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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 ¢ 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



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 Pglnircio
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 contradict@f§ectioninformation, 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 ag\utomatic Lyrics TranscriptiofALT) 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 ¢ 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 wdr@error rates
(WERs)* respectively on the Switchboard corpus (Godfrey et al., 189R) 2016, Microsoft
reportedWERs below 6 % on the Switchboard corpus (Saon et al., 2017). Recently, IBM's
Research A.l. Team achieved below 5WER(Tlske et al., 2021). However, at the time
when the author of this thesis started his Ph.D. research, the I9MEERscore reported on
solo singing was around 34 % (Gupta et al., 2018), which was even higher when there is
musical accompaniment (around 50-60WER (Gupta et al., 2020)). This highlights the

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

WERis 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.



1.3. Thesis Structure 6

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 RethN&®)l (
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.

e 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 Ahlback, and Simon DixoAiutomatic lyrics transcription using
dilated convolutional neural networks with self-attentiofhe baseline DNN-HMM
model presented in Chapter 4, where the around/BERimprovement reported through
self-attention and RNNLN, compared to the previously best work by the time publication

(Dabike and Barker, 2019).

< Emir Demirel, Sven Ahlb&ck, and Simon Dixofy,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 Ahlback, and Simon Dixo@pmputational pronunciation analysis
in sung utterancesThe pronunciation analysis and singing-adapted lexicon presented in

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

« Emir Demirel, Sven Ahlback, and Simon DixadSTRE-Net: Multistreaming acoustic
modeling for automatic lyrics transcriptio hree 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 Ahlbéack and Simon Dixon.
In addition, further work is done on audio-to-lyrics alignment and sung note segmentation,

which resulted in the following publications:

SRNNLM 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 Ahlback, 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 nhovel 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

« Arepository 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
etal., 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://femirdemirel.github.io/alt.htmEpeci 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 forD¥MES?49

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 threusic 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.

e 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-
artin 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 sequemcegiven the acoustic

observations, and can be formalised as:
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W = argmax (P (wjX)) (2.2)

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 2.1

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 ¢ 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 downloadetifsoltscorecloud.com
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(@)

(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 ovtiebularyin ALT.

Decoding

In conventional speech recognitioln,in Equation 2.1 is generally estimated uslepm search

which can store conditional probabilities of multiple tokens, and provideshbestputs based
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on the accumulated scores. The search chooses predictions with higher probabilities when
generating hypotheses. Consideris a set of partial hypotheses with lendgtlBeam 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 beginslfrofn and ¢ has only one
hypothesis which is thetart-of-sentencge <sos>' token. Fod | L max the hypothesis
set can be expressed as= fg 1 W : g 12 | 1;W 2 \yg, where the operation'”
denotes concatenatioly; is the set of all possible predictions at stedL axis the maximum
allowed length of the hypotheses in question. Each new hypothesis|&t tinee step of the
beam search (i.eh; 2 ) is generated through concatenating a lafgeR \y, to the partial
hypothesigy 12 | ; atthe previous time step (i.y = g 1 w). The beam search score,

for every new hypothesi$, is obtained through summing the scores of the partial hypothesis
of the previous time steq ; and the conditional probability of a token to prediat, in the

log domain:

(hi;X) = (g 1;X)+log p(wijg 1;X): (2.2)

The search terminatesy; is predicted to be <eos>, afl is added to the nal set of
complete hypotheséé,. The nal prediction is selected to be the hypothesis with the highest

scores:

W =argmax (h;X): (2.3)
h2b

In practice for ef ciency, only hypotheses with tiNehighest 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 alignmentlIn 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 considerty = 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 stajes 1;2;:::;; N,
transition probabilitiesdj; ) between state pairs, and output distributiongwiitting states
(-5 ) 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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argmaxP (wjX) = argmax P (Xjw)P(w)): (2.4)

It is impractical to comput® (X jw) directly in large vocabulary applications. Moreover,
word predictions should consider pronunciation variations of uttered words. Considering these,
most HMM-based ASR systems ugBonemesto 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 HMMwith statesq, transitionsa;; and output

observation distributions; that generates acoustic feature vectrsThis is injected into

Equation 2.4 as follows:

P(X;w)

argmaxP (wjX) =argmax ———=
gr (wjX) = arg P(X)

= argmax P (X;w)
w

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

Q
X

=argmax  P(XjQ;w)P(Q;w)
)
X
= argmax P (w) P(XjQ;w)P(Qjw) (2.5)
v Q
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 (XjQ;w) = P(XjQ). Then, Equation 2.5 can be summarised as:

X
W = argmax P (wjX) = argmax P (w) P(XjQ)P(Qjw): (2.6)
w W Q

According to Equation 2.6, there are three factors used to approxi(@ex ). The

2A phoneme is the basic sonic unit of speech.
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acoustic mode(AM), P(XjQ) aims to match an acoustic observatdnto a sequence of
phonemes. The terfA(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 modelFinally, the grammar information or thenguage modeglLM) is obtained

throughP (w) which is the probability of observing a word in a sequence of wokdsy,:::wy .

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

Acoustic Model

Consider a composite HMND, formed by the concatenation of the pho¥s; :::; g"t . Then

the acoustic likelihood can be modeled by

X
p(XjQ)= p(; XjQ); (2.7)

where is the state sequence, and

\d
p(; XjQ)=a,,  b(Xda . (2.8)
t=1

where g and 141 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) stat€hen, 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 phowgines o; &p; :::; gu,, -

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

P(Qjw) = Y P(q™jw); (2.9)
I=1
whereQ is a particular sequence of pronunciatiobdgs 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 probabiliti®{,g"' jw;) 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 systenfs(w) is computed using the-gramlanguage modeling

approach,

P(w) = P(WijWk 1, Wk 2555 Wi N+1); (2.10)
k=1

wherew = wz;::;; Wk is a word sequence with lengkh. There are often cases where a word in
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a test sample appears in afgramthat 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 unseem-gram This procedure is callesinoothing 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 doe-&sticulationor omitting
(elision) during pronunciation. In modern ASR systems, a common way to solve this problem is
to usecontext-dependettMMs, 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 commortiggidased
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 referreddn@ses

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 througtitiebi 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, represeidd, by

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
alattice 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 BfGh& graph 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 : AS 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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W = argmax(p(Xjw)P (w) ¥); (2.11)

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

log-likelihood is used:

W = argmax(log(p(Xjw))+  logP(w)): (2.12)

A typical range for , is between 5 and 20, though increasing too much would increase
the risk of making deletion mistakes (Gales and Young, 2008). To balance the deletion mistakes

with insertions and substitutionsyaord insertion penalty ,, is added as:

W =argmax(logP(Xjw)+  logP(w)+log ): (2.13)
w

Tuning the values for, and ,, 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 gtéiean

acoustic observatioK at a given timd which can be obtained via tlsftmax function:

p expfa(ag

* sexfa(d)g (214)

y(@) = p(aXu) =

wherea(q) is the activation function at the output layer corresponding to stéB®urlard and
Morgan, 2012). By de nition, DNN phoneme classi ers use a pseudo-log-likelihood of gtate

given the observatiod (Graves et al., 2013),
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logp(Xytja) = log p(gjXyu) logP(a);

=log yut(a) logP(q); (2.15)

whereP (q) is the prior probability of statg estimated from the training data (Bourlard and
Morgan, 2012; Vesglet 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:

X Xu
Fce= log yut (Qut); (2.16)
u=1l t=1

whereqy is the phoneme state in an utterancat 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 _ _logyu(au) _ .
au(Q an(@ Y@ gt (2.17)

where q; gy is the Kronecker delta function (Vesedt 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 functiéiyy is de ned as:

X i K
Erw = log Pp(x ujQu)* P (Wy)

109 X QRP (W) (2.18)

whereX = fXy1; Xu2; i XyT, 9 is the sequence of acoustic observations for the utterance
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uandQy = fau1; qu2; i qur gis the sequence of phoneme states corresponding to the word
sequenc&V,. When training the acoustic model, the neural network parameters are updated
w.r.t. phoneme posteriorB,(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:

P )
Famr  _ K™ wyq=r P(X ujQ)F + KP (W)
log p(X utjr) A w PXujQ)KP (W)

(2.19)

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

obtain:

Fvmi _ )
au(d = K( gaue ~ Yut(®D); (2.20)

wherey;(q) is the posterior probability of observing stajat time instancé. 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 ¢ 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.RQy) 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 grelpasdC correspond to the phone
HMMs (acoustic model) and the context-dependency tree, and consi@Hiffis now the

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

HCG=H C GPhone (2.21)

According to this, the. graph is not included during training. Note that the phone LM,
GPhonejs 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, subbested_ FMMI
(Povey et al., 2008) andttice free state-level minimum Bayes r{gFSMBR) (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-endnodels. 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 ¢ 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 Iterbanks, 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 sequencé,= yi;::;; y1, and the word-to-phoneme conversion step is

not required:

¥ = argmax logp(Y jX) (2.22)
Y

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 seuammce

encoded into a sequence of latent representation veétorshs; hy; :::; hr;

H = encode(X): (2.23)
The hidden vectors are converted to probability distributions of target clagsesy1; yo; :::; yr,
via thesoftmax operation:

p( ¢jX) = softmax( Linear(hy)); (2.24)

where  is the output label at timein the frame-wise letter sequenceandLinear(.) denotes a
linear layer. The nal conditional probability of the frame-wise letter sequendg computed

using the probabilistic chain rule:
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N
p( jX) = p( ¢ 1520 ¢ 13 X): (2.25)
t=1
Similar to the HMM-based approach, CTC assumes that labels at different time steps are

conditionally independent (Graves et al., 2006):

N
p( jX)=  p( dX): (2.26)
t=1

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

compatible 's:

X
Petc (Y ]X) = p( JX); (2.27)
2(y)

X Y _
p( tjX);

2 (y)t=t

where ( y) denotes the set of all framewise paths that can be mappédithe nal CTC loss

de ned as the negative log likelihood:

Lere= In(Pete(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= yi;<b>jyy; <b>; i <b>yr

To eliminate the need for a handcrafted pronunciation dictionary, CTC directly uses letters as
S
the output labely 2 V whereV is the set of letters in the subject language ¥ V — <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-
sequencedeq2seyarchitectures 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 featureés into a hidden state vectdn"® = fhg; hy;:::;;h g, with a xed

lengthL, which is often referred to as tlo®ntextvector:

h®"¢= encode(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 lab¥lgFigure 2.5)
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Y = decodeth®"9: (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, CalledxtNe{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, thattentionmechanism 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: thkstener(encoder) module serves as the acoustic model which encodes
input features to hidden representatidm®!’. Attention mechanism takes part in thtender
block which weights the encoded representations based on how relevant or important each vector
on time domairh{"¢is for predicting the next output symba4,. In practice, the attender acts in
a similar way to the aligner in Figure 2.5a. The output of the attender is then fed $peHer,
which takes the attender outpat,and the embeddings from the previous predictigng when
generating a posterior probabili®,(yijyi 1;:::; Yo; 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 vectorg;

X
G = it htenc (2.31)

t

where s referred to as the attention weight. According to Equation 2.31, this operation



2.3. End-to-end Training 31

Figure 2.6: Listen, Attend and Spell structure

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

normalizing theattention energiess; into a probability distribution as:

= softrtnax(e.): (2.32)

The attention energies are essentially similarity scores:

eir := similarity(h%$; he"o); (2.33)

wherehe$ 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;

e = V' tanh(W[h®S he . ]); (2.34)

whereW is a trainable matrixy is trainable vector and; is the attention weight feedback:



2.3. End-to-end Training 32

X 1
it = sigmoidvThy): (2.35)
k=1
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:

v
Pa(YjX) = plydys: oYy 1X); (2.36)
t=1

wherey, 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, teelf-attentionayer 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 futurdy,  (whereu = 1;2;:::;T)is, for generating the encoder state at

the current time step;.

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 quedyis projection of the decoder hidden sthf¢ through a trainable
matrix. The keyK is the same as the query but from the hidden states of the encoder, and
the value )V, directly corresponds thf"° in Equation 2.31. The similarity scores are obtained
similar to Equation 2.34, but using tliet-productattention QK T. This score is then scaled by
the square root of the key and query dimensiais, The attention weights are obtained after

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

it = softmax( 3';;): (2.37)
K
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Then, injecting the above equation into Equation 2.31 results in the following formula to

summarise self-attention:

T
Attention( Q; K; V) = softmax( SE—)V: (2.38)
K

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
head = Attention( QW=2; KW X ;v W), and the multi-head attentioMHA ) is computed

through concatenating heads:

MHA( Q; K;V ) = concat( head; :::; head,); (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 rstimplementations of attention within

the hybrid DNN-HMM framework.

2.3.4 Transformers

One of the major challenges in training DNNSs 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 CNNSs 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



2.3. End-to-end Training 34

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 referreddordermerqGulati et al.,

2020).

After adding the positional embeddings, the data is fed to multi-head attention (MHA)
vectors andayer normalizatioris applied (loffe 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 torass-attentiodayer. 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 d€tasi.e.
f(Xi);i 2 N wheref X;:Y ;g represent the input audio and the output text pairs foi'the
training samplef is the end-to-end ASR system, aNdis 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, namshattosy
deep(Gulcehre et al., 2015) arabld 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:

Y = argmax (logp(Y jX)+ logpm(Y)) (2.40)
Y
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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 fudiiff) fuses the hidden
states of pretrained language and acoustic models through a parametric gating procedure

(Gulcehre et al., 2015):

o = sigmoidvg hi™ + by) (2.41)
e =[ci i ahe™ ] (2.42)
P (y1jh®") = softmax( W PFhPF + pPF) (2.43)

wherec; h®"candh%¢are the context, encoder and decoder hidden state vectors of the pretrained
acoustic model respectively (recall notation in Section 2.3.2). The param@tér@F and the
matrix W PF 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 fusioreergrtraining 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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etal., 2001).

Inspired by the NMT research, one popular approach for generating a set of subword units is
a text data compression method calyde Pair EncodindBPE) (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 ttMordPiecealgorithm (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 fanBRERT natural language
processing machine (Devlin et al., 2018). To model the subword tokenisation in a probabilistic
manner, (Kudo, 2018) introduced a method referred tsulsvord regularisatiorthat 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 referreditdgeam 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 1Y P <silence>L ER N IH NG
Graphemes DEEP<blank>=LEARNING
BPE _DEEP _LEAR NING
Unigram _DEEP _LEARN ING

Table 2.1: Comparison of different tokenization methods for the phiaB&P 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: rstis
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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 seg2seq 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, k2® 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 TensorFlowASRIthough 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 humber 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, Facebodkiseq(Ott et al., 2019)

3Alpha version can be accessed frottps://github.com/k2-fsa/k2
4Can be accessed frohitps://github.com/TensorSpeech/TensorFlowASR
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provides a repository with pretrained models and training pipelines. This toolkit also provides
the recently introducedrav2veanodel (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. Fin@ihenSpeectKim

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 ¢ 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 CNNSs, 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
(Képuska 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 pur@lythonic 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, n&AMP ° and
DALI (Meseguer-Brocal et al., 2019DAMP 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) us&ALI for the rst time, to train an acoustic model for

polyphonic recordings. Since these works, both datasets have been used to benchmark different

SURL: 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 subsebDéfMtiedataset (notated
asDAMP*®stin 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 recordingdathendalataset
(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 - AL 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 SmulBAMP repository, thdDAMP - 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 relea&s®MP corpus, namelypsing! - 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-transfemsing opera data to convert speech into singing. In particular, the authors resyn-

5To 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, iridaely
Augmenwhere 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 ¢ 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 ¢ 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 ¢ language model is superior to using either speech-only or
speech-mixed-with-lyrics corpus. Notably, most of WE&Rimprovement in their experiments
was due to the lyrics-speci ¢ language model. In our recent work, we observed around 25%
relative WERimprovement 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 annotationdALte

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
alignment, modeling genre-speci ¢ 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

etal., 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 s&8MP*®s, Hansen MauchandJamendo

The WERscores 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 thBAMP 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 orarxiv.

"This 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 \
| DAMP®st | LFMMI (Dabike and Barker, 2019) | 19.60|  Transformer w PD-augment (Zhang et al., 2021) 9.60|
| HansefoY | LFMMI + | 47.01| Seq2seq w/ Attention + Lyrics LM (Gupta et al., 202G30.1 |
| Mauch | + Genre-labeled phonemes | 44.02] U-Net + CTC (Stoller et al., 2019) | 70.9
| Jamendo | + Vowel extended lexicon (Gupta et al., 202(9.57| \7778\

Table 2.3: State of the Artin 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, namBIXLI®S?40 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 datadefP-Sing! 300 30 2
andDALLI - 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 ar®&MP andDALI datasets ( rst
mentioned in Section 2.5). These datasets have distinct characteristics making them suitable for

a speci ¢ scenario within the ALT problem, which are discussed below:

DAMP - Sing!300x30x2

The DAMP repository 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 withinrDA&P repositoryt. Speci cally, this study uses
the Sing! 300x30x2 dataset within tBAMP 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 fask.

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 providedhips://github.com/gabolsgabs/DAIDALI is

frequently used in research to train polyphonic ALT models (Gupta et al., 2020; Basak et al.,

1The data can be retrieved framtips://ccrma.stanford.edu/damppon request to Smule.
The data identi ers and annotations are shareuttas:/github.com/emirdemirel/ALTA/s5/data/train_damp
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2021) The version reported in this studyALI-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 retriévallote 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 ¢ 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 21 the sentence annotations in the
training subset of thBAMP dataset. This corpus is extended with the lyrics of the train split of
the DALI data to form the nal version of outyrics Corpus For scienti ¢ 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.

DAMP'es!

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 aDAMP*®Stis also used to compare results by Demirel et al. (2020a); Zhang et al.

3Similar to theDAMP dataset, the metadata information for our versioDAf | set used in training are shared
publicly athttps://github.com/emirdemirel/ALTA/s5/data/train_dev
“This 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 tDAMP data 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 toHense™"andHanseR°Y 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 setdodibeo-lyrics

alignmenttask.

Jamendo-lyrics

The above-mentioned datasets are prone to baskiation biasas bothHansenandMauch
consist of songs in similar styles. In their work, Stoller et al. (2019) introducedaimendo
dataset which consists of 20 songs from a variety of music genres inclbgihgp 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 ahttps://github.com/f90/jamendolyricSimilar to theHansenandMauch
dataset, thdamendedyrics dataset also has manually annotated word-level time stamps and is

used to evaluate lyrics alignment models.

DALI test240

Data within DALLI 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 searclusing 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 origin&ALI 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 aDALI®?4C 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 foundtatgs://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:
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* Monophonic DAMP, NUS Hansef"n°
« Polyphonic: DALI, HanseR®Y, Mauch Jamendo

Below in Table 3.1, a statistical summary of these datasets is provided:

Set Words | Unique Words| Num. Sampleg 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
DAMP"@" | 685,956 5304 79,959 9 4155 3052 6.74sec 112h
DALI"" | 1,077,133 25,477 227,021 5 4132 1507 2.48sec 156h
DAMPest 4630 840 479 10 70 40 6sec 48min
DALI®s®240 | 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, nhumber 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 resoureedten 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 ¢ 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 thBALI 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 To#IRiK] toolkit.5.

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 ¢ 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 wordsypes or thevocabularysize is also larger in the lyrics corpus.

However, if we consider the most comm®8% of all words, the vocabulary size drops sharply

5Source code is available https://github.com/nltk/nltk
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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, oletkieal 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 OQV 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 OQV 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 humber 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 Figure 3.4: Vowel duration
minute) and syllable duration stats (in seconds). 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 \&70 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 theord error rate(WER), which is derived from th&evenshtein
(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 sequenigss. This normalised value is called the word error rate.
There are three types of errors in computing the Levenshtein distance: number of word
substitutions $), number of words in the reference that are deleted in the transcriRipracd
number of words in the transcription that do not appear in the reference, i.e. insertion errors,
(). ConsiderindNef = C + S+ D, whereC is the number of correctly predicted words, then,

WERcan be formulated as:
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S+D+1 _ S+D+|
Netf C+S+D

WER= (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 transcrigeNsTITANIUM', 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 aSharacter Error Rat§CER).

3.4.2 Cross-dataset Performance Drop

In this section, we introduce th@ross-dataset Performance Dr¢g@GPD) metric that measures a
speci ¢ model's performance drop across different test $8RD is proposed to summarise a
speci ¢ 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 thdatasetor aggregation biagTorralba 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 dat@setach subject model is trained o4
split and a smaller subs&t'?d js used for validation. The hyperparameters of models are
ne-tuned and tested on different unseen portion®ohamely the developmeri?®Y, and the
test setDES! is used to report the nal evaluation scores. This implies that a unique pair of

DYvandDtis 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 datased, (noted aDSSL = D st DI :::; D$SYy in Figure 3.5). The datasets in

others

Diest .are 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 performancB i}, and its performance on

Dt 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 acr@§s. according to the above explained

generalisation assumption, can be formalised in terms of word recognitioW&H8 (which is

the opposite oWER(McCowan et al., 2004):

WRR%) =100 WER%)
S+1+D
= C+S+D

C |
C+s+D) 100

c |1
) 100 (3.2)
N ref

) 100

= (

=(

Then theWRRdrop betwee £ andDSS can be expressed as:

X WRRES(%)

WRR%) = WRR{(%) \

(3.3)
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whereM is the number of datasets DS . Equation 3.3 gives a relative measure w.r.t.

WRREStand calculating the performance drop in terms of percentages does not take the size
of D5t 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 wordsD¥t is 10, and the words in hypotheticalSst __and

thers,a

Diit.spare 2 and 1 million respectively. Suppose half of the words bob{§ffandD 55, ¢

are predicted correctly (i.®VRR= 50% with no insertion errors) and both wordsi{, s .
are predicted correctlWYRR= 100%). According to Equation 3.3, the resulting cross-dataset
performance drop would be25% 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 @Bp, which can be expressed as:

|
P :
test test M
Cself I self nh(Cm | m)

test LY
Nself m Nm

CPD(%) = 100 (3.4)

The above expression can be interpreted as merging all sB§:n. into a single test
set. According to Equation 3.4PD = 0 implies that the subject model's average word
recognition performance is the same asB. In other words, the results obtained D5t are
generalisable to other datasets. In this cont&RD > 0 means performance drop is observed
and signals the presence of dataset biasCRB gets larger, the risk of over tting increases
and the in uence of aggregation bias increageBD < 0 might occur where the root datagat
has suf cient diversity compared Egﬁﬁgrsalthough there is a room for improvement and hints
the risk ofunder tting. This can be interpreted as the low&PD gets forCPD < 0, the risk of
under tting increases and the performance of the mddeshould be improved further, possibly.

The above described interpretation of the performance drop measure can be summarised as

follows:



3.4. Evaluation Metrics for Automatic Lyrics Transcription 63

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 buildioghain-speci cmodelg and thus reporting
domain-speci ¢ 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 aB'€3t _in cross-dataset evaluation (Section 4.4.6). For this, we use the

others

CPD metric 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 @sactical complexityn 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

’In 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 calledahétime 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 tiRT sl 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 evaluatiddAieit®s?4%s 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 n@&Riizwhich

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 statsstheir 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 (Mobhri
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 transducef, takes acoustic features as input and stores context-
dependent phoneme state probabilities. The context-dependency is remove€hyahsducer.
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 transddcérhe 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 equatistands for the
graph compositiomperation which is used to de ne the binary relationship between the input
and output sequences in different domains. For instance, consider the gyimloohverted ts

via theT; transducerq! s) andT; translates to w. Then the cascaded transduger T,

can be used to de ne the transductigh 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,

!Kaldi 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 top-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 ofgram 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 probabilitiesP (w), can be de ned according to the n-gram approximation approach

as:

P(w) = P(WijWk 1; Wk 2555 Wk N+1); 4.2)
k=1

wherew = wz;::;; Wk is aword sequence with a nite lenga. Similar to the previous studies
by Dabike and Barker (2019) andGupta et al. (2020), the DNN-HMM based lyrics transcriber in

this study adopts thmaximum entrop¢gME) modeling approach (Rosenfeld, 1994; Alumée
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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
o8Pkl (Wi Wi 1, Wk 231 Wi n+1))
weavi ©XPC T (Wi 1iWic 255 Wie N+1))
(4.3)

P(WijWi 1;Wk 2; 55 Wk N+1) =

wheref corresponds to the word feature functions used in training,\and the set of all
possible word predictions at time stepThe numerator in Equation 4.3 represents the likelihood

of the wordwy 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, corresponding to featurdg (Wi ; Wk 1; Wk 2; 55 Wk N+1 ),

to maximise the likelihood of all observed word sequences in the traininddata ). 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 appeargigramthat 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 unseem-gram This procedure is callesinoothing 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 modé&l’ (Liu et al., 2016). For instance, Dabike and Barker (2019) initially

obtain word probabilities with 8-gramLM, then rescore the word lattices wittdagram Their
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experiments showed that the rescoring with4hgramLM 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 ad-gramlanguage model.

4.1.2 RNNLM

The external language model used for lattice rescoring can also be builieuthl language
modelgBengio 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 weigias; :::; wr with wy 2 V, whereV is
the set of words in the training set, or thecabulary Then, the objective function is to learn

word likelihoods given a certain context with length
f (Wt Wy ey = P (Wejwy b) (4.4)

The words are represented with embeddingsljsiributed feature vector€2. The network,
g takesC as input and learns a context representatzonThis representation correspond to
unnormalised word log-probability distributions which are normalised sdtitimax function to

guarantee they sum up to 1:

P(WijWe 1555 W a1 ) = %: (4.5)

i S
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 tle®ftmax layers becomes expensive. To reduce computational

complexity and speed up rescoring, Sundermeyer et al. (2014) introthttied pruningwhich

’Here we use 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.



4.1. Language Model 70

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.

(@)

(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 asord hashingprocedure. For instance:

#ow#! {#f, , o, low, ow, wi#},

where# indicates word boundaries. Word hashing is a data compression method and can
be perceived as feature dimensionality reduction. Consider representing wordsnesihgt
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 éllision where 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 gr@phie
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 transducdst 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 ¢ 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 Dictionaaynd does not take the variance

in lexical stress into account. The phonemes in this set are referred tolasse context-
independenphones. 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 MidS CorpugDuan 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
representation@ by decomposing the grammar transdu@eirom the decoding grapHCLG.

To get the phoneme con dence@, is aligned with their corresponding manually annotated

phoneme sequences. The alignments are generated following the procedure explained below:

1. The alignment score matri® is computed through the Levenshtein alignméeat,

%The phoneme set can be found hbte://www.speech.cs.cmu.edu/cgi-bin/cmudict?in=desert&phones
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between the phoneme tokemsf the predictionQM and the ground truty; :

Dv N = lev®u;Qn); (4.6)

and nd the best alignment path,,  through reverse tracing to nd the path with the
lowest pairwise gap cost:
0 1

A2K=%::: G 1 & G+ 333g: 4.7)
q( 1 h< q<+l .

A can be interpreted as a sequence of phoneme pairs.

2. There are three operations de ned on these phoneme pairs to @atdo Qy : insertions

(1), substitutions$) and deletionsd ) gThgse operations are represented iwith the

symbol . An alignment instancey = %) X is a deletion and the opposite case would

0 1 A

be an insertion, andy = %} 2 is a substitution instance & & o.
O

3. Let the number of correctly matching pairsAnbe C, then the con dence score per

phoneme typegy, can be retrieved as:

p
! Cqi  (Sqii + lg;i + D).

PIT 1
i Cqii * Sq;i + lgii + Dg;i

g2 g, (4.8)

Cq =

whereT is the number of utterances in the analysis ga the phoneme tyfeand
e is the English phoneme set used in our analysis. The denominator is necessary to
normalise with respect to the total number of pairéinsince the phonemes ine 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

“Note that in the case of non-correct predictiopsg & .
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column from the left, the con dence scores and their con dence rankihgse given. Note
thatcy are normalised values according to Equation 4.8, c; 1. Finally, three most

frequently confused phonemes per target phoneme typeye included in Table 4.2.

0
Consonants | g | cg(R) N
B 0.77 (16) | D,PW
D 0.16 (34) | T,N,JH
. G 0.77(15) | NGK
Plosives " 085 ElS; GHH

Vowels R R ' ’
q | c(R) N P | 078(14) | BMF

AE | -0.42(38) | AH, EH, AA

T 0.37(29) | D,S,CH
AH | 0.17(33) | AA,EH,0W CH | 079(13) | JH.SHT
Short Vowels | EH | 0.3(32) | AH,AEIH Affricates ' —

JH | 088(5) | CHSY
M 0.93 (2) N,NG
Nasals N 0.85(12) | M,NG,D

NG | 0.85(9) | NM,T
AO | 0.06(35) | AAAH,OW

DH | 0.36(30) | TH,D,N
ER | 0.36(31) | AH,OW,EH
Long Vowels F 0.91 (3) V,P,TH

% 0.87(6) | EY,IH,EH
. HH | 0.70(19) | DHW,Y

UW | 0.88(4) | OW,AH,UH Fricatives
s 0.95 (1) ZTHT

AY | 0.86(8) | AAAH,EH

SH | 0.85(10) | CH,S,Z
. AW | 0.71(18) | AAAH
Diphthongs TH | 057(21) | S,T.DH

EY | 0.87(7) | IYAY,EH

% 0.56 (22) | F,R,DH
OW | 0.76 (17) | AO,AAAH

z -0.05@37) | ST

OY | 0.4(28) | OW,AO,AY
ZH | N/A N/A

L 0.44 (27) | AAOW,AH
R 0.48 (25) | AAAH,IH
W | 0.66(20) | AAOWV
Y 0.55(23) | IH, AH, 1Y

IH | 0.48(26) | IY,AH,EY
UH | 0(36) AO,UW,AH
AA | 05(24) | AOAWAE

Approximants

Table 4.2: Results of the phonetic analysis.

Note thatcq < 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 cgssqredicted 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 phonekiehas the lowesty and is
generally associated with tisghwasound in phonetics (Silverman, 2011). This very leyv
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 higheg values in general with certain exceptions. For instance, plosives
"D'and “T' are severely confused indicating a systematic error, likewise the fricative s@und -
On the other hand, plosiveB,G,K,P have rather high con dences which may be interpreted
as singers in our analysis not omittirg,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 confusiapgrokimants

with vowels.

Figure 4.3: Confusion matrix. The x and y axes are represent the ground-truth and predictions
respectively.



4.2. Pronunciation Model 77

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 the<gys are discarded and the sum considers &yly 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 DREAM MAKER "M’ is annotated once in the correspondi@Qg but detected

twice in®.

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 wof@CEANSwith its phonemic representati@®W SH AH N Zn 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 singifg.= "AND | *; Qead="AE N D AY"
(left) ; Q3"9="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 foplosivesas the phoneme category with highest number of deletions.
An example of an omitteglosiveis illustrated in Figure 44 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 phon@&hés not present during singing.

This can also be seen from the discrepancies in the spectrogram and the undisturbed pitch curve
in the singing segme®it For explicitly modeling such instances, we propose adding alternative
pronunciations to words ending with consonamsand 'T' by removing their last phoneme

in the corresponding word pronunciatia! . These consonants are selected due to their low
con dence scores in Table 4.2. We refer to the model built with omitted plosivesas 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 tiesounds withSwhen generating alternative

5The analysis is performed using Sonic Visualiser software (Cannam et al., 2010).
5According 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 toRasen-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
Canonicall FLOWT OWSHAHNZ
Pron-1 FLOW OW SHAHN Z
Pron-2 FLOWT OWSHAHNS
Pron-3 | FLOWOWT | OWSHAHAHN Z, OWOW SHAHN 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 takerPggjw) = 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,
Coun{w; g%), are computed. Then, the probabiljigg?jw) of thei'" pronunciationg of a

wordw is computed as:

Coun{w;q}') +

N (Coun(w; q") + ) (4.9)

p((gi'jw) = P

whereNy, 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 througlgnagihgmes

(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 graphemeshéronesin 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 word 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 FLOATIN'
+ Position Dependency F WBLOATIN' WB
+ Context Dependency <null>_ F L WBF L OL O AO_ A TA T II_N_"N_"_<nul>_WB

Table 4.4: From raw graphemes to chenones.

4.3 Acoustic Model

The acoustic model is trained on the LFMMI schéregplained 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.

"The main pipeline is similar to that of Kaldi's chain recipe, which can be foundtgts://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 challehig&ccording 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

Shttps://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 BwMP and DALI datasets re-
spectively, which researchers have been able to leverage to construct domain-speci ¢ 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 referrsitetucas

and spoken noiseaare 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 amts¢ 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 thB¥NE 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 | <silencee w1 w> ... wy <silence
DALI <MuSIic W1 Wo ... Wy < music

Table 4.5: Music / silence phoneme tagging during cross-domain training.

Recall that training sample is a line of lyrics. Therefore, addingthdence> 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 tlaeidio-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

TDNNSs are essentially one dimensional CNNs where the convolution is applied on the time
domain withdilated frames. Consider a stream of input acoustic features like Iterbanks or
MFCCs,x; 2 R™ are concatenated to form the input matrix to a TDBN2 R™ ' wherem

is the height of input features and each column represents a time frabomsider a learnable
matrixW 2 R™ ! wherel is the width of the matrix, and the height is the same as the height
of input featuresm. Then,m | 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 mawx slides through the inpukX , with a time
strides. This means that the TDNN layer applies convolutionddime steps. To make the
input feature matrix compatible with the TDNN convolutions, padding (with a siz® ofight
be added at each end of the input vectors. Given these, the output width of a TDNNleger,

be calculated as:

t+2p |
S

o=b c+1: (4.10)

whereb:cis the oor function. In a typical TDNN setting, the kernel slides over the input one
step at a time, meanirgy= 1. In this framework, zeror(ull) padding is appliet

At each time step of a TDNN layer, a convolution operation is applied which is essentially
an element-wise multiplication of the kernel weighté,and the input features , 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 stem 2 f 1; 2;:::; 0g, z(q) is computed as:

z(= (W Xg+b); (4.11)

whereX g represents the portion of the input features within the receptive eld astends for

the convolution operation. The above equation can be unfolded as:

°In this context, zero padding means padding zero vectors.
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b
z(g= ( W Xm: + D): (4.12)
m=0 =0

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 TDNNSs 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 toditated convolution Speci cally, consider a set
of context indices), where the elemerjt = 0 is the current time step to be processed, for

exampled = f 3;0;+5¢. Then the output size of the TDNN layer becomes:

T (max(J) min(J))+2pC+l

=b 4.1
0 S (4.13)
This time, the TDNN outputz(q) is computed within the range Jf.
XX
z(g) = ( Wi Xm;j + b) (4.14)
m=0 j2J

Notice that the length aof is smaller tharL 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.

TDNNSs can be stacked together to form a deep neural network structure where the context
index set for each TDNN layek, can be layer speci c, whene 2 N. For instance, consider
the 4 layer TDNN structure summarised in Table 4.6. The rst layer(1) has a dilation
rate =1, meaning that the convolution is applied only with the neighbouring frames. Hence,
the receptive eld RF) is 3 frame&’. TheRF of the following layer relative to the preceding

TDNN layeris5 ( 3)+1 = 9. Considering the overall receptive eld aggregates as the

YThe 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 becom&2aframes.

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:

|
W !
RF = (max(Jn) min(Jy)) +1; (4.15)

n=1

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.ailation rate)can be referred to ag,, wheren is the index of a

TDNN layer. For instance, suppose the frame at time stegonvolved with frames dat= 3,

which means the dilation rate is= 3, and theRF of this layeris2 3+ 1 =7 frames. This

computation can be generalised as:

RF= (2 N)+1; (4.16)

where , = jmax(Jn)j = jmin(Jn)j. Then, the time span covered by the receptive eld at the
end of the TDNN stackify, can be simply computed by multiplyirgF with the input frame
lengthH :
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_‘
- R
=z
1

(2 N+1) H

=RF H (4.17)

As the computation of network weights is based on the convolution operation, training
TDNNSs is parallelisable providing a more ef cient training compared to LSTMs. Although
TDNNSs 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 matridels'™®™N are decomposed (or factorised) into multiplication

of two matrices:

M TONN = AB - (4.18)
where one of the multiplicant matrices is constrained tedrai-orthogonalin linear algebra,
M is called to be semi-orthogonal if,

MM T=MTM = I; (4.19)

wherel is the identity matrix.
In practice, TDNN layers are factorised as follows: consider a standard TDNN topology

with a hidden dimension df and a convolution kernel & 1. Then the parameter matrix,
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M TPNN \would have the dimensions bf PNN - 3h TPNN Syppose we chooge to be a much

smaller matrix with a siz@™™N  hA whereh” < h TPNN, ConsequentlyB has the size of

h”A  h™NNand is constrained to be semi-orthogonal. Here, the maAtiireferred 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 whiERimprovement 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 patiing (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).
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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 layers3witl3 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 Iterbank
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 imultistream acoustic modeling/hich 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 ra#en illustration of the overall
structure of this multistream TDNN-f architecture can be seen in Figure 4.8a. According to
this, input featuresg; are rst processed by a single stream of a 2D-CNN front-end (described

above),

h; = Stackee2D-CNN(x;) (4.20)

The compressed hidden representatibngre then fed into the multiple streams of TDNN-
f's. Each streanm of TDNN-f's has a unique time dilation ratel;, encoding temporal informa-

tion with different resolutions into separately trained representations,



4.3. Acoustic Model 91

(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.

zl = StackeeTDNNH; (hijd;): (4.21)

The output of each streamj,, are then concatenated and succeeded by a pair of fully

connected (FC) layers before projecting to the output layer,
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a; (s) = softmax( FC(FC(Concatz}; z2; :::; 7)) : (4.22)

wherea; (s) is the activations of the output layer obtained via$bé&max 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 eRIB)( This setting may not be
optimal as thef 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 raties f 3; 6; 99 have receptive eldsif; = 1440,
rfg = 2880, rfg = 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 layeMs, 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 dimenskpn#ccording to

this, the hidden representations at the end of the multistream TDNN blocks can be expressed as:

Zl = StackedTDNNH; (hijd;; Nj;k;): (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 thkainrecipe 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 monophoni®DAMP dataset and no data augmentation is applied.

The GMM-HMM Model

The training pipeline initiates with training a monophone GMM-HMM acoustic mdddhe
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, doed -

1A 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 thertephonic
which is used to refer models trained on solo singing recordings.
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features (i.edynamic coef cientsare concatenated to the MFCC features at each timd step
(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 transdiwdst, 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 DNis

» The networks takes 40-band Iter 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 referredranaes-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 ¢ 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 FS3 is composed with the context-dependexjrom the left,
and then composed again with the updated 3-state H¥{Mum 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 rate$®f* and10 °
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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 trainingi-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 th® AMP recordings. For the cross-domain models, the i-Vector model

is retrained on the combination BAMP andDALI.

* 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 tHRAMP"" split. Next, the training set is
extended with the lyrics of thBALI"@" split. The model on the fourth column is trained on the
lyrics corpus used to train the lyrics-speci ¢ n-gram language model above. Next, we test the

effectiveness of combining Librispeech and the lyrics corpora.

4-gram LM DAMP DAMPS 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 752 11.71 548 9.21 7.32 9.19 7.37 11.18 7.42 10.68
| 0.85 1.10 0.77 1.13 0.77 0.97 0.72 1.10 0.85 0.96
D 540 491 396 3.72 493 4.13 5.03 4.62 553 4381

Table 4.8: RNNLM scores trained on different corpora

In addition to overalWERs, Table 4.8 provides scores explicitly in terms of the percentage
of correct word predictionsQ), plus substitution$), insertion () and deletion errordY).
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 the DAMP"" set. This is interesting because RNNLM training on larger corpora did not
seem to improve word recognition results compared to the smiaAMP"@" 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 = f1;2;3;4g)'°. However this potentially increases the size of the lexicon transducer
(L.fst). To nd the optimal setting in this context, lexicons extended with only ¥ikeare
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 smadles are also added. For example,
for the lexicon for the column denoted with 3, the resulting list of alternative generations of
the wordOCEANSalso includeOW OW SH AH N ZOW SH AH AH N ZOW SH AH AH AH
N Z, etc. In addition toVERs, we compare models with respect to size of the resulting decoding
graph HCLG.fs) 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 resultsyE = 2 is suf cient to achieve performance improvement while having a smaller
decoding graph and a comparable RTF with oNiEs. For this reason/E = 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 labekpy represents the model based on the standard

Note thatVE = 1 means using the non-vowel-extended lexicon.
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CMU pronunciation dictionary. I 1, the plosive consonants mentioned in Section 4.2.2 are
removed, D,T', from word endings in the alternative pronunciatiohs. corresponds to the
lexicon extended witlPron-2where theZ sounds are removed from word endings.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 bath andL 3. Here, the method fdr; is

not included inL 4, as it did not lead to improvements.

| Lcmu \ L1 \ Lo \ L3 \ La
DAMP®St| 17.73] 17.41| 18.56| 17.33]| 17.17
Nugead | 747 | 7.15 | 832 | 7.24 | 7.31
NUS™ | 8.04 | 7.85 | 9.07 | 7.71 | 7.68

Table 4.10: WERs obtained using different lexicon variants

According to the table above, bath andL 3 lead to slightly improved word recognition
rates, and the best results are achieved by combining thém iReplacing th& sound withS
did not help with the performance, hence we did not includdtte®-2 method 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 &8ERs. 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 usirgs the pronunciation
dictionary.

Furthermore, we extract case-speci ¢ 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 methoBron-1, the results for the words ending with the low con dence
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Lcmu La
ER S [ D | ER S [ D

word

DAMPest 17:73 1170 110 491 1717 1102 136 389

Nugead 747 534 (082 131 | 731 531 088 112

NUSing 8:.04 567 068 169 7:56 561 059 136
character

DAMPest 11:56 513 147 496 1126 525 174 427

Nugead 4:24 207 105 112 4:32 220 101 112

NUSng 4:37 222 055 160 4:27 208 064 155

Table 4.11: Word and character error rates using the standgag,§ and the singing-adapted
(L 4) pronunciation dictionaries.

plosives are compared. FBron-3 results only on vowel characters are given in Table 4.12.
Note that while the results for the former afERs, CERIs used to evaluate vowels, vewel

error rate (VER) The results in Table 4.12 show that the lexicon extensions led to improvements
in the aforementioned speci ¢ 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.

Lemu La
ER S D |ER S D

words ending with plosives(WER
DAMP®st  22:84 1306 778 |[17.671015 721
Nugead 9:74 882 091 |9.01 7290 110
NUSing 1401 776 573 |7.94 573 221

vowels(VER
DAMP®sSt 1320 647 672 |9.80 5559 421
Nugead 4:.02 244 158 |3.99 255 144
NUSing 7:23 298 426 |6.713.03 368

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, + L3 := Lg) 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 setDAMP®St

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% e,
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 ¢ 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 DAMP andDALI as the training set.

(@) (b) (©) (d)

S
Figure §.9: Summary of the training sets. AMP, b) DALI, c) (DAMP  DALI)smar, d)
(DAMP  DALI)jarge: Mp (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 ¢ models
trained on eitheDAMP 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 (denote(D#MP+DALI)"1) is kept at 150
hours to enable a fair comparison with domain-speci ¢ 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 evaludipg, a subset oDALI"a"
with 20 recordingg§DALI)%Vis chosen for tuning the language model scaling factor. Then, the
cross-domain models use the combinafiaMP®" andDALI® as the development set.

According to Table 4.14, the model trained only on polyphonic recordiligs,) consid-
erably outperforms the baseline monophonic moklfg} .o 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 | DAMPeSt | DAL |test240
Mrmono DAMP 13.69| 17.73 78.42
Mpoly DALI 37.90| 61.95 59.19

Table 4.14: Cross-domain evaluation results. The celdgaly show the results on the develop-

ment sets. Results dtare highlighted according to their corresponding training BEE().

help preserving transcription performance across domains. In particular, consitieg hgha

which is trained on equal portions of monophonic and polyphonic recordings with a similar
overall size compared domain-speci ¢ 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 ¢ one. Moreover, including full
versions of bottDAMP andDALI 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 | DAMP®St DAL]®st
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% absoM{ERimprovement is observed on
DALI®s240 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] hinpye dim. | Kernel dim. | # params||| DAMP | DAMPst
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 pardmeters
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% absolM¢é&ERiIimprovement 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 steguring the forward-backward pass, and (2) to avoid too large
receptive elds (f) 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 resuftiagthe

end of the nal layer. The architectures used by Dabike and Barker (2019); Gupta et al. (2020)
have 16 TDNN-f layers with heterogeneous 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 nfas 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||| DAMPY | DAMP®st
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 with< 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 largdrthan 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 bat&Rscores orDAMP®Stwhile 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, BL[**5?40js included in evaluating

the multistream architectures. For hyperparameter tuning, we rigxiyP"¢¥ andDALI?" 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

= 16;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 o6 can be seen through the results in lines
2,3 and 4 where the model complexity is kept the same. Although including larggems
to improve results oAMP®S! the opposite applies on the polyphomALI®S?40 As the

motivation for the multistream approach is to observe improvements in the polyphonic case,
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#Layers | Hidden Dim. | Num. paramg|| dev | DAMP®st | DAL|t®st240
1) 3 9 512 5,893,312 27.68| 17.08 52.25
2 3 6 9|19 9 9512 512 512| 11,720,320 ||| 26.69| 16.75 51.38
3) 6 9 1219 9 9512 512 512| 11,720,320 ||| 28.13| 16.64 54.31
4) 3 9 15/9 9 9512 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 9512 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 layersN ) or hidden dimensions respectively depending on thBoth directions of
model reduction are applied in line K. is reduced for the streams with larger dilation rates
( = f6;9gto 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 increasingftb@o much, which is shown
above to be suboptimal in the single-stream TDNN experiments.

Itis 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 monopho@AMP*Stset. 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 th&ERaround 3% on the polyphonBALI*®S?40set 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 as iSi”g'e) with the multistream models {2,5,6,7} in Table 4.18, which are noted as

M M in Figure 4.16°.

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

5We have included the MTDNN variants having the same setsoficross TDNN streams.
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(1979)6. 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, th&VERs 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 theWERSscores, the multistream model clearly outperforms its single stream
counterpart. InterestinglWERs 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.

15The experiments in this section use an open-source implementation of this method, availathégrom
/Ihome.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 sh&shP
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 combinatihMP andDALI. 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 th®AMP"" transcriptions as it was shown above to be the best setting.

Model Domain Network Pron.Model Lang.
1) (Baseling Monophonic  Single-stream CMU Lyrics 4-gram
2) Cross-domain Single-stream CmMuU Lyrics 4-gram
3) Monophonic  Multistream CMU Lyrics 4-gram
4) Monophonic  Single-stream Singing-adapted Lyrics 4-gram
5) Monophonic  Single-stream CmMU Mixed LM 4-gram
1+) Monophonic  Single-stream CMU LyricRNNLM

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 processingNotice 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,

S
YThe reason why Model 2 has a larger number iterations is due to having a larger trainingtli.e 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 resultiigRscores 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 daffherg. 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! we use either thBAMP*®Stor its combination witrDALI®S*?4%depending 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 dDAMP andDALI sets, we need to include polyphonic recordings in
DSt 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\(U&5"9), Hansen
MauchandJamenddorm DERL . In addition to overalCPD computed across all these test sets,
we observe the performance drop speci cally in monophonic or polyphonic domains. Domain
speci ¢ CPDs are obtained oNUS® " and the monophonic version bfansendatasets for the

monophonic, and odamendpMauchandHanseR°Y sets for the polyphonic cases.
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Model | Dev | DAMP®S || NUS | Hansef"™ || CPDmond%) | Hanse®Y || Mauch | Jamendo| DALI®S240 | CPD,1(%) || 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) 3259 | 17.48 | 7.92 19.14 -6.46 48.19 47.23 | 4174 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 WHSEs 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 improveERs on most of the test sets B{$s . 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 monophonid® &t | there seems to be a room for improvemen€&b < 0.

Clearly this monophonic model suffers from dataset bias when tested on polyphonic

recordings.

* Model 2: This is the baseline cross-domain mod€lPD shows that cross-domain
training helped increasing the model generalisability mostly on polyphonic recordings.
The performance drop acroBeSit . is by far the least with this model indicating the
highest generalisability. TH&/ERimprovement on monophonic recordings is marginal,
andCPDyonois 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 impi&ERs on monophonic
DE . However, it led to the smallefEPDyond (With an n-gram LM) indicating its
performance is the most generalisable on monophonic recordings. The multistream
modeling approach seems to consistently impMieRs 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 acr@§:

hers

in terms of overall model generalisability. The best resultDjf and the smallest

jCPDmond are achieved with this model compared to other models with the 4-gram LM.

« Model 4: According to theCPD values, 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 datas®ERs. 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 iDS:L 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 improve/ERon D €5t considerably but was not as bene-

cial for monophonicD%: . ThereforejCPDj decreased, meaning that the performance

gap betweeiD £5fand monophoni® %t .decreased. However, it did not lead to as much
improvement on polyphonic sets, her€BD increased due to the increased performance
gap betwee 5tandDERL . 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 improwéeRscores in most cases

and their contribution to generalisability were modest compared to Model 2. Although the best
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scores oD S5t are achieved via RNNLM rescoring, this did not improve recognition rates as

much onD St _and did not contribute to the model's generalization power.

Performance on Separated Vocals

Here, WERs on the source-separated vocal tracks are compared. Since ohlgrienset 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 performancdamsefi'°"°. This is equivalent

to consideringHansef"°asD st and the rest aB'Sst . 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 Deezerpleetertoolkit (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 4.21WERcomparison on separated vocals and original polyphonic mix. Tedtaasen

Figure 4.14: Comparison of performance drop on separated vocals and polyphonic mix.

According to the results shown above, iIM=Rscores 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 GfRID) (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 ¢ ones. Moreover, the multistream architecture

(Model 3) has the lowesEPD compared 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 HHELG 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 combinatiddflP andDALI
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 a&rfi§s,.and 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 t WERandCPD scores in Table 4.23:
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Model Domain Network Pron.Model Lang.
1) (Baseling Monophonic  Single-stream CMU Lyrics 4-gram
5) Monophonic  Single-stream (&1Y[V) 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 J Dev(self) | DAMP®St [ NUS | Hansef™ || CPDmono || HanseR®Y | Mauch | Jamendo| DALI®S'240 )| CPDyqy ||| 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 3549 | 4532 | 39.22 48.48 27.76 ||| 24.06
8+) 24.03 16.13 7.82 23.97 -4.86 37.61 | 4147 | 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 BAMP®S, however it was not as bene cial dSSt

This indicates a bias towar@AMP data and hence the over@PD is higher.

« Speed perturbation generally improves the results. Interestingly, this caused a sharp drop
only in Hansendatasets which is counter-intuitive. Howevdgnsenis a small dataset,

thus the performance drop on this dataset did not affect the owP&liconsiderably.

Figure 4.15: Top-down integration cross-dataset performance drop results.

The results in Figure 4.15 and Table 4.23 consbaMP*as theD ®Sfwhen computing the
cross-dataset performance drop me@iBD. This was done so to make a fair comparison across
different proposed methods. However for the cross-domain models in partDalal®s?4%js
needed to be included DE5fand excluded fronD St 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 considBi&f = DAMP®St The columns in the middle section
are for the cross-domain multistream TDNN model (8) whHeRD'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 oveZ&D computation include®ALI®S?40jn
DSt For domain-speci CPD's, DAMP®Stis still used to comput€&P Dionoand DAL S240

self*

for CPDpoly -

« If CPDfor the cross-domain Model (8) is calculated consideEN§ji = DAMP®st (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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