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Abstract

Lightweight neural network models deployed
on edge devices are susceptible to performance
degradation under unseen acoustic conditions
due to domain mismatch between training and
deployment environments. This is particu-
larly relevant in causal low latency applications
such as cochlear implants (CIs), where limited
temporal context and strict computational con-
straints restrict model robustness. Domain ad-
versarial learning can improve generalization
by encouraging representations that are both
task-discriminative and domain-invariant; how-
ever, jointly learning these representations be-
comes difficult in limited capacity models. We
introduce an adapter-based adversarial learning
framework for robust and parameter-efficient
domain adaptation. The proposed approach
incorporates an adapter module into a pre-
trained causal backbone. We first establish a
robust pretrained baseline network and subse-
quently perform adversarial adaptation under
mismatched acoustic conditions. We evaluate
the proposed framework on framewise phonetic
group classification to guide phoneme-based
time-frequency mask estimation. Empirical re-
sults demonstrate consistent improvements in
phoneme classification over both standard su-
pervised training and conventional adversarial
learning, particularly under low signal-to-noise
ratio levels, resulting in statistically significant
improvements in objective intelligibility mea-
sures of CI vocoded speech.

1 Introduction

Lightweight causal neural networks are used in real-
time edge speech processing applications to satisfy
low latency and limited computational resource re-
quirements (Mou and Milanova, 2024; Wahab et al.,
2025). However, limited capacity models operat-
ing under strict constraints of memory, power con-
sumption and inference latency are susceptible to
significant performance degradation under unseen
acoustic conditions caused by train/test domain

mismatch (Taori et al., 2020; Saha et al., 2026b).
This challenge is particularly pronounced in real-
time speech classification tasks, where limited tem-
poral context and reduced model capacity hinder
the learning of robust and domain-invariant feature
representations in dynamic acoustic environments.

Domain-adversarial learning has emerged as an
effective strategy for improving model robustness
under distribution shifts by encouraging represen-
tations that remain discriminative for task classifi-
cation while suppressing domain-specific informa-
tion (Szegedy et al., 2014; Goodfellow et al., 2015;
Shafahi et al., 2019; Madry et al., 2018; Chen and
Ji, 2022; Kim et al., 2023; Ganin et al., 2016). How-
ever, conventional adversarial training introduces
substantial optimization complexity and computa-
tional overhead due to iterative adversarial sample
generation and additional adversarial optimization
constraints (Madry et al., 2018; Pang et al., 2019;
Gupta et al., 2020). Prior work has further shown
that synthetic adversarial examples consume sig-
nificantly more representational capacity than nat-
ural data, and even over-parameterized deep net-
works may exhibit insufficient model capacity un-
der adversarial training (Jiang and Chiang, 2024).
Consequently, there remains a need for parameter-
efficient adversarial adaptation strategies that pre-
serve robustness in low model capacity settings.

In this work, we focus on the domain mismatch
problem in the context of a cochlear implant (CI),
a medical device that restores auditory percep-
tion in individuals with severe to profound sen-
sorineural hearing loss by converting acoustic sig-
nals into electrical stimulation delivered through
an electrode array along the cochlea (Carlyon and
Goehring, 2021). Although CI users typically
achieve good speech understanding in quiet con-
ditions, speech intelligibility deteriorates substan-
tially in dynamic noisy and reverberant environ-
ments (Hazrati and Loizou, 2012; Kokkinakis et al.,
2011). While current CI devices incorporate tradi-
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tional signal processing solutions, such as beam-
forming and signal-to-noise based noise reduction,
for noise suppression, these solutions do not di-
rectly address reverberation or combinations of re-
verberation and noise and have limited robustness.

Studies have shown that ideal time-frequency (T-
F) masking for suppressing distortion-dominated
regions improve speech intelligibility for hearing
impaired listeners in adverse acoustic conditions
(Wang, 2005; Roman and Woodruff, 2013; Healy
et al., 2019; Koning et al., 2015; Kokkinakis and
Stohl, 2021). Prior approaches investigated for
blind T-F mask estimation either use traditional
signal processing method that require future signal
information or room-specific tuning (Hazrati et al.,
2013) or high capacity neural network architectures
(Borjigin et al., 2024). CI sound processing must
remain causal with end-to-end latencies within tol-
erable audiovisual asynchrony (Hay-McCutcheon
et al., 2009).

Lightweight phoneme-based speech enhance-
ment models targeted for CI applications incor-
porate framewise predictions of phonetic informa-
tion to guide T-F mask estimation for CI processed
speech(Chu et al., 2023; Saha et al., 2026c). The
effectiveness of phoneme-based mask estimation
is inherently tied to the robustness of the under-
lying phoneme classifier, making the latter a key
limiting factor in downstream speech enhancement
performance. Framewise phoneme classification is
highly susceptible to acoustic degradation because
phonemes with similar spectral and temporal char-
acteristics are frequently confused under adverse
conditions (Ladefoged and Johnson, 2014; Saha
et al., 2026a,b).

Previous studies have attempted to improve ro-
bustness of phoneme-based speech enhancement by
grouping phonemes into broader categories, such
as manner of articulation (MOA) classes (Lu et al.,
2023; Ziegler et al., 2012; Scanlon et al., 2007;
Saha et al., 2026b). While such phoneme grouping
strategies can reduce inter-class confusion, they do
not explicitly address acoustic domain mismatch.
To address these limitations, we propose an ad-
versarial adaptation framework that alleviates the
representational and computational limitations of
conventional adversarial learning in lightweight
causal networks. Our main contributions are sum-
marized as follows:

• We introduce a parameter-efficient adapter
based adversarial learning framework for

lightweight causal recurrent networks. Our
approach integrates a lightweight bottleneck
adapter module into a pretrained classification
backbone and jointly optimizes both the back-
bone and adapter using domain adversarial
learning.

• We demonstrate that pretraining plays a criti-
cal role in successful adversarial adaptation on
noisy reverberant test data. By first learning
stable phonetic representations under rever-
berant only conditions, the network is better
able to capture invariant phonetic structure
before adversarial adaptation to noisy rever-
berant domains. Interestingly, this selective
domain mismatch during pretraining leads to
improved robustness across domains, high-
lighting the counterintuitive benefits of single
domain pretraining conditions.

• We show that our adapter-based adversarial
adaptation method improves the learning of
phoneme-discriminative and domain-invariant
representations when compared to conven-
tional adversarial learning, leading to im-
proved downstream speech enhancement per-
formance on CI vocoded speech.

2 Related Work

2.1 Domain Adversarial Training
Conventional supervised learning assumes that
training and test samples are drawn from the same
distribution. However, in real-world speech appli-
cations, this assumption is frequently violated due
to variations in acoustic environments, speakers,
recording devices, background noise and reverber-
ation, leading to significant performance degra-
dation under unseen conditions (Szegedy et al.,
2014; Goodfellow et al., 2015; Shafahi et al., 2019;
Madry et al., 2018; Bera and Agarwal, 2025).
Domain-adversarial learning addresses this issue
by reducing the dependence of learned represen-
tations on domain-specific cues, thereby improv-
ing robustness under distribution mismatch (Ganin
et al., 2016). Such approaches have been success-
fully applied in computer vision, natural language
processing (NLP) and speech recognition to im-
prove robustness under distribution shift (Yoo and
Qi, 2021; Altinisik et al., 2023; Alzantot et al.,
2018; Kim et al., 2023).

A typical domain-adversarial framework con-
sists of three components, illustrated in Figure 1a:
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Figure 1: (a) Conventional adversarial training framework consisting of a feature extractor (pink), label predictor
(yellow), and domain classifier (blue) with parameters θd and domain label d, connected through a gradient reversal
layer (GRL) (green), which multiplies gradients by a negative scalar λ during backpropagation. The label predictor
is parameterized by θy with the class labels denoted by y. Training minimizes the label prediction loss (Ly) and the
domain classification loss (Ld). (b) Our adapter-based adversarial training framework, where a lightweight
bottleneck adapter module (light blue, expanded view, left) is inserted into the pretrained backbone to refine
intermediate representations h before (phoneme or manner of articulation) classification. The domain classifier
(dark blue) with parameters θd receives the adapted features h′. The adapted features are simultaneously optimized
for label prediction and domain confusion through adversarial learning.

a feature extractor, a task classifier and an auxil-
iary domain classifier. The task classifier predicts
the primary labels, while the domain classifier at-
tempts to identify the domain of the extracted fea-
tures. During backpropagation, a gradient reversal
layer reverses gradients from the domain classifier
(Ganin et al., 2016), forcing the feature extractor
to simultaneously minimize task loss and maxi-
mize domain classification loss. Consequently, the
learned representations preserve task-relevant in-
formation while suppressing domain-specific cues,
improving generalization across domains.

Conventional domain adversarial learning can be
challenging to optimize in lightweight architectures
with limited representational capacity. Compact
recurrent networks must simultaneously preserve
task-discriminative information while suppressing
domain-specific variability, making robust repre-
sentation learning challenging under severe domain
mismatch. Moreover, full-model fine-tuning on
new domains can lead to catastrophic forgetting
(McCloskey and Cohen, 1989; French, 1999) and
unstable adaptation, particularly in low-resource
settings where models are prone to overfitting and
poor cross-domain generalization (Lee et al., 2017).

2.2 Adapter Modules for Fine-Tuning

Adapter modules have emerged as a parameter-
efficient alternative to full model fine-tuning. In-

stead of updating all parameters of a pretrained
model, adapters introduce a small number of task-
specific trainable parameters while keeping most
of the backbone network shared across tasks. Prior
work has explored task-specific and multi-task
adapter learning strategies. Bapna and Firat (2019)
proposed adapter layers for neural machine trans-
lation by inserting lightweight task-specific mod-
ules into a pretrained model, while Stickland and
Murray (2019); Pfeiffer et al. (2021) investigated
multi-task adapter training to leverage shared rep-
resentations across tasks during transfer learn-
ing. Similarly, Ahmat et al. (2023) used adapters
for cross-lingual adaptation to construct language-
pair-specific alignment subspaces while preserv-
ing the original semantic space of the pretrained
model. Most existing approaches, however, focus
on transformer-based architectures and keep the
pretrained backbone fixed during adaptation.

Other studies have combined adapters with ad-
versarial or robustness oriented objectives. Re-
buffi et al. (2023) showed that lightweight adapters
can improve adversarial robustness in large vision
transformers using domain-specific trainable pa-
rameters, while Nguyen and Le (2024) combined
adapters, adversarial training and mixup augmen-
tation for robust NLP classification. Similarly,
(Wu et al., 2025) introduced robustness feature
adapters that improve adversarial generalization

4633



through feature-space perturbation learning. How-
ever, these approaches primarily focus on robust-
ness against synthetically generated adversarial
samples in large transformer-based vision and lan-
guage models, and keep the pretrained backbone
weights fixed during adaptation.

In contrast, this work investigates adapter-
based adversarial adaptation for offline training
of lightweight networks designed for real-time
edge deployment, which, to the best of our knowl-
edge, has not been previously explored. Unlike
conventional adapter fine-tuning approaches that
freeze the pretrained backbone or allocate sepa-
rate adapters for different domains, we jointly opti-
mize both the backbone network and lightweight
adapters within a unified domain-adversarial frame-
work. This achieves parameter-efficient adaptation
while learning acoustically invariant feature repre-
sentations under distribution shifts.

3 Methodology

Our adapter-based adversarial adaptation frame-
work for robust classification in lightweight causal
recurrent neural networks is illustrated in Fig-
ure 1b. We first describe the pretrained classifier
and adapter integration strategy, and the adversarial
domain adaptation framework used during training.

3.1 Classifier and Adapter Integration

A classification network is first pretrained using su-
pervised learning. Given an input feature sequence
xi, the network predicts the posterior probability
of each class using the cross-entropy loss, LCE :

LCE =

− 1

N

N∑

i=1

|y|∑

j=1

1(yi = j) logP (y = j | fΘ(xi)),

(1)

where N denotes the number of training samples;
fΘ(xi) represents the feature representation pro-
duced by the network with parameters Θ; yi de-
notes the ground-truth class label; and |y| is the
total number of output classes.

After pretraining, an adapter module is inserted
into the intermediate feature extraction stage of the
network, as illustrated in Figure 1b. The adapter
employs a bottleneck architecture consisting of a
down-projection layer, nonlinear activation and
a up-projection layer with a residual connection.

Given an intermediate representation h, the adapted
representation is computed as:

h′ = h+Wup
(
σ(Wdownh)

)
, (2)

where Wdown and Wup denote the down- and up-
projection matrices, respectively; and σ(·) denotes
a nonlinear activation function. The adapter intro-
duces only a small number of additional trainable
parameters while enabling the network to learn
domain-adaptive feature representations with mini-
mal computational overhead.

3.2 Domain Adversarial Training for
Lightweight Adaptation

To improve robustness across domains, the pro-
posed framework incorporates adversarial domain
adaptation during training, as illustrated in Fig-
ure 1b. An auxiliary domain discriminator is intro-
duced to predict the domain associated with each
input representation.

The domain discriminator operates on the
adapted feature representation h′ generated by the
backbone network and the adapter module. The
gradient reversal layer (GRL) is inserted between
the feature extractor and the discriminator. Dur-
ing backpropagation, the GRL reverses gradients
from the domain classifier, encouraging the feature
extractor and adapter modules to learn representa-
tions that remain informative for the primary clas-
sification task while suppressing domain-specific
information. The domain classification loss Ldom

is defined as:

Ldom = − 1

N

N∑

i=1

|d|∑

j=1

1(di = j) logP (d = j | h′i),

(3)
where di denotes the domain label associated with
sample i; |d| denotes the total number of domains;
and h′i represents the adapted feature representation
for sample i.

The overall training objective combines the task
classification and adversarial domain losses:

Ltotal = LCE + λadvLdom, (4)

where λadv controls the contribution of the adver-
sarial objective. During optimization, the domain
discriminator minimizes Ldom, while the GRL en-
courages the feature extractor and adapter modules
to maximize it. The domain discriminator is used
only during training and removed during inference.
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Backbone Adversarial
/Adapter

Hidden
Dim Size

Bottleneck
Dim Size

# Parameters
(Ph, MOA)

MACs (M)
(Ph, MOA)

Size (MB)
(Ph, MOA)

GRU+A No (Base) 117 - 124996, 121338 359.07, 355.45 0.50, 0.49
GRU+A Yes (Adv) 117 - 124996, 121338 359.07, 355.45 0.50, 0.49
GRU+A Yes (Adv,AM )* 117 32 132633 , 128975 366.63, 363.00 0.53, 0.52
LSTM+A No (Base) 117 - 146524, 142866 380.95, 377.33 0.59, 0.57
LSTM+A Yes (Adv,AM )* 117 32 154161, 150,503 388.50, 384.88 0.62, 0.60
GRU+A No (Base) 120 - 130720, 126969 370.80, 367.08 0.52, 0.51
GRU+A Yes (Adv,AM )* 120 32 138552, 134801 378.54, 374.82 0.55, 0.54
GRU+A Yes (Adv,AM )* 117 16 128873, 125215 362.85, 359.22 0.52, 0.50
GRU+A Yes (Adv,AM )* 117 64 140153, 136495 374.18, 370.55 0.56, 0.55

*Model specification excludes the domain discriminator (6,942 parameters), which is removed during inference.

Table 1: Model specifications for phoneme (Ph) and manner of articulation (MOA) classifiers with alternative
architecture designs. GRU, Gated recurrent unit; LSTM, Long short-term memory; A, Attention; Base, Baseline;
Adv, Adversarial training; AM , Adapter module; Bottleneck Dim Size, Dimension size of adapter module
bottleneck; Hidden Dim Size: Dimension size of the hidden layer in the backbone model.

Consequently, the final model during inference re-
tains nearly the same computational complexity as
the baseline classifier, with only the addition of a
lightweight adapter module.

4 Experimental Design

The adapter-based adversarial framework is eval-
uated on a causal frame-wise phoneme classifica-
tion task for phoneme-based speech enhancement
in CIs, where classifier outputs are used to guide
downstream T-F mask estimation. Models were
implemented in PyTorch and trained on a NVIDIA
A5000 GPU.

4.1 Datasets

Training Data. The training speech dataset con-
sists of an 8000-utterance subset (≈28 hrs) of the
LibriSpeech corpus (Panayotov et al., 2015). Noise
signals are selected from the WHAM! (Wichern
et al., 2019) and Bern Cocktail Party (Fischer et al.,
2020) datasets, containing real world environmen-
tal and babble noise recordings. Anechoic speech
and noisy speech generated at SNR levels from
-5 to 20 dB are convolved with room impulse re-
sponses (RIRs) from the BUT Reverb Database
(Szöke et al., 2018) to create reverberant and noisy-
reverberant conditions.

Test Data. Evaluation is performed using the
HINT (Nilsson et al., 1994) and CUNY (Boothroyd
et al., 1985) speech corpora, which are commonly
used in CI research. The HINT corpus consists
of 240 phonetically balanced sentences with con-
trolled vocabulary and relatively uniform sentence
lengths, enabling reliable and repeatable intelligi-
bility assessment of speech intelligibility in noise.
The CUNY corpus contains 720 syntactically natu-

ral and meaningful sentences spoken by both male
and female talkers, providing greater variability in
speaker characteristics and sentence content.

To evaluate performance under realistic acoustic
conditions, the speech corpora were combined with
real-world RIRs and environmental noise record-
ings representative of everyday listening environ-
ments encountered by CI users. These condi-
tions include binaural (left- and right-channel) RIR
recordings (Table A.5) from the Aachen Impulse
Response dataset (Jeub et al., 2009), and public
noise recordings (interiors of a cafeteria, restaurant
and a busy subway station) from the DEMAND
dataset (Thiemann et al., 2013). Additionally, we
generated two-talker babble using the test partition
of the TIMIT speech corpus (Garofolo et al., 1993).
The TIMIT test set utterances were first grouped ac-
cording to speaker identity. For each babble record-
ing, two distinct speakers were randomly selected
without replacement, ensuring that a speaker ap-
peared only once within a given mixture. Test
SNRs range from -5 to 20 dB. The resulting test
conditions therefore capture variability in reverber-
ation, environmental noise, speaker characteristics,
and inter-channel differences.

4.2 Feature Extraction

Speech features are extracted following the Ad-
vanced Combination Encoder strategy (Vandali
et al., 2000) implemented in the Nucleus Matlab
CI Toolbox (Swanson and Mauch, 2006). Signals
are segmented into 8 ms frames with 2 ms over-
lap, transformed using short-time Fourier trans-
form (STFT) followed by a log operation, produc-
ing 65-dimensional log-compressed spectral fea-
tures. Global mean-variance normalization is ap-
plied prior to classification and mask estimation.
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Figure 2: Frame-wise phoneme and manner of articulation classification accuracy under noisy-reverberant conditions.
The evaluated models include the baseline classifier (Base) pretrained using either reverberant only (Rev) or noisy-
reverberant (NoisyRev) data, the conventional adversarially trained model (Adv), and the proposed adapter-based
adversarially trained model (Adv,AM ), both initialized from the corresponding pretrained baseline.

4.3 Model Architecture and Training

The backbone classifier is a lightweight causal re-
current network for CI applications adapted from
(Saha et al., 2026c), consisting of a single-layer
unidirectional gated recurrent unit (GRU) or long
short-term memory (LSTM) network with 117 hid-
den units followed by a multi-head attention mod-
ule. The network predicts frame-wise phoneme
posteriors over 39 phoneme classes plus a silence
class (Ladefoged and Johnson, 2014). Phoneme
labels are generated using Kaldi forced alignment
(Povey et al., 2011) and mapped to CI time bins.
MOA classification was also evaluated (Appendix
Table A.1).

The baseline classifier model is pretrained using
reverberant only or noisy reverberant speech and
adapted using the proposed adversarial framework.
During adaptation, a bottleneck adapter module
with dimension 32 and ReLU activation is inserted
after the attention layer. For the GRU model, ad-
ditional model specifications investigated include
the number of hidden dimensions, adapter bottle-
neck size and adversarial weight factor. Model
complexity (number of parameters, model size and
multiply-accumulate operations) is reported in Ta-
ble 1.

Adversarial adaptation incorporates the domain
classification objective (Equation 3) with λadv =
0.1. Two domains are considered during train-
ing: reverberant only speech (domain 0) and noisy-
reverberant speech (domain 1). Classification mod-
els were trained using stochastic gradient descent
with learning rate 1 × 10−5 and momentum 0.9.
Training data were partitioned into disjoint training

and validation sets. Training used 2-second seg-
ments with early stopping when the validation loss
was unchanged for 10 consecutive epochs.

4.4 Speech Enhancement

For downstream speech enhancement, the classi-
fier output is integrated into the Omni-Expert (OE)
mask estimation framework (Saha et al., 2026c).
The OE model consists of a single expert backbone
that applies learned task-specific feature transfor-
mations to input features based on phoneme infor-
mation. The OE model estimates phoneme-specific
masks, which are probabilistically combined into
a composite mask based on predictions from a
phoneme group classifier. The OE mask estimation
procedure is detailed in Appendix A.4).

5 Results

5.1 Impact of Adapter-Based Adversarial
Learning and Pretraining Conditions

Figure 2 compares frame-wise classification per-
formance for both phoneme and MOA classifiers
under noisy-reverberant conditions.

Adversarial Adaptation. The results show that
both adversarial training approaches consistently
improved classification robustness under diverse
acoustic conditions when compared to the base-
line (Base) models. Our adapter-based adver-
sarially trained (Adv,AM ) models significantly
outperformed conventional adversarially trained
(Adv) models. This improvement suggests that the
adapter module more effectively refines learned
intermediate feature representations during adver-
sarial adaptation, enabling the network to preserve
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(b) Impact of GRU hidden dimension size (hdim).
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(c) Impact of adapter bottleneck dimension size.
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(d) Comparison of gated recurrent unit (GRU) and long short-
term memory (LSTM) attention (+A) backbone architectures.

Figure 3: Comparison of architectural design choices
for frame-wise phoneme and manner of articulation
classification under noisy reverberant conditions. The
adapter based adversarial trained model (Adv,AM ) is
initialized from a baseline network (Base) pretrained
on reverberant-only data.

discriminative phonetic structure in the presence of
noise and reverberation.

Pretraining Conditions. The pretraining condi-
tion also strongly influences the effectiveness of ad-
versarial adaptation. The mismatched reverberant-
only pretrained Base models consistently out-
performed those pretrained on matched noisy-
reverberant data. In particular, reverberant-only
pretraining followed by adapter based adversarial
adaptation achieves the highest performance across
nearly all SNR conditions.

These findings suggest that separating phonetic
representation learning from robustness adapta-

tion is beneficial. Pretraining on reverberant only
speech enables the network to learn stable phonetic
structure with reduced environmental interference,
while subsequent adversarial adaptation introduces
robustness to acoustic variability in a more con-
trolled manner. Interestingly, the reverberant-only
pretrained Base model for phoneme classification
remains competitive at higher SNR levels ( >10
dB), where it outperforms both Adv and Adv,AM
models trained on matched noisy-reverberant data.
This indicates that selective single domain pretrain-
ing can itself produce robust phonetic representa-
tions, highlighting the counterintuitive benefits of
controlled domain mismatch during pretraining.

5.2 Impact of Adversarial and Architectural
Design Choices

Adversarial Loss Weighting. Figure 3a shows
results of the impact of the adversarial domain loss
weight λadv in GRU+A classifier models. Phoneme
classification performance remains relatively sta-
ble across different adversarial weights, suggesting
that phonetic representations are robust to varying
levels of domain regularization. In contrast, MOA
classification exhibits greater sensitivity to λadv, in-
dicating that broader phonetic categories are more
strongly influenced by the degree of enforced do-
main invariance.

Backbone Hidden Representation Size. The ef-
fect of GRU hidden dimension size is shown in
Figure 3b. The Adv,AM framework consistently
improves phoneme and MOA classification per-
formance across different hidden dimensions (117
and 120), demonstrating robustness across varying
model capacities. Interestingly, the best overall
performance is achieved at the lower hidden dimen-
sion of 117, indicating that the proposed framework
can effectively learn robust representations without
requiring larger recurrent models.

Adapter Bottleneck Dimension. The bottleneck
dimension determines the size of the intermediate
adapter representation and consequently controls
the adaptation capacity of the module. Figure 3c
shows the impact of different adapter bottleneck
dimensions. Smaller bottleneck dimensions (16)
reduce parameter overhead but limit transformation
flexibility, whereas larger dimensions (64) increase
adaptation capacity at the cost of additional pa-
rameters. Overall, a bottleneck dimension of 32
provided the best trade-off between classification
performance and computational efficiency.
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Signal-to-Noise Ratio of Noisy-Reverberant Speech

Metric Model -5 dB 0 dB 5 dB 10 dB 15 dB 20 dB Rev Only
SR

M
R

-C
I

NoisyRev
0.832

(±0.004)

0.935
(±0.008)

1.055
(±0.013)

1.132
(±0.016)

1.167
(±0.018)

1.181
(±0.019)

1.413
(±0.022)

Base
1.171

(±0.017)

1.417
(±0.019 )

1.645
(±0.023 )

1.754
(±0.024 )

1.783
(±0.024 )

1.785
(±0.024 )

2.101
(±0.027)

Adv,AM
1.360

(±0.021 )
1.608

(±0.025)
1.829

(±0.027 )
1.943

(±0.028 )
1.973

(±0.027 )
1.964

(±0.026 )
2.124

(±0.029)

Oracle
1.793

(±0.025 )

1.953
(±0.025 )

2.036
(±0.023 )

2.059
(±0.022 )

2.059
(±0.022 )

2.055
(±0.022 )

2.051
(±0.023)

IRM
2.081

(±0.023)

2.186
(±0.022)

2.240
(±0.022)

2.261
(±0.022)

2.269
(±0.022)

2.274
(±0.022)

2.241
(±0.022)

ST
O

I

NoisyRev
0.499

(±0.003)

0.563
(±0.003)

0.617
(±0.003)

0.656
(±0.003)

0.680
(±0.003)

0.691
(±0.003)

0.699
(±0.001)

Base
0.546

(±0.005)

0.633
(±0.004)

0.701
(±0.003)

0.746
(±0.003)

0.771
(±0.003)

0.783
(±0.002)

0.792
(±0.001)

Adv,AM
0.552

(±0.005)
0.641

(±0.004)
0.708

(±0.004)
0.751

(±0.003)
0.775

(±0.003)
0.787

(±0.002)
0.790

(±0.001)

Oracle
0.694

(±0.004)

0.737
(±0.004)

0.774
(±0.003)

0.800
(±0.003)

0.816
(±0.002)

0.824
(±0.002)

0.829
(±0.001)

IRM
0.959

(±0.001)

0.968
(±0.001)

0.970
(±0.001)

0.970
(±0.001)

0.969
(±0.001)

0.969
(±0.001)

0.969
(±0.000)

Table 2: Mean ± 95% confidence intervals of objective speech intelligibility metrics: speech-to-reverberation
modulation energy ratio for cochlear implant users (SRMR-CI) and short-time objective intelligibility (STOI) for
noisy reverberant (NoisyRev) speech enhanced using the ideal ratio mask (IRM) and the Omni-Expert (OE) model
with phoneme predictions. Phoneme classifiers include the baseline model (Base) trained on reverberant-only data
and the adapter-based adversarial trained model (Adv,AM ). The oracle denotes the OE model with known/oracle
phoneme information. Bold indicates highest performing non-oracle model.

Recurrent Architectures. Figure 3d compares
GRU-based and LSTM-based architectures within
the adversarial adapter framework. Both architec-
tures benefit from adversarial adaptation, with the
GRU+A configuration achieving higher classifica-
tion performance at a lower computational com-
plexity (Table 1). These results suggest that GRU-
based recurrent modeling offers a more efficient
architecture for lightweight real-time CI applica-
tions.

Model Complexity. Incorporating adversarial
learning and adapter modules increases the param-
eter count only modestly relative to the correspond-
ing Base models (Table 1). The reported parame-
ter counts exclude the domain discriminator, which
is only used during training and removed during in-
ference. This allows the deployed model to remain
lightweight.

Overall, these findings demonstrate that the
adapter-based adversarial framework remains ef-
fective across multiple architectural configurations

while maintaining a compact model suitable for
low-latency CI deployment.

5.3 Impact on Objective Speech Intelligibility
Metrics

We then assessed how improved robustness in
phoneme group classification influences the down-
stream phoneme-based speech enhancement task.
The mask estimation expert in the OE model is
trained using matched noisy-reverberant conditions
(Saha et al., 2026b). Two phoneme classifier config-
urations were evaluated: the reverberant only pre-
trained Base model and the counterpart Adv,AM
model. MOA based results are provided in the
Appendix Table A.2.

Mean speech intelligibility performance and
95% confidence intervals were estimated using
5,000-sample bootstrap resampling at the sample
level, preserving the repeated-measures structure.
Table 2 compares the speech-to-reverberation mod-
ulation energy ratio for cochlear implant users
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(SRMR-CI) and short-time objective intelligibil-
ity (STOI) scores of noisy-reverberant speech en-
hanced using the phoneme-based OE model. Sta-
tistical test results are detailed in Appendix A.7.

The Adv,AM phoneme classifier model
achieves statistically significant improvements in
both SRMR-CI and STOI from the Base clas-
sifier model, particularly at lower SNR levels.
These results demonstrate that improved robustness
in phoneme classification leads to more accurate
downstream T-F mask estimation, with the largest
gains observed under severe noisy-reverberant con-
ditions.

6 Conclusion

This work introduced adapter-based adversarial
training for robust framewise phoneme classifica-
tion under noisy and reverberant acoustic condi-
tions. By integrating a lightweight adapter module
into a pretrained causal recurrent network during
adversarial training, the model learns representa-
tions that remain discriminative for classification
while reducing sensitivity to acoustic domain mis-
match. The resulting architecture maintains a com-
pact model size suitable for real-time CI applica-
tions.

Empirical findings demonstrated that staged pre-
training on reverberant-only speech followed by
adversarial adaptation improves robustness across
a wide range of SNR conditions. Improvements
in phoneme classification robustness further trans-
lated to measurable gains in downstream speech en-
hancement performance, as reflected by objective
speech intelligibility measures. Although MOA
classifiers achieved higher classification accuracy
overall, phoneme-based models yielded larger im-
provements in speech enhancement performance,
suggesting that finer-grained phoneme information
is more beneficial for robust T-F mask estimation
and noise suppression.

Overall, the results demonstrate that adapter-
based adversarial learning provides an effective and
parameter-efficient strategy for improving robust
speech processing models in lightweight causal
systems, particularly under challenging low-SNR
acoustic conditions.

Limitations

The proposed framework was evaluated using real-
world noisy and reverberant acoustic recordings,
simulated CI-vocoded speech and objective speech

intelligibility metrics. While this evaluation proto-
col is standard in offline CI speech enhancement
research, future work will include human listening
studies to provide a more comprehensive assess-
ment of how improvements in model performance
translate to speech perception outcomes in CI users.
The current study considers a limited set of acoustic
domains. Evaluating performance under broader
acoustic variability and speaker diversity to reflect
unseen real-world environments is also important.

Although on-device deployment was not imple-
mented, the lightweight neural networks used in
this work are within specifications (<106 parame-
ters, <1.5Mb) for low-power microcontrollers tar-
geted for assisted hearing technologies (Itani et al.,
2025; Tri Lê et al., 2026). The adapter module
introduces minimal computational overhead. For
real-time optimization, model compression tech-
niques, such as quantization and pruning, may be
necessary for deployment on resource-constrained
embedded CI hardware.

Societal Impact

Improving speech intelligibility in noisy and re-
verberant environments has the potential to sig-
nificantly enhance communication accessibility
and quality of life for CI users. Robust low-
latency speech enhancement systems will support
improved social interaction, educational participa-
tion, and overall listening comfort of CI users in
everyday acoustic environments.

Robustness and generalization across diverse
acoustic conditions remain important considera-
tions for equitable deployment. Models trained on
limited datasets may not generalize well across dif-
ferent speakers, accents, languages, or recording
conditions. Future work should therefore prioritize
broader and more diverse data collection and evalu-
ation to ensure reliable and inclusive performance
across user populations.

Beyond CI applications, the adapter-based ad-
versarial framework may also be beneficial for
other edge-deployed speech and audio systems op-
erating with limited computational resources un-
der acoustic domain mismatch. Potential applica-
tions include hearing aids, wearable assistive de-
vices, mobile speech enhancement, embedded auto-
matic speech recognition, and low-power Internet-
of-Things audio processing systems, where robust-
ness, low latency and parameter efficiency are criti-
cal requirements.

4639



Acknowledgments

This work was supported by a grant from the Na-
tional Institutes of Health (R56DC020267-01A1).

References
Ahtamjan Ahmat, Yating Yang, Bo Ma, Rui Dong, Kai-

wen Lu, and Lei Wang. 2023. WAD-X: Improving
Zero-shot Cross-lingual Transfer via Adapter-based
Word Alignment. ACM Trans. Asian Low-Resour.
Lang. Inf. Process., 22(9).

Enes Altinisik, Hassan Sajjad, Husrev Sencar, Safa Mes-
saoud, and Sanjay Chawla. 2023. Impact of Adver-
sarial Training on Robustness and Generalizability
of Language Models. In Findings of the Associa-
tion for Computational Linguistics: ACL 2023, pages
7828–7840, Toronto, Canada. Association for Com-
putational Linguistics.

Moustafa Alzantot, Bharathan Balaji, and Mani Srivas-
tava. 2018. Did you hear that? Adversarial Exam-
ples Against Automatic Speech Recognition. arXiv
e-prints, arXiv:1801.00554.

Ankur Bapna and Orhan Firat. 2019. Simple, Scal-
able Adaptation for Neural Machine Translation. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 1538–
1548, Hong Kong, China. Association for Computa-
tional Linguistics.

Anup Bera and Aanchal Agarwal. 2025. Bias Detection
and Mitigation Framework for ASR System. In 7th
International Conference on Signal Processing and
Information Communications, pages 13–27, Cham.
Springer Nature Switzerland.

Arthur Boothroyd, Laurie Hanin, and Theresa Hnath.
1985. A sentence test of speech perception: Reliabil-
ity, set equivalence, and short term learning.

Agudemu Borjigin, Kostas Kokkinakis, Hari M Bharad-
waj, and Joshua S Stohl. 2024. Deep learning re-
stores speech intelligibility in multi-talker interfer-
ence for cochlear implant users. Scientific Reports,
14(1):13241.

Robert P. Carlyon and Tobias Goehring. 2021. Cochlear
Implant Research and Development in the Twenty-
first Century: A Critical Update. Journal of the Asso-
ciation for Research in Otolaryngology, 22(5):481–
508.

Hanjie Chen and Yangfeng Ji. 2022. Adversarial Train-
ing for Improving Model Robustness? Look at Both
Prediction and Interpretation. In Thirty-Sixth AAAI
Conference on Artificial Intelligence, AAAI 2022,
Thirty-Fourth Conference on Innovative Applications
of Artificial Intelligence, IAAI 2022, The Twelveth

Symposium on Educational Advances in Artificial In-
telligence, EAAI 2022 Virtual Event, February 22 -
March 1, 2022, pages 10463–10472. AAAI Press.

Kevin Chu, Leslie Collins, and Boyla Mainsah. 2023.
Suppressing reverberation in cochlear implant stim-
ulus patterns using time-frequency masks based on
phoneme groups. Proceedings of Meetings on Acous-
tics, 50(1):050002.

Tim Fischer, Marco Caversaccio, and Wilhelm Wim-
mer. 2020. Multichannel acoustic source and image
dataset for the cocktail party effect in hearing aid and
implant users. Scientific Data, 7(1):440.

Robert M. French. 1999. Catastrophic forgetting in con-
nectionist networks. Trends in Cognitive Sciences,
3(4):128–135.

Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, Pas-
cal Germain, Hugo Larochelle, François Laviolette,
Mario March, and Victor Lempitsky. 2016. Domain-
Adversarial Training of Neural Networks. Journal of
Machine Learning Research, 17(59):1–35.

John S Garofolo, Lori F Lamel, William M Fisher,
Jonathan G Fiscus, David S Pallett, and Nancy L
Dahlgren. 1993. DARPA TIMIT::acoustic-phonetic
continuous speech corpus CD-ROM, NIST speech
disc 1-1.1.

Ian Goodfellow, Jonathon Shlens, and Christian
Szegedy. 2015. Explaining and Harnessing Adver-
sarial Examples. In International Conference on
Learning Representations.

Sidharth Gupta, Parijat Dube, and Ashish Verma. 2020.
Improving the affordability of robustness training for
dnns. In 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops (CVPRW),
pages 3383–3392.

Marcia J. Hay-McCutcheon, David B. Pisoni, and
Kristopher K. Hunt. 2009. Audiovisual asynchrony
detection and speech perception in hearing-impaired
listeners with cochlear implants: A preliminary anal-
ysis. International Journal of Audiology, 48(6):321–
333.

Oldooz Hazrati, Jaewook Lee, and Philipos C. Loizou.
2013. Blind binary masking for reverberation sup-
pression in cochlear implants. The Journal of the
Acoustical Society of America, 133(3).

Oldooz Hazrati and Philipos C. Loizou. 2012. The com-
bined effects of reverberation and noise on speech
intelligibility by cochlear implant listeners. Interna-
tional Journal of Audiology, 51(6):437–443.

Eric W. Healy, Jordan L. Vasko, and DeLiang Wang.
2019. The optimal threshold for removing noise from
speech is similar across normal and impaired hear-
ing—a time-frequency masking study. The Journal
of the Acoustical Society of America, 145(6).

4640

https://doi.org/10.1145/3610289
https://doi.org/10.1145/3610289
https://doi.org/10.1145/3610289
https://doi.org/10.18653/v1/2023.findings-acl.496
https://doi.org/10.18653/v1/2023.findings-acl.496
https://doi.org/10.18653/v1/2023.findings-acl.496
https://doi.org/10.48550/arXiv.1801.00554
https://doi.org/10.48550/arXiv.1801.00554
https://doi.org/10.18653/v1/D19-1165
https://doi.org/10.18653/v1/D19-1165
https://doi.org/10.1007/978-3-031-89994-2_2
https://doi.org/10.1007/978-3-031-89994-2_2
https://academicworks.cuny.edu/gc_pubs/399/
https://academicworks.cuny.edu/gc_pubs/399/
https://doi.org/10.1038/s41598-024-63675-8
https://doi.org/10.1038/s41598-024-63675-8
https://doi.org/10.1038/s41598-024-63675-8
https://doi.org/10.1007/s10162-021-00811-5
https://doi.org/10.1007/s10162-021-00811-5
https://doi.org/10.1007/s10162-021-00811-5
https://doi.org/10.1609/AAAI.V36I10.21289
https://doi.org/10.1609/AAAI.V36I10.21289
https://doi.org/10.1609/AAAI.V36I10.21289
https://doi.org/10.1121/2.0001698
https://doi.org/10.1121/2.0001698
https://doi.org/10.1121/2.0001698
https://doi.org/10.1038/s41597-020-00777-8
https://doi.org/10.1038/s41597-020-00777-8
https://doi.org/10.1038/s41597-020-00777-8
https://doi.org/10.1016/S1364-6613(99)01294-2
https://doi.org/10.1016/S1364-6613(99)01294-2
http://jmlr.org/papers/v17/15-239.html
http://jmlr.org/papers/v17/15-239.html
https://doi.org/10.6028/NIST.IR.4930
https://doi.org/10.6028/NIST.IR.4930
https://doi.org/10.6028/NIST.IR.4930
http://arxiv.org/abs/1412.6572
http://arxiv.org/abs/1412.6572
https://doi.org/10.1109/CVPRW50498.2020.00398
https://doi.org/10.1109/CVPRW50498.2020.00398
https://doi.org/10.1080/14992020802644871
https://doi.org/10.1080/14992020802644871
https://doi.org/10.1080/14992020802644871
https://doi.org/10.1080/14992020802644871
https://doi.org/10.1121/1.4789891
https://doi.org/10.1121/1.4789891
https://doi.org/10.3109/14992027.2012.658972
https://doi.org/10.3109/14992027.2012.658972
https://doi.org/10.3109/14992027.2012.658972
https://doi.org/10.1121/1.5112828
https://doi.org/10.1121/1.5112828
https://doi.org/10.1121/1.5112828


Malek Itani, Tuochao Chen, Arun Raghavan, Gavriel
Kohlberg, and Shyamnath Gollakota. 2025. Wireless
hearables with programmable speech AI accelerators.
In Proceedings of the 31st Annual International Con-
ference on Mobile Computing and Networking, pages
863–877.

Marco Jeub, Magnus Schafer, and Peter Vary. 2009.
A binaural room impulse response database for the
evaluation of dereverberation algorithms. 16th Inter-
national Conference on Digital Signal Processing.

Yixuan Jiang and Hsiao-Dong Chiang. 2024. Geometry-
Aware Weight Perturbation for Adversarial Training.
Electronics, 13(17).

Dohee Kim, Daeyeol Shim, and Joon-Hyuk Chang.
2023. General-purpose Adversarial Training for En-
hanced Automatic Speech Recognition Model Gen-
eralization. In Interspeech 2023, pages 889–893.

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In International
Conference for Learning Representations.

Kostas Kokkinakis, Oldooz Hazrati, and P. Loizou. 2011.
A channel-selection criterion for suppressing rever-
beration in cochlear implants. Journal of the Acousti-
cal Society of America, 129(5).

Kostas Kokkinakis and Joshua S. Stohl. 2021. Opti-
mized gain functions in ideal time-frequency masks
and their application to dereverberation for cochlear
implants. JASA Express Letters, 1(8).

Koning, Madhu, and Wouters. 2015. Ideal
Time–Frequency Masking Algorithms Lead to Dif-
ferent Speech Intelligibility and Quality in Normal-
Hearing and Cochlear Implant Listeners. IEEE
Transactions on Biomedical Engineering, 62(1).

P. Ladefoged and K. Johnson. 2014. A Course in Pho-
netics. Cengage Learning.

Jason Lee, Kyunghyun Cho, and Thomas Hofmann.
2017. Fully Character-Level Neural Machine Trans-
lation without Explicit Segmentation. Transactions
of the Association for Computational Linguistics,
5:365–378.

Heiner Löllmann, Emre Yilmaz, Marco Jeub, and Pe-
ter Vary. 2010. An improved algorithm for blind
reverberation time estimation. In Proceedings of In-
ternational Workshop on Acoustic Echo and Noise
Control (IWAENC), pages 1–4.

Yen-Ju Lu, Chia-Yu Chang, Cheng Yu, Ching-Feng Liu,
Jeih-weih Hung, Shinji Watanabe, and Yu Tsao. 2023.
Improving Speech Enhancement Performance by
Leveraging Contextual Broad Phonetic Class Infor-
mation. IEEE/ACM Transactions on Audio, Speech,
and Language Processing, 31:2738–2750.

Aleksander Madry, Aleksandar Makelov, Ludwig
Schmidt, Dimitris Tsipras, and Adrian Vladu. 2018.
Towards Deep Learning Models Resistant to Adver-
sarial Attacks. In International Conference on Learn-
ing Representations.

Michael McCloskey and Neal J. Cohen. 1989. Catas-
trophic Interference in Connectionist Networks: The
Sequential Learning Problem. volume 24 of Psy-
chology of Learning and Motivation, pages 109–165.
Academic Press.

Afsana Mou and Mariofanna Milanova. 2024. Per-
formance Analysis of Deep Learning Model-
Compression Techniques for Audio Classification
on Edge Devices. Sci, 6(2):21.

Vinod Nair and Geoffrey E. Hinton. 2010. Rectified
linear units improve restricted Boltzmann machines.
In International Conference on Machine Learning,
pages 807–814.

Patrick A Naylor and Nikolay D Gaubitch. 2010.
Speech dereverberation. Springer Science & Busi-
ness Media.

Tuc Van Nguyen and Thai Le. 2024. Adapters Mixup:
Mixing Parameter-Efficient Adapters to Enhance the
Adversarial Robustness of Fine-tuned Pre-trained
Text Classifiers. In Proceedings of the 2024 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing, pages 21183–21203, Miami, Florida, USA.
Association for Computational Linguistics.

Michael Nilsson, Sigfrid D Soli, and Jean A Sullivan.
1994. Development of the Hearing in Noise Test for
the measurement of speech reception thresholds in
quiet and in noise. The Journal of the Acoustical
Society of America, 95(2).

Vassil Panayotov, Guoguo Chen, Daniel Povey, and
Sanjeev Khudanpur. 2015. Librispeech: An ASR
corpus based on public domain audio books. 2015
IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP).

Tianyu Pang, Kun Xu, Chao Du, Ning Chen, and Jun
Zhu. 2019. Improving Adversarial Robustness via
Promoting Ensemble Diversity. In International Con-
ference on Machine Learning, pages 4970–4979.

Jonas Pfeiffer, Aishwarya Kamath, Andreas Rücklé,
Kyunghyun Cho, and Iryna Gurevych. 2021.
AdapterFusion: Non-Destructive Task Composition
for Transfer Learning. In Proceedings of the 16th
Conference of the European Chapter of the Associ-
ation for Computational Linguistics: Main Volume,
pages 487–503, Online. Association for Computa-
tional Linguistics.

Daniel Povey, Arnab Ghoshal, Gilles Boulianne, Lukas
Burget, Ondrej Glembek, Nagendra Goel, Mirko
Hannemann, Petr Motlicek, Yanmin Qian, Petr
Schwarz, and 1 others. 2011. The Kaldi Speech
Recognition Toolkit. In IEEE Workshop on Auto-
matic Speech Recognition and Understanding.

Sylvestre-Alvise Rebuffi, Francesco Croce, and Sven
Gowal. 2023. Revisiting Adapters with Adversarial
Training. In International Conference on Learning
Representations.

4641

https://doi.org/10.1145/3680207.3765251
https://doi.org/10.1145/3680207.3765251
https://doi.org/10.1109/ICDSP.2009.5201259
https://doi.org/10.1109/ICDSP.2009.5201259
https://doi.org/10.3390/electronics13173508
https://doi.org/10.3390/electronics13173508
https://doi.org/10.21437/Interspeech.2023-2389
https://doi.org/10.21437/Interspeech.2023-2389
https://doi.org/10.21437/Interspeech.2023-2389
https://doi.org/10.1121/1.3559683
https://doi.org/10.1121/1.3559683
https://doi.org/10.1121/10.0005740
https://doi.org/10.1121/10.0005740
https://doi.org/10.1121/10.0005740
https://doi.org/10.1121/10.0005740
https://doi.org/10.1109/TBME.2014.2351854
https://doi.org/10.1109/TBME.2014.2351854
https://doi.org/10.1109/TBME.2014.2351854
https://doi.org/10.1109/TBME.2014.2351854
https://books.google.com/books?id=U4XaAgAAQBAJ
https://books.google.com/books?id=U4XaAgAAQBAJ
https://doi.org/10.1162/tacl_a_00067
https://doi.org/10.1162/tacl_a_00067
https://doi.org/10.1109/TASLP.2023.3288418
https://doi.org/10.1109/TASLP.2023.3288418
https://doi.org/10.1109/TASLP.2023.3288418
https://mlanthology.org/iclr/2018/madry2018iclr-deep/
https://mlanthology.org/iclr/2018/madry2018iclr-deep/
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.3390/sci6020021
https://doi.org/10.3390/sci6020021
https://doi.org/10.3390/sci6020021
https://doi.org/10.3390/sci6020021
https://doi.org/10.18653/v1/2024.emnlp-main.1180
https://doi.org/10.18653/v1/2024.emnlp-main.1180
https://doi.org/10.18653/v1/2024.emnlp-main.1180
https://doi.org/10.18653/v1/2024.emnlp-main.1180
https://doi.org/10.1121/1.408469
https://doi.org/10.1121/1.408469
https://doi.org/10.1121/1.408469
https://doi.org/10.1109/ICASSP.2015.7178964
https://doi.org/10.1109/ICASSP.2015.7178964
https://doi.org/10.48550/arXiv.1901.08846
https://doi.org/10.48550/arXiv.1901.08846
https://doi.org/10.18653/v1/2021.eacl-main.39
https://doi.org/10.18653/v1/2021.eacl-main.39
https://api.semanticscholar.org/CorpusID:1774023
https://api.semanticscholar.org/CorpusID:1774023
https://mlanthology.org/iclr/2023/rebuffi2023iclr-revisiting/
https://mlanthology.org/iclr/2023/rebuffi2023iclr-revisiting/


Nicoleta Roman and John Woodruff. 2013. Speech intel-
ligibility in reverberation with ideal binary masking:
Effects of early reflections and signal-to-noise ratio
threshold. The Journal of the Acoustical Society of
America, 133(3).

Sohini Saha, Leslie Collins, and Boyla Mainsah. 2026a.
Leveraging Acoustic Domain Mismatch During
Training for Robust Speech Enhancement Models
for Cochlear Implants. In IEEE Spoken Language
Technology Workshop.

Sohini Saha, Leslie Collins, and Boyla Mainsah. 2026b.
Leveraging Articulatory Phonetic Groupings for Ro-
bust Speech Enhancement for Cochlear Implants in
Complex Acoustic Environments. In Findings of
the 5th Asia-Pacific Chapter of the Association for
Computational Linguistics & the 15th International
Joint Conference on Natural Language Processing:
AACL-IJCNLP.

Sohini Saha, Mezisashe Ojuba, Leslie Collins, and
Boyla Mainsah. 2026c. The Omni-Expert: A Com-
putationally Efficient Approach to Achieve a Mixture
of Experts in a Single Expert Model. In Advances
in Neural Information Processing Systems, volume
38, Main Conference, pages 124574–124617. Curran
Associates, Inc.

Patricia Scanlon, Daniel P. W. Ellis, and Richard B.
Reilly. 2007. Using Broad Phonetic Group Experts
for Improved Speech Recognition. IEEE Transac-
tions on Audio, Speech, and Language Processing,
15(3):803–812.

Manfred R Schroeder. 1965. New method of measuring
reverberation time. The Journal of the Acoustical
Society of America, 37(3):409–412.

Ali Shafahi, Mahyar Najibi, Mohammad Amin Ghiasi,
Zheng Xu, John Dickerson, Christoph Studer, Larry S
Davis, Gavin Taylor, and Tom Goldstein. 2019. Ad-
versarial Training for Free! In Advances in Neural
Information Processing Systems, volume 32. Curran
Associates, Inc.

Asa Cooper Stickland and Iain Murray. 2019. BERT
and PALs: Projected Attention Layers for Efficient
Adaptation in Multi-Task Learning. In Proceedings
of the 36th International Conference on Machine
Learning, volume 97 of Proceedings of Machine
Learning Research, pages 5986–5995. PMLR.

B Swanson and H Mauch. 2006. Nucleus Matlab Tool-
box 4.20 software user manual. Cochlear Ltd.

Christian Szegedy, Wojciech Zaremba, Ilya Sutskever,
Joan Bruna, Dumitru Erhan, Ian J. Goodfellow, and
Rob Fergus. 2014. Intriguing Properties of Neural
Networks. In International Conference on Learning
Representations.

Igor Szöke, Miroslav Skácel, Ladislav Mošner, Jakub
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Figure A.1: Distribution of phoneme classes in the training and test speech datasets sorted by the frequency of
phonemes in the training dataset. The silence class (sil) is divided into two categories: silences occurring at the
beginning and end of an utterance, denoted by sil_edge; and silences occurring in the middle of an utterance,
denoted by sil_mid. N is the number of speech files in each dataset.

A Appendix

A.1 Phoneme Distribution Across Speech
Datasets

Figure A.1 illustrates the highly imbalanced
phoneme class distributions in the training and
test speech datasets, with classes sorted accord-
ing to their frequency in the training set. The si-
lence class (sil) is divided into two categories: si-
lences occurring at the beginning and end of an
utterance (sil_edge) and silences occurring within
an utterance (sil_mid). In the training dataset, ap-
proximately 15% of the samples correspond to
sil_mid, while the phoneme distribution is heav-
ily concentrated around vowel classes. In contrast,
the test datasets, particularly CUNY, contain more
than 30% sil_edge samples. Such disparities intro-
duce a significant class imbalance between training
and testing conditions, making robust phoneme
classification challenging. As a result, the clas-
sifier becomes disproportionately biased toward
silence (non-phoneme) classes compared to actual
phoneme classes.

A.2 Manner of Articulation (MOA)
Phoneme Groups. The phoneme classes consist
of 39 standard American English phonemes (Lade-
foged and Johnson, 2014) and an additional "non-
phoneme" class to account for silent segments in
clean speech. The MOA groups consist of 8 classes,

Manner of Articulation (MOA)
Group Phonemes
Vowel aa, ae, ah, ao, aw, ay, eh, er,

ey, ih, iy, ow, oy, uh, uw
Stop b, d, g, k, p, t
Fricative dh, f, s, sh, th, v, z, zh
Affricate ch, jh
Nasal m, n, ng
Liquid l, r
Semivowel w, y
Aspirate hh
Silence non-phoneme

Table A.1: Phoneme groupings by manner of articula-
tion.

with an additional silent class. MOA groups are
summarized in Table A.1.

Results for MOA-based Mask Estimation in
Noisy Reverberant Test Conditions. Table A.2
show the objective intelligibility scores for noisy-
reverberant speech and speech enhanced using
MOA-based masking techniques with Base and
Adv,AM models as classifiers.

A.3 Analysis of Framewise Phoneme
Classification

Figure A.2 shows example framewise true and pre-
dicted phoneme probabilities for the baseline pre-
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Figure A.2: Framewise probabilities of true and predicted phoneme classes for speech (from the HINT speech
dataset) convolved with the Church1 room impulse response. True class labels are shown in black, while unique
predicted classes corresponding to each true label are shown in red. Results are presented for the baseline classifier
(Base) trained on reverberant only data and the adapter-based adversarially trained classifier (Adv,AM ).

trained classifier (Base) and the adapter-based ad-
versarially trained classifier (Adv,AM ). In gen-
eral, Adv,AM training reduces the number of mis-
classifications compared to the Base model. Clas-
sification errors primarily occur around phoneme
transition boundaries and among phonemes in the
same MOA group. Since phonemes within the
same MOA group exhibit similar spectro-temporal
characteristics, such confusions are expected to be
less detrimental to downstream T-F mask estima-
tion and speech enhancement performance.

A.4 Mask Estimation
An ideal ratio mask (IRM) is computed according
to (Wiener, 1949):

M(t, f) =

(
|S(t, f)|2

|S(t, f)|2 + |N(t, f)|2

)0.5

, (5)

Ŝ(t, f) = M(t, f)X(t, f), (6)

where M(t, f ) represents the IRM; S(t, f ) repre-
sents the clean signal; N(t, f ) represents the noise;
X(t, f) represents the degraded speech signal; and
Ŝ(t, f) represents the enhanced signal after apply-
ing the mask. IRM values range from [0, 1].

The Omni-Expert (OE) model is a phoneme-
based model for mask estimation (Saha et al.,
2026c). The model architecture consists of a
phoneme group classifier and a single expert model
for mask estimation that is structurally identical
to the phoneme independent model. Input features
are transformed based on a phoneme group-specific
transformation:

zn = an ⊙ x+ bn, (7)

where zn is the transformed feature vector; x is
the input feature vector; an and bn are the scale
and shifting factor vectors, respectively, for the
phoneme group n; and ⊙ is element-wise multipli-
cation.

A composite mask is estimated accordingly:

M̂(t, :) =
∑

n

pn(t)E(zn(t)), (8)

where pn(t) is the framewise probability of
phoneme group n at time frame index t; zn(t) is
the transformed feature for phoneme group n; and
E(zn(t)) is the corresponding phoneme group spe-
cific mask estimated from the single expert E.
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The phoneme group-specific transformation pa-
rameters (an,bn) are predicted by two separate
multilayer perceptrons (MLPs) with a one-hot
phoneme encoding as input. Both MLPs have an
input size based on the number of phoneme group
classes and an output size of 65 (matching the input
feature size). The scale MLP uses ReLU activa-
tion, while the shift MLP uses LeakyReLU to intro-
duce nonlinearities (Nair and Hinton, 2010). The
transformation parameters are precomputed after
training and stored for all phoneme group classes,
effectively reducing the process during inference
to a lookup table.

Model Training. Mask estimation models were
trained to minimize the signal loss function:

L =
1

TF

∑

t,f

(M̂(t, f)X(t, f)−M(t, f)X(t, f))
2
,

(9)
where X(t, f) represents the magnitude spectrum
of the distorted speech signal; M̂(t, f) represents
the estimated mask; M(t, f) represents the ideal
mask; and T and F represent the number of time
and frequency bins, respectively.

The expert network in the OE model was ini-
tialized using weights from a pretrained phoneme
independent model. Models were trained using the
Adam optimizer (Kingma and Ba, 2015) with a
learning rate of 1e-3 and momentum coefficients
of 0.9 and 0.999. Training batches consisted of
16 utterances segmented into 2-second chunks to
accommodate memory constraints. Training was
terminated when no improvement was observed for
10 consecutive epochs.

A.5 Mask Estimation Results Under
Reverberant Only Conditions

We also investigated whether adapter-based adver-
sarial adaptation with reverberant-only pretrain-
ing preserves performance in the original (i.e.,
matched) acoustic domain in pretraining. All mod-
els are pretrained using reverberant-only speech
and evaluated under reverberant-only test condi-
tions. Both frame-wise classification performance
and downstream mask estimation results are ana-
lyzed.

Speech utterances used for testing were obtained
from the Hearing In Noise Test (HINT) (Nilsson
et al., 1994) and the City University of New York
(CUNY) Female corpus (Boothroyd et al., 1985),
which are widely used in audiology and CI lis-
tening studies. Reverberant test conditions were

generated using binaural RIRs from the Aachen
Impulse Response database (Jeub et al., 2009). The
selected environments include office, meeting, lec-
ture, booth, and stairway rooms with RT60 < 1 s,
as well as highly reverberant church environments
with RT60 values ranging from 4-9 s. Additional
details of the simulated acoustic environments are
provided in Table A.5.

Classification Performance. The class-balanced
accuracy results are summarized in Table A.3.
Adapter-based adversarial learning maintains, and
in most cases improves, phoneme group classifica-
tion performance when evaluated under reverberant
conditions. These results indicate that the adver-
sarial adaptation process improves robustness with-
out degrading previously learned phoneme repre-
sentations. Importantly, despite jointly optimizing
both the pretrained backbone and adapter modules,
the model does not exhibit noticeable catastrophic
forgetting, which is a common concern in fine-
tuning based adaptation methods. This suggests
that adapter-based adversarial training generalizes
effectively across acoustic conditions while pre-
serving knowledge learned during pretraining.

Downstream Mask Estimation Performance.
The speech enhancement results are summarized
in Table A.4. The Adv,AM framework preserves
the speech intelligibility gains achieved through
adversarial adaptation even when evaluated under
the same reverberant conditions used during pre-
training. These results indicate that the improved
phonetic robustness learned during adaptation does
not compromise performance in the original do-
main and continues to provide effective guidance
for downstream T-F mask estimation.

A.6 Room Impulse Response (RIR)
Characteristics

Table A.5 lists characteristics of recorded RIRs
of six rooms in the Aachen Impulse Response
database (Jeub et al., 2009) used for testing. RIRs
were selected from both right and left channels of
an office, a lecture hall, a stairway, a meeting room,
a studio booth and a highly reverberant church.
Five different source-to-receiver distances were
considered for the church. For the stairway and
the church, RIRs were selected at an azimuth of
90 degrees, where the source and receiver are di-
rectly facing each other. RIRs were filtered using
an anti-aliasing filter and then downsampled from
48 to 16 kHz before convolution with anechoic
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Signal-to-Noise Ratio of Noisy-Reverberant Speech

Metric Model -5 dB 0 dB 5 dB 10 dB 15 dB 20 dB Rev Only
SR

M
R

-C
I

NoisyRev
0.499

(±0.003)

0.563
(±0.003)

0.617
(±0.003)

0.656
(±0.003)

0.680
(±0.003)

0.691
(±0.003)

0.699
(±0.001)

Base
1.186

(±0.022)

1.383
(±0.020)

1.546
(±0.018)

1.620
(±0.018 )

1.638
(±0.018 )

1.633
(±0.018 )

2.101
(±0.018)

Adv,AM
1.368

(±0.018 )

1.588
(±0.024 )

1.752
(±0.027 )

1.813
(±0.027 )

1.816
(±0.025 )

1.803
(±0.024 )

2.086
(±0.023)

Oracle
1.823

(±0.019 )

1.914
(±0.019 )

1.964
(±0.020 )

1.973
(±0.020 )

1.967
(±0.020 )

1.964
(±0.020 )

2.084
(±0.020)

IRM
2.081

(±0.023)

2.186
(±0.022)

2.240
(±0.022)

2.261
(±0.022)

2.269
(±0.022)

2.274
(±0.022)

2.241
(±0.022)

ST
O

I

NoisyRev
0.499

(±)

0.563
(±)

0.617
(±)

0.656
(±)

0.680
(±)

0.691
(±)

0.709
(±0.001)

Base
0.534

(±0.005)

0.621
(±0.004)

0.688
(±0.004)

0.732
(±0.003)

0.758
(±0.003)

0.770
(±0.002)

0.777
(±0.001)

Adv,AM
0.377

(±0.011)

0.490
(±0.010)

0.576
(±0.008)

0.631
(±0.007)

0.664
(±0.006)

0.679
(±0.005)

0.803
(±0.001)

Oracle
0.669

(±0.004)

0.717
(±0.004)

0.758
(±0.003)

0.787
(±0.003)

0.805
(±0.003)

0.813
(±0.002)

0.819
(±0.001)

IRM
0.959

(±0.001)

0.968
(±0.001)

0.970
(±0.001)

0.970
(±0.001)

0.969
(±0.001)

0.969
(±0.001)

0.969
(±0.000)

Table A.2: Mean ± 95% confidence intervals of objective speech intelligibility metrics: speech-to-reverberation
modulation energy ratio for cochlear implant users (SRMR-CI) and short-time objective intelligibility (STOI) for
noisy reverberant (NoisyRev) speech enhanced using the ideal ratio mask (IRM) and the Omni-Expert (OE) model
with manner of articulation (MOA) group predictions. MOA classifiers include the baseline model (Base) trained
on reverberant only-data and the adapter-based adversarial trained model (Adv,AM ). The oracle denotes the OE
model with known/oracle MOA information. Bold indicates highest performing non-oracle model.

speech stimuli. Reverberation times (RT60s) were
calculated using the Schroeder method (Schroeder,
1965) using the code provided by (Löllmann et al.,
2010). The direct-to-reverberant ratios (DRRs) of
the recorded RIRs were calculated using (Naylor
and Gaubitch, 2010).

A.7 Statistical Analysis

Statistical analyses for speech enhancement perfor-
mance (SRMR-CI) in the noisy-reverberant train-
ing condition were performed in Python using the
statsmodels and SciPy packages.

A linear mixed-effects (LME) model was fit to
account for the repeated-measures structure of the
data. SRMR-CI scores were modeled as a func-
tion of Speech Unit (Phoneme vs. MOA), Clas-
sifier (Base vs. Adv,AM ), SNR, and their in-
teractions. A random intercept for sample iden-
tity was included to account for repeated mea-
surements obtained from the same underlying
speech/noise/reverberation sample across methods

and SNRs. The LME model was fit using maxi-
mum likelihood, and statistical significance of the
fixed effects and their interactions was assessed
from the fitted mixed-effects model.

Following an omnibus analysis, paired post-hoc
comparisons were performed within each SNR and
experimental condition. Because all methods were
evaluated on the same 3,840 samples, comparisons
were paired at the sample level. For each compari-
son, the mean paired difference, paired t-statistic,
raw p-value, and Cohen’s dz were calculated. Con-
fidence intervals for the paired differences were
estimated using bootstrap resampling of complete
samples, thereby preserving the within-sample pair-
ing across methods. Multiple comparisons were
controlled using the Holm correction for the post-
hoc analysis. A comparison was considered statis-
tically significant when the multiplicity-corrected
p-value was below 0.05.

The post-hoc analysis showed a consistent ad-
vantage of the Adv,AM classifier over the Base
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Class Balanced Accuracy (%)

Rooms Phoneme MOA

Base Adv, AM Base Adv, AM
RIRs <1 s

office 43.7% 46.2% 57.3% 61.2%
lecture 39.1% 40.6% 51.1% 54.9%
stairway 42.3% 45.1% 53.8% 59.8%
meeting 43.7% 46.7% 59.9% 64.2%
booth 40.2% 44.7% 58.6% 61.6%

Highly Reverberant RIRs (4-9 s)
Church1 39.3% 43.9% 52.9% 59.9%
Church3 34.0% 37.8% 42.4% 49.2%
Church4 29.9% 31.9% 36.4% 41.2%
Church5 26.2% 26.3% 32.3% 34.6%
Church7 22.9% 21.7% 29.6% 29.9%
Aggregate 36.1% 38.5% 47.4% 51.7%

Table A.3: Frame-wise class balanced accuracy (%) under reverberant only training and testing conditions. Results
are reported for phoneme and manner of articulation (MOA) classification using the baseline (Base) and our
adapter-based adversarial (Adv,AM ) models across different room environments.

Rev Base Adv,AM Oracle IRM
Phoneme

SRMR-CI 1.683 ± 0.008 2.316 ± 0.007 2.319 ± 0.007 2.382 ± 0.006 2.300 ± 0.005
STOI 0.749 ± 0.002 0.828 ± 0.001 0.827 ± 0.001 0.847 ± 0.001 0.971 ± 0.000

Manner of Articulation
SRMR-CI 1.683 ± 0.008 2.261 ± 0.007 2.246 ± 0.008 2.372 ± 0.006 2.300 ± 0.005
STOI 0.749 ± 0.002 0.821 ± 0.001 0.819 ± 0.001 0.841 ± 0.001 0.971 ± 0.000

Table A.4: Objective intelligibility metrics: speech-to-reverberation modulation energy ratio for cochlear implant
users (SRMR-CI) and short-time objective intelligibility (STOI) for reverberant only speech (Rev) enhanced using
the ideal ratio mask (IRM) and the omni-expert (OE) model. Phoneme classifier is the adapter-based adversarial
trained network (Adv,AM ) and the baseline model (Base) while oracle denotes OE with known/oracle phoneme
information. Reported results are aggregated across all 10 room impulse responses (RIRs) listed in Table A.5.

classifier for phoneme across all evaluated SNRs.
The mean improvement ranged from ∆ = 0.179 to
0.191, with Cohen’s dz values of approximately
0.90-1.0 and all comparisons remaining signifi-
cant after correction. Specifically, the mean dif-
ferences were 0.190 at -5dB, 0.191 at 0dB, 0.184
at 5dB, 0.190 at 10dB, 0.190 at 15dB, and 0.179
at 20 dB. These results indicate that the benefit of
the Adv,AM classifier is consistent across SNRs
when the phoneme-based model is trained under
noisy-reverberant conditions.

The speech unit representation comparison under
noisy-reverberant training showed that the relative
performance of MOA and phoneme depended on
the classifier and SNR. With the Adv,AM clas-
sifier, phoneme yielded higher scores than MOA
from 0 to 20 dB, with differences increasing from

0.020 at 0 dB to 0.161 at 20 dB. Overall, the re-
sults demonstrate a significant interaction between
speech unit representation and classifier choice.
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Room
Dimensions

(L × W × H) (m)

Source–
Receiver

Distance (m) RT60 (s) DRR (dB)
Office 5.0 × 6.4 × 2.9 3.0 0.6 (right); 0.6 (left) 0.4 (right); 0.2 (left)
Lecture 10.8 × 10.9 × 3.15 5.56 0.9 (right); 0.8 (left) -0.1 (right); 0.1 (left)
Stairway 7.0 × 5.2 × 2.9 3.0 0.9 (right); 1.0 (left) 1.6 (right); 1.9 (left)
Meeting 8.0 × 5.0 × 3.1 2.80 0.3 (right); 0.3 (left) 4.6 (right); 6.5 (left)
Booth 3.0 × 1.8 × 2.2 1.5 0.3 (right); 0.3 (left) 7.8 (right); 7.1 (left)
Church1 19.0 × 30.0 × 9.0 1.0 4.4 (right); 4.7 (left) 9.4 (right); 7.8 (left)
Church3 19.0 × 30.0 × 9.0 3.0 5.3 (right); 5.4 (left) 2.5 (right); 0.7 (left)
Church4 19.0 × 30.0 × 9.0 5.0 6.5 (right); 6.6 (left) -0.6 (right); -1.5 (left)
Church5 19.0 × 30.0 × 9.0 10.0 8.4 (right); 8.5 (left) -5.7 (right); -6.0 (left)
Church7 19.0 × 30.0 × 9.0 20.0 7.0 (right); 7.0 (left) -1.1 (right); -3.8 (left)

Table A.5: Room impulse response characteristics of test room conditions from Aachen Impulse Response (AIR)
dataset. The recorded RIRs used in the testing set were binaural, recorded from right and left channels of a dummy
head. RT60 (s): reverberation time; DRR: direct-to-reverberant ratio. Churchnumber indicate different RIR number.
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