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Development of generative models for images/video
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Development of generative models for images/video

2021 2022 2023

’A street sign that reads ’A zombie in the
“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’

’An image of an animal

)

&
(" LATENT |
DIFFUSION

2 dolphin in an astronaut suit on saturn, artstation a propaganda poster depicting a cat dressed as french emperor
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Development of generative models for images/video

2024
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Development of generative models for images/video

2025
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The most successful generative models

Diffusion models

Autoregressive models




Diffusion models

Data

Forward diffusion process (fixed)

Reverse denoising process (generative)

Noise



Diffusion models

Forward diffusion process (fixed)

Data

I O | S .

q(xexe1) = N(xe; V1 — Bixeo1, BI) = a(xrr|x0) = | [ alxelxi-1)

t=1

(joint)

Noise



Diffusion models

Reverse denoising process (generative)

Data

p(x7) = N(x7;0,1)

po(xt_1]xt) = N (x¢_1; g (%, 1), 071)
\\_V_/
Trainable network

Noise



Diffusion models

po(Xo1) ] = T,

E —1 <E —1
Q(xo)[ OgPH(XO)] = Hg(x0)q(x1.:7[%0) [ 05 q(x1.7|%0)

— / = 2
Iy = EXONq(xo),tNU{l,T},GNN(O,I) [)\tlle - 69(\/a—t xX)+ V1—ate, t)” ]



Diffusion models

Time Representation

Fully-connected
Layers
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The Generative Reverse Stochastic Differential Equation

m Forward diffusion process (fixed) _

1
Forward Diffusion SDE: dx; = —iﬂ(t)xt dt + +/B(t) dw;
drift term diffusion term
R G ti 1 _
el\;?f;iziorelrgsz:ve dx; = [—iﬁ(t)xt — B(t)Vx, log qi(x¢) | dt + +/B(t) déo,

| |
“Score Function”
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SOTA diffusion models

.U X 1
A new era ol creation
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Generation examples




Generative Trilemma

Fast
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Diffusion SDE

Forward SDE
dz = f(z,t)dt + g(t)dw

# nmm #

h amm h

dz = [f(z,t) — g(t)zvm log pi(x)]|dt + g(t)dw

Reverse SDE




Diffusion sampling

~ 100+ steps



Diffusion acceleration approaches

Advanced solvers

Diffusion acceleration

Distillation Consistency models

i

Full training



Advanced solvers

Reverse SDE

de = [f(z,t) — g(t)*V . log p(z)]dt + g(t)dw

J

1

dz = [f(2,t) — 7 9(t)* V. logp,(z)]dt

Reverse ODE



Reverse ODE solution

1
Reverse ODE dz = [f(x,t) — Eg(t)sz log p:(x)]dt
1
Diffusion ODE dz = [f(z,t) — 5 9(t)*co(z; D)|dt, &g(@,t) ~ V. logpi(2)
(¢ " )
Diffusion Solution T; — % X, — / zt 9 ;T) eo(xr,7)dT
\$ J

intractable integral!



Advanced solvers

Standard solvers

Advanced solvers

Optimized solvers



Standard solvers

t
2
by = ﬂ s Bis [/ *t . g (T) Eg(wf, T)dT]
o o 2

S

intractable integral!

After discretization:

n n
Tpy1 = E T+ E cinco(xjyt;)
=0 =0

Coefficients ajn,c;, are defined

differently depending on solvers:

Euler/DDIM;
DPM-Solver;
DEIS-Solver;
UniPC-Solver.



Optimized solvers

Introduce trainable parameters for solver:

n n

Lp+1 = Z aj,n(SO)ij + Z Cj,n(QO)Sg(iBj, t.? + ¢n—3)



Optimized solvers

Teacher solver <I>T(-)

Student solver <I>S(-)

|27 (21) — &°(21)]



Optimized solvers

Student solver:

Lp+1 = Z aj,n(SO)ij + Cj,n(QO)Sg(iBj, t.? + ¢n—3)

Solver optimization:

E.,||®7 (z1) — ®°(z7|p,v)||* — min ¢, b,

T NN(()?I)



GAS: Improving Discretization of Diffusion ODEs via Generalized

Adversarial Solver
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Caching

BWCache

B oooc y4-1] OminiCache
(@) SpeCa
70 - ‘ P FoCa
FastCache
60 - % RainFusion
BlockDance
50 1 ~f TaylorSeer
2
E 40
. p
g 30
= @ A-DIT % vcuT
I\ Approximate
20 1 = Mobe Caching  ( '+ DiTFastAtt
DeepCache (% FasterDiffusion
10 ooMeta BlockCaching
% FISEdit
0 Time

2023.05 2023.12 2024.03 2024.06 2024.09 2024.12 2025.03 2025.06 Present



Caching

- Caching methods

Static-caching

Dynamic-caching

e

DeepCache, FasterDiffusion, PAB,
FORA, A-DiT, FasterCache, ToCa

—> Timestep-Adaptive Caching —>

Layer-Adaptive Caching

Predictive-caching

Hybrid Caching

TeaCache, VCUT, LazyDiT, T-GATE V1/V2,
Chipmunk, MagCache, EasyCache

BlockCache, HarmoniCa, AdaCache,

—_
FEB-Cache, DBCache, Foresight
TaylorSeer, AB-Cache, HiCache, FoCa
_) . ] . .
FreqCa, DiCache, FastCache
5 ClusCa, SpeCa, OmniCache, HyCa, TokenCache,

FISEdit, FlexCache, RainFusion, ProfilingDiT, BlockDance

@ NIRI



DeepCache

Skip Branch 1

D Skip Branch 2

Skip Branch 3

——> Chosen Path
"""" > Excluded Path




Delta-DiT




BlockCache

f Uniform Caching
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TaylorSeer

ACF (xt+N) A°F (xt)
y
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Diffusion distillation

Diffusion distillation

/—\ _a
PP Distribution matching
Knowledge distillation (distillation (DMD)

g



Knowledge distillation
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Progressive distillation
A
Z3/4 = f(z1;7m)-
Z1/)2 = f(Z3/4; 1)
Zy1/4 = f(Z1/2;77)<

X = JC(Z1/4;77><
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Distribution matching distillation (DMD)

We want to train a one-step generator Gy(z):

Dkr (prake || Preat) = E <log (pfake(w)>)

T~ Pfake DPreal (37)

— E — 1 rea T 1 e
o (log preai(z) — log Prake())
=Gy (z)



Distribution matching distillation (DMD)

DkL (prake || prea) = E <log (pfake(w)»

X~ Dfake Preal (33)
—_ E — 1 rea _1 €
B~ (108 Prea(2) —log prc ()
r=Gg(z2)
dG
VoeDkr = zNA]/E(O;I) [— (Sreal(ib") = Sfake(CU)) @]7
r=Gg(2)

where Sreal(w) = V:clog preal(x)a Sfake(x) = Vxlog pfake(x)



Distribution matching distillation (DMD)
DMD algorithm:

1. Generator update: VoDrr~ E  |wiou(stake(®t,t) — Srear(zt,t))

LA A

2. Fake score update: V. Ei.z |57, (x1,t) — Vo, log g(z:|z)|?

3.Goto1

dG

do



Distribution matching distillation (DMD)

distribution matching gradient
Vo DkL

Distribution Matching Gradient Computation

u

one-step generator

diffusion
- - . *

eal data
score function

computed
gradient

real score
fake score

random latent z

noisy

fake data
score function

paired dataset
generated offline



Further developments of DMD

 DMD2
o Adversarial Diffusion Distillation (ADD)
e Latent Adversarial Diffusion Distillation (LADD)



Consistency models

N
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(a) Consistency Model [2023]

O/_\\.
X0

X]

(e) Reflow [2023]

(b) Consistency Trajectroy Model [2024]

X1 X0

(f) InstaFlow [2023]
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(c) Boot [2023] (d) Consistency-FM [2024]
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(g) Shortcut Model [2025]

1 X0

(h) SCoT [2025]



Consistency model

Noise




Consistency model

Data Noise
\ \
o (Xt xz.T)

\xo 01; (X, ) 4‘}% ) y
8 /

‘CgD(97 9_; ¢) =
E[\(tn)d(fo(Xt, 1, tns1), foo (K 1 t0)]



Consistency trajectory models

Score-based models

Distillation models

CTM

Estimate the score

Estimate the endpoint of PF ODE

Estimate the entire PF ODE trajectory



Consistency trajectory models

PF ODE trajectory

Multiple-step ODE solver

KL




Shortcut models

b) Shortcut Models



Shortcut models

J

J \

Regress

E[vi|z:]

Train
towards
two smaller
steps



Shortcut models

£5(0) = Fagrant s1~D, (cyeptt) | [80(1,1,0) = (@1 = 20)|1% + [150 (0,1, 2d) — suaged? |,

Flow-Matching Self-Consistency

where  Sirget = So(%t,t,d) /2 + so(Ty,gq,t,d)/2 and i, ;= x¢ + so(z, t,d)d.




Further developments of CM

 Consistency FM
e MeanFlow
* Aligh Your Flow



Conclusions

Speedup Consistency
models

x100 Distillation

x10 Advanced
solvers

x2-3

Trainable
parameters

Training O(1) . . Full
Finetuning . .
free params training
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