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Preliminaries : Effectiveness of Consistency models
Training for one ideal denioser Dy for x; :
Minimize L = E[|Dg(x¢, t) — a(t)xp]]
The approximation in Consistency Models :

One well-learned generator fg: fo(x;—1,t — 1) = X,

and the approximated learning objective (Dg = a(t)fg):
Minimize L = E[|Dg(x¢,t) — a(t)fo(xi—1,t — 1]

also as

a(t) a(t)
=D g = 1)

LApprox(H) = E[|x; — o(t —1Deg(xi—1,t — 1) —a(t)eg(xy, t) |]
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Preliminaries : Effectiveness of Consistency models

The approximated learning objective for Consistency Models:

LApprox(e) — E[lxt _ %xt—l + a(c;(f)l) O-(t _ 1)60(xt—1: t— 1) - U(t)fe(xt» t) I]

The error estimation with the accumulative approximation fg(x;_1,t — 1) = x

folee=xol < D Ifp(xet) = folxp_p,t' = 1)
t'e[1,2,...t]
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Motivation : Optimization on the upper bound

fola) =2l ) 1ol t) = fo@y_s,t' = 1)

t'e[1,2,...t]

Converge slowly when T is large
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Motivation :

Optimization on the upper bound

fola) =2l ) 1ol t) = fo@y_s,t' = 1)

t'e[1,2,...t]

Folea) =%l < ) Ifo(xet) = folxy_t' =]

t'€[k,2k,...t]
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Motivation : Optimization on the upper bound

The changed learning objective

LApprox(e) — E[lxt - %xt—l

ja(t—k)

diStA

a(t)

_/

e

diSt()’g
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to be learned

o(t —k)eg(xi_p, t — k) —o(t)eg(xe, t) |]



Our SPLAM
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Treat the Sampled PF-ODE trajectory as a series of connected sub-paths

Build a better estimation for each sub-path from its start point x; to the end x,_; especially for

€x1,e-k, 1,t — k) KDrift Effect ____ooz====== (x1,6,1,8)

]

¥ (x1,0,1,0)

Data Probability Flow ODE Noise
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—— Sub-path Linear ODE

fe(x'y,h Y, t)
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Methods
PF-ODE trajectory as a series of connected sub-paths
error estimation for two sample points can be defined as
Loyp—p(0,k) = E[|dista(xe, X¢—g, t) + distgg (Xp_p, t — k,t) — a(t)€g(xe, t) |]
Data Probability Flow ODE Noise
— /'/*\_’\»
//

_
L////

— dista(X¢, X, t)
> fo(x¢—k, t — k) N

( Y fo(xe,t) S ——— /
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Methods

- We introduce Sub-path Linear ODE {xy,t}ye[o 1]

a(t) .
¥t = g — k) ek +y * disty(xy, X, t)
a(t)
=(1- V)mxt—k +yx,
- from a sub-path start x; to a drifted end a?t(i) Xi_k

Sub-path linear ODE

ECCV Oral Presentation
Nanjing University



—— o 1l
m‘mm” Iy i I R0

cCT\/

Methods

- Important property for our SL-ODE {xy,t}

dxy,t =Y * diStA(xt, Xt—k» t)dy

Sub-path linear ODE
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Methods

- Important property for our SL-ODE {x, .}

dxy,t =Y * diStA(xt, Xt—k» t)d]/

- The error estimation when x,, , is involved:

x]/,t - O'(]/, t)fe (x)/,t g t)
) ) t =
f9 (x%t 14 ) C{(t)

Sub-path linear ODE

- Using the approximation strategy in CM:

Lsi—ope = |fe (xy,t» 1z t) —fo (x1,t—k» 1,t— k)|

and X1tk = Xt—k Xyt = 1-v) alt —

ECCV Oral Presentation
Nanjing University



Methods

Important property for our SL-ODE {x, .}

Lsi—ope = |fe (xy,tr Y t) —fo (xl,t—kr 1,t— k)|
Final learning objective for SPLAM:
Lspram(0,k) = Ely * dista(xs, Xty t) + distgg (xi—, t — k,t) —a(y,t)€g(x, 7, 1) |]

The original learning objective

Loup—p(0,k) = E[|dista(xs, X¢—g, t) + distgg (Xi—p, t — k,t) — o(t)€g(xs, t) []
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Methods : Distillation from Latent Diffusion Models

Algorithm 1 Sub-Path Linear Approximation Distillation (SPLAD)
Input: dataset D, initial model parameter 6, learning rate n, EMA decay rate p,

ODE solver &(-,-; ¢), distance estimation | - |, a fixed guidance scale w, step size k,
VAE encoder £(-), noise schedule «(t), o (t)

0 <0

repeat

sample (z,c) ~ D,t ~U[k,T] and v ~ U0, 1]
convert z into latent space: z = £(x)

sample z; ~ N(a(t)z,o(2)*I)

25—z ,i¢0

a

Unform sampling for y

repeat : Multple Estimation for ODE solvers
221;,141 = 221;1 + “@(23;,1- 1gistgi41,¢0) + (1 — w)é(ﬁa’iat%i, lo,it1, 0; })
1+1+1

until k =i x k,

2yt — (L —7) %if’_k + v * 2 > Sample a point on the SL-ODE.

£(0, 0-; ¢) b |(F9(z"/7t’ G t) - FO— (2<1p,t—k’ ¢1,t— k))'
6«0 —nVeLl(0,07;0)
6~ < stopgrad(u@~ + (1 — u)0)

until convergence
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Experiment Results: better FIDs with faster convergence

Table 2: Quantitative results for SDv1.5. Baseline numbers are cited from [50] and [49].
All the results of LCM are our reproduction whose performance is aligned as stated in
the paper. T Results are evaluated by us using the released models.

(a) Results on MSCOCO02014-30k, w = 3. (b) Results on MSCOCO02017-5k, w = 3. 40 o —x= LCM, step size 20
—+¢— SLAM, step size 20
LCM, step size 100

Family Methods Latency(}) FID(}) Methods #Step  Latency(l) FID({)
DALLE [33] s 1 0.21s 5.0 —¢— SLAM, step size 100
= : DPM Solver++ [24] : :
DALL-E2 [32] S 10.39 24 8 0.34s 21.0 35
Parti-750M [51] - 10.71 1 0.09s 37.2
Parti-3B [51] 6.4s 8.10 Progressive Distillation [36] 2 0.13s 26.0
Parti-20B [51] - 7.23 4 0.21s 26.4
Unaccelerated ~Make-A-Scene (5] 25.0s 11.84 CFG-Aware Distillation [16] 8 0.34s 24.9
2 stild 14 I InstaFlow-0.9B [21] 1 0.09s 23.4 30
GLIDE [29] 15.0s 12.24 o ; :
LDM [34] 375 12.63 InstaFlow-1.7B [21] 1 0.12s 22.4 é
Imagen [35] 9.1s 7.27 UFOGen [49] 1 0.09s 22.5 m +
Diff-I [1 32.0; 6.95
L : oo T = B 2,
LAFITE [54] 0.02s 26.94 19s e u
GANs StyleGAN-T [38] 0.10s 13.90 SPLAM 2 0.12s 23.07 4
GigaGAN [13] 0.13s 9.09 4 0.19s 20.77
DPM++ (4step) [24] 0.26s 22.36 (c) Results on MSCOCO02014-30k, w = 8.
UniPC (4step) [52] 0.26s 19.57 20
LCM-LoRA (4step) [27] 0.19s 23.62 =
InstaFlow-0.9B [21] 0.09s 13.10 Family Methods Latency(l)  FIDW) \
asklarataa InstaFlow-1.7B [21] 0.12s 11.83 DPM-++ (dstep) 0.26s 22.44 ¢
D.C;e e UFOGen [49] 0.09s 12.78 UniPC (dstep) [52] 0.26s 23.30 "
o 00 LB SEEMGem o ne s —
ccelerate: Y .0¢ .G X N — s e gmmm—— ,é _______ e X m === = = x
LCM (2step) [26] 0.12s 14.29 Diffusion  LCM (2step) [26] [26] 0.12s 15.56 00— S % ¢ ¢ pm——e ] X
SPLAM (2step) 0.12s 12.31 SPLAM (2step) 515 Tie0
LCM (4step) [26] 0.19s 10.68 ;
LCM (dstep) [26] [26] 0.19s 14.53
SPLAM (4step) 0.19s 10.06 SPLAM (4step) 0.19s 13.39 0 10 20 30 40 50 60 70 30
Teacher SDv1.5 [34] 2.59s 8.03 Teacher SDvL.5 (341 2,595 13.05 Training Iteration (K)
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Experiment Results: Directly estimate the errrors
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lxo — fo(xe, )| < z IfoCxpr, ) — fo(xpr_jo t' — k)|
t'e[k,2k,..t]
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Experiment Results: Generation of images

LCM
(2step)

SPLAM
(2step)

LCM
(2step)

SPLAM
(2step)

“A purple vase with flowers on the table”

“A high-speed chase through a cyberpunk metropolis, with advanced motorcycles and holographic billboards”

LCM
(2step)

SPLAM
(2step)

LCM
(4step)
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chenxu24568 @gmail.com
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-’ Multimedia Computing Group

https://mcg.nju.edu.cn/index.html

https://github.com/MCG-NJU
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Paper, code, and models are available
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