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Abstract. Intelligent music recommendation and retrieval systems need genre categorization, yet class imbalance, overlapping genre features,
decentralized data privacy, and restricted deployment efficiency continue to challenge present methods. AAI-HarmoCNN-AttnNet, a privacy-
conscious federated deep learning architecture for accurate and scalable music genre categorization, addresses these concerns. The proposed
model captures fine-grained spectrum cues and long-range temporal relationships using harmonic-sensitive convolutional layers and dual-path
attention. Federated learning allows dispersed clients to optimize while preserving raw audio data. A hybrid hyperparameter optimization
technique combining Egret Swarm Optimization and Golden Jackal Optimization improves convergence stability and generalization. AAI-
HarmoCNN-AttnNet outperforms thirteen competitive baselines, including CRNN, Bi-GRU with attention, and recent self-supervised methods,
with 99.1% classification accuracy, 98.9% precision, 98.8% recall, and 97.4% Genre Diversity Sensitivity (GDS) score, in extensive NCASI
benchmark dataset experiments. Federated evaluations show robust convergence under non-IID client distributions, with tightly clustered client-
wise accuracy above 99% and decreased inter-client variation. Ablation experiments confirm the complimentary contributions of harmonic
convolution and dual-path attention, while ROC analysis shows excellent discrimination with high true-positive rates and low false-positive rates.
For real-time deployment, edge device resource profiling has low inference latency, small model size, and balanced power efficiency. This shows
that AAI-HarmoCNN-AttnNet is a strong, privacy-preserving, and deployment-ready solution for federated music genre classification in current
intelligent audio systems.

Keywords: music genre classification; federated learning; harmonic convolution; attention mechanism; deep learning; hyperparameter opti-
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1. INTRODUCTION

Music has been shown to impact mood, attention, and stress
control [1]. For recommendation, retrieval, and playlist building
systems, effective automated music genre categorization is cru-
cial as streaming platforms, smart speakers, and mobile devices
consume music on a large scale [2]. In current music, genre
borders are frequently blurred due to blending features (e.g.,
jazz-pop, hip-hop-electronic) and significant variances within a
single label [3,4]. Thus, human labeling and automated model
systems fail to distinguish acoustically comparable genres and
generalize across varied listening settings.

Pitch, tempo, and spectrum-derived features were extensively
utilized in early genre categorization systems using human au-
dio descriptors and standard classifiers like SVM and k-nearest
neighbor [5]. They have good computing speed but not enough
representational capability for complicated music structures.
Early and subsequent deep learning models used time-frequency
representations from spectrogram-like inputs, with convolu-
tional networks capturing local timbral patterns and recurrent
or attention-based components addressing longer temporal
dependencies [6]. Numerous studies have enhanced contextual
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discrimination by adding information signals such as lyrics,
metadata, or user tags [7]. However, these cues are frequently
unavailable and may introduce noise or bias to the system. Real-
world systems create privacy and deployment concerns. Public
datasets often include class imbalance and annotation inconsis-
tencies, which may lead to learners favoring popular genres and
reducing robustness for minority ones [8].

This paper presents AAI-HarmoCNN-AttnNet, a privacy-
aware federated deep learning architecture for music genre cate-
gorization, to address the aforesaid issues. The proposed model
captures fine-grained spectrum cues and long-range temporal
relationships using harmonic-sensitive convolutional encoding
and dual-path attention. The federated approach will train the
models, allowing distant clients to collaborate on model opti-
mization while keeping raw audio data local. In a heterogeneous
(non-1ID) client setting, a hybrid hyperparameter optimization
strategy combining Egret Swarm Optimization (ESOA) and
Golden Jackal Optimization (GJO) improves convergence sta-
bility and supports efficient deployment on resource-constrained
devices. The main contributions of this work are summarized as
follows:

1. A new architecture of AAI-HarmoCNN-AttnNet harnessing
dual-path attentions to make the system reproducible for
classifying acoustic overlapped genres.

2. A privacy-preserving federated learning formulation for de-
centralized training concerning many heterogeneous clients
without any raw audio recording sharing.

© 2026 The Author(s). This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)
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3. Anaugmented strategy in ESOA-GJO and strategy balanced
between exploration and exploitation making the training
stabilization in developing federated environments non-IID.

4. A genre diversity sensitivity (GDS) metric for minority-
genre recognition and for mitigating the popularity bias in
imbalanced datasets.

5. Anedge-suitable framework with high accuracy and reduced
communication overhead for practical applications.

The remaining parts of article are organized as follows: Section 2
reviews related works on music genre classification and privacy-
aware learning. Section 3 describes the proposed methodology,
AAI-HarmoCNN-AttnNet including preprocessing, federated
training, and hybrid optimization. Then, Section 4 presents ex-
perimental results and comparative evaluations, Section 5 ends
the paper with future research directions.

2. RELATED WORK

Genre categorization has been a significant focus of music in-
formation retrieval (MIR) using manually produced audio char-
acteristics and traditional machine learning methods. A popular
dataset, GTZAN, was employed in a research that incorporated
rhythm, timbre, and pitch descriptors with classification ap-
proaches including Gaussian models and K-nearest neighbors
(KNN) [9]. A layered SVM model was used to optimize genre
judgment boundaries in another study [10]. These approaches
provided valuable insights, but shallow feature representations
constrained them and made it difficult to adjust to musical style
complexity.

Deep learning has led academics to models that automatically
learn complex, hierarchical representations from raw audio or
its alterations. A study revealed that combining FFT and MFCC
with CNNs improved classification performance over traditional
approaches [11]. 1D convolutional mel-spectrograms did better
than raw waveforms in another study [12]. The temporal evo-
Iution of sound is central to an appreciation of complex tran-
sitions between genres; or, in other words, CNNs are ignoring
this. This is often done using CNN-recurrent structure hybrid
models. CRNNSs with gated recurrent units (GRUs) were used to
explain sequential audio behavior while retaining spatial infor-
mation from spectrograms [13]. Another approach successfully
preserves spatial and temporal audio information using parallel
CNN and Bi-RNN blocks [14]. These hybrids enhanced clas-
sification accuracy but needed extensive parameter adjustment
and had trouble generalizing to unbalanced or diversified genre
datasets.

Attention processes may also improve temporal feature ag-
gregation in genre categorization tasks. One solution, com-
bining a recursive sparse network with bidirectional convolu-
tions, enhances performance by highlighting important music
data segments [15]. Attention-based approaches have worked in
natural language and visual domains, but music categorization
is novel. Research indicates that attention enhances recurrent-
only models by highlighting the most informative audio por-
tions [16]. Besides model designs, current research has com-
bined deep learning with optimization tactics. Research sug-

gests employing a self-adaptive Sea Lion Optimization tech-
nique to improve CNN model convergence on ideal training cir-
cumstances [17]. Another study used a modified particle swarm
optimization framework to classify music genres faster and more
reliably [18]. These hybrid optimization approaches are promis-
ing but may need too much processing power for low-power or
edge-deployed devices.

Improvement of model performance has also been researched
via feature fusion. For example, a Bi-GRU model with attention
mechanism achieved good accuracy on GTZAN dataset, cap-
turing multi-scale temporal correlations [19]. In another study,
self-supervised learning was used to recreate audio characteris-
tics such as MFCC and Chroma for better categorization [20].
These strategies work well in centralized training contexts but
are less suitable for data privacy situations. Multiple studies have
used external information to augment model input. A study [21]
improved genre prediction by combining audio data with lyrics
from third-party APIs.

Multi-modal techniques improve categorization in principle,
but they need external resources, which may be prohibitive for
large-scale or privacy-sensitive applications. These strategies
are also less applicable since not every piece of music has lyrics
or tags. Deep learning for genre categorization has numerous
major obstacles despite its scope of study. Many models ignore
uneven class distributions, privacy protection, and resource-
constrained deployment due to centralized data processing. For
intelligent consumer applications within music-enabled digital
ecosystems, decentralized learning frameworks are necessary to
ensure accuracy, flexibility, and complete data security.

3. PROPOSED METHODOLOGY

This section describes the global workflow of the AAI-
HarmoCNN-AttnNet framework to classify music genres with
an emphasis on consumer privacy. Starting with systematic
preprocessing of the NCASI dataset-all feature normalization,
noise-aware refinement followed by an auditory-aware data bal-
ancing strategy to reduce class imbalance-the methods harvest
the refined feature representations to ultimately use in training
the proposed HarmoCNN-AttnNet architecture. This architec-
ture incorporates harmonic-sensitive convolutional filters into
a dual-path attention mechanism that allows the architecture to
jointly model fine-grained spectral structures as well as long-
range temporal dependencies. To ensure data privacy and de-
ployability in real applications, the framework uses a federated
learning paradigm that enables distributed clients to collabo-
rate on model training without sharing raw audio data. This
design lets the system hold up powerful genre classification
in practical real-world cases while safeguarding the end-user’s
privacy.

A hybrid tuning approach combining ESOA and GJO com-
pletes the process of efficient selection of parameters for a het-
erogeneous range of devices to be used. The abstract architecture
of the methodology is shown in Fig. 1. Each step of the pipeline
is detailed in the following subsections with supporting mathe-
matical formulations and algorithms.
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AAI-HarmoCNN-AttnNet Framework:
Model Architecture and Optimization

e I: Harmonic Convolutional Encoding

Performance
Evaluation

Hybrid ESOA-GJO
Hyperparameter Tuning

Phase I — ESOA (Global Exploration)

Converged or t==T1 7

S
Music Track }
Segment (Input)

HConv-5 (residual
harmonic capture)

Update each 6_1
6.1 0_i+ar1(8_best- 6_i)

<

sBr2@lesd0)

)
Dual-Path Temporal
Attention Module

Sensitivity

Converged or t==T2 7

0 6_prey ~AJ C0_prey 6|

(Clip 8 1o bounds of 3¢}

< Outlier/ Silence
% trimming (VAD +

energy threshold)

[Femporal Attention

|
— [ Softmax Activation :
s

B Class
" Rebalancing
via SMOTE
1. Feature
@—:&. Importance-SHAP
" 2. Temporal Feature
Engineering

Augmented
Feature
Embedding

|
|
i
i
|
|
i
i
|
|
i
i
|
|
i
i I
i I{ MHsA Harmonic
| RIZSUN Gaiing Block-2
| l
[ S
|
i
i
|
|
i
i
|
|
i
|
|
|
i
|
|
|
i
|

|
i

|

|

|

|

|

|

i

|

|

|

i

i

|

|

i

|

|

|

!
________________ A
[ Dual-Path Temporal Attention Module (MHSA + Harmonic Gating) *7|
| With Self-Attention-guided and Context-aware dynamics {
|

}

i

!

!

!

Projected Inputs - Attention
Context from previous
Gating Context gt

A=2a(1-UT2), C=2r)q

Flscore, Genre Diversity

efine search space 3
s oA [
Proparg D_val
Initalize populgton (_1) - )
Evaluate L_vai(8_) on D_val)

start |-

Self-Attention Score
softmax((QK T )d)V

Feature Map H

Ingestion

Fig. 1. Proposed framework for music genre classification

3.1. Data collection and preprocessing

The music genre classification dataset is drawn from open-
access audio repositories released as part of an open-access
collaborative audio research initiative conducted by the National
Centre for Artificial Sound Intelligence (NCASI). The dataset
consists of professionally recorded music tracks collected from
January 2021 to February 2025, encompassing continuous 30-
minute audio recordings annotated by certified musicologists
of NCASTI’s Acoustic Profiling Division. These data were made
available under an open-access collaborative Al research project
on Kaggle [22].

All the audio recordings were collected and made available for
distribution following ethical research procedures. Anonymiza-
tion procedures were applied during dataset preparation, and
there is no personally identifiable information concerning any-
one associated with the audio content. Thus, the dataset stands
to provide a reliable and ethically aware basis for assessing mu-
sic genre classification models, while the fine details regarding
feature extraction and balancing are discussed in the next sub-
section.

3.2. Feature extraction and balancing

To ensure the integrity and consistency of the raw audio record-
ings obtained from the NCASI acoustic repository, a systematic
preprocessing pipeline was applied prior to feature extraction.
To synchronize the temporal resolution while retaining percep-
tual fidelity, each of the audio tracks, which has its original
sampling rate, was resampled uniformly at 22.05 kHz. Energy
based Voice Activity Detection (VAD) algorithm removed silent
segments, and artifacts were suppressed using a 4th-order But-
terworth low-pass filter in cutoff frequency of 7 kHz to reduce
high-frequency artifacts, background noises, and extraneous en-
vironmental interferences [23]. The result is clean, coherent, and
temporally aligned waveforms that can be used for feature com-
putation.
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Post-processing involved a multimodal feature extraction
framework that would capture the rich, temporal and spectral
characteristics of music signals relevant to genre classification.
The feature set was designed to reflect auditory cues associated
with pitch, rhythm, timbre, and tonal structure, emulating the
perceptual and cognitive layers of artificial auditory intelligence
(AAI). Table 1 summarizes the extracted feature categories,
which include time-domain, frequency-domain, chroma-based,
cepstral, rhythmic, harmonic, and statistical descriptors.

3.2.1. Temporal-frequency feature representation

With the intent of describing the musical content of each half-
hour-long recording, the audio signals were divided into short
intervals. These overlaps were about 512 samples, with a stride
of about 256 samples. After every analysis window, temporal
and spectral descriptors were computed to characterize the mod-
ulation of the signal over time. The zero-crossing rate (ZCR) of
the signal is obtained relatively inexpensively and refers to rapid
fluctuations in amplitude and rhythmic intensity within an audio
recording:

1 L-1
Frae = m;w[k]w[k—l] <0), (1)

W [k] denotes the discrete auditory signal sample at index &, L
is the frame length, and the function £(+) is an indicator function
that returns 1 if the sign changes between consecutive sample
and 0 otherwise.

To characterize the distribution of spectral energy, the spectral
centroid was computed as:

K-1
o 2 A1 o
S XA
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In this context, | X [k]| stands for the absolute value of the dis-
crete Fourier transform evaluated at frequency bin k; fj is the
central frequency on which the k-th bin is centered; and K is
the total number of frequency bins. Higher centroid values typ-
ically correspond to brighter and sharper sounds, which can
distinguish genres such as metal or electronic music from softer
acoustic styles.

To characterize perceptually relevant timbral qualities of
an audio signal and exerting a degree of compactness, mel-
frequency cepstral coefficients (MFCCs) have thus been uti-
lized for music genre classification. To capture timbre more
closely to human perception, MFCCs were extracted using a
Mel-filterbank followed by logarithmic compression and a DCT:

wi(m—0.5)

M
MEFCC; = Zlog(Sm)cos i

m=1

}, i=1,....,D. (3)

These coefficients summarize the tonal color and vocal-like
qualities of music, which are particularly helpful for separat-
ing stylistically similar genres.

Finally, to provide a stable representation of each recording,
all frame-level features were summarized using statistical de-
scriptors:

F={u(f), a(f)y(f): p(N)], 4)

where u, o, y, and p correspond to the mean, standard deviation,
skewness, and max—min ratio. Such an arrangement preserves
both short-lived variances and general temporal patterns that
determine genre-specific trends.

3.2.2. AAl-guided dataset balancing

An AAl-guided balancing methodology was adopted to avert
the bias of the model towards the dominant classes since certain
genres like Pop and Rock appeared much often than others such
as Blues or Reggae. For each sample of the minority classes,
there were perceptually realistic variants produced by apply-
ing controlled pitch shifts, timing adjustments, and harmonic
refinements:

X' (t) = Taar(x(2),0), )

where Jxa1 executes transformations with the guidance of a
salience-driven parameter vector 6. This ensures that the aug-
mented samples retain their musical authenticity and are repre-
sentative of their original genres. To equalize the training space
even further, a class-wise normalization step was applied:

(8)
x—p
Tatm = (©)
O-X

using genre-specific means and standard deviations. This step
helps align the statistical behavior of all genre classes, making
it easier for the model to learn subtle distinctions without being
influenced by imbalanced feature scales.

Together, the perceptually informed augmentation and strati-
fied normalization create a balanced and acoustically consistent
dataset that supports fair and accurate genre classification in

the proposed HarmoCNN-AttnNet framework. The federated
learning architecture employed these balanced and processed
characteristics as inputs for decentralized model training.

3.3. Proposed classification model: HarmoCNN-AttnNet

HarmoCNN-AttnNet is a hybrid architecture designed for music
genre classification that integrates harmonic-aware convolution
and dual-path temporal attention within a federated learning
framework, as illustrated in Fig. 2. The model captures dis-
criminative time—frequency patterns while enabling privacy-
preserving decentralized training.

Stage I: Harmonic Convolutional Encoding
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Fig. 2. Proposed AAI-HarmoCNN-AttnNet architecture

3.3.1. Stage I: Harmonic spectral convolutional encoding

The first stage of HarmoCNN-AttnNet focuses on capturing
frequency-localized patterns by applying harmonic-aware con-
volution across the input feature space. Let X € R7*F denote
the preprocessed feature matrix for an audio segment, where T
is the number of time frames and F is the number of extracted
feature dimensions, including MFCCs, chroma, and spectral de-
scriptors [24].

The input is processed by a set of harmonic convolutional
blocks, each tuned to extract information from frequency ranges
aligned with musical harmonics. The &’ harmonic convolu-
tional operation is defined as:

Hj =0 (BN (X W +by)), )
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where Wy € R and b, are the learnable convolutional
weights and biases, BN(-) denotes batch normalization, o (-)
is the ReLU activation, and * indicates convolution. In order
to enhance genre-specific spectral patterns (such as dense fre-
quency clusters in rock music or sustained harmonics in classical
music) and decrease irrelevant background noise, the harmonic
convolution stage matches convolutional kernels to fundamen-
tal and overtone frequency bands. The kernels were configured
with stride and dilation parameters to target fundamental fre-
quency multiples (fp, 2fo, 4 o), ensuring selective amplifica-
tion of genre-specific harmonic content. The outputs from all K
harmonic blocks are concatenated:

H = Concat([H,Hs, ..., Hg]) e RT*C, (8)
where C is the total number of channels after convolution.

3.3.2. Stage II: Dual-path temporal attention encoding

The temporally ordered output H is passed to a dual-path atten-
tion encoder designed to model long-range temporal dependen-
cies and auditory salience. The first path employs a multi-head
self-attention mechanism inspired by transformer encoders. For
each attention head, the input is projected into queries Q, keys
K, and values V using learnable matrices:

0=HWp, K=HWg, V=HWy, ©)]
where Wo, Wk, Wy € RE*4x are learned parameters, and dy is
the dimensionality of each head.

The self-attention output for the first path is computed as:

.
0K )V,
Vi
allowing the model to attend to temporally distant but semanti-
cally related audio events.

The second path implements a harmonic gating attention
mechanism that modulates each feature channel based on its

salience with respect to pitch dynamics and timbral transitions.
This is expressed as:

A = softmax ( (10)

As =0 (HW, +b,) OH, (1)
Wg € REXC, b, € RE are gating parameters, o~ is the sigmoid
activation function, and © indicates the element-wise product.
This gives low weight to non-salient frequency-temporal bins
while enhancing components relevant to the genre. The final
attention-enhanced representation is a weighted combination of
both attention pathways:

A=1A1+1A,, (12)
where 1| and A, are softmax-normalized scalars that modify the
contributions of the attention paths during training. The dual-
path attention employs temporal context modeling and adaptive
salience weighting to enable harmonic convolutions to localize
frequency signals, thereby accurately classifying comparable
musical genres.
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3.3.3. Stage llI: Dense classification and prediction

The combined attention output A € R7*€ is flattened and passed
through a dense classification head comprising two fully con-
nected (FC) layers:

7 ZRCLU(AW1+b1), (13)

) =R€LU(Z1W2+b2), (14)
followed by a softmax activation:

§ = softmax(z, W, + by), (15)

where § € RC denotes the predicted probability distribution over
G = 10 music genres.

3.3.4. Stage IV: Federated learning integration

Federated learning allows privacy-preserving training across
distant clients after dataset preparation and feature refining.
HarmoCNN-AttnNet uses federated learning to optimize model
parameters in a decentralized manner while protecting user data.
Each client device i keeps its private dataset Z; and changes its
local model parameters 6; by reducing cross-entropy loss.

G
Zi== vglog(3y), (16)
g=1

where y, and J, are the ground-truth and predicted probabilities
for genre g, respectively.

Once local training completes, the central server aggregates
model updates from N clients using federated averaging:

N
g(t+) — Z ﬂgsz),
n

i=1

a7

where n; is the number of samples on client i, and n = Zf\:’] n;
is the global dataset size. This weighted aggregation strategy, in
conjunction with attention-based temporal modeling, harmonic-
invariant feature encoding, and robust global learning under
non-1ID client data distributions, mitigates the impact of genre
biases.

The proposed HarmoCNN-AttnNet model effectively cap-
tures localized harmonic structure through tailored convolu-
tional encoders, models long-term dependencies via attention
mechanisms, and adapts to real-world deployment through fed-
erated learning. Its design is lightweight enough for integra-
tion into edge devices and smart audio platforms while achiev-
ing genre classification with high precision across imbalanced
datasets.

3.4. Hyperparameter tuning using Hybrid ESOA-GJO
strategy

HarmoCNN-AttnNet uses a hybrid hyperparameter tuning tech-
nique that combines ESOA and GJO to improve convergence sta-
bility and classification performance in federated settings. This
technique automatically chooses optimal learning rate, batch
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Algorithm 1 Federated HarmoCNN-AttnNet Training Proce-
dure

Input: N (Number of clients), R (Communication rounds),
E (Local epochs), B (Mini-batch size), n (Learning rate), 60
(Global model initialization)

Output: A% (Final aggregated global model weights)

Server executes:

1: Initialize global model weights #° for HarmoCNN-AttnNet

2: forr=1to R do

3 Select subset of clients ., C {1,2,...,N}

4:  for all i € ., in parallel do

5: 0" « CLIENTUPDATE(Z,0")

6: end for

7. Aggregate client updates using weighted averaging
8: end for

9:

10: return AR

Client executes: CLIENTUPDATE(, 6)

1: Load local dataset Z; and initialize 6; < 0

2: fore=1to E do

3:  Split Z; into batches B = {by,b>,...}

4. forallb; € Bdo

5: Perform forward pass using harmonic convolution and
dual attention

6: Compute prediction probabilities and cross-entropy
loss

7: Update weights via backpropagation using learning
rate i

8:  end for

9: end for

10:

11: return 6;

size, attention fusion weights, and harmonic kernel settings. The
tuning goal is to minimize validation loss across participating
clients:

8*:arg(£r€1ijnf°§/ﬂvala (18)

where 6 represents a candidate hyperparameter set from search
space 7, and %, indicates validation loss. In this approach,
the Early Stopping of Averages method is used in the early opti-
mization phase to explore the hyperparameter space in order to
minimize premature convergence, while the Global Joined Op-
timization method would take over to refine interesting configu-
ration choices in order to increase accuracy with regards to con-
vergence and generalization. Under heterogeneous and non-1ID
client data distributions, a coordinated exploration-exploitation
mechanism allows for robust hyperparameter selection. Experi-
mental findings indicate that Early Stopping of Averages-Global
Joined Optimization (ESOA-GJO) enhances convergence speed,
classification accuracy, and genre diversity sensitivity by effec-
tively stabilizing training dynamics and making the process less
susceptible to local data perturbations. The appendix elaborates
on the algorithmic process.

3.5. Performance evaluation

The efficacy of the HarmoCNN-AttnNet model has been evalu-
ated in terms of classical classification metrics, such as precision
(P), recall (R), F1-score (F1 score), and accuracy (A), as well as
their federated extensions: global-precision (GP), global-recall
(GR), global-F1 (GF1), and global-accuracy (GACC). These
global metrics were computed after aggregating predictions
from all participating clients, hence providing a more thorough
view of the model’s overall performance in the federated envi-
ronment [25]. The precision assesses how accurately the model
captures positive genre labels, while recall evaluates how well
it captures all relevant labels, and the F1-score mediates be-
tween these two. Accuracy assesses the overall ratio of correct
predictions within all genre classes.

To propose a new approach to measuring the class imbalance
presented in this study, the genre diversity sensitivity (GDS)
criterion has been set forth. This measures how well the model
identifies minority genres that are infrequently present in the
dataset. In mathematical terms, it is stated as follows:

G 19)

1 rg
DS=— _
|G| gezGlog(1+fgl)

Here, G represents the set of all genre classes, r, is the recall
for genre g, and f, denotes its normalized frequency. The loga-
rithmic weighting term amplifies the importance of less frequent
genres, ensuring the model’s performance is not dominated by
common ones. A higher GDS value therefore reflects stronger
sensitivity to genre diversity—an essential quality for real-world
applications such as music recommendation systems, where rec-
ognizing both popular and niche genres is equally important.

Practical music recommendation systems have long-tailed
genre distributions, where dominant genres overshadow less
common but user-relevant genres. GDS reduces popularity bias
and provides balanced recognition of mainstream and niche
music for customized discovery and fair recommendation by
boosting recall for underrepresented genres. GDS also indicates
if minority-genre sensitivity is kept among decentralized users
in federated setups with non-IID client data.

4. SIMULATION RESULTS

This section describes the AAI-HarmoCNN-AttnNet simula-
tion environment and performance assessment under federated
learning. The NCASI music genre dataset of 3000 professionally
annotated audio samples from 10 genres was used for experi-
ments. Resampling to 22.05 kHz, energy-based thresholding to
eliminate silence, and temporal, spectral, and harmonic char-
acteristics were retrieved from all recordings. Auditory-guided
augmentation addressed class imbalance. To mimic user vari-
ability, 10 simulated clients with non-IID genre distributions
received the dataset. This model converged and was resilient to
client-level data heterogeneity. Fixed attention fusion weights,
0.001 learning rate, 32 batch size, and harmonic convolution
kernels aligned to musical frequencies were used for training.
Figure 3 illustrates how classification models increase accu-
racy using federated learning communication cycles. The AAI-
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Model Accuracy Across Communication Rounds
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Fig. 3. Model accuracy comparison across communication rounds in a
federated setting for all benchmark and proposed methods

HarmoCNN-AttnNet model outperforms all others, achieving a
steady performance improvement from 91.2% to 99.1% over 10
rounds. Deep learning approaches like CRNN, Bi-GRU with at-
tention, and self-supervised networks provide modest accuracy
increase of 92-93%. However, classic algorithms like SVM,
KNN, and Gaussian classifiers advance slowly and plateau at
85-87%. This performance trend shows the potential of the sug-
gested model’s architecture in dispersed training. Harmonic-
aware convolution and dual-path attention modules improve de-
centralized client learning stability and speed.

Figure 4 illustrates the genre-level classification accuracy of
AAI-HarmoCNN-AttnNet, which was derived from predictions
using 20% of the test dataset. A strong concentration of values on
the diagonal line indicates more precise genre detection, espe-

Confusion Matrix of AAI-HarmoCNN-AttnNet
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Rock- 4 jypde 1400
Jazz- 1200
1000

Hip-Hop -

Classical -

True Genre

Electronic -

Reggae-

Country -

Pop -

Rock -

Jazz-
Hip-Hop -
Classical -

@ Electronic -

Predicted Gen

Fig. 4. Confusion matrix of AAI-HarmoCNN-AttnNet
for genre-wise classification
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cially for the widely represented categories of Rock, Classical,
and Pop, in each of which greater than 1700 correct predic-
tions were achieved. The few misclassifications also observed
between musically similar genres such as Jazz and Electronic
imply an ability of the model to capture genre-specific audio
characteristics. The minimal number of off-diagonal entries re-
flects the model’s precision in separating stylistically close gen-
res. These results confirm that the model successfully captures
both short-range tonal patterns and long-term rhythmic cues,
making it highly effective even in the presence of overlapping
musical features.

The proposed AAI-HarmoCNN-AttnNet is compared to cur-
rent approaches in terms of accuracy, precision, recall, F1-score,
and genre diversity sensitivity (GDS) in Table 1. The suggested
model performs best, with 99.1% accuracy and strong sensitiv-
ity to common and unusual genres. Tradition classifiers struggle
with minority genres, and deep learning models lack genre di-
versity awareness. The high GDS shows that AAI-HarmoCNN-
AttnNet accurately classifies and recognizes underrepresented
musical genres.

Table 1
Classification performance comparison of proposed and benchmark
methods
SH SN I
Method g § i/ g g
< A~ [ o ©)
Gaussian classifier [9] 87.2 | 85.6 | 86.1 | 85.8 | 794
KNN [9] 88.4 | 87.1 | 869 | 87.0 | 80.5
SVM [10] 89.5 | 88.2 | 88.6 | 88.4 | 81.7
CNN [11,12,17,18] 91.2 | 90.4 | 90.1 | 90.2 | 83.9
1D CNN [12] 90.8 | 89.3 | 89.5 | 89.4 | 83.2
CRNN [13] 92.5 | 91.0 | 90.6 | 90.8 | 84.5
GRU [13] 91.6 | 90.1 | 90.3 | 90.2 | 83.6
Bi-RNN [14] 933 1919 | 920 | 919 | 85.1
Recursive Sparse + Attn [15] | 93.8 | 92.5 | 92.3 | 92.4 | 85.9
RNN + Attn [16] 94.2 | 93.0 | 92.7 | 92.8 | 86.2
Bi-GRU + Attn [19] 94.9 | 93.8 | 93.5 | 93.6 | 86.9
Self-supervised [20] 95.1 | 942 | 939 | 94.0 | 87.2
Audio-lyric fusion [21] 94.5 1 93.0 | 92.8 | 929 | 86.5
ﬁ)‘:;};::;)"’CNN'A““N“ 99.1 | 98.9 | 98.8 | 98.8 | 97.4

Figure 5 presents the distribution of accuracy scores recorded
across ten federated clients over five local training epochs. Each
box in the plot reflects how individual clients performed during
training, with consistently high median values clustered around
the 99% mark. The tight quartile ranges and narrow spread hint
at the possibility of a good learning environment, even when
clients are processing data independently. The visual similarity
across clients indicates the existence of strong generalization ca-
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pabilities of the model even when there are differences in the lo-
cal data. This stability further empowers the AAI-HarmoCNN-
AttnNet architecture against decentralized conditions, demon-
strating that a federated structure does not compromise the ac-
curacy of the model or introduce variability between clients.

Client-Wise Accuracy Distribution Across 5 Epochs

ggé 2? T &

99.4

© © ©
o © ©
© <) N]

Accuracy (%)

©
©
o

©
@
»

Federated Clients

Fig. 5. Client-wise accuracy distribution across five local epochs
in the federated training setup

Table 2 indicates how the components of the AAI-
HarmoCNN-AttnNet model influence its efficacy. The complete
model is very effective in music genre categorization and variety
with the highest accuracy (99.1%) and GDS score (97.4%). Per-
formance decreases when harmonic convolution or dual atten-
tion mechanism is omitted; this indicates that both are necessary
for the collection of musical patterns. The impact is marginal
on the accuracy without the hybrid optimization module, em-
phasizing the significance of the module in fine-tuning model
parameters. By far the biggest drop occurs whenever both har-
monic convolution and attention are omitted, and it proves that
these two aspects do their best work together to provide genre-
sensitive predictions. There is a dramatic drop in GDS in the ab-
sence of harmonic convolution which retains frequency-aligned
representations identifying under-represented genres. GDS de-
creases even more without the dual-path attention mechanism,
indicating its contributions to overlapped musical aspect resolu-
tion and better sensitivity for minority genres. These data sug-
gest that genre diversity awareness and raw accuracy exchange
trade-offs as balanced and inclusive genre identification.

Table 2
Ablation study of AAI-HarmoCNN-AttnNet architecture (shuffled
columns)
Model variant GDS | Precision | Accuracy | Recall | F1-score
odel vara (%) | (%) ) | (F) | (%)
Full model 97.4 98.9 99.1 98.8 98.8
(proposed)
w/o harmonic 91.5 95.7 96.4 95.6 95.9
convolution
w/o dual attention | 90.8 95.3 95.7 95.0 95.2
w/o hybrid 91.1 95.4 96.1 95.3 95.5
optimization
w/o harmonic 88.7 92.9 93.8 93.0 93.1
conv + attention

ROC Curve for All Models
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Fig. 6. ROC curve for all models

ROC curves for all models tested are displayed, allowing clear
comparisons among the models examined. Proposed in this pa-
per, the AAI-HarmoCNN-AttnNet achieves a TPR of 0.96 with
an FPR of 0.1, thus indicating high confidence in detecting
genre classes with few false positives. Most competing mod-
els exhibit TPRs ranging between 0.86 and 0.90 at the same
FPR level, underscoring the advantage of the proposed model.
The steep ascent of the ROC curve and the high area under the
curve (AUC) validate the strong generalization and discrimina-
tive capability of our method. This performance is especially
valuable in real-world music genre classification, where mini-
mizing misclassifications is critical for listener satisfaction and
system credibility.

Figure 7 presents the results of a sensitivity analysis con-
ducted on key hyperparameters of the proposed model. The
chart compares how small increases and decreases in parame-
ters like learning rate, batch size, dropout rate, attention weight,
and kernel size affect classification accuracy. With an accuracy
of 99.1% as the baseline accuracy, it is observed that variations
in learning rate and attention weight have the most noticeable
effects, very slight lowering of the accuracy when misapplied.
In contrast, kernel size and batch size have slight effects and thus
indicate higher robustness. The findings emphasize the need to

Sensitivity Analysis of Model Parameters on Accuracy

- Variation
Baseline
+ Variation

99.2

99.0

Accuracy (%)

Learning Rate Batch Size Dropout Rate Attention Weight Kernel Size

Fig. 7. Sensitivity analysis of model parameters on accuracy
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Table 3
Statistical significance and robustness analysis of compared music genre classification models

Method Pearson r ANOVA (p) Wilcoxon (p) Effect size (0) Stability score
Gaussian classifier [9] 0.52 3.8x1073 4.5%1073 0.41 0.62
KNN [9] 0.55 3.2x1073 4.1x1073 0.44 0.65
SVM [10] 0.59 2.7%x1073 3.6x1073 0.48 0.69
CNN [11,12] 0.63 2.2x1073 3.1x1073 0.52 0.72
CRNN [13] 0.66 1.9x1073 2.8x1073 0.56 0.75
Bi-GRU + Attn [19] 0.69 1.6x 1073 2.4x1073 0.59 0.78
Self-supervised [20] 0.72 1.3x1073 2.1x1073 0.62 0.81
AAI-HarmoCNN-AttnNet (proposed) 0.89 <1074 <1074 0.87 0.92
diligently select only a handful of critical hyperparameters, with Table 4
great potential to affect the model’s performance in the federated ~ Resource usage comparison of classification models on edge devices
music classification task.
The comparability of music genre categorization models is as Model | Inference | Memory | - Power
. . .- Lo Model size | latency | usage | efficiency
follows in terms of their statistical significance and robustness:
. L (MB) | (ms) (MB) | (score)
Table 3. One-way ANOVA shows statistically significant model
performance differences, whereas Pearson correlation analysis Gaussian classifier [9] 1.2 213 45.8 4.4
examines genre diversity sensitivity and classification accuracy. KNN [9] 28 28.6 64.3 4.0
Wilcoxon signed-rank tests confirm paired technique advantages
. SVM [10 4.1 31.2 78.5 3.9
over baselines. In federated contexts, AAI-HarmoCNN-AttnNet L10]
increases performance statistically and consistently. CNN [11] 18.2 39.6 152.4 3.8
Table 4 displays the resource requirements for several music 1D CNN [12] 174 36.9 148.2 3.9
genre classification Ipethods on edge devices. W'lt'h addltlonafl CRNN [13] 25 442 174.9 35
compute, deep learning models outperform traditional classi-
fiers in latency, memory use, and expressive capability. AAI- GRU [13] 20.9 42.1 163.5 3.6
HarmoCNN-AttnNet balances classification performance, infer- Bi-RNN [14] 23.6 46.0 177.1 3.5
ence Qelay, and memory use for real-time deplpyment. Power- Recursive Sparse + Attn | 26.3 198 1904 10
sensitive, battery-operated gadgets may use their full power ef- (15]
ficiency to save energy overhead. These results indicate the
framework’s applicability for edge applications and the trade- RNN + Attn [16] 258 48.6 185.7 3.3
offs between computation efficiency and energy utilization. Bi-GRU + Attn [19] 25.1 48.7 188.6 3.4
. Federated lealﬁning lir.nit'a'Fions were testefi for .C(.)mmunica- Self-supervised model | 27.5 512 1993 39
tion overhead, client variability, and privacy in addition to clas- [20]
sification performance. Only compact model updates are sent ; ; )
.. . Audio-lyric fusion [21] | 28.4 53.1 201.3 3.2
throughout communication cycles, decreasing raw data trans-
mission compared to centralized training. Within 10 commu- AAI-HarmoCNN- 19.6 46.8 159.2 4.6
nication cycles, ten simulated clients reached consistent con- AttnNet (proposed)

vergence, indicating robustness to diverse and non-IID client
data distributions. HarmoCNN-AttnNet achieves equal accu-
racy with fewer communication rounds than federated baselines
due to harmonic-aware feature encoding and attention-driven
convergence stability. Protecting sensitive audio data on local
devices and communicating only encrypted parameter changes
reduces data leakage in centralized learning. Initial deployment
considerations for edge device real-time capability include in-
ference latency and resource usage. Compact harmonic convo-
lution kernels and lightweight attention architecture make the
AAI-HarmoCNN-AttnNet appropriate for resource-constrained
systems owing to reduced inference latency and minimal mem-
ory utilization. Beyond computational efficiency, electricity con-
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sumption is assessed for long-term sustainability. Local updates
decrease communication overhead and prevent high-energy cen-
tralized processing, making federated training and inference
power efficient.

5. CONCLUSION AND FUTURE WORK

This work presents AAI-HarmoCNN-AttnNet, a privacy-
preserving deep learning framework for music genre classifica-
tion, which claims high predictive accuracy under decentralized
training constraints. The proposed approach meets several real-
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world challenges, such as genre overlap, class imbalance, and
the demands for secure and distributed learning environments.
The framework uses harmonic-aware convolutional processing
and a dual-path attention mechanism to accurately capture fine-
grained spectral cues and long-term temporal dependencies in-
herent in musical signals. Federated learning architecture en-
ables collaborative model training across user devices while
ensuring sensitive audio data remain locally preserved. To im-
prove on convergence stability and better computational effi-
ciency, a hybrid hyperparameter optimization strategy that inte-
grates Egret Swarm Optimization (ESOA) with Golden Jackal
Optimization (GJO) is adopted. Result analysis indicates that
the proposed system attains an accuracy of 99.1% in classifica-
tion and a genre diversity sensitivity (GDS) score of 97.4, both
better than those established by thirteen other competitive base-
line models. Additional results display the uniformity of per-
formance across heterogeneous federated clients and suitability
for resource-constrained edge deployments, thus indicating the
robustness and scalability of such framework in real-world ap-
plications of music.

Future work will focus on integrating listener context and
lyric-aware representations to enable personalized music rec-
ommendation in a manner that respects user privacy. Further
investigations would involve lightweight deployment methods
such as knowledge distillation and model compression to fur-
ther up the real-time performance of mobile and edge devices.
Also, the federated learning framework will be continued to cap-
ture more region-specific characteristics of genre by assessment
on multilingual and culturally popular music datasets.
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