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Abstract—The generalizability of speech enhancement (SE)
models across speaker conditions remains largely unexplored,
despite its critical importance for broader applicability. This
paper investigates the performance of the hybrid variational au-
toencoder (VAE)-non-negative matrix factorization (NMF) model
for SE, focusing primarily on its generalizability to pathological
speakers with Parkinson’s disease. We show that VAE mod-
els trained on large neurotypical datasets perform poorly on
pathological speech. While fine-tuning these pre-trained models
with pathological speech improves performance, a performance
gap remains between neurotypical and pathological speakers.
To address this gap, we propose using personalized SE models
derived from fine-tuning pre-trained models with only a few
seconds of clean data from each speaker. Our results demonstrate
that personalized models considerably enhance performance for
all speakers, achieving comparable results for both neurotypical
and pathological speakers.

Index Terms—speech enhancement, variational autoencoder,
generalizability, Parkinson’s disease, personalization

I. INTRODUCTION

Speech communication is essential for conveying informa-
tion, ideas, and emotions. However, noise from sources like
traffic, machinery, or crowded environments impairs speech
intelligibility and quality, posing challenges for many voice-
based applications such as hearing aids and speech recognition
systems [1]. To mitigate these challenges, speech enhancement
(SE) approaches focusing on suppressing undesired interfer-
ences have become indispensable [2].

In recent years, deep learning has revolutionized SE, leading
to data-driven techniques that leverage large datasets and pow-
erful learning algorithms to improve speech quality [3]-[5].
However, such approaches typically require pairs of clean and
noisy data for training, and their performance heavily depends
on the quantity and diversity of the training samples. As a
result, they often struggle to generalize in noisy environments
that are not encountered during training [6]. To achieve robust-
ness in various noisy environments, generative models have
recently become more prevalent [7]-[16]. These models can
be broadly categorized into three categories, i.e., i) diffusion-
based [7]-[9], ii) Schrédinger bridge-based [10], and iii)
hybrid variational autoencoder (VAE) and non-negative matrix
factorization (NMF)-based [11]-[16] models. Diffusion-based
models operate by progressively adding noise to a clean
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speech signal in a forward process. In the reverse process,
typically guided by a neural network, these models learn to
reconstruct the clean signal from the noisy input. The more
recent Schrodinger bridge-based generative model, in contrast,
enables optimal interpolation between the clean and noisy
speech spectral components, moving beyond the conventional
forward-backward noise process seen in diffusion models.
Lastly, hybrid VAE-NMF-based models leverage a probabilis-
tic latent space to model the clean speech prior through a VAE
and an NMF to model the signal’s structure dynamically, sepa-
rating speech from noise in a more interpretable and structured
way. Although diffusion-based and Schrodinger bridge-based
models have generally shown better SE performance [8], [10],
VAE-NMF-based models remain relevant and advantageous as
they only require clean signals for training and typically have
smaller model sizes.

Despite the beneficial enhancement performance, a vast
majority of SE research is done using English data and
recordings from neurotypical speakers exhibiting no speech
disorders. The generalizability to other languages has received
seldom attention [17], as outlined in the recent URGENT chal-
lenge [18]. More importantly, to the best of our knowledge,
the performance of SE models has never been investigated
for pathological speakers with speech disorders. Pathological
speech, produced by individuals with neurological conditions
such as Parkinson’s disease (PD) or Amyotrophic Lateral
Sclerosis, exhibits irregularities in speech characteristics [19],
which leads to reduced intelligibility and increased suscepti-
bility to noise. Research has shown that there is a considerable
difference in the statistical distribution of pathological speech
compared to neurotypical speech [20], [21]. Consequently, the
performance of SE models trained using neurotypical speech
recordings is expected to degrade when applied to pathological
speech. Given the widespread prevalence of neurological disor-
ders, affecting more than 1 billion individuals [22], analyzing
the performance of SE models for pathological speakers and
developing SE solutions tailored to such speakers is crucial.

In this paper, we investigate the SE performance of the
hybrid VAE-NMF model [15], [16] across different languages
and across speakers. We analyze cross-language generaliz-
ability using English and Spanish datasets, showing that the
hybrid VAE-NMF model is sensitive to domain shifts caused
by language differences. Additionally, we compare the SE
performance on both neurotypical and pathological speak-



ers using VAE models trained on a large dataset of only
neurotypical speech as well as VAE models trained on a
considerably smaller dataset that includes both neurotypical
and pathological speech. Unsurprisingly, we observe a perfor-
mance gap between neurotypical and pathological speakers,
with poorer SE performance for pathological speakers. Finally,
we propose fine-tuning and personalization strategies, with
personalization yielding not only the best overall performance
for both neurotypical and pathological speakers, but also a
comparable performance for both groups of speakers.

II. VAE-NMF FOR SPEECH ENHANCEMENT

Mixture model. 1In the short-time Fourier transform (STFT)
domain, the complex noisy mixture s, at frequency bin index
f and time frame index t is given by
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with sy; the clean speech, ny; the additive noise, and g; €
R, a frequency-independent time-varying gain introduced to
provide robustness to the varying loudness level of different
speech signals typically used for training [15]. Given the
noisy mixture and assuming that the speech and noise spectral
coefficients are uncorrelated and follow a circularly symmetric
Gaussian distribution, the minimum mean square error esti-
mator of the clean speech coefficients is given by the Wiener
filter [15] o
e L @)
gtas,ft + Un,ft
with g;, 62 ;, and 7 ;, the estimated gain, clean speech
variance, and noise variance, respectively. As briefly outlined
below, the speech and noise variances can be estimated using
a Monte Carlo expectation maximization (MCEM) algorithm
combining a VAE which learns the prior distribution of clean
speech and an untrained NMF-based noise model [15].
Clean speech prior. The VAE consists of an encoder
network ey, parametrized by ¢, and a decoder network dg,
parameterized by 6, operating on the squared magnitude of
the STFT coefficients, i.e., the F'-dimensional vector of speech
power coefficients |s;|? at time frame index ¢, with F being the
total number of frequency bins. The encoder maps |s;|? to the
parameters of the distribution over the latent variable z; € RP,
where D is the dimensionality of the latent space. The decoder
then reconstructs the clean speech power coefficients from the
latent space. The likelihood of the clean speech coefficients
given the latent variables is modeled as

po(si|ze) = Ne(0, diag(dg(z¢))), with z; ~ N(0,I). (3)

The network parameters 6 and ¢ are optimized by maximizing
the evidence lower bound on the clean speech log-likelihood.
For additional details, the interested reader is referred to [15].

Noise model. NMEF is used to model the noise variance as
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where W € RZ*X and H € R *” are non-negative matrices
representing the temporal activations and noise basis, with K
being the NMF rank.

Noisy mixture model. Using the previously described clean
speech and noise models, the distribution of the noisy mixture
coefficients given the latent variable z; follows

yre|ze ~ Ne(0, gi{dg(z¢)} p + {WH} ), &)

with the parameters g;, W, and H the unknown parameters
to be estimated through MCEM [15].

SE with the hybrid VAE-NMF model. Given the noisy
mixture signal, the gain g, and the speech and noise spec-
tral variances are estimated as previously described. These
estimated parameters are then used to compute the Wiener
gain in (2) and enhance the noisy signal. Such a hybrid VAE-
NMF approach to SE has been shown to achieve advantageous
performance for neurotypical speech recordings [15]. Given
the different distributions of neurotypical and pathological
speech spectral coefficients [20], [21], it can be expected
that the clean speech prior learned through a VAE trained
on a neurotypical speech dataset does not generalize well to
pathological speech.

III. PERSONALIZED
PATHOLOGICAL SPEECH ENHANCEMENT

It is already known that SE models exhibit highly variable
performance due to mismatches in speaker characteristics
between training and testing sets [23], [24], although this
has not been explored for pathological speakers or in the
context of the hybrid VAE-NMF model. Personalized SE
models, which optimize performance for a single speaker
within a specific acoustic environment, have been shown
to outperform general-purpose SE models for that particular
speaker and environment [25], [26]. Several approaches have
been proposed to adapt general SE models to test speakers,
including incorporating speaker embeddings into models like
Deep Complex Convolution Recurrent Network and Deep
Convolution Attention U-Net [27], training speaker encoder
networks [28], and using internal embeddings to capture
speaker profiles [29]. Another approach involves fine-tuning
pre-trained SE models on a pseudo-SE task, using only noisy
signals from the test speaker of interest [23].

In exploring strategies to enhance the hybrid VAE-NMF
model’s performance on pathological speech, we consider
two approaches. First, we investigate the impact of including
pathological speech data during VAE training. Instead of
random initialization, we fine-tune a pre-trained VAE model
(originally trained on a large dataset of neurotypical speakers)
on a smaller dataset containing both neurotypical and patho-
logical speech. As shown in Section V-C, while fine-tuning the
VAE on a pathological dataset improves the SE performance of
the hybrid VAE-NMF model for pathological speakers, a per-
formance gap between neurotypical and pathological speaker
remains. We argue that the characteristics of pathological
speech vary widely between speakers, and including patho-
logical speech in the VAE training set does not necessarily
improve generalization to unseen pathological test speakers.
To further improve performance, our second approach involves
using a personalized SE model for each speaker. Given the



TABLE I
WSJO (ENGLISH) AND CROWD (SPANISH) DATASET CHARACTERISTICS.

‘WSJO [30] CROWD [31]

Training set 101 speakers, 24.9 hours 101 speakers, 23.0 hours

Validation set 10 speakers, 2.2 hours 10 speakers, 2.2 hours

Test set 8 speakers, 1.5 hours 8 speakers, 1.5 hours

challenges of obtaining robust embeddings for pathological
speakers, we follow a personalization approach similar to [23],
where signals from the test speaker are used to fine-tune the
pre-trained SE model. Differently from [23] where fine-tuning
is done using noisy signals, we assume availability of clean
signals from the test speakers (since the VAE is trained on
clean speech).

IV. EXPERIMENTAL SETTINGS
A. Datasets

Clean speech signals are used for training and validation of
VAE models, while noisy mixtures are used for testing.

Clean signals. To assess cross-language generalizability,
we use the English Wall Street Journal (WSJO) [30] and
the Spanish Crowdsourced Latin American Spanish Corpora
(CROWD) [31] datasets, which contain recordings from neu-
rotypical speakers. The characteristics of these datasets, in-
cluding the number of speakers and total duration of the
training, validation, and test sets, are presented in Table I. As
shown, the datasets are closely matched in terms of speaker
count and total duration, ensuring a systematic evaluation
of cross-language generalizability. To assess cross-speaker
generalizability, fine-tune models, and develop personalized
models, we use the Spanish PC-GITA dataset [32], comprising
recordings from 50 neurotypical and 50 PD speakers. PC-
GITA includes recordings of 10 sentences, one text passage,
and a monologue per speaker, and has a total duration of 2.8
hours. Due to this dataset’s limited size (which is a common
characteristic of pathological speech datasets) compared to
those used in SE literature (cf. Table I), we use a 10-fold
speaker-independent cross-validation evaluation framework,
partitioning the data within each fold into 80% training,
10% validation, and 10% testing. Personalized models are
trained, validated, and tested per speaker independently (cf.
Section IV-C).

Noisy mixtures. Noisy mixtures required for testing the
VAE-NMF model are generated using the previously described
clean signals and noise recordings from the QUT dataset [33].
The noise recordings are randomly selected from the set
{“cafe”, “car”, “home”, “street”}, with the signal-to-noise
ratio (SNR) randomly selected from the set {-5, 0, 5} dB [12].

B. Training

All signals are resampled to 16 kHz if necessary and are
transformed to the STFT domain using a 64 ms Hann window
with a hop size of 16 ms, resulting in 513 unique frequency
bins. As in [11], [13], the VAE latent dimension is D = 16
and the NMF rank is K = 8. The settings of the MCEM

follow [15]. Additionally, we use a batch size of 128, the Adam
optimizer with standard settings, and an initial learning rate of
10~%. The learning rate scheduler halves the learning rate if
the validation loss plateaus, with a patience of 10 epochs. The
maximum number of epochs is set to 500, with early stopping
if the validation loss does not decrease for 20 consecutive
epochs.

C. Fine-tuning and personalization

Given the small size of the PC-GITA dataset, training a VAE
model from scratch (i.e., with random weight initialization)
on this dataset is expected to yield suboptimal results. To
improve performance, we explore the possibility of leveraging
the pre-trained VAE model from the CROWD dataset and
fine-tuning it on the PC-GITA dataset. After initializing the
model weights, fine-tuning is done following the same training
procedure outlined in Section IV-B.

As outlined in Section III, we also train personalized models
for each speaker in the PC-GITA dataset. To this end, we
use a subset of a speaker’s recordings as training/validation
data, while the remaining recordings are used as testing data.
To ensure that the conclusions we draw from these models
are not influenced by the specific subset of data used for
training/validation/testing, we report the average performance
of two personalized models: one using the monologue record-
ing for training/validation and the sentences and read text
recordings for testing, and another using the sentences and
read text recordings for training/validation and the monologue
recording for testing. It should be noted that these subsets
of data have a similar duration, i.e., the average duration
of the monologue recording across all speakers is 47.1 s
whereas the average duration of the sentences and read text
recording across all speakers is 55.3 s. Personalized models
are initialized with the weights of the pre-trained VAE model
from the CROWD dataset. The training procedure is the same
as outlined in Section I'V-B.

D. Evaluation

Performance is evaluated using the wideband perceptual
evaluation of speech quality (PESQ) measure [34], the
frequency-weighted segmental SNR (fwSSNR) [35], and the
scale-invariant signal-to-distortion ratio (SI-SDR) [36]. The
clean speech signal is used as a reference signal for computing
these measures. The improvement in these instrumental mea-
sures, i.e., APESQ, AfwSSNR, and ASI-SDR, is computed
as the difference between the PESQ, fwSSNR, and SI-SDR
values of the enhanced signal and the noisy microphone signal.

V. RESULTS AND DISCUSSION
A. Cross-lingual generalization

Table II presents the performance of the hybrid VAE-NMF
model with the VAE trained on the English WSJO and Spanish
CROWD datasets, evaluated under both within-database and
cross-lingual testing conditions. It should be noted that the
noise types and SNRs remain consistent across all evaluations.
However, since the VAE is trained on the different considered



TABLE II
WITHIN-DATABASE AND CROSS-DATABASE PERFORMANCE OF THE VAE-NMF SE MODELS. VAE (WSJ0) DENOTES MODELS TRAINED ON THE ENGLISH
WSJO DATASET, WHEREAS VAE (CROWD) DENOTES MODELS TRAINED ON THE SPANISH CROWD DATASET. MODELS ARE TESTED ON ENGLISH
(WSJ0-QUT) AND SPANISH (CROWD-QUT) TEST SETS. VALUES IN BOLD INDICATE THE TEST SET FOR WHICH THE HIGHEST PERFORMANCE
IMPROVEMENT IS OBTAINED FOR EACH MODEL AND EACH MEASURE.

Model English (WSJO-QUT) test set Spanish (CROWD-QUT) test set
APESQ AfwSSNR ASI-SDR APESQ AfwSSNR ASI-SDR

VAE (WSJO0) - English train set 0.214+0.02 0.87+0.13 5.77+0.28 0.13+£0.01 —-0.91+0.10 4.53 +0.25

VAE (CROWD) - Spanish train set 0.13£0.01 0.69£0.13 4.65+0.26 | 0.19 £0.01 0.78 £+ 0.08 6.25+0.22

TABLE III
PERFORMANCE OF THE VAE (CROWD) MODEL ON THE PC-GITA-QUT
TEST SET OF NEUROTYPICAL AND PATHOLOGICAL SPEAKERS. VALUES IN
BOLD INDICATE THE SPEAKER GROUP FOR WHICH THE HIGHEST
PERFORMANCE IMPROVEMENT IS OBTAINED FOR EACH MEASURE.

Test Speakers | APESQ AfwSSNR ASI-SDR

Neurotypical 0.10+0.01 222+0.14 4.72+0.26

Pathological 0.05£0.01 1.51 +0.17 3.76 £0.30
TABLE IV

PERFORMANCE OF DIFFERENT MODELS ON THE PC-GITA-QUT TEST SET
OF NEUROTYPICAL AND PATHOLOGICAL SPEAKERS. VALUES IN BOLD
INDICATE THE SPEAKER GROUP FOR WHICH THE HIGHEST PERFORMANCE
IMPROVEMENT IS OBTAINED FOR EACH MEASURE.

Model | Test Speakers | APESQ AfwSSNR ASI-SDR
M Neurotypical 0.13 £0.01 1.96 +0.19 4.48 £0.35
S Pathological 0.07 £0.01 1.08 £0.20 3.224+0.37
M Neurotypical 0.134+0.01 2.53+£0.16 5.02 £ 0.29
F Pathological 0.08 £0.01 1.79+£0.17 4.10 +0.32
M Neurotypical | 0.19+£0.02 2.744+0.16 7.871+0.34
P Pathological 0.18 £0.02 2.40 £0.16 7.75+£0.37

clean speech datasets, domain shifts are introduced due to
different languages (and potentially different recording setups).
As expected, the VAE achieves a better performance in within-
database testing (i.e., when the training and testing datasets are
in the same language). In contrast, performance degrades in
cross-lingual settings due to the domain shift introduced by
the different language.

B. Cross-speaker generalization

In this section, we assess the performance of the VAE-NMF
model on both neurotypical and pathological speakers from
the PC-GITA database. Since PC-GITA consists of Spanish
recordings, our analysis focuses on the VAE (CROWD) model,
i.e., the model trained on the Spanish CROWD dataset in
Section V-A. The results, presented in Table III, reveal that the
model performs consistently better on neurotypical speakers
than on pathological speakers across all evaluation metrics.
This degradation is expected, as VAE (CROWD) is trained
exclusively on neurotypical speech, with pathological speech
characteristics exhibiting substantial deviations from it [21].

C. Fine-tuning and personalization

In this section, we explore various strategies to improve
the SE performance of the VAE-NMF model for pathological

speakers. Specifically, we investigate the performance of the
following models:

o Training a VAE from scratch on PC-GITA (model Ms).
We examine the feasibility of training a VAE model from
scratch on a small, clean speech dataset, such as PC-
GITA, which includes both neurotypical and pathological
speakers. This contrasts with the conventional practice of
training VAEs on much larger corpora, such as WSJO or
CROWD, which consist of only neurotypical speech.

e Fine-tuning a pre-trained VAE (model Mp). We explore
the potential of fine-tuning a VAE model that has been
pre-trained on the larger CROWD dataset, using the PC-
GITA dataset, as described in Section IV-C.

o Personalized VAE model (model Mp). We assess the
performance of personalized VAE models, where the
model is trained for each individual speaker as outlined
in Section I'V-C.

The SE performance of the different models for both neu-
rotypical and pathological speakers is summarized in Table I'V.
Results show that training the VAE solely on the PC-GITA
dataset leads to a poorer performance in terms of fwSSNR,
and SI-SDR for both neurotypical and pathological speakers,
compared to training the VAE on the larger CROWD dataset
(cf. Table III). This highlights the importance of using a suffi-
ciently large and diverse dataset when training VAEs. Rather
than training the VAE from scratch on PC-GITA, Table IV
demonstrates that fine-tuning the VAE model pre-trained on
CROWD using the PC-GITA dataset leads to improvements
across all metrics for both groups of speakers. However, a
persistent performance gap remains between neurotypical and
pathological speakers. We hypothesize that the high variability
in pathological speech across individuals restricts the model’s
ability to generalize effectively to new pathological speakers,
even when pathological speech is included in the training data.
Finally, Table IV highlights the value of using personalized
models. Taking advantage of the knowledge embedded in the
pre-trained VAE (CROWD), incorporating only a few seconds
(= 50 s) of clean speech from the test speaker can boost the
SE performance. While this personalization strategy proves
effective for both groups of speakers, the improvement in SE
performance is particularly notable for pathological speakers.

VI. CONCLUSION

This paper evaluates the generalizability of the hybrid
VAE-NMF model for SE across languages (i.e., English and



Spanish) and speaker conditions (i.e., neurotypical speakers
and pathological speakers with PD). The results show that, as
expected, the hybrid VAE-NMF performs best when trained
and tested within the same database. However, cross-lingual
and cross-speaker testing leads to performance degradation,
with a larger drop observed in the latter case. To improve
performance for pathological speech, we have proposed fine-
tuning pre-trained models by incorporating pathological data
into the training set, as well as training personalized models for
each speaker using only a few seconds of clean data. Results
have shown that personalized SE models significantly improve
performance for all speakers, achieving comparable results for
both neurotypical and pathological speakers.
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