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Abstract
Schrödinger Bridge-based diffusion models have demon-
strated promising performance in signal denoising. However,
since ground truth signals are unavailable during the sam-
pling process, neural networks must be employed to learn
the mapping, which breaks the theoretical coupling between
diffusion and sampling processes. This paper reveals a criti-
cal inconsistency between the theoretical diffusion path and
the learned sampling trajectory across different frequency
bands. This diffusion-sampling inconsistency directly under-
mines denoising effectiveness. To address this limitation, we
propose the Frequency-Dependent Scheduled Schrödinger
Bridge (FDSSB), which leverages power spectral density
to adaptively schedule diffusion processes across frequen-
cies. This mechanism assigns asynchronous diffusion sched-
ules to different frequency components, correcting the diffu-
sion schedule to better match the sampling process. As a re-
sult, FDSSB effectively mitigates the mismatch and enhances
the consistency between diffusion and sampling processes.
Extensive experiments demonstrate that FDSSB achieves
state-of-the-art performance, with an average scale-invariant
signal-to-noise ratio improvement of 7.9066 dB over compet-
itive approaches.

1 Introduction
Marine environments introduce diverse noise sources that
significantly degrade the signal-to-noise ratio (SNR) of un-
derwater acoustic signals. Effective underwater acoustic sig-
nal denoising is therefore crucial for marine defense and re-
lated engineering applications (Cong et al. 2021).

Traditional methods focus on signal decomposition and
threshold-based filtering strategies (Li et al. 2018; Xing et al.
2021; Ou, Allen, and Syrmos 2011; Veeraiyan, Velayutham,
and Philip 2013). Discriminative deep learning methods
later emerged, utilizing long short-term memory (LSTM)
and convolutional neural network (CNN) within encoder-
decoder frameworks for noise reduction (Zhang et al. 2021;
Ju et al. 2022; Duan, Shen, and Wang 2022; Zhou et al.
2023a,b; Duan, Shen, and Wang 2023; Koh, Chia, and Tan
2020). Recently, generative adversarial networks (GANs)
have become the dominant generative approach for un-
derwater acoustic signal denoising(Ashraf, Jeong, and Lee

*Corresponding Author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2021; Ashraf et al. 2022). The success of diffusion models
(Song et al. 2020) in speech and image denoising (Kulikov
et al. 2023; Gong et al. 2024; Kimura et al. 2024; Yuan et al.
2025; Lu et al. 2025) has inspired underwater acoustic sig-
nal processing. The Schrödinger Bridge (SB) (Schrödinger
1932) advances beyond conventional diffusion models by
enabling optimal transport between arbitrary distributions.
However, generative methodologies remain underexplored
for underwater acoustic signal denoising.

The effectiveness of SB frameworks critically depends
on noise schedule design (Bunne et al. 2023), which gov-
erns noise scaling behavior throughout the diffusion process.
Current implementations typically apply uniform sched-
ules across all frequency bands, but underwater acoustic
signals exhibit distinct frequency-dependent characteristics.
According to (Zhu et al. 2023), underwater acoustic sig-
nals exhibit characteristics across three frequency bands:
low-frequency (1-100 Hz) dominated by propeller rotation
sounds, mid-frequency (100-1k Hz) characterized by pro-
peller singing, and high-frequency (1k-8k Hz) containing
cavitation noise. Each band’s distinct spectral characteris-
tics create inter-band variations, making uniform diffusion
schedules prone to diffusion-sampling process mismatches.

To investigate this mismatch, we conducted preliminary
experiments using the established frequency band divisions.
We quantify the diffusion-sampling inconsistencies using
normalized mean squared error (MSE). Specifically, we
evaluate three widely adopted noise schedules from (Song
et al. 2020): Variance Exploding (VE), Variance Preserv-
ing (VP), and SubVP. Fig. 1 presents MSE distributions
for the diffusion process on the training set and the sam-
pling process on the validation set. During diffusion, VP and
SubVP schedules exhibited frequency-dependent variations,
with minimal MSE in the 1-100 Hz band, while VE showed
uniform characteristics across all bands. Theoretically, lower
diffusion MSE in 1-100 Hz suggests easier reconstruction
for this band. However, during sampling, all three schedules
consistently showed the same pattern: largest reconstruc-
tion errors in the 1-100 Hz band, followed by 100-1k Hz,
then 1k-8k Hz. This sampling consistency differs from dif-
fusion observations, revealing a fundamental mismatch be-
tween diffusion and sampling behavior.

To address this, we propose Frequency-Dependent Sched-
uled Schrödinger Bridge (FDSSB). Our key insight is to
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(a) VP-Diffusion (b) VE-Diffusion (c) SubVP-Diffusion

(d) VP-Sampling (e) VE-Sampling (f) SubVP-Sampling

Figure 1: Normalized MSE distributions across frequency
bands for different noise schedules.

adjust the diffusion process to better match the sampling
process across different frequency bands. FDSSB incorpo-
rates power spectral density (PSD)-based adjustments and
employs straightforward time modulation to achieve asyn-
chronous schedules. Our method enables appropriate time
modulation for distinct frequency bands, enabling differ-
entiated diffusion schedule per frequency band, reducing
diffusion-sampling process inconsistencies. Our contribu-
tions can be summarized as follows:

• We identify diffusion-sampling process inconsistencies
across different frequency bands that undermine denois-
ing effectiveness.

• We propose frequency-dependent diffusion schedules
based on signal characteristics to reduce the inconsisten-
cies between diffusion and sampling processes.

• We introduce PSD-based time modulation to achieve
asynchronous diffusion schedule in a simple manner.

• Extensive experiments demonstrate that our approach
achieves state-of-the-art performance and exhibits robust
effectiveness across various noise schedules and chal-
lenging test scenarios.

2 Related Work and Preliminary
In this section, we introduce related works and necessary
Schrödinger Bridge preliminaries.

2.1 Discriminative Denoising
Discriminative methods directly learn mappings from noisy
to clean signals. Early approaches utilized temporal net-
works within encoder-decoder frameworks for amplitude
mask estimation (Zhang et al. 2021). Auto-encoders have
enabled unsupervised enhancement for low SNR scenarios
(Ju et al. 2022). Transformer architectures improved tempo-
ral modeling with U-Net for time-domain mask prediction

(Duan, Shen, and Wang 2022). Attention mechanisms fur-
ther advanced performance through fullband-subband net-
works for multi-frequency processing (Zhou et al. 2023a),
dual-branch self-attention for spectral dependencies (Zhou
et al. 2023b), and adaptive fusion in dual-branch architec-
tures (Duan, Shen, and Wang 2023). Self-supervised meth-
ods like WaveN2N (Koh, Chia, and Tan 2020) have demon-
strated effectiveness for multi-channel data.

However, discriminative methods are limited by direct
noisy-clean mappings, which restrict complex signal distri-
bution modeling and cause suboptimal performance under
diverse noise conditions.

2.2 Generative Denoising
Generative methods model underlying data distributions
to reconstruct clean signals probabilistically. GANs have
emerged as the dominant paradigm, with early approaches
modeling magnitude and phase components using U-Net
generators (Ashraf, Jeong, and Lee 2021). Specialized archi-
tectures include ambient noise-free GANs for environmental
noise suppression (Ashraf et al. 2022) and noise simulators
for heavy-tailed impulsive noise distributions (Zhou et al.
2021). However, GAN-based methods face training instabil-
ity, mode collapse, and reconstruction difficulties.

Recent diffusion models and SB approaches demonstrate
strong potential for generative tasks, with successful ap-
plications spanning speech denoising, image enhancement,
and text generation (Jukić et al. 2024; Han et al. 2025;
Chen et al. 2023). SB methods enable direct data-to-data
transformations rather than data-to-noise mappings. How-
ever, existing SB approaches suffer from critical diffusion-
sampling inconsistencies. Particularly in signal denoising
applications, current methods apply uniform noise sched-
ules across all frequency bands, thereby ignoring the inher-
ent frequency-dependent characteristics. This creates fun-
damental mismatches between diffusion and sampling pro-
cesses, ultimately undermining denoising effectiveness.

While recent work has explored asynchronous scheduling
for image restoration (Han et al. 2025) by setting drift terms
to zero and considering only diffusion components, this ap-
proach presents several limitations that restrict broader ap-
plicability. Such methods require restrictive noise schedule
constraints, depend on pre-trained models for pixel weight-
ing operations, lead to additional computational costs, and
introduce supplementary supervisory information that com-
promises deployment flexibility. To address these limita-
tions, we propose a more general formulation that lever-
ages power spectral density-informed time modulation. Our
approach eliminates restrictive noise schedule assumptions
and achieves frequency-dependent asynchronous scheduling
through direct temporal modulation, without requiring any
additional models or external supervision.

2.3 Schrödinger Bridge Denoising Preliminary
The Schrödinger Bridge (SB) is an energy-normalized opti-
mal transport problem that identifies the most efficient prob-
abilistic transformation between initial and target distribu-
tions. This framework operates with two boundary probabil-
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Figure 2: Overview of the proposed FDSSB. Ltotal denotes the training loss. During the sampling phase, N -step discrete
updates are performed using coefficients ω1

t,τ , ω2
t,τ , and ω3

t,τ , which correspond to the previous state xτ , the network prediction
xt|τ , and the noisy observation n, respectively. The time modulation modifies the uniform time step t into a set of frequency-
dependent indices t1, t2, . . . , tm, each associated with a frequency component fm. The modulation is governed by the intensity
parameter τ and a normalized weight ωm, which is derived from the power spectral density SN(fm) of the noisy input.

ity distributions pdata and pprior, formulating the optimiza-
tion as a Kullback-Leibler divergence minimization:

min
p∈P[0,T ]

D(p||pref) s. t. p0 = pdata, pT = pprior, (1)

where P[0,T ] denotes the probability measure space over
continuous trajectories connecting pdata and pprior within
the temporal interval [0, T ]. For siganl denoising tasks, these
boundary conditions represent clean and noisy signal distri-
butions, respectively. The baseline transformation is estab-
lished through the reference path measure pref , constructed
by a forward stochastic differential equation (SDE):

dxt = f
(
xt, t

)
dt+ g(t) dwt, (2)

where t ranges from 0 to T , with xt representing the mag-
nitude spectrum at diffusion time t. The diffusion process
is characterized by the vector drift function f (xt, t), scalar
diffusion function g(t), and the standard Wiener process wt.

The optimal solution within the SB paradigm is charac-
terized by a pair of coupled forward and reverse SDEs (Lu
et al. 2022) that control the probabilistic transport between
boundary distributions. The forward SDE is given by:

dxt = [f(xt, t) + g2(t)∇ logΨ(t,xt)]dt+ g(t)dwt, (3)

and the corresponding reverse SDE as:

dxt = [f(xt, t)− g2(t)∇ log Ψ̄(t,xt)]dt+ g(t)dw̄t. (4)

Here, f(xt, t), g(t), and wt preserve their meanings estab-
lished in (2), with w̄t representing the reverse-time Wiener
process. The terms ∇ logΨ(t,xt) and ∇ log Ψ̄(t,xt) repre-
sent additional nonlinear drift components. These terms sat-
isfy the coupled partial differential equations (PDEs) (Chen,
Liu, and Theodorou 2021):{

∂Ψ
∂t = −∇xΨ

⊤f(xt, t)− 1
2 Tr

(
g2(t)∇2

xΨ
)
,

∂Ψ̄
∂t = −∇x(Ψ̄f(xt, t)) +

1
2 Tr

(
g2(t)∇2

xΨ̄
)
.

(5)

Ψ and Ψ̄ represent Ψ(t,x) and Ψ̄(t,x), respectively. These
functions satisfy boundary constraints Ψ(0, ·)Ψ̄(0, ·) =
pdata and Ψ(T, ·)Ψ̄(T, ·) = pprior.

As shown in (Chen, Liu, and Theodorou 2021), the
marginal distribution pt at any time t can be expressed as
Ψ(t, ·)Ψ̄(t, ·) = pt, which gives the relationship:

∇ logΨ(t,xt) +∇ log Ψ̄(t,xt) = ∇ log pt(xt). (6)

When ∇ logΨ(t,xt) = 0, substituting (6) into (3) and
(4) shows that score-based generative models (SGMs) are
a special case of the SB framework. In subsequent sections,
we will derive analytical solutions for our proposed asyn-
chronous scheduling and utilize these closed-form solutions
to perform diffusion and sampling.

3 Methodology
In this section, we first formulate the signal denoising prob-
lem and introduce a frequency-dependent scheduling strat-
egy. Then,we derive the analytical solution for this frame-
work. Finally, we introduce the training process and the sam-
pling scheme. Fig. 2 presents an overview of FDSSB.

3.1 Problem Formulation
Let C ∈ RL denote the clean underwater acoustic signal
of length L. During propagation, this signal is corrupted by
noise, resulting in the observed noisy signal N ∈ RL. The
denoising task aims to recover an estimate Ĉ ∈ RL that ap-
proximates the clean signal. We formulate the problem using
magnitude spectral representations. The short-time Fourier
transform is applied to obtain the magnitude spectra:

c = |T (C) |, n = |T (N) |, (7)

where c,n ∈ RD are the clean and noisy magnitude spectra,
respectively. D denotes the frequency-domain dimension, T
represents the Fourier transform operator, and | · | denotes
the magnitude operation. The denoising model estimates the
clean magnitude spectrum from the noisy input, and the final
time-domain output Ĉ is obtained through phase reconstruc-
tion and inverse Fourier transformation.

3.2 Frequency-Dependent Scheduling
As showed in Fig. 1, the existing schedule exhibits a criti-
cal mismatch: during the diffusion process, noise injection
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intensity decreases from high frequency to mid frequency to
low frequency bands. However, in the sampling process, we
observe that low frequency bands exhibit the highest recon-
struction difficulty. To address this scheduling inconsistency,
we propose FDSSB. Our approach leverages PSD character-
istics of different frequency bands as the basis for adaptive
schedule adjustment. We employ a temporal shift strategy
that offsets the diffusion process across frequency bands, en-
abling the diffusion to better align with the sampling.

Given the time-domain noisy signal N ∈ RL, we first
compute the PSD SN(f) at frequency f . We then calculate
the mean PSD across all frequency bins:

S̄ =
1

M

M∑
m=1

SN(fm), (8)

where fm represents the center frequency of the m-th fre-
quency bin and M denotes the total number of frequency
bins. To quantify spectral characteristics, we compute nor-
malized frequency weights:

ωm =
SN (fm)− S̄

maxk=1,...,M |SN (fk)|
, (9)

where ωm represents the normalized frequency weights of
the m-th frequency bin. Based on these weights, we propose
a frequency-dependent time modulation by applying a tem-
poral shift to the original diffusion time t:

tm = t+ τωm, (10)

where τ ∈ R+ controls the modulation intensity, and tm
represents the modulated diffusion time for each frequency
component. tm is clamped such that it does not exceed the
maximum time step T .

Positive weights ωm > 0 in power-concentrated regions
yield tm > t, resulting in accelerated diffusion. Since un-
derwater acoustic signals typically exhibit energy concen-
tration in the low-frequency range (Zhu et al. 2023), this
modulation naturally accelerates diffusion in those regions,
aligning well with their sampling characteristics shown in
Fig. 1. Conversely, negative weights ωm < 0 in power-
dispersed regions produce tm < t, leading to deceler-
ated diffusion, which also conforms to our design objec-
tive of slowing down the diffusion process of high-frequency
bands. Through this mechanism, we can easily adjust the dif-
fusion time t for different frequency bands, thereby achiev-
ing asynchronous scheduling tailored to the spectral charac-
teristics of each frequency component.

3.3 Analytical Solution Derivation
To obtain analytical solutions, boundary conditions are con-
structed by adding Gaussian noise with variances ε21 and ε22
to the boundary points c and n, respectively. For linear drift
terms f(xt, t) = f(t)xt, these variances satisfy:

ε2 = exp

(∫ 1

0

f(t)dt

)
ε1. (11)

This yields the boundary distributions:

pdata = N (c, ε21I), pprior = N (n, ε22I). (12)

Under these boundary conditions and linear drift form
f(xt, t) = f(t)xt. As ε1 → 0, this formulation enables us
to derive a complete analytical solution (Bunne et al. 2023;
Chen, Liu, and Theodorou 2021) for (5):

Ψ̄ = N (αtc, α
2
tσ

2
t I), Ψ = N (ᾱtn, α

2
t σ̄

2
t I), (13)

where αt and σ2
t represent the diffusion parameters:

αt = e
∫ t
0
f(τ)dτ , σ2

t =

∫ t

0

g2(τ)

α2
τ

dτ, (14)

while ᾱt and σ̄2
t are also diffusion parameters that satisfy the

following relationships:

ᾱt = αtα
−1
T , σ̄2

t = σ2
T − σ2

t . (15)

In our framework, the temporal parameter t is mod-
ified to incorporate frequency-dependent diffusion char-
acteristics. For each frequency component fm, we apply
the modulated time parameter tm defined in (10). To es-
tablish frequency-dependent diffusion parameters, we de-
fine β(t, fm), β̄(t, fm), δ2(t, fm), and δ̄2(t, fm) as the
frequency-dependent counterparts of the diffusion parame-
ters αt, ᾱt, σ2

t , and σ̄2
t , respectively. The relationships be-

tween these parameters are expressed as:

β(t, fm) = αtm , β̄(t, fm) = ᾱtm , (16)

δ2(t, fm) = σ2
tm , δ̄2(t, fm) = σ̄2

tm . (17)

According to (Chen, Liu, and Theodorou 2021), the
marginal distribution pt given frequency fm follows:

pt = N (ωc(t, fm)cfm + ωn(t, fm)nfm , Σt,fmI) , (18)

where cfm and nfm denote the clean and noisy signals at
frequency fm. I is the identity matrix. The mean is com-
puted as a weighted combination of clean and noisy signals,
with the weight for the clean signal ωc(t, fm) defined as:

ωc(t, fm) =
β(t, fm)δ̄2(t, fm)

σ2
T

. (19)

By substituting(16) and (17), we obtain:

ωc(t, fm) =
αtm σ̄2

tm

σ2
T

. (20)

Correspondingly, the weight for the noisy signal, ωn(t, fm),
and the variance Σt,fm are given by:

ωn(t, fm) =
ᾱtmσ2

tm

σ2
T

, Σt,fm =
α2
tm σ̄2

tmσ2
tm

σ2
T

. (21)

We now derive the analytical formulations under our noise
schedules. For underwater acoustic signals, we design the
diffusion process as a combination of two components: sig-
nal transformation, governed by the drift term, and noise in-
jection, managed by the diffusion term. Motivated by the
exponential attenuation of acoustic pressure during propa-
gation (Jensen et al. 2011), the drift term is formulated as:

f(xt, t) = β1e
ktxt, (22)
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Method Type Year SI-SNRi (dB) ↑ SDRi (dB) ↑
Mixed Rain Wave Wind Average Mixed Rain Wave Wind Average

DCUnet-20 D 2018 5.2002 4.1787 4.3869 4.6787 4.6111 5.9244 5.3067 5.4715 5.0724 5.4438
Conv-TasNet D 2019 7.3368 6.1781 6.4705 7.8162 6.9504 7.9119 7.1396 7.3314 8.1301 7.6283
FullSubNet D 2020 4.3575 3.3046 3.4864 4.1826 3.8328 5.0905 4.3123 4.4252 4.9861 4.7035
DCCRN D 2020 6.1141 5.0147 5.1926 6.0566 5.5945 6.8042 6.1727 6.2795 6.6071 6.4659
DPTNet D 2020 7.2938 6.0858 6.3238 6.8787 6.6455 8.1442 7.5223 7.5389 7.5125 7.6795
DPRNN D 2020 7.6406 6.6435 6.6316 6.9288 6.9611 8.5192 8.0995 7.8819 7.5761 8.0192
FullSubNet+ D 2022 0.0213 -0.0004 0.0088 -0.0171 0.0032 0.0222 0.0016 0.0101 -0.0153 0.0046
CleanUNet D 2022 0.8176 -0.4224 -0.2124 -0.1282 0.0137 1.1847 -0.0186 0.1859 0.3185 0.4176
MP-SENet D 2023 6.1764 5.1166 5.3459 6.0515 5.6726 6.9242 6.3120 6.3820 6.8172 6.6089
TDANet D 2023 5.8353 4.5688 4.7271 5.3182 5.1124 6.5443 5.7855 5.7628 5.9466 6.0098
SGMSE G 2023 9.5432 8.6350 8.6148 8.9235 8.9291 9.4410 8.5406 8.5296 8.9025 8.8534
OUVE G 2023 7.1542 6.0290 6.1738 7.4005 6.6894 7.2290 6.2166 6.3296 7.5045 6.8199
SpatialNet D 2024 6.8866 5.7526 5.9820 6.1168 6.1845 7.9691 7.4320 7.5395 6.7884 7.4323
SepReformer D 2024 6.0042 4.7643 4.9238 5.6719 5.3411 6.8249 6.1425 6.1156 6.1388 6.3055
SEMamba D 2024 6.0322 4.9500 5.2468 5.6665 5.4739 6.4180 5.5756 5.8226 5.8965 5.9282
CMGAN G 2024 6.3120 5.1143 5.3348 6.3529 5.7785 7.4053 6.8752 6.8725 7.3361 7.1223
RGDNet G 2025 11.1453 10.8872 10.7989 8.1963 10.2569 11.5960 11.5488 11.4514 8.5728 10.7923
FDSSB (Ours) G 2025 14.2108 13.8241 14.2054 11.5159 13.4391 14.3744 14.9748 13.9444 12.5523 13.9615

Table 1: Performance comparison on ShipsEar dataset under -5 dB SNR condition. The best scores are highlighted in bold, the
second-best scores are underlined, and ↑ indicates that higher scores denote better performance. G and D indicate generative
and discriminative methods, respectively.

where β1 is a negative constant that serves as an attenua-
tion coefficient, controlling the intensity of signal decay. The
term k > 0 denotes the exponential growth rate. The dif-
fusion coefficient is designed to align with the exponential
structure of the drift term:

g2(t) = β2e
kt, (23)

β2 is a positive constant that regulates the diffusion intensity.
Substituting the designed (22) and (23) into (14), we can

derive explicit formulas for the parameters:

αt = e
β1
k (ekt−1), σ2

t =
β2

2β1
(1− e−2

β1
k (ekt−1)). (24)

By substituting these expressions into equations (20), (21),
we obtain analytical expressions for the diffusion process.

3.4 Model Training
Based on the closed-form solution from (18), the noisy sig-
nal xt at time step t for frequency component fm becomes:

xt = ωc(t, fm)cfm + ωn(t, fm)nfm +
√

Σt,fmz, (25)

where cfm and nfm represent clean and noisy signals at
frequency fm, z ∼ N (0, I) denotes standard Gaussian
noise, and ωc(t, fm), ωn(t, fm), Σt,fm constitute frequency-
dependent temporal coefficients specified in (20) and (21).
The network estimates clean signal x̂0 as:

x̂0 = Fθ(xt,n, t), (26)

Fθ denotes the neural network with parameters θ.
Model training integrates multiple losses across both fre-

quency and time domains. Specifically, the time-frequency
domain loss Ltf computes the mean squared error between
predicted and target spectrograms, while the time-domain

loss Ll1 directly applies the L1 loss. To further improve
perceptual reconstruction quality, we incorporate the scale-
invariant signal-to-distortion ratio (SI-SDR) and signal-to-
noise ratio (SI-SNR), with their negative values used as
losses Lsdr and Lsnr. The final loss is formulated as a
weighted combination of all components:

Ltotal = λtfLtf + λl1Ll1 + λsdrLsdr + λsnrLsnr. (27)

where λtf , λl1, λsdr, λsnr serve as hyperparameters for loss
term weighting.

3.5 Sampling Scheme
For the sampling process, we employ a deterministic sam-
pler based on probability flow ordinary differential equa-
tions (ODEs) for fast sampling (Lu et al. 2022; Calvo
and Palencia 2006; Hochbruck, Ostermann, and Schweitzer
2009). For each frequency component fm, we apply the pa-
rameters established in (16) and (17). The update for xt is
formulated as a weighted combination of three key compo-
nents: the previous state xτ , the network’s prediction xt|τ =
Fθ(xτ ,n, t), and the initial noisy observation n:

xt = ω1
t,τxτ + ω2

t,τxt|τ + ω3
t,τn, (28)

where t and τ represent two adjacent time steps in the sam-
pling process. For a total of N sampling steps, these time
values are computed as:

τ =
i

N
T, t =

i− 1

N
T, (29)

for step index i, where i decreases from N to 1 during the
sampling process, and T is the terminal time.

The frequency-modulated time steps tm are obtained from
(10), and τm is computed analogously. For each frequency
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Method SI-SNRi (dB) ↑ SDRi (dB) ↑
Mixed Average Mixed Average

Conv-TasNet 9.6593 12.0705 9.5097 12.4264
DCCRN 7.9348 7.6271 7.9974 8.0720
DPTNet 9.5955 8.0651 9.6606 8.2203
DPRNN 10.2298 8.4761 10.3675 8.6678
TDANet 7.7469 9.1136 7.7612 9.2782
SpatialNet 9.1518 10.4745 9.6037 11.3828
SepReformer 7.8187 8.8096 7.8836 9.1999
CMGAN 8.7205 7.3224 9.0873 8.0764
RGDNet 13.9406 13.0362 13.8661 13.2496
FDSSB (Ours) 17.8364 13.3168 17.9146 13.4734

Table 2: Performance under -10 dB condition. Bold and un-
derlined indicate best and second-best scores.

(a) 1-100 Hz (b) 100-1K Hz (c) 1K-8K Hz

Figure 3: Normalized MSE distributions across frequency
bands during diffusion process.

component fm, the coefficient ω1
t,τ is given by:

ω1
t,τ =

αtmσtm σ̄tm

ατmστm σ̄τm

. (30)

The coefficient ω2
t,τ is expressed as:

ω2
t,τ =

αtm

σ2
T

(
σ̄2
tm − σ̄τmσtm σ̄tm

στm

)
, (31)

while ω3
t,τ is defined as:

ω3
t,τ =

αtm

αTmσ2
T

(
σ2
tm − στmσtm σ̄tm

σ̄τm

)
. (32)

The complete sampling process operates as follows: start-
ing from the noisy observation xT = n, we iteratively ap-
ply the update equation using the coefficients ω1

t,τ , ω2
t,τ , and

ω3
t,τ until reaching t = 0. This yields the clean signal es-

timate ĉ = x0, which is then converted back to the time
domain via inverse Fourier transform.

4 Numerical Experiments
In this section, we first introduce the implementation details.
Then, we conduct comprehensive comparative experiments,
followed by ablation studies.

4.1 Implementation Details
The ShipsEar (Santos-Domı́nguez et al. 2016) dataset, an
established benchmark for underwater acoustic signal pro-
cessing extensively utilized in recent research (Zhou et al.

Method SI-SNRi (dB) ↑ SDRi (dB) ↑
Mixed Average Mixed Average

Conv-TasNet 8.6135 10.7950 8.8643 11.5227
DCCRN 7.0044 6.8967 7.4450 7.7274
DPTNet 8.5604 7.5805 9.0445 8.2610
DPRNN 9.0164 7.7946 9.5626 8.4741
TDANet 6.8848 8.4754 7.2803 9.2068
SpatialNet 8.0313 9.3084 8.8283 10.5454
SepReformer 7.0230 8.0830 7.4841 8.9776
CMGAN 7.5795 6.5608 8.3237 7.7180
RGDNet 12.5282 11.7253 12.7689 12.2771
FDSSB (Ours) 15.9431 12.0374 16.2531 12.5684

Table 3: Performance under -10 to -5 dB condition. Bold and
underlined indicate best and second-best scores.

(a) SGMSE (b) RGDNet (c) FDSSB (Ours)

Figure 4: SI-SNR improvement distribution. Points above
the 0 dB line indicate improvement.

2023a,b; Zhang et al. 2021; Ashraf et al. 2022; Ashraf,
Jeong, and Lee 2021; Song, Liur, and Shen 2022; Zhu et al.
2025), is employed for validation. Audio recordings undergo
segmentation into 3-second samples with 8 kHz resampling.
Dataset construction follows the methodologies from (Zhu
et al. 2025) using available open-source implementations.

The experimental design encompasses training data with
fixed SNR (-5 dB) across four distinct noise scenarios, while
testing data incorporates three SNR levels across identical
scenarios, yielding 12 test conditions. Noise scenarios in-
clude wind, wave, rain, and mixed conditions combining all
three types. Testing SNR levels comprise -5 dB, -10 dB, and
randomized values between -10 dB and -5 dB.

Performance assessment utilizes scale-invariant signal-to-
noise ratio (SI-SNR) (Luo and Mesgarani 2018) and signal-
to-distortion ratio (SDR) (Vincent, Gribonval, and Févotte
2006) metrics. We report SI-SNRi and SDRi, which measure
the improvement in SI-SNR and SDR.

4.2 Comparative Experiments
To evaluate the proposed FDSSB, comparative experiments
are conducted against 17 competitive methods. For the -5
dB SNR condition, we evaluate performance across all four
noise scenarios. For the -10 dB and variable SNR conditions,
we focus on the mixed scenario and overall average perfor-
mance. For clear presentation, we report the top-10 baselines
along with our method.

As shown in Table 1, under the -5 dB SNR condition,
FDSSB achieves an average SI-SNRi of 13.44 dB and SDRi
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(a) VP w/o FDS (b) VE w/o FDS (c) SubVP w/o FDS

(d) VP w/ FDS (e) VE w/ FDS (f) SubVP w/ FDS

Figure 5: Normalized MSE distribution for the diffusion pro-
cess, comparing noise schedules with and without FDS.

Schedule SI-SNRi (dB) ↑ SDRi (dB) ↑
w/o FDS w/ FDS w/o FDS w/ FDS

VE 9.6596 10.4751 10.7842 12.0271
VP 8.0616 8.4488 8.8352 9.4337
SubVP 1.5446 10.4051 3.2172 11.5373
FDSSB 11.6437 13.4391 12.3935 13.9615

Table 4: Ablation study of FDS across different noise sched-
ules. The best results are highlighted in bold.

of 13.96 dB across all noise scenarios, substantially outper-
forming all comparative methods. The improvements over
RGDNet, the strongest baseline, reach 3.18 dB in SI-SNRi
and 3.17 dB in SDRi. FDSSB performs particularly well
in mixed noise conditions, achieving SI-SNRi and SDRi of
14.21 dB and 14.37 dB, respectively. Even in the most chal-
lenging wind noise scenario, FDSSB maintains competitive
performance with 11.52 dB SI-SNRi and 12.55 dB SDRi.

Table 2 presents results for the -10 dB SNR condition.
FDSSB consistently outperforms all baselines, with particu-
larly strong performance in mixed noise scenarios and sig-
nificant improvements over RGDNet. The method main-
tains consistent quality despite severely degraded input con-
ditions. Under variable SNR conditions, as detailed in Ta-
ble 3, FDSSB continues to demonstrate superior perfor-
mance across all tested scenarios.

Fig. 3 shows the impact of frequency-dependent schedul-
ing across different bands. The low-frequency band shows
an leftward shift, indicating accelerated diffusion schedule,
while the high-frequency band demonstrates a clear right-
ward shift, reflecting decelerated diffusion schedule. The
mid-frequency band maintains relatively stable positioning
with minimal curve movement. These temporal shifts are
consistent with our theoretical analysis in Section 3.2.

To better understand the denoising characteristics at the
sample level, we conducted a detailed analysis of SI-SNRi

τ
SI-SNRi (dB) ↑ SDRi (dB) ↑

Mixed Average Mixed Average

0.3 12.4705 11.4971 12.7801 11.9103
0.7 12.6261 11.6001 12.9099 11.9766
1.0 14.2108 13.4391 14.3744 13.9615
1.5 13.1534 12.1553 13.4416 12.5402
2.0 12.5714 11.5005 12.9861 12.0130

Table 5: Performance comparison of different τ . The best
results are highlighted in bold.

distribution patterns for the top-3 methods. As illustrated
in Fig. 4, FDSSB demonstrates outstanding performance
with SI-SNRi values concentrated in the range of 8-24 dB,
forming a dense high-performance distribution well above
the 0 dB baseline. RGDNet shows the second-best per-
formance with improvements distributed across 5-20 dB,
though with greater variability and lower peak values com-
pared to FDSSB. SGMSE displays a mixed distribution pat-
tern with some samples achieving improvements around 5-
15 dB while others show limited enhancement near the 0 dB
line. The distribution patterns clearly indicate that FDSSB
not only achieves superior average performance but also
maintains remarkable consistency across all input samples.

4.3 Ablation Studies

To validate the effectiveness of the proposed frequency-
dependent scheduling (FDS), ablation studies are conducted
comparing FDSSB against conventional diffusion sched-
ules. In addition, we evaluate three widely adopted noise
schedules: VE, VP, and SubVP(Song et al. 2020).

The results in Table 4 demonstrate that all schedules ben-
efit from FDS, with SubVP exhibiting the most substantial
enhancement, while VP and VE show moderate improve-
ments. We also evaluate the impact of τ settings on perfor-
mance. Table 5 shows that τ = 1.0 achieves optimal results.

Fig. 5 illustrates the impact of FDS on the diffusion pro-
cess. The analysis shows that the 1–100 Hz band consis-
tently shifts leftward, the low-frequency band remains rela-
tively stable, while the high-frequency band uniformly shifts
rightward. This pattern confirms that FDS accelerates dif-
fusion in low-frequency bands and decelerates it in high-
frequency bands, effectively aligning the diffusion process
with the sampling process.

5 Conclusion

In this work, we introduce frequency-dependent scheduling,
which adaptively adjusts diffusion across frequency bands.
By aligning diffusion and sampling, FDSSB achieves state-
of-the-art performance. While it consistently improves re-
sults across noise schedules, applying it to other domains
may face challenges due to differing signal characteris-
tics. Nonetheless, this work offers a valuable perspective on
frequency-dependent scheduling for related tasks.
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