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Diffusion Probabilistic Models (DPMs)

forward SDE dz;: = f(x, t)dt + g(t)dw;

qo(Xo)

1
probability flow ODE dd— = f(mt,t)—ig(t)gvm log q; ()

score, unknown

Cmmmm—)  V,logp(x)

score matching

SongY, Sohl-Dickstein J, Kingma DP, et al. Score-Based Generative Modeling through Stochastic Differential Equations. ICLR 2021.
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The Forward Process

forward SDE

forward transition kernel
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dx; = f(t)x:dt + g(t)dw;

Got (x¢|x0) = N(arxo, Utzl)
“noise schedule”

Xy = A Xy + O4€, e~N(0, 1)

Consistency Models




Parameterizations in DPMs

score matching Ex, el @l — Vlog g, (x¢)lI5]
intractable
denoising score matching Ey, el (@)l — Vlog qor (x¢]x0)15]
xt - atxo E
= — 5 = — —

Deflne EQ (xt, t) = —O0¢

noise prediction Ex elA2(Oll€g(x;, 1) — €ll5]
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Parameterizations in DPMs

noise prediction Exoeld2(Olleg(x,, ) — €ll5]

xt - O-tE xt - O-tEQ (xt, t)

X = X+ o TEEE) x,=——— ) x(x,t)=
at at

!

data prediction ExyelAz(llxg(x,, t) — x0l5]
Model Type Training Objective Example Paper
"noise”: noise prediction model €5 Egy oz [wi(t)]|ea(ze, t) — €l[3] DDPM, Stable-Diffusion
"x_start": data prediction model zg =~ E,, .z [wa(t)||ze(z:, ) — zo|3] DALLE 2
"v": velocity prediction model vy Ezo et [w3(t)l|ve(ze,t) — (aee — orxo)[|3]  Imagen Video
"score": marginal score function ss = Eqy e [wa(t)||oese(ze, t) + €]|3] ScoreSDE
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Consistency from Diffusion ODEs

oge dmt 1
probability flow ODE i flx:,t)— §g(t)gvm log g (x+)
cee s da (¢
diffusion ODE — = f(t)x: + g°(1) €g(xy,t),
dt 20t
Data Noise
(x0,0) (. T Gwt)  Gepl) .
Jo(x¢,t) . \
fo(xv,t') / Jolxert) —— (xz,T)
dan ) \(XO’<O gf’:j(x* ST, ) y
Figure 1: Given a that smoothly fo(xr,T)
converts data to noise, we learn to map any point (e.g., X¢,
X4, and x7) on the ODE trajectory to its origin (e.g., Xq)
f ti deling. Models of th i ' : ' .
e L Figure 2: Consistency models are trained to map points on
called consistency models, as their outputs are trained to be . . . Ko
any trajectory of the to the trajectory’s origin.

consistent for points on the same trajectory.

consistency function fe(x,t)
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How to parameterize f,?

consistency function  fg(x,1t)
st (x4,t) —xc  tele, T

boundary condition  f(Xe,€) = X,

!

fo(x,t) = caip(t)x + cout(t)Fo(x, 1)

Free-form NN

cskip(€) = 1 cou(e) = 0
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Noise Schedule and Parameterization

* Following EDM, CM applied the VE schedule

ay = 1, Ot = t
* The diffusion ODE is simply

dx;

E = —f}S(ﬁ(Xt,f)*

* The parameterizations:

fo(x,1) = caip(t)x + cour(t)Fo(x,1)
consistency function (CM) or data predictor (EDM)

CM EDM
, model transferable

t— €
Cskip(t) = O-data 2 Cout(t) = Jdala( E) 3 CSkiP(U) — O'(?ata/ (J2 + ggata)
(t o 6)2 + Odata \/ O'cgiata + 2
Cout(o') = O Udata/\.ﬂ o? + Ugata-
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Types of CM

—_———— e —— e — e —— —————_— e — e — —_———— e —— e — e —— —————_— e — e —

Consistency Distillation (CD) Consistency Training (CT)

Distill ODE trajectories of a teacher EDM model ¢ Learn consistent ODE trajectories from data

E[)\(t?rt-)d(.fﬂ(xt?1+1 ’ tn—kl): fﬂ— (iﬁl ) tn))]' ]E[/\(tn)d(fﬂ' (X + tﬂ»‘f-lzz tn—}—l):‘ fﬂ_ (X T th: tﬂ))]

/

~ ¢ -
Xt = Rty — (tn - t?1.+1)t1’1.+15¢(xt?1+1 ) tn—i—l)

L3p(0.07:¢) = a

one-step ODE update

0~ — stopgrad(u@— + (1 — u)0)

“EMA self-teacher”
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Sampling with CM

Algorithm 1 Multistep Consistency Sampling

Input: Consistency model fg(-,-), sequence of time
points 71 > 79 > --- > TyN_1, initial noise X7
X f9 (}ACT: T)
forn=1to N —1do
Sample z ~ N (0, I)
X «— X+ /T2 — €’z
X fﬂ(irn 3 Tn)
end for

Output: x

“Two-step generation often enhances the quality of one-step
generation considerably, though increasing the number of
sampling steps further provides diminishing benefits.”

2023.12.08 Kaiwen Zheng Consistency Models
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Choose the Distance Metric

L0607 ¢) =
) E[A(tn)dl fo(x + tn+12Z,tn+1), fo- (X + tnz,t,))]
E[N(tnd(fo(xt, 1 tni1), fo- (X2 1))

60

1 I3

50 R

—— LPIPS

40
E 30
20
10
0

0 5 10 15 20 25 30
Training iterations (x10000)

(a) Metric functions in CD.

2023.12.08 Kaiwen Zheng Consistency Models 13



Choose the Number of Timesteps and EMA

* The number of timesteps: schedule N(:)

e EMA rate: schedule x(-)

2023.12.08 Kaiwen Zheng

60 g
1 CT (N=50,u=0.99)
50 & CT (N =80, = 0.99)
l‘ — = CT(N=120,u=0.99)
4 \ CT (adaptive N and u)
I\
030 g
5 \
\
20 X
10—
0
0 20 40 60 80
Training iterations (x10000)
(d) Adaptive N and p in CT.

Consistency Models
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The One-Step ODE Solver

10 . 10
- = LPIPS, Euler, N=50 — LPIPS, Heun, N=9
9 = |PIPS, Heun, N =50 9 ~— |PIPS, Heun, N=12
8 - = LPIPS, Euler, N=80 8 =~ LPIPS, Heun, N=18
- |PIPS, Heun, N =80 — | PIPS, Heun, N =36
e 4 == LPIPS, Euler, N=120 | '/ —— LPIPS, Heun, N = 60
— ‘ —
5 5
4 4
3 3
0 5 10 13 20 25 30 0 5 10 15 20 25 30
Training iterations (x10000) Training iterations (x10000)

(b) Solvers and NV in CD. (c) N with Heun solver in CD.
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Results

Table 1: Sample quality on CIFAR-10. *Methods that require Direct Generation

. . .. . BigGAN (Brock et al., 2019) 1 14.7 9.22
synthetic data construction for distillation. Diffusion GAN (Xiao et al., 2022) ; 146 893
AutoGAN (Gong et al., 2019) 1 12.4 8.55
METHOD NFE (]) FID((}) IS(1) E2GAN (Tian et al., 2020) 1 11.3 8.51
Diffusion + Samplers ViTGAN (LEJ:Z' et al., 2021) 1 6.66 9.30
DDIM (Song ct al.. 2020) 50 167 TransGAN (Jiang et al., 2021) 1 9.26 0.05
DDIM (Song et al., 2020) 20 6.84 StyleGAN2-ADA (Karras et al., 2020) 1 2.92 9.83
DDIM (Song et al., 2020) 10 223 StyleGAN-XL (Sauer et al., 2022) 1 1.85
DPM-solver-2 (Lu et al.. 2022 10 5.04 Score SDE (Song it al., 2021) 2000 2.20 9.89
DPM-solver-fast (Lu et al., 2022) 10 470 ESD;L: ;S:;Z‘“‘Lt :}”23[}],? N 11[11? ; :; 9:46
3-DEIS (Zhang & Chen, 2022) 10 4.17 T '
- PFGM (Xu et al., 2022) 110 2.35 9.68
Diffusion + Distillation EDM (Karras et al., 2022) 35 204 9.84
Knowledge Distillation® (Luhman & Luhman, 2021) | 9.36 1-Rectified Flow (Liu et al., 2022) 1 378 1.13
DFNO* (Zheng et al., 2022) | 4.12 Glow (Kingma & Dhariwal, 2018) 1 489 3.92
1-Rectified Flow (+distill)* (Liu et al., 2022) | 6.18 9.08 Residual Flow (Chen et al., 2019) 1 464
2-Rectified Flow (+distill)* (Liu et al., 2022) 1 4.85 9.01 GLFlow (Xiao et al., 2019) 1 44.6
3-Rectified Flow (+distill)* (Liu et al., 2022) 1 5.21 8.79 DenseFlow (Grcic et al., 2021) 1 349
PD (Salimans & Ho, 2022) 1 8.34 8.69 DC-VAE (Parmar et al., 2021) 1 17.9 8.20
CD 1 3.55 9.48 CT 1 8.70 8.49
PD (Salimans & Ho, 2022) 2 5.58 9.05 CT 2 5.83 8.85
CD 2 293 9.75

2023.12.08 Kaiwen Zheng Consistency Models 16
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Motivation

« CDrequires an additional model and has limited performance

* CD and CT relies on LPIPS, which may leak ImageNet features and inflate FID

Goal;

* Improve the two-step generation of CT to 100-step generation of diffusion models



Improved Techniques (1): weighting, Fourier scale and dropout

» Weighting: larger weight at lower noise levels

Weighting function AMoi) =1 Aoi) = 1

Ti4l—0

 Fourier scale: less sensitive noise embedding layer

400
200

o
3w
£ 5100 200
235
©@ 40
o .g 100
v Fouri le = 16.
59 20 Fourier scale = 0.02 = ourier scale 160
= o i = Fourier scale = 0.02
5E 10 Fourier scale = 0.2
~ 0 Fourier scale = 2.0 40
=0
(S Fourier scale = 4.0
D0 4 A
© o Fourier scale = 8.0
g 2 Fourier scale = 16.0 20
% Positional embedding

10 100 1000 0 10 20 30 40

Number of discretization steps (N) Training steps (x10%)

(a) Sensitivity of noise embeddings. (b) Continuous-time CT.

* Dropout: larger rate

2023.12.08 Kaiwen Zheng Consistency Models 19



Improved Techniques (2): remove EMA for teacher

* EMA causes inconsistency for CT even when the data is a single point &

Proposition 1. Given the notations introduced earlier, and using the uniform weighting function

A o) = 1 along with the squared {5 metric, we have no signals of &
. N -\ _ T N -\ _ B Omin \ 2 e 2:| ey 1—
Jim £V(6,67) = lim £Y(6,67) E[(l NS I
i T min _ Omin . 2 -
I 1 dcN(6,07) B dgE[‘T? (1 i )(9 9 ]’ 9_ g
Now Ao do | T b <0
— 00, 0~ >0 0
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(6)

(7)
Baseline (squared {3)
Improved (squared £;)
Improved (squared £;, p(k) = 0)
Baseline (LPIPS)
Improved (LPIPS)
Improved (LPIPS, u(k) =0)

10 20 30

Training steps (x10%)

40

20



Improved Techniques (3): Pseudo-Huber loss

d@,y) = /le -yl + e —c

0.40 c=0.001
c=0.01
0.30 c=0.03
0.25 c=0.1 y
=< square . . ' .
X .20 3 2 c = 0.00054\/&, d is data dimensionality
T
0.15
200 200
|7 [
0.10 LPIPS LPIPS
100 Pseudo-Huber (c =0.001) 100 Pseudo-Huber (c = 0.001)
0.05 Pseudo-Huber (c=0.003) Pseudo-Huber (¢ = 0.003)
50 Pseudo-Huber (¢ = 0.01) 50 Pseudo-Huber (¢ = 0.01)
0.00 Pseudo-Huber (c =0.03) Pseudo-Huber (c = 0.03)
' E Pseudo-Huber (c=0.1) E Pseudo-Huber (¢ =0.1)
-0.4 -0.2 0.0 0.2 0.4 " .
X
10 10
(a) d(0, =) as a function of .
> 0 10 20 30 40 > 10 20 30 40

Training steps (x10%)

(b) S50 = 2, S1 = 150

2023.12.08 Kaiwen Zheng Consistency Models

Training steps (x10%)

(c) s = 10,s; = 1280
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Improved Techniques (4): discretization/noise schedule

Discretization curriculum N(k) N(k) = Hlill(.?[}gl'%J.,Sl} + 1,

L ¢ ~r K
[*Jr((sl +1)2 — 83) + s§ — 1] +1 where 117 = [lagztsﬁ'quHJ

Sp = 2,31 = 1505;1(} = (.9 on CIFAR-10 5p = 10, 51 = 1280
s = 2,51 = 200, g = 0.95 on ImageNet 64 x 64 | ¢ = 0.00054+/d, d is data dimensionality

Noise schedule o, where i ~ U1, N(k) — 1] oi, where i ~ p(i), and p(i)oxc
lo -{J'i )_Prru:an lo .(Uz')_Pmcan
erf (FE=gp, ) — erf (FE7gE)

2023.12.08 Kaiwen Zheng Consistency Models 22



Results

2023.12.08 Kaiwen Zheng

Direct Generation

Score SDE (Song et al., 2021)

Score SDE (deep) (Song et al., 2021)
DDPM (Ho et al., 2020)

LSGM (Vahdat et al., 2021)

PFGM (Xu et al., 2022)

EDM?* (Karras et al., 2022)
EDM-G++ (Kim et al., 2023)
IGEBM (Du & Mordatch, 2019)
NVAE (Vahdat & Kautz, 2020)
Glow (Kingma & Dhariwal, 2018)
Residual Flow (Chen et al., 2019)
BigGAN (Brock et al., 2019)
StyleGAN2 (Karras et al., 2020b)
StyleGAN2-ADA (Karras et al., 2020a)
CT (LPIPS) (Song et al., 2023)

iCT (ours)

iCT-deep (ours)

Consistency Models

2000

2000

1000
147
110

O el 1ad
= Lh Lh

R T o T e e e e e

2.38
2.20
3.17
2.10
2.35
2.04
1.77
40.6
23.5
48.9
46.4
14.7
8.32
292
8.70
5.83
2.83
2.46
251
2.24

9.83
9.89
9.46

9.68
9.84

6.02
7.18
3.92

9.22
9.21
9.83
8.49
8.85
9.54
9.80
9.76
9.89
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Motivation

* |sit reasonable to always predict the clean data attime 0?7

du

Score-based models Distillation models CTM
Estimate the score Estimate the endpoint of PF ODE Estimate the entire PF ODE trajectory CTM ConSiS ten Cy fun CtiOn:
o0
= .
i/ "~ Elxx,
© X, — Kix|x,
- G(xy,t,5) = xt+/
i U
| ~—/
I T .
a Jump fromtimettos
%D z Discretization errors! (\/) determlnIStIC Samp“ng
= (V) likelihood computation
E Use an SDE/ODE solver w/ model scores .
) K
n /h“———m—‘h’

NFE > 1

Discretization errors! .
Accumulated errors!

2023.12.08 Kaiwen Zheng Consistency Models 25



How to Parameterize G?

consistency function

G(x¢,t,8) = Xy -I-/
t

X, — E[x|x,]

du

U

boundary condition

G(xt, t, t) = X¢, G(xt, t, O) — f(xt, t)

G(xs,t, 5) = gxt + (1 - ;)‘g(xtjt,s)

2023.12.08 Kaiwen Zheng Consistency Models
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The Property of g

1 ° u E Uu
lim g(x¢,t,s) = x¢ + t lim / = X}
t

S—:"t S_:"t t - !S u

g(x;,t, t) is the data predictor!

Xy — op€p(xg, t)

Xg(xs,t) = .
t

We can add extra score matching loss

2023.12.08 Kaiwen Zheng Consistency Models

du = E[x|x¢]
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CTM training loss

[:CTM(B; ¢) = EtE[O,T]EsE[O,t]EuE[S,f)EXmPnt (x[x0) {d

A combination of CD and CT!

2023.12.08 Kaiwen Zheng

Goq(0)(Gsg(e) (Solver(xy,t,u; @), u,s),s,0)

Xtarget (Xu t: u, 'S)

3

PF ODE trajectory

l\]u]‘r]pl( f(p ODE solver

XL

CTM matches the entire trajectory.

0 S u ot

Xest (X, T, 5))]

Gsq0)(Go(x¢,1,5),5,0)

Lpsm(0) = E¢ x, %, %0 L[|X0 — g0(X¢, 1, 1) 15]

Lcan(0,m) = Epdata(xo) [log dn(x())] + Ei x, [108; (1 - dﬂ(xest))]

Consistency Models
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y-Sampling

T T T
) t y Y t1 y (2]
. 2 %
E - e TUetessResasesasesesnes Y 1 Y41
: y 3 fz y 3 tz Y t-z
E !!o-ol: ----------------- f 1]
E V ] —~ 'f_;l
Y Y : fjhrz[] t,ﬁ\i’=[] TW=D
(a) v = 1 (Fully stochastic) b)I >~v>0 (¢) v = 0 (Deterministic)
I
1) —®— 7-sampling (v =0) 0. —e— NFE 18
Reference —a— v-sampling (v = 0.9) —s— NFE 35
_ 5 —8— ~sampling (v = 1) 8
(] —8— Heun salver [CTM) O
L 6 L &
: b
2 2
0 10 20) 30 oo D2 04 06 08 1.0
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Results

2023.12.08 Kaiwen Zheng

Table 2: Performance comparisons on CIFAR-10.

Model NFE Unconditional Conditional
FIDJ NLL] FIDJ
GAN Models
BigGAN (Brock etal, 2018) 1 8.51 X -
StyleGAN-Ada (Karras et al., 2020) | 2.92 X 242
StyleGAN-D2D (Kang et al, 2021) | - X 2.26
StyleGAN-XL (Sauver et al, 2022) 1 - X 1.85
Diffusion Models — Score-based Sampling
DDPM (Ho et al., 2021 1000 3.17 3.75 -
. 100 4.16 - -
DDIM(\ e - Hiley = I—I ) ]0 13‘36 - -
Score SDE (Song et al, 20204) 2000 2.20 345 -
VDM (Kingma et al., 2021) 1000 7.41 2.49 -
LSGM (Vahdat et al,, 2021) 138 2.10 343 -
EDM (Karras et al., 2022 35 2.01 2.56 1.82
Diffusion Models — Distillation Sampling
KD (Luhman & Luhman, 2021) | 9.36 X -
DFENO (Zheng et al, 2023) 1 3.78 X -
2-Rectified Flow (Liu et al., 2022) | 4.85 X -
PD (Salimans & Ho, 2021) 1 9.12 X -
CD (official report) (Song et al, 2023) 1 3.55 X -
CD (retrained) 1 10.53 X -
CD + GAN (Lu et al, 2023) | 2.65 X -
CTM (ours) 1 1.98 2.43 1.73
PD (Salimans & Ho, 2021) 2 4.51 - -
CD (Song et al., 2023 2 2.93 - -
CTM (ours) 2 1.87 243 1.63
Models without Pre-trained DM — Direct Generation
CT | 8.70 X -
CTM (ours) 1 2.39 - -

Consistency Models

The GAN loss is tricky in improving FID.

30
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Latent Consistency Models (LCM) w.r.t. CM

« Parameterization for more general noise schedule

z —oi€p(2,c,t)

Fo(z,c,t) = can(t)z + cou(?) (

* To cope with classifier-free guidance:

Lep (0,0759) = Exewn [d ([fo(ztin w0 tns)

)

,.,Llf’w
?fﬂ— (‘ztn s W, C, tﬂ))}

augmented consistency function with scale w

 Skipping timesteps for accelerated training

JC-C‘D (9.. 6 . 11!) — Ez,c,w,n [d (,fﬂ' (Ztn_H: y W, C, tﬂ—l'l"ﬁ:)

2023.12.08 Kaiwen Zheng

Consistency Models

~ W,
? fﬂ_ ztﬂ'w?w? C, t?i))]
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Skipping timestepsfor accelerated training

40

35 4

30 -

25 4

20 4

15 4

10

ﬁC‘D (9!' 9_;1I!) — Ez,c,w,n l:d (fﬂ'(zfn+kj W, C, tn-{—ﬁc) ) fg—

k too small: slow convergence

LCM (DDIM-Solver) - FID (4-Steps)

LCM (DPM-Solver) - FID (4-Steps)

a‘l]??w
Ztn WG tn))]

k too large: large discretization error

LCM (DPM-Solver++) - FID (4-Steps)

40 40
DDIM Skip50 - DPM Skip50 DPM++ Skip50
—+— DDIM Skip20 | 35] —s— DPM Skip20 | 351 —+— DPM++ Skip20
—— DDIM Skip10 | _ | —— DPMSkip10 | _ | —+— DPM++ Skip10
DDIM Skip5 DPM Skip5 DPM++ Skip5
DDIM Skipl 25 - 25 -
20 - 20 -
N ; : 15 { A~ 15
\%\ - 2 M \'h\.\ ';\:
| . . . LB — ; —4-| 301+ . .
2000 4000 6000 8000 10000 12000 2000 4000 6000 8000 10000 12000 2000 4000 6000 8000 10000 12000

Trainina Iteration

Trainina lteration

Trainina Iteration

Figure 3: Ablation study on different ODE solvers and skipping step k. Appropriate skipping step k can
significantly accelerate convergence and lead to better FID within the same number of training steps.

2023.12.08

Kaiwen Zheng

Consistency Models
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FID | CLIP SCORE 1
MODEL (512 x 512) RESO  {-qo57ps 4 STEPS 8 STEPS|T STEPS 2 STEPS 4 STEPS 8 STEPS

LCM' Results DDIM (Song et al_, 2020a) 18320 81.05 2238 1383 | 603 1413 2580 2929
° DPM (Lu et al., 2022a) 18578 72.81 1853 1224 | 635 15.10

26.64 29.54
DPM++ (Lu et al., 2022b) 18578 72.81 1843 1220 | 6.35 15.10 26.64 2955
Guided-Distill (Meng et al., 2023)| 108.21 33.25 15.12 13.89 | 12.08 2271 27.25 28.17
LCM (Ours) 3536 1331 1110 11.84 | 2414 27.83 28.69 28.84

Table 1: Quantitative results with w = 8 at 512x512 resolution. LCM significantly surpasses baselines in
the 1-4 step region on LAION-Aesthetic-6+ dataset. For LCM, DDIM-Solver is used with a skipping step of

k = 20.
FID | CLIP SCORE 1
MODEL (768 x 768) RESO  y-gosg7rps 4 STEPS 8 STEPS|T STEPS 2 STEPS 4 STEPS 8 STEPS
DDIM (Song ot al., 2020a) 18683 7726 2428 1566 | 693 1632 2648 2949
DPM (Lu et al., 2022a) 18892 67.14 2011 14.08 | 740 1711 2725 29.80
DPM++ (Lu et al., 2022b) 18891 67.14 2008 1411 | 741 1711 2726 29.84
Guided-Distill (Meng et al., 2023)[ 12028 3070 1670 1412 | 12.88 2488 2845 29.16
LCM (Ours) 3422 1632 1353 1497 | 2532 2792 28.60 2849

Table 2: Quantitative results with w = 8 at 768 x 768 resolution. LCM significantly surpasses the baselines in
the 1-4 step region on LAION-Aesthetic-6.5+ dataset. For LCM, DDIM-Solver is used with a skipping step of
k= 20.

-7 3 j‘ —_— . s el iy /. ? ‘ N
Figure 2: Text-to-Image generation results on LAION-Aesthetic-6.5+ with 2-, 4-step inference. Images gen-
erated by LCM exhibit superior detail and quality, outperforming other baselines by a large margin.

2023.12.08 Kaiwen Zheng Consistency Models



LoRA

Pretrained
Weights

W' =W + AW
AW = ABT,

2023.12.08 Kaiwen Zheng

Merge LoRA with LORA

AW = (a1A; + asAs)(ay By + asBs)T

Consistency Models

35



LCM-LoRA

Style: Q Fast: 38 Style: Q Fast: Q

[ Customized LDM 6’ } —————————————— { Customized LCM 6 ¢y J

F
/

Style vector (Style-LoRA) : ("‘:"‘Abi“,“"i“; //
T = 0" — Opaee ’ Trem = 41T + 42 Tiem & Model | SD-V1.5 SSD-1B SDXL
A
)/L s r £ # Full Parameters 0.98B 1.3B 3.5B
[ DM — | e ] # LoRA Trainable Parameters | 67.5M  105SM  197M
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