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Abstract

Audio source separation aims to recover the signals produced by individual sound sources from a
recording of the sounds mixed together. This perception-inspired technology is widely applicable
to music, speech, and natural sounds because they are often a linear mixture of simpler sounds,
and because the individual sounds are easier to interpret than their mixture. A structured represen-
tation of sound mixtures has many musical applications because it enables advanced processing of
individual sound sources and analysis of polyphonic recordings. Source separation research has
improved mobile communication, hearing aids, and machine perception.

While machine learning has improved source separation quality, most methods rely on super-
vised learning from nonparametric representations of the recorded mixture and the ground truth
signals of specific instrument-level sound sources. Unsupervised source separators are valuable
because they do not need the ground truth signals. Yet, challenges involved with this highly ill-
posed problem have curbed robust note-level separation. Decomposition algorithms usually dis-
regard covariance between mixture components and assume there is no uncertainty about their
data, estimates, or model structure, leading to ill-conditioned, over-fitting, or suboptimal estima-
tors. Bayesian inference is however suited for these tasks as it measures uncertainty and optimally
integrates prior information with observable data.

This dissertation addresses unsupervised single-channel audio source separation and decom-
position through Bayesian hierarchical modeling, inference, and machine learning. We propose
two new ways of unsupervised blind source separation that separate polyphonic recordings into
monophonic signals of individual notes. They are instrument-general and can separate overlap-
ping notes from the same instrument. Along the way, we reinterpret traditional audio signal mod-
els as Bayesian hierarchical models and use Bayesian inference to improve sparse decomposition,
parameter estimation, partial tracking, and spectral peak classification.

In the first way, we develop a new Bayesian dynamical source model that allows us to group
parametric time-frequency data based on common-fate cues theorized by auditory scene analysis,
and on control-level cues from sound synthesis. Observable data is grouped to their most probable
sources by wrapping the proposed source model into a Dirichlet process mixture and inferring all
latent variables with Gibbs sampling.

In the second way, we create a dynamical variational auto-encoder that can efficiently separate
polyphonic recordings of arbitrary duration into individual notes and learns from unlabeled data
consisting only of mixture signals. Results indicate that Bayesian hierarchical models and machine
learning benefits unsupervised blind source separation as it regulates a source’s statistical proper-
ties and infers the number of sources in a mixture. Dynamical source models can also be used for




ii Abstract

audio filtering, in-painting, and generation.



Resumé

La séparation de sources audio vise a récupérer les signaux produits par des sources sonores indi-
viduelles a partir d’un enregistrement des sons mixés ensemble. Cette technologie inspirée de la
perception est largement applicable a la musique, a la parole et aux sons naturels car ils sont sou-
vent un mélange linéaire de sons plus simples et parce que les sons individuels sont plus faciles a
interpréter que leur mélange. Une représentation structurée des mélanges sonores a de nombreuses
applications musicales car elle permet un traitement avancé des sources sonores individuelles et
I’analyse des enregistrements polyphoniques. La recherche sur la séparation de sources a amélioré
la communication mobile, les aides auditives et la perception des machines.

Alors que I’apprentissage automatique a amélioré la qualité de la séparation de sources, la
plupart des méthodes reposent sur I’apprentissage supervisé a partir de représentations non para-
métriques du mélange enregistré et des signaux réels de sources sonores spécifiques pour chaque
instrument. Les séparateurs de sources non supervisés sont précieux car ils n’ont pas besoin des
signaux réels. Pourtant, les défis liés a ce probleme trés mal posé ont freiné la séparation robuste
au niveau des notes. Les algorithmes de décomposition ne tiennent généralement pas compte
de la covariance entre les composants du mélange et supposent qu’il n’y a aucune incertitude
quant a leurs données, estimations ou structure de modele, ce qui conduit a des estimateurs mal
conditionnés, sur-ajustés ou sous-optimaux. L’inférence bayésienne est cependant adaptée a ces
taches car elle mesure I’incertitude et integre de maniere optimale les informations préalables aux
données observables.

Cette these porte sur la séparation et la décomposition non supervisées de sources audio mono-
phoniques par la modélisation hiérarchique bayésienne, 1’inférence et 1’apprentissage automatique.
Nous proposons deux nouvelles méthodes de séparation aveugle non supervisée des sources qui sé-
parent les enregistrements polyphoniques en signaux monophoniques de notes individuelles. Elles
sont applicables a tous instruments et peuvent séparer les notes qui se chevauchent du méme in-
strument. Au passage, nous réinterprétons les modeles de signaux audio traditionnels comme des
modeles hiérarchiques bayésiens et utilisons 1’inférence bayésienne pour améliorer la décompo-
sition parcimonieuse, I’estimation des parametres, le suivi de partiels et la classification des pics
spectraux.

Dans un premier temps, nous développons un nouveau modele de source dynamique bayésien
qui nous permet de regrouper des données temps-fréquence paramétriques basées sur des indices
de destin commun théorisés par I’analyse de scene auditive et sur des indices de niveau de contrdle
issus de la synthese sonore. Les données observables sont regroupées selon leurs sources les plus
probables en englobant le modele de source proposé dans un mélange de processus de Dirichlet et
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en déduisant toutes les variables latentes avec I’échantillonnage de Gibbs.

Dans un second temps, nous créons un auto-encodeur variationnel dynamique qui peut séparer
efficacement des enregistrements polyphoniques de durée arbitraire en notes individuelles et ap-
prend a partir de données non étiquetées constituées uniquement de signaux de mélange. Les
résultats indiquent que les modeles hiérarchiques bayésiens et I’apprentissage automatique bénéfi-
cient d’une séparation aveugle non supervisée des sources, car elle régule les propriétés statistiques
d’une source et déduit le nombre de sources dans un mélange. Les modeles de source dynamiques
peuvent également étre utilisés pour le filtrage audio, la restauration de données manquantes et la
génération de données.
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Chapter 1

Introduction

1.1 Opening

Audio source separation is a central problem in the field of digital audio signal processing, with
many theoretical implications and practical applications to music, speech, and natural sounds.
Research progress in source separation has enabled new technologies and guided trends in mobile
communication, hearing aids, music information retrieval and music production.

However, there is a lack of research on the probabilistic modeling and separation of audio
source mixtures, how it relates to traditional signal modeling and estimation, efficient inference
schemes by application of Bayes’ theorem, and its potential benefits when used for core problems
like sparsely decomposing audio, estimating parameters of sound sources, and unsupervised blind
source separation.

This research aims to develop new methods of blind source separation using Bayesian hi-
erarchical models that capture the stochastic dynamics of sound sources from parametric repre-
sentations, and unsupervised separation using Bayesian deep learning that does not rely on prior
knowledge of the number of mixed sources nor ground truth labels. Along the way, this research
proposes a new view of audio signal models framed in terms of probabilistic inference. Sounds
are assumed to be formed by the superposition of distinct sound sources. Turning to analysis, the
goal is to infer these sources by application of Bayes’ theorem. This research seeks to capture
uncertainty about the observed signals and the fit between the model and reality, to direct this ef-
fort towards modeling sources in multiple levels of abstraction, and to develop efficient inference
methods for recovering information about sound sources from a given mixture signal.

This chapter introduces the dissertation by discussing the background and context, the research

problem, the research objectives and questions, the significance, the limitations, and the structure.




2 Introduction

References are cited for a few key publications in the introduction, and are fully cited with normal

frequency in the main text starting with the technical review of the second chapter.

1.2 Background and context

Sound is often made from a mixture of simpler sounds. In everyday life, we parse complex sound
scenes into their constituent components to more readily process their information. At times, we
passively do this, it is rather automatic. Other times, disentangling sound is more active, as we
concentrate on a particular sound within a complex sound scene. For example, when we listen to
a person in conversation at a bustling party. Computer systems that aim to make sense of audio
signals benefit from the same kind of disentangling process, albeit through digital rather than
biological mechanisms. Technologies that separate complicated sounds into simpler components
are used everywhere in digital audio signal processing. In addition to being an interesting problem
at a theoretical level, the computational decomposition of audio mixtures is essential for many
applications like re-mixing, augmented reality, effects (transposition, time stretching), information
retrieval (pitch tracking, event detection, recognition), sparse coding, and hearing aids.

This dissertation explores ways to model mixtures of sounds and their components at different
levels and abstractions, and develops algorithms that infer information about individual sounds
from a recording of just the mixed audio. Individual sounds that make up a mixture are called
sound sources. Being able to disentangle a mixture into its constituent components is key to
two significant problems in digital audio signal processing: audio source separation and audio
decomposition.

Source separation is a main problem in audio signal processing that aims to recover the wave-
forms of sound sources from a recording of the sounds mixed together. In this context, a sound
source is typically defined such that it is synonymous with an acoustic instrument. A canonical
example is the “cocktail party” problem (Cherry, 1953) wherein a sound source is considered to
be a human voice: given a recording of several people talking simultaneously, the goal of source
separation is to retrieve separate waveforms where each waveform contains the sound of only one
person talking.

High-quality source separation technology is in-demand. Affordable recording equipment,
personal computers, and online music platforms have offered individuals the possibility to produce
and distribute professional quality music from home. Source separation technology will play a key
role in this market because it can recover individual recording stems that have been lost due to file

corruption or deletion. It can help musicians during practice, by isolating or attenuating particular
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instruments from a recording, which could then be learned by ear or processed by a transcription
algorithm to learn from the score. For the music listener, source separation is key to interactive
audio, which composes a song based on a person’s input by altering the dynamics and equalization
of individual instrument tracks. Interactive audio has seen recent growing use in fitness, gaming,
and social applications.

Today, music source separation services and products are emerging from both established and
new companies, which is a testament to the quality and demand for such technology. However,
the commercial products are still in need of improvement, namely in terms of separated sound
quality, which contain artifacts, the support for a larger variety of instruments, and their ability
to generalize to different music genres. The issue is that the sound sources in music recordings
are highly correlated because they play in synchrony. For example, instruments in a composition
often play in unison to double a melody, and play notes at the same time. The tempo, timbre of
instruments, composition, and recording techniques vary with respect to the genre, time in history
of the recording, and many factors. Capturing such variability is difficult using supervised deep
learning methods because the availability of recording stems is limited.

For the vast majority of the world’s recorded music, we do not have access to the individual
tracks from the recording session, whether because they are privately owned and under copyright
by the record company, or because they simply do not exist. Rather, we have access to the final
mastered recording in mono or stereo format (one or two channels). While there are freely available
datasets that include individual recording stems, they represent a miniature subset of the world’s
music and instruments. For instance, they cover a few specific pop genres and their instruments,
like vocals, drum, and bass. Even so, training deep neural networks with these datasets has led to
massive advancements in source separation over the last several years.

Source separation technology is also key to improved mobile communication. The widespread
use of mobile phones and the recent increase in remote work has increased the number of instances
where people are having calls in noisy places that include other people talking, background mu-
sic, and environmental sounds. Recent technology that can separate out a person’s voice from
extraneous noise is useful in everyday experience, as it can significantly improve the speaker’s
intelligibility for people on the other end of the transmission.

Hearing aids and prostheses like cochlear implants are designed to help the millions of people
who suffer from hearing loss understand and communicate within their environment (Cunning-
ham and Tucci, 2017). A goal in the development of hearing aids and cochlear implants is for the
technology to sufficiently suppress noise such that speech is more intelligible, improving commu-

nication (Wilson and Dorman, 2008). Such devices are battery-powered and must work with very
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limited resources. Real-time and resource-efficient source separation technology that can run on
these devices will be key to improving the lives of people with hearing loss.

Decomposition is another main problem in audio signal processing that estimates the param-
eters of an underlying model of the sound source from a recorded signal. The recorded signal is
assumed to be made from a linear combination of sound sources. In this case, the sound source
is abstracted because its information is encoded in parameters, whose waveform realization con-
tributes to a complex sound when linearly mixed together with other such waveforms. A sinusoid,
sometimes called a pure tone, is the simplest kind of elemental sound source. Its parameters are
readily separated from a recording through Fourier analysis. More generally, an afom is a simple
waveform that represents a component of a more complicated signal, formed from a mixture of
atoms. An example of an atom is a windowed sinusoid parameterized by phase, frequency, and
amplitude. In the context of audio decomposition, source separation is realized by synthesizing a
waveform from the parameters of a sound source, with values that may be estimated from an input
signal.

Indeed, the definition of a sound source is malleable and sometimes expressed abstractly as a
mathematical object. It follows that the definition of a mixture depends on the kinds of sources
from which it is composed. To better understand these terms, we offer some examples of audio

sources and their mixtures in Table 1.1.

Level Mixture Sources
1 orchestra instruments
2 chord notes
3 note from acoustic instrument harmonics and transients
4 harmonic finite windowed sinusoids

Table 1.1: Examples of audio mixtures and sources.

These source definitions exist within a hierarchy, where a source from a higher level may
be considered as a mixture of lower-level sources. For example, a music ensemble is a mixture
of instruments, and each instrument is a mixture of notes, and each note is a mixture of filtered
noise and harmonics'. If we consider that a mixture of sources is more complex than the individual
sources that make up the mixture, then the hierarchical levels are ordered by their sonic complexity:

sources high in the hierarchy are more complex than sources low in the hierarchy.

'In reality, the spectrum of an acoustical instrument’s sound is not always perfectly harmonic. Perfect harmonics
are the set of frequencies that are integer multiples of the fundamental frequency, so frequency fr = kf; Vk €
{1,2,3,...}. But the piano, for example, has a slightly inharmonic spectrum where f;, > kfi (Fletcher and Rossing,
1998).
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In terms of the source separation problem, there is an ambiguity to the definition of a sound
source, which has taken many forms over the last several decades of research. Currently, the music
source separation problem takes its terminology from music production, and is concerned with
separating a mixture recording into stems, thereby defining a sound source as a stem (Mitsufuji
et al., 2022). However, a stem is itself a mixture of tracks, and a track is a signal recorded from a
single instrument. For example, a “vocals” stem includes all the vocal performances in the song,
including lead and background vocals, mixed together into a mono or stereo signal. So the stem is a
mixture, and at a lower level of the hierarchy are the tracks that make up the stem. A track actually
corresponds closely with the idea of a sound source as a system, as it captures the information
from a single sound production mechanism. This flavor of source separation may precisely be
called music stem separation.

But source separation can also refer to separation at a lower level, which is aligned with con-
cepts from auditory scene analysis, such as the perception of auditory streams (Bregman, 1990).
Algorithms like nonnegative matrix factorization (NMF) are used to separate notes from a record-
ing containing multiple overlapping notes, even if they are from the same sound production mech-
anism, or instrument (Fevotte et al., 2009). For example, NMF can be used to separate multiple
piano notes that overlap in time. In this case, the problem considers that a source is a single
note and a mixture is a polyphonic recording of one or more instruments. This version of source
separation can be called music note separation.

Rather than restrict to the idea of note from music, we propose to define a source slightly
more generally for this problem as a sound token. A sound token is defined as a short sound
that evokes a percept in humans (Shamma et al., 2011). A sound token is analogous to a speech
token. It not only includes musical notes, but also simple harmonic complexes and transients like
clicks, and more complex sounds like snare hits, vowels, and chords. Sound tokens have many
of the common attributes of sound that enable their perceptual segregation within a mixture, such
as pitch, loudness, location and timbre. We call this version of the source separation problem as
sound token separation.

Audio decomposition is connected to source separation in the following way. Decomposition
breaks up a signal into multiple signals (or parameters that encode their information) that are at the
lowest level of the mixture-source hierarchy. In literature on sparse decomposition, these low level
signals are referred to as afoms, and include, for example, windowed sinusoids (Gabor, 1946). This
version of the source separation problem may be called sound atom separation, which, in practice,
is equivalent to atomic decomposition.

Prior information is required to estimate audio sources from mixtures, to perform either source
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separation or decomposition, because the problems are, by nature, ill-posed. Single-channel source
separation, for instance, involves estimating multiple sources at each time sample of an input that
has just one dimension. This is only possible with prior knowledge about the structure of the
sources and how they are mixed. Decomposition involves estimating multiple components, where
each component has multiple parameters, from a finite one-dimensional input. This is only possible
with prior knowledge about how the parameters relate to the structure of a component, and how
the components are mixed to create the observable signal. Ill-posed problems cannot be solved
without prior information (Jaynes, 2003). This fact does not only pertain to mathematical analysis,
but is a general result of nature that also applies to human perception.

Prior information can take many forms. To make an ill-posed problem solvable, the practi-
tioner will make assumptions based on their prior knowledge. This injects prior information that
constrains the problem to make it solvable.

Sounds created organically by a physical production mechanism are unique, in that two sounds
are never exactly the same. For example, a recording of a note played from a piano will have sonic
characteristics that depend on the velocity of the key press, the tuning of the strings, the materials
and structure of the piano, the humidity of the room, and so on. All these variables may be consid-
ered as continuous in that there are an infinite number of possible configurations. If we record the
same note being played by a person hundreds of times, no two sounds are going to be identical.
Therefore, we can only characterize a sound based on its statistics, and predict how it will probably
sound. Note that this not only applies to acoustic sounds but also ones created from analog syn-
thesizers, because their sound is dependent on the particular configuration of continuous-valued
dials, the electrons in the circuit, and the temperature of the room. To contrast, sounds that are
digitally synthesized or duplicated by a computer are not necessarily unique and can be precisely
predicted. It is no coincidence, then, that makers of digital synthesizers add random fluctuations to
the algorithm parameters to make the sound more lively.

We argue that organic sounds are sfochastic: their patterns may be statistically analyzed but
may not be precisely predicted. Prior information about sound sources and mixtures is thus statis-
tical. Therefore, to solve problems like source separation and decomposition, we need a mathemat-
ical way to reason with statistical prior information and uncertainty. Probability theory provides
a framework for making optimal decisions that consider all available information, consisting of
statistical inference and decision theory (Jaynes, 2003). Bayesian inference is the optimal method
for reasoning with uncertain information (Bernardo and Smith, 1994; MacKay, 2003).

Different interpretations of a mixture and their sources, and the tasks of source separation and

decomposition, are addressed in a comprehensive and cohesive way by Bayesian modeling and



1.2. Background and context 7

inference.

Bayesian methods begin with specifying a model that describes how the signal is generated
from the latent variables (Koller and Friedman, 2009). Consider an observable audio signal that is
a mixture of simpler components. This signal is just the realization of one of many possible out-
comes from a stochastic process, a random draw from a probabilistic model. Information about the
signal is not only contained in the raw observable waveform, but also encoded by the model’s par-
ticular settings, its random variables, that give rise to the waveform. Random variables, which are
precisely defined in Chapter 2, may be either directly observable, as in the case of the given wave-
form, or latent, as in the case of the model’s settings. Since the relationships between the waveform
and latent variables are statistical, they are described probabilistically in terms of how the signal
is distributed with respect to the variables, encoded in a likelihood distribution. And given that we
cannot directly observe the latent random variables, we have to describe their properties in terms
of statistics. The prior information that we know about the latent variables is encoded in a prior
distribution. Using Bayes’ theorem, the generative model is inverted to infer the statistics of the
latent variables from the observable mixture.

Prior information is also embedded in the likelihood as it is designed using our information
about the signal and incorporates our assumptions about how the latent variables are related to
the signal. In fact, the Bayesian methodology accounts for uncertainty about the modeling choice
itself, which is given its own prior distribution that encodes the uncertainty about the model. By
applying Bayes’ theorem at the model level, we can infer the distribution over different models,
and therefore make an optimal decision about which model to use. Further, the Bayesian method
embodies Occam’s razor as it favors simple models over complicated ones (MacKay, 1992; Attias,
1999). This has many interesting and desirable consequences related to source separation and
decomposition, where we typically want to find sparse solutions that sufficiently represent the data
with few components. Indeed, when Bayesian models are constructed hierarchically, so the model
has several levels of prior information that describe the uncertainty at another level, then through
the computational execution of Bayes’ theorem we can achieve sparse and regularized solutions
(Tipping, 2000; Archambeau and Bach, 2009), and even learn the structural parameters of the
model, like how many components there are in a mixture.

Both modeling and inference steps of the Bayesian method are challenging. Modeling often
requires domain-specific expertise, familiarity with the properties of different distributions, and
trade-offs between generative model power and simplicity. For all but trivially simple models,
Bayesian inference is impossible to carry out analytically and calls for algorithms that efficiently

approximate a solution. The Bayesian method’s optimal properties are useful to researchers and
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practitioners across science and technology. But the technical complexity of the Bayesian method
often means that heuristics or frequentist statistics are used instead, especially in the domain of au-
dio signal processing. This dissertation argues that a Bayesian approach to audio signal processing
provides superior solutions, especially for the problems of audio source separation and decom-
position, that can be found through efficient inference algorithms. Generative modeling offers a
new view of digital sound synthesis where randomly sampling of the model’s variables performs

stochastic audio synthesis.

1.3 Research problem

1.3.1 Audio signal models and estimation

Many mathematical models have been proposed for representing, encoding, and transforming the
information in audio signals. Analysis techniques have been developed to estimate the parameters
of a model from recorded audio. Signal models enable compact and meaningful descriptions of
audio that can be manipulated, transmitted, and re-synthesized. Rather than manually tune numer-
ous model parameters, analysis enables the automatic determination of the parameters such that an
existing natural sound can be digitally synthesized.

Nonstationary sinusoid estimation, sparse atomic decompositions, and partial tracking are ex-
isting estimation techniques that decompose a sound into simpler components, encoding informa-
tion about the components in parameters. Efficiency of parametric estimators are usually formal-
ized in terms of frequentist statistics (Hayes, 1996). Naturally, frequentist statistical methods are
used to derive estimators. If an audio signal model assumes that noise is corrupting the observable
data, it is common to derive an unbiased maximum likelihood estimator for the model’s parameters
(Kay, 1993).

Audio signal models and estimators are usually deterministic and have not been thoroughly ex-
plored in the context of Bayesian theory, as they do not incorporate uncertainty into the estimation
and do not assume uncertainty about the model structure, such as how many components make up
the mixture. Components of audio signal models are typically assumed to be independent mainly
to reduce computational complexity. Switching linear dynamical systems have not been applied to
model the discretely changing dynamics of acoustic and synthetic sound production mechanisms.
While sparse audio decomposition is a mature topic of research, sparse Bayesian estimation with
automatic relevance determination priors for audio has not been investigated nor compared with

the existing deterministic algorithms like matching pursuit and basis pursuit.
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Deterministic estimators do not consider prior information, noise, and uncertainty, which can
result in bad numerical properties and downstream processes that are over-confident in their pre-
dictions. For example, current sinusoidal model estimators are deterministic and thus provide no
measure of uncertainty about their estimates. Current partial tracking algorithms consider these
estimates as error-free. Further, current partial tracking algorithms are deterministic estimators
and do not consider uncertainty about their predictions or prior information. This exemplifies how
over-confident estimates and predictions propagate through a processing pipeline. At the end, this
accumulation can lead to large errors that are addressed through ad-hoc procedures or heuristics.

Assuming independence between components in the mixtures ignores their covariance. De-
composition algorithms that assume independence find suboptimal solutions. Parameter estima-
tion degrades when components are correlated, such as when they overlap in the time-frequency

plane.

1.3.2 Bayesian methods

Bayesian hierarchical models, inference, and theory are used widely in areas such as medicine,
economics, data science, machine learning, and computer vision. Mixture modeling with Gaussian
mixtures is a main tool in such fields. Infinite mixtures and nonparametric Bayes have recently
proven to be powerful methods for unsupervised learning and predicting from complicated data
that consists of groups that results in distributions with multiple modes.

While there has been much work on Bayesian time-series models, there is a lack of research into
a Bayesian dynamical model of an audio source, that can be used to generate and infer information
from the time-frequency parameters extracted from an audio signal. Audio signals have complex
temporal features that make designing such a model a significant challenge. Moreover, algorithms
for efficiently and accurately inferring a dynamical audio source model has not yet been explored,
nor has the best way to infer a Bayesian mixture of such sources.

Parametric modeling of audio is a well-established research field that enables compact, sparse,
and information-rich audio representations. Since the data used for training a machine learning
model is a crucial to the model’s inference-time performance, it is important to explore paramet-
ric audio representations and compare their benefits and limitations with those of the usual non-
parametric audio representations given from the waveform and spectrogram. Further, Bayesian
hierarchical models and non-parametric Bayes, especially in the context of mixture modeling, are
powerful methods in research areas outside of audio. Therefore, it is important to research proba-

bilistic methods for audio because it can sprout new research in Bayesian audio signal processing
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and drive progress in a variety of audio-related applications. Specifically, Bayesian hierarchical
approaches to source separation, audio modeling and generation can inspire new research, peda-

gogical programs, and industrial applications.

1.3.3 Audio source separation

Most separation algorithms rely on supervised learning from nonparametric representations of
sound, namely the waveform and spectrogram. Supervised learning with deep neural networks use
the waveform or spectrogram representation of audio for the input and target output data pairs. In
the state-of-the-art music separation models, there is a fixed number of sources, the sources are
assumed to be at the instrument level, and belong to a specific instrument class: vocals, drums,
bass, and other (Stoter et al., 2018; Mitsufuji et al., 2022). Statistical separation methods that do
not use deep learning, such as NMF, perform blind source separation (BSS) of spectrograms and
provide excellent results of note-level separation for sounds without frequency modulation.

Unsupervised separation of individual musical instrument notes has not been thoroughly ad-
dressed. The variational auto-encoder (VAE), a deep Bayesian machine learning architecture, has
not been applied towards unsupervised blind source separation. Grouping parametric audio data
like the parameters of a nonstationary sinusoidal model has not been thoroughly researched as a
mechanism for blind source separation. Infinite Dirichlet Process mixture models have proven
successful in many domains because they automatically find the correct number of mixture com-
ponents, but have not been applied towards blind audio source separation.

This is a problem because supervised methods that assume the instrument type rely on expen-
sive datasets that have the true source targets. Moreover, they require sensitive ad-hoc methods
to prevent over-fitting to the training data. Unsupervised methods for BSS are valuable because
ground truth recordings of mixture and the individual sources from real-world are expensive to
create, and are rare for most classes of sounds besides non-copyright popular music recordings.
Exploring more ways to perform this difficult task, using well-established frameworks like VAE,
is important because it might provide better results, and inspire new research in this direction,

ultimately leading to practical methods for unsupervised BSS.
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Figure 1.1: Diagrams of audio signal processing from traditional and probabilistic views.
1.4 Research objectives and questions

1.4.1 Aims and objectives

The research aim is to use Bayesian methods to address significant problems in audio that involve
mixtures of sources, such as nonstationary sinusoid modeling, sparse decompositions, partial track-
ing, and blind source separation. The goal is to make connections between these audio processing
topics through Bayesian methods, to explore the benefits and drawbacks compared to traditional
deterministic or statistical methods, and to improve the state-of-the art. Diagrams in Figure 1.1
show high-level depictions of audio signal processing from two different perspectives: (a) tradi-
tional analysis/synthesis, and (b) Bayesian inference and generation.

Regarding blind source separation, a research objective is to group parameters inferred from a
low-level mixture model, like the nonstationary sinusoid model, to perform blind source separa-
tion. To achieve blind source separation from such parameters, the goal is to incorporate grouping
cues described in auditory scene analysis like common fate and harmonicity, and mathematical
properties of physical sound production mechanisms like the exponential decay of oscillations
emanating from a freely vibrating system. To address gaps in literature on grouping-based blind
separation, hierarchical Bayesian models and Bayesian nonparametrics will be used to automati-
cally infer the number of sources and regulate latent variables to prevent over-fitting. This research
aims to separate two-note mixtures of the same source class, to check how it performs as a general
separator rather than an instrument-specific separator, and to evaluate its capacity for separation
based on auditory scene analysis cues.

To address the gap in research for unsupervised blind source separation, a research objective is
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to determine if a deep Bayesian model, a variational auto-encoder, can be used to separate sound
sources in an unsupervised way and without knowing the number of sources that makes up the
training mixtures. Instead of separating instrument-level sources, the aim is to separate musical-
note level sources. For example, a source signal could arise from either a sustained event like a
bowed violin with vibrato, or the quickly decaying, free vibration of a piano note or drum. The
research aims to determine the viability of such a method for the separation of notes from the same
source class (such as the same instrument), as an indication of its capacity to generalize to instru-
ments that are not including in the training data (out-of-class data). Lastly, a research objective is
to combine a Bayesian dynamical model with the variational auto-encoder to represent nonlinear

temporal patterns and enable the separation of recordings that have arbitrarily long durations.

1.4.2 Questions

There are three main questions that this dissertation aims to answer.

(1) In what ways can Bayesian modeling and inference be used to improve aspects of audio
signal processing, specifically parameter estimation, tracking, and sparse audio decomposi-

tions?

e How can Bayesian hierarchical modeling concepts like sparsity inducing priors, non-informative
priors, and non-Gaussian models be used in the context of parametric and sparse audio rep-

resentations?

e Does using covariance information improve atomic decomposition?

e What are the advantages and drawbacks of using Bayesian methods for audio signal process-
ing?

e Regarding approximate inference of audio, when is the complexity of Markov chain Monte

Carlo sampling justified versus that of deterministic inference algorithms like variational

Bayes?

(2) How do we incorporate ideas from auditory scene analysis and sound synthesis into
a Bayesian mixture model such that inference performs unsupervised and blind note-level

source separation?

e How can we reliably classify spectral peaks and estimate the parameters of nonstationary

sinusoids from a mixture signal?
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What are the success and failure modes of the blind source separation method that groups

sinusoid parameters?

Does modeling discrete temporal changes for each source improve separation?

How is the separation performance affected by the number of sources assumed in the model?

Is it beneficial to use a Dirichlet process prior in the dynamical source mixture model to

support a countably infinite number of sources?

(3) Are variational auto-encoders capable of learning note-level single-channel sound source
separation in an unsupervised way, without knowing the number of sources or having access

the ground-truth source signals?

e [f so, what modifications to a standard variational auto-encoder are required?

e Can a Bayesian dynamical system be incorporated into the model, with inference that inte-

grates information over longer time intervals?
e Does the success of the method depend on the input and output audio signal representation?

e To what degree is the performance affected by hyperparameter settings, the types of sounds

in the data, and the number of sources assumed by the model?

1.5 Contributions and Significance

This dissertation contributes knowledge and addresses challenging audio signal processing prob-
lems. First, the author proposes new probabilistic views of traditional audio signal models and
approaches to canonical problems in digital audio signal processing. The Bayesian method is used
to infer the joint posterior distribution over the bandwidth and center frequency of a second-order
infinite impulse response (IIR) filter, which to our knowledge is missing from existing literature.

Moving to audio decomposition, the author proposes a sparse Bayesian estimator that creates
better sparse representations than the traditional methods on several canonical test signals, as it
considers the covariance between all atoms in the dictionary during inference, and automatically
adapts the parameters that affect sparsity based on the data.

Then, the author proposes a new robust partial tracking method that demonstrates a practical
application of Bayesian time-series models that consist of both continuous and discrete states.
The new Bayesian partial tracker overcomes several of the limitations of existing partial tracking

algorithms.
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A probabilistic nonstationary sinusoid model is proposed that improves the numerical stabil-
ity of existing estimators, a variety of basis functions to represent the frequency and amplitude
trajectories, and a probabilistic spectral peak classifier whose parameters are learned from a la-
belled dataset. Our proposed peak classifier offers flexibility and optimal decision-making based
on inferred posterior class probabilities.

Then, the author proposes an unsupervised learning algorithm for single-channel blind source
separation that is based on grouping nonstationary sinusoid parameters according to either finite
or infinite dynamical source mixture models. Drawing from auditory scene analysis (ASA), the
proposed model and Gibbs sampling algorithms actuate a bottom-up process that organizes time-
frequency features into distinct note-level sound sources. Incorporating ideas of common fate
cues from ASA into the model like frequency modulation, amplitude modulation, onset times,
and offset times allows for the points to be distinguished and grouped into common sound source
components. The author shows that fully-Bayesian modeling and inference weights the influence
from the different cues automatically. Further, the author shows than an infinite Dirichlet mixture
model can be designed and inferred using a collapsed Gibbs sampler by converting the Bayesian
temporal models to Bayesian nonparametric models, namely Gaussian processes.

The author contributes new unsupervised learning algorithms for single-channel blind source
separation that are based on the variational auto-encoder deep learning architecture. Unsupervised
separation of long-duration audio mixtures is successfully addressed by combining a Bayesian
time-series model with recurrent neural networks (RNNs), to probabilistically model the temporal
evolution of sources, and to integrate information from observable data over time. The proposed
VAE method improves the state-of-the-art because it learns the correct number of sources directly
from the training data, performs note-level separation, and can separate mixtures consisting of
sounds from a wide variety of acoustic and synthetic instrument sounds.

This research is significant to both academia and industry. It necessitates a deep understanding
of the theory and practice of Bayesian hierarchical model design, developing efficient inference
algorithms for them, and applying machine learning concepts to create and train deep neural net-
works that separate real audio sources in an unsupervised way.

For grouping-based separation, a new Bayesian hierarchical model of timbre is required that
successfully distinguishes between similar sounds from the same instrument. This is significant to
several fields of academic research, like timbre perception and auditory scene analysis. Further,
the proposed dynamical audio source model can generate and infer from evolving frequency, am-
plitude, and discrete changes like onset, offset, and control-level states related to synthesis, such as

the control over the attack, decay, sustain, and release parts of a note. Such probabilistic models are
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new to music technology, and have applications outside of source separation, including audio anal-
ysis, synthesis, prediction, and interpolation. The high sampling rate of audio and low algorithmic
latency requirements of practical audio tools necessitates new approximate inference algorithms
for new Bayesian audio source models. These are significant to academia and industry because
they benefit new audio models and even apply to temporal models outside the field of audio signal
processing.

Unsupervised source separation that automatically determines the number of relevant sources
in a mixture is desirable for academia and industry as a powerful digital signal processing tool and

a step towards computer systems that can analyze an auditory scene similarly to humans.

1.6 Limitations

In comparison to traditional signal modeling and estimation, the computational time and algorith-
mic complexity is higher for Bayesian methods because Bayesian inference involves the compu-
tation of high-dimensional, complicated integrals. While fast approximate algorithms exist and
can be used in some cases, retrieving high quality results from mixture models and grouping-
based separation necessitates sampling methods. Inference of such models is inherently an offline
procedure, though fast inference methods using variational Bayes can be designed, at the cost of
non-optimal solutions.

Whereas typical music source separation algorithms work at the instrument-level, this disser-
tation targets note-level source separation. If instrument-level separation is desired, it requires
additional steps to group together sounds over time based on patterns exhibited by a higher level
source’s acoustic characteristics.

Grouping methods use parameters estimated from the signal, and, although they have many
benefits as previously stated, are susceptible to estimation errors. This is particularly true consid-
ering the mixture signals being used as input, because nonstationary sinusoids of different sources
overlap in the time-frequency plane. The estimation of such parameters requires an additional pro-
cessing step in comparison to nonparameteric methods that directly use the signal’s waveform or
time-frequency representation. Though this processing step, involving detection, estimation, track-
ing, is very efficient on modern computers. Harmonics are not considered in the grouping-based
separation method, rather the evolution of log pitch, so if there is no modulation in frequency or
amplitude between two sounds, the grouping-based method will not distinguish them.

A Bayesian machine learning approach to blind source separation using the VAE does not

have the aforementioned limitations because it disentangles the mixture’s magnitude spectrogram,



16 Introduction

which is a nonparametric representation of audio. However, using the magnitude spectrogram
has its own limitations. Specifically, in order to synthesize waveforms of the sources from the
magnitude spectrogram, the phase of the spectrum must be reconstructed. This is done using the
original phase of mixture or and inversion algorithm. Further, its performance is bounded by that
of the ideal ratio mask. And, if masks are used, then destructive interference cannot be accounted
for, since the mask, which usually takes values between zero and one, would need to be greater

than one for any sources that have destructively interfered.

1.7 Map of the dissertation

The main text of the dissertation consists of four parts, each part consisting of chapters. The
following summarizes the chapters and definitively states the contributions of the student (the

author) and advisors in each part.

1.7.1 First part : Audio modeling

Chapter 2 presents a technical literature review of established topics and research that are pertinent
to this dissertation. Topics covered include audio source separation, signal representations, prob-
ability theory, Bayesian inference, deep learning, and variational auto-encoding. Select topics are
further illustrated through examples.

Chapter 3 is an in-depth exploration of Bayesian hierarchical models and inference as they
relate to classic audio signal models. Specific audio examples demonstrate how the structure of a
Bayesian model and its latent variables are chosen to match a given problem. The chapter shows the
benefits of viewing audio estimation through the lens of Bayesian statistical analysis. A new partial
Bayesian tracking method is presented at the end of the Chapter 3 that illustrates the Bayesian
methodology for audio and how it can be leveraged to address a notoriously difficult problem in
digital audio signal processing.

The author created the research ideas and methods, completed the research, technical work,

and writing. Advisors provided guidance, reviewed the writing and gave suggestions for edits.

1.7.2 Second part : Grouping-based separation

Chapter 4 is about creating a set of features that are useful for a variety of audio applications like
pitch estimation and source separation. It presents statistical inference methods for decompos-

ing a sound into nonstationary sinusoids, and classifying a sound’s components along three dis-
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tinct classes: nonstationary sinusoids, sidelobes, and noise. These features enable grouping-based
source separation in the following chapter.

Chapter 5 presents a general probabilistic data model that considers a number of clues exploited
by the human auditory system to cluster data into distinct sound sources. It proposes a dynamical
stochastic model for a sound source, a mixture model of dynamical sources, and inference methods
to group data to each source given a recording of an audio mixture.

The author devised the research ideas and methods, completed the research, technical work, and
writing. Advisors specified the problem and started the research into grouping partial trajectories
as it relates to Chapter 5. They provided guidance, reviewed the work and gave suggestions for
edits.

1.7.3 Third part : Deep learning

Chapter 6 uses Bayesian machine learning and deep neural networks to tackle unsupervised BSS
of musical instrument mixture recordings. This is realized in two new ways, first with a variational
auto-encoder that separates short, fixed-duration recordings, and then with a dynamical variational
auto-encoder that separates recordings of any duration.

The author created the research ideas and methods, completed the research, technical work,

and writing. Advisors provided guidance, reviewed the work and gave suggestions for edits.

1.7.4 Fourth part : Annex

Finally, five appendices are proposed in the fourth part of the document. The first appendix exposes
properties, proofs, and algorithms relating to time-series models presented in Chapters 3-5. The
second appendix details a novel decoding algorithm for switching linear dynamical systems that
estimates the most probable sequence of discrete states, which is used for the robust Bayesian
partial tracking algorithm in Chapter 3. In the third appendix, the Dirichlet process is detailed
as it relates to Bayesian mixture modeling. Collapsed Gibbs samplers for the Dirichlet process
mixture model and infinite mixture model are detailed, which are used in Chapter 3 and 5. The
fourth appendix contains routines for efficiently sampling from the posterior distribution of two
core Bayesian time-series models, which are part of a larger dynamical source model presented in
Chapter 5. The last appendix describes the datasets and test signals used for training and evaluating
the methods presented in the body of the dissertation.

The author devised the research ideas and methods, completed the research, technical work,

and writing. Advisors provided guidance, reviewed the work and gave suggestions for edits.
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Chapter 2
Technical background and prior work

This chapter presents a technical review of subjects and research that are pertinent to this disser-
tation. Since the main motivation for this research is on the modeling and separation of audio
sources, it begins with a review of audio source separation and different ways to represent audio
signals. Then, probability theory is reviewed along with Bayesian inference, which is illustrated
with an example comparing the performance of different approximate inference methods on the
task of inverting a mixture model. The last section reviews neural networks, deep learning, and

variational auto-encoding.

2.1 Blind source separation

The problem of blind source separation (BSS) has attracted much attention for the last 25 years
(Cardoso, 1998; Comon and Jutten, 2010; Vincent et al., 2018), and because of the many exciting
challenges it raises, it is still a very lively research area today.

The BSS problem consists of retrieving S unobserved sources, denoted in vector notation as
x(t) = [x1(t),...,725(t)]" € RS, from M observed mixtures, y(t) = [y1(t), ..., yp(t)]" € RM,
that are obtained at time ¢ by applying an unknown mixing process <7 : R¥ — R to the sources,

which is expressed as

y(t) = Z{x}(l). 2.1

Source separation un-mixes the observed mixtures, and is expressed as the inverse of the mixing

21
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process,
z(t) = o/ Hy}(t) . (2.2)

The mixing process is determined if S = M, over-determined if S < M, and under-determined
if S > M. It involves either a linear or a nonlinear mixing process. The mixing process may be
either stationary (i.e. invariant by time-shifting of all signals) or nonstationary. The mixing process
may either be instantaneous (i.e.Vt, y,,(t) only depends on {z,(¢)}5_,) or have a short or long
memory (i.e.Yt, y,(t) depends on {xs(7)}s=1, VT < 1).

The main challenge comes from a mixing process that is under-determined. In the extreme
case of single-channel mixtures, no spatial information is available, and the separation method
relies solely on prior knowledge about the source signals. Depending on how accurate the available
information and assumptions are about these signals and about the mixing process, the quality of

the separation can go from very poor to excellent.

2.1.1 Overview of separation methods

Source separation has benefitted from much research over the last few decades. Classic algorithms
include independent component analysis (ICA) (Cardoso, 1998) and robust principal component
analysis (RPCA) (Huang et al., 2012). Nonnegative matrix factorization (NMF) is a BSS frame-
work that assumes non-negative data and decomposes it into activations and templates, which
for spectrograms correspond to spectral templates and temporal activations (Fevotte et al., 2009;
Badeau and Drémeau, 2013). Instead, separation can be done by grouping data based on statistical
similarities and acoustic cues inspired by auditory scene analysis (Wang and Brown, 2006). For
example, (Virtanen and Klapuri, 2000) separated harmonic sounds by grouping partial trajectories
based on their harmonic relationships to ad-hoc fundamental frequency estimates and (Godsill and
Davy, 2002) used Bayesian harmonic models for analysis and separation.

Sinusoidal models have been used for grouping-based monaural source separation (Kashino
and Tanaka, 1993; Abe and Ando, 1998; Virtanen, 2006). In (Burred, 2009), partials were grouped
according to how well they fit to a particular timbre, where an instrument’s timbre was modeled
by a time-varying spectral envelope.

Machine learning methods learn prior information about sources by fitting (training) a model
to example data. Deep neural networks are powerful tools for source separation because they learn
complicated functions and are efficient at inference time.

Supervised deep learning has greatly advanced the quality and efficiency of music source sepa-
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ration such that it is now practical for real-world applications (Hennequin et al., 2020; Kong et al.,
2021; Défossez, 2021; Rouard et al., 2023). Supervised deep learning has also been combined
with auditory scene analysis (Liu and Wang, 2019). Variational auto-encoders have been used
for supervised separation (Pandey et al., 2018). Resource-efficient deep neural network architec-
tures have made possible the real-time source separation of particular classes of audio mixtures,
like speech (Neri and Braun, 2023). A supervised VAE-NMF hybrid method was designed for
multichannel signal separation (Seki et al., 2019). Semi-supervised training with source class la-
bels in (Karamatli et al., 2019) performed decently compared to supervised training on source
signals. (Halperin et al., 2019) applied mixtures of generative latent optimization (GLO) models
(Bojanowski et al., 2018) to semi-supervised separation of two speech signals. Deep clustering
(Hershey et al., 2016) uses supervised learning with ideal binary masks to cluster (separate) latent
variables that correspond to different source signals.

Unsupervised BSS has garnered significant interest in the last several years because it does not
require a training dataset that contains both target mixtures and clean sources, which is rare and
expensive to create. In (Hoshen, 2019), a generative adversarial network separated two images
including particular combinations of handwritten digits, yet it was not successful at separating
audio spectrograms. Mixture invariant training (Wisdom et al., 2020a) is capable of unsupervised
separation of speech signals in the time-domain. Mixture invariant training uses supervision to
avoid over-separation and datasets containing one and two source mixtures (i.e. semi-supervision)

to perform similarly to supervised neural network-based methods.

2.1.2 Auditory scene analysis (ASA)

ASA is a field of research that studies how humans perceptually organize sounds. Albert Breg-
man’s book on ASA (Bregman, 1990) draws relations to visual perception principles of Gestalt
psychology (Koffka, 1963) when describing how complicated auditory scenes composed of multi-
ple sound sources are parsed by humans. Theories drawn from empirical evidence suggest that the
brain is structured and processes information hierarchically (Kiebel et al., 2008; Friston, 2008).
Starting from sensory stimuli, each level of the hierarchy builds up more complex and abstracted
representations. Such hierarchical structure reflects nature itself, where complex systems are built
up from simple elements. Starting from a time-frequency representation provided by cochlear fil-
tering, it is theorized that two stages are completed sequentially: segregation followed by grouping.
The segregation stage decomposes the stimulus into basic structures that make up the scene, while

the grouping stage assembles those structures into perceived streams or sound sources according
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to primitive and schema-based principles (Bregman, 1990). The cocktail party effect emerges from
this processing, allowing humans to easily concentrate on one speaker amidst a mixture of other
voices (Cherry, 1953).

ASA describes two grouping processes that allow humans to perceive distinct sound sources:
concurrent and sequential. Grouping is theorized to be a result of temporal hierarchies that inte-
grate over different time scales, starting from fast fluctuations of sensory data at the lowest level
and spreading to global changes over longer time scales at the higher levels (Chakrabarty and El-
hilali, 2019). Concurrent grouping occurs in the lower levels of the temporal hierarchy and allows
humans to separate multiple sounds happening at the same time by comparing their properties
relative to one another. Sequential grouping integrates over the short time scales to perceptually
organize sounds over longer time durations, forming auditory streams. Sequential and concurrent
grouping processes are both considered to be driven in part by primitive principles.

Primitive grouping principles are regarded as innate processes that act automatically without
conscious attention (Bregman, 1990). These primitive principles are bottom-up processes and
are analogous to visual perception processes proposed by Gestalt psychologists (Koffka, 1963).
Primitive grouping relies on natural properties of sounds in the environment, and how they are
generated in relation to one another. The principle acoustic cues involved in primitive grouping are
harmonicity (periodicity), proximity in frequency and time, common modulation in frequency and
amplitude, and spatial location. In the following, each acoustic cue is discussed in turn.

Harmonicity is an acoustic cue used in perceptual grouping processes that refers to a specific
relationship between concurrent sinusoidal oscillations, also called pure tones or partials. Har-
monically related partials have frequencies that are integer multiples of a fundamental frequency.
Rather than hearing each partial separately, all the partials that are harmonically related are per-
ceived as a single sound. So, the harmonics perceptually fuse into a more complex composite
sound (von Helmholtz, 1912). Pitch perception is related to the harmonic relationships between
partials. A perceived notion of pitch is strengthened with a greater number of significant har-
monics. If a set of partials are inharmonic, then the composite sound may not have definite pitch
(Bregman, 1990).

Many environmental sounds are nonstationary because their component properties like fre-
quency and amplitude change over time. While harmonic relations allow for grouping of sta-
tionary partials, common fate principles speak to similarities in component evolutions (Bregman,
1990; McAdams, 1989; Marin and McAdams, 1991). Probabilistically, it is highly unlikely that
unrelated environmental sounds consist of components whose frequencies or amplitudes evolve in

synchrony. Assuming that sound is made of a set of time-varying sinusoids, or partials, then the
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evolution of a sound is determined by how the partials that make up the sound vary in amplitude
and frequency. Therefore, common fate principles address how relative amplitude and frequency
modulations effect perceptual grouping. Mathematically, a modulation is defined by the instanta-
neous change of a particular variable and is thus quantified by the variable’s time derivative.

Frequency modulation refers to how the instantaneous frequency of a partial varies over time.
Partials are guaranteed to modulate together in frequency when they are constrained through a
harmonic relationship. When a sound is made of a harmonic series, each component’s frequency is
constrained to be an integer multiple of the fundamental. As the fundamental frequency changes,
the spacing between harmonic components expands and contracts but they remain harmonically
related to the fundamental. The log-frequency of each component is simply equal to the log-
fundamental plus a constant. Therefore, the time-derivative of log-frequency of every component
in a harmonic series is exactly the same. Conversely, a component segregates from a harmonic
series when it has a different log-frequency evolution compared to the others. The emergence
of harmonic relationships is attributed to physical sound production mechanisms (Fletcher and
Rossing, 1998). Each mode of a resonant structure contributes a harmonic to the resulting sound.
Humans perceive a segregation of two sounds when their harmonics evolve differently relative to
one another, which is the same as saying they have different fundamental frequency modulations.

Oscillatory frequency modulation, or vibrato, pronounces formant regions in singing voices
and other sounds with formants (Marin and McAdams, 1991). When the partials modulate over
higher and lower frequencies, the amplitude of each partial rises and falls as it scans over the
formant’s spectral envelope. When two voices with different formants sing simultaneously, it
becomes easier to separate the sources when their partial frequencies are modulating (McAdams,
1989; Bregman, 1990).

Amplitude modulations refer to how a component’s instantaneous amplitude changes over time.
Examples of amplitude modulations include the onsets and offsets of a set of partials, tremolo, and
an exponentially decaying amplitude. The onset time of one component relative to another plays a
significant role in whether perceptual grouping will occur. In the natural environment, there is low
probability that sounds coming from unrelated sources begin at the exact same time. Likewise, two
unrelated sounds stopping simultaneously is also unlikely.

Strong synchrony in amplitude modulations can even override other grouping principles such as
harmonicity. Experimental research has shown that inharmonic components that would otherwise
be perceived as separate entities perceptually fuse when they have common onsets followed by
common exponential decays. This behavior is consistent with a percussive sound such as a cymbal:

even though a cymbal has inharmonic components and noise, perceptual grouping occurs when the
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cymbal is stuck and because all those components activate and evolve together.

The relative time that it takes for a sound to reach a certain loudness, called the attack time,
also plays a role in whether it is perceptually grouped with another sound (Bregman, 1990). Ex-
periments show that components with different onset times fuse more when the attack time is slow,
and segregate when the attack times are fast. Therefore, the onset time has less grouping influence
for components with relatively slow attack times, like those originating from a brass instrument,
than with fast attack times, like those originating from piano. This may be due to the integration
of different time scales.

To summarize concurrent grouping processes, harmonicity and common fate cues allow for
the organization and prediction of sounds that happen at the same time. Common fate grouping
principles state that partials evolving in synchrony will be fused into a composite sound with a
particular timbre while a partial that evolves asynchronously from the rest will stand out as a pure
tone. Harmonic cues take advantage of frequency relationships between partials that emerge from
modes of a resonant body.

Structures formed from concurrent grouping principles are theorized to be integrated over
longer time scales by sequential grouping principles (Teng et al., 2016; Smith and Lewicki, 2006;
Chakrabarty and Elhilali, 2019). Integrating over longer time spans leads to the perception of
groups of sound sequences. Long-term integration is necessary to bridge over considerable du-
rations of silence between sounds. Auditory streaming is a consequence of sequential grouping,
where a sequence of simple tones is perceived as a whole, standing out from other tone sequences
that may form other streams.

For pure tone sequences, perceptual grouping and segregation depends on the proximity of one
pure tone to another in frequency and temporal properties of the sequence (Bregman, 1990; Wang
and Brown, 2006). Temporal properties include the durations of tones relative to the durations
of silences between them. When the rate and frequency spacing of a sequence of pure tones are
within a temporal coherence boundary, then the streaming effect likely occurs (McAdams and
Bregman, 1979). Bistable auditory perception can occur when two alternating sequences are in
an ambiguous region of the temporal coherence space: humans spontaneously switch between
two perceptions of a constant stimulus. Interestingly, as with visual bistability, the duration that
a person perceives a particular interpretation of the sequence is stochastic and follows a Gamma
or log-normal distribution (Pressnitzer and Hupé, 2006). Bistable perception has been elucidated
through probabilistic interpretations of the brain, specifically predictive coding and the free energy
principle (Weilnhammer et al., 2017).

Besides pure tones, sequences of complex sounds also succumb to auditory streaming accord-
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ing to sequential grouping principles. For complex sounds, grouping and segregation depends
not only on their proximity in time and pitch, but also on their similarity with respect to timbre
(Siedenburg et al., 2016). For example, even though a vocal melody is a sequence of notes that do
not overlap in time, humans recognize each note as coming from a single source. This perceptual
grouping is attributed to the temporal invariance in the sound’s timbre, specifically the sound’s
formants. Without sequential grouping principles, each note of the melody would be perceived as
coming from a different sound source. Naturally, a lack of sequential grouping would disadvantage
an owl trying to follow the repeating sounds of its moving prey.

In a natural acoustic scene, two sources cannot emanate from the same exact location due to
physical constraints. Human perception of the spatial location of a sound helps to segregate it from
a mixture of other sounds (Darwin, 2007). The inter-aural time difference is an auditory measure
of phase, or timing, differences between the two ear’s sensory input (Lyon, 2017). For example, a
sound emanating from a space to the left will reach the left ear sooner than the right ear, leading
to a detectable inter-aural time difference. Evidence supports that primitive grouping principles
related to harmonicity and common modulations may occur prior to localization of complex sounds
(Darwin, 2007).

Besides primitive bottom-up grouping processes, auditory scene analysis also involves schema-
based fop-down processes (Bey and McAdams, 2002). Schema-based processing learns models of
the world through sensory input and recognizes patterns by comparing new sensory data to the
existing model. A schema is a prior belief or assertion about the world. Top-down processes may
have a role in attention processes, for example, mentally soloing a specific instrument within a
composition.

A motivating experimental result of schema-based grouping showed that two different for-
mants, one played in the left ear and the other in the right, are grouped together to produce a vowel
(Bregman, 1990). The continuity illusion is also a result of schema-based processing, where words
are perceived as continuing over a burst of noise. Schema-based processing fills in missing stimuli

with expectations. This viewpoint is supported by predictive coding.

2.1.3 Computational auditory scene analysis (CASA)

Computational auditory scene analysis (CASA) is the study of computer systems that achieve
human-like auditory perception. CASA systems are designed to separate sounds in an acoustic
scene by emulating the different stages of the human periphery and cortical processing (Wang and

Brown, 2006). The general structure of a CASA system is as follows. The input into the system is
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a mono or stereo audio waveform. At the first stage, the audio is transformed into a time-frequency
representation. Methods that closely model the human periphery create a representation that em-
ulates the processing of the human ear, for example, a cochleagram (Lyon et al., 2010; Hohmann,
2002). More generally, the idea is to increase the dimensionality of the input in some way, because
that is what the ear does when it splits (filters) the sound into different frequency bands. In the
second stage, features such as periodicity, harmonicity, onsets, offsets, and modulations are esti-
mated from the time-frequency representation. Next, the features are used to assemble a mid-level
representation of the scene. Creating a mid-level representation involves grouping individual time-
frequency points into segments. A segment marks time-frequency energy that was likely created
by the same sound source. In the final analysis step, the mid-level representations are grouped
into streams based on primitive and/or schema-based grouping principles that use trained sound
models. Lastly, the separated streams are synthesized into audio waveforms, which can then be
assessed for quality by comparing them with target sounds.

CASA methods vary regarding how they perform the aforementioned processing steps. Main
differentiating factors between CASA methods usually pertain to the mid-level representation and
final grouping stage. Many CASA systems use identical time-frequency representations and re-
synthesis procedures. The benefit of creating systems based on auditory scene analysis is that they
should, if designed well enough, have equal generalization capability as humans when presented
with a variety of sound stimuli. CASA systems mainly incorporate primitive grouping principles,
however, there are also examples of computational schema-based grouping in the form of associa-
tive memory and coupled neural oscillations.

Since the goal of CASA is to mimic a human’s perceptual functioning, it is logical to create
computer systems that model the brain. As an analogy, humans modeled mechanical aspects of
a bird to achieve flight. Neuronal network-based approaches model neuron activity in the brain
to simulate grouping processes. Neural oscillator models employ approximate neural activation
functions and couplings through ordinary differential equations (Burkitt, 2006). Grouping partic-
ular stimuli together (usually time-frequency points) arises from the syncopation (phase-locking)
of particular neural oscillators. Neural oscillator models proposed by Wang (Wang and Brown,
2006) were able to achieve fast synchrony and asynchrony between different neurons, mirroring
the abilities of the human brain to integrate sensory information.

Recent research has leveraged stochastic neural networks to learn ASA grouping cues directly
from natural sounds (Chakrabarty and Elhilali, 2019). Stochastic neural networks are simple mod-
els loosely based on how neurons are theorized to transmit information (Hinton, 2012). Local and

global spectro-temporal features learned by a hierarchical model reflected simultaneous and se-
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quential grouping principles. The computer model was subjected to ASA segregation experiments
and the results matched closely with those of humans.

Source separation is more general than CASA since it does not necessarily involve replicating
the individual processes involved in auditory scene analysis, and therefore concepts from biology
and psychology may not be explicitly used. However, source separation and CASA share the same

general goal: to separate sound sources from a mixture.

2.2 Audio signal representations

This section introduces a variety of ways to represent an audio signal.

2.2.1 Nonparametric representations

The most basic audio signal representation is the time waveform. Such a waveform is represented
in Figure 2.1a. From this view, we cannot guess what the signal is made of.

A much more useful representation is the short-time Fourier transform (STFT). The STFT
belongs to the family of time-frequency representations (Cohen, 1995). Figure 2.1b shows the
squared magnitude of the STFT of the same signal. This is the signal’s spectrogram. Now it is
clear what the signal is made of because we can see how its energy is distributed in frequency over
time. Two harmonic sounds are played successively and partially overlap in time. The first one has
partials with stable frequencies, whereas the second one is characterized by a vibrato, a periodic
variation of the fundamental frequency. Moreover, it is clear that the second one has a higher pitch

than the first one.

2.2.2 Sinusoidal models

A parametric representation encodes information about a signal in the parameters of a signal model.
One such parametric model is the sinusoidal model (McAulay and Quatieri, 1986).
The sinusoidal model represents a sound signal as a sum of R time-varying sinusoids, called

partials, with instantaneous amplitude a..(), phase ¢,(t), and frequency f,(t),

(t) = > ar(t) exp (jor(t)) , (2.3)

r=1
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Figure 2.1: Time and time-frequency representations of an audio signal.
where phase is angular frequency integrated over time,
¢
or(t) = ¢-(0) + QWJ fr(u)du. (2.4)
0

Decomposing a sound signal into a set of partials, or partial tracking, is useful for a variety of
applications, including sound synthesis (McAulay and Quatieri, 1986), sound source separation
(Virtanen and Klapuri, 2000; Burred, 2009), audio coding (Derrien et al., 2012), audio effects
(Raspaud et al., 2005; Kazazis et al., 2016), and automatic music transcription (Christensen and
Jakobsson, 2009; Burred et al., 2009).

Partial tracking consists of two operations that are performed either sequentially or jointly.
First, instantaneous sinusoidal model parameters are estimated from a short-term analysis of the
sound signal. Second, the instantaneous parameters are linked according to their expected temporal
progressions, forming partial trajectories. The parameter estimates are interpolated between each
short-term analysis frame so that a,.(¢) and ¢, (¢) can be evaluated at the sampling rate.

Figure 2.2 shows the results of these two steps applied to the signal from Figure 2.1. First,
Figure 2.2a plots dots at the locations of the nonstationary sinusoids estimated from a short-term
analysis of the sound. In many situations, the partial trajectory representation is more sparse than
the STFT because it can have much fewer data points per time, and manages to encode a great
majority of the signal’s information. Second, Figure 2.2b plots the partial trajectories estimated

from these points, linked together based on their expected temporal evolutions.
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Figure 2.2: Parametric time-frequency representations of an audio signal.

2.2.3 Spectral envelopes

A spectral envelope is a frequency-domain curve that represents a smooth version of the magnitude
spectrum. The envelope is considered to link the spectral peaks together and wrap tightly around
the magnitude spectrum. Timbre is often characterized, in part, by the spectral envelope.

Next, we review two different parametric models of the spectral envelope: the cepstrum model
and the autoregressive-moving-average (ARMA) model. In Chapter 5, these models are further
explored and generalized in terms of probability theory, and compared with one another on the

task of concurrent grouping of spectral peaks.

Cepstrum

The cepstrum represents the log-magnitude spectrum as a weighted sum of M discrete cosines,
M—1
In[Y ()] = D A cos(wm), (2.5)
m=0
where ), is the mth cepstrum coefficient.

Autoregressive-moving-average model

Up to now we have considered continuous time. Now, consider that a signal is sampled evenly in
time, forming a discrete-time signal denoted by 3¢, where ¢ € N is the time sample.

The autoregressive (AR) model assumes that a discrete-time signal is a linear combination of
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p € N past values plus white Gaussian noise, z* ~ NV (0, 0?),

p
Y=ot + 2 gy, (2.6)
k=1
where o, € R, Vk € {1,...,p}, are the coefficients of the AR model. A wide-sense stationary

(WSS) causal solution y* exists if and only if all the poles are inside the unit circle. To estimate
the coefficients of the AR model, a determined or over-determined linear system of equations is
formed from the observed signal, and solved for with a least-squares estimation (Makhoul, 1975;
Kay, 1988).

The moving-average (MA) model represents the value ¢ as a linear combination of the current

noise sample and g € N past noise samples,
q
y' =2+ Z Bra'™ 2.7)
k=1

where (0 € R, Vk € {1,...,q}, are the coefficients of the MA model. Estimating the coefficients
of the MA model is much trickier than the AR model. Whereas finding a maximum likelihood
solution to the AR model’s coefficients is easy because it involves a system of linear equations,
finding a maximum likelihood solution for the MA model’s coefficients involves solving a system
of nonlinear equations. Specifically, there is a nonlinear relationship between the MA model’s
coefficients and samples from the signal’s auto-covariance function. Therefore, a closed-form
solution for the maximum likelihood estimates of the MA model’s coefficients is not tractable.
(Durbin, 1959) proposed one of the most effective approximation methods for estimating MA
model coefficients, which represents the MA process as a long AR process.
Combining the AR and MA models gives the ARMA model,

p q
y' = ot ) oy T+ ) Bt (2.8)
k=1 k=1

As expected, estimating the ARMA model is the most challenging (Kay, 1988). In (Durbin, 1960),
a two-step estimation method proves effective that first estimates the AR model’s coefficients, uses
them to filter the signal, making it a pure MA process, and then estimates the MA coefficients from

the resulting signal.
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Figure 2.3: ADSR envelope.

2.2.4 Temporal envelopes

The following investigates two different ways for modeling the temporal evolution of a sound.

ADSR envelopes

Attack, decay, sustain, release (ADSR) models were first introduced in the field of sound syn-
thesis, for controlling a sound’s magnitude variations over time (Campbell and Greated, 1987).
Since the temporal profile of most instrumental sounds can be decomposed into these four phases,
ADSR models are still widely used for sound synthesis. The ADSR envelope model is depicted in
Figure 2.3.

Nonnegative matrix factorization (NMF)

The NMF model has proven successful in the music community over the last several decades
(Fevotte et al., 2009; Siedenburg et al., 2016; Lopez-Serrano et al., 2019). Music is generally
formed of various repeated audio events. The NMF model is particularly well-suited to music
because it represents the spectrogram of an audio signal as spectral templates that are modulated

in magnitude over time, which is expressed compactly as
Vx~WH, (2.9)

where W is a nonnegative matrix of spectral templates and H is a nonnegative matrix of temporal
envelopes. A temporal activation modulates a spectral template to create a nonnegative, time-
varying spectral templates.

Figure 2.4 shows the spectrogram and NMF of two sustained piano notes (C4 and C3) played

in sequence.
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Figure 2.4: NMF model of two sustained piano notes.

2.2.5 Time-frequency envelopes

Time-frequency envelopes are smooth functions of both time and frequency. In the literature, a
time-frequency envelope has been modeled as a weighted sum of two-dimensional unimodal func-
tions, e.g. Gaussian functions, spaced equally along the time-frequency plane. Gaussian processes
can model time-frequency envelopes to approximate a sound’s log spectrogram and for source sep-
aration (Liutkus et al., 2011; Magron and Virtanen, 2018). Time-frequency envelopes are rare in
the literature compared to independent spectral (e.g. cepstrum) and temporal (NMF) envelopes. On
the contrary, we use time-frequency envelopes to distinguish between and separate sources from

within a mixture model.
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2.2.6 Noise

Noisy sounds include parts of instrumental sounds like the breath of a saxophone, speech phonemes
such as consonants or whispered voices, and natural sounds such as rubbing or scratching. Noise
is an important part of a sound’s timbre. It therefore can provide important cues for identification
and grouping of different sound sources.

Noise is considered to be the result of a stochastic process. In relation to acoustic instruments,
noise’s random variability adds liveliness to the sound (Fletcher and Rossing, 1998). For speech,
noise is filtered by the mouth and noise to form fricatives that make up parts of words.

A classic analysis-synthesis paradigm is the sinusoids plus noise model (Serra and Smith,
1990). It represents the signal’s deterministic part as a sum of sinusoids like Equation (2.3) on
page 29, plus a stochastic part. Typically, the stochastic part is assumed to be independent and
identically distributed (IID) random signal samples processed by a time-varying filter. Filtered
noise is parameterized by filter coefficients, that may evolve over time, and the distribution from
which the noise is drawn, which is typically white Gaussian noise. In the frequency domain, the
filtered noise is parameterized through a spectral envelope, such as the cepstrum.

In the estimation of deterministic plus stochastic spectral models, the stochastic part of the
sound is typically estimated by subtraction of the deterministic part. Inevitable errors in the esti-
mation of the parameters of the deterministic part result in errors in the estimation of the stochastic
part.

To avoid these errors, (Meurisse et al., 2006) propose a method that analyzes the stochastic part
without prior knowledge of the deterministic part. They study the distribution of the amplitude
values in successive short-term spectral frames and compute statistical moments to find the noise
power density.

(Hanna and Desainte-Catherine, 2005) propose a colored noise by sum of sinusoids model that
represents noisy sound as finite sum of sinusoids whose amplitudes are fixed and whose phases
and frequencies are random variables. Phases are distributed uniformly in the interval [0, 27) and
frequencies are distributed within a particular band of the spectrum.

(Yeh and Robel, 2006) propose a noise envelope model based on the assumptions that the
envelope varies slowly with frequency and that the magnitudes of the noise peaks obey a Rayleigh
distribution. Spectral peaks are classified into sines and noise with an iterative algorithm that stops

once the noise peaks are coherently explained by a noise envelope model.
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2.3 Probability theory

Probability theory mathematically expresses uncertainty and was described as say common sense
reduced to calculation by Pierre Laplace (Laplace, 1820). Probability theory provides a frame-
work for making optimal decisions that consider all available information, consisting of statistical
inference and decision theory (Jaynes, 2003).

Statistical inference refers to the process of using available information to infer the distribution
that generated the random observable data. The distribution provides useful information about the
nature of the world and allows for making informed decisions. Decision theory regards how to
make optimal decisions from that distribution. For example, a batter decides when to swing after
inferring the baseball’s behavior. Probability theory is a key foundational aspect of many fields,
like quantum mechanics in physics, and pattern recognition and artificial intelligence in computer
science.

In the following, probability theory is introduced, starting from the measure theoretic view
involving sample spaces and random events, and then to theorems of exchangeability, quantitative
rules, and distributions. Aspects of probabilistic modeling and modern inference procedures are

covered.

2.3.1 Probability distribution

Measure theory’s goal is to assign a nonnegative real number to every subset of a set. This number,
called the measure of the subset, is required to satisfy an additive property that is an abstract
generalization of the familiar notions of length, area or volume. Not every subset is measurable.
The collection of measurable subsets is a o-field. A set given with a o-field is called a measurable

space.

Definition 1 (Measure) Let ) be a set and F be a o-field over it. A set function y that assigns a

nonnegative real number to subsets of F is a measure if it satisfies the following properties.

Axiom 1 (Non-negativity) j1(E) = 0, for every E € F.

Axiom 2 (Additivity) If E,, Es, . .. are mutually exclusive (disjoint), then

7 (U E) > u(E:). (2.10)

i=1
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Figure 2.5: A random variable is a mapping Y : 2 — R from sample space ) to measurable space R.
Probability P maps events from sample space {2 or random variables from measurable space R to probability
space [0, 1].

Definition 2 (Probability distribution) Given a set (), the sample space of all possible outcomes,
and a o-field F on it, a measure P defined on F is called a probability measure of event F € F if

it satisfies the following normalization property.
Axiom 3 (Normalization) P(Q)) = 1.

Kolmogorov established this in 1933, and created a theory of probability that is formalized through
the Lebesgue measure theory (Kolmogorov, 1956).

2.3.2 Random variables

Definition 3 (Random variable) A random variable Y is a mapping from an outcome w in a

sample space $), to a real number y =Y (w) in measurable space R,
Y Q->R. (2.11)

The image of the random variable Y |Q}] is the set of all output values that Y may produce, Y )] =
{Y(w) : we Q}.

If the probability distribution concentrates on a discrete set of values, Y = {y;,¥s,...}, then Y’

is a discrete random variable and
py(y) = P(Y =y) (2.12)
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is called its probability mass function (PMF). A PMF assigns a probability to each possible out-
come.

If there exists a real, nonnegative function py such that

PV <) = | pr(dy, 2.13)

where A is a real interval, then Y is called a continuous random variable and py is called its
probability density function (PDF). The probability that Y takes on a specific singular value is
zero, since in that case dy = 0.

Both the PMF and PDF of a random variable Y are now denoted by p(y), without the random

variable in the sub-script.

2.3.3 Exchangeability

A finite set of random observations ¥, . . ., yy is said to be exchangeable if

P, - YN) = PWars - > Yan ) 5 (2.14)

for all permutations « defined on the set {1,..., N}.
De Finetti’s theorem states that exchangeable observations are conditionally independent rela-
tive to some latent variable. The general representation theorem (Bernardo and Smith, 1994) states

that, for some latent variable 8 € ©, there exists a distribution over 8 with density p(@) such that

N
p(ys, - yn) = J@Hp(yﬂ)p(@)dﬂ- (2.15)
=1

An exchangeable set of random observations is not necessarily IID. For example, the Pélya urn

model (Mahmoud, 2008) produces a sequence that is exchangeable but not IID.

2.3.4 Quantitative rules

Rules in probability theory enable the manipulation and relation of probabilities of multiple events.
Consider two random events y and z. The sum rule relates the probability of both events = and v,

called a joint probability p(z, y), to the probability of just one event x, called a marginal probability
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plx) = p(x,y). (2.16)
Yy
For a continuous-valued event y the sum is replaced by an integral, but it is still called the “sum
rule”.
The product rule relates the joint p(x, y) and marginal p(x) to the conditional probability p(y|z)

of one event y given another =,
p(z,y) = pylz)p(z) . (2.17)

2.3.5 Transformation of random variables

A nonlinear transformation of a random variable transforms its probability density function (PDF)
differently than if it was a simple function (Murphy, 2012). Consider a random variable x that is
transformed to y by a nonlinear invertible function g, so y = g(z) and z = g~ '(y) = h(y), where
h is the inverse function of g. Using the PDF of z, px(x), the PDF of the new random variable ,

py (y), is expressed with the change-of-variable formula

dh(y

py (y) = px(h(y)) ‘#‘ : (2.18)
Yy

For a multivariate distribution, the change-of-variable formula involves the Jacobian matrix —d};(yy),
dh

pr(w) = (it e (52 219

2.3.6 Metrics

Entropy in information theory represents how much information is conveyed by a random variable

Y when it takes a particular value. For Y that takes continuous values, the entropy is defined as

we)-- [ " () nply)dy. (2.20)

—00
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The cross entropy of P relative to a distribution () is defined as

0

HQ.P) =~ [ aw)nply)dy. @an)
—0
The Kullback-Leibler divergence (KLD) is the relative entropy between two distributions, ()
and P, that measures the amount of information lost when using () to approximate P. The KLD
is defined in (Kullback and Leibler, 1951) as
” p(y)

Di(Q | P) = f o) 58y = H(Q.P) - H(Q). (2.22)

The KLD is asymmetric because Dk, (Q || P) # Dxi(P || Q).

2.4 Bayesian models and inference

Within statistics, the Bayesian methodology is distinguished by its use of probabilities to math-
ematically express all forms of uncertainty through a probabilistic model: uncertainty about the
model’s output that gives rise to observable data, and uncertainty about the model’s unknown quan-
tities. Inference is performed by what are in theory simple applications of the rules of probability
from Section 2.3.4 on page 38. What results from Bayesian inference is the probability distri-
bution over all unknown quantities. These probabilities express degrees of belief in the various

possibilities that enable informed decisions and predictions.

2.4.1 Modeling

Bayesian modeling is the act of designing a joint distribution over observable and latent random

variables. The joint distribution is the product of the likelihood and prior distribution,

p(y,0) = p(y|0)p(0). (2.23)

The likelihood function p(y|@) expresses how the model’s output is distributed given its latent vari-

ables. The prior distribution p(0) expresses the beliefs and uncertainty about the latent variables.
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Figure 2.6: A directed graphical model (or Bayesian network) expresses the probabilistic conditions between
observable data y,,, latent variables x,,, parameters 6, and hyperparameters ¢.

2.4.2 Hierarchical models

Bayesian models can have multiple levels that form a hierarchy. A hierarchical model considers
that the latent variables are random samples from a population with density p(0|¢) that is condi-
tional on hyperparameters ¢ € ®, for which there must exist a prior distribution p(¢), called a
hyperprior, that expresses its initial beliefs and uncertainty.

In Bayesian statistics, “hyperparameter” has a specific technical meaning: a parameter in the
probabilistic model that controls the distribution of lower level parameters. Though in recent years,
machine learning literature has appropriated the term “hyperparameter” to mean almost anything.

Exchangeability is not only appropriate within the M sequences of observations, but also be-
tween the M corresponding latent variables (Bernardo, 1996). So, the joint distribution of all latent

variables has an integral representation that is expressed as

M
p1,..00) = | [[0l0w(@)ie (224)
=1

Hierarchical modeling offers flexibility for representing complex dependencies between higher
and lower level parameters. A criticism of Bayesian methods is that it requires the practitioner to
define a prior that is sometimes ill-informed. But with hierarchical models, the priors themselves
are malleable, as their parameters have measures of uncertainty expressed by their own priors.
Through inference, the latent variable’s prior parameters, the hyperparameters, are also learned.

Figure 2.6 graphically represents a general hierarchical Bayesian model consisting of likeli-

hood, prior, and hyperprior.
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2.4.3 Bayesian inference

Bayesian inference is the application of Bayes’ theorem (Propositions 3, 4, and 5 in (Bayes, 1763))
to infer a posterior distribution over latent random variables given observable data. It integrates all
available information about observable data and prior beliefs about the latent variables, as specified
by in the joint distribution. Optimal decisions can be made from the posterior probabilities and

expected values of the latent variables, and predictions about new data.

Theorem 1 (Bayes’) The posterior distribution of 0 given y is

p(y|60)p(0) _

p(Oly) = o)

(2.25)

Appearing in the denominator of Bayes’ theorem is the model evidence, which is found by

marginalizing out 8 from the joint probability,

ply) = chy, 0)d0 — j@p@w)p(e)da (2.26)

Depending on the context, this might be called the marginal likelihood or prior predictive distribu-
tion. The posterior predictive is used to make predictions about new data ¢ given a set of observed

data y, and is written as

wlaly) - |

(5. 01y)d0 - f

@p(@l&y)p(@\y)dé’: f p(9|0)p(0]y)do . (2.27)

S}

For most models of interest, exact inference by direct application of Bayes’ theorem is not
practicable due to the presence of complicated integrals with no analytic solutions. An integral that
is typically intractable is the one in Equation (2.26), which appears in the denominator of Bayes’
theorem. Calculating this model evidence p(y) requires an integration over all the unknowns in
the model’s joint probability.

One way of circumventing the intractable integral is to use the Laplace method, or saddle-
point approximation (MacKay, 2003). The Laplace method approximates the integral of a target
probability function with an integral of a Gaussian probability function parametrized by a mean
and variance. This method generalizes to multiple dimensions as well, where each dimension
of the Gaussian corresponds to a parameter or variable in the target distribution. It is a simple
and widely-used approximation that works well when the target probability resembles a Gaussian

function, having a single well-defined mode.
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Still, after retrieving the model evidence and inferring the posterior distribution over the model
unknowns, computing the expected value of some parameter requires integrating out, or marginal-
izing, all the other parameters from the posterior.

Approximate inference methods are central to modern Bayesian estimation as they address
the problem of such intractable high-dimensional integrals, enabling estimation of complex prob-
abilistic models. The two main approximate inference methods are Markov chain Monte Carlo
(MCMC), a stochastic method based on sampling, and variational Bayes (VB), a deterministic

method based on optimization.

2.4.4 MCMC and Gibbs sampling

Monte Carlo methods refer to a class of algorithms that approximate integrals through numerical
sampling (Andrieu et al., 2003). Rather than analytically integrating over a probability distribution
to retrieve an expected value, the idea is to draw N independent samples from the posterior and

average over them to retrieve an approximation of the expectation,

1 N
O~ = >0, (2.28)
N n=1

where 0™ ~ p(f|y) is the nth sample. A consequence of the law of large numbers is that the

approximation can be made as accurate as desired by increasing the number of samples,

Lo
= 1 _ (?’L)
() ]\lfl—Igo ngzl A (2.29)

However, drawing IID samples from the posterior is often too difficult.

MCMC methods make it easier to sample complicated distributions, by drawing one sample
from a distribution conditioned on the previous sample (Gelfand and Smith, 1990; van de Schoot
et al., 2021). The draws are in general not IID because each sample is conditionally dependent
on the previous one. Many MCMC algorithms exist, such as Metropolis Hastings, Slice sampling,
and Gibbs sampling.

Markov chains are the basis of all MCMC methods. A first-order Markov chain is a series of
stochastic variables where each variable is only conditionally dependent on the previous variable,
pa (0D W) = p, (00|91, The joint probability of the variables is the product of
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these conditional distributions,

N

p(0M, . oM) H RIS (2.30)

A homogeneous Markov chain is one where all the conditional distributions are the same, Vn,
Pa(67107 1) = p(8™]et" 1) (2.31)
The marginal distribution p(6(™) is invariant with respect to a Markov chain if

p(e(n)) _ Z p(9(”)|9("_1))p(9(”_1))- (2.32)

g(nfl)

MCMC methods require that each distribution is invariant with respect to the Markov chain, and
that the marginal of each sample p(6(™ |y) is equal to the true posterior p(8|y).

Gibbs sampling is an MCMC method for performing Bayesian inference of complicated pos-
terior distributions by iteratively sampling each model’s latent variable. Gibbs sampling algorithm
was invented by Geman and Geman (Geman and Geman, 1984) and was further popularized by
Gelfand and Smith (Gelfand and Smith, 1990) who more broadly identified MCMC as a practical
method for Bayesian inference. Whereas the posterior distribution p(8|y) may be too compli-
cated to sample from directly, the conditional posterior distributions p(6;|6x.;, y) can be sampled
when the prior distributions are conjugate. In Gibbs sampling, 6; is sampled from the conditional
posterior given the previously sampled parameters,

0 ~ p(6,]67 " ), (2.33)

k+#i

where 7 is the iteration. The posterior distribution p(8™ |y) tends to p(8|y) as n — oo.

2.4.5 Variational Bayes

VB is an approximate Bayesian inference method that turns inference into an optimization problem
(Jordan et al., 1999; Blei et al., 2017). In particular, VB searches for an approximate distribution
q(0) that minimizes the KLD between it and the true posterior p(0|y),

q(6) = argminDxy,(¢(0) || p(0ly)) - (2.34)

q(0)
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Decomposing the KLD into a sum of entropy terms and expanding reveals

Dxr(q(0) [| p(6]y)) = Inq(8)) — Anp(ly)) , (2.35)
= (Ing(0)) — (np(y,0)) + Inp(y). (2.36)

Recall that the reason for approximating the posterior in the first place is because calculating p(y)
is not possible due to an intractable integral. Therefore, direct minimization of the KLD is not
possible.

Rather, the evidence lower bound (ELBO), denoted by £(q), is equivalent to the KLLD up to an

additive constant,

Inp(y) = Dxr(q(0) | p(0ly)) + L(q) - (2.37)

Since Dkr,(= || 0), L£(q) is a lower bound on the log model evidence, Inp(y) > L(q), for any q.
Maximizing the ELBO is a tractable alternative to minimizing the KLLD between the approximate
posterior and true posterior.

The ELBO is expressed in one of two ways, as in the following two equations,

L(q) = (Inp(y,0)) —nq(0)) (2.38)
= (Inp(y|6)) — Dkr(a(0) || p(6)) . (2.39)

Looking at the second line, the ELBO is maximized by jointly maximizing the expected log-
likelihood of the data while minimizing the KLD between the approximate posterior and the prior,
regularizing it.

Mean-field VB refers to an assumption that the latent variables are mutually independent given
the data. This assumption leads to an induced factorization of the posterior into a product of

approximate posteriors over each latent variable,
q9(0) = | [ai(z). (2.40)
i=1

If ¢(0) is factorized this way, then the optimal approximate posterior for the ith variable, denoted

by g7, has a particular solution that results from variational calculus,

a: (0o exp (W p(y, 00, 0,,0) (2.41)
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Figure 2.7: Differences between VB and MCMC in terms of error versus run time.

Then, VB is realized by an iterative algorithm, where each iteration updates ¢;, Vi, per Equa-
tion (2.41), using the current distributions for all the other variables qj;.

Figure 2.7 illustrates the difference between VB and MCMC in terms of approximation error
versus run time. VB converges faster than MCMC but to an approximation of the target distribu-
tion, whereas MCMC takes longer but is guaranteed to converge to the actual target distribution,

eventually drawing samples from the true posterior.

2.5 Illustration: Bayesian mixture of Gaussians

Grouping data according to a mixture model is a good task to test the different inference methods
with: it is a challenging unsupervised problem that exposes the advantages and limitations of each
method, it is a widely applicable problem, and it is relevant to audio mixtures that are the topic of
this thesis. Specifically, a mixture model is used to generalize an audio source model to a mixture
of many sources that are responsible for creating particular observations. Through inference of the
mixture model, audio data can be grouped according to its most probable source.

Data is created by drawing 200 points from a five-component mixture of two-dimensional
Gaussian distributions. Each Gaussian’s mean and covariance matrix are drawn from a Normal-
inverse-Wishart distribution (Forbes et al., 2011), as written in Equation (D.10) on page 199.

For comparison, three different approximate inference methods are used to estimate the pos-
terior probabilities of the labels for each point: VB and Gibbs sampling with a finite Gaussian
mixture model (GMM), and collapsed Gibbs sampling with a Dirichlet process GMM, which has
a countably infinite number of components. Algorithm 2 on page 199 details the collapsed Gibbs
sampler for the infinite GMM. Figure 2.8 shows plots of the groups of data that are inferred using
each of the three methods. In this example, VB does not attribute the compact cluster near (3, —1)

to an individual component, but rather labels it as part of a larger surrounding component. Gibbs
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sampling, from either the finite or infinite mixture model, infers the correct number of Gaussian
components, groupings for the data, and parameters of each component.

Regarding algorithmic complexity and speed, the infinite GMM is the most computationally
expensive, while VB and the Gibbs sampler for the finite mixtures have similar complexities. VB
converges after only around 50 iterations, with a speed of 20 iterations per second on a 2.8 GHz
quad-core processor. Gibbs takes around 200 iterations to adequately sample from the posterior,
with a speed of 60 iterations per second. Indeed, Gibbs sampling is faster per iteration than VB
because it involves simpler computational operations. Beyond this GMM example, for more com-
plicated models Gibbs takes longer than VB because it requires many samples to converge. Further,
it is not always clear when a Gibbs sampler has converged. Comparatively, it is simple to detect

when VB converges from the measured ELBO.

2.6 Deep learning

Deep learning is subset of machine learning based on deep neural networks (DNNs) that allow
for models to learn representations of data with multiple levels of abstraction (LeCun et al., 2015).
DNNSs can automatically learn compositional hierarchies inherent to many natural signals, breaking
up a process such as classifying the contents of an image into different sub-processes starting with
high-level features down to lower-level ones. DNNs are widespread in modern technology, as they

can leverage information from vast collections of data to outperform non-data-driven algorithms.

2.6.1 Feedforward neural networks

The neural networks most commonly used in engineering applications are “feedforward” net-
works, as they are part of most deep learning models. A feedforward neural network is a function

f : R* — R™ that transforms input « € R” to output y € R™,

y = f(x,0), (2.42)

where the network’s parameters 8 include weights W € R™** and biases b € R™. In its simplest

form, a fully-connected feedforward network has no hidden units and is linear,

f(z,0) =Wax +b. (2.43)
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Figure 2.8: Illustration of a Bayesian mixture of Gaussians in two-dimensional space inferred with varia-
tional Bayes (VB) and Gibbs sampling. The color of each point denotes the mixture component it is grouped
with and the one standard deviation contour of each Gaussian component is shown as an ellipse.

With one hidden layer, it is a single-layer perceptron,

f(ar:, 0) = WQh(WlCU + bl) + b2 s (244)

where A is a nonlinear function. Typical choices for / include the logistic sigmoid function,

e~ %
ha) == (2.45)
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the hyperbolic tangent function,
h(x) = tanh(z), (2.46)
and the rectified linear unit (ReLU),
h(z) = max(0,z) . (2.47)
To generalize, let layer ¢ be denoted f; : R™ — R™i+1,
fi(x,0;) = h;(W,x +b;), (2.48)

where m; is the dimension of the input and h; is the nonlinearity of the ¢th layer. Then, an L-layer

feedforward neural network f : R™ — R™Z+! is expressed as

f(a:, 0) = fL(fL—l(- .. fl((B, 01) ey OL—l)a BL) . (249)

A single-layer feedforward network can represent every boolean function, and a boolean func-
tion can approximate every bounded continuous function with arbitrary precision. However, for
a single-layer network the number of hidden units needed to represent a boolean function can be
exponential in the input dimensionality.

The capacity for a single-layer neural network to learn the identity function for an eight-
dimensional boolean input and output is illustrated in Figure 2.9. To make the problem trickier,
the input is noisy but the target output is not. As the network must learn to encode and reconstruct
a de-noised version of the input, it is considered a de-noising auto-encoder. In this example, the
hidden layer has three neurons, with sigmoid nonlinearity for the hidden and output layers. Con-
sidering binary encoding, 3-bits can represent eight unique digits. From this figure, we see that the
network learns to encode the information of the input in terms of a nearly-binary 3-bit encoding,
where each hidden unit is close to either zero or one. For the first example, the input is encoded
as approximately (1,0,1), whereas the second is (0,1,1). Three hidden units is the minimum to
sufficiently learn the de-noising identity function for an eight-dimensional boolean output.

Feedforward neural networks are said to be universal approximators. For example, a two-layer
network, L. = 2, with linear outputs, hz(z) = x, can approximate any continuous function f(x)
on a compact input domain = € (a, b) to arbitrary accuracy, given that the number of hidden units

in the network is sufficiently large.
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Figure 2.9: A feed-forward neural network with a single hidden layer learns the identity function.
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Figure 2.10: A two-layer network with three hidden units per layer learns to approximate the absolute value
function f(x) = |z| from 51 data points in the range x € (—1, 1): (a) training data (blue dots) and network
function (red line), (b) hidden unit outputs from final layer, (c) network diagram.

The capacity for a two-layer network to approximate the absolute value function is illustrated
in Figure 2.10. In this example, the network has three hidden units per layer, tanh nonlinearities
for each hidden layer, and a linear output. Figure 2.10b shows how the hidden units of the last layer
combine to create the network’s output, seen by the red line in Figure 2.10a, that approximates the
absolute value function in the range = € (—1, 1). There is no guarantee that a neural network will
accurately extrapolate the function outside the range of inputs seen during training. For example,
in Figure 2.10a the approximation deviates from the absolute value for = ¢ (—1,1).

A DNN is defined as a feed-forward neural network that has at least three layers. The perfor-
mance of a DNN scales with the amount of training data and network size. In contrast to wide,
shallow networks with fewer than three layers, DNNs perform better and generalize better given

more training data. Shallow networks can memorize input output pairs well, but their performance
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Figure 2.11: A four-layer (deep) network with four hidden units per layer learns to approximate a rectangular
wave function from 51 data points in the range z € (—1,1): (a) training data (blue dots) and network
function (red line), (b) hidden unit outputs from final layer, (c) network diagram.

does not tend to generalize to cases where input data is outside the space of the training data. DNN's
automatically learn to extract different levels of representation that follow a hierarchy, which is re-
ferred to as feature learning. A canonical example of this property is seen in the intermediate
representations of DNN trained to classify images. Multiple layers are better at generalizing than
a few layers because they learn the intermediate features between the raw data and the final repre-
sentation at the output. For these reasons, DNNs are immensely popular, both as an active research
area in many disciplines and as a tool for modern technologies.

A deep network’s capacity to approximate a nonlinear periodic function, a rectangular wave-
form, is illustrated in Figure 2.11. The network has four layers with four hidden units per layer,
tanh nonlinear functions for each hidden layer and a linear output. The target function is y(x) =
sign(sin(4rz)) for x € (—1,1). Plots of the final layer’s outputs in Figure 2.11b show that the
four units are symmetric about x = 0 and how they contribute to the final approximation of the
function. In comparison, a two-layer network with same number of parameters is unable to learn
this function. While the target function is periodic Vz, the network’s output is not periodic outside
the input data range, x ¢ (—1, 1). Neural networks with nonlinearities such as sigmoid or tanh,
fail to learn and extrapolate periodic functions. (Ziyin et al., 2020) address this by implementing
a different nonlinearity, x + sin?(z), that gives the neural network a capacity to learn periodic

functions.
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2.6.2 Convolutional neural networks

A convolutional neural network (CNN) is a feedforward neural network where each layer computes
a cross-correlation between the layer’s input and the layer’s weights, called kernels (LeCun et al.,
1989; LeCun and Bengio, 1998). Layer 7 of a CNN involves a cross-correlation rather than an

inner-product, so Equation (2.48) becomes
fi(x,0;) = hi(Wi*xx + b;), (2.50)

where » denotes the cross-correlation operator.

A convolutional layer is often followed by a downsampling operation. Downsampling is carried
out in one of two ways. One way is to pool neighboring values from the output of a convolutional
layer and computing their maximum or their average. The second way is to use strided convolu-
tions. In (Springenberg et al., 2015), using strided convolutions is shown to be a simpler and more
efficient downsampling strategy compared to max pooling or averaging.

Another way to make the convolutional layers more efficient is to use dilated convolutions. Di-
lated convolutions effectively have kernels with zeros inserted between the original values, so that
kernels have a larger receptive field without using more parameters. This has been very effective
for audio signals, because such signals have temporal dependencies that can span tens of thousands

of samples.

2.6.3 Recurrent neural networks

A RNN is a kind of neural network that is useful for tasks involving sequential data of variable
length, such as audio. An RNN processes a sequence of inputs one element at a time and encodes
information about past elements of the sequence in its latent state. Different RNN architectures
address difficulties in model training, are designed to improve efficiency and model long-term
patterns. Among the most popular kinds of RNNs are long-short-term memory (LSTM) networks
because they are good at learning long-term dependencies (Hochreiter and Schmidhuber, 1997).
A bidirectional RNN, such as a bidirectional LSTM (BLSTM), concatenates the outputs from two
independent RNNs: one that processes the input sequence forwards from start to end and another
that processes the sequence backwards from end to start. In combination, the output at one time is

informed by past and future data.
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2.6.4 Network training

Network training is the optimization of the network parameters to satisfy some performance crite-
rion, as quantified by a loss function. A common example for a loss function is the mean-squared-
error (MSE) between the network output and the training targets. In terms of probability, training
an artificial neural network carries out maximum likelihood estimation (MLE) of its parameters 6

given a dataset of observable inputs and outputs D = {x, y},
6 = arg max Inp(y|z;0), (2.51)
6

where the log probability is used for mathematical and computational convenience. For example,
using a normal distribution for the likelihood function is analogous to finding the set of parame-
ters that minimize the MSE loss function. Despite wide use, maximum likelihood estimation is
biased and systematically under-estimates the true variance which leads to over-fitting a model’s
parameters to the data (Kay, 1993).

Gradient descent-based optimization algorithms use gradient information to update a neural
network’s parameters. Error backpropagation, or backprop, is an efficient technique for evaluating
the gradient of the loss function with respect to the parameters in every layer of the network. Con-
sidering that DNN performance scales with the amount of training data, typical datasets are very
large and require too much memory to process at once. To solve this, data is broken up into much
smaller subsets. Stochastic gradient descent refers to the application of gradient descent succes-
sively and independently to random subsets of the data, or mini-batches, and is the standard way
to train DNNs. Optimization algorithms specifically designed to improve upon stochastic gradient
descent include Adam (Kingma and Ba, 2015) and AdamW (Loshchilov and Hutter, 2019).

Datasets are characterized and partitioned into one of three subsets for training, validating, and
testing the model. Training and validation data sets are used during model training. As the name
suggests, the training set is used to optimize the model parameters. Over-fitting the network to the
training set can be avoided in several ways. One way is to stop the training process once the loss
measured between the network outputs and validation set is no longer decreasing. This is referred
to as early stopping. Once training is complete, test sets are used to evaluate the trained model’s
capacity to generalize to new data. Results from the test set are meant to capture how the model

performs in practice, once deployed in a real-world application.



54 Technical background and prior work

2.6.5 Variational auto-encoding

Variational auto-encoding (Kingma and Welling, 2014) is a powerful method for amortizing vari-
ational inference with auto-encoding neural networks. A VAE is a deep generative model that
learns to encode high-dimensional observable data in a structured, lower-dimensional latent space
of random variables. It learns to decode latent random variables with a neural network to re-create
signals that resemble the training data. As a generative model, its latent variables can be randomly
sampled according to their prior distributions and decoded to create new data. VAEs have proven
successful in many audio applications like audio synthesis (Esling et al., 2018), timbre transfer
(Luo et al., 2019), and de-noising.

The generative model for a VAE assumes that observable data y is created from a latent random

variable € RP= that is transformed through a neural network f plus noise € € RPv,
y=f(x,0)+e. (2.52)

This expression is similar to Equation (2.42) on page 47, except that the input to the network « is
an unobservable random variable and there is noise. Since the observable data y is itself a random
variable, it is defined by its PDF. Following Equation (2.52), the likelihood of data given the latent
variable and with respect to the neural network parameters is expressed as p(y|x; 0).

A prior distribution is defined for the latent state, which is commonly assumed to be a normal

distribution with zero-mean and unit variance,
p(x) = N(x|0,I). (2.53)

The problem is then how do we efficiently infer ? It is difficult because the neural network is
highly nonlinear, and there is no closed-form expression for the posterior distribution. Moreover,
we want to learn the parameters of the neural network itself, such that it generates new data that
matches the training data.

As discussed in Section 2.4.5 on page 44, variational Bayes (VB) turns inference into an op-
timization problem by approximating the posterior with some distribution ¢(x) ~ p(x|y) and
finding the parameters of ¢ that maximize the ELBO. In practice, VB is realized with an iterative
algorithm that in turn updates the parameters of each latent variable’s approximate posterior.

Variational auto-encoding takes this a step further by using a neural network to learn a deter-
ministic mapping between observable data and approximate posterior parameters. After training a

VAE, inference does not require costly iterative algorithms like traditional VB, and is thus com-
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paratively very efficient. This action is referred to as amortization.
By assuming that the approximate posterior ¢ is normally-distributed, it has the same form as

the prior and makes several aspects of the VAE simpler in practice,

q(; ) = N(x|p, Diag(c?)). (2.54)

Considering that the parameters of the normal distribution are the mean and variance, the VAE’s

encoding neural network learns to transform the observable data to the mean and variance,

p=u(y, ), (2.55)
o? = a*(y, ), (2.56)

where 1) are the parameters (weights and biases) of the encoding neural network. In the end,
approximate inference is simplified to a deterministic mapping from the observed data to posterior
parameters.

For the VAE with normal prior p and approximate posterior ¢, an estimate of the latent state x

is sampled from ¢ using the re-parametrization trick
T=p+eOo, e~N(0,I). (2.57)
With the estimate &, the estimate of the data y is

= /(2.0). (2.58)

Expanding this equation as

y=f(0)=fl9(y,Pu) +eOhy,45),0), (2.59)

shows how the entire process that encodes, samples, and decodes, is differentiable.
Training a VAE is done by optimizing the parameters of the neural networks where the cost

function (loss) is the negative ELBO,

L(q) = {np(yl|x;0)) — Dxr(q(x; ) | p(x)) . (2.60)

Training jointly minimizes the KLD between the approximate posterior and prior, which regular-

izes the latent space, and maximizes the expected log-likelihood, so that the generated estimates
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are close to the observable data. As the entire VAE pipeline is differentiable, the whole model can
be trained end-to-end on a set of data.

A key difference between a feed-forward network and an auto-encoding network like the VAE
is that the latter does not use input-output pairs of data but rather just the target output y. An
auto-encoder encodes the data y as « by passing it through a feed-forward network, the encoder,
and attempts to reconstruct it as g. In this way, an auto-encoder, and by extension a VAE, is not
supervised during training because there is no target for the encoder to be directly optimized with.
Rather, the encoder must ensure that its output can be used to reconstruct the data. This is where
the auto-encoder takes its name: it learns automatically to encode the data y under the constraint
that the information encoded in « can be decoded into a sufficiently high-quality estimate of the
data ¢. To end, the VAE is trained without supervision, as it automatically learns to infer latent

variables from and generate estimates of target data.

2.7 Summary

This chapter reviewed four research topics that are pertinent to this dissertation: source separation,
audio source modeling, probability theory and Bayesian inference, and machine learning. The
following chapter merges two such topics, audio modeling and Bayesian probabilistic modeling,

creating Bayesian audio models.



Chapter 3
Bayesian models of audio signals

This chapter acquaints the reader with Bayesian model design and connects probabilistic meth-
ods to a variety of audio applications with illustrative examples that include parameter estimation,
sparse atomic decomposition, and robust partial tracking. In this chapter, foundational Bayesian
models and inference methods are covered, starting with univariate normal random variables, then
Bayesian linear regression, mixture models, and time series models. General probabilistic models
are tailored to specific audio examples that demonstrate how the structure of a model and parame-
ters are chosen to match a given problem, and highlight the benefits of Bayesian theory. Looking
forward, models and methods presented in this chapter are the building blocks of hierarchical

models for audio source separation.

3.1 Univariate Normal model

This section investigates Bayesian modeling and inference from univariate, normal random vari-
ables, through its application to a simple, practical problem in audio signal processing.
Second-order infinite impulse response (IIR) filters are widely used for many tasks in digital
audio signal processing (Smith, 2007). These systems are expressed in the time-domain by a
difference equation that describes how output y; is computed from a weighted combination of past

outputs and current input x;,

Yr = —QYp—1 — 02 + Ty . (3.1)

Two important properties of the filter, the center frequency w,. and the bandwidth B at 3 dB in

o~ B/2

radians per sample, directly relate to the filter coefficients as follows, a; = —2 cos(we),

57
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Qo = e B,
A second-order AR model is a stochastic process that has the same difference equation as
above, but rather assumes that the input to the system is a normally-distributed random variable &,

with zero-mean and variance o2,
2
Yp = =01 — QYo + €, €t ~ N(O, 9 ) . (3.2)

Since the input to the system is unknown, and assumed to be a random variable, the relationship
between the input and output is probabilistic. This forms a more general system than the deter-
ministic case, and is widely applicable. In most cases we only observe a system’s output, and want
to find the properties of the system and predict its input (inverse filter). This leads to the use of
Bayesian methods, and inference of the model’s parameters given only the output of the system.
Equation (3.2) is a specific example from a much broader structure of Bayesian time series
models, namely it is a 2nd order Markov chain, as ¢t depends on the values at the previous two sam-
ples. In a later section on time series models, this structure is generalized by the state space model,
where the observable data is IID and assumed to be generated from a sequence of unobservable

random variables.

3.1.1 Unknown frequency, known bandwidth

Consider first that we want to infer the center frequency w,, assuming that the pole is located on
the unit circle, so B = 0. The posterior distribution over w, is not expressible in closed form, as
any prior over it is not conjugate to the normal likelihood.

Rather, we work with the coefficient a; because it enables the use of a fully-conjugate Bayesian
model. Then, we use a change of variable to derive the posterior over w.. This example demon-
strates how to carry out exact inference in closed form and apply the change of variable formula to
find the properties of random variables that are not practical to work with directly.

Only «; varies with respect to w,., and since the bandwidth is assumed to be zero, avy = 1. Then,
the goal is to infer o; and noise variance o2 given a signal, which forms the set of observations y.

For this model, the joint distribution is expressed as

p(y, a1,0°) = p(ylar, o?)p(as, 0?), (3.3)
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where the likelihood is normal following Equation (3.2),

T
‘0417 HN yt| — Y1 — Y2, 02) ) (34)
t=2
and the prior is normal-inverse-gamma because it is the conjugate prior for the likelihood,
p(a1,0?) = plai|o®)p(0?) = N(ai|mg, 0* A5 ') Inv-Gam(o?|a, b) . (3.5)

Since the model is fully-conjugate, the posterior distribution p(c;, 0%|y) has a closed-form expres-

sion and is in the same family as the prior,

plar, o*ly) = plaalo?, y)p(o®ly), (3.6)
where
p(al|0-27y) :N((I1|,M,O'2)\_1) ) (37)
T
A=Xo+ >0, (3.8)
t=3
T
=" <m0>\0 + Z —y—1(ye + yt—2)> ; (3.9
t=3
and
p(o®ly) = Inv-Gam(o?[a, b) , (3.10)
1
i=a+(T-2), (3.11)
~ 1 (&
b=b+; (ny 2>\+m1)\0> . (3.12)
t=3

Now, the posterior distribution over the center frequency w, is derived from Equation (3.7)
by application of the change of variable formula in Equation (2.18) on page 39. Consider the
transformation o; = h(w.) = —2cos(w,), where w, € I, = (0,7) and h : I, — R. Then, the

posterior over w, is

p(welo?, y)oeN (h(we)|p, o* A1) 2 sin(w,) , (3.13)
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Figure 3.1: Posterior distribution of a resonant filter’s center frequency w. with known bandwidth B after a
change of variables. Curves show the posterior distribution using different values of the prior mean .

which is valid for w, € I because h(w,.) is monotonically increasing in that interval. A normaliza-
tion term is required to make the posterior a valid density over w, because its domain /,, does no
match the transformed variable’s domain, a; € R.

Figure 3.1 plots this distribution over w, for a range of means p in two different settings of o.
The variance is larger near w. = 0 and w. = 7. This is a consequence of y being a real signal, and
there being symmetric positive and negative frequency components that overlap, causing uncer-
tainty near zero (direct current) and 7 (Nyquist). Further, as seen in the plot and Equation (3.13),
plwe = 0) = p(w. = ™) = 0, because sin(w,) is zero at those values.

An analysis of Bayesian inference for w, is illustrated in Figure 3.2. As the number of observed
samples 7' of the signal increases, the posterior distribution’s mean approaches the ground truth
point value and the variance decreases. Taken to the limit, as 7' — oo, the posterior is a delta
function centered on the ground truth value for w,, in which case the posterior mean is equivalent
to the maximum likelihood solution. Studying the form of Equation (3.7), when there are no
observations, the posterior is equivalent to the prior. For finite 7', if the prior precision Ay — 0, the
prior variance tends to infinity, so there is zero certainty about the prior. In this case, the prior has

no influence on the posterior, resulting in maximum likelihood estimation.

3.1.2 Unknown frequency, unknown bandwidth

2 are all unknown

Now, consider that the center frequency w,, bandwidth B, and noise variance o
random variables, and the goal is to infer their posterior distribution given an audio signal. Again,
we rather work with the filter (AR) coefficients &« = {«1, as}, as it enables closed-form solutions

of the posterior distribution. This posterior is then transformed with a change of variables from o
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Figure 3.2: Illustration of Bayesian inference for the center frequency w. of an AR process, 2nd order all-
pole IIR filter where the bandwidth is assumed to be known (B = 0, r = 1). The curves show the posterior
distribution over w, given by Equation (3.13) for increasing numbers 7" of samples from an observed signal.

to0 = {w., B}.
Define the following matrix of time-shifted versions of the observed signal, ® € R(T—2*2,
where ®; ;. = ;12 &, and the signal starting at sample ¢ = 3, ¢ € R~ where 1; = y;, 5. Then,

the likelihood is expressed as

T
pyloe, o) = [ [N (Wl — cayecs — aapia, 0°I) = N (h|®cx, 07) . (3.14)
t=3
The prior is now defined for the two coefficients,
M
p(alo) = N(a|jm, o? H N(ai|mg, a® 251, (3.15)
m=1
and o2 has the same inverse-Gamma distribution as before.

This is a conjugate prior for the likelihood, so the posterior distribution is in the same family

as the prior. The posterior distribution is expressed in closed-form as

pla, o’ly) = plao®, y)p(a?ly) (3.16)
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where
plalo®,y) = N(alp,0® A", (3.17)
A=Ay +P"®, (3.18)
p=A"(Am+ @), (3.19)
and
p(02|y) = InV—Gam(02|a,/l;) , (3.20)
1
a=a+§(T—2), (3.21)
~ 1
b=">b+ 3 (" — p"Ap + mTAgm) . (3.22)

Consider the transformation of 8 = {w,., B} to & = {a1, as} by function h : I, x R, — R?,

where

(3.23)

—2e7B/2 cos(w,)
. :

a=h0)= [ 5
Then, applying the multivariate change of variable formula in Equation (2.19) on page 39, we get
p(8]02, )N (h(0)|p, 0> A1) 2e 7382 sin(w,) (3.24)

which is valid for w. € I and B € R, because h(8) is monotonic in that interval.

To illustrate, Bayesian inference of w,.., B, and o2 is carried out given an audio signal of duration
T = 128 that is randomly sampled using Equation (3.2), with a variety of true center frequencies
and bandwidths. Figure 3.3 shows contour plots of resulting posterior distributions over w,. and
B, along with each system’s magnitude frequency responses. Marks in the contour plot show the
ground truth parameters (“x”s), the maximum likelihood estimates (squares) and the maximum
posterior estimates (stars). For signals with larger bandwidths, the posterior uncertainty is larger,
illustrated by the spread of the contours, and the maximum a posteriori probability (MAP) estimate
is closer to w. = 7/2 than the maximum likelihood estimate. For signals that are generated by a
system with small bandwidth, the posterior variance is smaller, as seen by the compact density

surrounding ground truth.
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Figure 3.3: Contours of the inferred log-posterior probabilities p(w., B) (top) and magnitude frequency
responses (bottom) for 2nd order AR process (all-pole filter) given data sequences of 17" = 128 samples that
are created using a variety of center frequencies w. and bandwidths B.

3.2 Regression

A linear regression model with additive, normally-distributed, zero-mean noise is expressed as

y=>x + ¢, e ~N(0,0%1), (3.25)
where ® € RV*M ig a design matrix whose columns are basis functions ¢,, € RY, ¥Ym ¢
{1,..., M}. In signal processing, specifically in the domain of sparse atomic decompositions,

the design matrix is called a dictionary and the basis functions are called aroms. Whereas atomic
decomposition models are typically deterministic, here the idea is extended to probabilistic mod-
eling and inference.

The likelihood of the data is then expressed by the following normal distribution,
p(ylz,0?) = N(y|®x,0*1). (3.26)

MLE finds the value of « that maximizes this likelihood.
In Bayesian linear regression (BLR), the coefficients and noise variance are assumed to be

latent random variables and defined by their probability distributions,

p(zx, %) = p(x|o?)p(a?). (3.27)
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An Inverse-Gamma distribution over the variance is appropriate because it is conjugate to the

normal likelihood,
p(0?) = Inv-Gam(o?|a, b) . (3.28)

Choosing a normal distribution for p(x|0c?) makes the model fully-conjugate and enables exact

inference. A normal prior over the coefficients is

p(Tm|o?, Am) = N(2,,]0, %M1 . (3.29)

3.2.1 Sparsity-promoting priors

Optimization problems involve an objective function and a constraint. In sparse atomic decompo-
sitions, the objective function is y = ®x and the constraint is on the coefficients x. The constraint

is expressed generally by the vector’s ¢,-norm,

1/p

M
]|, = (Z wnl? | (3.30)
m=1

Depending on the choice of norm, and the weight given the norm in relation to the objective
function, the solution may, or may not, be sparse.

In the Bayesian model, the observations, coefficients, and noise parameters are random: the
likelihood function is analogous to an objective function and the prior is analogous to the con-
straint. For example, using a normal likelihood and a Laplace prior is the Bayesian version of
an optimization problem where the objective is to minimize the least-squares-error and the con-
straint is to minimize the ¢;-norm. Now, different priors are considered that promote sparsity in
the posterior expected values of the coefficients.

A Laplace prior makes the optimization of the joint distribution (with a fixed variance) equiv-
alent to the least absolute shrinkage and selection operator (LASSO) algorithm, which envelopes

many algorithms such as basis pursuit,
p(zm|0?, Am) = Lap(x,,]0, 0%, . (3.31)

However, the Laplace distribution is not the conjugate prior for the normal likelihood, so there
is not a closed-form expression for the posterior distribution. Even so, since the Laplace distri-

bution is a piece-wise function, finding an approximate solution is difficult and getting the MAP
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estimate requires interior-point methods (Kim et al., 2007) or quadratic programming (Boyd and
Vandenberghe, 2009).

Specific to Bayesian methods, an elegant and powerful way to use a non-Gaussian prior that
promotes sparsity is to rather work with its Gaussian scale mixture (GSM) representation. A GSM
consists of a Gaussian distribution over a coefficient whose scale (precision or variance) is param-
eterized in part by an auxiliary variable A, whose prior p(\) is designed such that the marginal
distribution (after integrating out \) is equivalent to the desired prior over the coefficient. Using
a GSM enables tractable VB and Gibbs sampling, whereas working directly with a non-Gaussian
prior does not. Since the GSM defines a prior p(\) over the parameters that control the properties
of a prior in a lower-level, it manifests a hierarchical Bayesian model, as discussed in Section 2.4.2
on page 41. This gives the model the property of “automatic relevance determination” (MacKay,
2003). An example of a model that uses automatic relevance determination is the relevance vector
machine (Tipping, 2000; Bishop and Tipping, 2000).

A Cauchy distribution, notable for its heavy tail that promotes sparsity and models outliers, can

be represented as a GSM. A GSM representation of the Cauchy distribution is

P(@mlo?, Am) = N (2]0,07A0) (3.32)
p(An) = Gam(),,]0.5,0.5¢%) . (3.33)

Upon marginalizing the scale \,,,, we get a Cauchy distribution over the coefficient z,,,

Q0

p(mm\UQ) = J p(:l:m|o2, Am)P(Am)dA,, = Cauchy(z,,|0, co). (3.34)
0

Parameter c is the local scale of the prior whereas o is the global scale and standard deviation of
the data noise. Therefore, setting c to smaller values will encourage the coefficients to concentrate
more on zero, for some fixed o. Figure 3.4 shows this marginal prior for different values of c.
Next, we explore how these priors and norms actuate sparse solutions in the illustrative case
where there are just two coefficients, x; and x5. In terms of the optimization problem with an

¢,-norm constraint, assume that the norm must equal one, so Vxy, x5 € (0,1),
1= (Jzy [P + |zof?)'P . (3.35)

Solving for 5 in relation to z; gives x5 = + (1 — |a1[?)"/?.
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(a) Comparison of typical priors. (b) Cauchy distribution with different scales c.
Figure 3.4: Priors for the coefficients of the Bayesian regression model.
For the Cauchy prior, the regularization is expressed as
c? c?
f(z1,29) =In 5t 2} | +1n 5t 3 . (3.36)

Now we find values of z, in relation to z; that define a contour, a curve along which the regular-
ization term f(z1, x2) has a constant value. The constant is chosen to be the value of f at x; = 0

and x, = 1, which evaluates to

2 2
£(0,1) =1In <%> +1In <% + 1) . (3.37)

Setting Equation (3.36) equal to Equation (3.37) and solving for x5 gives the contour

[ 1—a2

Figure 3.5 geometrically shows the problem for different norms and the Cauchy prior in two
dimensions. In this figure, the blue line is the objective function for a hypothetical problem. All
feasible solutions to the objective function, in other words, the values of @ for which y = ®«x,
lie on this blue line. The constraint imposed by the norm or prior is shown by the black contour
line. The solution to the problem is the green point where the blue and black line intersect, which
is located by one horizontal and one vertical red arrow.

For the Cauchy prior, depending on the value of ¢, the solution has one of two distinct forms.
As illustrated in Figure 3.6, when ¢ > \/m, the solution constraint has a positive curvature, so it

is convex, and a unique solution exists. For ¢ < 4/1/3, the solution constraint is non-convex and a
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Figure 3.5: Geometric visualizations of /,-norms and Cauchy priors in two dimensions: (a) {2, (b) ¢1, (c)
{0, (d) Cauchy with ¢ = 1/+/3, and (e) Cauchy with ¢ = 1/10. The objective function is shown by the
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(a) Curvature versus c at t1 = xo. Vertical blue line marks  (b) Maximum value of 1 < x5 versus the scale c.
where f(z) is non-convex (to left) and convex (to right).

Figure 3.6: Properties of the Cauchy prior versus scale c.

solution is unique except when the slope of the linear inverse problem is +1, which is the same as
for the ¢; constraint. As ¢ — o0, it approaches an /5 norm, and as ¢ — 0, it approaches an ¢, norm.
The canonical form of the sparse approximation problem uses the ¢y norm.

Figure 3.7 illustrates how different constraints affect the solution of the atomic decomposition,
where the data is created from a sum of two Gabor atoms in noise, and is decomposed using
linear regression with a Gaussian prior ({3-norm), a GSM Cauchy prior, and with matching pursuit
(MP), which approximates a solution given an {y-norm constraint. Note that the Gaussian prior
does not give a sparse result. Rather, it uses all the atoms in the dictionary. MP finds a locally-
optimal atom at each iteration. The first locally-optimal atom spans both Gabor atoms. On the next
iteration, a smaller atom is subtracted from the middle where the previous atom introduced energy.
Subsequent steps continue to use small atoms. Rather, Bayesian inference with the Cauchy prior

finds the globally-optimal solution, consisting of only two atoms.
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Figure 3.7: Atomic decomposition of dual Gabor example. BLR with a normal prior (¢2-norm) is not sparse,
whereas MP and BLR with Cauchy prior are sparse.

Considering audio signals, a sparse time-frequency decomposition is achieved by decomposing
a signal using a set of time-frequency atoms, time-shifted windowed oscillations that are distin-
guished by their scale, location in time and frequency.

In Figure 3.8, two different test signals are decomposed using MP (¢y-norm), LASSO (/;-
norm), and GSM Cauchy prior: (a) a sequence of four Gabor atoms of the same scale and fre-
quency, and (b) a damped sinusoid, which is a strongly asymmetric signal. LASSO and Cauchy
are both globally optimal in their own respects, but have different constraints on the coefficients.
In the first example, seen in Figure 3.8a, they select the same atoms and thus have the same spar-
sity. Though, Cauchy has better reconstruction quality in terms of signal-to-distortion ratio (SDR).
In the second example, given a damped sinusoid, Cauchy has better reconstruction quality than
LASSO and MP. Moreover, Cauchy avoids a pre-echo effect that comes from the creation of en-
ergy just before the beginning of the sound (Gribonval et al., 1996; Sturm and Shynk, 2010). As
shown in Figure 3.8b, MP introduces a pre-echo effect because it selects atoms that overlap the

attack time location. LASSO also shows a pre-echo effect but to a much less extent than MP.
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Figure 3.8: Example sparse atomic decomposition with MP, LASSO, and Cauchy.

3.2.2 Nonlinear regression

A nonlinear regression model is one where the observable output is a nonlinear function of the input
features or variables. An example of this is where the basis functions, the atoms in the dictionary,
are nonlinear functions of latent variables. In the case of audio, it is useful to parameterize a
dictionary of atoms by frequency w along with coefficients & that encode phases and amplitudes,

which is expressed as
y=>P(w)x+e. (3.39)

While the output is still a linear function of the coefficients, each basis function is nonlinear with
respect to its frequency. In (Neri et al., 2021a), a generalized version of this nonlinear model that
also parameterizes the atoms with respect to frequency and log-amplitude slope is estimated using
VB with gradient descent (Boyd and Vandenberghe, 2009).

3.3 Mixture models

A mixture model generalizes a Bayesian model of one distribution to a model made of a sum of
multiple distributions. Through inference, mixture models are used to identify clusters of data and

group data to them based on their statistical relationships.
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Figure 3.9: Illustration of a bimodal distribution over one-dimensional random variable y that is modeled
with a mixture of two Gaussian distributions.

In relation to audio source separation, the mixture model is central for grouping based sepa-
ration of audio data. Through inference, a mixture model gives the probabilities of data coming
from one of many possible distributions. If each of those distributions represents the statistical
properties of the data generated by an audio source, then grouping each observation to one of those
distributions performs source separation. In Chapter 5 on page 105, a mixture model is designed
that represents how audio data is generated from a mixture of sound source distributions, and used
to separate audio sources from observed single-channel audio signals.

A finite mixture model assumes that a random variable y has a probability distribution that is a

weighted sum of K distributions,

K
py) = . mp(y; 0, (3.40)
k=1

where 7, is the weight and 6}, is the individual parameter set of the kth distribution. For p(y) to
be a valid distribution, it is necessary that >, m, = 1 and 7, > 0. Component p(y;6},) can be
any distribution. Though it is common for them to be of the same prototype distribution but with
different parameters, in which case the model name is specific. For example, in a Gaussian mixture
model, p(y; 0;) = N (y|pk, Xx), VE € {1,..., K}.

Figure 3.9 plots a mixture model over one-dimensional data y made of two Gaussian compo-
nents. In this example, the resulting mixture distribution has two modes. This illustrates how the
mixture can represent more complicated distributions than a single component.

To infer the probability that an observation is created from some component of the mixture,
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consider a random categorical variable z € {1,..., K} that indicates which component the data

was sampled from. Then, the likelihood of the data given the category is

K
l—[ p(y; 6,)° (3.41)
and the prior over the variable is categorical
K
z=k
p(z) = [ (3.42)
k=1

The Iverson bracket [.] generalizes the Kroenecker delta and is defined to take the value 1 when

the statement inside the bracket is true, and takes the value O otherwise:

1 if P is true;
[P] = (3.43)

0 otherwise.

If the data is created by component k, then z = k is true, so [z = k] = 1 and [z = i] = 0,
Vi # k. Then, the likelihood function in Equation (3.41) evaluates to p(y; 0y) and the prior in
Equation (3.42) evaluates to 7.

In combination, the joint distribution p(y, z) = p(y|z)p(z) provides an alternative expression
for the mixture model. Using the properties of marginalization, this model is equivalent to Equa-

tion (3.40) after marginalizing z,

K
= > p(y,2) Z H (mep(y; Ok))

Now, the posterior probability of the data coming from component & is immediately available with

p(y; 0%) . (3.44)

HMN

Bayes’ theorem,

ply,z=k)  mply; )

P =) = T T SE (i 60)

(3.45)

3.4 Time series models

Data that forms a sequence over time, or time series data, is used in many applications like weather

forecasting, stock market analysis, and music processing (Barber et al., 2011). Each observation
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in a time series has a time associated with it. Time information may be explicitly represented
in one dimension of the data, or implicitly expressed through the data’s sampling rate when the
continuous-time signal is sampled at regular intervals. Recognizing patterns in time series data
consists in finding correlations in the data over time. To extract patterns, assumptions must be
made about the generative nature of the data sequence. We saw an example of this in Section 3.1,
where an observed signal at time y; depended on the weighted values from the previous two times.

Dynamical models are a class of probabilistic models that make assumptions about the evolu-
tion of time series data (Koller and Friedman, 2009). Dynamical models typically assume causal
relationships between observations, meaning that an observation at some time only depends on
values in the past. An assumption of causality matches physical reality because current events do
not depend on future ones.

The simplest structure for a dynamical model is one consisting of a first-order Markov chain.
Under an assumption of first-order Markovian dynamics, data at time ¢ only depends on data at the
previous time ¢ — 1. This relationship is defined by a conditional distribution p(y,|y;_1). modeling
the observed data through a first-order Markov chain only allows for recognizing patterns over
one time step. Considering a discrete variable of dimension K x 1, the conditional distribution is
defined by a K x K probability table.

Second-order Markov chains assume that data at time ¢ depend on values at t — 1 and ¢ —
2, with conditional probability p(y;|y;—1,¥y;—2). Capturing correlations in data over a slightly
longer time span than the Ist-order model comes at the cost of an increased probability table size
of K x K x K. Extrapolating this property, an order-7" Markov chain involves a probability
table with K7 *! parameters. Using high-order Markov chains is expensive because the number of
parameters increases exponentially with the order. While small-order chains can provide enough
representational power for simple dynamics, in many cases the data is correlated over hundreds or
thousands of time points and thus requires a very high-order chain.

State space models assume that time series data are generated from a latent variable sequence
T, ...,xp. The dynamics of the latent sequence are modeled through a first-order Markov chain.
The probability of the latent state at time ¢ given its value at time ¢t — 1 is quantified by the tran-
sition probability p(x|x;_1). At each time t, observation y, is emitted from the latent state x;.
The probability of the observation y; given the value of x; is defined by the emission probability
p(yi|x;). At the initial time ¢ = 1, the latent variable x; has a prior probability of p(x1).

Defining bold uppercase notation for the full sequence of data Y = (y;,...,yr) and latent
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Figure 3.10: Bayesian network for the state space model.

variables X = (xy,...,z7) € RM*T the joint probability of the state space model is
p(Y, X) = p(Y[X)p(X), (3.46)

where the likelihood and prior are, respectively,

T
p(Y|X) = [ [p(wi]a), (3.47)
t=1 .
p(X) = p(x1) | [ plai]a,y). (3.48)
t=2

In the state space model, the observation y; is conditionally dependent on all the previous
times yi,...,Yy;—1. Relating back to Section 2.3.3 on page 38, this conditional dependence is a

consequence of De Finetti’s theorem and marginalization,

T
Y1y yr) = JRMXT p(X) Hp(yt]a:t)dX . (3.49)

t=1

This dependence is demonstrated by the graphical model in Figure 3.10, because an open path
exists for any one observation ¥y, to any previous observation y;_,. A main benefit of the state
space model is that the number of parameters in the model is independent of the time series’
duration. For instance, if x; is a discrete variable with S possible states, and y; is discrete with
K states, then the transition probability table will be S x S and the emission probability table
will be S x K. Therefore, the state space model is an extremely efficient representation for time
series data, since it generalizes the observation to an order-7' Markov chain but keeps the number
of parameters constant.

A state space model is equivalent to one of two famous time series models depending on

whether the latent variables are discrete or continuous. Next, these two models are described
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and used to infer and learn from audio signals.

3.4.1 Hidden Markov models

A hidden Markov model (HMM) (Rabiner, 1989) is a state space model where the latent states are
discrete random variables, denoted by z;. In reference to Section 3.3, the HMM is a mixture model
whose categorical variables evolve over time. Audio applications of HMMs include automatic
speech recognition Rabiner (1989), music transcription (Vincent and Rodet, 2004), music analysis
(Qi et al., 2007), partial tracking (Depalle et al., 1993), and speech synthesis (Tokuda et al., 2000).
Combining HMMs with machine learning has been widely used for speech recognition (Woodland
and Povey, 2002).

For an HMM, the probability of the latent, or hidden, state at the initial time step ¢ = 1 is

categorical

p(z) = Cat(z]y) = Hvzl g (3.50)

where 0 < 7, < land Y5, 7 = L.
Thereafter, the probability of transitioning from state z; _; to 2; is

K K
p(2¢|2-1) HCat 2| Agy ) 1= HHA“ 1=illze=k] (3.51)

i=1 1=1 k=1

Parameter A € R¥*% is called the transition matrix, where A; . is the probability of transitioning
from state ¢ to state k, 0 < A; ;, < 1 and 21{;{:1 A =1

Transition probabilities determine the possible temporal evolution of the latent state, and the
relation between the values for Ay, ;, and different temporal properties can be expressed analytically.

The probability of spending /V time steps in state k£ before switching to a different state is
ARk

p(N):Z—Akmk

AN w1 = Arg). (3.52)

The expected amount of time steps that will be spent in state & is

Akk

(N = NZO Np(N) = 1_—Akk (3.53)

If Ay = 0, then (V) = 0 and the system will remain in state & for zero time steps. Instead, it will
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Figure 3.11: Relations between HMM transition probability A and time IV spent in a state before transition-
ing.

switch directly to another state, 7 # k. If A, = 1, the system will remain in state k forever, since
limAk’k_,l <N> = 00.
When designing the transition matrix, the following equation can be used to set A, ;, according

to the expected time spent in state &,

A = &% (3.54)

From an observable data sequence, the posterior distribution of an HMM'’s latent states is ex-
actly inferred with the forward-backward algorithm. The forward-backward algorithm is an effi-
cient inference procedure for calculating the marginal posterior of the state-space model that takes
advantage of the first-order conditional dependency between consecutive latent states. The algo-
rithm computes a forward pass over time to calculate the probability of the latent variable given all
the observations up to that point, from time 1 to ¢, then computes a backward pass that accounts
for observations from time ¢t + 1 to 7.

The forward-backward algorithm reduces the complexity of the intractable brute-force ap-
proach of exponential-time complexity O(T* K) to linear-time complexity O(T K?), where K
is the number of discrete states at each time.

In practice, it is also of interest to find the most likely sequence of the latent states. But the most
likely sequence is not the same as the states that maximizes the posterior distribution as computed
by the forward-backward algorithm. In the latter, the sequence of states may not follow valid
transitions, as the marginal posterior of the state does not account for states in adjacent times.
Rather, the most likely state sequence is efficiently decoded with the Viterbi algorithm (Viterbi,
1967).
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Figure 3.12: Dynamics of four different linear dynamical systems as represented by vector fields (arrows),
and fixed points located at (I — A)~'b (dots). These systems have no driving input, so b is zero.

3.4.2 Linear dynamical systems

A linear dynamical system (LDS) is a state space model whose latent states are continuous random

variables, denoted by &, € R, and follow linear or affine dynamics according to the state equation

Ly = Awtfl + b+ (= Uy ~ N(O, Q) s (355)

RM*M and vector b € R, System matrix A and driving input b determine

for matrices A, Q €
how the state evolves over time. Vector fields in Figure 3.12 show how a two-dimensional state
evolves over one time step using system matrices that are designed to produce sequences that
decay, rotate, or linearly interpolate.

At time ¢, observation y, € RM is generated from state &, according to the output equation,
w; ~N(0,R),

Yy = Cxy + d + wy, (3.56)

for matrices C € RV*M R € RV*N and vector d € RY.

Given a sequence of observations, the posterior distribution over the states of the linear dynam-
ical system (LDS) is analytically inferred using the continuous variable version of the forward-
backward algorithm: the forward pass is known as the Kalman filter (Kalman, 1960), and the
backward pass is known as the Rauch-Tung-Striebel smoother (Rauch et al., 1965).

The Kalman filter computes the marginal posterior of state x; given every observation up to that
time, p(x:|y1,. .., y:). Since the transition and emission probabilities are Gaussian, the marginal

posterior is also Gaussian, with mean denoted by u, and covariance V;. Using a colon to denote a
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time span, for example y;.; = {y1, ..., y;}, then Bayes’ theorem gives
2 )p(2e|Y1.—
p(@ilyr) = DY@ Y)) oy (3.57)
P(Ye|yr—1)

The predictive distribution and marginal distribution of the observation are

p(®e|y14-1) = J

play|@e1)p(@e—1|yri—1)de 1 = N (2| Ape—q + b, AV, AT + Q),

mi_1 Py

(3.58)

P(Yt|Yyr4-1) = JM p(ys| ) p(@e|yr.e—1)da: = N (y pmt—l + ch, ?B—ICT + 1?) . (3.59)
RM v~ ~~

Ut 3¢

Substituting Equations (3.58) and (3.59) into Equation (3.57) and solving for the mean and covari-

ance gives

pwe=mu_1 + K(y: — Yi) , (3.60)
Vi=(I-KC)P,_,, (3.61)

where K = P,_;CTX, " is called the Kalman gain. Looking at Equation (3.60), the Kalman gain
weighs the prediction error y; — ¥;, and its values are larger when there is more certainty about the
observation as quantified by the precision matrix X; .

In the backward pass, the marginal posterior distribution of the state x; given all observations

Y is calculated as

p<wt+1 ‘wn)P(thrl ‘Y)

. |Y) = p(x|ys. dx (3.62
pailY) = plaiy) || PRI g, )
= N (x| He + J (M1 — mt); Yt + J(Vig1 — B)J—E) ) (3.63)

e ;7:

where J = V,:ATPt_1 and the cross-time covariance is cov|x;, ;1] = JV,;1. From this, one

can compute the marginal distribution of the observation as

p(y|Y) = JM p(ye|xe)p(a|Y)dz, = N(y|Cpiy + d, CV,.C" +R). (3.64)
R

Indeed, the forward-backward algorithm for the LDS is the same as for the HMM except that
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Figure 3.13: LDS inference compared along the modeled ratio of state to output noise 7/o. Blue dots show
the observable data, y;. The red line shows the mean and shaded red area shows the variance around the
mean of the inferred marginal distribution of the data p(y;|Y") as defined in Equation (3.64).

the sums are replaced by integrals, corresponding to the change from discrete to continuous vari-
ables.

Besides the system matrix, one of the main design choices that comes into play for the LDS
is the covariance matrix for the output (observable data) noise and the state noise. To keep it
simple, consider isotropic noise, so each dimension has independent noise with the same standard
deviation, Q = 72I and R = o2I. The ratio of state to output noise standard deviation T/o
controls the uncertainty about the modeled dynamics of the system relative to the output noise.
Figure 3.13 demonstrates the effect that the modeled ratio of state noise to output noise has on the
smoothed expected value of the data. In this example, the model’s state equation is designed to
predict the data based on a sum of polynomials. For large ratios, less certainty is placed on the
system’s dynamics, so the expected values of the output follow the observations nearly exactly. For
small ratios, more certainty is placed on the system’s dynamics, and the expected output resembles
a quadratic curve (one of the polynomials modeled by the system). Using a balanced ratio gives an

expected output sequence that is smooth yet closely follows the observations.

3.4.3 Illustration: training an LDS to predict and generate audio

Figure 3.14 shows the filtered output and future predictions of an LDS that is trained on time-
domain audio data, and another on time-frequency domain audio data.

In the first illustration, an LDS is trained on the first 200 samples of a one-dimensional periodic
waveform that is corrupted by white Gaussian noise. The trained model is then used to predict the
following 200 samples, starting at ¢ = 200 and going to ¢t = 400. The inferred expected value
of the signal is shown by the solid red line, the blue dots are the observable data, and the shaded
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red area is the inferred standard deviation around the expected value. From the plot, we can see
that the LDS learns the underlying dynamics because the predictions match well with the expected
progression of the sequence. The plot also shows that the model successfully infers the variance of
the noise, as seen in the plot because the red shaded part marks the distribution of the data around
the mean.

In the second illustration, an LDS is trained on the first 850 time frames of an STFT, which is
taken from the sound of a glockenspiel playing a melody plus white Gaussian noise. The trained
model is used to predict the following 650 STFT time frames, starting at ¢ = 850 to ¢ = 1500.
Note that the prediction does not use any new information after ¢ = 850, rather it generates the
predictions using the LDS. As can be seen in the figure, each glockenspiel note consists of a sharp
transient sound followed by a freely vibrating decay part. The LDS does well at learning this
pattern, because it predicts that each note will decay at a rate that matches the behavior prior to
t = 850. Finally, the LDS infers the likelihood distribution’s variance and does not over-fit the
model to the noise added to the signal. The prediction shows the expected value of the STFT,

which matches well with the true noise-free signal’s STFT.

3.4.4 Switching linear dynamical systems

While linear dynamical systems have the capacity to model audio signals, they do not represent
abrupt changes caused from control-level events like a note being “off” to “on”. This is because
the underlying dynamical model has to encode the time spent in an off state, when to switch to
on, and has to handle the presumed increase and decrease in energy over a short time interval.
Indeed, an LDS can generally represent the attack of a note but only when it is at the start of the
recorded sample, not when it is later on after a period of silence. This is further complicated given
a sequence of notes. Training an LDS on a sequence of notes provides a system that is averaged
over all the notes. Clearly, a higher level structure is needed to learn a switching between linear
dynamical regions. Such a model needs to encode discrete states that change from off to on and
vice versa, in order to delimit note events, for example. This section shows in practice how this
can be realized with a hierarchical time series model that includes both continuous and discrete
variables.

A switching linear dynamical system (SLDS) is a Bayesian time series model that is a combina-
tion of an HMM and an LDS, where the parameters of the LDS at each time are determined by the
state of the HMM. At each time ¢ € {1,...,T}, a categorical discrete latent state z; € {1,...,S}

follows first-order Markov dynamics with transition probability p(z¢|z;—1). As in the LDS, a con-
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Figure 3.14: Predictions from LDS models trained on time and time-frequency domain signals.

tinuous latent state ; € R follows linear or affine dynamics. But now, the state x; depends
not only on the previous state x;_; but also on the discrete state z; with transition probability
p(x¢|xi_1, 2). Specifically, the discrete state z; determines the system matrix, input, and covari-
ance at time ¢. Therefore, the system is time-variant and the model has .S sets of parameters, where

{Ag, bs, Q,} is parameter set s € {1,...,S}. In summary, x; evolves according to the following
state equation,

Ly = Atht_l + bzt + ’Ut, Uy ~ N(O, QZt) s (365)

where 2, is an index into the parameter set.

A normally-distributed observation 3, € RM is generated from the latent state &;, where one

out of the S sets of output parameters, {C, d,, R} for s € {1,..., S}, is selected according to the
discrete state z;,

y=C,x,+d, +tw, w~NOR,). (3.66)
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Figure 3.15: Graphs of Bayesian time series models.

Unlike the HMM and LDS, exact inference of the SLDS is not tractable. Assumed density
filtering (Alspach. and Sorenson, 1972) and expectation correction (Barber, 2006) are deterministic
approximate filtering and smoothing algorithms for the SLDS that are fast and can be accurate but

only when there are few discrete states.

3.5 [Illustration: robust partial tracking

In this section, we develop a novel Bayesian method for tracking nonstationary sinusoids. We
design an SLDS to model the evolution of nonstationary sinsoids and a new approximate inference

method to decode their most likely trajectories through observable time-frequency peaks.

3.5.1 Problem statement

Audio signals are often represented as a sum of K latent nonstationary sinusoids of finite dura-
tion, commonly referred to as partials, wgk), Vk e {l,...,K}, t e {1,...,T}, and noise. In the
time-frequency domain, the partials and noise are responsible for creating N spectral peaks (local
maxima) in the magnitude STFT, denoted by yt(”), Vn e {1,..., N}. The goal of partial tracking
is to associate one of the N peaks at time ¢ to one of the K partials (McAulay and Quatieri, 1986;
Depalle et al., 1993; Neri and Depalle, 2018). At each time ¢, there are S = (%) possible states
corresponding to each configuration of associating peak n to partial k.

Now, assume that NV, peaks are observed at time ¢, but there is only one latent partial X = 1.
Then, the number of states is simply S; = (/) = N,, and s, encodes which of the NN, peaks
was generated by the one partial. In reality, there are many partials, but if the estimation can be
robust to other peaks and find the most likely partial, then multiple partials can be estimated in
an iterative way, finding the most probable partial and removing its peaks from the data for the

next iteration. Even so, robust path finding is a difficult problem. Next, an SLDS is shown to be
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particularly well-suited to this task, and provides state-of-the-art robust partial tracking using only
the frequency and amplitude parameters estimated from a stationary model (simple peak-picking),

and rather doesn’t need nonstationary parametric analysis.

3.5.2 Model

Since only one observation can be created by the partial at each time, we define a categorical
switch state z; € {1,..., N} that encodes which of the NV observations is created. An indicator
ds € {1,..., N} is used, such that 6, = n means peak n was generated by the partial when the
switch state is s. Then the linear Gaussian output equation for the model is

(n) Ca:t + Et lf 52«'1& - n7
Yy, = (3.67)

i otherwise ,

where &, ~ N (0, R) and 1, ~ Uni(0, 1).
Following the output equation, the likelihood of an observation yt(") is either normal or uniform

depending on the switch state z;, and is expressed as
Py @i 2 = 5) = N(y," |Cy. R)* =) Uni(y ™0, 1)1 (3.68)

Considering all observations at time ¢, the likelihood of the data given the trajectory state x; and

z; = S 18
~ s
p(y|@s, 20 = 8) = Hp(yt(n)h:t, 2 =) = Ny H Uni(y™|0,1) (3.69)
n=1 n#ds
and for any z; the likelihood is written as
S
(Y| e, 2¢) = Hp(yt|wtyzt = 5)[Zt:8] : (3.70)
s=1

To model the state’s dynamics, a polynomial prediction system matrix is used that is detailed
in Appendix A.2.2 on page 187. Note that, for now, the state’s dynamics are time-invariant and do
not switch based on a discrete latent state. However, since there is a time-dependent discrete state
in the output equation, the state is conditionally dependent on the discrete state given the data.

So far, the trajectory is assumed to last for the duration of the signal, starting at ¢ = 1 and
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ending at ¢ = 7. However, a partial has a finite duration that is typically much shorter than the
signal’s duration, starting at ¢ > 1 and ending at time ¢ < 7T". Considering this, a trajectory has
discrete states that encode when it is inactive (not responsible for a peak) and active (responsible
for a peak). There are two kinds of inactive states that distinguish when the trajectory has not
been on yet, and another where the trajectory stays after it has been on. Since the signal has many
partials, a trajectory cannot turn back on because it is likely to jump to a partial that had already
started, and thus trace an incomplete path through it. In terms of the HMM transition matrix, it is
designed such that the state’s evolution is non-circular. Lastly, a partial is considered to be on for at
least three time frames, so that spurious peaks are avoided. Therefore, there are three active states
that the trajectory must transition through before turning off. The third active state is different
from the first two because it is persistent, in other words, the trajectory remains in the last active
state indefinitely until it turns off. In summary, the trajectory has five discrete switch states: two
inactive states (s € {1, 5}) and three active states (s € {2, 3,4}).

To incorporate the switch states of the trajectory into the model, the discrete state z; is made
to encode now not only which data was created but also the switch state of the trajectory itself.
In relation to the observable peaks, the partial is responsible for a peak in an active-state but not
in an inactive-state. Therefore, the total number of global discrete states is S = 2 + 3N, and the
indicator §, is augmented to reflect this. To affiliate each global state with a trajectory’s switch
state, an indicator & € {1,...,5} is used, that maps the global state s to the trajectory state k,
such that £, = £ if the trajectory is in state £ when the global state is s. Then, the state transition

probability is expressed as

S
P(Te| T, 2¢) = HN(wt‘Afsmt—la Qﬁs)[th] . (3.71)

s=1
3.5.3 Approximate inference

To find the most probable trajectory, we propose assumed density decoding, an amalgam of as-
sumed density filtering (Alspach. and Sorenson, 1972) and Viterbi decoding (Rabiner, 1989).
Appendix C on page 195 describes the proposed assumed density decoder and includes pseudo-

code for its implementation.

3.5.4 Results

In Figure 3.16, three situations are shown that highlight the small and large-scale representation

of the SLDS for partial tracking. Figure 3.16a is a plot of the mean and covariance of a partial
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Figure 3.16: Inferring paths through time-frequency peaks.

inferred from a sequence of noisy data, where there is only one observation per time (one peak). It
shows the basic mechanism for tracking, which is an LDS that assumes the next observation (peak)
follows the same sum of polynomial curve as the previous observations (peaks). Figure 3.16b is
a larger scale problem where there are many peaks, and so a discrete state is used as previously
detailed. As in the first panel, there is an LDS that tracks a trajectory over time, except now there
is also a decision about which of the peaks at each time best aligns with the trajectory. Lastly,
Figure 3.16c illustrates the full situation where there are many peaks and latent trajectories that are
finite, which are estimated by recursively applying the SLDS.

To test a practical scenario, sinusoid peaks are estimated from an audio signal and used as
input by the SLDS. Two challenging audio signals are used to qualitatively evaluate the estimator:
a synthetic signal made of noise and strongly modulated overlapping partials, and a real acoustic
recording of a clarinet playing two notes in sequence. Figure 3.17 shows the peaks and trajectories
estimated from the synthetic signal.

Figure 3.18 shows the peaks and trajectories estimated from the real clarinet recording. These
results showcase how the tracker integrates both frequency and amplitude information through
inference, allowing it to disentangle partials that have similar paths. For example, the first harmonic
of the first and second notes are close in frequency and frequency slope at around time ¢ = 20, but

are rather distinguished by their opposing amplitude slopes.

3.6 Summary

This chapter explored Bayesian modeling and inference and tailored general probabilistic models
like hierarchical linear regression, mixture models, and time series models, to address challenging

problems in audio signal processing. Audio signal parameter estimation, sparse atomic decom-
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Figure 3.18: SLDS model applied to the tracking of sinusoid trajectories from a real recording of a clarinet

playing two notes in sequence.

position, and partial tracking are made robust and heightened by Bayesian probabilistic modeling

and inference. Illustrations from this chapter highlighted the benefits of the Bayesian treatment

of audio signals and their various representations. In the following, the ideas developed in this

chapter are used to create and estimate complex hierarchical models of audio sources, for audio

feature detection, estimation, and blind source separation.






Chapter 4

Audio features for grouping and their

estimation

This chapter presents a way to create a set of audio features in the time-frequency domain that
are useful for a variety of applications like pitch estimation and source separation. The set of
features includes the parameters of nonstationary sinusoids that represent the signal, their statistical
properties, and their probability of belonging to one of three distinct classes: sinusoids, sidelobes,
or noise. In a following chapter, this feature extraction serves as a pre-processing step to create the
observable data for a grouping-based source separation model.

Decomposing an audio signal into a set of nonstationary sinusoids consists of two operations

that are performed either sequentially or jointly:

e locate potential nonstationary sinusoids in time and frequency, and

e estimate their parameters.

Both operations pose challenges that have been the subject of much research (Serra and Smith,
1990; Auger and Flandrin, 1995; Marchand and Depalle, 2008; Zivanovik et al., 2008; Neri et al.,
2021a).

This chapter addresses these two operations to improve the decomposition of a possibly poly-
phonic signal into a set of nonstationary sinusoids. First, the nonstationary sinusoid model from
(Betser, 2009) is generalized in the context of Bayesian methods in two ways: a prior is defined
over its parameters that is useful for regularization, and different basis functions are proposed to
represent the short-term evolution of log amplitude and phase. Second, we propose a Bayesian
model for inferring the probability that a spectral peak is either a sinusoid, sidelobe, or noise,

given spectral peak descriptors (Zivanovik et al., 2004) measured from an observable audio signal.

87
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quantity description unit

R{a} log-magnitude log-mag

R{a1} log-magnitude slope log-mag / sample
R {as} log-magnitude quadratic log-mag /sample?
S{ap} phase radians

S{ay}  angular frequency radians / sample

S {ay}  angular frequency slope  radians / sample?

Table 4.1: Nonstationary sinusoidal model parameters and descriptions for a polynomial basis.

4.1 General nonstationary sinusoidal model

In Section 2.2.2 on page 29, the sinusoidal model was defined as a sum of time-varying sinu-
soids. A time-varying sinusoid y(t) is parameterized by its instantaneous amplitude a(t) € R,
frequency f(¢) € R, and initial phase ®(0) € R,

d(t) )+ 27rf flu 4.1)

y(t) = a(t) exp (jO(t) (4.2)

Now, the generalized model for a nonstationary sinusoid is expressed as

y(t) = exp (p(1) ") , (4.3)

where o € C?*! are the sinusoid’s stationary and nonstationary parameters, and ¢(t) € R?*! are
() + 1 functions evaluated at time ¢ (Betser, 2009).

The basis functions ¢; have the following mathematical definitions. Consider that oy is always
used to encode a sinusoid’s initial log-amplitude and phase, so ¢,(t) is a constant, ¢,(t) = 1. For

i€ {l,...,Q}, the basis functions ¢; are defined as follows.

Definition 4 ¢;(t), i € {1,...,Q}, are independent, C*, non-constant functions of I, — C, where

I, denotes a finite temporal interval so t is restricted to 1.

Literature on nonstationary sinusoid parameter estimation often assumes a polynomial phase
and log-amplitude model, where the function is ¢;(t) = ¢’ fori € {0, ..., Q} (Robel, 2002; Marc-
hand and Depalle, 2008; Betser, 2009). Table 4.1 shows the description and unit of each parameter

in « for an order () = 2 model with phase and log-amplitude represented by polynomials.
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But from Definition 4 on page 88, we see that the functions used to model the phase and log-
amplitude of a nonstationary sinusoid are not restricted to polynomials. Rather, the set of functions
can be real or complex-valued, and can be formed from a combination of functions from different
bases.

While polynomials are useful for many modeling tasks, there may be better ways to model the
evolution of the phase and amplitude. There are many options for basis functions that have been
proposed in the context of machine learning for linear regression and kernel methods. In particular,
shifted Gaussian functions offer some advantages over polynomials in modeling local features. In
audio, a periodic basis function like a cosine may be useful for detecting periodic modulations in
amplitude (tremolo) or frequency (vibrato). Options for basis functions to model the short-term
evolution of nonstationary sinusoids are provided in Appendix B on page 191.

The relationship between a nonstationary sinusoid’s parameters o and its instantaneous log-

amplitude A, frequency f, and time-derivatives, are as follows,

A(t) =Ina(t) = R{p(t) a} , (4.4)
A(t) = dh;‘;(t) ~R{¢' (1)}, 4.5)
() = %% {#'(0)a}, (4.6)

P = 5-3 {817} @)

/(t) = dlnd{ ®) _ ]},((tt)) . (4.8)

These equations hold not only for polynomials but for any set of functions ¢; that satisfy Defini-

tion 4.

4.2 Parameter estimation

Estimation of o is carried out using the framework of distribution derivative method (DDM)
(Betser, 2009).

First, let ¢(¢) € C denote any time-frequency atom of the STFT, and let 7, (y) denote the dot
product between y(t) and ¢ (t),

70 = | . 49)
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Second, considering the first-order time-derivative ¢/’ = %, the following equation may be derived
from the definition of a distribution derivative,
+00 400
“Tolw) =~ | wewera = | youerd-Tiw). (.10)
—00 —00

Equation (4.10) holds if and only if the integrand y(t)w(t) is equal to zero at the limits of integra-

tion,t = —ooandt = oo. Then, with ¢’ as the time-derivative of Equation (4.3) and ¢} = dc‘gi ,

we get

Q +00 Q
Ty (y) = 2 ; L)o ¢;()y () (t)"dt = 2 a; Ty (5 (t)y (1)) - (4.11)

As a result, by using at least () different time-frequency atoms v,.(t) for r € {1,..., R}, where
R > @, the complex-valued parameters & = {a,...,aq} can be estimated by solving a linear
system of equations.

Since ¢y(t) = 1 is a constant, it does not satisfy Definition 4 on page 88 and cannot be included
in the system of equations. As is typical for nonstationary sinusoid estimation, o is estimated only
after solving for the non-constant parameters. Its estimation procedure is detailed in the following
sections.

Next, to make a connection with the probabilistic methods presented thus far, and to regulate
parameter estimates, the generalized model is cast into a Bayesian one and estimated through

Bayesian inference.

4.2.1 Likelihood

A normal likelihood is defined over the transformed input b with mean A« and covariance I,
pbla) = N(blAa, I), (4.12)
and a linear system of equations is constructed using Equation (4.11),

To(ydt) - Ty (ydg) o ~ Ty, (y)
: - : . a=|:], b= : . (4.13)

A= . :
7:/11% (y¢/1> T %R(ygb/Q) aQ —7@;%(3/)

An identity matrix is used to model the likelihood covariance in Equation (4.12) because we
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assume that the elements of b have the same magnitude of noise and that they are independent.
In practice, this assumption leads to a simpler expression for the posterior distribution over cr.
Regarding inference, the magnitude of the likelihood noise is important only relative the prior
distribution’s covariance. So, we reduce the number of hyperparameters by fixing the likelihood
covariance to the identity matrix and influence the posterior distribution only through the hyperpa-

rameters of the prior distribution.

4.2.2 Prior distribution

A zero-mean normal prior distribution with diagonal covariance is defined over the real and imag-

inary parts of the coefficients,
pla) = N (R{a} [0,R{A} YN (S{a}[0,3{A}"), (4.14)

where A = Diag(7) and, Vi € {1,...,Q}, 7, € C > 0 is the precision for parameter «;.

The prior precision has an important role. With non-zero 7;, the incorporation of this prior
can solve an issue common in DDM that arises when the linear system of equations is ill-posed.
If the system of equations is ill-posed, the estimated log-amplitude or phase curve can be erratic.
For example, this is commonly the situation for the higher-order log-amplitude parameters, which
belong to the real part of a. Having non-zero values for 7; conditions the posterior covariance
matrix and guides the estimate of the parameter. Taken to the extreme, if a precision 7; is infinite,

the prior probability is what dominates in the joint distribution and makes the estimate of «; zero.

4.2.3 Posterior distribution

Considering the normal prior and likelihood, the posterior distribution over « is also normal, and

factorizes over its real and imaginary parts,

Ria)]| [R )
alb) =N )
plafb) (!%{a}] ‘ [w}]

Defining the first and second statistical moments as £ = AHb and Q = AH A, the posterior mean

RIS} 0
o)) 419

is expressed as

p=R{ZIR{L + S {Z} (e}, (4.16)
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and the real and imaginary part of the posterior covariance X are

R{Z} = (Q+R{AD ", (4.17)
I{Z} = (Q+I{AD . (4.18)

The estimate of « is taken to be the expected value () = p.
Bias coefficient oy € C encodes the nonstationary sinusoid’s initial amplitude and phase. It
is estimated such that the squared-error between the input signal and nonstationary sinusoid with

estimated parameters & = {a) is minimized. The estimate &, is computed with the following

equations,
7 = exp(op"a), (4.19)
A = Diag(w?), (4.20)
~H
~ YAy
Ay = 22, (4.21)
" gHAg

where w? is the square of the analysis window.
In relation to statistical inference, we are assuming a linear regression model where y is the
observation, 9 is the basis function, and A~! = X is the diagonal covariance matrix of a normal

likelihood function. Then, oy is the maximum likelihood estimate of «y,

Qo = argmax N (y|gag, A1) (4.22)

@Q

4.3 Spectral peak descriptors

Spectral peak descriptors proposed in (Zivanovik et al., 2004, 2008) are used to estimate whether
a peak in the magnitude frequency response of a signal is caused by a sinusoid, a sidelobe, or a
noise. There are three descriptors that describe, in a normalized way, the bandwidth, duration, and

frequency coherence of a spectral peak.

4.3.1 Statistical properties of the spectrum

Consider a discrete-time signal y; and a windowing function w;, where t € {0,...,7 — 1}. Let
Y € C be the K-point DFT of signal y multiplied by the window w evaluated at frequency bin
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ke{0,...,K —1},

T-1
Yi = ) yuwge” 2T 4.23)
t=0

The energy per unit frequency at the kth frequency bin is
Sk = |Yil?, (4.24)

which is called the energy spectral density (Stoica and Moses, 2005).

A spectral peak is defined as the set of discrete Fourier transform (DFT) bins that make up
a local maxima in the DFT modulus. Consider a DFT modulus that has M local maxima in the
frequency interval (0, 7). Now, the mth detected peak is defined by the set of L(™ DFT bins
{om . 0m+D1 where bin v(™ is the local minimum to the left of the mth local maximum,
pm+l) = (m) 4 1(m) _ 1 g the local minimum to the right of the mth local maximum, and Lm)

is the width of the peak in bins. Then, the total energy of peak m is expressed as

p(m+1)

EM = 3 5. (4.25)

k=y(m)

The probability distribution of the mth peak’s energy is, Vk € {0, ..., K — 1},

. Sp/EM™ ifk e {vtm . pmTDY
= ' (4.26)
0 otherwise .

This is a valid probability density because Zf:_ol p,im) =1land 0 < p,im) < 1.

If we consider the bin location of an unobservable frequency component to be a random vari-
able, then we can say that it follows a Categorical distribution with parameters p"™. Further, if the
parameters p{™ are assumed to be random variables, they follow a Dirichlet distribution (Forbes
et al., 2011).
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4.3.2 Normalized bandwidth descriptor

The normalized bandwidth descriptor (NBD) of peak m is given by

1 = m - 2\’
NBD ™ = 5 (Z P (ks = E) > > (4.27)
k=0

where the mean frequency in bins, k™), is computed using a weighted average, with weights

defined by the probabilities p,(gm),

K-1
E =3 ik (4.28)
k=0

4.3.3 Normalized duration descriptor

The normalized duration descriptor (NDD) is the discrete time expression for the duration of a
spectral peak.

Let Y, € C be the K-point DFT of the signal ¥, multiplied by the time-weighted window,
(t —71)wy, Vt € {0,...,T — 1}, where the time is shifted by 7 = T'/2 if T'isevenor 7 = (7' —1)/2
if 7' is odd, to center the estimation to the middle of the analysis window.

The group delay describes the average time for a particular frequency. The group delay is
the derivative of the phase spectrum with respect to frequency and is computed with the time

reassignment operator (Auger and Flandrin, 1995),

gy = —N {Y—’“} . (4.29)

The derivative of the continuous magnitude spectrum with respect to frequency is denoted by Aj.
and can be computed as the imaginary counterpart to the expression for group delay in Equa-
tion (4.29),

YT
A= -S {7’2} : (4.30)

The mean group delay g™ is computed using a weighted average, with weights defined by the
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probabilities p,gm),

K-1
g™ = > pgi. (4.31)
k=0

The duration of a signal is defined in (Cohen, 1995) as the standard deviation of a signal’s
energy density as a function of time.

Finally, the normalized duration descriptor (NDD) of peak m is expressed as

L= 2
NDD (™ — - (Z pgc ) <(A§€)2 + (gk _ g(m))2>> , (4.32)
k=0

4.3.4 Frequency coherence descriptor

The frequency coherence descriptor (FCD) is the minimum absolute value of frequency offset in
units of DFT bins.
The absolute frequency offset A between the frequency at the center of the kth DFT bin and

the reassigned frequency in radians is given by

Yd
Ay = ‘%{7’2}’ (4.33)

where Y@ € C is bin k of the K-point DFT of signal y multiplied by the time-derivative of the
window.

Then, the FCD of peak m in units of DFT bins is expressed as
m _ K
FCD == 2_ mln{Av(m), Av(m)_;’_l, ey Av(m+1)} ; (4.34)
m

where the factor (%) is the distance in radians between two consecutive frequency indices.

4.4 Classifying sines, sidelobes, and noise

The main drawback of existing peak classifiers that use spectral peak descriptors is that they oper-
ate with ad-hoc hard thresholds to form decision boundaries in the descriptor space. In this section,
statistical properties of the descriptors are leveraged to design a probabilistic model of the descrip-

tor space. From this model, inferences and decisions can be made about the origin of spectral
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Figure 4.1: Kernel density estimates of peak descriptors measured from the MDB-stem-synth dataset of
musical instrument and voice sounds.

peaks from a posterior distribution.

First, audio files from the freely-available MDB-stem-synth dataset (Salamon et al., 2017) of
musical instrument and voice sounds are converted into a dataset of nonstationary sinusoidal model
parameters and peak descriptors. To observe the statistical properties of the descriptors with respect
to each class, peaks are labelled using thresholds similar to those in (Zivanovik et al., 2004). They
computed the descriptors from signals that were synthesized by adding together sinusoids and
noise. By doing so, they knew the true class of each peak and could inspect the class boundaries

with respect to the calculated descriptors. The thresholds are defined as follows,

sine if NBD < .18 and NDD < .18 and FCD < 1,
class = < sidelobe if FCD > 1, (4.35)
noise otherwise .

The distribution of the descriptors depends on the analysis window. To align with (Zivanovik et al.,
2004), we compute peak descriptor values from all audio signals using the Hann window (Harris,
1978).

Figure 4.1 shows the kernel density estimates of descriptors with respect to each class. Kernel
density estimation places a Gaussian kernel at each data point and sums the contributions of all the
kernels (Silverman, 1998). As both the class labels and density estimates are approximations, the
resulting plots provide only a guideline for designing a probabilistic model.

Next, the kernel density estimates are used to guide the design of a Bayesian model from which

new peaks are classified. Recall from Section 2.4 on page 40 that Bayesian modeling involves
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Sine Noise Sidelobe
k=1 k=2 k=23
a b a b a b
NBD =13 017 |7 .1 3 3
NDD =21]10 .012 |3 .09 | 3 3
FCD i=3] 1 A2 (1 12 |1 50

Table 4.2: Parameters (a; i, b; ;) of the Gamma likelihood PDFs.

defining a joint distribution made of a likelihood and prior distribution.

The likelihood measures the probability that a descriptor takes a particular value given that it
comes from one of the three classes. For this, a Gamma distribution is chosen because it sup-
ports continuous, nonnegative random variables (Forbes et al., 2011) and has a flexible shape
that matches well with the kernel density estimates. A Gamma-distributed positive real variable

x € (0, 0) has the following PDF with shape a and rate b parameters,

Gam(zx|a,b) = %x“l exp(—bzx) . (4.36)

Let the estimated descriptors be the elements of the vector x = [NBD NDD FCD], and so
x; € (0,0), Vi € {1,...,3}. Next, define a categorical random variable z € {1,...,3} that
encodes whether a spectral peak comes from a sinusoid (z = 1), noise (z = 2), or sidelobe

(z = 3). In general form, the probability of descriptor ¢ given peak class k is modeled with a

Gamma distribution,
p(xilz = k) = Gam(wi|a;k, bi) - (4.37)

Then, the likelihood of the peak data given the latent class is expressed as

3
plxlz = k) = | [ Gam(ai|aik, bik) (4.38)
i=1
Table 4.2 specifies the parameter values for each gamma distribution. These parameters are man-
ually tuned to both match the kernel density estimates and to result in posterior distributions over
each class that make sense.

The prior probability of the latent class is categorical,

p(z) = Cat(z|m), (4.39)
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where 7, = 1/3 to give equal prior probability to each class.
Applying Bayes’ rule, the posterior probability of a peak’s latent class is

p(z|z) = _p(x|2)p(z) (4.40)

2. p(x|2)p(z)
What we have gained is a probabilistic representation of each peak’s classification given its de-
scriptor values. From this distribution, we can decide which peaks belong to which class. A “soft”

classification uses the posterior probability that the peak comes from class £,

=k
o = Tep(@lz = k) 441)
p(x)
where the marginal likelihood is
p(x) = Zﬁkp(m|z =k). (4.42)
k

To perform a hard classification, a peak is classified as a sinusoid if its posterior probability of
being a sine, p1, 1s above a threshold, such as 0.95. Figure 4.2 includes plots of the likelihoods and
the posterior distributions over a range of descriptor values. It is not an issue that the likelihood is
zero at NBD = 0 or NDD = 0 because z; > 0, Vi.

To demonstrate the probabilistic classifier, it is tested on a recording of a double bass from
the MDB-stem-synth dataset. For each peak in a frame of the sound’s STFT, we compute the
descriptor values and the posterior probability of the class. Figure 4.3a shows the descriptor values
of NBD and NDD estimated from the sound, colored according to the probability of being a sine,
and with contour lines that bound specific probabilities of being a sinusoid. Figure 4.3b shows the
sound’s frequency spectrum and peaks that are color-coded according to the probability of being a

sinusoid rather than a sidelobe or noise.

4.5 Multiresolution estimation

Feature extraction is repeated for multiple frequency resolutions. Rather than change the window
length to vary the resolution, the same signal length and fast Fourier transform (FFT) size are used
but after downsampling the original signal by factors of two. In this application, downsampling is
more efficient than increasing the size of FFTs. It also gives a consistent, compact FFT to use for

the analysis. The input signal is resampled to a base sampling rate of f; Hz, then downsampled by
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Figure 4.2: Likelihood functions and posterior distributions of the sine classification model.
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Figure 4.3: Spectral peaks and their classification from a recording of a double bass. The color shows the
probability of being a sinusoid rather than a sidelobe or noise. The contour lines show the boundary of
different posterior probabilities.

factors of two. For example, to use three resolutions, the signal is downsampled to sampling rates
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of fs, fs/2, and f,/4 Hz.

4.5.1 Removing redundant components

Now a procedure is discussed that addresses redundancy in the representation provided by the mul-
tiresolution estimation. Sines that were extracted from the multiresolution analysis are combined
to form the single collection of data corresponding to the analysis frame at time ¢. Detected sines
that are close in frequency, for example within a 10 cent threshold, and are each from different
resolutions are compared with respect to their posterior probabilities. The sine that has the highest

probability or largest magnitude is kept, and the others are discarded.

4.6 Illustration: analysis and re-synthesis from inferred sines

A longer duration nonstationary signal is analyzed by first uniformly segmenting it into short-term
time frames, and analyzing each one independently. This results in a time-frequency parametric
representation of the signal, where the nonstationary sinusoid parameters are indexed by the time
t at which they were estimated.

To illustrate, the classification and estimation method presented in this chapter is used to ana-
lyze two different real recordings: a glockenspiel signal sampled at 44.1 kHz, and speech signal
sampled at 16 kHz. The signals are reconstructed through additive synthesis with the parameter
estimates. Figure 4.4 shows the spectrogram of the glockenspiel signal and two versions of the syn-
thesized signal, which differ in the classification threshold that determines which peaks are sines.
Only those above the threshold are used to synthesize the sound. With a very high threshold, many
of the spurious sinusoids are not picked, and the reconstructed sound is of many longer duration
sinusoids that correspond to the sound’s modal part.

Figure 4.5 illustrates the glockenspiel signal’s time-frequency peaks classified as sines, noise,
or sidelobes. The set of parameters from each class are then used to synthesize their respective
signals, whose spectrograms are shown on the right. Noise mainly accounts for the transient energy
of the glockenspiel. As a result, this analysis provides a decomposition of a signal into its transient
and sinusoidal components.

Figure 4.6 illustrates the classification of peaks detected from a 16 kHz sample rate recording
of a female voice speaking the word “greasy”, pronounced /'gri:si/. Speech has complex noise
and harmonic patterns and poses more challenges than a glockenspiel signal, as the noise and

harmonics overlap in time and frequency, and the sinusoids corresponding to the harmonics are
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Figure 4.4: Spectrogram of a glockenspiel signal and its re-synthesized version using short-term estimation
and classification of nonstationary sinusoids.

nonstationary since the pitch of the voice modulates. The proposed method does well at separating
nonstationary sines and noise. Particularly noisy parts of speech recording corresponds to the
fricative (/s/), which can be seen in the time interval of 0.2 to 0.3 seconds.

Audio signals that are used in these examples are available for listening on the webpage listed
in Section 1.9 on page 19.

4.7 Summary

This chapter proposed statistical methods for transforming an audio signal into a set of features
from which information and patterns can be more readily inferred. Specifically, representing sound
with the sinusoidal model, as a sum of nonstationary sinusoids in noise, was approached in terms
of Bayesian modeling and inference. This enhanced traditional methods of detection and esti-
mation of nonstationary sinusoids, by incorporating prior information and regularization into the
estimation of their parameters, and by their robust discrimination from noisy and side-lobes based

on statistical properties of the DFT. A main advantage of working with these parameters and fea-
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Figure 4.5: Spectral peaks of the glockenspiel signal classified as either sines, noise, or sidelobes, and the
spectrograms of the synthesized signals using nonstationary sinusoid parameter estimates.

tures is that they are more compact than the waveform or STFT. They can be transformed back
into a waveform using additive synthesis, one of the highest quality synthesis methods available.
In particular, the following chapter assumes these features are generated from a Bayesian mixture
of audio sources. Inferring the model groups the data with its most probable source, and source

separation is completed by synthesizing an individual waveform from each group.
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Figure 4.6: Spectral peaks detected from a speech recording of the word “greasy” (/'griisi/), classified as
either sines, noise, or sidelobes, and the spectrograms of the synthesized signals using nonstationary sinusoid

parameter estimates.






Chapter 5

Dynamical source models and

grouping-based separation

In this chapter, a general probabilistic data model is introduced that considers a number of clues
exploited by the human auditory system to cluster data into distinct sound sources.

Three kinds of clues are considered, related to time, magnitude, and spectral domains. In
the time domain, all nonstationary sinusoids generated by a common source are assumed to exist
within the active portion of source and have parameters that coincide with the attack, decay, sustain,
and release portions of the sound. In the magnitude domain, the magnitudes of the sinusoids
generated by a common source share common temporal dynamics, and are obtained by sampling
a spectral envelope that is smooth both in time and frequency. Finally, in the spectral domain, the
frequencies of the sinusoids generated by a common source share common temporal dynamics.

A Gibbs sampler is developed that infers all latent variables of the model. Grouped data are
additively synthesized into high quality audio tracks, each track corresponding to a single audio

source.

5.1 Partial trajectory model

An observed signal y at time ¢ € R is assumed to be a sum of S source signals, ys, Vs € {1,..., S},

y(t) = > ua(t) . (5.1)

105
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A source signal is composed of R time-varying sinusoids, y; ., Vr € {1,..., R},
R
ys(t) = Z ys,r(t) . (52)
r=1

A time-varying sinusoid, or partial trajectory, is characterized by its instantaneous log-amplitude

A, ., frequency f,, and phase ® ,,

Ysr(t) = exp (As(for (1), 1) + jPsy (1)) (5.3)

where the phase is the time-integral of frequency,

t

®,,(t) = ®,,(0) + f 2 fy (W) du (5.4)
0

A source admits a spectral envelope that is smooth over frequency and continuously differentiable

over time. This spectral envelope is defined as

M
A(f. 1) = 3 An(B)bm(f) . (5.5)
m=0
where )\, and ¢,, are continuously differentiable Vm € {0, ..., M}.

A source s admits a frequency pitch that is continuously differentiable and is denoted in log-
frequency as v,(t). It admits harmonics whose frequencies are real multiples of the pitch!, so
fsr(t) = kye’s® for k, € R.g, and are denoted in log-frequency as Qs (t) = Inf, (). It
follows that €, ,.(t) = Ink, + v4(?).

Figure 5.1 shows how the log-amplitude of each partial trajectory is obtained by scanning the
smooth time-frequency envelope at its instantaneous frequency, producing amplitude modulations
that are related to the frequency modulations.

Parameters of the nonstationary sinusoid model o, presented in Section 4.1 on page 88

summarize the instantaneous state of a latent partial trajectory at time 7H € Z,

Ysr (TH) = exp (¢ s rr) (5.6)

'In this chapter a “harmonic” is not restricted to be an integer multiple of a fundamental pitch so that it can account
for possible inharmonicity. This is useful because sounds from acoustic instruments can have inharmonic resonances
(Fletcher and Rossing, 1998). For example, an acoustic piano sound has frequency modes that are sharp in relation to
integers of the fundamental frequency.
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Figure 5.1: Trajectories scan the time-frequency envelope through frequency modulations.

where 7 € Z is the index of the short-term time frame, and /1 € N is the sampling interval, or hop

size, between successive short-term time frames.

5.2 Short-term concurrent grouping

This section explores several ways to group sinusoids that occur within the same short-term time
frame according to their common source. Specifically, the following does not consider how a
source or data may evolve over time. That is addressed later by incorporating the ideas presented
from this section into dynamical source models. Concurrent grouping cues that are explored in-

clude harmonicity and spectral envelope coherence.

5.2.1 Harmonicity

Harmonicity-based concurrent grouping assumes that a set of frequency components in some short-
term time frame of an audio signal are likely emitted by the same sound source if they form a
harmonic relationship, namely, if they are spaced apart at equal intervals. The spacing between

neighboring harmonic frequencies is determined by the sound source’s fundamental frequency or
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pitch. Formally, the frequency of the rth harmonic emitted by source s is k.e”*(*), where e**® is
the fundamental frequency of the source, and k., = r if source s is strictly harmonic.

However, it is very challenging to group frequency components based on their concurrent har-
monic relationships. Labeling the harmonic index and the source of a particular frequency com-
ponent is a combinatorial problem. When formulated as an optimization problem, the objective
function has numerous local maxima that makes finding a global optimum difficult. For this rea-
son, even with a vast literature on multi-pitch estimation (Christensen and Jakobsson, 2009), the
best estimators are still not totally reliable. Further, multi-pitch estimation is even harder to incor-
porate into a dynamical model because all the pitches and harmonic labels should be estimated for
each short-term time frame and related to one another.

5.2.2 Spectral envelope coherence

Amplitude-based concurrent grouping assumes that the amplitudes of sinusoids coming from a
common source are sampled from a smooth function of frequency, called a spectral envelope. As
reviewed in Section 2.2.3 on page 31, spectral envelopes are often used to characterize a sound’s
specific timbre in the spectral domain. Timbre is an important aspect of sound that helps us dis-
criminate between different sound sources. In the following, several Bayesian models of a spectral
envelope are proposed and compared on a source separation task.

The cepstrum is a spectral envelope model that represents the log-magnitude spectrum as a
weighted sum of M discrete harmonic cosines. The reason for using cosines is two-fold. First, the
weights can be estimated efficiently with the use of the FFT and inverse FFT. Second, the envelope
can be made smooth by using only the first M coefficients, as they correspond to the M lowest
frequency oscillations of the set of cosines and by effect lowpass filter the cepstrum. However, in
the context of Bayesian modeling of the envelope given the spectral peaks, the first point is not
relevant as the coefficients are estimated through least-squares regression. For the second point,
the procedure for enforcing smoothness is unique to the cepstrum, but the feature of smoothness is
not. More broadly, the smoothness is not only a factor of how many regressors to use, but also of
each regressor’s mathematical properties.

The cepstrum can be thought of as a specific case from a more general linear regression based
model for the spectral envelope. Next, the cepstrum is re-cast in terms of a general linear regression
model. A set of basis functions are designed that have better properties than the cepstrum when

used for applications such as spectral envelope estimation and source separation.
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5.2.3 Generalized linear model of the spectral envelope

A generalized linear model for the log-magnitude spectrum of a signal is a weighted sum of M

basis functions, ¢,,,

A =Y (D)= S Antnlf) = AT() 5.7)

where the normalized frequency f spans the interval 0 < f < 1, corresponding to the positive
frequencies of the spectrum (from O to 7 in angular frequency).

Basis functions can be designed to meet requirements related to flexibility, representation ca-
pacity, and sparsity in the number of coefficients. A combination of different functions leads to a
better model for the envelope.

The coefficient Ay allows for any fixed offset in the spectrum and is sometimes called a bias
parameter, where ¢o(f) = 1. To handle linear changes in the spectrum, the first function is a line,
¢1(f) = 2f — 1, so the coefficient \; allows for a change in the slope of the line. Functions three
through M are chosen to model the local variations in the spectrum that contribute to a sound’s
specific timbre.

Let’s consider three appropriate options that are nonlinear functions of the input frequency:
cosines, polynomials, and Gaussians. The cepstrum is a specific case of the generalized linear

model where the basis functions are cosines,

Om(f) = cos(mfm). (5.8)

To model the envelope as a sum of polynomials, the basis functions take the form of powers of f
so that

Om(f) = (2F =1)™. (5.9)

A limitation of the cosine (cepstrum) and polynomial basis functions is that they are global func-
tions of the input frequency f so that changes in one region of the spectrum affect all other regions.

In contrast, the Gaussian basis function is a local function of the input frequency,

Om(f) = exp (—M> , (5.10)

202

where the functions are spaced linearly in frequency according to p,,, = m/M and the width
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Figure 5.2: Example of basis functions for modeling the spectral envelope.

of each function is controlled by o > (. Despite its name, the Gaussian basis function is not
required to be a valid probability density, so a normalization coefficient is not important. The
sum over a set of these linearly spaced functions will result in a constant over frequency f if
the following condition is met: o > A(M)y/2/7, where A(M) is the space between adjacent
functions, A(M) = ;.

Figure 5.2 has plots of the three basis functions. Since the Gaussian functions are spaced lin-
early in frequency and each one is a compact unimodal function, the coefficient for each regressor
provides a local fit to a particular frequency band. This property contrasts both the polynomials
and cosines. For them, the influence of each function and coefficient is non-local to a particular
frequency region, but rather spread over the whole frequency spectrum. Representing the presence
of some features in one frequency region and the absence in another region requires a particular

combination of all the coefficients. This leads to non-sparse solutions.

5.2.4 Regulation

A zero-mean normal prior distribution is defined over the coefficients of the basis functions,
p(A) = N(A[0, Diag(7)) (5.11)

where, in the context of Bayesian inference, the variance +,, in < regulates the probable values
of coefficient \,, given observable data. The first two variances correspond to the constant and
line functions of the basis and provide a light regulation, 7,7, = le3, whereas the variances
that correspond to the higher order coefficients that capture the local details of the spectrum are

Ym = 1, form € {2,..., M}. This helps to prevent the envelope from having large fluctuations
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and overfitting the spectrum.

5.2.5 Comparison of envelope models

This section compares spectral envelope models for source separation, given only one short-term
time frame of frequency-domain data. The test signal consists of a sum of two synthetic harmonic
audio sources with contrasting timbres and white noise, sampled at 44.1 kHz. Observed data
consists of the log amplitude and frequency of sinusoids detected from a 32 ms Hann window of
the input signal. The data is estimated using the methods presented in Chapter 4 on page 87.

Four envelope models are evaluated: the frequency-domain AR model, the linear model with
polynomial basis functions, cosine basis functions (cepstrum), and Gaussian basis functions. For
the latter two models, the first and second basis functions are taken from the polynomial model to
account for a bias offset and linear trend in the spectrum.

In this context, a source is modeled entirely by its spectral envelope and encoded by its en-
velope’s coefficients. A Dirichlet process mixture model is used to support a countably-infinite
number of components (sources). With the Dirichlet process mixture, we do not have to specify
the number of components beforehand because the number of components is inferred from the
data. Given observed spectral peaks, the envelope mixture model is inferred using a collapsed
Gibbs sampler (Neal, 2000; Liu, 1994). Details of this algorithm are provided in Appendix D.3.1
on page 199. This process is carried out for each of the four envelope models, and for two different
model orders: M = 10 and M = 20.

Figure 5.3 depicts the results from fitting the different envelope models to spectral peak data.
The posterior predictive distribution of each source’s envelope is depicted by its mean (line) and
one standard deviation around the mean (shaded area). A unique color is used for each source’s
spectral envelope to differentiate it. A point’s color corresponds to the source that it is grouped
with.

The frequency-domain AR model uses resonances to represent spectral peaks, and rather than
group peaks with the correct source, performs a bandpass filtering in three distinct regions of the
spectrum. Polynomial functions under-fit the middle of the spectrum and over-fit near the edges of
the spectrum, and therefore do not capture spectral details over the whole frequency range.

Cosine and Gaussian functions have a similar performance; both provide mostly correct clus-
tering for the harmonic peaks and have a smooth envelope for their sources that follow ground
truth. The best result comes from the Gaussian basis with M/ = 10 components, as the spectral

peaks attributed to the harmonic sounds are grouped perfectly.
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In contrast to the Gaussian-based model, the cosine-based model uses two or three sources to
capture the noisy peaks. This over-fitting is attributed to the periodic shape of the basis and that
it is a global function of the frequency. Overall, the Gaussian-based envelopes are smoother than
the cepstrum of same model order. This is a result of the choice of o2 in Equation (5.10) and

demonstrates its flexibility compared to the cepstrum.

5.3 Temporal models for common fate, sequential grouping

Whereas concurrent grouping principles like harmonicity and spectral envelopes can be used to
group multiple sounds happening at the same time using their instantaneous short-term properties,
sequential grouping temporally integrates short-term information to perceptually organize sounds
over longer time durations. “Common fate” is a Gestalt principle that states elements changing
in the same way at the same time are likely to come from the same source, and thus speaks to
similarities in how components evolve over time. Considering common fate, this section develops
a dynamical Bayesian model that explains how observable nonstationary sinusoid data, or partials,
can be generated according to a common dynamical source. A mixture of dynamical sources is
then developed that groups sinusoids estimated from an audio mixture based on sequential and
concurrent principles.

Most natural sounds are nonstationary because their component properties like frequency and
amplitude change over time. It is unlikely that unrelated natural sounds consist of components
whose frequencies or amplitudes evolve in synchrony. If one represents sound as a sum of time-
varying sinusoids, or partials, then the evolution of a sound is determined by how the partials that
make up the sound vary in amplitude and frequency. Therefore, common fate principles postulate

how relative amplitude and frequency modulations between partials effect perceptual grouping.

5.3.1 Latent and observed variables

With this in mind, the idea is to probabilistically model the temporal modulation of a source and
how it relates to the temporal modulations of the data that a source generates. In the following,
this is achieved with a Bayesian time series model (see Section 3.4 on page 71 for an exposition of
such models).

Mathematically, temporal modulation is quantified and measured by the instantaneous rate of
change of a random variable. By definition, a variable’s instantaneous rate of change is its time

derivative.
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Figure 5.3: Results from fitting spectral envelope mixture models to the spectral peaks of two noisy harmonic
sounds. Colors indicate different inferred sources. The posterior predictive distribution of an envelope is
shown by its mean (line) and standard deviation around the mean (shaded area).
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A dynamical source is characterized at time ¢ by the following set of latent random variables,

e (1) € R : log pitch (log fundamental frequency),

dv(t)
dt

t) € R : mth coefficient of the log spectral envelope, for m € {0, ..., M},

e (t) € R : time derivative of log pitch,
o A\
i

t) € R : time derivative of the mth coefficient, dAst(t).

A source’s state vector x(t) = {v(t),(t), Mo(t), o(t), - .., A\ar(t), pas(t)} € RP, contains all
its latent variables at time ¢. The number of elements D in x is 2(M + 2).
An observable set of random variables characterize a detected nonstationary sinusoid at time ¢,

and are estimated from an audio signal using the methods described in Chapter 4 on page 87,

e Q(t) € R : log-frequency, In f(t),

e ()/(t) € R : time derivative of log-frequency, %it),

A(t) € R : log-amplitude, In a(t),

e A'(t) € R : time derivative of log-amplitude, dA(t)

An observable output vector, y,(t) = {Q(t), A.(t), A,(t)} € R3, contains the three random
variables for the nth sine at time ¢. By itself, the observed log frequency of a sinusoid €2,,(¢) does
not provide a cue for grouping, as we do not assume that the sines coming from a source need to
be harmonic or have any other particular position relative to the source. For this reason it is not
included in the output vector. Rather, the derivative of log frequency slopes of the harmonics are
shared and equal to the source, which is a relaxed assumption in comparison to harmonicity but is
a strong grouping cue in perception and fits with the physical sound creation process.

Observable output variables are related to the latent source variables according to the following

set of transformations,

Q,(t) = ws(t), (5.12)
Z A ()b (fu (1)) (5.13)
Z A (D)8 () + o ()6 (fu(E)) (5.14)

The amplitudes of the sines are assumed to scan a smooth time-frequency envelope, for which the
latent source’s amplitude properties are characterized.
The advantage of this approach is that it circumvents the combinatorial problem inherent to

multi-pitch estimation, which would have led to many local maxima in the posterior distribution.
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The drawback is that the log-fundamental frequency v(t) is only estimated up to a constant offset,
and that the possibility of correct grouping depends on whether a mixture contains sources that
are distinguishable through cues besides harmonicity. This is because harmonicity cues are not
explicitly used by the model. Nevertheless, it is still possible to determine an exact value of v/(t)
and to identify all its harmonics after acquiring estimates of €2,.(¢) and their groupings.

Equations (5.12) to (5.14) are expressed compactly as an affine transformation from state to

output space through an output matrix C,,(t), referred to as the output equation,

yn(t) = Cr(t)x(t) . (5.15)

0 1 0 0 0 0
Co(t) =10 0 $o(fa(?)) 0 e ) 0 : (5.16)
00 ¢(fa®)) Go(fa(t)) .o du(fult)) Em(falt))

Applying the chain rule of differentiation, for the polynomial, cosine, or Gaussian basis function
the time-derivative ¢/, (f,(t)) is a function of both frequency f,, () and frequency rate of change
f/(t). To summarize, the output matrix is a function of a sine’s instantaneous frequency location

and rate of change.

5.3.2 Dynamical source models

In this section, the dynamics of a source are investigated and developed through ordinary differ-
ential equations (ODEs), generalized through a state space model, and then discretized in time to
provide first-order recursive equations.

Table 5.1 tabulates ODEs that define the dynamics of the two general sound source types,
freely vibrating and sustained sounds. For freely vibrating sounds, the pitch does not modulate,
and the amplitude envelope is characterized by a steady average decrease over time. For sus-
tained sounds, the pitch and overall amplitude may change over time, characteristic of vibrato and
tremolo, respectively. Constraining the amplitude envelope to be constant over time, fi,,(t) = 0
form = {1,..., M}, reflects a rank-1 NMF envelope model.

All the dynamical source models are compactly expressed through the state equation,

dx(t)

i =x'(t) = Axz(t) + b. (5.17)
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Freely vibrating Sustained
Constant pitch Vibrato
ijl(é)) b(t) (1)
I 0 —4m* & (v(t) — v(t))
¥(0) 0 eR
Free decay Tremolo
ZASt(t) o (1) o (1)
] -
R 0 —4m?€2(Ao(t) — Ao (1))
po(0) eR eR
Free decay NMF
;D\Z;Et; M (t) Hm (t)
m (¢
b 0 0
i (0) eR 0

Table 5.1: Dynamical source models defined by ODEs.

Since digital systems process discrete-time signals, and the observable data from the input
audio signals are extracted at discrete times every H samples, the continuous-time ODE must be

discretized and uniformly sampled. As a result, we get the following discrete state equation,
= Az + b, (5.18)

where 7 = tH, t € Z, and H is the sampling interval.

The following explains the discretization for the first two elements of the state, corresponding to
v(t) and its time derivative ¢)(¢), as the same equations are obtained in an identical way for the other
elements, \,,, and fi,,,. The integral v(t) = v(0) + Sé ¥(t)dt must be numerically approximated.
The Euler method is the most basic method for numerical integration of ODEs, which assumes that
1) 1s piecewise constant. In comparison, the trapezoidal rule for integration is more accurate than
the Euler method because it is based on a less constrained assumption that 1 is piecewise linear
between times (¢ — 1)H and tH. Recall that the trapezoidal rule approximates a definite integral

as

| vtwau~ - 3 wia) + wie). (5.19)
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Applying the trapezoidal rule to approximate the integral in our ODE gives

v(tH) =v((t —1)H) + JtH Y(u)du, (5.20)
(t—1)H
> v{(t = DH) + S W) + 0((t — D). (5.21)

Then, the discrete-time equation for the log pitch v is
t t—1 H t t—1
vh=v +5(1/1 +). (5.22)

From Equation (5.18), the discrete-time equation for the time-derivative of log pitch ¢ can be

written as

Y= %u” + (14 B! + B, (5.23)

with initial condition v° = 34, where 31, B2, 85, B4 € R are parameters of the discretized ODE that
determine the dynamics of the source.

Following Equations (5.22) and (5.23), the system matrix A and system input b in Equa-
tion (5.18) are written as

[+ L B Hpa
| 2 148 0 1 0 B

E: 1 | g,
_ |2 _ |2
b__1]53+[0]54 L 0] H 525)

5.3.3 Gaussian state space representation

Exposing the model in a deterministic way keeps focus on the choices and practical steps in repre-
senting dynamical sound sources and how they relate to parameters of a sinusoidal model.

Now, differences in the deterministic model’s latent state evolution, and differences between
the model’s output predictions and given data, are modeled as multivariate Gaussian noise. Not
only is this important for considering the discrepancy between the data and the model’s predictions,

but also for relaxing the assumptions made about the dynamics of a source.
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We end up with the following Gaussian state space representation,

x' = Azl + b+, v' ~N(0,Q), (5.26)
Yy =Clx' + w', w' ~N(0,R), (5.27)

where Q € RP*P and R € R**? are covariance matrices of the state and output, respectively. This
is a linear dynamical system as discussed in Section 3.4.2, where the output matrix is time and data
dependent.

The state and output covariance matrix are both diagonal, @ = Diag(«), R = Diag(p), where

~ and p contain the variances of each dimension of the state and output, respectively,

~v = var|x] = {var[v], var[¢ ], var[ o], var[uo], . . ., var[ A, ], var[par]}, (5.28)
p = var[y| = {var[Q], var[A], var[A']} . (5.29)

Noise variance does not depend on time ¢ nor observation index n.

Each element in 7 and p is assumed to be independently drawn from an Inverse-Gamma dis-
tribution (Forbes et al., 2011). In designing the prior distribution over the various elements of the
covariance matrices, it is helpful to choose the parameters of the distribution based on intuitive
properties, specifically the prior mean and variance.

Consider a random variable v € R. drawn from an Inverse-Gamma distribution. Then, the
following expression includes equations for the Inverse-Gamma distribution’s parameters as func-

tions of the expected mean (vy) and variance var[v],

p(7) = Inv-Gam (v]2 + (y)?/var[y], (7) + (3)° /var[7]) - (5.30)

A prior distribution is characterized as weakly informative if it is a proper distribution, but the
information it provides is intentionally less than the prior information actually available (Gelman,
2006). Inverse-Gamma priors over the elements of v and p can be made weakly informative by
setting the expected variance to a large value in relation to the expected mean, var[y] » (7).
This choice is made so that the prior does not restrict much the posterior expected value but still

conditions the inference algorithm to have good numerical properties.
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5.3.4 Regulation

As in Section 5.2.4, the dimensions of the state that correspond to the higher-order coefficients
of the envelope are regulated to prevent over-fitting of the spectral envelope to the data. This is
trickier than with the stationary model because now the state evolves over time. One option is to

combine the prior over the coefficients with the transition probability,
Dreg(x' 2NN (2'| Az~ + b, Q)N (20, G), (5.31)
which results in another normal distribution with the same mean but different covariance matrix,
Preg(@'|2' ™) = N(2' Az +b,(Q' + G171 (5.32)

However, the covariance matrix does not prevent a state’s value from being large, rather it de-
termines the noise amount around the mean Ax'~! + b. For the temporal model, the mean is
evolving and can grow to large values, overfitting the spectrum. This is obvious if we consider
Equation (5.24) with ; = (5 = 0, because the state sequence resembles a cumulative sum that
will tend to infinity if the derivative v is non-zero.

Instead, state regularization is actualized by a pseudo-observation y< = 0,
N2 |C%x' T) (5.33)

where the elements of the matrix C? € R3**? correspond to the amount of regularization for the

coefficient ), in terms of its standard deviation o(\,,) around mean zero,

cf=]0 0 o) 0 . o) 0], (5.34)

5.3.5 Discrete changes in state

While the proposed discretized ODEs can represent a variety of dynamics from freely vibrating
or sustained sounds, a real sound source exhibits several distinct dynamics corresponding to the
active or inactive portions of instrumental sounds. A single ODE system is not suited to represent
distinct and abruptly varying dynamical regimes. Rather, a sound source is well represented as
a sequence of distinct ODEs. In this section, a switching variable is introduced that encodes the
discrete state of a source and thus selects the particular ODE describing the state at time ¢.

A source has a categorical latent state z* € {1, ..., K} that follows first-order Markov dynamics
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Figure 5.4: Transition diagram of the Markov chain model for a dynamical sound source. A source has five
distinct phases: inactive, attack, decay, sustain, and release. Each phase has two states: an initiation state
(circle with dashed outline) and a continuation state (circle with solid outline).

with transition probability p(z!|2*~!). Taking these changes into account, we get the following

switching linear dynamical system as introduced in Section 3.4.4

x' = Azt + b + ot v~ N(0,Q.:), (5.35)
y, =Clz' + w', w' ~N(0,R.:). (5.36)

In Figure 5.4, a transition diagram of the Markov chain model for a source’s state dynamics
shows the possible transitions from state 2*~! to state 2, in other words, where p(z|z*~1) > 0.

This Markov chain model handles different kinds of instrumental sounds.

o Sustained sounds (e.g. violin, flute) mostly go from a short attack to a long sustain and a
short release.
e Free vibration sounds (e.g. piano, guitar) directly go from a short attack to a long decay and

a short release.

Repeated notes may go straight from a decay, sustain, or release to an attack.

The active phases of a source, states {3, ..., 10}, align with the ADSR phases of an instrumen-
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tal sound. Active phases are characterized by their dynamics, which are summarized as follows.

e Artack has a steep increase in log-amplitude over a short interval of time. The log-amplitude
has a positive-valued time-derivative.

e Decay has a steady decrease in log-amplitude over a possibly long interval of time. The log-
amplitude thus has a negative-valued time-derivative, with magnitude relatively low com-
pared to the attack and decay.

e Sustain has a fluctuating amplitude and pitch, due to a continual driving force, over a long
interval of time. The log-derivative of amplitude or pitch may be positive of negative, with
magnitude relatively low compared to the attack and decay.

e Release has a steep decrease in amplitude over a short interval of time. The log-amplitude

has a negative-valued time-derivative.

The inactive phase of the sound, states {1, 2}, accounts for when a sound source is silent and
is therefore not responsible for creating partials. The first inactive state means that the source was
previously active, and can only transition to the second inactive state. The second inactive state can
persist indefinitely before transitioning to an active state. Optionally, the first state could be used
as a terminal state to ensure that a previously active source does not transition back to activity.

Each of the five phases has two states. A phase’s first state sets the values in x' with ap-
propriate initial conditions for the phase’s ODE. These correspond to the odd-numbered states
2t € {1,3,5,7,9}. As initiation states, they only last for a single time sample and thus have self
transition probabilities of 0.

A phase’s second state corresponds to the continuation of a phase’s ODE. These correspond
to the even-numbered states z* € {2,4,6,8,10}. A continuation state persists indefinitely. The

transition probability is set according to the phase’s expected duration:

e inactive phase has expected duration of 0.5 s,
e attack phase has expected duration of 50 ms,

e decay phase has expected duration of 2 s,

e sustain phase has expected duration of 2 s, and

e release phase has expected duration of 30 ms.

Expected durations are converted to transition probabilities using Equation (3.54) on page 75.
In summary, Table 5.2 depicts the probability of transitioning from state z'~! to state z‘. Ta-
ble 5.3 provides example settings for each discrete phase of a source: ODE parameters, state

variances, and expected durations.
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Inactive Attack Decay Sustain Release
state | 1 2 3 4 5 6 7 8 9 10
Inactive ; -
Attack i ‘
Decay 2
Sustain ; q
Release 190 q

Table 5.2: Transition probabilities of the Markov chain model of an individual source. Five probabilities are
distinguished: (blue) determined transition, P = 1; (green) very likely transition, P ~ 1; (yellow) likely
transition, P € (0, 1); (orange) unlikely transition, P ~ 0; and (white) impossible transition, P = 0.

Inactive Attack Decay Sustain Release
state 1 2 3 4 5 6 7 8 9 10
b1 0 0 0 0 0 0 0 0 0
Ba -1 -1 -1 -2 -1 -.01 -1 -.01 -1 -.01
B3 0 0 100 0 —4 0 0 —-100 O
Ba —12 0 —6 0 0 0 0 0 0 0
a[Ao] .01 .01 3 .01 .01 .01 .01 .01 .01 01
almo] 1 1 50 1 3 1 1 A 50 A
H{T)| 0 S5s | 0 50ms| 0 2s | 0 2s | 0 30ms

Table 5.3: Parameters for the ODEs and standard deviations of {\, po}, where H (T") is the expected
duration of each phase.

To illustrate, latent variable sequences of «' and 2* for t € {1,..., T} are randomly sampled
from the dynamical source model using the parameter settings in Table 5.3. The sampled variables
and resulting time-frequency envelope are depicted in Figure 5.5 for a freely vibrating sound and
in Figure 5.6 for a sustained sound.

In Figure 5.7 on page 124, time-frequency points estimated from two kinds of synthetic audio
sounds, freely vibrating and sustained, are color coded according to a source’s inferred discrete
state 2*. Approximate inference is carried out with the expectation correction algorithm (Barber,
2006).
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(b) Time-frequency envelope A(t, f).

(a) Continuous variables.

Figure 5.5: Random samples drawn from a freely vibrating dynamical source model. Discrete states are
depicted by colors: attack (red), decay (blue), sustain (purple), and release (green).
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(b) Time-frequency envelope A(t, f).
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Figure 5.6: Random samples drawn from a sustained dynamical source model. Discrete states are depicted
by colors: attack (red), decay (blue), sustain (purple), and release (green).

5.3.6 Mixture of dynamical sources

Now we introduce the grouping variable g, € {1,...,S5}. The probability that source s created

observation n depends on the prior probability that g, = s and the discrete state z'», where ¢, is



124  Dynamical source models and grouping-based separation

-2
—4
—6
-8
-10
20
&
%
% 0.6
", ° 02 ° %, 0.25
% 0 00 \\«@@ < 0 000" g\ﬁ\e@
(a) Freely vibrating sound. (b) Sustained sound.

Figure 5.7: Inferred discrete states and sine data from a freely vibrating sound and a sustained sound.
Discrete states are depicted by colors: inactive (grey), attack (red), decay (blue), sustain (purple), and release
(green).

the time location of observation n. The prior over each latent group variable g, is categorical,

N
p(glm) = [ ] Cat (galm) . (5.37)
n=1
The prior over 7 is chosen to be the Dirichlet distribution,
p(m) = Dir(w|a) . (5.38)

This is the usual choice for mixture models as it is conjugate to the categorical distribution.
Considering the discrete state, if source s is in the inactive phase at time ¢, so zi» € {1,2},

then it is silent and cannot create observation n,
P(g, = s|zi» € {1,2}) = 0. (5.39)

If the source s is in an active phase at time ¢, so zi» € {3,...,10}, then there is a chance that it
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Figure 5.8: Graphical model for the mixture of switching dynamical sources.

created the observation n,
P(g, = s|zt~ € {3,...,10}) > 0. (5.40)
Combining these together, the probability of the group variable for observation n becomes

pgnl 2™, 7)cp(gn| 2" )p(gn|m) - (5.41)

For this distribution to be valid, the sum over all g,, € {1, ..., .S} must be one.

To correctly condition the probability of g, it is required that all source states are encoded by
a global state. Now, let z* denote a global state variable that encodes all source states at time ¢,
where 2! € {1,..., M} and the total number of global states is M = 10°. To map the global state
to the state of source s, we use an indicator d,,  that is 1 if source s is active when the global state

1s m, and zero otherwise,

1 if s is active in global state m ,
Oms = (5.42)
0 otherwise.

Then, the posterior probability of the grouping variable depends on the global state as follows,

55,m7Ts

Pr (gn = 5|z’ = m) = m, (5.43)

Figure 5.8 shows the hierarchical Bayesian model for the mixture of switching dynamical
sources.

If the dynamical models of all sources are independent, then the total number of global states

is 10°. For instance, if the number of sources is S = 10, then the number of global states is 10

billion, making the HMM for the global state 2! intractable. To upper bound the number of global

states, the dynamical models are assumed to be dependent. Specifically, the polyphony is fixed by
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assuming a maximum number of sources that can be active at the same time. If the polyphony is
denoted by P < S, so there are at most P sources active at time ¢, then the total number of global

states M is expressed by the following equation,

Laayas
M = Z (k>8k25k. (5.44)
k=0

As an example, if there are S = 10 sources, and the polyphony is limited to P = 3, then M
is around 8 million. Besides, since many of the transition probabilities are zero (as depicted in
Table 5.2) a sparse structure can be imposed on the transition matrix to skip unnecessary multipli-

cation operations in the HMM forward-backward algorithm.

5.3.7 Outlier class

Finally, we include an outlier class, g, = 0, to handle possible errors in the estimation of the
observable data, and to account for data at times when all sources are inactive. The outlier class is
modeled with a stationary distribution that is suited to handle data outliers. For this, we choose a

Laplace distribution, as it has a longer tail than the Normal distribution,

p(yhlgn = 0) = Lap(yy,|a, Diag(b)) . (5.45)

As opposed to other heavy-tailed distributions like Cauchy, the Laplace distribution has defined

statistical moments that enable simple inference of the mean a and scale b.

5.4 Inferring the mixture, isolating the sources, and learning

the model structure

Inferring all the variables in the model introduced in the preceding sections is difficult because of
the combination of discrete and continuous variables and the hierarchical structure of the model,
which leads to many posterior modes.

In this part, Gibbs sampling (Geman and Geman, 1984) is shown to be a powerful method
for estimating the variables of the model. Compared to VB, Gibbs sampling is less sensitive to
initialization conditions and converges to a better solution. Moreover, the per-iteration complexity

is less than VB, and can be reduced further with parallel computations.
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5.4.1 Gibbs sampler

Gibbs sampling is used to draw samples from the posterior distribution over all the unknown quan-
tities of the model. As reviewed in Section 2.4.4 on page 43, computing the average of an unknown
random variable’s samples gives an estimate of its posterior expected value.

The unknown variables of the model include the grouping variable for each observation g,,,
the global discrete states z‘, and each dynamical source’s continuous state x’. The unknown
parameters of the dynamical models 6 include the noise variance of the likelihood function and of
each source’s state transition and initial state, and the dynamical parameters for each source. The
unknown parameters of the grouping variables include the prior probabilities 7r.

Blocked Gibbs sampling is used to sample the temporal variables: the global discrete state and
each dynamical source’s continuous latent state. Blocked Gibbs sampling jointly samples groups of
variables, called blocks, from their joint posterior distribution (Jensen et al., 1995). This improves
the mixing time, accuracy and convergence of Gibbs sampling in comparison to independently
sampling from the conditional posterior of each variable in turn.

The following equations express, for each model variable, the form of their posterior distri-
bution from which a sample is drawn. In total, these equations summarize one complete step of
the Gibbs sampler. Note that we intentionally do not include the sample index on the variables,

e.g. g,(f) for the 7th sample, to avoid cluttered notation.

Grouping variables are sampled from the conditional posterior distribution, ¥n € {1,..., N},
Gn ~ P(Gnlyn, T, 2", 7, 0) = Cat(ga|7n), (5.46)
where the parameter of the categorical distribution is, Vs € {1, ..., S},
Tns DYl Os, 2" )p(gn = ]2, ). (5.47)

Since the grouping variables are conditionally independent of each other, they can be sampled in
parallel.

The prior probability of a particular group is governed by the parameter 7r, which itself has the
Dirichlet prior distribution from Equation (5.38) on page 124. Since this is the conjugate distribu-
tion for the grouping variable’s categorical distribution, the conditional posterior distribution over

7t 18 also Dirichlet,

7 ~ p(w|g) = Dir(w|@), (5.48)
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where &, = a, + 30 [gn = 5].
Global discrete states =z = (2!, ..., 27) are sampled using the blocked Gibbs sampler for the
HMM detailed in Algorithm 4 on page 204,

z Np(z|g,y,$,9). (549)

Latent continuous states of each dynamical source are sampled in parallel. LDS states are

sampled using a blocked Gibbs sampler, as detailed in Algorithm 3 on page 204, Vs € {1,..., S5},
Ls Np(wsyzvg7y79) :N<xs|ﬁ's;‘,}s) (5.50)

Then, the parameters of the likelihood function and each source’s linear dynamical system are

sampled from the conditional posterior distribution,
0 ~p0lz.9y ). (5.51)

The parameters are all conditionally independent and can therefore be sampled in parallel.
Relabelling algorithms address label switching problems that are inherent to Bayesian estima-
tion of mixture models. To deal with the label switching problem in our mixture model, we use
Stephen’s algorithm (Stephens, 2000). Stephens’ algorithm iteratively minimizes the KLD be-
tween the matrix of classification probabilities averaged over the entire MCMC run and at each
MCMC step. Stephens’ algorithm is very good at correctly relabelling the data. Though, in com-
parison to other relabelling algorithms, it is costly in terms of memory consumption as it requires

storing the classification probability matrix for all MCMC steps.

5.4.2 Illustration: source separation by grouping sines

Figure 5.9 and Figure 5.10 show the results of inferring the mixture of dynamical source model
given data extracted from a synthetic signal composed of two contrasting sound sources: the first

is freely vibrating, and the second is a sustained sound that modulates its pitch.

5.5 Experimental procedures

This section details the procedures involved in executing and evaluating the results of experiments.
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Figure 5.9: Observable data (top row) and latent variables of dynamical source mixture model (bottom row)
that are inferred from the data. Data points are colored according to the source that they are grouped with.
Notations for the observable data and latent variables are defined in Section 5.3.1 on page 112.
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Figure 5.10: Spectrograms of the (a) input mixture, synthesized source signals from (b) ideal grouping using
ground truth targets and (c) estimated grouping.
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5.5.1 Feature extraction

Feature extraction follows the procedure described in Chapter 4 on page 87, involving short-term
nonstationary sinusoid parameter estimation and peak classification. Short-term analysis involved
a 48 ms Hann window (Harris, 1978), 6 ms step size, 2048-point DFT, and 2nd-order nonstation-
ary sinusoid model. Input audio is resampled to have a 16 kHz sampling rate. Compared to a
higher sampling rate of 44.1 kHz that is typical of music recordings, 16 kHz audio has a smaller
bandwidth and fewer observed partials. This reduces the complexity of preprocessing and the in-
ference method, and so reduces the resources necessary for running the experiments. The proposed
method also supports higher sampling rates like 44.1 kHz. Indeed, using higher sampling rates re-
veals partials in higher frequency bands that may further improve the quality of source inference

and separation.

5.5.2 Partial tracking

Detected sinusoids are connected over time to form partial trajectories using the fast partial tracker
from (Neri and Depalle, 2018). Peaks in one time frame are paired with peaks in the adjacent time
frames if their log-amplitude and frequency vectors coincide, as measured by the squared error.
These connections are determined from the solution to a linear sum assignment problem (Burkard
etal., 2012).

Considering first the frequency trajectory of a partial, the cost of assigning sine ¢ at time ¢ — 1

to sine k at time ¢t is
1
C(fi, fr) = o {fi= 1)) (5.52)
O

The expected squared difference is

{fi = fu)?y = ({fi) = (fup)? + var[ fi] + var[fi] , (5.53)

where the expected values and variances of the frequencies are

(foy =& (tu/2)" (ai) , (5.54)
{fiy = &' (=tu/2)" (o) (5.55)
var[fi] = ¢'(tu/2)" cov[ei|d'(tu/2), (5.56)
var[fi] = @' (—tw/2)" cov[a]d' (—tm/2) . (5.57)
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The parameters of the tracker include the standard deviations, used to compute the cost matrix,
of = 10 Hz and o, = .02, which influence the decision to connect two peaks or not. These rel-
atively small standard deviations constrain the decision such that peaks are connected only when
there is a very strong match. This reduces tracking errors that may arise from unwanted continu-
ation of a trajectory over two sound sources. As a trade-off, it results in many short trajectories.
If desired, this can be resolved after source separation. For example, a post-processing operation

may append short trajectories together based on their source’s evolution.

5.5.3 Ideal grouping baseline

Ideal baselines are used to provide an upper bound on the best possible performance achievable
by an estimator. For source separation, ideal binary or ratio masks are commonly used because
they give the best possible performance of an estimator that separates sources by masking the
time-frequency representation of the input mixture. In this application, we rather are interested in
knowing the ideal grouping of the sinusoid peak data, y. This informs us of the optimal perfor-
mance that might be achieved from a grouping-based separator.

Ideal binary and soft classification of an observation is estimated using the time-frequency dis-
tance between it and the closest sinusoids detected from the ground truth source signals. Consider
an observation y,, of the nth estimated sinusoid from the mixture audio, and kth estimated sinusoid
from the ground truth sound source s € {1,...,S}, denoted by yi(s). Then, the probability that

observation n is from source s is defined as
P(Ynlzn = s) = N (A, A (5),1), (5.58)
where k* is the sinusoid from source s that is closest to observation n in time and frequency,

k* = argmin(f, — fx(s)), (5.59)
kel

and U is the set of indices k for which ¢,, = t;(s).

5.6 Evaluations

Quantitative and qualitative evaluations of the dynamical source mixture model are completed to
measure blind source separation performance, to show intermediate representations inferred by the

model, and to discuss its practical application on real instrument recordings.
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method Estimated Ideal
classify | hard soft hard soft
SI-SDR | 5.07 543 | 12.58 13.08
SIR 36.86 33.09 | 36.68 31.76

SAR 563  6.06 | 12.82 13.52

Table 5.4: Evaluation of dynamical source mixture model on two-note data, with a model that has five
dynamical sources and one outlier source.

method Estimated soft Ideal soft
components 2 3 4 5 -
SI-SDR 3.50 4.62 5.10 5.43 13.08
SIR 21.55 28.46 31.17 33.09 31.76
SAR 4.90 5.50 5.84 6.06 13.52

Table 5.5: Evaluation of dynamical source mixture model on two-note data versus the number of sources in
the model.

5.6.1 Quantitative evaluation

To quantify the performance of the model in separating mixtures of different kinds of sounds, the
model was evaluated on the two-note dataset. As detailed in Appendix F.1, this dataset has over-
lapping notes from three sound production types, freely vibrating, sustaining, and sustaining with
vibrato. The mixtures are created by combining two notes that are augmented with various shifts
in time and pitch. Table 5.4 shows the mean scale-invariant signal-to-distortion ratio (SI-SDR),
signal-to-artifact ratio (SAR), and signal-to-interference ratio (SIR), from a model that assumes
five dynamical sources, and from the ideal groupings, using either hard or soft classification.

Table 5.5 shows the results of an ablation study, comparing how the performance changes
versus the number of sources supported by the model. The performance improves with the number
of assumed sources.

Figure 5.11 on page 134 displays results from the evaluation, summarized with respect to
different properties of the dataset, like sound types, pitch differences, and time shifts. Overall,
sounds that are either of the same or different sound production types are successfully separated
by the mixture of dynamical sources model. Specifically, referring to Figure 5.11a on page 134, the
best separation in terms of SI-SDR is of mixtures made of two freely vibrating sounds, “free+free”.
Conversely, the lowest SI-SDR is of mixtures made of two sustained sounds that have constant
pitch (no vibrato), “sustain+sustain”. This is because the two sustained sounds have no difference
with respect to frequency modulations and spectral envelopes, so the only grouping cue is the

relative difference in their start times.
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In relation to the time difference between the start times of the sounds, Figure 5.11b shows that
the SI-SDR is nearly constant for sustained sounds and linearly increases with respect to the time
difference for two freely vibrating sounds. This trend exists because the energy overlap between
two decaying sounds decreases log-linearly with the time shift.

With respect to the semitone difference between the sounds, Figure 5.11c shows that the SI-
SDR is lower when there is a unison, perfect fifth, or an octave, corresponding to a semitone
difference of 0, 7, or 12, respectively. In the case of unison, the harmonics completely overlap in
frequency, and therefore cannot be distinguished unless one or both of the sources have frequency
modulations. Since the overlapping frequencies cannot be resolved in Fourier transform domain,
only one sinusoid of the two is detected. These factors contribute to the low separation performance
in the case of the unison (0 semitone) interval. To a lesser extent, it also explains the dip in SI-
SDR at the perfect fifth (7 semitones) and octave (12 semitones) intervals. At 7 semitones, 25%
of the harmonics from one source overlap with the second source. At 12 semitones, 50% of the

harmonics from one source overlap with the second source.

5.6.2 Qualitative evaluation

Qualitative results feature audio recordings of real instrument duets to illustrate the practical ap-
plication of the dynamical source mixture model. Audio files from these examples are available on
the website listed in Section 1.9 on page 19.

In the first example, one source recording is of a person playing a glissando on a trombone, and
the second is a person playing a vibrato note on a violin. It is challenging to separate this mixture
because both sounds involve frequency modulations, are noisy, and have harmonics that overlap
in frequency. Figure 5.12 on page 135 shows the spectrograms of the sources estimated using the
dynamical source mixture model, and the inferred distribution over each source’s latent log pitch
derivative. There is excellent separation between harmonics of the sources.

In the second example, one source recording is of a person playing a vibrato note on a flute,
and the second is a person playing a note on a clavinet that is quieter in comparison to the flute.
Section 5.6.2 on page 136 shows the spectrograms of the sources estimated using the dynamical
source mixture model, and the inferred distribution over each source’s latent log pitch derivative.
The most energetic sinusoids detected from the mixture are well grouped. In this example, we
see that some noisy sounds from the flute, detected as spurious sinusoids, are grouped with the
clavinet. This is because the clavinet sound is much quieter than the flute, and has harmonics that

have amplitudes similar to the noisy sound from the flute. Since the frequency modulations of
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Figure 5.11: Results from dynamical source mixture model evaluated on two-note dataset.

the flute are not represented in the noisy part, amplitude information is the sole grouping cue for
the observations attributed to noise. Considering this, these observations are better matched with
the amplitude envelope of the clavinet because they occupy a similar space in the time-frequency-
amplitude domain. This results in spurious sinusoids from the flute being grouped with the clavinet,
seen by the noisy energy before the onset of the clavinet.

Vibrato from the flute in this example is different from the violin vibrato in the previous exam-
ple. Whereas the violin has a pitch modulation that is nearly sinusoidal, the flute has a log-pitch
derivative that resembles a sawtooth wave, corresponding to a vibrato that resembles a full-wave
rectified sinewave. This is a consequence of the musician’s percussive-like breaths that make the
pitch abruptly increase, then gradually decrease. This action is repeated periodically in quick suc-

cession to create vibrato. A model that assumes a sinusoidal pitch modulation would not represent
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Figure 5.12: Trombone with glissando plus violin with vibrato are separated by the dynamical source mix-
ture model.

these dynamics as well as the proposed dynamical source model. Rather, the dynamical source

model does well at representing complicated temporal patterns.

5.7 Summary

This chapter developed a general Bayesian dynamical source mixture model that leverages concur-
rent and sequential grouping from auditory scene analysis, and physical sound production proper-
ties of acoustic instruments. Parameters of nonstationary sinusoids detected from an audio mixture

served as the observable set of information-rich IID observable data. Given such data, Gibbs sam-
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Figure 5.13: Flute with vibrato plus clavinet are separated by the dynamical source mixture model.

pling is used to infer the mixture model, providing a probabilistic grouping of each observation
with its most likely dynamical source, as well as the time-varying latent variables of each source.
The Bayesian grouping-based approach to separation with parametric data is flexible and can be
made efficient because only a small subset of the observations are sufficient to fit the model. This
is thanks to the robustness of the Bayesian method, that in general does not overfit to the data, and
the predictive capability of the model after being fit to the data.

A limitation of using this data is that it assumes that sinusoids from each source are well-
resolved in the time-frequency plane. An important property of the mixture model is that it assumes
that each observation was created by one of many sources. Considering that each point is a detected

peak, if the peak is at a time-frequency location where multiple sources have a harmonic, then only
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one of the sources is attributed to it. While the inferred posterior over the grouping variable gives
a kind of soft classification, preference is given to values close to zero or one because the posterior
follows a categorical distribution. However, a more pressing issue is that the actual estimation
of nonstationary sinusoid parameters is compromised if there are multiple sinusoids that overlap.
This is because the nonstationary sinusoidal model assumes that there is one sinusoid located in
the region of a peak in the spectrum. Taking this into account, for the model to work correctly,
the estimation of the sinusoid parameters has to assume a sum of nonstationary sinusoids for each
point in the time-frequency plane. While there has been recent research to addresses this (Neri
et al., 2021a), it is a challenging problem that is prone to errors, especially when there are more
than two overlapping nonstationary sinusoids.

In the next chapter, a Bayesian machine learning method is presented that has more relaxed
assumptions about the data, uses deep neural networks, and has state-of-the-art performance for

unsupervised source separation.






Chapter 6

Variational auto-encoding unsupervised

blind source separation

This chapter presents a Bayesian machine learning approach to unsupervised blind source separa-
tion (BSS) that is realized with variational auto-encoding. A variational auto-encoder (VAE) is a
neural network architecture and training method based on variational inference that learns a struc-
tured latent encoding of input data, and generates estimates of the data likelihood’s statistics from
the latent encoding (Kingma and Welling, 2014). First, a framework for unsupervised BSS with
VAE:s is developed and applied towards short fixed-duration mixtures. Then, a nonlinear dynam-
ical system is incorporated into this framework to consider how the latent variables evolve over
time, resulting in a dynamical VAE that is capable of separating audio signals of any duration.

This chapter involves deep learning concepts that are discussed in Section 2.6 on page 47.

6.1 Unsupervised and blind source separation

A single-channel audio signal y(¢) € R is assumed to be made from a linear instantaneous mixture
of M source signals s(t) = [s1(t),...,sp(t)]" € RM,

y(t) = A {s}(t) = ), smlt). (6.1)

139
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Source separation aims to retrieve K source signals 8(t) = [51(¢),...,5x(t)]" € REX from an

observed mixture y(t),
8(t) = Hy}(t). (6.2)

Since there is one equation with /K unknowns, it is an under-determined system with infinitely
many solutions.

In the context of machine learning-based methods, unsupervised source separation refers to
training a model to perform source separation without having access to the ground-truth sources
Sm. Further, for the problem of unsupervised BSS, the true number of underlying sources M
is also unknown and assumed as K. Indeed, to separate the mixture into its correct number of
sources, M < K. Therefore, at most /' sources are assumed to make up the mixture. If M < K,
then s, = 0, for M < k < K. As a result, unsupervised single-channel BSS is a highly under-
determined problem that necessitates significant prior assumptions.

Machine learning methods learn prior information about sources by fitting a model to example
data. Deep neural networks (DNNs) are successful at supervised source separation due to their
capacity for pattern recognition. Supervised separation is now mature enough to be used for some
real-world musical source separation applications (Vincent et al., 2018; Hennequin et al., 2020).

In the following, unsupervised single-channel BSS methods are developed based on variational
auto-encoding. Given datasets of only mixed audio, the presented models are trained such that
they encode a structured, disentangled representation of audio mixtures in a lower-dimensional
space, and generate spectrograms of separate sources from their location in this latent space. As
Bayesian hierarchical models, these methods are able to learn the structure of the model (Attias,
1999), namely which sources are relevant for explaining the data, and as a consequence do not

over-separate mixtures.

6.2 Deep spectrogram mixture model

In this section, the problem of unsupervised BSS of fixed-duration spectrograms is addressed with
variational auto-encoding. An encoder separates (disentangles) the data mixture into latent sources.
Then, a decoder independently generates a signal from each latent source. The source signals
are added together to provide an estimate of the data mixture. Figure 6.1 illustrates the flow
of information through the VAE for unsupervised BSS of fixed-duration signal spectrograms and

images, starting from input mixture, to latent variables of multiple sources, and finally to estimated
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spectrograms of each source.

6.2.1 Output equation

Let y € RPv be the vectorized spectrogram of an observed mixture, and s;, € R”v be the vectorized
spectrogram of the kth source, then the output is assumed to be generated from a sum of each

source’s spectrogram and noise € € RPv,

K
y=> site. (6.3)
k=1

For this to be true, the correlation between the sources in the time-frequency domain is assumed
to be zero. To see why, consider the STFT of a signal that is made from a mixture of sources, as in
Equation (6.1), denoted here by Y (¢, f) € C, and the STFT of the kth source by Si(¢, f) € C, for
ke {l,..., K}. Inthe following, STFT variables (¢, f) are not written to reduce notational clutter.

In reality, the mathematical expectation of the power spectrogram is given by

QY = (R P +S{YP) = <<é%{5k}>2> + < (gg{sk}>2> . (6.4)

Now, assume that (S;Sy) = 0, Vi # k. Then

VP = SRS + (3 (560 = 11 ©3)

As it turns out, results show that this mild assumption is not a big issue, even when sources are
actually correlated in the time-frequency plane. Since there is also additive noise, discrepancies be-
tween the model’s output and the data can be reconciled by this noise. Referring to Equation (6.3),
this means that any non-zero covariance between two sources is represented by noise.

In (Liutkus and Badeau, 2015), the additivity of fractional spectrograms is understood as sepa-
rating locally stationary a-stable harmonizable processes, and justifies the procedure theoretically

for the purpose of source separation.

6.2.2 Generative model

Source signal sy, is generated according to a random process involving a latent variable x;, € Rz,

where D, « D,. Generator function g is a neural network with parameters € that individually



142  Variational auto-encoding unsupervised blind source separation

Encoder X5y, ¢) Latent sources Decoder p(y|X;0)

Estimate ¥

| U R U U R pr

Figure 6.1: Variational auto-encoder that performs unsupervised BSS of fixed-duration audio mixtures.

decodes each latent source x;, into its higher-dimensional signal Sy,

8 = g(@1.0). (6.6)

Referring to Equation (6.3) on page 141, data noise € is assumed to follow a zero-mean Laplace
distribution (Forbes et al., 2011) with scale b = 1/\@, Vie{l,...,D,},

e; ~ Lap (0,0) . (6.7)
Let X = [x;]X, be the concatenation of the latent source variables with Dx = D, K dimensions.

Then, the likelihood of data y given X is

Dy

1 i — Ui
p(y|X:6) = rhwmw)—ﬂﬁm%liﬁg, (6.8)

=1

where the estimate of the mixed data is given by the sum of source signals,

K K
— Y5 - Z (., 6). (6.9)
k=1 k=1

Assuming a Gaussian likelihood (/5 loss) is common for VAEs but permits small deviations
around the mean and leads to blurry reconstructions. Instead, the Laplace likelihood (¢; loss)
evenly penalizes deviations around the mean (Neri et al., 2021b). Figure 6.2 illustrates the differ-

ence between the Normal and Laplace PDFs.
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Figure 6.2: Comparison of Normal and Laplace PDFs that have the same mean (zero) and variance (0.5).

Isotropic Gaussian priors are defined over each source’s latent variable,

K K
p(X) = [pla) = [ [V (4]0, 1) . (6.10)
k=1 k=1
This prior assumes that each element varies independently and helps to separate factors of variation
in the data (Kingma and Welling, 2014).

6.2.3 Inference model

Inferring X from data y provides estimates of latent sources xj, Vk, from which we can gener-
ate source signals Sy, Vk, with Equation (6.6) on page 142 and thus achieve source separation.
However, exact inference of this model is not possible, because it involves a highly nonlinear
transformation, a DNN, from the latent to output space.

Rather, variational auto-encoding (Kingma and Welling, 2014), as reviewed in Section 2.6 on
page 47, is used to approximate the posterior distribution over the latent variables given the data.
Approximate posterior ¢ is mean-field factorized such that the elements of X are independent and

normally-distributed,

a(X;y,¢) =N (X|u(y, @), Diag (0*(y, 9))) . (6.11)

An encoding neural network with parameters ¢ outputs the mean p = pu(y, ¢) and variance
o’ = oy, §).
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6.2.4 Variational lower bound

Variational inference turns approximate inference into an optimization problem (Blei et al., 2017),
maximizing the variational lower bound on model evidence, the evidence lower bound (ELBO),

given by
N
0¢D:Z 0, ¢;y™), (6.12)

where dataset D = {y™}"_, consists of N IID samples and the ELBO for sample 7 is

L0, ¢;y™) = np(y™|X;0)) x4 — Drr(a(X:y™, 0) [|p(X)). (6.13)

The first term is the expected log-likelihood under the approximate posterior that minimizes
the reconstruction error. The second term is the negative KLLD between the approximate posterior
and the prior that minimizes the difference between the two distributions. The KLD contributes a
regularization that, along with the stochastic sampling of the latent space, is crucial as it promotes
disentanglement (separation).

Assuming a Gaussian approximate posterior is common for variational auto-encoding as it
enables simple Monte-Carlo estimation of the expected log-likelihood with the re-parametrization
trick:

XM~ q(X;y™, ¢) (6.14)
—p™ 4+ oM oe, (6.15)

where € ~ N (0, I) and © denotes an element-wise product.

6.2.5 Encoding network and prior

The encoder and decoder each consist of several fully connected feed-forward neural network lay-
ers. Each layer is followed by a ReLU activation function and batch-normalization. The encoder’s
hidden units progressively decrease after each layer, starting with the high-dimensional, vectorized
input to low-dimensional latent variable. A final layer outputs the D x-dimensional approximate
posterior mean p and log-variance In o2 of X.

The decoder’s hidden units increases after each layer, starting with D, dimensions for the sam-

pled latent source x; and progressing in reverse order. The last fully connected layer is followed
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by a sigmoid activation function to output a D,-dimensional source signal §;, with non-negative
values in the interval (0,1). The decoder individually generates each source’s latent vector zj into
its signal S;. This can be done in parallel for efficiency. Finally, source signals are summed to

produce an estimate of the data mixture, y.

6.2.6 Illustration: unsupervised separation of fixed-size spectrograms

In this illustration, the VAE for unsupervised BSS is trained and tested on spectrograms of audio
mixtures. The audio mixtures are created by randomly mixing instrument note recordings from the
McGill University master samples (MUMS) database (Opolko and Wapnick, 1989). This database
includes single-note recordings from a variety of instruments. A dataset is created by randomly
sorting the audio files into a training set (80% of the data) and a test set (20% of the data).

Six fully connected layers are used for the encoder and decoder networks of the VAE. The input
spectrograms have 256 frequency channels and 128 time frames. When flattened into a vector, the
input data has 32,768 elements. The number of hidden units for each layer progressively decrease
to create an information bottleneck: 2560, 2048, 1536, 1024, 512, and lastly 2 x 64K, where K is
the number of sources in the model, and 64 is the dimensionality of each source’s latent variable.

Estimated sources from the trained VAE are used to create mask-based estimates $;, by weight-

ing them such that their sum exactly matches the observable mixture’s spectrogram, Vk,

5, =5:0(yQY), (6.16)
where ©® and @ denote element-wise multiplication and division, respectively. This is referred to
as VAE with masking (VAEM).

Ideal baselines include the ideal binary mask (IBM) and ideal ratio mask (IRM). Estimation
baselines include NMF (Lopez-Serrano et al., 2019) with 8 templates per source, and mixture
invariant training (MixIT) (Wisdom et al., 2020b) of a model with a six-layer encoder and decoder
architecture as described previously.

Quantitative results in Table 6.1 report the median values of SI-SDR, SIR, and SAR computed
over MUMS test data. The SI-SDR and SAR are improved with masking, whereas VAE has a better
SIR than VAEM and IBM. VAEM has a lower SIR than VAE because the unit-sum condition from
masking re-introduces energy from other sources. Additional results from (Neri et al., 2021c)
indicate that the baseline methods over-separate the mixture when K > M. In contrast, during
training the VAE automatically attenuates superfluous sources for /K > M, such that two of the K

sources contribute non-zero values. As a result, the VAE’s quality is consistent for K > M.
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NMF MixIT VAE VAEM | IBM IRM

SI-SDR 540 6.64 1433 17.10 | 23.97 22.66
SIR 1693 17.59 29.92 2955 | 48.89 34.39
SAR 796 826 14.87 18.20 | 24.06 23.23

Table 6.1: BSS evaluation on mixed pairs of spectrograms from MUMS test set.

NMF MixIT VAE VAEM GT

Mixture

Figure 6.3: Spectrogram separation. Example test data (Mixture) is composed of unknown ground truth
sound sources (GT): bassoon (top) and violin (bottom).

Qualitative comparisons in Figure 6.3 show a particularly challenging example from the MUMS
test set involving a low-pitched (A#1) bassoon sound mixed with a frequency modulated (E4) vi-
olin sound. VAE gives source estimates that are smooth in time and frequency. Masking sharpens

the estimates, seen in the estimated spectrograms produced by VAEM.

6.3 Dynamical VAE for unsupervised sound separation

A limitation of the VAE described in Section 6.2 is that it requires the input to be of a particular
fixed dimension and is memoryless, which in the context of audio and time-series signals, means
that it only supports independent processing of short signal segments. A typical way to handle
this is to segment the signal into short overlapping frames, each frame having the length that the
system’s input supports. However, this assumes that adjacent frames are independent. For the
VAE model, a source estimate coming from an output at time ¢ may not match with the estimate
at time ¢ + 1, and at the least requires some permutation to match the outputs over time. But even

more, there is temporal information about the signal that is valuable for source separation. If such
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information is considered by the model, the quality of separation can be improved.

This section develops a dynamical variational auto-encoder (DVAE) for unsupervised BSS that
can separate signals of any duration. A nonlinear dynamical system is incorporated into the VAE
that models the temporal evolution of each source’s latent variables. The transition function for
the state combines the first-order recursive structure of a state space model with state that depends
on a RNN. This results in a probabilistic time-series model that has great capacity for modeling
complicated temporal behavior. As itis formulated through the framework of hierarchical Bayesian
networks, it also serves as a generative model that can be sampled from to create new audio data,
that is stochastic in its nature due to the random sampling. A scaling coefficient is introduced that
is estimated to maximize the likelihood of the data given the model’s output. Different from the
scale-invariant training typically associated with training source separation models (Roux et al.,
2019), we scale the estimate rather than the data to be consistent with a regression model where
the regressor is the output from the decoder. This makes the optimization criterion invariant with

respect to the overall magnitude of the model’s output, and is helpful for reliable model training.

6.3.1 Nonlinear dynamical source model

Incorporating a dynamical model into a VAE:s is tricky because of the posterior collapse problem,
and the choice of dynamical model, whether it is linear like the Kalman filter or nonlinear like
a recurrent neural network (Girin et al., 2021). In our case, the dynamical model must be prop-
erly regularized through a probabilistic state space model to ensure that the model performs BSS.
We know from Section 6.2.6 that a deterministic auto-encoder does not permit unsupervised BSS.
Therefore, it is not sufficient to have a hybrid probabilistic and deterministic model like the RNN
VAE in (Chung et al., 2015). Also, due to the complicated dynamics of acoustic sources, a tem-
poral model with linear dynamics will not have sufficient representation power. In Chapter 35, this
was addressed with a switching linear dynamical system (SLDS). But discrete variables introduce
many problems when used in a VAE, because they are non-differentiable and therefore must be
approximated by a continuous function. Rather, what is required is a nonlinear dynamical model
that is properly defined through a sequential probabilistic model and therefore has a valid prior
distribution that can be regularized and whose output equation only depends on the latent variables
of this model and not on a deterministic hidden state. These are all details and constraints that are
particular to the unsupervised BSS framework developed so far.

In the end, what we use is a dynamical system that is constructed from a first-order Markov

chain, that combines linear state space dynamics with a transition function that depends on the
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output of a RNN. Therefore, the dynamical system has a hierarchy, the state of the top level evolves
according to a RNN and its state controls the lower level’s first order recursive transition function.
In this way, the RNN is isolated from the output, which is essential for the dynamical model to
work within the unsupervised BSS framework developed so far.

A source’s latent state ' € RP+ and recurrent state h' € RP" evolve over discrete time accord-
ing to nonlinear transformations A : RP=Pr — RP= and R : RP»P= — RPr respectively, which

is expressed as the nonlinear state equation,

h' = R(h'" 21, (6.17)
x' = Az h). (6.18)

A source’s latent state is transformed from state to output space through a nonlinear transfor-

mation C' : RP= — RPv, as expressed by the nonlinear output equation,
y' =C(z"). (6.19)

Now, uncertainty in the temporal evolution of the latent state and differences between the
model’s output predictions from the decoder and observable data are modeled as Gaussian noise.
This is important for several reasons. First, it considers a discrepancy between models predictions
and data. Second, it relaxes the assumptions made about the dynamics of a source. Third, it allows
for the adaptation of the dynamical model through the gradual optimization of the distribution over
the noise itself. Lastly, it makes possible the direct estimation of the time-varying noise, which can
be effective at rapidly adapting the state to transients.

Latent variable x! is assumed to have nonstationary noise, whose variance changes over time.
Observable data y' is assumed to have noise with variance that is constant over all times and
frequencies. Finally, the RNN that occupies the top of the hierarchy has a hidden state that is
deterministic.

Incorporating these assumptions into the state and output equations results in a nonlinear Gaus-

sian state space representation,

h' :R(h— =1, (6.20)
= Az h') + €, €, ~N(0,Q (=", h)), (6.21)
=C (z") + v’ w' ~ N(0,0%1). (6.22)

Function () outputs a diagonal covariance matrix for the latent state’s noise at time ¢, and is realized
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by a neural network. The output noise variance o>

e R is fixed during model training, and
is optimized through a grid search. Considering the loss function for the VAE, o2 weighs the
influence of the expected log-likelihood relative to the KLD. Section 6.5 investigates how different

values for o2 affect the model’s performance.

6.3.2 Generative model

Sequential data Y = {y'}]_, is made of a sum of K sources Sj = {st}_,. A source’s output at
time ¢ is assumed to be encoded by a lower-dimensional latent variable, a:',;, Vke{l,..., K}, that
evolves over time. As described in Section 3.4.2 on page 76, a linear dynamical system assumes
that latent state variables evolve according to a first-order Markov chain, with a linear function that
determines how a state is transformed from one time to the next. Here, we model the dynamics
using a highly nonlinear function with learnable parameters, an RNN denoted by R, that itself has
a latent state h' that is deterministic.

Now, we describe the dynamical VAE’s generative model. The generative model involves neu-
ral networks with trainable parameters. Let @ denote all the trainable parameters of the generative
model. Then, any neural network that is part of the generative model, for example the RNN R, has
parameters that are a subset of 6.

The generative model specifies the model’s joint distribution, which consists of the model’s

likelihood and prior distributions,
p(Y, X;60) = p(Y|X;0)p(X;0), (6.23)
where X, = {@!}]_, and X = {X}}X | denotes the full set of latent variables.

Prior distribution

The transition probability of the state is given by
p(x) |zl ' hi;0) = N (x)|A(x; ' hy),Q (z ' k) . (6.24)

For the hidden state of the RNN, the prior and transition probability are deterministic, and are

expressed with the delta function,

p(hz) = 6(0), (6.25)
plBG IR ) =0 (1~ R (e ) (620
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The RNN R has a deterministic hidden state h%, and a stochastic input ! *. The transition
function in Equation (6.24) follows a state space model with a first-order Markov chain, but has
the ability to model complex dynamics and learn long-term patterns thanks to the LSTM. Note that
the generative model’s RNN is unidirectional and causal.

The previous latent state wz_l and current deterministic state h’ are combined through a neural

network o that outputs the transition mean and variance
i (2] = o (@ h1) - 6.27)

Source k’s latent state is treated with global isotropic Gaussian prior with mean my, € 6, which
regularizes the latent variable’s transition probability at each time step,
_ Myt (07)mu

t—1 t
Ay hy) = = o7 (6.28)

=1 3t _ (‘72)2
Q () ’hk)_m

(6.29)

This structural parameter is updated during model training and helps in terms of sparsity and
separation.

The generative model’s initial state has a normal prior distribution,
p(x);0) = N (z|/my, I) . (6.30)
Combining these conditional distributions gives the joint distribution over all the latent vari-
ables, which is the prior for a Gaussian state space model,
T
p(X;0) =p(x';0) np (z'|z"~", h'; 0) . (6.31)
t=2

The transition probability of the RNN’s hidden state is deterministic, so it does not appear in the

prior distribution.
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Likelihood

Each source’s latent state is transformed into the time-frequency domain by the decoding DNN C,
realized by transposed 2D CNNg,

A

Sk =C(Xk) . (6.32)

Individual source estimates are summed to give an estimate of the mixture,

R K R K
Y =) 8 =) CXy). (6.33)

k=1 k=1

The likelihood of the data given the model’s latent variables is normally distributed,
p(Y|X:0) = N (Y\a?,0—21> , (6.34)

where coefficient @ € R scales the estimated mixture. In the inference step, the coefficient is
estimated such that it minimizes the sum of the squares of the residuals between the observed and

estimated mixture,
~eaN =1 A
a = <YTY> YTy . (6.35)

This makes the likelihood invariant with respect to the overall scale of the estimated mixture (out-
put of model). It relaxes the optimization because the model does not need to output the correct
scale and thus focuses on matching the time varying patterns of the audio. It makes appropriate
the use of a sigmoid activation that makes the output of the decoder (each source estimate) in the
range O to 1.

Figure 6.4 shows the Bayesian network of the DVAE’s generative model.

6.3.3 Inference model

The goal is to infer the marginal posterior distribution over each source’s latent variables, p( X |Y),
Vk. This posterior distribution cannot be computed analytically or in a practicable way. Mean-field

variational inference approximates the posterior distribution as a product of marginal posterior dis-
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Figure 6.4: Bayesian network for the DVAE’s generative model.

tributions,

p(XiY) ~ Hq xl;Y) . (6.36)

For the kth latent source variable, the marginal posterior at time ¢ is approximated by the following

normal distribution,
¢(x;Y) = N (2] fy, (67), 1) - (6.37)

Now, we define the dynamical VAE’s inference model. The inference model transforms the
input data into the approximate posterior mean and variance. It involves neural networks with
trainable parameters. Let ¢ denote all the trainable parameters of the inference model. Then, any
neural network that is part of the inference model has parameters that are a subset of ¢.

Input data is transformed into a lower-dimensional space by a feature encoding DNN f, real-
ized by 2D CNN:gs,

v = f(y'). (6.38)

Then, these features are separated into individual source features by a 1D CNN, denoted by ¢,

|of . w] =), (6.39)

Feature separation is followed by forward and backward recursions to compute the approximate
marginal posterior, which integrates past and future data. This is realized with a bidirectional

LSTM (BLSTM) network, which is discussed in Section 2.6 on page 47. Let eg and e denote
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Figure 6.5: Bayesian network representation of the DVAE inference model, specifying approximate poste-
rior ¢(z}; Y, ¢).

the forward and backward networks of the BLSTM, respectively. Then, the outputs from each

direction are

i =rcg (0.9 "), (6.40)
Gi=cg (v G4 ), (6.41)
and the final output is found by averaging their values,
1 — <«
i =5 (g1 +9%) - (6:42)

Lastly, the output g}, is transformed into the approximate posterior mean and variance of latent

state !, by neural network u,

AL @) = (gh) - (6.43)

Considering the approximate posterior mean and variance in Equation (6.37) on page 152 de-
pend on the input data and inference model parameters ¢, the approximate posterior is expressed
as q(xl; Y, ).

Figure 6.5 shows a Bayesian network representation of the DVAE’s inference model.
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Figure 6.6: DVAE network architecture.

6.3.4 Temporal support of each observation

Let y' denote the set of 2L + 1 time frames of the input signal’s spectrogram Y centered on frame
T=1tH,

y={Y(r—-L),...,Y(r+1L)}, (6.44)

where H is the downsampling factor between the output and latent space, the overall hop length of

the network’s decoder and encoder, and 2 + 1 is the temporal support of each observation.

6.3.5 Network architecture

Figure 6.6 shows the architecture of the DVAE in its different components. The feature encoder has
five layers of 2D convolutions with kernel size (3, 3) and stride (2,2). Each layer is followed by
batch normalization and leaky ReLU activation. The last layer of the encoder is a 1D convolution
with kernel size (1) and stride (1). This layer’s role is to output the appropriate number of channels
per source for the inference RNN. The feature decoder is a transposed version of the encoder. After
the last transposed convolution layer, there is a sigmoid activation so that the output is Sy € [0, 1].
For model training, the outputs S) are summed to create an estimate of the mixture.

With five transposed convolutional layers, each one with a stride of 2, the total temporal up-
sampling from the latent state sequence to the observable space is 63. For the encoder, five convo-
lutional layers, each layer with a stride of 2, results in a downsampling by a factor of 63. Likewise,

each latent state encodes information for 63 STFT frames. From there, latent state information is
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Figure 6.7: Temporal receptive field and downsampling of a feature encoder with four strided convolutional
layers, where ¢ is the time frame of the STFT, and 7 is the time frame of the encoding.
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Figure 6.8: Temporal receptive field of a feature encoder with four dilated convolutional layers, where ¢ is
the time frame of the STFT.

integrated over arbitrarily long time spans by the RNN.

Figure 6.7 illustrates how feature encoding layers downsample the time-frequency dimensions
by strided convolutions. For clarity, the figure shows a feature encoder that has four, rather than
five, layers. Alternatively, Figure 6.8 illustrates an architecture for the encoder and decoder that
has the same receptive field as the strided version, but where there is no temporal downsampling.

This is realized by dilated convolutions.

6.3.6 Mask-based estimates

A mask-based estimate of the kth source’s magnitude spectrum .§k is created using the input data

and the model’s individual outputs for each source Sy, Vk € {1,..., K},
Sk(t, f) = MY(M. (6.45)
Zi:l Sz(tv f)

6.3.7 Feature compression

In the context of soft-mask separation, fractional power spectrograms have shown good perfor-
mance in practice (Liutkus and Badeau, 2015), because they better fit the additivity assumption

stated in Section 6.2.1 on page 141. Fractional power spectra have also proven successful for im-
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Figure 6.9: Compression function for the magnitude spectrum.

proving the performance of DNN-based speech separation, as actuated by a compressed MSE loss
function and compressed input spectra (Neri and Braun, 2023).

The model’s input data Y is the compressed modulus of the input signal’s STFT, denoted
STET(¢, f) € C,

Y(t, f) = |[STFT(¢, f)|°, (6.46)

where ¢ € (0, 1] is the compression factor. The STFT analysis window is normalized such that an
input signal with values in the interval (—1, 1) has a magnitude STFT with values in the interval

(0, 1). This compression function is plotted over a range of values in Figure 6.9.

6.4 Experimental procedures

6.4.1 Datasets

The training and validation datasets were created using single-channel audio files of individual
sounds from the Real World Computing (RWC) Musical Instrument Sound Database. Database
details are provided in Appendix F.1 on page 205. For the training and validation data, mixture
signals of 10 s duration were randomly generated at run-time by concatenating single-note acoustic

instrument samples into 10 s sequences and then adding them together.

6.4.2 Evaluation metrics

Signal-based evaluation metrics for BSS (Vincent et al., 2006) include the SDR, SAR, SIR, and the

SI-SDR (Roux et al., 2019). Perception-based evaluation metrics like mean opinion score (MOS)
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are not considered.

6.4.3 Baselines

The ideal ratio mask (IRM) is computed using the input mixture’s spectrogram and the ground

truth source spectrograms,

Sm(t, f)

IRM,,(t, f) = Y St )

Yt f). (6.47)

The ideal binary mask (IBM) is expressed as

1 i TRM, '
BM,, f) — if IRM,,(¢, f) > IRM;(t, f),Vi # m, 645

0 otherwise.

Lastly, the input mixture itself, “Mix”, serves as a baseline for BSS evaluation.

6.4.4 Algorithm parameters and model configurations

The STFT uses a 512-point FFT, 512-point Hann window, and 128-point hop length, correspond-
ing to 75% overlap.

The network has 257 input channels for the compressed magnitudes of STFT frequencies
[0, Fs/2]. The number of channels in the 2D convolutional layers are 32-64-128-128-128. There
are S D, channels in the 1D convolution layer that sits between the last 2D layer and the recurrent
network of the encoder, D, channels for each source. Each of these outputs are independently
processed by the inference RNN and decoder. The LSTM has one layer with 512 channels.

The models are trained using the AdamW (Loshchilov and Hutter, 2019) optimizer with a
learning rate of 1 x 1074, weight decay of 2 x 107>, and a batch size of 100 sequences. Each
sequence has 1025 STFT time frames, corresponding to a signal duration of around 10 seconds.
Training is completed once the variational lower-bound converges. This occurs after approximately
500 epochs.

6.5 Results

Details of the datasets used to train, validate, and test the models are provided in Appendix F.1.
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Figure 6.10: BSS evaluation versus compression factor c. These results are from a model with K = 4
sources. The trends are consistent for different values of K.

6.5.1 RWC

This section explores the different structural parameters of the DVAE and how they affect per-
formance. In the following, the DVAE is trained and evaluated using the RWC dataset’s train,
validate, and test sets, respectively.

First, a grid search for the best value of the compression factor c is presented. Figure 6.10
shows the BSS evaluation versus c using K = 4 sources. These results indicate that ¢ = .5 is the
best choice in terms of SI-SDR and SAR. For SIR all compression factors are fairly consistent,
but with the lower compression values giving better separation. This quality has been observed
in work on speech separation (Aroudi and Braun, 2021), where more compression gives better
separation at the expense of more artifacts. Comparing these results across different assumed
sources demonstrates that the trend in performance versus compression factor is consistent, which
is important to test because hyperparameters like variance, compression, and source number, may
have strong correlations. Overall, a compression factor c of .5 has the best trade-off between signal
reconstruction quality and separation.

Next, models are trained using different settings for the number of assumed sources, from two
to six. From this, we investigate whether the model uses all the sources to represent the data, or
only as few as required. All models are trained on mixtures that have, in reality, two sources. The
compression factor has a fixed value ¢ = .5. Figure 6.11 plots BSS evaluation measures versus the
number of model sources. Models with KX = 4 and K = 5 share the highest SI-SDR. It should be
noted that all the configurations learn to separate the mixture, though K = 2 has more interference

and does not separate as well as the others. As expected, /' = 6 has the best separation in terms
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Figure 6.11: BSS evaluation versus model sources K. These results reflect a compression factor ¢ = .5.

of SIR, but has slightly lower SI-SDR than K = 4 and K = 5.

To summarize, the performance of the model depends on the number of assumed sources versus
the number of true sources in the mixture. However, the difference in performance is slight once
enough model sources are assumed, for example, K > 4. The property of the model to find a
sparse solution, and to only use few sources to represent the data makes this possible. Without this
property, the model would over-separate and its performance would be negatively correlated with
its source count.

Last, a study is completed to investigate the influence of the likelihood variance, o2 in Equa-
tion (6.34). Looking at the ELBO in Equation (6.13), there is a trade-off between maximizing the
log-likelihood and minimizing the KLD. If the variance of the likelihood function is greater, then
there is less emphasis on the likelihood, so the reconstruction constraint is relaxed, allowing for a
better match between the prior and the posterior. On the contrary, if the likelihood’s variance is
smaller, then more emphasis is placed on reconstructing the target data to maximize its likelihood.
In exchange, the KLD-based constraint is relaxed, so it ends up being larger, indicating a worse
match between the prior and posterior. Some methods from the literature control this trade-off to
prevent posterior collapse in an ad-hoc way. Usually, the KLD is weighted directly by a scalar
coefficient (Higgins et al., 2016). However, this choice violates the mathematical derivation of
the ELBO and does not fit into the Bayesian theory that grounds the VAE. Rather, changing the
variance has the same effect while being mathematically consistent.

2 is reported for a range of o € [.005, 1], with the com-

A grid search over the variance o
pression factor set to ¢ = 0.5 and the number of sources assumed by the model set to KX = 4.

In Figure 6.12, the results from evaluating the trained models on the RWC test set are displayed
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Figure 6.12: BSS evaluation versus likelihood variance o2, with ¢ = .5 compression factor and K = 4
sources.

Method | Mix DVAE | IBM IRM

SI-SDR | -0.01 13.26 | 1593 16.33
SIR -0.01  36.07 | 40.11 33.83
SAR 7799 14.61 | 16.20 16.57

Table 6.2: Evaluation on the RWC test set, using a DVAE trained on the RWC training set.

in terms of BSS measures versus the variance. A clear trend is seen that indicates a variance of
between o2 € [.1,.25] is best in terms of SI-SDR and SAR. It is notable that for 2 < .05, the
performance degrades across all measures. In these cases, we notice that the posterior is too un-
structured to retain meaningful sources that are true to the data mixture. Instead, a source has
energy concentrated around only one particular frequency band, and thus resembles a band pass
filter. In another instance, with o2 = .01 the sources end up representing components in particular
STFT time frames at regular intervals (periodically). For example, one source creates the odd time
frames, another creates the even time frames. In summary, this test showed the importance of the
KLD in regulating the structure of the posterior distribution over the latent variables, so that BSS
of musical sources is realized during training.

Table 6.2 summarizes the performance of the best DVAE configuration found from the hyper-
parameter optimization, using KX = 5, ¢ = .5, 0 = .1, compared to mix, IBM, and IRM baselines.

Figure 6.13 shows the SI-SDR distribution per instrument of the RWC dataset. There is a
trend that loosely follows the properties of different instrument sounds. Sounds from high-pitched
instruments, like the flute or recorder, have the highest average SI-SDRs. Sounds from low-pitched

or percussive instruments, like the timpani or tuba, have the lowest average SI-SDRs.
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Figure 6.13: SI-SDR versus instrument from the RWC test set.

6.5.2 'Two-note

To identify the current limitations of DVAE model with respect to different kinds of musical source
mixtures, a five-source model trained on RWC is evaluated on mixtures from the two-note dataset.
As detailed in Appendix F.1, this dataset has overlapping notes from three sound production types,
with various shifts in time and pitch between the two notes. In Figure 6.14, the results from these
tests are shown, summarized with respect to different properties of the dataset, like sound types,
pitch differences, and time shifts. Overall, the model does very well at separating two notes, when
they are of the same or different sound production type. It appears that the separated sounds from
mixtures involving freely vibrating sounds are the highest in terms of the SI-SDR.

With respect to the semitone difference between the sounds, the SI-SDR is lower when there is
a unison, perfect fifth, or an octave, corresponding to a semitone difference of 0, 7, or 12, respec-
tively. This is a predictable result because for these three combinations the harmonics overlap the
most, and in the case of unison, overlap completely.

SI-SDR is invariant with respect to the time shift between two sustained sounds. Time-shift
invariance is a desirable property for source separators. Time-shift invariance is learned by the
model thanks to the diversity of the training data after applying random temporal augmentations
and the model architecture. For two freely vibrating sounds, the SI-SDR linearly increases with
respect to the time shift. This is expected since the energy overlap between two decaying sounds

decreases log-linearly with the time shift.
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Figure 6.14: Results from evaluation of the two-note dataset, using a DVAE trained on the RWC dataset.

6.5.3 NSynth

To evaluate DVAE on data that is outside the distribution of the training data, audio stems from the
NSynth test set are combined to make a new test set of mixtures. It is outside the distribution be-
cause DVAE was trained on the RWC dataset that contains different instrument sample recordings
and are all acoustic, whereas NSynth includes a variety of synthesized sounds, e.g. sounds from
a bass synthesizer. Therefore, evaluations from this dataset show how well DVAE generalizes to
different kinds of audio mixtures.

Table 6.3 summarizes the performance of the DVAE evaluated on NSynth, compared to mix,
IBM, and IRM baselines.

Figures 6.15a and 6.15b show SI-SDR versus different instruments and instrument combina-

tions. Figure 6.16 plots SI-SDR versus the time difference and the pitch difference in cents between
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Method | Mix DVAE | IBM IRM

SI-SDR | 0.01 9.58 | 17.00 17.15
SIR 0.01 35.16 | 41.69 35.95
SAR 79.09 11.64 | 17.11 17.28

Table 6.3: Results from evaluation of the NSynth test set, using a DVAE trained on the RWC dataset.
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Figure 6.15: SI-SDR versus instruments from the NSynth test set.

the two sounds in a mixture. It is possible to make this analysis because the NSynth test set includes
metadata detailing the synthesizer’s parameters.

6.5.4 Qualitative 