B return

defsave(seﬁy <« # Save the last checkpoint if it wasn't already saved.

if (self.step - 1) % self.save_interval != O:
def run_step(self, batch, cond): <+ self.save()

\Y
If h, cond):
def forward _backward(self, batch, cond) T S ——
def_Update_ema(Seh')l self.forward _backward(batch, cond) (1)
4_

def_annea|_|r(se|f); took_step = self.mp_trainer.optimize(self.opt)

def log_step(self): if t:::;s:::p .
self._update_ema() (2)
self._anneal_l1r() (3)

self.log step()
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(4) cml/train_util.py

self.mp_trainer — class MixedPrecisionTrainer
self.schedule_sampler
(1) class TrainLoop : method runloop — runstep — forward_backward self.diffusion
def forward_backward(self, batch, cond):
self.mp_trainer.zero_grad()
for i in range(®, batch.shape[8], self.microbatch): microbatch; default=-1

micro = batch[i : i + self.microbatch].to(dist_util.dev()) 1f last_batch or not self.use ddp:

micro_cond = { losses = compute_losses()

k: v[i : i + self.microbatch].to(dist_util.dev()) N

for k, v in cond.items() with self.ddp_model.no_sync():
} losses = compute_losses()

last_batch
t, weights = self.schedule_sampler.sample(micro.shape[0], dist_util.dev())

(i + self.microbatch) >= batch.shape[@]
if isinstance(self.schedule_sampler, LossAwareSampler):

self.schedule_sampler.update with_local losses(
t, losses["loss"].detach()

compute_losses = functools.partial(

self.diffusion.training_losses, )
\V :

self.ddp_model, A diffusion = KarrasDenoiser(

micro shgms date S loss = (losses["loss"] * weights).mean()

2 — b
t, sigma_max=sigma_max, log_loss_dict(
model_kwargs-micro_cond, sigma_min=sigma_min, self.diffusion, t, {k: v * weights for k, v in losses.items()}
) distillation=distillation, )
weight_schedule=weight_schedule, self.mp_trainer.backward(loss)
)

class KarrasDenoiser

def trainink_losses(self, model, x_start, sigmas:dfjjffrkwargs=None, noise=None):

P 64




EDM (Karras et al. (2022))

(4) cml/train_util.py

(2) class TrainLoop : method runloop — runstep — _update_ema() (3) class TrainLoop : method runloop — runstep — _anneal_Ir()

def _update_ema(self):
def _anneal_lr(self):

for rate, params in zip(self.ema_rate, self.ema_params):
if not self.lr_anneal_steps:

update_ema(params, self.mp_trainer.master_params, rate=rate)
return

frac_done = (self.step + self.resume_step) / self.lr_anneal_steps
1r = self.1lr * (1 - frac_done)
for param_group in self.opt.param_groups:

--nN.py param_group["1r"] = 1r

def update_ema(target_params, source_params, rate=0.99):

Update target parameters to be closer to those of source parameters using

an exponential moving average.

:param target_params: the target parameter sequence.
:param source_params: the source parameter sequence.
:param rate: the EMA rate (closer to 1 means slower).
for targ, src in zip(target_params, source_params):

targ.detach().mul_(rate).add_(src, alpha=1 - rate)
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