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Snoring is a common sleep problem and may indicate underlying health conditions,
such as obstructive sleep apnea. Accurate detection and classification of snoring
sounds are critical for early diagnosis and effective treatment. Traditional snoring
detection methods rely on manual analysis or rule-based systems, which are often
time-consuming and error-prone. With advances in deep learning and quantum-
inspired computing, an opportunity has emerged to develop more powerful and
intelligent solutions to automate snoring classification. In this paper, we propose
a quantum-inspired attention fusion network for snoring detection, using Mel-
Frequency Cepstral Coefficients as the primary representation of acoustic features.
The network combines quantum-inspired layers with an attention mechanism
to enhance feature learning and improve classification accuracy, offering a novel
approach to audio analysis in the healthcare domain. The quantum-inspired
layer simulates quantum gates using dense neural layers, enabling the model to
detect complex patterns in audio data, while an attention mechanism dynamically
weights the most important features to improve classification. The model achieved
outstanding performance with an accuracy of 0.997, a prediction precision of
0.997, a recall of 0.997, and an average F1-score of 0.997, demonstrating its ability
to generalize well and classify snoring sounds with near-perfect accuracy.
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1. Introduction

prone to human error; hence, there is a need
for automatic, reliable, and effective detection

Snoring is a common sleep problem that affects
sleep quality and is a possible symptom of seri-
ous health risks, such as obstructive sleep apnea
(OSA). Early and accurate detection of snoring
sounds is important for timely diagnosis and in-
tervention, which is critical for patient outcomes
and for mitigating the risks associated with ne-
glecting sleep disorders.! However, conventional
snoring detection techniques rely on manual anal-
ysis of snoring sounds and rule-based systems,
which are labor-intensive, time-consuming, and
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systems.? Modern detection systems recently de-
veloped, using methods based on insights from
deep learning (DL) and quantum-inspired com-
puting, offer important hints for resolving defi-
ciencies in conventional methods. 3 Based on these
techniques, we present a quantum-inspired atten-
tion fusion network for snoring detection, a novel
framework designed to improve both the accu-
racy and efficiency of the classification of snoring
sounds. Our method uses mel-frequency cepstral
coefficients (MFCCs), a technique in audiosignal
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processing that has been shown to effectively de-
tect the spectral signatures of snoring and other
sounds.*® MFCCs are particularly useful for this
application because they can capture the sound
signature of snoring, as they mimic its character-
istics.%® The proposed model incorporates two
innovations, namely quantum-inspired layers and
an attention mechanism. The quantum-inspired
layers simulate quantum gates through dense neu-
ral networks to capture complex patterns and
nonlinear relationships in audio data, improving
the deep learning model’s ability to extract in-
tricate features that conventional methods often
fail to identify, particularly when trained on large
datasets.?10 The attention mechanism enables
useful computer processing so that the model-
ing generally learns the converging connecting
weights of the various features, which can change
from iteration to iteration in several optimally
converging aspects of the final classification. The
quantum-inspired attention fusion network model
represents a significant advancement in research
on audio analysis for health care applications. 112
The model has developed several interesting ap-
plications, expressed as scalable, automated, and
highly accurate endpoints to be achieved within
snoring sounds. The work presented attempts not
only to identify meaningful differences in the de-
ficiencies of the conventional models presented,
but also to enable and advocate for new research
into quantum-inspired ideas applied in various
ways for the regimes of DL for medical appli-
cations. 315 The success of the model has im-
portant implications, highlighting the potentially
transformative impact of the proposed approach.
In particular, it contributes to improved identi-
fication and characterization of sleep disorders.
By incorporating quantum-inspired modeling as-
pects, the framework enables more accurate and
predictive analyses, which may support better
clinical decision-making and improved outcomes
while maintaining methodological rigor and data
confidentiality. Our study provides several sig-
nificant contributions and presents advantages
that may facilitate further research in related
areas:

(i) The present network architecture employs
quantum-inspired layers that implement
quantum gates along with dense neural net-
works to reliably extract pertinent, although
complicated, nonlinear pattern information
from audio data.

(ii) An attention mechanism is also included
within the features of the network architec-
ture, such that it provides dynamic weights

for the current features, allowing it to focus
on salient feature information in the input,
such that the accuracy of classification is
maximized.

(iii) Provision of a scalable solution to audio
classification problems for healthcare imple-
mentation via the applications of quantum-
inspired computing and DL-combined tech-
niques, which are used specifically for the
problems of snoring detection and diagnos-
tics of sleep disorders.

Such contributions indicate the potential ap-
plicability of quantum-inspired techniques to im-
proving the performance of automated systems
used for the classification of audio signals, specifi-
cally within healthcare. The network architecture
developed in this research has produced results
that exceed those of classical techniques, and it
serves as a platform for future work investigat-
ing the application of quantum computer-inspired
techniques to alleviate complex biomedical signal-
ing problems.

2. Literature review

Advances in artificial intelligence have enabled
systems to diagnose and classify sleep disorders,
such as OSA, using non-invasive techniques like
snoring analysis, improving accuracy and effi-
ciency, as illustrated in Table 1. Akyol et al.!®
used a dataset comprising 700 sound samples
from seven different classes. The model used
three methods for feature extraction: MFCC, mel-
spectrogram, and chroma. The combined features
were analyzed using the New Improved Gray
Wolf Optimization and Improved Bonobo Op-
timizer algorithms to improve performance. Sup-
port vector machine (SVM)- and k-nearest neigh-
bors (KNN)-supervised shallow machine learn-
ing methods are used for performance compari-
son. The SVM classifier achieves the highest ac-
curacy of 99.28% for both metaheuristic algo-
rithms. Adesuyi et al.'” reported a new convo-
lutional neural network (CNN) model for sound
classification using multi-feature extraction. Ex-
periments on snoring and non-snoring datasets
achieved 99.7% for snoring sounds, demonstrat-
ing near-perfect classification and superior results
compared to existing methods. Yang et al.'® pro-
posed a long short-term memory classifier for
identifying respiratory event-related snoring from
simple snoring. The method used sleep sounds
from 33 patients and 10 healthy individuals, ex-
tracting snoring characteristics using MFCCs, mel
filter banks, short-time energy, and linear predic-
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tion coefficients. The model identified snoring
features at a fine-grained level with 95.3% ac-
curacy. Martinez et al.'® proposed a method to
differentiate monaural snoring from non-snoring
sounds by analyzing the harmonic content of input
sounds using harmonic/percussive sound source
separation (HPSS). The feature derived from the
harmonic spectrogram obtained via HPSS was
used as input to conventional neural network ar-
chitectures, providing a significant advantage in
snoring detection performance. The approach per-
formance of all the studied architectures was
greatly improved by the learned data groups,
clearly demonstrating the dependability of har-
monic composition. Li et al.? trained a CNN
model using a database of over 80,000 episodes
of snoring from 124 people. The CNN model was
then used to assess the severity of OSA—hypopnea
syndrome, achieving an accuracy of 92.5%, sensi-
tivity of 93.9%, and specificity of 91.2%. Yildirsm
et al.?! developed an artificial intelligence-based
hybrid model for snoring sound classification. The
model converted sound signals into images using
a mel-spectrogram, AlexNet, and ResNet101 ar-
chitectures, and neighborhood components anal-
ysis dimension reduction. The model’s accuracy
was 99.5%, with feature maps classified in differ-
ent classifiers. Tuncer et al.?? presented a novel
snoring sound classification method using local
dual octal pattern (LDOP) feature extraction.
This method addressed the low success rate is-
sues for the Munich—Passau snore sound corpus
(MPSSC) dataset. The method used a multilevel
discrete wavelet transform, LDOP, recursive fea-
ture importance—based neighborhood component
analysis (RFINCA), and KNN. It achieved 95.53%
classification accuracy and 94.65% unweighted av-
erage recall, outperforming other state-of-the-art
machine learning and DL-based methods by 22%.
Ding et al.?® used a prototypical network and a
CNN to classify snoring sounds in MPSSC. The
CNN, with a six-layer convolutional architecture
and a complementary cross-entropy loss function,
achieved the highest unweighted average recall
of 78.85% in the development set and 77.13% in
the test set, demonstrating its simplicity and ef-
fectiveness as a promising approach for biological
signal classification with a small dataset. Liu et
al.?* proposed a machine learning-based model
that was developed to detect obstruction sites
in patients with OSA. The model, which com-
bined snoring sound with age, gender, and body
mass index, achieved an accuracy of 87.98%. The
model achieved accuracies of 83%, 93%, and 92%
in detecting retropalatal, retrolingual, and mul-
tilevel obstructions, respectively. Dong et al.?’

used MFCCs to extract features from raw data
and proposed a multi-branch CNN for snoring
classification. The network achieved 99.5% ac-
curacy in detecting snoring, demonstrating sig-
nificant improvement in performance based on
audio data and the integration of multi-scale fea-
tures.

3. Proposed work

We proposed a new architecture for audio classifi-
cation that incorporates quantum-inspired layers
and an attention mechanism within a DL model,
as shown in Figure 1. The model considered the
MFCC features of the audio signal and used con-
volutional layers, quantum-inspired layers, and
attention mechanisms to improve feature extrac-
tion. 26729

3.1. Data preparation

In audio classification tasks, an efficient feature
extraction method is crucial to achieving accu-
rate results with a model. Raw audio signals are
computationally expensive and time-consuming
to process. To alleviate this, we resorted to an
extraction technique that used MFCCs to cap-
ture the most important spectral features of the
signal, reducing the number of dimensions.'® The
following outlines the steps that were needed to
prepare the dataset for training. First, the .wav
audio files were loaded into program memory to
determine the period of the signal.?? To prevent
problems caused by signals with different periods,
we aligned all signals’ timestamps by padding
or trimming as necessary. The next step was
to extract the MFCC features, which involved
transforming the time-domain signals into the fre-
quency domain using a short-time Fourier trans-
form (STFT).2122 The power spectrum was con-
sequently plotted on a mel scale, whereupon the
discrete cosine transform (DCT) was applied to
produce compressed features that were extracted.

These coefficients were averaged to produce
characteristic vectors for each audio file, convert-
ing variable-length signals into fixed-size feature
representations. This ensured that all signals were
represented as vectors of equal size, allowing the
model to learn the necessary features from the
structured inputs and improving classification
performance.

Let S = s1, 51, ..., sy be the set of audio signals
in the dataset, where NV is the total number of au-
dio files, each audio file s; is loaded using Librosa
(Version X, McFee Lab, USA), which converts
the audio into a time-domain waveform that is
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Figure 1. The main steps of the proposed work. Abbreviation: MFCCs: Mel-frequency cepstral coefficients.

illustrated in Equation 1:

fs) (1)

s; = librosa.load(file;, sr =

where: file; is the i-th audio file, fs is the sampling
rate (default value in Librosa is 22,050 Hz), s; is
the resulting discrete audio waveform. To ensure
that all audio files have the same duration T', we
padded or truncated them to a fixed length, as

illustrated in Equation 2:

, Siy 'lf|81| = Tfs
s; = | pad (s;) , if |sil <T.fs
truncate (s;) , if |si| > T.fs

(2)

where:s; is the processed waveform of fixed
length,T" is the target duration in seconds,pad
and truncate are operations to adjust waveform
length.
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3.1.1. Extract mel-frequency cepstral
coefficient features

The MFCCs represent the short-term power spec-
trum of an audio signal, using the following steps:

(i) Convert the time-domain signal to the fre-
quency domain
The STFT to segment the signal into over-
lapping frames is illustrated in Equation 3:
N-1
X(m,k) = Z s(n)w(n — mR)e I2Pkn/N

n=0

(3)
where X (m, k) is the STFT output at frame
m and frequency bin k, w(n) is the win-
dow function (e.g., hamming or hanning
window), R is the hop size between frames,

as illustrated in Equation 4.

(ii) Compute the power spectrum
The power spectrum is obtained from the

STFT as:

P(m, k) = | X (m, k)|” (4)

where P(m, k) is the energy of the frequency
bin k£ at frame m.
(iii) Apply the mel filterbank
The mel scale mimics human hearing per-
ception. The frequency f (in Hz) was con-
verted to the mel scale, as shown in Equa-
tion 5:

Mel(f) = 25951logo(1 + %) (5)

Then, a triangular filterbank Hj(k) was ap-
plied to sum up energy in the mel bands
(Equation 6):
k—1
M (m,b) = ) P(m,k)Hy(k)  (6)
k=0
where M (m, b) is the mel-filtered energy for
the band b, Hy(k) is the weight of the b — th
mel filter.
The mel scale energies were then converted
to log scale (Equation T7):

L(m,b) =log(M(m,b) +¢) (7)

where € is a small constant to prevent log (0).
The MFCC was then computed by apply-
ing DCT, as shown in Equation 8:

B-1
B we(b+ 0.5)
MFCC, = bEZO L(m,b) cos| 5 ]

(8)
where ¢ is the MFCC index (typically 0-39
for 40 coefficients), B is the number of mel

bands.

Since audio files had different lengths, we
averaged MFCCs across time to form a fixed-
length feature vector, as shown in Equa-
tion 9:

M
— 1
MFCCe = > MFCCo(m) (9)

m—1

where M is the total number of frames.

3.2. The quantum-inspired layer

The proposed quantum-inspired attention fusion
network was designed to enhance audio classifica-
tion by integrating quantum-inspired layers and
attention mechanisms into a DL framework, as
presented in Table 2. The network was struc-
tured to efficiently extract features from MFCC
feature vectors, leveraging convolutional layers for
spatial learning, quantum-inspired processing for
feature enhancement, and attention mechanisms
to achieve the best possible feature representa-
tion.

The architecture consisted of multiple process-
ing stages, each contributing to feature extraction,
transformation, and classification. The input to
the model was a fixed-length MFCC feature vec-
tor, denoted as in Equation 10:

X =[xy, 21, ..., on]RY (10)

where N represents the number of extracted
MFCC per audio sample.

The quantum-inspired layer simulated quan-
tum properties using dense layers with activation
functions (rectified linear unit [ReLU] and Tanh).
Meaningful features were extracted from the input
tensor by leveraging quantum-inspired transfor-
mations. The quantum-inspired transformation
involved two dense layers with ReLU and Tanh
activations, as expressed in Equation 11:

Q1 = ReLU(W1X + bl), Q2

= Tanh(W2Q1 + b2) (11)

where W7, Ws are weight matrices, b1, by are bias
vectors.

3.3. The attention mechanism

The attention mechanism helps the model fo-
cus on the most important features by applying
learned attention weights. The context vector is
computed by weighing the input features accord-
ing to their importance. The attention mechanism
works by computing attention scores and applying
them to the input by using the standard query—
key—value (Q, K, V) formulation.

However, we do not employ positional encod-
ing, feed-forward transformer blocks, or stacked
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Table 2. Description of the proposed model architecture, detailing each layer from input to output

Layer type

Description

Input layer
Reshape layer

Accept MFCC features as input.
Reshape the input tensor for compatibility with one-

dimensional convolutional layers.

Convolutional block 1

Conv1D (64 filters), BatchNormalization, MaxPooling1D,

Dropout

Convolutional block 2

ConvlD (128 filters), BatchNormalization, MaxPool-

ing1D, Dropout

Convolutional block 3

ConvlD (256 filters), BatchNormalization, GlobalAver-

agePooling1D, Dropout

Quantum-inspired
layer
Attention fusion

Dense layer simulating quantum properties on global
features
An attention mechanism that focuses on the important

features

Fully connected layer
Output layer

Dense layer processing the attended features
Softmax activation for multi-class classification

Abbreviation: MFCC: Mel-frequency cepstral coefficient.

encoder layers. The attention layer operated on
feature maps extracted by the CNN, serving as a
feature-refinement module rather than a sequence-
modeling backbone. Given an input feature repre-
sentation X € R™*? we computed the attention
weights and refined feature representation, as il-
lustrated in Equation 12:

Q=XWo, K=XWg,V=XWy (12

where Wo, Wi, Wy € R4k are learnable projec-
tion matrices. The scaled dot-product attention
was computed as in Equation 13:

T

For multi-head attention, we used h parallel
heads, as shown in Equation 14:

MHA(X) = Concat(heady, ..., head,)Wo (14)

Attention (@, K, V') = softmax (

where each head independently computed atten-
tion using separate projection matrices.

3.4. The quantum-attention fusion model

The model architecture consisted of an input layer,
several convolutional blocks, a quantum-inspired
layer, and an attention mechanism for enhancing
feature extraction.

The quantum-inspired layer does not imple-
ment a physically realizable quantum circuit. In-
stead, it emulates key principles of quantum com-
putation, such as state superposition, parameter-
ized gate transformations, and feature interaction
inspired by entanglement within a classical DL
framework.

3.4.1. State representation

Given the MFCC feature vector z € R?, we first
normalized it to obtain a bounded representation,
as shown in Equation 15:

X

T =

o] )

This normalized vector was interpreted as an
analog of a quantum state vector (but remained
real-valued for computational efficiency). Unlike
true quantum states, strict constraints were not
enforced on the complex Hilbert space.

3.4.2. Simulation of quantum gates

In quantum computing, gates correspond to uni-
tary transformations that are illustrated in Equa-
tion 16:

Uv=1 (16)

In our quantum-inspired layer, we estimated
this behavior using parameterized dense layers,
as shown in Equation 17:

z=¢p(Wzx+0) (17)

where W € R%*? is a trainable weight matrix, b is
a bias term, ¢(+) is a non-linear activation function
(e.g., Tanh).

3.4.3. Entanglement-inspired feature
interaction

In true quantum systems, entanglement intro-
duces non-separable correlations between qubits.
We simulated this behavior by explicitly modeling
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cross-feature interactions (Equation 18):

Zi = Z Wl'j.%'j + Z V;jk:cjxk (18)
J Jik

3.4.4. Multi-head attention mechanisms

The attention mechanism plays a central role in
modeling entanglement-inspired dependencies by
dynamically weighting correlated MFCC compo-
nents (Equation 19), enabling the network to
capture complex acoustic dependencies analogous
to quantum correlations:

o; = softmax(QKT /V/d)

Attention(Q, K,V) = aV (19)

4. Experiments and results

In this section, we describe experiments evaluat-
ing the performance of a quantum-inspired atten-
tion fusion network in audio classification (Fig-
ure 2). The experiments were designed to evalu-
ate the model’s ability to classify snoring sounds
using MFCC features, as shown in Figure 3. We
performed a five-fold cross-validation to ensure
reliable evaluation, and key performance metrics
are reported.

4.1. Snoring dataset

The dataset consisted of two volumes: one for
snoring sounds and one for non-snoring sounds.
Volume 1 contained 500 snoring sounds, includ-
ing 363 samples from children, men, and women
with no background noise, and 137 snoring sam-
ples with background noise. Volume 0 contained
500 non-snoring samples, distributed across 10
categories, including baby crying, clock ticking,
door opening, toilet running, emergency vehicle
sirens, tram sounds, television news, rain and
thunderstorms, street noises, and human speech,
with 50 samples per category. Recordings were
collected from multiple online sources rather than
under uniform controlled conditions, resulting in
a heterogeneous acoustic dataset. To ensure bal-
anced learning and mitigate bias arising from the
dataset’s composition, we maintained class parity
and used stratified sampling and class weighting
during training. Furthermore, we applied stan-
dard audio data augmentation techniques, such
as additive noise, time stretching, pitch shifting,
and time/frequency masking, to enhance model
generalization and discourage overfitting.

Table 3 lists statistical features of non-snoring
and snoring audio segments, detailing time-
domain and frequency-domain acoustic descrip-
tors, such as root mean square energy, spec-

tral properties, MFCC, chroma features, and
harmonic-to-noise ratio (HNR) to identify snor-
ing patterns. Table 4 outlines onset-detection pa-
rameters that influence onset strength and peak
picking, including frame analysis, fast Fourier
transform resolution, thresholding, aggregation
functions, and signal conditioning (e.g., detrend-
ing, normalization, and padding).

The statistical analysis was performed on the
extracted audio features. A total of 32 acoustic fea-
tures were evaluated, of which 29 features (90.6%)
demonstrated statistical significance (p < 0.05),
indicating strong differentiation between snoring
and non-snoring signals. Notably, 28 features ex-
hibited large effect sizes (|Cohen’s d| > 0.8), re-
flecting substantial practical significance beyond
mere statistical significance. The average absolute
effect size was 5.195, which is considerably higher
than the conventional threshold for a large effect,
while the maximum observed |Cohen’s d| reached
21.918, confirming extremely strong class sepa-
rability. Furthermore, 15 features showed more
than 50% relative change between the two groups,
reinforcing the presence of pronounced acoustic
deviations associated with snoring. Among all
features, the most discriminative metric was the
signal mean, which achieved a Cohen’s d of 21.918
(large effect), with a highly significant p-value
< 0.001 and a relative change of 182.6%. The
distribution of effect sizes further highlights the
robustness of the findings: 28 features were clas-
sified as large, 2 as small, 1 as medium, and 1 as
negligible. Additionally, two features, skewness
and HNR, demonstrated pattern reversal (sign
change) between classes, indicating structural dif-
ferences in waveform distribution and harmonic
composition, as shown in Figures 3 and 4.

4.2. Hardware, software configuration, and
preprocessing

The experiments were performed on a high-
performance computing system specified for opti-
mal productivity for DL workloads. The system
had a 12th Gen Intel Core i7-12700K CPU with
12 cores (8 performance cores, 4 efficiency cores),
20 threads, and a base clock of 3.60 GHz and
a maximum turbo clock of 5.00 GHz. The CPU
also had 25 MB of Intel Smart Cache for rapid
data access and rapid execution of parallel tasks.
An NVIDIA GeForce RTX 3080 graphics card
built on the Ampere architecture aided compu-
tational acceleration. This card had 8704 CUDA
cores, 272 3rd Gen Tensor cores, 68 2nd Gen RT
cores, 10 GB of GDDR6X video memory, and 760
GB/s of memory bandwidth. The card had a base

781



Zahraa Tarek and Esraa Hasan /| 1JOCTA Vol. 16, No. 3, pp.774-793 (2026)

(a) Root mean square energy

Snoring Analysis: Audio Feature Extraction

035

Zero-crossing rate: 110.00 o
0.30 4
0.200 0.100 0.100 0.100 0.100 0.100
0.25
o 0.150 0.105 0.105 0105 0.105
1]
S 020
=
v
] -
s 0.15
-4
0.10 4 —— ——
0.05 4
0.00
(b) Onset strength curve
0.12 1
£ 010
o
=
2 0081
2
-
2 006
=]
0.04 A
0.02
0.00
(c) Snoring onset detection
Yes
A Snoring onset
=
£
=
3 A A A A A A A A A A A
]
a
No
(d) Tonnetz: harmonic progression
12
[ O  Peaks O Troughs = Ionucw]
1.0 4
0.8 1
8
g 064
&
S 04
024 0.000 0.000 0.000 0.000
0.0
T T T T
0 20 40 60 80 100

Time (seconds)

Figure 2. Snoring audio feature extraction and onset detection analysis
Abbreviations: RMS: Root mean square; ZCR: Zero-crossing rate.

clock of 1.44 GHz and a boost clock of 1.71 GHz,
with a compute power of 8.6, enabling mixed-
precision and tensor operations to be optimized.
The configuration had 32 GB of DDR4 memory
(3,200 MHz, CL16) in dual-channel mode to en-
able rapid, efficient data transfer during model

training. The storage capabilities comprised a 1
TB NVMe M.2 SSD (980 Pro, Samsung, Korea)
for operating system functions primarily, 7,000
MB/s for read and 5,000 MB/s for write speeds, a
2 TB SATA SSD for data set storage, and a 4 TB
hard disk drive for backup data. All the power
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Table 3. Description of the proposed model architecture, detailing each layer from input to output

Feature Value (non-snoring) Value (snoring)
Mean —3.438 x 1075 2.841 x 107°
Standard deviation 0.079 0.086

Root mean square 0.079 0.086
Zero-crossing rate 0.079 0.090
Spectral centroid 3,398.276 3,445.177
Spectral flux 1.405 1.143
Spectral bandwidth 3,483.030 3,312.525
MFCC 1st coefficient —314.015 —274.690
MFCC 2nd coefficient 85.682 131.041
MFCC 3rd coefficient —63.041 —49.941
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Figure 3. The discriminative audio features between non-snoring and snoring signals. Note: *Statistical
significance (p < 0.05). Abbreviation: MFCC: Mel-frequency cepstral coefficient.

and thermal probes were ensured using an 850
W 80 Plus Gold-certified power supply and a 240
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mm liquid cooling unit, supported by improved
airflow in the chassis through the introduction of
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Abbreviation: MFCC: Mel-frequency cepstral coefficient.

high static pressure fans. The system exhibited a
FP32 performance value of up to 29.77 TFLOPS
and a Tensor performance of 238 TFLOPS (with
rarefaction), efficiently supporting DL computa-
tions.

The experimental results showed a training
batch processing time of about 140-180 ms and
inference time of less than 50 ms, making it suit-
able for real-time applications. The software side
of matters was seen to be utilizing TensorFlow
(2.13.0, Google, USA) with Keras (3.0, Google,
USA) as the DL software platform, supported
by the CUDA toolkit (12.2, NVIDIA, USA) and
cUDNN (8.9.5, NVIDIA, USA) for optimization
of interaction and performance of the hardware
for quantum-inspired DL tasks. Audio types were
extended and restricted to a set length (maxlen
= 100s). For MFCC features, 40 MFCC fea-
tures were derived from each audio file, and for
each, over-time features were extracted in the
set-duration formats, thus creating a set-length
feature vector.

4.3. Proposed work architecture and
training configuration

In this architecture, fundamental aspects of quan-
tum theory were integrated into the learning
framework, including entanglement, superposi-
tion, the use of representation degrees of free-
dom, and interpretability. The superposition
effect was captured through multiple parallel
dense layers, which learned independent rep-

resentations of states analogous to quantum
states. All branches processed the input concur-
rently through Tanh activation, ensuring that
the state representations maintained suitable
amplitudes within acceptable bounds. The in-
put feature vector & € R? applied a non-linear
embedding using trigonometric activations, z =
Tanh (Wix + b1), followed by a mixing transfor-
mation, h = ReLU(Waz + by). In this formula-
tion, the notion of superposition corresponded
to the representation of each output neuron as a
weighted combination of all input features via W7,
allowing multiple feature components to coexist
simultaneously in the latent space. The use of
bounded non-linearities (Tanh) enabled smooth
interference-like interactions between features,
analogous to amplitude modulation in quantum
systems.

The notion of entanglement was reflected in
the dense mixing matrices W; and Ws, inducing
non-separable feature interactions. The contribu-
tion of any individual input dimension could not
be isolated independently in the output, as fea-
tures were jointly transformed through shared
weights. Architecture drew inspiration from quan-
tum concepts to motivate a structured, non-linear
feature transformation, which was fully classi-
cal and differentiable. To avoid ambiguity, we
revised the manuscript to: (i) explicitly state
the metaphorical nature of these terms, (ii) in-
clude the above mathematical formulation, and
(iii) limit claims to quantum-inspired representa-
tional effects rather than true quantum mechan-
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influential features. (B) Normalized attention weights, illustrating the relative contribution of each feature after
scaling. (C) Cumulative attention weight curve, showing the aggregated contribution of features and indicating
how importance is distributed across the feature set. (D) Attention weight gradients, capturing local
fluctuations and sensitivity of feature importance. (E) Top-ranked features based on attention weights,
identifying the most influential features contributing to the model’s decision-making process. (F) Histogram of
attention weights, presenting the overall distribution and concentration of feature importance values across all
extracted features.

785



Zahraa Tarek and Esraa Hasan /| 1JOCTA Vol. 16, No. 3, pp.774-793 (2026)

Table 4. Description of the parameters that control various aspects of onset strength computation and peak

picking
Parameter Description Typical values
y The input audio signal (time-series -
data).
sr Sampling rate of the audio signal. 22,050 Hz, 44,100 Hz, etc.
Hop_length Number of samples between succes- 512, 1024
sive frames.
n_fft Length of the fast Fourier transform 2,048, 4,096
window.
Onset_envelope Precomputed onset strength envelope NumPy array of

(optional).

shape (n_frames,)

Units Units for the output onset times. “frames” or “time”
Backtrack Merge closely spaced onsets. True or false
Delta Threshold for peak picking in the on- 0.1, 0.2, etc.
set envelope.
Pre_max Number of frames before the current 3,5
frame to consider for peak picking.
Post_max Number of frames after the current 3,5
frame to consider for peak picking.
Pre_avg Number of frames before the current 3,5
frame to consider for averaging.
Post_avg Number of frames after the current 3,5
frame to consider for averaging.
Wait Minimum number of frames between 5, 10
consecutive onsets.
fmin Minimum frequency for onset detec- 20 Hz, 50 Hz
tion.
fmaz Maximum frequency for onset detec- 5,000 Hz, 8,000 Hz
tion.
Aggregate Aggregation function for computing np.mean, np.max
onset strength.
Normalize Normalize the onset strength enve- True or false
lope.
Detrend Remove linear trends from the onset True or false
strength envelope.
Center Center the onset strength envelope. True or false
Pad_mode Padding mode for the onset strength “constant,” “reflect,” etc.
envelope.
ics. rons and approximately 196,608 trainable pa-

The quantum mechanics of entanglement were
then reproduced as multiplicative non-linear
effects operating between independent states
in parallel through a Hadamard-type product
coupling, which produced the quantum evolu-
tion of correlated independent states, thereby
enhancing the stability of the learnt features
in groupings of the distinctive branches. L?
was normalized over the feature axis to pro-
vide probability-consistent representations of the
states, culminating in a final dense layer that
served as a scaling coefficient, convolving the
entangled states into classical representations
while maintaining quantum-inspired information.
Each of the quantum branches had 256 neu-

rameters per layer, and consequently, a finite
expressiveness-to-computation ratio and a suit-
able scanning time, making it a suitable physics
model.

In addition to the contextualization for the
merging of the quantum-inspired representations,
an attention-fusion mechanism was initiated and
is outlined in the section. The mechanism was
based on a query-key-value architecture, where,
in relation to the inputs, the input features were
the values, where the learnt transformations were
the queries, and the keys were sigmoid activations.
The attention mechanisms calculated relative in-
dividual custom weight factors for each feature in
the input, with values in [0,1], allowing adaptive
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Table 5. The key hyperparameters used in the experiments

Hyperparameter

Value

Input shape

Number of classes
Convolutional layers
Kernel size
Activation function
Pooling

Dropout rate
Quantum-inspired layer
Attention mechanism
Fully connected layer
Output layer
Optimizer

Loss function

Batch size

Epochs

(40)° (40 MFCC features)
Number of unique classes in the dataset

3
3

layers with 64, 128, and 256 filters

ReLU

MaxPoolinglD with pool size 2

0.3 (after convolutional layers), 0.5 (after dense layers)
Simulated with dense layers (4 qubits)

Softmax-based attention weights

1

28 units with ReLU activation

Softmax
Adam
Sparse categorical cross-entropy

2
3

9

Abbreviation: ReLU: Rectified linear unit.

Table 6. Model evaluation summary

Metric Score
Accuracy 0.9970
Precision 0.9972
Recall 0.9970
F1-Score 0.9970
ROC AUC Score 0.9991
Average Confidence (Correct) 0.9895
Average Confidence (Incorrect) 0.6876
Error Rate 0.0030

Abbreviation: AUC: Area under the curve; ROC: Receiver operating characteristic.

enhancement of important features by increas-
ing their weight factors and suppressing those
that were not important. A multiheaded atten-
tion mechanism using 128 attention units was
utilized to have a diversity of the possible atten-
tion structures covered, in addition to serving to
encapsulate the non-linear dependencies of the
features used independently across the various
branches. The merger was carried out with di-
mensional consistency with respect to the outputs
of the 256-dimensional quantum architecture, as
part of which the dimensionality of the merged
output between the 256-dimensional representa-
tions was retained, with tanh-sigmoid sequentially
used to maintain stable convergence and smooth
gradient flow in the computations. The model
hyperparameters were systematically optimized
to achieve satisfactory learning efficiency and gen-
eralizability in the outputs. Table 5 summarizes
the key hyperparameters for the proposed DL
and quantum-inspired classification framework,
detailing architectural configurations such as fil-

ter sizes, activation functions, dropout settings,
quantum-inspired dense layers, attention mech-
anisms, and training parameters, including op-
timizer selection, loss function, batch size, and
number of epochs. An initial starting learning
rate of 0.0005 was used. This was reduced to
0.00025 after 30 epochs using the ReduceLROn-
Plateau scheduler (factor = 0.5, patience = 10).
An Adam optimizer was used with parameters
B1 = 0.9, B2 = 0.999, ¢ = 107, with a batch
size of 16 and a maximum of 100 epochs, with
early stopping (patience = 20) to avoid overfit-
ting. The cost function was defined as sparse cat-
egorical cross-entropy and was enhanced with Lo
regularization (A = 0.001), with minimal dropout
rates (0.5—0.4—0.3) and batch normalization af-
ter each of the main layers, to stabilize the learn-
ing dynamics. A three-stage incremental training
protocol was used:

(i) Stage 1 (epochs 1-15): Focus on feature ex-
traction at a high learning rate to establish

787



Zahraa Tarek and Esraa Hasan /| 1JOCTA Vol. 16, No. 3, pp.774-793 (2026)

Non-snoring

Actual

Snoring 1

Non-snoring Snoring

Predicted

0.8 1

0.6 1

Score

0.4 1

0.2 1

0.0~

Recall Fl-score

Precision

B

I Non-snoring

254 Snoring

201

Frequency

0.0 02 0.4 0.6 0.8 1.0
Predicted probability

B Non-snoring
I Snoring

Figure 6. Comprehensive model evaluation for snoring sound classification. (A) Confusion matrix. (B)
Prediction probability distribution. (C) Class-wise performance matrices.

discriminative representations.

(ii) Stage 2 (epochs 16-30): Continue optimiz-
ing the representations at a high learning
rate while maintaining checkpoints to reduce
overfitting.

(iii) Stage 3 (epochs 31-39): Reduce the learning
rate to stabilize convergence and activate
early stopping when stationarity is detected.

Additional optimization techniques included
gradient clipping (global norm = 1.0), normal
initialization for ReLLU-based layers and uniform
initialization for non-ReLU layers, and gradient
pooling to enhance the efficiency of batch nor-
malization. This hybrid quantum-inspired struc-
ture and its attention-based optimization scheme
enabled the model to learn efficiently and with
interpretability, yielding excellent generalization
over high-dimensional feature geometries. Multi-
ple evaluations of the model indicated that the
confusion matrix was nearly perfect, only yield-
ing a few false predictions. The receiver operat-
ing characteristic (ROC) curve (area under the

curve [AUC] = 1.00) and the precision-recall
curve were distinct and consistent across the two
classes. The distribution of predictions reflected
the model’s strong ability to classify accurately.
The rate of improvement over epochs showed in-
creasing accuracy over the epochs, indicating sig-
nificant progress in the first epoch of training.
The analysis of performance stability compared
the raw validation accuracy to a 5-epoch mov-
ing average, showing strong stability after the
fluctuations observed in the early epochs. The
learning curve showed cumulative improvement
over the epochs. The validation accuracy distri-
bution plot summarized the frequency of accu-
racy percentiles across performance levels, since
most epochs had validation accuracy greater than
90%.

Table 6 summarizes all the metrics used to
evaluate the model. The model performed well,
with an accuracy of 98%, as evidenced by con-
sistent recall (0.9800), precision (0.9808), and F'1
score (0.9800), indicating a balanced and strong
classification capability. The high ROC AUC
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Table 7. Comparative performance of CNN variants with different attention mechanisms across acoustic

features.

Model Feature Accuracy Precision Recall F1 AUC MCC
Classical CNN  Mel 0.500 0.500 1.000 0.667 0.542 0.000
(no attention)

CNN + simple Mel 0.500 0.500 1.000 0.667 0.505 0.000
attention

CNN + multi- Mel 0.950 0.979 0.920 0.948 0.981 0.902
head attention

CNN + spatial Mel 0.950 0.979 0.920 0.948 0.988 0.902
attention

Classical CNN  STFT 0.500 0.500 1.000 0.667 0.664 0.000
(no attention)

CNN + simple STFT 0.500 0.500 1.000 0.667 0.578 0.000
attention

CNN + multi- STFT 0.975 0.970 0.980 0.975 0.995 0.950
head attention

CNN + spatial STFT 0.975 0.990 0.960 0.975 0.993 0.950
attention

Classical CNN  MFCC 0.500 0.500 1.000 0.667 0.735 0.000
(no attention)

Classical CNN  MFCC 0.500 0.500 1.000 0.667 0.664 0.000
(no attention)

CNN + simple MFCC 0.845 0.811 0.900 0.853 0.941 0.694
attention

CNN + multi- MFCC 0.850 0.837 0.870 0.853 0.932 0.701

head attention

Abbreviations: AUC: Area under the curve; CNN: Convolutional neural network; MCC: Matthews correlation coefficient;
MFCC: Mel-frequency cepstral coefficient; STFT: Short-time Fourier transform.

Table 8. Quantitative ablation comparison between classical CNN and spatial attention (MFCC) and the

proposed quantum-inspired attention fusion model.

Metric Classical CNN + spatial at- Proposed quantum- Absolute
tention (MFCCQC) inspired model gain

Accuracy 0.85 0.997 + 0.147

F1- 0.853 0.997 + 0.144

score

AUC 0.932 ~0.997 + 0.065

MCC 0.701 ~0.997 + 0.296

Abbreviations: AUC: Area under the curve; CNN: Convolutional neural network; MCC: Matthews correlation coefficient;

MFCC: Mel-frequency cepstral coefficient.

(0.9991) rating further illustrates the model’s
ability to discriminate between classes. Further-
more, the mean confidence for correct predictions
(0.9858) was significantly higher than that for in-
correct predictions (0.6876), demonstrating that
the model is highly reliable in its decisions. The
extremely low mean error rate (less than 2%) in-
dicates that the model has strong generalization
and high confidence in its predictions across all
samples used in testing. Figure 5 provides an
interpretability analysis of the proposed attention-
based model by visualizing learned feature contri-

bution weights. The heatmap demonstrated that
the model selectively emphasized a subset of dis-
criminative acoustic features rather than assign-
ing uniform importance to all features. The rank-
ing plot indicated that features such as chroma_11,
MFCC 2nd coefficient, kurtosis, and chroma_6
received the highest attention weights, suggest-
ing their dominant role in classification decisions.
Notably, these features also exhibited large ef-
fect sizes in the statistical analysis, confirming
consistency between statistical separability and
learned model importance. The category-level at-
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Figure 7. Advanced training insights visualization. (A) Accuracy improvement rate. (B) Validation accuracy.

(C) Cumulative learning progress.

tention distribution further revealed that chroma
features accounted for approximately 62% of to-
tal attention, followed by statistical descriptors
(~24%), indicating that harmonic and tonal struc-
tures were the primary discriminative character-
istics of snoring sounds in this dataset. Lower

attention weights were assigned to features such
as peak amplitude and certain MFCC compo-
nents, indicating reduced contribution to decision-
making (Figure 6). Figure 7 offers advanced
training insights, highlighting epoch-wise accu-
racy improvements, performance stability through
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raw and smoothed accuracy curves, cumulative
learning progression, and validation accuracy dis-
tribution across various ranges. The compara-
tive performance of CNN variants with different
attention mechanisms across acoustic features
is shown in Table 7. Table 8 presents perfor-
mance metrics and the corresponding absolute
improvement introduced by the quantum-inspired
layer, demonstrating substantial gains in accu-
racy, Fl-score, AUC, and Matthews correlation
coefficient.

5. Conclusion

Snoring, which is often a symptom of underly-
ing health conditions such as OSA, requires ac-
curate detection and classification for effective
diagnosis and treatment. Traditional snoring de-
tection methods, which rely on manual analy-
sis or rule-based systems, are often inefficient
and error-prone. This work presents a quantum-
inspired attention fusion network for snoring
sound classification, leveraging MFCCs as the
main feature representation. The proposed model
combines quantum-inspired layers, which mimic
quantum gates using dense neural network lay-
ers, with an attention mechanism to dynamically
assign weights to the most important features,
thereby enhancing both feature learning and clas-
sification accuracy. The model achieved excel-
lent performance metrics, with precision, speci-
ficity, recall, and mean F1 all achieving 0.98, high-
lighting its exceptional ability to generalize and
classify snoring sounds with near-perfect accu-
racy. By combining quantum-inspired comput-
ing with advanced attention mechanisms, this
approach offers a robust and automated solu-
tion for sound analysis in healthcare, paving the
way for more efficient and accurate snoring de-
tection and diagnosis. This innovative methodol-
ogy not only addresses the limitations of conven-
tional methods but also demonstrates the poten-
tial of quantum-inspired technologies to improve
healthcare applications. Although the proposed
model has shown promising results, there are
several areas for future research and improve-
ment:

(i) Ensuring the model’s robustness and general-
izability by validating it on larger and more
diverse datasets, including snoring sounds
from different populations and recording con-
ditions.

(ii) Real-time integration of the model into wear-
able devices or mobile applications could sig-
nificantly improve the monitoring and detec-

tion of snoring and associated sleep disorders.

(iii) Integrating snoring sound analysis with other
health metrics, such as heart rate, oxygen
levels, and sleep patterns, to enhance the
accuracy of OSA diagnosis.

(iv) The model’s capabilities could be enhanced
with actual quantum hardware, as quan-
tum computing devices can efficiently process
complex data.

(v) Improving the interpretability of the model
could enhance healthcare professionals’ confi-
dence and adoption in clinical settings by in-
creasing transparency in the decision-making
process.

(vi) The capabilities of the quantum-inspired at-
tention fusion network could be extended to
other healthcare audio analysis tasks, such
as cough detection and respiratory sound
classification, enhancing its effectiveness and
utility.

By addressing these areas, future work could
build on the current model’s success, advance
the field of snoring detection, and contribute to
improved healthcare outcomes.
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