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Abstract. This paper addresses the fundamental challenge of acceler-
ating the inherently autoregressive sampling process in Flow Matching
(FM) models through a numerical systems perspective. We introduce
ParaFlow, a training-free framework that recasts sampling as a system
of Triangular Nonlinear Equations (TNEs) to enable step-level paral-
lelism. Unlike existing parallel samplers for diffusion models that require
2–3× more function evaluations (NFEs), we propose a velocity approx-
imation scheme that leverages the temporal smoothness of FM trajec-
tories. This allows ParaFlow to perform parallel sampling on a single
GPU while requiring less total NFE count to the standard sequential
sampler. We theoretically guarantee that our method converges to the
exact autoregressive trajectory and that our approximation maintains
negligible error bounds. Extensive experiments on Stable Diffusion 3
and Flux demonstrate that ParaFlow achieves up to 4.3× wall-clock
speedup with negligible impact on quality, making high-performance
parallel sampling truly practical for resource-constrained settings. The
source code is released in the supplementary materials. Code is available
at https://github.com/Jianrong-Lu/ParaFlow.

1 Introduction

Flow Matching (FM) [5, 9, 16, 19, 20, 27, 40, 41, 50] has emerged as a leading
framework for high-fidelity generative modeling, powering recent state-of-the-
art systems [1,2,4,7,15,37,38,45–47] such as Stable Diffusion 3 [7] and Flux [1].
FM models learn a time-dependent vector field that transports a simple prior
distribution to the data distribution via an ordinary differential equation (ODE).
Thus, sampling reduces to numerically integrating this ODE, an inherently au-
toregressive procedure that requires tens of sequential evaluations of a large
neural network, constituting a major bottleneck for real-time and interactive
use.

Three main strategies have been explored to mitigate this cost. The first de-
velops more efficient numerical solvers: high-order methods [8, 21, 22, 28, 49, 51]
such as DPM-Solver [21,22,51] and task-specific solvers [8,28] reduce the number
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of function evaluations (NFEs), enabling generation in fewer steps, but remain
fully sequential. The second pursues model distillation [3,12,18,26], compressing
multi-step teachers into student models capable of few-shot or even one-shot
generation. Approaches such as Latent Consistency Models (LCMs) [24], based
on Consistency Models [32], achieve strong results but require expensive retrain-
ing and degrade fidelity. Both methods reduce the step count but do not remove
sequential dependencies. Recent attempts to introduce parallelism in generative
models, such as ParaDiGMS [30] and ParaSolver [23], have primarily focused
on the Diffusion Modeling paradigm. However, these methods face two major
hurdles: (1) they are specifically tailored to the noise-prediction schedules of dif-
fusion and do not directly translate to Flow Matching; and (2) they are compu-
tationally expensive, often requiring 2–3× more NFEs than sequential solvers to
achieve convergence. Such high computational overhead frequently necessitates
multi-GPU setups and high-bandwidth interconnects, making them impractical
for standard single-GPU environments.

In this work, we propose ParaFlow, the first framework to achieve efficient
parallel sampling specifically for Flow Matching models. Our approach departs
from the high-overhead iterations of prior work by introducing a velocity ap-
proximation mechanism. By exploiting the observation that FM vector fields are
generally smooth and exhibit near-linear dynamics, we use Newton’s first-order
divided difference to estimate future velocities within a parallel window.

This innovation allows ParaFlow to perform parallel sampling on a single
GPU. Most importantly, by substituting expensive parallel model evaluations
with lightweight approximations, ParaFlow achieves a total NFE count that is
smaller to the sequential Euler baseline. This ensures that the speedup is derived
purely from hardware-aware parallelism rather than increased computation.

Our main contributions are:

– We present the first formulation of parallel sampling for Flow Matching
models by casting the ODE trajectory as a system of TNEs.

– We introduce a velocity approximation scheme that enables single-GPU par-
allel sampling, effectively removing the computational "tax" inherent in pre-
vious parallel samplers without quality loss.

– Through extensive validation on SD3 and Flux, we demonstrate wall-clock
speedups of 1.4–4.3× with theoretically guaranteed convergence to the ex-
act autoregressive solution.

ParaFlow is a training-free, plug-and-play accelerator that is compatible with
existing FM models, opening a new direction for efficient model inference.

2 Related Work

Accelerating generative model sampling is a long-standing research problem.
For diffusion and flow-based models, which rely on iterative refinement, this is
particularly critical.
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Numerical ODE Solvers for Flow Matching. Flow Matching (FM) [5,
16,20] frames the sampling process as the integration of a learned time-dependent
vector field. Early work [13,33–35,42] in score-based SDEs and their correspond-
ing probability-flow ODEs enabled deterministic sampling and efficient likelihood
evaluation. FM further refines this by training continuous normalizing flows [6]
through conditional vector field regression along optimized probability paths,
such as those [16, 17, 27, 39, 44] derived from diffusion or optimal transport, im-
proving stability and speed with standard ODE solvers.

The choice of numerical integrator is crucial. First-order methods, such as
Euler and DDIM [31], are computationally inexpensive but require a large num-
ber of steps to achieve high-quality results. To mitigate this problem, second-
order solvers, such as Heun’s method, are frequently employed [14]. For the most
demanding tasks, higher-order solvers tailored specifically for diffusion models,
such as the DPM-Solver family [21, 22, 51] and Bespoke Solvers [28, 29], offer
improved sample quality with lower NFEs. Furthermore, methods like S4S [8],
AYS [25] and DMN [48] have demonstrated potential for reducing discretiza-
tion and global error. However, these methods still require strictly sequential
execution, limiting opportunities for parallelization.

Parallel Sampling. ParaDiGMS [30] accelerates sampling by leveraging
parallelized Picard iterations to simultaneously predict and iteratively refine
future denoising steps. ParaTAA [36] reformulates the autoregressive diffusion
sampling process as TNEs and uses fixed-point methods to solve multiple steps
in parallel. ParaSolver [23] further models the sampling process as a system
of banded nonlinear equations, and shows how to exploit structural properties
and hierarchical initialization to preserve sample quality while greatly reducing
inference time.

Our work distinguishes itself from these methods in two critical aspects.
First, ParaDiGMS and ParaSolver are designed for Diffusion Models, whereas
ParaFlow is the first to address the unique dynamics of FM. Second, existing
parallel methods are computationally heavy, requiring multiple full-model evalu-
ations per parallel iteration. This often requires distributing the workload across
multiple GPUs to see real-world benefits. In contrast, ParaFlow’s velocity ap-
proximation enables parallel execution on a single GPU with the same NFE
as the sequential method, making it a significantly more practical solution for
general users.

3 Preliminary: Flow Matching Models

Flow Matching models aim to learn a continuous-time process that transports a
simple prior distribution p0 (e.g., N (0, I)) into a complex target data distribution
p1. This transformation is described by a time-dependent vector field vt : Rd ×
[0, 1] → Rd, parameterized by a neural network with parameters θ. For a sample
trajectory xt, t ∈ [0, 1], the dynamics are governed by the ODE:

dxt

dt
= vt(xt, θ), x0 ∼ p0. (1)
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The vector field vt is learned by optimizing its underlying neural network
parameters, such that the distribution of the terminal state x1 approximates the
target distribution p1 when x0 ∼ p0.

Sampling Process. To generate new samples, one first draws an initial
point x0 ∼ p0 and then integrates the ODE in Eq. (1) from t = 0 to t = 1. In
practice, this integration is carried out numerically. A common approach is the
first-order Euler method: given a discretization 0 = t0 < t1 < · · · < tN = 1, the
update rule is

xti+1
= xti + (ti+1 − ti) · v(xti , ti, θ), i = 0, . . . , N − 1. (2)

This discretization produces a sequence of intermediate states xti . Since each
update depends on the result of the previous step, the sampling procedure is
inherently sequential, requiring N successive evaluations of the neural network.

4 Proposed Method: ParaFlow

4.1 Motivation

The autoregressive update in Eq. (2) constitutes the main bottleneck: each step
depends on the previous one, precluding parallel computation and limiting sam-
pling efficiency. We formalize this dependency as follows.

Definition 1 (Autoregressive Sampling Procedure). Initiating with a sam-
ple xt0 ∼ p0, the sampling process for an FM model using a numerical ODE
solver is an autoregressive procedure of the form:

xti = xt0 +

i−1∑
j=0

hj · vj(xtj , tj , θ), i ∈ {1, . . . , N}, (3)

where hj = tj+1 − tj is the step size and vj is the vector field evaluated at time
tj.

This formulation highlights the stepwise dependency. Viewing the entire tra-
jectory {xt0 , xt1 , . . . , xtN } as unknown variables, this autoregressive process can
be cast as a system of N+1 equations. Solving this system yields the full trajec-
tory simultaneously, eliminating sequential dependencies and enabling parallel
computation.

4.2 Recasting Autoregressive Sampling as Triangular Nonlinear
Equation Solving

We can view the sequence of updates in Definition 1 as a system of TNEs.
Let {x̂t0 , . . . , x̂tN } be the unknown variables corresponding to the true sampling
trajectory {xt0 , . . . , xtN }.
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Definition 2 (TNEs for Flow Matching Sampling). We define the system
of TNEs for the autoregressive sampling procedure as:

F(x̂t0 , . . . , x̂tN ) =

{
x̂t0 − xt0 = 0,

x̂ti − Fi−1(x̂t0 , . . . , x̂ti−1
) = 0, i ∈ {1, . . . , N},

(4)

where xt0 is the initial sample from the prior and Fi−1 is defined based on the
ODE solver:

Fi−1(x̂t0 , . . . , x̂ti−1) = x̂t0 +

i−1∑
j=0

hj · v(x̂tj , tj , θ). (5)

This reformulation decouples the stepwise dependencies: given tentative states
{x̂tj}, the vector field v(x̂tj , tj , θ) can be evaluated for all timesteps j ∈ {0, . . . , N−
1} in parallel. A crucial question then arises: does solving this system recover
the same trajectory as the original sequential process?

Proposition 1 (Trajectory Equivalence (see supplementary for proof)).
The TNE system in Eq. (4) possesses a unique root that is identical to the sam-
pling trajectory {xti}Ni=0 generated by the autoregressive procedure in Eq. (3).

This proposition ensures that by solving the TNEs, we can produce a sample
indistinguishable in quality from that obtained via the standard autoregressive
process.

4.3 Solving the TNE System with Fixed-Point Iteration

We can solve the system in Eq. (4) using various root-finding methods. Standard
fixed-point iteration (FPI) is a natural choice. Given an initial guess for the entire
trajectory {x̂(0)

ti }Ni=0, the update rule is:

x̂
(k+1)
ti = Fi−1(x̂

(k)
t0 , . . . , x̂

(k)
ti−1

), i ∈ {1, . . . , N}, (6)

with x̂
(k+1)
t0 = xt0 for all k. Crucially, this update is step-level paralleliz-

able: for any iteration k, the vector field evaluations v(x̂
(k)
tj , tj , θ) across all

j ∈ {0, . . . , N − 1} can be computed simultaneously.

Proposition 2 (Convergence Guarantee (see supplementary for proof)).
Starting from any initial guess {x̂(0)

ti }Ni=0, the fixed-point iteration in Eq. (6)
converges exactly to the autoregressive sampling trajectory {xti}Ni=0. This con-
vergence is achieved in at most N iterations.

The proof follows from the structure of the update mapping, which admits
the autoregressive trajectory as its unique fixed point. In practice, the number
of parallel iterations K required for convergence is typically much smaller than
N , resulting in substantial acceleration.
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4.4 Velocity Approximation via Newton’s Divided Difference

While sampling can be performed in parallel across iterations, explicitly eval-
uating the vector field for all N velocities per iteration remains computation-
ally prohibitive. In the standard Flow Matching framework, the formulation
encourages straight-line probability paths, yielding trajectories that are gener-
ally smooth and locally near-linear. This characteristic suggests that velocity at
future timesteps can be estimated.

However, we observe that a naive zero-order approximation, i.e., directly
substituting future velocities with the most recently computed velocity, fails to
capture temporal dynamics, leading to a marginal degradation in generation
quality. To maintain high fidelity while reducing computation, we approximate
the velocity changes via polynomial extrapolation using historical values. Specifi-
cally, we utilize Newton’s first-order divided difference to approximate the future
velocities.

Let {ti, . . . , ti+r−1} be the timesteps where the model is explicitly evaluated
in parallel, and {ti+r, . . . , ti+N−1} be the timesteps where the velocity is extrap-
olated. Here, 1 ≤ r ≤ N denotes the number of velocities evaluated per parallel
iteration. We perform the extrapolation utilizing ti+r−1 and ti+r−2 as historical
references. Newton’s first-order divided difference is defined as:

D1 = v[ti+r−2, ti+r−1] =
vti+r−1 − vti+r−2

ti+r−1 − ti+r−2
(7)

Using Newton’s interpolation polynomial, our first-order estimate for the
velocity field at a future timestep ti+j for j ∈ {r, . . . , p− 1} is given by:

v(x̂ti+j , ti+j , θ) ≈ vti+r−1 +D1(ti+j − ti+r−1) (8)

Note that setting r = 1 leads to identical NFEs per iteration as the traditional
sequential sampling, making parallel sampling highly practical.

Proposition 3 (Estimation Error (see supplementary for proof)). Let
{xtrue

ti }Ni=0 denote the trajectory obtained using the exact velocity field with the
forward Euler method, and let {xapprox

ti }Ni=0 be the trajectory where velocity evalu-
ations are approximated via Newton’s first-order divided difference extrapolation.
Under assumptions of spatial Lipschitz continuity and bounded time-derivatives,
and assuming the total number of parallel iterations (which equals the total num-
ber of estimations) is K, the cumulative error in the final state after N steps is
bounded by:

eN := ∥xapprox
tN − xtrue

tN ∥ = O
(

K

N3

)
(9)

Remark. The theoretical bounds established in Proposition 3 mathematically
guarantee that the error introduced by our velocity approximation is excep-
tionally small. Specifically, the global error decays at a cubic rate (O(1/N3))
for the first-order approximation with respect to the total number of sam-
pling steps N . In standard Flow Matching inference, N is typically large (e.g.,
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N ∈ {25, 50, 100}). Consequently, the polynomial denominator heavily dom-
inates the numerator K where K ≤ N (the total number of parallel itera-
tions/estimations). This indicates that even when aggressively parallelizing the
process and approximating a vast majority of the trajectory, the cumulative
deviation from the exact autoregressive solver remains strictly bounded and
practically negligible.

Algorithm 1: ParaFlow: Parallel Sampling with Velocity Approxima-
tion

Input : Initial noise xt0 , total steps N , timesteps {ti}Ni=0, parallel window
size p, parallel model evaluation numbers r, error tolerance δ;
maximum iterations K

Output: Generated sample x̂tN .
1 Initialize {x̂(0)

ti
= xt0 , i = 0, . . . , p− 1}.

2 vtpre = vt0 ; tpre = t0; vt0 ← v(xt0 , t0, θ);
3 i← 1, k ← 0;
4 while i < N and k < K do

// 1. Parallel Model Evaluation
5 Compute exact vector fields vti+j ← v(x̂

(k)
ti+j

, ti+j , θ) in parallel for
j ∈ {0, . . . , r − 1}.

// 2. Velocity Approximation
6 vtcur = vti+r−1 ; tcur = ti+r−1;
7 D1 ←

vtcur−vtpre
tcur−tpre

;
8 vti+j ← vtcur +D1(ti+j − tcur), j ∈ {r, . . . , p− 1}.

// Update historical state
9 vtpre = vtcur ; tpre = tcur;

// 3. Parallel State Update
10 Update temporary states in parallel for j ∈ {0, . . . , p− 1}:

x̂
(k+1)
ti+j+1

← x̂
(k)
ti

+
∑j

l=0(ti+l+1 − ti+l) · vti+l ;
// 4. Convergence Check & Stride Calculation

11 Compute error ej ← 1
D
∥x̂′

ti+j+1
− x̂ti+j+1∥2 for j ∈ {0, . . . , p− 1}

12 Find the smallest index s s.t. es > δ2; otherwise s← p.
// 5. Sliding Window Shift

13 i← i+ s, k ← k + 1, r ← min(r, p), p← min(p,N − i).

14 return x̂
(K)
tN

;

4.5 Efficient Implementation with a Sliding Window

Solving for the entire trajectory of N steps in parallel can be memory-demanding.
To make this practical, we implement the FPI within a sliding window of size
p ≪ N . We perform parallel iterations only on p subequations at a time. The
window slides forward once the states within it have converged.
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Initialization. We initialize all states within the first window to the starting
noise vector: x̂

(0)
ti = xt0 for i = 0, . . . , p − 1. When the window slides, new

states entering the window are initialized with the last converged state from the
previous window.

Stopping Criterion. We define convergence within the window using a tol-
erance threshold δ. An iterate x̂

(k)
ti is considered converged if the change from

the previous iteration is small: 1
D∥x̂(k)

ti − x̂
(k−1)
ti ∥2 ≤ δ2, where D is the num-

ber of pixels. The window slides forward by a stride, which is the number of
contiguously converged states from the beginning of the window.

5 Experiment

We evaluate ParaFlow on two state-of-the-art text-to-image Flow Matching mod-
els: Stable Diffusion 3 (SD3) and Flux. Our primary goal is to quantify the
trade-off between sampling speed and generation quality.

Experimental setup. All experiments were carried out on Ascend 910B GPUs. We
evaluated generation quality using the Fréchet Inception Distance (FID) [11] and
CLIP score [10], calculated over 5, 000 random prompts from the FluxPrompting
dataset [43]. We report the average wall-clock time to generate a single image.
Our baseline is the standard sequential Euler solver. We compare it with our
proposed Euler + ParaFlow method across different total sampling steps (N ∈
{100, 75, 50, 25}). For ParaFlow, we use a default parallel window size of p = 8
and set the parallel model evaluation number r = 1.

We define the total steps (N) as the number of discrete steps in the sampling
schedule. For a standard sequential method such as the Euler solver, the number
of iterations (Iters) and the total number of function evaluations (NFE) are
identical to N . For our parallel method, ParaFlow, Iters signifies the reduced
number of sequential blocks executed, while the total computational workload,
NFE, reflects the parallel execution and is calculated as Iters × r.

5.1 Results on Stable Diffusion 3

We first evaluate ParaFlow on Stable Diffusion 3, generating 1024×1024 images
from 5, 000 random prompts.

Performance across different step counts. Table 1 demonstrates that ParaFlow
delivers consistent and significant wall-clock speedups while strictly preserving
generation quality. Our most critical finding is the superiority of the velocity
approximation scheme (r = 1). In the 100-step setting, ParaFlow with r = 1
achieves a 3.5× speedup (5.20s vs. 18.22s) on a single GPU. Remarkably,
this configuration outperforms the non-approximated parallel baseline (r = 100)
which, despite utilizing 8 GPUs, only reaches a 3.3× speedup. This performance



ParaFlow: Parallel Sampling for Flow Matching Models 9

Table 1: Quantitative comparisons of different methods on Stable Diffusion 3 over
5, 000 random samples at 1024 × 1024. The visual comparisons are shown in the Ap-
pendix of the suplementary materials. The best results in each step are highlighted
in bold. “↑" (resp. “↓") means the larger (resp. smaller), the better. Note that Euler
+ ParaFlow is evaluated with tolerance 0.005. The maximum iteration K is set to
29, 29, 24, 16 for N = 100, 75, 50, 25 respectively. When r > 1, multi-GPU deployment
is required to alleviate computational burden.

Steps Method
Stable Diffusion 3

Iters↓ NFE↓ CLIP↑ FID↓ Time (s)↓ Speedup↑

100
Euler (1 GPU) 100.00 100.00 32.38 61.54 18.22 1.0×

Euler + ParaFlow (r = 100, w/o estimate, 8 GPUs) 26.47 211.78 32.37 61.74 5.55 3.3×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 28.34 28.34 32.17 61.96 5.20 3.5×

75
Euler (1 GPU) 75.00 75.00 32.37 62.14 13.57 1.0×

Euler + ParaFlow (r=75, w/o estimate, 8 GPUs) 22.96 183.66 32.37 62.78 4.95 2.7×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 26.61 26.61 32.17 62.77 4.81 2.8×

50
Euler (1 GPU) 50.00 50.00 32.37 62.24 9.37 1.0×

Euler + ParaFlow (r=50, w/o estimate, 8 GPUs) 19.94 159.49 32.36 62.79 4.43 2.1×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 23.29 23.29 32.20 62.65 4.42 2.1×

25
Euler (1 GPU) 25.00 25.00 32.31 62.83 5.17 1.0×

Euler + ParaFlow (r = 25, w/o estimate, 8 GPUs) 16.02 128.12 32.32 62.61 3.73 1.4×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 15.97 15.97 31.86 62.64 3.23 1.6×

gain is directly attributable to our elimination of the computational “tax” com-
mon in parallel solvers: whereas the r = 100 baseline requires an NFE of 211.78,
our approximation achieves convergence with a significantly lower NFE of 28.34.

Furthermore, the quality metrics remain remarkably stable across all tested
step counts. At N = 100, the FID increase is negligible (61.96 vs. 61.54), validat-
ing our theoretical guarantee that ParaFlow converges to the exact autoregres-
sive trajectory. Even at low sampling budgets (N = 25), ParaFlow maintains
a 1.6× speedup, proving that our framework is a robust, plug-and-play acceler-
ator suitable for both high-fidelity and real-time generation tasks in resource-
constrained, single-GPU environments.

Effect of tolerance. To further investigate the trade-off between speed and fi-
delity, we vary ParaFlow’s tolerance parameter at 25 total steps (Table 2).
Increasing the tolerance (e.g., 0.01) reduces the average number of iterations
to 12.16, resulting in a 1.7× acceleration, at the cost of a modest increase in
FID (55.59). Conversely, employing a stricter tolerance (e.g., 0.005) yields a
FID of 54.00, closely aligning with the baseline Euler method (53.34), while
still achieving a 1.4× speedup. This tunable parameter enables practitioners to
adapt ParaFlow to task-specific requirements, providing a controllable trade-off
between sample quality and inference efficiency. Representative visual compar-
isons are provided in Figure 2, which clearly illustrate the perceptual impact of
different tolerance settings.
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(a) iter = 0 (b) iter = 4 (c) iter = 8 (d) iter = 12 (e) iter = 16 (f) iter = 20

Fig. 1: All images are generated by the stable-diffusion-3-medium model with 50
sampling steps, using the prompt “Create a dreamlike landscape featuring rolling hills,
shimmering waterfalls, and towering mountains made entirely of crystal and gemstones
that refract light into rainbows.” at resolution 1024× 1024. The top row corresponds
to the Euler method, while the bottom row corresponds to our proposed Euler +
ParaFlow method (tolerance = 0.005).

Table 2: Quantitative comparisons on Stable Diffusion 3 with 25 sampling steps over
5, 000 random samples at 1024 × 1024. The best results are highlighted in bold. “↑"
(resp. “↓") means the larger (resp. smaller), the better.

Method Tolerance
Stable Diffusion 3

Iters↓ NFE↓ CLIP↑ FID↓ Time (s)↓ Speedup↑

Euler 0 25.00 25.00 32.31 63.83 5.17 1.0×

Euler + ParaFlow ( r = 25, 8 GPUs)
0.01 12.16 97.32 32.31 65.61 3.08 1.7×
0.007 13.96 111.72 32.31 64.63 3.38 1.5×
0.005 16.02 128.12 32.32 64.11 3.73 1.4×

(a) standard (b) tolerance = 0.005 (c) tolerance = 0.007 (d) tolerance = 0.01

Fig. 2: The above images show results from the stable-diffusion-3-medium model at
resolution 1024× 1024 with 25 sampling steps. The prompt used is “Abandoned church
in night”. The leftmost image corresponds to the Euler method, while the other three
images correspond to our proposed Euler + ParaFlow method with parallel window
size = 8 under different tolerance values (0.005, 0.007, 0.01).
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Table 3: Quantitative comparisons of different methods on Flux over 5, 000 random
samples at 1024 × 1024. The visual comparisons are shown in the Appendix of the
suplementary materials. The best results in each step are highlighted in bold. “↑"
(resp. “↓") means the larger (resp. smaller), the better. Note that Euler + ParaFlow
is evaluated with tolerance 0.01. The maximum iteration K is set to 25, 21, 18, 15 for
N = 100, 75, 50, 25 respectively. When r > 1, multi-GPU deployment is required to
alleviate computational burden.

Steps Method
Flux Model

Iters↓ NFE↓ CLIP↑ FID↓ Time (s)↓ Speedup↑

100
Euler (1 GPU) 100.00 100.00 32.31 61.47 87.94 1.0×

Euler + ParaFlow (r = 100, w/o estimate, 8 GPUs) 23.49 187.95 32.40 61.45 22.16 4.0×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 22.93 22.93 31.92 62.28 20.45 4.3×

75
Euler (1 GPU) 75.00 75.00 32.36 61.26 66.15 1.0×

Euler + ParaFlow (r = 75, w/o estimate, 8 GPUs) 19.32 154.54 32.42 61.74 18.38 3.6×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 20.90 20.90 31.92 61.76 18.47 3.6×

50
Euler (1 GPU) 50.00 50.00 32.38 61.36 44.38 1.0×

Euler + ParaFlow (r = 50, w/o estimate, 8 GPUs) 15.11 120.86 32.45 61.85 14.57 3.0×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 17.99 17.99 32.43 61.86 15.85 2.8×

25
Euler (1 GPU) 25.00 25.00 32.40 61.85 22.60 1.0×

Euler + ParaFlow (r = 25, w/o estimate, 8 GPUs ) 12.79 102.33 32.47 62.45 12.42 1.8×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 14.93 14.93 32.42 62.48 13.29 1.7×

5.2 Results on Flux

We further validate ParaFlow on the Flux model, examining its performance
across various sampling steps, resolutions, and window sizes.

Performance across different steps. We further validate ParaFlow on the Flux
model, as shown in Table 3. Due to the massive parameter scale of Flux, the
computational cost of sequential sampling is particularly high (e.g., 87.94s for
N = 100). In this context, ParaFlow demonstrates even more significant effi-
ciency gains than on smaller models. Our velocity approximation scheme (r =
1, N = 100) achieves a 4.3× wall-clock speedup (20.45s vs. 87.94s). This single-
GPU configuration is faster than the 8-GPU non-approximated baseline (r =
100, 22.16s). This suggests ParaFlow successfully eliminates the computational
“tax” (NFE overhead) that typically plagues parallel solvers. While the standard
parallel approach requires 187.95 NFEs, our approximation converges with a
mere 22.93 NFEs, a nearly 8× reduction in total computation.

Furthermore, ParaFlow maintains consistent acceleration across all step counts,
achieving 3.6×, 2.8×, and 1.7× speedups for 75, 50, and 25 steps, respectively.
The CLIP and FID scores for ParaFlow (r = 1) remain closely aligned with
the sequential Euler baseline across the board (e.g., FID of 62.28 vs. 61.47 at
N = 100). As shown in Figure 3, the perceptual details and semantic alignment
are perfectly preserved. These results confirm that ParaFlow offers a transfor-
mative speed-to-fidelity ratio, making high-end parallel sampling accessible on
standard hardware.
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(a) iter = 0 (b) iter = 3 (c) iter = 6 (d) iter = 9 (e) iter = 12 (f) iter = 14

Fig. 3: All images are generated by the FLUX.1-dev model with 50 sampling steps,
using the prompt “A peaceful mountain village surrounded by rolling hills and a
sparkling lake in the foreground, with fishermen casting their lines into the calm wa-
ters.” at resolution 1024×1024. The top row corresponds to the Euler method, while
the bottom row corresponds to our proposed Euler + ParaFlow method (parallel
window size = 8, tolerance = 0.01).

Table 4: Quantitative comparisons of Euler and Euler + ParaFlow on the Flux model
over 5, 000 random samples at 25 sampling steps. The best results in each resolution are
highlighted in bold for Iters, Time, and Speedup only. “↑" (resp. “↓") means the larger
(resp. smaller), the better. Note that Euler + ParaFlow is evaluated with tolerance 0.01
for 512 × 512 and 1024 × 1024, and 0.0028 for 2048 × 2048. When r > 1, multi-GPU
deployment is required to alleviate computational burden.

Resolution Method
Flux Model

Iters↓ NFE↓ CLIP↑ FID↓ Time (s)↓ Speedup↑

512×512
Euler (1 GPU) 25.00 25.00 32.19 59.97 11.31 1.0×

Euler + ParaFlow (r = 25, w/o estimate, 8 GPUs) 13.24 105.90 32.23 60.31 4.81 2.3×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 16.00 16.00 32.21 60.14 3.64 3.1×

1024×1024
Euler (1 GPU) 25.00 25.00 32.40 61.85 22.60 1.0×

Euler + ParaFlow (r = 25, w/o estimate, 8 GPUs) 12.79 102.33 32.47 62.45 12.42 1.8×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 14.93 14.93 32.42 62.48 13.29 1.7×

2048×2048
Euler (1 GPU) 25.00 25.00 31.34 63.49 109.55 1.0×

Euler + ParaFlow (r = 25, w/o estimate, 8 GPUs) 14.30 114.37 31.31 63.46 65.86 1.7×
Euler + ParaFlow (r = 1, w/ estimate, 1 GPU) 17.20 17.20 32.23 63.59 78.25 1.4×

Effect of resolution. Table 4 demonstrates ParaFlow’s scalability across differ-
ent image resolutions with a 25-step schedule. Our method delivers consistent
speedups: 2.3× at 512 × 512, 1.8× at 1024 × 1024, and 1.7× at 2048 × 2048.
Crucially, the impact on FID and CLIP scores remains minimal across all reso-
lutions, proving that ParaFlow’s benefits generalize effectively to both low- and
high-resolution synthesis. Complementary visual results are provided in Figure 4,
which illustrate that image fidelity is preserved across scales while the generation
time is substantially reduced.
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(a) 512 × 512 (b) 1024 × 1024 (c) 2048 × 2048

Fig. 4: All images are generated by the FLUX.1-dev model with 25 sampling steps.
The prompts used are: “Skier gliding over fresh powder” at resolution 512 × 512, “A
photographer focusing on the subject of a portrait, using natural light and composition
to capture the perfect shot.” at resolution 1024 × 1024, and “A charming farmhouse
exterior with a white picket fence, a covered porch, and a garden full of colorful flowers
and herbs.” at resolution 2048 × 2048. In each group, the left image corresponds to
the Euler method, while the right image corresponds to our proposed Euler +
ParaFlow method (parallel window size = 8, tolerance = 0.01, 0.01, and 0.0028 for
the three resolutions, respectively).

Table 5: Quantitative comparisons of different window sizes for the FLUX model over
5, 000 random samples at 512×512 with 50 sampling steps. The visual comparisons are
shown in the Appendix of the suplementary materials. The best results are highlighted
in bold. “↑" (resp. “↓") means the larger (resp. smaller), the better. Note that Euler
+ ParaFlow is evaluated with tolerance 0.01.

Method Window Size
Flux Model

Iters↓ NFE↓ CLIP↑ FID↓ Time (s)↓ Speedup↑

Euler 1 50.00 50.00 32.13 59.96 23.80 1.0×

Euler + ParaFlow (r = 50, 8 GPUs)

32 14.76 472.44 32.17 59.83 15.12 1.6×
24 14.75 354.02 32.17 59.83 12.21 1.9×
16 14.83 237.27 32.17 59.90 9.18 2.6×
8 15.44 123.51 32.16 59.82 5.58 2.8×

Effect of window size (p). We further analyze the influence of window size p
on ParaFlow, using a 50-step schedule at 512 × 512 resolution (Table 5). The
results reveal a clear trade-off: a smaller window size leads to a lower NFE and
faster wall-clock time, at the cost of slightly more iterations. The window size of
p = 8 provides the best balance, achieving a 2.8× speedup with almost identical
image quality to the standard Euler solver. This flexibility allows practitioners
to optimize ParaFlow for their specific hardware configurations. Figure 5 visu-
ally demonstrates this effect, showing that increasing the window size preserves
fidelity while offering varying levels of acceleration.

Effect of parallel model evaluation numbers (r). Table. 6 demonstrates that de-
creasing the number of parallel model evaluations (r) significantly enhances sam-
pling efficiency without compromising image quality. By lowering the evaluation
count from 50 down to 1, the total Number of Function Evaluations (NFE) drops
drastically from 472.44 to just 16.00. This substantial reduction in computational
overhead maximizes hardware efficiency and accelerates inference times. Specif-
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Table 6: Effect of parallel model evaluation numbers (r) for the FLUX model over
5, 000 random samples at 512×512 with 50 sampling steps. The visual comparisons are
shown in the Appendix of the suplementary materials. The best results are highlighted
in bold. “↑" (resp. “↓") means the larger (resp. smaller), the better. Note that Euler
+ ParaFlow is evaluated with tolerance 0.01, p = 50, and K = 16.

Method Model Evaluation Numbers (r)
Flux Model

Iters↓ NFE↓ CLIP↑ FID↓ Time (s)↓ Speedup↑

Euler 50 (1 GPU) 50.00 50.00 32.13 59.96 23.80 1.0×

Euler + ParaFlow

50 (8 GPUs) 14.76 472.44 32.14 59.94 18.31 1.3×
25 (8 GPUs) 14.32 368.02 32.15 59.97 12.53 1.9×
8 (8 GPUs) 13.58 116.34 32.17 59.94 8.50 2.8×
4 (4 GPUs) 15.34 64.98 32.16 59.95 7.93 3.0×
1 (1 GPU) 16.00 16.00 32.14 59.96 7.44 3.2×

(a) standard (b) size = 8 (c) size = 16 (d) size = 24 (e) size = 32

Fig. 5: The above images show results from the FLUX.1-dev model at resolution
512 × 512 with 25 sampling steps. The prompt used is “Library with lots of books
on the floor”. The leftmost image corresponds to the Euler method, while the other
four images correspond to our proposed Euler + ParaFlow method under different
parallel window sizes (8, 16, 24, 32) with tolerance fixed at 0.01.

ically, the speedup improves from 1.3× (taking 18.31 seconds on 8 GPUs for
r = 50) to a peak of 3.2× (taking 7.44 seconds on a single GPU for r = 1) com-
pared to the 23.80-second sequential baseline. Across all tested values of r, the
generation fidelity remains exceptionally stable, yielding almost identical CLIP
and FID scores. Ultimately, minimizing the evaluation count to r = 1 allows par-
allel sampling to achieve its highest wall-clock acceleration entirely on a single
GPU.

5.3 Additional Qualitative Evaluation

We also provide qualitative results in Appendix of the suplementary materials,
illustrating the images generated by ParaFlow on both Stable Diffusion 3 and
Flux. The samples demonstrate that ParaFlow preserves high perceptual quality
and semantic alignment while significantly reducing sampling time. Together
with the quantitative analyses, these results confirm ParaFlow as a general and
effective solution for fast and high-fidelity sampling.
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6 Conclusion

This paper presents ParaFlow, the first parallel sampling framework for Flow
Matching. By reformulating the ODE sampling process as a system of Non-
linear Equations (TNEs), we transform the autoregressive generation into a
parallelizable root-finding problem. Our velocity approximation, based on New-
ton’s divided difference, eliminates the typical computational overhead of parallel
samplers, achieving significant speedups with fewer total NFEs than sequential
baselines. Both theoretical analysis and empirical results confirm that ParaFlow
converges to the exact trajectory with a cubic error decay, delivering up to 4.3×
wall-clock speedup with negligible quality loss.
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