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Abstract

Voice conversion is a prominent area of research, which can typically be described
as the replacement of acoustic cues that relate to the perceived identity of the
voice. Over almost a decade, deep learning has emerged as a transformative solu-
tion for this multifaceted task, offering various advancements to address different
conditions and challenges in the field. One intriguing avenue for researchers in
the field of Music Information Retrieval is singing voice conversion - a task that
has only been subjected to neural network analysis and synthesis techniques over
the last four years.

The conversion of various singing voice attributes introduces new considera-
tions, including working with limited datasets, adhering to musical context restric-
tions and considering how expression in singing is manifested in such attributes.
Voice conversion with respect to singing techniques, for example, has received lit-
tle attention even though its impact on the music industry would be considerable
and important. This thesis therefore delves into problems related to vocal per-
ception, limited datasets, and attribute disentanglement in the pursuit of optimal
performance for the conversion of attributes that are scarcely labelled, which are
covered across three research chapters.

The first of these chapters describes the collection of perceptual pairwise dis-
similarity ratings for singing techniques from participants. These were subse-
quently subjected to clustering algorithms and compared against existing ground
truth labels. The results confirm the viability of using existing singing technique-
labelled datasets for singing technique conversion (STC) using supervised ma-
chine learning strategies. A dataset of dissimilarity ratings and timbral maps was
generated, illustrating how register and gender conditions affect perception.

In response to these findings, an adapted version of an existing voice conver-
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sion system in conjunction with an existing labelled dataset was developed. This
served as the first implementation of a model for zero-shot STC, although it ex-
hibited varying levels of success. An alternative method of attribute conversion
was therefore considered as a means towards performing satisfactorily realistic
STC. By refining ‘voice identity’ conversion for singing, future research can be
conducted where this attribute, along with more deterministic attributes (such as
pitch, loudness, and phonetics) can be disentangled from an input signal, exposing
information related to unlabelled attributes.

Final experiments in refining the task of voice identity conversion for the
singing domain were conducted as a stepping stone towards unlabelled attribute
conversion. By performing comparative analyses between different features, sing-
ing and speech domains, and alternative loss functions, the most suitable process
for singing voice attribute conversion (SVAC) could be established.

In summary, this thesis documents a series of experiments that explore dif-
ferent aspects of the singing voice and conversion techniques in the pursuit of
devising a convincing SVAC system.
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Chapter 1

Introduction

The topic of this thesis is singing voice attribute analysis, disentanglement, and

conversion. This chapter describes the motivation, aim, structure, and contribu-

tions of this thesis. It also presents several publications related to its main content

chapters.

1.1 Motivation and Aims

1.1.1 The Frontier of Singing Voice Conversion

Although the advent of neural networks (NNs) was already gaining momentum in

its new phase of the `AI hype cycle' at the time this PhD began, literature on such

models being applied to music was, of course, signi�cantly more sparse than it

is now. A few years earlier, Google'sAlphaGo[Silver et al., 2016] demonstrated

how it could develop its own strategies in the game ofGo to outperform the Go

master, Lee Sedol. Later that year, Google also producedWaveNet[van den Oord

et al., 2016b], a model that was able to generate waveform audio with astonishing

clarity. These exciting advances in computer science made the prospects of their

application to the singing voice all the more exciting. There was already an ac-

cumulated excitement in using deep learning for singing voice separation [Huang

et al., 2014, Jansson et al., 2017] and analysis [Schlüter and Grill, 2015, Leglaive

et al., 2015]. However, there was very little research on the conversion of singing

voices using NNs.
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In contrast, there was (and still is) a large amount of literature on the applica-

tion of NNs to the task ofspokenvoice conversion. As will be discussed in Section

4.1.3, through no surprise, the demand for spoken-voice-related technological ad-

vancements has always overshadowed its counterpart in the singing domain. Sim-

ilarly, singing datasets are few in number and tiny in size (not to mention how few

annotateddatasets there are), as highlighted by [Stoller, 2020]. The fact that there

was a sparse amount of research and resources available speci�cally concerning

singing voice conversion made it clear that this would be an exciting niche at

the intersection of Music Information Retrieval (MIR) and probabilistic machine

learning (ML). The large amount of literature on spoken voice conversion has

proven to provide signi�cant insight into the topic of singing voice conversion.

1.1.2 Academic and Industrial Interest

Today, interest groups such as the `Music Technology Group' in Barcelona, or the

international `Singing Voice Interest Group' have been vocal about their interest

in NNs and the singing voice. A clear increase of relevant paper submissions to

conferences such as ISMIR, ICASSP, and INTERSPEECH demonstrates a con-

tinuously rising worldwide interest in the subject.

As domains like speech and computer vision produce more convincing and

novel probabilistic ML-based transformations, the inevitable interest of the enter-

tainment industry has propelled further research in more artistically relevant do-

mains such as singing. In recent years, there has been an explosion of applications

that specialise in voice conversion, con�rming that the entertainment industry is

now a core player in this frontier of voice synthesis and conversion research.

Singing voiceattributeconversion (SVAC) describes the process of replacing

acoustic features that relate to a speci�c attribute of the voice such as identity,

timbre, or singing techniques. It is apparent that technology of this variety has

yet to fully �nd its place in the music production suites of heavy-hitting recording

studios. The music industry has already bene�ted from singing voice manipula-

tion such as pitch correction, vocoding, and formant manipulation1. The ability to

switch a singer's particular attribute with that of any number of alternative singers,

1Examples of this includeMelodyne, iZotope RX, andVocaloid.
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without the target singer needing to be present in the studio, would be a revolu-

tionary change for composers, performers, producers, and music labels, saving

time and money (although how this will be managed ethically and legally remains

to be seen).

Such technology will have indisputable artistic value. Popular music has, over

recent years, increasingly digitalised the character of the voice by all means avail-

able to it, even extending its use as a musical function to cater towards sound

design as well as a vehicle for narration. In addition to the identi�ed gap in the lit-

erature and interest among the research community and the industry, the prospect

of putting SVAC technology in the hands of the artist is the �nal key motivation

behind the research that makes up this thesis.

1.2 Aim

This work aims to contribute to the topic of SVAC with NNs by analysing how

humans perceive singing, how existing voice identity conversion (VIC) systems

perform when applied to the task of singing technique conversion (STC), how

much transferable knowledge the VIC systems can learn between the speech and

singing domains, and how singing VIC can improve.

An end-user's ability to interpolate between source and target singer attributes

in a latent space is not so fruitful without an acceptable degree of control. As the

space between such attributes becomes linear in its relation to human perception,

control becomes more intuitive. As computers cannot be primed with human per-

ception, this is something that must be provided. Unfortunately, little research

is available on the perception of singing. The research presented in Chapter 5

attempts to �ll this gap with respect to (w.r.t.) the perception of the singing tech-

nique. In theory, these �ndings, when applied to a model, should also encourage it

to model singing techniques in a manner that is more similar to human perception.

To achieve any kind of attribute conversion, the attributes of interest must

be disentangled from the data. The term disentanglement, as conceptualised in

this thesis, is the process of separating a particular subset of information from a

representation of data. This subset would exclusively relate to a particular attribute

of the data, such as the melody of a singer. Replacing this subset with that of
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another example of data (the target data), if similarly distributed, would result in

a representation of the data containing the converted attribute. In theory, some of

these conversions could result in unrealistic data. This, however, does not imply

poor disentanglement, but poor execution where correlated relationships of certain

attributes have not been properly considered. Chapter 6 of this thesis aims to

explore the techniques available for disentanglement and to provide a solution

speci�c to STC that can be used in a �exible manner.

The research presented in Chapter 7 aims to provide some insight into how

much transferable knowledge there is between speech and singing in the context

of VIC, and also attempts to �ne-tune the identity conversion process for singing.

The concept of voice identity can be understood as the acoustic cues within a voice

signal that, when heard by a listener, serve as necessary predictors contributing to

the perceived identity of that voice. In this thesis, identity is sometimes presented

as its own attribute, although the predictors it consists of can also be though of as

sub-attributes, such as singing technique or timbre.

1.3 Thesis Structure

Chapter 1 (this chapter) presents the motivation behind the thesis, what it aims to

do, the structure it follows and the contributions it provides.

Chapter 2 andChapter 3 are primers on ML and NNs, respectively. This

provides context and documentation of the journey of knowledge undertaken by

the author, offers resources that aid comprehension or provide novel points of

view, and highlight the main components of ML and NNs that require essential

comprehension before any signi�cant, meaningful contributions in this �eld of

research can be made. Readers who are already con�dently familiar with these

concepts are welcome to jump ahead to the following chapter if they so wish.

Chapter 4 presents a review of the literature, covering previous research rel-

evant to the experiments conducted in the subsequent content chapters. This in-

cludes research related to: the voice, its application to singing, and representation

in datasets; the perception of sound, listening experiment design, and subjective

rating analysis; and NN-based solutions to voice-related problems such as analy-

sis, disentanglement, conversion, and synthesis.
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Chapter 5 presents research that involved curating a collection of recordings

that consisted of multiple singers using multiple singing techniques. These stimuli

were presented in listening studies in which participants were required to rate their

dissimilarity. The results were examined using clustering techniques and statisti-

cal analysis, and were presented as timbral maps on 2D planes for interpretation.

Chapter 6 presents research on STC. A singing technique classi�er is �rst

proposed, the �nal embedding layer of which is used to provide singing technique

embeddings as conditioning elements to an autoencoder. This system results in an

STC network that produces a set of diverse singer-converted recordings. They are

evaluated for naturalness and similarity by participants in a listening test.

Chapter 7 presents research relating to VIC, focussing on comparisons be-

tween: speech and singing domains; mel-spectrograms and WORLD spectral en-

velopes as input features; and several modi�cations of an VIC network's objective

function.

Chapter 8 concludes the research discussed in the previous three chapters. It

summarises the �ndings and considers its contributions to the world in its current

state. It also discusses some shortcomings and hypothesises how the research can

be built upon in future work.

1.4 Contributions

The main contributions this thesis makes to researchers and society include the

following:

• Chapter 2 and 3: A tutorial-style introduction to the �eld of ML and NNs.

• Chapter 5: A description of the perceptual differences of the singing voice

when produced by different genders or vocal registers.

• Chapter 6: A report on the results of the �rst published (to the best of my

knowledge) zero-shot singing technique classi�cation and conversion ex-

periment using NNs.

• Chapter 7: An analysis on cross-domain applications of singing and speech

data.
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• Chapter 7: A report on the differences between commonly used spectral

features used for voice identity embedding generation.

• Chapter 7: A proposed objective function for SVAC networks that is robust

against poor disentanglement, and includes a metric that explicitly measures

the similarity between converted and target voice identities.

1.5 Associated Publications

This thesis presents the research and work conducted by the author between Septem-

ber 2019 and December 2023 at Queen Mary University of London (QMUL) dur-

ing their PhD, excluding interruptions from July to September 2021, and Febru-

ary to April 2023. The following research was submitted for international peer-

reviewed publications as follows:

1. Work described in Chapter 5 is a modi�ed version (analysis only) of a pub-

lication at the 2020 Joint Conference on AI Music Creativity [O'Connor

et al., 2020]

2. Work described in Chapter 6 was published at the International Symposium

on Computer Music Multidisciplinary Research [O'Connor et al., 2021]

3. Work described in Section 7.3 in Chapter 7 was published at the 2023 Sound

and Music Computing Conference [O'Connor and Dixon, 2023] (It is the

author's intention to build upon the work in Section 7.2 before submitting

for publication).

All original research described in this thesis was conducted by the author,

which includes all implementations in Python code, presented in Github reposi-

tories as referenced (unless explicitly disclaimed otherwise). The writing of this

thesis was guided by the primary supervisor, Professor Simon Dixon, who also co-

authored the three publications mentioned above. As the secondary supervisor, Dr

George Fazekas also contributed towards the development of research and is a co-

author of the �rst two publications mentioned above. Dr Dan Stowell and Dr Huy

Phan provided helpful feedback on the development of this thesis as independent

assessors.
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1.6 Author's Background

The interest in singing originated from my fascination with the voice, not just as a

musical instrument, but as a general sound maker. A Bachelor's Degree in Classi-

cal Music sparked my curiosity for contemporary sound design and composition,

which led me to pursue a Master's Degree in Electronic Music Composition at the

University of West London in 2015. There, I took on a large-scale compositional

project that explored how the voice could be stripped of its narrative functionality,

and have different combinations of its attributes harvested for experimental com-

positional use, forcing new conceptions regarding the voice's role in music2. The

author later received a studentship to join the Media and Arts Technology Centre

for Doctoral Training (MAT CDT) in 2018, which involved participating in a year

of slightly relevant modules before a proposal for the topic of this thesis was �rst

drafted.

As required by the MAT CDT, the author elected additional modules at QMUL

during the course of their research. Among these were introductory modules to

computer programming, ML, and research methods, which attempted to compen-

sate for the author's unfamiliarity with STEM material. It is important to the

author that a word of acknowledgement is also given to non-academic resources,

as reading research papers and text books alone would have made the transition

from musician to computer scientist particularly painful. These included: blog

posts, which explain concepts using an inviting and conversational style of writ-

ing that is easier to digest, omitting details that are not essential to conveying an

idea, providing illustrations and demonstrations with code3; and online video tu-

torials [Velardo, 2020, Kumar et al., 2019, Khan Academy, 2006, Luis Serrano,

2013, Ng and StanfordOnline, 2009, Starmer, 2011] which provided similar styles

of presentation and infographics. Sometimes, it is just helpful to have the same

idea presented from a different perspective. In the �nal stages of writing this

thesis, ChatGPT [OpenAI, 2023] has been a helpful resource, providing quick

2A composition from this project featured inThe 6th Irish Sound Science and Technology Con-
vocation, and can currently be heard athttps://soundcloud.com/radiofreeissta

3Examples of such sources include, but are not limited tohttps://
machinelearningmastery.com , https://stackoverflow.com , https:
//uk.mathworks.com , https://towardsdatascience.com
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reminders of how concepts work, and equally importantly, how to communicate

them effectively.
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Chapter 2

Principles of Machine Learning

In this section, an overview of the techniques and terminologies relevant to ML

is provided. ML refers to a branch of arti�cial intelligence dealing with models

that learn from incoming data by adjusting their own parameters to be able to

identify and mimic patterns in the data. In doing so, the model is trained to a point

where it can automatically perform simple to complex tasks with minimal human

intervention. ML models come in multiple forms. All models require data from

which they can learn, a set of learnable parameters, and a process that steers these

parameters towards an optimal con�guration w.r.t. the main goal.

Key sources covering ML (and NNs, covered in the proceeding chapter) that

have contributed signi�cantly to the author's understanding of the relevant con-

cepts include the literature by Chollet [2018], LeCun et al. [1998], Neuneier

and Zimmermann [1998], Howard and Gugger [2020], Bell [2020], Goodfellow

[2016], Russell and Norvig [2021].

2.1 Tasks and Learning Strategies

To choose the most appropriate model, one must consider the type of problem

that needs to be solved, along with some prior knowledge of the distribution of

the data being modelled. The type of problem dictates what type of approach

is required, which in this �eld of research, can be broken down into any of the

following types of learning strategies:supervised, unsupervised, semi-supervised,
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or self-supervised. If a model is trained successfully using one or more of the

aforementioned learning techniques, it should infer meaningful information from

unseen data. This inference can be used for tasks such as detection, identi�cation,

veri�cation, classi�cation, or generation. In this section, we will describe the

types of tasks available, along with appropriate learning strategies.

2.1.1 Task Types

The �rst type of task involves synthesising novel data. In most cases, it is of

interest to synthesise data that is similar to those of a particular subset of observa-

tions from a dataset or predict the next element in a sequence. This requires the

use ofgenerativemodels such as Boltzmann Machines, Hidden Markov Models

(HMMs) and a variety of NN architectures which will be discussed in Section 3.2.

Discriminativeor classi�cation models, on the other hand, are designed to

discriminate between the various classes or clusters of data seen in the dataset.

Some models designed for classi�cation tasks include support vector machines

(SVMs), decision trees, logistic regression, and K-Nearest-Neighbour (kNN).

2.1.2 Supervised Learning

Supervised learningrefers to the process of learning from a set oflabelleddata.

Labels represent the ground truth, usually provided by human annotation, and act

as targets from which a model can determine how correct or incorrect its predic-

tions are. For example, a dataset may come packaged with a number of entries

in the form of audio waveform formats representing mixed audio tracks. These

entries may be accompanied with their corresponding labels that explicitly state

which class (such as a music genre, artist, instrumentation list, sound event etc.)

belongs to which audio track. By providing an ML model with such a dataset,

it can be set with the task of learning what structures in the waveform data best

predict the ground truth labels.
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2.1.3 Unsupervised Learning

Unsupervised learningrefers to the process of learning structures from datawith-

out using labels. In this context, the notion of correct or wrong answers is not so

relevant. The model is only required to ascertain how similar entries in a dataset

are to each other. The end result of unsupervised learning often comes in the form

of dimensionality reduction and/or clustering.

2.1.4 Semi-Supervised Learning

Semi-supervised learningdescribes a hybrid learning style that combines super-

vised and unsupervised learning strategies. As will be seen in Section 4.4, semi-

supervised strategies have sometimes been reported to outperform supervised strate-

gies. It should therefore be noted that semi-supervised learning is not always a

compromise based on the scarcity of labelled data.

2.1.5 Self-Supervised Learning

Self-supervised learningdescribes the process of attributing labels to otherwise la-

belless data using a single model, which is achieved by analysing features among

data points for similarities and dissimilarities.Contrastive learningis a common

method of self-supervised learning, where input data is presented to a model in

batches that contain more than one example from multiple classes. From such

a batch, multiple combinations of positively-matched and negatively-matched in-

stances can be observed. Knowledge of whether a combination is positive or

negative acts as a feedback signal, which encourages the model to force its em-

beddings for these instances to be similar or dissimilar. Positive instances can

either be the result of segments taken from different examples of the same class

or from multiple segments of the same data point.

2.2 Data Preprocessing

The �rst step in any ML pipeline is preprocessing the data. Depending on how

the data was collected and where it came from, a number of transformations may
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be necessary before it is suitable to pass to a model. This includes several stages

of data analysis and transformation.

2.2.1 Imbalanced Datasets

When classes in a dataset are not uniformly distributed, the dataset is said to be

imbalanced. The �rst and simplest way to deal with imbalanced datasets is to

apply different weights to the loss criterion for each class.

Another solution to an imbalanced dataset is resampling.Oversamplingis

the process of replicating instances within the minority class to balance the ratio

between classes.Undersamplingis the process of removing instances from the

majority class, which of course should not be done without considering the size

and distribution of the dataset. In some cases, this basic solution has been found

to lead to a decrease in training time without a signi�cant decrease in performance

[Batista et al., 2004].

Balancing a dataset can be also achieved by deleting data points that are overly

similar or too close to one or more neighbours in latent space encodings [Radford

et al., 2016]. Another method is an extension of basic oversampling, called the

Synthetic Minority Oversampling Technique(SMOTE), which generates new in-

stances based on the interpolation between existing instance vectors using a ran-

domised weight [Gazzah and Amara, 2008, Fan et al., 2021], and has been found

to contribute to signi�cantly better results. Kovács [2019] presents an evaluation

of further adaptations of SMOTE, of which there are many. One such improve-

ment to this algorithm is fuzzy clustering (FC-SMOTE), which considers that a

dataset's instances may not be evenly distributed, exhibiting heavy clustering in

latent space. This algorithm only generates samples in regions where the minor-

ity class instances are clustered together, thereby ensuring that newly generated

samples exist in an appropriate latent space region. FC-SMOTE has been shown

to improve voice-related classi�cation tasks using MFCCs as input [Fan et al.,

2021].
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2.2.2 Dataset Splits

Datasets are typically split into subsets for training, validation, and testing. The

partitions in which datasets are split are often unof�cial, ambiguous, or simply not

stated. In these cases, it is important to verify whether an of�cial training set is

suggested by the dataset's authors or whether a researcher used a particular split.

Won et al. [2021] discuss at length the considerations that should be taken when

deciding how a dataset should be split.

In ML research, it is common to �nd split ratios of 70:30 to 80:20 with respect

to training and validation partitions. The exact choice of split is often uninformed

and simply inherited from previous research practice. The origin of a split usu-

ally considers a compromise between the demand of its users and the amount of

data available. The trade-off between how well a model can be trained and how

thoroughly it is evaluated is directly proportional to the training-validation ratio.

Thek-fold cross validationmethod bypasses the need for prede�ned partitions.

Instead, after determining a ratio split, multiple versions of the model are trained

so that the entirety of the dataset is used as training and validation data across all

models. If the ratio split was 80:20, then �ve models would be trained, and each

would use a different �fth of the dataset as a validation set. An average valida-

tion loss across all models will then represent the model's ability to generalise to

unseen data.

Even though the model is not being trained on the validation set, researchers

learn from validation losses, which informs their choice in �ne-tuning the model.

Therefore, an indirect feedback loop exists between the validation set and the

model. For this reason, atestset is created, which is a subset of a dataset that is

kept entirely separate from the training-validation cycle and is only used to prove

the �nal model's generalisation capabilities before deployment.

2.2.3 Dimensionality Reduction

In many cases, the use of raw data for ML purposes will be inef�cient. The �rst

consideration is thecurse of dimensionality, which, as the name implies, warns

practitioners that more dimensions do not necessarily imply better performance.

In fact, in some cases it can be detrimental, confusing models by allowing them
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to detect patterns in the data that are coincidental rather than meaningful. Dimen-

sionality reduction is key to this issue and can be a manual, automatic, or hybrid

process between computational analysis and manual feature selection.

Principal component analysis (PCA) is an unsupervised automatic process of

dimensionality reduction. It transforms the features of the dataset into a smaller

set of uncorrelated features called principle components, which represent the max-

imal variances of the data [Sammon, 1969]. Of course, reducing a dataset's fea-

tures from 100 to 2 would omit a considerable amount of information from the

data. PCA algorithms usually inform users of how much information is being lost

by a dimensionality-limited solution. It is a non-iterative process and therefore

reduces computational requirements. It can be used as a de-noising technique and

reduces over�tting. However, it is limited to linear transformations and therefore

is usually unsuitable for representing data with non-linear relationships [Anowar

et al., 2021].

PCA can also be used as a precursor to the task of t-distributed Stochastic

Neighbour Embedding (t-SNE), which is another form of dimensionality reduc-

tion, more useful for visualisation purposes, where data points have a tendency to

group in clearly segregated clusters, allowing users to visually observe how well-

de�ned different classes are to each other [van der Maaten and Hinton, 2008].

Multidimensional scaling (MDS) is an unsupervised process. It is frequently

used as a means of data visualisation, and therefore usually requires reductions to

2 or 3 dimensions. MDS is focused on pairwise dissimilarities as opposed to the

dataset distribution. It is computationally expensive due to the fact that it relies

on generating a dissimilarity matrix between all data points in a dataset [Anowar

et al., 2021].

2.2.4 Normalisation

A typical and indispensable trick of the trade is normalisation, which describes

the process of rescaling the data so that it is transformed to a reasonable range and

mean value. Including this step allows a model to converge more quickly.Min-

maxnormalisation is the process of limiting the range of data to values between 0

and 1, and is formulated as
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X 0 =
X � X min

X max � X min
(2.1)

whereX 0 andX represent the normalised data and original data, whileX max and

X min represent the original data's maximum and minimal value, respectively.

However, this is sensitive to outliers and does not assume a Gaussian distri-

bution (an important assumption often used in ML).Standardisation(or z-score

normalisation) is a normalisation technique that transforms the data so that the

distributions of each feature in the dataset possess 0 mean and unit variance. The

transformation assumes prior Gaussian distributions among the features and is less

sensitive to outliers. It is a widely accepted normalisation process that is known

to improve rates of convergence [LeCun et al., 1998, Howard and Gugger, 2020,

Neuneier and Zimmermann, 1998, Schlüter and Grill, 2015, Leglaive et al., 2015,

Bengio et al., 2006]. It is parameterised as:

X 0 =
X � �

�
: (2.2)

where� and� represent the mean and standard deviation, respectively.

2.2.5 Augmentation

Augmentation is often necessary to increase the robustness of a model. It makes

the model less likely to over�t, more generalisable to real-world conditions, and

invariant to naturally observed transformations of the data.

`Unsupervised augmentation' is the application of augmentation without con-

sidering the label attached to the data, while `supervised augmentation' considers

the label. Lemley et al. [2017] have used both techniques to increase the accuracy

of their systems by a signi�cant amount. Cubuk et al. [2019] have shown that the

use of unsupervised augmentation can even reduce errors by more than 30%. With

audio data, augmentation can be applied in the time, frequency, or latent domains.

Audio Domain

Augmentations to the audio waveform itself are often preferable, as their appli-

cation to a representation of reduced dimensionality is not always guaranteed to
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re�ect realistic or natural transformations of the signal.

The reversal of an audio signal is a perception-invariant augmentation w.r.t.

timbre. While the signal itself will sound unnatural, most aspects of timbre per-

ception such as spectral centroid will remain constant, as these are not time-

varying. Polarity inversion (shifting the phase by 180� ) is another example of

augmentation that uniformly changes a fundamental feature of the information

without affecting human perception [Nachmani and Wolf, 2019]. Bonada and

Blaauw [2021] applied a modest amount of pitch shifting to their input data while

temporally scaling it to the relevant spectrogram, facilitating pitch transforma-

tion while linearly scaling the timbre in frequency. Injecting noise of different

types into waveforms has also been a common transformation [Qian et al., 2019,

Bonada and Blaauw, 2021, Kusner and Hernández-Lobato, 2016]. Other possi-

ble augmentations that impose realistic augmentations to audio include �ltering,

delay, and reverb. There are a large number of music production suites, audio edit-

ing tools, software packages, and framework-speci�c libraries that are capable of

such transformations.

When dealing with datasets that contain multiple stems, there are a few cre-

ative augmentations available. Researchers have often made use of pseudo-rando-

mly combined stem tracks from different songs to create new examples of mixed

audio signals or swapping left and right channels [Uhlich et al., 2017, Davies et al.,

2014, Lee and Nam, 2019]. This often requires some analysis of key signature,

tempo, and other musical attributes to determine whether the resulting mixed track

would be a realistic representation. Another example of augmentation in stem-to-

mixed approaches would be to modify the gain of each signal to change the `mix'

of the recording [Uhlich et al., 2017], or apply various types of DSP to enrich the

diversity of perceived recording conditions for each track [Choi et al., 2021].

Frequency Domain

Cui et al. [2015], Jaitly and Hinton [2013] usedvocal tract length perturbation,

where the spectrograms are subject to frequency warping. Park et al. [2019] used

rectangular masks over the spectrograms to train their model for speech recog-

nition. Schl̈uter and Grill [2015] used modest pitch-shifting by scaling linear-
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frequency spectrograms vertically, and applied time-stretching by doing the same

on the horizontal axis. SpecAugment [Park et al., 2019] offers manipulations on

the time and frequency axes of the spectrograms. SpeakerAugment [Wang et al.,

2023b] does the same and uses vocoding techniques to alter pitch and formats in

a disentangled manner. Basak et al. [2021] used the WORLD vocoder to impose

pitched melodies on spoken sentences.

As spectrograms can be thought of as pictures, other transformations such as

cropping, rotation, or blurring can also be used.SimCLR[Chen et al., 2020] is a

contrastive learning method that utilises these types of augmentations to generate

positive pairs whose embeddings are drawn towards a maximal agreement during

training, thereby making the model's embeddings robust against augmentation

and prioritising features relevant to class differentiation.

Latent Space Domain

Less frequently used, but still equally valid, is augmentation in the latent space of

NN embeddings. The SMOTE technique mentioned in Section 2.2.1 can also be

regarded as an augmentation technique of this variety. Nachmani and Wolf [2019]

interpolated between the latent representations of two voices, which is analogous

to creating a voice whose timbre lies between the timbre of two other voices.

2.3 Objective Function

An objective function is the global metric by which a model can determine how

well it is performing. It combines all loss and regularisation components. Gener-

ally, it is more computationally feasible to minimise an objective function, and so

the model's goal is to reach the global minimum of the cost function via gradient

descent (discussed at the end of this subsection).

Loss components in an objective function represent a measurement of distance

between a model's prediction and the ground truth values. Regularisation can

be thought of as a force that stops the network from over-�tting to a problem

parameterised by its loss function components. This can come in many forms,

such as adding a secondary component to the objective function, restricting the
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model's ability to adjust its weights either directly or through activation function

clipping, adding dropout layers to a NN, the application of transfer learning, or

simply adding noise to the data itself [Lee et al., 2019, Schlüter and Grill, 2015,

Kusner and Herńandez-Lobato, 2016].

2.3.1 Distance Metrics

The task of regression requires a model to predict a scalar or vector consisting of

continuous data based on a set of input predictors. For such models, the objective

function will usually rely on distance metrics to compute the distance between its

predicted output and the ground truth data. The most common metrics used to

determine similarity or dissimilarity between vectors are presented below.

The �rst of these metrics is themean absolute error(MAE) metric. The ab-

solute (non-negative) distances between each pair of corresponding components

of two vectors are summed (this method of vector summation is known as the

L1norm). All units of distance between the vectors therefore have an equal im-

pact on the summed result, which is then averaged across the samples to compute

theMAE loss (commonly referred to as theL1 loss in ML):

MAE( y; ŷ) =
1
n

nX

i =1

jyi � ŷi j; (2.3)

wheren is the total number of samples,i is the sample index, andy andŷ are the

true and predicted vectors, respectively.

An alternative to this is themean squared error(MSE) metric. This takes

the sum of the squared distances between each component of the compared vec-

tors (this method of vector summation is known as theL2 norm). Unlike MAE ,

squaring the errors means that larger component-wise distances will contribute

more heavily toMSE than they would inMAE . All distances are then averaged

across the samples to compute theMSE loss (commonly referred to as theL2 loss

in ML):

MSE(y; ŷ) =
1
n

nX

i =1

(yi � ŷi )
2 (2.4)
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A further adaption to this metric is theroot mean square error(RMSE), where

the square root of theMSE value is obtained (making this loss computation more

similar to the Euclidean distance):

RMSE(y; ŷ) =

vu
u
t 1

n

nX

i =1

(yi � ŷi )
2 (2.5)

Thecosine similaritygets the angular distance between two vectors, therefore

providing a similarity measure that is not in�uenced by the magnitude of the vec-

tor and is capped between the values of one and minus one, conveying maximal

or minimal similarity, respectively:

CS(y; ŷ) = cos(� ) =
y � ŷ

kykkŷ k
=

P n
i =1 yi ŷip P n

i =1 y2
i

p P n
i =1 ŷ2

i

(2.6)

2.3.2 Classi�cation Metrics

The task of classi�cation, unlike regression, requires a model to predict a discreet

output representing a category, based on set of input predictor values. For binary

classi�cation tasks, a speci�c type of objective function is used which relies on

thebinary cross-entropy loss(BCE). This measures the distance between the true

and predicted probability distributions, parameterised as:

BCE(y; ŷ) = � (y � log(ŷ) + (1 � y) � log(1 � ŷ)) ; (2.7)

wherey is the discreet label,̂y is the predicted value, andlog is the natural loga-

rithm.

For multiclass classi�cation where there are more than two categories to choose

from, thecategorical cross-entropy loss(CCE) is used, which generalises the BCE

function to handle multiple classes, parameterised as:

CCE(y; ŷ) = �
X

i

yi � log (ŷi ) ; (2.8)

whereyi is the true probability distribution of a sample belonging to classi , and

ŷi is the corresponding predicted probability distribution (and is the output of a
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softmax function applied to the model's output for classi ).

Finally, to produce the actual classi�cation prediction, the class containing the

maximum value in the class probability distribution is selected.

Classi�cation Evaluation Metrics

To understand how well a model performs when classifying data, it is important to

have a clear understanding of the different types of evaluation metrics available.

These take into account the different types of predictions a model can make when

considering ground truth labels.

A simpleaccuracymetric computes how many predictions are correct. How-

ever, this does not provide information about how well the model performs w.r.t.

individual classes. It also gives us no information regarding how biased the model

may be towards a particular class.

Fawcett [2006] offers a comprehensive explanation on more informative com-

binations of metrics. Considering a binary classi�cation task (the logic of which

can be extended to multi-classi�cation), there can either be negative or positive

prediction. If ground truth labels are known, then predictions can be broken down

further into the following list and illustrated in Figure 2.1:

• true positives (TP)

• false positives (FP)

• true negatives (TN)

• false negatives (FN)

True-positive rate(also known assensitivityor recall), re�ects the proportion

of positive classes that are correctly predicted by a model. The inverse is intu-

itively the case for thefalse-positive rate(also known as thefalse alarm rate).

In the context of binary classi�cation, receiver operating characteristic (ROC)

graphs are plots of the FP rate against the TP rate on thex andy axes, respectively.

An example of this is presented in Figure 2.21. The point (0,1) (the maximum

1By Masato8686819 - CC BY-SA 3.0,https://commons.wikimedia.org/wiki/
File:ROC_curve.svg
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Figure 2.1: A confusion matrix, labelling all types of predictions for a binary
classi�cation task

top left corner of the graph) represents the performance of the perfect model.

Models producing results closer to the left-hand side of this graph (nearx =

0) can be thought of as conservative, only predicting positive cases when they

are very certain. The diagonal of this graph represents `random guessing' rates,

and therefore any model that produces an ROC close to this line is considered

to perform no better than chance. A binary classi�er producing results on the

lower right triangle of the graph, however, can simply have its outputs inverted,

thereby mirroring its performance across the diagonal of the graph to produce

symmetrically better results.

A hyper-parameter controlling the decision boundary threshold can be ad-

justed on a given model. Determining this threshold is usually dependent on the

cost of false negatives or positives. Plotting the performance of a binary classi�-

cation model where the decision boundaries are adjusted from one extreme to the

other results in an arc. The area under the curve (AUC) is a quantitative method

of determining how well the model performs, converting the 2-dimensional ROC

into a single scalar value. ROCs have the desirable characteristic of being insensi-

tive to class distribution, while accuracy, precision, and F-scores are sensitive. For

multilabel classi�cation tasks, the performances across multiple binary classi�ca-

tions for each class must be aggregated. In order to obtain an average performance
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Figure 2.2: ROC graph demonstrating how the decision boundaries can be ad-
justed to produce an arc in the sensitivity-speci�city space. A larger area under
the curve between the ROC and the diagonal means higher performance.

in such instances, an average between these metrics must be calculated for each

label [Choi et al., 2021].

2.4 Gradient Descent

An optimiserdescribes the mechanism in an ML model that adjusts its parameters

in response to a loss value. In the context of NNs, the optimiser uses a parameter

called thelearning rateto determine the factor by which the network's weights

are adjusted. A form of thegradient descentalgorithm is the type of optimiser

most commonly found in NNs.

Upon generating a loss value from the loss function, a model is able to de-

termine the gradient of a designated cost function. From this gradient, the model

can then determine in what direction and by what magnitude the weights should

be adjusted in order to lower the loss value. This process is repeated every time a

new loss value is generated from newly observed data until it reaches a minimum

of the cost function. Other mechanisms, which are not covered here, assist this

process in manners such as avoiding local minima in the objective function. It is

also desirable that the cost function is convex, guaranteeing an optimal solution
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with no local minima or saddle points.

The Adam optimiser has been used most consistently throughout recent ad-

vancements in NN-based tasks. Kingma and Ba [2014] report that Adam is de-

signed to adjust its parameters automatically, is highly robust, requires little mem-

ory, requires virtually no tuning, and outperforms many of its predecessor optimis-

ers.
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Chapter 3

Introduction to Neural Networks

Having covered the main principles of ML, the focus can now be moved to NNs,

which describe a speci�c family of ML models. Although the �rst NNs were

proposed 80 years ago [McCulloch and Pitts, 1943], computational abilities, ML

techniques, and data storage capacities have improved to facilitate the implemen-

tation of NNs to degree that has been revolutionary in the �eld of computer science

today.

3.1 Modules and Mechanisms

A simple NN with a single layer relies on the same ML principles as a linear

regression model, possessing the same capabilities. This section describes a list

of common NN modules and mechanisms, that when stacked and combined, un-

lock the potential of ML architectures capable of complex tasks far beyond the

capabilities of linear regression and other ML models.

3.1.1 The Perceptron

The smallest component in a NN is theperceptron. Each perceptron in a NN

has multiple weighted inputs, as well as its own bias value, as seen in Figure

3.1. Each connection to a neuron is weighted. These weights are initialised by

randomly sampling a probability distribution or by receiving their states' values

from a previously trained model's parameters [Leglaive et al., 2015, Bengio et al.,
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Figure 3.1: Diagram of the perceptron, wherebrepresents the bias,wn represents
the nth weight, andf (x) represents the activation function.

2006]. The combination of the bias and its inputs allows the perceptron to function

like an informationgatesuch as the gatesAND, OR andNOT. Following more

recent literature, perceptrons will herein be referred to asneurons.

3.1.2 Activation Functions

Before being passed to another neuron, the outgoing signal of a neuron passes

through anactivation function. This transforms the signal in a non-linear manner

that is compressed to the limits of the activation functions' output. These functions

are key to the non-linear capabilities of NNs.

Figure 3.2 illustrates the nature of the Sigmoid, Tanh, Step, and ReLU func-

tions, the latter of which replaced the hidden layer Sigmoid functions for better

system performance. The ideal type of activation layer depends on the type of

output that the model is expected to produce.

The softmaxfunction is a special activation function that ensures all the el-
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Figure 3.2:Sigmoid, ReLU, TanhandStepactivation functions

ements in a vector sum up to 1. It is therefore commonly used to convert logit

vectors from previous layers to probabilities and is computed as follows:

softmax(z) i =
ezi

P N
j =1 ezj

; (3.1)

wherezi represents thei th element of the input vectorz, e is Euler's constant,

and
P N

j =1 ezj represents the summation of all exponentiated elements in the input

vector.

3.1.3 Dense/Linear/Fully-Connected Layer

In NNs, neurons are arranged in groups calledlayers. The manner in which neu-

rons of a layer are connected to neighbouring layers de�nes what type of layer it

is. It is the addition of non-linear functions and hidden layers between the inputs

and outputs that allow NNs their non-linear mapping capabilities. The following

subsections describe several common layers used in NNs.

When every output of an array of neurons is connected to every input of a

proceeding array of neurons, this connectivity is referred to as adense, linear or

fully-connectedlayer. They are useful when there is no prior knowledge of how
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any of the features generated from the previous layer should in�uence the next

layer. Neurons within these of these layers arenot connected to one another.

3.1.4 Convolutional Layer

The linear layer does not, however, provide an economical or computationally fea-

sible solution when working with data structures where the coordinates of neurons

are important, like pixels in an image. A typical example of a 2-dimensional array

is an image, and the positional arrangement of its pixels (and all derived features)

will be referred to as afeature map.

A mechanism called theconvolutionallayer enforces sparse connectivity be-

tween its input (the �rst of which is the original image) and output feature maps.

A NN model based on convolutional layers is intuitively called a convolutional

neural network (CNN). It achieves convolutions by applying a kernel of a given

shape (which consists of randomly initialised values) to its input feature map. The

kernel is applied to each section of the input feature map, covering the space of its

own shape. The sum of the element-wise products of the kernel and the windowed

feature map determines the convolution layer's output value for the input feature

of focus. It therefore acts as a convolutional �lter and is applied as a `sliding win-

dow' that moves across each axis of the feature map to generate a new �ltered

feature map. Convolutional layers have a padding option, which can be employed

to ensure that the convolved feature map is of the same dimensions as the previous

input feature map.

The stride parameter in convolutional operations determines the number of

features skipped as the kernel window slides across dimensions. Figure 3.31 il-

lustrates how each of the operations described so far works together to create a

convolutional layer.

Pooling layers are commonly used in conjunction with convolutional layers.

These use a kernel to scan the input feature maps in the same sliding-window

manner as the convolutional layer's kernel, and output the average, maximum, or

minimum value of the windowed feature map, depending on which type of pooling

1By Omegatron, reproduced by the Expat Licence,https://commons.wikimedia.
org/wiki/File:Convolution_arithmetic_-_Padding_strides.gif#
filelinks
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(a) (b)

Figure 3.3: Convolutional process on a 2D feature map, using a kernel of size 3,
stride of 2, and padding of 1. The green tiles represent the output feature map
while the blue ones represent the input feature map.

layer is chosen. This results in an output feature map that is inversely proportional

to the size of pooling layer's kernel size, effectively downsampling the image.

However, some researchers challenge the value of max-pooling layers, producing

comparable results with CNNs that useonly convolutional layers [Springenberg

et al., 2015].

The receptive �eld of a neuron in a convolutional layer describes how many of

the surrounding input features it retains information for. As more convolutional

and pooling layers are added, the receptive �eld increases, and the output features

become more abstract in nature. Figure 3.42 is an illustration of how this works.

In some applications,causalconvolutions are necessary, where the receptive �eld

can only include features of the past.

Fully-convolutional networks describe a network that does not utilise any other

type of layer in its embedding process. These are inherently able to consider tem-

poral features across input data, since the �nal layer's residual outputs have a

global receptive �eld. They are favourable to convolutional networks with ap-

2By Aphex34 - CC BY-SA 4.0,https://commons.wikimedia.org/w/index.
php?curid=45679374
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Figure 3.4: A diagram of the convolutional process.

pended dense or recurrent networks when it is necessary to be conservative with

the number of tunable parameters, the convergence time, or when the model must

accommodate inputs of arbitrary sizes [Choi et al., 2017, Chandna et al., 2019,

Kameoka et al., 2020, Zhu et al., 2017].

There are also transposed convolutional layers. These are commonly used

to transform a compressed version of data back into its original uncompressed

format, like the decoder of a convolutional autoencoder. Some researchers such

as AlBadawy and Lyu [2020], Kumar et al. [2019], Kong et al. [2020a] have used

them in generators of a GAN to upscale to the dimensional space of the desired

data format. To generate a bigger feature space than its input, it heavily pads

its input features so that performing a standard convolution would involve the

kernel sliding over more pixel values provided by the padding. Further details on

how transposed convolutional layers work are presented by Dumoulin and Visin

[2018].

CNNs also usechannels, which refer to the number of feature maps that are

analysed in each convolutional layer. Images are often encoded in RGB format,

and so the �rst convolutional layer they encounter can facilitate an individual

channel for red, green, and blue feature maps. Each channel undergoes its own

convolutional kernel. As more kernels are used, more channels are generated,

providing opportunities to learn more features.

3.1.5 Normalisation Layer

As NNs are trained, the distribution of inputs can vary widely between batches

during training. This can be problematic as the shift in weights in response to gra-
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Figure 3.5: Flow chart depicting the use of skip connections as detailed by He
et al. [2015]. x goes through multiple transformation processes considered as
f (x), the output of which is reunited withx by addition.

dient descent is made under the assumption that all other weights remain the same.

This is of course not the case and forces the optimiser to pursue a moving target.

Batch normalisationis a process where the output of a layer is standardised, as de-

scribed in Section 2.2.4, across an incoming mini-batch (if the batch size is 1, then

batch normalisation will not be applicable). This standardisation prevents weights

from drastically changing. It improves the rate of convergence of the networks

and, as a side effect, imposes some regularisation [Ioffe and Szegedy, 2015].

3.1.6 Skip Connections

Skipconnections, orresidualconnections, were �rst introduced by He et al. [2015]

for image recognition tasks. Figures 3.5 and 3.10 show skip connections, depicted

by linking one layer's output to another that is multiple layers or transformations

ahead of it. Figure 3.5 shows a chain of transformations summarised asf (x) out-

puts an embedding that is added to its input via a skip connection that bypasses the

function. Therefore, the parameters off (x) are optimised to produce aresidual

embedding.

As NNs get deeper when more layers are stacked together, the issue of vanish-
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Figure 3.6: Depiction of a gated block, where asigmoid signal is gating atanh
signal (or vica versa)

ing gradients becomes more prevalent, reducing the network's capacity to back-

propagate ef�ciently towards layers further back in the architecture. Skip con-

nections are used to mitigate this effect, allowing for easier optimisation. They

also enable feature reusability by sending earlier information un�ltered further

upstream to the destination point, without being affected by the layers in between.

`Short' skip connections usually occur between consecutive convolutional layers

that don't change in tensor output shape, while `long' ones usually occur between

encoders and decoders, or any mirrored parts of a symmetrical NN architecture.

3.1.7 Gated Blocks

A gated block describes a mechanism in a network that decides how important

information is, therefore providing some primitive notion of attention based on

the input. This is achieved by processing an input through two parallel paths: one

that contains a linear or nonlinear transformation, and the other that provides the

`gate' signal, such as a sigmoid function transformation. Figure 3.6 provides an

illustration of this setup.
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Gated Linear Units

Introduced by Dauphin et al. [2017], gated linear units (GLUs) are mechanisms

that allow an incoming signal to gate in a manner that provides the �ow of infor-

mation with nonlinear capabilities while providing a linear path for the gradients

during backpropogation. They are usually used after a causal convolutional layer

to facilitate sequential predictions without requiring recurrence. To achieve this,

a GLU requires two inputs from the previous layer, each of which has a separate

set of weights and biases. The output of a GLU is the element-wise product of

one input by the sigmoid-activated output of the other. This is parameterised in

Equation 3.2 where:
 represents element-wise multiplication;X is the output

of a preceding layer;W andV are the individually determined weights whileb

andc are their biases;� is the sigmoid activation function, andhl (X ) is the GLU

output.

hl (X ) = ( X � W + b) 
 � (X � V + c) (3.2)

3.1.8 Recurrent Layer

Recurrent neural network (RNN) modules are a type of mechanism that allow

NNs to deal with sequential data such as weather reports, audio data, or language.

These mechanisms allow the network to take past information into consideration

and process sequences of variable lengths. This property is achieved through the

use ofparameter sharingacross timesteps. The prediction of an RNN's neuron

at timestept is fed back and reused at the neuron's inputs in conjunction with the

next piece of data in the time series to make a prediction at the time stept + 1.

See Figure 3.73, where the left side of the image presents a diagram of the RNN,

and the right side presents theunrolled version with time moving from left to

right. RNNs are considerably more computationally expensive than other layers

described so far, as each element in the sequence must be computed recurrently

before the next element can be predicted. The RNN undergoes backpropagation

through time. This can lead tovanishing gradientsas the weights' in�uence on

3By MingxianLin - CC BY-SA 4.0, https://commons.wikimedia.org/wiki/
File:RNN.png
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Figure 3.7: A diagram of the RNN process unfolded across time, where:U, W,
andV are the weights for the input, hidden and output states respectively; andx,
s, o andt represent the input, hidden, output and timestamp, respectively.

the outcome is diminished as time reverts, meaning that this model inherently

assumes that information further in the past is less important. However, in many

types of sequences, this is not the case.

The long short-term memory(LSTM) [Hochreiter and Schmidhuber, 1997]

and gated recurrent unit(GRU) cell improves upon this issue, by making use

of a hidden state cell that can carry information through many timesteps without

degradation. As shown in Figure 3.84, these types of RNN use three gated con-

nections (discussed in Section 3.1.7), allowing them to have individual control of

how much input, previous, and current memory data are kept. Bidirectional im-

plementations of these RNNs (BLSTMs and BGRUs) also exist, where both past

and future information are combined to in�uence predictions, inherently requiring

twice as much memory. GRUs have fewer parameters than LSTMs and, therefore,

take less computational time to train.

4By Ixnay, - CC BY-SA 4.0, https://commons.wikimedia.org/wiki/File:
Long_Short-Term_Memory.svg , https://commons.wikimedia.org/wiki/
File:Gated_Recurrent_Unit.svg
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(a)

(b)

Figure 3.8: Diagram of the inner architecture of the (a) LSTM and (b) GRU units.
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3.1.9 Attention Layer

Attention Mechanism

The attention mechanism provides networks with the ability to pay attention to

certain sets of features, irrespective of their temporal position, but dependent on

their content relevance. Unlike RNN layers, attention mechanisms offer the more

advanced capabilities of dealing with hidden states of variable sizes, capturing

long-range dependencies in sequences, and parallelisation.

Attention mechanisms have been used as an independent structure to connect

encoders and decoders. Bahdanau et al. [2016] introduced the concept of an at-

tention layer as follows: The idea of attention is parameterised by weights� . The

activation outputs of the preceding LSTM layerh are each multiplied by these

weights to produce weighted observations. The sum of these weighted activations

gives us thecontext vector, c. The equation for this is shown in Equation 3.3,

wherei refers to the current timestep, andj refers to the index of all other time

steps in the input sequence.

ci =
TxX

j =1

� ij hj (3.3)

The context vector is fed to the current states of an output RNN in conjunction

with the previous state of that RNN (si � 1) and outputyi � 1 to generate a prediction.

All outputs of elements in the sequence input are subjected to a softmax func-

tion to ensure all weighted activations sum to 1. The values for each weight can

be learned through a single feed-forward layer,a:

� ij = a(si � 1; hj ) : (3.4)

The attention mechanism has been used widely in the literature as a more

powerful RNN with the ability to know where in a sequence the important infor-

mation resides, without concern for vanishing gradients. Many of the more recent

systems described in the following sections of this review of the literature will

have attention mechanisms, although they may not be explicitly referenced.
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Simpli�ed Attention Mechanism

Raffel and Ellis [2016] suggest a simpli�cation of this mechanism, where weights

� ij are learned by the functiona(hj ) instead ofa(st � 1; hj ). Therefore, the content

embedding does not require a proceeding RNN output layer, and all observations

of h are summarised. However, this proposed method will not take into account

the temporal order of sequences.

Self-Attention Layers

Vaswani et al. [2017] proposed an implementation of Bahdanau et al. [2016]'s at-

tention mechanism that allowed them more �exibility in designing architectures.

Their self-attentionlayer facilitated sequence transformation while using itsown

attention mechanisms to achieve this, while previous implementations of the at-

tention mechanism required an encoder and decoder structure as its input and

output, respectively.

The self-attention layer can handle changes in length to the input sequence

without inducing a change in the number of parameters. It can perform sequence-

to-sequence, label-to-sequence, or sequence-to-label tasks. Thanks to extensive

use of matrix operations, self-attention can perform signi�cantly ef�cient parallel

processing, which makes very deep networks feasible.

Self-attention is computed using three learned matrices, referred to asQuery

(Q), Key(K ), andValue(V). These can be conceptualised as linear layers, which

take position-encoded embeddings of elements in the input sequence. These lay-

ers are combined to determine an attention weight for each input in a sequence.

Once calculated, weights for all inputs are divided by the square root of the word

embedding size, and put through a softmax function. The �nalised weights are

multiplied by the incoming value (representing an embedded element of the input

sequence).

This concludes what is referred to as the “Scaled Dot-Product Attention”. In

the Transformer model, as proposed by Vaswani et al. [2017], multi-head attention

is used, which applies the self-attention module multiple times in parallel to en-

hance the network's ability to model multiple relationships in the sequential input

data. This seminal work has been highly in�uential across the landscape of deep
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learning and has led to extremely powerful natural language processing (NLP)

models such as BERT [Devlin et al., 2019] and GPT-3 [Brown et al., 2020].

3.2 Architectures

This section presents several speci�c NN architectures and systems, comprising

various combinations of the mechanisms presented in the previous section. These

particular architectures are presented as they have become prevalent in the �eld of

machine learning for audio.

3.2.1 WaveNet

The WaveNet model has become a seminal piece of neural architecture and has

been adopted by many researchers for its waveform-generative capabilities. It was

introduced by van den Oord et al. [2016a] as a generative text-to-speech (TTS) au-

dio model, in�uenced by previous architectures used in computer vision [van den

Oord et al., 2016b]. It works as an autoregressive model, using causal convolu-

tional layers to output a categorical distribution on each audio waveform sample

x t .

A network of this description can take advantage of the fact that conditional

predictions of multiple time steps can be made in parallel, since all time steps for

a given piece of audio are already known. Generating new audio with WaveNet,

however, cannot make use of future samples. The original WaveNet implementa-

tion is, therefore, strictly autoregressive during inference, making it an especially

slow process when considering the large number of previous samples required to

provide a decent estimate of the next sample.

To mitigate the vanishing gradient issue commonly found in sequential mod-

elling, dilatedstacked convolutional layers are used, where �lters are spread over

areas much larger than their kernel size, as seen in Figure 3.9. By ignoring inter-

mittent values between the neurons used for computation, these layers are able to

work with signi�cantly downsampled representations of the audio. Unlike pool-

ing or striding convolutions, the output of these layers will be the same size as

their input. A stack of these dilated layers allows networks to have large receptive
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Figure 3.9: Flow diagram depicting a stack of dilated, causal convolution layers.
The �ow of information between layers is shown with arrows.

Figure 3.10: Flow diagram depicting the WaveNet's architecture.

�elds without incurring excessive computational cost.

The output of each convolutional layer is fed to a residual block, as shown

in Figure 3.10, where the residual blocks include a gate mechanism consisting of

tanh andsigmoid activation paths in parallel, parameterised as

z = tanh ( Wf;k � x) 
 � (Wg;k � x) (3.5)

where: � is a sigmoid function;k is the layer index;f andg represent the �lter

and gate; andW is the convolutional �lter. The residual block's auxiliary outputs

are summed and passed through the chain of ReLU functions,1� 1 convolutional

�lters and a softmax function to produce the next predicted sample.

With WaveNet, predictions can be conditioned on global or local features such
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as speaker identity labels or spectrogram data, respectively.

3.2.2 Autoencoders

Standard Autoencoders

An autoencoderis an architecture consisting of an encoder and decoder. The en-

coder performs dimensionality reduction, reducing the input dimensionality to a

speci�ed vector size that best describes the multivariant nature of the data in a

compact representation. Due to the restricted size of the encoder's output embed-

dings, this is commonly referred to as thebottleneck. The decoder then resyn-

thesises the original data from this compact representation. The reconstructed

data is compared to the original data, and a distance metric between the two is

determined, from which the network can learn. The main loss for a standard au-

toencoder is shown in Equation 3.6, whereg� represents the encoder function,f �

represents the decoder function,n is the batch size,x is the input data, and� /� are

the encoder/decoder weights.

L(�; � ) =
1
n

nX

i =1

[x i � f � (g� (x i ))]2 (3.6)

Variations of the encoder include thedenoisingautoencoder which adds noise

to the input data but compares reconstructions to the noiseless version [Lewis

et al., 2020]. As no labels are explicitly used in a standard autoencoder, these can

be considered as unsupervised learning systems.

Variational Autoencoder

Thevariational autoencoder(VAE) was proposed to produce a seemingly novel

output that mimics the distribution of the dataset on which it was trained [Kingma

and Welling, 2014]. To model the intractable posterior distribution of a dataset

p(zjx), the approximate isotropic Gaussian distributionq(zjx) is instead used.

The Kullback-Leibler divergence (KLD) is calculated between the two distribu-

tions (see Equation 3.7) during training. This is reformulated in conjunction with

the autoencoder reconstruction loss to give us the complete objective function of
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the VAE shown in Equation 3.8 which comprises the reconstruction loss (left com-

ponent) and the KL divergence (right component) [Kingma and Welling, 2014,

Kumar, 2019, Goodfellow, 2016]. As the variational generative aspect of the VAE

requires a stochastic sampling of learned Gaussian distributions, this would nor-

mally cause a break in the backpropogation process. Instead, VAEs must use

the reparameterisation trick, where only the means and variances of the Gaus-

sian distributions are learned. A stochastic process can then sample distributions

possessing the learned statistics. Some excellent and concise descriptions of the

Bayesian theory behind the VAE architecture can be found in [Leglaive et al.,

2020, Luo et al., 2020b, Kumar, 2019, Kameoka et al., 2020].

DKL (q� (zjx)jjp� (z)) = Eq� (zjx) [log(q(zjx)) � log(p(zjx))] (3.7)

L(�; � ; x) = Eq� (zjx) [logp� (xjz)] � DKL (q� (zjx)jjp� (z)) (3.8)

3.2.3 Generative Adversarial Networks

The Generative Adversarial Network (GAN) proposed by Goodfellow et al. [2014],

is another network architecture designed to generate data that �ts the distribution

of a given datasetX . This is achieved by pitting two models against each other:

the generative model (G) and the discriminator model (D). A GAN is trained

so thatG can generate data that is indistinguishable from that of the real dataset,

while D discriminates whether it has witnessed synthesised or real data.

The generator comes in the form of a prede�ned NN architecture chosen by the

user and is fed a prior of input noisepz(z). This is mapped through the generator

to generate data that is similar to the instances ofX . D takes either the output of

G, or samples fromX , and produces a single value representing the probability

that the data came fromX .

The objective of a GAN is forD andG to possess Nash equilibrium, implying

that given the current state of one model, the other model has found the best re-

sponse, and neither model can unilaterally improve its performance. Both models

are trained in a turn-taking fashion by freezing one model's parameters at a time.

Simultaneous training would not allow one network to have an advantage over the
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other and avoid the Nash equilibrium objective. It is this close proximity tension

between the models that encourages optimal convergence. Data is presented in

batches consisting of examples taken from bothX andG. By trainingD to pre-

dict the probabilities of its input's authenticity and trainingG to make this deceive

D, the resulting objective function of the GAN is

min
G

max
D

V(D; G) = Ex � pdata(x ) [logD(x )]+ Ez � pz (z ) [log(1� D(G(z)))] : (3.9)

After incrementally training both models, presumingG is generating high-

quality samples andD is achieving 50% accuracy, the GAN is considered to be

well trained. At this point,D can be removed, and we are left withG, a high-

quality generator model.

GANs can suffer frommode collapse. This is when a GAN focuses primar-

ily on certain modes in a multi-modal distribution and ignores all others due to

insuf�cient incentive via the loss function. This may happen becauseD is fo-

cused on one particular mode that contributes greatly towards its objective func-

tion, and thereforeG learns to model this mode well in response, for which it will

be rewarded just as much or possibly more than learning the other modes. Mode

collapse usually results inG producing outputs that no longer evolve. Attempts

to mitigate mode collapse in GANs involve modifying the loss function, such as

using theJenson-Shannon Divergenceor Wassersteinmethods which measure the

distances between the modelled and real data distributions [Tolstikhin et al., 2019,

Kumar, 2019].

Along with mode collapse, GANs are particularly dif�cult to train, encounter-

ing issues such training instability, loss saturation, non-convex objective function

optimisation, sensitivity to hyper-parameters, vanishing gradients, and the crucial

need for high-quality, large datasets.

3.2.4 Teacher-Student System

Theteacher-studentparadigm is a good example of transfer learning (described in

Section 4.4.3), where apretrainedmodel can be used to generate pseudo-labels.

The pretrained model providing labels to an untrained model is analogous to a
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teacher giving the student answers, hence the name. From the handed-down

pseudo-labels combined with the corresponding input data, the student model is

trained until it outperforms the teacher model.

3.2.5 Transformer Model

The Transformer is an encoder-decoder system, consisting primarily of deep stacks

of multi-headed self-attention layers, skip connections and positional encoding

mechanisms. In recent years, this architecture has experienced great success,

achieving state-of-the-art (SOTA) results in many sequence-based tasks. Vaswani

et al. [2017]'s work introduced the Transformer and shows that the self-attention-

based module can be put in place of both convolutional and recurrent modules in a

network. Its receptive �eld is global but possesses quadratic memory complexity.

Section 3.1.9 describes how the self-attention layers work, and examples of its

success will be presented in Section 4.4.

3.2.6 Diffusion Model

Among the most recent and successful branches of generative NN architectures is

thediffusionmodel. It has the ability to iteratively convert noise into a structured

form of data that is similar to samples from the dataset on which it is trained.

The theory for these models came from non-equilibrium thermodynamics [Sohl-

Dickstein et al., 2015].

The forward process of the model involves gradually destroying samples from

the training data by subjecting them to invertible transformations in the form of ad-

ditive Gaussian noise, until all traces of their original structure have disappeared.

The model can learn the iterative process that brought the data towards this state

of pure noise. After being trained, the model can then proceed through the back-

ward process of the transformations it has learned to generate noiseless samples,

the structure of which mimics the distribution of the training dataset. While the

input for generation after training is usually randomly sampled noise, there are a

number of conditional parameters that can be added to the training strategy that

allow novel samples to be generated based on such a prompt. These models come

with the bene�t of not requiring any adversarial training, which, as previously
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described, comes with many challenges. They have been known to outperform

GANs and are able to perform a number of different tasks including novel data

generation, manipulation, in-painting, and data description.
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Chapter 4

Background

Having covered the basics of ML techniques and NN architectures, this chapter

presents the remaining literature review, covering several areas relevant to the

thesis. Sections 4.1 to 4.4 discuss the topics of the human voice, the perception of

sound, spectral representations of audio, and NN systems designed for audio and

voice analysis, disentanglement, conversion, and synthesis tasks.

4.1 The Voice

This section starts with a basic description of the vocal anatomy, proceeding with

a description of how the vocal organs work together to produce vocal sounds.

Subsection 4.1.2 discusses how the voice is used for singing and how it is au-

rally perceived. Subsection 4.1.3 concludes with a discussion of the differences

between singing and speech content, and how these relate to existing datasets.

4.1.1 Physiology

The vocal organs refer to the collection organs that contribute towards the produc-

tion of any type of vocal sound. This section is accompanied by several diagrams

to aid readers in visualising how the vocal apparatus works. An excellent source

of scienti�c explanation for how the voice works is that of Sundberg [1987], from

which most of the information in this section originates unless cited otherwise.
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Figure 4.1: Anterior view (left) and plan view (right) of the larynx.

Figures 4.11 and 4.22 are provided to aid the reader in visualising the descriptions

in the proceeding subsections.

Use of Respiratory Function

This section begins with a description of the respiratory system of the vocal or-

gans. The vibrating component, air, is provided by the lungs. During inhalation

and exhalation, anunderpressureor overpressure(w.r.t. atmospheric pressure) is

induced in the lungs and carried up to the glottis. It is commonly called subglottal

pressure (SGP). The diaphragm, intercostal, and abdominal muscles are employed

to modulate this pressure, directly in�uencing voice amplitude. Generally, there

is a monotonic relationship between SGP and pitch and loudness in singing, par-

ticularly pronounced in the higher registers of vocalists. Consequently, various

respiration techniques exert a discernible impact on these aspects of vocal sound

production.

1Left diagram credit : “Cenveo - Drawing Larynx and vocal cords - English labels” at Anato-
myTOOL.org by Cenveo, license: Creative Commons Attribution, (adapted).Right diagram
credit: ”Slagter - Drawing Larynx and vocal cords - no labels” at AnatomyTOOL.org by Ron
Slagter, license: Creative Commons Attribution-NonCommercial-ShareAlike, (adapted).

2By Tavin - Own work, CC BY 3.0,https://commons.wikimedia.org/w/
index.php?curid=17388339
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Figure 4.2: Lateral view of the vocal tract.

The functional residual capacity(FRC) of the lungs describes the volume of

air they contain in the absence of passive inspiratory or expiratory forces. Upon

descending below the FRC, the contraction of the abdominal muscles becomes

vital to maintain SGP, ensuring the continuation of voiced sound production. In

speech, sentences and phrases are mostly initiated with 50% of the lungs'vital

(total) capacity, which is generally just over the FRC. The amount of inhalation

increases proportionally to how loud a speaker wants to be. In singing, the in-

�ation of the lungs is much higher and varies depending on the type of singing

required. Long passages of projected singing often require close to 100% of the

vital capacity of the lungs.

Vocal Folds

The vocal foldsare thin protrusions at the position shown in Figure 4.1. They

are located in the larynx (commonly called the voice box) and are approximately

9-20mm in length, depending on the size of the neck. The length of these folds

dictates the pitch range of the vocalist. They are covered by a mucous membrane,

and are separated by a gap called theglottis.

Adductiondescribes the state of the vocal folds when they are brought to a
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close at their anterior by thelateral cricoarytenoidmuscles. As air passes through

the constricted passage, a Bernoulli force is induced, causing the vocal folds to

vibrate which propagate the air up through the larynx. The rate of vibration of the

vocal folds determines the fundamental frequency that is produced during voiced

vocal sounds. Different frequencies of vibration occur when the length of the

vocal folds is stretched, thereby increasing tension. This process creates what is

called thesourceor excitationsignal - a spectrum of sound which is yet to undergo

the �ltering process that takes place in the passage between the vocal folds, mouth

and nose.

Abductionon the other hand, describes the folds' state when they are pulled

apart from each other through the use of theposterior cricoarytenoidmuscles,

thereby removing the vibrating phenomenon. This state allows the vocal organs

to produce more breathy utterances such as whispering, passive breathing, and

other unvoiced vocal sounds.

Directly above the vocal folds are the ventricle folds, also covered by a mu-

cous membrane. They are not usually used for voiced phonations and provide

regulatory and protection functions in the respiratory system. However, they do

contribute to the quality of pathological vocal sounds, which will be discussed

in the following subsections. Above these is the epiglottis, which is a �at, �ap-

shaped cartilage structure, whose function is to stop food and liquids from entering

further into the respiratory system.

Phonation modesdescribe the types of vocal sounds that are produced as a

result of the behaviour of vocal folds. The timbral qualities that each mode has

are the result of how the folds oscillate. There are four types of phonation modes

called neutral, pressed, breathyand �ow phonation. Figure 4.3 presents them

in each quadrant of a 2-dimensional plane, parameterised by glottal air�ow and

SGP. However, while the 2D space might imply equal distributions of phonations

to each quadrant, this is not the case in reality. A detailed summary of how each

mode occupies this space is provided by Proutskova et al. [2013], who also points

out that phonation modes are not linked to singing registers, introducing the ques-

tion of how changes in pitch affect timbre while these vocal mechanisms remain

constant.

When phonation occurs in the falsetto register, the vocal folds no longer make

47



Figure 4.3: A 2-dimensional representation of the placement of the phonation
modes, where the vertical axis and horizontal axis correspond to glottal air�ow
and subglottal pressure, respectively.

contact to close completely. Whispering is considered to be an extreme case of

breathiness where the vocal folds are no longer vibrating enough to produce a pe-

riodic excitation source that would otherwise provide the voice with pitch.Voiced

andunvoiced(VUV) sounds refer to the sound of the voice when it is with or

without vibrating vocal folds, respectively. Whispering is rarely used in singing

and has less scope for timbral diversity.

The breathyqualities in a voice occur when air passes through the partially

opened glottis. This causes lowglottal resistance, which refers to the ratio be-

tween SGP and transglottal air�ow. Examples of this can be heard when one

exhales as they lift something heavy, or when Marlyn Monroe uses her signature

breathy voice. A phonation of this con�guration requires an increase in SGP to

retain the same amplitude.

Vocal Tract Filtering

After passing through the vocal folds, the source signal of the voice is propagated

through the narrow cavity of thevocal tract, which describes the space between

the vocal folds, lips, and nostrils. Like the epiglottis, thevelumis another valve

located at the back of the throat that connects the oral cavity to the nasal cavity.
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This can open or close to regulate air�ow in the nasal passage.

The area function of these cavities imposes a �ltering function on the source

signal and is controlled by the following: tongue shape, jaw, larynx, velum, and

lips. These are called thearticulators. Their adaptive nature allows the source

signal to undergo a wide range of �ltering functions that allow for the diversity

of timbre and morphological nature of vocal sounds. Aphonedescribes a distinct

vocal sound, irrespective of how it relates to the construction of words in a lan-

guage. Aphonemeon the other hand, is the smallest unit of sound into which a

given language can be broken down.

The vocal tract �lters the excitation signal, attenuating some frequencies more

than others. This process forms peaks in the spectral representations of vocal

sounds calledformants. The position of these formants accounts for the sound

that is perceived once the excitation signal has been �ltered and radiated through

the lips, which is the result of particular articulator con�gurations.

4.1.2 Voice for Singing

Having covered vocal anatomy, attention will now be given to how the voice is

used in singing. This section describes the voices physical restrictions and capa-

bilities, opportunities for expressivity, vocal technique taxonomy, and the concept

of voice identity.

Vocal Register

The idea of vocalregisteralone lacks a widely accepted de�nition. One de�nition

that appears to �t most concepts and classi�cations of register, however, is that

provided by Hollien [1974], who writes that register is a “range of consecutively

phonated frequencies which can be produced with nearly identical vocal quality

and that ordinarily there should be little or no overlap in fundamental frequency

between adjacent registers”. Here, we continue with Sundberg [1987]'s descrip-

tion of the most widely referenced registers.

Male registers consist mainly of two registers. Themodalregister describes

the range of phonations apparent in a male's `normal' speaking voice, utilising

the lower frequency ranges. Thefalsettoregister accommodates frequency ranges
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above those of the modal range, allowing males to produce vocal sounds more

similar to females in relation to their timbre and range.

Recognised female registers include thechest, middleandheadregisters. Some

unusual registers shared between both genders is thepulseregister, also called

vocal fry(the latter of which will be more frequently used in this thesis). This de-

�nes the voice when it possesses `creaky' qualities in the lowest frequency range

of the voice, perceived as individual voice pulses. Conversely, thewhistle reg-

ister describes the extreme high end of the frequency range, characterised by its

whistle-like timbral qualities.

Expressivity

In singing, expressivity is established by utilising whatever variations are available

that are not explicitly established in prede�ned musical composition. The nature

in which these compositions are retained come in different forms offering vary-

ing levels of detailed information (and a proportional amount of restriction), such

as oral transmission alone, condensed music representations such as lead sheets,

or classical music notation. Dimensions of expressivity are achieved through di-

versity in singing techniques, and differ in use between genres. Kayes [2015]

explores this phenomenon and provides a description of how vocal mechanisms

contribute to this effect, and also notes the tendencies of singers when considering

what is comfortable for their voice in different musical contexts.

In most classical music, the communication of emotions is dictated by mu-

sical structure and content, often encapsulated in a score. Singers who closely

honour the composer's direction and genre authenticity would be considerably

constrained when conveying their own expression of an emotional state, as the

melody carries musically semantic implications, the dynamics dictate intensity,

and the tempo evokes an urgency connected to emotional arousal [Coutinho et al.,

2014].

However, thetimbreof the voice is only coarsely dictated by terms in the score,

such asdramaticoanddolce. These directions are often very general in nature,

allowing for considerable variance in timbre, giving the singer an opportunity to

become expressive and make use of the diversity of their voice as they see �t. The
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timbral qualities of the voice are determined by the singing technique being used,

which can be thought of as a preset of vocal mechanism con�gurations.

The exhalation of air is determined by a combination of glottal resistance and

SGP. In singing, SGP has been found to be strongly correlated with the frequency

and loudness of phonations [Bouhuys et al., 1966], which means that it can vary

signi�cantly across a musical phrase. As the dif�culty of musical passages in-

creases w.r.t. notes per second, pro�ciency in active use of the diaphragm muscles

is therefore required to produce smooth singing.

Scherer et al. [2017] present a novel experiment where singers were asked

to portray different emotions while singing an arbitrary sequence of notes and

meaningless syllables, therefore eliminating musical and linguistic semantics and

relying heavily on timbral diversity. Their results suggest that features such as

loudness, dynamics, high perturbation variation, and formant amplitude are cor-

related with the emotions being conveyed.

Coutinho et al. [2014] explores the capabilities of the voice with regard to ex-

pressivity and how emotion can be communicated between production and per-

ception. They express how essential it is to explore the dynamics of this di-

chotomy in order to devise systems that can digitally manipulate expressivity in

the voice. As emphasised by Stylianou [2009], it is essential to understand how

voice parameters contribute towards timbre and therefore expression, if we are to

build systems that model this accurately.

Taxonomy of Vocal Sounds

There has been a considerable amount of disagreement and miscommunication

between voice specialists regarding the taxonomy of vocal techniques and sound,

as documented by Sundberg [1987], Proutskova [2019], Hollien [1974], Mörner

et al. [1963], Gerratt and Kreiman [2001], which makes it dif�cult to present an

exhaustive or precise list. Garc�́a-López and Gaviĺan Bouzas [2010] compare val-

ues and perspectives of artistic and scienti�c professions specialising in the voice,

and suggest that the differences between these two communities lead to a convo-

luted and inconsistent tapestry of technical terminology.

The biological production of singing, as noted by Sundberg [1987], is far eas-
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ier to describe than how humans perceive it, which involves more subjectivity

and analogous terminology. Heidemann [2016] provides an interesting approach

on the subject of singing perception, where she presents a system to describe the

perceptual vocal timbre of the voice. Garc�́a-López and Gaviĺan Bouzas [2010],

Sundberg [1977], Kayes [2015], Zhang [2016] provide detailed information on

how vocal production techniques in�uence the perception of a singer's voice.

Gerratt and Kreiman [2001] investigated the phenomena of `nonmodal phona-

tions' that are considered pathological or less common among vocalisations, such

as vocal fry andsupraperiodicphonation, which describe a vocal signal that con-

sists of repetitive patterns in the waveform that stretch beyond a single funda-

mental frequency period, or a pair of cycles alternating in intensity. Blomgren

et al. [1998], Michel and Hollien [1968], Gerratt and Kreiman [2001] have demon-

strated through perceptual tests that the acoustic features of vocal fry are highly

salient compared to other modal phonations.

Voice Identity

Singers have a wide range of timbral diversity at their disposal that can be used

to produce expressive singing. Singers' timbral diversity is subject to a variance

that is limited by their physiological capabilities due to their age, gender, size and

shape. However, variances in aural cues are not only bounded by the capabilities

of the singer, but also preferences in performance style, such as those relating to

dynamics, tempo, pitch and rhythmic deviation.

Perceived voiceidentitycan be thought of as the acoustic effect of all param-

eters relating to expressivity and physiology working together, allowing listeners

to discriminate between voices. Complex combinations of many of the aural cues

mentioned above lead to a wide timbral palette that, when intentionally controlled

by the singer, are manifested assinging techniques.

As a result, timbral features are heavily entangled with singing technique in-

formation, which accounts for the speci�c con�gurations of the vocal organs that

allow a singer to express themselves with a wide timbral range. The entanglement

between singing technique and voice identity information presents an interesting

disentanglement problem to be explored in subsequent chapters.
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In this thesis, the term singingstyleis reserved to describe the manner in which

singing techniques are used, such as the temporal behaviour of thevibrato tech-

nique [Yamamoto et al., 2021]. It is important to make this clear, as much of the

literature in the �eld of ML concerning voice conversion is inconsistent with voice

attribute terminology, or is vague when de�ning it.

4.1.3 Speech and Singing

Spoken voice conversion and TTS tasks are in far more demand in the industry

than singing-related tasks and have therefore monopolised the spotlight in voice

analysis and synthesis research. Public domain speech datasets also vastly over-

shadow singing datasets in size and availability [Meseguer-Brocal et al., 2020],

and so the research related to singing in this �eld has been limited in its capabili-

ties in comparison to that of speech.

There is an understandable temptation to consider speech and singing datasets

as one of the same domain. As will be clear in Section 4.4, most research re-

lated to singing analysis and synthesis has been inspired or copied from similar

tasks used in the �eld of speech. However, it is important to consider how these

two domains of vocal recordings differ before considering which methods should

be transferred from one domain to the other. This section presents some of the

main structural differences between speech and singing content, highlighting the

inherent biases that come with them in terms of vocal use. Other work that consid-

ers the comparison of these domains includes Demirel [2022], Nercessian [2020],

Saitou et al. [2004].

Domain-Speci�c Characteristics

In most Western music styles of singing, a strong majority of singing content is

occupied by long sustained vowels. Consonants naturally occur at the start or end

of notes, as they are not elongated in most cases.

Singing content features sustained spectral states while speech produces a

rapid spectral morphology due to the fact that phones do not need to be sus-

tained for any length of time as long as they are communicated effectively to a

listener. This also highlights the fact that speech will always possess a higher
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rate of syllables-per-minute than singing, especially since it is not restricted to a

rigid metric time. The ratio of consonants to vowels is therefore higher in speech,

thereby increasing the amount of spectral noise and its importance in speech.

Pitch contours are of great importance in singing. They are based on the tar-

gets of discrete pitches and durations, speci�c to the style and composition of the

music being sung. Preservation of the structure of musical components is vital

in singing, although pitch transposition and dynamic use of time such as (rubato)

for the purpose of performance and/or expression are typical transformations in

music. The arrangement of pitch and duration forms the concepts of harmonic

and rhythmic structures of music. As long as these structures largely remain in-

tact, pitch transposition and rubato are permissible in music for re-orchestration.

Repetition of harmonic and rhythmic structures (such as verses and choruses) is

also typical in sung content. Microvariations in these structures related to intona-

tion, pitch, volume, and rhythm are often utilised by singers to deliver a unique

interpretation of the musical score with expressive qualities. Researchers who ex-

plored the role of these variations in singing content include Savery et al. [2020],

Saitou et al. [2004].

In speech, the requirements for preserving pitch contours and phone dura-

tions are much less rigid. This is because these attributes of vocal sounds are

directly related tointonationandprosody, which are not dependent on a hierarchi-

cal structure of discrete units for frequency or timing. Instead, these components,

along with vocal timbre, obey their own intrinsic functions, and can be trans-

formed dynamically with interdependency to faithfully convey the grammatical,

emotional, and semantic meaning of speech [Wagner and Watson, 2010, Scherer,

2003, Nolan, 2020].

Choosing a Dataset

Vocal datasets will vary in many ways, and so careful consideration must be given

to the task before choosing the right dataset. For example, if the task is synthesis-

based, datasets without audio �les will be insuf�cient. Some other considerations

include whether the dataset contains:

• single or multiple languages, vocalists, or microphone recordings
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• singing or speech

• a capellaor mixed music content

• processed or unprocessed vocal recordings (compression, reverb, pitch-shif-

ting etc.)

• singer identity labels for each recording

• short or long excerpts, and overall size/duration of the dataset

• parallel recordings of multiple domains or styles

• near or far-�eld microphone techniques

• environmentally noisy or clean studio recording circumstances

There are a number of publications that provide content-speci�c lists of vocal

datasets. A quick search online can produce numerous examples of curated lists,

speci�c to the �eld or researchers' needs. These come in the form of online blog

posts3, literature reviews [Yamamoto et al., 2022, Rosenzweig et al., 2020], or

lists associated with challenges related to speech [ISCA, 2023] and singing [Toda

et al., 2023]. Recently, it has become increasingly common to utilise published

collections that use scripts to collect raw audio from websites such as YouTube

[Yamamoto et al., 2022, Kalbag and Lerch, 2022]. Singing datasets of particular

relevance to this thesis include:

• MIR-1k [Hsu and Jang, 2010]

• MUSDB18 [Ra�i et al., 2017]

• DALI [Meseguer-Brocal et al., 2020]

• MedleyDB [Bittner et al., 2014, 2016]

• NUS-48E [Duan et al., 2013]

3https://github.com/RevoSpeechTech/speech-datasets-collection ,
https://openslr.org/resources.php
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• Phonation Mode Dataset [Proutskova et al., 2013]

• VocalSet [Wilkins et al., 2018]

• LibriSpeech [Panayotov et al., 2015]

• Voxceleb [Nagrani et al., 2017]

• VCTK [Veaux et al., 2017]

4.2 Perception of Sound

In this section, research and techniques related to sound perception are discussed.

Section 4.2.1 covers the computation of dissimilarities, inferences from such data,

and the experimental design of listening studies, while Section 4.2.2 discusses sta-

tistical analysis, clustering techniques, evaluation metrics and subjective evalua-

tion.

4.2.1 Listening Studies

Multidimensional Scaling Techniques

It has been widely accepted that timbre is impossible to quantify through a single

measurement, as it encompasses a large number of attributes [McAdams et al.,

1995, Wedin and Goude, 1972, McAdams et al., 1992]. In perceptual listen-

ing studies, there have been disagreements between participants about what they

have heard, as detailed in Section 4.1.2, making it dif�cult to create a uni�ed

perception-based analysis of the timbre. The use of multidimensional scaling

(MDS) is �rst discussed in order to provide context when discussing timbral per-

ception.

A typical method for developing timbral maps of an instrument is to conduct a

listening test where participants are asked to rate the dissimilarities between every

pair of sounds in a given set. These can be presented as dissimilarity matrices and

converted into a representation of fewer dimensions via MDS. This approach is

especially useful to represent the cognitive process of how people perceive and

generalise the diversity of data within a given domain [Mugavin, 2008].
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The �rst to use MDS to represent perceptual data were Kruskal [1964], Shep-

ard [1962a,b], employing `stress' metrics which quantify a solution's goodness-

of-�t to the data, and `nonmetric' techniques (due to the rank-ordered nature

of the data) to re�ect perceptual data monotonically in the MDS representation.

This innovative work has paved the way for investigating timbre spaces and has

been widely used in the relevant literature [Gerratt and Kreiman, 2001, McAdams

et al., 1995, Wedin and Goude, 1972, Krimphoff et al., 1994, Sera�ni, 1993].

Within this �eld, MDS has undergone multiple adaptations and re�nements. Car-

roll and Chang [1970] improved on the classical MDS with the INDSCAL algo-

rithm, which avoids rotational invariance for simpli�ed dimension interpretation

and provides weights relating the contribution of participants' collected data to

these dimensions [Mugavin, 2008]. INDSCAL has been used by Grey [1977] in

his in�uential research on timbral maps for multiple instruments. Interpreting the

distribution of data points across dimensions in an MDS representation requires

a post-hoc analysis. McAdams et al. [1995] combined perceptual dissimilarities

with acoustic parameters to generate timbre maps using the CLASCAL algorithm

[Winsberg and De Soete, 1993], which veri�ed dimensional interpretation by in-

corporating the values of these acoustic parameters into the MDS calculations.

Interpretation of Timbral Space

McAdams et al. [1995] concluded that the �rst two dimensions of their timbral

maps were related to thetemporalandspectral envelope, and that their data was

highly correlated with that of Krimphoff et al. [1994]. The strong impact of

these attributes on the timbral space is agreed upon by Grey [1977], Iverson and

Krumhansl [1993]. Iverson and Krumhansl [1993]'s studies reportedspectral cen-

troid and `sharpness of attack' as the meaning of the primary dimensions. Grey

[1977] deduced that the three axes in his 3D representations could be interpreted

asspectral energy distribution, spectral �ux andtemporal patternsin relation to

the attack portion of the sound. While it is apparent that the �rst two dimensions

often share similar meanings between experiments, the interpretation of the last

dimension (in most cases the third) often varies between results, which may relate

to the difference in datasets being used.
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The pitch of a musical instrument can also have a considerable impact on how

it is perceived. Grey [1977] found that the bassoon playing in a very high register

was perceptually close to the brass instruments. The work of Wedin and Goude

[1972] suggests that while elements such as attack transients assisted people in

identifyingan instrument, they did not have a signi�cant effect on the perceptual

structures of instrumental tones.

McAdams et al. [1995], Iverson and Krumhansl [1993] suggest that timbral

associations with speci�c instrument mechanisms provide a bias in giving dissim-

ilarity raters a cue that such a sound should be distinguished from others based on

its class (Krimphoff et al. [1994] refer to these types of aural features as acoustic

`parasites'). Grey [1977] reports a similar phenomenon, in which particular artic-

ulations can disrupt clustering behaviour among instruments that would normally

sit well within a family of instrumentation. In contrast, Iverson and Krumhansl

[1993] investigated the in�uence of complete tones and their corresponding on-

sets / remaining segments on timbral spaces, concluding that the importance of

instrumental timbre in entire tones cannot be attributed to either their onsets or

remaining segments. They also concluded, like many others, that centroid fre-

quencies and amplitude envelopes contributed heavily to the timbral space.

Experiment Design

In relation to timbral perception, there is little research focused on investigating

what the ideal experimental design should be for listening studies. As a result,

there is not much guidance on the following points.

The phrasing of the required task varies between experiments even though

the data being sought out is the same. Iverson and Krumhansl [1993] for exam-

ple, asked the question “How much would you have to change the �rst sound to

make it sound like the second sound?” and presented a continuous scale rang-

ing from “a little” to “a lot”. Grey [1977] simply instructs participants to “rate

the similarity of the two tones” from very dissimilar to very similar on a scale of

1 to 30, while McAdams et al. [1995] used smaller Likert scales between 1 (la-

belled very similar) and 7 (very dissimilar). The number of ratings required per

listening session (in previously mentioned research, this ranged from 120 to 276
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ratings) may also have an effect of fatigue on the listener that may signi�cantly

diminish the quality or consistency of their ratings. Listening fatigue is unavoid-

able after a certain period of time, so optimal durations, phrasing, and choice of

interface should be carefully considered on a case-by-case basis. Grey [1977] re-

ports that the order in which the comparisons are represented causes differences

in the judgements between the participants. For this reason, it has become com-

mon practice to randomise the presented order of pairwise comparisons. Mehrabi

[2018], Gerratt and Kreiman [2001] employed repetition within experiments to

assess intra-participant reliability. However, even with this approach, there is still

the issue of collecting saturated ratings because initial stimuli are mildly diverse

in timbre (or the opposite). Most studies include a signi�cant number of practice

sessions, allowing participants to become familiar with the diversity of the stimuli

before they can provide recorded dissimilarity data.

There have also been conclusions about how the pro�les of participants in-

�uence their rating style. Wedin and Goude [1972], Carterette and Miller [1974]

reported in their work that the use of participants with different levels of mu-

sical training did not cause differences between them. However, Sera�ni [1993]

reported that musicians familiar with the sounds being evaluated (Gamalan instru-

ments) attributed more importance to the attack of the sound than its resonant vol-

ume, while non-musicians' ratings re�ected these equally. Gerratt and Kreiman

[2001] used voice specialists in their perceptual tests on vocal pathology, which

led to perceptual data that possessed strong clustering properties. However, the

results of perceptual listening tests with the voice are quite different, where even

voice specialists have dif�culty agreeing on what was heard [Proutskova, 2019].

McAdams et al. [1995] used participants with different levels of musical train-

ing, which did not seem to in�uence their perception of class structures, although

those with more of a musical background did offer more `precise' ratings, which

was hypothesised to be due to superior ear training.

4.2.2 Analysis and Evaluation Methods

Statistical Analysis

Greene and D'Oliveira [2005] provide an excellent breakdown of statistical analy-
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sis methods that are suitable for any type of experiment in psychology. In addition

to this, sources dedicated to the particular calculations used in the relevant statisti-

cal tests [Cohen, 2008, Black, 2023, Hope, 1968, Kruskal and Wallis, 1952, Mann

and Whitney, 1947, Mumby, 2002] helped to explain the various experimental

scenarios where terminology or applications can be ambiguous. Perugini et al.

[2018] offer additional insight on power analysis, and have suggested the soft-

wareG* Power to assist in the calculation.

Clustering Techniques

Clustering techniques are suitable methods of analysing data provided by partici-

pants of a listening study due to their unsupervised nature, as they do not impose

classes on the data. McAdams et al. [1995] used nearest-neighbour clustering

analysis to detect which of their participants performed signi�cantly differently

from others, highlighting instances where some individuals may have misinter-

preted instructions. They used the Monte Carlo signi�cance testing procedure

[Hope, 1968] to determine the optimal number of classes that best represent the

clustering nature of the data. Gerratt and Kreiman [2001] used the K-means algo-

rithm to con�rm that their dimensionality separated their 3 classes into statistically

signi�cant clusters. Iverson and Krumhansl [1993] averaged dissimilarity values

across all the perceptual data of the participants to calculate the MDS spaces.

Grey [1977] did similar calculations and applied the HICLUS hierarchical clus-

tering algorithm [Johnson, 1967] to group the stimuli into clusters and assessed

the compactness of these clusters.

Evaluation with Computational Metrics

In most cases of assessing the performance of an audio-generative model, it is

typical to evaluate the performance of such a model using some kind of compu-

tational evaluation. The most basic form of evaluation will be the metric that was

used to determine the model's performance during training. This can be used on

the evaluation data to measure how well the model does its job and how well it

generalises to unseen data. With generative networks in particular, as the mea-

surement is not as simple as determining whether a label is right or wrong, other
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means of evaluating the model's performance must also be considered.

The latent loss (described in detail in Section 4.4.1 is the distance between two

vectors in latent space. This can be used to compare a model's predicted output

to the original or target data. Third-party pretrained models such asResemblyzer4

or Wespeaker5 have also been used to evaluate converted audio [Tan et al., 2021,

Lei et al., 2022, Prihasto et al., 2023, Li et al., 2023], although this creates a upper

bound evaluation limitation, dictated by how well such models are trained.

Subjective Evaluation

However, due to the variance in the quality of converted data, it is good practice

to employ human-based evaluations. For this reason, we see listening tests being

the most common type of subjective experiments used to measure the perceptual

ratings based on the generated audio's naturalness or similarity to a target audio

example. Human participants are expected to choose, rank, or rate the available

stimuli.

The most common type of metric used to determine the quality of synthesised

audio is the mean opinion score (MOS). To obtain an MOS value, multiple ratings

from different participants are obtained for the same stimuli or different stimuli

under the same conditions. The mean score of these values is then obtained and re-

ported as the MOS, along with the standard deviations (although some researchers

present standard error or con�dence intervals).

The Multiple Stimuli with Hidden Reference and Anchor (MUSHRA) evalu-

ation method has also been used. This involves a test where participants are given

three types of stimuli: the reference, the anchor, and the test recordings. The in-

clusion of anchor and reference recordings allows participants to have a bounded

perceptual scale to use, where the reference represents the upper bound and the

anchor represents the lower bound ratings.

Guidance for the use of MOS and MUSHRA is provided by ITU-R [2015],

ITU-T [2013], which also provides informed guidelines for experiment prepara-

tion, choice of assessors, scope, and effective implementation.

4https://github.com/resemble-ai/Resemblyzer
5https://github.com/wenet-e2e/wespeaker
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Other types of evaluation tests include XAB tests, in which participants are

instructed to choose between candidate stimuli based on how well they match a

given reference stimulus, given a speci�ed criterion [Tan et al., 2021]. There is

also the preference test, where there is no target or reference stimulus present, and

participants are required to simply choose the best option, again based on a given

speci�ed criterion. Another design collects pairwise ratings, in which participants

are required to rate similarity (or dissimilarity) between two stimuli.

To summarise: the XAB test selects the best stimulus sample w.r.t. a refer-

ence; the preference test selects the best stimuli; and the pairwise similarity test

quanti�es the perceptual distance between two stimuli (one of which could be a

test or reference stimulus). Popular challenges such as the Blizzard Challenge

[ISCA, 2023] have offered the rationale for their choice in evaluation test meth-

ods and challenged the validity of ratings based on pairwise comparisons between

two voices [Wester et al., 2016].

4.3 Spectral Representations of Audio

A fundamental consideration when designing a system for audio analysis or syn-

thesis is how the input data will be represented. This section covers the most

relevant methods by which sound has been represented in digital format for voice-

related tasks.

The most basic audio representation is the result of the initial method by which

sound is recorded on a digital system. After a sound has been recorded by a

microphone and converted to a digital format, it is stored on a digital device in

a format that re�ects the �uctuations of the signal over time. This format is the

most direct digital representation of the original waveform.

Determining whether the waveform representation is more appropriate for

modelling than any representations derived from it requires a consideration of how

much data and computational resources are available. Pons et al. [2017] showed

that NNs using spectrograms performed better at audio tagging than those using

waveforms, but disclaimed that larger datasets in the future will likely invert this

observation. A diverse array of audio embedding types have been successfully

used as input representations in the �eld of audio and ML research. This section
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covers embedding types that are particularly relevant to MIR research. Much of

the information presented in this section has been informed by Müller [2015],

Velardo [2020], Gold et al. [2011], Dixon and Benetos [2020], unless stated oth-

erwise.

4.3.1 Spectrum

A spectrum is used to de�ne the position between a minimum and a maximum

value. For most audio-relevant purposes, the frequency spectrum is bounded by

the threshold of human hearing (20Hz-22kHz). In digital audio, this spectrum is

represented as a set of discrete quantised points called bands, each of which is

used to represent the amount of energy within the frequency region it is tuned to.

Transforming a time-domain audio waveform into a frequency-domain spec-

trogram can be achieved with the Discrete Fourier Transform (DFT). Given an

audio signal of �nite length (the analysis window), a DFT will produce an ar-

ray of complex numbers that represent the amplitude and phase of the waveform

across its bands. The resolution (number of bands) of the DFT is proportional

to the size of the analysis window. As this spectrum contains no temporal infor-

mation, it is typical to perform a Short-Time Fourier Transform (STFT), which

describes the application of the DFT multiple times over a sequence of short anal-

ysis windows until the entire signal of interest has been analysed. The result is a

series of short-duration spectra, concatenated over time to become aspectrogram.

In audio, the periods by which spectra are generated are typically two to four times

smaller than the DFT analysis window, allowing the spectrogram to capture high-

resolution frequency information in more localised timesteps. Using overlapping

windows also improves accuracy by reducing spectral leakage and smoothing out

abrupt changes between adjacent windows. Computing the absolute values of

the complex numbers of a spectrum produces the magnitude information, while

computing their angles produces the phase information.

Adaption for Human Perception

In the majority of MIR applications, magnitude information has been regarded

as the more informative data, while the phase is often considered less relevant
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because of humans' perceptual invariance to it. In cases where further energy

analysis is required, the magnitudes are squared to generate thepowerspectrum.

Human perception of both loudness and frequencies must also be taken into

account. The human ear perceives loudness logarithmically, and relatively low-

energy sound events can still be perceptually relevant if the environment is ade-

quately quiet. To accommodate for this, the power spectrum can be converted into

decibels to mimic the perception of humans using the equation

dB(I ) = 20 � log10

�
I

I TOH

�
; (4.1)

whereI refers to sound intensity andI TOH is a reference point for thethreshold

of hearing, from which the relative decibel measurement is generated.

Humans also have alogarithmicperception of frequency. Their sensitivity to

frequency is stronger at lower frequencies than at higher ones. Therefore, the log

scale is often used for frequency to shift the importance of frequencies to the lower

orders of the spectrum.

An alternative approach looks more closely at non-linear perception of fre-

quency, and uses a custom scale to faithfully reproduce the sensitivity of the hu-

man ear. This was determined from the experiments of Stevens et al. [1937],

where they measured listeners' responses to intervals across the frequency spec-

trum and generated a series ofcritical bands. These bands are implemented as a

series of triangular �lter windows applied to the spectrogram, resulting in `mel'

�lterbanks. In other words, the mel �lterbank is a calibrated set of spatially de-

�ned frequency bins to map the linear frequency scale to the mel scale, which is

perceptually tuned to the sensitivity of the human ear.

After applying each of these transformations, the result is a log-magnitude

mel-spectrogram, which is one of the most common forms of audio representation

in the �eld of MIR.

4.3.2 Cepstrum

A `cepstrum' is formally de�ned as the Inverse Fourier Transform (IFT) of the

log magnitude of a DFT, but can more intuitively be thought of as the spectrum

of a spectrum of a signal. Its application covers a wide range of domains, from
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seismic to speech to music analysis.Cepstrumanalysis is a tool used to measure

the amount of periodicity in a spectrum over time. Due to the inverted nature of

the maths involved, the terminology related to these types of transformations are

partial reversals of the original terminology, such as the conversion ofspectrum to

cepstrum [Bogert et al., 1963].

In the same way that a DFT measures how well each sine wave resonates with

the waveform being analysed, we can test the presence of periodicities against a

spectrum as if it were a time-domain signal. The cepstrum is said to lie in the

`quefrency' domain, which is measured in time intervals. Strong peaks in this

domain indicate which periodicities and their multiples are the most present in the

frequency domain. The information relevant to the spectral envelope resides in

the lower end of the quefrency axis, which also relates to the timbre of the voice

and the shape of the vocal tract. The upper end of the quefrency axis contains

information relevant to details such as the glottal pulse. The quefrency domain of

the cepstrum can be divided to separate the contributions of the vocal tract �lter

and the excitation signal vialiftering (the equivalent of �ltering in the quefruency

domain). The quefrency at which liftering occurs can be informed by considering

what the lowest detectable fundamental frequency should be (bearing in mind that

the lowest note for male singers is roughly 50Hz). By taking the logarithm of

these two components of the cepstrum, they can be summed (instead of being

multiplied, as in Equation 4.4) to produce the log of the speech signal:

logjX (! )j = log jE(! )j + log jV(! )j (4.2)

Mel-Generalised Cepstrum

A variation of the standard cepstrum that uses the mel scale is the mel-generalised

cepstrum (MGC), which has been frequently used in speech processing [Bonada

et al., 2016, Chandna, 2021, Kaneko et al., 2017]. This is advantageous over typ-

ical cepstrum analyses as it does not overestimate formant bandwidths and has

a frequency resolution akin to the �lter banks and phase response of the human

auditory system. It is de�ned as the IFT of the generalised logarithmic spectrum

calculated on a warped frequency scale [Tokuda et al., 1994]. The generalised
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logarithmic function is de�ned in [Kobayashi and Imai, 1984] as the natural gen-

eralisation of the logarithmic function, parameterised as

s
 (w) =

8
<

:

1

 (w
 � 1) ; 
 6= 0

logw; 
 = 0
(4.3)

where
 is a real number ofj
 j 6 1.

4.3.3 Spectral Envelope

The spectral envelopeis the overall shape of the distribution of energy across

a frequency spectrum. It provides a simpli�ed representation of the amplitude-

frequency plane, highlighting spectral content of the audio signal that captures

timbral characteristics, peaks and troughs in the signal. As spectral envelopes are

meant to convey a smooth version of the frequency response of spectral frames,

they require relatively fewer coef�cients to approach a useful function that ap-

proximates the true spectral distribution adequately.

Speech modelling conceptualises the phenomenon of speech as the result of

two processes: the vocal tract frequency response and the excitation signal. The

spectra of these components can be multiplied to produce the spectrum of the

entire speech signal, formalised as

jX (! )j = jE(! )jjV (! )j; (4.4)

whereX (! ), V(! ), andE(! ) represent the spectra of the speech signal, the vocal

tract frequency response and excitation signal. Peaks in the spectral envelopes

are heavily correlated with vocal formants.E(! ) can be approximated using a

truncated cepstrum. A speci�c implementation of this will be described in Section

4.3.5.

4.3.4 Mel-Frequency Cepstral Coef�cients

Mel-frequency cepstral coef�cients (MFCCs) were originally developed for speech

processing and automatic speech recognition (ASR) [Tiwari, 2009]. They are co-

ef�cients for a function that provides a rough estimate (depending on how few
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coef�cients are used) of a spectral envelope, making them suitable features for

predicting utterances in speech and timbre in music. They have been very suc-

cessful in providing a reduced representation of the voice and capturing the salient

features of human perception. MFCCs are effective for analysis, but not for syn-

thesis, as the operations required to generate MFCCs cannot be inverted to return

to the audio's original uncompressed representation.

To generate MFCCs, as with the transformation from waveform to cepstrum,

we �rst apply the DFT to a waveform and take the log of the resulting power

spectrum. Mel �lter-bank mapping is applied to the frequencies, producing the

log mel-spectrum. Instead of an IFT, a discrete cosine transform (DCT) is applied

to the spectrum6, the result of which is the MFCC features. The number of Fourier

components is typically truncated between indices 12 and 14, which has the effect

of smoothing the spectrum.

4.3.5 Vocoder

The concept of the vocoder was �rst proposed by Dudley [1940]. It uses the prin-

ciples of discrete frequency band and excitation source manipulation to represent

the vocal tract and glottal pulse con�gurations in voice production. This process

represents the source-�lter model, which is still used today in modern vocoders.

It allows users to manipulate spectral and fundamental frequency (henceforth re-

ferred to as F0) information independently.

This process has been converted to the digital domain in numerous imple-

mentations that have improved in quality over the decades. The STRAIGHT

vocoder [Kawahara et al., 1999] was recognised as the �rst vocoder to compete

with the more natural-sounding waveform concatenation systems (the concatena-

tion of soni�ed phonemes was considered the best approach to vocal synthesis due

to its SOTA results and simplicity). It improved upon issues relevant to its pre-

decessors, which included the removal of periodicity interference, the production

of smoother F0 contours and a reduction in the amount of perceived buzziness in

synthesised audio. Further variations of this vocoder provided real-time analysis

6The DCT is very similar to the IFT, but is computationally a more reasonable choice for this
application. It also has the added advantages of decorrelating information shared between mel
banks, and allows for dimensionality reduction.
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and synthesis capabilities, but at the cost of more simple algorithms that degrade

audio quality [Banno et al., 2007].

NNs designed to synthesise waveform audio from vocal acoustic features (such

as spectral envelopes or mel-spectrograms) are commonly referred to asneural

vocoders. Examples of these can be found in Section 4.4.5.

WORLD Vocoder

The WORLD vocoder [Morise et al., 2016] was built to offer real-time appli-

cations while maintaining high-quality voice synthesis. At the time of publica-

tion, this vocoder was achieving SOTA results in objective and subjective evalua-

tion, and has since been a popular choice of audio representation when perform-

ing voice-modelling tasks. Often in previous literature, mel-cepstral coef�cients

(MCCs) generated from WORLD's spectral envelope [Suzuki et al., 2022, Zhang

et al., 2020, Li et al., 2022a, Tan et al., 2021, Huang et al., 2021b, Du et al., 2021,

Zhang et al., 2020, Kameoka et al., 2020, Tobing et al., 2019, Chen et al., 2019,

Arakawa et al., 2019, Fang et al., 2018, Kaneko and Kameoka, 2017] have been

used. Sometimes the spectral envelope itself [Lu et al., 2020, Zhou et al., 2021]

(with particular authors reducing its dimensionality by truncating it and apply-

ing frequency warping in the mel-cepstral domain before reproducing its spectral

envelope form as log-Mel Frequency Spectral Coef�cients (MFSCs) [Chandna,

2021, Nercessian, 2021, Blaauw and Bonada, 2018]) has been used instead. Very

recently, there has been a trend of using WORLD simply for its F0-generative

capabilities [Takahashi et al., 2023, Shen et al., 2023, Li et al., 2023, Zhang et al.,

2022, Wu et al., 2022, Li et al., 2021a].

This vocoder uses several algorithms that had previously achieved SOTA re-

sults to produce the WORLD feature set, comprising F0, spectral, and aperiodic

information. By default, the vocoder uses the DIO algorithm to produce the F0,

the CheapTrick algorithm to produce the spectral envelope, and the PLATINUM

algorithm to predict the aperiodic parameter. A visualisation of how these algo-

rithms work together is provided in Figure 4.4.

The DIO algorithm [Morise et al., 2009] �rst applies a series of low-pass �l-

ters to its waveform audio input signal, until the �ltered signal possesses only a
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Figure 4.4: Flowchart illustrating WORLD's analysis algorithms extract F0, spec-
tral envelope and aperiodic information.

fundamental component. As this fundamental component should resemble a sine

wave, it should have the same periodicity between positive/negative zero-crossing

intervals and peak/trough intervals. The standard deviations of these intervals in

the �ltered signal act as a reliability measure. After several F0 candidates are

obtained, the one with the highest reliability is chosen as the true F0 label.

An alternative pitch estimation algorithm available to users of the WORLD

vocoder algorithm7, is `Harvest'. It produces F0 candidates in a similar manner

to DIO, and overlaps F0 candidates across neighbouring frames to calculate the

likely fundamental frequencies in frames where there is too much noise. This

effectively reduces the amount of false unvoiced frame predictions. Further steps

involving F0 selection, contour interpolation, and VUV decision revisions, (all of

which are covered in detail in Morise [2017]) contribute towards Harvest's re�ned

pitch estimation.

The CheapTrick algorithm [Morise, 2014] uses both DIO's output and the in-

put waveform audio signal to generate a spectral envelope. This algorithm uses

a time-varying window frame in its spectral analysis function to remove the in-

�uence of the temporal position of the windowing function. Using a combination

of this F0-adaptive windowing, spectral smoothing, and liftering on the signal's

7as provided in the Python-wrapped implementation athttps://github.com/
JeremyCCHsu/Python-Wrapper-for-World-Vocoder,v0.3.2
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cepstrum, it generates the spectral envelope. This can then be convolved with the

glottal pulse signal supplied by the DIO algorithm.

The PLATINUM algorithm [Morise, 2012, Fang, 2021] uses the output of the

spectral envelope of CheapTrick and the output F0 of DIO to compute aperiodic

information. Unlike previous vocoders such as STRAIGHT, which convolve an

aperiodic response with white noise and a periodic response with a pulse train,

the PLATINUM algorithm instead �rst determines theexcitation signal, which

is then convolved with the minimum phase response to produce the vocal fold

vibration, as seen in Figure 4.5. However, the temporal position of each vocal fold

vibration must be determined. To do this, the temporal centreta of each voiced

section is determined. Values within the intervalta � T0 (whereT0 represents the

F0 period) are squared, and the maximal value indicates the origin point of the

vocal fold vibration. The other origins of the positions of the vocal folds can then

be determined based on the F0 contour. The �ow diagrams for these processes

are shown in Figure 4.5. As WORLD only needs to do one convolution, it is

considered more ef�cient than the STRAIGHT vocoder.

The excitation signal,xp(t), is obtained by taking the IFT of the extracted

excitation spectrumX p(! )

xp(t) = F � 1 [X p(! )] ; (4.5)

which itself is determined by dividing the observed spectrogramX (! ) by its min-

imum phase responseSm (! )

X p(! ) =
X (! )
Sm (! )

: (4.6)

The minimum phase response itself is calculated by computing the FT of the

cepstrumcm (� ), determined as follows:

cm (� ) =

8
>>><

>>>:

2c(� ) ( � > 0)

c(� ) ( � = 0)

0 (� < 0)

(4.7)

wherec(� ) is the cepstrum of Cheaptrick's smoothed spectral outputPl (! ).
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Figure 4.5: Flowcharts illustrating how vocal fold vibrations are determined in the
STRAIGHT and WORLD vocoder systems. The� symbol represents convolution.
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c(� ) = F � 1 [log (Pl (! ))] : (4.8)

.

In summary, the PLATINUM algorithm uses the chain of formulas listed above

to determine aperiodic features that account for variances in the spectrum that are

not accounted for by the harmonic spectral envelope.

4.4 Neural Networks for Audio and Voice-Related

Tasks

This section discusses data representation transformations and adaptations of ex-

isting NN frameworks that have contributed toward analysis and synthesis tasks

relevant to singing attribute conversion. It is split into subsections focussing on al-

ternative loss components, audio analysis, disentanglement, conversion and audio

synthesis.

4.4.1 Alternative Loss Components

Audio-generative networks often rely on a pixel-wise comparison for reconstruc-

tion loss, such as those described in Section 2.3.1. While this type of loss has

been successfully and consistently implemented in this �eld of research, alter-

native domain-informed loss metrics have been proposed. These losses can be

categorised as embedding, latent, cycle-consistency and contrastive losses, which

will be discussed below.

Embedding Loss

Feature-matchingdescribes the process of using the features generated by the acti-

vations of intermittent layers in an NN architecture [Mroueh et al., 2017, Salimans

et al., 2016, Larsen et al., 2016, Kumar, 2019, Caillon and Esling, 2021] as target

values from which loss values are computed. By doing this, embeddings of multi-

ple similar networks, or embeddings generated by different input representations,

are encouraged to be similar as training progresses.
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A particular type of feature-matching loss is thelatent regressor loss, which

describes a measurement of the distance between the output embeddings of a net-

work. These embeddings will often relate to moreperceptually relevantfeatures,

representing higher-level characteristics [Johnson et al., 2016] that can be com-

pared between original and reconstructed data, or between two different instances

where the information being encapsulated in the embedding should be similar. It

is also motivated by the intuition that generative networks are forced to rely on

the relevant latent space embeddings in addition to other inputs.

Latent regressor loss has been frequently used to improve the results of vari-

ous audio-related tasks [Donahue et al., 2017, Nercessian, 2020, Lee et al., 2019,

Qian et al., 2019, Nachmani et al., 2018, Nercessian, 2020], and particularly with

speaker identity embeddings [Du et al., 2021, Liu et al., 2018, Cai et al., 2020,

Huang et al., 2021a, AlBadawy and Lyu, 2020]. Abstract but interpretable fea-

tures can also be generated by DSP-based feature extractors, such as encoders

for pitch, phones, and loudness. As these latter examples also represent high-

level characteristics of an audio signal, there is no reason why considering losses

between these features could not also assist models in evaluating their own per-

formance.

Latent Loss as Regularisation

Regularisation, as described in Section 2.3, is a component of the objective func-

tion that prevents a model from over�tting to a certain subset of data. Consider an

encoder that is pretrained on one domain (the source domain) of input data and an

untrained encoder that will use another domain (the target domain) re�ecting the

same data. Examples of these domains could be solo and mixed tracks, or spec-

tral and MIDI representations. A loss taken between the embeddings of a target

encoder and a pretrained source encoder would encourage the target encoder to ex-

tract the same information as the pretrained source encoder. Chandna et al. [2020]

used this technique to train their autoencoder to extract embeddings from mixed

music tracks as if they were solo tracks. Luo and Su [2018] extracted MIDI rep-

resentations from audio, clean vocal recordings from distorted vocal recordings,

and clean solo vocal recordings from mixed music recordings.

73



Esling et al. [2018] used MDS across a collection of 5 previous listening stud-

ies to produce a timbral map for different instruments. A loss between a VAE's

bottleneck embeddings and the timbral maps facilitated a regularisation term that

would teach the VAE to extract information from its input data in a manner that

matched human perception, which led to better reconstruction and generalisation.

It is surprising to see that this technique has not been applied to SVAC. If per-

ceptual distances in NN latent spaces representing vocal attributes are shown to

be of a complex or non-linear nature, these could surely bene�t from a similar

regularisation process.

Cycle-Consistency Loss

The cycle-consistency loss was formulated in response to the challenging task of

performing style transfer on data from domainX so that it matches the style of

domainY. Previously, this requiredpaired data that demonstrated how similar

classes differed only by their style (or attribute of interest). Zhu et al. [2017]

overcame this challenge by considering two separate generatorsA and B that

are the mathematical inverse of one another, implying thatB(A(x)) � x. This

equation represents back-translation, which describes a conversion process where

the source and target data have been reversed. In [Sennrich et al., 2016], they

used synthesised source-data in 50% of the training data, which was generated

by converting already-converted data of the target class back to the source class.

Cycle-consistency loss has been used in much subsequent research tackling tasks

related to style or attribute conversion [Amodio and Krishnaswamy, 2019, Zhou

et al., 2016, Kaneko and Kameoka, 2017, Zhu et al., 2017, Luo et al., 2020a,

AlBadawy and Lyu, 2020]. In voice conversion, this has primarily been applied

to the voice identity attribute. Investigating how well cycle-consistency will assist

in conversions where attributes are so tightly entangled, such as voice identity and

singing technique, would be an informative and progressive step in SVAC.

Contrastive Loss

Contrastive learning was brie�y introduced in Section 2.1.5, which is facilitated

by a contrastive loss computation.

74



By utilising the multi-track recordings in the MUSDB18 dataset, Lee et al.

[2019] trained a triplet loss network with monophonic recordings as the anchor

and mixed recordings as the positive/negative items. With contrastive learning,

they were able to encourage the network to extract embeddings that were the same

for same-singer content, regardless of whether the input was just vocals or a mixed

track.

Wan et al. [2018] used constrastive learning to learn speaker embeddings from

speaker audio recordings using the Generalised End-to-End (GE2E) loss, which

is a particular contrastive loss that makes use of multiple classes within a batch,

clustering techniques in the latent space, and end-to-end functionality. The model

used to facilitate this was designed for extracting voice identity embeddings from

mel-spectrograms. This consisted of a straightforward architecture of 3 stacked

LSTM layers, the last output of which is fed to a linear layer. However, it is the

computation of the loss function that is unique and is worth describing in detail

here.

The GE2E loss takesM random clips of utterancesi from N random vocalists

j packaged as a minibatch that is fed to the network during training. The output

embeddings of the model's �nal linear layer are �rst subjected toL2 normalisation

as seen in the following equation, wherex represents input features,w represents

model weights, andf () represents the forward pass function of the network that

produces the output embeddings.

eji =
f (x ji ; w)

jj f (x ji ; w) jj 2
(4.9)

The mean of all embeddings for each vocalist seen in each minibatch can then

be computed to represent the vocalistk's embedding centroid,ck , in latent space:

ck =
1

M

MX

m=1

ekm : (4.10)

Similarity scores are then generated between all utterance embeddingseji and

their corresponding vocalist centroids using the equation

Sji;k = w � cos (eji ; ck) + b; (4.11)
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Figure 4.6: A Similarity matrix, arranged so that the �rst axis represents utterance
embeddingsj , the second axis represents the vocalist centroidsk, and the cells
represent the similarity scores between the corresponding pair of axes elements.
In this illustration, the coloured cells represent where the identity of the utterances
matches that of the centroid.

wherew and b are learnable weight and bias parameters.w is constrained to

be positive to ensure larger similarity scores for larger cosine similarities. This

vector of cosine similarities is rearranged as a matrix, herein referred to as the

similarity matrix, as seen in Figure 4.6, where unmatched (with respect to vocal-

ists) embedding-centroid pairs are white and matched embedding-centroid pairs

are in colour.

From this similarity matrix, the softmax computation of the GE2E loss can

be derived, which has been shown to perform best for text-independent vocalist

veri�cation tasks, where there are no lexical restrictions on the utterances being

used during training. The softmax loss for each embedding is de�ned as:

L (eji ) = Sji;j � log
NX

k=1

exp (Sji;k ) (4.12)

The notationSji;j refers to the similarity between embeddingeji and the cen-

troid of the same vocalist. The log term normalises the similarity scores by sum-

ming the exponential of each element across all vocalistsk. This encourages the

model to output similarity scoresSji;k close to 1 whenk = j , or 0 if this is not the
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Figure 4.7: An illustration of the effects of the GE2E softmax loss. Circles and
triangles represent embeddings and centroids, respectively. Dotted arrows repre-
sent the repelling force between unmatched embedding-centroid pairs, while the
solid-line arrow represents the attracting force between matched elements.

case. This loss function has the effect of pushing embeddings of the same vocalist

towards their vocalist's centroid while simultaneously being repelled by all other

vocalist centroids, as seen in Figure 4.7

Finally, the total GE2E loss over the entire similarity matrix, and therefore

batch of utterances, is computed by summing the losses for each embedding:

LGE 2E (x; w) =
X

j;i

L (eji ) (4.13)

4.4.2 Audio Analysis

The task of voice analysis can be broken down into the tasks of utterance tran-

scription (relating to phonef, speech, and lyrical classi�cation), music information

retrieval (relating to timbre, harmonic, or note/voice segmentation), and vocal at-

tribute classi�cation or embedding. This section presents architectures and tech-
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niques used to generate voice identity labels or embeddings, both of which have

been used to facilitate voice conversion tasks. There are, of course, many ML

algorithms that are more than suitable for audio classi�cation tasks if the prob-

lems are appropriately matched, such as support vector machines (SVMs), ran-

dom forests, logistic regression, and a number of clustering algorithms, although

these are outside the scope of this literature review.

Label and embedding generation is typically achieved with supervised and

unsupervised methods, respectively. McCallum et al. [2022] compared these two

approaches when developing general-purpose audio embeddings for downstream

MIR tasks. The embeddings generated by both methods yielded state-of-the-art

results for music tagging. They found that unsupervised learning bene�ted from

restricting the domain of the data between up and downstream tasks, and resulting

embeddings generalised across a wider range of tasks than those of supervised

learning. The question of how well such embeddings can generalise to down-

stream tasks of different domains would be of great interest to the �eld of voice

conversion, where speech datasets far outnumber singing datasets.

Log-magnitude mel-spectrograms have become a common alternative to wave-

form representations due to their intuitive structure where they present audio as an

image, and reduced dimensionality (depending on the required processing steps).

As a result, many techniques from the �eld of computer vision have been suc-

cessfully implemented when audio is presented as a spectrogram. CNN models

are capable of considering the shape, location, and/or textures of sounds found in

spectrograms. These can be indicative toward the identi�cation of a sound event

or acoustic scene. CNNs have contributed to excellent results for music classi�-

cation tasks such as audio event detection [Hershey et al., 2017], audio tagging

[Choi et al., 2017], pitch detection [Kim et al., 2018], instrument classi�cation

[Costa et al., 2017], and lyrics transcription [Demirel et al., 2020].

Derived from the popular VGG model Simonyan and Zisserman [2015] which

is a CNN architecture, the VGGish model8 inspired by Hershey et al. [2017], is a

pretrained CNN-based architecture, the pre-classi�cation layer of which can pro-

duce �xed-size embeddings from audio �les of an arbitrary length. These have

8https://github.com/tensorflow/models/blob/master/research/
audioset/vggish/README.md
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been shown to be suitable for various music and audio-based downstream tasks.

Clustering algorithms have also been used on mel-spectrograms and VGGish-

produced audio embeddings to effectively cluster audio events for downstream

tasks [Jansen et al., 2017].

Choi et al. [2017] extensively examined the application of CNNs and RNNs

w.r.t. music tagging. It was noted that RNNs do a better job of summarising the

temporal information than CNNs, as they operate on a global scale of observation

rather than a local one. However, a hybrid model of both called the Convolutional

Recurrent Neural Network (CRNN) could sequentially attribute detailed patterns

in local contexts, before analysis for temporal dependencies was executed, which

provided the best results for this task. In the same work, they also investigated the

performances of CNNs, the convolution kernels of which: delayed frequency axis

dimensionality reduction; advanced it; or gradually employed it with temporal

axis reduction using a 2D kernel of equally sized axes. They found that the latter

performed best and, while it did not perform as well as the CRNN, it did have

signi�cantly fewer parameters that made it comparable.

The appropriateness of computer vision techniques must, however, be care-

fully considered in the context of spectrograms. A shape in a spectrogram can

mean something signi�cantly different depending on where it lies on the fre-

quency axis. This means that the CNN's property of translational invariance

across the frequency axis is not desirable. To avoid this, Blaauw and Bonada

[2018] and Luo and Su [2018] have used 1-dimensional CNNs and distributed

spectral frequency bins across the channel axis instead. While subsequent chap-

ters explore voice analysis and synthesis, experimentation was necessary between

2D and 1D convolutions to determine its appropriateness for the classi�cation of

vocal attributes such as singing technique.

Recent research has enjoyed the luxury of using more modern architectures,

such as the Transformer [Vaswani et al., 2017]. Won et al. [2021] presented the

Music Tagging Transformer, which outperformed all previous architectures in au-

dio tagging. The model was trained usingnoisy teacher-student training. By

adding noise to the student's input data with each student-teacher iteration, it be-

comes more robust than the teacher, and the two models can swap roles iteratively

to continually increase robustness. Knowledge distillation via parameter reduc-

79



tion between the models was shown to improve the network's performance of

semi-supervised audio tagging. Lu et al. [2021]'s SpecTNT model makes use of

two transformers that model the temporal and spectral-based features. Transform-

ers have also excelled in beat-tracking [Cheng and Goto, 2023], pitch transcrip-

tion [Toyama et al., 2023], and MIDI in�lling [Malandro, 2023]. However, as

Damb̈ock et al. [2022] highlight, the trade-off between slightly better results and

computational cost may not always be favourable.

4.4.3 Disentanglement

As initially described in Chapter 1, disentanglement describes the process of sepa-

rating information that relates to a particular attribute of the data. Examples of this

include removing melodic information from an instrument recording, colour from

a photograph, or patient-speci�c information from a medical report. This section

discusses methods that have been used to achieve disentanglement in tasks related

to audio and voice.

Conditioning

By continually providing a network with labels via an auxiliary input during train-

ing, it learns to depend on them to adjust its parameters to model the attribute class

the label represents. This is calledconditioning.

One-hot encodings have been used to condition networks for the purpose of

disentanglement [Kameoka et al., 2020, Liu et al., 2021a, Wu et al., 2020, Chou

et al., 2018, Van den Oord et al., 2017, Lu et al., 2020, Kameoka et al., 2020]. If

there is a �nite number of classes to which an attribute can belong, such as those

of pitch classes [Luo et al., 2020b], gender, or phonemes [Li et al., 2021b], then

the one-hot encoding format is a perfectly suitable representation. However, it

does not allow a model to consider a new class of data or variation of a prede�ned

class. The result of this restriction will be presented in Section 4.4.4.

Recent research, has focused more on zero-shot conversions, where systems

are able to take unseen examples as both the source and target signals. Such �ex-

ibility in conversions can be achieved by replacing one-hot encoding vectors with

embedding vectors [Qian et al., 2020a, Lee et al., 2020]. When using descrip-
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tive embeddings, conditioning can encourage the encoder of an autoencoder to

prioritise encoding information unrelated to the conditioning vector, resulting in

disentanglement in the bottleneck. For a set number of classes, the mean values

of multiple feature embeddings across each class are often used to represent in-

dividual instances of those classes [Qian et al., 2019, Zhou et al., 2021, Li et al.,

2021b]. It should be considered however, that generalising over a large amount

of class instances would only be useful when the features of such classes are ex-

pected to have a narrow standard deviation. Experimentation may be necessary to

determine how useful averaging is for SVAC. It seems intuitive for voice identity

conversion, but modelling more elusive and dynamic attributes such as singing

techniques may require a different strategy.

Tan et al. [2021] discuss how averaged representations force models to rely on

a �nite number of static embeddings, which helps them to perform better voice

identity conversion, but generalises more poorly to unseen target embeddings.

They report better conversion performance when using an additional network that

takes F0 information, plus live-generated and speaker-averaged embeddings to

produce a newadjustedembedding. Li et al. [2022b] proposed a U-net to model

voice identity embeddings (VIEs) with instance normalisation modules [Ulyanov

et al., 2017] after each downsampling block to produce hierarchical speaker em-

beddings at multiple granularities.

Other conditioning factors used to disentangle timbre include loudness [Liu

et al., 2021a, Nercessian, 2020], phonetics (usually from pretrained linguistic net-

works) [Liu et al., 2021a, Shen et al., 2018, Bonada and Blaauw, 2021, Nerces-

sian, 2020, Sun et al., 2016, Skerry-Ryan et al., 2018, Polyak et al., 2020, Li

et al., 2022b, Du et al., 2021, Li et al., 2021b], and pitch-related features either

as one-hot encodings or continuous data [Bonada and Blaauw, 2021, Qian et al.,

2020a, Nercessian, 2020, Li et al., 2022b, Polyak et al., 2020, Tan et al., 2021,

Fang et al., 2018, Lee et al., 2019]. With such deterministically generated fea-

tures that account for well disentangled attributes, the concatenation of these as

conditioning vectors could lead towards the disentanglement of attributes that are

rarely labelled or too abstract to be deterministically predicted. This concept is an

important motivation behind the work presented in this thesis.
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Vector Quantisation

Another method that facilitates attribute disentanglement is `vector quantisation'

(VQ). Van den Oord et al. [2017] combine discrete latent spaces of a VAE model

with VQ, which is the process of mapping an input vector to the most similar vec-

tor in a lookup table (also called a codebook or dictionary in relevant literature).

The encoder's output is mapped to its nearest neighbour in the lookup table. As

this process of VQ breaks the differentiable chain, the gradients are simply copied

from the decoder to the encoder (straight through estimation). An L2 loss is then

used to bring the contents of the lookup table closer to the encoder's outputs.

By conditioning the decoder on speaker identity, the network can disentangle lin-

guistic content from its input. However, VQ is restricted to modelling attributes

of a discrete nature where interpolation between them is not meaningful. There

are some attributes in SVAC where this would be desirable, such as gender. Con-

versely, it would be pointless for attributes of a more dynamic nature such as vocal

emotion.

Transfer Learning

Pan and Yang [2010] describes transfer learning as the transfer of knowledge be-

tween models and domains. This is implemented in many forms, such as taking

a pretrained network and inferring on a different dataset domain to the one it was

trained on [Bittner et al., 2022]; freezing a model's weights and using its output

for downstream tasks [Qian et al., 2019]; or using the latent regressor loss regu-

larisation techniques discussed in Section 4.4.1.

Nercessian [2020] pretrained asingingvoice identity conversion network on

a large amount of speech data, before �ne-tuning it to learn speci�c details about

the voice in a musical context. They note that this kind of generalisation allows a

model to be used as a `Universal Background Model', which means it can harness

any unlabelled voice-recorded data to improve its performance. Wiewel et al.

[2020] discuss how catastrophic forgetting (where a network can quickly forget

about features that are relevant across the global distributions of the data) can be

imposed when a network focuses on a new subset of data. In cases where there

is more than one dataset to be used for pretraining, the order in which a model
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learns from these datasets may affect its ability to model the �nal dataset, and is

therefore worth empirically investigating.

Auxiliary Classi�ers

Attaching a classi�er as an auxiliary output to a speci�c pathway of a main net-

work can facilitate disentanglement. It does this by ensuring that the information

that passes through such a pathway contains class-correlated features. Attaching

two classi�ers to two parallel pathways would encourage the information to dis-

entangle itself so that each pathway contains information speci�cally �ltered to

maximise each classi�er's performance. Luo et al. [2020b] used two classi�ers

appended to parallel latent spaces in their VAE model to achieve attribute disen-

tanglement. Kameoka et al. [2020] used an auxiliary classi�er in the latent space

to ensure their VAE encoded conditioning features as well as input features.

Confusion modulesare classi�ers that pass aninvertedloss penalty to the main

network's objective function. This encourages the network to avoid passing any

information to the confusion module that might help improve its classi�cations.

In other words, the confusion module ensures that class-correlated information

is removed from its pathway. Confusion modules have been used to improve

information disentanglement by Nachmani and Wolf [2019], Li et al. [2021b],

Deng et al. [2020], Mor et al. [2019].

Considering the ability of such auxiliary classi�ers to rely on class-correlated

features, they could also be connected to the pathway of a NN to ensure that

the correct information is being transmitted (or isnot in the case of confusion

modules) as expected between modules. Monitoring the performance of such

classi�ers would therefore be an effective method for evaluating degrees of disen-

tanglement.

Gaussian Mixture Modelling

Vanilla VAE structures assumep(z) = N (0; I ). However, the complexity ofX

can often be oversimpli�ed by operating on the assumption that it can be repre-

sented by a unimodal latent space. Multi-modal distributions in latent space are

therefore dif�cult to map to a single latent space. Gaussian Mixture Variational
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Autoencoders (GMVAEs) [Dilokthanakul et al., 2017] extend the prior to incor-

porate a mixture of Gaussians, each of which is linked to a particular aspect of

the observed data. This has been used to disentangle the data attributes in a hi-

erarchical manner, and can be facilitated using auxiliary classi�ers to channel the

relevant information towards each distribution. Examples of its implementation

for the conversion of voice attributes can be found by Hsu et al. [2019], Luo et al.

[2020b]. This could be a promising mechanism to incorporate in SVAC systems

should multi-modal distributions exist that are too dif�cult to model.

4.4.4 Voice Conversion and Synthesis Systems

This subsection focuses speci�cally on how NN systems use analysis and disen-

tanglement methods to achieve voice conversion and synthesis tasks.

Although widely used across the vast majority of recent literature, the term

`voice conversion' is ambiguous, as it does not describe which attribute of the

voice is being converted. In order to make this clearer, terms that specify the

attribute of interest will be used. These include STC, voice identity conversion

(VIC), andsingingVIC (SVIC).

VIC is the process of modifying a speaker's acoustic vocal characteristics so

that their voice sounds like it belongs to another. The same de�nition applies to

SVIC, replacing `speaker' with `singer'. However, consideration must be given to

the differences between speech and singing, as described in Section 4.1.3.

Considerations for Voice Conversion Tasks

Different models have different conversion capabilities, so it is often best to con-

sider this before deciding which model or architecture to use. The different types

of conversion include the following:

• one-to-one: Converting from a single class to only one other class

• one-to-many: Converting from a single class to a �nite number of classes

(seen during training)

• one-to-any: Converting from a single class to any in�nite number of classes

(classes not seen during training)
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• other permutations of the previous types, such as any-to-one, many-to-any

or any-to-any etc.

• interpolated conversions between target voices

• zero/one/few-shot conversion: Signifying the number of examples needed

before a network can convert the vocal attribute effectively.

When attempting VIC, it is also worth considering whether changing the pitch

range will improve the perception of naturalness and similarity of the converted

output audio, especially if the conversion is between genders. Qian et al. [2020a]

found that in their previous work [Qian et al., 2019], cross-gender conversions

led to inconsistencies in the F0 contours, which �uctuated unnaturally between

pitch ranges exclusive to either gender. This was solved by standardising the F0

contours and remapping them to the statistical values of the target speaker's F0

contours during inference. For SVIC, Nercessian [2020] converted the features

of the spectral envelope, completely removing the information of F0 from the

conversion process. After conversion, the F0 contours were shifted to the octave

that best matched the range of the target singer and recombined with the other

voice attributes for resynthesis. However, such imposed octave shifts are naive to

the capabilities of the target singer, and do not consider how such a pitch range

would affect the timbre of the singer. This issue is more prominent in SVIC than

VIC, as pitch ranges standard deviations will generally be much larger for singers

than speakers. This entanglement between pitch and timbre in singing should be

addressed before imposing pitch-shifting.

To achieve vocal attribute conversion, a typical system consists of an encoder

that produces linguistic embeddings. Training an encoder to disentangle this from

an audio-based input can be achieved by conditioning it on attribute-speci�c labels

or embeddings from an auxiliary source, such as a pretrained/DSP-based encoder

or manual annotation. A decoder then combines these embeddings to resynthesise

the data in its voice-converted state. This system has been �tted to autoencoders,

VAEs, GANs, and other hybrid architectures, all of which are discussed in the

following subsections.
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Autoencoder Systems

Qian et al. [2019] proposed the conditioned autoencoder, AutoVC. This uses VIEs

as the conditioning factor for an autoencoder's decoder, which originates from the

same speaker that produced the encoder's input features. The bottleneck's dimen-

sionality is calibrated manually so that the encoder can only store limited informa-

tion about its input data. As the decoder is conditioned on VIEs, the encoder can

learn to prioritise encoding information unrelated to voice identity during train-

ing, producing a disentangled representation ofprimarily linguistic content. After

training, the input features and conditioning VIEs can be generated from different

speakers, facilitating VIC. Jia et al. [2018] use the same concept for TTS, where

there is no need for bottleneck calibration since the input to the network contains

text, requiring no disentanglement from any voice attributes. The voice identity

information is provided by the embedding layer of an auxiliary encoder that was

pretrained to classify voice identity.

AutoVC's bottleneck, however, contained leaked information relating to pitch

contours. This was addressed in [Qian et al., 2020a], where the issue was solved

by conditioning the decoder on extracted pitch contours as well. Qian et al.

[2020b] continued to add more conditioning terms to allow the network �exibility

in converting timbre, pitch, and rhythm.

While AutoVC provides an attractively simplistic solution to VIC, the manual

calibration of the bottleneck is a poorly constructed solution that can only be de-

termined after evaluating a previous calibration's conversion capabilities. This is

especially time-consuming if relying on human evaluation and would bene�t from

an automatic evaluation system and mechanism that is robust against information

that is leaked through the bottleneck.

Nercessian [2020] adapted AutoVC for the task of SVIC, by conditioning the

network on pitch contours and transposing them into a suitable register for con-

verted singing (omitting concerns about pitch shifting as addressed in Section

4.4.4), achievable through the implementation of the WORLD vocoder [Morise

et al., 2016]. They did not however, use a singer-pretrained encoder, leaving the

in�uence of this domain mismatch unexplored.

Li et al. [2021b] combine the work of Shen et al. [2018], Wang et al. [2017],
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and suggest that the approaches of Hsu et al. [2017], Luo et al. [2019] allow re-

dundant noise in datasets to worsen the generated audio quality. Their network

takes an audio input and disentangles it into F0 contour, VIE, and linguistic em-

beddings. An additional pathway is fed to an encoder that has the task of ex-

tracting residual information not captured by any of the �rst three disentangling

paths. This is called themel encoder. Its input is a mel-spectrogram and its out-

puts are �rst regulated by a voice identity confusion module. The outputs are then

concatenated with the VIE and fed to amel regressionmodule, which is trained

to rebuild the mel-spectrogram. The effect of this is that the mel encoder's out-

puts should equate to musical and acoustic information, such as intonation and

emotional features. This pathway was shown to improve the similarity and natu-

ralness of converted voices. This technique of using a confusion module to reduce

the amount of noise in pathways resulting from extensive disentanglement is a

promising mechanism that could be an essential tool when designing disentangle-

ment systems to expose unlabelled attribute information.

There is often a mirrored architecture between the encoder and decoder of an

autoencoder architecture. However, an additional module of CNN layers (some-

times called a spectrogram re�nement module) appended to the decoder has been

shown to enhance the quality of spectral output representations [Lee et al., 2020,

Qian et al., 2019, Shen et al., 2018, Luo et al., 2020b].

VAE Systems

Kameoka et al. [2020] use a VAE to perform VIC, and use auxiliary classi�er to

tacklemode collapsein the model. Mode collapse occurs when lower-dimensional

latent spacesz tend to provide weaker or noisier signals to a strong decoder, caus-

ing the decoder to generate mean representations of the data. VAEs typically

consist of acontinuouslatent space, the nature of which contributes to this prob-

lem, making it more complex. However, using adiscretelatent space where only

a �nite set of con�gurations relate to a given number of classes, decreases the

likelihood of mode collapse. As discussed in Section 4.4.3, Van den Oord et al.

[2017] introduced VQ to the VAE architecture for the task of VIC, and condi-

tioned the decoder with one-hot voice identity vectors to extract VIEs from the a
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learned lookup table. After training, VIC can be achieved by providing a target

voice's VIE to the decoder while the source voice's VIE is given to the encoder's

input. However, shortcomings of the VQ-VAE include its limitation of being ca-

pable of only many-to-many VIC and its inability to interpolate between classes.

It is, however, easier to train because of the inherently less amount of variance re-

quired for modelling. As previously mentioned, this trade-off may be favourable

for voice attributes that are not typically dynamic, such as gender or potentially

the use of the vocal fry singing technique.

Hsu et al. [2019] use a GMVAE architecture, using Tacotron2 [Shen et al.,

2018] as the encoder base. They model two separate latent spaces using GMMs

- one for labelled and one for unlabelled attributes, incorporating two levels of

hierarchical latent variables, the �rst level being categorical, and the second level

being a continuous multivariate Gaussian variable. The GMVAE allowed them to

infer VIEs from noisy utterances of an unseen speaker and generate clean speech

that approximates the voice of that speaker. The unseen attributes can be con-

sidered as the residual variances apparent after removing conditioning labelled

attributes, which include noise level and speaker rate. Fine-grained control over

these attributes in the bottleneck was also possible, thanks to the hierarchical

breakdown of the input data's components. The application of this research to

singing, where there may be more scope for expressivity, would be an exciting

extension of this research. Luo et al. [2020b] was able to achieve nonparallel,

many-to-many VIC and STC using a GMVAE, but the VAE's ability to manipu-

late residual variances representing unlabelled attributes has yet to be applied to

singing. This domain may yield more dimensions for expression than in speech,

which could lead to more re�ned methods of singing voice manipulation.

Wu and Lee [2020] found that their use of VQ and instance normalisation

with an autoencoder allowed them to extract VIEs by subtracting post-VQ vectors

from pre-VQ vectors. VIC was achieved by using two trained encoders, one for

the source voice and one for the target voice. Their subsequent work [Wu et al.,

2020] restructured the VQ implementation in a U-net architecture, which was re-

ported to produce superior results to its predecessor. They also observed that the

more quantisation they apply, the better the reconstruction, but with less disen-

tanglement. This trade-off between audio quality and target-attribute similarity is
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commonly witnessed in VIC networks.

Other Architectures

Most of the GAN implementations explored in relation to voice synthesis are de-

vised for singing voice synthesis (SVS) or TTS, and so will be described in next

subsection. This subsection covers systems that utilise the autoencoder architec-

ture, and enhance its synthesis by appending a GAN to its output for high-�delity

capabilities.

AlBadawy and Lyu [2020] use a VAE as the generator in a GAN system,

equivalent to a VAE-GAN, for VIC. They use one encoder to extract linguis-

tic content and a separate decoder is trained for every target singer. They use

the VAE's reconstruction loss when the source and target speaker are the same,

and the GAN loss when evaluating how realistic a converted voice is. Cycle-

consistency and latent regressor losses are also used in this system. This system

however, seems inef�cient, as the use of multiple decoders for each target speaker

is excessive, time consuming to create, and technically restricts each end-to-end

network to any-to-one conversions.

Lu et al. [2020] use a similar setup to Qian et al. [2019] with no mention of

bottleneck calibration, and uses one-hot identity and F0 vectors for conditioning.

As they tackle SVIC, they also condition this on F0. However, voices converted

between genders consistently lack the correct target F0 and sometimes intona-

tion. Like AlBadawy and Lyu [2020], the appendage of a discriminator, with a

Wasserstein loss that makes it a VAW-GAN, allows the autoencoder to further

improve its output, although there is no mechanism to guarantee that the F0 has

been appropriately transposed to the target singer's range.

Zhou et al. [2021] use the same VAW-GAN architectural setup as in [Hsu

et al., 2017], and conduct voiceemotionconversion. They use descriptive emo-

tional embeddings instead of one-shot vectors, allowing it to work with unseen

voices. The results, however, sound more like VIC than emotion conversion, or at

least seems to rely heavily on the conversion of pitch range and timbre to convert

emotion. Researchers should be cautious when asking participants to compare the

audio of a converted voice to a reference voice based on emotional similarity, as
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this is an unintuitive task that could lead towards choices heavily in�uenced by

confounding variables in the stimuli.

Caillon and Esling [2021] proposed the Realtime Audio Variational autoEn-

coder (RAVE). Due to its speci�c subnetwork architectures, it is speci�cally de-

signed to take audio waveforms as input. The RAVE architecture involves a stan-

dard VAE-style training strategy as a �rst stage. After acceptable reconstructions

are attained, an adversarial network is applied to the VAE's output. The VAE's

decoder and discriminator are then trained to achieve a �nely tuned generator net-

work, mitigating the effect of issues highlighted by Kameoka et al. [2020] about

mode collapse and oversmoothed VAE output.

DiffSVC [Liu et al., 2021b] is a diffusion model that takes a mel-spectrogram

as its input, and uses auxiliary input channels for linguistic, F0 and loudness fea-

tures to control the attributes of the synthesised voice. The model is trained using

a dataset of one singer. After being suf�ciently trained, DiffSVC has encoded

the timbre of the singer on which it was trained and uses the auxiliary inputs to

control the content. However, features not accounted that would also be encoded

include attributes such as emotion, accent, singing technique, and other confound-

ing variables that may affect realistic SVIC. One particular draw back about this

type of model is its restricted capability of exclusively performing any-to-one con-

versions.

TTS and SVS Systems

This section covers ML systems that take input representations such as text/lyrics

and pitch (usually leaving timbre as the remaining attribute to be encoded by the

model itself) and produce spectral envelopes, spectrograms, or waveforms - the

latter of which often require separately trained NN modules, which are covered

in Section 4.4.5. While these models address a problem outside the scope of

voice conversion, they do use analysis, disentanglement, conditioning, and audio

synthesis techniques that are commonplace in voice conversion networks.

Bonada et al. [2016] used a unit selection model with two databases to pro-

duce expressive singing. The �rst of these consisted only of expressive vowels to

assist their system in generating expressive songs. This database featured a singer
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performing various melodies with different vowels for each consecutive note in

an expressive manner (similar to the data produced in [Scherer et al., 2017]). A

second database for timbre consists of phonemes being spoken in monotonic fash-

ion, progressing at one syllable per beat. Using these datasets, expressive vowel

performance is �rst generated and used as input control to the proceeding syn-

thesis step which uses the monotonic phoneme dataset. The Viterbi algorithm is

used to apply unit selection-based costs to a string of samples from the respective

databases for concatenation.

Blaauw and Bonada [2018] proposed the Neural Parametric Singing Synthe-

siser (NPSS) - an SVS model that produces spectral envelopes of singing. The

model is trained on pitch, lyrics, and phonetic timing data, which are also used

for control during the synthesis phase. WORLD features originating from one

singer's recordings were used as input features to the model. The SVS system

consists of a phonetic timing model, a pitch model, and a timbre model, each of

which is conditioned by the previous model. The latter is the main module of

interest, which houses a WaveNet architecture. It takes WORLD features as in-

put during training and uses F0 and linguistic features during inference. NPSS

is large and complex in how information �ows through it, but demonstrates the

amount of engineering required to produce realistic versions of singer recordings

from a parametric NN. NPSS was later improved upon by Zhang et al. [2021],

where a new architecture involving a Wasserstein GAN was 219 times faster in

computational speed, while maintaining a similar performance.

Chandna et al. [2019] implement a GAN for SVS, using an autoencoder for the

generator. In addition to the GAN's Wasserstein loss, a reconstruction loss is also

used during training. The autoencoder has skip connections between each layer

of the encoder and decoder, similar to the U-net architecture [Stoller et al., 2018,

Ronneberger et al., 2015]. It is conditioned by linguistic and VIE information

in the form of one-hot vectors, andcontinuousF0 data. It is also conditioned

on WORLD vocoder features. The network does not outperform NPSS, but is

comparable. However, when the conditional features stem from a singer that is of

a different gender to that of the VIE input, many phonemes are poorly articulated.

One way to improve upon this would be to include an auxiliary phonetic classi�er

in the networks objective function.
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Lee et al. [2020] proposed a GAN, where the generator consisted of pitch and

formant mask encoders conditioned on VIEs, the outputs of which were multiplied

together to get a mel-spectrogram. A spectrogram re�nement module up-scales

this to an uncompressed linear spectrogram, as would be derived by taking the

STFT of the original audio. The GAN was trained using an objective function

containing the following components: reconstruction loss of the mel-spectrogram,

reconstruction loss of the linear spectrogram, and discriminator loss. This is one

of the few examples that has directly dealt with the fact that both pronunciation

and tuning precision are conditional on the singer's style and, by extension, their

identity.

Bonada and Blaauw [2021] trained an autoencoder on multiple source singers

and a single target singer to perform TTS using semi-supervised training. They

trained two encoders: the �rst,EA , trained on spectrograms, while the other,EL ,

was trained on phonetic encodings. Neither input's durations are more than sev-

eral hundred milliseconds. To ensure the encoders produce similar embeddings,

a stochastic mechanism randomly swaps the pathways between either encoder's

output and the bottleneck (L1 loss between both outputs is used for training). The

bottleneck encodings are concatenated with F0 contours and VIEs, and then sent

to a decoder architecture to produce a spectrogram output, from which a recon-

struction loss is calculated. After training the autoencoder, theEA output is used

to train a new instance of the decoder that is speci�c to a target voice. After

this phase of training,EL can then be used in conjunction with the newly trained

target-singer-speci�c decoder to synthesise spectrograms from phonetic and F0

content. Like AlBadawy and Lyu [2020], this solution to semi-supervised TTS

requires a separately trained encoder for every target speaker, facilitating only

any-to-one conversions.

DSP techniques have in recent years entered the world of NNs, popularised

by the introduction of thedifferentiableDSP (DDSP) autoencoder [Engel et al.,

2019]. This model can be trained with a simple reconstruction loss, bypassing the

challenges of adversarial training or autoregressive predictions, which frequently

come with the territory of audio synthesis. From this, the network can learn the

parameters for the DSP components that determine the output audio waveform.

Since the DDSP parameters can be used in a modular fashion, the DDSP autoen-
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coder can take component con�gurations from one generation, superimpose them

on another, remove them entirely, or achieve timbral transfer by using a model

trained on one domain to infer from another.

This has paved the way for voice synthesisers such as SawSing [Wu et al.,

2022], which takes inspiration from DDSP's modular nature, using NNs to gener-

ate �ltering coef�cients for its DSP components: a harmonic subtractive synthe-

siser which �lters a sawtooth waveform (whose acoustic properties enforce phase

continuity between partials); and a noise subtractive synthesiser which �lters uni-

form noise. The synthesised results are measured to be better than or comparable

to its competitors, with audibly fewer artefacts. Nercessian [2021] replace the

decoder of their previous architecture [Nercessian, 2020] with a Vocoder module

that contains convolution and dense layers connecting to a harmonic oscillator and

noise �lter DDSP component. DDSP has been shown to perform approximately

20% worse than WaveRNN [Kalchbrenner et al., 2018]. As a trade-off, it offers a

40% reduction in its number of parameters, which may be suitable depending on

the demands of the user.

DiffSinger[Liu et al., 2022] is an SVS diffusion model that converts noise into

mel-spectrograms, while taking music score information as conditioning factors.

It is able to overcome the over-smoothing outputs and fragile training equilibrium

inherent in other generative systems such as GANs, but the nature of its architec-

ture means that it can only utilise the voice of a single singer.DiffVoice[Liu et al.,

2023] combines elements from a VAE, GAN, and diffusion model to produce a

TTS system. The authors encode training data to a VAE's latent space (improved

upon by adversarial training) and model the temporal length and latent variables

with the diffusion architecture. The additional use of a VIE network as a condi-

tioning factor allows DiffVoice to achieve one-shot voice conversions that produce

consistently high-�delity audio. However, its sampling speed is considerably slow

during inference.

4.4.5 Audio Synthesis

Before the �eld of audio synthesis was saturated with NN applications, there were

a number of alternative synthesis methods that converted acoustic features into

93



waveform audio. In the �eld of voice synthesis, this included concatenative syn-

thesis, Linear Predictive Coding (LPC), and vocoders. The following subsection

describes several seminal voice synthesis methods that have been continually used

by researchers to synthesise waveforms from acoustic features - an indispensable

step used for illustrative purposes by most researchers of voice conversion that do

not use end-to-end models.

Digital Signal Processing

The Grif�n-Lim algorithm [Grif�n and Lim, 1983] is a deterministic method of

estimating waveforms based on magnitude spectrograms where there is no phase

information retained. The generated audio usually possesses many artefacts, since

half of the data (the phase) of the original waveform is missing in a magnitude-

only spectrogram. Kumar et al. [2019] had reported in their experiments, that

when evaluated in listening tests, audio synthesised by the Grif�n-Lim algorithm

achieved a MOS of 1.72, while the corresponding original recordings achieved an

MOS of 4.19. Considering the number of higher-quality audio synthesis options

available, Grif�n-Lim is best left for situations where one needs a quick wave-

form conversion for demonstrative purposes, or does not have access to an ML

framework.

GANs

The most common type of architecture used for audio synthesis has been the GAN.

MelGAN [Kumar et al., 2019] was proposed 3 years after WaveNet (described

in Section 3.2.1), and while it did not perform as well for subjective perceptual

evaluations, it was comparable with WaveNet, with one sixth the amount of pa-

rameters and 100s to 1000s of times the speed on CPU and GPU, respectively.

MelGAN does not take noise as input to its generator, which is fully convolu-

tional, but a mel-spectrogram instead. It uses a multiscale discriminator (MSD)

architecture, which downsamples the audio for different rates of analysis. It is

non-autoregressive, and could replace any autoregressive model that synthesises

waveforms.

Parallel WaveGAN[Yamamoto et al., 2020] (PWG) signi�cantly outperformed
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WaveNet in listening tests, achieving an MOS of 4.16 over WaveNet's MOS of

3.33. PWG also trains 2.5 times faster than WaveNet, with nearly a third of the

amount of parameters. PWG's generator uses a WaveNet, usingnon-causal con-

volutions, noise as input during training, is non-autoregressive at both training and

inference time, and uses multi-resolution STFT losses as well as adversarial loss.

Shortly after, Kong et al. [2020a] proposedHiFi-GAN. Its generator is sim-

ilar to MelGAN's, and usesmulti-receptive �eld fusionto analyse its output for

patterns at multiple scales. Three sub-discriminators operate on different chunks

of the audio signal. HiFiGAN also uses the MSD architecture from Kumar et al.

[2019] to consecutively analyse the audio. It outperformed all publicly available

models at the time (but was not compared to PWG), scoring an MOS of 4.36 while

MelGAN scored 3.79.

Diffusion Models

DiffWave[Kong et al., 2020b] is a diffusion model that can produce high-�delity

audio while being both unconditioned or conditioned, on either mel-spectrograms

or one-hot VIEs. For each of these tasks, its results are signi�cantly better or com-

parable to its competitors. Takahashi et al. [2023] found thePriorGrad diffusion

model [Lee et al., 2022], to be suitable for speech but not for singing because of

the wider range of expression across multiple dimensions. To better model the

singing voice, they used three diffusion layers, each of which operated at different

sampling rates. The higher sampling rates are conditioned on the output of the

lower sampling models. This provides a hierarchical model that produced SOTA

synthesis results, outperforming PWG and PriorGrad without adding computa-

tional cost.

95



Chapter 5

Perceptual Spaces for the Singing

Voice
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5.1 Introduction

The subsequent sections provide a comprehensive account of the experiment de-

tailed in the author's publication [O'Connor et al., 2020]. However, since this

publication, considerable revisions have been made to the data analysis section in

order to make the research more understandable, justify the choice of statistical

tests, and exchange less relevant results for more relevant and interesting ones.

The experiment entailed the collection of data through listening studies, wherein

participants were exposed to a repertoire of vocalisations and tasked with rating

their dissimilarities. The dissimilarity ratings were then subjected to clustering

and statistical analysis to ascertain the number of ways in which participants per-

ceive vocalisations under different gender and pitch register conditions. Further-

more, the study sought to evaluate the alignment between participants' percep-

tions and the designated ground truth labels for different singing techniques. The

data then underwent dimensionality reduction to yield singular points represent-

ing each technique, projected onto a two-dimensional plane to facilitate a visual

understanding of participants' perceptual spaces. This chapter culminates in a dis-

cussion encompassing the notable �ndings concerning the perception of singing

techniques and potential avenues for further improvement in research methodolo-

gies.

This research aims to �ll a signi�cant gap in the existing literature pertaining

to timbral perception of singing voices. Limited research has delved into the tim-

bral spaces of human voices, particularly in the context of singing techniques. To

address this gap, the present study endeavours to visually represent and quantita-

tively assess the perceptual dissimilarities among various singing techniques. A

critical examination of the validity of the prevailing terminology for categorising

singing techniques is needed, as the extent to which distinct techniques possess

perceptual salience warranting their classi�cation as separate entities is not well

documented. The existing ontology for singing techniques however, is justi�ed

in that it appropriately categorises vocal utterances in a singing context based on

the mechanical processes of the relevant vocal organs [Sundberg, 1977, Blomgren

et al., 1998]. It has also been noted that terminologies have been convoluted over

time by diverging interests between artistic and scienti�c communities [Garc�́a-
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López and Gaviĺan Bouzas, 2010, Gerratt and Kreiman, 2001].

This investigation also explores the question of whether listeners coming from

diverse musical and audio backgrounds perceive these techniques in divergent

ways. Previous work [McAdams et al., 1995, Sera�ni, 1993] reported signi�cant

differences between participants of musical backgrounds, while Carterette and

Miller [1974], Wedin and Goude [1972] reported none. Kreiman et al. [1993]

and Labuschagne and Ciocca [2016] have highlighted the signi�cant amount of

variance present across listening studies, and Proutskova [2019] has shown that

even experts in vocal physiology can be in considerable disagreement about vocal

mechanics or technique classi�cation when listening to vocal recordings.

Finally, a dataset of perceptual dissimilarity ratings would also prove useful to

future research in generative networks for the singing voice. Esling et al. [2018]

have shown that utilising timbral spaces as a regularisation component in VAE

training has led to latent spaces that are more interpretive, offer more control, and

enhance the quality of synthesised output. It was anticipated that the perceptual

ratings collected in this experiment could be used in a similar way if the results

were satisfactory.
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5.2 Method

The aim of this experiment is to explore and present the structure of perceptual

space for a given number of singing techniques. Volunteering participants were

asked to listen to every pair of audio clips in a given set of stimuli and rate how

dissimilar they sound from one another. The following �ve singing techniques

as labelled in the VocalSet dataset [Wilkins et al., 2018] were used:vocal fry,

breathiness, neutral, belt, andvibrato. These were cherry-picked from VocalSet's

selection of 17 singing techniques, as they are the most recognisable and com-

monly used vocalisation types in Western popular music [Kayes, 2015].

Once a suf�cient number of participants had submitted dissimilarity ratings,

the data was then subjected to a combination of clustering and statistical analy-

sis. Multidimensional scaling (MDS) was used to visualise how these techniques

relate to one another in perceptual space on a two-dimensional plane. The pro-

ceeding subsections discuss the stimuli, listening study and analysis methods in

greater detail.

5.2.1 Stimuli

Experimental Requirements

The term `listening session' is used here to describe an online listening study ses-

sion which presents audio clips for participants to rate. Each session is randomly

assigned to a participant and contains recordings of a single singer. The total

number of required ratings per listening session is determined bym, the number

of stimuli available for pairwise distance evaluation. The calculation for the total

number of independent pairwise distancesC, is:

C =
m � (m � 1)

2
: (5.1)

As we are including self-similarity comparisons for evaluation in this experi-

ment, we add the value ofm to this formula, giving us the �nal equation as shown

in Eq. 5.2 [Cameron, 1994, McAdams et al., 1995]. As each singing technique

should be featured evenly in these listening sessions, the number of examples per
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techniquen, would be the value ofm divided by the number of classes, which is

5.

C =
m � (m + 1)

2
(5.2)

While a large value for the total number of dissimilarity ratingsC would pro-

vide more robust statistical measurements, a trade-off betweenC and how much

listening fatigue would be experienced by participants was considered. It was

empirically calculated with prior pilot studies, that it would take approximately

one minute to produce �ve pairwise distance ratings. 25 minutes of listening was

considered a reasonable amount of time to expect participants to remain alert and

attentive to detail. Considering this amount of time, the average speed of partici-

pants, and the anticipated interest from potential participants, three examples per

class was deemed an appropriate choice. This leads to a total of 15(5 � 3) unique

stimuli and 120 ratings per listening session. These decisions were in�uenced by

similar past work on listening studies [McAdams et al., 1995, Grey, 1977].

However, due to an unfortunate error in the design of the listening study, dis-

similarity ratings involving 1 of the 15 stimuli was not recorded. This reduced the

total stimuli to a size of 14 examples and 105 pairwise distance ratings per listen-

ing session. An example of a dissimilarity matrix generated from a participant's

ratings is shown in Figure 5.1.

Figure 5.2 shows the hierarchical structure of the stimuli for each listening

session. Three male and three female singers were randomly selected from Vo-

calSet. Each listening session contains two versions of a singer's vocalisations:

high or low-register singing. Each of these sessions contains 3 examples of 5

singing techniques. There are twelve sessions in total that participants could be

assigned to.

VocalSet

At the time of this study, there were several datasets available to the public that

contain annotations for different singing techniques, such as the Phonation Modes

Dataset [Proutskova et al., 2013], The Singing Voice Dataset [Black et al., 2014],
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Figure 5.1: Example of a dissimilarity matrix generated from participants' pair-
wise ratings. Shortened versions of the labelsstraight, belt, breathy, fryandvi-
brato are featured along the axes. Values closer to 1 indicate very strong dissimi-
larity, while values closer to 0 indicate strong similarity. In this case, data relating
to one of threestraightsinging audio clips is missing.
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Figure 5.2: Hierarchical diagram of sampled stimuli. Colours represent different
levels of conditional groups, while ellipses signify that the contents of its con-
dition block imitate the contents of the block representing the same hierarchical
condition group on the far left.

VocalSet [Wilkins et al., 2018] and the Vocobox dataset1. Of these candidates,

VocalSet was chosen as the source of stimuli, as it contains 20 singers of diverse

ranges and ages, 10.1 hours of recordings, claims to be unbiased toward any genre,

contains strong annotations and focuses on a range of vocal techniques. Wilkins

et al. [2018] have also expressed that their dataset was designed especially for

vocal technique classi�cation and style transfer tasks. The singers perform arpeg-

gios, scales, sustained tones, and short musical excerpts using different vowels

and vocal techniques.

From VocalSet, only audio clips of the �ve aforementioned singing techniques

were considered. Audio clips were randomly selected from this subset, restricted

by the required conditions for each listening session. This subset initially con-

tained an unbalanced number of classes, so examples were randomly deleted from

the larger class sets until the subset was class-balanced. Recordings labelled as

excerptswere also omitted, as these were disproportionately long compared to all

other examples, and only existed for thevibratoclass.

1www.github.com/vocobox/human-voice-dataset
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5.2.2 Sampling from VocalSet

As 15 examples satisfying singer, gender, register and technique conditions had

to be selected from the VocalSet subset, a random sampling process with imposed

restrictions was required. One second of audio per example was considered suit-

able for this study, which allows time-varying features in the voice to become

evident to participants, re�ecting considerations in previous works such as that

of McAdams et al. [1995]. The next section describes how audio clips were

randomly selected for auditioning before being added to the listening sessions'

stimuli pool.

Register-Matching

A register-matching algorithm was applied in order to determine whether an audio

clip would satisfy the singing register condition (low or high) of a given listening

session. To do this, reference pitches that are close to the lower and upper-bound

limitations of a singer's range (to maximise the diversity between low and high

registers without unduly restraining the amount of potential candidate content)

must be calculated. They are therefore determined by analysing the pitches of

each singer's entire repertoire prior to the random sampling process.

To do this, a series of continuous pitch values were generated for all audio �les

in the VocalSet subset using Sonic Annotator2 [Cannam et al., 2010] in conjunc-

tion with the pYIN algorithm [Mauch and Dixon, 2014] plugin, which possesses

speci�ed parameters to mimic the output of the annotation software, Tony3. A me-

dian �lter window of 77 frames (approximately 0.45s in length) was empirically

chosen to adequately smooth out the resulting pitch contours.

Next, global means and standard deviations were computed across all record-

ings for each singer. Any sections of pitch contours that contained zero values

were excluded from the statistical calculations. These zero values indicate un-

voiced, excessively noisy, or silent segments that do not provide meaningful pitch

information. Subsequently, the pitch references for the low and high registers

2https://code.soundsoftware.ac.uk/projects/sonic-annotator
3https://code.soundsoftware.ac.uk/projects/tony/wiki/PYIN_

Parameters
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were determined by subtracting or adding one standard deviation to the global

mean for each singer.

During the random sampling process, the register-matching algorithm com-

putes a mean pitch value from the sampled candidate audio clip in a similar fash-

ion. It then compares this local mean value to reference pitches for that singer's

low/high register. However, if more than 25% of the pitch contour contains con-

secutive zero values, the audio clip is deemed unsuitable and the random sampling

process is restarted.

It was hypothesised that the task of rating dissimilarity w.r.t. technique would

be too dif�cult if vocalisations possessed a wide range of pitches within a listening

session. Conversely, restricting pitches to be precisely the same had proven to

be too restrictive for the sampling process to select a suf�ciently random set of

stimuli satisfying all conditions simultaneously. Therefore, a tolerance of two

semitones in pitch variance was applied, as it allows for an adequately diverse

representation of vocalisations without applying signi�cantly diverse changes in

timbre. If a sampled audio clip yielded a mean pitch value within two semitones of

the relevant register's reference pitch, it passed this stage of the sampling process.

The pitch contours generated for many instances ofvocal frytechniques, how-

ever, were frequently very poor. These vocalisations often featured a signi�cant

amount of aperiodicity, where the fundamental frequency is dif�cult to determine,

if it indeed exists at all. The technique can also produce sub-harmonic frequencies

a number of octaves below all other singer vocalisations, often making it impos-

sible to obtain a meaningful local mean pitch value that is close to a central pitch.

If sampled audio clips cannot satisfy the listening session's register condition re-

quirements after 20 iterations of randomly sampling from a given singer, then the

pitch-matching requirement is bypassed.

Stimuli Post-Processing

There was a large amount of variance in perceived volumes between singers and

techniques. Extracted audio clips were therefore normalised to make the com-

parative task easier for participants, which is a common step in preparing stimuli

for listening studies [McAdams et al., 1992, 1995]. They were also converted to
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128kps mp3 format usingPydub4, which was assessed to be a suitable quality for

the task.

5.2.3 Listening Study Setup

As this research was conducted in late Spring of 2020, COVID restrictions made

it impossible for listening studies to be conducted in person. In response to this,

an online version was created that could instead be done remotely. The Web

Audio Evaluation Toolkit (WAET) [Jillings et al., 2015] was used to design the

listening study interface. This was chosen over other listening study interface

designs due to its �exibility in interface development and currently active support

from C4DM alumni creators. The �rst web pages of the listening study covered

a written introduction, ethical documentation, and instructions to participants on

how to interact with the interface. The WAET API collected relevant personal

information from the participants relating to their listening environment, musical

training, perceptual abilities, and individual pro�le data such as age and gender

(although neither of these were used in the analysis).

The interface consisted of 20 web pages. Each page presented one reference

audio clip and up to 8 comparative audio clips, each of which was accompanied

by its own slider as seen in Figure 5.3. Participants were instructed to move the

sliders to a position that represented how dissimilar each comparative audio clip

was to the reference audio. From the lowest to the highest value, the sliders were

annotated with the following evenly spaced text prompts: `Extremely different',

`different', `similar' and `extremely similar'. These prompts were placed to as-

sist participants by indicating the sliders' polarity, encouraging consistency, and

implying some linearity across the sliding space.

5.2.4 Participants

A call for participants was sent out via mailing lists within QMUL and among

the international MIR-related community of ISMIR, to which 61 volunteers re-

sponded. The minimum requirement for the study was to have an interest in mu-

4https://github.com/jiaaro/pydub

105



Figure 5.3: View of interface used by participants for rating dissimilarities be-
tween a single reference recording and multiple comparative recordings.

sic, which allowed for a wide range of participants from different levels of mu-

sical background to contribute. Previous literature (see Section 4.1.2) on general

timbral mapping has reported diverse �ndings regarding the differences between

participants of various musical backgrounds. How this affects the perception of

vocal techniques remains to be determined.

Participant Questionnaire and Instructions

The following list presents a set of questions given to participants regarding their

age, gender, listening environment and musical abilities [McAdams et al., 1995,

1992]. Square brackets after each question containing a list indicate that the ques-

tion is multiple choice. Questions 1-5 were asked before the practice round. Ques-

tion 6 was asked after the practice round, and Question 7 was asked at the end of

the study:

1. Please indicate what listening equipment you intend to use for this experi-

ment (Headphones are preferable). If you wish to change your setup, please

do so before continuing and refresh this page [Inbuilt speakers, external

speaker, ear/headphones]

2. How would you assess your current listening environment on a scale of 1

(very noisy) to 5 (very quiet)?
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3. Please provide your age in the space below.

4. Please provide your gender identity in the space below.

5. What instrument are you best at playing?

6. Having just done the practice round, do you think you have any hearing

impairments that would affect your ability to perform similar tasks? [Yes,

No]

7. Do you have any other comments regarding your evaluations or any other

aspect of the study?

It also contained a set of questions from the `Perceptual Ability' subsection of

the GOLD-MSI questionnaire [M̈ullensiefen et al., 2014], which were developed

to provide information regarding the participants' musically relevant perceptive

skills. These are presented in Appendix A. As a precautionary start to the study,

participants were �rst asked to set their volume to the minimum value, and then

click `play' for a test audio clip that featured a speaker. Participants were asked

to fade up the volume until the speaker roughly sounded as if they were one me-

ter away, which ensured an audible and safe listening volume for the rest of the

study. They were then given instructions regarding the main task, which involved

listening to pairs of vocalisations and rating their dissimilarities. The description

of how they should conceptualise and rate dissimilarity is quoted below:

We are interested in measuring how differently listeners perceive the sounds

of a singer's voice when utilising various singing techniques. In this experi-

ment, you will be comparing multiple unedited and unprocessed recordings

of one individual singer. Your task is to rate how similar or different the

singer's sustained vocalisations sound to you, due to different singing tech-

niques. The challenge, therefore, is to rate vocal similarities IRRESPEC-

TIVE of the singer's changes in pitch (notes) and utterance (vowels) between

recordings.

At the end of the experiment, participants were invited to give open feedback

regarding their experience of the experiment and the techniques they used for

rating dissimilarity.
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Data Reliability Management

Before participants began the recorded section of the study, they were �rst in-

troduced to the format of the experiment via 3 `practice rounds' where their re-

sponses to the given task were not recorded. This allowed them to become familiar

with the interface and format, with the added bene�t of exposing them to a wide

range of vocalisations. To counteract any bias the order of the tasks might cause,

they were presented in a randomised order, and vocalisations from the practice

rounds came from singers who did not feature in the recorded section of the same

listening study. To minimise the participants' fatigue, they were prompted to take

short breaks twice during the study (another frequently used technique in listening

studies).

Pilot Study Feedback

Participant feedback during pilot study sessions led to several changes in the pub-

licised version which are as follows: the practice rounds were increased from

one to two pages; the task description was re�ned to inform participants that per-

ceptual differences in audio production, audio quality, and the singer's musical

abilities could be ignored when rating dissimilarity. It was also made clear that

none of the voices were synthesised and that all vocalisations in each listening

session were performed by a single singer.

5.2.5 Data Encoding

The questionnaire that participants answered was designed in such a way that

the answers to multiple-choice questions could be ranked. This section describes

several methods used to combine, interpret and convert participants' answers so

that they may be used in automatic processing and statistical analysis.

Potential answers to Question 1 regarding participants' listening equipment

were ranked in the order they were shown from 1-3. The answers to Question 2

about their listening environment were ranked 1-5. The sum of these two answers

provides an overalllistening potentialscore ranging from 2-8.

Questions requiring written answers were converted by the author to integers
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representing either ordinal or categorical data to facilitate subsequent analysis.

Participants were asked at the end of the study in Question 7, to optionally pro-

vide comments regarding their ratings or the study itself. It was found that during

the pilot study, this type of question would coax participants to disclaim any un-

certainties they had about doing the task correctly. This answer was converted by

the author to ordinal categories ranging from 0 to 4, re�ecting how well the par-

ticipant understood their task. As part of the screening process, participants who

scored 0 were removed from the dataset.

The GOLD MSI's perceptual ability questions allowed participants to answer

on a 7-point Likert scale ranging from `strongly disagree' to `strongly agree'.

These were summed up in accordance with the GOLD-MSI subscale scoring tem-

plate to determine each participant's perceptual ability score.

An additional method for assessing musical aptitude for this listening study

was derived from participants' answers to Question 5 where they were asked what

instrument they played, if any. From this, ordinal category values were assigned

as 0, 1, or 2, depending on whether the participant was a non-musician, musician

or vocalist.

Finally, a post-hoc evaluation of participant feedback to Question 6 provided

some insight regarding how well they understood the task, or what they found

challenging due to particular interface design features. The researcher interpreted

these answers and assigned an ordinal score from 0-3. This re�ected the partic-

ipants self-proclaimed understanding of the task and is termed thetask compre-

hensionscore. An additional category `4' was reserved for participants who chose

not to answer.

5.2.6 Participant and Data Screening

Kreiman et al. [1993], Labuschagne and Ciocca [2016] have highlighted a number

of issues that relate to poor perceptual ratings, such as listeners' diverse back-

grounds, biases, poor task descriptions, task-listener interactions, and random

errors. To counteract these potential pitfalls, participants' submitted data was

screened in several ways to ensure that the dataset used for analysis was reason-

ably reliable. The result of these screening processes was evaluated by manually
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examining the dissimilarity matrices generated from the participants' data (see

Figure 5.1), which provides some visual indication of how much structure and

noise is likely in a participant's submitted ratings. All data screening took place

after the listening studies had �nished, except in cases where participants reported

hearing impairments that might affect their ability to perform similar tasks, or

yielded alistening potentialscore less than 3, their listening study was terminated

with an explanation, as they were considered ineligible.

If participants understood the task properly, their generated dissimilarity ma-

trices would have a vector of zeros along the diagonal axis. This would re�ect

their assertion that there is no difference in singing technique between two audio

clips of the same recording. If participants did not understand the task or provided

unreliable data, the diagonal axis would possess a considerable amount of noise.

Due to the design of the listening study's interface, which facilitates multiple com-

parative audio clips to rate against one reference clip per page, it is reasonable for

participants to make at least one mistake in identifying identical vocal techniques

(same audio clips). It is also reasonable to consider that participants may not be

perfectly accurate in dragging the sliders all the way to `exactly' zero. We there-

fore omit participants who have more than 2 ratings for self-audio comparisons

that are more than 0.1, and refer to this metric aspoor identity recognition.

During a listening session, participants were unknowingly subjected to two

repeatedpages randomly hidden among the unique pages. Participants who were

careless or lacked attention were expected to be unlikely to accurately repeat

their ratings between repeated pages. Mehrabi [2018] used Spearman's rank-type

correlation between repeated tasks to detect unreliable data, while Gerratt and

Kreiman [2001] calculated percentage errors for repeated ratings deviating from

more than a single point on a Likert scale. Neither of these approaches seemed

suitable in this context due to the continuous nature of the rating interface. Instead,

an RMSE value was calculated between ratings for repeated tasks. Participants'

data were removed from the dataset if their corresponding RMSE value was above

a given threshold value. During the pilot studies, we asked some participants to

perform careless and rushed ratings, while others were asked to provide cautious

and considered ratings. Examining this data allowed us to determine the RMSE

threshold that separates good from poor raters to be 0.4. Participants' generated
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RMSE values above this threshold will be intuitively referred to as theinconsis-

tencyscore.

To visualise how much inter-participant agreement existed in the reduced dataset,

a correlation matrix was generated between each dissimilarity matrix of all partic-

ipants. This step was proposed by McAdams et al. [1995] in order to �nd outliers,

or participants who had a suspiciously different style of rating to others. How-

ever, in order to compare dissimilarity matrices, we must ensure that the order

and number of classes per participant matrix are the same. As an error with data

collection led to omitting ratings relating to one random audio clip per session,

dissimilarity matrices did not contain information in a uniform manner. To make

up for this discrepancy, a dummy row and column were added to each matrix

in the place where the randomly omitted ratings should be. Each cell in these

added vectors contained an average of the participant's ratings across their listen-

ing session. This ensured that ratings would be uniformly presented across all

participants' dissimilarity matrices without inducing a bias.

5.2.7 Analysis

Clustering

All data that passed the screening tests were subjected to a combination of clus-

tering analysis techniques, as in the work of McAdams et al. [1995], Gerratt and

Kreiman [2001], Grey [1977] to deduce whether the existing labels of the stimuli

were appropriate, as well as how different groups of participants perceived the

stimuli in relation to their ground truth labels. Clustering algorithms were fed the

dissimilarity matrices of each participant, where each row can be thought of as

a data point representation, and each column as a feature vector. Clusters were

�rst predicted using two methods for solutionsf k 2 Z j 2 � k � 14g: the

agglomerative clusteringusingWard linkage; and theK-meansalgorithm.

To estimate the accuracy of participant's perceptual space w.r.t. the ground

truth, sklearn's adjusted rand score metric was used, which provides a

measure of similarity between the groups of predicted and ground truth labels.

This is calculated by considering all pairs of samples and counting all pairs that

are assigned to the same or different clusters between the ground truth and pre-
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dicted cluster assignments. This provides a list of comparisons that are true posi-

tives (TP), true negatives (TN), false positives (FP) and false negatives (FN). The

following formula produces the Rand Index (RI) [Rand, 1971]

TP + TN
TP + TN + FP + FN

: (5.3)

Finally, theAdjustedRand Index (ARI) is computed using the following for-

mula in order to consider chance level similarities between clustering solutions,

calculated as

ARI =
RI � ExpectedRI

max(RI) � ExpectedRI
(5.4)

where Expected RI is the expected RI if clustering was randomised.

Clustercohesion(how similar data points to one another within a cluster) is

measured by getting the mean intra-cluster distance, while clusterseparation(how

far data points are to other clusters) is measured by getting the mean nearest-

cluster distance between clusters. The following equation calculates each of these

measurements w.r.t. individual samples, and combines them to produce a silhou-

ette score. This is computed as

(b� a)=max(a; b); (5.5)

wherea represents the distance between a sample and other samples of the same

cluster (cohesion), andbrepresents the distance between a sample and the nearest

cluster it is not a part of (separation). The silhouette score for the entire solution is

the average of these scores across each sample. Scores of 0 and 1 imply clustering

solutions that heavily overlap or separate, respectively, and a negative score im-

plies incorrect clustering where a data point is not assigned to its nearest cluster.

The distribution of these metrics for different numbers of cluster solutionsk, were

compared across all participants, as well as between groups of participants that

were subjected to a different register (low/high) or gender (male/female) condi-

tion.
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Statistical Tests

Participant featuresare the answers participants provided to the questionnaire that

were converted to interval or ordinal data, which re�ect the following: hearing im-

pairments, listening potential, musician category, MSI score, task comprehension,

poor identity recognition, and inconsistency. Participants' silhouette and accuracy

scores were also included in the feature sets. The combination of these features

leads to a collection of ordinal and continuous data, and so Spearman's and Pear-

son's rank correlation was used to test for the strength of monotonic relationships

between them.

Kruskal-Wallis and Mann-Whitney U tests were used to determine whether

the imposed conditions of a listening session led towards better or worse clus-

ter silhouette or accuracy scores for values ofk that provided the best clustering

scores on the majority of the dataset. The choice of statistical test methods was

primarily informed by Greene and D'Oliveira [2005], Mumby [2002].

Matrices to 2D-plots

Perceived distances between speci�c classes (and not speci�c audio clips) will be

referred to aspairwise class distances(PCDs). As there are 5 technique classes

to rate between, the total number of PCDs using Eq. 5.2 is 15. The collected

105 pairwise distance ratings were �rst reduced to a 5-dimensional dissimilarity

matrix to present the 15 PCDs. These matrices were then summarised across all

participants to yield a single dissimilarity matrix per condition. The methods used

to do this summarisation were dependent on whether the PCDs were found to be

normally distributed or not.

These condition-speci�c PCD dissimilarity matrices were then projected onto

a 2-dimensional plane using MDS, which has been frequently used in the literature

to visualise perceptual data [Grey, 1977, Kruskal, 1964, Shepard, 1962a,b, Gerratt

and Kreiman, 2001]), leading to an intuitive visual representation of the percep-

tual space. The non-metric MDS algorithm5 was used to produce the best-�tting

dimensionally reduced representation of the data points.

5https://scikit-learn.org/stable/modules/generated/sklearn.
manifold.MDS.html
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5.3 Results and Discussion

In this section a combination of parametric and non-parametric statistical tests

will be used. All data will be tested for normal distributions using the Shapiro-

Wilk test with ap-value of 0.05 [Shapiro and Wilk, 1965], and visual veri�cation

of distributions before choosing an appropriate statistical test. The distributions

of participant featuresare shown as histograms and bar charts in Appendix A.2,

illustrating the diversity among participants.

5.3.1 Data Screening

After closing the call for participants, data of 61 listening sessions was extracted

from WAETs XML �les in which they were stored. The screening process from

Section 5.2.6 was applied to ensure participants and their ratings met the minimal

criteria. Six participants failed to provide data that passed this process. These

included three whose feedback scored `0' on task comprehension, 2 who failed

inconsistency test, and 2 who failed the poor identity recognition task (one of

whom already failed the inconsistency test).

A resulting dataset of 55 participants was encoded in HDF5 format and used

for analysis. The results of a Spearman correlation matrix between participants'

15-dimensional dissimilarity matrices (generated as described in Section 5.2.6)

can be seen in Figure 5.4. This shows that there is a considerablelack of cor-

relation and a large amount of variance between participants' ratings across that

dataset.

As each listening session was used roughly 5 times, it is also sensible to view

correlation matrices between participants' data when grouped by session. Figures

5.5 and 5.6 show these correlations. The unbalanced matrix dimensionality be-

tween subplots is due to the removal of certain participants' data due to screening

processes. These plots also surprisingly demonstrate a considerable lack of cor-

relation between participants, meaning that even when participants listened to the

same stimuli, there was a considerable amount of variance between their dissimi-

larity matrices.
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Figure 5.4: Correlation matrix between dissimilarity matrices of each participant,
indicating signi�cantly more uncorrelated matrices than correlated ones.

5.3.2 Cluster Scores

Clustering algorithms for values off k 2 Z j 2 � k � 14g were �rst applied

across all participants' data, from which accuracy and silhouette scores could be

calculated. Values ofk with the highest cluster scores were stored for each partic-

ipant, and thek value that most frequently yielded the highest scores was consid-

ered the optimal value w.r.t. the score measured. The distribution of these values

is presented in Figure 5.7.

We can infer from this that there are more participants perceiving the stim-

uli in a manner that leads towards clustering that best �ts the ground truth labels

whenk = 5 than for any other value ofk. Conversely, the optimumk value for

silhouette scores was 2, suggesting that the compactness and separateness of clus-

ters among participants' data are poor and need the minimal number of clusters

to obtain high silhouette scores. This suggests that participants are not perceiving

the different classes as particularly salient from one another.

As the distributions between both clustering algorithms were similar for accu-

racy and silhouette scores, a correlation test was conducted between them. After

con�rming normal distributions for all score types, the Pearson correlation test

was used. Results shown in Figure 5.8 illustrate correlations for silhouette and
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