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A Bit of History ...

* Since AlexNet, recognition models have been generally end-to-end ...

inference-time computation
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backpropagation




A Bit of History ...

* But before AlexNet, layer-wise training was a more popular solution

* Deep Belief Nets (DBN) [Hinton et al, 2006]
e Denoising Autoencoders (DAE) [Vincent et al, 2010, 2011]
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A Bit of History ...

* But before AlexNet, layer-wise training was a more popular solution

* Deep Belief Nets (DBN) [Hinton et al, 2006]
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A Bit of History ...

* But before AlexNet, layer-wise training was a more popular solution

* Deep Belief Nets (DBN) [Hinton et al, 2006]
 Denoising Autoencoders (DAE) [Vincent et al, 2010, 2011]
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History Repeating in Generative Models?

* Today’s generative models are conceptually like “layer-wise training”

inference-time computation

step 1 step 2 step 3 step T

Diffusion

step 1 J step 2 J step 3 J step T

Autoregressive




History Repeating in Generative Models?

* Today’s generative models are conceptually like “layer-wise training”

Diffusion

+ hoise
step i loss




Recognition vs. Generation: Two Sides of the Same Coin?

Recognition: Abstraction

layer 1 layer 2 layer 3 layer N class

step T step T-1 step T-2 step 1

Generation: Concretization



Recognition vs. Generation: Two Sides of the Same Coin?

Embedding
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Embedding
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Xout [l] = max(xin [l]’ O)

y Xout = Wxin +b

x [l] — Xin [l]
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Embedding

Representation learning ————>

<«—— Generative modeling

Data

lllustration Credit: Phillip Isola



Loss: 0.65

softmax

linear

relu

linear

relu

linear

rative modeling

Representation learning ————>

<——— Gene

lllustration Credit: Phillip Isola



Embedding
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Recognition:
“Flow” from data to embeddings

Loss: 0.26
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Embedding
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” from embeddings to data

Generat
“Flow

Loss: 0.26
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Neural ODE

e discrete time

ht,"'.l. — h:t:—l- f(ht, Ht)

’—

5Residual Network
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Input/Hidden/Output

[Chen et al, NeurIPS 2018]

dh(t)

@ f h(t)7t7 9)

- =5
Input/Hidden/Output

e continuous time

* fis often a ResNet



Embedding

Recognition: Generation:
determined unknown
data-to-label mapping g “noise”-to-data mapping
I | | (infinite possibilities)
Construct the mapping?
.__ e Continuous Normalizing

Flow (in Neural ODE)
 Flow Matching

Data



Flow Matching

FLOW MATCHING FOR GENERATIVE MODELING
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Flow Straight and Fast:
Learning to Generate and Transfer Data with Rectified Flow
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BUILDING NORMALIZING FLOWS WITH STOCHASTIC
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Flow Matching

Generative models

U

Flows

U

Flow Matching

U

Diffusion Models



Flow Matching
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lllustration inspired by: Fjelde, Mathieu, Dutordoir, “An Introduction to Flow Matching”

https://mlg.eng.cam.ac.uk/blog/2024/01/20/flow-matching.html



Flow Matching
xr r~ }?glata €~ pprior

Solve ODE: g
— 2z = ’U(Zt, t) v(ztv t) B

* In principle, w/ ground-truth field v(z;, t) A

o

o6
5 -
A

* |n practice, approximate by ’Ug(zt, t)

¢
2 = Zp — / v(zr, T)dT
T

» |deally, trajectory given by integral:

* |n reality, approximate by finite sum: 2r = 2¢ + (7“ — t)v(zta t)



What we do: What we want:

2r = 2t + (r — t)v(ze, t) %zt = v(z¢,t) Or 2z = 2t — /Tt’U(ZT,T)dT
5Residual Network 5 ODE Network
4 \ ? 4
<3 b £ 35
3,0\ g,
" | T 1
0 0

-5 0 5 =5
Input/Hidden/Output Input/Hidden/Output



Key takeaways so Far ... | | ‘

Recognition vs. Generation: flows between distributions
| |
Flow Matching: builds ground-truth fields for training
* implicit, pre-exist T
* network-independent Il
We want integral, but in practice we do finite sum

* ResNet-like discretization » ( N
* numerical ODE solvers 8” (gi\ /
01\ V1172

Input/Hidden/Output Input/Hidden/Output

Towards feedforward, end-to-end generative modeling?



Mean Flows for
One-step Generative Modeling

Zhengyang Geng' Mingyang Deng? Xingjian Bai?
J. Zico Kolter! Kaiming He?
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Average Velocity

t
What we want: Rp = 2t — / U(ZT7T)dT
T

What we do: Rr = 2t — (?f — T)E&Zt:i#
\
1 t
u(zg,m,t) = / v(zr, T)dT

t—r

v: instantaneous velocity



Average Velocity (2 ! / (e, )

instant. vel.
()

Properties:
e condition on two time variables

(t—r)u(z,r,t)

displacement

* network independent
e ground-truth field that pre-exists



The MeanFlow ldentity

* Integral is intractable. Differentiate it instead.

differentiate wrt ¢

lhs:
product rule

1 t
u(zg,r,t) = / v(zr, T)dT

(t — r)u(zg,r,t) = / v(zr, T)dT

i(t —r)u(ze, 1, t) = i/ v(zr, T)dT

dt dt

'U:(Zt, r, t) - (t o T)%u(zta r, t) — ’U(Zt, t)

rhs: fundamental
theorem of calculus

u(zg, 1, t) = v(2¢,t) — (t—1) d

dt

’U,(Zt, r, t)

MeanFlow
Identity



The MeanFlow ldentity

d
’U,(Zt, r, t) — U(Ztvt) o (t o T)%’LL(Z“ r, t)

instant. vel. twotime  tderivative
variables



Computing the time derivative

%u(zt, rt) = (‘Lﬂ@—l— &ru% + 8tu% The ODE we are solving
i Qi(zt, t) 1 —= %zt = v(z¢,t)
— [5‘211,, Oru, (’9tu] 0
Jacobian matrix = 1

* Jacobian-vector product (JVP): jvp(fn, (z, r, t), (v, 0, 1))

e c.f. vector-Jacobian product (VJP): “backpropagation”

See


https://docs.jax.dev/en/latest/notebooks/autodiff_cookbook.html

Training MeanFlow Models

u(zg, mt) = v(2¢,t) — (t—r)j u(zg, 1, t)

I

instant. vel. t-derivative

No neural net up till now; only about the ground-truth field
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target w/ stopgrad

Utgr = fi}(zt,t) — (t — 1) (v(z¢,t)0,ug + Orug)

=

instant. vel. computed by JVP



Training MeanFlow Models

* if uy has zero loss, it satisfies the MeanFlow Identity
* no integral; only derivatives.

* stopgrad prevents higher-order gradients

* asingle-time function wuy is insufficient

L(0)=E

2
(Zta T, t) _ Sg(utgt) ||2
target w/ stopgrad

Utgr = fi}(zt,t) — (t —1) (v(2¢,t)0,ug + Orug)

instant. vel. computed by JVP




Training MeanFlow Models

* marginal velocity is not explicitly accessible
* use conditional velocity instead

L(0)=E

2
Ug (Zta T t) o Sg(utgt) ||2
target w/ stopgrad

|
—~~
N
|
=
~—~
%

10, ug + Orug)

Utgt — U<

UVt = €— X CFG can be handled similarly (see paper):

O = wup + (1 —w)ug(ze, t,t)



Algorithm 1 MeanFlow: Training.
Note: in PyTorch and JAX, jvp returns the function output and JVP.

# fn(z, r, t): function to predict u
# x: training batch

t, r =
e

sample_t_r()

= randn_like(x)

N
I

A" e

u, dudt

u_tgt
error

loss =

(1 -t) *xx+t *xe

X

the main changes over
Flow Matching

jvp(fn, (z, r, t), (v, 0, 1))

- (t - r) * dudt
- stopgrad(u_tgt)

metric(error)




Sampling with MeanFlow

t
What we want: Rp = Rt — / ’U(ZnT)dT
T

What we do: Rp = 2t — (75 — "“)U(Zt, r, t)

Algorithm 2 MeanFlow: 1-step Sampling

randn (x_shape)
e - fn(e, r=0, t=1)

®
i1

1.0



Results: ImageNet 256x256

1-NFE (number of function evaluation) generation
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Results: ImageNet 256x256

1-step generation

35
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o5 L: 459M
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Results: ImageNet 256x256

method params NFE FID
I-NFE diffusion/flow from scratch
iCT-XL/2 [44]T 675M 1 34.24
Shortcut-X1./2 [13] 675M 1 10.60
MeanFlow-B/2 131M 1 6.17
MeanFlow-M/2 308M 1 5.01
MeanFlow-L/2 459M 1 384 1-NFE:70%




Results: ImageNet 256x256

method params NFE FID
I-NFE diffusion/flow from scratch
iCT-XL/2 [44]1 675M 1 3424
Shortcut-XL/2 [13] 675M 1 10.60
MeanFlow-B/2 131M 1 6.17
MeanFlow-M/2 308M 1 5.01
MeanFlow-L/2 459M 1 3.84
MeanFlow-XL/2 676M 1 3.43
2-NFE diffusion/flow from scratch
iCT-XL/2 [44]T 675M 2 20.30
iIMM-XL./2 [53] 675M  1x2 177
MeanFlow-XL/2 676M 2 2.93
MeanFlow-XL/2+ 676M 2 2.20

2-NFE: 70%

Improvement



Results: ImageNet 256x256

method params NFE FID
1-NFE diffusion/flow from scratch
iCT-XL/2 [44]" 675M 1 3424
Shortcut-XL/2 [13] 675M 1 10.60
MeanFlow-B/2 131M 1 6.17
MeanFlow-M/2 308M 1 5.01
MeanFlow-L/2 459M 1 3.84
MeanFlow-XL/2 676 M 1 3.43
2-NFE diffusion/flow from scratch
iCT-XL/2 [44]1 675M 2 20.30
iIMM-XL/2 [53] 675M 1x2 7.77
MeanFlow-XL/2 676 M 2 2.93
MeanFlow-XL/2+ 676 M 2

method params NFE FID
GANs
BigGAN [5] 112M 1 695
GigaGAN [22] 569M 1 345
StyleGAN-XL [41] 166M 1 230
autoregressive/masking
AR w/ VQGAN [10] 227M 1024 26.52
MaskGIT [6] 227TM 8 6.18
VAR-d30 [48] 2B 10x2 192
MAR-H [28] 943M  256x2 1.55
diffusion/flow
ADM (8] 554M 250x2 10.94
LDM-4-G [38] 400M 250x2  3.60
SimDiff [21] 2B 91242 247
DiT-XL/2 [35] 675M  250x2 2l
§_i'_1—:—XL/2 [34] 675M  250x2 \ 2.0
SiT-XL/2+REPA [52] 675M 2502 1.42

narrows gap w/

multi-step counterparts



Qualitative result, 1-NFE generation (FID 3.43)



The Community Effort ...

* Consistency Models
e Consistency Models (CM) [Song+ 2023]
* improved Consistency Training (iCT) [Song & Dhariwal 2024]
e Easy Consistency Training (ECT) [Geng+ 2024]
* simple/stable/scalable Consistency Models (sCM) [Lu & Song 2024]

* Two-time-variable Models
* Consistency Trajectory Models (CTM) [Kim+ 2023]
* Flow Map Matching [Boffi+ 2024]
e Shortcut Models [Frans+ 2024]
* Inductive Moment Matching [Zhou+ 2025]

* Revisiting Normalizing Flows
* TarFlow [Zhai+ "24]



Looking ahead...

* Are we still in the pre-AlexNet era of generative modeling?

 MeanFlow is still driven by iterative Flow Matching (and diffusion)

* MeanFlow network plays two roles:
e construct noise-to-data trajectories (pre-exist, but implicit)
* summarize the fields via coarsening

 What's a good formulation for end-to-end generative modeling?



