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Abstract

In this work, we show that Latent Flow-Matching
(LFM) models are robust to different types of per-
turbations, including data reduction and model ca-
pacity shrinkage. We characterize this stability by
their tendency to generate similar outputs under
identical noise seeds. We provide a perspective
relating this phenomenon to flow matching theory,
which indicates that this stability is inherent to
the FM objective. We further exploit this stability
to derive practical algorithms for more efficient
training and inference. Concretely, first, we show
that by training LFM models on significantly re-
duced datasets, the performance does not degrade
perceptually or quantitatively. This yields multi-
ple advantages, such as reducing training time by
converging faster under limited compute budget,
and alleviating annotation effort when training
conditional models. Second, LFM stability under
architectural shrinkage gives rise to a two-model
coarse-to-fine approach, one using a light-weight
architecture for the first phase of the FM trajec-
tory, and one with higher capacity for the second,
thereby reducing the inference cost substantially.
To determine which samples are informative, we
introduce three sample-scoring criteria and eval-
uate them under standard metrics for generative
models. Our results are thoroughly evaluated on
multiple datasets, demonstrating the practical ad-
vantage of this stability, including data saving and
a more than two-fold inference speedup while
generating comparable outputs.

1. Introduction
Diffusion models (Song & Ermon, 2019; Song et al., 2020;
Ho et al., 2020) have become a dominant paradigm for con-
tent generation across various modalities, such as images,
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videos, or medical imaging (Rombach et al., 2021; Popov
et al., 2021; Blattmann et al., 2023; Webber & Reader, 2024).
Motivated by the need for faster and more efficient sampling,
recent work has explored Flow Matching (FM) (Lipman
et al., 2022; Liu et al., 2022) as an alternative perspective
for diffusion-based models. FM learns a time-dependent
velocity field and offers a deterministic formulation for sam-
ple generation by solving an ordinary differential equation
(ODE) rather than a reverse-time stochastic differential equa-
tion (SDE), often reducing the number of sampling steps
and leading to faster generation.

Despite their astonishing success in generative modeling,
training these models remains expensive: it requires large
datasets, massive compute, long training times, and in con-
ditional setups, extensive annotations. This naturally raises
the question of whether dataset size, or even model capacity,
can be reduced without sacrificing quality. In this work, we
study latent flow-matching (LFM) models and provide sub-
stantial empirical evidence that their transport trajectories
are strikingly stable under major perturbations, including
dataset subsampling (pruning), architectural changes, and
altered training configurations. Concretely, one instance
includes models trained on disjoint subsets of the data fre-
quently producing highly similar generations under identical
noise seeds.

This invariance is not obvious in the context of a distribution
learning problem. Related observations, however, have been
reported in prior work: For score-based diffusion models,
Kadkhodaie et al. (2024) observe consistent denoised tra-
jectories across disjoint data splits and argue that models
trained on different splits converge to similar harmonic bases
in pixel space; a complementary perspective arises from con-
necting score-based diffusion models to entropic optimal
transport, or Schrödinger bridges, which are known to be
stable under perturbations of the marginals, such as those in-
duced by data subsampling (Ghosal et al., 2022). However,
prior work has primarily focused on score-based objectives
applied to low-resolution images in pixel space, and has not
demonstrated how such invariance can be exploited for prin-
cipled methods to improve training and inference efficiency.
We establish analogous stability in LFM and translate it
into practical algorithms for more resource-efficient training
and faster inference. A central question in our work is how
to identify important samples and their number in a way
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that maintains performance. We find that thanks to LFM
stability, even heavy dataset pruning does not cause perfor-
mance degradation. For sample selection, we extend data
pruning heuristics from discriminative models (Coleman
et al., 2019; Paul et al., 2021; Mirzasoleiman et al., 2020;
Abbas et al., 2024; He et al., 2024) to flow matching by
reformulating their scoring functions along shared noise
paths and timesteps in the FM objective. Specifically, we
consider three criteria based on gradient signal, loss signal,
and distribution coverage using clustering. We show that
such pruning strategies can accelerate LFM training and
improve standard generative metrics under limited compute
budgets.

Our interpretation builds on the work of Bertrand et al.
(2025), who show that FM trajectories are largely shaped
by individual training samples based on the closed-form
solution to FM. This would indicate, as we empirically con-
firm, that pruning data leaves most transport trajectories
largely unchanged, and show how this improves training
efficiency. Furthermore, to study generalization, the authors
have seamlessly evolved the FM transport in parts with the
closed-form solution and in others using a trained model.
We leverage stability across model capacities for a two-stage
generation strategy. In this approach, a light-weight model
transports an initial noise sample during the first phase of the
trajectory, while a higher-capacity model refines the result in
a second phase, resulting in substantial inference speedups
while maintaining generation quality. During training, we
introduce a lightweight tailored fine-tuning procedure for
improving the alignment between both stages, since stability
suggests that the learned velocity fields of both models are
closely aligned. We further combine this approach with a
clustering-based pruning heuristic that balances the dataset
distribution when training the coarse model of the first stage,
which we show to be more critical for best performance than
the sheer amount of data. See Fig. 1 for an overview.

We summarize our contributions as follows:

• We show that LFM exhibits striking stability: indepen-
dently trained models converge to highly consistent trans-
port trajectories under dataset subsampling, architectural
changes, and different random initializations. We link this
phenomenon to FM theory.

• We introduce three data pruning criteria suitable for FM
models, and study their influence across various metrics
on different datasets. For example, on ImageNet 75%
of data can be pruned without harming the performance.
This pruning can accelerate LFM training and improve
performance under a limited compute budget.

• Using trajectory stability, we propose a coarse-to-fine
model, achieving � 2:15� faster inference while still
maintaining quality.

2. Methodology
2.1. Preliminaries

Flow Matching. FM as defined in Lipman et al. (2022);
Liu et al. (2022) learns a time-dependent velocity field
v�(x; t) parametrized by �, whose flow transports a sim-
ple source distribution p0 (we choose N (0; I)) towards a
target distribution p1. Let x0 � p0 and x1 � p1. Sampling
integrates the ODE

_xt = v�(xt; t); x0 � p0; t 2 [0; 1];

to obtain x1 � p1. v� is trained using rectified flow by re-
gressing the velocity on straight paths defined for a coupling
between p0 and p1 defined by xt = (1 � t)x0 + tx1 and
u(x0; x1; t) = _xt = x1 � x0 by minimizing the objective

L(�) = Ex0�p0;x1�p1;
t�[0;1]

kv�(xt; t)� u(x0; x1; t)k2: (1)

Latent Flow Matching. Similar to Latent Diffusion Mod-
els (Rombach et al., 2021), we perform FM in the latent
space learned by a vector-quantized variational autoencoder
(VQ-VAE) (Van Den Oord et al., 2017), which produces
a lower-dimensional representation of the input data. In
our setup, the images are encoded by the encoder, yielding
a vector x 2 R4�32�32 that represents samples from the
target distribution p1. At inference, we sample x̂1 by inte-
grating the FM ODE and then decode the result to pixels
using the decoder.

Flow Matching Stability. Rectified Flow (RF) admits a
closed-form expression for the velocity field (Gao & Li,
2024; Bertrand et al., 2025) given by

û�(x; t) =

nX
i=1

�i(x; t)
xi � x
1� t

;

�i(x; t) = softmaxi

�
�kx� tx

ik2

2(1� t)2

�
;

(2)

where n denotes the dataset size. The weights form a soft-
max over the training samples indicating the contribution
of each scaled training sample txi to x. The objective in
eq. 1 trains v�(x; t) to match the conditional mean over
the target velocity whose optimum is the conditional mean
v�(x; t) = E[u(x0; x1; t) j xt = x], which equals û�(x; t)
in eq. 2 for a finite dataset. Bertrand et al. (2025) have
observed that the softmax in this formula becomes peaked
already in the early phase of the transport, indicating that
one training sample xi dominates. This suggests stability
in the optimal solution as long as this dominating sample is
retained, motivating our experiments on probing and quan-
tifying the sensitivity of the FM closed-form solution to
sample removal in Sec. 2.2.
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(A) Transport stability under pruning

Pruning:

Balanced
clustering

Cb

unpruned

Cb pruned

(B) Coarse-to-Fine training and inference

Figure 1. Overview of data pruning for ef�ciency and a coarse-to-�ne model for inference speedup. Top: (Left) CelebA-HQ samples
using �rst two PCA components (blue), cluster centroids (orange) where the circle size matches the cluster size. Pruning by balanced
clustering (Cb) equalizes the cluster sizes. (Middle) FM model transport for ten samples in PCA space. Only the dark blue sample the full
and pruned models lead to different trajectories, whereas for all other source points, both models produce very similar trajectories. (Right)
An FM model trained on data reduced by 50% usingCb (bottom row) generates strikingly similar images to a model trained on the full
dataset. Bottom: Coarse-to-Fine approach. We use pruned subsetS0 to train a light Coarse model, given a high-capacity pretrained Fine
model. Coarse is trained to receive an intermediate latentx t 0 , obtained by integrating Fine's velocity �elduf (x; t) backward fromx1

to thex t 0 (ODE inversion). At inference, Coarse forms the trajectory alongt 2 [0; t 0) while Fine re�nes the details and texture along
t 2 [t 0 ; 1]. Stability indicates both models' trajectories can be smoothly stitched at the seam point t0 .

Notably, any model reproducinĝu� (x; t) exactly would gen-
erate samples from the training set. Neural networks provide
a smooth approximation of this function, hence can generate
novel samples.

2.2. Flow Matching Stability under Dataset Pruning

Closed form stability under pruning. We examine the
sensitivity of the closed-form transport for a �nite training
set to sample removal by removing fractions of the data
randomly and comparing the transport induced by the full
versus the pruned dataset. Our motivation is that a net-
work optimized using the same objective can be expected
to exhibit similar robustness behavior, allowing us to train
LFM models on reduced datasets and split the transport
trajectory across models. To quantify stability, we de�ne an
assignment metric: for each trajectory starting fromx0, we
compute its velocity �eld fort � 1 (to avoid dividing by 0),
and evaluate at which training sample the trajectory ends.
We run the experiment on two datasets using 1000 noise
samplesx0, namely CelebA-HQ, and a synthetic dataset
(Synth), in order to verify that this robustness is not lim-
ited to a speci�c dataset. The synthetic data is generated
by a Gaussian Mixture Model (GMM) with dimensional-
ity d = 4096. For each pruning fraction, we calculate the
percentage of samples whose assignment did not change
given that the assigned sample based on the full dataset was
retained, and report the result in Fig. 2. The assignment
changes for only a small fraction of the samples (less than
3%) for any pruning fraction pr up to 0.9.

Figure 2. Fraction of samples transported with the closed form
FM whose assignment of source pointsx0 and training samples
x1 does not change, plotted as a function of the pruning fraction.

This �nding is in line with the observation that̂u� is largely
dominated by contributions from only one sample for most
t (Bertrand et al., 2025). It highlights the fact that for a
given dimensionality, even for a perturbation that is most
in�uential at the start of a given trajectory, the endpoint
of the trajectory is not affected. For low-dimensional data,
assignment changes are much larger, implying that intuitions
from 2D data for example do not always apply to higher
dimensions (cf Fig. 9 in appendix).

2.3. Pruning methods

Given a training datasetS, we aim to �nd a subsetS0 � S
that optimizes the trade-off between computation and model
performance. We consider three pruning criteria, adapting
ideas from discriminative models to �t �ow-matching dy-
namics (Paul et al., 2021; Abbas et al., 2024). We (i) rank
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based on a sample's loss computed along shared noise paths
and timesteps; (ii) analogously rank based on a sample's
gradient norm and (iii) cluster samples using their semantic
features in a pretrained embedding space. For each method,
we also apply the inverse criterion, i.e. we select samples
with the lowest scores instead of the highest ones, and de-
note it by the superscript�1 . For comparison, we also apply
random sampling as a baseline.

Gradient/Loss-based scoring (G/L ). To obtain the gradient-
and loss-based pruning criteria denoted byG andL , we
train a small surrogate model on� 7% of the full training
schedule. We use this model to estimate per-sample loss
`, usingM = 2 �xed random noisy samples andT = 8
timesteps, creating shared noise paths for all the samples and
decreasing the variance stemming from randomness. The
values are then averaged overM andT using exponential
moving average (EMA) estimate pertk , which we maintain
during computation and update at each iteration, to reduce
variance.
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wherex i 2 S, x (m)
0 � p 0 and� g(t k ) is the per-t mean of

the gradient normkr � `k2
2. sL

i is de�ned similarly, replacing
kr � `k2

2 by ` and� g by � ` . As the gradient (G) computation
is costly, we only use it to study the impact of high-gradient
samples in FM training.

Clustering-based scoring (C). To obtain the clusters using
this criterion, we apply k-means (Lloyd, 1982) in CLIP (Rad-
ford et al., 2021) image embedding space using cosine dis-
tance. There are two criteria to consider here: (i) how many
samples to select from a cluster, and (ii) which samples. For
(i), we implement a proportional and balanced approach,
selecting either a number proportional to the cluster size or
an equal number from each cluster. The �rst inherits the
underlying distribution imbalance, while the latter balances
skewed datasets. For (ii), we rank a cluster's population
based on either (a) each sample's distance from the cluster
center, and select either those located nearest or furthest
from its center, or (b) kernel selection that greedily chooses
samples such that the mean of their Gaussian kernel in the la-
tent space matches that of the whole cluster. Further details
in the appendix. The nearest samples form a subset retaining
the core characteristics of the distribution, while the furthest
samples cover more scarce samples. In contrast, kernel-
based selection covers the entire cluster space. We refer to
these variants asC1=�1

p=b andC�
b , with p=bindicating propor-

tional/balanced, and1= � 1=� for nearest/furthest/kernel-
based selection.

2.4. Coarse-to-Fine model (C2F)

The stability phenomenon that FM models exhibit has in-
spired our coarse-to-�ne model approach, which aims to
reduce inference cost. In this design, we train two models,
where the �rst is light-weight and evolves the �rst part of
the trajectory, while the second is high-capacity and evolves
the remaining part. In our setup, Coarse is trained on a
subset of the data pruned based on the proposed balanced
clustering methodCb, using the DiT-S/2 architecture (33 M
parameters), and covering the �rst intervalt 2 [0; t 0) of the
trajectory, while Fine is pretrained on the full dataset, us-
ing DiT-XL/2 architecture (675M parameters) and covering
t 2 [t 0; 1). To make a smooth transition at the seam between
the two models, we �netune Coarse for a few epochs. In ad-
dition to the FM loss alongt 2 U[0; t 0), we add a continuity
loss term att0 for x̂ t 0 . To encourage Coarse's predictions
to be close to Fine's, we computêx t 0 by applying ODE
inversion using the �ne model: starting at the training point
latentx1, we integrate the ODE induced by Fine backward
in time from t = 1 to t0 using the Euler method:

xk+1 = x k +h v F (x k ; tk ); t k+1 = t k +h; h < 0; (3)

wherevF (x; t) is the �ne model's estimated velocity �eld
andh is a tiny step. This producesx t 0 that lies on Fine's
trajectory, at which point Coarse continues. The continuity
term matches both models' outputs at the seam, denoted by
vm (x t 0 ; t0) for m 2 f(F )ine; (C)oarseg.

L coarse = E L t2[0;t 0 )
FM + � v L v

seam;

L v
seam = kv F (x t 0 ; t0) � v C (x t 0 ; t0)k2:

(4)

The stability property enables nearly smooth transition even
without �ne-tuning, since both models' trajectories at the
connection point are close, as indicated by the closed-form
analysis. In �ne-tuning, we only need to stitch the models to-
gether by a seam loss to encourage continuity. At inference,
the coarse model performs most of the denoising through
t0 using a light architecture, and the �ne model takes over
for t > t 0 using the high-capacity model only for a small
portion of the trajectory.

3. Experiments

Datasets. We conduct our experiments on CelebA-HQ
(28k train / 2k val) (Karras et al., 2017), FFHQ (63k train /
7k val) (Karras et al., 2019), and ImageNet-1K (1.2M train /
50k val, 1000 classes) (Russakovsky et al., 2015).
Experimental Setup. We use the transformer-based ar-
chitecture DiT (Peebles & Xie, 2023), and replace diffusion
with �ow-matching transport (Esser et al., 2024). Follow-
ing DiT, we use the EMA model for inference. We also
train a vector-quantized variational autoencoder (VQ-VAE)
(Van Den Oord et al., 2017), which encodes the images into
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