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The rapid growth of digital music collections has increased the demand for automatic composer identification
and musical style recognition. This study proposes a hybrid framework using the MAESTRO v3.0.0 symbolic
MIDI dataset. EB-SMR preprocesses MIDI by extracting pitch, onset, duration, and velocity, followed by
tempo, pitch, and duration normalization. The data are converted into piano-roll representations. Handcrafted
symbolic features capturing melodic, rhythmic, and dynamic properties are combined with Convolutional
Neural Network (CNN) -based deep features, enabling improved feature learning for composer-aware music
generation and style recognition tasks. These complementary features are fused into a unified representation
and classified using a Hybrid Feature-Based Softmax Neural Network (HFSNN), while the Lion optimizer
is employed as a training strategy to improve convergence efficiency during optimization. The framework
incorporates composer-aware music generation by sampling musical events from class-conditional distributions
to produce stylistically coherent MIDI sequences. Experimental results show that the hybrid framework achieves
0.97, outperforming CNN-only and handcrafted-feature models. Combining symbolic descriptors and CNN
features improves style/composer recognition, enables composer-aware MIDI generation, but is limited to

piano MIDI; future work explores multimodal and multi-instrument representations.
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1. Introduction

The rapid growth of digital music collections, which are
now primarily kept in the cloud, many users have begun
creating those collections and there is an increasing demand
for automated techniques to categorize and organize music
[1]. The use of these automated classification systems can
improve users' music listening experiences, music recom-
mendation systems, and music discovery processes [2]. In
classical music, the individual identities of composers are
described by a combination of their musical styles based
on different musical styles including rhythm, pitch, and
melody [3].

Automatic musical style and composer recognition is

challenging due to the structural complexity of classical mu-
sic, including diverse rhythms, harmonies, and dynamics
[4]. The features are combined and classified using a hy-
brid feature-based softmax neural network, while the Lion
optimizer is employed solely to support efficient model
training and convergence [5].

Beyond music, hybrid machine learning models are
widely used in engineering and predictive [6] modelling,
including structural [7] optimization, material property pre-
diction, asphalt stability estimation, bond strength analysis,
and buckling resistance prediction [8]. These applications
demonstrate their ability to capture complex nonlinear re-
lationships [9], motivating robust feature fusion and data-
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driven learning frameworks across domains [10].

Existing studies have demonstrated promising results
in musical style recognition and composer-aware genera-
tion. However, many approaches rely exclusively on either
handcrafted symbolic features or deep learning representa-
tions, limiting their ability to capture both explicit musical
knowledge and complex hierarchical patterns simultane-
ously. In addition, most studies focus on classification or
generation as separate tasks.

The primary contribution of this study lies in the inte-
gration of handcrafted symbolic musical features and CNN-
based deep representations within a unified hybrid learn-
ing framework for musical style recognition and composer-
aware generation. The Lion optimizer is employed only as
a training strategy to improve convergence efficiency and
does not constitute the principal methodological innova-
tion of the proposed approach.

2. Literature review

Several previous works have focused on automatic musical
style recognition and composer-aware generation using
deep learning. A few of them are mentioned here, Shi
[11] have suggested a CNN-based classical music recog-
nition model with the objective of identifying music title,
style, and emotional content from audio signals. Limita-
tions include dataset dependency, sensitivity to complex
classical structures and limited generalization across un-
seen composers and recording conditions. Turchet and
Pauwels [12] have suggested that human-centered evalua-
tion was critical to evaluating Al-generated music through
loss metrics. Wu and Yang [13] have suggested integrat-
ing graph convolutional neural networks (GCNs), graph
attention networks (GATs) and Long Short-Term Memory
(LSTM) for automatic multi-label classification of piano
sonatas. Its objective was to capture structural and tempo-
ral musical features more effectively, addressing traditional
neural networks’ limitations in representing complex musi-
cal dependencies.

Zhang [14] have suggested integrating Transformer de-
coders with a variational autoencoders (VAE) to enable
bar-level controllable music generation. Its objective was
long-sequence style transfer with rhythmic and polyphonic
control. Limitations include reliance on symbolic data,
training complexity, and constrained generalization across
genres domains. Zhang et al. [15] proposed MIDI seg-
ment analysis with feature extraction and attention-based
RNN:Ss for music classification. Studies on Al-generated mu-
sic highlight benefits, challenges, and AIMT development,
though limited participants reduce generalizability.

Despite progress in Al-based music style recognition
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Fig. 1. Block Diagram of the Proposed Method

and composer-aware generation, challenges remain with di-
verse audio/symbolic data, poor generalization to unseen
composers, heavy reliance on datasets, high computational
cost, and subjective evaluation. Hence, hybrid machine
learning models are needed.

¢ Develop an event-based symbolic preprocessing for
expressive MIDI music representation.

¢ Extract complementary symbolic and CNN-based
deep musical features.

¢ Fuse hybrid features for robust composer and musical
style discrimination.

* Design HFSNN for simultaneous composer identifica-
tion and style recognition.

¢ Employ the Lion optimizer as an efficient training
mechanism to support stable convergence during
model optimization.

* Generate composer-aware symbolic MIDI sequences
by conditioning on hybrid feature embeddings to en-
sure stylistic consistency.

The proposed hybrid framework combines event-based
symbolic representation and piano-roll CNN features into
a unified model for composer and style recognition. HF-
SNN enables joint classification, while LO optimization
improves learning stability, convergence, and overall accu-
racy on MIDI data.

* A hybrid machine learning framework is proposed
for simultaneous composer identification and musical
style recognition tasks.

* An event-based symbolic MIDI preprocessing pipeline
reduces performance variations using pitch, timing,
duration, velocity normalization.
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e Hybrid feature extraction combines handcrafted sym-
bolic features with deep CNN-based representations
from piano roll data.

¢ An effective hybrid feature fusion strategy integrates
symbolic and deep features for enhanced musical rep-

resentation learning.

¢ The Lion optimizer is utilized as a training optimiza-
tion strategy to support efficient convergence during
HFSNN training.

The remaining manuscript is organized as follows: Part
3 shows proposed methodology, Part 4 shows experimental
setup, Part 5 shows results with discussions and Part 6
concludes the paper.

3. Materials and methods

Figure 1 presents the proposed framework where EB-SMR
extracts symbolic and piano-roll features, fused with CNN
representations for classification. Classification is per-
formed using the Hybrid Feature-Based Softmax Neural
Network (HFSNN), while the Lion optimizer is used as a
training optimization method to facilitate stable and effi-
cient parameter convergence.

The HFSNN architecture consists of fully connected lay-
ers that receive concatenated hybrid embeddings derived
from handcrafted symbolic features and CNN-extracted
deep features. The CNN employs two convolutional layers
with 32 and 64 filters (3x3 kernel, stride 1), followed by
ReLU and max-pooling. Flattened features are fused into
a 128-dimensional hybrid vector and classified using HF-
SNN with 64- and 32-neuron hidden layers and Softmax
output. Training uses the Lion optimizer with a learning
rate of 0.001 and batch size of 64.

Handcrafted MIDI features extract composer-specific
patterns using pitch intervals, statistical note events, and
melodic transitions to identify tonal preferences, as ex-
pressed in Eq. (1):

Api = piy1 —pi @)
Where, P; denotes the pitch value of the current note, P; ¢
denotes the pitch value of the subsequent note, and AP,
represents the pitch interval between two consecutive notes.
Rhythmic features capture timing patterns and stylistic
rhythmic structures in Eq. (2):

di = =i @

Where, t?” denotes the onset time of the note, t?f f denotes
the offset time of the note, and D; represents the duration

of the note. Velocity features capture musical dynamics
by extracting statistical measures of loudness and articu-
lation variations, which are often composer-dependent, as
expressed in Eq. (3):

. %
Ho = 4 3)
N5

Where, V; represents the velocity value of the ith note, N
denotes the total number of notes, and V represents the
average velocity across the sequence.

Deep features are automatically extracted using a CNN
from piano-roll representations, where pitches form rows
and temporal sequences form columns. The piano-roll is
a 128 x T matrix where 128 represents MIDI pitches and T
denotes time steps, preserving pitch and temporal infor-
mation for CNN feature extraction. The CNN extracts the
local harmonic and rhythmic patterns by using convolution
is expressed in Eq. (4):

FkZ(T(Wk*X+bk) 4)

Where, X represents the input piano-roll matrix, K denotes
the convolution kernel, b is the bias term, * denotes convo-
lution, o (-) represents the activation function, and F is the
resulting feature map.

The feature fusion strategy combines symbolic and
CNN-derived features into a unified representation. This
integration preserves both explicit musical information and
deep learned patterns, enabling effective recognition across
diverse musical styles. Handcrafted features capture musi-
cal theory, while CNN features extract latent harmonic and
temporal patterns; combining both ensures a more com-
plete representation. Handcrafted features capture explicit
musical traits, while CNN features learn latent patterns;
together they provide complementary information, improv-
ing classification robustness. Feature-level fusion combines
both features to improve classification performance is ex-
pressed in Eq. (5):

Frusion = [Fhandcrafted HFCNN} )

Where, F; denotes handcrafted symbolic features, F; de-
notes CNN-derived deep features, @ represents feature
concatenation, and Fj, is the fused hybrid feature vector.
HFSNN is a neural classifier operating on a hybrid em-
bedding space combining symbolic and deep musical fea-
tures for composer-conditioned learning and optimization.
The CNN was trained with a 0.001 learning rate using the
Lion optimizer, ensuring stable convergence and robust
feature extraction from piano-roll representations. Hybrid
feature vector combines CNN deep features and symbolic
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musical features. The hybrid representation is defined as
in Eq. (6):

thb = [ic D Fcnn] (6)

Where F;,. denotes the handcrafted symbolic feature vector,
Fenn represents the deep feature vector learned by the CNN,
and indicates feature concatenation. Hybrid features are
passed through a fully connected layer to project them into
class-specific space, improving separation of composers
and styles., as expressed in Eq. (7):

zZ= Wthb +b 7)

Where, W denotes the trainable weight matrix, b denotes
the bias vector, and Z represents the projected class score
vector. A Softmax activation function has been applied
to the output from the fully connected layer to obtain a
probabilistic prediction for each class of composer and style,
as expressed in Eq. (8):

e%i
= C Zi
Zj:1 e’

Where, P(y = i) denotes the probability of class i, z; rep-

P(y =) ®)

resents the output logit of class i, and C denotes the total
number of composer or musical style classes. It optimizes
parameters of the HFSNN classifier with the use of the
categorical cross-entropy loss function that punishes for
making poor predictions but encourages to make more
accurate class separation, as shown in Eq. (9):
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Fig. 2. Confusion Matrix for Musical Style Classification
using Hybrid Features

C
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Where, L denotes the categorical cross-entropy loss, y; rep-
resents the ground-truth class label encoded using one-
hot representation, i/; denotes the predicted probability for
class i, and C represents the total number of classes. HF-
SNN fuses EB-SMR, handcrafted, and CNN features, using
LO-based weight updates to minimize loss, enhance accu-
racy, and improve convergence. The Lion optimizer utilizes
gradient information obtained from the classification loss
to refine the trainable network parameters. By incorporat-
ing momentum-guided optimization, it enables efficient
exploration of the hybrid feature space while maintaining
learning stability. The Lion optimizer was selected due to
its ability to achieve stable convergence and efficient param-
eter updates in high-dimensional hybrid feature spaces. Its
momentum-guided optimization strategy effectively sup-
ports learning from both handcrafted symbolic features
and CNN-derived deep representations.

Weights are initialized randomly to improve training
stability, as expressed in Eq. (10):

91.(0> = Uniform(LB,UB) (10)

Where, LB and UB denote the lower and upper weights.
Initially, a good starting point can be established through
random initialization. The trainable weights are initial-
ized using a uniform probability distribution bounded by
predefined lower and upper limits. Uniform initialization
promotes stable learning and prevents premature satura-
tion.

Hyperparameter tuning was performed through an it-
erative experimental search strategy using the validation
dataset. Multiple configurations of learning rate, batch size,
and momentum coefficient were evaluated based on classi-
fication accuracy and loss convergence behavior as shown
in Table 1

Table 1. Hyper parameters of LO

Parameter Value

Learning rate () 0.001
Momentum coefficient (B) 0.9
Maximum epochs (T) 200
Batch size 64

Composer embeddings generate MIDI by sampling
class-conditional distributions for pitch, duration, timing,
and style coherence as expressed in Eq. (11):

P(et|er,e...,e0-1,c) (11)

Where, e; denotes the current symbolic event, ey, ..., e;_1
represent previously generated symbolic events, and c de-
notes the selected composer class condition.
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Table 2. Unseen Composer Generalization Performance

Test Scenario Accuracy (%)  F1-Score (%)
Seen Composers 97.12 97.14
Unseen Composer Split 92.83 92.51

Table 3. Statistical Validation Results Using 5-Fold Cross Validation

Metric Mean Std Dev 95% Confidence Interval
Accuracy 09712  0.0081 0.9641 - 0.9783
Precision 0.9734 0.0075 0.9668 — 0.9800
Recall 09712  0.0084 0.9638 — 0.9786
F1-Score 09714  0.0078 0.9645 - 0.9783
MCC 0.9479 0.0126 0.9368 — 0.9590

The probability distribution is learned from composer-
specific hybrid feature embeddings that capture charac-
teristic pitch, rhythmic, and temporal patterns. During
generation, symbolic events are sampled from this learned
distribution, enabling the generated sequence to main-
tain stylistic consistency with the selected composer class.
To regulate diversity and prevent deterministic outputs,
temperature-controlled softmax sampling is applied in
Eq. (12):

exp (z;/T)
Z;\Izl exp <zj/T>
Where, P (¢;) denotes the probability of selecting symbolic

P(e;) = (12)

event i, z; represents the event logit, T is the temperature
parameter, and N denotes the total number of symbolic
event categories. Symbolic events form MIDI files, enabling
efficient composer-style modeling.

4. Result and discussion

The experimental setup defines data preparation, tools, and
evaluation metrics for reproducibility and accurate perfor-
mance measurement. Composer-level stratified splitting
preserves proportional representation across training, vali-
dation, and test sets, ensuring consistent class distribution
and reproducible evaluation across experiments.

MAESTRO v3.0.0 Dataset: MAESTRO v3.0.0 contains
~1,282 aligned MIDI-WAV recordings used for transcrip-
tion and generation, with EB-SMR preprocessing symbolic
events into piano-roll format. During preprocessing, in-
valid or incomplete MIDI events were excluded to ensure
data consistency. The symbolic sequences were segmented
into structured event representations suitable for learning,
while note attributes such as pitch, onset time, duration,
and velocity were verified before feature extraction.

Tempo normalization scales onset times using maxi-
mum sequence duration, reducing tempo variations while
preserving relative rhythmic structure and consistency
across performances as indicated in Eq. (13):

f= i (13)

tmax

Where t; is the normalized relative onset time and ¢;_q are
consecutive note onset times, tmax is the maximum onset
time in the sequence, and #; is the normalized relative onset
time.

Duration values are normalized relative to maximum se-
quence duration, preserving rhythmic relationships while
reducing outlier effects for consistent style characteriza-
tion. The EB-SMR pipeline sequentially performs MIDI
parsing, tempo normalization, pitch interval encoding, and
duration normalization before generating piano-roll rep-
resentations. Raw MIDI is parsed into symbolic notes for
preprocessing and feature extraction.

The framework combines symbolic, piano-roll, and
CNN features, using HFSNN with Lion optimizer, eval-
uated via Accuracy, Precision, Recall, F1-score, and MCC.
The HFSNN model is trained using a mini-batch learning
strategy with a batch size of 64. Training is performed for
a maximum of 200 epochs using the Lion optimizer with
a learning rate of 0.001. During training, the classification
loss is continuously monitored to evaluate model conver-
gence, and network parameters are iteratively updated un-
til stable performance is achieved across successive epochs.

Results assess harmonic coherence, tonal stability, rhyth-
mic consistency, and pitch similarity, indicating strong long-
range dependency and structured chord capture.

Figure 2 shows a confusion matrix with strong diagonal
dominance, perfect classification for Baroque and Modern,
and minor Romantic misclassification into Modern.
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Table 4. Performance Evaluation Under Composer Imbalance Conditions

Composer Frequency Group Accuracy Precision Recall F1

High (>25 samples) 0.98 0.98 0.98 0.98
Medium (10-25 samples) 0.96 0.97 0.96 0.96
Low (<10 samples) 0.94 0.95 094 0%

Table 5. Comparative Performance Analysis with Recent Deep Learning and Transformer-Based Models

Model Accuracy (%) F1-Score (%)

GAT-LSTM 78.00 77.00

ECAS-CNN 95.26 95.41

Transformer-VAE 94.10 94.00

MRBERT 95.80 95.60

Proposed Hybrid Framework 97.12 97.14

Figure 3 shows feature correlations between pitch, du- t-SNE Embedding of Hybrid Features
ration, and rhythm. Symbolic and CNN features capture 4 * Scarlatti Baroque
complementary melodic, rhythmic, harmonic, and tem- © Modern
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Figure 4 t-SNE shows clear clusters of composers and
styles, demonstrating hybrid features effectively capture
discriminative stylistic characteristics. The observed cluster
separation reflects distinctive composer-specific musical
characteristics. Composers differ in their use of harmony,
melody, rhythm, and dynamics, contributing to the clear
separation observed in the learned feature space.

Table 2 shows strong performance on seen and unseen
composers, demonstrating good generalization with high
accuracy and Fl-scores.

Dimension 1

Fig. 4. t-SNE Embedding of Hybrid Features by Musical
Style

Figure 5 compares generated and real piano rolls; gen-
erated ones are compact, while classical rolls are denser
with wider time—pitch range, and exhibits greater musical
complexity.

Table 3 shows 5-fold cross-validation results with low
variance and narrow confidence intervals, indicating stable
and reliable performance.

Table 4 shows high accuracy and F1-scores across com-
poser groups, demonstrating robustness against imbalance
and varying dataset distributions.

Table 5 shows the proposed hybrid framework outper-
forms recent deep learning and transformer models, achiev-
ing highest accuracy and F1-score.

Table 6 shows consistent performance across genres,
demonstrating the model’s applicability beyond classical
music.
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Table 6. Genre-Specific Performance Analysis of the Proposed Hybrid Framework

Genre Accuracy (%) F1-Score (%)
Classical 97.12 97.14
Jazz 95.84 95.62
Pop 95.21 95.03
Rock 94.76 94.51

Table 7 shows the hybrid model outperforms individ-
ual features, while capturing style but not full expressive
richness. Qualitative evaluation shows generated music
preserves style, rhythm, pitch, and composer traits. Hybrid
symbolic and CNN features improve composer and style
discrimination. Symbolic features capture explicit musical
attributes such as pitch and rhythm, while CNN features
learn deeper harmonic and temporal patterns. Their combi-
nation provides complementary information that improves

composer and style recognition.

5. Conclusion

The paper proposes a hybrid model for musical style recog-
nition and composer-aware generation using symbolic
MIDI representations and EB-SMR features, handcrafted
symbolic features, CNN-based deep features, and an HF-
SNN classifier. The Lion optimizer was utilized as a train-
ing mechanism to facilitate efficient convergence during
model optimization. Using symbolic and CNN-based fea-
tures, the framework achieves 0.97 accuracy on MAESTRO

but remains limited to piano-based symbolic data. The pro-
posed framework demonstrates effective performance on
the MAESTRO symbolic MIDI dataset. Further validation
using diverse datasets and human-centred evaluation is
needed to confirm its robustness and generalizability. The
proposed framework was evaluated only on the MAESTRO
classical piano dataset and has not been validated on di-
verse musical genres. Future work includes multimodal
audio-symbolic learning, Transformer-based modeling, ad-
vanced data balancing methods, and improved generative
techniques to enhance realism, adaptability, and perfor-
mance in musical style recognition and composer-aware

generation.
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Table 7. Ablation Study of the Proposed Model

Model Variant Accuracy Precision Recall Fl-score MCC
Proposed (Hybrid) 0.9712 0.9734 0.9712 0.9714 0.9479
W /O Handcrafted (CNN Only) 0.9361 0.9388 0.9361 0.9365 0.8830
W/O CNN (Handcrafted Only) 0.6316 0.8051 0.6316  0.6216  0.4934
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