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Diffusion Models

* Vision: Sora, etc.

e SOTA result: Image, 3D, video

* Language: LLaDA
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Multi-modal Models: MMaDA
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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

Forward F 3 E S B
—— b ;

Xg ~ (o ON RD

Xt ~(qr

Core Problem 1: Training Process to Learn Denoising

Reverse k+1 k
Process

Pty Yo = Xr—¢ Yo~N(0,071)

Core Problem 2: Sampling Complexity K



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]

=1




Overview

* General information-sharing paradigm for few-shot finetuning
* Mean flow with efficient data modeling
e Understanding of the guidance strength in the sampling process



'ud‘: P -' B - —
Input images an the Acropolas n a doghouse  4n a bucket getting a hadrcut

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

° 1 e — o 2
[ e.g. ES{)r%llI%eiB (S) Zl 17— 5f5 [EXt|X0 [HVIOg QtS(Xt|X0) S(Xt; t)”z] dt
882M

* Estimation error O(ns__)ﬁ Tolerable! J

* Fine-tune with limited target data (~10 images): {Xtal}?tal ~ qo
min L. (s) = —Znta f(g Xe|Xo=Xta i [1IV1og g (X¢1Xo) — s(X¢, t)]I5] dt

°
e.g. 1.5M ETarget B Ny U= 175
0.17% 2

* Estimation error O(ntad)ﬁ Meaningless! ]




Previous: Information-sharing Model Design

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

* Assumption. Data admit linear structure {7 ncoder decoder |
and Share i Xe R” % R? { Later;ﬂScore } R E R Output :
: ¢ :
latent space/score - »
: R R?

________________________________________________________________________

* Then the score function is

1
VlegqP(X) = A, Vlog g2 (ALX) — F(ID — )X
t
Shared
Latent Score




More General Information-sharing Paradigm

* Concepts are composable ', localized |~ |, and partially shared

___________________________________________________________________________

* styles, colors, structure, ... Encoder Decoder
» Assumption. For every latent subspace ATAE Latent Score ]—AS
and its latent score function, any of the | — o—— —
following satisfies: i 3 A_
* Target share both encoder and latent [ Latent Score }
 Target share encoder but no latent &
* Target share latent but no encoder R a " R®

___________________________________________________________________________



Theoretical Efficiency Guarantee

* Theorem. The estimation error for few-shot fine-tuning is

Ay ———

2
SO( +nsd>

* Escape curse of dimensionality

____________________________________________________________________________________________________

* Can recover DFEVIOUS FESUHZ



Finetune Less Params w/ Good Performance

Method Finetune Params CLIP-T
Te"t”a'['ln]"ers'on 768 0.2258+0.0238
DreamBooth [2]

(with LoRA, r = 1) 99.6K 0.2752 +0.0125

(@) 3
(onl :Jerza[lit])rate 2.13K 0.2743 £0.0088

y 2.14% (Comparable!)

unshared ones™)

Textual
Inversion

-
1 41

Dreambooth
(with LoRA)

Ours

Only the structure was adjusted

* We normalize the frozen latent features and identify a subspace in which the source and target distributions are best separated (e.g., using
LDA), treating its complement as shared.
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Overview

* General information-sharing paradigm for few-shot finetuning
* Mean flow with efficient data modeling
e Understanding of the guidance strength in the sampling process



From Consistency Model to Mean Flow

GT Grip Warp GT Samples
* Consistency model learns the 1-step mapping function
f(Y, t) ,Vt € [0,T — 6]

from PFODE reverse process of multi-step diffusion models  wuti-step Grid warp cM Samples

dYt — U(Yt, t)dt YO ~ qT

_______________________________________________________________________________

| K 7% \:

% i

e bstepMapping T~ ;

ishould be close R |

| discretization MF Samples

fo- (Ve tiers) - 5
N / W leads to Iarge

”””””””””””””””””””””””””””””””””””””””””””” error
* |ts learning of the ODE integral is based on the given multi-

step diffusion model

%




Mean Flow Model

* Mean flow model directly learns the integration on arbitrary intervals,
thus & learn the average velocity on arbitrary intervals

* Average velocity

1 t
U(Yt, r,t) = II—_T_] U(YT, 7)dT
T

=v(Y,t) — (t —1r)(v(Ys, t)0yu + 0pu)

. . . . better form w.o. integration
* The learning objective of the mean flow model is ;

Lyp(8) = Ellug (Y, 7, t) — utall?
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MF has a Better Learning Objective than CM

* Training objective of MF directly bounds the generation performance
WZZ (U@ (N(O' 0-'12"Id)' 0, T) ) qO) S LMF(H)

* Training objective of CM has a multi-step prior bias, thus leads to
W5 (fo(W(0,0714),0),q0) < Lcp(6,07: 1) + prior bias



Data Modeling: Intrinsic Gaussian Mixture
-low (IGMF)

* One-step generation is very difficult to train

e Data modeling helps in efficient training, especially in one-step
generation

* Inspired by efficient GMM modeling for multi-step generation

—————————————————————————————————————

L M =
E E , TV |
X ~ nf n,g,m N ( ¢ ) A,g ) A,g A,g ) i lA:/\\V/\\ 1
=1 i M A




Data Modeling: Intrinsic Gaussian Mixture
-low (IGMEF) 2

* Note the average velocity for the single Gaussian modeling has a
closed analytical form

t—(1—t)A —t
. (1 — )2\ +¢2 4% (1 —¢)2A+ t2’
Ewhere A¢(Ag) and By(Ay) are defined entrywise on the diagonal matrix Ag. Define

D,(\)
Dy(A)

D,(\)
Dy(A)’

D) = (1A, BN =7 - Gra(N) = (1 —t) —(1-7)
'The structures of the Gaussian velocity field and flow map are given by the following lemma.

ELemma 5.1. If xo ~ N (uk,Xk), then the velocity field v(z,t) and flow map X (zy,r,t) of the
.PF-ODE satisfy



Data Modeling: Intrinsic Gaussian Mixture
-low (IGMF) 3

e But for the mixture of Gaussians, the flow map

r |
oY, 1,t) =Y, — (t —ru(,r,t) = t Yp —r z Apm f E?ﬂ,m(fs: S)gf,m,s (gf,m,s)ds
f'm r

does not have a closed form since 7, ,,, (s, s) is nonlinear

* Assumption. The flow map satisfies

(I)(Yt, T, t) yf,‘m(ﬁttr t)

r
=¥ - 2 Apm Vom Ve, O (Fre (M) AgmYe + Gr e (M) b )
f'm



Estimation Error under IGMF

 Theorem. Assume continuous enough velocity and flow map, the estimation
error satisfies

2 __ 2
Eq, [||u9 (V' (0,621,),0,T) — u* (N (0, 521,), 0, T)||2] < 0(Vdn @¥2).

* Theorem. The estimation error under IGMF Modeling satisfies
MLd

Eq, |16 @V (0,0214),0,T) — (W (0,621),0, || < 0 a3
\

d



IGMF is a Good Modeling

NN # of
Dataset Paramete LPIPS! CLIPT
Model
rs
MLP 2.11M 0.2452 0.2858
MNIST
0.028M 0.2369 0.2886
IGMF 1.33% 13.4% 11.0%
MLP 10.05M 0.5643 0.2594
CIFAR10
[GMF 0.106M 0.4798 0.2634

1.05%

115.0%

T1.5%

CIFAR10

ImageNet

MNIST
CIFAR10

ImageNet

MeanFlow-IGFM

* |IGMF modeling uses much less parameters and is much easier to train well

e Can realize 1-step generation than previous MoLR-MOG (20x acceleration)

20



Overview

* General information-sharing paradigm for few-shot finetuning
* Mean flow with efficient data modeling
* Understanding of the guidance strength in the sampling process



o — o — o —

[’ (Xg,€), (Xo,9) ~ qo Forward diffusion time T to converge to Gaussian

K k+1 k

| T Viegqr—:(-,®) + w(Vlogqr_(-,c) = Vlogqr_: (-, 9)) Yo ',:
____________________________________ Gl_Ji_éI;nceStrength J"""""""""""

* Generation tasks usually take class-label/prompt as input

* Learn Vlog g, (- |c) directly mainly apply to discrete/independent ¢

* For continuous ¢, Vlogqg,(- |c) = Vlogq.(-) + Vlogqg,(c| )

* Use Vlogq,(,®) + w(Vlogq,(-,c) —Vlogqg,(-,®)) as guided score

Classfier-free Guidance (CFG)

Guidance

* Small guidance — Bad alignment
e Large guidance — OOD & Modal Collapse

What is the influence of guidance strength?

22




Measurement: Classficiation Confidence

* P(c|X) is the classification confidence
* |deally P(c|X) = 1 if X belongs to class ¢

Effect of Diffusion Time T

P P P o Bl Bt
- o

-------- Large
Gap!

—_
o
o

o
©
o

* Compare VP vs VE

o
©
S

VP decay heavily by T 1! |

VE (02 =t, T=80)
—+— VE (07 =t, T=120)
—e— VE (07 =t, T=140)

VP is much worse than VE

o
o
S

Classification Confidence
>

. pe o c VP, T=80
Forward Process Classification Confidence 0.75 VBT =120
—&— VP, T=140

—e T 0.70 = . . . : .

VP n—¢ 0 2 4 6 8 10

Guidance Strength (w)

VE-EDM n-1
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Diversity/Modal Collapse of VP w/ large guidance

3GMM AGMM

12

u=I[-5-3],0=[11]
u=[-5-3],0 =[11] u=1[00],0=[11]

8 u=[00],0=[11] w=[53L0=[11]

VE a u=1[53],0=[11] "% 4 u=[5_3]'0=[11]¥

CIFARIO

o 0
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CELEBA64

u=1[»3],0=[11] oy o u=I[F3],0=[11] 3 >
w 4 u=!5-31,0=[11] K. 2
SR g ¥ .
VAN Y MV

-8 B -8 .

-18 -12 -6 0 6 12 18 -18 -12 -6 0 6 12 18

Modal Collapse of VP

What happens?




Full Guidance Characterization of VP for GMM

e 3-situation full characterization:

Previous Work J

S ion Over Reserve Step
200
o~
2 150
5
9 Divergent Situation
§ 100 - | Convergent Situation
= I Mixed Situation
5 50 - == Boundary g
== Boundary f
0

50 40 30 20 10 0
Step Index



Schedule of Guidance Strength

 Safe-region guidance leads to high confidence

* Dynamic guidance better than truncation method

= Confidence Evolution (k=0.992328)
Sample Process Over Reverse Steps !

=

S .
. S A — ——n= 100
200 — Dy_namlc = 20 ‘— Truncation method
=5 =100 Guidance J
§ =@= Truncation method 3 15 1 [~ [wo-end method
= 150 - Gap © %== Dynamic method (ours)
@ R R R | = Two-end dynamic method
?:9 100 - =®= Dynamic method (ours) _ Y 10 -
_g - | Two-end dyna‘nlc method S 5 - N
© p( | ﬁ
5 50- / ‘ <
‘ / l g 0 | || || ||
0¥ == | o S50 40 30 20 10 0
= 1 T

Step Ind art from Small Guidance
€p Index to Protect Diversity

50 40 30 20 0>~ . ] Step Index
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Real-world Experiments with Dynamic Guidance

Constant Truncation Decay (Ours)

it Dynamic Decay Guidance

’;. Has Lower Saturation & More Diversity

-h

Average Saturation Classifier Confidence Out-of-Bounds Rate _

1.0 0.304 —— Constan ean 1 i
0.6 T e a7 s quniied  ITUINCALION scheme is helpful
0.5 0.8 o T N aot 07.5% ouantids COMPA red to constant gwdance

0.4 0201 __ pecay(Ours) Mean
’ 0.6 Decay(Ours) 2.5%-97.5% Quantiles
03 0.15 | Z

0.4
0.10
0.2
0.1 0-21 0.05 \S\
Our dynamic decay scheme is
0.01 i . . ; i 0.0 . . . . . . 0.00 - ; ! ! ; , '
° 0 2 % o > F({)everselgtep k(zé)orresp?’:nding 41.‘?) T-> ?)()) ° 0 % % 4(L > mu Ch bette r
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Real-world Experiments with Dynamic Guidance

Constant

Truncation

Decay(Ours)

Decay(Ours)

Constant

Constant

Truncation

Truncation

Decay(Ours)

Decay(Ours)

0.0

0.6

0.5 1

0.4

0.3

0.2

0.1

0.0

Average Saturation

16 18 20 22 24 26
Out-of-Bounds Rate
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—e— CFG Mean
CFG Min-Max Range
—#— Trunction Mean
Trunction Min-Max Range
—4— Decay(Ours) Mean
Decay(Ours) Min-Max Range
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Conclusions

* Fine-tuning: Good Sharing Latent Guarantees Few-shot Efficiency

* A unified view of map adaptation and latent adaptation through the same
information-sharing principle

* Frozen-VAE adaptation of only unshared factors

 MeanFlow: Intrinsic Structure Enables Efficient 1-Step Generation

* Average-velocity regression without consistency-induced discretization
error

 With the Multi Subspace MoG modeling, better estimation

* Guidance: Dynamic CFG Balances Alighment and Diversity

 Three-regime characterization of VP; faster confidence convergence and
better diversity for VE

* Dynamic schedules achieve high confidence with lower saturation, fewer
OOD samples, and less mode collapse



Future Work — Continuous Diffusion

* Few-Shot Fine-tuning Phase
e Better shared—unshared factor discovery
* Multi-task transfer with guarantees under latent and model mismatch

* MeanFlow
* Richer intrinsic data modeling beyond low-rank Gaussian mixtures

* Scalable lightweight 1-step models with optimization and generalization
guarantees

e Guidance

* Extend CFG analysis beyond VP/VE and Gaussian mixture models

* Based on current latent and prompt, achieve adaptive guidance schedules
balancing alignment, diversity, and OOD risk



Future Work — Discrete Diffusion/dLLM

* Pretraining Phase
* Pretraining with Text Data Structure (such as Chain MRF, Tree Structure)
e Estimation Error with Data Structure to Escape the Curse of Dimensionality
* Analysis for Fundamental Difference between continuous and discrete dLLM

 dLLM Agent: Parallel Decoding Mechanism Leads to Higher Efficient
but Less Stable Tool Call

* AR Distill SFT
* Tree Based Step-by-Step GPRO Post Training Algorithm
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