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Abstract
Speech enhancement (SE) based on diffusion probabilistic
models has exhibited impressive performance, while requiring a
relatively high number of function evaluations (NFE). Recently,
SE based on flow matching has been proposed, which showed
competitive performance with a small NFE. Early approaches
adopted the noisy speech as the only conditioning variable.
There have been other approaches which utilize speech en-
hanced with a predictive model as another conditioning variable
and to sample an initial value, but they require a separate predic-
tive model on top of the generative SE model. In this work, we
propose to employ an identical model based on flow matching
for both SE and generating enhanced speech used as an initial
starting point and a conditioning variable. Experimental results
showed that the proposed method required the same or fewer
NFEs even with two cascaded generative methods while achiev-
ing equivalent or better performances to the previous baselines.†

Index Terms: flow matching, diffusion, conditioning, genera-
tive model, speech enhancement

1. Introduction
Speech enhancement (SE) aims to restore clean speech signals
from those contaminated by environmental noises [1–15]. Tra-
ditional methods often utilize the statistical characteristics of
clean speech signals and environmental noises [2, 3], but most
of recent studies employ deep neural networks (DNNs) to esti-
mate clean speech signals [4–6]. Generative approaches that fo-
cus on modeling the underlying distribution of clean speech sig-
nals have recently been introduced [7–15]. Among them, the SE
based on diffusion probabilistic models which utilizes stochas-
tic differential equations (SDEs) have demonstrated remarkable
performance [10–15]. This class of approaches requires re-
peated evaluation of a DNN model that approximates the score
function to estimate clean speech. The number of times that the
DNN model is evaluated, called the number of function evalua-
tions (NFE), typically exceeds 25 [10–14], which may limit the
applicability of the diffusion model-based SE.

Flow matching (FM) to model continuous normalizing
flows (CNFs) which converts a random vector following a sim-
ple distribution into another one with a complex distribution
through invertible transformations has been proposed as an al-
ternative to the diffusion probabilistic models [16, 17]. The FM
with a conditional flow matching (CFM) loss and the optimal
transport (OT) conditional vector field showed faster sampling

†Our codes are available at online :
https://github.com/seongq/
cascadingtwoflowmatching

and better performance than the previous diffusion models in
several tasks [16, 17]. It has also been applied to speech pro-
cessing such as speech separation [18], speech enhancement
[18, 19], and audio-visual speech enhancement [20]. Among
them, the FlowSE in [19] adopts the noisy speech as an addi-
tional condition and modifies the OT conditional vector field so
that the mean of the conditional probability path moves linearly
from noisy speech to clean speech and the standard deviation
decreases linearly. It showed equivalent or better performance
to the previous diffusion model-based SE with a fewer NFE.

The DNN models that estimate scores in the diffusion
model-based SE or vector fields in the flow matching-based
SE have conditioning variables other than the state and noise
level at a specific time. Noisy speech is given to the model
in [10–13, 18–20], while speech enhanced with an additional
predictive SE model is used as a conditioning variable along
with noisy speech in [14, 21–23]. The utilization of the en-
hanced speech brought about performance improvement, but it
requires a separate predictive SE model.

In this paper, we propose a generative model that cascades
two flows for SE where two flows are approximated by a single
model. The first flow models the transformation from a random
vector following a simple distribution centered on noisy speech
to the one distributed by the probability distribution of clean
speech given noisy speech just like FlowSE. The output of the
first flow is used as an additional conditioning variable and the
mean of the starting point for the second flow. Experimental re-
sults showed that the proposed method outperformed previously
proposed approaches without increasing the total NFE.

2. Related Works
2.1. Diffusion model-based Speech Enhancement

In the diffusion model-based SE [7–13], a diffusion process de-
scribes gradual transformation of a clean speech sample x0 onto
the noisy speech y with additional Gaussian noise using a for-
ward SDE

dxt = f(xt, y, t)dt+ g(t)dwt, (1)

where t ∈ [0, T ], wt is a Brownian motion, and f and g are
called the drift and the diffusion coefficients, respectively. The
reverse SDE governing the reverse process that transforms xT
following N (y, σ2

T I) onto x0 is given by [24]

dxt =
[
f(xt, y, t)− g(t)2∇xt log pt(xt|y)

]
dt+ g(t)dw̄t

(2)
where ∇xt log pt(xt|y) called a score function is the gradient
of log for probability density function (pdf) of xt given y, and
w̄t is a reverse Brownian motion. The score function needed
to evaluate the SDE is approximated by a DNN called a score
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model sθ(xt, y, t). The score model is trained using the denois-
ing score matching (DSM) loss [24], LDSM , which is defined
as

LDSM := E
∥∥∥sθ(xt, y, t)−∇xt log pt(xt|x0, y)

∥∥∥2

(3)

where t is randomly chosen from U [0, T ], a uniform distribu-
tion between 0 and T , and xt is sampled from a distribution
pt(xt|x0, y) called the perturbation kernel which is a Gaussian
distribution determined by assumed f and g. It was reported
[7–13] that NFEs greater than 25 were required to achieve their
performances for those diffusion model-based SE models.

2.2. Flow Matching-based Speech Enhancement (FlowSE)

FlowSE [19] based on FM [16, 17] models a CNF which trans-
forms a random vector following p1(x1|y) := N (x1|y, σ2I),
where σ ≥ 0 is a hyperparameter, into a clean speech distribu-
tion given a noisy speech y q(x0|y) described by an ODE:

dψt(x1|y)
dt

:= vt(ψt(x1|y)|y), ψ1(x1|y) = x1, (4)

where ψt(x1|y) and vt(xt|y) conditioned on y are called a
flow and a vector field, respectively, and x1 ∼ p1(x1|y).
The goal of this formulation is to find the vector field or the
flow such that xt := ψt(x1|y) has a pdf pt(xt|y) satisfying
p0(x0|y) = q(x0|y). It is noted that the time index t in (4)
aligns with the diffusion model in the subsection 2.1, which
is not same as that in [19]. FlowSE employed the modified
OT conditional vector field with a conditional probability path
pt(xt|x0, y) = N (xt|µt(x0, y), σ

2
t I) in which

µt(x0, y) = (1− t)x0 + ty, σt = tσ. (5)

Then, the target vector field vt(xt|x0, y) becomes

vt(xt|x0, y) =
d
dt
σt

σt
(xt − µt(x0, y)) +

d

dt
µt(x0, y). (6)

The vector field model vθ(xt, y, t) is trained with the CFM loss
LCFM given by

LCFM := E∥vθ(xt, y, t)− vt(xt|x0, y)∥2, (7)

where t is from U [tδ, 1] with 0 < tδ < 1 and xt is from the
conditional probability path pt(xt|x0, y).

In the inference phase, vθ(xt, y, t) is numerically inte-
grated starting with x1 sampled from p1(x1|y). Euler method
is adopted as the numerical integrator in [19]. Given N time
points t0 = 0 < t1 = tδ < t2 < ... < tN = 1 in [0, 1], the
clean speech estimate x0 is generated from

xti−1 = xti + (ti−1 − ti)vθ(xti , y, ti). (8)

FlowSE with the NFE of 5 achieved performance comparable to
a diffusion-based model [13] with the NFE of 60 and the fine-
tuning method for the diffusion-based model [25] with the NFE
of 5 [19]. It was also shown that FlowSE can be interpreted as
a diffusion model-based SE model with a specific SDE [19].

2.3. Diffusion-based Stochastic Regenration Model for SE
(StoRM)

StoRM [14] consists of a predictive model and a generative
model based on a diffusion model. The predictive model de-
noted as Dϕ estimates a clean speech x0 from noisy speech y,

and the estimated speech Dϕ(y) is used as an additional input
to the score model sθ(xt, y,Dϕ(y), t) and also utilized to sam-
ple the starting point of the reverse process. The loss function
to train these models is the weighted summation of the mean
squared error (MSE) loss L1 for Dϕ and the DSM loss L2 for
the score model, i.e.,

LStoRM = αL1 + L2, (9)

where α > 0 is a hyperparameter and

L1 := E∥Dϕ(y)− x0∥2, (10)

L2 := E∥sθ(xt, y,Dϕ(y), t)−∇xt log pt(xt|x0, Dϕ(y))∥2,
(11)

with t from U [0, T ] and xt sampled from a perturbation kernel
pt(xt|x0, Dϕ(y)).

During the inference stage of StoRM, Dϕ(y) is evalu-
ated first and then a clean speech is estimated by integrating
the reverse SDE (2) starting from N (Dϕ(y), σ

2
T I) using the

score model sθ(xt, y,Dϕ(y), t) with conditioning variables y
and Dϕ(y). StoRM showed better performance than the early
diffusion-based model [10] with only noisy speech as a condi-
tioning variable [14].

3. Cascading Two Flows for Speech
Enhancement (CTFSE)

We design the first flow to transform a random vector x1 fol-
lowing p1(x1|y) = N (x1|y, σ2I) into a crude estimate of
clean speech, Dθ(x1, y), which is ideally distributed accord-
ing to q(x0|y). And then, the second flow starts with a sam-
ple drawn from a Gaussian distribution centered on Dθ(x1, y),
N (Dθ(x1, y), σ

2I), and then transforms it using the ODE in
(4) using the trained vector field model conditioned by both y
and Dθ(x1, y) to finally obtain x̃0. We use a single vector field
model vθ for both of the flows by configuring the conditioning
variable for the second flow to be a simple summation of y and
Dθ(x1, y), which is proven to work as a fusion method in many
researches [26–28]. The loss for the first flow is the CFM loss
in (7) :

L1 := E∥vθ(xt, y, t)− vt(xt|x0, y)∥2, (12)

where t is from U [tδ, 1] and xt follows pt(xt|x0, y). To con-
trol the computational complexity when two flows are adopted,
we fix the number of time steps for the first flow to 1. Then,
Dθ(x1, y) is obtained by a simple equation if the Euler method
is used for one time step:

Dθ(x1, y) = x1 − vθ(x1, y, 1). (13)

The loss for the second flow is again the CFM loss, with dif-
ferent conditioning variables in the vector field model and the
target conditional vector field:

L2 := E
∥∥∥vθ (x̃t, Dθ(x1, y) + y

2
, t

)
− vt (x̃t|x0, Dθ(x1, y))

∥∥∥2

,

(14)

where t is from U [tδ, 1] and x̃t is sampled from
pt(x̃t|x0, Dθ(x1, y)). Additionally, we use the CFM
loss L3 when t is fixed to 1, to enforce Dθ(x1, y) to be close
to x0:

L3 := E∥vθ(x1, y, 1)− v1(x1|x0, y)∥2, (15)

4864



1 2 3 4 5 6 7 8 9 10
NFE

2.71

2.82

2.92

3.02

3.13
WSJ0+CHiME3(H)

1 2 3 4 5 6 7 8 9 10
NFE

2.02

2.22

2.42

2.63

2.83
WSJ0+Reverb

1 2 3 4 5 6 7 8 9 10
NFE

2.31

2.41

2.50

2.60

2.69
WSJ0+CHiME3(L)

1 2 3 4 5 6 7 8 9 10
NFE

2.84

2.90

2.96

3.02

3.08
VB-DMD

FlowSE StoRM+FlowSE CTFSE

Figure 1: Comparison of WB-PESQ scores as a function of the
NFE for FlowSE, StoRM+FlowSE, and CTFSE.

where x1 follows p1(x1|x0, y). It can be shown that L3 be-
comes the MSE loss between Dθ(x1, y) and a clean speech x0.
The total loss LCTF for training is given as a weighted summa-
tion of L1,L2 and L3

LCTF := λ1L1 + λ2L2 + λ3L3 (16)

where λ1, λ2, λ3 ≥ 0 are hyperparameters. It is noted that we
use the identical model vθ to produce Dθ(x1, y) and to model
the second flow, while StoRM used two different models.

In the inference phase of CTFSE, x1 is sampled from
p1(x1|y) first and using the Euler method with only one time
point, Dθ(x1, y) is generated by (13). Given N time points
t0 = 0 < t1 = tδ < t2 < ... < tN = 1, a clean speech
estimate x̃0 is generated by the Euler method

x̃tN ∼ N (Dθ(x1, y), σ
2I)

x̃ti−1 = x̃ti + (ti−1 − ti)vθ

(
x̃ti ,

Dθ(x1, y) + y

2
, ti

)
.

(17)

4. Experimental settings
We evaluated the performance of the proposed and com-
pared methods for two versions of WSJ0+CHiME3 dataset,

WSJ0+Reverb dataset, and VoiceBank-DEMAND (VB-DMD)
dataset. WSJ0+CHiME3 (H) and WSJ0+CHiME (L) datasets
were constructed by mixing clean speech utterances from the
Wall Street Journal (WSJ0) dataset [29] and environmental
noises from the CHiME3 [30] dataset with the signal-to-noise
ratio (SNR) between 0 and 20 dB for WSJ0+CHiME3 (H), and
-4 and 16 dB for WSJ0+CHiME3 (L). WSJ0+Reverb was con-
structed convolving each utterance from the WSJ0 dataset with
a simulated room impulse response (RIR) as in [14]. The di-
mension of the room was randomly chosen from [5,15], [5,15],
and [2,6] m for the length, width, and height, respectively, and
the T60 was selected in [0.4,1.0] s. Then anechoic target speech
is generated by simulating the same room with an absorption
coefficient of 0.99. These three datasets, WSJ0+CHiME3 (H),
WSJ0+CHiME3 (L) and WSJ0+Reverb, were created using the
source codes1 provided by the authors of [14]. The VB-DMD
dataset [31], which is publicly available, is generated by mix-
ing clean speech from the VCTK dataset [32] with eight real-
recorded noise samples from the DEMAND database [33] and
two artificially generated noise samples (babble and speech
shaped) at SNRs of 0,5,10, and 15 dB. The SNRs for the test
set are 2.5, 7.5, 12.5 and 17.5 dB.

The clean and noisy speech signals, x0, y, are the
magnitude-compressed complex-valued spectrograms in
CK×F as in [14]. We used a lighter configuration of the
NCSN++ architecutre denoted NCSN++M as in [14, 34] for
the neural network vθ . NCSN++M has 27.8 M parameters,
while NCSN++ has 65.0 M parameters. We trained the neural
network vθ using Adam optimizer [35] with a learning rate of
0.0001 and a batch size of 4. An exponential moving average
with a decay of 0.999 was utilized. tδ and σ were set to 0.03
and 0.5, respectively. We set λ1 = λ2 = λ3 = 1 in (16). We
trained the model for a maximum of 1,000 epochs with early
stopping based on the validation loss with a patience of 50
epochs. For the generation process in the subsection 3.2, the
time points 0 = t0 < t1 = tδ < t2 < ... < tN = 1 were
chosen so that ti−1 − ti has the same value for i ∈ {2, ..., N}
for N ≥ 2. In the case of N = 1, we set t0 = 0 and t1 = 1.

The diffusion model-based SE method SGMSE+M [14],
StoRM [14] with a predictive model and a score model, and
a flow matching-based model FlowSE [19] were compared
with the proposed CTFSE. Additionally, we have implemented
the StoRM system with a flow matching-based second stage,
StoRM+FlowSE, and compared it with other systems. All ar-
chitectures for the neural networks were NCSN++M and only
the number of conditioning variables differ from each other.
For numerical intergration for SDEs, we adopted the predictor-
corrector scheme [24] with the Euler-Maruyama method as a
predictor and one step of annealed Langevin dynamics cor-
rection for SGMSE+M and StoRM, and the Euler method for
FlowSE and StoRM+FlowSE for ODEs. We utilized the pre-
trained SGMSE+M, StoRM models from checkpoints1 shared
by the authors of [14], and implemented the remaining baseline
models.

We have evaluated the wideband extension to percep-
tual evaluation of speech quality (WB-PESQ) scores [36],
Deep Noise Supression mean opinion score (DNSMOS) [37],
Extended Short-Time Objective Intelligibility (ESTOI) [38],
Scale-Invaraiant Signal-to-Distortion Ratio (SI-SDR) [39],
wav2vec MOS (WVMOS) [40], and DNSMOS P.835 includ-
ing SIG, BAK and OVRL [41].

1 https://github.com/sp-uhh/storm
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Table 1: Speech enhancement performances for proposed and compared methods on the WSJ0+CHiME3 (H), WSJ0+CHiME3 (L),
WSJ0+REVERB and VB-DMD datasets. ∗ indicates that the results of the model come from checkpoints shared by the authors of [14].

Tranined and Tested on WSJ0+CHiME3 (H)
METHOD NFE WB-PESQ ESTOI SI-SDR WVMOS DNSMOS SIG BAK OVRL
SGMSE+M 100 2.82±0.04 0.92±0.00 17.44±0.34 3.77±0.02 3.93±0.02 3.55±0.01 4.19±0.00 3.33±0.01

StoRM 101 2.91±0.04 0.92±0.00 17.73±0.33 3.77±0.03 4.00±0.01 3.60±0.01 4.12±0.01 3.32±0.01
FlowSE 6 3.02±0.04 0.93±0.00 18.71±0.34 3.86±0.03 4.03±0.01 3.60±0.01 4.16±0.00 3.35±0.01

StoRM+FlowSE 6 3.03±0.04 0.93±0.00 18.83±0.34 3.86±0.03 4.04±0.01 3.60±0.01 4.19±0.00 3.37±0.01
CTFSE 6 3.12±0.04 0.94±0.00 19.37±0.33 4.02±0.02 4.05±0.01 3.60±0.01 4.19±0.00 3.37±0.01
CTFSE 7 3.13±0.04 0.94±0.00 19.20±0.33 3.96±0.02 4.05±0.01 3.60±0.01 4.19±0.00 3.37±0.01

Tranined and Tested on WSJ0+CHiME3 (L)
METHOD NFE PESQ ESTOI SI-SDR WVMOS DNSMOS SIG BAK OVRL

SGMSE+M∗ 100 2.30±0.05 0.85±0.01 13.19±0.38 3.65±0.03 3.83±0.02 3.51±0.01 4.19±0.00 3.28±0.01
StoRM∗ 101 2.55±0.05 0.88±0.01 14.91±0.33 3.73±0.03 4.00±0.01 3.57±0.01 4.05±0.01 3.26±0.01
FlowSE 5 2.64±0.05 0.89±0.01 15.34±0.33 3.72±0.03 4.01±0.01 3.57±0.01 4.19±0.00 3.34±0.01

StoRM+FlowSE 6 2.61±0.05 0.89±0.01 15.46±0.33 3.69±0.03 4.02±0.01 3.59±0.01 4.18±0.00 3.35±0.01
CTFSE 5 2.64±0.05 0.89±0.01 15.96±0.33 3.85±0.03 4.01±0.02 3.57±0.01 4.20±0.00 3.34±0.01
CTFSE 9 2.69±0.05 0.89±0.01 15.34±0.33 3.71±0.03 4.03±0.01 3.60±0.01 4.19±0.00 3.36±0.01

Tranined and Tested on WSJ0+Reverb
METHOD NFE PESQ ESTOI SI-SDR WVMOS DNSMOS SIG BAK OVRL

SGMSE+M∗ 100 2.33±0.03 0.82±0.01 -0.21±0.67 3.43±0.03 3.89±0.02 3.20±0.02 4.05±0.01 2.84±0.02
StoRM∗ 101 2.52±0.03 0.85±0.00 5.54±0.32 3.61±0.03 3.97±0.01 3.29±0.02 4.10±0.01 2.98±0.02
FlowSE 9 2.51±0.03 0.85±0.00 4.01±0.35 3.59±0.03 3.99±0.01 3.24±0.02 4.13±0.00 2.91±0.02

StoRM+FlowSE 9 2.70±0.03 0.87±0.00 6.37±0.29 3.74±0.02 4.01±0.01 3.25±0.02 4.13±0.00 2.92±0.02
CTFSE 9 2.83±0.03 0.89±0.00 7.25±0.30 3.77±0.02 4.01±0.01 3.27±0.02 4.13±0.00 2.95±0.02

Tranined and Tested on VB-DMD
METHOD NFE PESQ ESTOI SI-SDR WVMOS DNSMOS SIG BAK OVRL
SGMSE+M 100 2.80±0.04 0.86±0.01 16.19±0.39 4.27±0.02 3.54±0.02 3.48±0.01 3.95±0.02 3.15±0.02

StoRM∗ 101 2.90±0.04 0.87±0.01 18.48±0.23 4.29±0.02 3.56±0.02 3.50±0.01 4.02±0.01 3.20±0.01
FlowSE 5 2.98±0.05 0.87±0.01 18.97±0.23 4.30±0.02 3.58±0.02 3.48±0.01 4.05±0.01 3.20±0.01

StoRM+FlowSE 6 2.99±0.05 0.87±0.01 18.65±0.24 4.26±0.03 3.58±0.02 3.49±0.01 4.02±0.01 3.20±0.01
CTFSE 5 3.05±0.05 0.88±0.01 19.13±0.24 4.26±0.03 3.58±0.02 3.48±0.01 4.03±0.01 3.20±0.01
CTFSE 7 3.08±0.05 0.87±0.01 18.97±0.24 4.26±0.02 3.58±0.02 3.49±0.01 4.03±0.01 3.20±0.01

5. Results

Table 1 summarizes the performances with 95% confidence in-
tervals and NFEs for the proposed and compared methods on
the four datasets, WSJ0+CHiME3 (H), WSJ0+CHiME3 (L),
WSJ0+Reverb, and VB-DMD. The NFEs for SGMSE+M and
StoRM were set to 100 and 101 as in [14], and those for
FlowSE, StoRM+FlowSE and CTFSE were selected to maxi-
mize the average WB-PESQ scores. For fair comparison, the
performances for the CTFSE with the NFE of 5 or 6 are also
shown when the compared methods have lower NFE of 5 or
6. On average, the proposed CTFSE showed the best perfor-
mance for most of the mesures with the NFE less than 10. Com-
pared with StoRM+FlowSE which had the same NFE but twice
the parameters, the proposed CTFSE exhibited similar or better
performances and the performance improvement was bigger for
WSJ0+CHiME3 (H) and WSJ0+Reverb.

Figure 1 shows the WB-PESQ scores as a function of NFE
for FlowSE, StoRM+FlowSE, and CTFSE. We can see that
CTFSE outperformed other methods at the same NFE except
for the WSJ0+CHiME3 (L) with the NFE less than 5.

6. Conclusion
In this work, we proposed a speech enhancement cascading two
flows with the same vector field model. The first flow produces
the crude estimate of clean speech which is used as the mean
of the starting point of the second flow and summed up to noisy
speech to be used as a conditioning variable for the second flow.
The loss function to train the vector field model is the weighted
combination of the CFM losses for two flows. Experimental
results demonstrated that the proposed method showed compa-
rable or better performance to the previously proposed diffusion
model- or flow matching-based SE methods for four datasets.
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