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Abstract
Diffusion models based on stochastic differential equations
have been shown to be effective in speech enhancement, a task
of recovering clean speech signals from noisy speech signals.
However, these models are limited by computational complex-
ity, mainly due to the large number of function evaluations re-
quired in the reverse diffusion process. To address this lim-
itation, we propose the locally aligned rectified flow (LARF)
model, a diffusion model based on ordinary differential equa-
tions that learns a transport mapping between the distributions
of clean and noisy speech features. By introducing global and
local flow matching losses, LARF restricts the transport map-
ping to be as straight as possible, resulting in a reduction in
the number of function evaluations. In experiments, we demon-
strate the effectiveness of LARF on the two speech enhance-
ment datasets: WSJ0-CHiME3 and VoiceBank-DEMAND. On
WSJ0-CHiME3, LARF achieved a PESQ of 2.95 and an SI-
SDR of 19.3 with a single step.
Index Terms: speech enhancement, diffusion model, rectified
flow model

1. Introduction
Speech enhancement (SE) aims to improve the intelligibility
and quality of speech by reducing environmental noise with-
out distorting the original speech signals [1, 2]. SE has been
extensively studied in the field of speech and signal process-
ing. Proposed approaches range from statistical methods [3] to
deep learning methods [4, 5, 6]. Recently, the effectiveness of
deep generative models based on diffusion processes, so-called
diffusion models, has been demonstrated [7, 8, 9, 10, 11].

Most diffusion models for SE are based on stochastic dif-
ferential equations (SDEs) that model transport mappings be-
tween distributions of noisy and clean speech signals [7, 8, 9].
An SDE-based diffusion model typically includes forward and
reverse SDEs [12]. The forward SDE describes the diffusion
process, where Gaussian noise is iteratively added to clean
speech. The reverse SDE inverts the forward SDE, thereby
reducing noise and enhancing speech. A neural network is
trained to solve the reverse SDE. SDE-based diffusion mod-
els often achieve high-quality SE. However, solving the reverse
SDE is time-consuming and often requires more than ten neu-
ral network evaluations. This is mainly because SDEs involve
a Wiener process that predisposes the transport mappings to be
on-straight flow.

To reduce the computational cost, some recent work has fo-
cused on diffusion models based on ordinary differential equa-
tions (ODEs). For example, the flow matching model [13]
formulates the vector field via an ODE. The rectified flow
model [14] more concisely learns an ODE to make the paths

that connect the points drawn from two distributions as straight
as possible. Several studies have applied ODE-based mod-
els to speech processing tasks such as text-to-speech synthe-
sis [15, 16]. Richter et al. [8] evaluated a probability flow
ODE sampler for SE; however, they concluded that an SDE-
based predictor-corrector sampler is better. Although ODE-
based models have the potential to reduce computational costs,
their application to SE remains challenging.

The present study proposes the locally aligned rectified flow
(LARF) model, an ODE-based model for SE. LARF restricts
the transport mapping between distributions of clean and noisy
speech signals to be as straight as possible by applying global
and local flow matching losses. The global flow matching loss
is imported from the original rectified flow [14]. It aligns the
velocity flow Vt at each time t with the global straight flow
Vglobal = Z1−Z∗

0 , where Z1 is a noisy speech feature and Z∗
0 is

the corresponding clean speech feature. The local flow match-
ing loss further facilitates the transport mapping have straight
paths by aligning Vt with nearby flow Vlocal. We also develop a
neural network architecture for LARF. More specifically, we in-
troduce a velocity flow network that has an efficient two-stream
U-Net architecture for SE. To demonstrate the effectiveness of
the proposed method, we compare LARF with the SDE-based
methods including SGMSE+ [8] in experiments on the WSJ0-
CHiME3 and VoiceBank-DEMAN datasets.

2. Related Work
Speech enhancement models. Both discriminative and gener-
ative approaches have been proposed for SE models [17]. The
former directly learn the mapping from noisy speech signals to
clean speech signals. Example models include the DNN-based
regression model [18] and Conv-TasNet [4]. The latter learn
an a prior distribution over clean speech data using generative
models such as generative adversarial networks (GANs) and
variational autoencoders (VAEs). For example, SEGAN [19] is
a GAN-based fully convolutional network for SE. The stochas-
tic temporal convolutional network [20] is a VAE-based model
that incorporates the hierarchy of stochastic latent variables.
The dynamical VAE [6] models the temporal dependencies be-
tween successive observation and latent variables. Recently,
a number of studies have shown the effectiveness of diffu-
sion models for SE. For example, CDiffuse [9] applies a con-
ditional diffusion probabilistic model in the reverse process.
SRTNet [21] uses a diffusion model as a module for stochas-
tic refinement. SGMSE and SGMSE+ [7, 8] are score-based
diffusion models designed for SE. Some studies have investi-
gated hybrid approaches, including discriminative learning us-
ing GANs [5, 22] and predictive learning using diffusion models
[10, 11].
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Figure 1: Framework of LARF. (a) Interpolation point Z∗
t between a clean speech feature Z∗

0 = ϕ(X) and a noisy speech feature
Z1 = ϕ(Y ). (b) Global flow matching at Z∗

t , where mean squared error between global straight flow Vglobal (blue) and velocity vector
V ∗
t (red) is minimized. (c) Local flow matching at Z∗

t , where mean squared error between local flow Vlocal (green) and velocity vector
V ∗
t (red) is minimized.

Diffusion formulations. The denoising diffusion probabilistic
model (DDPM) [23] for image generation was the first model
that formulated generative deep learning using the diffusion
process. It was extended to score-based formulations using
SDEs [24, 12, 25]. Instead of formulating the reverse diffu-
sion process using SDEs, it is also possible to use ODEs such
as the probability flow ODE [12]. ODE-based sampling is often
faster than SDE-based sampling [26, 27]. Recent methods have
applied ODE-based formulations for training diffusion models.
Examples include the flow matching model [13] and the recti-
fied flow model [14].

3. Locally Aligned Rectified Flow Model
This section describes the proposed LARF model for SE, which
is an ODE-based model designed to learn the transport map-
ping between the feature distributions of clean and noisy speech
signals. Our method extends the concept of diffusion models,
aligning with adaptations in the field that transfer noisy data to
clean data across different domains.

3.1. Overview

Problem setting. Following previous studies [9, 8], we assume
that a dataset Dtrain that consists of pairs of clean and noisy
speech signals is given for training. The goal is to train a model
that recovers clean speech signals X from audio recordings Y
that are affected by environmental noise.
Velocity model. LARF learns velocity model fθ , where θ is a
set of learnable parameters. It estimates the transport mapping
from the distribution of noisy speech features to that of clean
speech features. More specifically, given a noisy speech signal
Y as input, the inference procedure for SE is written as follows:

Z1 = ϕ(Y ), Z0 =

∫ 0

1

fθ̂(Zt, t)dt, X̂ = ψ(Z0), (1)

where ϕ is an invertible feature extractor, ψ = ϕ−1 is the in-
verse of the feature extractor, X̂ is the output enhanced speech,
and θ̂ is a set of trained parameters. We use the short-time
Fourier transform (STFT) and the inverse STFT for ϕ and ψ,
respectively (see Sec. 3.3 for details). Note that in practice,
the integration is approximated discretely with multiple steps.
The number of these steps, which corresponds to the number of
function evaluations, is denoted as T .

3.2. Training method

The differential form of Eq. (1) is the following ODE:

dZt = fθ(Zt, t)dt. (2)

LARF makes the transport mapping as straight as possible dur-
ing training with two loss functions, namely global flow match-
ing (GFM) loss and local flow matching (LFM) loss. Note that
straight transport mapping helps reduce the number of function
evaluations because it improves the accuracy of the approximate
integration. Figure 1 shows the proposed framework.
1) GFM loss. Following the original rectified flow model [14],
LARF aligns the velocity vectors Vt = fθ(Zt, t) with the global
straight flow Vglobal = Z1 − Z∗

0 , where Z1 = ϕ(Y ) is a noisy
speech feature and Z∗

0 = ϕ(X) is the corresponding clean
speech feature. This global alignment is enforced by minimiz-
ing the following GFM loss:

LGFM =

∫ 1

0

E(X,Y )

[
∥Vglobal − V ∗

t ∥
2
2

]
dt, (3)

where V ∗
t = fθ(Z

∗
t , t) is the velocity vector evaluated at the

interpolation point Z∗
t = tZ1 + (1 − t)Z∗

0 between the clean
and noisy speech features (Figure 1a).

Figure 1b shows a diagram that explains GFM loss. Given
a pair (X,Y ) ∈ Dtrain of clean and noisy speech signals, the
feature extractor ϕ is first applied to each signal to obtain two
embeddings, namely Z∗

0 and Z1 (Figure 1a). Then, the velocity
vector V ∗

t (red arrow) is aligned with the global straight flow
Vglobal (blue arrow) by minimizing the GFM loss (Figure1b).
2) LFM loss. To further facilitate the flow alignment, we intro-
duce the following LFM loss:

LLFM =

∫ 1

0

E(X,Y )

[
∥Vlocal − V ∗

t ∥
2
2

]
dt, (4)

where V ∗
t = fθ(Z

∗
t , t) is the velocity vector at Z∗

t and Vlocal is
the velocity vector in the neighborhood of Z∗

t . We define the
vector Vlocal as follows:

Vlocal = fθ(Z
∗
t + δV ∗

t , t+ δ), (5)

where δ is a randomly sampled small step size.
Figure 1c shows a diagram that explains LFM loss. Af-

ter calculating the velocity vector V ∗
t at Z∗

t (red arrow), we
evaluate the velocity vector Vlocal at the expected next position
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Figure 2: Network architecture for VFN. (a) Two-stream U-Net
for fθV . (b) Residual block for Down, Bottleneck and Up layers.

Z∗
t + δV ∗

t (green arrow). The red and green arrows are aligned
by minimizing the LFM loss. This helps to keep local velocity
flows as straight as possible.
Total loss. Finally, the total loss for training is given by

L = LGFM + λLLFM (6)

where λ ≥ 0 is a hyperparameter. The training algorithm is
summarized in Algorithm 1.

3.3. Velocity flow network for speech enhancement

We introduce a neural network, referred to as a velocity flow
network (VFN), for the LARF model. As shown in Figure 2,
VFN is a two-stream architecture that takes as inputs the real
and imaginary parts of complex spectrograms Z. Each stream
is a U-Net inspired by NCSN++ [12] with 13M parameters.
Input features. Complex spectrograms are used as input fea-
tures. Specifically, given an input speech signal X , complex
spectrograms Z = ϕ(X) ∈ CT,F are extracted by the STFT
with amplitude transformation [8], where T is the number of
time frames and F is the number of frequency bins.
Architecture details. Each U-Net consists of 1) a Conv1D
layer, 2) a Conv2D input layer, 3) three Down layers, 4) a Bot-
tleneck layer, 5) three Up layers, 6) a Conv2D output layer, and
7) a TransConv1d layer.
1) Conv1D layer. This layer applies a one-dimensional convolu-
tion operation to the dimension of frequency bins, followed by
a tanh activation function. The kernel size, stride, and padding
are set to 3, 2, and 1, respectively. The number of output chan-
nels is 1.
2) Conv2D input layer. This layer extends the number of chan-
nels from 1 to 64 by applying a two-dimensional convolution
operation. The kernel size, stride, and padding are set to (3, 3),
(1, 1), and (1, 1), respectively.
3-5) Down, Bottleneck, and Up layers. This part is imported
from NCSN++. Each Down layer consists of four residual
blocks (Figure 2b). The first and second Down layers have
an additional residual block for downsampling followed by a
two-dimensional convolution operation. The Bottleneck layer
consists of two residual blocks, with an attention module using
a single attention head in between. Each Up layer consists of
five residual blocks with two-dimensional transposed convolu-
tion operations. The first and second Up layers have an addi-
tional residual block for upsampling. The time step embedding
obtained from a Fourier embedding layer followed by two lin-
ear layers each with SiLU is fed into each block. The number

Algorithm 1 Training algorithm for LARF

Input: Feature extractor ϕ,Velocity model fθ,
Training dataset Dtrain, Hyperparameters λ .

Output: Trained parameter θ̂
repeat

Draw a minibatch {(Xi, Yi)}Bi=1 from Dtrain.
t ∼ Uniform([0, 1]), δ ∼ Uniform([0, 1− t])
for i = 1, 2, · · ·B do
Z∗

i,0 ← ϕ(Xi), Zi,1 ← ϕ(Yi) # feature extraction
Z∗

i,t ← tZi,1 + (1− t)Z∗
i,0 # interpolation

V ∗
i,t ← fθ(Z

∗
i,t, t) # velocity vector

Vi,global ← Zi,1 − Z∗
i,0 # global flow for Eq. (3)

Vi,local←fθ(Z
∗
i,t + δV ∗

i,t, t+ δ) # local flow for Eq. (4)
end for
L = 1

B

∑
i(∥Vi,global − V ∗

i,t∥22 + λ∥Vi,local − V ∗
i,t∥22)

θV ← θV − η∂θV L
until convergence

of input and output channels and hyperparameters are detailed
in Figure 2.
6) Conv2d output layer. This layer consists of a group normal-
ization followed by a two-dimensional convolution operation.
The kernel size, stride, and padding are set to (3, 3), (1, 1), and
(1, 1), respectively.
7) TransConv1d layer. This layer applies a one-dimensional
transposed convolution operation to the dimension of frequency
bins. The kernel size, stride, and output padding are set to 2, 2,
and 1, respectively.

4. Experiments
4.1. Experimental settings

Datasets. For evaluation, we used two datasets: WSJ0-
CHiME3 (WSJ0-C3) and VoiceBank-DEMAND (VBD), both
sampled at 16kHz. The WSJ0-C3 dataset consists of clean
speech utterances from the Wall Street Journal dataset [28] and
noise signals from the CHiME3 dataset [29]. The signal-to-
noise ratio (SNR) was uniformly distributed between 0 and 20
dB. The training, validation, and test sets consisted of 12,777,
1,206 and 651 utterances, respectively. The VBD dataset [30]
consists of clean speech utterances from the VCTK corpus [31].
The noise signals include eight real-recorded noise signals from
the DEMAND database [32] and artificial babble and speech-
shaped noise. The SNRs were 0, 5, 10, and 15 dB for training
and 2.5, 7.5, 12.5, and 17.5 dB for testing. The training and
test sets consisted of 11,572 and 824 utterances, respectively.
Two speakers in the training set (p226 and p287) were used for
validation.
Evaluation metrics. We used five metrics for evalua-
tion, namely the perceptual evaluation of speech quality
(PESQ) [33], the extended short-time objective intelligibility
(ESTOI) [34], the scale-invariant signal-to-distortion ratio (SI-
SDR), the scale-invariant signal-to-interference ratio (SI-SIR),
and the scale-invariant signal-to-artifact ratio (SI-SAR) [35]. A
single Tesla P100 GPU was used to evaluate computation time.
Baseline. We selected two SDE-based methods, namely CD-
iffuse [9] and SGMSE+ [8], as baselines. We used the models
provided by the authors.
Training. We used the Adam optimizer with an initial learning
rate of 0.01 and default hyperparameters in PyTorch for 300k
iterations. The batch size was 8. The loss weight was set to
λ = 1.0. The input and output tensor shapes are shown in
Figure 2a. The time step embedding has 256 dimensions.
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Table 1: Comparison of LARF with SDE-based diffusion models. Steps: the number of steps. RTF: real-time factor.

Method Steps RTF WSJ0-C3 VBD
PESQ ESTOI SI-SDR SI-SIR SI-SAR PESQ ESTOI SI-SDR SI-SIR SI-SAR

Mixture – – 2.01±0.55 0.81±0.12 13.5±4.7 18.7±5.5 15.4±4.7 1.98±0.76 0.79±0.15 8.4±5.6 8.5±5.6 47.5±10.4

CDiffuse [9] 200 1.34 2.27±0.51 0.83±0.09 9.2±2.3 19.8±5.9 10.0±2.3 2.52±0.58 0.79±0.10 12.4±2.8 19.8±6.0 13.8±1.8

SGMSE+ [8] 1 0.074 1.13±0.22 0.01±0.02 −27.7±1.3 26.6±10.5−27.7±1.3 1.06±0.10 0.02±0.02 −25.3±1.7 23.3±9.9 −25.3±1.7

SGMSE+ [8] 10 0.707 1.86±0.25 0.88±0.06 12.9±1.9 31.1±6.3 13.0±1.9 1.63±0.23 0.80±0.10 14.2±2.5 27.5±6.4 14.6±2.2

SGMSE+ [8] 20 1.40 2.89±0.52 0.92±0.06 17.9±4.0 31.7±4.8 18.1±4.1 2.73±0.50 0.88±0.08 18.5±3.2 29.7±3.8 18.9±3.3

SGMSE+ [8] 30 2.10 2.96±0.550.92±0.06 18.3±4.4 31.1±4.6 18.6±4.5 2.93±0.620.87±0.10 17.3±3.4 29.1±5.8 18.0±3.4

LARF (Ours) 1 0.0872.95±0.580.92±0.06 19.3±4.5 25.2±5.3 20.7±4.4 2.97±0.700.87±0.10 19.2±3.7 26.4±5.6 20.7±3.7

Table 2: Results obtained with various strides for Conv1D and
TransConv1D layers.

Stride RTF PESQ ESTOI SI-SDR SI-SIR SI-SAR

1 0.145 2.68±0.61 0.93±0.06 19.7±4.4 30.2±5.2 20.2±4.5

2 0.087 2.95±0.58 0.92±0.06 19.3±4.5 25.2±5.3 20.7±4.4

4 0.060 2.22±0.58 0.79±0.12 10.6±4.1 22.1±6.1 11.0±3.9

Table 3: Results obtained with various numbers of steps.

Steps RTF PESQ ESTOI SI-SDR SI-SIR SI-SAR

1 0.087 2.95±0.58 0.92±0.06 19.3±4.5 25.2±5.3 20.7±4.4

2 0.131 2.95±0.58 0.92±0.06 19.3±4.5 25.3±5.4 20.7±4.4

3 0.178 2.95±0.58 0.92±0.06 19.3±4.5 25.4±5.4 20.6±4.4

4.2. Experimental results

Comparison with SDE-based methods. Table 1 compares
LARF with SDE-based methods. As shown, LARF achieves
a performance comparable to that of SGMSE+, which has 30
steps, in just one step with an exception of SI-SIR. The compu-
tational time is reduced by 95.9%. This result demonstrates the
effectiveness and efficiency of the proposed method.
Conv1D layer. The first Conv1D layer of VFN applied to the
dimension of frequency bins reduces the dimension from F to
F/s, where F is the number of frequency bins and s is the
stride hyperparameter. Thus, the stride of this layer is a fac-
tor in reducing computation time. Table 2 shows the results for
s = 1, 2, and 4. As shown, s = 2 yields the best performance
with the proposed VFN architecture. For s = 1, the decrease in
performance is probably due to the network size being too small
to learn the velocity vector with the full dimension of F . Note
that SGMSE+ utilizes NCSN++ with 65M parameters, whereas
VFN utilizes two U-Nets, each with 13M parameters. There
could be more efficient and effective architectures for stride val-
ues other than 2. Optimal architectures will be considered in
future work.
Two-stream architecture. Table 4 compares one- and two-
stream architectures. As shown, the two-stream architecture
outperforms the one-stream architecture. When the transport
mapping from noisy speech features to clean speech features
is restricted to be as straight as possible with LARF, the two-
stream architecture improves performance because it makes two
independent paths for the real and imaginary parts.
Number of steps. Table 3 shows the results for few steps. We
did not observe any significant improvement by increasing the
number of steps because the performance is saturated with a
single step.
Ablation study. We performed an ablation study to verify the

Table 4: Comparison of one- and two-stream architectures.
One: one-stream architecture with two channels for real and
imaginary parts. Two: two-stream architecture used in VFN.

Arc. RTF PESQ ESTOI SI-SDR SI-SIR SI-SAR

One 0.060 2.19±0.61 0.85±0.11 14.8±5.3 17.9±5.9 17.8±4.9

Two 0.087 2.95±0.58 0.92±0.06 19.3±4.5 25.2±5.3 20.7±4.4

Table 5: Results of ablation study with respect to loss.

Loss PESQ ESTOI SI-SDR SI-SIR SI-SAR

LARF 2.95±0.58 0.92±0.06 19.3±4.5 25.2±5.3 20.7±4.4

w/o LGFM 1.70±0.50 0.78±0.14 9.8±5.9 9.8±5.9 44.6±5.5

w/o LLFM 2.89±0.58 0.92±0.07 19.0±4.5 25.4±5.3 20.2±4.5

Table 6: Results for the mismatched condition. SGMSE+ uses
30 steps. LARF uses a single step.

Loss PESQ ESTOI SI-SDR SI-SIR SI-SAR

SGMSE+ 2.48±0.58 0.90±0.07 16.2±4.1 28.9±4.6 16.4±4.1

LARF 2.73±0.56 0.91±0.07 17.6±4.5 24.3±5.3 18.8±4.4

effectiveness of each loss function. As shown in Table 5, the
combination of GFM loss and LFM loss improves performance.
Mismatched condition. Table 6 shows results for the mis-
matched condition where models are trained on VBD and tested
on WSJ0-C3. LARF with a single step outperformed SGMSE+
across the four metrics, especially in PESQ.

5. Conclusion
In this study, we proposed the LARF model, an OED-based
model using rectified flow, for SE. With GFM loss and LFM
loss, LARF restricts the transport mapping between clean and
noisy speech features to be as straight as possible, resulting in a
significant reduction in the number of function evaluations. Ex-
periments showed the effectiveness of the proposed method on
the WSJ0-C3 and VBD datasets.
Future research direction. This work compared generative ap-
proaches based on ODEs with those based on SDEs. A combi-
nation of recent predictive approaches [10, 36] has the potential
to further reduce the computational cost and improve the qual-
ity of SE. The introduction of streaming architectures to apply
diffusion models to real-time applications should also be exam-
ined.
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