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Abstract

The Mean Flow Matching algorithm is the state-of-the-
art for one-step generative models. Building on this idea,
we propose the Stable Mean Flow algorithm and introduce
a Lyapunov-inspired stability regularizer that enforces local
non-expansivity of the single-step transport map. This de-
sign guarantees uniqueness of characteristics and bounds
trajectory drift. We conduct experiments that show im-
proved output quality and convergence speed over Mean
Flow. Moreover, we establish explicit upper bounds on er-
ror growth for both one-step and multi-step generation.

1. Introduction
In the past decade, generative models have achieved re-
markable progress in high-fidelity image synthesis [6, 10,
16, 38, 39]. Diffusion and score-based model approaches
represent a major breakthrough, but they typically re-
quire hundreds or thousands of iterative denoising steps,
even when accelerated by few-step samplers or model-
distillation techniques [14, 16, 23, 29, 30]. Flow-based gen-
erative formulations alleviate this inefficiency by learning
deterministic dynamics that transport noise to data in a sin-
gle pass [25].

Within this family, flow matching treats generation as
following a learned velocity field and has inspired work
on straightening trajectories to cut solver steps, including
rectified-flow and consistency-style techniques [26, 40].

Despite rapid progress, one-step methods can be fragile
in practice [9, 17, 31, 41]. Training may exhibit exploding
sensitivities, ambiguous trajectories and so on, all of which
could lead to instability and bad sample quality. The reason
behind these issues is that the learned one-step map can be
locally expansive, amplifying perturbations and making tra-
jectories ill-posed because of lack of ground-truth target[9].

We introduce Stable Mean Flow, a Lyapunov-inspired
framework for one-step flow matching that encourages lo-
cal non-expansivity of the update map while preserving the
mean-flow objective [9]. Inspired from the idea of Lya-
punov stability in dynamical systems, we add a simple

hinge-style stability loss that discourages local stretching
of nearby points. Under this stability-aware objective, we
establish uniqueness of trajectories for the learned dynam-
ics and derive practical bounds on sensitivity that curb nu-
merical pathologies often seen during one-step training. We
further develop forward one-step error recursions and near-
terminal endpoint error control.

Empirically, Stable Mean Flow not only improves one-
step Fréchet Inception Distance on CIFAR-10 relative to
Mean Flow while preserving single-call sampling, but also
exhibits markedly faster convergence during training. Both
mid-training qualitative comparisons and our checkerboard
analysis show that Stable Mean Flow aligns with the target
geometry significantly earlier, forming sharper and more
coherent structures in the early stage. Ablations further re-
veal a narrow yet reliable hyperparameter regime for the
perturbation radius and stability weight. Taken together,
these results suggest that stability-aware regularization pro-
vides a minimal, theoretically grounded, and practically ef-
fective pathway toward faster and more reliable one-step
generation, complementing ongoing advances in straight-
ened flow matching [9, 21, 25, 26, 40].

2. Related Work

2.1. History of Generative Models

Over the past decade, generative modeling has progressed
at remarkable speed. Diffusion models [16], introduced
by Ho et al., generate data by reversing a gradual nois-
ing process, while score-based methods [23, 32] learn the
score function directly and enable reverse-time SDE sam-
pling, thereby unifying diffusion and score matching. De-
spite their strong empirical performance, both frameworks
typically require hundreds or even thousands of denoising
steps, leading to slow sampling.

Few-step diffusion techniques reduce sampling cost by
shortening denoising trajectories—e.g., DDIM and distil-
lation [28–30]—but they still rely on iterative refinement.
A more fundamental shift arises in flow-based generative
modeling: flow matching [1, 5, 12, 20, 25, 34, 35] learns
continuous-time ODEs that transport noise to data, connect-
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ing diffusion and normalizing flows under optimal-transport
viewpoints [18]. Consistency Models [8, 33] similarly en-
able few-step generation via multi-scale self-consistency,
and recent analysis shows they are closely related to flow-
map matching and stochastic interpolants [4].

To further reduce solver steps, straight-trajectory flow
matching seeks nearly linear generative paths [24, 27].
Rectified Flow progressively “reflows” trajectories toward
straight endpoints [13, 26], while Consistency Flow Match-
ing shapes straight paths via segment-wise velocity consis-
tency [40]. At the extreme, one-step flow matching col-
lapses the entire trajectory into a single map: Optimal Flow
Matching uses convex-potential gradients to approximate
quadratic-cost OT displacements [21], whereas Mean Flow
[9] introduces an analytically defined average-velocity tar-
get enabling stable from-scratch training and true 1-NFE
generation.

2.2. Flow Matching
Flow Matching is a deterministic, ODE-based approach of
generative modeling that learns how to continuously trans-
port a simple prior (e.g., Gaussian noise) into the data dis-
tribution [25]. Instead of learning probabilities directly, FM
trains a neural velocity field that tells each point how to
move over time so that a cloud of noise transforms into real-
istic data [2, 25]. A convenient way to describe intermediate
states is a simple interpolation between data x and noise ϵ:

zt = at x+ bt ϵ,

where (at, bt) is a fixed schedule. The model is trained to
predict the direction in which zt should move. Because
many (x, ϵ) pairs can yield the same zt, FM uses a con-
ditional training objective that is easy to sample from and
is provably equivalent (in expectation) to matching the true
underlying flow [25]:

LCFM(θ) = Et,x,ϵ∥ vθ(zt, t) − vt(zt | x) ∥2 .

Here vθ is the learnable velocity field and vt(· | x) is the
per-sample target direction induced by the chosen path. Af-
ter training, generation amounts to following the learned dy-
namics from noise to data by solving the ODE

d

dt
zt = vθ(zt, t) with z1 ∼ pprior.

This framework subsumes diffusion-style paths but also
supports more efficient choices like Optimal Transport (OT)
paths [2], which tend to be straighter and enable faster
sampling while retaining stability and quality. Related
straightening ideas include Rectified Flow, which iteratively
“rewires” paths toward straight trajectories to reduce solver
steps [26].

2.3. Mean Flow Matching
Mean Flow revisits what the model should learn. Instead
of the instantaneous velocity used in FM (the tangent at
time t), Mean Flow trains a network to predict the aver-
age velocity—the displacement per unit time across a time
interval [9]. Formally, if v denotes the instantaneous field,
the average field between r and t is

u(zt, r, t) =
1

t− r

∫ t

r

v(zτ , τ) dτ.

In practice, the network learns uθ so that a complete sample
can be produced in a single step via the displacement

zr ≈ zt − (t− r)uθ(zt, r, t) with (r, t) = (0, 1)).

Because the target is a well-defined physical quantity (av-
erage velocity) rather than a heuristic constraint, training is
relatively stable [9]. Here t ≥ r are two time coordinates
on [0, 1] that index the averaging window; t is the current
time and r is the reference time. During training, (t, r) are
sampled; for one-step sampling we use (r, t) = (0, 1).

Let zt be the interpolation path (e.g., zt = (1− t)x+ tε),
and define the instantaneous velocity at time t by vt :=

dzt
dt

(for the standard FM path, vt = ε − x). The Mean Flow
loss is

L(θ) = E
[∥∥uθ(zt, r, t)− sg(vt − (t− r)

d

dt
uθ(zt, r, t))∥22

]
The total derivative is computed as a Jacobian–vector

product (JVP):

d

dt
uθ(zt, r, t) = ∂zuθ(zt, r, t) vt + ∂tuθ(zt, r, t)

≡ JVP
(
uθ; (zt, r, t)

)
.

One-step sampling with (r, t) = (0, 1) uses

z0 ≈ z1 − uθ(z1, 0, 1) (e.g., x ≈ ε− uθ(ε, 0, 1)).

3. Stable Mean Flow Matching
For current flow matching models, such as Consistency
Flow [40] and Rectified Flow [26], the focus is on the
straight-line trajectory defined by

x(t) = tX1 + (1− t)X0.

One motivation for this choice comes from Brenier’s the-
orem in optimal transport [36], which states that under a
quadratic cost, optimal transport plans follow a straight-line
interpolation between source and target almost everywhere.
In this setting, the geodesic is exactly the linear path above.
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Taking the derivative of both sides yields a simple ordinary
differential equation:

ẋ(t) = X1 −X0.

Building on this ODE, the central idea of the Stable
Mean Flow Matching algorithm we propose is to combine
the trajectory guidance of Mean Flow with Lyapunov stabil-
ity theory in order to improve both training dynamics and
generation quality. Intuitively, Mean Flow Matching acts
like a GPS that tells you where to go, while the new Lya-
punov stability term acts as traction control, ensuring the
wheels stay firmly on the planned road and preventing de-
viations from the best trajectory.

3.1. Lyapunov Stability for the Constant ODE
Below is the classical definition of stability in dynamical
systems [3].

Definition 1 (Lyapunov Stability). Let x(t; t0, x0) denote
the solution of an ODE with initial condition x(t0) = x0,
defined for all t ≥ t0. A reference solution x∗(t) :=
x(t; t0, x̄0) is Lyapunov stable if, for every ε > 0, there
exists δ > 0 such that

∥x0− x̄0∥ < δ =⇒ ∥x(t; t0, x0)−x∗(t)∥ < ε ∀ t ≥ t0.

We consider the conditional target dynamics

ẋ(t) = a, a := X1 −X0 (constant).

Intuitively, every point in space receives the same push at
every moment. Two trajectories therefore drift in parallel,
never squeezing together or blowing apart. Their separation
is frozen in time:

∥x(t)− y(t)∥2 = ∥x0 − y0∥2 for all t ≥ 0.

This immediately gives Lyapunov stability of any refer-
ence solution x∗(t): if we start close, we stay exactly that
close forever. Formally, for any tolerance ε > 0, choose the
initial tolerance δ = ε; then

∥x0 − x̄0∥2 < δ =⇒ ∥x(t)− x∗(t)∥2 < ε for all t ≥ 0.

Geometrically, the reference trajectory carves out a
straight path, and every nearby trajectory lives inside a time-
invariant tube whose radius equals the initial gap. This
“parallel drift” picture is precisely the trapping behavior we
seek when encouraging stability in learned flows as shown
in Figure 1.

3.2. Consequences of the Stability Constraint
For r ∈ [0, 1) and t ∈ (r, 1], we formalize a one–step map
that moves a state z at time t along the learned velocity field
uθ with a backward-in-time Euler–style update:

ϕθ
r(t, ·) : z 7−→ z − (t− r)uθ(z, r, t).

Choice of Objective Function Based solely on the Lya-
punov stability definition (see Def. 1), a natural local con-
straint at a base point zt is:∥∥ϕθ

r(t, zt +∆z)− ϕθ
r(t, zt)

∥∥
2
≤ δ,

∀∆z : ∥∆z∥2 ≤ δ. (δ-cap)

However, in practice, we replace (δ-cap) with the non-
expansivity (NE) condition (NE):∥∥ϕθ

r(t, zt +∆z)− ϕθ
r(t, zt)

∥∥
2
≤ ∥∆z∥2 ,

∀∆z : ∥∆z∥2 ≤ δ. (NE)

The NE constraint is stronger and cleaner. It automat-
ically implies δ-cap for any chosen δ, while also ensuring
that infinitesimal perturbations are not amplified. In con-
trast, δ-cap alone can still allow sharp local stretching as
long as the displacement stays within the fixed radius δ.

Uniqueness of trajectories implied by NE Uniqueness
is crucial in flow matching. The training objective regresses
a forces vector field uθ to a target field along sample paths.
When the dynamical system generates unique characteris-
tics, each initial state is transported along a single, well-
defined trajectory and there is no ambiguity about which
path a sample follows. In Optimal Transport terms, the
pushforward measures induced by the learned flow are un-
ambiguous.

Theorem 3.1 (Uniqueness of characteristics under NE).
Suppose the learned field uθ(·, r, ·) follows the Stable Mean
Flow vector field Then, for every initial condition z0 and t0,
the ODE

ż(s) = uθ

(
z(s), r, s

)
, z(t0) = z0

admits a unique trajectory z(s).

This prevents crossing or multi-valued transports that
would otherwise make the regression target inconsistent
across time steps. Uniqueness also stabilizes gradient prop-
agation and aligns the learned map with a deterministic cou-
pling between source and target distributions, which im-
proves sample quality and training stability in conditional
and unconditional flow matching alike.

Controllable JVP Stability under NE A major practi-
cal failure case of Mean Flow matching is that the Jaco-
bian–vector product (JVP) sometimes produces NaN/Inf
and ruins training [9]. Local non-expansivity (NE) of the
update map ϕθ

r(t, ·) = Id−αuθ(·, r, t) with α := t−r > 0
yields theoretical and explicit numerical control of the JVP
magnitude.
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Figure 1. The left figure illustrates trajectories of Mean Flow; the right figure illustrates trajectories of Stable Mean Flow.

Theorem 3.2 (Bounded JVP). Let ϕθ
r(t, z) be defined as

above. Then, in the Stable Mean Flow algorithm, the JVP
is bounded by a constant C:

∥∂zuθ ξ + ∂tuθ∥ ≤ C.

This control removes one of the most common numeri-
cal failure modes in Mean Flow Matching. The update op-
erator cannot amplify perturbations without limit, avoiding
uncontrolled error blow-up. Importantly, this regularization
does not bias the learning of the JVP when the ground-truth
solution already satisfies local non-expansivity; it merely
keeps the optimization trajectory inside a numerically safe
region. As shown in Figure 2, Stable Mean Flow maintains
relatively more stable JVP behavior during training.

Figure 2. Comparison of average and maximum JVP values in
CIFAR-10 experiment. Mean Flow collapses around 53,000 itera-
tions.

Choice of δ One of the most important hyperparameters
in Stable Mean Flow is the radius δ: perturbations are ran-
dom by drawing a Gaussian vector ξ ∼ N (0, Id), normal-
izing to the unit sphere, and then scaling to radius δ:

∆z = δ
ξ

∥ξ∥2
, ξ ∼ N (0, Id).

The choice of large or small δ affects the goal of training.
We first analyze local behavior at a fixed base point zt. All

expectations and probabilities are taken with respect to ∆z
while conditioning on zt.

Theorem 3.3 (Small-Radius Robustness Bound). Let α =
t− r > 0. Define the signed violation

V (∆z) :=
∥∥ϕθ

r(t, zt +∆z)− ϕθ
r(t, zt)

∥∥
2
− ∥∆z∥2.

Then, for ∆z ∼ Dδ (conditional on zt),

E
[
V (∆z)

]
≤ 2 δ, P(V (∆z) > τ) ≤ 2 δ

τ
(τ > 0).

As δ increases, the upper bound of E
[
V (∆z)

]
also in-

creases. In practice, too large a δ makes our stochastic es-
timate for the objective unreliable, hindering regression to
the Mean Flow target. Too small a δ yields vanishing gra-
dients, returning to standard Mean Flow. We therefore use
a small but finite radius (e.g. a fixed fraction of the typical
step scale α∥uθ∥ or of the local state norm), ensuring effec-
tive stabilization without degrading learning.

Local non–expansivity and soft penalty. During the
training, we impose non-expansivity (NE) softly via the
hinge–squared penalty

ℓstab(∆z) =
[
max

{
0, ∥∆z − (t− r)∆u∥2 − ∥∆z∥2

}]2
,

where ∆u := uθ(zt + ∆z, r, t) − uθ(zt, r, t) and α :=
t − r > 0. The loss ℓstab is zero whenever (NE) holds and
increases quadratically otherwise. Our final objective is a
weighted combination of the Mean Flow loss and the sta-
bility loss, L = L + µℓstab. By choosing proper hyperpa-
rameters, Stable Mean Flow could achieve coherent image
generation. The SMFM algorithm is shown in Algorithm 1.
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Algorithm 1 Hybrid Mean Flow with Non-Expansivity

Require: Initial state θ0, learning rate η > 0, stability
weight µ > 0, perturbation size δ > 0, iterations T

1: Initialize θ ← θ0
2: for i = 1 to T do
3: Sample t ∼ Unif[ε, 1], r ∼ Unif[0, t]
4: Sample zt ∼ pt, ξ ∼ Unif(Sd−1), ∆z ← δ ξ
5: u← uθ(zt, r, t), v ← v(zt, t)
6: utgt ← v−(t−r)

(
∂zuθ(zt, r, t) v+∂tuθ(zt, r, t)

)
7: LMF ← ∥u− sg(utgt)∥22
8: ∆u← uθ(zt +∆z, r, t)− u

9: Lstab ← max
(
0, ∥∆z − (t− r)∆u∥2 − ∥∆z∥2

)2
10: L← LMF + µLstab

11: θ ← θ − η∇θL

4. Endpoint Control
After training the final model uθ, we examine its tempo-
ral behavior in order to translate the terminal data-facing
quantity (the endpoint velocity error at s=1) into guaran-
tees about the entire backward trajectory. We especially
care about how velocity errors evolve over time. A minimal
set of regularity conditions (i) make the flow well-posed,
(ii) control its sensitivity to perturbations, and (iii) ensure
all derived bounds remain uniform across the relevant state
space and parameter set:

Standing assumptions. Fix r ∈ [0, 1) and compact sets
K ⊂ Rd and Θ. For each θ ∈ Θ:

(S1) uθ(·, r, ·) ∈ C1(K × [r, 1]).
(S2) u∗ is continuous on K × [r, 1].
(S3) The segment s 7→ zs remains in K for s ∈ [r, 1].

Immediate bounds. By compactness and continuity,
there exist finite constants

Mθ := max ∥uθ∥ <∞, M∗ := max ∥u∗∥ <∞.

Moreover, letting

Λθ := max ∥∂tuθ∥ <∞,

the mean–value theorem in t gives the uniform Lipschitz-
in-time bound

∥uθ(t)− uθ(t− τ)∥ ≤ Λθ |τ |, t, t− τ ∈ [r, 1].

Endpoint error and its role.

Endpoint error and its role. Let u∗(s, z) denote the or-
acle velocity, defined as the conditional expectation of the
path tangent at time s given the state zs = z:

u∗(s, z) := E[żs | zs = z] , żs :=
d

ds
zs,

where the expectation is taken over the randomness used to
generate the path

For the straight-line interpolation used in our one-step
setting, the path velocity is constant, so the endpoint satis-
fies the oracle identity

zr = z1 − (1− r)u∗(1, z1).

We define the terminal velocity error at s = 1 by

e1 := uθ(z1, r, 1)− u∗(1, z1).

Since the one-step sampler uses the learned velocity uθ at
(z1, 1), its reconstruction is

ẑr = z1 − (1− r)uθ(z1, r, 1),

which gives
ẑr − zr = −(1− r) e1.

Endpoint accuracy is controlled directly by the terminal
velocity mismatch: making e1 small linearly shrinks the
sampling error at time r. Early-time errors er do not en-
ter this one–step relation, so a model can still produce an
accurate ẑr provided the terminal field is correct. This is
why reducing the endpoint error near s = 1 is central for
sample quality and motivates our focus on controlling the
terminal velocity.

Theorem 4.1 (Forward one-step error bound). Fix t ∈ [r, 1)
and ∆t ∈ (0, 1 − t] and set αt := t − r. Let {zs}s∈[r,1]

satisfy the oracle identity defined above. Then, we have

∥et+∆t∥ ≤
αt

αt +∆t
∥et∥ +

∥zt+∆t − zt∥
αt +∆t

+
∆t

(
Mθ + αtΛθ

)
αt +∆t

.

The forward one–step error bound in Theorem 4.1 pro-
vides a quantitative inequality that relates the error at time
t + ∆t to the error at time t. While this controls each up-
date, it does not yet describe the multi-step error dynamics:
can large step sizes cause blow-up, is stability preserved
below a threshold, and do errors above the threshold de-
crease? These properties are crucial for ensuring that the
training dynamics remain well–behaved without requiring
excessively small time steps.

The following Corollary 4.1 addresses these questions
by making the one–step inequality global.

Corollary 4.1 (Non-Growing Upper Bound). Fix r ∈ [0, 1)
and a time grid r ≤ t0 < t1 < · · · ≤ 1 with ∆tk :=
tk+1 − tk > 0 and αtk := tk − r. Define

Ttk := M∗ +Mθ + αtkΛθ.

Then,
∥etk+1

∥ ≤ max{∥etk∥, Ttk}.
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Figure 3. Stable Mean Flow converges backward in time from
s = 1 to s = 0 under multi-step generation

This mechanism creates a safety envelope that prevents
blow-ups, confines the error to a predictable region, and
triggers contraction once the deviation exceeds a thresh-
old. Figure 3 illustrates the backward convergence of Stable
Mean Flow under multi-step generation.

A defining property of the Stable Mean Flow model is
that sampling depends only on the velocity field at the ter-
minal time t = 1. Consequently, the quality of a generated
sample is directly governed by the endpoint instantaneous
error ∥e1∥. The behavior of the flow at intermediate times
influences the sampler only through its effect on this final
quantity. Corollary 4.2 provides an explicit upper bound on
∥e1∥ in terms of the error at any earlier time t < 1 together
with the stability constants of the system.

Corollary 4.2 (Endpoint control). Let es := uθ(zs, r, s) −
u∗(s, zs) and αs := s− r. For any t ∈ [r, 1),

∥e1∥ ≤
αt

α1
∥et∥ +

1− t

α1
(M∗ +Mθ)

+
α2
1 − α2

t

2α1
Λθ, α1 = 1− r.

For one-step generation, this gives the upper bound

∥e1∥ ≤ (M∗ +Mθ) + 1
2 Λθ.

This corollary furnishes a theoretical upper bound for
both one-step generation e0→ e1 and multi-step schedules
e0→ et1 → · · ·→ etn with r = t0 < t1 < · · · < tn = 1.
If the model’s velocity field uθ agrees with the oracle u∗ on
a small window near t = 1, the endpoint z1 remains close
to the oracle trajectory; the residual error can increase at
most linearly in the remaining time-to-go. This provides a
theoretical guarantee of endpoint stability.

5. Experiments and Comparisons
Experimental setup. We evaluate Stable Mean Flow
Matching (SMFM) on CIFAR-10 to assess stability, sample
quality, and efficiency under single-step inference [22]. We
use Fréchet Inception Distance (FID; lower is better) as the
main metric [15]. All runs in Sec. 5.1 are trained for 500k
iterations with batch size 128 on a single NVIDIA A100.

For the runs in Sec. 5.2, SMFM is trained under an iden-
tical training process to Mean Flow [9] and is evaluated
with the same single-step sampler (NFE = 1). We compute

FID against the CIFAR-10 test statistics following common
practice.1

Model and training details. In the experiments below,
the stability term is activated in a early time window and
then its weight µ decreases as iterations grow in order to
avoid overwhelming the Mean Flow objective. Hyperpa-
rameters are selected during ablation in Sec. 5.1. Data aug-
mentations and optimization schedules mirror those used
for Mean Flow [9]; thus any performance differences can
be attributed to the stability mechanism rather than inciden-
tal training choices.

5.1. Hyperparameter Study
We conduct a sweep of the two important hyperparameters
for SMFM with less iterations and batch sizes: the pertur-
bation radius ∆z and the stability weight µ. Resulting FID
on CIFAR-10 are depicted in Table 1 and Figure 4. The
model was trained for 500k iterations with batch size 128
on a single NVIDIA A100.

Table 1. CIFAR-10 FID over a grid of (∆z, µ); lower is better.
Bold indicates the best observed setting within these sweeps.

∆z\µ 0 0.1 0.5 1

0.005 – 85.41 127.40 224.53
0.01 86.73 79.86 134.53 253.67
0.02 – 95.17 187.43 331.23

Figure 4. Bubble chart comparing one-step FID varying ∆z and µ

Findings and interpretation. SMFM exhibits a pro-
nounced sensitivity to both ∆z and µ. Small ∆z yields
a stability signal that is informative and localized, while a

1The precise evaluation budget (e.g., number of generated images) fol-
lows standard CIFAR-10 settings used by prior Mean Flow Matching
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Figure 5. Qualitative comparison at 200k iterations (batch size 128, NFE = 1). Left: Stable Mean Flow (SMFM). Right: Mean Flow.

modest µ balances this signal against the mean-flow objec-
tive. In contrast, larger values of either quickly degrade
sample quality: the regularizer dominates, over-contracts
the dynamics, and biases the learned field away from the
mean-flow target. Practically, we recommend keeping ∆z
small and scale-aware and adjusting µ gently; the effective
regime is a narrow band where the constraint improves con-
ditioning without overwhelming the base objective.

Table 2. CIFAR-10 comparison. 1- and 2-step generative models.
NFE: number of function evaluations; Lower FID is better.

Method NFE FID

1-Rectified Flow [26] 1 378
Glow [19] 1 48.9
Residual Flow [7] 1 46.4
GLFlow [37] 1 44.6
DenseFlow [11] 1 34.9
Consistency Model [31] 2 5.83
Consistency Flow Matching [40] 2 5.34
Mean Flow [9] 1 2.92
Stable Mean Flow (ours) 1 2.86

5.2. CIFAR-10 comparisons

Table 2 situates SMFM among representative one-step
and few-step methods under matched single-step inference.
SMFM improves FID from 2.92 to 2.86 over Mean Flow
while preserving 1-step sampling efficiency, indicating that
the stability term enhances robustness without sacrificing
inference speed after training.

Convergence and qualitative results. Figure 5 illustrates
representative generations at a matched mid-training check-
point (200k iterations, batch size 128, NFE = 1). SMFM
converges faster to visually coherent samples than Mean
Flow, consistent with its lower FID at NFE = 1. However,

Figure 6. Comparison of SMF-XL/2 with MeanFlow-XL/2 on Im-
ageNet

as NFE becomes 5, there is no huge difference both visu-
ally and in FID.

5.3. ImageNet comparisons
We further validate our results with new experiments.
With the same training process, we trained a single Stable
MeanFlow-XL/2 model to compare our results with those
reported in the original MeanFlow paper. In Figure 6, by
Epoch 240, Stable Mean Flow achieves an FID of 3.37. This
is slightly lower than the 3.43 reported for MeanFlow-XL/2,
though the difference is not substantial. Based on Figure 4
in the original MeanFlow paper [9], Stable MeanFlow ex-
hibits noticeably better performance early on in training.

5.4. Early-Stage Convergence in a Toy Example
In order to better visulize the trajectory of Stable Mean
Flow, we employ the 2D checkerboard as a controlled
testbed to investigate early-stage convergence and one-step
generation quality under different flow-learning objectives.
Our study focuses on comparing the baseline Mean Flow
model with the proposed Stable Mean Flow, both trained
under identical settings for 100,000 iterations with a batch
size of 1024 on NVIDIA GeForce RTX 5090 GPU.

Figure 7 illustrates the qualitative evolution of the
learned density fields for both Stable Mean Flow (top)
and the original Mean Flow (bottom) under identical train-
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Figure 7. Training dynamics on the checkerboard distribution with one-step sampling. Top: Stable Mean Flow. Bottom: Mean Flow.

Figure 8. Particle trajectories from noise to learned checkerboard
distribution for Stable Mean Flow with 5000 particles in the ve-
locity field in Step 10000

ing settings. In Figure 8 and Figure 9, Stable Mean
Flow already concentrates the majority of probability mass
on the correct lattice sites, forming distinct, high-contrast
modes with minimal background noise, while the original
Mean Flow remains more diffuse and less geometrically
aligned. As training continues, the baseline model grad-
ually closes the gap, but Stable Mean Flow consistently
maintains sharper boundaries and cleaner separations be-
tween neighboring cells.

In the early stage, the stability constraint compels the
velocity field to first learn correct vector orientations be-
fore increasing magnitudes, enabling trajectories to con-
verge smoothly into their respective basins instead of os-
cillating across cell boundaries. Consequently, particle mo-
tion becomes more structured and monotonic, and the target
distribution is visually organized faster.

Figure 9. Particle trajectories from noise to learned checkerboard
distribution for Mean Flow with 5000 particles with velocity field
in in Step 10000

6. Conclusion and Future Work
Stable Mean Flow adds a lightweight, Lyapunov-inspired
non-expansivity prior to one-step flows, producing faster
early alignment and cleaner geometry at 1-NFE. We see
consistent early- and mid-training gains, with more stable
characteristics and less overshoot. There is a dramatic early
boost in convergence compared to mean flow. The method
also provides upper bounds on the error growth for both
one-step and multi-step generation. In future work, we aim
to further improve the gains we see in endpoint performance
and optimize our algorithm to better narrows the training
time.
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