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What Will We Cover Today?

• Recap Diffusion Models and Flow Matching

• Consistency Models
• Flow Maps Models: Consistency Trajectory Models, MeanFlow
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What is Generative Model Learning?
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What is Generative Model Learning?
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What is Generative Model Learning?

4

Data Distribution Noise Distribution



CITI, Academia Sinica Deep Meeting

What is Generative Model Learning?
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The Goal of Generative Model
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The Goal of Generative Model
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Building a bridge between noise and data
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What is Diffusion Model?
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Pure
Noise

Forward Process: add noise step by step, from data to pure noise

Reverse Process: generate data from pure noise by denoising
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Diffusion Models
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N (0, I)
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Diffusion Models
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pT (xT ) = N (0, I)p0(x0) pt(xt)

How to illustrate this process?
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Score-based Diffusion Models [Song+ ICLR’21]
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N (0, I)

x0

xt

x1

dxt = f(xt, t)dt+ g(t)dw

xt+dt

xt

g(t)dw
f(xt, t)dt

xt+dt

Forward SDE

dxt = [f(xt, t)− g(t)2sθ(xt, t)]dt+ g(t)dw̄

Reverse SDE (Stochastic)

dxt = [f(xt, t)−
1

2
g(t)2sθ(xt, t)]dt

Reverse ODE (Deterministic) Have the same {pt(xt)}Tt=0

https://openreview.net/forum?id=PxTIG12RRHS
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Diffusion Model vs Flow Matching

• Score-based Diffusion Model

• Flow Matching
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dxt

dt
= f(xt, t)−

1

2
g(t)2sθ(xt, t)

dxt

dt
= vθ(xt, t)

LSM(θ) = Ex0,xt|x0
‖sθ(xt, t)−∇xt

log pt(xt)‖22

LFM(θ) = Ex0,xt|x0
‖vθ(xt, t)− vt‖22

∇xt
log pt(xt|x0)

≈
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Consistency Models (CM) [Song+ ICML’23]
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N (0, I)

x0 xt′

xt
x1

Probability Flow

fθ(xt, t)

fθ(x′

t, t
′)

fθ(x1, 1)

(Consistency Function)

fθ(xt, t) = x0, ∀t ∈ [0, T ]

fθ(x0, 0) = x0

https://openreview.net/forum?id=FmqFfMTNnv
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Consistency Models (CM) [Song+ ICML’23]
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N (0, I)

xtn

LCM(θ) = E

[

w(tn)
∥

∥

∥
fθ(xtn , tn)− fsg(θ)(x̂

Euler
tn−1

, tn−1)
∥

∥

∥

2

2

]

=⇒ 0 =
d

dt
fθ(xt, t)

x̂
Euler
tn−1

= xtn
+ (tn−1 − tn)v(xtn

, tn)

fθ(xt, t) = x0 ≈

fθ(xt, t)− fθ(xt−∆t, t−∆t)

∆t

fθ(xtn , tn)

fsg(θ)(x̂
Euler
tn−1

, tn−1)

https://openreview.net/forum?id=FmqFfMTNnv
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Consistency Models (CM) [Song+ ICML’23]

• Consistency Distillation (CD)

• Pretrained Diffusion: 

• Pretrained Flow:

• Consistency Training (CT)
• Diffusion:

• Flow: 

15

v(xt, t) = −tsφ(xt, t)

v(xt, t) = vφ(xt, t)

v(xt, t) = x0 − x1

v(xt, t) = −t

(

xt − x0

t2

)

=
x0 − xt

t Slow Convergence !!

https://openreview.net/forum?id=FmqFfMTNnv
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Sampling with CM
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N (0, I)

x0

fθ(xtN , tN )

xtN
:= x1

xtN−1

x0 + tN−1ε

fθ(xtN−1
, tN−1)

xtN−2

x0 + tN−2ε

fθ(xtN−2
, tN−2)
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CM Experiments
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Flow Map
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N (0, I)

x0
x1

Ψt→s(xt)

Any-to-any mapping along the trajectory

t
s
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Consistency Trajectory Models (CTM) [Kim+ ICLR’24]
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N (0, I)

xpred
xt

gsg(θ)(·, s, 0)

t

xtarget

LCTM(θ) = E

[

w(tn)
∥

∥gsg(θ)(gθ(xt, t, s), s, 0)− gsg(θ)(gsg(θ)(x̂
Euler
t′ , t′, s), s, 0)

∥

∥

2

2

]

x̂
Euler
t′

= xt + (t′ − t)v(xt, t)

gθ(xt, t, s)

s t
′

gsg(θ)(x̂
Euler
t′ , t′, s)

https://openreview.net/forum?id=ymjI8feDTD
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CTM Losses

• DM Loss: When t an s are very close, the gradients from the CTM loss become 

weak, leading to slow learning. Incorporating the DM loss provides a stronger 

local training signal and stabilizes optimization.

• GAN Loss: CTM and DSM losses can yield overly smooth outputs; therefore, an 

adversarial term can be added to encourage sharper and more realistic samples 

by aligning the generator distribution with the data distribution.

• Total Loss:

20

Ltotal = LCTM + λDMLDM + λGANLGAN



CITI, Academia Sinica Deep Meeting

CTM Experiments
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Is there a more efficient and simplified training strategy?
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MeanFlow: Average Velocity
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xs = xt +

∫ s

t

vθ(xτ , τ)dτ

xs = xt + (s− t)vθ(xτ , τ) +O(|s− t|2)

uθ(xt, t, s) ≈
1

s− t

∫ s

t

vt(xτ , τ)dτ

• What we want:

• But we do:

s

t

(s− t)vθ(xt, t)

(s− t)uθ(xt, t, s)

O(|s− t|2)
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MeanFlow Identity
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d

dt
(s− t)u(xt, t, s) =

d

dt

∫
s

t

v(xτ , τ)dτ

−u(xt, t, s) + (s− t)
d

dt
u(xt, t, s) = −v(xt, t)

Differential Integral

u(xt, t, s) =
1

s− t

∫
s

t

v(xτ , τ)dτ

u(xt, t, s) = v(xt, t) + (s− t)
d

dt
u(xt, t, s)
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MeanFlow: Time Derivative
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d

dt
u(xt, t, s) =

∂u

∂xt

·

dxt

dt
+

∂u

∂t
·

dt

dt
+

∂u

∂s
·

ds

dt

=

[

∂u(xt, t, s)

∂(xt, t, s)

]

[vt(xt, t) 1 0]!

= vt(xt, t)∂xt
u+ ∂tu

u(xt, t, s) = vt(xt, t) + (s− t)(v(xt, t)∂xt
u+ ∂tu)

(Jacobian-Vector Product)
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MeanFlow: Training Objective
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LMF(θ) = E
[

‖uθ(xt, t, s)− utarget‖
2
2

]

utarget(xt, t, s) = vt(xt, t) + (s− t)(v(xt, t)∂xt
usg(θ) + ∂tusg(θ))
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MeanFlow: Sampling

• Multi-step Sampling

• One-step Sampling
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xti = xti+1
+ (ti − ti+1)uθ(xti+1

, ti+1, ti)

x0 = x1 + uθ(x1, 1, 0)



CITI, Academia Sinica Deep Meeting

MeanFlow Experiments

Result on ImageNet-256 x 256
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Summary

• Consistency Models formulate diffusion in a one-step manner and support both 
distillation and direct training.

• Consistency Trajectory Models extend Consistency Models by learning the flow 
map along the trajectory and introducing multiple loss terms to improve 
generation quality.

• MeanFlow introduces integral-based velocity averaging to further improve 
sample quality and stability, moving us closer to fast and high-fidelity generative 
models.
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Further Follow-up

• Consistency Models
• Consistency Model (CM)
• Improved Consistency Training (iCT)
• Easy Consistency Model (ECM)
• Simple/stable/scalable Consistency Model (sCM)

• Flow Maps Models
• Consistency Trajectory Model (CTM)
• Shortcut Model
• MeanFlow (MF)
• Improved MeanFlow (iMF)
• Consistency Mid-Training (CMT)
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Recommended Reading

Some concepts and insights in these slides are inspired by Jesse
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Thank you
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