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Abstract. Flow-based models learn a target distribution by modeling
a marginal velocity field, defined as the average of sample-wise velocities
connecting each sample from a simple prior to the target data. However,
when sample-wise velocities conflict at the same intermediate state, this
averaged velocity can misguide samples toward low-density regions, de-
grading generation quality. To address this issue, we propose the Flow
Divergence Sampler (FDS), a training-free framework that refines in-
termediate states before each solver step. Our key finding reveals that
the severity of this misguidance is quantified by the divergence of the
marginal velocity field that is readily computable during inference with
a well-optimized model. FDS exploits this signal to steer states toward
less ambiguous regions. As a plug-and-play framework compatible with
standard solvers and off-the-shelf flow backbones, FDS consistently im-
proves fidelity across various generation tasks including text-to-image
synthesis, and inverse problems.
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1 Introduction
Flow Matching (FM) [6, 23, 31, 38] have emerged as a powerful paradigm for
modeling complex target distributions, enabling high-fidelity synthesis across
image [32, 33, 41], audio [15, 24], and video [13, 37]. Given a simple prior and a
complex target data distribution, FM learns a mapping between them through a
time-dependent velocity field. Although each paired source-target sample induces
its own sample-wise conditional velocities, FM learns a single marginal velocity
at each intermediate state, which is an averaged velocity over all sample-wise
velocities passing through that state.

While the marginal velocity field induces a valid mapping from source to tar-
get distribution, it introduces a fundamental limitation arising from directional
conflicts among the underlying sample-wise velocities. Specifically, these veloc-
ities are locally multi-modal and can conflict, pointing in different directions
at the same location, as illustrated in Fig. 1. At such states, a single marginal
velocity cannot align with any valid mode, but instead follows their average di-
rection. As a consequence, generative trajectories that pass through those states
can drift toward low-density regions, producing blurry or degraded outputs.

† Corresponding author.

https://yeonwoo378.github.io/official_fds


2 Y. Cha et al.

Prior works [9, 45] have addressed this problem by redesigning the formula-
tion to model the multi-modal distribution of these conflicting velocities. While
effective, these approaches require costly training, preventing the direct applica-
tion of the strong off-the-shelf flow models that are already available.

In this paper, we ask a different question: can this problem be mitigated
at inference time without retraining the model? Our core idea is to correct the
trajectory at inference time rather than modifying the velocity field itself. Be-
fore taking the next solver step, we update the current intermediate state to a
nearby point where the same pre-trained vector field is expected to provide less
ambiguous velocity, and then continue integration from there. Since this refine-
ment operates on the state rather than the model itself, it can be applied in
a plug-and-play fashion to any off-the-shelf model and combined with standard
solvers such as Euler and Heun.

The central challenge is that this local ambiguity is not directly observable at
inference time, as evaluating the underlying dispersion of sample-wise velocities
requires access to the training dataset. Our key theoretical finding establishes
that this dispersion admits a closed-form expression in terms of the divergence
of the marginal velocity field. In practice, this motivates a data-free surrogate
based on the divergence of the pre-trained model. Building on this observation,
we propose the Flow Divergence Sampler (FDS), which steers trajectories away
from locally ambiguous regions during sampling. Our extensive experiments show
that, under matched compute budgets, FDS outperforms simply taking more
solver steps in various settings.

Our contributions are summarized as follows: (1) We show that the condi-
tional mean-squared discrepancy between the marginal velocity and sample-wise
velocities can be characterized through the divergence of the marginal velocity
field, which in turn motivates a practical data-free proxy at inference time. (2)
We introduce FDS, a plug-and-play sampling method that refines intermediate
states toward locally less ambiguous regions without retraining of the under-
lying model. (3) We demonstrate consistent improvements across diverse flow
backbones, solvers, and various settings, including class-conditional generation,
text-to-image synthesis, and inverse problems.

2 Preliminaries

2.1 Flow Matching

Flow Matching (FM) [23] constructs a continuous probability path pt that trans-
ports a simple prior distribution p0 = N (0, I) to a target data distribution p1.
In general, this path can be defined through an interpolant between the noise
sample x0 ∼ p0 and a data sample x1 ∼ p1 by

xt = αtx1 + βtx0, xt ∼ pt, (1)

where αt and βt are differentiable schedules that monotonically increase and
decrease, respectively, satisfying (α0, β0) = (0, 1) and (α1, β1) = (1, 0) such that
xt transitions from noise to data.
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Fig. 1: Overview of FDS. In flow matching, multiple sample-wise velocities (green
arrows) may pass through the same intermediate state xtk . In such cases, the marginal
velocity field becomes their average (red arrow), causing subsequent ODE integration
to drift toward a low-density region. To counteract this, FDS first updates the current
state to a nearby state x̃tk where the local directional conflict is weaker. ODE integra-
tion from x̃tk is then follows more reliable direction towards a mode (blue circle).

A velocity field that transports pt along this path can be characterized
through the sample-wise velocity of each interpolant:

vt(x0, x1) :=
dxt

dt
= α̇tx1 + β̇tx0. (2)

Importantly, vt is a variable that varies across sample pairs (x0, x1), not a vector
field defined over xt.

The Conditional Flow Matching (CFM) framework trains a neural network
uθ(xt, t) to predict this velocity by minimizing

LCFM(θ) = Et,x0,x1

[
∥uθ(xt, t)− vt∥2

]
, (3)

with t ∼ U [0, 1], x0 ∼ p0, and x1 ∼ p1. Because Eq. (3) is a least-squares
objective, its pointwise minimizer at each (xt, t) is the conditional expectation

ut(xt) := E [vt | xt] , (4)

termed the marginal velocity field. Therefore, a well-trained flow model satisfies
uθ(xt, t) ≈ ut(xt). At inference time, samples are generated by integrating the
learned field

dxt

dt
= uθ(xt, t), x0 ∼ p0, (5)

from t = 0 to t = 1 over a finite number of discrete timesteps using standard nu-
merical solvers, such as first-order Euler method or second-order Heun’s method.

2.2 Discrepancy Between Marginal and Sample-wise Velocities

In flow matching, interpolants from different sample pairings can pass through
the same intermediate location xt. At such crossings, the sample-wise velocities
vt associated with each sample pair may point toward distinct target modes,
while the marginal field ut(xt) can only represent their average (Eq. (4)). In
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that case, the marginal velocity may point toward a low-density region between
modes rather than toward any valid mode (red cross in Fig. 1), causing the ODE
trajectory during inference to produce blurry or degraded samples [9, 45].

We quantify the severity of this degradation-inducing term through the resid-
ual of the optimal CFM predictor:

L∗
CFM(xt, t) = E

[
∥ut(xt)− vt∥2

∣∣∣ xt

]
, (6)

which measures the discrepancy between vt around its conditional mean ut(xt).
The discrepancy is small when the sample-wise velocities are locally consistent,
and large when multiple incompatible velocities coexist at the same state. Im-
portantly, this residual is irreducible: it persists even for a perfectly optimized
flow model using Eq. (3), since it reflects the intrinsic multi-modality of vt at xt

rather than optimization error.
To address this issue, recent works [9, 30, 45] redesign training to explicitly

resolve crossings, by modeling the full multi-modal velocity distribution with an
auxiliary network. However, these approaches require costly training, often to-
gether with substantial architectural or objective modifications, and thus cannot
directly leverage off-the-shelf flow models pre-trained on large-scale data.

3 Method
To address the issues discussed in Sec. 2.2, we seek an inference-time method
that can be attached plug-and-play to off-the-shelf flow models. Rather than
retraining the network or attempting to alter the learned marginal velocity field
itself, we keep the pre-trained flow model fixed. Instead, our approach intervenes
exclusively during the sampling phase, performing targeted spatial refinement
at the exact same timestep t.

The central idea of our method is to refine the trajectory, rather than the
velocity field. When interpolant crossings make the learned marginal velocity
locally unreliable, we do not attempt to re-estimate the underlying multi-modal
velocity distribution. Instead, at a solver state xt, we seek a nearby state x̃t

where the same pre-trained velocity field is expected to be more reliable, and
then continue integration from x̃t. In this sense, our method performs a spatial
refinement of the intermediate state xt, rather than a modification of the model
itself (Fig. 1).

A natural objective for this refinement is the discrepancy L∗
CFM(xt, t) (Eq. (6))

between the marginal and sample-wise velocities, since it directly measures the
local ambiguity of the marginal velocity at the current state. However, this quan-
tity is not observable at inference time, as evaluating Eq. (6) requires access to
the ground-truth sample-wise velocities vt that depend on training data.

To address this challenge, we introduce the Flow Divergence Sampler
(FDS). In this section, we first theoretically prove that this intractable, data-
dependent discrepancy can be explicitly measured using a data-free surrogate at
inference time (Sec. 3.1). Building upon this, we outline our sampling strategy
designed to seamlessly navigate the intermediate state xt toward reliable, low-
discrepancy regions without excessive computational overhead (Sec. 3.2).
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3.1 Flow Divergence as Discrepancy Surrogate

Recall that the marginal velocity is the conditional mean (Eq. (4)). Thus, the dis-
crepancy in Eq. (6) measures the local spread of sample-wise velocities around
their average ut(xt). When multiple paths passing through the same xt, this
spread becomes large, and the averaged direction may become unreliable. Since
the individual velocities are unobservable at inference-time, we instead examine
how their average changes under small spatial perturbations of xt. This leads to
the spatial derivative of the marginal field, Jxt

ut(xt), whose trace is the diver-
gence ∇xt

· ut(xt).
The following theorem shows that the ambiguity is exactly captured by the

divergence of the marginal velocity, up to known schedule-dependent coefficients.

Theorem 1. For any t such that αt ̸= 0, the optimal CFM residual satisfies

L∗
CFM(xt, t) = E

[
∥ut(xt)− vt∥2

∣∣∣ xt

]
=

α̇tβt − αtβ̇t

αt

(
βt∇xt

·ut(xt)− β̇td
)
, (7)

where d is the dimensionality of the data.

The proof is provided in the App.A. Thm. 1 shows that the inaccessible dis-
crepancy can be expressed entirely in terms of the divergence of the marginal
velocity field and known schedule-dependent coefficients αt and βt. Since all
coefficients are constant with respect to xt for a fixed t, it implies that minimiz-
ing L∗

CFM(xt, t) over nearby candidates is equivalent to minimizing the spatial
divergence ∇xt

· ut(xt).
In practice, the true marginal velocity field ut is unavailable, so we replace it

with the pre-trained model uθ, i.e., uθ(xt, t) ≈ ut(xt), and define the following
inference-time surrogate:

δ̂t(x) = ∇x · uθ(x, t). (8)

We use δ̂t(x) as a surrogate for local reliability: a lower divergence indicates a
lower discrepancy L∗

CFM and, consequently, a lower risk of discrepancy-induced
degradation. This quantity is computable entirely from the pre-trained model uθ

and serves as a data-free, inference-time surrogate for discrepancy. To compute
this divergence efficiently, we adopt Hutchinson’s trace estimator [16], following
its successful application in the literature [8]. The reliability of this surrogate is
further discussed and evaluated in App.D.

3.2 Flow Divergence Sampler

Building upon the theoretical foundations established in Sec. 3.1, we introduce
the Flow Divergence Sampler (FDS). At each inference timestep t, the core
operational objective of FDS is to optimize the solver state xt to x̃t such that the
refined state exhibits lower discrepancy. A direct way to achieve this would be to
optimize δ̂t(x) with respect to x via gradient descent, yet this is computationally
unattractive for large generative models. Since δ̂t(x) already contains a first-
order spatial derivative of the flow model, differentiating it with respect to x
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would require second-order derivatives, which are expensive in high-dimensional
settings.

To circumvent this computational overhead, FDS performs a zero-order local
refinement by applying small random perturbations, a mechanism inspired by
[29]. These perturbations are simply scaled by a decaying schedule σt, which
gradually decreases from σmax to 0. At a solver state xt, we construct a set of
nearby M candidates:

x(0) = xt, x(m) = xt + σtξ
(m), ξ(m) ∼ N (0, I), m = 1, ...,M. (9)

Then for each candidate, we evaluate its discrepancy using Eq. (8), and select
the best candidate,

m∗ = argmin
m∈{0,...,M}

δ̂t(x
(m)), x̃t ← x(m∗), (10)

and repeat this procedure for N refinement iterations, using the updated x̃t as
the base state x(0) if desired. The resulting state is denoted by x̃t.

As demonstrated, unlike conventional advanced samplers, the key distinc-
tion of FDS is that it performs spatial corrections on the state toward a reliable
region. Standard high-order ODE solvers primarily improve generation by re-
ducing temporal integration error once the current state xt is fixed. In contrast,
FDS performs a spatial intervention at a fixed time t, relocating the intermedi-
ate state itself before the next solver step is taken. Because this refinement is
applied externally to the base solver, FDS can be attached to Euler, Heun, and
other off-the-shelf solvers.

One sampling step with FDS therefore takes the form,

x̃tk = Refine(xtk , tk;uθ), xtk+1
= SolverStep(x̃tk , tk, tk+1;uθ). (11)

Thus, FDS is a plug-in inference-time module—readily compatible with various
base solvers and guidance methods—rather than their replacement. A psuedo-
code of our framework is provided in the App.B.

Computational Overhead While FDS introduces extra computations to the
base solver proportional to the number of refinement iterations N and the num-
ber of search candidate M , empirical evaluations reveal a crucial practical in-
sight: successfully bypassing high-discrepancy regions does not demand an ex-
pensive computational budget. In practice, we found that setting N=M=1 is
sufficient to significantly elevate generation fidelity compared to baseline models
with more NFEs, as demonstrated by the extensive evaluations in Sec. 5.2.

To further maximize efficiency, we explicitly deactivate FDS in the early
stages of generation (t < Ttrunc), empirically setting the truncation threshold
Ttrunc = 0.5. Since severe trajectory conflicts predominantly manifest during
these earlier denoising stages [2], this temporal constraint ensures optimal re-
source allocation without much sacrificing quality. Collectively, these spatial
and temporal design choices establish FDS as a low-overhead, highly practical
inference-time solution. An in-depth analysis of these components—including
the choices for the temporal boundary (Ttrunc) and N , M—is provided in our
ablation study (Sec. 6.2).
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4 Related Works

4.1 Resolving Crossings on Train Time

Recent studies increasingly highlight the limitations induced by intersecting tra-
jectories in flow matching. To resolve this, some methods fundamentally change
the formulation to allow for crossings; HRF [45] and VRFM [9] reformulate the
framework to capture the full multi-modal velocity distribution (Fig. 1), and
CAF [30] utilizes an acceleration-based approach to navigate away from empty
data regions. Conversely, other works [18,20] attempt to straighten the trajectory
by introducing auxiliary encoders. While these strategies successfully mitigate
trajectory crossings, their strict reliance on fundamental architectural changes
and prohibitively expensive from-scratch training renders them highly inefficient,
strongly motivating the need for a training-free alternative.

4.2 Enhancing Generation Quality at Inference-Time

To boost generative fidelity and image quality without requiring additional train-
ing, recent literature has explored advanced inference solvers to reduce temporal
error. Foundational methods [25,26] employ higher-order numerical approxima-
tions to follow trajectory curvature, and techniques like UniPC [46] utilize history
buffers to optimize this process for few-step generation. Additionally, recent ad-
vanced samplers [27] have been proposed to dynamically allocate computational
resources by evaluating trajectory stiffness. However, all these approaches pri-
marily focus on mitigating numerical discretization errors, restricting them to
temporal adjustments along a fixed integration path. Our work fundamentally
differs by providing spatial enhancements, actively steering the generation away
from severe trajectory crossings.

Another line of research focuses on advanced guidance mechanisms that spa-
tially update the state xt at inference time. For instance, recent studies [1, 39]
formulate objectives composed with conditional and unconditional velocities, but
are primarily restricted to classifier-free guidance [14] settings. Similarly, other
works [10, 43] refine xt using external reward models or predefined objectives,
inherently requiring external signals. In contrast, our approach operates as a
versatile, plug-and-play module that requires no external signals and seamlessly
integrates with existing inference-time enhancements.

5 Experiments

We validate the effectiveness of FDS across a variety of settings. We first illus-
trate the intuition and underlying mechanism of FDS on 2D synthetic data in
Sec. 5.1. Furthermore, we mainly validate FDS on ImageNet 256 × 256 [4] and
CIFAR-10 [19] in Sec. 5.2, demonstrating its consistent robustness across diverse
backbones and solvers. Finally, we highlight the plug-and-play versatility of FDS
in diverse tasks such as text-to-image synthesis and inverse problems in Sec. 5.3.
Detailed setups for each experiment are placed in the App. C.
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(a) FDS yields improved generation quality, reflected by a lower Wasserstein Distance (WD).

(FM)

(FM + FDS)

D
ivergence

7

-1

Refine

SolverStep

SolverStep

(b) FDS refines xt into x̃t by steering it toward
lower-divergence regions.

Ground Truth
Discrepancy Map
(from train data)

Inference-Time
Surrogate

(from model)

0

6

D
iscrepancy

(c) The discrepancy map measured by full train
data (GT) and the model at t = 0.6.

Fig. 2: 2D Synthetic Experiment shows our divergence-based criterion correlates
with sample quality. (a) FDS achieves more accurate modeling of the target distribu-
tion than standard FM, yielding a lower Wasserstein Distance (WD). (b) Standard FM
passes xtk directly to the ODE solver, whereas FDS refines xtk into x̃tk , moving it to a
low-divergence region. (c) Discrepancy maps computed from the ground-truth sample-
wise velocities (Top) and from our inference-time surrogate using the pre-trained model
(Bottom) are highly consistent.

5.1 Synthetic 2D Experiments

To intuitively illustrate the core mechanism of FDS, we first conduct a synthetic
experiment mapping a standard Gaussian prior to a 2D checkerboard distribu-
tion. Fig. 2a visualizes the generation processes of standard Flow Matching (FM)
with an Euler solver alongside our FDS. We quantitatively assess the generation
quality using the Wasserstein Distance (WD) to the exact path, reported above
each snapshot. As t progresses, FDS consistently achieves a lower WD compared
to standard FM. Notably, at t = 1.0, FDS significantly reduces the number of
stray samples outside the target regions, successfully mitigating quality degra-
dation and ensuring high-fidelity generation.
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Understanding Behavior of FDS To further investigate the mechanism, we
visualize the intermediate refinement process at tk = 0.6 in Fig. 2b. All sam-
ples are color-coded by their initial divergence at xtk . As shown, FDS effectively
steers high-divergence samples (orange) toward low-divergence regions (purple).
Following the solver step to tk+1 = 1.0, the unrefined orange samples stray off
the checkerboard. In contrast, the refined samples correctly align with the target
distribution. Collectively, these observations demonstrate that our enhanced gen-
eration quality directly stems from mitigating the discrepancy between marginal
and sample-wise velocities on high-divergence region.

Divergence as a Reliable Surrogate While empirical results support that
our proposed surrogate (Eq. (8)) serves as a highly reliable discrepancy indi-
cator during inference, we further validate its accuracy by comparing the true
discrepancy (Eq. (6)) with our estimation (Eq. (7)) measured with the surrogate.
To this end, we visualize both discrepancy maps in Fig. 2c. The top panel illus-
trates the true discrepancy explicitly measured by the training data distribution,
whereas the bottom panel depicts our data-free estimation via flow model diver-
gence. The strong structural alignment between the two maps implies that our
divergence-based estimation effectively captures the underlying true discrepancy,
thereby demonstrating the empirical soundness of our approach.

5.2 Main Experiments

Experimental Setup To validate the applicability of FDS on pre-trained mod-
els, we conduct experiments on CIFAR-10 [19] and ImageNet 256× 256 [4]. We
apply FDS to well-established flow-based models: EDM [17] for CIFAR-10 and
JiT [21] for ImageNet. To evaluate the efficacy of FDS, we construct compute-
matched baselines in Tab. 1 (marked with †) by allocating additional steps to
match the wall-clock time required by FDS. This ensures a fair comparison under
an equivalent computational budget. The exact computing procedure is detailed
in App.C and Tab. 6, reflecting a roughly 1.5× increase in wall-clock time for
FDS on the same NFEs. For evaluation, we report Fréchet Inception Distance
(FID) [12] and Inception Score (IS) [35].

Results As detailed in Tab. 1, FDS consistently improves the generation quality
across various datasets, models, and ODE solvers, in terms of FID, demonstrat-
ing the robust applicability of our framework. For compute-matched baselines,
while increasing integration steps generally enhances performance, these gains
quickly saturate with advanced solvers like Heun. In some cases, such as Ima-
geNet 256×256 with the Heun solver, this even leads to performance stagnation
or diminishing returns. Conversely, allocating this same computational budget
to FDS yields substantial enhancements in image fidelity across all settings.

As discussed in Sec. 3.2, this performance gap arises because FDS oper-
ates on a fundamentally different principle. Rather than solely relying on finer
temporal integration, our method introduces targeted spatial updates to the
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Table 1: Performance comparison on CIFAR-10 and ImageNet 256 × 256.
FDS consistently improves generation quality in terms of FID across all configurations
in the main experiments. † denotes a base solver with an increased NFEs to match the
wall-clock time of our framework.

CIFAR-10 ImageNet 256 × 256

Solver NFE EDM Cond. EDM Uncond. JiT-B/16 JiT-L/16

FID (↓) IS (↑) FID (↓) IS (↑) FID ↓) IS (↑) FID (↓) IS (↑)

Euler 50 3.003 9.576 3.034 9.371 4.151 280.07 3.859 277.09
Euler† 77 2.515 9.671 2.550 9.464 4.061 287.15 3.857 278.75

Euler + FDS 50 2.319 9.660 2.440 9.387 3.799 278.33 3.519 278.16

Heun 99 1.904 9.829 2.021 9.615 3.637 270.18 2.713 330.23
Heun† 153 1.910 9.820 2.034 9.606 3.815 275.10 2.886 333.10

Heun + FDS 99 1.786 9.875 1.953 9.641 3.394 269.09 2.496 329.70

Fig. 3: Qualitative results on ImageNet 256× 256 with JiT-L/16. Compared to
the compute-matched baseline(†), FDS effectively enhances the generation quality.

generation process at fixed timestep t. By steering generative trajectories away
from areas of high-discrepancy region, FDS effectively prevents the model from
traversing regions that typically cause degraded or blurry outputs. Fig. 3 (right)
directly illustrates this advantage: while simply increasing the NFE yields only
subtle localized changes, FDS successfully synthesizes fine-grained details—such
as distinct sesame seeds on a hamburger—that a naive high-NFE baseline can-
not produce. Ultimately, this active spatial refinement at inference-time achieves
consistent improvements in fidelity that remain unattainable through the tem-
poral scaling of existing samplers. Additional experimental results, including
those on SiT [28], can be found in App. E, while further qualitative results are
presented in App. F.

5.3 FDS on Various Tasks

To further validate the robustness of our framework, we provide additional quan-
titative and qualitative analyses that extend beyond our primary evaluations.
Specifically, we explore the versatility of FDS across diverse yet widely adopted
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Table 2: Quantitative results for text-to-image synthesis on the DrawBench
dataset. FDS consistently improves upon the baselines across most metrics, demon-
strating its robustness across different model backbones.

(a) Experiment results on SD3-M

Method IR HPSv2 Aes. CLIP

SD3-M 82.36 27.72 5.70 28.47
SD3-M+FDS 89.33 27.76 5.72 28.76

(b) Experiment results on FLUX.1

Method IR HPSv2 Aes. CLIP

FLUX.1 92.95 29.37 6.18 27.33
FLUX.1+FDS 94.63 29.39 6.14 27.46

SD3-M SD3-M + FDS

Four cars on the street.

A single clock is sitting on a table.

SD3-M SD3-M + FDS

FLUX.1

A panda making latte art.

New York Skyline with 'Deep Learning' 
written with fireworks on the sky.

FLUX.1 FLUX.1 + FDS

FLUX.1 + FDS

Fig. 4: Qualitative results on text-to-image synthesis. Images generated with
FDS exhibit improved overall quality, characterized by better spatial coherence. More
qualitative results can be found in App. F.

guidance settings. This includes evaluating its behavior in text-to-image genera-
tion under varying guidance scales, testing its compatibility with standard test-
time guidance mechanisms frequently utilized for inverse problems, and assessing
its integration with other advanced inference-time methods. The following evalu-
ations demonstrate that FDS can be seamlessly plugged into various generation
pipelines, consistently maintaining high fidelity across different configurations

Text-to-Image Generation We evaluate our framework on two different text-
to-image generation backbones, SD3-Medium [6] and FLUX.1 [3], using the
DrawBench [34] dataset. To comprehensively assess the overall sample qual-
ity, we utilize four established reward models widely adopted in text-to-image
generation tasks. Specifically, we measure human preference using ImageReward
(IR) [42] and HPSv2 [40], evaluate visual appeal via the Aesthetic Predictor [36],
and quantify text-image alignment using the CLIP Score [11].
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Table 3: Quantitative eval-
uation on inverse problems.
Baselines equipped with FDS
demonstrate consistent improve-
ments across all metrics. All
reported values are lower-is-better.

Task Method FID LPIPS

Deblur
TFG 64.02 15.50
TFG + FDS 63.17 14.93

SR ×4
TFG 65.54 18.70
TFG + FDS 63.14 16.23

Distorted TFG TFG + FDS

Fig. 5: Qualitative results on inverse
problems. (Top) Deblurring. (Bottom) Super-
resolution (×4).

Table 4: FDS on diverse inference-time methods. We compare the performance
of FDS when integrated with (a) an advanced solver, (b) a higher-order solver, and (c)
an advanced CFG framework. The results consistently demonstrate the effectiveness of
FDS across all configurations.

(a) FDS on advanced solver.

Method FID(↓) IS(↑)

UniPC [46] 6.21 270.8
UniPC+FDS 5.59 272.4

(b) FDS on high-order solver.

Method FID(↓) IS(↑)

RK4 3.77 264.40
RK4+FDS 3.45 261.9

(c) FDS on advanced CFG.

Method FID(↓) IS(↑)

CFG-Zero* [7] 4.10 276.8
CFG-Zero*+FDS 3.78 276.5

Quantitative results in Tab. 2 and qualitative samples indicate that FDS can
be effectively applied to text-to-image generation tasks, offering improvements
in visual quality and showing robustness across different backbones. Specifi-
cally, integrating our framework helps produce images with enhanced fidelity,
as demonstrated by the accurate rendering of fine-grained details like the clock
faces and numbers in Fig. 4 (bottom left). Overall, these enhancements support
that FDS is a beneficial inference-time module that consistently boosts the per-
formance of advanced text-to-image models. Additional quantitative results for
text-to-image generation, including experiments with varying backbone archi-
tectures and evaluations on the MS-COCO [22] dataset, are provided in App. E.

Inverse Problem We further demonstrate the plug-and-play capability of FDS
by integrating it with inference-time guidance frameworks to enhance generation
quality. We assess this validation on image deblurring and super-resolution tasks
following the setup of TFG [43] using the Cat [5] dataset, with detailed settings
provided in the App. C.

As demonstrated quantitatively in Tab. 3, FDS consistently improves upon
the baseline by generating substantially more detailed and realistic images. No-
tably, it achieves lower FID and LPIPS [44], indicating a superior capacity to
capture both global structures and fine-grained details. This quantitative supe-
riority is directly corroborated by the visual comparisons in Fig. 5. While the
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baseline often yields blurry or less-realistic samples, our proposed framework
successfully retains intricate detailed features. This is clearly evidenced by the
rendering of the cat, where fine details such as eye pupils, complex fur textures,
and individual whiskers are preserved with enhanced fidelity.

FDS on Advanced Inference-time Methods To comprehensively validate
the broad compatibility and plug-and-play capability of FDS, we integrate it
into several established methodologies following the settings in Sec. 5.2. We
empirically evaluate this adaptability across distinct generative paradigms: an
advanced solver (UniPC [46], 20 NFEs), a high-order solver (RK4), and an ad-
vanced classifier-free guidance technique (CFG-Zero* [7]). As demonstrated in
Tabs. 4a, 4b, and 4c, our framework consistently enhances generation quality
in every scenario. These results demonstrate that rather than competing with
existing enhancements, FDS serves as a highly compatible module capable of
seamlessly elevating performance across diverse inference-time settings.

6 Analysis

6.1 Comparison with Training-Based Frameworks

Besides the benefits of FDS being a training-free and plug-and-play method,
we also observe that such approach can outperform training-based methods in
terms of generation quality. The comparison in Tab. 5 shows that FDS, when
used with the EDM, surpasses the training-based method for resolving crossing
(i.e., HRF [45]) by a large margin in a parameter-count matched setup.

Table 5: Comparison with training-
based frameworks. For VRFM∗, we re-
port the original values from the pa-
per as the source code is not publicly
available. All configurations utilize Eu-
ler solver (50 NFEs) on CIFAR-10.

Model FID IS Param.

VRFM∗ [9] 5.27 - 37.2M
HRF [45] 4.96 8.98 56.0M
EDM [17] 3.04 9.37 55.7M
EDM + FDS 2.44 9.39 55.7M

We conjecture that the performance
gap stems from the discrepancy during
training induces a severe capacity bot-
tleneck for these methods as they model
the complex distribution of individual
sample-wise velocities, rather than sim-
ply regressing their marginal velocity.
Therefore, the baselines demonstrate de-
graded performance compared to EDM,
which retains the original training ob-
jective. Since FDS bypasses this issue
and operates entirely at inference-time,
it can be applied to strong pre-trained
flow models without any modifications or re-training. By steering generation
away from high-discrepancy regions on-the-fly, FDS can effectively resolves the
discrepancy and mitigates the performance limitations in the training-based ap-
proaches, solidifying its practical advantage.

6.2 Ablation Study

To provide a deeper understanding of our proposed framework and to justify our
default hyperparameter settings, we conduct comprehensive ablation studies that
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Fig. 6: Ablation on early-stage refinement. Applying FDS during earlier denoising
stages effectively improves generation quality. Bold text indicates the default config-
uration (Ttrunc=0.5, cosine schedule).

validate the core design choices abstracted in Sec. 3.2. All ablation experiments
are conducted on ImageNet 256 × 256 with JiT-B/16 backbone and an Euler
solver with 50 NFEs.

Efficacy of Early-Stage Interventions To analyze the impact of FDS across
different generation stages, we investigate restricting the refinements exclusively
to timesteps t ≤ Ttrunc. As shown in Fig. 6a, the FID improves as Ttrunc increases
but saturates around Ttrunc = 0.5. This suggests that FDS yields the most
substantial benefits during the initial stages of flow integration rather than in
later phases. Furthermore, Fig. 6c indicates that adopting a cosine schedule for
the perturbation scale σt, which allocates larger weights to earlier timesteps,
surpasses both linear and concave schedules, further emphasizing the critical
role of early-stage refinement. Taken together, these findings imply that the
refinements during the early phases of generation are particularly effective in
steering the samples away from high-discrepancy regions.

Refinement Iteration N While increasing the number of iterative updates for
xt yields progressive improvements in visual fidelity, we observe that the perfor-
mance gains eventually plateau. Guided by this empirical observation (Fig. 7a),
we opt to prioritize computational efficiency at inference time. Specifically, our
results indicate that a single update step is sufficient to achieve highly compet-
itive generation quality. Consequently, we adopt N = 1 and σmax = 0.01 as our
default experimental setting, finding that this configuration strikes a practical
balance between the representational benefits of FDS and minimal computa-
tional overhead.

Number of Candidates M To further explore the operational dynamics of
FDS, we investigate the impact of varying the number of candidates M in-
troduced in Sec. 3.2. Our empirical evaluations suggest that a single particle is
generally sufficient to minimize discrepancy, offering a favorable balance between
computational efficiency and generative quality. As shown in Fig. 7b, while in-
creasing the candidate count M yields subtle but consistent improvements, the
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Fig. 7: Effect of iterations N and candidates M . While increasing N and M
generally improves performance, setting N = M = 1 offers the best trade-off.

overall performance quickly plateaus. We hypothesize that this occurs because
a single perturbation, when applied consistently at every timestep, cumulatively
guides the representation toward a stable, adjacent conditional mode. Admit-
tedly, evaluating multiple candidates presents a distinct computational advan-
tage: unlike increasing sequential NFEs, these evaluations can be fully paral-
lelized without incurring additional latency overhead. Nevertheless, as scaling to
multiple candidates yields only marginal generative benefits, the single-particle
configuration remains a highly practical and efficient default choice.

7 Conclusion

In this work, we introduced a novel, training-free inference framework designed to
mitigate the discrepancy between marginal and instantaneous sample-wise veloc-
ities in flow matching. Unlike existing solvers that primarily focus on minimizing
temporal discretization errors, our approach actively steers the trajectory away
from high-discrepancy regions to enhance generation quality. Extensive evalu-
ations demonstrate that FDS is highly robust, yielding consistent performance
improvements across various generation tasks. Ultimately, we believe our explo-
ration of spatial trajectory refinement establishes a strong foundation for future
research, offering a new perspective on reliable generation.
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