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Abstract

This project presents an efficient approach to chorus recognition in English song lyrics that
achieves state-of-the-art performance with significantly fewer resources than existing
methods. We developed a Bidirectional Long Short-Term Memory (BiLSTM) model with
localized attention mechanisms, trained on only 780 songs compared to the 25,000+ songs

typically used in Music Information Retrieval research.

Our approach addresses class imbalance through comprehensive stabilization techniques and
leverages nine feature views capturing structural, semantic, and rhythmic patterns via self-
similarity matrices. Through systematic experimentation, we demonstrate that chorus
detection relies primarily on local contextual patterns rather than global structural awareness,

with head self-similarity features (line beginnings) proving most critical for segmentation.

The BiLSTM + Attention model achieves 78.2% Macro F1 at the line level, matching
Watanabe & Goto's (2020) performance with 100,000+ songs and significantly exceeding
Fell et al.'s (2018) 67.4% F1 with 25,000 songs. For boundary detection, the model achieves
59.6% F1 for exact boundaries and 74.7% F1 with +2 tolerance.

The research demonstrates that strategic data curation, comprehensive feature engineering,
and targeted optimization can compete effectively with resource-intensive approaches,
showing that local pattern recognition outperforms complex global modeling strategies in

specialized domains like lyric analysis.

Keywords: lyric segmentation, chorus detection, attention mechanisms, self-similarity

matrices, local pattern recognition.
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1. Introduction

Music Information Retrieval (MIR) is a research field dedicated to developing methods that
allow computers to analyze, classify, and retrieve information from music. Its applications
span from large-scale recommendation systems, such as those used by Spotify, to specialized
tasks like Music Emotion Recognition (MER), which seeks to identify the emotions
conveyed by songs. For many of these applications, two dimensions are particularly
important: audio and lyrics. Audio provides information about timbre, rhythm, and melody,
while lyrics provide information about structural, semantic, stylistic characteristics. Equally
crucial is the recognition that different sections of a song, such as verses, choruses, and
bridges, often contribute differently to how music is perceived, remembered, or
recommended. Understanding and segmenting these structures is therefore central to

advancing MIR tasks.

Such segmentation has broader implications for music information retrieval (MIR) and
music analysis. Understanding how verses and choruses function within lyrics can support
applications ranging from structural music analysis to affective computing and
recommendation systems. Moreover, a purely text-based approach contributes to existing
literature by offering a lightweight alternative to multimodal methods, which often demand

large-scale datasets and significant computational resources.

Despite the progress in multimodal approaches, their reliance on large-scale datasets and
computationally demanding pipelines limits their accessibility and reproducibility.
Similarly, the few existing text-only approaches often assume the availability of tens or
hundreds of thousands of annotated songs, which restricts their applicability in low-resource
settings. Yet, lyrics inherently encode structural and semantic cues that can signal boundaries

between verses and choruses without the need for audio or multimodal data.

1.1.Problem statement and motivation

Lyrics segmentation, the task of dividing a song into structural units such as verses and

choruses, is a fundamental problem in music information retrieval (MIR). Accurate
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segmentation provides a foundation for applications including structural music analysis,

lyric-based search, music emotion recognition (MER), and recommendation systems.

Text-only approaches offer an attractive alternative, as lyrics themselves encode semantic
and structural cues that indicate where transitions between verses and choruses occur.
However, the few text-based methods that have been proposed share a critical drawback with
multimodal systems: they remain heavily data-dependent. Current state-of-the-art methods
often assume the availability of tens or hundreds of thousands of annotated songs, making

them impractical in low-resource scenarios.

This situation highlights a clear gap in the literature. Despite the potential of lyrics as a self-
contained modality, there is still no established method that achieves accurate segmentation
with minimal data and computation. The ability to address this challenge carries clear
practical value. For example, segmentation can provide finer insights into how emotions are
distributed across a song, enabling systems to detect whether the affective content of a chorus
aligns with that of the overall lyrical content. Similarly, in large-scale applications such as
music recommendation, the computational cost of processing entire audio and lyric streams
for millions of new songs each day is prohibitive; efficient text-only segmentation could

significantly increase the scalability of such tasks.

These considerations highlight both the scientific significance and the practical relevance of
developing a data-efficient, text-only method for lyric segmentation. By exploring structural
and semantic cues encoded in lyrics themselves, it becomes possible to design approaches
that are not only accurate but also accessible in low-resource scenarios, broadening the

applicability of segmentation systems in music information retrieval.

1.2.0bjective

The goal of this project is to develop a data-efficient and computationally efficient method
for segmenting song lyrics into two structural classes: verse and chorus. Unlike approaches
that rely on audio features or multimodal strategies, this work focuses exclusively on text-
based information, allowing us to explore the structural and semantic patterns encoded in
lyrics alone. To achieve this, we design a modular and reproducible methodology that
combines dataset construction, feature extraction, and the implementation of neural models,
aiming to remain competitive with large-scale systems while requiring significantly fewer

resources.
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1.3.Research Questions

To guide the investigation, this project is structured around the following research questions:

e What computational methods are employed for segmenting lyrics using text alone?

e How effectively are these methods detecting structural elements such as verses,
choruses?

e What are the most effective techniques for segmenting lyrics into musical parts (e.g.,
choruses, verses)?

e How do specific lyric components (e.g., choruses) influence model performance?

1.4.Contributions and limitations

This project makes several contributions: it introduces a modular pipeline for text-only lyric
segmentation that integrates structural and semantic features through self-similarity matrices
(see Appendix 10). It demonstrates that competitive segmentation performance can be
achieved with fewer than one thousand annotated songs, addressing the challenge of data
efficiency; it provides comparative analyses of multiple neural architectures (CNN, BiLSTM
with attention, fine-tuned small transformer) under consistent evaluation metrics, and it
offers a documented dataset construction process that supports reproducibility and future

extensions.

At the same time, the study faces limitations. The dataset remains relatively small compared
to large-scale corpora used in related work, and it focuses exclusively on English lyrics.
Furthermore, the segmentation task is restricted to binary classification (verse vs. chorus),

leaving out other structural elements such as bridges or intros.

1.5.Methodology And Resources

To address the research problem, we propose a modular pipeline for text-based lyric

segmentation. The pipeline is organized around four main tasks:

e Dataset construction: Collect and preprocess song lyrics using web scraping
techniques, followed by cleaning, segmentation, and storage in a standardized JSON

Lines (JSONL) format.
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e Feature extraction: Represent lyrics using multiple semantic and structural
dimensions, condensing each song into specialized feature vectors that capture both
surface-level and deep contextual information.

e Model development: Implement and compare three neural architectures, a
convolutional neural network (CNN), a Bidirectional Long Short-Term Memory
(BILSTM) network with attention, and a parameter-efficient fine-tuned transformer
using Low-Rank Adaptation' (LoRA) on Gemma-3 1B. The training pipeline is
designed to be highly customizable, with configuration files that enable systematic
exploration of hyperparameters, loss functions, feature combinations, and
preprocessing strategies.

e Evaluation and validation: Train models on the constructed dataset, validate on
held-out data, and analyze results with particular attention to data efficiency,

generalization, and class imbalance.

This design provides a modular and resource-efficient training pipeline, enabling systematic
experimentation with different features and architectures while maintaining a focus on data

efficiency.

1.5.1. Dataset Construction

Objective: Collect and preprocess a clean, labelled dataset of song lyrics segmented into

verses and choruses.
Activities:

e Song selection was restricted to English-language tracks, with duplicate entries
removed to maximize coverage. The intent was to build a dataset representative of
widely recognized popular music while maintaining consistent structural patterns
(verse/chorus). Further analysis of artist distribution, stanza structure, and genre
diversity is presented in Chapter 3.

e Collect lyrics using web scraping techniques on the Genius? website.

e Extract metadata including artist name, song title, full lyrics, and structural

annotations.

! Low-Rank Adaptation (LoRA): A parameter-efficient fine-tuning method for large language models. It
introduces small trainable low-rank matrices into specific layers of a pretrained model, enabling adaptation to
new tasks with significantly fewer parameters.

2 Is the world's biggest collection of song lyrics and musical knowledge.
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Preprocess and filter lyrics, normalize text (encoding, casing, punctuation), strip
bracketed metadata (e.g., “[Chorus]”, “(x2)”), remove artifacts and empty lines,
harmonize labels (map all non-chorus to verse), discard malformed or incomplete
songs, and deduplicate entries.

Generate a comprehensive JSON file containing metadata and multiple levels of
annotation, including line-level class, stanza-level class, raw class labels, and
normalized labels (all non-chorus sections mapped to verse).

Create a training-specific JSONL file with lyrics represented line by line and labels
encoded as binary values (0 = verse, 1 = chorus).

Song selection emphasized culturally influential and widely recognized tracks across
decades and genres, ensuring both diversity and clear verse—chorus structures

representative of popular music.

Tools and Technologies: Python, Selenium for web scraping, JSON libraries for data

formatting.

1.5.2. Feature Extraction

Objective: Represent lyrics with rich semantic and structural information suitable for

machine learning models.

We draw inspiration from prior work on chorus detection in lyrics (Watanabe &
Goto, 2020) and implement nine complementary features. These include contextual
embeddings and word embeddings to capture semantic meaning, as well as multiple
self-similarity matrices (SSMs) that describe different aspects of repetition and
structure: head SSM, tail SSM, string SSM, line syllable SSM, syllable pattern SSM,
phonetic SSM, and part-of-speech (POS?) SSM. Together, these features provide a
multi-view representation of each song, combining surface-level similarity with
deeper linguistic and rhythmic cues that help distinguish between verses and
choruses.

Construct per-line vectors and optional global descriptors.

3 POS: part-of-speech tagging, the process of labeling words in a text with their grammatical categories (e.g.,
noun, verb, adjective, adverb).
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Tools and Technologies: Python (NumPy, Pandas), spaCy (POS tagging), pretrained
embeddings (word2vec, sentence transformers), phonetic libraries, and custom SSM

extraction scripts.

1.5.3. Model Development

We selected three models that represent the primary approaches in the literature on text
segmentation and related sequence labeling tasks. Convolutional Neural Networks (CNNs)
have been widely adopted for their ability to capture local n-gram style patterns efficiently,
making them a strong baseline in segmentation tasks (Fell et al., 2018). Bidirectional Long
Short-Term Memory (BiLSTM) networks with attention mechanisms remain a standard
approach for modeling sequential dependencies, especially when boundary detection
requires contextual awareness across longer spans (Watanabe, 2018). More recently,
transformer-based architectures have set the state of the art in numerous natural language
processing tasks (Lukasik et al., 2020) In this work, we explore a lightweight alternative
through parameter-efficient fine-tuning (LoRA) of Gemma-3 1B, which allows us to test
whether large pre-trained language models can deliver strong segmentation performance
under resource constraints. Together, these three families of models represent the dominant
paradigms in current text segmentation research, ensuring that our comparisons cover both

established and cutting-edge approaches.

Objective: Implement and compare multiple neural architectures for efficient lyrics

segmentation.
Activities:

e Implement three architectures:
o Convolutional Neural Network (CNN).
o Bidirectional Long Short-Term Memory (BiLSTM) with attention and a
boundary-aware loss function.
o Parameter-efficient fine-tuned transformer (Gemma-3 1B) using Low-Rank
Adaptation (LoRA).
e Configure models through a modular framework that supports hyperparameter

sweeps, custom loss functions, and alternative feature combinations.

Tools and Technologies: PyTorch, configuration management (YAML/JSON/JSONL).



Self-Similarity Matrices and Localized Attention for Chorus Recognition

1.5.4. Evaluation and validation

Objective: Assess segmentation performance with a focus on both line-level accuracy and

boundary-level quality, while highlighting data efficiency and robustness.
Activities:

e Per-line evaluation: Measure standard classification metrics (accuracy, precision,
recall, F1) at the line level, including class-specific F1 for verses and choruses to
analyze imbalance.

e Segmentation evaluation: Compute boundary-aware metrics that directly assess
structural segmentation quality, including boundary F1 with different tolerance
windows (1, £2 lines), Pk*, and WindowDiff.> We also report line FI, chorus-
specific F'1, and verse-specific '/ for a more detailed breakdown.

e Comparative evaluation: Compare results against state-of-the-art implementations
reported in the literature, focusing on relative performance with significantly less
training data.

e Ablation studies: Conduct systematic ablations to evaluate the contribution of

individual feature groups, preprocessing strategies, and loss functions.

Tools and Technologies: Python (scikit-learn, NumPy), Matplotlib for visualization,

custom evaluation scripts for boundary metrics.

1.5.5. Expected outcomes

e A clean and structured dataset of lyrics in a standardized format, suitable for
experimentation with segmentation tasks.
e A set of feature representations that capture semantic, phonetic, and structural

properties of lyrics from multiple perspectives.

4 Pk metric (Probability of error): An evaluation measure for text segmentation. It calculates the probability
that two units of text are incorrectly classified as being in the same segment or in different segments. Lower
values indicate better segmentation quality.

5 WindowDiff: A segmentation evaluation metric designed to address limitations of Pk. It applies a sliding
window across the text to check whether the number of boundaries inside the window matches between the
reference and the proposed segmentation.
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e Baseline comparisons of neural architectures, providing insights into the relative
strengths and limitations of CNNs, BiLSTMs with attention, and small LLMs® in a
text-only setting.

e A modular and configurable training pipeline that supports systematic testing of
different features, preprocessing strategies, and hyperparameter settings.

e Evaluation results across several metrics, offering an overview of model performance

at both line and boundary levels, and illustrating the effect of limited training data.

1.6.0Outline

The remainder of this project is organized as follows. Chapter 2 presents a systematic
literature review of text-based lyric segmentation methods and their limitations. Chapter 3
describes the dataset construction process and comprehensive feature engineering, including
structural, semantic, and phonetic feature extraction. Chapter 4 develops and evaluates
various segmentation models, comparing BILSTM, CNN, and fine-tuned LLM architectures
through systematic experimentation. Chapter 5 concludes by presenting key findings on
local context dependency, architectural insights, and the demonstration that state-of-the-art
performance can be achieved with modest computational resources. The chapter also
discusses the limitations of the current approach and outlines future work directions,
including computational scaling, dataset expansion, multi-class segmentation extensions,
and advanced architectural approaches, such as Mixture of Experts frameworks, for

improved ensemble performance.

¢ Large Language Models (LLM): An Al model trained on massive text datasets to generate, summarize,
translate, and answer questions in human language.
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2.Systematic Literature Review

Segmenting music lyrics into meaningful structural components, such as verses and
choruses, is crucial for various music information retrieval tasks. Historically, this process
was often performed manually, requiring experts or annotators to identify structural
boundaries by hand (Malheiro, 2016). While effective on a small scale, manual segmentation
is time-consuming, subjective, and impractical when applied to the large collections of songs
that modern MIR systems must process. This reliance on manual effort has underscored the
importance of developing automatic segmentation methods. Although many approaches rely
heavily on audio features, recent advances in text analysis techniques open new opportunities
for purely text-based segmentation methods. However, the existing literature on lyric
segmentation remains fragmented, lacking a comprehensive synthesis of purely textual
methodologies. This systematic literature review aims to consolidate existing studies,
identify gaps, and evaluate the efficacy of text-based segmentation methods applied

specifically to song lyrics.

The primary objective of this systematic review is to synthesize the current state of text-