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ABSTRACT

Recent advances in Flow Matching (FM) models have demonstrated remarkable
empirical success, often attributed to their ability to learn stable velocity fields
that transport probability distributions from noise to data. Recent work has fur-
ther revealed a striking form of global stability: FM models trained under se-
vere perturbations, such as architectural changes or training on disjoint subsets of
data, can still generate visually similar samples when initialised from the same
noise realisation. While these observations suggest that FM models learn a ro-
bust latent-to-data geometry, the precise origin of this stability remains unclear. In
this work, we investigate whether this stability arises from the specific probability
path used during training, potentially through a mechanism that “locks” trajecto-
ries onto the data manifold. To test this hypothesis, we systematically vary the
probability path while fixing the initial latent seed. We compare Linear Optimal
Transport (OT), Variance Preserving (VP), Linear VP, and Trigonometric/Cosine
paths on the MNIST dataset. Our results show that trajectories initialised from the
same noise converge to perceptually similar samples along different paths, ruling
out the hypothesis that stability is primarily induced by a particular interpolant.
At the same time, we observe clear differences in optimisation behaviour across
paths. OT-based paths converge reliably and stably, consistent with recent em-
pirical practice, whereas Linear VP paths exhibit pronounced instability during
training. These findings suggest a nuanced conclusion: while the final generative
mapping appears largely invariant to the choice of probability path, the path re-
mains crucial from the perspective of optimisation and generalisation. Our results
indicate that Flow Matching learns a robust global geometry of the data mani-
fold, while the probability path mainly determines how easily this geometry can
be learned by a neural network.

1 INTRODUCTION

Generative modelling Goodfellow et al. (2016); Yang et al. (2025); Zhai et al. (2024) has undergone
a significant shift with the emergence of diffusion-based methods (Song et al., 2020) and, more
recently, Flow Matching (FM) (Lipman et al., 2022; Albergo & Vanden-Eijnden, 2022; Albergo
et al., 2025) frameworks. Unlike traditional diffusion models that rely on stochastic dynamics and
entropic transport objectives, Flow Matching learns a deterministic velocity field that defines an
Ordinary Differential Equation (ODE) transporting samples from a simple noise distribution to a
complex data distribution. This formulation offers conceptual simplicity, competitive sample qual-
ity, and improved sampling efficiency.

A growing body of empirical evidence suggests that Flow Matching models exhibit a distinctive
form of global stability (Briq et al., 2025; Bertrand et al., 2025). Recent studies have demonstrated
that FM models remain stable even under severe perturbations, such as aggressive data pruning,
reduced model capacity, or training on entirely disjoint subsets of the same dataset (Briq et al.,
2025). A particularly striking observation is that trajectories initialised from the same random seed
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tend to evolve into visually similar samples, regardless of the specific training subset or architectural
configuration. This behaviour suggests that the latent-to-data mapping learned by FM models is
governed by a robust global structure.

However, while stability with respect to data and architecture is increasingly well documented, the
role of the probability path, the specific interpolation between the noise and data distributions, re-
mains comparatively underexplored. In Flow Matching, the choice of path determines the interme-
diate distributions, the curvature of trajectories, and the temporal structure of the velocity field. If
the observed stability is a truly global property of the learned manifold, one would expect the final
generated samples to remain invariant not only to perturbations in data or architecture, but also to
the functional form of the probability path itself.

In this work, we explicitly test this hypothesis. We ask whether the stability of Flow Matching arises
from a particular interpolant that implicitly constrains trajectories to lock onto the data manifold.
To this end, we compare several commonly used probability paths, Linear Optimal Transport (OT),
Variance Preserving (VP), Linear VP, and Trigonometric/Cosine paths, while fixing the initial latent
samples during inference. By analysing the resulting generations, we aim to assess the degree of
path invariance in FM models and to understand the role of the probability path in both stability and
optimisation.

2 PRELIMINARIES: FLOW MATCHING FRAMEWORK

Flow Matching (FM) defines a continuous-time transformation between a noise distribution p0 and
a data distribution p1. Given a noise sample x0 ∼ N (0, I) and a data sample x1 ∼ p1, we construct
a time-dependent path xt using scalar coefficients αt and σt for t ∈ [0, 1].

2.1 INTERPOLANT CONSTRUCTION

The interpolant is defined as a linear combination of the endpoints:

xt = αtx1 + σtx0. (1)

The dynamics of the trajectory are governed by the choice of interpolant path, which specifies αt

and σt as well as their time derivatives α̇t and σ̇t.

2.2 PROBABILITY PATHS AND INTERPOLANT PATHS

For any sample pair (x0, x1), the conditional velocity field induced by the interpolant is given by

ẋt = α̇tx1 + σ̇tx0. (2)

Different choices of αt and σt define different probability paths and induce distinct velocity field
geometries. In this work, we consider the following interpolant paths (Lipman et al., 2024; Tong
et al., 2023):

• Conditional OT (CondOT): A linear path with αt = t and σt = 1− t, corresponding to a
constant velocity x1 − x0.

• Variance Preserving (VP): A curved path derived from diffusion-based schedules, with
αt = e−0.5T (t) and σt =

√
1− e−T (t).

• Linear VP: A simplified variance-preserving path defined by αt = t and σt =
√
1− t2.

• Trignometric/Cosine: A trigonometric path with αt = sin(π2 t) and σt = cos(π2 t).

2.3 FLOW MATCHING OBJECTIVE AND INFERENCE

The velocity model vθ(x, t) is trained by minimising a regression loss that matches the target veloc-
ity:

LFM (θ) = Et,x0,x1

[
∥vθ(xt, t)− (α̇tx1 + σ̇tx0)∥2

]
. (3)

At inference time, samples are generated by integrating the probability flow ODE,
dx

dt
= vθ(x, t), (4)
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starting from x(0) = x0. Prior work has shown that FM models are stable under perturbations
to training data and architecture. We extend these observations by examining whether trajectories
initialised from the same x0 remain invariant across fundamentally different probability paths.

3 EXPERIMENTS AND RESULTS

We evaluate path invariance by training a fixed U-Net architecture (Ronneberger et al., 2015) on the
MNIST dataset for 100 epochs using each path.

3.1 METHODOLOGY

To isolate the effect of the probability path, we fix the initial latent samples x0 across all models
during inference. This enables a direct comparison of how the same point in the noise distribution
is transported to the data manifold under different velocity field geometries.

Linear OT Path Trigonometric Path

VP Path Linear VP Path

Figure 1: Comparison of generated MNIST samples across four probability paths. Trajectories
initialised from the same noise sample x0 converge to visually similar outputs x1, demonstrating
path invariance. While the Linear OT path, the Trigonometric/Cosine path, and the VP Path show
high similarity, the Linear VP path showed noisy generation; however, closer inspection shows the
generated shapes are similar to the ones from the other three paths.

3



Published as a paper at the 2nd DeLTa Workshop, ICLR 2026

0 5000 10000 15000 20000 25000 30000
Global Steps

10 1

100

101

102

M
SE

 L
os

s

Smoothed Training Loss Comparison (EMA Weight: 0.9)
Linear OT
Trigonometric
VP (Diffusion)
Linear VP

(a) Smoothed training loss (EMA, β = 0.9).
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(b) Validation loss per epoch.

Figure 2: Training and validation performance across different probability paths. The LinearOT path
shows better optimisation for the given architecture, whereas the Linear VP path shows a very wiggly
behaviour. VP (Diffusion) path is slightly unstable, whereas the Trigonometric/Cosine interpolation
is stable but with a higher loss than the OT path.

3.2 OBSERVATIONS

Despite each interpolant path inducing a distinct intermediate probability path and a different tempo-
ral structure for the velocity field, the final generated digits are perceptually nearly identical across
most paths (see Figure 1). This indicates that Flow Matching converges to a consistent latent-to-data
mapping that is robust to the choice of interpolant.

Importantly, this invariance holds even though the instantaneous velocities ẋt differ substantially
across paths. This suggests that the model adapts locally to satisfy the imposed dynamics while pre-
serving a shared global structure. At the same time, we observe pronounced differences in training
behaviour: OT-based paths converge reliably and stably, whereas Linear VP paths exhibit significant
instability, leading to degraded optimisation performance. These observations are consistent with
recent empirical practice favouring OT-style interpolants.

4 DISCUSSION

Our results provide new insight into the origin of stability in Flow Matching models. Prior work
(Briq et al., 2025) demonstrated that FM models remain stable under architectural perturbations and
training on disjoint subsets of data. In those settings, however, the probability path and intermediate
distributions were held fixed, leaving open the possibility that stability arose from a specific transport
mechanism.

In contrast, our experiments apply a substantially stronger stress test by explicitly varying the prob-
ability path itself. By comparing CondOT, VP, Linear VP, and Trignometric/Cosine interpolants
(Albergo et al., 2025; Lipman et al., 2024), we intentionally alter the intermediate distributions pt
and the velocity field geometry throughout the entire trajectory. Despite these changes, the final
generated samples remain largely invariant. This allows us to rule out the hypothesis that stability
primarily originates from a particular interpolant that enforces manifold locking.

At the same time, our findings highlight that probability paths remain critically important from the
perspective of optimisation and generalisation. While the endpoint mapping appears robust, the
ease with which this mapping is learned varies substantially across paths. OT-based interpolants
consistently exhibit stable convergence, whereas Linear VP paths introduce significant instability.
This suggests that certain paths, or potentially distributions over paths, may be inherently easier for
neural networks to optimise, even if they do not alter the final latent-to-data geometry.

Overall, our results point to a nuanced understanding of Flow Matching stability. The global geome-
try of the learned flow appears to be an intrinsic property of the data manifold and the FM objective,
largely independent of the chosen probability path. However, the path plays a crucial role in shap-
ing training dynamics, stability, and generalisation, making it an important object of study beyond
endpoint correctness alone.
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