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Abstract

Speech dereverberation is crucial for enhancing intelligibility
and quality, especially for cochlear implant (CI) users, who are
highly susceptible to smearing effects induced by reverbera-
tion. While conventional and deep learning-based methods have
shown promise for normal-hearing (NH) individuals, their ef-
fectiveness for CI users remains limited. To bridge this gap, we
propose a deformable convolutional GAN architecture for dere-
verberation for CI users. The deformable convolution layers
introduce kernel offset prediction, adaptively adjusting the re-
ceptive field based on distortion in reverberant speech. We first
evaluate the effectiveness of the proposed method on REVERB
challenge dataset. A listening test is conducted with both NH
and CI users. Results show that the proposed method markedly
improves speech intelligibility for CI users by preserving a more
intact envelope structure, enhancing their ability to perceive key
transient speech segments for sentence comprehension.

Index Terms: speech dereverberation, cochlear implant, gener-
ative adversarial networks, deformable convolution

1. Introduction

In real-world environments, room acoustics significantly im-
pact the transmission of speech signals. During conversations,
individuals perceive not only the direct sound but also reflec-
tions from surfaces such as walls, ceilings, and furniture. These
reflections, collectively termed reverberation, introduce tempo-
ral and spectral smearing that interferes with the direct sound,
thereby degrading speech quality. This degradation adversely
affects listening experiences and poses challenges for tasks like
speech recognition and speaker identification, highlighting the
importance of effective dereverberation techniques.

Early research on speech dereverberation includes estimat-
ing a Wiener-like filter based on factors such as the estimated re-
verberation time [1], the power spectral density (PSD) of late re-
verberation [2], or a relative convolutive transfer function model
[3]. One of the most widely used approaches is the weighted
prediction error (WPE) algorithm [4, 5]. WPE utilizes variance-
normalized delayed linear prediction to estimate late reverber-
ation based on past speech frames, which is then subtracted
from the current signal to recover the target speech. However,
WPE iteratively refines its estimation by updating both the time-
varying PSD of the target speech and the linear filter, which is
time-consuming.

With the advancement of deep learning (DL), many DL-
based methods have been developed to address speech derever-
beration, primarily in the time-frequency (T-F) domain, with
limited exploration in the time domain [6, 7]. In T-F domain
approaches, dereverberation methods are typically categorized
into masking-based and mapping-based techniques. Masking-
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based approaches include the ideal binary mask (IBM) [8, 9],
ideal ratio mask (IRM) [10], and complex ratio mask (CRM)
[11], whereas mapping-based methods directly reconstruct the
spectral representation of clean speech [12, 13, 14]. There are
also research working on generative models for speech dere-
verberation, including generative adversarial networks (GANs)
[15, 16] and diffusion models [17].

However, most of these methods are designed for normal-
hearing (NH) individuals, with little application and transla-
tion into approaches for improving speech understanding for
cochlear implant users. Cochlear implants (CIs) are electronic
devices that provide a hearing solution for individuals with
severe-to-profound hearing loss. While moderate reverberation
generally does not hinder speech understanding for NH individ-
uals, CI users are more susceptible to the negative effects of re-
verberation, resulting in significant reduction of sentence-level
and word-level speech understanding [18, 19, 20]. This is pri-
marily due to the distortion of spectro-temporal cues, blurring
of formant transitions, and a reduction of envelope structure
(amplitude modulations), all of which collectively and individ-
ually impair speech understanding in quiet and noisy environ-
ments. Additionally, reverberation has been shown to amplify
low-frequency energy and mask higher-frequency speech com-
ponents thus degrading the representation of the fundamental
frequency which also negatively impacts speech understanding
[21, 22]. Several algorithms have been proposed to suppression
reverberation in CI users. A channel-selection strategy based on
the signal-to-reverberant ratio of individual frequency channels
resulted in over 60% improvement [18]. In a later study, the ap-
proach was modified such that signal was no longer dependent
on prior knowledge of the room impulse response or anechoic
signal, which demonstrated an increase of performance by an
average of 32.21 percentage points [20].

Previous solutions for dereverberation for Cls are primary
signal-processing-based approaches. This study utilizes a DL
architecture that integrates deformable convolution networks
with a GAN framework for speech dereverberation in CI users.
While deformable convolution networks have proven effective
in computer vision [23, 24], they have not been applied within a
GAN framework for speech dereverberation in CI users. The
proposed study represents an application of how to leverage
DL techniques to improve speech understanding in reverbera-
tion conditions for CI users. The contributions of this study are
as follows:

* We apply a deformable convolution-based GAN for reverber-
ation suppression. To the best of our knowledge, this is the
first approach that utilizes a GAN framework for CI users.
Our subjective results demonstrate the superiority of the pro-
posed method in recovering a clear and intact envelope struc-
ture, which enhances the perception of important transient
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Figure 1: The framework of the proposed method.
offset field representing the specific position. However, as can be seen in
offsets (1), standard convolution layers generate output by sampling
z :: - from fixed neighboring locations on the input.
o =2 . .
. |° NN Deformable convolution extends standard convolution by
introducing trainable offsets, allowing the receptive field to
(2keky) adapt dynamically to the input, unlike the fixed positions in
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Figure 2: Illustration of deformable convolution.
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Figure 3: The sampling locations for standard and deformable
convolutions utilized a 3x3 kernel to generate the output.

speech segments essential for speech intelligibility.

* We replace standard convolution layers with deformable con-
volution networks, which introduce an additional convolu-
tional layer to predict kernel offsets, thereby enabling our
model to dynamically identify optimal T-F regions and ef-
fectively handle varying levels of reverberation distortion in
the degraded signal.

2. Method

2.1. Deformable convolution network

A standard convolution operation applies on a fixed grid of
neighboring locations to extract useful features, which can be
expressed as:

O(tvf): Z K(xvy)'j(t+xvf+y)v

(z,y)ER

Re{(=ke/2], =Lk /2]) s (ke /20, LR /2D (D)
where [ is the 2-D intermediate feature map from the previous
layer with dimensions (7" x F), and K is the convolutional
kernel of size (k: X k¢). The receptive field R defines the grid of
locations over which the convolution is performed, with (¢, f)
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standard convolutions. The deformable convolution is defined
as:

ot,f)= > K@y I(t+a+d,f+y+d,)

(z,y)ER

where (dz,dy) are learned offsets for each (x,y) location in
the sampling grid R. As shown in Figure 2, these offsets are
computed through an additional convolutional layer, generating
a deformable feature map that adapts to the spatial characteris-
tics of the input. This allows dynamic adjustment of sampling
locations to optimal T-F regions in the input reverberant spectro-
gram. Figure 3 compares the sampling locations used by stan-
dard and deformable convolutions to generate the output. It can
be seen that compared to standard convolution, deformable con-
volution can dynamically adjust and expand the receptive field,
offering flexibility for feature modeling.

2.2. Model structure

The architecture of the proposed method is shown in Figure 1.
The model converts a reverberant speech waveform y into real
and imaginary complex spectrogram using short-time Fourier
transform (STFT). The real and imaginary parts, Y, and Y;, are
then concatenated as input and sent into the generator. The gen-
erator comprises of encoder, two-stage transformer blocks (TS-
Transformer) and a mask decoder. The encoder is composed of
a deformable convolutional block, a deformable DenseNet (De-
form DenseNet), followed by another deformable convolutional
block. Each block integrates a deformable convolutional layer
(Deform Conv), instance normalization, and PReL.U activation.
Building on [25], Deform DenseNet replaces the four stan-
dard convolutional layers with deformable convolutions. Then,
in each TS-Transformer, the first transformer along time de-
pendencies and the second one models along frequency. The
amount of TS-Transformer is 4. The mask decoder aims to
predict a magnitude mask, which is then element-wise to the
reverberant magnitude Yjs to estimate the dereverberated mag-
nitude spectrum Xr. The mask decoder comprises a Deform
DenseNet, followed by a transposed deformable convolution
layer, instance normalization, PReLU activation, and a final
convolutional layer with a learnable sigmoid function. The en-
hanced magnitude spectrum X is combined with the noisy
phase and transformed back to the enhanced signal Z using the
inverse STFT. The generator is trained based on the magnitude
loss and complex loss between the clean and dereverberated
spectrogram [26], and adversarial loss which encourages the



Table 1: Performance comparison on SimData and RealData
of the REVERB challenge evaluation set. “-” denotes that the
result is not provided in the original paper.

SimData RealData

CD SRMR LLR FWSegSNR PESQ SRMR
No Processing 3975 3.687 0574 3.617 1.503 3.180
WPEE [5] 3.748 4220 0514 4.864 1.722 3.978
BSW [28] 4325 4.072 054 7971 1.633 3.455
SkipConvNet [14] 2328 4.852  0.261 10.746 2.154 7.06
SkipConvGAN [15] 2318  5.887 0.234 11.896 2911 6.355
CMGAN [16] 2.25 5.47 0.31 11.74 - 6.55
Proposed method 2329 5136  0.211 12.259 3.015 713

generator to produce dereverberated speech with a perceptual
evaluation of speech quality (PESQ) score close to that of clean
speech.

Since objective functions in speech enhancement are of-
ten not directly correlated with evaluation metrics, we follow
the approach in [16] that incorporates a metric discriminator to
approximate the target metric (i.e. PESQ). We adopt the ar-
chitecture in [27], which includes four convolutional blocks,
each with a convolutional layer, instance normalization, and
PReLU activation. Then global average pooling, feed-forward
layers, and a learnable sigmoid function are applied to predict
the PESQ score. The discriminator is trained by first estimating
the maximum normalized PESQ score from clean speech, and
second, by predicting the PESQ score from the dereverberated
speech.

3. Experiments
3.1. Dataset and experimental setup

We use the REVERB challenge dataset [29], which provides
single-channel, two-channel and eight-channel configurations
at a 16 kHz sampling rate. We consider the single channel
configuration in this work. The dataset is divided into training,
development and evaluation sets. The training set consists of
7,861 clean utterances from the WSJCAMO corpus [30]. Rever-
berant speech is simulated by convolving these clean utterances
with 24 measured room impulse responses and adding noise at
an signal-to-noise ratio (SNR) of 20 dB. Reverberation times
range from 0.2 to 0.8 seconds. Both the development and evalu-
ation sets include simulated data (SimData) and real recordings
(RealData). SimData comprises six conditions: three rooms
with reverberation times of 0.3, 0.6, and 0.7 seconds, and two
distances between the speaker and microphone: near at 0.5 m
and far at 2 m. RealData is taken from the MC-WSJ-AV corpus
[31] and it includes one room with two distances: near at 1 m
and far at 2.5 m, and a reverberation time of 0.7 seconds. The
development set contains 1,484 utterances for SimData and 179
for RealData, while the evaluation set includes 2,176 and 372,
respectively.

During training, the utterances in the training set were
segmented into 4-second slices, whereas the test set retained
variable-length utterances without slicing. The FFT point num-
ber, Hanning window size, and hop size were set to 400, 400,
and 100. The model was trained for 200 epochs using the Adam
optimizer with an initial learning rate of 0.001 and a batch size
of 8. Early stopping is applied to finish training if there is no
improvement in development set for 20 consecutive epochs.
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Table 2: Ablation study on the performance of the proposed
method in different room sizes. The table shows improvements
in average PESQ and SRMR.

PESQ SRMR
Room size Small Medium Large Small Medium Large
No Processing 1.91 1.314 1.285 4.542 3.364 3.155
Proposed method 3.403 2.825 2815 5317 533 4.762
— Deform Conv 3.378 2.749 2727  5.025 4.957 4.562
— Discriminator ~ 3.292 2.682 2.527 4.927 4.851 431

3.2. Evaluation metrics

To evaluate performance, we utilized five objective measures:
cepstral distance (CD), signal-to-reverberation modulation en-
ergy ratio (SRMR), log-likelihood ratio (LLR), frequency-
weighted segmental SNR (FWSegSNR) and PESQ, all of which
are provided by the REVERB challenge corpus. Except for
SRMR, these metrics require a clean speech reference to score
the reverberant or enhanced speech. As a result, improvements
in all metrics are assessed for SimData, while only SRMR im-
provements are evaluated for RealData.

4. Results

4.1. Comparison with baselines

We compared the proposed method with six methods, including
two signal-processing-based and four DL-based approaches.
The signal-processing-based methods include WPE [4, 5] and
blind spectral weighting (BSW) [28]. BSW suppresses late re-
verberation without the need for prior knowledge of the ane-
choic signal or RIR and operates in real time without the it-
erative processing needed by WPE. We select BSW because
its real-time operation is more practical for CI applications.
The DL-based methods include the magnitude-mapping U-
Net model SkipConvNet [14] and two GAN-based approaches:
SkipConvGAN [15] and CMGAN [16]. SkipConvNet incorpo-
rates convolutional layers between the U-Net encoder and de-
coder, SkipConvGAN is derived from SkipConvNet by incor-
porating a discriminator to form a GAN architecture, and CM-
GAN includes a conformer-based generator and a metric dis-
criminator.

As shown in Table 1, WPE and BSW demonstrate inferior
performance across all objective metrics compared to DL-based
methods. Among DL-based methods, SkipConvNet performs
slightly lower on simulated data but achieves better SRMR
scores on real recordings compared to SkipConvGAN and CM-
GAN. The two GAN-based methods, SkipConvGAN and CM-
GAN, demonstrate comparable performance, with the former
achieving the highest SRMR and the latter achieving the low-
est CD score on simulated data. Overall, the proposed method
outperforms baselines on most objective metrics. In addition, it
yields superior SRMR on real recordings, demonstrating better
robustness and generalization ability. Our demos are available
at !,

4.2. Ablation study

Starting with the deformable convolutional GAN architecture,
we progressively made two modifications: (1) replacing the de-
formable convolution layers with standard convolutional layers
(— Deform Conv), and (2) removing the discriminator from the

Ihttps://doi.org/10.5281/zenodo.15565914
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Figure 5: Mean word recognition rate and speech quality score

for CI participants.

model after standard convolution was applied (— Discrimina-
tor). As shown in Table 2, both PESQ and SRMR scores de-
cline when each component is removed, confirming that the
deformable convolution layers and discriminator contribute to
reverberation suppression. While both PESQ and SRMR im-
prove, replacing deformable convolution with standard convo-
lution causes a greater drop in SRMR scores, whereas removing
the discriminator from the standard convolution configuration
results in a larger decrease in PESQ scores, given that the dis-
criminator optimizes based on the PESQ scores.

4.3. Subjective listening test

For the subjective listening tests, we utilized SimData from the
REVERB challenge evaluation set. The tests assessed intelli-
gibility and quality with seven NH and two CI subjects. We
compared the proposed method with WPE and BSW, with BSW
chosen for its real-time practicality in CI applications. Since CI
users experience greater listening efforts and listening fatigue
more easily compared to NH users, we remove WPE for CI
subject testing.

For the intelligibility test, participants were asked to type
the words they perceived. The intelligibility is evaluated using
word recognition rate (WRR) measures from the test samples.
NH participants assessed a total of 100 utterances across five
conditions (clean, reverberant, WPE, BSW, and the proposed
method), with 20 utterances per condition; CI participants eval-
uated 80 samples across four conditions (clean, reverberant,
BSW, and the proposed method), with 20 samples per condi-
tion. For the quality test, participants first listened to a clean
speech sample as a reference. Then test audio samples, includ-
ing both reverberant and dereverberated, were played in random
order. Participants rated the quality of each sample on a 5-point
scale, where 1 indicated poor quality and 5 represented excel-
lent quality. NH participants assessed a total of 20 utterances
(4 conditions x 5 samples per condition); CI participants eval-
uated 15 utterances (3 conditions x 5 samples per condition).

Figure 4 and 5 illustrate the intelligibility and quality re-
sults for NH and CI users. First, for reverberant speech, CI users
show a significant intelligibility drop, with WRR falling to 50%,
while NH users maintain a high WRR of 92.54%. This con-
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firms that reverberation severely degrades speech recognition
for CI users. Second, while WPE and BSW slightly improve
objective quality measures over reverberant speech, both meth-
ods lead to minor intelligibility declines for NH users, lower-
ing WRR by 1.24% and 3.74%, respectively. For CI users, this
phenomenon is more severe, with WRR decreases from 50%
(reverberant speech) to 35.79% with BSW. Third, the proposed
method consistently improves intelligibility for both NH and CI
users, achieving WRRs of 95.54% and 73.61%, significantly
narrowing the gap to clean speech. For CI users, it provides
a substantial intelligibility boost, increasing WRR by 23.61%
over reverberant speech. Subjective quality scores also confirm
its effectiveness, reaching 3.4 and 4.9 for NH and CI users, re-
spectively. Fourth, the quality and intelligibility for NH users
show a positive correlation, where higher quality scores cor-
respond to higher intelligibility. However, for CI users, while
BSW results in a lower WRR than reverberant speech, it has a
higher quality score of 3.3 compared to 2.6 for reverberation.

Figure 6 visualizes the spectrograms of reverberant, clean,
and dereverberated speech processed by BSW and the proposed
method. While BSW slightly reduces reverberation, the resid-
ual spectral smearing (blurring) contributes to decreased intelli-
gibility. This effect is particularly detrimental for CI users with
poor spectro-temporal resolution, as spectral smearing nega-
tively leads to word boundary identification [32]. In contrast,
the envelope structure of the proposed method appears to be
more intact than BSW, which increases the potential for CI users
to perceive important transient segments of speech necessary to
achieve high performance for sentence intelligibility.

5. Conclusion

The proposed method integrates deformable convolution net-
works within a GAN framework for speech dereverberation for
CI users. To the best of our knowledge, this is the first GAN-
based approach applied for CI users. The deformable convolu-
tion networks dynamically identify optimal T-F regions, adapt-
ing effectively to varying levels of reverberation distortion in
degraded speech. Subjective tests confirm the effectiveness
of proposed method in recovering clear and intact speech en-
velopes, enhancing the perception of transient segments critical
for CI users. Future work will explore causal or compressed
architectures to improve real-time efficiency and reduce com-
putational complexity, making the model more practical for CI
applications.
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