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Abstract

Applications that aim to transcribe singing performances automatically into music notation are

mostly concerned with representing the singing voice in terms of pitch over time. Little research

has focused on the automatic transcription of lyrics and their representation alongside music

notes on staff notation. Song lyrics are one of the core building blocks of singing performances

and an essential part of the music listening experience. Thus, the automatic retrieval of song

lyrics has a huge potential for impact across many applications such as songwriting tools,

audio/video captioning, karaoke applications, music catalogue creation, music recommendation,

playlist generation and royalty forecasting. This study formalises lyrics transcription by means

of Large Vocabulary Continuous Speech Recognition (LVCSR) from the singing voice and aims

to develop an automatic lyrics transcription system that has a robust and scalable performance

across varying domains. In particular, challenges and opportunities within two major paradigms

of Deep Neural Network (DNN)-based LVCSR systems are investigated: the �rst one is the

hybrid DNN - Hidden Markov Model (DNN-HMM) trained on the Lattice-free Maximum

Mutual Information (LFMMI) objective. For the DNN-HMM framework, a number of novel

methods are proposed: using a lyrics-speci�c corpus for building the language model, a singing-

adapted pronunciation dictionary for modelling common pronunciation variants in singing,

a compact multistream neural network architecture to enhance performance against noisy

environments, and a cross-domain acoustic model with music informed silence modelling. The

second approach to lyrics transcription focuses on the end-to-end models, where transfer learning

is applied via �ne tuning a pretrained speech recognition model on singing data. Speci�cally,

the end-to-end model has a transformer architecture and is trained on the hybrid CTC / Attention

objective.

Some of the key �ndings of this study can be summarised as follows: song lyrics have
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diverse lexical and prosodic characteristics to spontaneous or read speech, thus a lyrics-speci�c

language model often performs better than one trained on speech transcriptions. Secondly,

adapting a pronunciation dictionary to singing data leads to consistent but modest improvements.

The multistream neural network architecture for the acoustic model leads to an improved

word error rate and faster inference performance compared to its single stream counterpart.

Domain invariant transcription performance can be achieved by including both monophonic and

polyphonic recordings during training. Using distinct target class labels for non-vocal silent and

music instances helps improve lyrics transcription rates on polyphonic recordings. The �nal

DNN-HMM model achieves the state-of-the-art by a considerable margin through combining the

aforementioned methods. The experiments on the end-to-end approach show that in the presence

of low data resources, end-to-end models can achieve comparable transcription results to the

DNN-HMM models on solo singing through speech-to-singing transfer. However, the word

error rates of end-to-end models on polyphonic recordings are still much higher than those of

the state-of-the-art DNN-HMM-based ALT. Furthermore, a new evaluation metric is introduced

which measures a model's performance drop across multiple datasets. As a conclusion, this

study elaborates the opportunities and challenges of the DNN-HMM and end-to-end approaches,

provides benchmark results, and contributes to reducing the research and literature gaps between

lyrics transcription and speech recognition with the goal of setting a point of reference for the

next generation of lyrics transcription systems. For reproducibility, the codebase of this thesis is

shared publicly and a tutorial is provided to retrieve the data used in the experiments.
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Chapter 1

Introduction

Music and lyrics co-occur through singing in most human populations around the globe (Clarke,

1952; Levitin, 2006; Donald et al., 2012). In particular, singing with lyrics is a medium of

communication where two of the most complex auditory cognitive abilities of humans coexist:

speech and music (Slevc, 2012). Contrary to spontaneous speech, the intended information

is conveyed with singing lyrics through the complex interaction between musical and lyrical

structure in addition to the linguistic content. In this regard, automatic lyrics transcription (ALT)

is a computational task that is located at the junction of music, speech and language processing.

This dissertation aims to tackle this problem using deep neural networks (DNN) and explores a

number of methods for an improved and generalisable lyrics transcription performance.

1.1 Motivation

Previous psychological studies that examined the function of song lyrics showed that in certain

situations, lyrics can be used to express, explore, and discuss emotions (Ali and Peynircio�glu,

2006; Barradas and Sakka, 2021), feelings, problems, personal ideas (MacDonald et al., 2002;

Gardstrom, 1987) and political views (Van Sickel, 2005), help deal with everyday problems

(Gibson et al., 2000), and in�uence and re�ect listener's daily actions and decisions as well their

music listening behaviour (Ballard et al., 1999; North and Hargreaves, 2008). For instance, Strat-

ton and Zalanowski (1994) argued that listeners may prefer richer, more thoughtful, persuasive,

and emotional lyrics. The authors also found evidence for the addition of lyrics to instrumental
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songs invoked stronger emotions on listeners. Furthermore, the same study argued that when

the music and the lyrics have contradictoryaffectioninformation, the lyrics would be more

in�uential on the induced mood. Song lyrics may give clues about listeners' socioeconomic

status as well (Pettijohn and Sacco Jr, 2009a,b). In particular, the recent study by Putter et al.

(2021) found evidence from lyrics that people in the UK and US with lower socioeconomic

status listened to lyrics that re�ect social isolation and lower satisfaction, during the COVID-19

pandemic. In this regard, lyrics constitute one of the core elements of music that establish a

communication ground between the singer/composer and the audience.

With the digital media revolution, song lyrics have also been exploited extensively to

organise and navigate music collections. While song lyrics can be directly processed from text,

these are often not available or not correctly paired with their music recordings. From this point

of view, the automatic transcription of lyric information has a great potential to enhance the

creation, listening and distribution of music. Such automatic transcription tools are generally

referred to asAutomatic Lyrics Transcription(ALT) systems, which are speci�cally designed to

transcribe the sung lyrics from audio into text.

At �rst sight, the above described systems can be considered to be similar to speech-

to-text machines. Although this perspective would not be terribly invalid as the inputs to

both systems are human voice and the expected output is their orthographic transcriptions,

singing has speci�c attributes compared to natural speech, which stand out as challenges for

the industry-standard speech-to-text machines in transcribing sung lyrics accurately. Similar

to such machines, transcribing sung lyrics is already challenging for human listeners. The

experiments held by Collister and Huron (2008) showed that the word intelligibility is lower for

singing than speech by human listeners. One of the most obvious reasons for this is the way

that vowels are uttered in singing. Collister and Huron (2008) suspected that confusions due to

the timbral and the temporal changes of vowels (which also lead to confusion in the perception

of the surrounding consonants) can be a candidate cause for the lower word intelligibility.

Sundberg and Rossing (1990) considered word intelligibility of sung vowels as a function of

the fundamental frequency of vowel syllables. Palmer and Kelly (1992) showed that vowel

duration variances and extensions change the rate at which syllables are uttered, hence affecting

the prosody. Leanderson et al. (1987) highlighted the physiological differences between natural
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speech and singing, and observed higher glottal pressure variance for the latter. The authors

argued that this is related to the greater emotional expression in singing. (Sundberg, 1995)

showed that vocal styles like vibrato also in�uence word intelligibility. A number of studies

focused on the cluster of powerful formants in the spectrum observed for singing performances,

i.e. the singer's formant (Smith and Scott, 1980; Gregg and Scherer, 2006; Sundberg and

Romedahl, 2009), which is mostly observed in Western opera. These arguments are mostly

concerned with performer (singer) related factors affecting word intelligibility, though listener

and environment related factors are not to be omitted. Due to the hearing effects (like masking),

the listeners' understanding of sung words might be affected by the background noise, especially

when there is are instruments accompanying the vocals (Di Carlo, 2007). The acoustics and the

reverberation of the auditory environment (Sato and Prodi, 2009), and vocal effects (like arti�cial

reverberation, chorus, etc.) are some other major factors that in�uence the word intelligibility.

Furthermore, the pilot study by Ibrahim et al. (2017) highlighted the importance of music genres.

Above mentioned research outlines the major contradictory elements between natural speech

and singing, and must be taken into account when attempting to build a lyrics transcriber.

The automatic retrieval of sung lyrics and transcribing natural speech do not only differ by

their physical attributes. The semantics of both domains are also distinct. Lyrics are somehow

closer to poetry, and natural speech is to prose. Song lyrics are often temporally and structurally

aligned with the underlying musical piece. Non-linguistic words are often neglected during the

automatic transcription of natural speech, however they contribute to the sung melody, hence

should be included in the transcription output. More about these differences between speech

and singing are scrutinised further through a few examples in Section 2.1 - Problem De�nition.

The research in ASR has been developing since long before its applications found place in

the industry. The efforts of numerous researchers and research groups has helped establishing

standardised methods, open-source data resources, and training / testing schemes for model

evaluation. ALT is an emerging �eld, and hence lacks the research and literature that ASR

research has been developing. To reduce this research and literature gap is one of the main

driving factors that motivated the progression of this research.

Until recently, studies in ALT had used private datasets for model evaluation (Fujihara et al.,

2006; Mesaros and Virtanen, 2010a; Hansen, 2012; Kruspe, 2016), which made the model
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comparison across different publications dif�cult. Secondly, the availability of large-scale

training data resources has been among the major bottlenecks for ALT research. For instance, a

benchmark training set in ASR, namely Librispeech (Panayotov et al., 2015) has nearly 1000

hours of transcribed natural speech. The size of the training sets used previously for ALT are

around 150 hours (Meseguer-Brocal et al., 2019), which weren't available until recently. The

curation and distribution of large-scale datasets is not only a bottleneck for ALT, but also for

music information retrieval (MIR) research, due to copyright issues that emerge when sharing

music recordings. From this perspective, this dissertation provides experiments and results

exploiting the available training and evaluation data resources commonly used in research, with

the goal of establishing benchmark ALT results.

Some of ALT's direct use cases include music video captioning/subtitling (e.g. for Karaoke),

music recognition, and query by singing (Watanabe and Goto, 2019). For the task of audio-to-

lyrics alignment - the automatic retrieval of word timings in music signals - the best performing

approaches include a pretrained ALT acoustic model in their core (Gupta et al., 2020). On the

other hand, the language model within ALT modules can be used for lyrics generation (Hopkins

and Kiela, 2017). ALT models also �nd utility in using lyrics for song mood/emotion detection

(Rachman et al., 2018) or improving vocal source separation (Schulze-Forster et al., 2020;

Meseguer-Brocal and Peeters, 2020) and cover song identi�cation (Correya et al., 2018; Vaglio

et al., 2021). In addition, these systems can be utilised in musical therapy methods that are

developed to treat language de�cits (Schlaug et al., 2010). Some other potential applications

of ALT include music composition, playlist generation, music recommendation, and royalty

forecasting. Considering the above mentioned applications that will be enabled and enhanced

via ALT, this research is motivated to improve the applicability of this technology.

1.2 Research Aim

As will be discussed later in Section 2.1, the task of ALT is similar to automatic speech

recognition (ASR), or speci�cally Large Vocabulary Continuous Speech Recognition (LVCSR),

as the �nal desired output of such systems is the transcription of uttered (or sung) words and

characters. LVCSR has already been acknowledged as one of the most challenging tasks within
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the overall machine learning domain, yet ALT is no less challenging, considering the speci�c

characteristics of singing performances and song lyrics mentioned above. Despite the unique

characteristics of song lyrics compared to natural speech, not as much research has been done

on the ALT domain that could potentially enable its application in the industry. This dissertation

is aimed at contributing towards reducing the research and the literature gaps between ASR and

ALT to accelerate the development of the latter research �eld. Within this respect, it strives to

adapt the state of the art deep neural network-based LVCSR techniques to the singing domain.

Therefore, it ponders which of those techniques is more suitable given the open-source data

resources that could be leveraged to build a lyrics transcriber.

This thesis tackles the task of ALT by means of a speci�c data domain of the LVCSR

problem. Although there are several aspects of lyrics to be handled to achieve more context-

aware transcriptions, such as the semantics, rhythmic components, rhyming and the segmentation

of lyrical lines, this study focuses on adapting the existing state-of-the-art methods in ASR to

singing data. The adaptation considers the a number of contrastive dimensions of lyrics and

natural speech, like the lexical diversities, utterance lengths, and the pronunciation variances

which will be quantitatively examined later in Sections 3.3 and 4.2.1. Furthermore, this study

proposes methods to improve transcription performance when there is music accompaniment to

singing.

In recent years, ASR systems in research have reached to a performance level that can be

comparable to human transcribers. For instance, the professional transcribers in the experiments

conducted by Saon et al. (2017) and Xiong et al. (2017) had 5.9 % and 5.1 %word error rates

(WERs)1 respectively on the Switchboard corpus (Godfrey et al., 1992)2. In 2016, Microsoft

reportedWERs below 6 % on the Switchboard corpus (Saon et al., 2017). Recently, IBM's

Research A.I. Team achieved below 5 %WER(Tüske et al., 2021). However, at the time

when the author of this thesis started his Ph.D. research, the lowestWERscore reported on

solo singing was around 34 % (Gupta et al., 2018), which was even higher when there is

musical accompaniment (around 50-60 %WER(Gupta et al., 2020)). This highlights the

large gap in the performances of word recognition systems for speech and singing data. This

1WERis the most commonly used evaluation metric in ASR research, which will be studied later in Section 3.4.
2The Switchboard corpus is a research benchmark dataset for ASR and consists of human conversational speech

data.
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poor performance prevented researchers and engineers from developing the above-mentioned

applications that would leverage lyrics transcriptions. Moreover, being an amalgamation point

for multiple complex information domains, namely music, speech and language, ALT has been

considered to be among the most challenging tasks within Music Information Retrieval (MIR)

research (Humphrey et al., 2018). Therefore, this research aims to improve lyrics transcription

performance through leveraging available data resources and adapting the state-of-the-art in

ASR to singing data.

1.3 Thesis Structure

The content of this thesis is organised according to the following structure:

• Chapter 2 - Related Work provides the background knowledge, goes through the related

previous work, and gives a comparison of the common open-source toolkits used in the

relevant research �eld.

• Chapter 3 - Singing Data for Word Recognitionexamines the singing data available for

research in lyrics transcription, and gives an explanation of the metrics used to evaluate

ALT models.

• Chapter 4 - Hybrid DNN-HMM Lyrics Transcription describes the details of the �rst

approach (as the chapter title implies) for building an ALT system included in this study,

and

• Chapter 5 - End-to-end Lyrics Transcription describes the second approach, which is

end-to-end training, where a number of possibilities to apply speech-to-singing transfer

learning are explored.

• Chapter 6 - Discussion & Conclusioncompares the DNN-HMM and end-to-end ap-

proaches, discusses the future challenges and opportunities in this research �eld, and

summarises the novel contributions of this thesis.
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1.4 Associated Publications

Certain sections in this thesis work were previously published at international peer-reviewed

conferences. The related publications are listed below:

• Emir Demirel, Sven Ahlbäck, and Simon Dixon,Automatic lyrics transcription using

dilated convolutional neural networks with self-attention: The baseline DNN-HMM

model presented in Chapter 4, where the around 5%WERimprovement reported through

self-attention and RNNLM3, compared to the previously best work by the time publication

(Dabike and Barker, 2019).

• Emir Demirel, Sven Ahlbäck, and Simon Dixon,A recursive search method for lyrics

alignment: The model in the above publication is also used in the MIREX 2020: Auto-

matic Lyrics Transcription challenge where it achieved the best results on the monophonic

evaluation set (Demirel et al., 2020b). In addition, a recursive audio-to-lyrics alignment

procedure is presented in this work.

• Emir Demirel, Sven Ahlbäck, and Simon Dixon,Computational pronunciation analysis

in sung utterances: The pronunciation analysis and singing-adapted lexicon presented in

Sections 4.2 were published in this paper (Demirel et al., 2021c).

• Emir Demirel, Sven Ahlbäck, and Simon Dixon,MSTRE-Net: Multistreaming acoustic

modeling for automatic lyrics transcription: Three of the novel methods in building the

DNN-HMM model in Chapter 4, namely the compact multistream TDNN architecture,

music-informed silence modeling and cross-domain training were proposed (Demirel

et al., 2021b). A new polyphonic evaluation set was also presented in this work, which is

discussed in Section 3.1.2.

Note that all the codework and the papers are written by the author of this thesis, and

supervised by the co-authors, Sven Ahlbäck and Simon Dixon.

In addition, further work is done on audio-to-lyrics alignment and sung note segmentation,

which resulted in the following publications:

3RNNLM refers to Recurrent Neural Network-based Language Model, which will be discussed later in Section
4.1.2
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• Emir Demirel, Sven Ahlbäck, and Simon Dixon. Low resource audio-to-lyrics alignment

from polyphonic music recordings. In IEEE International Conference on Acoustics,

Speech and Signal Processing (ICASSP), 2021 (Demirel et al., 2021a) : This work pro-

poses a novel audio-to-lyrics alignment method that can operate on long music recordings

with low memory requirements.

• Yukun Li, Emir Demirel, Polina Proutskova, and Simon Dixon. Phoneme-Informed

Note Segmentation of Monophonic Vocal Music. In 2nd Workshop on NLP for Music

and Audio (NLP4MusA), 2021 (Li et al., 2021): This work presents a novel method for

leveraging the output of the ALT system for the sung note segmentation task.

The details of the last two publications are not included in this document as their topics are

not within the main scope of this thesis.

1.5 Reproducibility

For the reproducibility of the results of this research, the author used and developed open-source

software. These are summarised below:

• Open source ASR Toolkits: Two open-source toolkits are used for building the lyrics

transcribers studied in this thesis, namely Kaldi (Povey et al., 2011) and SpeechBrain

(Ravanelli et al., 2021) packages. A more detailed discussion regarding these toolkits is

provided in Section 2.4.

Links:

Kaldi - https://github.com/kaldi-asr/kaldi

SpeechBrain -https://github.com/speechbrain/speechbrain

• The (A)utomatic (L)yrics (T)r(A)nscription - ALTA package: The package contains

two Kaldi-based recipes for the DNN-HMM lyrics transcription (studied in Chapter 4)

approach and the data retrieval is explained in the instructions. The �rst recipe is for

monophonic lyrics transcription which is used to produce the results by Demirel et al.

(2020a). The second recipe is for training the MStreNet model (Demirel et al., 2021b).

The pretrained models are not shared due to licensing restrictions.
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Link: https://github.com/emirdemirel/ALTA

• A repository is shared with the community to retrieve the newly introduced polyphonic

evaluation set which is curated from a portion of the DALI dataset (Meseguer-Brocal

et al., 2019). The repository contains lyrics annotations, the relevant metadata information

and a Jupyter notebook tutorial to automatically retrieve the audio recordings.

Link: https://github.com/emirdemirel/DALI-TestSet4ALT

• The novel DNN-HMM based lyrics alignment software is developed as an open-source

toolkit. This software uses the pretrained acoustic model from the ALTA package.

Link: https://github.com/emirdemirel/ASA_ICASSP2021

• In addition to the open-source software, all publications and research outcomes are shared

online including video presentations. The list of related talks can be found at:

https://emirdemirel.github.io/alt.html. Speci�cally, the summary of this thesis is presented

at: https://www.youtube.com/watch?v=r-4JEqyDGPs.

1.6 Contributions

The novel contributions of this thesis are listed below:

• Chapter 3: A quantitative comparison between speech and singing data is given. Eval-

uation metrics are explained and a novel metric is proposed in 3.4.2, which measures a

model's performance drop across multiple test sets or different domains. A lyrics-based

corpus for constructing the language model and a new evaluation set for ALT (DALItest240)

is presented in this chapter.

• Chapter 4: The state-of-the-art DNN-HMM based system is presented. Novel methods

proposed in this chapter are: a quantitative pronunciation analysis and a singing adapted

pronunciation dictionary, cross-domain training for building a more robust acoustic model

on polyphonic recordings, the use of the `music' token in the target class set to model

non-vocal (instrumental) instances in polyphonic recordings (i.e. music-informed silence

modeling), and the multistream time delay neural network (TDNN) architecture. In
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addition, an extensive cross-dataset evaluation is performed to measure the proposed

methods' generalisability across all benchmark test sets used in research.

• Chapter 5: The state-of-the-art end-to-end ASR approach is applied on the available

singing data. As a novelty, transfer learning from speech to singing is applied. This

showed that some information between speech and singing is transferable. In addition, a

cascaded transfer learning approach is proposed to adapt the monophonic acoustic model

to the polyphonic domain. Finally, the cross-domain training approach is tested for the

end-to-end models.

• Chapter 6: Comparison of the DNN-HMM and the end-to-end approaches, and an

exploratory error analysis are conducted. Both models are compared with the previous

literature. According to this, the DNN-HMM model outperforms the previous state-of-the-

art in ALT by a large margin. While the end-to-end models have considerably higher error

rates than the DNN-HMM method, the best performing end-to-end model still has better

results than other end-to-end systems reported in the literature. Furthermore, the current

challenges and the future opportunities in ALT research are discussed in this chapter.



Chapter 2

Related Work

This chapter introduces the relevant concepts for understanding the lyrics transcription models

proposed in the following chapters. It begins by de�ning the ALT problem, and proceeds with

the essential theoretical details of two of the most competitive frameworks in speech recognition,

namely Deep Neural Networks - Hidden Markov Models (DNN-HMM) with Lattice-Free

Maximum Mutual Information (LFMMI) training and transformer-based end-to-end (E2E)

systems using the hybrid Connectionist Temporal Classi�cation (CTC) / Attention objective.

After the theoretical introduction, a comparison of the ASR toolkits available for research is

given. Finally, the literature on the recent advances in ALT is studied excluding what is presented

in the following chapters of this thesis.

2.1 Problem De�nition

The task of Automatic Lyrics Transcription (ALT) can be de�ned as the procedure of trans-

forming a singing voice performance with lyrics that has a �nite length of data into a string

of text which is targeted to match that of the original lyrics written by the lyricist. From this

perspective, it is possible to consider this task as ASR in the singing voice domain. Following the

statistical modeling approach presented by Gales and Young (2008), this task can be translated

to estimating the posterior probability that any given stream of sung words or lyrics will be

uttered. This is equivalent to �nding the most probable word sequences,w, given the acoustic

observationsX , and can be formalised as:
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bw = argmax
w

(P(w jX )) (2.1)

Similar to the art of poetry, prosody is a main concern for song lyrics, which is often

in�uenced by the rhythmic patterns of the underlying musical piece (Palmer and Kelly, 1992;

Rasinski, 2006). Likewise the pitch and the melodic structure have an in�uence when uttering

words, which affects how words are pronounced and thus their intelligibility (Fine and Ginsborg,

2014). For instance, consider the following phrase from Act 2 - Scene 2 from Shakespeare's

Twelfth Night:

O time, thou must untangle this, not I.

It is too hard a knot for me to untie!

The prosodic elements would not be identical if the above lines were uttered in prose form

or natural speech, considering words at the beginnings and the ends of lines, the choice and the

articulation of words, and how the sequence of words is ordered. However, the composition

and the singing of lyrics are not in�uenced only by prosody or stress, but also the musical

information conveyed through melodic lines. Consider the same phrase by Shakespeare sung

with the melodic lines shown in Figure 2.11.

Notice the duration, pitch and transition variances between syllables and different interpre-

tations of the piece with the same underlying musical harmonic structure, considering their

corresponding musical notes, and the rhythmic patterns. In addition, there are certain words

repeated multiple times by the singers that are not in the original lyrics. Although the examples

are not necessarily representative of speci�c music styles, they are provided as a re�ection on

how the manner of utterance or pronunciation can be varied depending on the content creator's

musical creativity. In this respect, generalising rules regarding the acoustics, the linguistics and

the semantics of lyrics would not necessarily be a comprehensive perspective when attempting to

solve the ALT problem. Broadly, this research considers ALT as a sequence prediction problem,

and mainly employs relevant concepts of the state-of-the-art Large Vocabulary Continuous

Speech Recognition (LVCSR) frameworks. In this regard, the main approach is developing

1The sheets are generated using the ScoreCloud app which can be downloaded fromhttps://scorecloud.com.



2.1. Problem De�nition 13

(a)

(b)

Figure 2.1: Two examples of lyrics in Western music notation.

methods to adapt the training pipelines and the computational blocks of ASR systems for singing

voice. Although there are endless possibilities for injecting lyrics priors in the transcription

system with the goal of obtaining more semantically and musically coherent output, this thesis

is mainly motivated by providing a baseline for the next generation of lyrics transcribers.

As an additional consideration, common ASR applications often do not include non-

linguistic sounds in the target word space as they contribute minimally to the overall context.

On the contrary, the accurate transcription of such sounds is a major concern for ALT since they

often appear in sung melodies or scat singing. For this reason, the non-linguistic "words" are

not excluded from the target search space or thevocabularyin ALT.

Decoding

In conventional speech recognition,bw in Equation 2.1 is generally estimated usingbeam search,

which can store conditional probabilities of multiple tokens, and provides bestN outputs based
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on the accumulated scores. The search chooses predictions with higher probabilities when

generating hypotheses. Consider
 l is a set of partial hypotheses with lengthl . Beam search

uses the start and end of sentence tokens (<sos> and <eos> respectively) that indicate the

beginning and the end of the predictions. The search begins froml = 0 , and
 0 has only one

hypothesis which is thestart-of-sentence, `<sos>' token. For1 � l � L max, the hypothesis

set can be expressed as
 l = f gl � 1 � wl : gl � 1 2 
 l � 1; wl 2 bwl g, where the operation `�'

denotes concatenation,bwl is the set of all possible predictions at stepl andL max is the maximum

allowed length of the hypotheses in question. Each new hypothesis at thel th time step of the

beam search (i.e.hl 2 
 l ) is generated through concatenating a labelwl 2 bwl to the partial

hypothesisgl � 1 2 
 l � 1 at the previous time step (i.e.hl = gl � 1 � wl ). The beam search score,

� for every new hypothesis,h, is obtained through summing the scores of the partial hypothesis

of the previous time stepgl � 1 and the conditional probability of a token to predict,wl , in the

log domain:

� (hl ; X ) = � (gl � 1; X ) + log p(wl jgl � 1; X ): (2.2)

The search terminates ifwl is predicted to be <eos>, andhl is added to the �nal set of

complete hypothesesb
 l . The �nal prediction is selected to be the hypothesis with the highest

scores:

bw = argmax
h2 b


� (h; X ): (2.3)

In practice for ef�ciency, only hypotheses with theN highest probabilities are kept during

the search process (i.e. less likely labels are pruned).

Alignment

Although this dissertation only targets retrieving sung words and phrases in the correct sequence,

the ALT task overall is not only concerned with retrieving uttered words in a certain order, but

also with their timings, and how they are aligned with the overall musical structure, as the target
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of transcriptions is to guide performers and listeners about the subject musical piece. From

the information retrieval point of view, the task of retrieving word timings can be associated

with the alignment problem. The most common approach to this is the procedure referred to as

forced alignment. In principle, this procedure is based on aligning the target sequence (either on

word, phoneme or syllable level) with the sequence of posterior probabilities. However, forced

alignment considersbw = w, thus does not need to �nd the most probable sequence (i.e. no

need for `argmax'). In practice, this is equivalent to �nding the least cost path of the given

lyrics of a singing performance and its acoustic representation, which is generally achieved by

dynamic programming. More details on forced alignment can be found in the works of Rabiner

and Juang (1993) and Gales and Young (2008).

Although this thesis acknowledges that retrieving word timings of lyrics is important for the

applications of ALT, improving word alignments is not among the prior concerns of the proposed

methods in this research. Instead, this work mostly focuses on the retrieval of the intended

words in the correct order, and does not attempt to transcribe lyrics in a musically structured

manner, or tackle the audio-to-lyrics alignment problem. However, readers are encouraged to

read the distinct approaches to the audio-to-lyrics problem proposed by Stoller et al. (2019);

Gupta et al. (2020); Demirel et al. (2021a) and Huang et al. (2022), and how such systems are

evaluated in the thesis by Dzhambazov et al. (2017).

2.2 DNN-HMM Based Approach

2.2.1 Hidden Markov Models

HMMs are a popular choice for statistically modeling a sequence of symbols or vectors (Gales

and Young, 2008). Typically an HMM is de�ned with a �nite number of statesj = 1 ; 2; :::; N ,

transition probabilities (ai;j ) between state pairs, and output distributions ofemittingstates

(bj ) over a set of prede�ned output symbols. Going back to the speech recognition problem,

HMM-based ASR applies Bayes Rule to Equation 2.1 (Gales and Young, 2008), which yields

to:
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argmax
w

P(wjX ) = argmax
w

P(X jw)P(w)) : (2.4)

It is impractical to computeP(X jw) directly in large vocabulary applications. Moreover,

word predictions should consider pronunciation variations of uttered words. Considering these,

most HMM-based ASR systems usephonemes2 to decompose words into smaller units for

representing speech sounds. According to the connectionist theory of ASR (Graves et al.,

2006), a sequence of phonemes is considered as a Markovian chain where each phoneme

is represented as a continuous density HMM,Q with statesq, transitionsai;j and output

observation distributionsbi;j that generates acoustic feature vectorsX . This is injected into

Equation 2.4 as follows:

argmax
w

P(wjX ) = argmax
P(X ; w)

P(X )

= argmax
w

P(X ; w)

= argmax
w

X

Q

P(w; Q; X )

= argmax
w

X

Q

P(X jQ; w)P(Q; w)

= argmax
w

P(w)
X

Q

P(X jQ; w)P(Qjw) (2.5)

whereQ is the sequence of phoneme states. Note that the states and the observations have to

yield the standard conditional independence assumptions for an HMM (Gales and Young, 2008),

so thatP(X jQ; w) = P(X jQ). Then, Equation 2.5 can be summarised as:

bw = argmax
w

P(wjX ) = argmax
w

P(w)
X

Q

P(X jQ)P(Qjw): (2.6)

According to Equation 2.6, there are three factors used to approximateP(w jX ). The

2A phoneme is the basic sonic unit of speech.
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acoustic model(AM), P(X jQ) aims to match an acoustic observationX to a sequence of

phonemes. The termP(Qjw) is generally obtained from a prede�ned dictionary that gives

a mapping between words and their phonemic pronunciation, and it is associated with the

pronunciation model. Finally, the grammar information or thelanguage model(LM) is obtained

throughP(w) which is the probability of observing a word in a sequence of words,w1w2:::wN .

Figure 2.2: Overall bloack diagram for HMM-based ASR systems.

Acoustic Model

Consider a composite HMMQ, formed by the concatenation of the phonesqw1 ; :::; qwL . Then

the acoustic likelihood can be modeled by

p(X jQ) =
X

�

p(�; X jQ); (2.7)

where� is the state sequence, and

p(�; X jQ) = a� 0 ;� 1

TY

t=1

b� t (X t )a� t ;� t +1 (2.8)

where� 0 and� T +1 are non-emitting start and exit states. For simplicity, these non-emitting

states are ignored in the model parameter estimation.

In the pre-deep learning era, the traditional approach for building the acoustic models had

been modeling output distributions as multivariate Gaussian distributions (or Gaussian Mixture

Models - GMM) where the model parameters (like the mean and covariance matrix of these

distributions) can be estimated via the forward-backward algorithm (Baum et al., 1970). A
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GMM is a probability density function that is obtained by calculating the weighted sum of the

Gaussian component densities. In audio and speech processing, it is assumed that a GMM

represents the acoustic characteristics of a spectral envelope (Gales and Young, 2008). There are

two learnable main sets of parameters of GMMs that can be estimated using machine learning

methods for building an acoustic model, which are the mean and the covariance matrices. The

GMM-HMM model is initialised with global mean and covariance values and the same number

of frames are assigned to each HMM (phoneme) state,q. Then, alignment (via Viterbi decoding)

and the parameter estimation are iteratively applied using the Expectation-Maximization (EM)

algorithm (Moon, 1996).

Pronunciation Model

Consider a pronunciation of a word as a particular sequence of phonemesqw
M w

= q1; q2; :::; qM w .

Then,P(Qjw) can be obtained via the following formula:

P(Qjw) =
LY

l=1

P(qwl jwl ); (2.9)

whereQ is a particular sequence of pronunciations,L is the number of words in the predictions

and the product is done over all possible pronunciation sequences. In practice, there exist only

few alternative pronunciations for a particular word, which makes the summation in Equation

2.6 tractable. The pronunciation probabilities,P(qwl jwl ) can either be set to be equal for each

alternative pronunciation, or can be estimated via a pretrained model as proposed by Chen et al.

(2015).

Language Model

The language model is generally trained using statistical learning methods trained on text

corpora. In conventional ASR systems,P(w) is computed using then-gramlanguage modeling

approach,

P(w) =
KY

k=1

P(wk jwk� 1; wk� 2; :::; wk� N +1 ); (2.10)

wherew = w1; :::; wK is a word sequence with lengthK . There are often cases where a word in
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a test sample appears in ann-gramthat was never seen in the training data. In this case, the LM

would assign a zero probability for such words. To prevent the LM assigning zero probability to

these unseen events, probabilities of the most frequent events are shaved off and distributed over

the unseenn-gram. This procedure is calledsmoothing. The DNN-HMM framework employed

in this dissertation uses the Kneser-Ney algorithm (Kneser and Ney, 1995) for this purpose.

Context and Position Dependency

The acoustic properties of phonemes may vary in general due toco-articulationor omitting

(elision) during pronunciation. In modern ASR systems, a common way to solve this problem is

to usecontext-dependentHMMs, where an HMM state (phone) is labeled with the combination

of the base phone and the phones immediately to the left and right. Such state labeling is referred

to astriphonemodeling. However, such labeling would result in a very large set of phones,

i.e. target classes. Hence, to make the �nal decoding graph computationally tractable, less

frequently occuring triphones in the training data are pruned, most commonly viatree-based

clustering(Young et al., 1994).

The pronunciation of phonemes may also vary depending on where they are located within

a word. To account for this, phonemes are additionally labeled with respect to their position in

a word. There are four categories for doing this: phonemes in the beginnings and endings of

words, intra-word phonemes and singleton phonemes which form alone for a single word. This

�nal set of context and position dependent phonemes are generally referred to assenones.

Weighted Finite State Transducers

The probabilities estimated via the AM, LM and the pronunciation dictionary are then composed

into a graph with hidden states and decoding is applied through theViterbi algorithmon the

emission probabilities of the HMM states in order to retrieve the likeliest sequence of words. This

procedure is represented by the `Decoder' block in Figure 2.2. In the DNN-HMM framework

we employ, Kaldi (Povey et al., 2011), the decoding graph is constructed using Weighted Finite

State Transducers (WFST) (Mohri et al., 2002), where the priors coming from the AM, context

dependency, the lexicon and the LM are constructed via separate FSTs, represented byH , C, L

andG graphs respectively, and composed into a single decoding graph.
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The WFST structure can store multiple pronunciation variants and word predictions through

a lattice form, a weighted labeled acyclic (directed) graph generated after a �rst-pass decoding

(an example can be seen in Figure 2.3). Readers are encouraged to read more about WFSTs and

their application in ASR in the work of Mohri et al. (2002).

Figure 2.3: An example of the lattice structure constructed at the end of theHCLGgraph that
is generated after the �rst forward pass. The decoding procedure aims to �nd the most likely
path on this lattice from left-to-right. Numbers on the left-side of the words represent word IDs.
Ground Truth : ÀS THE SUN WILL RISE'.

Language Model Scaling & Word Insertion Penalty

In HMM-based speech recognition, the probabilities estimated by the acoustic and the language

models are often on different scales, as the ones estimated by the former are not normalised

(Gales and Young, 2008). This is due to the emission probabilities of the HMM states not

being independent of each other, which contradicts the conditional independence assumption of

HMMs. Due to this, the acoustic model may dominate, causing the in�uence of the language

model to be too low during inference. Therefore, it is necessary to apply scaling on these

probabilities. In our pipeline, we keep the acoustic model scaling as 1, and apply scaling on the

language model as follows:
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bw = argmax
w

(p(X jw)P(w) � w ); (2.11)

where� w is called the language model scaling factor. To improve numerical stability, the

log-likelihood is used:

bw = argmax
w

(log(p(X jw)) + � w logP(w)) : (2.12)

A typical range for� w is between 5 and 20, though increasing� w too much would increase

the risk of making deletion mistakes (Gales and Young, 2008). To balance the deletion mistakes

with insertions and substitutions, aword insertion penalty, � w , is added as:

bw = argmax
w

(log P(X jw) + � w logP(w) + log � w ): (2.13)

Tuning the values for� w and� w has an important effect on the output transcriptions which

are typically tuned on an external development set.

2.2.2 Training Acoustic Models with Deep Neural Networks

Deep neural networks (DNNs) are arti�cial neural networks (ANN) with stacked structures

of more than one hidden layer between their inputs and outputs (Bengio, 2009) . Due to their

capability of modeling nonlinearities in data, DNNs are widely used to train classi�ers that

classify audio frames into phoneme types (Graves et al., 2013). DNNs in speech recognition

are multicategory classi�ers which output the posterior probabilities of phoneme statesq for an

acoustic observationX at a given timet which can be obtained via thesoftmax function:

y(q) = p(qjX ut ) =
expf a (q)g

P
q0 expf a (q0)g

(2.14)

wherea(q) is the activation function at the output layer corresponding to stateq (Bourlard and

Morgan, 2012). By de�nition, DNN phoneme classi�ers use a pseudo-log-likelihood of stateq

given the observationX (Graves et al., 2013),



2.2. DNN-HMM Based Approach 22

logp(X ut jq) = log p(qjX ut ) � logP(q);

= log yut (q) � logP(q); (2.15)

whereP(q) is the prior probability of stateq estimated from the training data (Bourlard and

Morgan, 2012; Vesel�y et al., 2013).

One common approach for obtaining phoneme posteriors using DNNs employs the categori-

cal frame-wise cross-entropy loss as the objective function for training:

FCE = �
UX

u=1

TuX

t=1

logyut (qut ); (2.16)

wherequt is the phoneme state in an utteranceu at timet.

The parameters of DNNs are updated via the standard error backpropagation procedure

(Rumelhart et al., 1985). The gradient for this is then calculated as:

� FCE

�a ut (q)
= �

� logyut (qut )
�a ut (q)

= yut (q) � �q ; qut ; (2.17)

where�q ; qut is the Kronecker delta function (Vesel�y et al., 2013). The network parameters are

often updated using either Stochastic Gradient Descent (SGD) (Saad, 1998) or Adam (Kingma

and Ba, 2014) optimisers.

2.2.3 Sequence Discriminative Training

Sequence discriminative training is essentially based on the maximum mutual information

(MMI) criterion where the corresponding objective function,FMMI is de�ned as:

FMMI =
X

u

log
p(X u jQu)K P(Wu)

P
W p(X u jQ)K P(W )

(2.18)

whereX u = f X u1; X u2; :::; X uTu g is the sequence of acoustic observations for the utterance
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u andQu = f qu1; qu2; :::; quT g is the sequence of phoneme states corresponding to the word

sequenceWu . When training the acoustic model, the neural network parameters are updated

w.r.t. phoneme posteriors,P(X jQ) (Bahl et al., 1986). Hence, the gradient used for optimisation

is obtained by differentiating Equation 2.18 w.r.t. these phoneme posteriors:

� FMMI

� logp(X ut jr )
= K� r ;qut �

K
P

W :qt = r p(X u jQ)K + KP(W )
P

W p(X u jQ)K P(W )
(2.19)

Injecting the output of thesoftmax function in Equation 2.14 into the gradient above, we

obtain:

� FMMI

�a ut (q)
= K(� q;qut � yut (q)) ; (2.20)

whereyut (q) is the posterior probability of observing stateq at time instancet. According

to Equation 2.19, there are two gradients needed to be computed in sequence discriminative

training. The graph in the numerator encodes utterance speci�c phoneme posteriors whereas the

denominator graph is constructed from all possible word sequences available in the labels and is

constant across the entire training set (Povey et al., 2016). Considering that the goal of training

is to maximise the shared information between the reference and observed word sequences, the

gradients are updated to maximise the utterance-speci�c posteriors in the numerator graph and

minimise the corpus-level posteriors in the denominator graph. From this perspective, the DNNs

are optimised to discriminate phoneme sequences according to their corresponding acoustic

observations in MMI training.

2.2.4 Lattice-free Maximum Mutual Information Objective

The sum in the denominator in Equation 2.20 is calculated over a very large number of word

sequences, which is computationally expensive and slows down the training. As a more

computationally feasible approach, the lattice structure is generally employed on the word and

phoneme levels (Mohri et al., 2002). However, this requires initialization of lattice paths prior

to training, using a pretrained model that is typically trained on the cross-entropy loss. Due to

this initialization step, sequence discriminative based DNN-HMMs stood out as a less attractive

method for many researchers considering to the ease of training in more modern ASR methods,
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such as E2E models. To discard the necessity of generating lattices prior to training, Povey

et al. (2016) introduced a lattice-free version of the sequence discriminative training, which is

referred to as LFMMI training. The procedure suggests three major improvements over the

standard sequence discriminative training in order to reduce the computational complexity:

• First, the language models in Equation 2.10,P(w) are constructed on the phone-level.

Since the number of target phones is much smaller than the number of words in the

vocabulary, the total number of possible sequences to compute the language model is also

much lower.

• The second improvement proposed is to apply frame-subsampling with a factor of 3 in

the input feature sequence which means the DNN outputs are reduced to 1/3 of their size.

• Finally, a 3-state HMM topology is employed as opposed to the 5-state version of GMM-

HMM based models, which is simpler and accelerates training speed.

Povey et al. (2016) and other Kaldi based models use FSTs for constructing the graph to

store phoneme posteriorgrams. Recalling that the graphsH andC correspond to the phone

HMMs (acoustic model) and the context-dependency tree, and consideringGphoneis now the

language model built on the phone-level, the decoding graph decomposition becomes:

HCG = H � C � Gphone: (2.21)

According to this, theL graph is not included during training. Note that the phone LM,

Gphoneis typically a 4-gram language model where no backoff is allowed lower than 3-grams so

to avoid triphones that are not present in the training data.

After the denominator and numerator graphs are created, the forward-backward algorithm is

applied to update network parameters. The numerator graph is still much less complex than the

denominator graphs, hence for ef�cient training, numerator and denominator computations are

performed on the CPU and GPU respectively.

There has been a few attempts to improve the LFMMI objective, such asboostedLFMMI

(Povey et al., 2008) andlattice free state-level minimum Bayes risk(LFSMBR) (Kanda et al.,

2018), however substantial improvements were not consistently observed (Weng and Yu, 2019).
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Therefore, the original LFMMI still remains as the standard sequence discriminative training

objective for DNN-HMM based ASR at the date of this thesis.

2.3 End-to-end Training

Despite still being used in many industrial products, hybrid DNN-HMM based models have a

number of drawbacks which gave rise to the need for the development of purely neural network

basedend-to-endmodels. The model construction procedure for the hybrid DNN-HMM models

is complex and requires several preprocessing systems such as generating alignments for the

DNN training. The overall recogniser is composed of different independent modules where an

optimal performance of each module does not necessarily lead to global optimality. Finally,

constructing a pronunciation dictionary requires language-speci�c expert knowledge. Due to

these reasons and the recent advances in deep learning research, the popularity of end-to-end

ASR systems have been growing considerably. In broad terms, end-to-end speech recognisers

construct a single module that directly maps the input audio frame sequences to target sequences

of words or graphemes (Graves et al., 2013; Hannun et al., 2014), which essentially reduces the

overall complexity of training and construction of ASR models.

Figure 2.4: E2E speech recognition structure

The E2E module encodes acoustic speech signals into a latent space where the latent

features are mapped to target word or grapheme sequences via the decoder (Figure 2.4). Note

that the input to the encoder can either be the standard �xed speech features like MFCCs,

mel-spectrograms or �lterbanks, or directly take the raw speech signal (Ravanelli and Bengio,

2018). The decoding operation is typically based on the beam search algorithm to �nd the

likeliest sequence of output labels (Steinbiss et al., 1994), a procedure similar to the one

explained in Section 2.1, however the end goal is often to predict directly the likeliest character
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or other subword unit sequence,Y = y1; :::; yT , and the word-to-phoneme conversion step is

not required:

bY = argmax
Y

logp(Y jX ) (2.22)

.

The decoder module often includes additional RNNs and/or language model fusion (Sriram

et al., 2017) for obtaining more sensible results at the output. Note that an audio-to-text

alignment step might still be required before the decoding stage depending on the objective

function, such as frame-wise cross-entropy.

2.3.1 Connectionist Temporal Classi�cation

As mentioned above, speech-to-text alignment is required in HMM based systems to perform

training. To circumvent the need for alignment, the Connectionist Temporal Classi�cation

(CTC) objective was proposed for ASR by Graves et al. (2006). The introduction of CTC was

considered a breakthrough in the development of end-to-end LVCSR models. The main reason

for this is that the CTC approach does not require alignment between input and output sequences

prior to training because the loss is computed through summing over all possible alignment

paths between the input and output label sequences.

In the CTC-based end-to-end learning approach, the input acoustic feature sequenceX are

encoded into a sequence of latent representation vectors,H = h1; h2; :::; hT ;

H = encoder(X ): (2.23)

The hidden vectors are converted to probability distributions of target classes,Y = y1; y2; :::; yT ,

via thesoftmax operation:

p(� t jX ) = softmax( Linear(ht )) ; (2.24)

where� t is the output label at timet in the frame-wise letter sequence� andLinear(.) denotes a

linear layer. The �nal conditional probability of the frame-wise letter sequence,� is computed

using the probabilistic chain rule:
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p(� jX ) =
TY

t=1

p(� t j� 1; :::� t � 1; X ): (2.25)

Similar to the HMM-based approach, CTC assumes that labels at different time steps are

conditionally independent (Graves et al., 2006):

p(� jX ) =
TY

t=1

p(� t jX ): (2.26)

Then, the posterior probability of observing the output label sequence is the sum of all

compatible� 's:

pctc (Y jX ) =
X

� 2 �( y)

p(� jX ); (2.27)

=
X

� 2 �( y)

TY

t=1

p(� t jX );

where�( y) denotes the set of all framewise paths that can be mapped toY . The �nal CTC loss

de�ned as the negative log likelihood:

L CTC = � ln(pctc(Y jX )) : (2.28)

CTC introduces a blank symbol, <b> which marks the label boundaries to separate consecu-

tive identical labels, and the augmented target sequence becomes:

Y 0 = y1; <b>; y2; <b>; :::; <b>; yT

To eliminate the need for a handcrafted pronunciation dictionary, CTC directly uses letters as

the output labelsy 2 V whereV is the set of letters in the subject language andV 0 = V
S

<b>.

At inference, path aggregation is applied through merging the repeating characters and removing

the blank symbol, <b>, to obtain the �nal label sequence.
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2.3.2 Sequence-to-Sequence Training

Initially introduced for the neural machine translation task (Sutskever et al., 2014), sequence-to-

sequence (seq2seq) architectures have been used extensively for building end-to-end sequence

classi�cation models. Particularly for the ASR task, the seq2seq approach has been a popular

choice due to its ease of training and folding the pronunciation, language and acoustic models

into a single purely neural network based model (Hannun et al., 2014; Amodei et al., 2016; Lu

et al., 2016; Graves and Jaitly, 2014).

(a) Basic E2E (b) CTC-based E2E

Figure 2.5: Comparison of basic and CTC-based E2E ASR structures.

Similar to the structure depicted in Figure 2.5, seq2seq models have encoder and decoder

networks to perform the mapping between input and output sequences. The encoder transforms

the input speech featuresX into a hidden state vector,henc = f h0; h1; :::; hL g, with a �xed

lengthL , which is often referred to as thecontextvector:

henc = encoder(X ): (2.29)

Most seq2seq based ASR models use the CTC objective, which already outputs soft align-

ments, so an aligner is not required at this step. They input the context vector directly to the

decoder, which then predicts output labelsY (Figure 2.5)
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Y = decoder(henc): (2.30)

The encoder network typically consists of a few layers of recurrent neural networks (RNN)

(Rumelhart et al., 1986) due to their sequence modeling capabilities. Audio sequences are

generally much longer than text data. Due to this, standard RNNs are weak in learning long

term context dependencies, essentially due to the vanishing gradient problem (Hochreiter et al.,

2001). To overcome this, Long-Short Term Memory (LSTM) cells are introduced (Hochreiter

and Schmidhuber, 1997). Research has shown that including information from future is helpful

in training. To achieve this the bidirectional version of LSTMs, or BiLSTMs (Schuster and

Paliwal, 1997) is employed to achieve better performance. Notably, Gated Recurrent Units

(GRU) (Cho et al., 2014) are similarly popular recurrent cells replacing standard RNNs, which

essentially operate similarly to LSTMs but with a lower complexity, hence less parameters and a

faster training time. The decoder network is a language model, also commonly built with RNNs

or their above mentioned variants, which is referred to as RNNLM (Tomas et al., 2011).

Neural network architectures mainly based on RNNs, and speci�cally (Bi)LSTMs tend to

be hard to train due to their unparallelizable nature. An alternative to RNN based encoders is

Convolutional Neural Networks (CNN) where the input acoustic features are �rst processed

by a stack of 2-dimensional (2D) CNNs at the front-end of the network, then followed by

time-domain 1D CNNs (Time-delay Neural Networks - TDNN) (Waibel et al., 1989) to model

the temporal context dependencies (Peddinti et al., 2015). It was shown in (Zeghidour et al.,

2018) that a competitive performance can also be achieved via fully CNN based networks. The

idea of using the 2D CNN front-end can be also applied in conjunction with RNNs, which

was shown to be effective in terms of performance gain (Hannun et al., 2014) and reduction

in the number of trainable parameters (Amodei et al., 2016). The effectiveness of the fully

CNN-based encoder is also shown in a more recent architecture, calledContextNet(Han et al.,

2020) where the decoder is essentially an RNN Transducer (Graves, 2012), and in contrast the

output of the encoder is fed into a so-called Squeeze-and-Excitation (SE) layer (Hu et al., 2018).

The SE layer encodes the sequence of local feature representations into a global vector, and
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broadcasts it back to the local features. By granting access to the CNN encoder outputs into

this global vector, the encoder learns context-aware features and has an increased receptive �eld

without substantial additional computational cost. ContextNet is considered to be one of the

state-of-the-art approaches within E2E ASR.

2.3.3 Attention Mechanism in Deep Neural Networks

As mentioned in the previous section, seq2seq models rely on a �xed length context vector. This

can hurt training in the presence of training audio with varying durations. Also, the inference

performance drops when the input and output sequences are long, especially compared to the

training data. Moreover, raw seq2seq models process each input frame with equal weight which

is not optimal as it leads to a lack of context and discrimination of temporal information. To

overcome this, theattentionmechanism was introduced by Bahdanau et al. (2014).

Not long after its introduction, attention was successfully implemented for end-to-end ASR,

and speci�cally for seq2seq models in the paper `Listen, Attend and Spell' (Chan et al., 2016)

(LAS), which the model is usually referred to as in the literature. The LAS architecture consists

of three main blocks: thelistener(encoder) module serves as the acoustic model which encodes

input features to hidden representations,henc. Attention mechanism takes part in theattender

block which weights the encoded representations based on how relevant or important each vector

on time domainhenc
t is for predicting the next output symbol,yi . In practice, the attender acts in

a similar way to the aligner in Figure 2.5a. The output of the attender is then fed to thespeller,

which takes the attender output,ci and the embeddings from the previous prediction,yi � 1 when

generating a posterior probability,P(yi jyi � 1; :::; y0; X ).

The basic idea behind the attention mechanism is weighting input frames with respect to

their relevancy to generating the current output. To achieve this, the attention layer learns a

context vector,ci :

ci =
X

t

� i;t henc
t (2.31)

where� is referred to as the attention weight. According to Equation 2.31, this operation
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Figure 2.6: Listen, Attend and Spell structure

is essentially a weighted multiplication, where the weights at time stept are obtained via

normalizing theattention energies, ei into a probability distribution as:

� i = softmax
t

(ei ): (2.32)

The attention energies are essentially similarity scores:

ei;t := similarity(hdec
i � 1; henc

t ); (2.33)

wherehdec
i � 1 is the hidden state of the decoder output. There are a number of ways to obtain the

similarity score depending on the attention type to be applied such as dot-product, multiplicative

or additive attention. Speci�cally in the LAS architecture, additive attention is employed where

thetanhfunction is used as;

ei;t = vT tanh(W [hdec
i ; henc

t ; � i;t ]); (2.34)

whereW is a trainable matrix,v is trainable vector and� i;t is the attention weight feedback:
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� i;t = sigmoid(vT
� ht ):

i � 1X

k=1

� k;t : (2.35)

Unlike HMMs and the CTC loss, the attention mechanism does not have the conditional

independence assumption. The training objective is computed using the probabilistic chain rule

similar to Equation 2.26:

patt(Y jX ) =
TY

t=1

p(yt jy�
1; :::; y�

t � 1; X ); (2.36)

wherey�
t are the ground truth labels.

Self-Attention

The basic attention mechanism explained above learns a context vector between the encoder

and decoder states, however there is also context between the states of the encoder that needs to

be modeled. To achieve this, theself-attentionlayer was proposed (Vaswani et al., 2017), which

calculates a similarity score between the encoder states to learn how relevant an encoder state

from the past or the future,ht � u (whereu = 1 ; 2; :::; T) is, for generating the encoder state at

the current time stepht .

Self-attention is based on the principles of query-retrieval modeling given a database with

keys and values (Garcia-Molina et al., 1999) and a query to search for. From the perspective of

seq2seq structures, the query,Q is projection of the decoder hidden statehdec through a trainable

matrix. The key,K is the same as the query but from the hidden states of the encoder, and

the value,V , directly corresponds tohenc
t in Equation 2.31. The similarity scores are obtained

similar to Equation 2.34, but using thedot-productattention,QK T . This score is then scaled by

the square root of the key and query dimensions,dK . The attention weights are obtained after

thesoftmax operation to ensure the rows in the similarity score add up to 1:

� i;t = softmax(
QK T
p

dK
): (2.37)
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Then, injecting the above equation into Equation 2.31 results in the following formula to

summarise self-attention:

Attention( Q; K; V ) = softmax(
QK T
p

dK
)V: (2.38)

Multiple self-attention blocks can be placed in the network architecture where the weights

are learned in parallel. In this context, each attention block is referred to as head, where

headi = Attention( QW Q
i ; KW K

i ; V WV
i ), and the multi-head attention (MHA ) is computed

through concatenating heads:

MHA( Q; K; V ) = concat( head1; :::; headN ); (2.39)

whereN is the number of heads that is prede�ned prior to training.

Speech sequences are generally much longer than word sequences, hence for every time step,

calculating the attention matrix over the entire audio can be computationally expensive. Povey

et al. (2018b) propose restricting the time context for which the attention scores are calculated.

Notably, the aforementioned study is also one of the �rst implementations of attention within

the hybrid DNN-HMM framework.

2.3.4 Transformers

One of the major challenges in training DNNs for sequence prediction or transduction tasks

is they are computationally expensive due to the high number of trainable parameters. To

reduce model complexity while maintaining the context modeling power, Vaswani et al. (2017)

introduced the `Transformer' architecture. Transformers are essentially seq2seq models with

typical encoder-decoder structures. However, instead of containing RNNs or CNNs in both the

encoder and decoder blocks and having an attention layer in between, the transformers solely

consist of combinations of self-attention and fully-connected layers (see Figure 2.7).

Unlike LSTMs, the transformer layers do not involve any recurrence, which implies that the

data sequence order is not taken into account when computing the gradients. In order to impose
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Figure 2.7: The Transformer architecture.

positions of the data points during training positional embeddings are added to the training data

at the front-end of the network. While initially sinusoidal embeddings are proposed for this, it

was shown to be possible to learn positional embeddings through CNNs. The architectures that

use convolutional positional embeddings are generally referred to asconformers(Gulati et al.,

2020).

After adding the positional embeddings, the data is fed to multi-head attention (MHA)

vectors andlayer normalizationis applied (Ioffe and Szegedy, 2015). The normalised hidden

vectors are projected to 2D via a linear layer, obtaining the �nal attention values. The overall

operation starting with the multi-attention layer until retrieving linear attention vectors can be

stacked to construct deeper networks and increase modeling power. This stack of Transformers

between the input features and output of the �nal Transformer block constitutes the encoder

block.

The decoder operates similarly to the encoder in a sense that the output embeddings of the

previous time-steps and their positional embeddings are fed to an MHA module. This �rst MHA

is masked to not include embeddings from future time steps because future words would be

needed to compute the output embeddings of the current time step, which are not yet generated.
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The attention scores are then fed to across-attentionlayer. This layer is operationally similar to

self-attention as the attention scores are computed via the dot-scale similarity as in Equation

2.33. In this case, the attention scores coming from the output embeddings are considered as

queries, and key and values come from the output of the encoder. The cross-attention is then

followed by another linear layer before going to the �nal classi�cation layers.

Transformers have drawn the attention of the deep learning research community since their

its introduction due to considerable reduction in model complexity, speeding up training while

achieving competitive or better results compared to the state-of-the-art. Speci�cally within the

context of ASR, transformers have been applied successfully in both hybrid DNN-HMM (Wang

et al., 2020) and E2E frameworks (Gulati et al., 2020).

2.3.5 Language Model Fusion

In essence, end-to-end training of ASR systems requires paired audio and text data, i.e.Y i =

f (X i ); i 2 N wheref X i ; Y i g represent the input audio and the output text pairs for thei th

training sample,f is the end-to-end ASR system, andN is the number of samples in the train

set. On the other hand, conventional DNN-HMM ASR systems can leverage separate language

models trained on external (unpaired) text data, during inference. From this perspective, the

paired data restriction stands out as a limiting factor for end-to-end system's modeling power.

Addressing this, there have been a number of ways proposed previously to incorporate an

external language model trained on unpaired text data during decoding, namely theshallow,

deep(Gulcehre et al., 2015) andcold fusion (Sriram et al., 2017) approaches. These techniques

differ from each other with respect to at which point they are integrated with the ASR model's

output probability distribution computation. Note that the language models are assumed to be

neural LM in this scheme (the details of a neural LM training will be explained in Section 4.1.2).

Shallow fusion is the simplest language model integration approach where the word priors

obtained from a pretrained external language model are simply added to the posteriors coming

from a pretrained acoustic model. Recall the formulation of end-to-end ASR in Equation 2.22,

the updated probabilities are computed as:

bY = argmax
Y

(log p(Y jX ) + 
 logpLM(Y )) (2.40)
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where
 is the language model weight which can be tuned after training.

Instead of using the word priors from a pretrained LM, deep fusion (DF) fuses the hidden

states of pretrained language and acoustic models through a parametric gating procedure

(Gulcehre et al., 2015):

gt = sigmoid(v >
g hLM

t + bg) (2.41)

hDF
t = [ ct ; hdec

t ; gt hLM
t ] (2.42)

P(yt jhenc) = softmax( W DFhDF
t + bDF) (2.43)

wherec; hencandhdecare the context, encoder and decoder hidden state vectors of the pretrained

acoustic model respectively (recall notation in Section 2.3.2). The parametersvg; bDF and the

matrix W DF are learned through training the model on a smaller proportion of the training

data where the rest of the model parameters are kept �xed. Through �xing most of the model

parameters, �ne-tuning can be achieved ef�ciently.

Both shallow and deep fusion approaches are late training integration procedures and require

pretrained acoustic and language models. In contrast, cold fusion is anearly training integration

approach where the acoustic model is trained from scratch with a pretrained language model.

Note that all of model parameters in cold fusion are learnable. Due to early training integration,

cold fusion is costlier than shallow and deep fusion.

2.3.6 Sentence Piece Tokenisation

Most of the traditional large vocabulary continuous speech recognition (LVCSR) systems employ

phonemes as the subword units that constitute the target class set to predict, and the predicted

phonemes are converted back to words using a lexicon. As mentioned in Section 2.2.1, this

procedure requires a prede�ned mapping between words and phonemes, usually referred to as

the pronunciation dictionary, which needs to be curated by experts. Such resources may not be

available for every language or speech recognition task. For this reason, researchers have been

exploring ways of using different methods for tokenizing words into smaller subword units, such

as graphemes (Killer et al., 2003; Le et al., 2019), or syllables (Wu et al., 1997; Ganapathiraju
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et al., 2001).

Inspired by the NMT research, one popular approach for generating a set of subword units is

a text data compression method calledByte Pair Encoding(BPE) (Shibata et al., 1999a), which

was successfully employed in recent E2E ASR systems (Shin et al., 2019). The main operation

for constructing the BPE units is substituting pairs of consecutive characters which frequently

appear in the text with single tokens (or characters) Shibata et al. (1999b). This operation will

be iterated until either no pair of consecutive characters appears frequently or all characters are

used up. Given a �xed size vocabulary (typically between 1000 and 5000 in E2E ASR), BPE

ensures that most frequent words are represented by a single token, while less frequent words

are divided into more frequent subword BPE tokens.

BPE is essentially based on the frequency of appearance of patterns and characters in a

text corpus and it is unsupervised and deterministic. Once the vocabulary of BPE units is

established, words can be reconstructed using only the existing BPE's, but this may cause word

reconstruction errors, implying a loss of modeling power in general. Improvements over BPE

have been observed using theWordPiecealgorithm (Schuster and Nakajima, 2012), which

chooses the pairs that maximise the likelihood of patterns instead of choosing the most frequent

ones, which is the subword tokenization employed in the famousBERT natural language

processing machine (Devlin et al., 2018). To model the subword tokenisation in a probabilistic

manner, (Kudo, 2018) introduced a method referred to assubword regularisationthat ranks all

possible subword tokenisations given a word based on likelihoods, and removes the least likely

tokens. The likelihoods of the subwords are then obtained via a unigram language model trained

on a text corpus. This subword tokenisation method is generally referred to asunigram subword

regularisationand consistent improvements have been reported compared to the standard BPE

approach (Kudo, 2018). Table 2.1 gives an example for various subword tokenisation methods

including phonemes, graphemes, BPE and unigram models:

2.4 Research ASR Frameworks

As mentioned above, this thesis tackles the task of automatic lyrics transcription from two major

streams in ASR research: DNN-HMM and E2E models. The models presented in Chapters 4
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Subword Tokenization Tokens

Phonemes D IY P <silence> L ER N IH NG

Graphemes D E E P <blank> L E A R N I N G

BPE _DEEP _LEAR NING

Unigram _DEEP _LEARN ING

Table 2.1: Comparison of different tokenization methods for the phrase `DEEP LEARNING'.
Underscore `_' is for word beginnings. For the Unigram and BPE approaches, a tokeniser is
trained on a the lyrics corpus in (Demirel et al., 2021b) with the vocabulary size of 1000.

and 5 are built using two open-source toolkits: Kaldi (Povey et al., 2011) for the DNN-HMM

based approach and recently introduced SpeechBrain (Ravanelli et al., 2021) for the end-to-end

model. This section covers the properties, advantages and disadvantages of these frameworks

and �nally brie�y covers other existing frameworks which researchers in ASR �eld use to report

their results. For convenience for the readers, a table is provided at the end of this section that

provides an overall comparison between general ASR frameworks available for research.

2.4.1 HMM-based Toolkits

HMM-based toolkits have been available for research for few decades already and are used

extensively within the development of ASR research. Among the ones that were more popular

during the pre-deep learning era, the Hidden Markov Model Toolkit (HTK) (Young, 1993) and

CMU Sphinx (Lamere et al., 2003) have been used the most extensively. Originally developed

for the Japanese language, Julius (Lee et al., 2001) has also experienced great attention within

the research community due to its multiple language support (similar to CMU Sphinx) and

capability for operating in real-time. Last but not least, the RWTH Toolkit (Rybach et al., 2011)

is another popular HMM-based toolkit that provides a comprehensive list of speech processing

pipelines, similar to Kaldi, such as sequence discriminative training, lattice processing and

speaker adaptive training.

Kaldi

Arguably the most commonly used and comprehensive framework within the DNN-HMM based

approach is Kaldi (Povey et al., 2011). There are several factors for Kaldi's popularity: �rst is
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that there is a large active research community including researchers from varying institutions

that are involved in the constant development of the toolkit and implementing the state-of-the-art

concepts in research. Secondly, Kaldi has been proven to work well on different tasks such

as speech enhancement, speaker identi�cation, key-word spotting as well as lyrics alignment

(Gupta et al., 2020; Demirel et al., 2021a), and industrial applications.

On the other hand, most of Kaldi's code is written in C++, which allows it to be deployable on

varying operating systems. Due to nature of its implementation Kaldi requires compilation before

execution which may be considered to be not very �exible against any custom modi�cations.

Moreover, Kaldi still lags behind the most recent deep learning research as it does not fully

support seq2seq models, transformers or contrastive learning methods such as wav2vec. To

integrate WFST's with the aforementioned modern deep learning techniques, the new version

of Kaldi, k23 was introduced, however this is still in the development stage and not ready for

large-scale applications.

2.4.2 End-to-end ASR Toolkits

As developing E2E models is becoming increasingly accessible due to open-source deep learning

libraries, such as Theano (Team et al., 2016), TensorFlow (Abadi et al., 2016), Keras (Ketkar,

2017b) and Pytorch (Ketkar, 2017a), multiple open-source ASR toolkits have been emerging

in recent years. One of the �rst successful large scale applications of such models, Mozilla's

DeepSpeech (Amodei et al., 2016) is considered as a breakthrough in the transition from

hybrid DNN-HMM systems to purely E2E models. This model was later implemented in many

other more recent E2E ASR toolkits, like TensorFlowASR4. Although this TensorFlow based

repository provides a good baseline for developing E2E systems, it does not support other

relevant tasks to ASR, such as speech enhancement and separation, multi-channel ASR, and

speaker detection. There are a number of more comprehensive toolkits that provide training

pipelines for the aforementioned tasks. Among these, ESPNet (Watanabe et al., 2018) is one of

the most popular as its structure resembles Kaldi which is convenient for ASR researchers who

want to transition from HMM to E2E models. Note that Gupta et al. (2020) also used ESPNet for

building E2E models within the context of ALT. Notably, Facebook'sfairseq(Ott et al., 2019)

3Alpha version can be accessed fromhttps://github.com/k2-fsa/k2.
4Can be accessed fromhttps://github.com/TensorSpeech/TensorFlowASR.
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provides a repository with pretrained models and training pipelines. This toolkit also provides

the recently introducedwav2vecmodel (Schneider et al., 2019) which is a pretrained speech

representation that could perform similarly to the state-of-the-art while requiring much less data

(Baevski et al., 2020). On the other hand, fairseq mainly adopts Facebook Team's research and

is less �exible in implementing various E2E structures from scratch. Finally,OpenSpeech(Kim

et al., 2021) is a recently introduced E2E toolkit which covers the state-of-the-art approaches

similar to ESPNet and SpeechBrain (see below), however it does not provide pretrained models.

Other notable toolkits include Espresso (Wang et al., 2019b), RWTH-RETURNN (Zeyer et al.,

2018), Lingvo (Shen et al., 2019) and NeMo (Kuchaiev et al., 2019) which are mostly designed

for speci�c purposes or datasets.

SpeechBrain

Although the large amount of available open source software provides a great opportunity for

researchers to develop their own speech processing modules, the toolkits listed above have

varying work�ows, programming languages and coding styles. This emerges as a challenging

factor when various codebases are intended to be integrated together for developing an overall

all-in-one module. To overcome this challenge and provide a uni�ed framework, Ravanelli

et al. (2021) recently introduced Speechbrain which is purely implemented in Python as the

programming language and Pytorch as the deep learning library. Speechbrain is designed to be

�exible and convenient for developers pro�cient in Python language while supporting training

pipelines for many of the major ASR tasks.

2.4.3 Commercial APIs Available for Research

Today's digital technology industry enjoys the wide range of commercial speech-to-text (STT)

services. Voice assistants like Apple's Siri and Amazon's Alexa are already well-known and

widely used by the public. Surely, STT software is not limited to such commercial products

designed for end-user applications. Three leading and well-recognised software companies

have made their STT APIs available on the web, namely "Google Cloud Speech API", "IBM's

Watson", "Amazon Transcribe" and "Microsoft - Azure Speech Services". Although these API's

allow limited usage for free and require a service fee to support large-scale applications and
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training custom models on custom datasets, they have been considered to be of great value by

many researchers as they provide an opportunity for a quantitative comparison of research ASR

software with commercial STT products. In addition to these, we also added Nvidia's Jasper

(Li et al., 2019a) which is another E2E model based on 1D CNNs, similar to the architecture

proposed by Zeghidour et al. (2018).

2.4.4 Summary

Below is provided Table 2.2 that shows an overall comparison of the commonly used toolkits

available for research. To get a hint on which framework is to be more suitable for the

current task, we compare them in several technical and practical aspects: ASR type, support of

subword tokens (target classes), model training dif�culty, computational complexity, memory

requirements, �exibility for modi�cation, level of open-source, programming language, real-

time support, and the overall word-recognition rates based on previous comparative studies

(Këpuska and Bohouta, 2017; Filippidou and Moussiades, 2020; Georgescu et al., 2021). The

training dif�culty is related to the data preprocessing steps required prior to training and tuning

of hyperparameters for the system to converge. Computational complexity is related to the

number of trainable parameters. The �exibility property is proportional to the support for

different models, datasets and tasks. The ASR performance index is a relative measure and

values are included according what were reported in the aforementioned comparative studies.

Among the HMM based toolkits, it is clear that Kaldi stands out to be the most preferable

due to its word recognition performance, support for a wide range of ASR tasks, benchmark

datasets and training frameworks, and a fairly easy pipeline for training custom models.

The memory requirements for the speech-to-text APIs listed in Section 2.4.3 are the lowest in

Table 2.2 as the computation is done on cloud servers instead of the local machine. On the other

hand, these APIs are publicly available for inference only, and do not support training custom

models. Moreover, the amount of inference is limited and further usage requires subscription,

which makes them less appealing for large-scale research applications. In contrast, Nvidia's

Jasper provides an open-source repository where training is possible. However, it supports a

single E2E-ASR type, which is the fully CNN based architecture (Li et al., 2019a). As reported

by Georgescu et al. (2021), this model has a very large number of trainable parameters making
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it dif�cult to train compared to the rest of the models in Table 2.2. Facebook's fairseq repository

contains smaller networks than some other state-of-the-art approaches in ASR (Baevski et al.,

2020), however the list of models is mostly limited to Facebook's publications. ESPNet and

SpeechBrain share essentially similar properties such as ASR performance, �exibility and

computational complexity, but the latter is purelypythonic, which provides a uni�ed coding

framework and easier to create models based on custom models and datasets. Motivated by the

concerns listed above, we decided to use SpeechBrain as the E2E ASR framework in our study.
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Table 2.2: ASR Frameworks commonly used in research.
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2.5 Advances in Automatic Lyrics Transcription Research

ASR technologies have experienced considerable improvement in the course of the last few

decades, letting them be integrated into large-scale commercial products, which have brought

convenience to people's lives and already has an important impact on the global society. On

the other hand, ALT has not been utilised in large-scale industrial applications yet, as word

recognition performance from singing had not reached similar levels as for ASR prior to this

thesis. In this section, an outline of the recent advances in ALT research is provided. The section

begins with the initial attempts that tackled the ALT problem with limited data and conventional

machine learning methods. Then, the commonly used datasets in research are brie�y introduced.

Third, data augmentation methods for singing data are described, which has been a popular

research direction for improving ALT. Then, various methods previously proposed to leverage

the musical information embedded in the singing data are discussed. The chapter �nishes by

providing a numerical comparison between state-of-the-art ALT approaches. In this, we include

results for both DNN-HMM and E2E ASR approaches.

The early attempts for ALT prior to the advent of deep learning and the availability of

large training datasets focused on leveraging already existing speech recognisers. Fujihara

et al. (2006) compose a lyrics focused language model with a pretrained acoustic model for

speech. Mesaros and Virtanen (2010a,b) employ the traditional GMM-HMM models trained on

speaker-adaptative features and the results improve when a lyrics-focused language model is

incorporated. Hansen (2012) trains Multilayer Perceptrons (MLP) using MFCC and Temporal

Pattern (TRAP) features. Even though these results are hard to compare due to reporting results

on different datasets, it is worth mentioning them as these results constitute the initial baselines

for lyrics transcription research.

The word recognition rates of lyrics transcribers published in the literature have improved

drastically since the recent introduction of two open-source datasets, namelyDAMP 5 and

DALI (Meseguer-Brocal et al., 2019).DAMP was initially used for training an ALT module

by Dabike and Barker (2019), marking a breakthrough in the word recognition rates reported

previously. Gupta et al. (2018) usedDALI for the �rst time, to train an acoustic model for

polyphonic recordings. Since these works, both datasets have been used to benchmark different

5URL: https://ccrma.stanford.edu/damp/, accessed in Jan, 2022.
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ALT models.

A number of open-source evaluation sets have been used to report word recognition rate

results. Among these, Dabike and Barker (2019) presented a subset of theDAMPdataset (notated

asDAMPtest in this thesis) with hand-checked annotations as a new benchmark test set of a

cappella recordings. In addition, the NUS Sung and Spoken Lyrics Corpus (Duan et al., 2013)

was utilised in our previous work (Demirel et al., 2021c) to compare word error rates (WER) on

speech and singing data. For evaluating ALT from polyphonic recordings, theJamendodataset

(Stoller et al., 2019) is mostly used for benchmarking, which is an open source dataset containing

20 polyphonic recordings from the Jamendo catalogue, with corresponding lyrics and word-level

time annotations. Despite not having publicly available recordings due to copyright, the Hansen

(Hansen, 2012) and the Mauch (Mauch et al., 2011) datasets have also been commonly used in

the literature, including the most recently introduced Music Information Retrieval Evaluation

Exchange - Automatic Lyrics Transcription (MIREX - ALT)6 public evaluation. More detailed

information and analysis of the commonly used training and evaluation datasets are provided in

Chapter 3.

On one of the earlier releases within Smule'sDAMP repository, theDAMP - multiple songs

dataset, where no line-level lyrics annotations were provided, Kruspe (2016) trained a DNN-

HMM system on weak labels obtained from a speech-trained forced aligner, and reported 77%

Phoneme Error Rate (PER) on a subset of the aforementioned dataset. To generate labels and

line-level weak annotations to be used for training, Gupta et al. (2018) automatically segmented

recordings with respect to words detected by a pretrained speech recogniser. Since the line-level

lyrics are already provided in the later releasedDAMP corpus, namelyDsing! - 300� 30� 2, the

interest in semi-supervised learning for ALT decreased, and researchers focused on generating

`synthetic' singing data.

In her work, Kruspe (2015) transformed speech data into singing through digital signal

processing (DSP) techniques such as adding vibrato, time stretching and pitch shifting (transposi-

tion) to capture the acoustic variations in singing and yet observed only a moderate performance

improvement using the `songi�ed' training data. In a later attempt, Basak et al. (2021) applied

style-transferusing opera data to convert speech into singing. In particular, the authors resyn-

6To access; https://www.music-ir.org/mirex/wiki/2020:Lyrics_Transcription
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thesise speech by adapting fundamental frequency contours and spectral envelope parameters

estimated from opera data. However, the melody and the lyrics are not necessarily aligned,

potentially causing unrealistic prosody and pronunciation in the synthesised vocals. To cope

with this, Zhang et al. (2021) developed a speech-to-singing conversion method, namelyPD-

Augmentwhere pitch and duration are readjusted in the original speech utterances guided by

melodic patterns extracted from a MIDI dataset. The authors report a considerable improvement

compared to training on non-augmented data.

Task-speci�c language models have been shown to be bene�cial for the development of

ASR systems. Similarly in ALT, building a language model on a lyrics-speci�c corpus has

been the preferred method since the early work of Fujihara et al. (2006). Recently, Gupta et al.

(2020) showed that a lyrics-speci�c language model is superior to using either speech-only or

speech-mixed-with-lyrics corpus. Notably, most of theWERimprovement in their experiments

was due to the lyrics-speci�c language model. In our recent work, we observed around 25%

relativeWERimprovement when a neural network based language model, namely RNNLM, is

used (Demirel et al., 2020a), which is later shown in Chapter 4. Finally, Zhang et al. (2021),

scraped over 45 million lyrics lines from the web and trained a Transformer-based LM, which

veri�ed a lyrics-LM being bene�cial against a speech LM in the context of E2E ALT.

The prosodic elements of sung utterances are often motivated by melody construction and

expressivity which may affect how words are pronounced. Singers tend to utter longer vowels

according to statistical observations (Duan et al., 2013; Dabike and Barker, 2021; Demirel et al.,

2021c). To model longer vowels, Gupta et al. (2018) proposed representing word pronunciations

with repeated vowels in the pronunciation model, which resulted in a considerable improvement.

Kawai et al. (2017) showed that including pitch in the feature space was bene�cial on a private

Japanese language dataset. Later, Dabike and Barker (2021) concluded that the improvements

observed due to including pitch features diminishes as the training data gets larger.

One of the major challenges in ALT is transcribing words when there is music accompani-

ment, i.e. polyphonic recordings. There have been few methods proposed to leverage music

related information present in the acoustic scene of polyphonic recordings, in order to improve

overall performance in ALT. Gupta et al. (2020) leveraged the genre annotations in theDALI

dataset and labeled utterances with genre-tags, essentially constructing a genre-aware pronun-
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ciation model. While improvements were especially noticeable for the task of audio-to-lyrics

alignment7, modeling genre-speci�c phonemes results in a very large set of target classes and a

huge acoustic model, however this was mentioned to be extremely memory consuming (Demirel

et al., 2021a).

The state-of-the-art

In Table 2.3, previously reported results for both the DNN-HMM and E2E approaches are

compared for four commonly used evaluation sets:DAMPtest, Hansen, MauchandJamendo.

TheWERscores in Table 2.3 do not include my previous publications, although these report the

state-of-the-art results. The improvements achieved in my work are compared with the previous

literature in Chapter 6, as outlined in Section 1.4 where the relevant sections of this thesis can

be found.

The E2E approach for ALT was �rst implemented by Stoller et al. (2019), who used a

basic CTC structure with a U-Net as the encoder. In their work, Gupta et al. (2020) tested an

attention-based seq2seq model but obtained worse results, possible due to training on a much

smaller dataset. In the same work, the authors compared their E2E model with the genre-aware

DNN-HMM LFMMI model mentioned above, which had considerably better results than Stoller

et al. (2019).

DNN-HMM models were also considered to be the better option for monophonic recordings

until very recently. Zhang et al. (2021) trained a Transformer with convolutional positional

embeddings on theDAMP dataset, and reported 6% absolute WER improvement over the

previous best results in Demirel et al. (2020a). Although their results for models trained on

non-`PD-augmented' data are still worse (27.6% WER) than the best performing DNN-HMM

model, the study shows the possibility for bridging the gap between E2E and DNN-HMM based

systems within the context of ALT. Note that this paper has not yet been peer-reviewed, and it is

published only onarxiv.

7This work is still the state-of-the-art for audio-to-lyrics alignment to date.
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Dataset DNN-HMM End-to-end

DAMPtest LFMMI (Dabike and Barker, 2019) 19.60 Transformer w PD-augment (Zhang et al., 2021) 9.60

Hansenpoly LFMMI + 47.01 Seq2seq w/ Attention + Lyrics LM (Gupta et al., 2020)80.1

Mauch + Genre-labeled phonemes 44.02 U-Net + CTC (Stoller et al., 2019) 70.9

Jamendo + Vowel extended lexicon (Gupta et al., 2020)59.57 77.8

Table 2.3: State of the Art in ALT (in terms of %WER).



Chapter 3

Singing Data for Word Recognition

In this chapter, singing data used in building and evaluating the lyrics transcription system

is studied in order to establish a better understanding of how it is processed and leveraged

within this task. First, the training and evaluation datasets are examined which are commonly

used in ALT research and also included in our experiments in Chapters 4, 5 and 6. Then, a

new evaluation set is introduced, namelyDALItest240, which is curated for benchmarking lyrics

transcription results on polyphonic recordings. Finally, a statistical and quantitative comparison

between speech and singing data is provided, where their distinct properties are identi�ed that

are taken into consideration for adapting conventional ASR systems to singing data.

3.1 Datasets

As mentioned in Chapter 2, the recent availability of training datasets -DAMP-Sing! 300� 30� 2

andDALI - had a great impact on the development of ALT research, and most of the reproducible

studies have used either of these datasets in building their transcribers. On the other hand,

evaluation in ALT has been on a variety of publicly available datasets, each of them having

unique properties. Thus, curating a single framework for testing ALT models through including

all the publicly available evaluation sets would potentially contribute to establishing a more

comprehensive outlook of varying models at operation. In this section, we introduce the datasets

employed in our study for the training and testing stages, and highlight their speci�c properties.

The overall statistics of the subject datasets are provided at the end of this section in Table 3.1.
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3.1.1 Training Data

Each data sample for training the transcriber is typically a line of lyrics. This requires time

stamps pointing to the beginning and end of each line of lyrics. The only publicly available

datasets with such time annotations and suf�cient size are theDAMPandDALI datasets (�rst

mentioned in Section 2.5). These datasets have distinct characteristics making them suitable for

a speci�c scenario within the ALT problem, which are discussed below:

DAMP - Sing!300x30x2

TheDAMPrepository consists of karaoke recordings collected via a commercial mobile appli-

cation, Smule. The performers are the users of the mobile app, and generally amateur singers.

Most recordings are monophonic and there is no dominant background music accompanying

singing. Note that the acoustic properties of the recording environment vary due to the data cre-

ation procedure. This is typically re�ected as variance in reverberation or echo, distorted singing

voice signals, users' languages and recording locations, making the dataset fairly representative

of real-world solo singing data.

There are a few separate datasets within theDAMPrepository.1. Speci�cally, this study uses

the Sing! 300x30x2 dataset within theDAMP repository, where line-level timing annotations of

the corresponding lyrics are provided. In addition, the dataset was initially released as a clean

version of its predecessors while having singers' gender balance, and containing samples from

30 different countries. Because of this, the dataset provides a large variety of accents, prosody

and pitch ranges, making it even more suitable for the ALT task.2.

DALI

TheDALI dataset is a large corpus of commercial polyphonic recordings, also with weak labels

obtained via a semi-supervised learning strategy (Meseguer-Brocal et al., 2019) where the time

annotations are also provided on the lyrics line level. The recordings can be obtained via the

Youtube links and the code repository provided athttps://github.com/gabolsgabs/DALI. DALI is

frequently used in research to train polyphonic ALT models (Gupta et al., 2020; Basak et al.,

1The data can be retrieved fromhttps://ccrma.stanford.edu/damp/upon request to Smule.
2The data identi�ers and annotations are shared athttps://github.com/emirdemirel/ALTA/s5/data/train_damp.
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2021) The version reported in this study (DALI-v2.0) (Meseguer-Brocal et al., 2020) has around

200 hours of data, however a subset of the original version (156 hours) is used due to what was

available on the links provided at the time of retrieval3. Note that, there were overlapping songs

in our initial version ofDALI set with some of the samples in the evaluation sets. Hence, we

removed the overlapped songs from the training set.

The Lyrics Corpus

As mentioned in Section 2.5, constructing a lyrics-speci�c language model is found to be

bene�cial for ALT (Gupta et al., 2020). For this, the lyrics corpus introduced by Dabike and

Barker (2019) is taken as the starting point, which consists of two resources: the songs of artists

from the Billboard charts between the years 2015 and 20184, and the sentence annotations in the

training subset of theDAMPdataset. This corpus is extended with the lyrics of the train split of

theDALI data to form the �nal version of ourLyrics Corpus. For scienti�c evaluation, the lyrics

of the songs are excluded from the test sets for training the language model.

3.1.2 Evaluation Data

NUS Sung and Spoken Lyrics Corpus

The NUS Corpus (Duan et al., 2013) contains sung and spoken performances of 20 pieces in

English language by 12 singers with varying native and non-native accents. The dataset includes

manual annotations of phonemes, which enabled a data-driven comparison of sung and spoken

utterances. The data and annotations are exploited in our computational pronunciation analysis

(Demirel et al., 2021c), which will be discussed in Chapter 4.

DAMPtest

Dabike and Barker (2019) who �rst reported results on DAMP - Sing!300x30x2 dataset, in-

troduced a test split where the annotations are manually veri�ed or �xed. This set, generally

referred to asDAMPtest is also used to compare results by Demirel et al. (2020a); Zhang et al.

3Similar to theDAMPdataset, the metadata information for our version ofDALI set used in training are shared
publicly athttps://github.com/emirdemirel/ALTA/s5/data/train_dev.

4This was �rst curated in Dabike and Barker (2019), then utilised by Demirel et al. (2020a).
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(2021); Demirel et al. (2021b). The dataset contains a higher number of singers compared to

other test sets and similar to theDAMPdata overall.

Hansen

Introduced by Hansen (2012), the Hansen dataset consists of 10 commercial pop songs in

English released in early 2010s, which is used as one of the evaluation sets in the MIREX -

ALT challenge. Despite its limited musical variability, this set is interesting for ALT research

as it contains the original vocal stems making a direct comparison between monophonic and

polyphonic recordings possible (referred to asHansenmonoandHansenpoly respectively).

Mauch

TheMauchdataset (Mauch et al., 2011) is another set used in the MIREX - ALT challenge which

has 20 commercial songs in English and a higher variability in terms of the release years and

music styles, though it still mostly consists of pop music. Word-level time annotations are also

provided within this dataset, and hence it is also used as an evaluation set for theaudio-to-lyrics

alignmenttask.

Jamendo-lyrics

The above-mentioned datasets are prone to haveevaluation biasas bothHansenandMauch

consist of songs in similar styles. In their work, Stoller et al. (2019) introduced theJamendo

dataset which consists of 20 songs from a variety of music genres includinghiphop, metal,

reggae, R&B andcountry(Stoller et al., 2019) which provides a higher musical (and lyrical)

variability. In addition, the recordings have an open source license (Creative Commons) and can

be publicly retrieved athttps://github.com/f90/jamendolyrics. Similar to theHansenandMauch

dataset, theJamendo-lyrics dataset also has manually annotated word-level time stamps and is

used to evaluate lyrics alignment models.

DALI test240

Data withinDALI is also used to evaluate ALT from polyphonic recordings (Gupta et al.,

2020; Basak et al., 2021; Zhang et al., 2021). However, usually suf�cient information is not
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provided on the curation of these splits and data identi�ers are not publicly shared, which makes

evaluation across different papers dif�cult. For these reasons, we have curated a new split of the

DALI dataset to be used as a benchmark evaluation set for polyphonic recordings (Demirel et al.,

2021b). We began the curation of the set from the test split used by Vaglio et al. (2020), which

consisted of 513 recordings. However, several recordings were not retrievable from the links

provided at the time of data retrieval. To cope with this, we obtained the YouTube links through

automatic searchusing relevant key words. We eliminated live performances, recordings with

low audio quality or that contained extra utterances compared to the corresponding original

lyrics. In addition, we excluded songs where the dominant language was not English. For each

artist, we included at most 5 songs. Among the remaining ones, a subset is chosen manually

for maintaining a balanced distribution of singers' gender, of�cial release dates over decades

(see Figure 3.1) and variability of singing styles, vocal effects and music genre. We manually

veri�ed the lyrics according to the originalDALI annotations and other online resources.

Figure 3.1: The distribution of release years of recordings per test set studied in this study.

The �nal version consists of 240 recordings, setting the largest evaluation set for ALT in

polyphonic recordings with manually veri�ed annotations. In the rest of this thesis, this dataset is

referred to asDALItest240. For reproducibility, the data identi�ers and cleaned lyrics annotations

are shared publicly. In addition, a tutorial to retrieve the correct versions of the audio �les

via their corresponding YouTube links can be found at “https://github.com/emirdemirel/DALI-

TestSet4ALT”.

3.1.3 Summary

Regarding the presence of musical accompaniment, the above-mentioned datasets used in this

study can be categorised under two distinct data domains:



3.2. Preprocessing Lyrics 54

• Monophonic: DAMP, NUS, Hansenmono

• Polyphonic: DALI, Hansenpoly, Mauch, Jamendo

Below in Table 3.1, a statistical summary of these datasets is provided:

Set Words Unique Words Num. Samples Mean Sent. Length Num. Rec. Num. Singers Avg. Utt. Dur. Total Dur.

Librispeech 9,613,824 90,153 292,367 40 292,367 3052 14.38sec 960h

DAMPtrain 685,956 5304 79,959 9 4155 3052 6.74sec 112h

DALItrain 1,077,133 25,477 227,021 5 4132 1507 2.48sec 156h

DAMPtest 4630 840 479 10 70 40 6sec 48min

DALItest240 62,800 4200 240 262 240 160 233sec 15.5h

NUS 8667 684 48 181 48 12 143sec 2h

Hansen 2874 585 10 287 10 9 214sec 35min

Mauch 5181 820 20 259 20 19 245sec 82min

Jamendo 5688 995 503 11 20 20 216sec 72min

Table 3.1: Statistics of datasets used in experiments. Titles (from right-to-left): dataset name,
total number of words, total number of unique words, number of training samples, average
sentence length, number of recordings, number of singers, average duration of training samples
(in seconds), and the total duration of the audio data.

3.2 Preprocessing Lyrics

Lyrics automatically retrieved from web resources5 often contain textual noise. Thus, this raw

lyrics data requires a few denoising and normalization steps prior to training, which are listed

below:

• All non-ASCII characters are removed except apostrophe ("'") as this occasionally con-

tributes to the context and how words are pronounced. The non-ASCII characters include

punctuation marks such as exclamation marks ("!"), question marks ("?"), dots ("."), etc.

• All numeric characters are converted to their alphabetic correspondence.

• All letters are converted to upper case.

• Lyrics text automatically retrieved from public online resources have certain speci�c noise,

such as explicit hyphenation or syllabi�cation of single words (e.g. HY-PHEN-ATION).

These explicit notations occur possibly to guide singers to utter words in separate syllables

during melody construction by providing cues regarding rhythms or durations.

5This includes the lyrics in theDALI dataset, as they are also scraped from the web.
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• Such symbols or repeated letters are removed and words are converted back to their

canonical form using the standard open-source Natural Language Toolkit (NLTK) toolkit.6.

Note that these steps can be language speci�c.

• The output of the procedure explained above are then corrected and veri�ed manually.

3.3 Speech vs. Singing

In this section, singing and speech data are compared in quantitative terms to provide evidence

for the design choices in constructing our baseline lyrics transcribers in Chapters 4 and 5. The

analysis begins with the lyrics data in text form to identify its domain-speci�c characteristics in

contrast to typical speech utterances used to train speech recognition models. Later, the major

differences between sung and spoken utterances as audio data are highlighted.

3.3.1 Text

At this stage, speech and singing text data are compared based on a number of properties related

to linguistic complexity, which are shown in Table 3.2. As the speech data, the transcriptions

of the Librispeech - train960h dataset (Panayotov et al., 2015) are used, and the lyrics corpus

mentioned in Section 3.1.1 is used for singing. It can be seen that the lyrics corpus in this

analysis is larger than Librispeech in terms of total number of training samples and words.

Librispeech Lyrics Corpus
# samples 292,367 2,020,776
# words 9,613,824 12,773,430
# types 90,153 101,386
# OOV types 46,264 66,873
# types (% 95) 11,377 4,965
# OOV types (% 95) 368 457
MTLD (mean,std.) (63.41, 35.25) (8.66,8.65)

Table 3.2: Comparison between speech and lyrics corpora used in this study. The rows represent
the number of training samples, words, types (unique words), out-of-vocabulary types and their
95% percentile, and the measure of textual lexical diversity (MTLD) scores (top-to-bottom).

The number of unique words (types) or thevocabularysize is also larger in the lyrics corpus.

However, if we consider the most common95%of all words, the vocabulary size drops sharply

6Source code is available athttps://github.com/nltk/nltk



3.3. Speech vs. Singing 56

for both the corpora, indicating a high number of types occurring only for few instances. In

order to provide more numerical evidence on this matter, or thelexical diversity, we make use

of the measure of textual lexical diversity (MTLD) metric (McCarthy, 2005) as it provides a

sentence-length invariant index (Torruella and Capsada, 2013). Figure 3.2 and the last line in

Table 3.2 show that the MTLD index is much higher for the Librispeech dataset compared to

the lyrics corpus.

Additionally, the out-of-vocabulary (OOV) words per corpus are provided. Here, a word is

considered to be OOV if it does not exist in the standard CMU English Dictionary used in most

ASR baseline systems. It can be seen that more than half of the words are OOV in the lyrics

corpus, which stands out as a factor to consider for phoneme-based word recognition models. In

this regard, a grapheme-to-phoneme conversion procedure is required which is also a standard

data preprocessing procedure in LVCSR pipelines.

Figure 3.2: Distribution of MTLD scores computed on the transcriptions for each training
sample. The x-axis shows the concentration of samples given an MTLD value (i.e. the wider
the shaded region, the more samples there are for the corresponding value on the y-axis). The
y-axis is log-scaled for visualisation purposes.

On the other hand, the samples in the lyrics corpus generally have fewer words compared

to the speech corpus. This is illustrated via the violin plots in Figure 3.3. According to this,

the number of words per training sample in the Librispeech corpus is concentrated around 40

whereas this slightly lower than 10 for the lyrics corpus. This shows that lyrics at line level
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have lower contextual depth compared to speech transcriptions in the Librispeech set. Note

that these transcriptions are often formed of multiple sentences which contributes to the lexical

density, whereas the lyrics samples are restricted to be a single line of lyrics. Moreover, it can

be inferred that most of the lyrics samples (i.e. lines of lyrics) have less than 20 words whereas

the number of words per sample varies a lot more for Librispeech.

Figure 3.3: Distribution of number of tokens (words) per utterance in the Librispeech dataset
and the Lyrics Corpus used in this study.

According to the above comparison, the corpus size seems suf�cient for training a language

model on lyrics data. Thus, we decided not to extend the lyrics corpus further. However, the

analysis above also shows that the lyrics corpus has much lower lexical diversity compared to

speech, which might be potentially due to the repetitive patterns in lyrics. In Section 4.4.2, the

effect of increasing the corpus' lexical diversity is tested through including Librispeech data in

language model training.

3.3.2 Audio

Singing and speech have a number of commonalities such as having a hierarchical structure

and complexity (Fitch, 2006), and containing information about the speaker's / singer's gender,

identity and emotion (Weninger et al., 2011), however the sound production mechanism may

be used differently. For instance, singers may use their vocal organs in an unusual way during
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opera singing (Sundberg, 1977, 2018), may perform different breathing techniques (Leanderson

et al., 1987) or change the location of the vowel formants in the spectral domain (Sundberg and

Romedahl, 2009). Moreover in singing, performers tend to articulate syllabic patterns in an

expressive and an artistic manner. Compared to speech, these articulations in singing result in

vowels having considerably higher variance in duration and acoustic characteristics like pitch,

loudness and timbre, and thus in overall prosody of utterances Fujisaki (1981); Lindblom and

Sundberg (2014); Duan et al. (2013); Dabike and Barker (2021); Sharma et al. (2021). For a

basic prosodic comparison, we compare the articulation rates and vowel duration distributions

of the sung and spoken utterances in the NUS Corpus. The articulation rate (AR) can be simply

computed as the number of pronounced linguistic units or syllables per minute. Note that the

computation of AR does not take silent regions into account.

In general, an utterance or a sequence of speech (or singing) sounds is made of syllable

nuclei which are optionally edged by initial and �nal margins. Vowels often are found within

these syllabic boundaries where the energy concentration or the sound intensity is the highest.

Thus, the articulation rate can be estimated by tracking the number of vowels in an utterance.

Following the steps of De Jong and Wempe (2009), syllable detection is performed based on

thresholding the sound intensity level and observing whether a preceding dip exists for each

peak above the threshold. Then, the fundamental frequencies are extracted to exclude unvoiced

segments.

Speech Singing
Articulation Rate (per min) 266.25 172.50
Duration (min) 0.03 0.18
Duration (max) 0.77 3.86
Duration (mean) 0.10 0.34

Table 3.3: Mean articulations rates (syllables per
minute) and syllable duration stats (in seconds).

Figure 3.4: Vowel duration
distributions.

According to Table 3.3, having a lower AR value in sung utterances implies fewer syllables

are uttered per minute and the presence of longer vowels. Longer uttered vowels can also be

veri�ed via the vowel duration distributions in Figure 3.4. In addition to the above analysis,

readers are encouraged to read data-driven spectral analyses by Duan et al. (2013) and Dabike
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and Barker (2021) on the articulation differences and pitch variances between sung and spoken

phonemes and syllables.

Although this study acknowledges the aforementioned differences between speech and

singing and the relevant literature on the subject, it focuses on the data-driven aspects in both

domains that would be of importance in the design principles of our deep learning based lyrics

transcribers. From this perspective, we are mainly concerned with the total size of the training

data. According to the statistics in Table 3.1, the available speech audio data (Librispeech 960h)

is much larger than the combination of both the ALT training sets (960 vs.� 270 hours). Unlike

the lyrics corpus used for the language model, the number of words and training samples are

less for singing. Moreover, training utterance lengths appear to be shorter for singing data

compared to Librispeech (second column from right in Table 3.1) which is bene�cial for memory

consumption during training.

3.4 Evaluation Metrics for Automatic Lyrics Transcription

3.4.1 Word / Character Error Rate

The applications of ALT expect accurate word transcriptions. Similar to ASR, the standard metric

for evaluating ALT systems is theword error rate(WER), which is derived from theLevenshtein

(edit) distance. Given two strings, the Levenshtein distance computes the minimum number

of modi�cations required to transform one string to the other through dynamic programming

(Levenshtein, 1965). Within the context of ASR, Levenshtein distance is used to measure the

difference between an automatically recognised word sequence and a reference word sequence

(McCowan et al., 2004; Morris et al., 2004). This edit distance is normalised by the number of

words in the reference word sequence,N ref. This normalised value is called the word error rate.

There are three types of errors in computing the Levenshtein distance: number of word

substitutions (S), number of words in the reference that are deleted in the transcription (D ), and

number of words in the transcription that do not appear in the reference, i.e. insertion errors,

(I ). ConsideringN ref = C + S + D, whereC is the number of correctly predicted words, then,

WERcan be formulated as:
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WER=
S + D + I

N ref
=

S + D + I
C + S + D

(3.1)

There may be cases where the predicted word is incorrect but orthographically very similar

to the reference. For instance, suppose reference lyrics to transcribe is “I AM TITANIUM", and

the prediction is “I'M TITANIUM”. In this case,WERpenalises the prediction two times, one for

substituting the �rst words, and a deletion error for the missing second word. As an alternative

metric to penalise such instances less, the error rate can be calculated on the character-level,

which is often referred to asCharacter Error Rate(CER).

3.4.2 Cross-dataset Performance Drop

In this section, we introduce theCross-dataset Performance Drop(CPD) metric that measures a

speci�c model's performance drop across different test sets.CPD is proposed to summarise a

speci�c model's performance across all the datasets used in evaluation with the goal of making

the model selection procedure more convenient at each experimental step.

Given an objective function, deep neural networks (DNN) can learn a hyper-dimensional

function that can map input features to target labels. This provides the ability to model high level

nonlinear information. However, they may over�t to their training data and their performances

may get degraded depending on the statistical properties and distributions of the datasets used in

training and evaluation. In deep learning evaluation frameworks, this phenomenon has been

referred to as thedatasetor aggregation bias(Torralba and Efros, 2011). This inherent bias

from the training data should be taken into account when evaluating different deep learning

models.

Dataset bias can be observed via scrutinising the performance generalisation of a machine

learning model across different datasets. In this study, we formulate the typical cross-dataset

evaluation scheme as follows: Given a root datasetD, each subject model is trained on aD train

split and a smaller subsetDvalid is used for validation. The hyperparameters of models are

�ne-tuned and tested on different unseen portions ofD, namely the development,Ddev, and the

test set,D test
self, is used to report the �nal evaluation scores. This implies that a unique pair of

Ddev andD test
self is de�ned for each training set. These splits are illustrated in Figure 3.5.
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Figure 3.5: The dataset splits considered in the cross-dataset evaluation framework.

In cross-dataset evaluation, subject models are evaluated on other corpora unrelated to

the root datasetD, (noted asD test
others = fD test

0 ; D test
1 ; :::; D test

N g in Figure 3.5). The datasets in

D test
othersare selected to have distinct data distributions to simulate a more generalisable evaluation.

According to the cross-dataset evaluation studies by Torralba and Efros (2011), it is considered

that the smaller the gap between a model's performance onD test
others and its performance on

D test
self, the higher the model's generalisability (or lower the dataset bias) is. Conversely, a higher

performance drop on unseen data may indicate that the system is biased either due to over�tting

or dataset bias.

In the context of ALT, the performance drop acrossD test
othersaccording to the above explained

generalisation assumption, can be formalised in terms of word recognition rate (WRR), which is

the opposite ofWER(McCowan et al., 2004):

WRR(%) = 100 � WER(%)

= (1 �
S + I + D
C + S + D

) � 100

= (
C � I

C + S + D
) � 100

= (
C � I
N ref

) � 100: (3.2)

Then theWRRdrop betweenD test
self andD test

otherscan be expressed as:

� WRR(%) = WRRtest
self(%) �

MX

m

WRRtest
m (%)
M

(3.3)
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whereM is the number of datasets inD test
others. Equation 3.3 gives a relative measure w.r.t.

WRRtest
self and calculating the performance drop in terms of percentages does not take the size

of D test
self into full consideration. For this reason, Tommasi et al. (2017) proposed measuring

the performance drop directly based on the absolute differences of the numbers of correctly

predicted instances. However, using direct differences may result in biased measurements in

case of large differences in the sizes of test sets to compare. For instance, consider an extreme

case where the number of words inD test
self is 10, and the words in hypotheticalD test

others,aand

D test
others,bare 2 and 1 million respectively. Suppose half of the words both inD test

self andD test
others,b

are predicted correctly (i.e.WRR= 50% with no insertion errors) and both words inD test
others,a

are predicted correctly (WRR= 100%). According to Equation 3.3, the resulting cross-dataset

performance drop would be� 25%meaning that the subject model performs much better on

unseen evaluation sets, while the overall performance is almost the same according to the ratio

between the total number of correct predictions and the number of words in the reference.

Therefore, in order to reduce the bias introduced by sizes of the subject test datasets, we propose

using this ratio as the cross-dataset performance drop,CPD, which can be expressed as:

CPD(%) =

 
C test

self � I test
self

N test
self

�
P M

m (Cm � I m )
P M

m Nm

!

� 100 (3.4)

The above expression can be interpreted as merging all sets inD test
others into a single test

set. According to Equation 3.4,CPD = 0 implies that the subject model's average word

recognition performance is the same as forD test
self. In other words, the results obtained onD test

self are

generalisable to other datasets. In this context,CPD > 0 means performance drop is observed

and signals the presence of dataset bias. AsCPD gets larger, the risk of over�tting increases

and the in�uence of aggregation bias increases.CPD < 0 might occur where the root datasetD

has suf�cient diversity compared toD test
othersalthough there is a room for improvement and hints

the risk ofunder�tting. This can be interpreted as the lowerCPD gets forCPD < 0, the risk of

under�tting increases and the performance of the modelM should be improved further, possibly.

The above described interpretation of the performance drop measure can be summarised as

follows:
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CPD > 0 ! Dataset bias, risk of over�tting

CPD < 0 ! More �ne-tuning needed, risk of under�tting

Research in automatic lyrics transcription has focused on two distinct data domains: solo

singing performances (monophonic) and recordings with musical accompaniment (polyphonic).

Speci�cally for the polyphonic domain, the background acoustic scene is highly variable

depending on the music accompaniment, i.e., music styles, instruments, sound effects, musical

harmony, etc. Moreover, the data acquisition process (e.g. recording environment, device,

audio encoding) is likely to vary across different sources of data. These domain differences

have motivated researchers to focus on buildingdomain-speci�cmodels7 and thus reporting

domain-speci�c evaluation results (Kruspe, 2016; Stoller et al., 2019; Gupta et al., 2018, 2020;

Dabike and Barker, 2019; Demirel et al., 2020a; Basak et al., 2021). In contrast, one of the

main focuses of the methods proposed in this thesis is to improve lyrics transcription models'

performance generalisability and scalability across varying domains. Therefore, we measure

subject models' performance drop on the combination of monophonic and polyphonic recordings

which is referred to asD test
others in cross-dataset evaluation (Section 4.4.6). For this, we use the

CPDmetric for comparing different models.

3.4.3 Other Performance Metrics

In addition to evaluating ALT systems based on word recognition rates, we assess different

models in terms of effective model complexity (Hu et al., 2021) and inference runtime. The

former, which is also referred to aspractical complexityin the literature (Novak et al., 2018),

re�ects the complexity of the functions of a model with a �xed set of parameters represented by

DNNs (Hanin and Rolnick, 2019). This measure has been utilised to improve model selection

strategies (Myung, 2000) and explore model compression techniques (Cheng et al., 2018). A

common metric for measuring the effective model complexity is the number of trainable DNN

parameters given the same model framework is employed (Kurkova, 2018), which is the one

7In this context, the term domain-speci�c is used for models trained on either monophonic or polyphonic
recordings.
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utilised in this study.

The second operational performance metric mentioned above is concerned with how fast the

transcription system responds given the input speech / singing signal. A popular metric used

in both research and industry for this purpose is called thereal-time factor(RTF), which is

simply the ratio between the system's response time and the duration of the input utterance. To

speci�cally measure the word inference block of the overall transcription pipeline, we compute

RTFbased on the graph decoding times, and exclude the initial data preprocessing and feature

extraction steps, which are identical across all models tested in this study. In the experiments,

we repeat decoding for 5 times and report the average of these iteration as the �nalRTFs. All

tests are performed on the same machine.

3.5 Summary

To sum up, we went through the datasets available for research and mentioned their speci�c

properties relevant to the ALT task. According to these properties, we categorised datasets

with respect to having background music accompanying the singing voice. A lyrics corpus is

curated for constructing the language model and a new evaluation set,DALItest240is presented.

Furthermore, we studied the singing data within the context of word recognition both in text

and audio forms, and analysed its mutual and contrasting aspects with speech. In summary,

while the lyrics corpus is suf�ciently large, its lexical diversity is much lower than that of the

benchmark speech dataset. Moreover, the audio dataset available for training the acoustic model

is also much smaller than Librispeech. On the other hand, training samples in singing are shorter

both in terms of audio and text lengths. These data properties are taken into consideration

for adapting state-of-the-art speech recognition engines to singing data and building the lyrics

transcribers in Chapters 4 and 5. Finally, we studied the evaluation metrics that will be used

for model selection during experiments, and introduced a novel evaluation metric,CPD which

measures a lyrics transcriber's performance generalisability.



Chapter 4

Hybrid DNN-HMM Based Lyrics

Transcription

For decades, HMMs had been the standard approach for modeling speech signals due to their

capability of modeling sequential data. According to the HMM based speech processing

framework, the most common approach for modeling utterances is through decomposing spoken

utterances into streams of phonemes where each phoneme is represented by an HMM (Gales

and Young, 2008). Conceptually, the overall function of HMMs in this context is modeling

the transition probabilities and observation distributions of phoneme sequences statistically

based on acoustic observations. The transition and output phoneme posterior probability

distributions (or emission probabilities) of HMM sequences are estimated from training data.

Phoneme probabilities are converted to word probabilities through a phoneme-to-word symbol

transduction procedure based on the mapping prede�ned by a pronunciation dictionary. The raw

posterior probabilities are then smoothed via a word-level language model.

Before the deep learning era, Gaussian Mixture Models (GMM) were employed to estimate

the HMM emission probabilities from acoustic feature observations, i.e. the acoustic model.

With the advances in deep learning research, Deep Neural Networks (DNN) have become the

standard classi�ers for estimating the HMM emission probabilities. The framework examined

in this chapter is referred to as the hybrid DNN-HMM approach for speech recognition, and the

�rst lyrics transcription system presented in this thesis follows the principles of this framework.

Modern HMM based ASR frameworks (including Kaldi) use the concept of Weighted Finite
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State Transducers (WFST) for modeling the phoneme states1. As their name implies, WFSTs

have the ability to perform transduction / translation between symbolic sequences from two

different domains. This is achieved via storing a weight between symbols to translate, which

can later be used to implement a probability distribution over a sequence of events (Mohri

et al., 2002). According to this framework, a cascading transduction operation is applied for

converting phoneme posterior probabilities to word probabilities. The main transducers in this

cascaded pipeline are described below:

Transducer Function Input sequence Output sequence
H acoustic model HMM topology context-dependent phonemes
C context-dependency context-dependent phonemescontext-independent phonemes
L pronunciation dictionary context-independent phonemes words
G language model words words

Table 4.1: Finite state transducers in the decoding graph

The acoustic model transducer,H , takes acoustic features as input and stores context-

dependent phoneme state probabilities. The context-dependency is removed by theC transducer.

These context-independent phoneme labels are then converted to words via the lexicon trans-

ducer,L . The output word probability distributions are then composed with word posteriors

estimated by the language model or the grammar transducer,G. The cascaded composition

operation can be summarised as:

HCLG = H � C � L � G; (4.1)

whereHCLG is referred to as the �nal decoding graph. In the above equation,� stands for the

graph compositionoperation which is used to de�ne the binary relationship between the input

and output sequences in different domains. For instance, consider the symbolq is converted tos

via theT1 transducer (q ! s) andT2 translatess to w. Then the cascaded transducerT1 � T2

can be used to de�ne the transductionq ! w. Following this principle, it can be inferred that

the composition in Equation 4.1 is applied unidirectionally from left to right. According to this,

1Kaldi uses the Open-FST toolkit's WFST implementation (Allauzen et al., 2007).
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the acoustic model and the grammar transduction are the initial and the �nal operations during

the construction of the overall transcriber, i.e. decoding graph composition.

This chapter outlines the details of the proposed methods to improve the performance of the

DNN-HMM lyrics transcription system following atop-downapproach. It follows the reverse

order of the graph composition procedure and begins with building the language model. Then, a

comparative study is held to adapt the lexicon (pronunciation) transducer to singing. The next

two sections focus on the acoustic model. First, the study proposes cross-domain training to

achieve domain invariant performance. Secondly, a novel compact multistream neural network

architecture is presented which is designed with the goal of improving robustness in noisy

environments and polyphonic recordings. The chapter concludes with experiments to �nd the

optimal setting for each of the major computational blocks of the DNN-HMM based lyrics

transcriber. In this �nal section, a cross-dataset evaluation framework is provided to measure

models' performance generalisability across varying evaluation datasets used in research.

4.1 Language Model

Language models in DNN-HMM frameworks are typically built onn-gram approximation.

Once word lattices are generated after a �rst-pass scoring with an n-gram model, the word

posteriors can be rescored with a larger n-gram (Ljolje et al., 1999). In addition, rescoring can

also be performed via RNNLMs (Sundermeyer et al., 2014; Liu et al., 2016). In this section, an

explanation of the theory behind the construction of these language models is given.

4.1.1 n-Gram Approximation

The word probabilities,P(w), can be de�ned according to the n-gram approximation approach

as:

P(w) =
KY

k=1

P(wk jwk� 1; wk� 2; :::; wk� N +1 ); (4.2)

wherew = w1; :::; wK is a word sequence with a �nite lengthK . Similar to the previous studies

by Dabike and Barker (2019) andGupta et al. (2020), the DNN-HMM based lyrics transcriber in

this study adopts themaximum entropy(ME) modeling approach (Rosenfeld, 1994; Alumäe
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and Kurimo, 2010) within the SRILM toolkit (Stolcke, 2002), a standard open-source natural

language processing software. The n-gram probabilities are estimated in the ME optimization

approach as follows:

P(wk jwk� 1; wk� 2; :::; wk� N +1 ) =
exp(

P
k � k f k (wk ; wk� 1; wk� 2; :::; wk� N +1 ))

P
wk 2 Vk

exp(
P

j � j f (wk� 1; wk� 2; :::; wk� N +1 ))
;

(4.3)

wheref corresponds to the word feature functions used in training, andVk is the set of all

possible word predictions at time stepk. The numerator in Equation 4.3 represents the likelihood

of the wordwk given the word history, and the denominator is the likelihood of all words in

V on the same observations which serves as the normalisation factor. The goal of ME training

is to learn the optimal weights,� k corresponding to featuresf k (wk ; wk� 1; wk� 2; :::; wk� N +1 ),

to maximise the likelihood of all observed word sequences in the training dataL(w; � ). The

weights are usually learned via the iterative scaling algorithm (Rosenfeld, 1994) or gradient

descent. Our system in particular performs parameter optimization using the Orthant-Wise

Limited-memory Quasi-Newton (OWL-QN) method for this (Andrew and Gao, 2007).

There are often cases where a word in a test sample appears in ann-gramthat was never

seen in the training data. In this case, the LM would assign zero probability to such words. To

prevent this, the probabilities of the most frequent events are shaved off and distributed over

the unseenn-gram. This procedure is calledsmoothing. Our framework uses the Kneser-Ney

smoothing algorithm (Kneser and Ney, 1995).

Once �rst-pass decoding is done, a lattice structure is obtained as in Figure 2.3 which stores

the word posterior probabilities, labels and graph costs. Previous studies showed that further

performance improvement can be achieved after a second-pass scoring of word lattices using

another language model trained on a larger corpus or with a larger n-gram (Liu et al., 2016;

Ljolje et al., 1999). WFST based ASR (as in Kaldi) provides the �exibility to rescore the word

posteriors with an external or a larger language model. This is achieved by subtracting the costs

of the initial language model from the overall graph cost and replacing them with the costs of

the new language modelG
0
(Liu et al., 2016). For instance, Dabike and Barker (2019) initially

obtain word probabilities with a3-gramLM, then rescore the word lattices with a4-gram. Their
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experiments showed that the rescoring with the4-gramLM was consistently superior over the

3-gram. Note that the �nal decoding graph can as well be constructed through composing the

HCL graph directly with a4-gramlanguage model.

4.1.2 RNNLM

The external language model used for lattice rescoring can also be built withneural language

models(Bengio et al., 2003). Recurrent Neural Networks (RNN) are the standard choice for this

purpose due to their capability of capturing longer context dependencies (in text data) compared

to n-grams. Although this approach of language modeling is generally referred to as RNNLM,

the network topology may include other variants of RNNs, such as LSTMs or GRUs.

The basic training principles of the neural language model can be summarised as follows:

suppose the training samples are sequences of words,w1; w2; :::; wT with wt 2 V , whereV is

the set of words in the training set, or thevocabulary. Then, the objective function is to learn

word likelihoods given a certain context with lengthn:

f (wt ; :::; wt � n+1) = P(wt jwt � 1
1 ) (4.4)

The words are represented with embeddings, ordistributed feature vectors, C2. The network,

g takesC as input and learns a context representation,zi . This representation correspond to

unnormalised word log-probability distributions which are normalised withsoftmax function to

guarantee they sum up to 1:

P(wt jwt � 1; :::; wt � n+1 ) =
ezw t

P
i ez

i
: (4.5)

In their work, Chen et al. (2017) successfully integrated RNNLMs for word lattice rescoring

within the DNN-HMM framework. This initial approach used word classes as the target units.

However, considering that there can be thousands of words in a dataset, the computation of the

word probabilities at the end of thesoftmax layers becomes expensive. To reduce computational

complexity and speed up rescoring, Sundermeyer et al. (2014) introducedlattice pruningwhich

2Here we useC for representing the context vector symbol only within this context as it is the most common
symbol used for this in the literature. It should not be confused with the symbol to represent the number of correct
word predictions.
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removes the predictions with lower probabilities from the search space. This pruned search

procedure was later implemented within Kaldi's DNN-HMM based framework (Xu et al.,

2018b,a). In our previous work, we showed that the pruned RNNLM rescoring leads to a much

simpli�ed lattice structure at inference (see Figure 4.1) which helps to reduce the decoding

runtime (Demirel et al., 2020a). In the aforementioned paper, RNNLM rescoring was also

shown to improve the lyrics transcription performance. Although there are more modern neural

language modeling approaches, this study uses Kaldi's RNNLM rescoring implementation due

to it being already well-integrated with the other computational blocks of the DNN-HMM based

lyrics transcription system.

(a)

(b)

Figure 4.1: Lattices obtained with a 4-gram LM (a) and RNNLM (b). The �gures are obtained
from (Demirel et al., 2020a).

Kaldi's RNNLM implementation uses the word representation proposed by Huang et al.

(2013). According to this approach, words are decomposed into character-level n-grams which
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may also be referred asword hashingprocedure. For instance:

#�ow# ! {#f, �, �o, low, ow, w#},

where# indicates word boundaries. Word hashing is a data compression method and can

be perceived as feature dimensionality reduction. Consider representing words usingone-hot

encodingfor a vocabulary with the size of 40K words where each bit in the feature space

corresponds to a word. This would result in feature vectors having the dimensions of 40K bits.

In word hashing, the above-explained subword n-grams are used to construct the feature vectors.

Therefore each element in the feature space corresponds to a subword unit. According to the

statistics reported by Huang et al. (2013), using word hashing with unigrams reduced the size of

feature vectors from 40,000 to 1107 bits.

One issue with word hashing iscollisionwhere feature representations of different words

have the same set of character-level n-grams. Huang et al. (2013) showed that the number of

collisions can be reduced through increasing the order of n-grams. However, this would increase

the size of the word representation vector to 10,306. To distinguish different words with the

same set of unigrams, Xu et al. (2018b) append the number of per-word n-grams and word-level

unigram log-probabilities on top of the subword-level unigram vectors. These feature vectors are

fed to the neural network through a learnable embedding matrix which is trained in conjuction

with the RNNLM.

The architecture of the RNNLM is a simple two-layer LSTM network with a hidden dimen-

sion size of 256 and the word features are projected to the LSTM network via an embedding

matrix of 1024. A pair of layer normalisation and ReLU activation is applied after each LSTM

layer (Figure 4.2). The data order is randomised and one out of 50 samples are chosen for the

validation set. The network is trained for 30 epochs. At inference, the pretrained RNNLM

takes word likelihoods obtained after the n-gram approximation scoring as input, and outputs

new likelihoods. These are composed with the scores in the �nal decoding graphHCLG

through removing the costs from the n-gram LM and adding the new RNNLM cost (Xu et al.,

2018a). Then the standard beam search is applied on the updated costs to obtain the �nal word

transcriptions.
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Figure 4.2: The topology of the RNNLM architecture

4.2 Pronunciation Model

The acoustic model in the DNN-HMM setup learns a function to translate acoustic features into

a probability distribution over a phoneme set. As the expected output of a lyrics transcriber is

word sequences, the transduction from a stream of phonemes to word sequences is required. In

the DNN-HMM speech recognition framework this transduction, or word-to-phoneme mapping

is achieved using a prede�ned dictionary (or lexicon), which is referred to as the pronunciation

model.

For most cases, LVCSR research for the English language employs the standard CMU

dictionary (Weide, 1998) as the lexicon transducerL.fst. The CMU dictionary is curated by

phonetics experts and models word pronunciations based on the North American English accent.

This restriction regarding accents becomes less apparent when DNNs are used to build the

acoustic model as they can model higher levels of nonlinearity between target classes and

the variances in the input acoustic features. On the other hand, previous research showed an

explicit modeling of domain-speci�c common pronunciation variances can improve recognition

rates (Adda-Decker and Lamel, 2000; Morales and Cox, 2007; Yilmaz and Pelemans, 2014).

Speci�cally for sung utterances, Gupta et al. (2018) showed that adapting a standard speech

lexicon to singing data through extending vowel occurrences in pronunciations is bene�cial for
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transcribing lyrics.

Motivated by the aforementioned research, potential directions for adapting a standard

speech pronunciation model to singing data is investigated in this section. The �rst approach

is generating word pronunciations alternative to their canonical form, based on the common

pronunciation variances in singing compared to natural speech. For this a data-driven confusion

analysis is initially applied on sung phonemes, a method that is similar to one presented by

Morales and Cox (2007); Yilmaz and Pelemans (2014), and the alternative pronunciations are

generated based on the observations driven from the confusion analysis. Later, graphemes as an

alternative subword token to phonemes is studied.

Phoneme Set

In constructing the target class set, the DNN-HMM based transcriber the 39-phoneme set for

English which is used in the CMU Pronunciation Dictionary3 and does not take the variance

in lexical stress into account. The phonemes in this set are referred to as thebaseor context-

independentphones. The set of phonemes can be seen in the pronunciation analysis tables

(Table 4.2) in the following section.

4.2.1 Pronunciation Analysis

The goal of the pronunciation analysis in this section is to reveal statistically observable

pronunciation variances in sung utterances compared to the canonical word pronunciations in

speech. The analysis is applied on theNUS Corpus(Duan et al., 2013), due to the availability

of phoneme-level annotations, and considers only the native English speakers within dataset.

Initially, the orthographic word transcriptions are extracted from singing recordings in the

analysis set using the pretrained ALT model in (Demirel et al., 2020a), which uses the standard

CMU pronunciation dictionary. The word predictions are converted back to their phonemic

representationsbQ by decomposing the grammar transducerG from the decoding graphHCLG.

To get the phoneme con�dences,bQ is aligned with their corresponding manually annotated

phoneme sequences. The alignments are generated following the procedure explained below:

1. The alignment score matrixD is computed through the Levenshtein alignment,lev,

3The phoneme set can be found herehttp://www.speech.cs.cmu.edu/cgi-bin/cmudict?in=desert&phones.
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between the phoneme tokensq of the predictionsbQM and the ground truthQN :

D M � N = lev( bQM ; QN ); (4.6)

and �nd the best alignment path,A 2� K through reverse tracing to �nd the path with the

lowest pairwise gap cost:

A 2� K =

0

B
@

: : : qk� 1 qk qk+1 : : :

: : : bqk� 1 bqk bqk+1 : : :

1

C
A : (4.7)

A can be interpreted as a sequence of phoneme pairs.

2. There are three operations de�ned on these phoneme pairs to matchbQM to QN : insertions

(I ), substitutions (S) and deletions (D). These operations are represented inA with the

symbol� . An alignment instanceak =

0

B
@

�

bq�
k

1

C
A is a deletion and the opposite case would

be an insertion, andak =

0

B
@

�

q�
k

1

C
A is a substitution instance ifbq�

k 6= qk .

3. Let the number of correctly matching pairs inA beC, then the con�dence score per

phoneme type,cq, can be retrieved as:

cq =
P T

i Cq;i � (Sq;i + I q;i + Dq;i )
P T

i Cq;i + Sq;i + I q;i + Dq;i
;

q 2 
 E ; (4.8)

whereT is the number of utterances in the analysis set,q is the phoneme type4 and


 E is the English phoneme set used in our analysis. The denominator is necessary to

normalise with respect to the total number of pairs inA , since the phonemes in
 E are

not necessarily represented equally in the analysis data set.

Table 4.2 shows the con�dence scores obtained through the procedure explained above. The

�rst two columns from the left are the list of English phoneme categories and types. In the third

4Note that in the case of non-correct predictions,qk 6= bqk .
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column from the left, the con�dence scores and their con�dence rankingsR are given. Note

thatcq are normalised values according to Equation 4.8,� 1 � cq � 1. Finally, three most

frequently confused phonemes per target phoneme type,� 0, are included in Table 4.2.

Vowels q cq(R) � 0
N

Short Vowels

AE -0.42 (38) AH, EH, AA

AH 0.17 (33) AA,EH,OW

EH 0.3 (32) AH,AE,IH

IH 0.48 (26) IY,AH,EY

UH 0 (36) AO,UW,AH

Long Vowels

AA 0.5 (24) AO,AW,AE

AO 0.06 (35) AA,AH,OW

ER 0.36 (31) AH,OW,EH

IY 0.87 (6) EY,IH,EH

UW 0.88 (4) OW,AH,UH

Diphthongs

AY 0.86 (8) AA,AH,EH

AW 0.71 (18) AA,AH

EY 0.87 (7) IY,AY,EH

OW 0.76 (17) AO,AA,AH

OY 0.4 (28) OW,AO,AY

Consonants q cq(R) � 0
N

Plosives

B 0.77 (16) D,P,W

D 0.16 (34) T,N,JH

G 0.77 (15) NG,K

K 0.85 (15) G,HH

P 0.78 (14) B,M,F

T 0.37 (29) D,S,CH

Affricates
CH 0.79 (13) JH,SH,T

JH 0.88 (5) CH,S,Y

Nasals
M 0.93 (2) N,NG

N 0.85 (12) M,NG,D

NG 0.85 (9) N,M,T

Fricatives

DH 0.36 (30) TH,D,N

F 0.91 (3) V,P,TH

HH 0.70 (19) DH,W,Y

S 0.95 (1) Z,TH,T

SH 0.85 (10) CH,S,Z

TH 0.57 (21) S,T,DH

V 0.56 (22) F,R,DH

Z -0.05 (37) S,T

ZH N/A N/A

Approximants

L 0.44 (27) AA,OW,AH

R 0.48 (25) AA,AH,IH

W 0.66 (20) AA,OW,V

Y 0.55 (23) IH, AH, IY

Table 4.2: Results of the phonetic analysis.

Note that,cq < 0:25means that there are less true positives than the sum of false negatives

and positives in per phoneme type predictions, i.e. in most cases,q is predicted incorrectly.

These phoneme types with low con�dence scores are highlighted in gray colour in Table 4.2.

It can be seen that it is mostly the vowel types within short and long vowel categories fall

in this low con�dence zone. On the other hand, diphthongs are more accurately predicted

compared to the other vowel types. In particular, the phoneme `AE' has the lowestcq and is

generally associated with theschwasound in phonetics (Silverman, 2011). This very lowcq

is not surprising as it is often pronounced weakly and is one of the most frequently occurring

vowel sounds in the English language (Roach, 2004).
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Consonants have highercq values in general with certain exceptions. For instance, plosives

`D' and `T' are severely confused indicating a systematic error, likewise the fricative sound `Z'.

On the other hand, plosives `B,G,K,P' have rather high con�dences which may be interpreted

as singers in our analysis not omitting `B,G,K,P' sounds in word pronunciations. It was also

mentioned in the literature that singers may utilise such phonemes to utter strong note offsets

during melody construction (Bauer, 2002).

In addition, it can be seen that approximants are mostly confused with vowels. This might

imply eitherdeletionerrors during the text alignment step or again omitted approximants similar

to plosives as explained above. The former can occur when multiple different vowels are

annotated consecutively in the reference to represent the actual uttered phonemes during melody

construction, whereas the predictions based on a canonical pronunciation dictionary cannot

predict such extra vowels. This is represented as a missing phoneme prediction, and hence a

deletion error. Hence, it can be inferred that there are systematic confusions ofapproximants

with vowels.

Figure 4.3: Confusion matrix. The x and y axes are represent the ground-truth and predictions
respectively.
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Figure 4.3 shows the phoneme confusion matrix summarised with respect to phonetic

categories where the numbers in each cell represent the phoneme category-wise confusion

scores. In computation of these,Cqs are discarded and the sum considers onlyS, I andD values

for each phonetic category. Therefore the diagonal axis does not represent self-con�dences.

Instead it represents the domestic confusions within each phonetic category. Phonetic-category-

wise normalization is applied based on unit sum. These normalization steps are crucial to get

confusion values independent of the number of occurrences. Moreover, per-phoneme-category

insertions and deletions are also included in the confusion matrix representing extra pronounced

or omitted phoneme instances.

The concentration of high confusion rates can be observed for vowels (top left in Figure

4.3). Short vowels are mostly confused with each other. The annotated longer vowels are not

necessarily represented in the standard speech lexicon, thus causing the system to assign a

higher likelihood for the short vowels when making word predictions. Note the high number of

deletedplosivessignaling them being omitted from pronunciations during singing. Overall, a

high frequency of deletions is observed for all categories. In addition to alignment errors, one

possible cause for this could be the word liaisons being annotated as single phonemes in human

annotations whereas the ALT system would predict such instances as separate phonemes. For

example, in D̀REAM MAKER', `M' is annotated once in the correspondingQ, but detected

twice in bQ.

4.2.2 Singing Adapted Lexicon

In this section, a number of methods for adding alternative pronunciations to the standard speech

lexicon is proposed which are based on the observations of the previous section. Through this,

we aim to observe the effect of explicit pronunciation dictionary adaption on the sung word

recognition performance within the DNN-HMM framework.

The initial method is extending the vowel representations in word pronunciations. This was

�rst shown to be effective by Gupta et al. (2018). In this study, a similar strategy is applied. For

instance, consider the wordOCEANSwith its phonemic representationOW SH AH N Zin the

lexicon. Gupta et al. (2018) extends vowels for 4 times which might cause a large increase in

the search space, thus making it computationally expensive. The number of vowel repetitions as
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a hyperparameter is tested in Section 4.4.3.

Figure 4.4: An example of an omitted plosive in singing.W = `AND I ' ; Qread = `AE N D AY'
(left) ; Qsing = `EH N AY'. The gray horizontal lines show the temporal phoneme regions and
the bright green curves are the pitch tracks extracted using pYIN (Mauch and Dixon, 2014).

Next, we consider the omitted consonants observed in the previous section. It is not seldom

that in singing, performers may omit some consonants at the endings of words. This phenomenon

can be explained as a stylistic convention that singers exhibit in their performances in order to

maintain the sonority of their singing (Sundberg and Rossing, 1990), or it could as well be a

microphone technique to avoid unpleasant pops. The analysis in Section 4.2.1 suggests that

this occurs most likely forplosivesas the phoneme category with highest number of deletions.

An example of an omittedplosiveis illustrated in Figure 4.45. The spectrogram segments

in Figure 4.4 show the same words uttered as speech (left) and singing (right) by the same

performer. According to the human annotators, the phoneme `D', is not present during singing.

This can also be seen from the discrepancies in the spectrogram and the undisturbed pitch curve

in the singing segment6. For explicitly modeling such instances, we propose adding alternative

pronunciations to words ending with consonants 'D' and 'T' by removing their last phoneme

in the corresponding word pronunciation,qwl . These consonants are selected due to their low

con�dence scores in Table 4.2. We refer to the model built with omitted plosives asPron-1.

According to Figure 4.3, the phoneme category with the lowest con�dence seems to be the

fricatives. By combining this observation with the statistics in Table 4.2, it can be inferred

that it is only theZ sound within fricatives that is severely misdetected and mostly confused

with the soundS. To test this, we substitute theZ sounds withSwhen generating alternative
5The analysis is performed using Sonic Visualiser software (Cannam et al., 2010).
6According to the empirical study by Goldsworthy (2015), pitch and phoneme perception are found to be

cognitively correlated processes. Hence, we have chosen explicitly to show the pitch tracks.
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pronunciations. This method is referred to asPron-2. Finally, we apply the vowel extension in

Pron-3. An example of the resulting alternative pronunciations generated with each of these

methods is shown below:

Word FLOAT OCEANS
Canonical F L OW T OW SH AH N Z

Pron-1 F L OW OW SH AH N Z
Pron-2 F L OW T OW SH AH N S
Pron-3 F L OW OW T OW SH AH AH N Z, OW OW SH AH N Z

Table 4.3: Comparison of different alternative word pronunciation generation methods.

4.2.3 Computing Pronunciation Probabilities

The above explained alternative pronunciation generation steps would increase the size of the

search space, potentially making the decoding procedure computationally more expensive. In

addition, these steps are based on data-driven heuristics, hence not necessarily generalisable

to all the words in our vocabulary. To reduce the size of the pronunciation dictionary, pruning

can be applied through discarding the redundant pronunciation variants and keeping only the

likeliest ones.

Although different pronunciations of a given word can have distinct probabilities, they are

considered to be equally likely in practice taken asP(qjw) = 1 (i.e. max-normapplied) for

numerical stability. On the other hand, these probabilities can be calculated explicitly following

the steps in Chen et al. (2015). According to this, phoneme alignments are �rst obtained via

a pretrained acoustic model using the raw lexicon with equally likely pronunciations. At this

point, it is assumed that the acoustic model chooses the likeliest pronunciation. The list of

word-pronunciation pairs are retrieved during the training data alignments and their counts,

Count(w; qw
i ), are computed. Then, the probabilityp(qw

i jw) of the i th pronunciationq of a

wordw is computed as:

p((qw
i jw) =

Count(w; qw
i ) + �

P Nw
i =1 (Count(w; qw

i ) + � )
(4.9)

whereNw is the number of pronunciation variants of a word de�ned in the dictionary, and

� is smoothing constant which is typically set to 1. Then, pronunciation variances with low
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probabilities are pruned to reduce the overall search space.

4.2.4 Graphemes as Alternatives to Phonemes

One of the major caveats of the state-of-the-art DNN-HMM based ASR systems is their de-

pendence on a handcrafted pronunciation modeling which typically requires human expertise.

Several attempts have been proposed to discard this requirement through usinggraphemes

(Killer et al., 2003; Rao and Sak, 2017). Le et al. (2019) showed that competitive performance

can be achieved via tied context and position dependent graphemes, i.e.chenones, in the

presence of large training sets. In our study, we leverage the Kaldi framework for building the

grapheme context trees and tied states for injecting the context dependency. We add position

encoding via adding aword boundarytag (_WB) to phonemes (as shown in Table 4.4). Finally,

the context dependency is also added similar to the phoneme-based models. The �nal set of

graphemes consists of all the English alphabetic characters and the apostrophe sign (" ' "). An

example of a grapheme-based subword tokenization is shown below:

Words FLOATIN'
Raw Tokens F L O A T I N '

+ Position Dependency F_WB L O A T I N '_WB
+ Context Dependency <null>_F_L_WB F_L_O L_O_A O_A_T A_T_I I_N_' N_'_<null>_WB

Table 4.4: From raw graphemes to chenones.

4.3 Acoustic Model

The acoustic model is trained on the LFMMI scheme7 explained in Section 2.2.4. The novel

contributions of this study in building the lyrics transcriber acoustic model are two-fold: �rst,

we explore ways to construct a single acoustic model where the recognition performance is

undisturbed across both monophonic and polyphonic domains. Secondly, we propose and

�ne-tune a novel neural network architecture for improving the model's robustness against noisy

environments and polyphonic recordings.

7The main pipeline is similar to that of Kaldi's chain recipe, which can be found at:https://github.com/kaldi-
asr/kaldi/tree/master/egs/librispeech/s5/local/chain/run_tdnn.sh.
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4.3.1 Cross-Domain Training

Conventional ASR systems were initially designed for standard data domains like conversational

telephone speech or broadcast news. As the performance of such systems improves, they

have been adopted for speech-based human-computer interaction applications used widely in

everyday life. Consequently, this has resulted in newly emerging data domains such as web

/ Youtube data, podcasts, radio talks, movies, as well as utterances with different accents or

in low-resource languages. Handling such data domains using a model trained on standard or

out-of-domain data is among the main challenges in current ASR research.

Domain mismatch also stands out as a major bottleneck in ALT. It has been previously

mentioned that the music background accompanying the singing voice affects the intelligibility of

words negatively for human listeners (Fine and Ginsborg, 2014) as it tends to mask lyrics content

due to overlapping frequencies with the singing voice. A similar trend applies for ALT machines

according to lyrics recognition rates reported previously in the literature (Demirel et al., 2021a)

and the MIREX 2020: Automatic Lyrics Transcription challenge8. According to these results,

the performance of lyrics transcribers trained on monophonic singing recordings is degraded

considerably when there is musical accompaniment. The presence of the accompaniment might

affect the acoustic scene drastically, potentially masking formants and phonemes. This is

illustrated in the images on the left and in the middle of Figure 4.5. The one on the left is the

spectral image of a singing excerpt. The second image has the polyphonic music accompaniment.

Within this context, the most common approach for suppressing the music accompaniment

has been extracting the vocal track through source separation (Stoller et al., 2019; Gupta et al.,

2020; Demirel et al., 2021a). Although better recognition rates could be achieved (Stoller et al.,

2019; Demirel et al., 2021a), there are two major caveats in this approach. The �rst one is that

the current state of source separation models available for research usually introduces artifacts

such as removed consonants or added background noise. For instance, consider the rightmost

image in Figure 4.5. This is the spectrogram of the source-separated version of the same excerpt

as shown on the left. While the phonemic structures in this image have lower resolution than

the original vocal track, additional high frequency content can also be observed, which are

potentially re�ected as noise (or artifacts) during lyrics transcription. Secondly, in real-world

8https://www.music-ir.org/mirex/wiki/2020:Lyrics_Transcription_Results.
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applications, source separation would have to be applied prior to the lyrics transcription module,

which would increase the computational cost and complexity of the overall pipeline. This is

especially undesirable in such real-world applications where the users want to retrieve lyrics as

quickly as possible.

Figure 4.5: Excerpts from the dataset presented by Hansen (2012): (left) Original vocal stem,
(middle) polyphonic mix, (right) vocal separated using Spleeter (Hennequin et al., 2020).

At �rst sight, the domain mismatch can be thought to be resolved through training a model

on in-domain data, however such resources in suf�cient quantities to train robust models may

not be available all the time. Notable methods to resolve the domain mismatch problem for

low-resource data domains include domain adaptation (Samarakoon et al., 2018; Yi et al., 2018),

speech enhancement(Liao et al., 2018), data generation/augmentation through semi-supervised

learning (Park et al., 2020) or using domain-invariant features for training the model (Hsu and

Glass, 2018).

Fortunately in ALT, labeled data is available through theDAMP andDALI datasets re-

spectively, which researchers have been able to leverage to construct domain-speci�c models

for monophonic and polyphonic recordings separately (Dabike and Barker, 2019; Demirel

et al., 2020a; Gupta et al., 2020). To circumvent the source separation step, a polyphonic

acoustic model can be trained solely on polyphonic recordings. However, these models do not

perform well on monophonic datasets compared to monophonic acoustic models. In order to

construct a single acoustic model where the transcription performance is maintained across both

monophonic and polyphonic recordings, the cross-domain acoustic model training includes

both monophonic and polyphonic recordings as proposed in our previous work (Demirel et al.,

2021b), which was shown to be effective and led to improved results speci�cally for polyphonic

recordings.
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Music Informed Silence Modeling

Phoneme based ASR systems employ extra phonemes in addition to the set of phonemes given

by the natural language to be processed. These extra phonemes, generally referred to as `silence'

and s̀poken noise' are included to represent the non-voice instances or sounds that are not

relevant to the transcription (such as laughter, sneeze sounds, etc.). In this cross-domain training

framework, a new extra phoneme is introduced, which is referred to as the `music' phoneme

that is inserted for modeling the acoustic representations of instrumental music sounds or the

non-vocal instances in the polyphonic recordings.

The music and silence information are explicitly embedded by tagging the monophonic

and polyphonic recordings. Tagging is performed by inserting the respective phoneme type

at the beginnings and ends of each training sample. As it is known that theDAMP andDALI

datasets consist of only monophonic or polyphonic recordings respectively, this prior knowledge

is exploited during tagging of the data.

w
Raw w1 w2 ... wN

DAMP < silence> w 1 w2 ... wN < silence>
DALI < music> w 1 w2 ... wN < music>

Table 4.5: Music / silence phoneme tagging during cross-domain training.

Recall that training sample is a line of lyrics. Therefore, adding the< silence> and< music>

tags in the beginning and end of each sample allows the training to be context aware on the

lyrics line-level. This is especially useful for theaudio-to-lyricsalignment task (Demirel et al.,

2021a) or when the line-level segmentation is required.

4.3.2 Compact Multistreaming Time Delay Neural Networks

This section explains the design principles of the compact multistreaming neural network ar-

chitecture developed in our research. First, time delay neural networks (TDNN) (Waibel et al.,

1989) are studied which are the main building blocks of the our neural network architecture.

Then, a convolutional front-end structure is studied to reduce model complexity while maintain-

ing operational power. Then, the novel compact variant of the multistream TDNN architecture

is presented.
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Time-Delay Neural Networks

TDNNs are essentially one dimensional CNNs where the convolution is applied on the time

domain withdilated frames. Consider a stream of input acoustic features like �lterbanks or

MFCCs,x t 2 Rm are concatenated to form the input matrix to a TDNN,X 2 Rm� t wherem

is the height of input features and each column represents a time framet. Consider a learnable

matrixW 2 Rm� l wherel is the width of the matrix, and the height is the same as the height

of input features,m. Then,m � l indicates the kernel size for the convolution operation. The

kernel width of a TDNN layer determines the span of temporal context covered by the layer

which is often referred to as the receptive �eld.

Similar to standard CNNs, the learnable matrixW slides through the input,X , with a time

strides. This means that the TDNN layer applies convolution fors time steps. To make the

input feature matrix compatible with the TDNN convolutions, padding (with a size ofp) might

be added at each end of the input vectors. Given these, the output width of a TDNN layer,o can

be calculated as:

o = b
t + 2p � l

s
c + 1 ; (4.10)

whereb:c is the �oor function. In a typical TDNN setting, the kernel slides over the input one

step at a time, meanings = 1 . In this framework, zero (null) padding is applied9.

At each time stept of a TDNN layer, a convolution operation is applied which is essentially

an element-wise multiplication of the kernel weights,W and the input featuresX , then these

products are summed at the output. In neural networks, a bias matrix is typically added before

passing through the sigmoid function,� . According to this, the output of a TDNN layer at

output stepq 2 f 1; 2; :::; og, z(q) is computed as:

z(q) = � (W � X q + b); (4.11)

whereX q represents the portion of the input features within the receptive �eld and� stands for

the convolution operation. The above equation can be unfolded as:

9In this context, zero padding means padding zero vectors.
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z(q) = � (
MX

m=0

LX

l=0

wm;l :xm;l + b): (4.12)

The description above is the same as for a one dimensional convolution operation where

the height of the kernel and the input feature vectors are the same. According to Equation

4.12, the convolution operation is applied at every time step. For TDNNs in particular, certain

frames are dropped out during the convolution and the summation is done over frames dilated

in time. This operation is often referred to asdilated convolution. Speci�cally, consider a set

of context indices,J , where the elementj = 0 is the current time step to be processed, for

example,J = f� 3; 0; +5g. Then the output size of the TDNN layer becomes:

o = b
T � (max(J ) � min(J )) + 2 p

s
c + 1 (4.13)

This time, the TDNN output,z(q) is computed within the range ofJ :

z(q) = � (
MX

m=0

X

j 2 J

wm;j :xm;j + b) (4.14)

Notice that the length ofJ is smaller thanL due to subsampling. Hence, fewer frames are

required to achieve the same receptive �eld as the standard one dimensional convolution. In

other words, dilated CNNs can cover a larger context compared to a similarly complex one

dimensional CNN with non-dilated convolutions.

TDNNs can be stacked together to form a deep neural network structure where the context

index set for each TDNN layerJn can be layer speci�c, wheren 2 N. For instance, consider

the 4 layer TDNN structure summarised in Table 4.6. The �rst layer (n = 1 ) has a dilation

rate� = 1 , meaning that the convolution is applied only with the neighbouring frames. Hence,

the receptive �eld (RF) is 3 frames10. TheRF of the following layer relative to the preceding

TDNN layer is5 � (� 3) + 1 = 9 . Considering the overall receptive �eld aggregates as the

10The current frame is included in the receptive �eld computation.
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layers go deeper in the network, the absolute receptive �eld of the second layer with respect to

the beginning of the network becomes32 frames.

Layer Input context RF (relative) RF (absolute)
1 {-1,0,1} 3 frames 3 frames
2 {-5,0,7} 13 frames 15 frames
3 {-3,0,5} 9 frames 23 frames
4 {-3,0,3} 7 frames 29 frames
5 {-1,0,3} 5 frames 33 frames

Table 4.6: A dummy TDNN example.

According to the above computation, the receptive �eld of the overall network can be

formulated as:

RF =

 
NX

n=1

(max(Jn ) � min(Jn ))

!

+ 1 ; (4.15)

whereN is the number of TDNN layers in the network. Although having varying context spaces

for each layer seems to be a way of diversifying how the temporal information is processed,

previous research showed that having the same symmetrical past and future context led to

optimal results within the context of DNN-HMM based ASR (Povey et al., 2018a). In this case,

amount of dilation per layer (i.e.dilation rate)can be referred to as� n , wheren is the index of a

TDNN layer. For instance, suppose the frame at time stept is convolved with frames att = � 3,

which means the dilation rate is� = 3 , and theRF of this layer is2 � 3 + 1 = 7 frames. This

computation can be generalised as:

RF = (2 � � � N ) + 1 ; (4.16)

where� n = j max(Jn )j = j min(Jn )j. Then, the time span covered by the receptive �eld at the

end of the TDNN stack,rfN can be simply computed by multiplyingRF with the input frame

lengthH :
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rfN = (2 � � � N + 1) � H

= RF� H (4.17)

As the computation of network weights is based on the convolution operation, training

TDNNs is parallelisable providing a more ef�cient training compared to LSTMs. Although

TDNNs are introduced more than three decades ago (Waibel et al., 1989), they are still used in

the state-of-the-art architectures in both DNN-HMM based speech recognition (Pan et al., 2020)

and lyrics transcription and alignment (Gupta et al., 2020; Demirel et al., 2020a; Dabike and

Barker, 2019).

Factorising TDNN Layers

As Equation 4.17 implies, the more TDNN layers the architecture has, the larger time span

it covers, i.e. it is capable of modeling longer context dependencies. However, increasing

the number of TDNN layers is computationally expensive. To reduce the number of trainable

parameters and establish a more ef�cient training, Povey et al. (2018a) proposed a factorised

version where the trainable matricesM TDNN are decomposed (or factorised) into multiplication

of two matrices:

M TDNN = AB ; (4.18)

where one of the multiplicant matrices is constrained to besemi-orthogonal. In linear algebra,

M is called to be semi-orthogonal if,

MM T = M T M = I ; (4.19)

whereI is the identity matrix.

In practice, TDNN layers are factorised as follows: consider a standard TDNN topology

with a hidden dimension ofh and a convolution kernel of3 � 1. Then the parameter matrix,
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M TDNN, would have the dimensions ofhTDNN � 3hTDNN. Suppose we chooseA to be a much

smaller matrix with a sizehTDNN � hA wherehA < h TDNN. Consequently,B has the size of

hA � hTDNN and is constrained to be semi-orthogonal. Here, the matrixA is referred to as linear

bottleneck and its size the bottleneck dimension. As the main goal of this procedure is to reduce

computational complexity, a small value is chosen for the bottleneck dimension. In the same

paper, the factorisation step was shown to reduce the trainable parameters to a quarter compared

to the original TDNN and had a faster training whileWERimprovement is also observed (Povey

et al., 2018a). Finally, in the implementation of the factorised TDNN (or TDNN-f) blocks, the

input parameter matrix is passed through ReLU activation, batch normalisation and dropout

layers placed in cascade before the TDNN factoriwation procedure.

Similar to LSTMs, the design principle of TDNNs is to learn temporal information. However,

the TDNN is mainly based on the convolution operation, and hence is parallelisable. In addition,

factorising TDNNs (as mentioned above) leads to a reduction in the number of trainable

parameters. Considering these points, providing a more ef�cient training stands out as one of

the major advantages of using TDNNs compared to LSTMs.

Baseline Network Topology

The input features can be fed directly into the TDNN blocks as in Figure 4.6, which is the

architecture in Kaldi's standard Librispeech recipe, and later used for lyrics transcription (Dabike

and Barker, 2019; Gupta et al., 2020). According to this architecture, the output of the TDNN

blocks is projected to the �nal classi�cation (softmax) layer via a couple of fully connected

layers (FC).

Convolutional Front-end

Two dimensional CNNs are widely used to capture patterns and temporal information from

audio spectral images (Huang et al., 2015). Applied in conjuction withpooling(or subsampling)

steps, CNNs can also be used for dimensionality reduction for the deep layers in the network

(Cai et al., 2014; Passricha and Aggarwal, 2018; Pardede et al., 2018). Inspired by this, we

propose adding a CNN-based front-end network to summarise the input acoustic features prior

to being processed by the TDNN-f blocks (Figure 4.7).



4.3. Acoustic Model 89

Figure 4.6: Single stream TDNN architecture. The stack of yellow blocks are the TDNN part of
the network. Each small blue block represent within yellow blocks represent a TDNN-f node,
and the red lines are for the convolutional operations between these nodes.

Figure 4.7: Single stream TDNN architecture with 2D CNN front-end. Notice the reduced
number of TDNN-f layers.

The front-end structure consists of a stack of 2D-convolutional layers with3 � 3 kernels,

where feature subsampling with a factor of 2, is applied. With this, we aim to obtain compact

embeddings for the following part of the network. For instance, suppose using 40-band �lterbank

features in the input. Instead of directly feeding a feature vector of 40 to TDNN-f blocks, the

latent space vector has a height of 5 (after three subsampling stages). We tune the front-end

topology and test the effectiveness of this method in terms of recognition performances and the

reduction in the number of trainable parameters in Section 4.4.5.

Multistream TDNN - MstreNet

In consideration of the observations mentioned above in Section 4.3.1, this study treats poly-

phonic recordings as singing performances in noisy environments within the context of automatic

lyrics transcription, similar to the famous cocktail party problem (Cherry, 1953). One method
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for ASR in noisy environments ismultistream acoustic modeling, which is initially proposed

based on empirical analysis of the speech decoding and perception principles in the human

auditory system (Allen, 1995; Hermansky, 2019). According to this, acoustic signals enter into

the cochlea and are decomposed into multiple frequency bands through hair cells, where all the

decomposed streams are processed in parallel.

The multistream ASR approach was initially implemented in the DNN-HMM framework

through splitting the frequency bands in the spectrogram into multiple subbands with different

recognisers. Then the output phoneme posteriorgrams are recombined through either a weighted

summation or a fully connected neural network layer (Hermansky, 2013; Zhao and Morgan,

2008). This approach was found to have comparable recognition rates to a standard single

stream approach on clean speech, however performed much better on noise-corrupted data.

Later multistream attempts applied spectrum modulation and processing acoustic features at

multiple resolutions (Mesgarani et al., 2010). Mallidi and Hermansky (2016a) and Mallidi and

Hermansky (2016b) simpli�ed the multi-recogniser framework in (Hermansky, 2013) into a

single neural network where input feature streams are randomly dropped out. At inference, the

likeliest word sequence is obtained via a tree search algorithm. Instead of random activation

of feature streams, Wang et al. (2019a) and Li et al. (2019b) proposed using the attention

mechanism which was shown to be effective speci�cally for the multiple microphone setting

(Barker et al., 2017; Ravanelli et al., 2017).

Recently in (Han et al., 2021; Pan et al., 2020), multistream ASR was applied through a

single network in which the acoustic features are directly processed through multiple streams of

TDNN-f blocks, where each stream has a unique dilation rate� . An illustration of the overall

structure of this multistream TDNN-f architecture can be seen in Figure 4.8a. According to

this, input features,x i are �rst processed by a single stream of a 2D-CNN front-end (described

above),

h i = Stacked-2D-CNN(x i ) (4.20)

The compressed hidden representations,h i are then fed into the multiple streams of TDNN-

f's. Each streamj of TDNN-f's has a unique time dilation rate,dj , encoding temporal informa-

tion with different resolutions into separately trained representations,
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(a) Multistream architecture with even TDNN streams

(b) Multistream architecture with diverse TDNN streams

Figure 4.8: The TDNN of the architecture in 4.8a have identical hyperparameters (such as
number of TDNN-f layers and hidden dimensions) except their time dilation rates. 4.8b shows
diverse TDNN-f streams where the number of layers decrease with increasing dilation rate. The
lesser the frequency of blue points, the higher the dilation rate is.

zj
i = Stacked-TDNN-f j (h i jdj ): (4.21)

The output of each stream,zj
i , are then concatenated and succeeded by a pair of fully

connected (FC) layers before projecting to the output layer,
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ai (s) = softmax( FC(FC(Concat(z1
i ; z2

i ; :::; zJ
i )))) : (4.22)

whereai (s) is the activations of the output layer obtained via thesoftmax function.

The architectures proposed by Han et al. (2021) and Pan et al. (2020) have identical streams

in terms of the number of hidden layers within TDNN-f blocks and their hidden dimensions,

despite having varying dilation rates and thus receptive �elds (RF). This setting may not be

optimal as therf s of deeper layers in the streams with greater dilation rates may exceed the length

of the audio chunk to be processed, making corresponding network connections redundant. For

instance, consider training the DNNs on 1.5-second audio chunks (as in (Povey et al., 2016)),

having a frame rate of 30 ms for the feature vectors, and 8 layers across all streams. According

to Equation 4.17, the streams with dilation ratesdi = f 3; 6; 9g have receptive �elds,rf3 = 1440,

rf6 = 2880 , rf9 = 4320 milliseconds.

In our variant of the multistream TDNN architecture (see Figure 4.8a), the model complexity

is reduced by adjusting the number of TDNN layers,N j , with respect to their dilation rates,

ideally in order to exclude network nodes that are temporarily redundant. In addition, we test

the effect of diversifying TDNN streams in terms of their hidden dimensionskj . According to

this, the hidden representations at the end of the multistream TDNN blocks can be expressed as:

zj
i = Stacked-TDNN-f j (h i jdj ; N j ; kj ): (4.23)

In our recent paper (Demirel et al., 2021b), this architecture is referred to as MStreNet, its

performance is shown to be superior to the single-stream TDNN architecture, especially on

the polyphonic recordings. In Section 4.4.5, the experiments in the paper extended to �nd an

optimal network setting.

4.4 Experiments and Results

This section includes the experiments held to test the proposed methods and design choices for

the DNN-HMM framework. Similar to the direction presented at the beginning of this chapter,

this section follows a top-to-bottom approach in the progression of the experiments and performs
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ablative tests to evaluate the proposed methods. It begins with introducing the baseline model

and continues with �nding the most suitable corpus for building the language model. After that,

the alternative pronunciation generation methods proposed in Section 4.2.2 are tested. Then, the

effectiveness of cross-domain training and music informed silence modeling approaches are

tested. Next step of experiments is concerned with �nding the optimal setting for the compact

multistream time delay neural network architecture. To provide more scalable results, we

measure model performance generalisability across a number of benchmark evaluation sets used

in research (i.e. all the test sets studied in Chapter 3).

4.4.1 Constructing the Baseline Model

The DNN-HMM setup in our study follows the pipeline of thechainrecipe within the Kaldi

framework (Povey et al., 2011), which is based on the LFMMI / sequence discriminative training

principles explained in Sections 2.2.3 and 2.2.4. In order to initiate the training of neural

networks, phoneme level alignments and lattices are necessary as a preprocessing step. For this

reason, the overall training pipeline starts with training a Gaussian Mixture Model (GMM) -

HMM baseline model that will be used to generate alignments. The overall pipeline follows the

standard Kaldi - LVCSR recipe for this, and the GMM-HMM training procedure is explained

below. Note that all experiments until the cross-domain training stage (Section 4.4.4) are done

on the monophonicDAMPdataset and no data augmentation is applied.

The GMM-HMM Model

The training pipeline initiates with training a monophone GMM-HMM acoustic model11. The

monophone model is trained on the 13-dimensional MFCC features. Monophone acoustic

modeling treats phoneme types as singular units, meaning that a phoneme type would have

a certain acoustic model independent from the context. This can be interpreted as meaning a

certain phoneme type is pronounced the same way in all contexts. Context and word position

information is embedded in phonemes through the procedure explained in Section 2.2.1, which

results in a triphone model. To include the context in the acoustic domain, the� and� -�

11A monophone based acoustic model uses the base phoneme classes as explained in Section 4.2 where no context
or position dependency is applied. Note that the monophone model should not be confused the termmonophonic
which is used to refer models trained on solo singing recordings.
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features (i.e.dynamic coef�cients) are concatenated to the MFCC features at each time stept

(Gales and Young, 2008). The training of this model is initiated with the alignments obtained

with the initial monophone model. The triphone model trained on dynamic features is used to

regenerate alignments that are used to train another triphone model. In this next model, the input

feature space is reduced using Linear Discriminant Analysis (LDA) (Haeb-Umbach and Ney,

1992) and the reduced features are mapped into a speaker-invariant space using feature-map

maximum linear likelihood regression (fMLLR) transformation (Anastasakos et al., 1996).

Finally, the pronunciation probabilities are computed through the procedure explained in Section

4.2.3. With these updated probabilities the lexicon transducer,L.fst, is reconstructed, which is

used to train another singer adaptive triphone GMM-HMM model. The �nal model described

here is referred to as the GMM-HMM baseline model in our experiments.

Neural Network Training

This section outlines the training details of DNNs12:

• The networks takes 40-band �lter bank features as the input. To extract these, a hop size of

10 ms and window size of 30 ms are used. According to this pipeline, frame subsampling

with a factor of 3 on the input feature vectors is applied. This means that one in every

3 frames is taken into account as the input features and the next 2 frames are skipped.

In other words, there is one feature vector for every 30 ms. The Kaldi chain recipe also

makes use of the skipped frames in training. Once the training examples are generated, for

each sample, the feature vector indices are shifted by 1 and 2. Shifting by 1 means that the

feature vectors correspond to the �rst stream of skipped frames after frame subsampling,

and shifting by 2 would correspond to the last stream of skipped frames. By applying

frame-shifting and regenerating training data from the skipped frames (feature vector

streams), we create different versions of the same training data, hence this procedure

serves as data augmentation. In research, this is referred to asframe-shiftaugmentation.

• Because of the reduced frame rate, a modi�ed HMM topology is employed in the LFMMI

training (Povey et al., 2016). As opposed to the 3-state topology in the GMM setting,

12The DNN training employs the standard settings in the Kaldi chain recipe.
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the Kaldi chain recipe uses a 1-state HMM topology which can be traversed only in one

transition. The transition probabilities between consecutive HMM states is constant and

set to be 0.5, so the input and output transition probabilities would sum up to 1. According

to Povey et al. (2016), learning transition probabilities did not improve the modeling

power whereas it slowed down training.

• Training of the acoustic model is performed on �xed size audio chunks of 1.5 seconds

instead of using the entire singing performance. In order to inform training on the

utterance-level when doing the forward-backward computation, a number of steps are

taken. Recall from Equation 2.18 that the MMI objective contains two separate gradients,

one for the numerator which is utterance-speci�c and one for the denominator that is

computed on the entire training data. For the former, the chunk-wise numerator graphs are

constructed as follows: Prior to training the neural networks, phoneme lattices containing

alternative pronunciations are obtained using a pretrained GMM-HMM aligner. Each

state transition in the resulting lattices is labeled with a unique label, which is then used

to split the utterance-wise numerator graphs into appropriate chunks. For the denominator

graph, the phone-level FSTG is composed with the context-dependencyC from the left,

and then composed again with the updated 3-state HMMHLFMMI from the left. However,

the probabilities in the decoding graph re�ect the overall singing performance, hence they

are incompatible with the numerator graph considering training on chunks of 1.5 seconds.

Povey et al. (2016) circumvent this by running the denominator HMM for 100 iterations

and take the average of state distributions accordingly. Then, this average is used as the

initial state probabilities for the chunk-wise denominator HMM graphs. The �nal state

probabilities are set to 1.

• Neural network training is performed on minibatches of 128 where each training sample

is a 1.5-seconds audio chunk as explained above. The numerator FSTs are initially

obtained on the chunk-level, then the FSTs of chunks belonging to the same utterances are

appended one top of each other linearly, so that the backward-forward pass is performed

only once per utterance instead of applying it separately for each audio chunk. A decaying

learning rate is applied with the beginning and �nal learning rates of10� 4 and10� 5
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respectively. Stochastic Gradient Descent (SGD) (Kiefer and Wolfowitz, 1952) is used as

the neural network optimiser. The network is trained for 6 epochs. Early stopping is not

applied though, but increasing the number of training epochs did not result in improved

results.

• To achievesinger-adaptive training, i-Vectors with the dimension of 100 are extracted,

which provide global speaker-id embeddings (Kenny et al., 2005). The i-Vector training

is performed on theDAMP recordings. For the cross-domain models, the i-Vector model

is retrained on the combination ofDAMPandDALI.

• To be able to report results in line with our most recent publication on the topic (Demirel

et al., 2021b), the same single stream CTDNN structure with 8 TDNN layers is used as

the baseline neural network architecture. For the same reason, the experiments involve

the same dataset as in our previous work (Demirel et al., 2021b) for building the baseline

language models, which is the Lyrics Corpus presented in Chapter 3. The global optimal

DNN-HMM setup is then determined according to the �nal cross-dataset evaluation where

each proposed method is tested individually.

4.4.2 Language Model

Previous research in ALT noted that a lyrics-focused language model is bene�cial in terms of

word recognition compared to using transcriptions of spoken utterances (Gupta et al., 2020;

Zhang et al., 2021). At this initial step, a similar comparison is provided in Table 4.7 including

both the baseline GMM-HMM and LFMMI models. All models apply a single-pass decoding

via a 4-gram LM.

LM Corpus GMM-HMM LFMMI
Dev Test Dev Test

Lyrics 38.55 45.69 14.73 17.73

Librispeech65.34 67.26 39.46 42.65

Both 38.85 45.94 12.99 17.08

Table 4.7:WERscores produced by 4-gram LMs trained on different corpora.

The above comparison indicates that an in-domain language model for ALT is bene�cial
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for word recognition in the DNN-HMM setting. In addition, although increasing the lexical

diversity of the lyrics corpus via merging it with the Librispeech transcriptions was not clearly

bene�cial for the GMM-HMM model, it led to a slightWERimprovement in the LFMMI /

DNN-HMM model.

RNNLM Rescoring

The choice of the training set is an important factor also for the RNNLM rescoring procedure.

Speci�cally, the modeling power of RNNLMs is prone to get degraded when trained on noisy

data. Table 4.8 gives a comparison of RNNLM models trained on different corpora. The

�rst RNNLM is trained on the transcriptions of theDAMPtrain split. Next, the training set is

extended with the lyrics of theDALItrain split. The model on the fourth column is trained on the

lyrics corpus used to train the lyrics-speci�c n-gram language model above. Next, we test the

effectiveness of combining Librispeech and the lyrics corpora.

4-gram LM DAMP DAMP
S

DALI Lyrics Corpus Lyrics + Speech

Dev Test Dev Test Dev Test Dev Test Dev Test

WER 13.76 17.73 10.20 14.07 13.02 14.27 13.12 16.86 13.79 16.45

C 87.08 83.48 90.57 87.07 87.76 86.88 87.61 84.26 87.06 84.57

S 7.52 11.71 5.48 9.21 7.32 9.19 7.37 11.18 7.42 10.68

I 0.85 1.10 0.77 1.13 0.77 0.97 0.72 1.10 0.85 0.96

D 5.40 4.91 3.96 3.72 4.93 4.13 5.03 4.62 5.53 4.81

Table 4.8: RNNLM scores trained on different corpora

In addition to overallWERs, Table 4.8 provides scores explicitly in terms of the percentage

of correct word predictions, (C), plus substitution (S), insertion (I ) and deletion errors (D).

It can be seen that extending the training corpus led to increased deletion errors. Table 4.8

shows that the best results are achieved when the RNNLM is trained only on the transcriptions

of theDAMPtrain set. This is interesting because RNNLM training on larger corpora did not

seem to improve word recognition results compared to the smallerDAMPtrain set, which is

counter-intuitive from the deep learning perspective.
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4.4.3 Pronunciation Model

At this stage, the effects of alternative pronunciation generation methods proposed in Section

4.2.2 are tested in terms of word error rates. For this, we begin by constructing the pronunciation

model-speci�c GMM-HMM models to generate phoneme alignments. This is crucial for this

stage of experiments as the acoustic model optimization is based on phoneme alignments and

the DNN training is performed on phoneme-based LMs.

At �rst, the vowel extension factor is tuned when generating the vowel extended alternative

pronunciations. In their work, Gupta et al. (2018) use the combination of vowel extensions

(VE = f 1; 2; 3; 4g)13. However this potentially increases the size of the lexicon transducer

(L.fst). To �nd the optimal setting in this context, lexicons extended with only oneVE are

compared �rst (results for 1-4 in Table 4.9). Then in the two rightmost columns, results for the

lexicons where vowel extended pronunciations with smallerVEs are also added. For example,

for the lexicon for the column denoted with� 3, the resulting list of alternative generations of

the wordOCEANSalso includesOW OW SH AH N Z, OW SH AH AH N Z, OW SH AH AH AH

N Z, etc. In addition toWERs, we compare models with respect to size of the resulting decoding

graph (HCLG.fst) and real-time factors.

VE 1 2 3 4 � 3 � 4
WER 17.73 17.27 17.47 17.33 17.85 17.61
Size 2.5GB 2.5GB 2.8GB 3.1GB 3.0GB 3.4GB
RTF 0.6899 0.4275 0.4169 0.4115 0.4455 0.4459

Table 4.9: Tuning the vowel extension factor

Table 4.9 above shows that using alternative pronunciations with extended vowels generally

leads to better performance, however none of the extension factors improves the recognition

rates considerably more than others. Moreover, extending vowels also resulted in a faster

inference performance (lower RTF), possible due to an increased recognition rate. According to

these results,VE = 2 is suf�cient to achieve performance improvement while having a smaller

decoding graph and a comparable RTF with otherVEs. For this reason,VE = 2 is chosen to

build the vowel extended lexicon used in the next experimental step.

In Table 4.10, the comparison of different alternative pronunciation generation methods is

given. The leftmost column with the labelL CMU represents the model based on the standard

13Note thatVE = 1 means using the non-vowel-extended lexicon.
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CMU pronunciation dictionary. InL 1, the plosive consonants mentioned in Section 4.2.2 are

removed, D̀,T', from word endings in the alternative pronunciations.L 2 corresponds to the

lexicon extended withPron-2where theZ sounds are removed from word endings.L 3 is the

vowel extended lexicon which was tuned above. In order to observe whether the pronunciation

generations are bene�cial speci�cally for singing, the read / singing splits of the NUS Corpus

(Duan et al., 2013) are included in the evaluation and native English speakers are excluded in

evaluation as those samples are the ones used in the pronunciation analysis in Section 4.2.1.

Finally, L 4 includes the pronunciation variants in bothL 1 andL 3. Here, the method forL 2 is

not included inL 4, as it did not lead to improvements.

L CMU L 1 L 2 L 3 L 4

DAMPtest 17.73 17.41 18.56 17.33 17.17
NUSread 7.47 7.15 8.32 7.24 7.31
NUSsing 8.04 7.85 9.07 7.71 7.68

Table 4.10: WERs obtained using different lexicon variants

According to the table above, bothL 1 andL 3 lead to slightly improved word recognition

rates, and the best results are achieved by combining them inL 4. Replacing theZ sound withS

did not help with the performance, hence we did not include thePron-2method when generating

L 4. Note that improvements due to the extended lexicon are more apparent for singing according

to the results for the reading and singing splits of the NUS Corpus. This indicates that the

heuristics used to generate the alternative pronunciations are more suitable for the singing data.

Table 4.11 shows a more detailed comparison between the speech and singing adapted

lexicons (L CMU andL 4 respectively), speci�cally in terms of the rate of substitutions, deletions

and insertions as well asCERs. This shows that most improvements are observed on deletions

while the improvement in insertions is marginal. Word recognition systems might produce

no word output when the prediction is ambiguous. The observation related to deletion errors

might be interpreted as follows: the recognition procedure suffers less from the pronunciation

ambiguities due to prolonged vowels or omitted plosives when usingL 4 as the pronunciation

dictionary.

Furthermore, we extract case-speci�c results to observe whether the proposed lexicon exten-

sion methods lead to improved results relevant to newly generated alternative pronunciations.

Speci�cally to test the methodPron-1, the results for the words ending with the low con�dence
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L CMU L 4

ER S I D ER S I D

word
DAMPtest 17:73 11:70 1:10 4:91 17:17 11:02 1:36 3:89
NUSread 7:47 5:34 0:82 1:31 7:31 5:31 0:88 1:12
NUSsing 8:04 5:67 0:68 1:69 7:56 5:61 0:59 1:36

character
DAMPtest 11:56 5:13 1:47 4:96 11:26 5:25 1:74 4:27
NUSread 4:24 2:07 1:05 1:12 4:32 2:20 1:01 1:12
NUSsing 4:37 2:22 0:55 1:60 4:27 2:08 0:64 1:55

Table 4.11: Word and character error rates using the standard (L CMU) and the singing-adapted
(L 4) pronunciation dictionaries.

plosives are compared. ForPron-3, results only on vowel characters are given in Table 4.12.

Note that while the results for the former areWERs,CERis used to evaluate vowels, i.evowel

error rate (VER). The results in Table 4.12 show that the lexicon extensions led to improvements

in the aforementioned speci�c cases. This hints that improvements due to adding alternative

pronunciations not only provide more �exibility in the search space during decoding but also

can be bene�cial for speci�c utterances.

L CMU L 4

ER S D ER S D

words ending with plosives(WER)
DAMPtest 22:84 13:06 7:78 17.6710:15 7:21
NUSread 9:74 8:82 0:91 9.01 7:90 1:10
NUSsing 14:01 7:76 5:73 7.94 5:73 2:21

vowels(VER)
DAMPtest 13:20 6:47 6:72 9.80 5:59 4:21
NUSread 4:02 2:44 1:58 3.99 2:55 1:44
NUSsing 7:23 2:98 4:26 6.71 3:03 3:68

Table 4.12: Error analysis for plosives and vowels

Discussion

The pronunciation dictionary can possibly be extended further to adapt to the common pronun-

ciation variances in singing. Additional alternative pronunciations may be generated through a

statistical analysis of the interchange of phonemes between sung and spoken utterances. This

can be performed in a context-dependent manner via observing the neighbouring phonemes. The

analysis above shows that the proposed singing adapted lexicon methods lead to consistent but

modest improvements in the overall word error rates and the combination of two methods (i.e.
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L 1 + L 3 := L 4) resulted in the best performance. According to the case-speci�c error analysis,

both methods were bene�cial in their targeted direction. In addition, the vowel extension method

is also observed to speed up inference.

Note that this section of Chapter 4 follows the same experimental steps as our previous study

in (Demirel et al., 2021c). In contrast, a smaller language model is used in the aforementioned

study. In addition, data augmentation by means of speed perturbation is also applied and the

neural network architecture has an extra self-attention layer (Demirel et al., 2021c). In order to

provide a coherent and consistent results with the rest of the experiments in this thesis work, we

have redone the experiments using the baseline setup explained in Section 4.4.1. Overall, these

results are perfectly in line with our previous study (Demirel et al., 2021c).

Senones vs. Chenones

Here, the potential of using graphemes (or speci�cally chenones) within the DNN-HMM lyrics

transcription setup is tested. For a clear comparison, the results for senone-based models using

both the standard and the singing adapted lexicons are included.

Token WER CER
Senones (CMU) 17.73 11.56

Senones (singing) 17.17 11.26
Chenones 19.98 14.75

Table 4.13:WERs of different lexicon variants. Test set isDAMPtest.

Although the singing adapted lexicon is clearly superior to using chenones according to

Table 4.13, the error rate differences between using senones and chenones are smaller in the

case of using the standard pronunciation dictionary. Although having around 2% higherWERs,

using chenones can be justi�ed where a pronunciation dictionary for the language in question is

not available. This analysis shows the potential of chenones in the contrast to senones. These

results are interesting in particular for applications where a senone based system would require

a manually curated pronunciation model, such as for multilingual lyrics transcription. For such

applications, chenones are potentially a good candidate as subword units to train the acoustic

model as they do not require language speci�c phonological expert knowledge to de�ne a

mapping between words and subword units.
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4.4.4 Cross-Domain Training

In this section, we test our hypothesis on the possibility of constructing a single lyrics transcriber

where the word recognition performance is not degraded across varying domains through

training the acoustic model on multiple domains. Speci�cally, we suggest using the combination

of DAMPandDALI as the training set.

(a) (b) (c) (d)

Figure 4.9: Summary of the training sets. a)DAMP, b) DALI, c) (DAMP
S

DALI)small, d)
(DAMP

S
DALI) large: Mb (Gupta et al., 2020) uses a 200 hour version of this dataset.

The models in Table 4.14 are based on the baseline model used in the previous experimental

stages, that uses the neural network architecture of 8-layer TDNN-f's with a CNN front-end,

the lyrics corpus for the language model, and the standard pronunciation dictionary. The tested

models differ only by their training sets. The top two lines are the domain-speci�c models

trained on eitherDAMP or DALI datasets respectively. The second-to-last line is the �rst model

that is trained jointly on monophonic and polyphonic recordings. For ablation tests, we initially

combine subsets of both datasets keeping their relative proportion the same with respect to

the number of singers and in a similar range in terms of total utterance duration. The total

utterance duration of this initial combined set (denoted as(DAMP+DALI)train
small) is kept at 150

hours to enable a fair comparison with domain-speci�c models (a,b in Figure 4.9). In training

the �nal cross-domain model, the full versions of both training sets are combined. These dataset

combinations are illustrated in Figure 4.9. Note that for evaluatingM poly, a subset ofDALItrain

with 20 recordings(DALI)dev is chosen for tuning the language model scaling factor. Then, the

cross-domain models use the combinationDAMPdev andDALIdev as the development set.

According to Table 4.14, the model trained only on polyphonic recordings (Mpoly) consid-

erably outperforms the baseline monophonic model (M mono) on polyphonic data although its

performance is considerably poorer on monophonic recordings. On the other hand, results for

the models in the last two lines show that including data from both domains can be observed to
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Model Train Set Dev DAMPtest DALItest240

Mmono DAMP 13.69 17.73 78.42

Mpoly DALI 37.90 61.95 59.19

MCD-small DAMP+DALIsmall 30.27 17.83 56.75

MCD-large DAMP+DALIlarge 28.05 17.14 53.86

Table 4.14: Cross-domain evaluation results. The cells ingrayshow the results on the develop-
ment sets. Results onD test

self are highlighted according to their corresponding training set (D train).

help preserving transcription performance across domains. In particular, consider theM CD-small

which is trained on equal portions of monophonic and polyphonic recordings with a similar

overall size compared domain-speci�c models. Despite the data from both domains being

reduced to half of their size, the model performance is kept to a similar level across different

domains. This validates the advantage of training an acoustic model both on polyphonic and

monophonic recordings compared to building a domain-speci�c one. Moreover, including full

versions of bothDAMPandDALI datasets improved the performance on the polyphonic domain

further. However, this did not help much on monophonic recordings.

Music Informed Silence Modeling

To enhance the modeling capability of cross-domain training, the music informed silence

modeling proposed in Section 4.3.1 is applied. In Table 4.15, the effectiveness of this approach

is shown over the initial cross-domain model.

Model dev DAMPtest DALItest

Cross-domain 28.05 17.14 53.86
+ music/sil tag 25.40 17.29 47.00

Table 4.15: Cross-domain training and music/silence tagging results

The results in Table 4.15 show that music informed silence tagging was effective on the

polyphonic domain. In particular, close to 7% absoluteWERimprovement is observed on

DALItest240. However, this method did not lead to improvements on the monophonic case where

the overall performance is similar to not using the explicit silent token tagging. Due to the

improvements observed speci�cally on the polyphonic domain, music-informed silence tagging

is always applied when referring to the cross-domain model within the cross-dataset evaluation

in Section 4.4.6.
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4.4.5 Neural Network Architecture

At this stage, the neural network architecture used to construct the acoustic model is tuned. The

goal is to �nd an optimal setting for achieving an improved word recognition performance while

keeping the architecture as compact as possible. For this, the experiments begin with the 2-D

convolutional front-end network studied in Section 4.3.2 for ALT. Then, the number of layers in

the TDNN-f blocks is tuned with respect to the receptive �eld of the last TDNN-f layer.

2-D CNN Front-end

In the presence of larger training datasets, purely TDNN-f based networks can perform well and

do not necessarily need the convolutional front-end. However, the training sets used to train a

lyrics transcriber in this study are much smaller than benchmark speech datasets. Because of

this, a more compact feature representation is needed to exploit the potential of TDNN-f's to

a larger extent. A 2 dimensional CNN at the front-end of the network is placed to summarise

features to a smaller height while preserving the vertical (spectral) information in the learned

representations. For feature dimension reduction, subsampling with a factor of 2 is applied on

the vertical axis only. Subsampling is not applied on the temporal axis to preserve the time

information to be later processed directly by the TDNN-f blocks.

# layers # subsamp. hinput dim. Kernel dim. # params DAMPdev DAMPtest

1) 0 0 40 N/A 7,939,520 16.72 19.93
2) 3 1 20 3 � 3 8,284,608 15.15 17.81
3) 4 2 10 3 � 3 8,166,912 14.46 18.35
4) 5 2 10 3 � 3 8,187,696 14.01 17.44
5) 6 3 5 3 � 3 5,893,312 13.49 17.14

Table 4.16: Parameter combinations tested for tuning the CNN front-end.

In Table 4.16, several front-end settings are tested in terms of number of CNN layers,

subsampling steps, kernel dimensions and the total number of trainable network parameters14.

The model on the top consists of only TDNN-f's and has 8 hidden layers. In the second model,

a 3-layer CNN network is included where a subsampling is applied in between the second and

third CNN layers, thus reducing the dimension to be fed to the TDNN-f's from 40 to 20. In the

next model, another pair of subsampling and a CNN layer on the top of the previous front-end

14The experiments in Tables 4.16, 4.17 and 4.18 regarding NN architectures use data augmentation prior to
training, hence these baseline results are slightly better than the baseline in the previous sections.
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setting are added. The next model has an extra CNN layer between the two subsampling

operations. Finally in the �fth row, the �nal front-end CNN structure is constructed by adding

one more subsampling + CNN pair, reducing the feature height to 5 before the TDNN-f block.

This �nal setting achieved the best performance and the most compact representation compared

to previous front-end settings. Moreover, compared to the raw TDNN-f architecture, this

�nal model achieved around 2.5% absoluteWERimprovement with a less complex network.

According to these observations, we can conclude that the addition of the 2D CNN front-end is

bene�cial for our task of lyrics transcription given the limited size of the training data.

Time-delay Layers

The main goals in determining the optimal number of TDNN-f layers are: (1) to process all input

feature frames at each time stept during the forward-backward pass, and (2) to avoid too large

receptive �elds (rf) that would require too much zero padding at the borders of training chunks,

hence a sub-optimal model. Since, the training chunks have a �xed length of 1.5 seconds, we

tune the number of hidden layers within the TDNN-f block with respect to the resultingrf at the

end of the �nal layer. The architectures used by Dabike and Barker (2019); Gupta et al. (2020)

have 16 TDNN-f layers with heterogeneous� 's across layers. The �rst 3 layers have� = 1 ,

the fourth layer has� = 0 , which is essentially a 1-D CNN with no dilation. The rest of the

layers[5 � 16]have� = 3 . According to Equation 4.17, this architecture hasrf = 2310 ms at

the output of its top layer which exceeds the length of the audio chunks considerably. Motivated

by this and in order to provide evidence that better performance can be achieved via a smaller

TDNN-f network, the number of hidden layers is also tested in Table 4.17.

# layers rf Num. params DAMPdev DAMPtest

1) 7 1290 ms 5,614,208 14.41 17.21
2) 8 1470 ms 5,876,864 13.49 17.14
3) 9 1650 ms 5,893,312 13.54 17.08
4) 10 1830 ms 6,139,520 14.82 17.21
5) 16 2310 ms 7,978,112 13.42 17.38
6) 16 2880 ms 19,171,248 13.21 17.84

Table 4.17: Tuning the TDNN layers.

According to Table 4.17, models withrf < 2 seconds perform better than the models with

rf > 2 seconds. The model on the third row which has 9 TDNN-f layers has comparable results
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with models with fewer hidden layers and also with similar model complexities. On the other

hand, this model has slightly largerrf than 1.5 seconds, hence the network is able to process all

the input features at every time step and does not require as much padding as models with larger

rf 's while having less model complexity. We choose this model as the baseline TDNN stream

during the design of the multistream architecture in the following section.

Finally, we add the architecture that is previously used by Dabike and Barker (2019) and

Gupta et al. (2020) which does not have the CNN front-end. Compared with the network having

the identical TDNN network but also the 2-D CNN front-end (line 5 in Table 4.17), the purely

TDNN based architecture does not have betterWERscores onDAMPtest while having a much

more complex network. This is an additional evidence for the bene�t of using the CNN front-end

studied in the previous stage of experiments.

Multistream CTDNN

Now that the front-end and the baseline TDNN stream is tuned, we can proceed with the design

of the multiple TDNN streaming architecture. As previously mentioned in Section 4.3.2, the

motivation behind multistream acoustic modeling is to enhance the robustness of transcribers

speci�cally on polyphonic recordings. For this reason, theDALItest240is included in evaluating

the multistream architectures. For hyperparameter tuning, we mergeDAMPdev andDALIdev and

use this as the development set.

The design principles follow the receptive �eld tuning approach similar to the preceding

step. According to the empirical results on the design of multistream TDNN architectures used

in DNN-HMM speech recognition previously reported in the literature (Han et al., 2021), the

best setting in terms of dilation rates was achieved when layers have a greatest common divisor

(g.c.d.) greater than 1. Some examples for this could be,� = f 2; 4; 6; 8g with g.c.d. 2 or

� = f 6; 9; 12g with g.c.d. 3. Speci�cally the second example was shown to be the best setup

(Pan et al., 2020). In Table 4.18, we test similar models where the g.c.d. of all dilation rates is 3.

The effect of using different combinations of� 's can be seen through the results in lines

2,3 and 4 where the model complexity is kept the same. Although including larger� seems

to improve results onDAMPtest, the opposite applies on the polyphonicDALItest240. As the

motivation for the multistream approach is to observe improvements in the polyphonic case,
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� # Layers Hidden Dim. Num. params dev DAMPtest DALItest240

1) 3 9 512 5,893,312 27.68 17.08 52.25
2) 3 � 6 � 9 9 � 9 � 9 512� 512� 512 11,720,320 26.69 16.75 51.38
3) 6 � 9 � 12 9 � 9 � 9 512� 512� 512 11,720,320 28.13 16.64 54.31
4) 3 � 9 � 15 9 � 9 � 9 512� 512� 512 11,720,320 27.92 16.41 54.73
5) 3 � 6 � 9 9 � 4 � 3 512� 512� 512 8,831,104 26.65 16.45 49.32
6) 3 � 6 � 9 9 � 9 � 9 512� 256� 172 7,293,968 27.13 16.08 52.54
7) 3 � 6 � 9 9 � 4 � 3 512� 256� 172 6,825,796 27.38 16.62 51.92

Table 4.18: Parameter combinations tested for tuning the Multistream TDNN architecture.

we choose the setting in line 2 when further tuning the number of layers and hidden dimension

sizes in TDNN streams. This architecture corresponds to the one in Figure 4.7.

Next, the variants of the setting in line 2 are compared. The architecture in line have

identical TDNN structures (except for� ). Its variants in lines 6,5 have either reduced number

of hidden layers (N ) or hidden dimensions respectively depending on the� . Both directions of

model reduction are applied in line 7.N is reduced for the streams with larger dilation rates

(� = f 6; 9g to keeprf similar across all streams. Lines 5,7 have 4 and 3 layers at the streams

with � = 6 and� = 9 havingrf values of 1470 and 1650 ms respectively. Note that, adding one

more TDNN layer on these streams would result in increasing therf too much, which is shown

above to be suboptimal in the single-stream TDNN experiments.

It is clear from the number of trainable parameters in Table 4.18 that diversifying TDNN

streams helped reducing the model complexity. When model reduction is applied in terms of

both aforementioned directions, as in line 7, the model complexity merges to a comparable

level to its single stream counterpart while leading to improved performance both in polyphonic

and monophonic models. However, this is not the best performing models for neither of the

domains. The model with the same number of TDNN layers across streams (line 6) achieves

the best results on the monophonicDAMPtest set. However, this model does not lead to any

improvement on polyphonic data. On the other hand, the model with adjusted per-stream

number of TDNN layers improved theWERaround 3% on the polyphonicDALItest240set while

some improvement is also observed on monophonic recordings. Since our initial motivation for

using the multistream TDNN architecture is to improve recognition rates from noisy setting and

speci�cally polyphonic recordings at this stage of experiments, we choose the model in line 5 as

the best multistream TDNN setting that will later be used to compare results in Section 4.4.6.
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Note that this is the architecture illustrated in Figure 4.6.

In addition toWERs, we evaluate the ef�ciency of the multistream architecture during

inference in Figure 4.10. We compare the RTFs of single-stream models {1,2,3,4} in Table

4.17 (noted asM single
i ) with the multistream models {2,5,6,7} in Table 4.18, which are noted as

M multi
i in Figure 4.1015.

Figure 4.10: Comparison of RTFs between single and multistream models.

The analysis shows that the multistream architectures have a faster inference response

compared to their single stream counterparts. We suspect that this might be due to two reasons:

improved recognition performance and processing distant frames in early stages.

Robustness Against Reverberation

Reverberation is a well-known source of mismatch and a cause of reduction in word intelligibility

(Poissant et al., 2006) in ASR. Similarly in ALT, reverberation may cause performance reduction

in real-world applications due to varying acoustic environments in recording settings. Moreover,

arti�cial reverberation is often applied on vocal tracks as a vocal effect. In this section, the

model robustness is tested in different settings via curating simulated data from the a cappella

evaluation sets.

Reverberation is generally modeled by means of a convolution of the input signal with a

room impulse response (RIR). Recording real RIRs is quite standard in acoustics but requires

effort, hence these are generally simulated by sampling the room size variables and the receiver

position in the room. Following the RIR simulation steps in (Ko et al., 2017), the room size and

receiver position parameters are uniformly sampled. Based on the set of sampled parameters,

a number of RIRs are randomly generated using the method presented by Allen and Berkley

15We have included the MTDNN variants having the same set of� 's across TDNN streams.
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(1979)16. The simulated RIRs are categorised into three based on the length and width of the

sampled room.

• Small room: Ranges from 1 m to 10 m.

• Medium room: Ranges from 10 m to 30 m.

• Large room: Ranges from 30 m to 50 m.

In Figure 4.11, theWERs of the baseline single stream CTDNN and the compact MTDNN

architectures (Models 1 and 5 in Table 4.18) across different reverberation conditions are given.

According to theWERscores, the multistream model clearly outperforms its single stream

counterpart. Interestingly,WERs tend to be lower for the large-reverb condition, which is

counter-intuitive from the ASR perspective.

Figure 4.11:WERcomparison across different reverberation settings.

In this part of the analysis, the neural network architecture of the acoustic model was

constructed and tuned. The �rst step of tuning was performed on the 2-D convolutional network

with subsampling at the front-end to summarise the features in the spectral domain. Then, the

multistream TDNN architecture was tuned to get optimal settings. The multistream approach

was compared to the traditional single stream structure in varying reverberation conditions and

also compared for inference performance. We showed the superiority of the proposed compact

multistream TDNN architecture over the standard single stream network.

16The experiments in this section use an open-source implementation of this method, available fromhttp:
//home.tiscali.nl/ehabets/rirgenerator.html .
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4.4.6 Cross-Dataset Evaluation

In the previous experimental stages, we tested the proposed methods for an improved DNN-

HMM based lyrics transcriber. We tuned each of the transcriber's computational blocks (e.g.

acoustic, pronunciation and language models) individually. For this, the test splits ofDAMP

andDALI sets are used. In this section, an evaluation of the proposed methods on the other

benchmark test sets used in ALT research is provided.

The main goal for the cross-dataset evaluation is to observe improvements emerging from

each of the proposed methods individually. At �rst, one method at a time is applied on the

baseline model. Similar to the above experimental setups, the baseline model has a single-stream

architecture, is trained on monophonic recordings, and uses the standard CMU pronunciation

dictionary and 4-gram MaxEnt language model built on lyrics only (see Table 4.19). Model 2

is the same as the baseline model but is trained on the combination ofDAMPandDALI. The

model in line 3 has the compact multistream architecture tuned above. Model 4 uses the singing

adapted lexicon. In line 5, the language model is trained on the combination of speech and

lyrics corpora which was shown to be effective above in Section 4.4.2. In the last line, 2nd-pass

RNNLM rescoring is applied on the baseline model that uses the 4-gram LM. The RNNLM is

trained only on theDAMPtrain transcriptions as it was shown above to be the best setting.

Model Domain Network Pron.Model Lang.
1) (Baseline) Monophonic Single-stream CMU Lyrics 4-gram

2) Cross-domain Single-stream CMU Lyrics 4-gram
3) Monophonic Multistream CMU Lyrics 4-gram
4) Monophonic Single-stream Singing-adapted Lyrics 4-gram
5) Monophonic Single-stream CMU Mixed LM 4-gram

1+) Monophonic Single-stream CMU LyricsRNNLM

Table 4.19: Summary of models compared in the cross-dataset evaluation.

The model comparison begins with respect to the training and validation loss trends. This

is shown in Figure 4.12 where each data point corresponds to the training or validation losses

computed after each batch processing17. Notice that the losses of Models 1, 4 and 5 are

almost indistinguishable. This is expected as all of them use the same baseline (single-stream)

neural network architecture for training the acoustic model. It can be seen that the multistream

architecture has slightly lower loss compared to the single-stream models. On the other hand,

17The reason why Model 2 has a larger number iterations is due to having a larger training set, i.eDALI
S

DAMP.
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the cross-domain model (Model 2) has much larger loss which is not surprising as the training

uses larger training and validation sets. According to the overall loss trends, none of the models

seems either to over�t, as the gap between training and validation losses does not seem to

increase or to under�t, as the training loss is still lower than the validation loss.

Figure 4.12: Train (full-lines) vs. validation losses (dashed lines).

To observe how generalisable the resultingWERscores are, we use the cross-dataset perfor-

mance drop metric introduced in Section 3.4.2. The performance drop metric provides a measure

of a model's performance generalisability across different evaluation datasets. According to

Equation 3.4, it compares the scores obtained on the test split of the dataset used to build a model

(Dself) and on completely unseen data (Dothers). The evaluation scheme in this section uses all

of the evaluation sets introduced in Chapter 3 and follows the framework in Section 3.4.2. For

D test
self, we use either theDAMPtest or its combination withDALItest240depending on the training

set. In particular, consider the second line in Table 4.20 which is the cross-domain model. As

this model is trained both onDAMPandDALI sets, we need to include polyphonic recordings in

D test
self for a fair comparison of the performance drop across different domains of singing data. The

rest of the evaluation sets, namely the singing portion of NUS Corpus (i.e.NUSsing), Hansen,

MauchandJamendoform D test
others. In addition to overallCPDcomputed across all these test sets,

we observe the performance drop speci�cally in monophonic or polyphonic domains. Domain

speci�c CPDs are obtained onNUSsing and the monophonic version ofHansendatasets for the

monophonic, and onJamendo, MauchandHansenpoly sets for the polyphonic cases.
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Model Dev DAMPtest NUS Hansenmono CPDmono(%) Hansenpoly Mauch Jamendo DALItest240 CPDpoly(%) CPD(%)

1) 13.76 17.73 8.04 18.96 -6.47 85.66 81.97 73.47 82.17 60.59 51.75

2) 32.59 17.48 7.92 19.14 -6.46 48.19 47.23 41.74 52.93 30.66 25.77

3) 13.29 16.82 8.44 19.90 -5.44 81.94 79.62 67.84 79.31 59.07 50.34

4) 13.66 17.17 7.68 19.00 -6.86 82.25 81.53 69.48 80.67 60.92 51.98

5) 12.99 17.08 7.47 19.45 -6.73 84.52 78.69 69.53 80.44 59.52 50.79

1+) 10.20 14.09 7.99 18.62 -3.44 84.52 80.00 73.12 80.05 64.28 55.36

Table 4.20: Cross-domain evaluation results. The bestWERs for each set is highlighted with
bold font. If best ones are achieved via RNNLM rescoring for a test set, the best result with the
4-gram LM is also highlighted.

There are several arguments deduced from the results in Table 4.20. At �rst sight, each of

the proposed methods improvedWERs on most of the test sets inD test
others. However, the best

results for each test data occur with varying models. This is not surprising as each test set has

distinct properties. In order to provide more insight on the comparison of the proposed methods,

we summarise the implications drawn from Table 4.20 below:

• Model 1: The baseline model is trained on monophonic recordings. Although it performs

well on monophonicD test
others, there seems to be a room for improvement asCPD < 0.

Clearly this monophonic model suffers from dataset bias when tested on polyphonic

recordings.

• Model 2: This is the baseline cross-domain model.CPD shows that cross-domain

training helped increasing the model generalisability mostly on polyphonic recordings.

The performance drop acrossD test
others is by far the least with this model indicating the

highest generalisability. TheWERimprovement on monophonic recordings is marginal,

andCPDmono is almost the same as the baseline model, which indicates cross-domain

training does not affect the performance on monophonic recordings considerably. The

performance drop improvement can be seen more explicitly in Figure 4.13.

• Model 3: The multistream architecture did not seem to improveWERs on monophonic

D test
others. However, it led to the smallestjCPDmonoj (with an n-gram LM) indicating its

performance is the most generalisable on monophonic recordings. The multistream

modeling approach seems to consistently improveWERs also on polyphonic sets, which

supports the initial motivation for the design of the network architecture. Moreover, this

method is the most effective method compared to other monophonic models (1,4,5,1+)
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Figure 4.13: Performance drop acrossD test
others.

in terms of overall model generalisability. The best results onD test
self and the smallest

jCPDmonoj are achieved with this model compared to other models with the 4-gram LM.

• Model 4: According to theCPDvalues, the singing adapted lexicon does not seem to lead

to generalisable improvements as much as other methods, despite the slight but consistent

decrease in per datasetWERs. The improvements have a parallel trend with Model 3 with

slightly lower magnitude of improvement.

• Model 5: Combining lyrics and speech data in training the 4-gram language model

improvedWERscores on every set inD test
others where the improvement on polyphonic

recordings is more apparent. Compared to other monophonic models, the second least

overall performance drop is achieved with this model on monophonic recordings.

• Model 1+: RNNLM rescoring improvedWERon D test
self considerably but was not as bene-

�cial for monophonicD test
others. Therefore,jCPDj decreased, meaning that the performance

gap betweenD test
self and monophonicD test

othersdecreased. However, it did not lead to as much

improvement on polyphonic sets, henceCPD increased due to the increased performance

gap betweenD test
self andD test

others. Thus, the second-pass RNNLM scoring did not increase

the overall generalisability.

To sum up the �ndings of the above studied cross-dataset evaluation, all proposed methods

improved the model's generalisability, where the improvement was by far the largest on the

cross-domain model (Model 2). Each of Models 3,4,5 improvedWERscores in most cases

and their contribution to generalisability were modest compared to Model 2. Although the best
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scores onD test
self are achieved via RNNLM rescoring, this did not improve recognition rates as

much onD test
othersand did not contribute to the model's generalization power.

Performance on Separated Vocals

Here,WERs on the source-separated vocal tracks are compared. Since only theHansenset has

both the original vocal track and polyphonic mix available, the comparison is performed on this

dataset in Table 4.21 and Figure 4.14. We measure the performance drop on separated vocals

and polyphonic versions with respect to model performance onHansenmono. This is equivalent

to consideringHansenmonoasD test
self and the rest asD test

others. The goal for this comparison is to

observe the performance degradation and how much gain can be achieved via source separation.

Note that we use Deezer'sspleetertoolkit (Hennequin et al., 2020) for source separation as it is

representative of the state of the art in music source separation.

Model Monophonic Separated Polyphonic
1 18.96 62.46 85.66
2 19.14 56.72 44.05
3 20.25 60.40 81.94
4 19.00 60.89 82.25
5 19.45 61.20 84.52

1+ 18.62 60.93 84.52

Table 4.21:WERcomparison on separated vocals and original polyphonic mix. Test set:Hansen.

Figure 4.14: Comparison of performance drop on separated vocals and polyphonic mix.

According to the results shown above, theWERscores of monophonic models (1,3,4,5,+1)

are much better on separated vocals, which is in line with previous research (Demirel et al.,

2021a; Stoller et al., 2019). On the other hand, the cross-domain model (2) performs worse on

separated vocals compared to the original polyphonic mix, yet still better than the monophonic

models. This shows that separating vocals does not necessarily lead to improved recognition
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rates if a cross-domain model is employed. In addition, the performance drop (CPD) on

separated vocals with respect to monophonic recordings is the lowest for the cross-domain

model, which can be considered as evidence for the better domain-invariant performance of

cross-domain models compared to domain-speci�c ones. Moreover, the multistream architecture

(Model 3) has the lowestCPDcompared to other monophonic models.

Top-down Integration

Now that each proposed method is compared above individually, we can proceed with integrating

them into a single model. In this section we apply one method at a time progressively when

building each of the analysis models. Table 4.22 gives the summary of the models tested at

this stage. Similar to the top-down direction of theHCLG graph composition, we begin by

integrating the improved language model. The �rst model (line 2) is Model 5 in the above

analysis which has the same overall structure as the baseline model (line 1), but the language

model is trained on the combination of speech and lyrics corpora. On top of Model 5, the

alignments prior to DNN training are generated with the singing adapted lexicon in Model 6,

and this is also used as the lexicon transducer. In Model 7, the acoustic model has the proposed

multistream TDNN architecture. Model 7 is retrained on the combination ofDAMPandDALI

training sets to build the cross-domain model resulting in Model 8. To scale up performance,

we apply data augmentation through speed perturbation in Model 8+ which has been shown

to improve performance consistently Ko et al. (2015). Speed perturbation is applied with the

factors of 0.9 and 1. Finally, we report results in Model 8++ obtained via RNNLM rescoring.

In addition, the state-of-the-art DNN-HMM model published in our previous work (Demirel

et al., 2021b) is included in Table 4.22, labeled as 9+. Model 9+ differs from Model 8+ only in

terms of the language model where the former uses only the lyrics corpus for building the LM.

Rescoring is applied using the same RNNLM for Model 9++.

According to Table 4.23, the improvements during the top-down integration of the proposed

methods in this chapter are not extremely consistent acrossD test
othersand some of the improvements

are dataset speci�c. Because of this, the implications of these results are multidimensional, and

hence require to be scrutinised in detail. Below are itemised the key implications that can be

drawn upon with respect to theWERandCPDscores in Table 4.23:



4.4. Experiments and Results 116

Model Domain Network Pron.Model Lang.
1) (Baseline) Monophonic Single-stream CMU Lyrics 4-gram

5) Monophonic Single-stream CMU Mixed LM 4-gram
6) Monophonic Single-stream Singing-adapted Mixed LM 4-gram
7) Monophonic Multistream Singing-adapted Mixed LM 4-gram
8) Cross-domain Multistream Singing-adapted Mixed LM 4-gram

8+) Cross-domain Multistream Singing-adapted Mixed LM + RNNLM
8++) Cross-domain Multistream Singing-adapted Mixed LM + RNNLM
9+) Cross-domain Multistream Singing-adapted Lyrics LM 4-gram

9++) Cross-domain Multistream Singing-adapted Lyrics LM + RNNLM

Table 4.22: Summary of top-down integration models.

Model Dev(self) DAMPtest NUS Hansenmono CPDmono Hansenpoly Mauch Jamendo DALItest240 CPDpoly CPD

1) 13.76 17.73 8.04 18.96 -6.47 85.66 81.97 73.47 82.17 60.59 51.75

5) 12.99 17.33 7.47 19.45 -6.73 84.52 78.69 69.53 80.44 59.52 51.28

6) 12.17 17.64 7.48 19.35 -7.34 84.55 79.32 67.51 79.01 59.54 52.05

7) 12.39 17.03 7.14 18.55 -6.77 81.32 77.04 66.94 78.35 57.97 49.99

8) 27.68 17.29 7.57 18.16 -6.93 35.49 45.32 39.22 48.48 27.76 24.06

8+) 24.03 16.13 7.82 23.97 -4.86 37.61 41.47 32.07 43.36 27.61 23.46

8++) 24.93 13.40 8.13 23.45 -1.46 37.13 39.76 31.21 43.49 29.21 25.16

9+) 24.27 15.89 7.49 23.00 -4.95 36.78 39.00 34.94 42.98 26.68 23.74

9++) 25.54 12.56 7.66 22.93 -1.38 37.82 38.81 35.05 43.07 29.61 26.58

Table 4.23: Top-down integration results

• Overall, the cross domain training (models >=8) is the most effective method in terms of

CPDwhich indicates a better performance generalisability.

• The multistream TDNN architecture is also consistently effective for performance gen-

eralisability, however the improvements are more modest compared to cross-domain

training.

• One-by-one integration of the speech + lyrics language model and pronunciation models

did not lead to consistent improvements. In addition, although the speech + lyrics language

model seems to improve the results compared to the baseline model (1), this was not the

case when models were trained on augmented data (Models 8+ and 9+). This indicates

that improving one of the computational blocks in DNN-HMM based models does not

necessarily lead to global optimal performance. This phenomenon has been mentioned in

the literature as a cause of different computational blocks (i.e. language, pronunciation

and acoustic models) using different objectives (Xiao et al., 2018; Watanabe et al., 2017;

Li, 2021).

• Similar to the previous stage of cross-dataset evaluation (Table 4.20), the RNNLM led
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to considerable improvements onDAMPtest, however it was not as bene�cial onD test
others.

This indicates a bias towardsDAMPdata and hence the overallCPD is higher.

• Speed perturbation generally improves the results. Interestingly, this caused a sharp drop

only in Hansendatasets which is counter-intuitive. However,Hansenis a small dataset,

thus the performance drop on this dataset did not affect the overallCPD considerably.

Figure 4.15: Top-down integration cross-dataset performance drop results.

The results in Figure 4.15 and Table 4.23 considerDAMPtestas theD test
self when computing the

cross-dataset performance drop metric,CPD. This was done so to make a fair comparison across

different proposed methods. However for the cross-domain models in particular,DALItest240is

needed to be included inD test
self and excluded fromD test

others, in order to observe models' operational

performance more accurately. Model 7 in Figure 4.16 is the MStreNet model trained on only

monophonic recordings, hence it considersD test
self = DAMPtest. The columns in the middle section

are for the cross-domain multistream TDNN model (8) whereCPD's are computed similarly

with the monophonic model. On the other hand, the rightmost set of columns also represent

scores for the cross-domain model but the overallCPD computation includesDALItest240in

D test
self. For domain-speci�cCPD's, DAMPtest is still used to computeCPDmonoandDALItest240

for CPDpoly .

• If CPDfor the cross-domain Model (8) is calculated consideringD test
self = DAMPtest (the

bars in the middle in Figure 4.16), its overall value is positive, implying that the model

has dataset bias towards its training or in-domain data. However, Model 8 is trained on

both monophonic and polyphonic recordings, hence its in-domain data should not be
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