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ABSTRACT

This thesis investigates adapting Whisper models to Automatic Lyrics Transcription
(ALT) for Greek singing voice. The study pursues two main goals: (i) achieving robust
transcription of Greek lyrics from polyphonic music, and (ii) examining whether multitask and
staged fine-tuning strategies can improve generalization and domain adaptation to singing.

The experiments are based on the Greek Audio Dataset (GAD), an existing corpus
to which a processing pipeline tailored for ALT research is curated. Specifically, CTC-based
forced alignment is performed to obtain time-aligned lyric segments, Greek lines are paired
with their English translations, and the material is converted into segment-level Hugging
Face datasets with consistent pre-/post-processing. This leads to an aligned, segment-level
dataset with Greek audio slices and paired Greek and English transcriptions. Then a five-
regime comparison is conducted: (i) zero-shot Whisper, (ii) transcription-only fine-tuning, (iii)
multi-task fine-tuning with task-pure batch alternation, (iv) two-stages fine-tuning -firstly on
CommonVoice Greek-speech dataset and then on the Greek songs-, and (v) model scaling
(Small/Medium/Large).

Zero-shot Whisper-Medium scores 92,1% WER in lyric transcription, highlighting the
speech-to-singing gap. After adaptation, Whisper-Large (transcribe-only) attains 30% WER,
a ~ 67% relative error reduction over the zero-shot baseline. For Whisper-Small, a 2:1
transcribe: translate mix (33,6%) marginally outperforms both transcription-only (36,7%) and
4:1 (34,9%), indicating that a moderate auxiliary translation signal regularizes low-capacity
models. In contrast, medium and large models favor the transcribe-only regime, suggesting
that higher-capacity models benefit from specialized singing adaptation.

Error analysis reveals singing-specific phenomena, such as consonant-cluster
inflation in rhythmically dense lines, vowel confusions induced by melisma, function-word
deletions/insertions, and occasional lyric-prior hallucinations. Larger models reduce severity
rather than type of errors, explaining the WER gains. The staged fine-tuning scheme
produced no additional gains, implying that Whisper already exhibits strong multilingual and
multi-acoustic generalization, and the possible insufficiency of the Common Voice dataset.

This work constitutes the first systematic ALT study of Greek songs. Future work
includes expanding the Greek dataset, incorporating expressive features and enabling
Large Language Models (LLMs) like Llama-Krikri for post-processing of transcriptions.

Subject Area: Speech & Audio Processing; Language Technology; Multimodal Modeling
for Music and Lyrics

Keywords: Automatic lyrics transcription, Whisper, Multi-task learning, Singing voice,
Greek, Low-resource language






NEPIAHWYH

H Trapouca dImmAwATIK €pyacia €oTidlel OTnV AVATITUEN KAl TTPOCAPUOYN
ouoTNUATwy Autopatng Metaypa@ng ZTiXwv, yia Tn VEOEAANVIKY TPAYOudIOTIKH Qwv,
agloTTOIVTAG TIG dUVATOTNTEG TWV TTOAUYAWOOIKWY HovTéAwv Whisper. O oTéX0G¢ TnG
épeuvag gival OITTOG. AQevOg N agIOTTIoTN HETAYPAP) EAANVIKWY OTiXWV a1t Tpayoudia Kal
n dlepelivnon SIAQOPETIKWY OTPATNYIKWY EKTTaideuong, OTTwg n multitask (petaypaen -
META®POON) Kal n ekmaideuon OUO OTAdIWV, WG PECO €vioxuong TNG YEVIKEUONG Kal
TIPOCAPUOCTIKOTATAG TWV HOVTEAWY OTA TPpAyoudId.

H Autoparn Avayvwpion OUIAIag €XEl ONUEILOEI EVTUTTWOIOKK TTPO0d0 Ta TEAEUTAIA Xpovia,
Xapn otnv eu@avion peydAwyv povréAwv tottou Transformer, 6TTwg Ta wav2vec 2.0, XLS-R
kal Whisper, Ta otroia emTpETTouV ekTTaideucn end-to-end xwpig TNV avaykn XeIPoKivnTwy
XOPAKTNPIOTIKWY. QOTOCO, n TPAYOUdIOTIKA @Qwvr] TTapoucidlel 181aITepOTNTEG  TTOU
QUOXEPAIVOUV TNV ATTEUBEIAG eQapuoyr autwyv Twv ouoTnUAatwy. O HEYAAEG QWVNTIKEG
OIOKUUAVOEIG, Ol TTAPATETAUEVEG DIAPKEIEG GWVNEVTWY, N MEAWDIKA aoTdbela, n ouvodeia
MOUOIKAG Kal N €EAeUBePN TTPOCWAIa dIATAPACCOOUV TIG AKOUOTIKEG KAl OTATIOTIKEG UTTOBECEIG
TWV MOVTEAWV TTOU €xouv ekTTaldeuTel o€ KabBapry opiAia. Katd ocuvéttela, TrapaTtnpeital
ONMAVTIKA TITWON TNG OKPiEIag, yeyovog TTou KaBIOTA atrapaitnTn TNV €CEIDIKEUUEVN
TTPOCAPUOYN TWV HOVTEAWY OTNV TPAYOUDIOTIKA QWVH.

Q¢ Bdon xpnoipoTrolcital éva segment-level cuvoAo dedouévwy o€ poper Hugging Face,
TO o1T0i0 TTEPIAAUBAVEI EAANVIKA NXNTIKA QTTOCTTACUATA KOl QVTIOTOIXIOPEVOUG EAANVIKOUG
Kal ayyAlIkoug oTixous. Ta Oedopéva TTpoépxovTal atrd TTOAUQWVIKEG NXOYPAPrOEIG
EAANVIKWV Tpayoudiwy, Ol OTTOIEG aTTouovwenkav o€ KaBapd @wvnTIKA KAvAAIa HECW Tou
MovTéAou source-separation Demucs ft. 2ZTn ouvéxeia, ol oTixol €uBuypaupioTnkav
QUTOPATA PE TA AVTIOTOIXO NXNTIKA atmrooTracuarta pe xprion CTC-based forced aligner. H
dladikaoia TrpoeTTegepyaciag TepIAGUBave e€looppdTINON £viaong, €mmavadelyuartoAnyia
ota 16 kHz, kaBapioud €10IKwV XapakTipwVv Kal JeTatpoTrh) Tng doung Kaldi og popen HF
Dataset (ue media audio, transcription, translation), yeyovog tmou emTpETTEl TRV aTTEUOEiQg
aglotroinor Toug otn BIBAIOBAKN Transformers.

H peBodoloyia 1TOU akoAouBrnbnke opyavwbnke o€ Téooepa Kupia OTAdIA. 2ZTO TTPWTO
oTadlo TrpaypartotroIndnke zero-shot agioAdéynon Ttou Whisper-Medium xwpi¢ Kayia
TTPOCAPUOYR, WOTE VO UTTOAOYIOTEI N Bacikr) €TTidoon TOU POVTEAOU OTNV TPAYOUudIOTIK)
QWVN. 2710 OeUTEPO OTADIO TO WOVTEAO EKTTAIOEUTNKE QTTOKAEIOTIKA yIa PETAYPOPH OTA
EAANVIKA, uE OTOXO TNV TTPOCAPUOYNA TOU OTA GWVNTIKA XAPAKTNPIOTIKA TOU TPayoudiou. 2To
TPITO OTAdIO £QAPUOOTNKE TTOAU-AEITOUPYIKN ekTTaidEUON (multitask learning), cuvdudlovTag
TAUTOXPOVA PETAYPAPN Kal JETAPPAon PE avaloyieg batches 1:1, 2:1 kai 4:1, TTPOKEIUEVOU
va dlgpeuvnBei av n PETAPPAON AEITOUPYEI WG HOPEPN) KAVOVIKOTTOINONG TNG EKTTAIdEUONG.
TéNOG, 01O TETAPTO OTADIO £CETAOTNKE N KAINAKWON TWV idIwv pubuicewv og Tpia PeyEdN
MovTéAwv (Small, Medium, Large), woTe va digpeuvnBei N oxéon JETALU XWwPNTIKOTNTAG TOU
MovTéAou kal atrédoong. EmmmpdoBeta, digpeuviOnke €va staged fine-tuning oxAua, oTo
OTT0i0 TO PJOVTEAO TTpocapudleTal apxIKA o€ dedouéva opiAiag (Greek Common Voice) kai
oTn ouvéxela oe dedopéva Tpayoudiou, ue OTOXO TN OTAdIAKNA METAPOPA YyVWOoNG OTTo TO
1edio TNG opIAiag oTo Tedio Tou Tpayoudiou.

H exmaideuon mpaypatomroindnke o GPU mepifdAAovTa uwnAng UTTOAOYIOTIKAG 10XU0G
(Borges kai Leonardo supercomputer) pe xpAion Tou Seq2SeqTrainer tng PBiIBAI0OAKNG



Transformers, batch size 4-8, pikt akpifela FP16 kai optimizer AdamW (learning rate
5x107°). H agioAdynon 1ng ammodoong Baciotnke otn PeTpIK normalized Word Error Rate
(WER), n oTtroia €goudetepwvel TNV €Tidpacn TnNG OTiENG Kal TwV HIKPO-0pB0oypaPIKWV
dlapopwv.

MeipapaTtikd, 10 zero-shot Whisper-Medium onueiwoe WER 92,1%, avadeikvuovtag 1o
€VTOVO Ao avAaueoa oTn Qwvr] odIAiag kal Tpayoudiou. Metd 1o fine-tuning, To Whisper-
Large (transcribe-only) métuxe WER 30%, emituyxdvovtag Trepittou 67% peiwon
oQAAPaTOG o€ Ooxéon e TO baseline. H multitask ektraidsuon atmodeixOnke weéAun yia
MIKPOTEPA POVTEAQ AOYW TNG YAWOOIKNG KAVOVIKOTTIOINONG TTOU TTPOCQEPEI, WOTOOO OTA
MEYOAUTEPA POVTEAD N OTTAR) EKTTAIOEUCH PETAYPAPAG TTAPYAYE TTIO OTOBEPA Kal Kabapd
amoteAéopata. H 2-stages ekmaideuon Oev 0dRynoe o€ TEPAITEPW PeATIwON,
uttodnAwvovtag 011 To Whisper d1a0€T1e1 ON eyyevr) TTOAUYAWOCIKA KAl AKOUOTIKK) YEViKEUON,
Kabwg kal 6Tl To MPIKPO dlaBéoiyo eAAnviké Common Voice ouUvolo &edopévwv Oev
ETTAPKOUOCE.

H 1T0I0TIKA avAAuon TWV TTAPAYONEVWV HETAYPAPWY PAVEPWVEI XAPAKTNPIOTIKA HOTiBa TTou
OXETICOVTal PJE TN QUON Tou TpayoudloUu, OTTWG dIOYKWON CUNQWVIKWY CUPTTAEYUATWY O€
OUOKOAEG @pdoeIg, auyxuon QwVvNEVTWY Kal opBoypa@ikd AAGBn, amooiwttnon MIKPWYV
AEITOUPYIKWYV AEEEWYV, KOl TTEPIOTACIOKEG «TTAPAICONOTEIG» OTiXWV OTAV TO NXNTIKO Orua €ival
au@iBoAo. Mapdti Ta peyaAlTepa PovTéAa Oev egalcipouv TTANPwWGS Ta AGBN, PEIwvouv
a106NTa TN ooBapdTNTA TOUG, OdNYWVTAG o€ onUavTikr BeATiwon Tou WER kai 1m0 Quoikég
METAYPOAPEG.

H TTapouoa gpyacia atmroteAei TNV TpwTn cuoTnUATIKi MEAETN ALT yia eAAnvIK& Tpayoudia
Kal atrodeIkvUel 0TI Ta JovTéAa Whisper JTTopouv va TTpoCapPoOTOUV ATTOTEAEOUATIKA OTNV
TPAYOUDdIOTIKI] @wvr PHECW oToxeupévou fine-tuning, xwpig avaykn ektraideuong atmo TO
pndév. H multitask pdbnon atmmodeikvueTal XpAoIUn HOVO o€ UIKPOTEPA MOVTEAQ, EVW N
EKTTAIOEUON ATTOKAEIOTIKA yIO PETAYPOPN TTAPAMPEVEL N TTIO ATTODOTIKI OTPATNYIKA YIA TA
MEYOAUTEPA POVTEAQ.

MeAAOVTIKA, TTPOTEIVETAI N ETTEKTACN TOU EAANVIKOU OUVOAOU OEDQOMNEVWV UE TTEPICOOTEPA
€idn POUOIKNG Kal JEYOAUTEPN TTOIKIAIA QWVWYV, N AglOTTOINCN NUI-ETTIBAETTOUEVWYV TEXVIKWV
(semi-supervised, pseudo-labeling) yia Tnv alténon TOoUu OyKOU TWV OeBdOMEVWY, Kal N
dlepeuvnon TTAPAUETPIKA aTTOdOTIKWYV HEBGdWYV fine-tuning, éTTwg LoRA kai adapters, woTe
va MeIwBei To uttoAoyioTikG kb6oToC. Idlaitepa evdla@épouca KaTeUBuvon OuvioTA N
EVOWNATWON PeYAAwV YAwooIKwY PovTéAwv (LLMs), émwg 1o Krikri, 1 GPT, yia Tn peTa-
ETTECEPYQTIa TWV YETAYPAPWY. TETOIO JOVTEAD UTTOPOUV Va XpnoIhoTToinBouv yia d16pbwan
AaBwv, opBoypaPIKA Kal YPAUMATIKA EEO0UAAUVON, KOBWG Kal yIa avadounon TwV OTiXWV JE
Bdaon TN PUBMIKA Kal VONUATIK) TOUG OUVOXH, ETTEKTEIVOVTAG Tn AEITOUPYIKOTNTA TOU
OUCTAPATOG TEPa atmd To €mmMedO TNG ATTANG avayvwpiong. TENOG, TTpoTeiveTal n
EVOWNATWON EKPPACTIKWY XAPAKTNPIOTIKWY OTTwS UYWog (pitch), pubudg kal ouvaiodnua,
TTIPOKEIYEVOU TO CUCTAPA VA CUANGRBEI TTANPECTEPA TN HOUCIKA d1A0TAON TNG PWVIAG.

OcepaTnikl mepioxn: EmeCepyacia Opidiag & ‘Hyou, Mwaoaoiki TexvoAloyia, Autouarn
Avayvwpion Pwvng

Aégeig-kAe1d1d: Autouarn petaypaen otixwyv, Whisper, Multitask learning, TpayoudioTiknA
Qwvr, EAAnvIKA yAwooa
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PREFACE

This thesis was completed as part of my Master’s studies in Language Technology and
explores the automatic transcription of Greek song lyrics. The project grew from a personal
interest in how music and language intertwine, and from the practical value of reliable lyric
transcriptions in research and creative applications. The work reflects the contributions of
many people. | am deeply grateful to everyone who contributed guidance, feedback, and
technical support throughout this work. Their support shaped both the scope and the rigor
of the research. | hope the findings and resources presented here will prove useful to others
working toward a deeper understanding and more effective processing of the Greek singing
voice.






Automatic Lyrics Transcription for Greek Songs

l. Introduction
1. Motivation

Automatic Speech Recognition (ASR) has enabled a broad spectrum of everyday
applications, from voice assistants and dictation to searchable media archives. However,
ASR systems often degrade sharply when the deployment domain differs from the training
distribution. Such domain shifts can stem from environmental noise, recording conditions,
speaker accent and vocabulary, and -crucially for this work- from singing voice, where
pitch excursions, melisma (vowel elongation), instrumental accompaniment, and
expressive articulation violate the assumptions learned from speech. This work
addresses Automatic Lyrics Transcription (ALT) for Greek singing, focusing on Whisper
as a strong pretrained baseline.

In the context of ASR, domain adaptation ranges from fully supervised fine-tuning on in-
domain labels to weakly/unsupervised schemes that leverage large unlabeled corpora.
While these strategies have improved robustness, singing voice remains particularly
challenging, due to its linguistic deviations from normal speech. For low-resourced
languages, the problem is amplified by limited labeled resources, especially in musical or
singing domains. This thesis addresses these difficulties by studying how and when
adaptation of Whisper models improves ALT for Greek songs, providing insights into
domain and language adaptation strategies for low-resource singing ASR.

2. Research Objective & Contribution

This thesis’s primary goal is to explore how and to what extent can Whisper adaptation
and task design improve lyrics transcription accuracy in a low-resource language such as
Greek, particularly for singing voice, a task that remains challenging due to both the
acoustic variability of singing and the scarcity of labeled data in low-resourced languages.
To address this question, the following objectives are set:

1. Fine-tune Whisper for the Greek singing voice domain and analyze
how adaptation from speech to singing influences recognition accuracy.

2. Conduct a controlled comparison across Whisper Small, Medium,
and Large checkpoints, contrasting transcription-only fine-tuning with multi-
task training (transcribe:translate ratios of 1:1, 2:1 and 4:1) to quantify how
task composition and training curricula interact with model scale.

3. Evaluate a two-staged fine-tuning approach that first adapts on
Greek speech before specializing on singing voice.

4. Assess performance using normalized Word Error Rate (WER) and
a structured error analysis tailored to the unique properties of singing.

Contributions of this thesis are:

25 Frangiadaki Maria
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1. A controlled study of task composition and model scale for Greek
ALT,
2. a task-pure batching scheme with language-aware preprocessing

that stabilizes training on singing voice,

3. quantitative and qualitative error taxonomy tailored to Greek lyrics,
and
4. evidence that large, transcription-only adaptation is the most

effective path for Greek ALT, while multi-task learning serves as useful
regularization only at small capacity.

3. Outline

The thesis is structured as follows: Chapter 2 reviews foundational concepts in machine
learning and deep learning relevant to ASR, with emphasis on encoder—decoder
Transformers and data normalization for sequence generation. Chapter 3 discusses the
specific challenges of ASR on singing voice and summarizes prior approaches to lyrics
transcription, alignment and low resource specific research. Chapter 4 presents our
methodology: datasets, preprocessing, training schedules (transcription-only, multi-task
with 2:1 and 4:1 ratios), staged fine-tuning, decoding, and evaluation metrics; Chapter 5
reports experimental results and an error analysis, while Chapter 6 concludes with key
findings, limitations and directions for future work.

Il. Theoretical Part: Background and Related Research
2.Background Knowledge
2.1 Machine Learning and Deep Learning

Machine Learning (ML) focuses on developing algorithms capable of automatically
discovering patterns and regularities in data, without being explicitly programmed. In
contrast to rule-based systems, which rely on human-crafted heuristics, ML algorithms
learn from examples, improving their performance as they are exposed to more data.
Deep Learning (DL), a subfield of ML, leverages multi-layer neural networks that can learn
hierarchical representations, enabling systems to automatically extract high-level features
from raw data. These techniques have transformed fields such as Natural Language
Processing (NLP), and particularly speech recognition, forming the foundation upon
which current Automatic Speech Recognition (ASR) systems are built.

The aim of this section is to present the theoretical principles of machine and deep
learning that underpin ASR. It begins with a conceptual overview of learning paradigms,
followed by the mathematical fundamentals of neural computation, model training, and
optimization. It then discusses advanced deep learning architectures, attention
mechanisms, and the challenges of generalization and representation learning.

2.1.1 Definition

Machine Learning has three key elements: i) the task, ii) the experience, and iii) the
performance measure. The goal of an ML algorithm is to build a predictive model that

Frangiadaki Maria 26
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maps an input vector (x) to an output (y). Learning occurs by adjusting parameters so as
to minimize a defined loss function, which quantifies the variance between predictions
and ground truth. In the context of ASR, the task involves transcribing speech into text,
the experience corresponds to exposure to large collections of labeled speech data, and
the performance measure is typically accuracy or WER.

2.1.2 Types of Learning

Machine learning can be categorized into several paradigms, depending on the
availability of labeled data and the nature of the learning process. Supervised Learning
involves learning from pairs of inputs and corresponding outputs. The objective is to find
a mapping function that generalizes well to unseen examples. ASR systems typically fall
into this category, as they are trained on paired audio and transcription data.
Unsupervised Learning deals with unlabeled data, discovering hidden structures or
patterns within it. Techniques such as clustering, dimensionality reduction and
autoencoders are commonly used. In modern speech processing, unsupervised learning
plays a crucial role in pretraining models through self-supervised approaches. Semi-
Supervised Learning combines both labeled and unlabeled data, leveraging pseudo-
labels or consistency regularization to improve performance when annotations are
scarce. Finally, Reinforcement Learning (RL) focuses on agents that learn through
interaction with an environment. The agent receives rewards or penalties and gradually
learns a strategy that maximizes the reward. Though less common in ASR, RL has been
explored for optimizing decoding strategies and dialogue system responses.

2.1.3 Fundamentals of Neural Computation

Artificial Neural Networks (ANNSs) constitute a core approach within Machine Learning,
forming the foundation of most modern Deep Learning methods. They are computational
frameworks inspired by the structure and function of biological neurons. Each neuron
receives one or more inputs, applies a linear transformation using weights and a bias
term, and then passes the result through a nonlinear activation function. The introduction
of nonlinear activation functions enabled networks to capture complex, non-linear
relationships. Common functions include:

. Sigmoid: o(z) = 1/(1 +¢7)

o Hyperbolic tangent; tanh(x) = (¢* —e™")/(e" + ™)

. Rectified Linear Unit (ReLU): ReLU(x) = maz(0, x)
Modern deep networks primarily use ReLU and its variants because they mitigate the
vanishing-gradient problem, allowing efficient optimization of deep models. A feed-

forward neural network (or multilayer perceptron) consists of layers of neurons organized
sequentially, as shown in Figure 1.
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Simple Neural Network Deep Learning Neural Network

@ Input Layer () Hidden Layer @ Output Layer

Figure 1: Basic architecture of a feed-forward neural network

2.1.4 Model Training

Training a neural network involves optimizing its parameters to minimize a chosen loss
function. The loss quantifies how far predictions deviate from true labels. Common loss
functions include:

e Mean Squared Error (MSE) for regression tasks:

L= /N Y (- 6)?

i

e Cross-Entropy Loss for classification:

L==> yilog(ii)

Optimization is typically performed using gradient descent, which updates model
parameters in the direction that reduces the loss. Variants such as Stochastic Gradient
Descent (SGD), Adam and others adapt learning rates dynamically and help avoid local
minima.

2.1.5 Deep Architectures
As networks grew deeper, they gained the ability to model highly complex functions but
also became more challenging to train. Recurrent Neural Networks (RNNs) introduced
the concept of temporal recurrence to process sequential data. Each time step’s hidden
state (h_t) is computed as:

ht = f(Pth:ct + I”thht_l + bh)

Their basic architecture is depicted in Flgure 2. RNNs capture temporal dependencies
but often suffer from vanishing or exploding gradients when modeling long sequences.
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Figure 2: Basic Architecture of Recurrent Neural Networks
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To address this, Long Short-Term Memory (LSTM) networks [1] introduced memory cells
and gating mechanisms. Figure 3 shows these gates -input, forget, output- control which
information to keep, update, or output, enabling the network to preserve long-term
dependencies more effectively. Gated Recurrent Units (GRUSs) [2] further simplify LSTMs
by merging gates. GRUs maintain similar accuracy while requiring fewer parameters,
making them computationally efficient. In addition to these architectures, Bidirectional
LSTMs (BiLSTMs) [3] became particularly influential in ASR and NLP. As depicted in
Figure 4, these models process sequences in both forward and backward directions,
allowing the network to leverage context from both past and future tokens, which
significantly improves performance in tasks where full-sequence context is essential.

Memory cell 4 ™\
internal state (@) () > C
T @ |
Forget Input
gate gate Output
F I gate
' ' E: |tanh| 01| a |
Hidden state J
Hr-l — Hl
\ l( J
Input X,

FC layer with Elementwise
IZ' activation function operator J . Gopy r Concatenate

Figure 3: Structure of an LSTM cell showing the flow of information through
input, forget and output gates.
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Figure 4: Gated Recurrent Unit (GRU model showing the update and reset gates
controlling hidden-states

2.1.6 Attention and Transformers

The introduction of attention mechanisms marked a major milestone in deep learning.
Attention allows the model to dynamically focus on the most relevant parts of an input
sequence when generating each output. Traditional recurrent networks compress all
contextual information into a single hidden vector. Rather than relying solely on the last
hidden state, attention computes a context vector as a weighted combination of all
encoder representations, where the weights indicate the relevance of each input token to
the current output token. This capability proved crucial in overcoming the information
bottlenecks and dependency problems that characterize RNN-based architectures.

In mathematical terms, an attention module operates on three sets of vectors: Queries
(Q), Keys (K), and Values (V). The mechanism computes compatibility scores between
queries and keys, converts these scores into a probability distribution (usually via the
softmax function), and uses the resulting weights to form a context vector as a weighted
sum of the values. The general formulation can be expressed as:

Attention(Q, K, V') = softmazx(f(Q, K))V

where /(Q, K) is the compatibility function that determines the relevance of each key to
the query.

There are several variants of attention that have been proposed over time, each differing
in how these weights are computed. Additive (Bahdanau) attention [4] uses a small feed-
forward neural network that jointly processes the query and key vectors to produce
alignment scores. In contrast, Multiplicative (Luong) attention [5] measures similarity
through the dot product between query and key vectors, sometimes with an additional
learnable weight matrix, offering greater computational efficiency. The Scaled Dot-
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Product attention [6] normalizes these dot-product scores by the square root of the key
dimension V' dk to stabilize gradients when the dimensionality is large. Formally:

Attention(Q, K, V') = SOft‘!’M(L{E(Q[{T/\/Ek)V

This computes a weighted sum of values, where the weights are determined by the
similarity between query and key representations.

Soft attention computes continuous, differentiable weights across all input positions, while
hard attention makes discrete selections, often requiring reinforcement-learning
techniques for training. Location-based attention [7] explicitly incorporates positional
information. Local attention focuses only on a restricted window of positions around the
most relevant region, whereas global attention allows every query to attend to all input
tokens simultaneously.

A particularly powerful development is self-attention [6] , where different positions within
the same sequence attend to one another. This enables the model to capture
relationships across all time steps in parallel rather than sequentially. Cross-attention, on
the other hand, relates two different sequences, such as the encoder outputs and decoder
states in sequence-to-sequence models. Multi-head attention extends these mechanisms
by computing multiple attention distributions in parallel subspaces, allowing the model to
capture patterns simultaneously.

The Transformer architecture [6] builds entirely on self-attention, eliminating recurrence.
As Figure 5 illustrates, it consists of multiple encoder and decoder layers, each containing
multi-head attention and feed-forward sublayers with residual connections and
normalization. Transformers efficiently model long-range dependencies and have
become the dominant framework for speech and language applications, including
Whisper and XLS-R.

Output
Probabilities

Add & Norm

Add & Norm J=—

Rl N Multi-Head
Feed Attention
Forward N>
N Add & Norm
Add & Norm VERlaR
Multi-Head Multi-Head
Attention Attention
L — At 2
. > L >y
Positional C) Positional
Encodin % i
g Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 5: Transformer architecture consisting of stacked encoder and decoder
layers, each with multihead attention and feed-forward layers. Adapted form [6].
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2.1.7 Generalization and Overfitting

Generalization refers to a model’s ability to perform well on unseen data. Underfitting
occurs when a model lacks complexity, while overfitting arises when it memorizes training
examples instead of learning general patterns. Common regularization strategies include
adding a penalty to discourage large weights, Early Stopping which stops training once
validation performance ceases to improve (Figure 6), Data Augmentation which
increases diversity in the training data, reducing sensitivity to noise. These methods
improve the robustness and generalization of deep networks, especially when training
data is limited.

(2]
[72]
o 1
- i i
| Validation Loss
; Training Loss
— >
0 Early Stopping Number of Iterations

Figure 6: Early stopping strategy based on the relation between validation and
training loss.

2.2 Automatic Speech Recognition (ASR)

Automatic Speech Recognition (ASR) is the process of converting an acoustic speech
signal into a sequence of words (Figure 7). It lies at the intersection of signal processing,
machine learning, and linguistics. Modern ASR systems form the foundation of many
human-computer interaction technologies such as voice assistants, transcription tools,
and subtitle generation. This section reviews the theoretical background of ASR including
its probabilistic formulation, computational architectures, and evaluation metrics,
providing the necessary foundation for understanding singing-voice recognition.

2.2.1 Speech Recognition Fundamentals

The goal of ASR is to find the word sequence W that maximizes the posterior probability
given the observed acoustic signal X. Using Bayes’ theorem, this is expressed as:

~

W = arg maxy P(W|X) = arg maxy P(X|W)P(W)

where:

° P(X|W) is the acoustic model - the likelihood of observing acoustic
features X given word sequence W.

) P(W) is the language model - the prior probability of the word sequence
based on linguistic context.
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This formulation separates acoustic and linguistic knowledge; The acoustic model links
the signal to phonetic units, while the language model imposes grammatical plausibility.
The decoder then searches for the most probable word sequence that maximizes their
product. In practice, decoding combines the acoustic model likelihoods with the language
model priors using a search algorithm such as the Viterbi decoder or beam search. The
decoder explores alternative hypotheses in a lattice, scoring each path as a weighted
sum of acoustic and linguistic log-probabilities. The search finds the most probable word
sequence that maximizes the combined likelihood P(X|W)P(W) under the constraints of
pronunciation lexicons and phonetic context.

Before modeling, the raw waveform is transformed into compact, perceptually motivated
representations. Typical features include Mel-Frequency Cepstral Coefficients (MFCCs)
or log-Mel spectrograms, extracted from short overlapping frames of about 20-25 ms
using Fourier analysis. First and second order temporal derivatives capture dynamics,
while Cepstral Mean and Variance Normalization mitigates channel variability. These
normalized feature sequences serve as input to the acoustic model. ASR is fundamentally
a sequence-to-sequence task, where both speech and text are time-dependent and of
variable length, with no explicit frame-to-symbol alignment.

Most likely
hypothesis
Pronunciation > - € Language
[ Lexicon Decoding Model }

{ Acoustic Model ]

A

{ Feature Extraction J

A

( Speechsignal )

Figure 7:Simplified ASR pipeline

2.2.2 Conventional (Statistical) Approaches

In early ASR, temporal variability was modeled using Hidden Markov Models (HMMs).
Each phoneme is represented by a sequence of hidden states, and each state emits
acoustic features with certain probabilities.

An HMM is defined by:
° States © = {31: 52y ey SN}

e  Transition Probabilities @i = £ (s;si)
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e  Observation Probabilities 2; (%)

° Initial state distribution

The joint probability of an observation sequence X and a state sequence S is

T
P(X,8) = g, bsy (1) | [ @sers0 b (1)

t=2

The Markov assumption simplifies modeling by assuming each state depends only on the
previous one. Training uses the Baum-Welch(forward-backward) algorithm, a special
case of Expectation-Maximization that estimates transition and emission probabilities
from unaligned data. Decoding employs the Viterbi algorithm, a dynamic-programming
procedure that finds the most likely state path given the observed features. A single
phoneme, for instance, may be represented by three sequential HMM states (onset,
steady, offset), capturing its temporal evolution.

To model the continuous distribution of acoustic features, each HMM state uses a
Gaussian Mixture Model (GMM):

bj ('L) - Z Cim N(l’v Hims Ejm)

where € are mixture weights, and N (@5 pm: Zjm) is a Gaussian component. Although
effective, GMM-HMM systems relied on extensive feature engineering and large labeled
datasets. The parameters Hjms> 2jm: Cim are estimated via Expectation-Maximization
(EM), alternating between computing component responsibilities and maximizing
expected likelihood.

The language model estimates the probability of a word sequence as

P(W) = H P(wg | w1, w9, ..., wy_n41)

t=1

where N-gram statistics are learned from text corpora. During decoding, the system

searches for the word sequence maximizing the productP(X|W)P(I’V). Early decoders
applied the beam-search algorithm to maintain multiple candidate hypotheses and
combined acoustic and language-model scores.

2.2.3 Transition to Neural Acoustic Models

The limitations of GMMs led to Deep Neural Networks (DNNs) replacing them as acoustic
models [8]. In a DNN-HMM hybrid, a deep feed-forward network predicts posterior
probabilities of HMM states:

P(s¢|z)
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which are converted to likelihoods during decoding. Training typically minimizes cross-
entropy loss between predicted and reference state labels. Input features are often
stacked over a temporal context window to provide temporal context. RNNs and LSTM
units [9] captured long-range temporal dependencies that HMMs could not model. These
hybrid architectures achieved major accuracy gains and served as a bridge to fully end-
to-end systems.

2.2.4 End-to-End ASR Architectures

A major shift occurred with end-to-end training, where the model directly maps acoustic
features to character or word sequences without explicit state alignment. Connectionist
Temporal Classification (CTC) [10] introduced a differentiable loss for unsegmented
sequences, while attention-based encoder—decoder models [11] jointly learned alignment
and transcription. CTC enables training without frame-level alignment by summing over
all valid alignments between input and output. A special blank symbol accounts for
variable phoneme durations. The model maximizes

PYIX)= Y HP )

reB-1(Y) t=1

~1
where B (Y) is the set of frame sequences that collapse to the output label sequence
Y. CTC assumes monotonic alignment and works well for short or medium-length
utterances.

The Listen, Attend and Spell model [11] introduced attention mechanisms that learn soft
alignments between audio frames and output tokens:

Cy = E (87X h,
2

where %; are encoder states and @i are attention weights. This approach jointly learns
alignment and language modeling, though it can struggle with very long sequences.

Modern systems use Transformer [12] and Conformer [13] architectures, which combine
self-attention with convolution to model both global and local context. These frameworks
unify the acoustic and language modeling stages within a single network, trained with
hybrid CTC and attention objectives. RNN-T [14] extends CTC by including a prediction
network for previous outputs and a joint network combining encoder and prediction states.
It computes symbol probabilities conditioned on both acoustic and linguistic context,
enabling online decoding.

2.2.5 Self-Supervised and Multilingual Learning

Recent advances in self-supervised learning have enabled pre-training on massive
collections of unlabelled audio. wav2vec 2.0 [15] learns contextualized speech
embeddings by predicting masked segments of the audio representation. XLS-R [16]
scales this approach to hundreds of languages, demonstrating strong cross-lingual
transfer for under-resourced domains.
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At an even larger scale, Whisper [17] uses 680 000 hours of weakly supervised
multilingual speech-text pairs to train a universal encoder-decoder model capable of
transcription, translation, and speech detection. These foundation models learn
language-agnostic acoustic features that can be efficiently fine-tuned or adapted to new
domains such as singing voice. They represent a shift from task-specific training toward
universal speech encoders that require minimal labeled data.

2.2.6 Evaluation Metrics and Benchmark Corpora

ASR performance is commonly measured by the WER and Character Error Rate (CER),
defined as the normalized edit distance between the predicted and reference
transcriptions [18]:

S+D+1

7 —

WER N

Widely used benchmarks include LibriSpeech [19], consisting of 1 000 hours of English

audiobook recordings, and Common Voice [20], a multilingual dataset that supports

research on diverse accents and speaking styles. These corpora provide controlled,

speech-oriented data that underpins most ASR evaluation. However, they lack the
prosodic and expressive variability found in music.

3. Related Work
3.1 ALT

Ongoing progress in speech recognition has provided a solid basis for modeling the
relationship between sound and language. However, extending these systems to singing
voice introduces a new challenge that ASR frameworks have to handle. Automatic Lyrics
Transcription (ALT) refers to the process of automatically converting sung vocals in music
recordings into textual lyrics. It lies at the intersection of Automatic Speech Recognition
(ASR) and Music Information Retrieval (MIR). ASR for singing remains a distinct and
highly challenging subfield of speech technology. [21] provides one of the most
comprehensive analyses of why recognition of sung vocals diverges fundamentally from
spoken language processing. Singing introduces extreme pitch variability, melismatic
vowel extension, rhythmic irregularity, and expressive pronunciation, while being further
complicated by background accompaniment that masks vocal harmonics and phoneme
boundaries. These properties mess with the acoustic and temporal assumptions of ASR
models trained on clean, conversational speech. Early surveys and application overviews
also emphasized how these properties complicate phonetic modeling and alignment
compared with spoken language [22], [23], [24].

The first generation of ALT systems adapted classical ASR pipelines to solo singing.
HMM-based recognizers with MFCC features decoded phoneme sequences from
monophonic vocals, often after rudimentary vocal enhancement [25]. However, the
presence of accompaniment in commercial mixes introduced strong interference that
degraded recognition. Even with better front-ends, traditional systems struggled to
generalize across genres and vocal styles [26]. As deep learning matured, neural
architectures supplanted hand-engineered features and became the default in ALT (see
§2.2.4). In parallel, community datasets, including DAMP-Sing! karaoke vocals and
Jamendo, established reproducible benchmarks for singing voice research [27].More
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recently, large multilingual, weakly supervised speech models (Whisper, XLS-R) provided
strong zero-shot baselines and compelling starting points for lyric-domain adaptation [16],
[17], [28].

3.1.1 Classical and Early Machine-Learning Approaches

Early research in lyrics transcription primarily relied on adapting speech-recognition
architectures to singing. These systems employed HMM-GMM frameworks trained on
speech corpora and adapted to the singing voice through simple duration modeling and
speaker adaptation [25]. The introduction of monophonic karaoke datasets, such as those
developed by [29] using the DAMP Sing! corpus, provided the first reproducible
benchmarks for lyrics recognition. Their baseline system, implemented in Kaldi with
TDNN-F acoustic models, achieved a 19.6% WER, demonstrating that even without
accompaniment, singing presents challenges unseen in conversational speech.

Classical systems typically performed poorly under polyphonic conditions, as they lacked
mechanisms to disentangle vocal energy from accompaniment. Preprocessing steps
such as melody extraction or vocal source separation were therefore introduced to
enhance vocal clarity prior to recognition. Despite these improvements, the dependence
on hand-engineered features and language models limited scalability and cross-genre
generalization, paving the way for deep-learning-based methods.

3.1.2. Deep Learning and End-to-End ALT Systems

The next generation of ALT systems adopted end-to-end neural architectures, unifying
acoustic, alignment, and language modeling into a single trainable framework. Notably,
Gao, Gupta, & Li [30] proposed a multi-task learning approach, where the computational
model simultaneously predicts lyrics and chord progressions. By sharing encoder
representations between lyric and chord tasks, the model captures harmonic context that
guides lyrical decoding. Using a Transformer encoder-decoder trained with a hybrid CTC
and attention objective, it achieved state-of-the-art word-level accuracy on the DALI and
Jamendo datasets, demonstrating that harmonic information can serve as an effective
structural prior for transcription. More recently, unified frameworks jointly perform
transcription and alignment, further reducing reliance on external aligners and
hand-crafted priors [31].

3.1.3 Self- and Semi-Supervised Learning for ALT

Given the limitation of annotated singing corpora, ALT has adopted semi-supervised
learning and self-training. The Self-Transcriber framework [32] introduces a “Noisy
Student” strategy, in which a teacher model generates pseudo-labels for unlabeled
singing audio, and a student model retrains on these pseudo labels with heavy data
augmentation. This approach achieved strong performance improvements with only a few
hours of labeled data. A related technique proposed by Pham et al [33], refines pseudo-
label generation through meta learning, by optimizing the teacher model to produce labels
that best improve student generalization. Such optimization provides theoretical
grounding for iterative pseudolabeling in ALT pipelines. Both frameworks contribute to
efficient training paradigms that are vital for low resource musical genres and languages.

Large pretrained language models have further advanced ALT. Radford et al. [17]
demonstrated remarkable zero-shot transcription ability across dozens of languages by
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training on 680,000 hours of weakly labeled speech—text pairs. Building on Whisper, Zhuo
et al. [34] combined Whisper transcriptions with GPT-based post-processing to improve
semantic and syntactic coherence in multilingual lyrics. Similarly, Song et al. [35]
introduced parameter-efficient fine-tuning for multilingual ASR by attaching language-
specific LORA adapters to the Whisper model, mitigating interference between languages
and enabling efficient language expansion. Beyond Whisper-style pretraining, SpeechLM
[36] enhanced speech pretraining with unpaired textual data, unifying speech and text
into the same discrete semantic space with a unified Transformer network, and achieving
stronger low-resource ASR performance through tighter integration of acoustic and
linguistic representations.

3.1.4 Foundation and Cross-Lingual Speech Models Relevant to ALT

The ASR models discussed in chapter 2.2.5 -namely wav2vec 2.0, XLS-S and
Whisper- have become essential for ALT in recent years. Their ability to learn universal
acoustic representations that generalize across languages and domains, and to transfer
knowledge from speech corpora allows them to perform effectively in diverse settings,
such as singing voice recognition. In practice, researchers conduct pretraining, fine-
tuning and prompt-based adaptations on them to enable accurate lyric transcription.

3.2 Lyrics Alignment

Lyrics-to-audio alignment aims to temporally synchronize the words or phonemes of lyrics
with the corresponding regions in a song’s audio waveform. This process is
complementary to ALT but places its emphasis on temporal precision rather than lexical
accuracy. Accurate alignment is essential for applications such as karaoke displays,
automatic subtitling, singing voice analysis and data preparation for supervised ALT
training.

3.2.1 Early Forced-Alignment and HMM-Based Models

The earliest frameworks adapted speech forced-alignment systems to the musical
domain by employing HMMs and manually designed acoustic features. An example is
Mesaros & Virtanen [23], who introduced a two-stage pipeline combining melody
extraction and sinusoidal modeling to isolate vocal segments before applying a phoneme-
level HMM recognizer tailored to singing. Their alignment grammar allowed optional
pauses and instrumental gaps between lines, resulting in a median line-boundary error of
0.64 seconds on a corpus of 17 songs.

Subsequent studies refined this paradigm by incorporating additional musical cues.
Fujihara et al. [37] proposed synchronizing lyrics and CD recordings through Viterbi
alignment of separated vocal tracks, while Mauch et al. [26] integrated chord-progression
information into the HMM to constrain temporal transitions, improving robustness to
instrumental overlaps.

3.2.2 Semi-Supervised and Genre-Aware Alignment
Researchers explored semi-supervised and genre-conditioned strategies. Gupta et al.
[38] introduced a segmentation-based semi-supervised alignment method in which a

cappella performances are divided into short, high-energy segments, transcribed by an
ASR model, and matched to written lyrics using Levenshtein distance to identify reliable
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anchor segments. These anchors are then used to adapt the acoustic model iteratively,
achieving substantial WER reduction and ~73% human-verified correctness.

A complementary line of research investigates genre-informed acoustic modeling,
motivated by the observation that vocal clarity, spectral density, and rhythmic regularity
vary widely across musical styles. For instance, Gupta et al. [39] extended conventional
ASR frameworks with genre-specific phone and silence models, training both on
polyphonic mixtures rather than isolated vocals. Their experiments showed that
polyphonic training and genre-aware silence modeling significantly reduced alignment
errors and word error rate compared to genre-agnostic baselines, achieving state-of-the-
art performance across multiple public song datasets.

3.2.3 CTC-Based Forced Alignment & Segmentation

Bridging traditional HMM pipelines and recent cross-modal methods, a widely
adopted paradigm for precise lyrics-to-audio alignment builds upon Connectionist
Temporal Classification (CTC) models. Unlike HMM-based approaches that rely on
explicit state transitions, CTC provides a differentiable objective for modeling monotonic
alignments between an acoustic sequence and a known transcription. During alignment,
a pretrained CTC acoustic model outputs frame-level posteriors over tokens and a special
blank symbol; the optimal path is then obtained via Viterbi decoding programming,
constrained to match the given lyrics in order. This creates timestamped boundaries for
words or phonemes and supports accurate segmentation of long recordings without
additional supervision.

A widely adopted paradigm for precise lyrics-to-audio alignment builds upon
Connectionist Temporal Classification (CTC) models. Unlike HMM-based approaches
that rely on explicit state transitions, CTC provides a differentiable objective for modeling
monotonic alignments between an acoustic sequence and a known transcription. During
alignment, a pretrained CTC acoustic model outputs frame-level posteriors over tokens
and a special blank symbol; the optimal path is then obtained via Viterbi decoding
programming, constrained to match the given lyrics in order. This creates timestamped
boundaries for words or phonemes and supports accurate segmentation of long
recordings without additional supervision. The approach was formalized by CTC-
Segmentation [40], which demonstrated that CTC posteriors can reliably derive segment
boundaries at scale for end-to-end ASR corpora. Subsequent toolkits and
implementations, such as the NeMo Forced Aligner [41] and TorchAudio’s forced
alignment utilities, have operationalized these ideas for multilingual and word-level
alignment. More recent work [42] refines alignment accuracy by introducing label priors
to mitigate “peaky” CTC posteriors and improve onset and offset estimates.

3.2.3 Neural and Cross-Modal Alignment

Recent advances leverage neural sequence modeling and cross-modal contrastive
learning to align audio and text directly. Demirel et al. [39] proposed a pipeline to identify
reliable anchor words with a biased ASR/LM, segment the performance around these
anchors, and then perform a second-pass, CTC-based alignment on each segment.
Building on this direction, Durand, Stoller, & Ewert [44] proposed a fully contrastive audio-
text embedding framework, where an audio encoder maps short spectrogram patches to
latent vectors, while a text encoder embeds lyric tokens. During training, it maximizes
similarity for matched pairs and minimizes for mismatches.
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Parallel efforts address real-time alignment for karaoke and live performance. Park et al.
[45] proposed a lyrics-to-audio alignment system for karaoke and live performance by
combining phonetic and musical cues. Instead of relying solely on low level acoustic
features such as mel-spectrograms, they extracted Phonetic Posterior Gram (PPG)
embeddings -from a pre-trained ASR acoustic model used purely as a feature extractor-
to represent what phoneme is being sung at each frame as a vector of phoneme
posteriors. These PPGs are independent to speaker and pitch, making them more robust
to the melodic variability in singing. PPGs are then combined with chroma features, which
summarize the underlying harmonic progression, resulting in a joint representation that
captures both linguistic content and musical structure. This design enables real-time
alignment of the incoming audio to the target lyrics.

3.3 Low-Resource and Greek-Specific Research

Automatic lyrics transcription in low-resource languages remains an under-explored yet
critical research frontier. The challenge extends beyond the scarcity of labeled data to
encompass dialectal variation, orthographic complexity, and domain mismatch between
spoken and sung speech. Consequently, researchers have focused on transfer learning,
self-supervised pre-training, and domain adaptation techniques that can leverage high-
resource data while efficiently adapting to new acoustic and linguistic domains [15], [17],
[28].

3.3.1 Low-Resource ASR and Domain Adaptation

Building on the foundation models described in Section 2.2.4, domain adaptation
techniques allow effective fine-tuning when data are limited. The M2DS2 framework [46]
combines self-supervised fine-tuning and pseudo-labelling on in-domain audio, improving
recognition accuracy for Modern Greek. Similar principles have been explored by
Damianos et al. [47], who introduce MSDA, a two-stage unsupervised domain adaptation
pipeline that combines self-supervised pre-training with pseudo-label-based teacher-
student training to reduce domain mismatch in ASR, showing strong gains in low-resource
settings such as Greek.

Complementary strategies include parameter-efficient transfer learning which further
reduces computational demands, and multistage or staged fine-tuning for extremely small
corpora. For instance, Pillai et al. [48] proposed a multistage strategy based on Whisper,
where they first fine-tune on a higher-resource, linguistically related language (Tamil),
and then adapt to the low-resource target, resulting in lower WER than direct adaptation.

Another promising strategy is curriculum pretraining. Rather than training models
uniformly across tasks of varying difficulty, one gradually increases task complexity, such
as from pure transcription to semantic or translation tasks. For instance, Bansal et al. [49]
show that pretraining an encoder on a high-resource ASR task, then fine-tuning on a low-
resource Speech Translation task, results in substantial gains, especially via transferred
acoustic representations.

3.3.2 Greek Speech and Music Resources
The Greek Audio Dataset (GAD) [21] was among the first publicly described corpora

linking Greek music audio with metadata and lyrics, later expanded through the Greek
Music Dataset [51] and subsequent work on metadata-driven music retrieval. In the
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broader speech domain, recent large-scale efforts have strengthened Greek ASR
infrastructure. The Greek Podcast Corpus [52] aggregates over 800 hours of
spontaneous, conversational speech, while the Greek Dialect Benchmark [53] assesses
recognition robustness across regional dialects.

Together, these resources expand acoustic and linguistic coverage across genres,
registers, and dialects, providing a foundation for modern Greek ASR models. However,
despite these advances, there remains no publicly available Greek lyrics transcription
pipeline. Existing Greek ASR models, such as wav2vec 2.0 XLS-R (Greek) achieve high
accuracy on spoken language but struggle with the prosodic, melodic, and expressive
variability of singing. Consequently, the development of a specialized Greek ALT
framework remains an open research need.

3.3.3 Toward a Greek ALT Pipeline

A practical Greek ALT system can be conceptualized as a multi-stage pipeline: i) vocal
isolation using modern source-separation tools, ii) acoustic modeling via pre-trained
multilingual encoders fine-tuned on Greek singing using parameter-efficient adapters, iii)
temporal synchronization using contrastive or CTC-based alignment, iv) and weak
supervision through pseudo-label generation and iterative re-training. This design merges
state-of-the-art techniques from multilingual ASR, self-supervised learning, and
alignment, tailored to the Greek musical context.

lll. PRACTICAL PART: EXPERIMENTS

4. Methodology
4.1 Overview

The methodology adopted in this thesis is designed to build a robust pipeline for ALT. All
computational experiments were conducted on two systems, the ILSP Borges Cluster
and EUroHPC Leonardo Supercomputer [54]. Both environments provided multi-GPU
nodes, CUDA-enabled Pytorch installations and shared storage systems. The overall
workflow is divided into two major stages: i) Dataset Preparation and ii) Lyrics
Transcription. Each stage addresses specific challenges posed by singing voice data,
from removing instrumental interference to creating clean, segmented datasets, and
finally adapting state-of-the-art ASR models to the domain of singing.

The Dataset Preparation stage’s pipeline as illustrated in figure 8, constructs a complete
training corpus from raw Greek music data. It begins with source separation using
Demucs_ft to extract clean vocal stems from polyphonic recordings, followed by Kaldi-
style segmentation and transformation. Subsequently, a CTC-based aligner generates
time-synchronized lyric segments, which are then enriched with English translations
through GPT-40-mini to create a multitask aligned dataset. The processed data is
converted into a Hugging Face-compatible dataset for downstream model training.
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GPT-40-mini

CTC-based aligner

Dataset Aligned segmented
Preparation Kaldi dataset
Kaldi Transformation J |:> Clean Kaldi dataset

Ht_Demucs_ft

:> e Vs
( Greek Audio Dataset J |::> 1000 songs + lyrics

Figure 8 : Methodology Overview Pipeline: Dataset Preparation

In the Lyrics Transcription stage (Figure 9), Whisper models are fine-tuned for both
transcription and translation under three configurations: i) transcription-only, ii) multitask,
and iii) two-stage adaptation. The performance of each configuration is assessed using
WER, complemented by error analysis and a qualitative discussion of system outputs.

] e T
_————{ | EnmorAnalysis | |
- ————{|bEcission

Lyrics | -
Transcription \ ____________-——1 | Transcription | |
Fine-Tuning-Whisper J%‘:}_: —— [ [ Mutitask | |
" []

~— 1 2-stages

Figure 9: Methodology Overview Pipeline: Training and Evaluation

4.2 Dataset

The primary resource for this study is the Greek Audio Dataset (GAD) [50], which
constitutes the first standardized collection of Greek music data for MIR research. The
dataset contains 1,000 popular Greek songs covering a broad spectrum of genres,
including Urban and Popular folk, Rock, Hip Hop/R&B, Pop. In addition to genre
annotations, each track is also accompanied by lyrics, manually annotated mood labels
following the Thayer model, and metadata such as artist, title, and genre. A distinctive
feature of GAD is that it does not directly provide copyrighted audio content, but it offers
extracted audio features (timbral, rhythmic, and pitch-related) and links to the
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corresponding songs on YouTube, thus enabling researchers to obtain the raw audio
when required. The dataset therefore provides both a rich linguistic resource, through its
lyrics, and a musically diverse collection of audio features and metadata, making it
particularly suitable for research on ALT and related MIR tasks.

4.3 Source Separation with Demucs

Since most publicly available music corpora are polyphonic, it is necessary to isolate the
singing voice from instrumental accompaniment before training and evaluation. To
facilitate large-scale processing, the raw audio files were first organized into batches of
100 WAVs each. This step ensured efficient scheduling and minimized file handling
overhead during source separation, while also making the pipeline more resilient to
interruptions.

In this work, Demucs is employed as a source separation tool, using the htdemucs_ft
configuration [55]. This configuration corresponds to the Hybrid Transformer Demucs
model, which has been additionally fine-tuned on curated music separation data.
Compared to the base model, htdemucs ft provides improved separation quality,
particularly for vocals, which makes it especially suitable for lyrics transcription tasks.

To ensure reproducibility, separation was carried out with deterministic settings (--shifts
0). Two-stem separation was chosen in order to output only the vocal and accompaniment
tracks, thereby reducing storage requirements while maintaining high-quality vocal stems.
After separation, the vocal tracks were downmixed to mono and resampled to 16 kHz,
matching the input assumptions of Whisper and lowering computational cost without
compromising intelligibility. Normalization was applied to maintain consistent loudness
levels across files. This pipeline design ensures that the training and evaluation corpora
contain vocal content with minimal residual accompaniment. Performing lyric alignment
on the separated stems rather than on the polyphonic mixture avoids timing mismatches
and improves the reliability of both alignment and transcription.

4.4 Kaldi Data Conversion

Before running the forced alignment pipeline, the corpus is converted into Kaldi-data
format. Starting from a curated list of recording identifiers, each one is mapped to its
corresponding WAV file and lyric line, producing the standard Kaldi files (wav.scp, text,
utt2spk, and spk2utt). Lyric files are normalized and flattened into sentence-like lyric lines.
Since the experiments in this phase did not model multiple speakers, a constant speaker
label (singer1) is assigned to all utterances in utt2spk, and the reciprocal spk2utt mapping
was generated automatically. This Kaldi representation of the corpus serves as the single
source of truth for subsequent steps.

4.5 Lyrics Alignment and Segmentation

Following source separation and transformation into kaldi form dataset, the vocal stems
are aligned to their corresponding lyrics to obtain time-stamped supervision suitable for
fine-tuning. Alignment is performed with a CTC-based forced aligner implemented in a
custom pipeline built on the Wav2Vec2 architecture. The system processes each
recording in windowed audio chunks of 30 s with 2 s context overlap, producing word-
level timestamps that indicate when each lyric fragment is sung. For languages
unsupported by the alignment model’s vocabulary, the pipeline can enable romanization.
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To quantify alignment reliability, each utterance is scored using a composite alignment
quality score that combines the percentage of aligned words, the average CTC log-
probability over aligned tokens, and a duration regularity penalty that down-weights
segments containing abnormally long words. The output of the pipeline is a segmented
Kaldi-style dataset comprising:

- segments with lines of the form <utt_seg_id> <utt_id>

- text mapping each <utt_seg_id> to its aligned lyric fragment

- wav.scp mapping each <utt_id> to the absolute path of the separated vocal WAV
- utt2spk propagating speaker identifiers

- utt2score with per-utterance alignment confidence.

4.6 Translation

To enable parallel transcription-translation experiments, we augment the segmented
Kaldi corpus with English translations. For each Greek segment, the corresponding
English text is generated using OpenAl GPT-4o0-mini) Each Greek lyric segment is
translated individually, and the resulting English texts are paired with their corresponding
segment identifiers, forming a bilingual Kaldi dataset. This setup supports both Greek
transcription and speech-to-English translation within a unified framework. By aligning
translations at the same segment level as the forced-aligned audio, the dataset maintains
synchronization between audio, Greek text, and English text, minimizing alignment drift
and ensuring consistency for multitask Whisper fine-tuning.

4.7 Kaldi to Hugging Face Dataset Conversion

In the last preprocessing step, the segmented Kaldi corpus is converted into a Hugging
Face dataset, suitable for model training and evaluation. The converter receives the Kaldi
files and builds a manifest keyed by segment identifiers. For each entry, the
corresponding portion of the vocal stem is extracted based on its aligned start and end
times, downmixed to mono, and resampled to 16 kHz to match Whisper's input
specifications. When alignment confidence scores are available, a filtering step removes
low-quality segments to maintain dataset reliability. The resulting dataset contains one
record per aligned lyric segment, including i) the audio array and sampling rate, ii) the
normalized Greek transcription, and iii) when applicable, the English translation.

4.8 Lyrics Transcription with Whisper

As a baseline system, the OpenAl Whisper model is employed for both transcription
(Greek lyrics) and translation (Greek to English). Whisper is particularly suitable for this
task due to its multilingual coverage and robustness to domain shifts. Two modes of
operation are investigated. First, zero-shot inference is carried out using the original
pretrained models, in particular Whisper-small and Whisper-medium. Second, the models
are fine-tuned on singing voice data, using the aligned datasets prepared in the previous
stage. In this way, the experiments examine both the performance of foundation models
and the gains that can be achieved through targeted domain adaptation.
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4.9 Fine-Tuning Whisper for Lyrics Transcription and Translation

Model adaptation is conducted by fine-tuning the Whisper family on the aligned, segment-
level Hugging Face dataset described earlier. Since the goal of this stage was to adapt
the pretrained speech recognition model to the domain of Greek singing voice, while
simultaneously investigating how task composition (transcription versus multitask
training) and model scale influence recognition accuracy, multiple model scales such as
Small, Medium and Large Whisper checkpoints and multiple training configurations are
examined. The idea was that multitask training can improve transcription by jointly
regularizing the encoder-decoder; ASR sharpens acoustic-phonetic representations
while translation supplies a clean language objective that enhances normalization and
long-range consistency, reducing overfitting, hallucinations, and repetition, thereby
lowering WER in practice.

Firstly, with the transcription-only configuration the model learns to map Greek audio
segments directly to Greek text. Then, fine-tuning is conducted with a combination of both
transcription (Greek audio to Greek text) and speech-to-text translation (Greek audio to
English text) tasks in a unified training loop. For multitask experiments, the same dataset
serves as the source for both tasks. The Greek transcriptions and their corresponding
English translations (generated in Section 4.6) are paired by segment identifiers, allowing
a one-to-one alignment between input audio and both output languages.

To alternate systematically between the two tasks, a custom sampler is implemented.
This sampler interleaves transcription and translation batches in a fixed pattern, ensuring
that each batch contains examples from only one task. The sampler receives two subsets,
one for transcription examples and one for translation examples, and creates indices in a
deterministic sequence such that a fixed number of transcription batches are followed by
translation batches. For transcription-only experiments, the sampler is disabled, and the
model is trained purely on the Greek subset.

Input features are extracted at 16 kHz mono using the Whisper feature extractor. For
each experiment, two WhisperProcessor instances were initialized. One with
task="transcribe" and language="el", and one with task="translate" and language="en".
A multilingual collator is designed to dynamically select the transcription processor for
Greek and the translation processor for English. The collator ensured that each batch is
internally consistent in both task and language, and automatically tokenized the
corresponding text or translation fields. Each example therefore contains the waveform
array, sampling rate, and either a Greek or English text target.

The entire pipeline is implemented in Python using the Transformers and Datasets
libraries, ensuring full compatibility with Hugging Face interfaces. Training uses the
Seq2SeqTrainer class from the Transformers library, configured with the AdamW
optimizer, a learning rate of 5 x 1073, and mini-batches of 4-8 segments per GPU. Mixed-
precision training (FP16) is enabled automatically on CUDA devices to accelerate
computation and reduce memory usage. Each run consists of five epochs, with
checkpoints saved once per epoch and all intermediate results are stored in structured
experiment directories.

4.10. Staged fine tuning

A two-stage fine-tuning is also adopted to reduce the domain gap between speech and
singing. Stage-1 is the fine-tuning of Whisper-Medium on Greek speech (Common Voice

45 Frangiadaki Maria



Automatic Lyrics Transcription for Greek Songs

EL) using a transcription objective with fixed language (“el”’) and consistent decoding
settings. This stage adapts the acoustic encoder to Greek phonotactics, prosody, and
orthography under cleaner speech conditions. In Stage-2, the training is continued at the
same checkpoints on the Greek singing corpus, using the same tokenizer and
normalization and the same evaluation protocol. Depending on the experiment, the
multitask mixture is either kept or switched to transcribe-only to specialize on ALT. A
smaller learning rate is employed in Stage-2, gradient accumulation to match effective
batch size across stages, and early stopping on validation normalized WER computed
with identical text normalization. Decoding (beam size, language setting, task flag) is held
constant across stages to ensure comparability.

4.11 Testing & Evaluation Protocol

Model evaluation is performed with a dedicated inference script that generates
transcriptions and translations from the held-out for testing HF segment-level dataset and
computes normalized WER. The evaluator first loads the on-disk Hugging Face dataset
and, when necessary, flattens DatasetDict splits into a single iterable dataset. It supports
record-level filtering based on segment identifiers. Before scoring all references and
hypotheses undergo normalization that produces a “normalized WER” which measures
lexical accuracy.

At inference time, the script loads the Whisper weights from the fine-tuned checkpoint.
Decoding is performed on GPU and uses a generation configuration initialized from
openai/whisper-large-v2 for modern token maps. For each batch of segments, the
evaluator constructs input features with the processor’s feature extractor and generation
is performed with task-specific and language arguments. The evaluator runs two passes
per recording, one for transcription and one for translation. WER is computed using the
jiwer library over all normalized hypotheses and references aggregated by task.

The evaluation pipeline produces two main outputs. The first is a TSV file containing one
row per segment, including the recording ID, segment ID, task type (transcribe or
translate), reference text, and model hypothesis. The second is a JSON summary
reporting normalized WER per task, along with metadata such as model and dataset
paths, task type, language, timestamp, and computational host.

5: Experiments & Results
5.1 Zero-Shot Baseline (Before Fine-Tuning)

As a first experiment, Openai/whisper-medium is evaluated in zero-shot mode (no
singing-domain adaptation) on the same held-out test set. The decoding is performed in
both tasks (Greek transcription and English translation) with language fixed to Greek to
mirror later conditions.

The model’s performance in WER is 92,1% for transcription and 83,5% for translation.
These values indicate severe weakness on singing acoustics compared to speech-
domain expectations, and they set a clear lower bound for subsequent adaptation.
Manual inspection reveals systematic failures, characteristic of singing. Very common are
the severe phonotactic drift and cluster corruption, hallucinations and semantic drift,
orthographic instability and substitutions that distort lexical identity.
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Overall, the baseline transcriptions are frequently unintelligible, with bursts of
grammatical Greek interleaved with nonsense. This is a clear sign that the acoustic and
prosodic characteristics from speech do not transfer to singing without adaptation. Zero-
shot Whisper relies on speech-domain priors such as stable pitch trajectories,
conversational timing, and low background interference. But as mentioned before, singing
violates these assumptions. The encoder’s acoustic invariances and the decoder’'s
language priors therefore mis-align, producing the observed cluster errors, deletions, and
hallucinations.

5.2 Results Overview on Fine-Tuned models
5.2.1 Major Improvements

After fine-tuning on Greek singing data, best transcription performance is achieved by
Whisper Large (transcribe-only) with normalized WER of 30%. Relative to the zero-shot
Whisper-Medium baseline, this is an absolute improvement of = 67.4%. This magnitude
of gain substantiates the claim that domain adaptation is indispensable for ALT in Greek
songs.

For translation, the zero-shot baseline is actually better than the fine-tuned translation
scores. The fine-tuning data and objective emphasize on Greek transcription, not cross-
lingual generation, so adaptation strengthens the Greek bias and destabilizes language
identification in lines that are actually English. In short, transcription benefits, while
translation does not, given our training mix. Of course, the goal of this thesis is exploring
ways to improve lyrical transcription and for this reason only transcription results will be
discussed thoroughly.

Table 1: Baseline vs. Fine-Tuned best performance

Model Task WER (%)
Zero-shot Whisper-Medium Transcribe 92,1
Fine-tuned Whisper-Large, Transcribe 30
Transcribe-only

5.2.2 Quantitative Results Overview

Table 1 presents the normalized WER values obtained across all Whisper model sizes

and experimental configurations. The evaluation considered the three fine-tuned model

capacities: Small, Medium, and Large, and the corresponding fine-tuning schemes:
i.Model fine-tuned with 1:1 mixed multitask in translation and transcription
ii.Model fine-tuned with 2:1 mixed multitask in translation and transcription

iii.Model fine-tuned with 4:1 mixed multitask in translation and transcription

iv.Model fine-tuned with Transcription only
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Table 2: Normalized WER in transcription across all fine-tuned Whisper models

Model Training Setup WER (%)
Whisper Small 1:1 Mixed 51,3
Whisper Small 2:1 Mixed 33,6
Whisper Small Transcribe-only 36,7
Whisper Small 4:1 Mixed 34,9

Whisper Medium 2:1 Mixed 32,3
Whisper Medium Transcribe-only 30,3
Whisper Medium 4:1 Mixed 31,6
Whisper Large 2:1 Mixed 32,3
Whisper Large Transcribe-only 30,0
Whisper Large 4:1 Mixed 31,2

5.2.3 Performance Trends by Model Size
i.Whisper Small

For the smallest variant, the 2:1 mixed configuration achieved the best transcription
performance (33,6%), improving upon the transcription-only setup (36,7%). This suggests
that a moderate amount of auxiliary translation data provides helpful regularization,
nudging the encoder to learn slightly richer, more general representations than purely
monolingual fine-tuning. When increasing the transcription proportion by 4:1 (less
translation), performance slightly worsens relative to 2:1 (34,9%) but still outperforms
transcription-only, indicating that the auxiliary signal remains useful even in small doses.
Given the small model’s limited capacity (244M parameters), the pattern is consistent with
multitask learning theory. Low-capacity models benefit from a balanced auxiliary objective
up to a point. Too little auxiliary data weakens the regularization benefits while removing
it entirely is still a worse strategy.
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i.  Whisper Medium

For the medium-sized model (769M parameters), the trends become more nuanced. The
transcribe-only configuration achieved the lowest WER score of 30,3%, outperforming
both 2:1 (32,3%) and 4:1 (31,6%) setup. This reversal to the small model suggests that
higher-capacity encoders already internalize multilingual and multitask priors from
pretraining, and therefore benefit more from focused adaptation rather than additional
task mixing. The improvements here can be attributed to the model’s ability to reallocate
representational power to capture the specific characteristics of the singing domain
without interference from translation signals. In other words, linguistic focus outperforms
multitask regularization once the model’s scale is sufficient.

iii.  Whisper Large

The Whisper Large model (1.55B parameters) followed the same pattern but with even
greater consistency. The transcribe-only variant achieved the lowest overall WER across
all experiments (30%), slightly improving upon the 2:1 (32,3%) and 4:1 (31,2%)
configuration. This confirms that as the model size increases, the benefits of multitask
training diminish. Instead, targeted fine-tuning on domain-specific transcriptions becomes
more effective for adaptation. The stability of results across the 2:1 and 4:1 configuration
also suggests that large models are more resilient to task imbalance. They maintain
performance regardless of the exact task ratio.

5.2.4 Results Overview on 2-stages fine-tuned model

Table 3: Performance of 2-stages Models

Model Training Setup WER (%)
Whisper Small 2-Stages 2:1 42,3
Whisper Small 2-Stages Transcribe-only 36,6

Whisper Medium 2-Stages Transcribe-only 33,1

Table 3 summarizes the results of the second stage of fine-tuning, where Whisper models
previously adapted on Greek speech were further specialized on singing voice. Among
the tested configurations, the Whisper-Medium transcription-only model achieved the
best normalized Word Error Rate (33%), confirming that larger model capacity and single-
task adaptation are most effective for lyric transcription. In contrast, the Small multitask
model, trained jointly on transcription and translation, produced a substantially higher
WER of 45%, the highest of all the models.

When compared to single-stage fine-tuning, the two-stage adaptation scheme resulted in
only marginal or negative effects on performance. The Whisper Small transcribe-only
model showed a slight improvement, suggesting that pre-adaptation on Greek speech
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may offer minimal stabilization but no meaningful accuracy gain. In contrast, the Whisper
Small 2:1 multitask configuration degraded sharply to 42.3 % WER, indicating that task
mixing after speech adaptation disrupted convergence rather than enhancing
generalization.

A likely explanation for this outcome lies in both the limited size of the Greek Common
Voice corpus and the characteristics of the Whisper pretraining. Since Whisper already
encodes strong multilingual and cross-domain representations, additional fine-tuning on
a small, clean speech corpus provides minimal to none new acoustic knowledge and may
even narrow the model’s distributional coverage, reducing its ability to handle the wider
variability of singing. Overall, these findings suggest that two-stage adaptation does not
offer much for models like Whisper that already exhibit strong cross-lingual transfer.

5.2.5 Qualitive Results Overview: Error-Type Shifts

Across fine-tuned systems, errors cluster into a small set of stable categories:

(i) consonant-cluster corruption producing long invented spans in rhythmically dense lines
(i) vowel/orthographic confusions driven by melisma

(iii) function-word deletions/insertions altering clitics and particles

(iv) semantic substitutions for phonetic neighbors

(v) hallucinations of culturally salient lyrics

(vi) boundary drift, where melismas shift word boundaries

(vii) morphology drift, preserving lemmas but altering inflection

(viii) named or lexicalized phrase distortions.

(i) More analytically, the dominant source of errors remains consonant-cluster
corruption in rhythmically dense lines, where music and the way sounds blend together
make the consonants hard to hear clearly. So, the model guesses and turns tight
consonant groups into longer, made-up chunks. An example case is «kovrep marag
ykalwveicy decoded as «kovrepiako¢ arpeiara maraaialouv 1n¢», where the /ndr—gk—z/
complex detonates into multiple syllables that preserve local phonetics but obliterate
lexical identity. Another example is «kave Ta JOUTPA POG V' AOTPAPTOUVEY VS «KAVE TA
ouTpa uag Ta eTuplax. These patterns illustrate the model’s tendency to resolve masked
consonants by interpolating high-probability phoneme n-grams, trading accuracy for
rhythmic fluency.

(i) A second, persistent phenomenon is vowel and orthographic confusion,
especially among I1/n/ei/u and o/w pairs or between homophones created by melisma and
accent suppression. For example, «ogiprivec» becoming «oupivec», «gpgBocy drifts to
«EPYOC», and «TTOU Kal TTOU» 10 «OU Kal TTOU», «0AOI» 0 «0AN», «TPEAOI» tO «TPEANY, « N
Bpadiax» to «oi Bpadia», «va o€ dw va éutrvacy transcribed as «vaoar edw va éutTvacy.
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These are typically short edit-distance substitutions that preserve the syllabic scaffold yet
alter lexical identity enough to count as substitutions in WER. The effect is most visible in
sustained vowels or unstressed syllables, where musical timing downplays phonemic
contrast and the decoder normalizes toward frequent grapheme sequences.

(iii) Function words and clitics constitute a third locus of instability, with frequent
deletions and sporadic insertions that subtly alter propositional content. For example the
insertion in «apnvw ypauua aro tpameliy to «apnvw eva ypauua oro tpamedly. Yet many
cases go the other way: particles like “un, mwg, d¢” drop in quick sequences, as in the
various renderings of «unv meic mw¢ d¢ oou 1o Ta» where one or more function words
vanish. This behavior is consistent with singing’s prosodic hierarchy, where unstressed
function words are easily masked by accompaniment or elongated neighboring vowels,
leading to deletion-heavy edit profiles.

(iv) Closely related are semantic substitutions where a phonetically proximate but
semantically divergent word replaces the target. The contrast between «Eioar ayarn sioai
kpiuay and «Eioar ayarrn gioal xpnuax illustrates a single-token substitution with small
phonetic distance but large semantic shift. Likewise, «Auro mou eiuar xavwy» becomes
«AUTO TTOU €lual Kavwy, «EuBuvoual yia TNV ayavakinon twv moAiTwvy becomes «O¢
QTUVOUQI VIO TNV AYavakKTNon Twv TOAITwWVy, «yiati T adiko 1o {ouuey becomes «yiari T
avrikotwoouue» preserving rhythm and meter while flipping meaning.

(v) Although far rarer after fine-tuning than at zero-shot, lyric-prior hallucinations
still surface in specific configurations and songs, most memorably the repeated
substitution with «diduuoreiyo blues» in both transcribe and translate runs. This
substitution reflects the decoder’s attraction to culturally salient n-grams when acoustic
evidence is noisy or ambiguous.

(vi) Boundary drift is another singing-specific artifact: melisma and syncopation
shift perceived word boundaries, resulting to resegmentations that preserve many
characters but misplace spaces and morpheme edges. The line «ornv auuoudia more
ToUu» becoming «oTnv aupou diarroreTouy is indicative. Here «appoudiax is fractured and
recomposed across a rhythmic boundary. Similar drift appears in «gror mepvouvoa mpiv
@uyw» where variants like «am ™ QuUyw/TUQIyo», Or «TTOU TNV &106A OTEKOTAVE»
transcribed in «mou TNV €1daoTte Kotavey, «Ki orav mma o€ éemepacw» transcribed in «ki
orav mmaoce Eemepacw» emerge in other songs, pointing to the same boundary ambiguity
rather than simple orthographic error.

(vii) Beyond segmentation, the systems display morphology and inflection drift, where
lemmas are preserved but person, number, or case shift under acoustic pressure. For
example, «mmavakpiBo» to «mavakpiBax». In «Twpa OTa Epnua XwpIa UEIVAVE YEPOI Kal
maidiay the output «ueivaue xepi kai maidia» flips number and introduces a near-phonetic
neighbor (xepr for yepor), while «bdimAa o 1oudac kAaiel okugprog» mutates to «kAaig ki
£pToC», merging person change with cluster corruption. Such errors point to incomplete
adaptation of the decoder’'s morphological priors to the elongated and coarticulated
acoustics of singing.

(viii) Finally, fixed expressions and named entities remain obscure under musical
conditions. The phrase «BaAevrivo dyio» is rendered as «umraAevrivo aiyio», conflating
the saint's name with the Greek city Aiyio. Similarly, «mAarnvéviocy is deformed to
«mmAariuévocy. These distortions reveal a gap between the model’s lexicalized phrase
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knowledge from pretraining and its alignment to singing acoustics, where slight phonetic
perturbations trigger retrieval of the wrong lexical template.

Given this difficult transcription example: “oAol yeAouocav cav TpeAol dev nuouva
pMadl Toug” we see a clear, capacity-driven progression and the benefit of task focus.
Whisper Small collapses into severe semantic distortion and morpho-syntactic instability
(“oAn n yevouoa... @euyel pou...”), losing the core verb (yeAouoav) and flipping the
pronoun from “tous” (them) to “mou” (me). Whisper Medium recovers some structure but
still exhibits lexical substitution (“xaipouca” for “yehouoav”) and person/number
mismatches, while keeping the pronoun error (‘wali pou”). Whisper Large (2-to-1)
stabilizes the verbal spine (“yeAoUcav”) and the overall rhythm, yet retains small
insertions (“exei you 6tav”) and still fails to restore “wadi roug.” Finally, Whisper Large
(transcribe-only) produces an almost perfect transcription, correct verb, order, and
prosody with only a residual pronoun shift (‘uadi pou” vs. “uali roug”). Overall, larger
capacity sharply reduces semantic drift and spurious insertions, while single-task
(transcribe-only) fine-tuning further locks down function words, leaving only subtle
pronoun inaccuracies to target next.

IV: Conclusions & Future Work
6. Conclusions

ALT remains a challenging subfield of speech technology, situated between ASR
and MIR. Unlike standard ASR, ALT must operate on highly variable and musically
complex input, where melodic pitch, rhythm, and accompaniment interfere with the
phonetic structure of words. Singing alters vowel duration, intensity, and prosody, while
background instruments further blur spectral cues that ASR systems depend on. As a
result, transferring knowledge from speech-trained models to singing requires careful
adaptation, robust alignment, and domain-specific data. Within this context, the goal of
this thesis was to develop and evaluate an end-to-end pipeline capable of handling these
challenges for Greek singing voice.

This thesis presented a complete end-to-end pipeline for ALT of Greek singing

voice, integrating source separation, forced alignment, dataset preparation, and Whisper-
based fine-tuning. The experimental analysis revealed that model scale, training
objective, and task composition significantly influence transcription accuracy. Larger
Whisper checkpoints consistently achieved lower normalized WER, reflecting their
stronger representational capacity and ability to generalize across domains. Among all
setups, transcribe-only fine-tuning created the most accurate and stable results.
For smaller models, multitask configurations with a 2:1 transcription-to-translation ratio
performed much better than balanced 1:1 mixtures, which indicates that the model
gradually masters the transcription task and benefits from preserving its dominant
objective within the multitask framework. However, these improvements remain marginal
compared to pure transcription training, which continues to offer the most consistent
performance across scales. Finally, the two-stage fine-tuning strategy with pre-adaptation
on Greek speech followed by specialization on singing did not gift measurable gains. The
limited size of the Greek Common Voice corpus and the robustness of Whisper’s
multilingual pretraining likely restricted the benefits of speech adaptation.
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Overall, this study establishes the first systematic benchmark for Greek ALT and
demonstrates that Whisper’s multilingual architecture can generalize effectively to singing
voice when trained on well-aligned, segment-level data. The findings confirm that task-
pure adaptation remains the most efficient and robust strategy for domain specialization
in low-resource singing transcription.

By addressing the specific challenges of Greek ALT-data scarcity, prosodic
variability, and domain mismatch-this thesis lays the groundwork for future multilingual
and cross-modal research in singing recognition and provides a foundation for extending
ALT systems toward more expressive, musically aware, and linguistically rich
applications.

7. Limitations and Future Work

Despite the encouraging results, several limitations constrain the current work. The
Greek singing dataset remains relatively small and stylistically narrow, limiting model
adaptation. Although the inclusion of a forced-alignment stage improved the temporal
accuracy and consistency of supervision, further gains will depend on expanding both the
size and diversity of the Greek singing corpus. Future research should focus on scaling
the dataset by incorporating additional publicly available Greek songs and semi-
supervised annotations to strengthen model robustness. Another promising direction is
to revisit the two-stage adaptation strategy using a larger and more acoustically varied
Stage-1 corpus, such as Greek podcast or broadcast audio, to provide stronger speech
representations before adaptation to singing. Extending this pipeline to English ALT
would also enable broader comparative research under high-resource conditions.

A particularly promising direction involves integrating LLMs, or better Greek-
specific language modeling, for instance models such as Llama Krikri. These models
could provide stronger linguistic knowledge of Greek, helping the system handle rare
words, correct spelling and morphological mistakes, thus improving Greek transcriptions.
Moreover, exploring parameter-efficient fine-tuning methods could reduce computational
costs while maintaining competitive performance. Finally, extending the framework to
capture expressive dimensions of singing, such as pitch, rhythm, and emotion, represents
a natural continuation of this work. Integrating these aspects could lead to richer,
musically aware models capable of both transcription and expressive analysis.
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ABBREVIATIONS — ACRONYMS

Acronym Meaning

ASR Automatic Speech Recognition
ALT Automatic Lyrics Transcription
WER Word Error Rate

ML Machine Learning

NLP Natural Language Processing
DL Deep Learning

SGD Stochastic Gradient Descent
MSE Mean Squared Error

RL Reinforcement Learning

ReLU Rectified Linear Unit

RNN Recurrent Neural Network
BLSTM Bidirectional Long Short-Term Memory
GRU Gated Recurrent Unit

LSTM Long Short-Term Memory
GMM Gaussian Mixture Model

EM Expectation-Maximization
DNN Deep Neural Network

CTC Connectionist Temporal Classification
CER Character Error Rate

PPG Phonetic PosteriorGram

GAD Greek Audio Dataset
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