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Diffusion Models

* Vision: Sora, etc.

* SOTA result: Image, 3D, video

* Language: LLaDA
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Theory Helps Training & Sampling

* Solid theoretical foundation helps efficient training & fast sampling:

* Theoretical SDE framework of diffusion family unifies training &
sampling

* New training paradigm with SOTA performance: Flow-matching
* 10X Faster sampling algorithm: DPM-Solvers series' ', Analytic-DPM



Paradigm of Multi-step Diffusion Models
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Core Problem 2: Sampling Complexity K



Overview

* Pretraining: Efficient Multi-manifold MoG Model

* Fine-tuning: Good Sharing Latent Guarantees Few-shot Efficiency
 Sampling: Complexity for Multi-step Diffusion Models

* Discretization: Complexity of 1-step Models in Training Phase



Mathematical Framework of Diffusion Models

_________________________________________________________________________________________________

_________________________________________________________________________________________________

core to train DM
unknown
+ dYy = [—f (T -0 + 2 gA(T - OV log

dr-t (Yt)] dt +ng(T —t)dB,n € [0,1]

* Score matching training objective: conditional distribution
, n R{known }
min£(s) =~ Ex,ix,=x; 17108, (£:1X0) = s(X,, D3]
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Learning Faces Curse of Dimension

e Minimiser sp € areming L(s) satisfies covering number &
0 0

concentration

Estimation Error= E,, [IIV1ogqe(Xy) — sg(Xp, )51 < O(n~1/P
[ D = 3x256%256 ~ 2x10°

* Good training requires training data size n = 0(10105) Huge!!

* Efficient training needs utilizing data structure!



Data Structures: Existing Works

Manifold Modeling Latent # of Parameters Estimation Error
Full Space General X 0(D"*1) 0(n~%/P)
Mixture of M 2 VDM
Full Space Gaussian (MoG) X ~ Ym=1TmN (U, Zon) O(MD*?) 0+

Low-dim manifold | Goneral X = Az, with A € RP*4 0(Dd + d4+1) 0(n"9)

Multi-manifold General X = Nj_1mpA,z,, with A, € RP*® | 0(LDd p o(ﬁn-i)

L —
Multi-manifold Gaussian X ~ E n{)N(-;O,A{)A{T) O(LDd) 0(% Const))
=1 n




Multi-manifold Mixture-of-Gaussian Modeling

o X ~ Xio1 o o1 TomdN (55 Aptis i, ApYs 1 AY)
* Theorem. Its estimation error satisfies

________________________________________________________________________________________________________
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Much Smaller Model w/ Sufficiently Good
Performance

Latent # of Estimation Error ALY Ay
Parameters Performance
General | O(LDd 2
+ Ld?+1) 0(VLn™a) 0.96 V
Deep NN
Mixture
O(LDd VLMA/dL
of + Ld?) 0 0.89 V
Gaussian Vn
2-layer NN
Gaussian O(LDA) 0(% + Const) 0.08 X
Linear NN
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Overview

e Pretraining: Efficient Multi-manifold MoG Model
* Fine-tuning: Good Sharing Latent Guarantees Few-shot Efficiency
 Sampling: Complexity for Multi-step Diffusion Models

* Discretization: Complexity of 1-step Models in Training Phase
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Input images an the Acropolas

Sora? Al 1 IR B SRR

Few-shot Fine-tuning is key to the customized creation
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Few-shot Fine-tuning

* Pretrain w/ large source data (2.3 Billion): {Xs»i}?; ~ g5 on RP

|

e.g.
882M

. A 1 «n
. min L.(s) =—),.°
eSource P 5(5) ng Zl:l

2

* Estimation error O(n, d)ﬁ Tolerable! ]

e Fine-tune with limited

. A 1
. Mmin Li.(s)=—X.

e Estimation error

data (~10 images): {X 'i}izl ~ o
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Information-sharing Model Design

* Empirical works share most parameters and fine-tune key parameters

Shortcut

* Assumption. The source and target data
admit linear structure and share latent
Space XS — ASZ and Xta — AtaZ;Z = Rd X, RP @ R? [ Latent Score | R% [A: RP

—~

\ i J L
Output

.
RP AT R< Latent Score| R¢ . RP
@ _ f3 ¥

Encoder Decoder

e Then the score function is
Vlog qt*(X) = AaVlog

P (ALK) = — (I — Awdl)X
t

Shared
Latent Score
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Bad Latent Leads to Large Estimation Error

Training Loss Comparison
—— Great Pretrained Model (Model-200)

Bad Pretrained Model (Model-50)

(i) Target Dataset o 71

————————————————————————————~

I
Strange | ',

Generation"

—

arge Gap!

0 100 200 300 400 500
Epoch

(iii) Model 200 (Good Pretrained Model)

* Theorem. W/ bad latent
E,ta [IV1og g (Xe) — so(Xe, I3 1¢/¢ = Const
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[1] L, Evaluating the Role of Great Pre-trained Diffusion Models in Few-shot Phase: Warm-up and Acceleration (In submission).



Bad Latent Suffers Bad Local Minima

Prompt cat but results in dog figure

Bad latent fails to fit target feature!

A caton top of a A cat in a chef Acatwithacity A cat wearing a A cat in a police
wooden floor outfit in the background yellow shirt outfit
few—shot
few—shot few—shot dsg
* Theorem. W/ bad latent, 3 s, * Sy s.t. ~ 0
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Good Latent Secures Efficiency

* Theorem. The estimation error of few-shot diffusion model is

_2
By [IV1og ity - sl 0l 4 n)
good latent

0 ( ) explains why 5 — 8 images are enough for few-shot fine-
tuning

Table 1: The requirement of n;, in popular datasets. We use latent dimension in Pope et al. (2021).

Dataset CIFAR-10 CIFAR-100 CelebA MS-COCO ImageNet
Dataset Size 6 x 104 6 x 104 2x10° 3.3x10° 1.2 x10°
Latent Dimension 25 22 24 37 43

The Requirement of n;, 6 8 8 5 5
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Good Latent Leads to Good Landscape

* Theorem. With a good shared latent, the landscape of the few-shot
optimization is k-strongly convex w/ convergence rate

K—1 (0)
< (K_-l-l) |AeallF HA — Ata .

|45 40T - Acaat,

F



Overview

e Pretraining: Efficient Multi-manifold MoG Model
* Fine-tuning: Good Sharing Latent Guarantees Few-shot Efficiency
 Sampling: Complexity for Multi-step Diffusion Models

* Discretization: Complexity of 1-step Models in Training Phase
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_____________________________________________

Common Forward Processes ;

Trajector Forward
J Y Distribution
Variance Preserving stability.ai
(VP) N(O’ ID) D, Midjourney
Variance Exploding Stanford
(VE-SMLD) N(0,Tlp) University

N (0,T2I,) @ .
o IGPRS

(VE-EDM)

Rectified Flow
(RF)

Variance Exploding Cg
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Sampling Complexity: Objective
T T e L o renrdausontme o converge o Gousin
] : E — i
i E k+1 k :
E % :
! -

____________________________________________________________________________________

m (log) _

(((((
____________________________

* Objective:
With accurate score ||[V1og g, (X) — sg (X, t)||5 < €2.ore

Minimize sample complexity K s.t.
KL(p:,» q5) < € and W (qo, q5) < €y,



Sample Complexity: General Guarantee for
Reverse SDE

* Theorem. Sample complexity can be divided by

Convergence of
Forward Process

KL(ptK qs) < KL(V(0,07),q7) +z qtk(x)
< D?my/o# + DZ(T/5)a/K < O(EKL)

1
* Then the sample complexity requires K = O(D?(T//)a/eg;) where
satisfies
W3 (q0,qs) < 05 < €fy,



Sample Complexities

: o: K:
KL(V (0, o2 W2(qo,q5) < 1
e 2(0,99) < | oD2( /0)a/efy)
i o5 <€
< —< EKL § = Cw,
of
VP e 1-e dog/ew)l 8 ex o(D¥/ehelfo)
VE (SMLD) 1 T 1/e; % 5 €d, X ( 2 ¢2+2/a 2/a)
VE(EDM) 1 T3 Veax 8% el o(py/ekoc)
RF 1 1 1v 52 e,V ( D2 /GKLEﬁ//a)

* VP better in T and VE (EDM) better in 6
* RF better in both T and § and thus has a better complexity
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Results Extend to PRODE

* Reverse SDE generate diverse samples while PFODE generate fast

Performance
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VE

VP

Reverse SDE
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0(1/eRpem » O (1/EIZ(LEI}V/2a)
NeurIPS’ 24 AISTATS’ 25
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Reverse SDE Reverse SDE
0(1/6%\,63,2) » 0 (1/eizl/ae;|,/za)
NeurIPS’ 24 AISTATS’ 25

Reverse PFODE

O(exp(l/ewz))
arxXiv ’ 24

\ 4
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Speed



Overview

e Pretraining: Efficient Multi-manifold MoG Model
* Fine-tuning: Good Sharing Latent Guarantees Few-shot Efficiency
 Sampling: Complexity for Multi-step Diffusion Models

* Discretization: Complexity of 1-step Models in Training Phase
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Linear Trajectory & PFODE Achieve 1-step

Generation

* PFODE generate deterministically

* VE-EDM and RF have linear trajectory

Variance Exploding CE
(VE-EDM)
Rectified Flow
s e

__________________________________________________

Yo Y, E

'® Y'/ i
T

Curved ODE Trajectory Straight ODE Trajectory i

__________________________________________________
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1-Step Mapping Function from Multi-step

* For PFODE reverse process of multi-step diffusion models
dYt — U(Yt, t)dt, YO ~ qT

the corresponding 1-step mapping function (by integral) is
f(Y,t) ,Vt € [0, T — 6]

* Use NN f5 (Y;, t) to approximate 1-step mapping function f



What is a Good Optimization Objective?

* Consistency distillation to learn good 1-step mapping
LEp(0,073 #):= By By, 1o (e ) = Fom (%2t

_______________________________________________________________________________

)
| K L ‘:
1-step I\/Iapping\

f@(Ytk tk) Ytk

should be cIose R

t
tk+1 fetd \ 1-step Mappiry

_______________________________________________________________________________

e Minimize K s.t. WA (fa (W (0,0%1,),0;K), qo) < Eﬁfz



Similar Balance

L

L
* Theorem. For 1-step generation models,

my L2(T/6)a

+ + o5 < €
02 K254 0 W2

I/VZ2 (f@ (N(O, 0'72~Id), T — 5) ) qO) S

* Then it requires discretization complexity K = 0 (Lf(T/ )%/( ZEWZ))

3+1/a
0 (Le/egs™®)
RF based
In submission

T
0(Ls/€ly,)

VP log(l/EWZ) EI%VZ X 0] (Lf/Esvzz/a) VP based Bette r1
" ICML’ 24 O(L?/Ewl) s2)
reja VP based 0 (L, /e

VE(EDM)  1/ey,x ew, 0(Ly/eys?®) oG || e | VE((EE/JTEase)d

3+1 VP based ,

RF 1 Ew, 0 (Lf/eW: /“) e Better ICML’25




Conclusions

* Pretraining: Efficient Multi-manifold MoG Model
 Empirical: Much less parameters with good enough performance
 Theoretical: Estimation error escape the curse of dimensionality

* Fine-tuning: Good Sharing Latent Guarantees Few-shot Efficiency
* Model the sharing scheme between pretraining and few-shot fine-tuning
 Show effect of latent quality on estimation and optimization

 Sampling: Complexity for Multi-step Diffusion Models
* Unified framework for sampling complexities of VP, VE, RF models

* Discretization: Complexity of 1-step Models in Training Phase
* Support good performances of RF models



Future Work

* Pretraining Phase
* SOTA Results with Multi-manifold MoG Modeling and Fewer Parameters
* Global Optimization Guarantee and Generalization Mechanism

* Few-shot Fine-tuning Phase
* Multi-task Meta-learning and Few-shot Fine-tuning Framework and Analysis

e Sampling Process of Multi-step Diffusion Models
* Conditional Generation: Analysis of influence additional guidance

 Learning Process of 1-Step Generative Models

* With the simplified MoG latent of Multi Subspace MoG modeling, better
training and SOTA Results
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