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Three Key Questions of Generative Modeling

@ How to learn a good description of the data distribution from finite data?

@ Can we approximately sample from the data distribution by leveraging the learned
description of the data distribution?

@ How can we efficiently sample?
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Three Key Questions of Generative Modeling

@ How to learn a good description of the data distribution from finite data?
Sliced Score Matching. [UAI 2019])
Flow Matching for Scalable Generative Modeling. [ICLR 2023]
@ Can we approximately sample from the data distribution by leveraging the learned
description of the data distribution?
Sampling is as easy as learning the score. [ICLR 2023]
@ How can we efficiently sample?
Parallel sampling, one-step sampling, . ..
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Preliminary of Flow Matching

Push-forward

po € A(RY) is the data distribution, py = N(0, I4) is the noise distribution. We want to have
a deterministic mapping f : RY — R9, s.t.

po = fup1,

which means

Law(f(x1)) = po, x1 ~ p1 -

Training: Learn f.
Inference: Sample x; ~ p1, get xop = f(x1), which satisfies xp ~ po .
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Continuous push-forward: velocity field

Suppose we have a velocity field v(x¢, t), then we can define f;(x;) = xp by solving the ODE:
Xt = V(Xt, t) .
We want the mapping function f; : R? — R to satisfy:

po = fiup1 -

Training: Learn v.
Inference: Sample x; ~ p1, get xg by solving the ODE:

. Xt = V(Xt, t) y
which satisfies xp ~ pg.
Euler method: X(,_1)x = Xnk — v(¥nk, nk) - k, n € Z. Get %o to approximate xp.
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A simple construction of velocity field

Given a ~ pp and b ~ p;, we construct a linear path

7(a,b) = {((1 — t)a + th, t)|t € [0,1]} .
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A simple construction of velocity field

Given a ~ pp and b ~ p;, we construct a linear path
T(a,b) = {((1 — t)a+ th,t)|t € [0,1]} .
On this specific path, we have a constant velocity:

d((1—t)a+ th)

VT(a,b) = dt =b—a.

Ruizhe Shi (UW) One-step Flow Matching March 11, 2026 6/13



A simple construction of velocity field

Given a ~ pg and b ~ p;, we construct a linear path
7(a,b) = {((1 —t)a+ th,t)|t € [0,1]} .

On this specific path, we have a constant velocity:

d((1—t)a+ th)

VT(a,b) = g —b—ga.
Then we merge all these paths and velocities, and get
vix, t) = E y
( ) a~p07b'\“p1>(1—t)a+tbzx T(a7b)
- o [b—a].

a~po,b~p1,(1—t)a+tb=x
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A simple construction of velocity field

Given a ~ pp and b ~ p;, we construct a linear path
7(a,b) = {((1 - t)a+ th, t)[t € [0,1]} .
On this specific path, we have a constant velocity:

d((1—t)a+ th)

VT(a,b) = g —b—ga.
Then we merge all these paths and velocities, and get
vix, t) = E y
( ) a~p07b'\“p1>(1—t)a+tbzx T(a7b)
- o [b—a].

a~po,b~p1,(1—t)a+tb=x

And we have p; = (1 — t)pg + tps.
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A simple construction of velocity field

Given a ~ pp and b ~ p;, we construct a linear path
7(a,b) = {((1 - t)a+ th, t)[t € [0,1]} .
On this specific path, we have a constant velocity:

d((1—t)a+ th)

VT(a,b) = g —b—ga.
Then we merge all these paths and velocities, and get
vix, t) = E y
( ) aNPO?bNPl?(l—t)a—i-tb:X T(a7b)
- o [b—a].

a~po,b~p1,(1—t)a+tb=x

And we have p; = (1 — t)pg + tps.

Each specific path is transporting an a ~ pp to a b ~ p1, so v is transporting-pg to p; =
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Preliminary of Flow Matching

Training velocity model

Recall we want to learn

t) = E b—al.
V(X’ ) a~po,b~p1,(1—t)a+tb=x[ a]
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Preliminary of Flow Matching

Training velocity model

Recall we want to learn

t) = E b—al.
V(X’ ) a~po,b~p1,(1—t)a+tb=x[ a]

We have a neural network vy, a dataset D = {al)} |, pg = Law(a()). And we set
p1 = N(0, I4). Then we sample t € [0, 1], and train

E
a~po,b~p1

[vo((1 —t)a+ th, t) — (b—a)|?,

Ruizhe Shi (UW) One-step Flow Matching

March 11, 2026 7/13



Preliminary of Flow Matching

Training velocity model

Recall we want to learn

t) = E b—al.
V(X’ ) a~po,b~p1,(1—t)a+tb=x[ a]

We have a neural network vy, a dataset D = {al)} |, pg = Law(a()). And we set
p1 = N(0, I4). Then we sample t € [0, 1], and train

E |va((1—1t)a+tht)—(b—a)|?,
a~po,b~p1

which is equivalent to

E t) — E b—all?= E t) — 2.
XNPtH"e(X’) a~p0,b~p1,(1—t)a+tb:x[ 1l XNPtlIVe(X’) v(x, t)]|
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One-step Sampling: Back to Push-forward

Continuous push-forward: velocity field

Suppose we have a velocity field v(x;, t), then we can define f(x;) = xo by solving the ODE:

)‘(t = V(X1_b7 t) .

We can learn v, can we further learn £;7
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A Distillation Perspective

Recall f;, (x,) = ft,(xt,) = xo0. We can train model gy(x, t) to distill f; (Euler approximate).

Consistency model [ICML 2023]

We want the data on the Euler path pointing to the same xg, i.e. gyp(x¢,t) = gp(x¢ — vk, t — k):

Lo= E |lgo(xnk, nk) — sg (8o (xnk — V(Xak, nk) - k, (n — 1)k)) |2

N, Xnk~ Pnk

+ E |go(x0,0) — xof? .
X0~ Po

continuous path x;

X0 ) S ~ X1
Euler discretization X;
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Can we distill the continuous path?

Continuous consistency model [ICLR 2025]

We want the data on the continuous path {x;} pointing to the same xo, i.e. dgp(x¢,t)/dt = 0:

Lo= E |dgo(xt,t)/dt|?

t,Xe~pt

+ E |go(x0,0) — xof?,
X0~ Po

where
dgo(xe, t .
% = Vx8o(Xt, t) - Xt + Orgp(xt, t)/0t
= v(xt, t)Vxgo(xt, t) + Otgo(xt, t)/0t .
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Quick Error Analysis

Consider a continuous path {x:}.

And an Euler path {Xuk}, Xok = K(ns1)k — V(X(ns1)ko (0 + 1) k)k, X1 = xq.

o =3 = E DAl
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Quick Error Analysis

Consider a continuous path {x:}.
And an Euler path {%}, %ok = Knr1)k — V(X(ns1)k (0 + D)k)k, 51 = x1.
Discrete: Suppose [ gg(Xak, nk) — go(X(n—1)k> (n — 1)k)|2 < €1k,
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Quick Error Analysis

Consider a continuous path {x:}.
And an Euler path {%}, %ok = Knr1)k — V(X(ns1)k (0 + D)k)k, 51 = x1.
Discrete: Suppose |gp(%nk, nk) — go(X(n—1)k, (n — 1)k)|2 < €1k then we have

N

lgo(x1,1) = xoll2 < || Y 8(Snk, nk) — 80(%(n—1)> (n = D)K) 2 + %0 — o2
n=1

< €1 + discretized error .

Continuous: Suppose ||gy(x0,0) — xo]2 < €2, and |dg9(x,,k, nk)/dt\ €3,

finite tramlng data
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Quick Error Analysis
Consider a continuous path {x;}.
And an Euler path {X,,k} Xnk = X(n+1)k — V( X(n+1)k> (n + 1)k)k, X1 = X1.
Discrete: Suppose |gp(%nk, nk) — go(X(n—1)k, (n — 1)k)|2 < €1k then we have
N

lgo(x1,1) = xoll2 < | D 86(%nk, k) — 86(%(n-1))> (1 — 1K) |2 + %0 — xol2
n=1

< €1 + discretized error .

Continuous: Suppose ||gy(x0,0) — xo]2 < €2, and |dg9(x,,k, nk)/dt| €3, then we have

finite tramlng data
lgo(x1,1) — xoll2 = [go(x1, 1) — F(x1,1)]2

= [ g8(x0,0) — f(x0,0)[2 +

J[ng(Xty t)/dt]dt

< € + €3 + smoothness of the network gp .

2
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Extended Version

We extend gy(xt, t) to go(xt, t, r), which means transporting x; to x;.

Meanflow model

We still have gy(xy,, t1,r) = go(xt,, t2, r) = X, for t1,tp > r.
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Extended Version

We extend gy(xt, t) to go(xt, t, r), which means transporting x; to x;.

Meanflow model

We still have gy(x,, t1,r) = go(xt,, t2, r) = X, for t1, ta > r.The general form is:
Lo= E |dgp(xe t,r)/dt|?
r<t,xt~pt

+ E ng(xta t, t) - XtH2 )
t, Xt~ pt
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Extended Version

We extend gy(xt, t) to go(xt, t, r), which means transporting x; to x;.

Meanflow model

We still have gy(x,, t1,r) = go(xt,, t2, r) = X, for t1, ta > r.The general form is:
Lo= E |dgp(xe t,r)/dt|?
r<t,xt~pt

+ E ng(xta t, t) - XtH2 )
t, Xt~ pt

Recent works differ in parameterization:
@ Meanflow [NeurlPS 2025]: gy(x¢, t,r) = x¢ — (t — r) ug(xe, t, r);
—_——

mean velocity
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Extended Version

We extend gy(xt, t) to go(xt, t, r), which means transporting x; to x;.

Meanflow model

We still have gy(x,, t1,r) = go(xt,, t2, r) = X, for t1, ta > r.The general form is:
Lo= E |dgp(xe t,r)/dt|?
r<t,xt~pt

+ E ng(xta t, t) - XtH2 )
t, Xt~ pt

Recent works differ in parameterization:
@ Meanflow [NeurlPS 2025]: gy(x¢, t,r) = x¢ — (t — r) ug(xe, t, r);
—_——

mean velocity

o Pixel Meanflow [2026]: gy(x¢,t,r) = (t=r) Xo(xt,t,r) +7x:. (Manifold hypothesis)
—_——

t

pixel prediction
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Drifting Model [2026]

Directly learn the push-forward

Let's look into the desired push-forward function again:

po = fup1,

Can we directly use a network fy to learn it?
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Drifting Model [2026]

Directly learn the push-forward

Let's look into the desired push-forward function again:

po = fup1,

Can we directly use a network fy to learn it?

Drifting: p = py is a fixed point of p' = T (py. p)up,
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Drifting Model [2026]

Directly learn the push-forward

Let's look into the desired push-forward function again:

po = fup1,

Can we directly use a network fy to learn it?

Drifting: p = py is a fixed point of p' = T (py. p)yp,where we set

Tpa=x+ E [wiyT)-y"]= E [wy7)y].
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Drifting Model [2026]

Directly learn the push-forward

Let's look into the desired push-forward function again:

po = fup1,

Can we directly use a network fy to learn it?

Drifting: p = py is a fixed point of p' = T (py. p)yp,where we set

Tpa=x+ E [wiyT)-y"]= E [wy7)y].

So fy = f is a fixed point of ﬂo’#pl = T(po. foup1)u(foup1).
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Drifting Model [2026]

Directly learn the push-forward

Let's look into the desired push-forward function again:

po = fup1,

Can we directly use a network fy to learn it?

Drifting: p = py is a fixed point of p' = T (py. p)yp,where we set

Tpa)=x+ E [w (y")y"]- E [u(y ) y].
yr~p y—~q
So fy .=.f is a fixed point of ﬂo’#pl = T(po. foup1)u(foup1).
Training:

Lo= E_[IfaGa) =sg (7T (0. fie(p)) (i) 7] -
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