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Abstract

Computational Models for Auditory Scene Analysis
by
Shariq A. Mobin
Doctor of Philosophy in Neuroscience
University of California, Berkeley

Professor Bruno Olshausen, Chair

The high levels goals of this thesis are to: understand the neural representation of sound,
produce more robust statistical models of natural sound, and develop models for top-down
auditory attention. These are three critical concepts in the auditory system. The neural
representation of sound should provide a useful representation for building robust statistical
models and directing attention. Robust statistical models are necessary for humans to gen-
eralize their knowledge from one domain to the plethora of domains in the real world. And
attention is fundamental to the perception of sound, allowing one to prioritize information
in the raw audio signal.

First, I approach understanding the neural representation of sound using the efficient
coding principle and the physiological characteristics of the cochlea. A theoretical model
is developed using convolutional filters and leaky-integrate-and-fire (LIF) neurons to model
the cochlear transform and spiking code of the auditory nerve. The goal of this model is to
explain the distributed phase code of the auditory nerve response but it lays the foundation
for much more.

Second, I investigate an algorithm for audio source separation, called deep clustering. Ex-
periments are performed to evaluate it’s robustness, and a new neural network architecture
is developed to improve robustness. The experiments show that the conventional recur-
rent neural network performs sub-optimally, and our dilated convolutional neural network
improves robustness while using an order of magnitude fewer parameters. This more parsi-
monious model is a step towards models which are minimally parameterized and generalize
well across many domains.

Third, I develop a new algorithm to address the limitations of the previous deep clustering
method. This algorithm can extract multiple sources at once from a mixture using an
attentional context or bias. It relies on modulating the computation of the bottom-up
pathway using a top-down neural signal, which indicates which sources are of interest. A
simple idea from the attentional spotlight method is used to do this: to allow for the top-
down neural signal to modulate the gain on a set of low level neurons. This computational
method demonstrates one way top-down feedback could direct auditory attention in the



brain. Interestingly, this method goes beyond neuroscience, it demonstrates that attention
can be about more than efficient computation. The experiments show that it resolves one of
the main short comings of deep clustering. The model can extract sources from a mixture
without knowing the total number of sources in the mixture, unlike deep clustering.

The major contributions of this work are a theoretical model for the auditory nerve
response, a more robust neural network architecture for sound understanding, and a novel
and powerful model of top-down auditory attention. I hope that the first contribution will
be used to build a better understanding of the complex auditory nerve code. The second
to build ever more parsimonious and robust models of source separation. And the third to
provide a basis for an under-explored research direction which I believe is the most fruitful
for building human-level auditory scene analysis, attention-based source separation.
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Chapter 1

Introduction

1.1 Motivation

A number of questions have puzzled me during my study of auditory neuroscience. 1) Why
does the cochlea choose to represent sound in a time-frequency representation? 2) How do
we build human-level robust statistical models of sound? 3) What role does feeback play
in attention? While tackling all these problems may seem daunting at first, the belief that
the brain computes the most parsimonious model of sound to accomplish a behaviour goal
can be quite powerful. But what should that behavioural goal be? One difficulty that all
animals face is that the sound waveform that enters our ears is often a mixture of many
individual sources. Yet our conscious experience of sound is made up of the individual
sources themselves, demixed, which is critical to our survival. In much of my research I will
make progress on these three questions by using a combination of learning algorithms, large
models that make efficient use of their parameters, lots of data, and this behavioural goal.
In this chapter, I provide background on the physiology of the auditory pathway, discuss
different representations of sound, and finally review the idea of auditory scene analysis and
how neural networks can be applied to it.

1.2 Auditory Physiology

In this section background knowledge on the physiology of the cochlea as well as some details
of the entire auditory pathway are provided. The information in this section informs the
theoretical model in Chapter 2 but is not required for understanding it, nor the remaining
the chapters.
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Subcortical Physiology
The Mechanical Representation of Sound

Sound vibrations enter the ear canal and cause vibrations of the ear drum. These vibrations
are then amplified by three bones, the Malleus, Incus, and Stapes in order to amplify the
input signal in preparation for the fluid-filled chamber of the cochlea. The cochlea acts a
mechanical frequency analyzer through the mechanical properties of the basilar membrane
and fluids that fill it. The basilar membrane is narrow and stiff at the basal end of the
cochlea but progressively more wide and floppy towards the apical end. This mechanical
property leads high frequencies to vibrate more basal parts of the basilar membrane while low
frequencies vibrate more apical ends. Thus, if the input waveform contains a single frequency
then the place of maximal vibration in the basilar membrane gives a good indication of what
frequency is contained within the signal. Because of the frequency analysis property of the
cochlea it is often described as a biological Fourier analyzer. However, if the cochlea is
thought of as a set of mechanical filters, they differ in some fundamental ways as compared
to the Fourier filters. These differences include the logarithmic frequency spacing of the
cochlear filters as well as their tuning bandwidth being approximately one-sixth of the center
frequency of the filter. To address these differences and more, a gamma-tone filter bank is
typically used. It is important to note that modeling the cochlea using this filter follows
from a linear assumption about the cochlea which is not true. This will become clear a little
later. However, in practice, this assumption is a reasonable first approximation.

Transduction: From Vibrations to Voltage

The next stage of auditory processing is the conversion of vibrations in the basilar membrane
into a voltage change of the spiral ganglion. This conversion takes place in the Organ of
Corti, a structure attached to the basilar membrane. Inside the Organ of Corti lie sensory
hair cells which are the specific components that transduce the mechanical vibrations. They
accomplish this task through small hairs called stereocilia which sit on top of them. These
hairs form mechano-gated potassium channels with the sensory hair cells. That is, in response
to vibrations, these stereocilias sway back and forth, causing a potassium channel to open
which depolarizes the hair cells. The hair cells voltage will then mimic the basilar membranes
vibration as an alternating current (AC), at least up to 1kHz (Fig. 1.1) [52].

Up until now all hair cells have been treated as equivalent. However, an important
distinction is made between inner hair cells (IHCs) and outer hair cells (OHCs). Inner hair
cells are purely sensory neurons which simply act to transduce the vibrations of the basilar
membrane. Outer hair cells also transduce these vibrations but have an additional astounding
property - they oscillate the lengths of their cell bodies according to their membrane voltage,
thus providing a feedback amplification process. This amplification process is critical to our
ability to discriminate between small changes in frequency as well as our ability to hear
sounds at the enormous range of over 120dB [66]. Mathematically, this amplification is often
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Figure 1.1: Five individual voltage recordings of sensory hair cells, each in response to a
pure sinusoidal frequencies indicated on the right. If you count the peaks, you will notice
that the voltage oscillates at the frequency of the stimulus. Image adapted from [52].

described as a compressive nonlinearity (Fig. 1.2) [69] which acts to amplify small sounds a
great deal, but back off for louder sounds. This nonlinearity will be revisited later.
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Figure 1.2: Normalized firing rate along the auditory nerve in response to auditory stimulus
presented at different volumes (dB SPL). The colors indicate what volume the cochlea was
allowed to adapt to before performing the volume sweep. When the cochlea adapts to loud

volumes the curve shifts right but the shape of the curve remains similar. Adapted from
[69].
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Spikes: From Voltage Fluctuations to Action Potentials

The hair cells of the spiral ganglion form glutamatergic, excitatory synaptic connections with
long axons that travel through the auditory nerve (also known as the vestibulocochlear nerve)
to the cochlear nucleus in the brain stem. The rate of glutamate release is monotonically
related to the membrane voltage. Thus, the more the stereocilia vibrate, the greater the
current influx, the more depolarized the hair cell membrane voltage is, the greater the
glutamate release, and, finally, the more spikes we expect from the auditory nerve fiber.
The frequency tuning of auditory nerve fibers is shown in Figure 1.3 [16]. Each curve
represents a single auditory nerve fiber, where the height corresponds to the volume of the
sound stimulus required to record a threshold number of spikes. The stimulus is a pure
sinusoid at the frequency indicated by the x axis value. The lowest point of the curve is
known as the characteristic frequency (CF) of the auditory nerve fiber.

TTTTI I T TTTTT T T TTTTTIT 1T 1Tl1
120 - -

Sound level (dB SPL)
SRS S
T T T T

5]
T

L1t [ R Lo it L1 111
03] 10 1

Frequency(kHz)

Figure 1.3: Frequency tuning curves of several auditory nerve fibers. Each point on a curve
corresponds to the minimum sound level required to record a threshold number of spikes
from the fiber. Adapted from [16]

Phase Coding

Because the glutamate release is correlated with the oscillations of inner hair cell membrane
potential so too is the auditory nerve response. This phenomenon is known as phase locking.
Figure 1.4 [56] indicates the degree to which an auditory nerve fiber is phase locked to the
stimulus is negatively correlated with frequency of the stimulus.

Intensity Coding

While one might think that the intensity of the stimulus is simply conveyed by the firing rate
of the auditory nerve fiber, the truth is more complicated. Each inner hair cell has between
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Figure 1.4: The distribution of spike timings across all phases for different frequencies. Notice
that as the frequency increases the distribution becomes more uniform, indicating a lack of
phase locking. Adapted from [57] with data from [56].

10-20 afferent nerve fibers attached to it. These fibers have a varying degree of spontaneous
firing rate which is negatively correlated with the intensity required for it to fire above its
spontaneous rate [42]. Thus, some fibers may not start spiking more until the sound has
reached 30dB SPL and not saturate until 80dB SPL.

Dynamic Coding

An additional astonishing fact about the outer hair cells is that there are efferent fibers
that synapse onto them, originating from the medial olivocochlear nucleus. This is the
only sensory system in which feedback from the brain directly alters the sensory neurons
response, e.g. unlike the retina. This mechanism is largely believed to be used to shift the
compressive nonlinearity function of outer hair cells to match the intensity statistics of the
current stimulus. Experimental results for this are shown in Figure 1.2.

Summary

In Chapter 2 these observations will be used to explore computational models of the early
auditory system.

High-Level Auditory Pathway

One of the unique characteristics of the auditory pathway is the high prevalence of top-down
feedback connections, including efferent connections from cortical layers to sub-thalamic lay-
ers and even efferent fibers entering the cochlea itself as shown in Figure 1.5. One hypothesis
for what these connections are for is to modulate attention which will be explored from a
computational perspective in Chapter 4.
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AUDITORY CORTEX

Corticofugal
projections

Olivocochlear
bundle

Figure 1.5: A high-level overview of efferent fibers (red) and afferent fibers (black) in the
auditory pathway. Image from [62].

1.3 Time-Frequency Representations

A common preprocessing step for sound waveforms is to perform frequency analysis on
consecutive segments of the waveform, similar to the process performed by the cochlea.
There are in fact an infinite number of ways to do this but the common ones from the signal
processing community are the wavelet transform and the Gabor transform. See Figure 1.6
for a visualization of possible transforms. While the cochlear transform is most similar to the
wavelet transform, this transform presents difficulties for our neural network models because
the time resolution changes per filter. This makes developing models which convolve over
the frequency axis difficult, as discussed in Chapter 3. Instead we focus on a transform very
similar to the Gabor transform, the Short-Time Fourier Transform (STFT).

Short-Time Fourier Transform (STFT)

The idea of the Short-Time Fourier Transform is to perform frequency analysis on consecutive
segments of a long signal, in order to understand how frequencies evolve along a long time
horizon as illustrated in Figure 1.7. The Short-Time Fourier Transform is specified by two
scalar parameters, the hop size, H, and the window length, L, as well as a window function
w € RE
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Figure 1.6: The time-frequency plane of different transforms. On the left the time domain
is shown, where sound waveforms are recorded, the filters are localized in time and global
in frequency. On the far right the opposite is shown, by performing the Fourier Transform,
filters are localized in frequency and global in time. In the middle, other possible transforms
are shown, including the wavelet and Gabor transform which are common in the signal
processing community. Notice that each transform has the same number of filters, and
the area of each filter is constant, regardless of transform. This reflects the time-frequency
tradeoff. Figure image from [51].

s(r,t) = wr]*xx[txH+71|, 7€]0,L) (1.1)

~
—_

S(f,t) = s(T, t)e_%j% // Discrete-Time Fourier Transform (1.2)

T=

[en]

where j is imaginary, and S € C7T is the result of the STFT. The Short-Time Fourier
Transform is equivalent to the Gabor transform if a gaussian window function is used.

In Figure 1.8 the spectrogram, which is the magnitude of the short-time fourier transform,
of a woman saying ”history of france” is shown to give more intuition for this transform.

1.4 Models for Auditory Scene Analysis

As mentioned earlier, one of the most impressive abilities of the human auditory system is
the ability to separate sound mixtures into the separate sound events that make them. While
one might compare to this to the ability to group adjacent retinal activations into a single
object, the cochlear activations are far from adjacent as seen in Figure 1.8. This is because
each sound source contains many frequencies across the frequency spectrum. So how does
the brain sort out which frequencies belong to which source?

Experimental work into how complex sound mixtures are grouped into the individual
sources was pioneered largely by Albert Bregman. In his book, Auditory Scene Analysis
[8], Bregman describes how the statistical structure of natural sound can be used to group
different frequencies into different sources. This statistical structure comes in the form of
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Figure 1.7: Diagram of the Short-Time Fourier Transform process as well as it’s inverse. In
this diagram H = % The analysis consists of segmenting the waveform, multiplying by a
window, and taking the fourier transform. The synthesis consists of the inverse operations.
Figure image from [59].

common onset, co-modulation, and correlation among frequencies which correspond to a har-
monic stack. While this methods can be used to explain how frequencies are grouped in the
case of a few simple pure tones, how frequencies are grouped in complex, natural, environ-
ments is not well understood. This is because natural sounds in the world are not made up
of a few simple pure tones, they experience many transformations, for example vocalizations
are transformed by the mouth, and all sounds undergo idiosyncratic reverberations due to
their acoustical environment.

In this thesis, learning is used to obtain a model which can capture the necessary statis-
tical structure of natural sound. The learning algorithms here rely on neural networks and
large amounts of data. Recently neural networks have been shown to be one of the most
powerful machine learning frameworks for understanding the structure of high dimensional
natural stimuli such as sounds and images [37]. They have been used for obtaining state of
the art results in speech recognition [41], source separation [23], and much more. They are
therefore excellent models for building computational models of auditory scene analysis.
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Figure 1.8: (Bottom) The waveform of a woman saying ”History of France”, 1 second in
length at sample rate of 8000hZ. (Top) Spectrogram of the waveform computed using the
absolute value of the short-time fourier transform of the waveform.

Neural Networks

A basic background of neural networks is provided here. The equations for a simple two
layer neural network are:

y = o(Wa,) (1.3)
Zi = a(Vyi) (1'4>
o(u) = . —|—1€_“ (1.5)

where x; € R” is the input, y; € R™ is the hidden activation, and z; € R is the
output. W € REM and V' € RMY are the parameters of our network. See Figure 1.9 for
an illustration of this process. The parameters of this network must be learned given some
objective, or loss function:

L= Z —o(Vo(Wz)))? (1.6)

where 7 indexes over example data, I is the total number of examples, and 7T; is the
desired output of example i. Backpropagation, which is an application of the chain rule, is
used to train our networks:
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Figure 1.9: Diagram for a 2 layer neural network.

o = [W,V]
oL

where 1 is a learning rate. This simple formula of neural network, loss function, and
backpropagation can create very powerful models for studying the auditory system as we

will see in the rest of this thesis.

1.5 Overview of Thesis

In Chapter 2 subcortical physiology is used to build a theoretical model that could explain
the auditory nerve response. In Chapter 3 an audio source separation model is developed
using the Short-Time Fourier Transform in combination with a neural network. In Chapter
4 an algorithm is developed for specifying target speaker extraction using an attentional

10

context, which is a model of feedback sent from higher layers of the auditory pathway down

to lower layers.
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Chapter 2

Neural Representations of Sound

2.1 Abstract

The theoretical principles of efficient coding have been used to explain the center-surround
and gabor receptive fields of retinal ganglion cells and neurons of the primary visual cortex.
In this chapter similar ideas are used to explain not only the receptive field properties of
the auditory nerve fibers, but their neural response themselves. The neural response has
a number of interesting properties which have never been explained: highly distributed,
a precise timing code, and an intensity code using multiple fibers. The seminal work of
[61] provides the best correspondence between efficient coding and the gammatone receptive
fields of the auditory system but does not explain the neural response. In this research I
will outline a model to rectify these shortcomings. Our results indicate that with better
optimization this method may bring insight into neural representation of sound.

2.2 Introduction

One of the goals of theoretical neuroscience is to provide concise theories for how neurons
process information. By having a concise theory we can show that a large body of experi-
mental results follows from a few intuitive ideas. Ideally, these theories are falsifiable, they
can be implemented and their results can be compared with experimental data. This al-
lows us to iteratively improve our theories in order to understand the nature of the brains
computation. In my project I would like to build such a theory - I will build a theory of
why encoding sound in the temporally precise firing patterns of the auditory nerve fiber is
optimal from an efficient coding perspective.

I first explain the efficient coding principle and how it has been used to provide a concise
theory of early visual processing. I then cover how these theories have been used to explain
the early auditory system and reflect on their shortcomings. Next I provide an overview
of the physiological results on the early auditory system to make these shortcomings more
clear. T then outline two possible theoretical models of early auditory processing that will
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start to resolve these differences. Finally, I propose a method to optimize these models using
recent advances in Binary Neural Networks [10].

2.3 Coding

Efficient Coding

Animals have evolved their eyes in order to process images in a way that balances biological
constraints with the optical performance that is required for their particular environment.
This claim is supported by the rich and diverse set of eyes that have evolved across the animal
kingdom which can be explained as an adaptation to specific environmental conditions [33].
Therefore, a theoretical explanation of an animals eyes can be provided through the principles
of optics, biological constraints, and the environmental conditions. This idea applies to visual
processing equally, a theoretical model of visual processing can be obtained using the natural
visual environment, an animals biological constraints, and the principles of visual processing.
This is then the principle of efficient coding - to represent sensory information accurately
with the fewest physical and metabolic resources.

Redundancy Reduction / Data Compression

At its core efficient coding represents a trade-off, a need to preserve more information about
the stimulus versus the metabolic cost of representing more information. In order to op-
timally satisfy this constraint, it is necessary to exploit the statistical structure contained
in natural stimuli. Attneave [3] was the first to introduce this idea, that visual perception
was related to the statistics of natural images. But it was Barlow [6] who eventually for-
malized these ideas into the principle of redundancy reduction which states that neurons
should minimize their statistical dependences with one another. By minimizing this statis-
tical dependence while encoding as much information as possible they formed an efficient
code.

The theory of redundancy reduction was used by Atick and Redlich [2] to explain the
center-surround properties of retinal ganglion cells (RGCs). Given the redundancy reduc-
tion hypothesis, they claimed that RGCs should have receptive fields which act to pairwise
decorrelate their responses:

< RZ',RJ' > = (5(@ —j) Vi, j (21)

Where R; describes the response of RGC ¢ and the average is, importantly, over samples
of natural images. In the Fourier domain this means that the amplitude of their responses
should be flat, or uniform, over frequency. Since it had been shown by Field [18] that natural
scenes posses a 1/f? power spectrum then the amplitude of the optimal receptive field in
the Fourier domain should simply rise linearly with spatial frequency. Taking the inverse
Fourier transform of this function results a center-surround receptive field. This result was
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monumental - it was a powerful example of how the retina exploited the statistics of natural
images in order to efficiently encode it.

Robust Coding

While redundancy reduction is an important principle in sensory coding, it is insufficient to
completely explain how early sensory neurons encode information [5]. Neurons have a finite
capacity which has been estimated to be around 1-2 bits per spike [7]. In order transmit
information reliably with neurons that have a fixed capacity it is necessary to have some
amount of redundancy, this is has been referred to by Doi et al. [13] as robust coding. Doi
and Lewicki [12] created an auto-encoder model where the hidden units were put through a
gaussian channel to approximate the limited capacity of neurons. By using an overcomplete
representation they were able to overcome the channel noise to arbitrary precision given
more units. By imposing an additional structural constraint on the filters, the optimal
filters strongly matched the center-surround receptive field structure of regional cells. Thus,
they were able to motivate the center-surround filters from a much more general framework.
Later, Karklin and Simoncelli [28] used these ideas with a metabolic constraint on the neuron
responses to show the optimality of center-surround receptive fields from a yet more general
framework.

Sparse Coding

While redundancy reduction and robust coding are important principles for understanding
how the brain encodes information efficiently, the brain must do more than this - it must
construct a meaningful representations of sensory information. Horace Barlowe was famous
for proposing one theory to build these representations, termed the "neuron doctrine of
perception”, which proposed that neurons exploit the statistics of natural stimuli in order to
build sparse representations of it. More precisely, the sensory stimuli at any given moment
should be described by a small fraction of neurons, forming a sparse representation. These
ideas were formalized mathematically by Olshausen and Field [50] who formed a parameteric,
linear, generative model for images with a sparse prior. When optimized the basis functions
closely matched the oriented receptive fields of V1 neurons, i.e. gabor functions. This was
another powerful result in the field of theoretical neuroscience, the theory of sparse coding
in the cortex had been used to explain the oriented receptive fields of V1 neurons.

Auditory Models

Given the success of sparse coding in the visual domain it was natural to wonder if it could
explain the receptive field properties of the auditory nerve fibers. Lewicki [39] used a related
model, Independent Component Analysis (ICA), on segments of sound and found that the
learned filters closely resembled the gammatone filters often used to describe the receptive
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field of the auditory nerve fibers. The next breakthrough came from Smith and Lewicki [61]
where a convolutional sparse coding model was used to form a generative model of sound:

i(t) = Zbi(t) * S;(t)
1 A 2
E = Slla(t) — 2@l

where b;(t) represents a scalar coefficient at time t, * indicates convolution, and S; is a
temporal kernel.
The optimization of this model consisted of iterating on the following two steps:

e Matching Pursuit - Find a sparse number of coefficients that best reconstruct the signal
e A gradient update of the kernel using these coefficients: S; = S; + 77%

The Matching Pursuit [46] algorithm itself consists of the following steps:

e Convolve the input signal with each basis function to get potential coefficent responses
for the signal.

e Take the maximal response over coefficients and time. If this is less than a pre-defined
threshold then stop. If it is above, then remove this component from the input signal
and iterate

In this way a sparse number of coefficients is found to represent the entire signal x.
In the optimization of this network the kernels converge to the revcor (reverse correlation)
filters of the auditory nerve, i.e gammatone filters (Figure 2.1). While the training of this
model resulted in kernels which closely match the revcor filters of the auditory system, the
coefficients strongly differ from the audtiory nerve response in a number of ways.

The first difference is how the coefficients are computed, i.e. through matching pursuit.
As reviewed in the introduction, the auditory nerve response is largely a passive response to
the input, there is no competition or lateral inhibition between the neurons in the cochlea.
In contrast, the matching pursuit algorithm is implicitly a competition between units trying
to describe the signal with only one winner in each iteration. This represents an active,
inference procedure which is not present in the anatomy. A much more reasonable way to
describe the auditory nerve response is as a simple function of the input:

bi(t) = () x Ai(1) (2.2)

This decision has important consequences in the output representation of the network.
As can be seen in Figure 2.2 the coefficient representation of the convolutional sparse coding
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Figure 2.1: The kernel functions resemble gammatone filters (red). Matching teverse Cor-
relation (revcor) filters found from the auditory nerve response of Chmchillas [55] are shown
in blue. From Smith and Lewicki [61].

model is quite sparse. However, as shown below, experimental recordings of the auditory
nerve response are much less sparse, there is a distributed response to input stimuli.

Reflecting on equation (2.2), this is the result of two important properties. The first
is that auditory nerve fibers have overlapping receptive fields and the second is that there
is no competition or lateral inhibition which would sparsify the solution as in Matching
Pursuit. These two properties explain the difference between the theoretical results and the
physiological results.

Because of this distributed response sparse coding is an insufficient theory for explaining
the auditory nerve response. So what is a sufficient theory? Reflecting on how theory has
explained the processing of the retina, the robust coding framework was the most effective.
In the robust coding framework the auditory nerve is a group of fixed capacity fibers which
are trying to maximize the mutual information between their representation and the input
waveform subject to some metabolic constraints. This idea forms the foundation of our
theoretical model. To use a set of fixed capacity neurons which attempt to represent the input
stimulus as efficiently as possible. The central goal of our model is obtain a distributed spike
representation of the input signal which has a strong correspondence to the experimental
data.

There are some additional shortcomings of the Smith and Lewicki [61] paper:

e The auditory nerve response consists of binary valued spikes while [61] uses analog
spikes
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Figure 2.2: A spectrogram-like representation of the input stimulus using the optimal kernels
and coefficients. The kernels are ordered vertically by their center frequency. Colors simply
denote different kernels in this diagram. From [61].

e The auditory nerve response is known to have an important phase structure, where
the timing of the spikes is strongly correlated with the peak of a periodic input. The
model in [61] does not replicate this phase structure.

These differences are important because they elucidate why limiting the capacity of neu-
rons is required for understanding the representation used. The auditory nerve response is
capacity limited because it can only communicate with binary spikes, further, it is limited
in the temporal domain by a refractory period after spiking. We believe that these capac-
ity limitations combined with the efficient coding principle will lead the distributed, phase,
and intensity structure to be an emergent property of the system. Using wavelet filters we
have constructed an artificial distributed response in Figure 2.3, which represents the desired
output of our model.

2.4 Models

Before outlining our robust coding models we review some preliminary work replicating the
results of [39] using an auto-encoder framework with a sparse prior in the hidden layer:

h = Ax
z = Sh
1 .
E = Slle— P+ Aleh
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Figure 2.3: Bottom - A spectrogram-like representation of speech from the GRID Speech
Corpus using wavelets (similar to gammatone filters) with overlapping receptive fields. Top
- An artificial spike based representation using these filters. Note that the sound stimulus is
represented in a highly distributed way, there are 5 artificial fibers firing in response to the
fundamental frequency contained in the stimulus.

This model closely resembles the work of [34] but we not impose the constraint S = AT
Our results in Figure 2.4 reveal filters which closely resemble the band-pass gamma tone
filters found in [39].

This result underscores the ability of the auto encoder framework to recover structure
found in the auditory system. We now turn to our two robust coding models for explaining
the auditory nerve response. Our code is available at https://github.com/SharigM /rica_sound.
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Figure 2.4: Subset of basis functions learned in Model 1. All basis functions can be viewed
here: http://i.imgur.com/uUyBgV7.png

Model 1 - Convolutional AutoEncoder

The first model is a convolutional auto encoder where the hidden layer is subjected to noise
in order to limit the capacity of neurons as in [13]:

bi(t) = x(t)« Ai(t) + n(t)
i(t) = Zbi(t)*S,-(t)

B o= STl - #0) + Ao,
n;(t) ud N(0,02)

We additionally impose a metabolic cost on b, instead of the structural constraint on A,
as in [12]. A similar constraint was used in [28]. The goal of this model is to show gamma
tone filters can emerge from a simple capacity constraint rather than a sparsity constraint.

Model 2 - Convolutional LIF AutoEncoder

While the previous model would show how the gammatone filters can arise from a fixed
capacity constraint the noise model is not realistic. The reason the auditory nerve response
is limited in capacity is because it communicates using binary spikes at intervals of at least
~ 1ms due to the refractory period. Thus, the real question we want to answer is - What
is the best way to encode the time-varying signal of sound into a spike-based code using
only 30,000 nerve fibers, as in the human auditory system. To answer this question we
limit the capacity of the hidden layer by using a leaky-integrate-and-fire (LIF) [15] model
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which outputs binary spikes. By additionally imposing a refractory period we could limit
the temporal precision. A diagram of our model is shown in Figure 2.5.

Encoder
Sound IHC Response

z ——9%(t)| —> b(t) — | LIF

T +— | ¢(t) | «— at) «—
Reconstruction AN Response
Decoder

Figure 2.5: Diagram of the model. Inner Hair Cell (IHC). Auditory Nerve (AN).

Encoder:
bi(t) = x(t)  A;i(t)
LIF:
vi(t) = bi(t)+e VTt —1)
0, v;(t) <0
vi(t) = vi(t), 0<u(t)<¥
0, v;(t) >0
w0 = {1 s
Decoder:
i(t) = Zai(t) * S;(t)
Objective:

E = 52 llet) = 2@l + 23 ai()

where 6 denotes the threshold, v denotes the membrane potential, and a denotes the spiking
auditory nerve response. After optimization we would like to see that the analysis filters
converge to the gamma tone filters. But more importantly, we would like the response,
a, to strongly resemble the auditory nerve response. This would prove that the distributed
representation is an emergent property of auditory nerve response that follows from an energy
efficient robust coding principle. Further, we would hope that the phase and intensity coding
properties are also emergent properties.
We next propose a method for training this model.
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2.5 Training

Training a spike-based neural network has been challenging in the field [38, 49]. The main dif-
ficulty arises from the gradients of the spike activation and voltage reset functions being zero
or even non-differentiable at certain locations. However, recently, there has been promising
work in the area of binary neural networks [10]. These methods replace the true gradients
with a smooth, non-zero gradient approximation in order to combat the aforementioned is-
sues. Here, we apply those ideas to the LIF model to make our network trainable. For the
spike generation function we use a sigmoid activation centered at the threshold instead of
the true function:

1

) = ow)-0) = 5y

da;(t) %t

oui(t) ~ Oui(t)

—~

where < denotes how the function behaves in the backwards pass in backpropagation.
This is displayed visually in Figure 2.6.

For the voltage reset function we make a similar approximation using an unnormalized
gaussian:

T = 6 eacp(—%)
on(t) vt

This is displayed visually in Figure 2.7.

2.6 Results

Unfortunately even with our smooth gradient optimization tricks, optimization turned out
to be extremely brittle. We show the results of one relatively successful experiment in Figure
2.8. The code for our study is available at https://github.com/SharigM /sound AE.

2.7 Conclusion

Can the auditory nerve response be explained from the principle of efficient coding? Inspired
by [13], we have claimed that the properties of the auditory nerve response is a simple
consequence of encoding the input waveform with maximum fidelity subject to capacity and
metabolic constraints. This capacity constraint is enforced by using LIF neurons with a
refractory period which restricts the representation to be a binary, spike-based code. Finally
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Figure 2.6: A smoothed version of the spike activation function that allows for easier gradient
based optimization
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Figure 2.7: A smoothed version of the voltage reset function that allows for easier gradient
based optimization

the metabolic constraint is enforced through penalizing the number of spikes used to represent

the waveform.

Our model consists of a convolutional auto encoder model where the hidden layer is put
through a LIF model. While training this model using gradient based techniques has been
challenging recent advances in binary neural networks bring hope to the feasibility of training
this model. Unfortunately our experiments were largely unsuccessful so far. Perhaps with

additional modifications to the optimization method this model could prove fruitful.
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Figure 2.8: Computational experimental results with our model.
This model has four neurons which correspond to the colors in the right column. The
reconstruction of the target input is shown in the left column.

Time is on the x-axis.
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Chapter 3

Robust Audio Source Separation

3.1 Abstract

In this chapter a cochlea-like representation, the spectrogram, is used to study audio source
separation, which is a major component of auditory scene analysis. This is joint work with
my colleague Brian Cheung. Recent work has shown that recurrent neural networks can
be trained to separate individual speakers in a sound mixture with high fidelity. Here we
explore convolutional neural network models as an alternative and show that they achieve
competitive results with an order of magnitude fewer parameters on standard benchmarks.
We extend these benchmarks and compare the robustness of these different approaches
to generalize under three new test conditions: longer time sequences, intermittent noise,
and datasets outside the training domain. For the last condition, a new dataset is cre-
ated, RealTalkLibri, to test source separation in real-world environments. This is used to
demonstrate that the acoustics of the environment have significant impact on the over-
all performance of neural network models, though our convolutional model shows supe-
rior ability to generalize to new environments. The code for our study is available at
https://github.com/SharigM /source_separation.

3.2 Introduction

The sound waveform that arrives at our ears rarely comes from a single isolated source, but
rather contains a complex mixture of multiple sound sources transformed in different ways
by the acoustics of the environment. One of the central challenges of auditory scene analysis
is to separate the components of this mixture so that individual sources may be recognized.
Doing so generally requires some form of prior knowledge about the statistical structure
of sound sources, such as common onset, co-modulation and correlation among harmonic
components [8, 11]. Our goal is to develop a model that can learn to exploit these forms of
structure in the signal in order to robustly segment the time-frequency representation of a
sound waveform into its constituent sources (see Figure 3.1).
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Figure 3.1: Example of source separation using the spectrogram of two overlapped voices as
input. Left: Spectrogram of the mixture. Middle: Ground truth (oracle) source estimates
(red and blue). Right: Source estimates using our convolutional model.

The problem of source separation has traditionally been approached within the frame-
work of computational auditory scene analysis (CASA) [25]. These methods typically rely
upon features such as gammatone filters in order to find a representation of the data that will
allow for clustering methods to segment the individual speakers of the mixture. Recently,
models which make these features learnable have been quite successful. Hershey et al. [23]
introduced Deep Clustering (DPCL) which uses a Bi-directional Long short-term memory
(BLSTM) [21] neural network to learn useful embeddings of time-frequency bins of a mix-
ture. They formulate an objective function which encourages these embeddings to cluster
according to their source so that K-means can be applied to partition the source signals
in the mixture. This model was further improved in the work of Isik et al. [26] and Chen
et al. [9] which proposed simpler end-to-end models and achieved an impressive ~10.5dB
Signal-to-Distortion Ratio (SDR) in the source estimation signals.

In this work we develop an alternative model for source separation based on a dilated
convolutional neural network architecture [73]. We show that it achieves state-of-the-art
performance with an order of magnitude fewer parameters and also generalizes better under
novel conditions and datasets. In addition, our convolutional approach only requires a small
and fixed amount of future information and can therefore operate in real-time.

An under- investigated aspect of deep learning algorithms is their ability to generalize
to new datasets. Models are usually trained, tested and compared against on the same data
distribution. In vision datasets, categories and tasks vary widely. In contrast, an auditory
dataset provides a unique opportunity fix the task, i.e. to extract speech content, while
varying the environment in which the data is recorded. In order to study the generalization
capabilities of the models, we test them with inputs containing very long time sequences,
intermittent noise, and mixtures collected under different recording conditions as in our
RealTalkLibri dataset.

Success in these more challenging domains is critical for progress to continue in robust
source separation, where the eventual goal is to be able to separate sources regardless of
speaker identities, recording devices, and acoustical environments. Figure 3.2 shows three
examples of how these factors can affect the spectrogram of the recorded waveform. Training
models which can generalize to the space of these deformations is challenging. In vision and
machine learning, this issue is usually referred to as dataset bias [64, 65, 14] where models
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perform well on the training dataset but fail to generalize to new datasets. In recent years
the main approach to tackling this issue has been through data augmentation. In the speech
community, simulators for different acoustical environments [4, 31] have been leveraged to
create more data. Recently, Variational Auto-Encoders [30] have begun to be used [24]. In
vision and machine learning, Adversarial Network frameworks [20] have been used to improve
generalization to different domains [65].
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Figure 3.2: a: Original recording of a sin- Figure 3.3: Recording setup diagram. The
gle female speaker from the LibriSpeech speakers were separated from the recording
dataset; b,c,d: Recordings of the original device by different devices, each computer
waveform made with three different orienta- speaker was responsible for playing a par-
tions between computer speaker and record- ticular source.
ing device.

Here we show that the choice of model architecture alone can improve generalization.
Our choice to use a convolutional architecture was inspired by the generalization power of
Convolutional Neural Networks (CNNs) [36, 32, 60] relative to fully connected networks. We
compare the performance of our CNN model with the recurrent BLSTM models of previous
work and show that while both suffer when tested on new datasets the CNN model exhibits
superior performance to the BLSTM.

3.3 Deep Attractor Framework

Notation: For a tensor 7 € RAXB*C; T . .€ R4*P is a matrix, and To,.c € R? is a vector,
and 155 € R is a scalar.

Embedding the mixed waveform

Chen et al. [9] propose a framework for single-channel speech separation. = € R7 is a
raw input signal of length 7 and X € R*7 is its spectrogram computed using the Short-



CHAPTER 3. ROBUST AUDIO SOURCE SEPARATION 26

time Fourier transform (STFT). Each time-frequency bin in the spectrogram is embedded
into a K-dimensional latent space V € R¥*T*K by a learnable transformation f(-;6) with
parameters 6:

V = f(X;0) (3.1)
Vit
Vf7 I = == (3.2)
Y Vel

In our work, the embeddings are normalized to the unit sphere in the latent dimension &
(eq. 3.2).

Generating embedding labels

Assuming that each time-frequency bin can be assigned to one of the C' possible speakers, the
Ideal Binary Mask (IBM), Y € {0,1}""* is a one-hot representation of this classification
for each time-frequency bin:

_ 1, if ¢ =argmax(Sfs)
Y. te = c (33)
f7 b
0, otherwise

(3.4)

where S € RF*T*C¢ ig the supervised source target spectrogram.

Threshold Preprocessing for Training

To prevent time-frequency embeddings with negligible power from interfering, the raw clas-
sification tensor Y is first masked with a threshold tensor H € RF*T. The threshold tensor
removes time-frequency bins which are below a fraction 0 < o < 1 of the highest power bin
present in X:

0, if Xy < X

Hpy = B . o max(X) (3.5)
1, otherwise

Y..=Y..oH (3.6)

where ® denotes element-wise product.

Clustering the embedding

An attractor point, A, € R¥, can be thought of as a cluster center for a corresponding
source c. Each attractor A, is the mean of all the embeddings which belong to speaker c:

Do Vst

(3.7)
Zf,t Yf,t,c

Ac,k
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During training the attractor points are calculated using the thresholded oracle mask,
Y. In the absence of the oracle mask at test time, the attractor points are calculated using
K-means. Only the embeddings which pass the corresponding time-frequency bin threshold
are clustered.

Finally the mask is computed by taking the inner product of all embeddings with all
attractors and applying a softmax:

My = softmax(ZAQka,t’k) (3.8)
¢ k

N

S.e = M..0X (3.9)

From this mask, we can compute source estimate spectrograms (3.9) which in turn can be
converted back to an audio waveform via the inverse STFT. We do not attempt to compute
the phase of the source estimates. Instead, we use the phase of the mixture to compute the
inverse STF'T with the magnitude source estimate spectrogram S.

The loss function £ is the mean-squared-error (MSE) of the source estimate spectrogram
and the supervised source target spectrogram, S € Rf*Tx¢:

& 2
L= lIS.—5.% (3.10)
(&
where || - || denotes the Frobenius norm. See Figure 3.4 for an overview of our source
separation process.
Embedding V :I s 3
1 ource estimate spectrograms S
Spectrogram X — \_ Speaker 1
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Figure 3.4: Overview of the source separation process.

Network Architecture

A variety of neural network architectures are candidates to parameterize the embedding
function in Equation 3.1. Chen et al. [9] use a 4-layer Bi-Directional LSTM architecture
which utilizes weight sharing across time, allowing it to process inputs of variable temporal
length.

By contrast, convolutional neural networks are capable of sharing weights along both
the time and frequency axis. Recently convolutional neural networks have been shown to
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perform state-of-the-art music transcription by having filters which convolve over both the
frequency and time dimensions [60]. One reason this may be advantageous is that the
harmonic series exhibits a stationarity property in the frequency dimension. Specifically, for
a signal with fundamental frequency f, the harmonics are equally spaced according to the
following set: {i % fy : i = 2,3,...,n}. This structure can be seen in the equal spacing of
successive harmonics in Figure 3.2d.

Another motivation we have for using convolutional neural networks is that they do
not incorporate feedback which may allow them to be more stable under novel conditions
not seen during training. In the absence of a recurrent memory, filter dilation [73] enables
the receptive field to integrate information over long time sequences without the loss of
resolution. Furthermore, incorporating a fixed amount of future knowledge in the network
is straightforward by having a fixed-lag delay in the convolution as we show in Figure 3.5.

3.4 Model

Dilated Convolution

Yu and Koltun [73] proposed a dilation function D(-, -, ;) to replace the pooling operations
in vision tasks. For notational simplicity, we describe dilation in one dimension. This method
convolves an input signal X € R® with a filter K € R¥ with a dilation factor d:

F,=D(K X, t;d) = Y KX,
dh+g=t

The input receptive field of a unit F; in an upper layer of a dilated convolutional network
grows exponentially as a function of the layer number as shown in Figure 3.5. When applied
to time sequences, this has the useful property of encoding long range time dependencies in a
hierarchical manner without the loss of resolution which occurs when using pooling. Unlike
recurrent networks which must store time dependencies of all scales in a single memory
vector, dilated convolutions stores these dependencies in a distributed manner according to
the unit and layer in the hierarchy. Lower layers encode local dependencies while higher
layers encode longer range global dependencies.

3.5 Datasets

We construct our mixture data sets according to the procedure introduced in [23], which is
generated by summing two randomly selected waveforms from different speakers at signal-
to-noise ratios (SNR) uniformly distributed from -5dB to 5dB and downsampled to 8kHz to
reduce computational cost.

A training set is constructed using speakers from the Wall Street Journal (WSJ0) training
dataset [19] si_tr_s.

We construct three test sets:
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Figure 3.5: One-dimensional, fixed-lag dilated convolutions used by our model with dilation
factors of 1, 2 and 4. The bottom row represents the input and each successive row is another
layer of convolution. This network has a fixed-lag of 4 timepoints before it can output a
decision for the current input.

o WSJ0: a test set is constructed identical to the test set introduced in [23] using 18
unheard speakers from si_dt_05 and si_et_05.

o LibriSpeech: a test set is constructed using 40 unheard speakers from test-clean.

o RealTalkLibri: we generate more realistic mixture using the procedure described below.

RealTalkLibr: Dataset

We are interested in collecting a speech mixture dataset with two properties:

1. Speech mixtures are deformed by the acoustics of the room.

2. Availability of ground truth for the source waveforms.

Unfortunately all audio datasets that have property (1) don’t have property (2) [31, 4].
These datasets only provide the transcription. In order to fill this void and investigate
generalization we created a small test dataset with both these properties.

The RealTalkLibri (RTL) test dataset is created starting from the test-clean directory
of the open LibriSpeech dataset [53] which contains clean speech from 40 speakers. We
first downsampled all waveforms to 8kHz as before. Each mixture in the dataset is created
by sampling two random speakers from the test-clean partition of LibriSpeech, picking a
random waveform and start time for each, and playing the waveforms through two Logitech
computer speakers for 12 seconds. The waveforms of the two speakers are played in separate
channels linked to a left and right computer speaker, separated from the microphone of the
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computer by different distances. The recordings are made with a sample rate of 8kHz using
a 2013 MacBook Pro. Figure 3.3 is a diagram of our data collection process.

In order to obtain ground truth of the individual speaker waveforms each of the waveforms
is played twice, once in isolation and once simultaneously with the other speaker. The first
recording represents the ground truth and the second one is for the mixture. To verify
the quality of the ground truth recordings, we constructed an ideal binary mask Y which
performs about as well on the previous simulated datasets, see the Oracle performance in
Figure 3.9. The RealTalkLibri data set is made up of two recording sessions which each
yielded 4.5 hours of data, giving us a total of 9 hours of test data. The dataset is made
freely available at https://www.dropbox.com/s/4pscejhkqdr8xrk /rtl.tar.gz?d1=0.

3.6 Experiments

Experimental Setup

We evaluate the models on a single-channel simultaneous speech separation task. The mix-
ture waveforms are transformed into a time-frequency representation using the Short-time
Fourier Transform (STFT) and the log-magnitude features, X, are served as input to the
model. The STFT is computed with 32ms window length, 8ms hop size, and the Hann
window. We use SciPy to compute the STFT and TensorFlow to build our neural networks.

We report our results using the signal-to-distortion ratio (SDR) metric introduced in [67]
as a blind audio source separation (BSS) metric. We compute our results using version 3
of the Matlab bsseval toolbox [17]. A python implementation of this code is also available
online [54] !.

Our network consists of 13 dilated convolutional layers [73] made up of two stacks, each
stack having its dilation factor double each layer. Batch Normalization is applied to each
layer and residual connections [22] are used at every other layer, see Table 3.1 for details.

Layer 1 2 3 4 5 6 7 8 9 10 11 12 13
Convolution 3x3 3x3 3x3 3x3 3x3 3x3  3x3 3x3 3x3 3x3  3x3 3x3  3x3
Dilation 1x1 2x2 4x4 8x8 16x16 32x32 1x1 2x2 4x4 8x8 16x16 32x32 1x1
Residual No Yes No Yes No Yes No Yes No Yes No Yes  No
Channels 128 128 128 128 128 128 128 128 128 128 128 128 K

Table 3.1: Dilated Convolutional Network Architecture

We reimplement the DANet of [9] with a BLSTM architecture containing 4 layers and
500 hidden units in both the forward and backward LSTM, for a total of 1000 hidden units.

'https://github.com/craffel/mir_eval/blob/master/mir_eval/separation.py
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Model WSJO Number of
SDR (dB) Parameters

DANet (BLSTM) 1048 17114580

DPCL* (BLSTM) 10.8 ?
Ours (CNN) 10.97 1650836
Oracle 13.49 -

Table 3.2: SDR for two competitor models, our proposed convolutional model, and the
Oracle. Our model achieves the best results using significantly fewer parameters. Scores
averaged over 3200 examples. *: SDR score is from [26] which is at an advantage due to a
second enhancement neural network after masking.

We replicated their training schedule using the RMSProp algorithm [63], a starting learning
rate of le—3, and exponential decay with parameters: decay_steps= 2000, decay_rate= 0.95.

For evaluation we also use the max() function rather than the softmax() for computing
the mask in equation (3.8). We calculate an Oracle score using the Ideal Binary Mask (IBM),
Y, using the ground truth source spectrograms (Eq. 3.4).

WSJO0O Evaluation

We begin by evaluating the models on the WSJO0 test dataset as in [9]. Our results are shown
in Table 3.2. Our model achieves the best score using a factor of ten fewer parameters than
DANet. The DPCL score is taken from [26] which has a very similar architecture to DANet
and therefore a similar number of parameters. Their model has one important difference
however, a second neural network is used to enhance the source estimate spectrogram to
achieve their result. Our model is still able to exceed its performance without this extra
enhancement network. In addition, our model has a fixed window into the future whereas
the BLSTM models have access to the entire future. This indicates that a convolution
based architecture is better at solving this source separation task with less information in
comparison to a recurrent based architecture.

Embeddings

At test time the K-means must be employed because the labels Y are not available for
calculating the attractors (3.7). In order for the attractors to from a good proxy for the
K-means algorithm we applied 12 normalization (Eq. 3.2) to the embeddings V. In Figure
3.6 we visualize the embedding outputs of our model using PCA for a single mixture across
T = 200 timepoints. Each embedding point corresponds to a single time-frequency bin in
the mixed input spectrogram. The embeddings are colored in this diagram according to
the oracle labelling, red for speaker 1 and blue for speaker 2. Notice that the network has
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learned to cluster the embeddings according to the speaker they belong too, i.e. there is a
high density of red embeddings on the left and similarly for blue embeddings on the right.
This structure allows K-means to easily find cluster centers that match the attractors used
at training time.

Figure 3.6: Embeddings for two speakers (red & blue) projected onto a 3-dimensional sub-
space using PCA. The orange points correspond to time-frequency bins where the energy
was below threshold (see 3.5). There are T' x F' = 200 x 129 = 25800 embedding points in
total.

Generalization Experiments
Length Generalization

In the first experiment we study how well these models work under time-sequences 25x
longer than they are trained on, i.e. 7" = 10000 (~ 80s). Previous work [27] has indicated
that because recurrent architectures incorporate feedback they can function unpredictably
for sequence lengths beyond those seen during training. On the other hand, convolutional
network architectures do not incorporate any feedback. This is advantageous for processing
time sequences of indefinite length because errors cannot accumulate over time. Since a
convolutional network is a stationary process in the convolved dimension, we hypothesize
this architecture will operate more robustly over sequence lengths much longer than those
seen during training. Our results are shown in Figure 3.7a. Surprisingly, the results indicate
that the BLSTM is also able to generalize to sequences of significantly larger length, contrary
to our expectations. We discuss possible explanations of this result in the next section. Our
CNN model is able to maintain its performance across the long sequence as expected.
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Figure 3.7: Results of the length and noise generalization experiments. For both plots, we
plot the SDR starting at the time specified by the x-axis up until 400 time points (~ 3s)
later. Both the BLSTM and CNN are (a) able to operate over very long time sequences and
(b) recover from intermittent noise. See Figure 3.8 for the spectrogram in b).
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Figure 3.8: Source separation spectrogram for the noise generalization experiment.

Noise Generalization

In the second experiment we are interested in how the models respond to small bursts of
input data far outside of the training distribution. We believe the BLSTM model might
become unstable as a result of such inputs because its recurrent structure makes it possible
for the noise to affect its hidden state indefinitely. We took sequences of length T = 1200
(~ 9s) and inserted white noise for 0.25s in the middle of the mixture to disrupt the models
process. Our results are shown in Figure 3.7b. Again, contrary to our belief the BLSTM is
very resilient to this noise, the model quickly recovers after the noise passes (last data point).
One possible explanation is that the BLSTM is only integrating information over short time
scales and therefore “forgets” about previous input data after a short number of time steps.
We believe this is because when we construct the input for our models we randomly sample
a starting time for each waveform. This may force the BLSTM to learn a stationary function
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Figure 3.9: Results of the models tested on WSJ0 simulated mixtures, LibriSpeech simulated
mixtures, and our RealTalkLibri (RTL) dataset. Our model performs the best on WSJO,
generalizes better to LibriSpeech, but fails alongside the BLSTM at generalizing to the real
mixtures of RTL. All models are trained on WSJO0. *: Model has a second neural network
to enhance the source estimate spectrogram and is therefore at an advantage. The model
wasn’t available online for testing against LibriSpeech or RTL.

since it must be able to separate the mixture with or without information from the past in
its hidden state.

Data Generalization

In the final experiment we are interested in how well the models generalize to data progres-
sively farther from the training distribution. We trained all the models on the WSJO0 training
set and then tested on the WSJO test set, the LibriSpeech test set, and RealTalkLibri test
set. Our results are shown in Figure 3.9. Our model generalizes quite well from the WSJO
dataset to the LibriSpeech dataset, only losing 1.8dB of performance. Unfortunately it de-
grades substantially when using the RTL dataset. However, our model still outperforms the
DANet model on all datasets.

In Figure 3.10 we visualize the mistakes our network makes under the RealTalkLibri
dataset. The first example indicates that the model does not have a strong enough bias to
the harmonic structure contained in speech, it classifies the frequencies of the fundamental to
a different speaker than the harmonic frequencies of that fundamental. The second example
indicates that the model also has issues with temporal continuity, the speaker identity of
particular frequency bins varies sporadically across time. This indicates that there is still
room to improve generalization in these models by modifying model architecture and adding
regularization.



CHAPTER 3. ROBUST AUDIO SOURCE SEPARATION 35

Figure 3.10: Left and right column: Two examples of source separation on the RealTalkLibri
dataset. Row 1: Source estimates using the oracle. Row 2: The source estimates using
our method. The model has difficulty maintaining continuity of speaker identity across
frequencies of a harmonic stack (left column) and across time (right column).

3.7 Discussion

Recurrent neural networks have been shown to perform audio source separation with high
fidelity. Here we explored using convolutional neural networks as an alternative model. Our
state-of-the-art results on the WSJO0 dataset using a factor of ten fewer parameters show that
convolutional models are both more accurate and more efficient for audio source separation.
Our model has the additional advantage of working online with a fixed-lag response of ~ 1sec.

In order to study the robustness of all models we studied their performance under three
different conditions: longer time sequences, intermittent noise, and datasets not seen during
training. Our results in the length and noise generalization experiments indicate that the
BLSTM learns to behave much like a stationary process in the temporal dimension. We
do not observe any substantial degradation in performance after it has been perturbed with
noise. It also performs consistently on sequences which are significantly longer than those
seen during training.

On the other hand, we get this stationarity property for free with our convolutional
model. This further motivates our network architecture in Figure 3.5 which, by design,
integrates only local information from the past and future.

In the final experiment we showed that our convolutional neural network also generalized
better to both the LibriSpeech dataset and the RealTalkLibri dataset we introduced here.
Models which are robust to new datasets as well as the deformations caused by the acoustics
of different environments are critical to progress in audio source separation. Our RealTalk-
Libri dataset complements other real-world speech datasets [4, 31] by additionally providing
approximate ground truth waveforms for the mixture which is currently not available.
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Looking forward, we aim to improve the generalization ability of the models on examples
such as those shown in Figure 3.10 by introducing a training set for RealTalkLibri, developing
more robust model architectures, introducing regularizers for the structure of speech, and
creating powerful data augmentation tools. We also believe models which can operate under
an unknown number of sources is of utmost importance to the field of audio source separation.
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Chapter 4

Auditory Attention

4.1 Abstract

In this chapter algorithms for focusing on a specific speaker are investigated, rather than
extracting all the sources in the mixture. Recent work has shown that neural networks can
perform speaker separation with high fidelity. Most methods have been speaker independent
but recently research into methods for speaker biased output have been popular. The main
idea is to bias the output of a neural network by feeding it an attentional context, a target
speaker embedding that is computed from a target voice snippet. In all previous methods the
bias has been for a single speaker which makes the methods inferior to speaker independent
methods, which can extract multiple speakers simultaneously. In this chapter a novel idea to
perform multi-speaker biased extraction is developed by casting the multi-speaker embedding
as a simple superposition of the individual speaker embeddings. This allows our attention
models to extract an arbitrary subset of target speakers from a mixture of an unknown
number of sources, making the method superior to speaker independent methods, which
must know the number of sources in the input. The results show multi-speaker-embeddings
perform only slightly worse than single-speaker-embedding demonstrating the effectiveness
of the superposition method. Finally, a new method to compute speaker embeddings, called
inference-embeddings, is developed which can use substantially more voice data than the
voice snippet method of previous work.

4.2 Introduction

While our conscious experience of sound consists of a number of distinct, separate, sound-
producing events, the raw auditory stimuli received contains a mixture of them. One of
the goals of auditory scene analysis is to separate this complex mixture into the distinct
sources that make it [8]. However, this ability super human, humans cannot always focus
their attention on every distinct source, and instead must direct their attention to a small
set of sources which are behaviourally relevant. This attentional mechanism is thought to be
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mediated by top down attention, where high level signals, which correspond to the sources
of interest, are fed into lower levels of computation in order to extract the relevant sources
[29]. The goal is to develop neural network models which can extract the sources of interest
using these high level signals.

Deep learning models of speech separation are not typically viewed from the perspective
of top-down attention but there are strong connections in the speaker-biased separation
literature. Deep learning based speech separation systems are often classified into two groups:
speaker-independent and speaker-biased speech separation. In the first approach the model
attempts to separate the sound mixture into all of it’s constituent sources at once. Models
that follow this approach project components of the sound into a high dimensional space
where K-means can be applied to extract the K sources in the mixture. Using deep learning,
these methods have been shown to be extremely effective, e.g. deep clustering (DPCL) [22],
attractor network [9], etc. [72, 48]. However, a major drawback of this approach is that the
number of sources in the mixture, K, must be known before hand otherwise the algorithm
fails.

By contrast, the speaker-biased approaches only extract a target speaker, while all other
speakers are considered interference. An attention context vector must be supplied to in-
dicate which speaker is of interest to the network. The advantage of this method is that,
in theory, this method should be agnostic to the number of inputs in the mixture, which is
demonstrated in this chapter. Again using deep learning, this approach has been shown to be
quite effective [68, 74, 71| Currently, there are two disadvantages of this method when com-
pared to speaker-independent separation, multiple sources cannot be extracted, and prior
knowledge of the speakers must be supplied. More succinctly here are the advantages and
disadvantages of these two approaches:

Speaker-Independent
+ Requires no prior knowledge of speakers
+ Ability to extract an arbitrary number of sources
- Requires the number of sources in the mixture to be known
Speaker-Biased
- Requires prior knowledge of speakers
- Can only extract a single source

+ Agnostic to the number of sources in the input

But are these current disadvantages inherent to the algorithm? We believe both can be
resolved as actual advantages making the speaker-biased approach superior in all respects.
In this chapter the focus is on how multiple sources can be extracted. Ideas for how the
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inference-embeddings technique could be used to solve the requirement of prior knowledge
is explored after.

One of the motivations for solving the multiple source issue is to replicate the human
ability to focus attention on a subset of speakers in an environment with many speakers.
For example, in the cocktail party problem. The final experiment of this chapter replicates
such a scenario.

For speaker-biased methods the prior knowledge of speakers comes from a snippet of
reference audio from the target speaker. An additional network computes an embedding
from this snippet and hands it to the separation network [71]. This method works well
but is limited to using a short piece of reference audio, on the order of 10 seconds. In this
chapter, an inference-embeddings method is described which can use much more data.

We make the following contributions:

e Extend speaker-biased models to handle the extraction of multiple speakers using em-
bedding superpositions.

e Develop a new method to compute embeddings, termed inference-embeddings, which
has the advantage of utilizing an arbitrary amount of data rather than a short snippet
of reference audio.

e Demonstrate the strongest advantage of speaker-biased models, to be agnostic to the
number of sources in the input, using our superposition method.

4.3 Multi-Speaker Extraction

Task Description

We propose a single-channel multi-speaker biased speech separation task. The task is to
extract multiple target speakers’ voices from a mixed speech waveform. Two sets of speakers
are analyzed, known speakers, and new speakers. Known speakers represent speakers our
algorithms has substantial data on and help train the baseline model. New speakers represent
speakers our algorithms have minimal data on and are challenged to learn to separate well
by relying on fine-tuning the baseline model.

Multi-Speaker Extraction Framework
Setup

Notation: For a tensor T' € R8> T . € R**5 is a matrix, T,.. € R” is a vector, and
Tope € Ris a scalar.

Let Nj be the number of known speakers, N,, the number of new speakers that must be
learned after the initial training on the Nj speakers, and N = N, + N,, be the total number
of speakers.
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Each mixture input signal is the sum of two components, a target signal and a interfer-
ence, or distractor, signal, x = t+d, x € R”. The target and interferer signals are themselves
the sum of G and H waveforms respectively, each waveform coming from a different speaker.
A special G-hot vector, B € {0,1}", is used to specify which speakers should be output of
the model. More formally:

% ~ U{O,N—1}, kel0,G+H)
G-1

t = Zsk, SkNSzk
k=0
G+H-1

d = Z Sk, SkNSzk
k=G

r = t+d
1, ifk<G

Bla] = {O’ else<

where ~ denotes sampling without replacement, U{} denotes the discrete uniform distri-
bution, and S; corresponds to another discrete uniform distribution over the waveforms of
speaker i. X € RF*T is the spectrogram of x, computed using the Short-time Fourier trans-
form (STFT), where F corresponds to frequencies and T to time. Analogously T € RF*T is
the spectrogram of t. Before inputting X to the model we apply a compression function, f..
Here we use a power-law nonlinearity to compress, inspired by [70]:

Je(

= abs(u)?

u)
X = f(STFT(z)), T=f(STFT(t))

Multi-Speaker Embeddings

All N speakers have a K-dimensional speaker embedding, £ € RMX. Each multi-speaker
embedding, E € RX is simply a superposition of the desired individual speaker embeddings,
which is computed using B. FE is included as part of the model parameters and must be
learned. E is an input to the model in addition to the compressed mixture, X, so that the
model knows which speaker to extract:

E = E'B
0O = fNN(Xv]ESG)
My = 0(Oypy)

Tie = My © Xf,t
2

~

L = HT—T

F
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Figure 4.1: Overview of the attention-based multi-speaker separation process. Circles denote
operations and rounded squares represent variables. In this diagram G=3, H=3, and N=7,
see text for details. Components colored in green represent supervised information about
the desired target speaker. Purple indicates the compressed spectrogram, orange the model,
and red the loss. f,. corresponds to the compression function used.

where superscript T' denotes transpose, fyy is a neural network, 6 represents the param-
eters of the neural network, O € RI">T M € [0,1]"*T is a mask, ® denotes element-wise
product, and || - ||r indicates the Frobenius norm. See Figure 4.1 for an overview of the
attention processing pipeline. The target estimate can then be recovered using the inverse
Short Time Fourier Transform:

t=ISTFT(f7*(T)) (4.1)

where the mixture phase from the STFT of z is used since we do not attempt to recover
phase information.

Phase 1 Training - Known Speakers

During Phase 1 the neural network parameters and the known speaker embedding parameters
are trained:

© = [0,E., .. E;], i=0,j=N,—1
S

oL
= @—FT]%
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Figure 4.2: LSTM-Append Model. The target specification is encoded in the vector B. To
incorporate this into the network B is appended to the normal input at each time step.

where 7 is the learning rate.

Phase 2 Fine-Tuning - New Speakers

During Phase 2 the model parameters are updated under two different scenarios.

A) Fine-Tuning In this mode all the parameters are updated, making this stage identical
to Phase 1 but with new speaker embeddings.

0 = [Q,Ei7.,...,Ej7.], Z:Nkaj:Nk+Nn_1

oL
0 = @4—77%

B) Online Fine-Tuning In this mode new speaker embeddings are treated latent variables
that must be inferred given the data. Specifically, the neural network parameters are fixed
and only the parameters for the new speaker embeddings are updated:

© = [E., ...E], i=Nyj=N,+N,—-1
oL
0 - o+,
T

This method is interesting because it can operate online, the network can continue to
perform well on old speakers, while new speaker embeddings are learned without affecting
the performance of other speakers. We call this method inference-embeddings.

Network Architecture

We use a neural network, BLSTM-FC, which is composed of multiple layers of a Bi-Directional
LSTM [21] followed by multiple fully connected layers for the experiments. To incorporate
the target information, B is appended to the input and the multi-speaker embedding is then
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specified by the weights that connect B to the hidden layer of the BLSTM. This is similar
to the approach taken in [71, 68|.

fvn(X,E;0) = BLSTM-FC(A)
A, = [X,.,B], AcRENT

For a simple recurrent neural network this would correspond to a bias equivalent to the
multi speaker embedding;:

hivr = tanh(Wiphe + Wip X1 +b) // No Attention (normal RNN) (4.2)
hivr = tanh(Wiphe + WipXeo. +b+E)  // Attention (4.3)

where W), is the hidden to hidden weight matrix, W, is the input to hidden weight matrix,
and b is the normal bias term. See Figure 4.2 for an illustration.

4.4 Experiments

We evaluate the models on a single-channel multi-speaker speech separation task. The
mixture waveforms are transformed into a time-frequency representation using the Short-
time Fourier Transform (STFT), after which the absolute value and power law function are
applied, with p = 0.3. The STFT is computed with 32ms window length, 16ms hop size, and
the Hann window. The waveform is downsampled to 8kHz to reduce computational cost.
The length of the waveforms is set to 7 = 40000. We use TensorFlow to compute the STFT
and build our neural networks [1].

Results are reported using a distance measure between the source estimate and the true
source in the waveform space. Here we use the signal-to-distortion ratio (SDR) which we
define as the scale-invariant source-to-noise ratio (SI-SNR) as suggested by [35], and which
has also been used in [[22], [9], [44]]:

oy (it}
Uk
Croine = 1 — 177
s
SDR := SI-SNR := 10l0g10||e . ||2

Datasets

To train and evaluate the models the LibriSpeech dataset [53] is used. The train-clean-360
and test-clean portions of the dataset are used for the experiments. The train-clean-360 data
set contains 360 hours of speech data spread over N, = 916 speakers, which we call ‘known’
speakers. The N,, = 40 speakers in the test-clean dataset are treated as ‘new’ speakers. For
the known and unknown speakers we split each into two portions for training and evaluation:
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Table 4.1: Model hyperparamters

Model

batch size 128
# of LSTM layers 5
Units per LSTM layer 512
# of FC layers 2
Units per FC layer 512
Embedding Size (K) 512

Known, N, = 916
e known-eval: The first 100 seconds of each speaker in train-clean-360

e known-train: The remaining seconds of data (> 100) of each speaker in train-clean-360

New, N, =40
e unknown-train: The first 100 seconds of each speaker in test-clean
e unknown-eval: The remaining seconds of data (> 100) of each speaker in test-clean

During training sampling is done uniformly from the speaker set, and the target and
interferer signal are mixed with a signal-to-noise ratio (SNR) uniformly sampled from [-5dB,

5dB].

Network hyperparameters

The model hyperparameters are shown in Table 4.1. RMSProp [63] is used to optimize the
networks.

Single Target, Single Interferer Experiments

In these experiment there is a single target and a single interferer, G = 1, H = 1, which is
identical to the audio source separation scenario in previous work such as [9].

Known Speakers Experiment

We begin by evaluating the model on the known speaker set. The results are compared with
the only deep clustering result for LibriSpeech available [48] in Table 4.2. They indicate that
speaker-biased models, can perform comparably to speaker-independent (DPCL) methods
which validates the speaker-biased approach.
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Table 4.2: SDR of our method on the known-eval partition compared to deep clustering re-
sults from Mobin et al. [48] on the test-clean partitions of LibriSpeech. While these partitions
are not identical they come from the same dataset and are comparable.

known-eval test-clean

Model 10.1 dB X
DPCL Mobin et al. [48] x 9.2 dB

Table 4.3: SDR for the Phase 2 fine-tuning on the new speakers. Results are compared to
the baseline attention network of Xiao et al. [71]

Unknown-eval test-clean

Model Fine-Tuning 8.5dB X
Model Online-Fine-Tuning 7.8dB X
Xiao-Attention-Model X 9.8dB

New Speakers Experiment

Next, we investigate the model’s ability to adapt to new speakers that have limited data.
100 seconds of speech data are used per speaker. The baseline model trained on the known
speakers is used as a starting point for fine-tuning on the new speakers. Our results are
shown in Table 4.3.
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Table 4.4: SDR for our Phase 1 training on known speakers where there are multiple targets
and interferers. No other neural network model is capable of working on this task.

Multi-Target-Interferer Single-Target-Interferer

(known-eval) (best result)
Model 9.5 dB 10.1 dB
Xiao-Attention-Model Not possible 9.8 dB
DPCL Not Possible 9.2 dB

Multi Target, Multi Interferer Experiments

In this experiment we demonstrate the most powerful component of our methodology. The
ability of the network to track multiple voices in the context of an unknown number of
speakers in the input mixture. For each batch element:

G ~ U{1,3},
H ~ U{1,3},

so that there are between 2 and 6 total speakers in the mixture, and between 1 and 3
speakers that the model must extract. To keep the results comparable to previous work
there are only two speakers speaking at any given timepoint. This is done by making only
one speaker active at any given time point in both the target and interferer signals. The
target can be thought of as a conversation between 1 and 3 individuals, and the interferer as
another conversation between 1 and 3 individuals that our model tries to ignore. Our results
are shown in Table 4.4.

Interestingly, the model is quite robust to the multi-target, multi-interferer scenario,
degrading by only 6% in SDR performance compared to the single-target, single-interfere
scenario. This is quite impressive as the number of possible embeddings increases from 916
to S0, (*1) = 12809664

4.5 Discussion

Speaker-biased approaches have been of interest recently in the audio deep learning commu-
nity. However a major limitation of these models when compared to speaker-independent
approaches is that they could not extract multiple speakers. Here we showed how using a sim-
ple idea, a superposition of embeddings, multi-target extraction is not only possible but can
perform at a comparable level to single-target extraction. Further, we demonstrated one of
the strongest advantages of speaker-biased approaches in comparison to speaker-independent
approaches, to be agnostic to the number of sources in the input. We now summarise the
new advantages and disadvantages of speaker-independent vs. speaker-biased approaches:
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Speaker-Independent
+ Requires no prior knowledge of speakers
+ Ability to extract an arbitrary number of sources
- Requires the number of sources in the mixture to be known
Speaker-Biased
- Requires prior knowledge of speakers
+ Ability to extract an arbitrary number of sources

+ Agnostic to the number of sources in the input

A new method for deriving speaker embeddings was also developed, termed inference-
embeddings. While this method did not perform as well as the reference-audio approach, little
hyperparameter tuning was done on the models. This method is also of interest because it
could resolve the remaining disadvantage of the speaker-biased approach. The idea is that
once a baseline model is constructed, speaker embeddings are essentially voice fingerprints
that can be used to extract a specific voice. When the model wants to learn about a new
speaker, it can find a new embedding which is different than all others it knows about,
but which also causes the network to output something that sounds like human speech. In
this chapter a supervised signal was used to validate human speech output. But instead,
a discriminator in a generative adversarial network [20] could be used to ensure the new
embedding corresponded to human speech.

Humans do not have the ability to simultaneously track all sources inside a sound mixture.
They utilize their attention mechanism to identify and learn about new sources on-the-fly,
in the spirit of continual learning. This work is a step towards more human-like source
separation which has substantial room for research innovation.
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Chapter 5

Conclusion

5.1 Closing remarks

Three key questions were asked: 1) Why did the cochlea evolve to use a time-frequency code?
2) How do we build human-level robust statistical models of sound? 3) How does feedback in
the auditory system guide our attention? A theoretical model based on efficient coding and
leaky-integrate-and-fire (LIF) neurons was created to explain the auditory nerve response.
A more efficient neural network architecture was designed which was more robust to shifts in
the data distribution. Finally, a novel algorithm was developed to allow for high-level neural
signaling to modulate bottom-up processing to explain auditory attention. This work forms
a foundation for others to continue to make progress on these questions.

Future Work

In Chapter 2 gradients of a non-smooth forwards pass, from the LIF neurons, were replaced
with a smooth backwards pass to help optimization. This wasn’t enough to prevent the
model from converging to sub-optimal local minima. One possible explanation is that small
changes in the forwards pass still dramatically change the output, despite the changes in the
backwards pass. It would be interesting to smooth the forwards pass as well but gradually
iterate towards the non-smooth version. This might help optimization become more stable.

In Chapter 3 different neural network architectures were explored to improve generaliza-
tion to new data domains. Another approach is data augmentation. The idea is to generate
additional data that is still in the class of natural sound using existing, fixed datasets. How
could we generate more natural sound? One observation is that the real world contains
much more reverberation, essentially short-time scale echoes, than existing datasets. Often
audio datasets are recorded with headsets that eliminate reverb, or in otherwise less realistic
environments. To generate more realistic data we could simulate reverberation using a set
of all pass and feedback comb filters as in the work of Schroeder [58].

In Chapter 4 a new algorithm was developed to extract multiple voices from a mixture
using an attentional context. One shortcoming of this algorithm is that the speakers, and
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audio of the speakers, had to be known before hand. However, humans have no such limita-
tion, we learn the voices of new speakers all the time. It would be very interesting to have
the model have a discovery mode which allows it to learn new voices. One idea for doing
this is to encourage the algorithm to find an embedding that is dissimilar to all speaker
embeddings it knows about, but also causes the network to output natural sounding speech.
Specifically, gradients could be taken with respect to the embedding of a loss function with
two components. The first would be the negative sum of the mean-squared-error between
the current embedding and all known embeddings. The second would be the generator loss
in a Generative Adversarial Network (GAN), where the output of our current model should
be a sound that pleases a discriminator of a GAN. The discriminator in this GAN would be
trained to discriminate between speech and not-speech. Using this framework the algorithm
could become more autonomous, learning about new voices on-the-fly, and be able to extract
new voices given the correct speaker embeddings. This innovation would start to bridge the
gap between the capabilities of our attentional models and those of human attention.

5.2 Next Steps

Over the last few years I've thought a lot about hearing science [45], deep learning models
of sound, and how we can combine the two to help the hearing impaired hear better. A
good place to start is with a problem. In a paper called “Why do people fitted with hearing
aids not wear them?” [47] McCormack et. al. found that the most significant reason people
didn’t wear hearing aids was because a lack of speech clarity. In other words modern hearing
aids are unable to help them hear the voices of their peers so they didn’t see any point
in wearing them. With further research we find that indeed everyone with hearing aids
complains that they cannot hear voices in noisy places like restaurants and bars. And it’s a
serious problem, leading to the 30 million hearing impaired Americans to be twice as likely
to develop depression [40] and two to five times more likely to develop dementia [43] due the
social isolation they experience.

What can be done about this? In Chapter 4 a model was developed to selectively focus
on a subset of voices in the context of many voices. If we think of the restaurant as mixture
of many voices, say 100, then the goal of a hearing aid should be to amplify a select few
of those voices, say 5, that originate at our table. We then see a perfect application of our
research, we build hearing aids that are customized for each user, to attend to the specific
voices of their friends and family and ignore everyone else. In Chapter 4 we showed that
only a small sample of audio data was needed per target speaker to extract their voice.
Therefore each user could simply collect voice samples from their peers to accomplish this.
I believe there is a big opportunity to take this research outside the lab and into a product
that improves the quality of lives of tens of millions of people around the world. And of
course, this idea is just the beginning, continuing research in this domain will lead to even
more fruitful methods of helping the hearing impaired.
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