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Abstract— Accurate classification of music genres is essential for
the effective management of digital music archives and for
improving the reliability of recommendation systems. Traditional
approaches based on audio signal analysis often fail to utilize the
rich semantic and structural information embedded in song lyrics.
In this study, a deep learning—based method is proposed for the
automatic identification of music genres by using Turkish song
lyrics. An original dataset consisting of four thousand songs
collected from real-world sources and balanced to eliminate class
imbalance was constructed. Comprehensive normalization
procedures compatible with Turkish morphology were applied
during the text preprocessing stage. The classification
performance was evaluated using Convolutional Neural
Networks, Long Short-Term Memory networks, Transformer-
based architectures, and a pretrained Turkish Contextual
Language Representation model. Additionally, to assess the
performance of these models relative to large-scale language
models, the Llama-3-70B model was tested using a direct inference
approach without any additional training. Furthermore, a
weighted ensemble learning architecture that integrates the
predictions of different models was developed. Experimental
results show that among the individual models, the Turkish
Contextual Language Representation model achieved the highest
accuracy. However, the proposed ensemble learning architecture
outperformed all single deep learning models and the Llama-3-
70B model, achieving 68.17 percent accuracy, 0.68 F1-score, 0.69
precision, and 0.67 recall. Genre-specific results indicate that the
Rap genre exhibited the highest discriminability with an F1-score
of 0.92, whereas Pop (0.61 F1), Rock (0.58 F1), and Arabesque
(0.57 F1) displayed notable overlaps in lyrical and thematic
characteristics.

Keywords— Music Genre Classification; Natural Language
Processing; Deep Learning; Ensemble Learning; TurkBERT;
Llama-3; Text Mining.
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L.

With the proliferation of digital music platforms, it has become
essential to effectively categorize, index, and recommend
millions of songs to users [1]. Music genre classification is one
of the cornerstones of this process and directly impacts the
performance of information retrieval systems [2]. While
traditional approaches focus on acoustic features extracted
from music files, such as Mel-frequency cepstral coefficients
(MFCC), spectral center, and rhythm [3], lyrics provide
complementary and distinctive information about the
emotional mode, thematic content, and narrative structure of a
piece [4].

INTRODUCTION

Today, artificial intelligence and machine learning techniques
offer high success rates in analyzing complex data sets and
solving classification problems. These methods are effectively
used in many different disciplines, ranging from image
processing and signal analysis to the classification of
agricultural products [28, 30, 34], industrial engineering
problems [29], food safety [31], and medical diagnosis systems
[32-33]. The methodological successes achieved in these
studies also shed light on areas such as natural language
processing and music genre classification.

Song lyrics constitute a unique subfield of natural language
processing (NLP). Mayer and colleagues [5] emphasized that
song lyrics require approaches beyond standard text mining
methods due to their poetic structure, metaphorical expression,
and repetitive nature. This analysis becomes even more
complex in languages with rich morphological structures and
agglutinative characteristics, such as Turkish [6]. However,
studies conducted on different datasets in the literature show
that artificial intelligence and machine learning-based
classification methods achieve high success rates and produce
effective results [26]. While classification studies based on
song lyrics have been concentrated in the literature [7, 8], deep
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learning-based comparative analyses on Turkish music data
sets (corpora) are quite limited.

Song lyrics constitute a unique subfield of natural language
processing (NLP). Mayer and colleagues [5] emphasized that
song lyrics require approaches beyond standard text mining
methods due to their poetic structure, metaphorical expression,
and repetitive nature. This analysis becomes even more
complex in languages with rich morphological structures and
agglutinative characteristics, such as Turkish [6]. However,
studies conducted on different datasets in the literature show
that artificial intelligence and machine learning-based
classification methods achieve high success rates and produce
effective results [26]. While classification studies based on
song lyrics have been concentrated in the literature [7, 8], deep
learning-based comparative analyses on Turkish music data
sets (corpora) are quite limited.

II. LITERATURE REVIEW

Music genre classification has been an active area of
research since the early 2000s. Tzanetakis and Cook [14]
achieved 61% accuracy using acoustic features such as Mel-
frequency cepstral coefficients (MFCC), spectral center, and
zero-crossing rate on the GTZAN dataset, and this work has
become a reference point in the field. Li et al. [15] combined
Daubechies wavelet coefficients and MFCC features with
Support Vector Machine (SVM) and reported a classification
success rate of 78.5% across 10 music genres. While these
studies demonstrated the potential of acoustic features in genre
classification, they disregarded the semantic information
carried by song lyrics.

In text-based approaches, a different perspective has been
adopted. Fell and Sporleder [7] conducted experiments using
Naive Bayes and SVM on a 78,000-song English dataset,
employing bag-of-words, n-grams, and stylistic features
(average word length, repetition rate, thyme structure); they
determined that stylistic features alone performed similarly to
content features. Tsaptsinos [8] modeled song lyrics at both the
word and line levels using hierarchical attention networks,
achieving results that outperformed traditional CNN and LSTM
architectures. Oramas et al. [17] developed a multimodal CNN
architecture combining audio spectrograms, lyrics, and album
covers on the MuMu dataset; they showed that this hybrid
approach achieved a 6-8% higher F1-score compared to single
modalities. Malheiro et al. [16] classified four emotional
categories with 64% accuracy on 180 songs using sentiment
features (valence, arousal, tension) extracted from lyrics,
proving the contribution of lyrical sentiment analysis to genre
detection.

Research in the field of Turkish NLP has remained relatively
limited. Ozkan and Kar [18] performed multi-class
classification by applying the BERT deep learning technique
on academic and scientific texts written in Turkish over the past
10 years; they reported that the resulting system achieved an
accuracy rate of 96%. Schweter [19] presented the BERTurk
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model, trained on a 35GB Turkish text corpus, achieving
significant improvements over multilingual BERT models in
sentiment analysis and text classification tasks.

In terms of large-scale datasets and different approaches,
Defferrard et al. [22] introduced the Free Music Archive (FMA)
dataset, consisting of 106,574 tracks, providing a
comprehensive resource for music information retrieval
research. Ferraro and Lemstrom [23] performed large-scale
genre classification through the automatic identification of
recurring patterns in symbolically encoded music. Specifically
for Turkish music classification, Hizlisoy and Tiifekci [24]
achieved 91.72% accuracy on a unique dataset of 200 Turkish
songs using the Convolutional Long Short-Term Memory Deep
Neural Network (CLDNN) architecture. Durdag and Erdogmus
[25] converted music files into Mel-spectrogram images and
classified them using deep learning networks, demonstrating
the effectiveness of visual representations in sound-based
classification.

A review of the literature reveals that there is no comprehensive
comparative analysis based on deep learning for Turkish song
lyrics. Existing studies mostly focus on English datasets,
ignoring the rich morphological structure and agglutinative
characteristics of Turkish. Furthermore, the performance of
large language models (LLMs) in lyric-based classification has
not yet been sufficiently researched. This study aims to fill
these gaps.

III. MATERIALS AND METHODS

This section details the methodological framework of the
hybrid artificial intelligence system developed for music genre
identification from Turkish song lyrics. The study follows a
systematic flow consisting of four main stages, from data
preparation to model deployment: (1) Data Collection and
Balancing, (2) NLP-Based Preprocessing, (3) Deep Feature
Extraction and Classification, and (4) Decision Combining with
Ensemble Learning.

A. Dataset

The dataset used in this study was compiled using web
scraping methods from popular online music platforms in
Turkey. The raw dataset initially exhibited significant class
imbalance. To prevent model bias, the number of data points
for each music genre (Pop, Rock, Rap, Arabesk) was fixed at
1,000, creating a balanced dataset of 4,000 songs in total. The
dataset was split into training (70%), validation (15%), and test
(15%) sets. The distribution of songs in the dataset by music
genre is shown in Figure 1.
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Fig. 1 Distribution of songs in the dataset by music genre (4
Classes x 1000 Songs)

B. Section Headings

No more than 3 levels of headings should be used. All
headings must be in 10pt fonts. As with the title, every wocrd
in headings should be capitalized except for minor words.

1) Text Cleaning and Normalization: During the data
preprocessing stage, all characters in the text were converted to
lowercase (case folding) and punctuation marks such as
commas, periods, and exclamation points were removed.
Additionally, numerical expressions and special characters (@,
#, &, etc.) were cleaned, and parenthetical expressions
frequently found in song lyrics were also adjusted. Finally,
repeated spaces and line break characters were normalized to
prepare the text for analysis.

2) Turkish-Specific Operations: Veri setindeki Tiirkge
karakterler (g, g, 1, 0, §, i) korunmus ve herhangi bir ASCII
donistimii uygulanmamustir. Siire¢ kapsaminda Tiirkge etkisiz
kelimeler (stop-words) istege bagli olarak filtrelenirken, metnin
Ozglin yapisini yansitmak amaciyla argo ve giinliik konugsma
dili ifadeleri ise muhafaza edilmistir.

3) Tokenization: A 30,000-word vocabulary was created by
applying word-level tokenization for classical models such as
CNN, LSTM, and Transformer, and expressions not included
in the vocabulary were represented by the <UNK> token. In the
TurkBERT model, WordPiece tokenization was used to
minimize the out-of-vocabulary (OOV) problem by splitting
unknown words into subword units.

4) Sequence Length and Padding: The maximum sequence
length at model inputs is set to 256 tokens. To ensure standard
length, zero-padding is applied to short texts, while long texts
exceeding the limit are subject to truncation. Looking at the
dataset statistics, the average song lyric length is calculated to
be 187 words.
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C. Model Architectures

The study compares five different approaches that address
the problem from different angles. Deep learning architectures
demonstrate superior performance compared to traditional
methods, particularly in feature extraction from large datasets.
Studies have reported that models based on Convolutional
Neural Networks (CNN), in particular, have achieved accuracy
rates of up to 98% in the classification of visual and structural
data [35]. This study also tested the success of similar deep
architectures on text-based data. Schindler et al. [20] compared
shallow and deep neural network architectures in music genre
classification and demonstrated the superiority of deep models.
In light of these findings, the following architectures were
selected.

1) Convolutional ~ Neural  Networks (CNN):
Convolutional Neural Networks (CNNs) are
designed to capture local n-gram patterns within
text [9]. From image processing to signal analysis,
CNN architectures are known to deliver superior
performance in feature extraction and classification
tasks, while deep learning-based approaches
successfully model distinctive features in complex
data structures [27]. The model architecture
consists of the following components:

Embedding Layer: 128-dimensional word vectors
1D Convolution Layers: 128 filters with 3 parallel
filter sizes (3, 4, 5 kernels)

Max-Pooling: Selection of the most prominent
features from each filter output

Dropout: Prevention of overfitting at a rate of 0.5
Dense Layer: 4-class softmax output

This architecture learns language usage specific to

the genre by identifying local word patterns in

expressions such as “when I look into your eyes.”
2) BiLSTM (Bidirectional LSTM): Bidirectional Long
Short-Term Memory networks model contextual
relationships by processing text in both forward and
backward directions [10]. Model structure:

Embedding Layer: 128-dimensional word vectors
Bidirectional LSTM: 64-unit bidirectional LSTM
layer (total of 128 outputs)

Attention Mechanism: Focusing on important
words

Dense Layers: 64-unit hidden layer + 4-class output

BIiLSTM has the capacity to capture long-term

dependencies in song lyrics (e.g., thematic consistency

between the chorus and the verse).

3) Transformer: The Transformer architecture
analyzes relationships between words
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independently of distance using a self-attention
mechanism [11]. Applied structure:

Positional Encoding: Adding sequence position
information

Multi-Head Attention: 8-head attention mechanism
Feed-Forward Network: 256-unit feed-forward
network

Layer Normalization: Layer normalization
Encoder Blocks: 2-layer encoder structure

This architecture simultaneously evaluates the semantic
relationships between all word pairs in the song lyrics.
4)  TurkBERT (Transfer Learning): The pre-trained
BERT model for Turkish (BERTurk) has been
adapted using a transfer learning approach [19].
Fine-tuning process:
Base  Model:  dbmdz/bert-base-turkish-cased
(110M parameters)

Maximum Sequence Length: 256 tokens

Learning Rate: 2e-5 (AdamW optimizer)

Batch Size: 16

Number of Epochs: 5 (with early stopping)
Classification Header: Dense layer added to the
[CLS] token output

TurkBERT's pre-trained Turkish language knowledge
delivers high performance even with limited data.

5) Llama-3-70B  (Zero-Shot Comparison): The
Llama-3-70B large language model developed by
Meta was tested using the “zero-shot” method
without seeing any training data. The prompt
structure used:

json
{

“task™: “music_genre_classification”,

“language”: “Turkish”,

“instruction”: “Determine the music genre of the
following Turkish song lyrics.”,

“options”: [“Pop”, “Rock”, ‘Rap’, “Arabesk™],

“lyrics”: “{lyrics}”,
“output_format”: “Return only the genre name.”

}

This comparison aims to compare the performance of
general-purpose large language models on domain-
specific tasks with specialized models.

D. Ensemble Learning Strategy
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The

advantages of community systems in decision-making

processes have been examined in detail in the literature [21]. In
this study, the Weighted Soft Voting strategy was applied to
minimize the errors of individual models and combine the
strengths of different architectures [13].

1)  Ensemble Structure: Four basic models (CNN,
BiLSTM, Transformer, TurkBERT) have been
included in the ensemble system. The weight
coefficient has been determined according to the
performance of each model in the validation set.
The coefficients are given in Table 1.

TABLE I
WEIGHTING COEFFICIENTS DETERMINED
FOR THE ENSEMBLE STRUCTURE MODEL

Model Validasyon Agirlik (w)
Dogrulugu

CNN 0.57 0.20

BiLSTM 0.51 0.15

Transformer 0.57 0.20

TurkBERT 0.67 0.45

TOPLAM - 1.00

2) Decision Mechanism: The final prediction was
calculated as the weighted sum of each model's
softmax probability outputs:

P _ensemble (y=c)=2X" (i=1)"

Here, \(P_i (y=c)\) represents the probability value
produced by the \(i\)th model for class \(c\); \(w_i\)
represents the weight coefficient of the
corresponding model.

E. Performance Evaluation Metrics

The

following metrics were used to objectively compare

model performance:

1)

2)

3)

Accuracy: Represents the ratio of correct predictions
among all predictions:

Accuracy = (TP + TN) /(TP + TN + FP + FN)

Precision: Measures how many positive predictions
are actually positive:

Precision = TP / (TP + FP)

Recall:  Shows how many true positives were
correctly detected:

Recall = TP/(TP+FN)
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4) FI-Score: The harmonic mean of Precision and
Recall, providing a more reliable metric for
imbalanced classes:

F1 = 2x(PrecisionxRecall)/(Precision+Recall)
5) Confusion Matrix: A matrix showing the distribution
of actual and predicted labels for each class. Rows
represent actual classes, while columns represent
predicted classes. Diagonal elements indicate correct

classifications, while off-diagonal elements indicate
errors.

IV.FINDINGS AND ANALYSIS

This section presents the results of experimental studies
conducted to evaluate the performance of the proposed music
genre classification system. First, the hardware and software
infrastructure used to conduct the experiments is detailed,
followed by a comparative analysis of the success rates of the
developed deep learning models (CNN, LSTM, Transformer,
TurkBERT) and the Llama-3 model. Finally, the class-based
performance of the proposed Ensemble model and the cross-
type confusion matrix are examined.

A. Model Performance Comparison

The training and testing processes for all models were
conducted on an NVIDIA CUDA-supported workstation to
meet high-performance computing requirements. Python 3.10
programming language and PyTorch 2.1 deep learning library
were used as the software infrastructure. The Hugging Face
Transformers library was utilized for the TurkBERT and
Llama-3 models. Details of the hardware and software
components used in the experimental studies are presented in
Table 2. Thanks to this powerful hardware infrastructure, the
fine-tuning of the TurkBERT model and the optimization of the
Ensemble model were completed efficiently.

TABLE 2
HARDWARE AND SOFTWARE FEATURES USED IN
EXPERIMENTAL STUDIES

Bilesen Ozellikler

GPU NVIDIA GeForce RTX 4060
(8GB GDDR6, CUDA 12.1)

CPU Intel Core i7-13700H (14
Cekirdek, 5.0 GHz)

RAM 32 GB DDR5 4800 MHz

Isletim Sistemi Windows 11 Pro

Yazilim Python 3.10, PyTorch 2.1,
Transformers 4.35
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Tim Modellerin Performans Karsilastirmasi (Llama-3 & Ensemble Dahil)
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Fig. 2 The success rates of the developed deep learning
models and Llama-3-70B on the test set
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When examining Figure 2, it is evident that the Llama-3-70B
model, which requires no training (63.20%), outperforms
classical models (LSTM, CNN). This demonstrates the power
of large language models in general language understanding.
However, the domain-specific trained TurkBERT (66.50%)
and the combination of models using an Ensemble structure
(68.17%) yielded better results than the general-purpose model.
This proves that specialized models are still needed in specific
domains (domain adaptation). Other performance metrics are
provided in Table 3.

TABLE 3
PERFORMANCE METRICS
Model Accuracy | Precision | Recall F1-
Score

LSTM 0.5117 0.51 0.51 0.50
CNN 0.5717 0.57 0.57 0.56
Transformer | 0.5717 0.57 0.57 0.56
Llama-3- 0.6320 0.63 0.63 0.62
70B

TurkBERT | 0.6650 0.66 0.65 0.65
Ensemble 0.6817 0.68 0.68 0.68

B. Type-Based Analysis: To gain a thorough understanding of
model performance, each model's confusion matrix and
genre-based classification metrics were examined in detail.
This analysis reveals which music genres the models
perform well on and which genres they struggle with.
Figure 3 presents the complexity matrices of all models in
a comparative manner. Each matrix shows the actual and
predicted class distributions for four music genres (Rock,
Arabesk, Pop, Rap), each consisting of 150 samples.
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A common pattern is observed across all models: Rap is
consistently classified with high accuracy, while significant
confusion is observed among Rock, Pop, and Arabesk genres.
While this confusion rate is higher in basic models such as CNN
and LSTM (Figures 3a-b), the diagonal values (correct
classifications) have increased significantly in the TurkBERT
(Figure 3d) and Ensemble (Figure 3f) models.

C. Calculation Efficiency Analysis
In addition to prediction accuracy, computational efficiency is
also a critical factor in real-time music recommendation
systems. This section compares the training times, number of
parameters, and inference times of the models.
TABLE 4
CALCULATION COST COMPARISON

Model Egitim Parametre | Cikarim | Accuracy
Siiresi

CNN ~8 dk 1.2M ~3 ms %57.17
BiLSTM ~22dk | 2.1M ~12ms | %51.17
TurkBERT | ~52 dk 110M ~35ms | %66.50
Llama-3- - 70B ~800ms | %63.20
70B

Ensemble | ~100dk | 117.8M ~58ms | %68.17

*The inference time for Llama-3-70B depends on the API
response time.
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Table 4 shows that the CNN model has the lowest
computational cost. With only an 8-minute training time and an
inference time of 3 ms per example, it is an ideal choice for
resource-constrained environments. However, its accuracy rate
of 57.17% may be insufficient for applications requiring higher
performance. The TurkBERT model achieved the highest
individual accuracy (66.50%) with 110 million parameters, but

this success required approximately 52 minutes of training time.

The advantage of the Transfer Learning approach is that this
time is much shorter compared to a model trained from scratch.
The Llama-3-70B model achieved 63.20% accuracy without
any training (Zero-Shot). This demonstrates the power of large
language models' general language understanding. However,
the inference time of this 70-billion-parameter model is
significantly higher (~800 ms) compared to other models due
to API dependency. This could pose a practical limitation in
real-time applications.

Therefore, considering the accuracy-efficiency trade-
off:

CNN is recommended for resource-constrained
environments.

TurkBERT or Ensemble should be preferred for
offline systems requiring high accuracy.

The Llama-3 Zero-Shot approach can be evaluated for
rapid prototyping.

V. RESULT

In this study, a hybrid approach combining deep learning-
based feature extraction with ensemble learning algorithms for
automatic music genre classification using Turkish song lyrics
is proposed. Within the scope of the study, text-based features
were analyzed using pre-trained TurkBERT and Llama-3
models with different architectures such as CNN, LSTM, and
Transformer. The obtained prediction vectors were combined
using the Weighted Soft Voting strategy to produce the final
classification decision. The performance of the models was
evaluated using accuracy, precision, recall, and Fl-score
metrics.

The experimental results showed that the proposed
Ensemble model demonstrated the best overall performance
with 68.17% accuracy and an Fl-score of 0.68. Among the
individual models, the task-specific fine-tuned TurkBERT
model stood out with an accuracy rate of 66.50%, while the
zero-shot Llama-3-70B model achieved 63.20% success.
Classic deep learning models (CNN and LSTM) remained in
the 51-57% range, performing behind language models. These
findings prove that large language models (LLMs) have
superior semantic comprehension capabilities compared to
traditional methods, but the highest success is achieved through
community approaches that combine the strengths of the
models. Genre-based analyses show that Rap music clearly
outperforms other genres with a 92% F1 score.
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