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Abstract—Speech signals in real-world environments are fre-
quently affected by various distortions such as additive noise,
reverberation, and bandwidth limitation, which may appear
individually or in combination. Traditional speech enhancement
methods typically rely on either masking, which focuses on
suppressing non-speech components while preserving observable
structure, or mapping, which seeks to recover clean speech
through direct transformation of the input. Each approach
offers strengths in specific scenarios but may be less effective
outside its target conditions. We propose the Erase and Draw
Network (EDNet), a versatile speech enhancement framework
designed to handle a broad range of distortion types without prior
assumptions about task or input characteristics. EDNet consists
of two main components: (1) the Gating Mamba (GM) module,
which adaptively combines masking and mapping through a
learnable gating mechanism that selects between suppression
(Erase) and reconstruction (Draw) based on local signal features,
and (2) Phase Shift-Invariant Training (PSIT), a shift tolerant
supervision strategy that improves phase estimation by enabling
dynamic alignment during training while remaining compatible
with standard loss functions. Experimental results on denoising,
dereverberation, bandwidth extension, and multi distortion en-
hancement tasks show that EDNet consistently achieves strong
performance across conditions, demonstrating its architectural
flexibility and adaptability to diverse task settings.

Index Terms—Speech enhancement, denoising, dereverbera-
tion, bandwidth extension, versatile, shift-tolerant phase modeling

I. INTRODUCTION

N real-world conditions, speech signals are frequently

corrupted by diverse acoustic distortions such as additive
noise, reverberation, and bandwidth limitations. These degra-
dations often co-occur in unpredictable combinations, severely
hindering both perceptual intelligibility and the performance of
downstream applications [2]-[4]. While speech enhancement
(SE) systems essentially aim to restore clean speech from
such degraded inputs, most existing approaches are optimized
for a specific type of distortion. This task-specific design
paradigm may fail to reflect the reality of practical deployment
environments, where distortion types are neither known in
advance nor mutually exclusive, and may even vary over time.

Conventional SE methods can be largely categorized into
masking-based and mapping-based approaches. Masking-
based methods suppress non-speech components while pre-
serving speech structure by predicting a mask, making them
effective for tasks such as denoising [S]-[12] and derever-
beration [13]-[17]. However, their reliance on input spectral
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cues limits their ability to reconstruct fully lost speech compo-
nents [18]. In contrast, mapping-based methods directly trans-
form degraded speech into clean speech, facilitating the recon-
struction of missing components—especially in tasks such as
bandwidth extension [19]-[24]. Despite these strengths, these
methods can excessively alter preserved speech content, un-
dermining identity preservation and leading to suboptimal ob-
jective scores [24]—[26]. These contrasting behaviors highlight
the inherent trade-off between preservation and reconstruction
in existing SE strategies. Several hybrid approaches [27[]—[30]]
have been proposed to leverage the complementary strengths
of masking and mapping, aiming to balance selective sup-
pression with generative reconstruction. These methods have
shown effectiveness when tailored to specific enhancement
tasks, but most integrate the two methods through fixed fusion
schemes—such as summation or averaging—that are agnostic
to the characteristics of the input. While such strategies can
work well in certain cases, applying a static combination
regardless of distortion type or task may fall short of optimality
and often requires manual design choices about how the fusion
should be performed.

This work explores whether a model can adapt its pro-
cessing strategy to the characteristics of input distortions
through architectural design, without relying on task-specific
assumptions or explicit supervision. Ultimately, our goal is
to embed inductive biases that enable the model to identify
and apply the most effective processing strategy, even under
complex conditions where multiple distortions interact and the
optimal pathway is not easily defined. To this end, we present
Erase and Draw Network (EDNet), a speech enhancement
framework designed to accommodate diverse and compound
distortions through architectural flexibility. The central com-
ponent of EDNet is the Gating Mamba (GM) module, which
adaptively integrates masking and mapping strategies for mag-
nitude refinement based on input characteristics. Unlike prior
hybrid methods that statically fuse both outputs, the GM
module employs a learnable gating function to determine, on
a region-wise basis, whether to suppress (Erase) non-speech
components or to reconstruct (Draw) missing information.
This enables the model to dynamically adjust its enhancement
behavior, modulating the balance between structure preserva-
tion and content generation according to the nature of the
distortion. By embedding this form of control into the model
itself, EDNet provides a unified architecture that can adapt
to a wide range of distortions and tasks, without relying on
task-specific designs or prior knowledge of the distortion type.

Complementing this architectural flexibility on the mag-
nitude side, we also address the orthogonal challenge of
phase reconstruction. Accurate phase estimation is crucial



for perceptual quality, particularly in conditions involving
reverberation or multiple interacting distortions [31]]. However,
phase learning is inherently difficult due to its periodicity and
sensitivity to temporal shifts [32]. Conventional phase recon-
struction methods [32]—[35]] typically constrain training to a
single ground truth (GT) phase per sample, implicitly requiring
the model to align its output exactly with the GT phase. This
strict constraint can be unnecessary, as minor phase shifts are,
from a signal processing perspective, nearly indistinguishable
from small temporal shifts in the time domain, and therefore
have negligible impact on perceived speech quality [36].
While some prior works [36]], [37]] attempt to address these
issues through data augmentation or specialized objectives,
such methods often sacrifice compatibility with standard loss
functions or require non-standard training pipelines.

To address this, we propose Phase Shift-Invariant Training
(PSIT), a simple yet effective strategy that reframes phase pre-
diction as a shift-tolerant one-to-many problem. PSIT dynam-
ically applies an optimal alignment during training, relaxing
the strict alignment constraint without altering standard loss
functions or pipelines. By reducing the excessive penalties
caused by misaligned phase errors, PSIT facilitates more ef-
fective and focused learning of the phase structural refinement
itself. Moreover, it mitigates the risk of incoherent gradients
propagating from the phase branch into the magnitude branch,
which could otherwise destabilize magnitude optimization and
degrade overall training efficiency. In addition to proposing
the PSIT methodology, we conduct a series of analyses to
better understand the impact of shift alignment constraints
and their relaxation in terms of speech quality metrics, phase
reconstruction performance, and overall training dynamics.
These findings may offer practical insight for future studies
on phase modeling in speech processing.

We evaluate EDNet on three representative speech enhance-
ment benchmarks—denoising, dereverberation, and bandwidth
extension—and observe state-of-the-art or competitive perfor-
mance across all tasks. To further assess structural adaptability
and phase modeling capabilities, we conduct two additional
experiments: multi-distortion enhancement, where EDNet out-
performs prior models under compounded distortions, and
phase reconstruction, where PSIT yields statistically signifi-
cant gains in phase estimation accuracy. Our key contributions
are summarized as follows:

« We propose EDNet, a versatile speech enhancement
framework designed to handle diverse and compound
distortions by embedding structural adaptability into its
architecture.

o We introduce the Gating Mamba (GM) module, which
adaptively integrates masking and mapping operations for
flexible control between suppression and reconstruction.

o We present Phase Shift-Invariant Training (PSIT), a shift-
tolerant phase supervision strategy that improves phase
recovery and training efficiency while maintaining com-
patibility with standard loss functions.

« Extensive experimental analysis across single- and multi-
distortion tasks validate the effectiveness of both EDNet’s
architectural adaptability and its training strategy.

II. RELATED WORK
A. Masking-based SE

Masking-based methods operate primarily in the time-
frequency (TF) domain by learning masks that selectively
suppress non-speech components while preserving speech-
dominant regions. Early works like the Ideal Binary Mask
IBM) [7], 8], [13], [[14] apply hard decisions to each TF
unit, significantly improving intelligibility but introducing
artifacts due to coarse quantization [38]], [39]. To address
this, Ideal Ratio Mask (IRM) [9], [10], [15] was proposed,
enabling soft masks with continuous values between 0 and
1 for smoother enhancement. The Spectral Magnitude Mask
(SMM) [40] further relaxes the range constraint, allowing
unbounded mask values and increasing modeling flexibility. As
phase information gained importance, methods such as Phase-
Sensitive Mask (PSM) [2], [41] and Complex Ideal Ratio
Mask (cIRM) [16], [[17], [42] were developed. Masking has
been also extended to the latent feature space in time-domain
architectures such as TasNet [43]], where masks are applied
directly to learned feature representations, avoiding the con-
straints of the STFT domain. This feature-level masking has
become central in many state-of-the-art models, particularly in
the context of speech separation [44]], [45]]. Despite their wide
adoption, masking-based models remain fundamentally limited
in scenarios involving severely missing spectral information,
such as bandwidth limitation and packet loss [[18].

B. Mapping-based SE

Mapping-based speech enhancement methods aim to learn
a nonlinear transformation that reconstructs clean speech di-
rectly from noisy input, typically in the waveform or spectral
domain. Although masking remains the dominant approach
in denoising, several studies have explored mapping-based
alternatives. A representative example is SEGAN [5], which
employs adversarial training for waveform mapping. Subse-
quent works increased generator capacity [46] and combined
adversarial loss with spectral-domain losses [47]] for improved
stability and fidelity. In dereverberation, mapping-based meth-
ods are motivated by the need of modeling long-range tempo-
ral smearing introduced by room reverberation. Early spectral
regression models [48] used fully connected networks to
predict clean spectra, followed by U-Net structures [49]], and
variants that replaced skip connections with multiple convo-
lutional modules to improve feature propagation [50]. More
recently, deformable convolutional networks (DCN) [51] have
been introduced context-sensitive transformations that extend
beyond conventional masking and exhibit characteristics of
both filtering and reconstruction-based approaches. Bandwidth
extension is an area where mapping dominates, as it requires
inferring missing high-frequency content. TF-domain meth-
ods [20], [21], [23]] estimate high-band magnitude spectra
from narrowband inputs and use heuristics or learned strategies
for phase reconstruction. Time-domain approaches [19]], [22]]
directly predict wideband waveforms, while vododer-based
method such as NVSR [24]] uses a two-stage pipeline of
spectral mapping followed by waveform generation via a



neural vocoder. Despite their generative flexibility, mapping-
based models can inadvertently distort clean input regions due
to their global transformation behavior [24]-[26].

C. Hybrid Approachs

To overcome the individual limitations of masking and
mapping approaches, several studies have explored hybrid
architectures that combine the two, aiming to take advantage
of their complementary strengths: masking offers selective
noise suppression, while mapping enables detailed signal
reconstruction. PhaseDCN [27] applies the hybrid approach
with a focus on improving phase modeling to enhance de-
noising performance. It first generates a masked magnitude
spectrum using an IRM and concatenates it with the noisy
input. The combined features are fed into a complex-valued
mapping network that produces a final output, implementing
early stage fusion at the feature level. DBDIUNet [28] fo-
cuses on noisy and reverberant conditions by predicting a
cIRM and a magnitude spectrogram through dual decoders,
then averaging their outputs to produce the final result. The
masking-and-inpainting [29] method targets low signal-to-
noise ratios (SNR) and non-stationary noise by first removing
highly corrupted time-frequency regions using a binary mask,
then reconstructing the removed region with a convolutional
inpainting module. These two stages are executed sequentially,
without an explicit fusion step. CMGAN [30], designed to han-
dle various SE tasks such as denoising, dereverberation, and
bandwidth extension, predicts magnitude masks and complex
spectrograms in parallel and combines them using element-
wise summation. Similarly, HD-DEMUCS [52] targets general
speech restoration using two parallel heterogeneous decoders,
one for suppression and one for refinement, which are com-
bined at the waveform level using a learnable weighting factor.
This demonstrates the potential of hybrid methods in building
general speech enhancement systems.

Despite differences in design and application, these ap-
proaches share several limitations. Most rely on fixed fu-
sion strategies—such as averaging, concatenation, or summa-
tion—that are agnostic to input characteristics. While methods
such as HD-DEMUCS introduce learnable fusion, the weight-
ing mechanism operates only on the final decoder outputs,
without direct guidance from the original input features. More-
over, these fusion mechanisms are typically applied globally
at the output stage, lacking the ability to modulate the region-
wise contributions of masking and mapping dynamically
across time and frequency. These observations underscore the
need for more flexible and sophisticated integration strategies
that can coordinate masking and mapping in a input content-
aware, task-agnostic manner.

D. Phase Modeling

Early speech enhancement models primarily focused on
magnitude estimation [53]], [54], often reusing the noisy phase
during synthesis. However, it is now widely recognized that
accurate phase reconstruction is essential for achieving high
perceptual quality [31]]. One line of research addresses phase
prediction by directly operating in the complex domain either

through masking [55]-[57] or mapping [58], [59], where
both magnitude and phase are implicitly modeled via real
and imaginary components. While conceptually straightfor-
ward, this approach often suffers from optimization instabil-
ity and limited interpretability, especially when paired with
magnitude-focused objectives such as spectral magnitude loss
or mask estimation targets [11]]. To improve the stability and
effectiveness of phase modeling, recent studies [11]], [12]], [23]]
have moved toward explicitly decoupling magnitude and phase
and modeling them through separate branches.

Supervision for phase modeling varies by modeling ap-
proach. In complex-valued formulations, losses are typically
applied in terms of complex spectral distance. In contrast, ex-
plicit phase prediction often requires trigonometric losses [33]
or anti-wrapping functions [34]] to handle phase discontinu-
ities, and is frequently combined with derivative-based ob-
jectives such as group delay (GD) or instantaneous angular
frequency (IAF) [32]], [35]. Most of these methods, however,
assume a single ground-truth (GT) phase, implicitly enforcing
strict alignment, which can penalize perceptually irrelevant
shifts and destabilize learning [36].

While the limitations of strict phase alignment have begun
to attract attention, only a few studies have explored ways
to relax this constraint. PhaseAug [37]], originally proposed
for vocoder training, introduces random phase shifts during
training to expose the model to multiple plausible alignments.
However, the loss is still computed with respect to a single
shifted target, meaning the model is implicitly encouraged to
align with the shifted version of the GT. Ku et al. [36] take a
different approach by removing phase GT entirely and using
magnitude-phase consistency as an indirect supervision signal.
While this avoids explicit alignment, it prevents the use of
standard loss functions—such as waveform or complex spec-
tral losses—since applying them would implicitly reintroduce
supervision toward a fixed target phase. These issues suggest
the need for a supervision strategy that resolves alignment
ambiguity while preserving compatibility with existing loss
functions and training pipelines.

III. METHODOLOGY

As discussed in Sec.[[l] the effectiveness of existing speech
enhancement methods is often constrained by fixed archi-
tectures tailored to specific tasks, rigid fusion schemes, and
sensitivity to phase misalignment. These limitations motivate
the design of a flexible and generalizable enhancement frame-
work that can both selectively preserve and reconstruct speech
components while robustly handling phase shifts. This section
presents the details of EDNet, our proposed solution.

A. Dual-stream Architecture

EDNet is designed with a dual-stream architecture to sepa-
rately process magnitude and phase spectrograms, as shown in
Fig. [1] Instead of using a shared encoder, it employs separate
dilated DenseNet encoders [[11] with feature channel dimen-
sions of 64 and 32 for magnitude and phase, respectively. This
separation is intended to allow magnitude and phase, which
have distinct characteristics—magnitude follows a linear scale,
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Fig. 1. Overview of EDNet architecture. The model employs separate magnitude and phase enhancement streams to handle their distinct characteristics. PSIT
is applied only during training to improve phase reconstruction without affecting the inference pipeline.
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Fig. 2. Detailed architecture of the GM block. h represents the hidden
feature from the previous block, while hg refer to the initial hidden feature
from the encoder.

where phase exhibits periodicity—to be processed individu-
ally, aiming to prevent interference between their estimations.
The decoder also follows this structure, using separate dilated
DenseNet decoders [11]] for magnitude and phase. The magni-
tude decoder directly reconstructs the spectrogram using ReLU
activation [60]], as feature-wise masking is handled within the
GM module.

The input speech signal is first transformed using Short-
Time Fourier Transform (STFT), decomposing it into mag-
nitude and phase spectrograms. The magnitude spectrogram
undergoes power-law compression to enhance feature learning.
Each spectrogram is then encoded separately using the re-
spective encoders. Noisy magnitude features are progressively
refined through three stacked GM modules. The enhanced
magnitude features are then concatenated with the noisy phase
features, reduced to 32 channels via a 1x1 convolution, and
processed through three stacked Time-Frequency (TF) Mamba
blocks [12], which model long-range dependencies across tem-
poral and spectral domains using bidirectional Mamba [61]],
to refine the phase. Finally, the enhanced spectrograms are
reconstructed using the decoders, and the enhanced waveform
is obtained by combining them with Inverse STFT (ISTFT).

B. Gating Mamba (GM) Module

The Gating Mamba (GM) module enhances magnitude
features by selectively removing non-speech components and
reconstructing missing speech information. The GM module
consists of multiple GM blocks stacked sequentially. As illus-

trated in Fig. |2 each block receives two inputs: a hidden fea-
ture hp, which carries progressively refined speech informa-
tion from the previous module, and an initial hidden feature A,
which is the original noisy feature from the encoder. In the first
block, where no refinement has occurred, both the hidden and
initial feature inputs are set to hg, as no previous enhancement
step has been applied. This design aims to prevent cumulative
degradation during enhancement. As features pass through
multiple layers, successive transformations may progressively
suppress or distort key speech components. Referencing the
original input is intended to mitigate such distortions and
better preserve speech integrity. Each block then produces an
enhanced feature A1 based on the input, which is passed
to the next module for further refinement.

The module consists of three stages: masking, mapping, and
feature fusion. In the masking stage, the hidden feature h and
initial hidden features ho are concatenated, passed through a
I1x1 convolution for computational efficiency, and processed
by a TF-Mamba block. The output is then projected back
through a 1x1 convolution, followed by a sigmoid ¢ activation
to generate a mask. This mask is multiplied with initial
feature hg to selectively suppress non-speech components
while preserving speech-dominant regions. In the mapping
stage, the masked feature is concatenated with the hidden
feature hpy and processed through another 1x1 convolution
followed by a TF-Mamba block. A final 1x1 convolution
with a residual connection refines the feature reconstructing
the lost speech details. Since masking alone may not fully
restore speech—particularly in cases where essential details
have been overly suppressed or lost—the mapping process
complements it by restoring suppressed or missing speech
components. In the feature fusion stage, the outputs from
masking and mapping are blended using a weighted sum,
where the weights are derived from the masking process. This
enables the model to dynamically determine the appropriate
balance between suppression and reconstruction, ensuring a
progressively refined spectral representation. By iteratively
applying this process across GM blocks, the model effectively
enhances speech quality by selectively preserving, reconstruct-
ing, and refining spectral features.



C. Phase Shift-Invariant Training (PSIT)

1) Phase Shift Estimation: Given a predicted phase spectro-
gram Xp(t, f) and GT phase Y, (¢, f), where ¢ and f represent
the time and frequency indices of the spectrogram, the goal is
to determine the optimal shift n* that minimizes the phase
discrepancy between the predicted phase and the GT. The
shifted GT phase is defined as:

2w fn
N )
where n represents the temporal shift and N is the STFT

window length. To estimate the optimal shift, we define the
objective function:
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where fap is an anti-wrapping function that ensures phase
differences remain within a range [—, 7). However, the pres-
ence of the anti-wrapping function introduces non-linearity,
making it difficult to derive a closed-form solution for the
optimal n.

To address this, we reformulate the problem by applying the
anti-wrapping function only to the phase difference between
predicted phase and GT, leading to the following objective:

B = (faw (Gt ) - 0.0 - 22 )
t,f

This formulation allows us to approximate the optimal
shift by assuming a locally linear relationship between the
anti-wrapped phase difference and the shift term 27 fn/N.
For a restricted range of n in [—0.5,0.5], where shift term
remains within the anti-wrapping range, this approximation
holds effectively, enabling a differentiable solution. Taking the
derivative with respect to n and solving for zero, we obtain:
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Using this shift, the predicted phase is aligned as:
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2) Extended Shift Search: Although the phase shift estima-
tion method provides valid results within the limited range
of [—0.5,0.5], its effectiveness diminishes when the actual
phase shift exceeds the range. To address this, we introduce an
extended search strategy that evaluates multiple shifts before
determining the optimal alignment.

The overall procedure is detailed in Algorithm 1. Instead of
directly estimating n* from the original GT phase Y),, we first
produce a set of shifted GT phases using predefined values
from a search grid S ({—1,—0.5,0,0.5,1} in this study). For
each shifted GT, the optimal phase shift is computed using
the phase shift estimation process derived in Sec. [[II-CI] and
the predicted phase is realigned accordingly. The alignment
quality is then assessed by computing the anti-wrapped L1
distance between the aligned prediction and the corresponding

Algorithm 1 Extended Phase Shift Estimation

Require: Xp: predicted phase, Y): GT phase, S: search grid
Ensure: ng  : optimal shift

1: Initialize n;{nal < 0, min_loss «— oo
2: for s € S do

shifted 27 fs
> YP ;V_ Y;::rf f{\}AW(Xp_Yshmed)
. * N s D
4: n l<— dzﬁ %:t,f 2
. c-aligne & 2 *
5: Xp — Xp — ﬂTnl \ )
6: loss = >, ¥ |fAW(X;lgne _ Yshmed)l
7: if loss < min_loss then
8: min_loss < loss
9: n;‘:nal —n"+s
10: end if
11: end for

. *
12: return ng .,

shifted GT phase. The optimal shift n* that minimizes this
discrepancy is chosen, and the corresponding optimal phase
shift is adjusted accordingly. Note that the predicted phase
used in this process is detached from the gradient to prevent
unintended backpropagation.

3) Loss Computation: Once the predicted phase Xp is
aligned using nf,,;, any magnitude-phase-based loss function
can be directly applied to the aligned phase spectrogram,
requiring no modifications beyond the alignment process itself.
Following [11]], we adopt the same loss composition, where
the total loss is a weighted sum of the PESQ-based GAN
discriminator loss, magnitude loss, phase loss, time-domain
loss, complex spectrogram loss, and consistency loss. These
losses are computed using the predicted magnitude and aligned
phase spectrogram, with respective weights of 0.07, 27, 0.3,
6, 3, and 3.

IV. EXPERIMENTS

To assess task-specific performance and versatility of the
model structure, we conduct experiments on three widely
studied single-distortion enhancement tasks: denoising, dere-
verberation, and bandwidth extension. In addition, we evaluate
the model under the more realistic and challenging multi-
distortion conditions, where multiple distortions are combined.

A. Datasets

1) Denoising: To assess speech denoising performance,
we adopt the VoiceBank+DEMAND dataset [[62]], a standard
benchmark widely used in prior research. The clean speech
samples originate from the VoiceBank corpus [63]], comprising
11,572 utterances from 28 speakers for training, and 824
utterances from 2 unseen speakers for testing. Noise is syn-
thetically added using 10 distinct noise types—8 sourced from
the DEMAND database [[64]] and 2 artificially generated—at
signal-to-noise ratios (SNRs) of 0, 5, 10, and 15 dB. The test
set contains 5 previously unseen noise conditions at SNRs
of 2.5, 7.5, 12.5, and 17.5 dB. All audio data is uniformly
resampled to a 16 kHz sampling rate.

2) Dereverberation: For evaluating dereverberation capa-
bilities, we utilize the dataset provided by the REVERB Chal-
lenge [65]]. The training portion comprises 7,861 reverberant
utterances, generated by convolving clean WSJCAMO [66]



recordings with real room impulse responses (RIRs) and
embedding ambient noise at an SNR of 20 dB. Reverberation
scenarios cover three room sizes with 60 dB reverberation time
(RT60) values of 0.3, 0.6, and 0.7 seconds, each captured at
near (0.5 m) and far (2.0 m) microphone placements. The
evaluation set consists of 2,176 simulated utterances and 372
real recordings, sourced from the MC-WSJ-AV corpus [67].
For consistency, we use the single-channel version of all
recordings at 16 kHz.

3) Bandwidth Extension: For the bandwidth extension task,
we utilize the VCTK corpus [[63]], which comprises approxi-
mately 44 hours of high-quality speech data from 108 English
speakers, originally recorded at a 48 kHz sampling rate. Our
data preparation procedure follows established protocols from
prior work [19]. Specifically, we allocate the first 100 speakers
for training and reserve the remaining 8 for evaluation. To
construct input-target pairs, we begin by downsampling the
original 48 kHz recordings to 16 kHz, designating these
as wideband reference signals. Narrowband inputs are then
simulated by further subsampling the audio with factors of 2
and 4, limiting the bandwidth to 8 kHz and 4 kHz, respectively.
These narrowband signals are subsequently upsampled back to
16 kHz using spline interpolation, serving as the model input.
The corresponding wideband audio remains the ground truth
target for supervision.

4) Multi-distortion Enhancement: Since no standard bench-
mark exists for multi-distortion enhancement, we synthesize
the data by introducing three types of distortions: additive
noise, reverberation, and bandwidth limitation. Noise is mixed
using the DEMAND database [64], with a randomly selected
SNR ranging between -6 and 14 dB, following the same noise-
type split as the VoiceBank+DEMAND dataset [62]]. Rever-
beration is applied using room impulse responses generated
by Pyroomacoustics, with room dimensions varying between
5 and 15 m in length and width, and 2 to 6 m in height.
The RT60 is randomly selected between 0.4 and 1.0 seconds.
Bandwidth limitation is applied using randomly selected low-
pass filters, including Butterworth, Bessel, and Chebyshev
filters, with cutoff frequencies set to 2, 4, or 8 kHz. We use
the VCTK dataset [|63] as a speech source, selecting the first
100 speakers for training and the last 8 for testing. Speakers
p280 and p310 are excluded due to technical issues.

B. Evaluation Metrics

To assess the effectiveness of the proposed model across
various tasks, we employ a range of standard evaluation
metrics commonly used in speech enhancement. Especially
for single-distortion tasks, we follow the benchmarking con-
ventions established in prior work for each dataset to facilitate
direct comparison with existing methods.

In the denoising task, we use the perceptual evaluation
of speech quality (PESQ), short-time objective intelligibility
(STOI), and three composite metrics: CSIG, CBAK, and
COVL [68]]. PESQ provides an estimate of overall perceptual
quality, while STOI quantifies intelligibility. The composite
scores CSIG, CBAK, and COVL assess speech distortion,
background noise intrusiveness, and overall perceptual quality,
respectively.

In the dereverberation task, we adopt the official evaluation
toolkit provided by the REVERB Challenge [65], which
measuring various metrics including PESQ, cepstral distance
(CD), log-likelihood ratio (LLR), and frequency-weighted seg-
mental SNR (FWSegSNR). These metrics capture perceptual
speech quality, time-frequency domain distortions, spectral
divergence, and residual reverberation energy. Since real-
recorded reverberant utterances do not have clean references,
the signal-to-reverberation modulation energy ratio (SRMR)
is used exclusively for those cases, serving as a non-intrusive
proxy for dereverberation effectiveness.

For the bandwidth extension task, we utilize PESQ to
assess the perceptual restoration of missing high-frequency
components, ViSQOL (Virtual Speech Quality Objective Lis-
tener) [69]] to reflect MOS-LQO (mean opinion score - listen-
ing quality objective), and log-spectral distance (LSD) [70] to
quantify spectral distortion.

In the multi-distortion task, where multiple degradation
types (noise, reverberation, and bandwidth limitation) co-
occur, a broader and more comprehensive set of metrics
is adopted. We report PESQ, CSIG, CBAK, COVL, and
STOI to assess perceptual and intelligibility performance [68]].
Additionally, ViSQOL [69] is used to gauge overall listening
quality, while LSD [70] complements the evaluation by quan-
tifying spectral accuracy. Finally, perceptual speaker similarity
(PSS) is assessed by computing the cosine similarity between
speaker embeddings of the enhanced and clean utterances.
These embeddings are extracted using a WavLM-ECAPA
model trained on the VoxSim dataset [[71], a subset of the Vox-
Celebl dataset [[72] annotated with human-labeled perceptual
similarity scores.

C. Implementation Details

All speech signals are sampled at 16 kHz. During train-
ing, random 2-second segments are extracted from each ut-
terance. STFT is computed using a 400-point FFT, a 25
ms window (400 samples), and a 6.25 ms hop size (100
samples). Magnitude spectrograms are min-max normalized
before input. All models are trained for 200 epochs using
AdamW optimizer [73]], with a batch size of 8 and learning
rate of 0.0007, decayed exponentially by 0.99 per epoch. We
track validation PESQ every 2,000 steps and select the best
checkpoint. For a fair comparison and a focused analysis of
the model architecture and learning objectives, we exclude
specialized techniques from all experiments such as Perceptual
Contrast Stretching (PCS) [74] that can boost objective score.

For phase reconstruction, we modify the model to isolate
the phase stream. Specifically, the GM module is removed,
and clean magnitude features from the magnitude encoder are
directly fed into the phase stream. The feature size of the
phase stream is set to 64. To enable statistically meaningful
analysis, each PSIT configuration is trained for 80 epochs, 15
times with different random seeds, under identical settings.



TABLE I
COMPARISON OF BASELINES FOR DENOISING.

Method PESQT CSIGT CBAK{ COVL{ STOIt
Noisy 1.97 335 244 2.63 0.91
DEMUCS [75] 3.07 4.31 3.40 3.63 0.95
CMGAN [30] 341 4.63 3.94 4.12 0.96
TridentSE [6] 347 4.70 3.81 4.10 0.96
SEMamba [12] 3.55 4.77 3.95 4.26 0.96
MP-SENet [11] 3.60 4.81 3.99 4.34 0.96
EDNet w/o PSIT 3.55 4.75 3.83 4.28 0.96
EDNet 3.58 4.78 3.85 431 0.96

TABLE 11
COMPARISON OF BASELINES FOR DEREVERBERATION.
Method SimData RealData
PESQT CD| LLR| SNRy,T SRMRf SRMR?

Reverberant 1.50 3.97 0.58 3.62 3.69 3.18

‘WPE [76] 1.72 3.75 0.51 4.90 4.22 3.98

UNet [49] - 2.50 0.40 10.70 4.88 5.58

CMGAN [30 - 2.25 0.31 11.74 5.47 6.55

DCN [51] 2.94 2.00 0.23 13.33 5.27 6.48

MP-SENet [11] 297 1.97 0.24 14.07 5.51 6.67

EDNet w/o PSIT 3.06 1.95 0.23 13.78 5.59 7.42

EDNet 3.17 1.87 0.23 14.14 5.63 7.22

V. EXPERIMENTAL RESULTS AND ANALYSIS

A. Single-Distortion Benchmark Comparison

Denoising: Table [I] presents EDNet’s performance on the
denoising task. EDNet achieves competitive results compared
to state-of-the-art models, demonstrating strong performance
across key metrics. Without PSIT, its performance is compa-
rable to that of SEMamba [12], which shares a similar ar-
chitectural foundation, combining a DenseNet-based encoder-
decoder with a TF-Mamba backbone. However, it still under-
performs MP-SENet [11], as the GM module applies masking
at the feature level rather than directly in the STFT domain,
which likely limits its ability to preserve fine-grained signal
details. The inclusion of PSIT yields consistent improvements
in most of the key metrics. These gains suggest that PSIT can
contribute to performance even in denoising scenarios, where
temporal misalignment and phase distortion are relatively
limited compared to other distortion types. Although STOI
scores are saturated across top-performing models (0.96), the
observed improvements in perceptual metrics indicate that
PSIT helps produce more natural and intelligible outputs.
Overall, EDNet demonstrates solid performance in denoising
and serves as a strong baseline, though it has not yet surpassed
all existing models, leaving room for further improvement.

Dereverberation: Table [[Il shows that EDNet achieves su-
perior performance on both simulated and real reverberant
speech. On the simulated set, it achieves the best results across
all key metrics, including the highest PESQ, the lowest CD and
LLR, along with substantial improvements in FWSegSNR and
SRMR. On real recordings, EDNet also achieves the highest
SRMR among all prior models, although its variant without
PSIT records a slightly higher score. Though the inclusion
of PSIT results in a minor SRMR drop, it consistently yields
substantial improvements in other perceptual metrics, includ-
ing PESQ, CD, and FWSegSNR. These results suggest that
PSIT is particularly beneficial in reverberant conditions, where

TABLE III
COMPARISON OF BASELINES FOR BANDWIDTH EXTENSION.

8 kHz — 16 kHz

Method | 4 kHz — 16 kHz

PESQ? LSD| ViSQOL{ | PESQT LSD)  ViSQOLt

AFLM [771 - 1.24 439 - 1.63 3.83
AECNN [22 3.91 0.88 - 364 095 -

NVSR [24] 356 0.79 452 240 095 4.11
AP-BWE23 - 0.69 471 - 0.87 430
MP-SENet [11] 428 0.66 472 378 0.81 442
EDNet w/o PSIT 435 0.64 475 3.87 0.79 442
EDNet 437 0.62 4.77 388 078 443

phase distortion and temporal misalignment are especially
pronounced due to the nature of reverberation.

Bandwidth extension: As shown in Table EDNet out-
performs prior work in both 8 kHz — 16 kHz and 4 kHz
— 16 kHz bandwidth extension tasks. It achieves the highest
PESQ scores and the lowest LSD, indicating accurate spectral
reconstruction. ViSQOL scores also surpass those of prior
work by a small margin, reinforcing the perceptual quality
gains achieved by EDNet. While the gains from PSIT are
not large, they are consistent across all metrics, suggesting
potential benefits in bandwidth extension scenarios, where
temporal misalignment is limited but phase information in
the high-frequency range is often absent. Given the nature of
this distortion, PSIT may offer a more appropriate supervision
under such conditions, as high-frequency phase components
are inherently more sensitive to temporal shifts.

In summary, EDNet achieves state-of-the-art or competi-
tive results across denoising, dereverberation, and bandwidth
extension benchmarks. These results are obtained without
task-specific modifications or hyperparameter tuning, demon-
strating strong structural flexibility and adaptability. This
adaptability is most pronounced in the dereverberation task.
While mapping-based reconstruction is commonly favored for
dereverberation given its convolutive distortion model [51],
[78], a single method may not be uniformly optimal across
all conditions. Depending on the reverberation level, speech
content may remain partially intact, favoring suppression-
based strategies, whereas severe smearing can necessitate
reconstruction. The strength of EDNet lies in the architectural
capacity to adaptively balance these strategies rather than
rely on a fixed processing paradigm. Strong results against
competitive baselines from both methodological families, in-
cluding the mapping-based DCN and the masking-oriented
MP-SENet, support the effectiveness of this data-driven hybrid
design. Beyond architectural design, PSIT consistently im-
proves performance across various distortion types. The most
substantial gains are observed in dereverberation, where tem-
poral misalignment is pronounced. It also provides incremental
but consistent benefits in scenarios involving different phase-
related degradations, such as additive noise and bandwidth
limitation.

B. Multi-Distortion Performance Comparison

For multi-distortion performance comparison, we first
consider representative multi-distortion speech enhance-
ment models that explicitly aim to handle diverse dis-
tortion types—VoiceFixer [79], UNIVERSE [80], HD-



TABLE IV
COMPARISON OF DIFFERENT METHODS FOR MULTI-DISTORTION ENHANCEMENT.

Method Year Param. PESQT CSIGT CBAK? COVLT STOIt LSD, ViSQOLt PSSt
Noisy - - 1.28 1.16 1.82 1.16 051  3.64 2.40 0373
VoiceFixer [79] 2022 122M 139 224 2.00 1.86 061 248 3.11 0.604
UNIVERSE [80] 2022 107M 138 211 2.16 1.78 054 273 2.94 0.611
HD-DEMUCS [52] 2023 23.6M 138 2.69 2.20 2.08 064 222 3.28 0.575
UNIVERSE++ [81] 2024  107M 150 224 227 1.91 061 274 3.13 0.678
CMGAN [30] 2024 1.83M  1.80 2.20 247 2.04 071 240 3.30 0552
SEMamba [12] 2024 225M 226 2.46 2.79 2.41 073 238 333 0.596
MP-SENet [T1] 2025 226M 224 2.63 275 2.49 072 231 3.25 0.604
EDNet w/o PSIT 2025 2.67TM 232 3.02 277 272 074 219 3.52 0.667
EDNet 2025 267M 239 3.06 2.81 2.78 075 2.16 3.60 0.693
TABLE V EDNet consistently outperforms existing baselines across key

RESULTS OF SUBJECTIVE LISTENING TEST FOR MULTI-DISTORTION
ENHANCEMENT. SQ: SPEECH QUALITY, CP: CONTENT PRESERVATION

Method | Type | PESQT | DNSMOST NISQAT |  SQt cpt

VoiceFixer [79 G 139 2.897 3047 | 226 £0.09 2.36 =+ 0.07
UNIVERSE {80 G 138 2.821 4081 | 240 £009 183 £ 004
UNIVERSE++ 81] | G 150 2.897 4216 | 270 £ 0.08  2.29 =+ 0.06
HD-DEMUCS 52] | D 138 2712 1240 | 141 £005 204 £ 0.05
CMGAN (30 D 1.80 2.968 2507 | 207+ 008 3.00 =+ 0.06
SEMamba 12 D 2.26 2.968 2885 | 256+ 007 3.53 =+ 0.06
MP-SENet [TT D 224 2953 2804 | 2.58 £ 008 3.53 + 0.06
EDNet | D | 239 | 2981 2967 | 273 £ 007 3.58 £ 0.06

DEMUCS [52], and UNIVERSE++ [81]. In addition to
these multi-distortion enhancement baselines, we also include
CMGAN [30], SEMamba [12]], and MP-SENet [11], which
are architecturally and functionally similar to EDNet. These
time—frequency domain models employ dilated DenseNet-
based encoder—decoders with temporal-frequency modeling
backbones such as TF-Conformer, Transformer, or Mamba.
While not all target multi-distortion enhancement explicitly,
their unified treatment of diverse distortions makes them suit-
able for evaluating generalization. All baselines offer publicly
available implementations, ensuring reproducible benchmark-
ing under consistent settings. Since VoiceFixer is designed
for 44.1 kHz full-band audio, retraining it at 16 kHz is not
straightforward due to architectural and preprocessing con-
straints. Therefore, we use its official checkpoint for inference
and downsample the generated 44.1 kHz outputs to 16 kHz for
evaluation. Although this setup may not represent a perfectly
aligned condition, it still provides a meaningful reference for
comparison, as the released checkpoint is trained with identical
speech and noise sources.

As summarized in Table EDNet achieves the best
performance across every evaluation metric. While detailed
analyses are presented in following Sec. and the
performance gains appear to be related to the complementary
roles of the GM module and PSIT. The GM module employs a
gating mechanism to dynamically blend masking and mapping
strategies in a region-wise manner, allowing the network to
emphasize the most beneficial features based on input char-
acteristics. PSIT also contributes to performance gains in the
multi-distortion setting, where diverse sources of phase degra-
dation—such as misalignment, noise-induced perturbations,
and loss of high-frequency phase information—coexist. The
shift-tolerant nature of PSIT may be better aligned with these
conditions, potentially allowing it to provide more consistent
guidance during training. Notably, even in the absence of PSIT,

metrics, highlighting the strength of its architectural design in
multi-distortion settings.

In addition to objective evaluations, we also conduct sub-
jective listening tests to complement the quantitative results
and to better understand the perceptual differences that may
not be captured by conventional metrics. Recent studies [24],
[82]], [83] report that generative models often produce percep-
tually high-quality outputs despite achieving lower scores on
reference-based objective metrics such as PESQ. To further
analyze this discrepancy, we design two complementary lis-
tening tests: (1) speech quality test, where participants rate
the perceptual quality of enhanced signals without reference
access, and (2) content preservation test, where they compare
the enhanced and ground-truth speechs to assess the degree of
content consistency, including speaker similarity and linguistic
alignment. Each test involve 20 participants and 15 randomly
selected utterances from the test set. To further align these
subjective assessments with objective measures, we report
DNSMOS [84]] and NISQA [85] as reference-free metrics.

As summarized in Table [V] generative models generally
receive speech quality scores that are higher than expected
from their reference-based objective metrics, highlighting a
clear discrepancy between perceptual and quantitative eval-
uations. This suggests that their outputs often sound more
natural and artifact-free than the reference-based objective
scores alone indicate, a trend confirmed by their superior
NISQA scores compared to all discriminative baselines. How-
ever, the same models—particularly diffusion-based systems
such as UNIVERSE and UNIVERSE++—exhibit substantially
lower content preservation scores than discriminative base-
lines, indicating frequent modifications of linguistic content
or speaker identity, which likely explains their relatively low
reference-based metric results. By contrast, discriminative
models preserve content more faithfully but are observed
to introduce high-frequency artifacts when restoring severely
degraded regions, which is reflected in their relatively lower
NISQA performance. Taken together, these results highlight an
inherent trade-off between perceptual naturalness and content
fidelity in current speech enhancement paradigms and under-
score the limitations of relying solely on objective metrics
for direct comparisons between discriminative and generative
approaches.

EDNet achieves the best scores on both speech quality and
content preservation, indicating high perceptual quality with
strong content fidelity. In terms of reference-free metrics, it



TABLE VI
RESULTS OF GM MODULE ABLATION STUDY.

Method PESQt CSIG? CBAK® COVL? STOIt LSD| ViSQOL? PSSt

EDNet 2.39 3.06 2.81 2.78 0.75 2.16 3.60 0.693

(A) w/o masking module 2.27 2.96 2.74 2.67 0.74 2.19 3.53 0.667

(B) w/o mapping module 2.11 2.81 2.62 2.52 0.71 222 3.37 0.604

(C) wlo feature fusion module 2.24 3.02 2.70 2.68 0.72 2.16 3.41 0.638

(D) w/o initial feature ho 2.35 2.93 2.79 2.69 0.75 2.19 3.59 0.686

(E) w/o masked feature condition 2.33 2.96 2.78 2.70 0.74 2.18 3.54 0.689

(F) w/ fusion weight from mapping module 2.25 2.95 2.70 2.65 0.72 2.21 3.34 0.643
achieves the highest DNSMOS score overall and the highest TABLE VII
NISQA score among the discriminative models. While its MEAN GATE VALUES FOR TASK-SPECIFIC SCENARIOS.
NISQA performance is still lower than that of generative Task Test Dataset Gate Mean
models—Iikely due to high-frequency artifacts that are not Denoising VoiceBank+DEMAND 0.772

: Dereverberation REVERB 0.693

fl.llly.re'solv.ed—EDI.\Iet shows a clear improvement over othf?r Bandwidth Extension  VCTK 8 kHz 0.760
discriminative baselines. These results suggest that our archi- Bandwidth Extension ~ VCTK 4 kHz 0.731

tectural design, which combines dynamic gated fusion with
phase-tolerant supervision, successfully enhances perceptual
quality while maintaining the reliable fidelity inherent in
discriminative methods. Taken together, these results suggest a
practical path to unifying the perceptual strengths of generative
models with the content fidelity of discriminative methods. We
further provide audio samples generated by our method on the
demo page{ﬂ

C. GM Module Ablation Study

To validate the design choices of the GM module, we
perform an ablation study by systematically disabling or
modifying its internal components. The results are summarized
in Table [VI] We first evaluate the impact of removing either the
masking or mapping branch. Removing the masking branch
results in moderate performance degradation (row A), while
eliminating the mapping branch leads to a substantial drop
across all metrics (row B). This highlights the importance of
the mapping branch in generative tasks, such as bandwidth
extension, where reconstructing missing spectral content is
essential. In contrast, the masking branch helps preserve fine-
grained details and performs well in scenarios where most
of the original signal remains intact but is locally degraded,
such as in denoising and dereverberation. However, under
more challenging conditions involving simultaneous noise,
reverberation, and bandwidth limitation, masking alone proves
inadequate, emphasizing the necessity of a generative compo-
nent. Next, we evaluate whether a simple combination of the
two branches without dynamic gating can effectively leverage
their strengths (row C). When masking and mapping outputs
are averaged using a fixed fusion weight of 0.5, performance
improves over using masking alone but falls short of the
mapping-only baseline. This suggests that heuristic fusion
mechanism can result in an averaging effect, rather than a
meaningful integration of complementary features.

To further explore the design space, we evaluate three
additional variations that retain the gating mechanism but
alter the flow of information. First, to investigate the role of
the initial input feature hg, we remove its connection to the
GM module so that each layer relies solely on the hidden
representation of the previous layer (row D). This modification

Uhttps://mm kaist.ac.kr/projects/EDNet

leads to reduced final performance and increased instability
during early training, with some runs failing to converge
entirely. The performance reported in the table corresponds
only to successful training runs. A plausible explanation is
that representational degradation accumulates across layers;
immature gating and masking in the early training phase
may cause excessive information loss and hinder gradient
propagation. Maintaining a connection to the initial feature
appears to stabilize training in the early stages, which ul-
timately leads to improved final performance. Second, we
decouple the two branches by removing the conditioning
connection from the masking to the mapping module (row E).
This independent-path configuration also reduces performance,
indicating that cross-branch interaction provides meaningful
cues for enhancing reconstruction. Finally, we modify the
fusion weight to be predicted by the mapping module instead
of the masking module (row F). This configuration yields even
lower performance than fixed average gating. One possible
explanation is that the gating function is structurally and
functionally more aligned with the masking branch, making
it less compatible with the objectives of the mapping branch.
This mismatch may degrade both the effectiveness of the
gating and the performance of the mapping process.

Taken together, these results show that the GM module
is not merely an ensemble of two strategies, but a tightly
integrated design. Optimal performance depends critically on
how fusion is performed, where it is positioned, and how the
branches interact through shared and conditional information.

D. Gate Behavior Analysis

To examine how the Gating Mamba (GM) module dynam-
ically allocates enhancement effort, we analyze its gating be-
havior across different tasks and input conditions. We compute
the average gate activation across feature channels and interpo-
late it to match the resolution of the input spectrogram. These
visualization provide insights into the spatial distribution of
masking and mapping emphasis within the model.

1) Task-Specific Behavior: Table summarizes the aver-
age gate activations for models trained on individual distortion
types. The denoising model exhibits the strongest masking
tendency (0.772), followed by the bandwidth extension models
at 8 kHz (0.760) and 4 kHz (0.731). The dereverberation model
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Fig. 3. Visualization of gate maps in task-specific scenarios using single-distortion models. (a) Clean source speech. Gate maps of (b) the denoising model
given additive noise input, (c) the dereverberation model given reverberant input, and (d) the bandwidth extension model given 8 kHz bandwidth-limited input.
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Fig. 4. Visualization of gate maps in input-specific scenarios using the multi-distortion model. Gate maps and output magnitude spectrogram of the multi-
distortion model given input of (a) additive noise, (b) reverberation, (c) 8 kHz bandwidth limitation, and (d) all three distortions combined.

TABLE VIII
MEAN GATE VALUES FOR INPUT-SPECIFIC SCENARIOS.
Test Dataset Gate Mean
Full Dataset 0.582
- cut-off frequency 8 kHz 0.594
- cut-off frequency 4 kHz 0.583
- cut-off frequency 2 kHz 0.569
- SNR=(-6,0) 0.582
- SNR=(0,6) 0.582
- SNR=(6,12) 0.583

shows the lowest masking ratio (0.693), reflecting increased
reliance on mapping. These trends align with the nature of
each task. In denoising, where speech remains largely intact
and noise is additive, masking effectively suppresses interfer-
ence. Dereverberation introduces globally diffuse and smeared
distortions, necessitating broader reconstruction through map-
ping. Bandwidth extension displays more nuanced behavior: as
input bandwidth narrows, the model increasingly depends on
mapping to infer missing high-frequency components, while
preserving low-frequency content through masking.

Fig. [3] visualizes this behavior. Under additive noise and
reverberation, the gating pattern remains broadly uniform;
however, reverberation yields slightly lower gate values, re-
flecting a modestly greater reliance on mapping compared
to denoising. For bandwidth-limited inputs, the gate map
reveals strong frequency dependency: masking dominates in
the lower band and gradually diminishes at higher frequencies,
where reconstruction is required. This pattern resembles prior
approaches that explicitly reuse the low-frequency band [24]
or apply residual learning [22]], [23]]; however, in our case, the
division emerges organically without any frequency-specific
architectural design. The model learns to exploit the reliability

of the lower band and invoke mapping only where necessary,
suggesting that the gating mechanism adaptively modulates its
behavior in response to match task requirements.

2) Input-Specific Behavior: We next assess whether the
gating mechanism in the multi-distortion model remains adap-
tive to input characteristics despite being jointly trained. Ta-
ble [VIT]] reports average gate values for test subsets grouped
by distortion type. As expected, masking weights decrease
with reduced bandwidth, from 0.594 at 8 kHz to 0.569 at 2
kHz, indicating an adaptive shift toward mapping. In contrast,
variations in SNR have little effect on gating behavior, showing
that masking remains robust across different noise intensities.

Fig. [ presents the gate maps and enhanced magnitude
spectrograms for both individual and combined distortions.
Compared to single-task models, the multi-distortion model
produces more complex spatial patterns, likely reflecting its
exposure to overlapping distortion types during training. De-
spite this complexity, distinct gating behaviors remain evident:
additive noise and reverberation lead to broadly distributed
masking, while bandwidth limitation induces stronger mapping
activity in high-frequency regions. Notably, under single band-
width limitation condition (Fig. fc)—a scenario to which the
multi-distortion model was not explicitly exposed during train-
ing—the module still generates fine-grained masking peaks
that align with harmonic structures. The output spectrograms
verify that these gating decisions facilitate effective signal
recovery even in such unseen conditions; when the low-
frequency band remains clean, the model reconstructs a high-
frequency energy distribution that closely approximates the
ground-truth reference. In multi-distortion cases (Fig. [Ad),
however, the model invokes a more intricate combination



TABLE IX
COMPARISON OF PARAMETER COUNTS AND FLOPs.

Method | Param. | Encoder Core Module Decoder | Total
CMGAN [30] 1.83M 16.40G 29.20G 17.70G 63.30G
SEMamba [[12] 2.25M 24.36G 16.00G 24.60G 64.96G
MP-SENet [11] 2.26M 16.40G 52.40G 17.72G 86.52G
EDNet 2.6TM 20.52G 31.04G 11.10G 62.66G
- Mag stream 2.28M 16.40G 27.08G 8.86G 52.34G
- Pha stream 0.39M 4.12G 3.96G 2.24G 10.32G

of masking and mapping to restore corrupted low-frequency
regions. While this yields favorable results, the inherent dif-
ficulty of low-frequency reconstruction leads to subtle de-
viations in the high-frequency energy, potentially acting as
a primary source of high-frequency artifacts. Overall, these
results confirm that the gating module not only differentiates
distortion types but also adaptively modulates its strategy
based on the spectral characteristics of the input signal.

3) Summary and Implications: The GM module serves
as a dynamic controller that adjusts enhancement strate-
gies based on task requirements and input spectral con-
text. Its ability to implicitly distinguish between reliable and
missing regions—particularly under bandwidth-limited con-
ditions—demonstrates perceptually aligned behavior learned
without explicit priors. This context-aware fusion is central
to EDNet’s ability to perform well across varied tasks and
overlapping distortions.

E. Model Complexity Analysis

In terms of computational cost, EDNet differs from prior
DenseNet-based encoder—decoder models in two respects: (i)
a dual-stream architecture that processes magnitude and phase
separately, and (ii) stacked Gating Mamba (GM) blocks, each
comprising two processing modules—masking and mapping.
Managing the associated overhead is a primary concern in
our model design. In this section, we analyze the design
choices intended to address this overhead and their effects,
from theoretical and empirical perspectives.

Table [IX] summarizes the parameter counts and FLOPs
of EDNet and comparable DenseNet-based systems. While
EDNet introduces a modest increase in parameters, it attains
the lowest total FLOPs. These efficiency gains arise from
three design choices. First, to offset the doubled computation
incurred by executing both masking and mapping process, we
select the TF-Mamba [12] module for its superior compu-
tational efficiency relative to Transformer-based alternatives.
Second, whereas most DenseNet-based baselines employ four
processing blocks, EDNet uses three GM blocks. Third, to
minimize the overhead introduced by the dual-stream design,
we allocate the majority of the capacity to the magnitude
stream and make the phase stream deliberately lightweight by
reducing its channel width to 32 (0.39M parameters; 10.32G
FLOPs). This magnitude-dominant allocation is motivated by
our phase-reconstruction analysis in following Sec.
We find that providing clean magnitude features enables the
model to recover phase near ground-truth quality, indicating
that accurate magnitude restoration is more critical to overall
enhancement performance.
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Fig. 5. Empirical efficiency comparison among CMGAN, SEMamba, MP-
SENet and EDNet. (a) Real-time factor (RTF) and (b) GPU memory usage
with increasing input duration.

In addition to the theoretical complexity analysis, we assess
empirical efficiency of EDNet under real-world inference
conditions. We measure the average real-time factor (RTF)
and GPU memory consumption using 100 audio samples with
durations from 1 to 30 seconds in 2-second increments. All
experiments are conducted on an AMD EPYC 7543 CPU
and a single NVIDIA A6000 GPU (48 GB VRAM). As
shown in Fig. El, SEMamba [[12] attains the lowest RTF and
memory usage, with EDNet following a similar trend. Despite
having the lowest FLOPs, EDNet shows a measured RTF
that is approximately 0.01 higher and consumes slightly more
memory, likely due to the heavier core module and serial
magnitude-to-phase reconstruction process.

When compared with Transformer-based counterparts such
as CMGAN [30] and MP-SENet [11]], the Mamba-based mod-
els (EDNet and SEMamba) show clear advantages on longer
sequences, maintaining relatively stable RTF and memory
usage across input durations. CMGAN and MP-SENet begin
to lag behind EDNet at approximately 9 and 15 seconds,
respectively, with both RTF and memory consumption rising
sharply as input length increases. While the Mamba-based
models keep memory usage under 16 GB even for 30-second
audio, their processing limits on the 48 GB A6000 are reached
at around 19 and 27 seconds, respectively, underscoring the
scalability gap between Transformer- and Mamba-based ar-
chitectures. These findings are consistent with prior studies
showing that Mamba architectures scale more efficiently than
Transformer-based designs for long-context processing [61]],
[86]].

In summary, key design choices of EDNet enable higher
enhancement performance and broader applicability, but they
can also increase computational demand. By adopting TF-
Mamba, reducing the number of GM blocks, and allocating
capacity toward the magnitude stream, we control the resulting
overhead so that both theoretical and measured complexities
remain comparable to DenseNet-based baselines. Across all
tested input lengths, EDNet maintains a real-time factor below
0.04 with practical memory usage, meeting real-time require-
ments and scaling to long contexts.
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TABLE X

IMPACT OF PHASE SHIFT ON OBJECTIVE SPEECH QUALITY METRICS.
Phase Shift Time Shift PESQT CSIGt CBAKt COVL{ STOIf
n =0 (GT) 4644 5000  5.000 5.000 1.000
n =033 4644 5000 4977 5.000 1.000
n=0.66 4643 5000 4769 5.000 1.000
n=1 4643 5000  4.627 5.000 1.000
n=133 4642 5000 4541 5000  1.000
n =166 4641 5000 4466 5.000 1.000
n=1 -1 frame ~ 4.644 5000  4.868 5000  1.000
n=133 1 frame  4.643 5000  4.686 5.000 1.000
n =166 1 frame  4.642 5000  4.583 5.000 1.000

F. Phase Analysis and Impact of PSIT

We now turn to the proposed phase shift-invariant training
(PSIT) strategy, which is designed to alleviate the rigid su-
pervision imposed by conventional phase loss functions. This
section presents a series of analyses examining the theoretical
rationale behind PSIT, its influence on perceptual metrics and
phase recovery, and its practical effects during training.

1) Behavior of Phase Loss under Phase Shifts: To examine
how models receive supervision under phase misalignment,
we conduct a controlled experiment using clean utterances
from the VoiceBank+DEMAND dataset [[62]]. Synthetic phase
shifts are applied to the phase spectrogram using Equation (IJ),
followed by re-wrapping the phase values into the range
[—7, 7] to maintain valid representation. We then compute the
loss against the original (unshifted) reference using standard
phase loss [11], both with and without PSIT, across various
search grid configurations.

As shown in Fig. [6] the standard phase loss without PSIT
is minimized only when the prediction is perfectly aligned,
and it increases sharply with even slight misalignments, ex-
hibiting fluctuations due to phase wrapping. In contrast, PSIT
maintains near-zero loss over a wider range, determined by
the selected search grid. For instance, a grid of {—0.5,0,0.5}
yields a zero-loss region spanning [—1,1], based on the
validity of linear approximation within 0.5 of each grid
point. More importantly, beyond this range, PSIT produces
a less fluctuating and more consistent loss increase, avoiding
the abrupt spikes observed with the standard phase loss. These
behavior suggests that PSIT may offer a more stable and
interpretable learning signal, even when the predicted phase
is shifted yet structurally correct.

2) Perceptual Metric Sensitivity to Phase Shifts: To assess
how phase shifts influence standard perceptual objective met-
rics, we conduct an analysis using the clean set from the

VoiceBank+DEMAND dataset [62]. Phase shifts of varying
degrees are applied to the clean phase spectrogram in the
STFT domain, followed by inverse STFT to reconstruct the
waveform. The resulting signals are then evaluated using
PESQ, CSIG, COVL, CBAK, and STOI [68], as summarized
in Table [X] We observe that PESQ exhibits only slight
degradation with increasing phase shift, while CSIG, COVL,
and STOI remain virtually unchanged across all shift levels.
The only metric that consistently declines is CBAK, which
is known to be sensitive to sample-level misalignment and
likely interprets the resulting waveform discrepancies caused
by a temporal shift as background noise artifacts.

To further investigate this behavior, we select samples with
large phase shifts (e.g., n = 1.33) and perform a one-frame
backward shift in the time domain. This correction partially
restores PESQ and CBAK scores, supporting the hypothesis
that the degradation is primarily due to misalignment. How-
ever, compared to phase-shifted signals with equivalent net
offsets (e.g., n = 0.33), the time-corrected outputs still show
slight residual degradation, likely attributable to windowing
functions and quantization error introduced during STFT and
ISTFT. These results confirm that moderate phase shifts have
negligible impact on most perceptual metrics and that degrada-
tions observed in CBAK under shift-tolerant training settings
such as PSIT should be interpreted with caution.

3) Phase Reconstruction with and without PSIT: For as-
sessing the impact of PSIT on phase reconstruction quality, we
conduct a controlled experiment where the model is trained to
predict phase from clean ground-truth magnitude. This setup
isolates the effect of phase prediction by removing confound-
ing factors related to magnitude estimation. We compare the
standard phase loss [[11] (w/o PSIT) against four PSIT variants
with increasing search grid sizes, each trained 15 times with
different random seeds to ensure statistical reliability.

As shown in Fig. |7} PESQ scores improve steadily as the
search grid expands, with statistically clear gains emerging
from the grid {0, £0.5}. CSIG, COVL, and STOI remain close
to ground-truth levels across all configurations, implying that
these metrics are largely saturated under the clean-magnitude
setup. While CSIG and COVL show minimal variation, STOI
exhibits a statistically clearer upward trend, suggesting that
PSIT still provides marginal but repeatable improvements
in phase reconstruction. For CBAK, average scores slightly
increase with wider PSIT grids, though variance becomes more
pronounced—reflected in broader interquartile ranges and
more extreme values. This may result from PSIT allowing a
wider range of phase predictions that are perceptually valid but
not strictly aligned, introducing variability in waveform-level
alignment. These findings align with previous observations that
CBAK is sensitive to sample-level discrepancies and may over-
penalize benign phase deviations. To complement the analysis,
we introduce Phase Shift-Invariant Phase Distance (PSI-PD) as
an auxiliary evaluation measure. While mathematically equiv-
alent to the standard phase loss with PSIT, PSI-PD employs
a denser and wider search grid (step size 0.25, range -20 to
20), allowing it to discount errors that arise purely from phase
shifts and to focus instead on the structural accuracy of phase
reconstruction. In our experiments, PSI-PD scores decreased
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Fig. 7. Box plots comparing performance in the phase reconstruction task under different PSIT configurations. Results are shown for without PSIT and with
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consistently with larger PSIT grids, reflecting improved phase
reconstruction fidelity and aligning closely with PESQ trends.

Overall, the results indicate that PSIT, when properly config-
ured, can enhance phase reconstruction performance by relax-
ing rigid alignment constraints. However, given the trade-off
between perceptual gains and increased variability in sample-
level sensitive metrics like CBAK, moderate search grids (e.g.,
{0,£0.5, £1}) may offer the most balanced configuration.

4) Training Dynamics in Multi-distortion Setting: We an-
alyze the impact of PSIT on training dynamics in the full
multi-distortion setting. Fig. [8] presents validation curves for
magnitude loss, phase loss, complex loss, and PESQ score over
training epochs. While the phase loss shows only a modest
reduction under PSIT, the most noticeable improvements are
seen in the magnitude and complex losses, both of which
converge more rapidly and reach lower minimum values.
PESQ also increases steadily throughout training with PSIT,
indicating enhanced perceptual quality as a result of better
joint reconstruction of magnitude and phase.

These results suggest that relaxation of strict alignment
constraints benefits not only phase reconstruction but also
magnitude learning. This may be attributed to the inherently
conditional nature of phase prediction: since phase must be
estimated in conjunction with magnitude, inaccurate phase su-
pervision—particularly from misaligned targets—can generate
incoherent or overly harsh gradients that flow back into the
magnitude stream. These noisy signals can disrupt the mag-
nitude learning process, especially in the early training stages
when the model is still unstable. By allowing supervision to
focus on phase structure rather than exact alignment, PSIT can
reduce such interference and enable more coherent gradient
flow. In this sense, PSIT functions not merely as a phase
enhancement tool but also as a training stabilizer for phase-
aware speech enhancement frameworks.

5) Summary and Implications: In summary, our analyses
confirm that PSIT effectively fulfills its goal of making phase
supervision more tolerant to perceptually irrelevant shifts,
both conceptually and empirically. As a training principle,



this relaxation improves phase reconstruction quality and
also facilitates more efficient and stable optimization of the
entire model, including the magnitude stream. This flexibility,
however, introduces minor considerations: wider search grids
can increase variance in alignment-sensitive metrics such as
CBAK, and a small SRMR drop is observable in the real-data
dereverberation task. These effects reflect an inherent trade-
off—relaxing phase supervision improves overall perceptual
quality but can produce temporally shifted output waveform to
which certain metrics are sensitive. Therefore, in practical use,
the search grid size should be chosen based on the task goal
and application, as it directly controls the amount of output
shift that PSIT permits. Nonetheless, primary strength of PSIT
is its practicality. It operates as a rule-based strategy that intro-
duces only negligible computational overhead during training.
It therefore offers a simple and lightweight addition to existing
frameworks, yielding measurable gains in performance and
efficiency without requiring architectural modifications.

VI. LIMITATIONS

Although this study demonstrates the effectiveness of a
unified framework across multiple speech enhancement tasks,
several limitations remain. The work primarily focuses on
architectural flexibility and task coverage, without including
cross-domain evaluations—an important direction for future
work aimed at broader generalization. Moreover, while three
major distortion types and their combinations are addressed,
real-world speech is often affected by a wider range of
degradations not covered here, such as packet loss and codec
artifacts. Extending the framework to accommodate a broader
spectrum of distortions and their simultaneous occurrence
represents a valuable avenue for future exploration. Lastly,
despite strong denoising results, performance in this task
remains comparatively lower than in others, indicating room
for further improvement.

VII. CONCLUSION

This paper proposes EDNet, a versatile speech enhancement
framework designed to address diverse distortion types through
two key components: a gated integration of masking and map-
ping operations, and a phase-shift-invariant training (PSIT)
objective. The GM module enables the adaptive fusion of
complementary enhancement strategies, while PSIT introduces
robustness to temporal misalignment in phase supervision.
Together, these components form a flexible and generalizable
architecture for speech enhancement. We validate the proposed
design through comprehensive evaluations on single- and
multi-distortion tasks, where EDNet achieved state-of-the-art
or comparable performance without task-specific architectural
adaptation. Ablation studies and gating behavior analyses con-
firm that the GM module not only improves performance but
also allows the model to learn task- and input-specific control
over its enhancement strategy. In addition, PSIT improves
phase reconstruction quality, facilitates learning dynamics, and
improve overall model performance by softening the effects
of strict alignment constraints without an overhead during
training. These results highlight that integrating structural

adaptability with shift-tolerant supervision offers a promising
path toward building versatile speech enhancement systems
suited for real-world deployment
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