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Our senses are our window to the world, and hearing is the windw through which
we perceive the world of sound. While seemingly e ortless, lte process of hearing involves
complex transformations by which the auditory system constidates acoustic information
from the environment into perceptual and cognitive experiences. Studies of auditory
processing try to elucidate the mechanisms underlying thednction of the auditory system,
and infer computational strategies that are valuable both dinically and intellectually,
hence contributing to our understanding of the function of the brain.

In this thesis, we adopt both an experimental and computatianal approach in tack-
ling various aspects of auditory processing. We rst invesigate the neural basis underlying
the function of the auditory cortex, and explore the dynamics and computational mecha-
nisms of cortical processing. Our ndings o er physiological evidence for a role of primary
cortical neurons in the integration of sound features at di erent time constants, and pos-
sibly in the formation of auditory objects.

Based on physiological principles of sound processing, we@ore computational
implementations in tackling specic perceptual questions We exploit our knowledge of
the neural mechanisms of cortical auditory processing to fonulate models addressing the

problems of speech intelligibility and auditory scene ana}sis. The intelligibility model



focuses on a computational approach for evaluating loss omielligibility, inspired from

mammalian physiology and human perception. It is based on a milti-resolution lter-

bank implementation of cortical response patterns, which &tends into a robust metric for
assessing loss of intelligibility in communication channés and speech recordings.

This same cortical representation is extended further to deelop a computational
scheme for auditory scene analysis. The model maps percegtlprinciples of auditory
grouping and stream formation into a computational system that combines aspects of
bottom-up, primitive sound processing with an internal representation of the world. It is
based on a framework of unsupervised adaptive learning wittKalman estimation. The
model is extremely valuable in exploring various aspects afound organization in the brain,
allowing us to gain interesting insight into the neural basis of auditory scene analysis, as

well as practical implementations for sound separation in ‘cocktail-party" situations.
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Chapter 1

Introduction

\The purpose of computing is insight, not numbers"

Richard Hamming

We perceive the world through our senses, but only hearing aagive us the delight of
enjoying a nice musical melody. Hearing is the process of disvering objects surrounding
us via the sounds they emit. It is the sense by which our brain onsolidates the acoustic
information from the environment into a perceptual and cognitive experience.

Theories of auditory perception try to elucidate how the audtory system transforms
sound energy patterns into useful information about acousic events in the environment.
Research in the area of auditory processing entails two mairdirections: (1) an exper-

imental approach which addresses the biological foundatio of auditory perception and



its psychoacoustical and behavioral manifestations, and%) a computational methodology
which focuses on building engineering systems and theoretl models for sound processing.

On the experimental front, intense work on the physiology ofhearing has expanded
our knowledge of the mechanisms of auditory processing in #h brain. Higher-level pro-
cessing, speci cally at the level of cortex, is of particula interest as it is the station where
the organization of acoustic signals into perceptual pattens takes place; hence leading to
a representation of the acoustic environment in terms of audory objects. While much is
known about the neural mechanisms underlying the function & cortical structures, many
guestions remain unanswered, and we are still far from havig a complete picture of how
acoustic information is consolidated, and how auditory obgcts emerge. The temporal code
of cortex is an exceptionally powerful clue to understandimg the role of auditory cortex in
hearing. This thesis examines the dynamics regulating the artical function, and explores
its underlying neural mechanisms.

On the theoretical front, both theorists and engineers havetackled many problems
pertaining to auditory processing, ranging from models of ochlear sound ltering to real-
time communication systems. The signi cance of these modsllies both in their practical
relevance in our everyday life, as well as their intellectucontribution to our understanding
of audition and the general function of the brain. In this thesis, we exploit our knowledge
of the neural mechanisms of cortical auditory processing tdormulate models addressing

the questions of speech intelligibility, auditory streaming and sound separation.

1.1 From sound to meaning

Acoustic signals are transmitted by physical disturbance ¢ a medium, causing vibration of

the eardrum, and ultimately resulting in our experiencing audible sound [148]. Despite its



pervasiveness in our daily life, sound is a physical phenomen that is hard to understand
in common-sense terms [54]. It is a familiar form of physicakenergy that is di cult to
visualize, either literally or conceptually, but the consequences of its presence are readily
discernible. A basic understanding of the physics of soundsi an important initial step

in addressing the general question of auditory perception.Yet, the road from sound to
meaning is one that involves the entire apparatus of the audbry neural circuitry, extend-
ing from the ear to the brain. In this sense, the simple presece of physical vibrations in

our ear is not what makes ushear.

1.1.1 The magic of our auditory system

While seemingly e ortless, the auditory system performs anincredibly complex task of
sound perception. We are equipped with an amazing computatinal tool that is both
competent and quite reliable in perceiving sounds. When liening to the environment
around us, sounds from all sources are combined together iatone complex auditory eld
that we have to \navigate" our way through in order to identif y the individual sound
elements and sources. We do not have separate \pipelines" fa@ach sound object in the
environment, as originally thought by ancient Greeks [148] Sounds in our environment
are all lumped together in one acoustic input that reaches ouears. The nervous system
takes on the extraordinary job of telling us which instrument is playing in the orchestra,
whether a chorus is accompanying the music, and which melodis being played. It also
performs its task with an impressive degree of reliability,even in the presence of the most
severe distortions. Our ability to follow a conversation caried in a very noisy environment
is a testament to how robustly the biology carries its job of audition.

The perceptual capabilities of the auditory system rely on \arious cognitive princi-
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Figure 1.1: Schematic of stages of auditory processing (from [148]).

ples allowing us to attend to certain aspects of the acoustidnformation in the auditory
scene. Such capabilities make us very adept at listening tore voice in the midst of
other conversations and noise. While disregarding informton from all other surrounding
sounds and noise interferences, we are able to orient our ahtional focus towards the
voice of the speaker.

In the 19" century, the Russian writer Valdimir Odoevsky recounted the story of
a malicious sorcerer who gave a man the power to hear and seeeeything. This \gift"
caused this unfortunate man to experience nature as a comptely fragmented world.
Nothing formed into a compact unit in his mind, and sounds beame a torrent of erratic
meaningless mechanical vibrations, incoherent and with naneaning. This story told by
Odoevsky, a musician himself as well as a writer, alludes to ¢w critical it is for the
auditory system to be able to attend to particular sound elenments in the environment,
and to recognize unitary sound streams based on their commophysical characteristics
and acoustical structures. Sound segregation is in e ect oa of the most important tasks
carried by the auditory system.

The segregation and perception of auditory objects in the emironment is achieved

through a complex process of sound analysis and cognitive tiegration (Figure 1.1). The



acoustic environment is parsed into a neural code represeiny its physical characteristics.
The particular structure of this neural code carries the information about the sound signal,
which then gets interpreted by the brain, and integrated with other sensory information
and prior experiences leading to our perception of the envisnment around us, and hence

to behavioral responses.

1.1.2 Challenges of audition

If sensory information is to be useful for the control of behaior, the nervous system must
be capable of making reliable perceptual judgments in a veryapid fashion. It must have
the capability of processing complex and constantly changig sensory information in \one
trial". This task is not always made easy by nature as sensoryinformation can and does
sometimes present con icting or limited evidence about theenvironment. Nevertheless,
the auditory function adheres to a set of perceptual princiges that allow it to organize
acoustic information in perceptually meaningful events, despite the lack of sensory evi-
dence. These universal rules are strongly invoked in cases$ perceptual illusions, i.e. sit-
uations where a normally-functioning brain perceives \things" that may not be physically
present. By de nition, illusions are perceptual phenomenathat emerge as a consequence
of psychological principles which do not necessarily re ecan accurate representation of
the sensory information. In the case of audition, auditory ilusions make us hear things
di erent from the actual nature of sound in the environment. To illustrate such e ect,
we cite an example from vision, as similar principles undes the function of auditory and
visual perception. The phenomenon okubjective contoursis a well known visual illusion,
and is illustrated in Figure 1.2. The gure demonstrates how our visual system perceives

contours that are not physically present, in a similar way that the auditory system can



™| (J .
f) Ulle9d
Figure 1.2: Contour visual illusion (from [137]).

perceive sounds that are not there.

Just like vision, auditory computation is a dynamic process It is capable of con-
structing precise representations of the world by complemsting signals in the environment
with information about the global context of an auditory scene. Internal models of the
world and prior knowledge and experience re ect our expectiions from sensory inputs
and adapt to the changing ow of information coming from the environment, while adher-
ing to a universal set of perceptual rules. These intricate mteractions complicate our job
of studying complex systems such as auditory processing, dncompel us to presuppose
certain simpli cations about the elements and structures o the system. It is not clear,
however, which level of abstraction or modelling assumptias are more appropriate for the
study of auditory perception, leading to a real controversy concerning the best approach
for modelling biological systems.

Looking back at the history of the computational theory of perception, an early
and important contribution was made by Gibson in the 1960s. Hs work is one of the
early attempts to understanding complex information-processing systems. According to
Gibson, \the function of the brain, when looped with its perceptual arans, is not to decode
signals, not to interpret messages, not to accept images, héo organize the sensory input
or to process the data, in modern terminology. It is to seek ad extract information about
the environment from the owing array of ambient energy' ([102], page 29). Gibson and

others were later criticized for their oversimpli cation of complex information processing



in the brain and their simplistic understanding of perception. Marr wrote that Gibson

\did not understand properly what information processing was, which led him to seriously
underestimate the complexity of the information-processig problems ..." [102]. Later on,
Marr himself was criticized by Churchland and colleagues [3] who argued that his pure
vision view of the world is itself a dangerously simpli ed caicature of the problem of
visual perception. Slaney raised similar concerns about tb simpli ed and purely bottom-

up views of perception in the auditory eld [127].

As theoretical debate still continues about the proper direction for studying complex
sensory processing in the brain, we adopt a middle-ground gpoach in our study of
auditory processing. While mainly concerned with the neurd encoding of sound in the
auditory system in a primarily \bottom-up” direction, we al so consider aspects of \higher-
level" in uences, particularly in addressing aspects of aulitory processing related to scene

analysis.

1.2 Thesis outline

As we describe the intricacy of the hearing problem and its mitiple facets, our sense
of the complexity of tackling its di erent aspects is only reinforced. In this thesis, we
focus on the computational task of hearing by raising questins such as which sensory
information does the brain extract, and how is it extracted and processed. This approach
views the auditory system as a computational tool that is se@rate from the anatomy in
which it is implemented. Nonetheless, as we focus on the higii-level functions of auditory
processing in the brain, it is only natural to explore its neural basis, and particularly at
the cortical level. By setting a biological foundation for the computational problem, we

can explore di erent implementations and modelling schems targeting speci ¢ questions



of sound processing.

This dissertation is organized in six chapters. Following tis introduction is an au-
ditory system primer. In that chapter, we brie y review the p resent knowledge of the
biological auditory system. The survey summarizes what we kow about the organiza-
tional and functional structures of the auditory system, focusing on the principles that are
essential in understanding how the computational models poposed in this thesis relate to
the biology. We also touch upon some unresolved questions oerning the role ascribed
to the auditory cortex, and we dedicate the next chapter to expand on these issues.

Chapter 3 explores evidence about known paradoxical propgies of cortical neural
processing, namely the dynamics that underly temporal codig of sound signals in the
auditory cortex. We analyze neural data collected in the primary auditory cortex, and
argue for a dual role of cortical function in organizing the fatures of sound, in terms of
both slow spectrotemporal information patterns (syllabic segments in speech, timbre and
rhythm in music); as well as more fast transient and precise esponses capturing the sound
texture. This study has important implications in the way we understand how auditory
percepts are formed in the brain.

Chapter 4 presents a computational approach for evaluatingloss of intelligibility,
inspired from mammalian physiology and human perception. The model is based on
a multi-resolution Iter-bank implementation of cortical response patterns. A powerful
and robust computational intelligibility measure based on this model is presented, were
estimates of the integrity of spectrotemporal modulationsin a test signal or channel are
related to perceptual measures of speech intelligibility, as perceived by humans

In Chapter 5, we explore another aspect of auditory perceptin, that of auditory

scene analysis and stream segregation. We develop and testcartical model for sound



organization based on adaptive learning and Kalman estimabn. The model is founded
on perceptual principles of auditory grouping and stream femation. Such principles are
translated in a computational model which combines aspect®f bottom-up sound process-
ing with an internal representation of the world, which adapts its intrinsic representation
based on the residual error between its own predictions andtie actual sensory input. The
model proves to be quite powerful in organizing sounds in pereptual streams that corre-
spond to the actual perceived events in real-life situatios. We present various simulations
addressing di erent aspects of auditory streaming, as wells sound separation from speech
mixtures.

Finally, we conclude in Chapter 6 with a summary of the main ndings of this work,

and consider further prospects of this research eld.



Chapter 2

Auditory system primer

Hearing is one of the means by which organisms determine olgjés in their environment.

If these objects vibrate, they have the potential to producesound, and that sound can
be an identifying characteristic of the object [66]. This chapter is intended to review our
current knowledge of the auditory system, and how it proceses sound. We limit this
survey to the basic elements of biological auditory processg that are necessary for the
purpose of this thesis. Some existing computational modelare also brie y reviewed as

they are relevant for our subsequent analysis of models forualitory processing.

2.1 Nature of sound

It is appropriate to start our study of sound processing by a description of the physical

properties of sound itself. Any object that vibrates can produce an audible sound, as

10



a form of energy whose behavior is governed by the laws of phgs. Sound is in fact
a physical disturbance that propagates through any elasticmedium. It is hence the air
vibration -rather than the sound source itself- that starts the hearing process [66].

Sound is captured by an instantaneous amplitude or pressurgvaveform that varies
in time, making the latter the rst dimension of hearing. As d e Cheveigre puts it so
well [44], \Time must ow for sound to exist" . There is strong physiological evidence
that the time-variability of the acoustic waveform is encoded either explicitly or implic-
itly in the temporal patterns of neural responses. These temoral cues are parsed by
the auditory system to identify various sound properties sich as source, identity, loca-
tion and meaning. Patterns representing di erent sound properties extend over a large
range of time scales, extending from microseconds (for sodrliocalization) to hundreds of
milliseconds (syllabic segments) and even many seconds (fse duration). The auditory
system is hence responsible for resolving information at dérent temporal resolutions and
integration windows.

Sound can be represented equally well by its frequency conté The Fourier theory
transforms the functional dependence of a signal from time @ frequency [109]. It reveals
the frequency attributes of sound, and hence o ers an equivient representation of any
sound in terms of its individual frequencies (or sinusoidalvibrations). While both time
and frequency are valid dimensions for representing soundhe dynamic changes of sound
requires in e ect a short-term analysis of its frequency cotent as the signal varies over
time. Biology seems to be \aware" of this fact, and is able to t together these two
representations (time and frequency) by mapping the spectl axis into a spatial axis,

making frequency the second dimension of hearing. This spatl axis is represented by

11



the tonotopic® organization of the cochlea as well as the tonotopic maps fawd in various

auditory nuclei, as we shall see next in our review of the audory pathway.

2.2 Auditory pathways

The hardware of the auditory system consists of the ear and pas of the central nervous
system (CNS). Technically, the term ear refers to the entire peripheral auditory apparatus
including the outer, middle, and inner ear. Sound information is then projected along a
multitude of channels making up the main auditory pathway. In the following section, we
brie y review the structure of the di erent auditory nuclei and review basic knowledge

about their role in sound perception.

2.2.1 Auditory periphery

Incoming sound waves entering the ear make the eardrum vibtte. The sound energy is
then converted into mechanical energy, which produces a copiex spatio-temporal pattern
of vibrations along the basilar membrane of the cochlea (Figre 2.1). The maximal dis-
placement at each cochlear point corresponds to a distinctdne frequency in the stimulus,
creating a tonotopically ordered response axis along the fegth of the cochlea [54, 148].
The basilar membrane can then be thought of as a mechanical sint-term Fourier analyzer
of sound frequency [87].

Following the cochlear stage, the stimulus frequency and itensity are then encoded
at the level of the cochlear nerve bers through innervation of the inner hair cells. While

the activity of the nerve bers is thought to be relatively ho mogeneous in terms of vibration

1The term \tonotopy" is used in the auditory literature to ref  er to the organization of frequency along a
logarithmic spatial axis, much like a xylophone. It must be n oted, however, that the tonotopic organization
in the mammalian auditory system is not purely logarithmic, but tends to become linear below 500 Hz
[81].

12
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Figure 2.1: Structure and functionality of the human ear [87]. (left) Vibrations to

the eardrum are conveyed across a uid- lled middle ear by three tiny, linked bones.
These in turn stimulate the cochlea by producing oscillatoly pressure causing a travelling
wave along the basilar membrane.(right) Each frequency excites maximal motion at
a particular position along the basilar membrane, allowingthe cochlea to perform a

spectral analysis of sound.

patterns [109], the next relay station -the cochlear nucles, appears to be more intricate.
Various projections within the cochlear nucleus constitute parallel pathways for analyzing
di erent sound attributes. Present evidence suggests a ra of the cochlear nucleus in
enhancing and sharpening the features of the neural patters, prior to relaying them to
more central areas via the superior olivary complex (SOC) ad the inferior colliculus (IC)

[116].

Computational model

To mimic the functionality of peripheral auditory processing, we use a computational
model that is grounded on extensive neurophysiological da from mammalian peripheral
stages of auditory processing [100, 147]. The choice of thimodel is motivated by its
biological foundation, its perceptual relevance as well asoise robustness as shown by
thorough analytical and experimental investigations estalished by Wang et al. [144]. It

is used in this thesis as one of the building blocks for our sutequent analysis of compu-

13



Cochlear Analysis Auditory-Nerve Lateral Inhibition o ,gitory Spectrogram
Responses Network (LIN)

N
N
(41

Sound 4 A
— .

= ol

> Ee —

=3 R

> w o

o Qi N

5 ) U

_E» % »

¢ © —

o g 2 ~

g 3 o

5S> 5 “

Basilar B = »n

membrane- - Fe —

vibrations A
.
.

b

250

250
Time (ms) Time (ms)

Hair cells along
the tonotopic axis

Figure 2.2: Schematic of the early stages of auditory processing. Souni analyzed
by a model of the cochlea (depicted on the left) consisting of bank of 128 constant-Q
bandpass lters with center frequencies equally spaced on #ogarithmic frequency axis
(tonotopic axis) spanning 5.2 octaves (e.g., 0.1-4kHz). Eeh Iter output is then half-wave

recti ed and lowpass Itered by an inner hair cell model to pr oduce the auditory-nerve
response patterns (middle panel). A spatial rst-di erenc e operation is then applied
mimicking the function of a lateral inhibitory network (LIN ) which sharpens the spectral
representation of the signal and extracts its harmonics andformants [131]. The short-
term integration is typically performed over 8 ms intervals. A nal smoothing of the

responses on each channel results in the auditory spectrogm depicted on the right.

tational strategies of auditory perception. In this section, we describe briey the steps
involved in computing an auditory spectrogram based on the original work presented in
[144, 147]. While not strictly biophysical, the model abstracts from physiological data
relevant for basic sound analysis. It consists of various siges based on a wavelet-analysis

of the acoustic waveform §(t) in Equation 2.1), modelled as a three-step process:

First, the frequency analysis in the cochlear stage is modkdd by a bank of constant-Q
highly asymmetric bandpass Iters (Q=4) equally spaced on alogarithmic frequency
axis (h(t; x) in Equation 2.1). The model employs 24 lters/octave over a 5.3 octave
range. The left panel of Figure 2.2 illustrates an incoming sund waveform processed

through a bank of frequency selective lters.
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Next, the basilar membrane outputs are converted into innerhair cell intra-cellular
potentials (y»(t;x) in Equation 2.1). This process is modelled as a three-stepm
eration: a high-pass Iter (the uid-cilia coupling), foll owed by an instantaneous
nonlinear compression (gated ionic channels) captured by aonlinear function g(:),
and then a low-pass lter w(:) (hair cell membrane leakage). Detailed description of

the mechanisms involved in each one of these steps can be faum [100].

Finally, a lateral inhibitory network detects discontinui ties in the responses across
the tonotopic axis of the auditory nerve array, inducing a sharpening of the lter-
bank frequency selectivity as seen in the cochlear nucleud31]. It is modelled as a
rst di erence operation across the channel array, followed by a half-wave recti er,
and then a short-term integrator. The temporal integration window is captured by
the function (t; )= e ¥ u(t) with time constant . This stage e ectively sharpens

the bandwidths of the cochlear lters from about Q=4 to 12, as explained in detail

in [144].
yi(t;x) = s(t) ¢ h(t;x)
Ya(t:X) = g(tya(tx)) ¢ w(t) (1)
ya(t;x) = max( xyz2(t;x);0) ¢ (t; )

E ectively, the above sequence of operations computes an alitory spectrogram of

the acoustic signal (Figure 2.2) using a bank of constant-Q Iters, with a bandwidth tuning

Q of about 12 (or just under 10% of the center frequency of eachlter). Dynamically,

the spectrogram also explicitly encodes all temporal \envope modulations” in the signal

due to interactions between the spectral components that fi within the bandwidth of

each Iter. The frequencies of these modulations are naturlly limited by the maximum

bandwidth of the cochlear lters.
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2.2.2 Central pathways

Midbrain Medial geniculate nucleus

Inferion colliculus
Midbrain

Mucleus of the

lateral lemniscus
Pons

Figure 2.3: The central auditory pathway [87]. The central pathways extend from the
cochlear nucleus to the auditory cortex through a complex mibrain circuitry. Each
nucleus mediates certain functions, such as sound localiian and binaural sensory inte-
gration. It is important to note that the projections along t he auditory pathway are far
more complex than those shown in the gure. For instance, thee are extensive feedback
loops from the auditory cortex into the thalamus and inferior colliculus, which introduce

highly non-linear dynamics into the system [11].

At this stage along the auditory pathway, the acoustic wavebrm is converted into
a pattern of neural activity that faithfully maps the tempor al and spectral attributes
of the incoming sound. The following stages begin the procasof temporal integration
and the formation of a coherent auditory image. Nuclei of themidbrain, the Inferior
Colliculus (IC) in particular is believed to to be the rst st age in the system where all the
acoustic information converges together, coming through mjections from the superior

olivary complex and the lateral lemniscus [87] (Figure 2.3) The IC appears to act both as
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an integrative station as well as a switchboard to higher audtory and multi-modal sensory
areas. It also plays a key role in binaural hearing and thus insound localization [55].

If the IC is believed to be the last station in the auditory pat hway whose function
is directed towards the formation of auditory images, the sisequent auditory nuclei are
thought to play a role in the analysis of this auditory image and hence in the perception
of sound [55]. The nuclei beyond IC, including the auditory thalamus (Medial Geniculate
Body, MGB) and auditory cortex are hence involved in the process of auditory pattern
recognition, where the features of the auditory image are sérpened and grouped together
into streams, mediated by auditory memory and contextual information. Present evidence
seems to favor a role of cortical circuitry in auditory pattern recognition. As most of the
interesting auditory features are already extracted by thelevel of the IC, it is suggested
that the auditory cortex is playing a role in organizing these features in terms of auditory
objects [112].

It is, however, very important to stress that the structure and function of the cen-
tral auditory nervous system is far less understood than theperiphery. The anatomical
complexity of the pathways, the neural morphology of cells ad circuitry, as well as the
unknown nature of the neural code have made it very di cult to study the central path-
ways of the auditory system. Our current knowledge of the audtory functions mediated
by the di erent nuclei is very limited, and greatly speculat ive. Nonetheless, evidence from
imaging as well as physiological and anatomical studies arkying the grounds for a better
understanding of the function of the central auditory system and the neural strategies of

sound perception.
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Computational model

Despite claims that feature extraction is a secondary role bcortical circuitry in sound

processing [113], the case for the real contribution of coeix to auditory perception is far
from being resolved. Thesimplistic view of cortical neurons as \feature detectors" is by
itself not erroneous. We will show in this thesis how we can bild on a simple view of
Al as a feature detector to perform elaborate auditory functons, by taking into account
additional physiological facts to enhance our understandig of the cortical function. We
shall expand further on this topic in chapter 3.

Inspired from the computational role of cortical circuitry in auditory pattern recog-
nition, we adopt a model presented by Chiet al. [32] to mimic the functionality of central
auditory processing. The basis for this model is derived frm physiological data in animals
[49, 90, 91], and psycho-acoustical data in humans [31].

The model consists of a multi-scale Iter-bank representedby impulse responses
in the form of spectrotemporal Gabor functions [31]. Each lter is tuned to a range of
temporal (denoted ! , or rate) and spectral (denoted , or scale) modulations, with a
spatial impulse responsén.. (X; ¢; ¢) and temporal impulse responsey,. (t;! ¢; ¢). The
overall impulse response of each lter is then a \separable"spectrotemporal modulation
function RF , given as the product of a temporal and spectral marginal furctions (middle

panel of Figure 2.4):

O (i1 o) g(t;! ¢)cos ¢ +y(t; ¢)sin ¢

hee (X5 ¢ ) h(x; ¢)cos c+ﬁ(X; c)sin ¢ (2.2)

RF (X;'¢; ¢ o ¢ Oe (! er o)ihge (X5 ¢ )

This multi-scale multi-rate representation simulates the selectivity of cortical neurons to
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Figure 2.4: The cortical multi-scale representation of sound. The audiory spectrogram
of a speech sentence /right away/ (from Figure 2.2), spoken ® a male is analyzed by
a bank of spectrotemporal modulation selective lters. The spectrotemporal response
eld (STRF) of one such Iter (tunedto ! =4 Hz and = 1 cycles/octaves) is shown
in middle panel. The output from each Iter is computed by convolving the STRF with

the input spectrogram, to produce a new spectrogram as showim the right panels. The

panels show the magnitude response of 4 such lters.

spectral local shapes, rate movements of spectra, as well dgection of movement (upward

or downward) (right panels of Figure 2.4). The spectrotempaal response of each lIter to

an input spectrogram y(t; x) is given by:

rix;! e o o ¢ y(tx) xx RF (X e ¢ o ¢

y(t,X) Xt [gRF (t-I cr C):hRF (X; cr C)]
(2.3)

y(t;X) x [g:hcos ccos ¢+ gficos ¢sin ¢

+4:hsin ccos ¢+4hisin ¢sin ]

The output can be reduced to a 4 dimensional complex-valued ®&pping obtained from a

complex valued wavelet transform varying along time, frequency, spectral scale, temporal

rate. A functional description of the parameters of the cortical model is presented in [145].
Figure 2.4 illustrates the analysis stages through the muli-scale Iter-bank. The in-

put spectrogram is decomposed through the various Iters irio a four-dimensional complex-
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valued response (time, frequency, rate, and scale). Di eret views of this response can
be obtained by summing the outputs of all Ilters along one or more dimensions. The
magnitude of the output of 4 modulation selective lIters are shown in the right panels of
Figure 2.4. The fast lters (+32Hz,{32Hz) re ect the fast te mporal envelope in the origi-
nal speech utterance viewed through a 32 Hz lter, while the sow envelope dynamics are
captured by the overall patterns of the 8Hz Iter. We can also note the di erent patterns

in the upward vs. downward Iter responses, demonstrating the orientation selectivity of

the cortical Iter-bank model. The spectral patterns can also be observed at the output

of the 1 vs. 8 cycles/octave.

2.3 Neural receptive elds

As we try to understand how the world is represented in the bran, a natural step is to
characterize the selectivity of sensory neurons to externastimuli, since the main workload
of information processing in the brain is carried out by neuions [87]. Clearly, dierent
neurons respond variably to di erent stimulus patterns, and a functional description of
each cell's behavior is itsreceptive eld. A receptive eld is a description of the optimal
input that elicits the strongest response in a neuron. In thecase of auditory neurons, the
receptive eld is generally described as a two-dimensiona({spectral and temporal) func-
tional, called STRF (Spectro-Temporal Receptive Field), which acts as a time-dependent
spectral transfer function, or a frequency-dependent dynenical lter [47, 88, 138].

In general, biological systems fall in the category of dynarital systems whose input-
output transformation can be described by a possibly nonlirear dynamical functional F [:]
mapping the values of the input s at di erent time instants to a value of the output or

responser at the current time t [89]. Under assumptions of bounded input amplitude,
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r(tT i = JS(,%)* STRE(,x)dx

WWVA o

Figure 2.5: A receptive eld captures the optimal input that elicits the strongest re-

sponse in a neuron. The convolution of the receptive eld wih the spectrotemporal
representation S(t; x) of a stimulus captures the linear component of the responsef the

neuron r(t).

the functional F can be expanded into Volterra series components, as descel by the

eqguation:
r = F[s] = Vo[s] + Vi[s] + :::Vi[s] (2.4)

where, zZ Z
Vilsi)l= 00 vi( o q)s(t st )d d (2.5)

and the order n could be conceivably in nite. A Volterra expansion is a genealized
Taylor series for nonlinear dynamical systems [30]. Usingtis general framework of system
representation, the receptive eld of neurons is nothing bu a second-order Volterra kernel
(v2). v2 describes a linear system transforming the time-dependerautocorrelation of the
stimulus (or equivalently, a time-frequency representatbn of the stimulus), to the response
r(t) [88]. This kernel is named spectrotemporal receptive eld(STRF) (Figure 2.5).

STRFs have indisputably revealed a lot about the behavior ofneurons in the au-

ditory system, especially at the cortical level. They o er a straightforward quantitative
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linear description of the neurons' selectivity to speci ¢ gimulus patterns, and hence led
us to a better understanding of cortical processing. They hae, however, been criticized

from many shortfalls:

Linear model: When probed with more behaviorally relevant natural sound ensem-
bles, the linear STRF model proves to be an incomplete desgstion of response
properties of nonlinear auditory neurons [138], and fails & successfully predict re-
sponses to many natural stimuli. A success prediction rate ©110% [101] to 40% [128]

was typically reported for classes of natural sounds.

Lack of generalization: While the STRF model seems to give satisfactory results for
a large set of stimulus ensembles (ripples, modulated noiseandom tone pips, classes
of natural sounds, etc), it appears that comparisons of regative elds obtained from
di erent stimulus bases leads to striking di erence between the derived kernels [138].
STRFs have also been reported to lack robustness relative tstimulus perturbations,

such as use of background noise with natural stimuli [9].

Describing cortical dynamics: STRF models fail to capture various aspects of cortical
processing. If anything, they reveal a paradox in cortical g/namics, suggesting a slow
time constant for cortical processing, despite the known abity of A1 neurons for
temporal precision. For instance, STRF models cannot exple the sensitivity of Al

neurons to certain acoustic patterns, such as fast FM sweepd.13].

We shall explore some of these limitations in the following bapter, in our quest for a

better understanding of the auditory function and perception of sound.
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Chapter 3

Cortical timing paradox

The current knowledge of central auditory processing raise many questions related to
the neural basis of auditory perception and the physiologial foundation of auditory scene
analysis. The involvement of cortical circuitry in representing sounds as auditory ob-
jects remains to be investigated. Recent evidence suggestsrole of cerebral cortex in
scene analysis and auditory object formation (see review byNelken [112], and references
therein), but the dynamics of cortical processing have not leen carefully addressed in the
literature. To quote Nelken [113],\The issue of time constants is crucial for understand-
ing processing in Al... Studying the interplay between the icgrent time constants will
lead us to a better understanding of the operations perforngeby Al and therefore to a
more precise formulation of its role in the auditory pathway . In this section of the thesis,

we try to address some of these very critical yet unanswered ugstions. At what time
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constants do cortical neurons operate? Are these time conahts (or integration windows)
commensurate with the temporal dynamics of stream formatian and auditory grouping?

The physiological evidence accumulated over many decade$ mesearch shows that
temporal responses in auditory neurons are surprisingly siggish [39, 90, 107]. The upper-
limit of sustained locking to repetitive stimuli in A1 does not generally exceed 20 { 30
Hz [130]. Yet, the primary auditory cortex has been shown to ke capable of remarkable
temporal precision. Various studies have shown that A1 neuons respond very accurately
to sound onsets and rapid transients with precision of the oder of few milliseconds [5,
50, 51, 79]. Similar ndings have also been reported in othersensory systems such as
the visual [8], and somatosensory cortex [122]. This apparg paradox in time scales
has a perceptual manifestation in the so-calledresolution-integration paradox [48, 141].
Originally put forward by deBoer [46], this paradox addresss the contradiction in the
system's role in integrating information over long periodsof time, and yet being able to
maintain a rapid response and ne temporal resolution. Simgy put, how is it possible for
a system to be both slow and fast at the same time?

Our main interest for raising such questions is to explore tle computational strate-
gies that govern the cortical function. To do so, we re-exantie physiological data collected
from cortical neurons. We start by summarizing our basic ndings concerning the accu-
racy and extent of precise spiking in the primary auditory catex. Next, we compare
receptive elds derived from the envelope and ne structure of the stimulus, and explore
their relationship and their ability to account for the deta ils of cortical responses. Finally,
we examine whether synaptic depression and speci ¢ excitaty/ inhibitory mechanisms
can account for these ndings, and the possible functional elevance of the ne structure

in auditory perception. The work presented here has been puished in [61, 62].
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3.1 Exploring cortical dynamics

In addressing the resolution-integration paradox, reseathers have generally studied these
two phenomena separately using stimuli that tend to highlight one or the other. For in-
stance, cortical responses were entrained using amplitudand frequency-modulated tones
and noise, drifting gratings, and click trains [56, 99, 130] whereas transient responses were
evoked using tone onsets and dynamic dots [8, 79]. In this w&r we investigate the coexis-
tence of these two response properties in single-units of ghprimary auditory cortex (Al),
and explore their limits and characteristics with stimuli t hat combine both repetitive and
transient features. Understanding the interplay between hese time constants leads to a

better understanding of the role of cortical circuitry in perceiving and grouping sounds.

3.1.1 The stimulus space
Time-frequency space

The nature of sound is set by itsconjoint spectral and temporal attributes. Very often,
physiological investigations have assumed these two dimeipns to be processed indepen-
dently, and hence spectral response elds [129] and rate tung curves [91] have been
used as neural descriptors. It is becoming increasingly c that the combination of both
spectral and temporal sound properties, and not simply thei individual attributes, is im-
portant for auditory perception. The spectrotemporal domain is hence a natural choice
as a stimulus space. Not surprisingly so, as spectrotemporaepresentations are inherent
to the auditory system both anatomically and functionally.

We can best describe the time-frequency space in terms dfourier series [118], as
this latter is a natural analytic description of any dynamic spectrum. It works by decom-

posing a given sound spectrum into its constituent elementsy 2D Fourier components, as
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illustrated in Figure 3.1. Each Fourier element is a sine wae that is a function of both
time t and spatial location x, and is described as:Acosf2 (It + x)+ g. The spatial
axis x corresponds to logarithmic frequency, i.e.x = log2(f=f o), where fq is the lowest
frequency component of the signal. The elements (in Hertz, or cycles/second) and (in
cycles/octave) are referred to as temporal and spectral modlation frequencies (since they
re ect the modulation energy in the acoustic spectrum at the speci c frequencies! and
). Each individual Fourier component, termed ripple, is then associated with a unique
frequency modulation pair (!; ) and de ned by its peak amplitude A and phase (Figure
3.1 (A)). Just like pure tones (or single sinusoids) can repesent any nite-duration acous-
tical waveform, the 2D ripples can similarly decompose any eoustic spectrum of nite
duration and nite bandwidth into a unique set of ripple comp onents. Being a complete

basis set, the decomposition of any signab(t; x) is captured by its ripple content:
xR .
S(t;x) = a, @ (it 0ot il (3.1)

Stimulus parameters

Conventionally, cortical circuitry has been thought to encode sound envelopes. Previous
studies [47, 65, 108, 138], including work from the Neural Sstems Laboratory [49, 90, 88],
tried to characterize cortical responses in terms of their ensitivity to edges and patterns
of the stimulus pro le or envelope. Receptive elds of neurms (STRFs) have been derived
with a variety of stimuli: simple tone pulses [47], animal vccalizations [138], natural sounds
[101], white noise [80] and dynamic ripple [49, 108]. Irresgctive of the stimulus choice
or parameter space ( Iter-bank output [138], spectrotempaal envelope [65, 88], Wigner

distribution [58]), these studies have all used some form ofepresentation of the sound
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Figure 3.1: Schematic of stimulus spectrotemporal space(A) A ripple pro le with modula-
tions f4Hz,0.4 cycles/octavey appears as a single element in a 2D Fourier transform (red sgue

in the right panel). Ripples are basis functions for the spetrotemporal space. (B) TORC stim-

uli have a more rich envelope (leftmost panel), but is only ca ned within the & space. We
only show the Fourier decomposition of the TORC pro le, but clearly the noise carrier (middle
panel) contributes to the TORC energy outside the E region. (C) A \complete" spectrogram

of a general sound lIs in the entire spectrotemporal Fourig space (rightmost panel).
spectrum (or dynamic envelope) in the time-frequency space

In contrast, the current study tries to use the entire time-frequency space described

above as working ground for de ning the stimulus set. It expands the stimulus represen-
tation beyond the envelope pro le of the stimulus, to also canprise the fast dynamics of
the sound, including the interplay between the envelope andhe carrier of the stimulus.

We therefore formalize the description of the stimulus in tems of two main regions in the

time-space domain:
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The stimulus prole: The stimulus pro le is a steadily drifting spectral envelope,
moving at various slow rates [61, 88]. This stimulus, calledTORC (Temporally-

Orthogonal Ripple Combination), consists of a linear sum ofindividual ripple ele-

ments with ! 2 4,8,...,2499 Hz,and ;2f 0.2, 0.4,.., 1l.4gcyc/oct. These
two parameters de ne the region FE in spectrotemporal space (Figure 3.1). This
region spans a range of spectral and temporal modulations gwviously shown to elicit
phase-locked responses in Al [90, 91]. Sounds extended o¥eto 3 sec in time with

a periodicity T =250ms, and spectral bandwidth X =5 octaves.

The stimulus ne structure: Beyond region E, the stimulus is de ned by its noise
carrier, which once transduced through the cochlear hair cés, creates frequency
beatings that mostly de ne the content in region F (Figure 3.1). The region F is
harder to formalize by design, since it depends on a realizain of white noise with
random-phase tone components, as well as the mechanics ofabdear ltering. In
this study, we use the model described in chapter 2 to mimic aglosely as possible
the e ect of biological peripheral processing. The nature ¢ the noise carrier used in

this study came in two variants:

1. A white noise carrier consisting of 501 random-phase torsg equally-spaced

along the tonotopic frequency axis, and spanning a range of bctaves, or,

2. a broadband carrier with harmonically-spaced tones, als spanning a 5 octaves
range. The harmonic fundamental frequencies used in the exgiments spanned

the range (25-200) (Hz).

Throughout this study, all stimuli shared a common (logarit hmic or harmonic) car-

rier consisting of the same instance of frozen broadband nsé. As mentioned earlier, a
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Figure 3.2: Schematic of the stimulus envelope and ne structure. Left, a ripple stim-
ulus (4 Hz and 1 cycle/octave) is given as input to a cochlear lter-bank. Middle, the
time waveforms of the lter outputs (auditory spectrogram) show an overall pattern of
a 4 Hz drifting spectrogram, with detailed fast uctuations . For display purposes, the
output of each lter is half-wave-recti ed to reveal better the uctuation patterns in the
spectrogram. Right, top, the output of the 1 kHz channel reveals the 4 Hz envelope
modulating a faster carrier. Middle trace, View of the chanrel output at a higher magni-
cation reveals a 1 kHz carrier with a rapidly uctuating env elope or ne structure (red
curve). The ne structure is caused by interactions betweenthe tones that fall within
the bandwidth of the 1 kHz lter. Bottom trace, A more detaile d look of the modulated

output of the 1 kHz lter.

byproduct of cochlear ltering is the creation of amplitude -modulated complex waveforms
arising from the beating or interaction between the carriertones that fall within the pass-
band of the lters. These complex waveforms are called thene structure of the stimulus
[61]. They can be extracted by a Hilbert transform of the Ite r output [115], as shown by
the red trace in Figure 3.2. The dynamic range (rate of uctuation) of the ne-structure
waveforms increases as the cochlear Iter bandwidths becombroader at higher frequen-
cies. Note that the ne-structure waveforms depend solely o the carrier of the ripple
(or TORC), and are independent of the global envelope. Becase we constructed all our

stimuli with identical carrier tones, their ne-structure waveforms are identical.
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3.1.2 Cortical response properties

Using TORC stimuli, we examine properties of neuronal respases collected extracellularly
in the primary auditory cortex (Al) of ferrets ( Mustela putorius). The data analyzed in
this work was collected in the Neural System Laboratory in the context of various studies
[49, 60, 69, 70] from a total of 8 domestic ferrets. Three of thse ferrets were anesthetized
during the experiments (full procedural details in [132]). The remaining ve ferrets were
used for awake recordings. Among the 5 animals used for the ake experiments, three
ferrets were awake but were not trained on any behavioral tak, while the remaining two
were trained to perform an acoustic detection task while therecording was in session
[70]. Tungsten electrodes (5-7 M) were used to record singt and multi-unit responses at
di erent depths. To isolate single-unit responses, we empulyed both automatic [96] and
manual o -line spike-sorting procedures.

The data-set was based on cortical recordings from a total 0918 single units (37%
from anesthetized animals). The awake recordings were typally characterized by a more
vigorous ring rate; but apart from this di erence, our anal ysis and ndings apply to both
anesthetized and awake conditions, unless otherwise stade Most units encountered in
both anesthetized and awake recordings responded in a susteed fashion to the TORC
stimuli as illustrated by the 1 sec response rasters for thewo example neurons in Figure
3.3 (Each point in the raster plot corresponds to an action paential, or a spike). The
responses exhibit simultaneously two patterns of phase-tiking. First, they are phase-
locked to the TORC envelopes, as evidenced by the changing ster display from one
TORC to the other. Second, the spikes are also precisely loekl to the ne temporal
patterns, common to all TORCs, giving the appearance of verically aligned episodes

in the raster plots across two or more TORCs. This dual pattem of locking explains
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Figure 3.3: Rasters of Al responses: Cortical responses of two singleitsiin Al of an
anesthetized (left) and awake (right) animal. Each raster cepicts repeated responses to
four di erent TORC stimuli. The bottom panels depict the PST Hs computed by aver-
aging the responses to repetitions of all TORC stimuli presated to that neuron. The
precision of the time of occurrence of spikes can be judged kipeir vertical alignment.
The PSTH contains frequent large peaks, indicating the occtrence of spikes at those
instants in response to many of the TORCs. The TORCs in the right panel are com-
posed of harmonically related tones (H-TORCSs) with a fundanental frequency of 48 Hz.

Therefore, the PSTH displays regular peaks locked to the 48 B fundamental.

the disappearance of the vertically aligned episodes in soenTORCs. This can be seen
more easily in the left panel of Figure 3.3 where the harmonicTORC elicits responses
locked to the fundamental frequency (48 Hz) of the harmonic equence that makes up the
TORC carrier (and hence its ne-structure). The histogram in the bottom of Figure 3.3
(right panel) accumulates responses over all repetitions foall TORCs, and illustrates the
regularly-spaced 48 Hz peaks due to the periodicity of the re-structure. Note that while
all raster spikes tend to occur at the regular 48 Hz intervals they are completely missing
in some TORCs, seemingly because the TORC envelope gates tlecurrence of the spikes

as we shall discuss later in more detail.
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3.1.3 Temporal resolution of cortical information

The reliability of the neural responses observed in Al is diectly related to the stimulus-
speci ¢ information carried by sensory neurons. This infomation could be encoded at
any temporal resolution driven by very di erent temporal pa tterns in the input sound. To
explore the temporal resolution of the neural code, we use aidkct approach that relies
on statistical properties of the neuronal responses them$ees. This analysis involves only

comparisons of spike trains with no reference to speci ¢ sthulus parameters.

Spike correlation methodology

The temporal resolution of neural responses is re ected inwo major parameters: (1) how
reproducible each spike train is (i.e., is the same spike caol reproduced from one trial
to the other), and (2) how accurate is the neural response at di erent trials (how nuch
jitter exists in the reproduction of each spike?). To addres these questions, we de ne
an across-trial spike train correlation function from the neural responses of each neuron.

Such function is described by the equation:

2 MN X

r¢)= m rii () (3.2)

i=1 j<i

for M stimuli and N trials of each stimulus, and wherer;; ( ) is the cross-correlation
between thei™ andj™ response traces. E ectively, this equation describes thearrelation

of the response to each TORC sound with responses to (about 1@epetitions of the same
stimulus, as well as responses to all other stimuli (a total 6 30 stimuli). While Equation

3.2 hints to intense computations (about 45,000 correlatio operation for M=30 and N=10

on average), it can in fact be implemented in a greatly simplied way by taking advantage

of the fact that each spike train is a binary signal (a sequene of 1's -spikes- and 0's -no
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spikes-). In this study, the correlation function for each neuron was computed over a
window of  100ms, with a spike resolution (bin-size) of 1ms.

Using the correlation function de ned in Equation 3.2, we would like to extract
parameters that re ect spike-timing jitter and spike repro ducibility. To do so, we derive
an analytic correlation function based on a model of Poissormtorrelations [119]. Assuming
that each spike train is a realization of a Poisson-point praess, its correlation function is
givenby: ()= 2+ () ([119], pg. 287). The parameter corresponds to the spike-
rate of the process. By modelling spike jitter as a normal difibution with parameter

, We can replace the delta function in ¢)( ) by a Gaussian function. Additionally, we
introduce a variable to control the area under the normal distribution. , which varies
between 0 and 1, re ects the probability of spike reproduciklity (1- corresponds to the
probability of spike deletion). A probability  equals 1 indicates a Gaussian distribution
with a total area of 1, and thus perfect reproducibility of spikes. As approaches zero,
the probability of spike reproducibility decreases, and thus, the peak of the correlation
function is reduced. Therefore, the overall analytic modelto t our correlation function

is depicted in Figure 3.4, and captured by the equation:

N)= 2+ pse =2 (3.3)
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Spike correlation results

We t the data function r( ) (eq. 3.2) with the Poisson-based modelr () (eq. 3.3),
and extract the parameter triplet ( ; ; ) for each neuron. These parameters are direct
correlates of the extent and accuracy of cortical phase-lddng to the TORC ne-structure.
The range of values observed over our data set is illustrateth Figure 3.5. Over 63%
of anesthetized and 77% of awake recordings exhibited presg locking of less than 10ms
accuracy ( 10ms). Note also that the awake population exhibited on aveage higher
precision ( mean Of 18.7 vs. 11.7 ms in the middle panels of Figure 3.5). The digbution
of the spike reproducibility parameter ( ) was biased towards 0 under all experimental
conditions (Figure 3.5, left panels). This is partly due to the fact that envelopes of di erent
TORC stimuli are uncorrelated; and hence spikes are suppregd (gated out) di erently
from one TORC response to another. Therefore, computing a avelation function across
responses to all stimuli would exhibit a reduction of spike eproducibility. Finally, the
spike rate in the awake population was expectedly [60] sigréantly higher than in the

anesthetized ( mean Of 18 vs. 9 as indicated in the left panels of Figure 3.5).

. ... Figure 3.5:  Distri-
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3.2 Modelling cortical responses

So far, we have shown that the primary auditory cortex can respond precisely not only
to sound onsets, but also to rapidsustained stimuli with precision of the order of a few
milliseconds. This precise spiking to the ne structure of long-duration stimuli appears
to be contingent on the presence of relatively slow modulatins of the stimulus spec-
trotemporal envelopes that can e ectively excite the cortex. By using a specially designed
acoustic stimulus (the TORC), we can model the system propelies that give rise to these

responses.

3.2.1 Dening a piecewise linear model

We start by outlining the methodological basis for modelling the dynamical system un-
der study. The key strategy of our analysis is to approximatethe nonlinear mapping
between sensory inputs and cortical neural responses by a ltection of piecewise linear
systems[117]. Conventionally, STRFs (Spectrotemporal receptive elds) have been used
to describe thelinear relationship between the neural response of a unit and the dyamic
spectrum (time and frequency-dependent energy) of a stimuls. Various studies using the
STREF technique have tailored it to characterize the respone sensitivity of neurons to the
stimulus modulation pro le (or spectrotemporal envelope) [49, 108, 129]. The choice of
this approach was motivated by physiological evidence relking cortical neuronal responses
to the modulation frequencies of a stimulus pro le.

In this work, we wish to expand the STRF-based technique to eplore the time
constants of cortical neurons. We base our analysis on the #pry of piecewise linear
(PWL) systems. PWL is a system identi cation technique which approximates a nonlinear

dynamical system via multiple linearizations at di erent o perating points [98]. A classic
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approach in PWL system identi cation is to choose a priori de ned griding of the input

space to de ne linearization regions [19, 86]. Within each egion in this grid, a linear
approximation of the system is applied around a di erent operating point. Here, we follow
the griding theory introduced by Billings and Voon [19], where the input space is divided
into rectangular sets with sides parallel to the coordinate axes. This approach ts in

nicely with our analytic description of the ripple space in terms of its Fourier components
(Figure 3.1). The linearization can then be performed on edgs sub-region of the ripple

space (envelope and ne structure), as we show next.

3.2.2 Cortical functions with dual operating-point

The choice of the griddingf g; gg of the stimulus space comes as a natural choice
re ecting both our stimulus construction methodology, as well as the de nition of a PWL
model. In order to capture details of cortical encoding of bth the stimulus envelope as
well as its ne structure, these two regions in ripple space & de ned as the two operating
points for linearization of the system functional F [:] (Equation 2.4). Within each stimulus
partition, we employ standard linear techniques, namely the STRF approach through

reverse correlation [57]. Mathematically, the STRF is de ned by the equation:

Z
Nin =  S(t;x) ¢ STRF(t;x)dx (3.4)
where the linear component of the ring rate rj, (t) is described by a convolution in
time (t) and integration over logarithmic frequency (x) of the spectrotemporal stimu-
lus representation S(t;x) and the STRF(t;x). Most STRF measurements are made by

reverse-correlating (or convolving) the stimulus spectrgram with the responses of the cell:

zZ z Z
STRF(tx)=  dt dx® dt™ (t;x)S(t® t%x9r(t9 (3.5)
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whereM (t; x;t%x9 = RdtOGZS(t00 t:x)S(t% t%9%9 is the spectrotemporal autocorrelation
of the stimulus.

In this study, we de ne two linear functionals describing th e linear processing in the
two partition E and F, and corresponding to two linear functions STRFF and STRFF.
Such estimates try to map di erent stimulus regions, and thus they di er in the choice of

the stimulus representation S(t;x). The two STRFs derived in this case are:

1. STRFE (for Envelope), which uses the stimulus pro le or spectrotanporal envelope
for reverse correlation (see Figure 3.6(A)). In this case, e stimulus autocorrelation
function (M (t;x;t%x9 in Equation 3.5) is straightforwardly de ned in the Fourie r
domain; as explained in detail in [88]. Note that the supersdpt \E" is used to easily

identify the STRF measured from the stimulus envelope.

2. STRFF (for Fine structure), which captures solely the spectrotenporal patterns in
the stimulus ne structure that selectively drive the neuron (independently of the
stimulus envelope). In this case, we use ne-structure proles (see Figure 3.6(B)) as
a stimulus trigger for reverse correlation. These ne-striucture pro les are obtained
by averaging the complete pro les of all TORC stimuli. In thi s case, the stimulus
autocorrelation is not trivial: it is approximately a perio dic delta function in t  t©
whose period depends ox and x° (Figure 1 in [61]). Approximating it as an exact
delta function (the standard autocorrelation) gives the carect STRFF but with an

occasional periodic artifact at high spectral frequencies

These STRFs reveal the di erential selectivity of cortical cells to these two sources
of information in the acoustic stimulus. The relationship between STRF and STRFF

re ects the interaction between cortical slow and fast dynamics. To further explore this
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Figure 3.6: Schematic illustrating the use of reverse-correlation to érive STRFs. Top,
Trace of a neuronal responseA{C , Three spectrotemporal representations of the TORC
stimuli. In all three cases, the stimulus pro les precedingthe occurrence of action po-
tentials are averaged. Because the stimulus time evolvesdm left to right, the actual
spike-triggered average is a stimulus spectrogram represted from -250 to 0 ms, where
0 ms corresponds to the actual occurrence time of the spike. e nal STRF is a time-
reversed average stimulus spectrogram, in which the time as is ipped and the STRF

can then be interpreted as the receptive eld of the neuron.

point, we can also employ a complete linearization of the syyem. We hence use a stimu-
lus representation S(t; x) that covers the entire stimulus space, and use it to derive \hat
would be a rst order linear approximation of the entire system. Such functional is termed
STRFC and uses a Complete spectrotemporal representatios(t; x ) of the stimulus includ-
ing both its envelope and ne-structure patterns (see Figure 3.6(C)). This spectrographic
representation of the stimulus captures both its envelope gnamics, which are comparable

with the envelope pro le in Figure 3.6(A), as well as the stimulus ne temporal structure,
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created by the interaction of the TORC carrier tones during the ltering process. In this
case, the stimulus autocorrelation is a complex combinatin of the envelope autocorrela-

tion and ne-structure autocorrelation (Figure 1 in [61]).

Interplay of the two STRF operating points

One way to relate these three STRFs is to use an estimate of thetotal power de ned as:

P=— STREF(t; x)dtdx (3.6)

By contrasting the total power Pt in the STRF® over the entire ripple space, to the
power Pg of the STRFC in partition &, we can estimate the contribution of the envelope
patterns to the total response represented by STRE. Such contribution is captured by
the ratio Pg = Pg=Py. The remainder remainder of the power (1 Pge) is ascribed
to the faster modulations of the STRF" . Clearly, this estimate assumes the two ranges of
STRFE and STRF™ modulations are mutually exclusive, and hence ignores thealatively
small contribution of the ne structure to the slow modulati ons in the STRFE range.
Nevertheless, this approximation is adequate for our purpees, and we will assume that the
STRFC is composed of a linearly weighted sum of STRF and STRFF in the proportions

of their power estimates ( P, and 1 P. ) (see Figure 3.8):

C
STR I:predicted

P.:STRFE +(1 P.):STRFF
(3.7)

<STRF ¢;ST RF&edicted >

A robust linear behavior of the STRFs would result in STRFC predicted being similar to
the measured STRFF. We use a correlation coe cient [119] as a measure of similaty

between the original STRF® and STRFgredicted. The correlation coe cient  takes values
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between +1 and -1, with +1 indicating a perfect match betweenthe two STRF measures.
The correlation puts our assumption of linearity to the test, and shows how much of the

STRFC power is captured by a linear sum of the powers in STRE and STRFE.

3.2.3 Cortical receptive elds
STRF examples

STRFs in Al exhibit a wide range of shapes and forms, re ectiig the immense variety by
which Al units process and integrate various stimulus featues along the spectrotempo-
ral dimensions. Figure 3.7 displays several examples of regtive- eld triplets (STRF E,
STRFF, and STRF®) obtained for di erent neurons. Generally, the STRFC displays fea-
tures that are prominent for both the STRFE and STRFF, depending on the contribution
of each to the total power. The value in the lower right cornerof each STRF and STRFF
indicates its estimated contribution to the overall STRFC of that neuron, as captured by
the values of Pg and 1 Pe. Apart from the center frequency of the STRFs, we found
no obvious relationship between the shapes of the STRF and STRF.

The left column of Figure 3.7 shows a selection of neurons chacterized by the large
contribution of envelope features to their overall STRF®, and hence the close similarity
between their STRF® and the STRFE. Figure 3.7(A) is a classic example of a broadband
o set unit, which preferentially responds to the o set of a stimulus over a wide frequency
range. The broad tuning of this unit explains the weak contribution of the STRFF because
integrating from a large number of cochlear channels resu#t in a complex waveform that
is weakly correlated with any particular channel. Figure 3.7(B) illustrates an example of
a spectrotemporally rich STRF with a similar STRF ©. The STRFF here is rather simple,

completely lacking the inhibitory elds of the STRF E. Finally, Figure 3.7(C) depicts an
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Figure 3.7: Examples of STRFs, with gradually increasing contributions of ne structure
(from 5 to 40%). Each STRF triplet in each row corresponds to he STRFF, STRFF,
and STRF® derived for one neuron. An estimate of the contributions of IRFE and
STRFF to the total power of the STRFC is indicated in each panel. Each triplet is
individually scaled to span the full range of colors in the céor map. The ne-structure
characteristics of the cells shown in this gure are as follavs: (A) : 3.9 spikes/sec, :
10 ms, : 0.16, Pg: 94%;(B) : 10.7 spikes/sec, : 10 ms, : 0.07, Pg: 92%;(C)
: 27.5 spikes/sec, : 1 ms, : 0.01, Pg: 91%;(D) : 8.84 spikes/sec, : 4 ms, : 0.3,
Pe: 88%;(E) : 10.3 spikes/sec, : 1 ms, : 0.05, Pg: 74%;(F) : 12.8 spikes/sec,
:1ms, : 0.03, Pg: 61%.
example of a high-frequency cell, with a simple excitatory eld at about 8 kHz. The
STRFE shares very similar features with the STRF, with the exception of the much
faster temporal dynamics in the latter. The periodic structure of the STRFF is a result
of the fact that the TORC carrier tones near 8 kHz are approximately equally separated
within the narrow bandwidth of the STRF B, hence creating a pseudo-periodic carrier
waveform whose autocorrelation is also periodic.
The units depicted in the right column of Figure 3.7 are highly in uenced by the ne-
structure features, because they all exhibit a relatively high contribution of the STRF F
to the overall response (i.e., lower Pg values). Figure 3.7(D) illustrates an example of

change in temporal dynamics in response to the stimulus ne sucture. The STRFF of

this unit shares the excitatory eld with the envelope-based STRFE at about 500 Hz,
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but its temporal extent is much more narrow, and lacks any inhbitory surround. The
example in Figure 3.7(E) illustrates a unit with very rapid t emporal selectivity for the
STRFF. Finally, Figure 3.7(F) is a striking example of the independence of the fast and
slow temporal features in cortical STRFs. The STRFF of this unit exhibits two excitatory
elds surrounding an inhibitory region near the best frequency (BF) at 1 kHz. However,
its corresponding STRF indicates a speci ¢ selectivity to particularly fast oscillatory
temporal patterns (at about 150 { 200 Hz). This selectivity is re ected in the consecutive
excitatory and inhibitory elds in the STRF F (about 2 kHz). In turn, this pattern strongly
dominates the STRFC. Note, however, that despite the similarity of the STRFF shapes of
the di erent neurons in Figure 3.7(E,F), their corresponding STRFEs are very di erent,

demonstrating again the independence of these two source$ mformation processing.

Relating the two functions

We examined the response elds that emerge when taking into ecount neuronal responses
to the envelope alone (STRF), ne structure alone (STRF F), or the combined features
(STRFC). These STRFs (Figure 3.8(A)) reveal the di erential spectrotemporal selectivity
that cortical cells exhibit to these two sources of informaion in the acoustic stimulus, as we
will discuss below. Figure 3.8(A) illustrates an example ofan STRF triplet derived from
the responses of one neuron. To demonstrate the relationghibetween these three STRF
descriptions, we computed the proportion of the power contibuted to the STRF€ by the
envelope and ne-structure sources. The two-dimensional &urier transforms of all three
STRFs of this neuron are shown in Figure 3.8(A). The black boxdelimits the energy region
spanned by the TORC envelopes. By construction, the envelop-based STRF is de ned

only over the range E, and thus contains no energy outside this area. In contrastthe
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Figure 3.8: Example of an STRF triplet of a neuron and its signi cance. (A) The three
STRFs (STRFE, STRFF, and STRF®) of a neuron, depicted both in the time-frequency
and Fourier domains. The black box delimiting a subregion ofthe Fourier domain marks
the range of spectrotemporal modulations spanned by the TOR stimuli (area E).
The ne-structure characteristics of the cell shown in this gure are as follows: : 17.8
spikes/sec, : 3.5 ms, : 0.02, Pg: 80%. (B) Estimating the contributions of the
envelope and ne structure to reconstruct the STRFC. (C) Top, Distribution of the
correlation coe cient relating the STRF © to its prediction using Pg (Equation 3.7).
Bottom, Distribution of values of Pg observed in our data set. (D) Scatter plot of
Pe variations as a function of breadth of tuning of the STRFE. The solid curve is the
best exponential tto the means of the data within  3.5% around each Pg. The mean

points are shown as asterisks.

ne-structure spectrograms include both coarse and ne tenporal and spectral patterns,
and thus the energy content of the STRF spreads over a wider range of spectral and
temporal modulations.  Pg is computed from this representation as the ratio of the
power within the box to the total power. For this neuron, Pg = 0:8, which results in a
predicted STRFC (Figure 3.8(B)) that strongly resembles the measured STRFE (Figure
3.8(A). Such resemblance has been observed for most units ah exhibited highly precise

responses, and for which we successfully derived an STRFabout 70% of units). This
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result supports the notion that the linear component of responses in Al is very robust
and strongly captured by the STRF descriptors. Figure 3.8(CQ shows the distribution
of correlation coe cients between the STRFC and the linearly predicted complete STRF
derived from all units. The distribution indicates a high degree of correlation, with mean
coe cient of +0.83 con rming the high degree of linearity in Al responses, and thus
suggesting anindependenceof the expression of envelope and ne structure in cortical
responses. The range of values of Pg found in all units is shown in Figure 3.8(C). This
distribution is biased toward higher values of Pg, indicating that the majority of units
are driven primarily by their responses to time-varying spectral envelopes. This result
is consistent with the accepted notion that Al is particularly sensitive to slowly varying
modulation patterns [49, 56]. Nevertheless, over half of &lcells exhibit a signi cant
contribution ( 25%) to their STRFC from the ne-structure modulations, indicating that
regular regular envelope-based STRF measurements are insient to capture all relevant

spectrotemporal features of their response elds.

Responses to harmonic complexes

In 117 units, we recorded cortical responses using harmoniBORCs(also called H-TORCs)
as well as regular TORCs. Because of their regular structureharmonic TORCs evoke pe-
riodic phase-locked responses that re ect the fundamentafrequency of the stimulus car-
rier. Therefore, it is particularly easy to discern visually and computationally the degree
of neuronal locking to ne temporal structure of the stimulus. For instance, one simple
indicator of locking to the ne structure is the prominence of the Fourier coe cient at
the fundamental frequency, computed from the Fourier trandorm of the average PSTH of

all harmonic TORC responses. Recall that taking the averagePSTH eliminates locking
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Figure 3.9: Harmonic TORC responses. (A) Fourier transform of PSTHs of three

neurons. Each neuron was tested with a di erent harmonic seles, as indicated by the

fundamental frequencies marked by the red arrows. All threeneurons exhibit noticeably

salient peaks at the fundamental component, and some of thepper harmonics. (B,C)

STRFE s estimated using regular TORCs (left) and H-TORCs (right) for di erent neu-

rons. The STRFE pairs are very similar, with correlation coe cients of +0.9 2 and +0.91.

The ne-structure characteristics of the cells shown in(B) and (C) are as follows: (B)

. 45.6 spikes/sec, : 3 ms, : 0.2, Pg: 93%;(C) : 20.3 spikes/sec, : 8.5 ms,

0.01, Pge: 90%.
to the TORC envelopes, because these are uncorrelated acsosli erent TORCs. Figure
3.9(A) shows examples of this spectral analysis from 3 unitsThe red arrow points to the
peak corresponding to the spectral component (Fourier coecient) at the fundamental
frequency used in the stimulus. All 3 units have strong lockng to the harmonic funda-
mental frequency, up to 200 Hz. Of the 117 neurons tested, appximately half displayed
noticeable locking to their harmonic fundamental frequeng (over the range 25 { 200 Hz).
This nding is remarkable for Al units that are generally inc apable of following sustained

temporal modulations beyond 20 Hz.

We exploited the fact that the harmonic TORCs and regular TORCs stimuli share
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the same envelope structure to extract and compare their erslope-based STREs. The
goal of such a comparison is to determine whether cortical pycessing of the envelope
is a ected by the exact nature of the ne structure of the stimulus. Figure 3.9(B,C)
demonstrates that the STRFEs derived from either type of TORC are very similar for
both units. Such similarity has been observed for all units br which we recorded a full
set of TORCs and H-TORCs to derive a pair of STRFFs using both types of stimuli.
In all these cases, comparing the STRF obtained from TORCs and harmonic TORCs
indicates a high degree of correlation between the two, withall correlation coe cients
greater than +0.5, and mean +0.75. This nding strongly supp orts the notion that the
cortical representation and processing of the envelope anthe carrier do not seem to
in uence each other substantially.

We will next explore the hypothesis that the envelope resposes play a modulatory
role for the expression of the fast ne-structure responses Finally, note that it is not
possible to obtain an STRF from H-TORC responses because all ne-structure patterns

are at the same fundamental frequency.

Prediction of Al responses

To illustrate directly the contribution of each of the STRF B, STRF®, and STRFF to the
description of the unit responses, we compared the actual sponses to the TORC stimuli
to those predicted using the STRFs. This is a common approachused previously to
validate the linearity assumption underlying the de nitio n and computation of the STRF
[49, 90, 138]. We expected that the STRE would predict a smoothed version of the PSTH
of TORC responses, whereas the STRF would predict a more detailed waveform that

includes the ne structure. Figure 3.10 illustrates plots of the response of a cortical unit
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Figure 3.10: Comparison of actual and predicted responses to 48 Hz H-TORE Each
plot illustrates a 250ms period histogram of the responseskResponses (blue) and predic-

tions (red) demonstrate the gating of the ne-structure peaks (arrows) by the responses

to the envelope (dashed line).

to H-TORCs along with the prediction of this response using he STRFE and STRFC.
The arrows mark the anticipated locations of the ne-structure peaks because the carrier
tones are multiples of a 48 Hz fundamental. As expected, theqedictions demonstrate that
the envelope waveform e ectively gates or modulates the exfession of the ne-structure
peaks. Thus, when the predicted response to the envelope isngall, the ne structure
diminishes; when the response to the envelope is large, theepks are well expressed in the

PSTH.

3.3 Neural mechanisms

Why do dynamics of cortical responses dier from those obsared in the thalamic in-
puts? Speci cally, why do repetitive stimuli fail to elicit synchronized responses in Al
much beyond 20 Hz, a decade lower than typically found in the MGB? Such a signi cant

slowdown is apparently not caused by simple global low-pasdtering of thalamic inputs

47



because cortical cells are transiently still able to encodéaithfully the rapid ne structure
of the stimuli. Two potential mechanisms are examined herepoth known to be operative

at the thalamocortical synapses and input layers of Al.

3.3.1 Synaptic dynamics

The rst mechanism is the depressive character of the excitiory thalamocortical synapses.
When subjected to continuous or rapid stimulation, these syapses become temporarily
depressed/weakened as the supply of transmitter is exhaued. If the stimulus (thalamic
input) is transiently turned o or reduced, the synapse can recover its strength in time
for the next input. The potential rate at which the recipient cortical cell can respond to
its uctuating thalamic input depends critically on the dyn amics of this recovery phase.
Computational models of synaptic dynamics are readily avdable in the literature
[26, 29, 34, 139] and used to simulate responses in many cadi modalities including
the auditory and visual cortices. They model well known expeimental and theoretical
ndings that cortical responses phase-lock well up to 15{20Hz and are generally incapable
of following much more rapid sustained periodic stimuli [56 78, 90, 111, 130]. For instance,
model responses diminish in amplitude gradually as the inptipulse rate increases beyond
15 Hz. At lower rates (<2 Hz), the onset response to each input pulse becomes highly
accentuated, and simultaneously, the response to the bodyfdhe pulse becomes relatively
suppressed (upper panel of Figure 3.11(A)). Nonethelessesponses of depressing synapses
maintain the fast carrier of the stimulation, even as the oveaall response level drops. Using
a slowly modulated stimulus, the response -while followinghe slow envelope dynamics in
the input-, occurs with a pattern dictated by the fast carrier. In fact, the carrier patterns

are particularly prominent at the onsets of the modulation pulses, and hence any spikes
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Figure 3.11: Modelling dynamic synapse mechanisms(A) Dynamic synapse model in-
put (presynaptic stimulus) and output (postsynaptic responses) to various modulations
of a 200 Hz click train. Each row corresponds to the model reggnses to an unmodu-
lated 200 Hz click train, 5-Hz-modulated click train, and TORC-modulated click train,

respectively. The dashed line across the postsynaptic outgg panels represents the r-
ing threshold. The simulation results of this gure are based on a model by Tosdyks
et al. [139]. (B) Transfer function of the single dynamic synapse model in rgsonse to

click-train stimuli.

that might be initiated by these onsets would likely re ect t he timing of these peaks
(Figure 3.11(A), middle and lower panels).

Such a scheme amounts to a net input-output transfer function with a band-passed
shaped (Figure 3.11(B)), even though the dynamics of the modl are inherently nonlin-
ear. These nonlinear mechanisms guarantee the co-existemof slow and fast response
patterns. Thus, when the (intracellular) response to the emvelope is high, the ne struc-
ture associated with it rises and hence may exceed the spikinthreshold causing precisely
phase-locked action potentials to occur. Therefore, the aitity of the model to respond to
the ne structure is contingent on its ability to respond to t he slow envelope, as they are
the ones who gate the expression of the ne-structure peaksyballowing the synapses to

\recover".
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3.3.2 Cortical circuitry

Depressing thalamocortical synapses are only one part of aomplex cortical circuitry
that involves co-activated excitatory and inhibitory in u ences that impinge on thalamo-
recipient cortical cells. In fact, it has been postulated that such interactions, coupled
with slow NMDA synapses, are themselves responsible for ending the cortex with its
characteristic dynamics and temporal tuning [82, 92, 106].The question therefore arises as
to whether a simple model circuit of an excitatory thalamocatical input and a concurrent
slower, intra-cortical, feedforward inhibitory input cou Id give rise to the type of dynamics
observed in the cortex.

We know from physiological evidence that strong, feedforwed, slightly delayed,
and longer-lasting inhibition arrives after the onset of a persistent excitatory input. This
inhibition reduces or suppresses the response, thus givimse to the commonly seen phasic
response at the onset of a stimulus. By slowly modulating theinput strength (<20 Hz),
one can alter the relative phase of the inhibition and excitdion, and hence reduce the
mutual cancellation and increase the response. As the modation rate is speeded up, it
induces sustained inhibition that attenuates the responseagain (Figure 3.12(A)).

Clearly, both synaptic depression and cortical circuitry can both individually act as
a plausible neural mechanism that could explain the temporhparadox observed in Al.
These two mechanisms do not have to be mutually exclusive, ahcan co-exist together.
Regardless of whether they act individually or together, they give rise to a net transfer
function with at a tuning around 5{15Hz (Figure 3.12(B)). Th e function has two main
features: (1) a band-pass shape, which captures the tuning observed in dical responses,
as well as the low responsiveness to at un-modulated stimaj and (2) while tuned to a

particular modulation range, it extends to much faster dynamics, explaining the presence
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Figure 3.12: Modelling mechanisms of cortical interactions. (A) Schematic of cortical
interactions between fast excitatory input (possibly thalamic input), and slow cortico-
cortical inhibition. (B) Transfer function of the excitatory/ inhibitory cortical ¢ ircuit
with static weights, as well as the individual excitatory and inhibitory components (H¢

and H;).

of precise timing in sustained cortical responses.

3.3.3 Emergence of cortical STRFs

Although synaptic depression and feedforward inhibition have been implicated and mod-
elled to varying degrees at several sites along pre-cortitauditory pathways [105, 114],
they are ubiquitous in all sensory cortices. This may explan the signi cant (order of mag-
nitude) mismatch between the dynamics of the thalamus (medal and lateral geniculate
nucleus) and cortex. It is therefore quite likely that the specialized processing of the spec-
trotemporal envelopes, as parameterized by the (envelopbased) STRFF, is an emergent
property exclusive to the cortex. In this new light, the STRFE and STRFF can be viewed
as representing two distinct sources of information procesing. The STRFE re ects the
explicit cortical extraction and processing of the stimulus spectrotemporal envelope and
the information it conveys. In contrast, the precise spiking (phase-locked to the input ne

structure) represents temporal dynamics inherited from pre-cortical stages [52, 94]; thus,
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the STRFF measured from these precise rings provides a window to the sectrotempo-
ral nature of the thalamic inputs to the cortex. The dierent origins of the STRFE and
STRFF explain the apparent independence between their shapes, ahown in Figure 3.7.
Precise, rapid, and sustained spiking is however quite inrquently encountered in
auditory cortical cells, though apparently common among many Al neurons. Uncovering
fast sustained dynamics in cortical responses requires stuli that combine both a ne
structure as well as a slowly modulated spectrotemporal er@lope. In the absence of a
ne structure, spikes phase-lock to the relatively slow enelopes of the inputs (2{20 Hz),
and hence do not appear precisely timed except at sparsely aped instants at which the
envelope changes rapidly such as at stimulus onset. Simillt stimuli with rapid ne struc-
ture but without spectrotemporal modulations (such as a susained pure or complex tone,
noise, or a fast click train) usually fail to elicit substantial response during their sustained
portions, presumably because of adaptation, synaptic degssion, or inhibitory in uences
[67, 71, 136]. Therefore, in a sense, the slowly modulated eslopes of acoustic stimuli
gate temporally precise and sustained cortical responsedVhen the stimulus envelope is
such that the \gate" is open, cortical cells can precisely plase-lock to the stimulus ne
structure up to relatively high rates (>200 Hz). When the gate is closed in the absence

of slow modulations, responses soon cease.

3.4 Functional signi cance

What is the functional signi cance and auditory perceptual correlates of precise cortical
responses? Cortical cells respond well to change, manifest as modulated envelopes of
carrier signals. The ne structure plays the important role of carrying these envelopes up

to the cortex, where they are extracted and analyzed. Theradre, it is possible that the
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precise spiking in the cortex re ects a pre-cortical carrig ( ne structure), and that it has
certain perceptual correlates such as: (1) the detection ofapid transient events in an oth-
erwise slowly modulated signals such as speech [142], (2)etlperception of \repetition” or
\residue” pitch of < 400 Hz [45, 133], and (3) the \roughness" or \texture" of the acoustic
signal (e.g., the continuum between whispered and a pure voed quality corresponding to
the range from random to periodic ne structure [18, 104, 139).

Additionally, we ascribed to synaptic depression and cortcal circuitry the key in-
novation of the cortex: the creation of STRFEs to analyze and represent the spectrotem-
porally modulated envelopes of acoustic signals. These slomodulations are the main
carrier of information in speech and music. In speech, theye ect movements and shape
of the vocal tract, and consequently the sequence of syllabisegments in the speech stream.
In music, slow modulations re ect the dynamics of bowing and ngering, the timbre of
the instruments, and the rhythm and succession of notes. Ankgously, spatiotemporal
modulations in visual images are correlates of changing snes and moving objects.

Overall, one may conjecture that a key role of cortical procssing is in fact analyzing
and representing the spectrotemporally modulated envelop of acoustic signals. These
pro les are indeed the information bearing component of somds. As we shall see in the
next chapter, a direct correspondence between sound modulan and intelligibility of
speech can be established based solely on the modulation ¢ent of the signal. In the
following chapter, we explore the fact that the slow dynamic of cortical processing are
commensurate with time constants associated with auditorystreaming, while fast temporal
events are essential for capturing the roughness or texturef acoustic signals and detection
of transient acoustic events. The interplay between these@émporal dynamics is in fact at

the basis of what we presume is a cortical role in auditory sage analysis.

53



Chapter 4

Speech Intelligibility

Modulation spectra are the main carrier of information in speech and music [55], even-
though not su cient for sound quality and music appreciatio n. They are so critical in per-
ceiving sound that stimulations for cochlear implants pregrve only the envelope attributes
of sounds. We establish the relationship between sound modations and intelligibility of
sounds using a computational model of the auditory system. ttelligibility is de ned by
the 1ISO 9921 standard as\a measure of e ectiveness of understanding speech’[3]. It
is a critical measure for a wide range of applications such agansmitters design, room
acoustics, hearing aids characterization, etc. However,tiis not a physical quantity like
loudness or voltage, making it an abstract percept that woull require an objective metric
for evaluating it. In this study, we demonstrate that mappin g sound into a spectrotempo-

ral modulation space can accurately predict the intelligibility level of a signal under any
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noise condition. We establish the validity of the algorithm by performing a psychoacoustic
study to correlate human estimates with model predictions.

We start by presenting an algorithm for a new intelligibilit y metric (the STMI),
and validate its applicability to conditions of white noise and reverberation, by comparing
its estimates to those of already existing intelligibility measures as well as psychoacoustic
human scores. Next, we demonstrate the STMI performance fosevere noise conditions
under which existing measures fail, hence establishing theuperiority of the suggested
STMI metric. The use of a biologically inspired metric is also valuable in elucidating the
role of the cortical representation of spectrotemporal modilation in the intelligibility and

perception of sounds. The work presented in this chapter ha®een published in [59].

4.1 Measures of intelligibility

The articulation index (Al) and speech transmission index (STI) are the most widely
available predictors of speech intelligibility up till now [6, 83, 93], and have proven to be
extremely valuable in a wide range of applications ranging fom architectural designs to
vocoder characterization [20, 83, 84, 134]. The Al is an intiligibility metric that uses
an estimate of the signal-to-noise ratio in various bands ofpeech. It has originally been
developed in the late 1940's, and was later established by thAmerican National Standards
Institute as the speech intelligibility index (SIl) ANSI-S 3.5 [6]. Its main contribution
is demonstrating the importance of di erent frequency bands in the speech spectrum.
However, its applicability to various noise types is very limited, since it fails to e ectively
account for reverberation or any non-stationary distortion, and hence is rarely applicable
in real-life situations. The STI, on the other hand, is a morerealistic intelligibility measure.

It has been developed by Steeneken and Houtgast in the 1970& the well-known TNO
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Human Factors Laboratory in the Netherlands. The STI's main improvement over the Al
is the attempt to include distortions in the time domain, by evaluating the modulation-
reduction in speech-like sounds. The STI uses modulated ng& sounds as test signals to
measure the reduction in modulation depth across a test chamel, and maps it to loss of
intelligibility. The Measurement of STl is de ned by the Int ernational Electrotechnical
Commission standard IEC 60268-16 [2].

In an e ort to understand the underlying biological mechanisms that render such
intelligibility measures meaningful, and how noise in geneal compromises the perception
of speech and other complex dynamic signals, we want to empjca computational model
directly relating our knowledge of the biology of hearing tothe percepts of speech intelligi-
bility. We use the model described in chapter 2, based on the eural evidence presented in
chapter 3 as well as psychoacoustical measurements of humapectrotemporal modulation
transfer functions (MTF) [31, 53]. Based on the premise thatfaithful representation of
these modulations is critical for perception of sound [43, 3], we derive a novel intelligibility
index, the SpectroTemporal Modulation Index (STMI), which gquanti es the degradation
in the encoding of spectral and temporal modulations due to ay noise condition [59].
The STI, as we shall discuss later, is well suited to describthe e ects of spectrotemporal
distortions that are separablealong the spectral and temporal dimensions, e.g. static ngse
(purely spectral) or reverberation (mostly temporal). The STMI, on the other hand, is a
major elaboration on the STI in that it incorporates explici tly the joint spectrotemporal
dimensions of the speech signal. As such, we expect it to be msistent with the STI in
its estimates of speech intelligibility in noise and reverkerations, but also be applicable
to cases of joint (or inseparable) spectrotemporal distortons that are unsuitable for STI

measurements, as with certain kinds of severe nonlinear disrtions of speech or phase-
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jitter and amplitude clipping in communication channels. Finally, like the STI, the STMI
e ectively applies speci ¢ weighting functions on the signal spectrum and its modulations;
these assumptions arise naturally from the properties of tie auditory model and hence

can now be ascribed a biological interpretation.

4.2 Intelligibility of communication channels

This section introduces the use of STMI for intelligibility in communication systems. We
call this variant STMI R (R, for ripples) as shall become clear next. We rst de ne wha
the STMIR is, and present an algorithm for its computation. Then, we present STMIR
estimates for intelligibility under conditions of white no ise and reverberation, and compare

them to STI predictions.

4.2.1 STMI R procedure

Conceptually, the STMI is a measure of speech integrity as vawed by a model of the
auditory system. In order to characterize intelligibility of a communication system (e.g.,
a recording or transmission channel, a room, or a vocoder), &use the auditory model to
estimate the change in the spectrotemporal modulations th&a test signal undergoes. We
use ripples (see Equation 3.1) as test signals, and quantifghe di erence in the spectrotem-
poral modulation content of clean and noise-contaminated ipples, as analyzed through
the auditory model (Figure 4.1). Ripples are ideal signals v characterize the Modulation
Transfer Function (MTF) of the model, both with and without n oise. The MTF is de ned
as the collection of responses of the auditory model Iters o ripples at all temporal and
spectral modulations. It determines the model's sensitiviy to spectral and temporal mod-

ulations, and re ects how well these input modulations are fithfully transmitted through
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the model.

Based on a clean reference and a noisy target channel (repming the transmission
system under study), we quantify the di erence between clea and noisy transfer functions,
and map this distance metric to a direct measure of channel clity in transmitting ripple,
and hence speech intelligibility in the system. We choose a Eclidian distance between the
clean transfer function (MTF) and the noisy one (MTF ). The exact procedure for STMIR
computation is described in algorithm 1, with a reference tothe auditory spectrogram and
cortical Iter-bank analysis presented in chapter 2. The algorithm starts by measuring
the transfer function of the auditory model sensitivity to all spectrally and temporally
modulated ripples in the range 2-32 (Hz) and 0.25-8 (cyclesictave). The same procedure
is used to measure the transfer function of the noisy channgMTF ). The STMIR is then

taken to be the distance between MTF and MTF .

Auditory Cortical model
spectrogram output
3 Bl
Srean Cortical 2 I
. > i
signal " | Early Spectro- ik
. Audltory tempora] Intelligibility
Noisy  Processin Modulation i (STMI)
channel| Signal _ Analysis - d [)

under test ||

Figure 4.1: Schematic of STMI computation. The clean and noisy speech gnals are

&
time rate

given as inputs to the auditory model. Their outputs are normalized by the base signals
as explained in the text. The right panel shows the cortical autput of both clean and

noisy inputs. These cortical patterns are then used to compte the template-based STMI.
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Algorithm 1. (STMI R computation)
begin
computation of clean MTF
for ripple pair f ; ¢
S100%(t:x)  L(1+100% sin(2 (! t+ x)+ ))) (modulated ripple)
SO%(t;x)  L(A+0%sin(2 (! t+ x)+ )) (at ripple)
y12%%(t;x)  auditory-spectrogram(S%0%)
y?®(t;x)  auditory-spectrogram(S°*)
for cortical lIter ( i;j) (cortical modulation Ilterbank)
r') (x;100%) RT y. (tx;100%) x STRF (t;x) dt
rigj (x; 0%) RT y. (tx;0%) x STRFU (;x) dt
Riéj (x) ri;;j (x; 100%) rigj (x; 0%) (subtract baseline)

. . 1 PP
MTEOGL ) b

i RY (0
repeat algorithm for noisy MTF
STMIR 1 k MTF  MTF K2=KMTF k?

end

The algorithm uses both fully modulated (S1°9%) and at ( S°%) ripples for MTF cal-
culation. The at stimulus was used as an estimate of the basdevel of the signal, and
thus its content is subtracted from the 100% signal, leavingonly the modulation content
present above the baseline level. The modulation energy ataeh cortical Iter character-
izes the model's expected response to the ripple signal. Hee, the STMIR was estimated
as a global measure of the attenuation in the modulation trarsfer function of the channel.

This eventually translates to a measure of the expected intiigibility of a speech signal

59



transmitted through this channel.

Since the STMIR is analogous to the traditional ST (with narrow-band carriers),
we can compare the estimates of the former to those of the STInder distortions of white
gaussian noise and reverberation. These noise conditionseathe same distortions for which
the STI has been reported to be a good predictor of intelligitility [84]. STMI R values
were computed from clean and degraded modulation transferunctions (MTF and MTF )
using algorithm 1. The results are displayed in Figure 4.2(A for the reverberant and noisy
conditions. The stationary white noise condition used herewere generated by adding to
the original signal a random Gaussian signal whose amplitud is de- ned according to the
signal-to-noise ratio (SNR) level. The reverberation e ed were produced by convolving
the signal with Gaussian white noise whose envelope is expentially decaying with various

time constants.

(A ()] R
STMIR with white noise & reverberation STMIR vs. STI

-3 -9.1dB

So.

[

)
0,4\ 0.4

0 01 02 03 04 05 02 04 O.S 08 1
reverberation constant (sec) ST™MI

STI

Figure 4.2: E ect of combined white noise and reverberation on STMIR and STI.
(A) The STMI values shown in this plot are computed according to dgorithm 1 for
noise conditions combining stationary noise and reverberion. (B) The panel shows the

correspondence between the STMI and STI for the same conditions as in (A).

As expected, the STMR decreases with increasing noise and reverberation. We also
measure the STI estimates under the same noise conditionssing the method derived by

Steeneken and Houtgast [134]. Although dierent in details STMIR and STI measures
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deteriorate similarly under these noise and reverberatiorconditions, and an approximate
mapping between these two measures can be derived as showndir2(B), exhibiting a very

good correspondence between the two measures.

4.2.2 Modulation Transfer Functions in noise

As the STMIR captures the degradation in modulation content of ripples and its e ect on
intelligibility, it is valuable to examine the modulation t ransfer functions themselves. They
are e ectively quantitative descriptions of speci c noise e ects on particular modulation
parameters. These MTFs are the basic computational paramedr used to measure the
STMIR value, as detailed in algorithm 1. As di erent noise conditions are evaluated, the
extent of the degradation is dependent on the rate and scale fothe modulations, and
the spectral content of the signal. Figure 4.3 summarizes th e ect on all ripples (and
the clean MTF of the auditory model in Figure 4.3(A)) of added white noise, dierent
levels of reverberation, and combined e ects of white noiseand reverberation. In each
case, the MTF is plotted as a function of f! j, g, i.e., we integrate across the frequency
axis x. It is important to note here that one can apply any arbitrary noise condition and
compute the resulting MTF using exactly the same expressions presented in algorithm
1. These plots illustrate the e ects of each of these distorions as follows. For white
noise (Figure 4.3(B)) , the MTF is gradually and equally attenuated over all ripples. For
increasing reverberation (Figure 4.3(C)) , higher rate ripples are more severely attenuated
than lower rates. Both these trends are seen in Figure 4.3(Djor the combined noise and
reverberation conditions. Note that the \random" weak patt erns seen in Figure 4.3(D)
re ect the random noise structure in a given trial, and hence are variable over di erent

trials.
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Figure 4.3: E ect of white noise and reverberation on the global MTF. (A) The global
(clean) MTF of the auditory model computed from all ripples, summarized by the rate-
scale plot (i.e., collapsing the frequency axis x).(B) The attenuation of the global MTF

(rate-scale plot) with increasing levels of white noise.(C) The attenuation of the global
MTF at higher rates with increasing reverberation. (D) The combined e ect on the

global MTF of both additive white noise and reverberation.
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4.3 Intelligibility for noisy speech

In many situations, the communication channel under study i often inaccessible, or we
only have access to a noisy recording that was acquired in scenunknown environment.
The applicability of intelligibility metrics such as STMI R is hence impossible for these
cases motivating the need for an intelligibility metric dir ectly applicable to noisy speech
utterances or pre-recorded sentences. The following seoti describes an STMI variant
called STMIT (T, for templates) which addresses this case. We present thalgorithm for
STMIT computation and validate its results by comparison to humanscores reported by

subjects in the context of psychoacoustic tests.

4.3.1 STMI T procedure

In this section, we illustrate how the STMI is used to characterize the integrity of the

spectrotemporal modulations of a given speech signal whenigstorted by various kinds

of noise. We call this intelligibility metric STMI T. Like the STMIR, the STMIT is also

a measure of the integrity of spectrotemporal modulation catent of a speech sample
contaminated by noise. The STMIT itself comes in two variants: it can be computed
either with prior access to the original clean signal, or whe only a noisy recording is
available. In the rst case, we can use the original clean samle as a reference (in a similar
fashion as the clean MTF for STMIR) and follow the procedure shown in 4.1. In the
latter case, we build a database of clean speech templates. his template database acts
as general representation of the modulation content in any tlean" speech, irrespective of
speaker, gender, linguistic material and content, and is hiece a reference to which we can
compare any noisy signal. We typically used about 200 sec wtr of clean speech taken

from utterances of the TIMIT speech database [1].
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The STMIR is in a way related to the speech-based standard STI, which s the
clean speech modulations as reference [121]. However, telithe STI method, the STMIR
is does not have to be limited to a speci ¢ clean reference, dwses generic templates of
clean speech without requiring that the clean and degradedeech samples originate from
the same exact tokens (same talker, same linguistic materlg). Additionally, the STMI
maintains its advantage over STI and classic intelligibility measures by robustly predicting
sound degradation as result of severe and nonlinear distakns as we shall demonstrate.

The STMIT computation is detailed in algorithm 2. The procedure conssts of
processing both the test signalx(t) and clean speech template(s) through the auditory
model to assess their spectrotemporal modulation contentThe STMI T is then an estimate
of the degradation of this modulation content between the ckan reference and the test
signal. Certain issues with the implementation of the algoithm can be addressed as

follows:

Analysis frame: The analysis of the noisy signal is performed over di erent fames
of typically 2 seconds. Since the STMI procedure averages ev the time dimension,
we use a frame size that is short enough to sustain a valid st&narity assumption,
but long enough to capture the temporal variability over a range of 1-2Hz. The same

frame length is also used for the clean template(s).

Frame stack: We use a stack of previously-analyzed frames of test signatypically
N=5) to compare to the average clean template. The use of a stk of previous frames
is aimed to give robustness to the STMI measure irrespectivef the linguistic content
at any particular frame. The choice of a relatively small stack size is however taken

as a compromise between robust estimates and speed of inigibility results.
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Signal baseline: Analogous to using a at ripple in the STMI R procedure, we use
a base signal to adjust the auditory outputs to the overall sgnal \spectrum". The
\base" is taken to be a stationary noise signal with a spectrun identical to that of

the long-term average spectrum of the appropriate signal (ean or noisy speech).
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Algorithm 2. (STMI T computation)

begin
initialize

L

T

do i

until

end

length of test signal x(t)

frame size

Templates of \clean" speech patterns (over frames of length )

Stack to hold N patterns of test signal

0

i+1
F(t) i"non overlappingframe :8t2 [i; (i +1))
F(t) (F F)= r (normalize signal S)
Fo(t) t ! jSjd2 (make base signal)
Ve (t;x)  auditory-spectrogram(F (t))
Ve, (t;x)  auditory-spectrogram(Fo(t))
r(l; 5 x) RkyF(t;X) tx STRE(x;t;!; ) kdt

R
ro(!; ; Xx) Kyr,(t;X) tx STRFE(x;t;!; ) kdt

ri(t; 3 x) (5 x) ro(!; 3 x) (subtract base signal)
ri(!; ; x) (add to test signal stack)
P N .

X =1 i (average signal stack)

STMIT 1 k T:(X T)k2=Tk2

i L
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As the STMI of a channel gradually decreases, speech transtted through it should
exhibit a concomitant loss of intelligibility that can be ex perimentally measured as in-
creased phoneme recognition error rates. To relate the STMbalues directly to exper-
imental measurements of speech intelligibility, we plot in Figure 4.4(A) the STMI T of
speech tokens (computed from algorithm 2) with increasing dditive noise and reverbera-

tion distortions.

A ) B i C
@ s with same speech token ® hPsychoacoust!q © STMIT vs. psychoacoustic scores
) as template 100 phoneme recognition - Psy
< =100
< S
0.8 _é 80 S 80
H 2
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Figure 4.4: Comparing the e ect of combined white noise and reverberaton on the
STMIT and speech intelligibility. (A) The STMIT of speech signals distorted by noise
and reverberation. The STMIT is computed according to algorithm 2 using same speech
as template. (B) Experimental measurements of correct phoneme recognitioof human
subjects in noisy and reverberant conditions. (C) The STMIT vs. correct percentages

of human psychoacoustic experiments for the noise conditits given in (A) and (B).

4.3.2 Human psychoacoustic testing

Next, we performed a psychoacoustic test of intelligibility with four human subjects for
white noise and reverberation conditions. Individual tests lasted about 3-4 hours, where
the subject was presented with 240 sets of noise-contaminatl speech samples. Each
set consisted of ve dierent CVC words (Consonant-Vowel-Consonant) played through
a loudspeaker in an acoustic chamber. The subject was then ksd to report all the

phonemes heard through the loudspeaker. Afterwards, we catted the number of correct
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phonemes reported by each subject, and averaged the scoresall subjects for each noise
conditions. Figure 4.4(B) shows the error rates reported bythe subjects in the pschyco-
acoustic tests. Figure 4.4(C) illustrates the equivalencebetween the STMIT estimates
and the percent correct recognition scores found in these gshoacoustic experiments.
The good correspondence between the STMI and the human scores con rms that the
STMIT is indeed a direct measure of intelligibility of noisy speek under conditions of
combined white noise and reverberation.

As a side observation, one can notice the dierence of the sfzes of the STMR
and STMIT estimates in gures 4.2(A) and 4.4(A). Even though they both seem to have
similar trends (drop with increasing reverberation level), the slope of STMIT appears
to be more shallow with reverberation, possibly because ofime-averaging of the output
patterns. Additionally, the two measures (STMIR and STMIT) are conceptually di erent
(use of ripples transfer function vs. speech tokens), and e the dierence in their
trends. We can empirically account for the di erence betwea these two measures by a

simple expansive sigmoidal function.

4.4 Nonlinear speech distortions

What is the real advantage of the STMI over pre-existing inteligibility metrics? The
STI has been widely and successfully used in speech inteliility assessments under noise
and reverberant degradation, and has also been adapted forse with speech signals di-
rectly [121]. Therefore, the results described above only emonstrate the correspondence
between the STMI and STI, and hence the validity of the new STM index. Here, we
compare the performance of the two metrics under more di cult types of degradations:

random phase-jitter and phase-shifts. We also include theesults of psychoacoustic exper-
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iments measuring the loss of intelligibility experienced ly four subjects listening to words
distorted by these two conditions. All psychoacoustic expements were conducted exactly
as described earlier in section 4.3.2. The subjects were mwented with 160 di erent dis-
torted words and were then asked to repeat the phonemes heard®cores of average correct

phonemes reported are presented in gures 4.5(B) and 4.6(Bjor the two conditions.

Phase jitter

First, we analyze a noise condition calledphase jitter. It is a distortion commonly asso-

ciated with telephone channels and caused by uctuations ofthe power supply voltages
[16, 95]. Communication engineers report that channels camt be defended against such
degradation, but it must be taken into account in the design d the receiver [95]. There-
fore, studying the e ect of this distortion on speech intelligibility is critical for improving

the channel and receiver designs.
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Figure 4.5: E ect of phase jitter on STMI and STI. (A) A clean utterance (left panel)
is distorted through a phase jitter channel, with jitter var iable =0.4. The distorted

spectrogram in the right panel illustrates that the time dyn amics of the signal are main-
tained while the spectral modulations are strongly a ected by this type of noise. (B)

The STMIT and STMIR drop as the jitter  increases; while STI fails to capture the
presence of noise in this channel. Scores of human listeneftslack curve) show a good

correspondence to the STMI trends.

69



Phase jitter is commonly modelled by the transform:

r(t) = <fs(t)é ( Dg= s(t)cos(( t)) (4.1)

where s(t) is the transmitted signal, r(t) is the received signal, and (t) is the phase jitter
function modelled as a random process uniformly distributel over [;2 ] (0 < < 1).
The jitter e ectively destroys the carrier of the speech signal leaving its envelope largely
intact, especially for large values of . Though the temporal dynamics of the signal are not
distorted, its spectral modulations are greatly a ected by the phase jitter (Figure 4.5(A)).
For =1, the speech signal becomes a modulated white noise with th same envelope
as the original signal. Figure 4.5(B) illustrates the expeted loss of intelligibility as a
function of jitter severity ( ) as measured by the STI, STMR, and STMIT (computed
as the mean of 10 di erent speech sentences from the TIMIT dadbase). Both ST MI
measures deteriorate with increasing jitter . In contrast, the STI is insensitive to such
distortion, and actually predicts an intelligibility of 10 0% even at extreme jitter conditions

( =1), as shown by the dashed red curve. The failure of the STI ca be directly explained
by the fact that phase jitter primarily a ects the spectral d imension in speech, and hence
does not a ect the modulation amplitude of the narrow-band carriers used in the STI
measurement. The STMI, on the other hand, captures successlly the substantial e ect
of jitter on the spectrogram of oriented ripples as well as atual speech, and hence is able
to correctly predict intelligibility loss. The results of h uman testing con rm this nding,
as shown by the close agreement between human scores and STMielligibility estimates

in Figure 4.5(B).
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Phase shift

Next, we analyze the noise condition ofinter-channel phase-shift or delay scatter This
type of channel distortion is a linear phase-shifting of sigal frequencies over limited spec-
trum ranges. Speci cally, this distortion de-synchronizes frequency channels in the range
400-1900 (Hz) with respect to each other; by applying a simp linear phase shift that
varies from one frequency band to the other. The actual phasehifts are de ned by the
function = | ;, applied over 300 Hz frequency bands, each indexed ky over the range
400-1900 Hz { = 1;2:::5), where! = 2 f is the frequency at which the phase-shift is
applied, and ; is a parameter which controls the slope of the phase functionn the it
band. The e ect of the phase-shifting appears as a spectralljittered signal, but with min-
imal change to the temporal envelope modulation patterns atany given channel (Figure
4.6(A)). The parameter T captures the average time delay betveen the di erent frequency
bands, and controls the severity of de-synchronization.

Figure 4.6(B) illustrates the decrease in STMR and STMI T with increasing delay
scatter (over a range of valuesT), consistent with the increasing channel distortion of
the spectrogram of the ripple and speech signals. The STMI drops faster because of
the speci c arbitrary choice of frequency bands and shifts;and the drop (while it always
occurs) is variable in steepness depending on the exact testterance. As with the previous
phase-jitter distortion, STI measures (noise or speech-ksed) are expected to be insensitive
to such phase-shift because this distortion does not signcantly a ect the modulated
envelope of the narrow-band carrier test signals used in stadard STl computations, nor
does it a ect the envelope modulations of the speech spectgram. Human intelligibility
tests exhibit the same deterioration as that predicted by the STMI as illustrated in Figure

4.6(B). Our results are comparable to those of Greenberg andrai [74] who studied the
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intelligibility of a similarly (but not identically) disto
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Figure 4.6: E ect of linear phase shift on STMI and STI. (A) The input speech signal
(left panel) is distorted by linear phase shifts on di erent frequency bands. Five frequency
bands (of uniform 300 Hz ranges going from 400 to 1900 Hz) arehpse-shifted according
to the vector [ ,2 ,-3tau,4 ,5 ] (a di erent phase shift per frequency band) where is the
parameter that controls the amount of shift per band. The reault is a de-synchronization
of the di erent frequency bands relative to each other, as slown by the noisy spectrogram
in the right panel. The shift parameter used in this case is =0.5 (average time shift across
channels of T= 73ms). (B) The e ect of the shift parameter (or T) on the STMI R,
STMIT and STI. Since for each value of the shift parameter () di erent frequency bands
are time-shifted with various amounts relative to each othe, the x-axis of the graph gives
an average estimate (T) of the time shifts across the di eren frequency bands (where T
= 146 (ms)). The black curve shows the intelligibility scores of luman listeners tested

with the same phase shift conditions.

dropped below 50% only after the channel jitter exceeds 200m

4.5 Conclusion

In this chapter, we presented a quantitative assessment ofntelligibility based on the
modulation content of signals. The algorithms developed hee were based on a biological
foundation relating modulation content to speech intelligibility. While quality of sound

ultimately relies on the exact temporal patterns of a signal understanding speech, despite

its lack of natural quality relies solely on its modulation components.
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The key ndings presented here can be summarized as followg1) We have shown a
direct mapping between speech intelligibility and spectrdaemporal modulations of speech,
(2) we have de ned a new intelligibility metric (STMI) that has p roven its robustness
under severe and nonlinear distortions, hence supersedimgeviously available intelligibil-
ity metrics (e.g. the speech transmission index, STI),(3) we have de ned a biological
framework explaining the superiority of the STMI, as well as explaining the bene ts and
limitations of the STI, and nally, (4) we have re ned our understanding of the role of
receptive eld patterns in the cortex (particularly STRF Es). Earlier in chapter 3, we
have de ned the functional signi cance of the presence of rpresentations of modulation
envelopes in cortical responses, to the fact that slow modations are the main carrier of
information in speech. The predominance of such STRF patterns seems in accord with

the role of cortical circuitry in contributing to sound perc eption and understanding.
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Chapter 5

Auditory scene analysis

As the brain takes on the job of representing the world that surounds us, the auditory
system is responsible for making sense of the world of sound) a process referred to
as auditory scene analysis Technically, the term auditory scene analysis refers to tke
cognitive task engaging the auditory system in identifying and building auditory objects
from mixtures of sounds present in a complex acoustic envimment. In other words,
the auditory system is responsible for identifying how manysounds are present in the
environment, where they are coming from, and what do they mea. The spectrogram
in Figure 5.1 shows a mixture of two sounds: a male speaker utring the phrase/she
had your dark suit/, when a cello starts playing a note about 750ms into the sentece.
While we know now that the spectrogram in the gure corresponds to these two particular

sounds, the auditory system has no prior knowledge of what te incoming sound mixture

74



Frequency (Hz)

Time (sec)
Figure 5.1: Spectrogram of a sound mixture. A male speaker is uttering tle phrase

/she had you dark suit/ while a cello note is being played.

consists of, how many sounds are there and when each sound Miilegin and end. A
similar challenge is also faced by computational systems yting to mimic the auditory
functionality in sound separation and auditory scene analgis.

When talking about auditory scene analysis, a common term tkat gets quoted quite
often is the word \stream". A formal de nition of this term wa s given by Bregman
([21], pg. 10): \Our mental representations of acoustic events can be multfold in a way
that a mere word “sound' does not suggest... It is useful to serve the word “stream'
for a perceptual representation, and the phrase “acousticvent' or the word “sound' for a
physical cause’ Hence, we use the term stream to describe an internal represtation of
what would be perceived as a distinct auditory object. Our canputational strategy aims
to represent an acoustic mixture into various distinct auditory objects following principles
dictated by perceptual grouping and auditory organization.

Typically, there is a distinction in the literature between two perceptual components
of auditory scene analysis:auditory streaming, which refers to the perceptual organization

of sounds in time, andsound separation which deals with concurrent sound segregation.

While not strictly independent, these two concepts are genglly studied separately. On
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the one hand, interest in auditory streaming comes from psykologists and physiologists
studying the neural and cognitive basis of auditory organiation. Musicians are also widely
interested in this idea, as melodies tend to exploit the bram's ability to stream sounds in
time. Barogue melodies for instance tend to introducemultiple streams emanating from
onesingle instrument, by rapidly switching melodic sequences. On theother hand, studies
of sound separation risemostly from the arti cial intelligence and engineering community.
People interested in computational models of scene analysiare primarily interested in
building intelligent systems that can \hear" (i.e. identif y and segregate sound elements).
Such systems, for the most part, are applied as front-end immpvements for automatic
speech recognition and speaker identi cation models.

In this work, we present a modelling scheme of auditory scenanalysis based on
principles of cortical sound processing, where we addressamous components pertinent
to both auditory streaming and sound separation. The chapte starts by a review of the
general principles of auditory perception, as well as an aaunt of the available models
in the literature addressing the scene analysis problem. Ta following section lays the
basis for our proposed approach by motivating the choice of bth unsupervised learning,
and Kalman-based estimation to achieve an adaptive predidbn-based system. We then
elaborate on the implementation of this model in the context of a multi-scale multi-rate
cortical scheme. Next, we present a series of simulations ddessing both the auditory
streaming problem, as well as speech separation cases; anohclude by a assessment of

some insights into biological auditory scene analysis leaed from this model.
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5.1 Perceptual principles

5.1.1 Gestalt principles

The foundation of most work in auditory scene analysis can betraced back to early
work in perceptual psychology from the late 19th century. Orginating from work by
Ehrenfels (1890) and Mach (1886), these principles (refeed to asGestalt theory) explain
our psychological, physiological, and behavioral percepbns in their contextual framework,
in accordance with a number of simple principles [21]. Spedally, they address the
binding question in our perception (auditory, visual ...), and how sensory input elements
are combined together to create mental patterns, or sensabins of individual objects in the
environment. The German word Gestalt means \pattern" or \shape", hence the use of
this term in reference to how sensory components are groupegether to create mental

patterns.

Gestalt Principles Figure 5.2: Gestalt
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f mon fate, (e) closure,
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Engel and Singer [64]).

Gestalt theories have mostly been explored in visual percdn, where they made

an important and lasting contribution to our understanding of the vision problem. Most
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Gestalt principles are in fact easily described in their vizial context, as shown in Figure
5.2. Similar principles can also be described in the contexbf auditory events. Their
application for auditory perception is interpretable in terms of grouping cues used for
combining together auditory elements that belong to a comma sound stream or percept.
We elaborate on ve of these principles, as they are the mostrequently cited as playing

a perceptual role in parsing the auditory scene into individual streams:

1. Proximity: Elements that are close together in time or space tend to grop together.
In Figure 5.2(b), the quadruplet sets of individual circles tend to be perceived as
independent sets (the gure contains four sets), since theiccles within each block are
closer together than circles from di erent blocks. In the cantext of auditory events,
this principle is used to refer to distances between physidaacoustic attributes such
as frequency, onset, pitch and loudness. Frequency proxinyi is a straightforward
illustration of this principle. Frequency separation between sounds a ects their
perceptual coherence, leading sounds that are close in fregncy to group together

[21].

2. Similarity: Elements that lie closely together group together. The simiarity in this
sense refers more to characteristics of the object or elemenin case of visual ob-
jects, it includes characteristics such as shape, size, aol| texture, value, etc. In
Figure 5.2(c), though all circles are equidistant, those shilar in color tend to be
perceived together as belonging to one block. In the contexof auditory perception,
this principle refers to acoustic features that cannot be dscribed with a single phys-
ical attribute, such as similarity in timbre [76]. The princ iples of \similarity" and
\proximity" are hard to distinguish from each other in audit ion, and do basically

lead to very similar e ects. Bregman suggests to reserve these of the term \similar-
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ity" to cases where it is not possible to describe the physidabasis of the dimension
along which two auditory elements are similar, such as simdrity in timbre, instead

of proximity in timbre [21].

. Good Continuation: Elements that maintain a smooth variation in time or space
tend to group together (Figure 5.2(f)). In terms of sound attributes, it refers to the
continuity or ow-in-time of sound originating from a commo n source. Intuitively,
abrupt changes indicate the appearance of a new source. Grping of sounds is in
fact enhanced when frequency changes preceding and follavg interruption by noise
or silence are consistent with each other [21]. In this sens&good continuation" can

be thought of as the continuous limit of the \proximity" prin ciple.

. Closure: Elements that form enclosed objects group together (Figures.2(e)). This
principle is very much invoked in visual scenes in cases of olusions, which are
similar to the problem of masking in auditory scenes. The priciple of \closure" is
in fact interpreted as an auditory compensation for masking[76], and evokes the
completion of fragmented sound features, as in the case of ¢hcontinuity illusion.
This phenomenon occurs when a sound is brie y interrupted bya gap of silence.
If the gap is lled by a noise burst, the original sound is pereived as continuous
through the noise distracter. The illusion that the sound continues through the
noise occurs only when the frequency content and timing of th noise coincide such
that it is plausible that the sound would have continued smodahly through the noise
burst. This principle is commonly evoked for speech percepbn in noisy environment.
Carlyon and colleagues showed two-formant vowels can be dabsidenti ed when

alternating the formants in time while lling that gap silen ces with noise [28].
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5. Common fate: Elements with synchronized similar variability tend to group to-
gether (Figure 5.2(d)). In the auditory context, this princ iple states that sound
elements with synchronous changes such as common onset, rako, etc, fuse to-
gether as emanating from a single source. The main two type o&uditory syn-
chronous changes studied in the literature are AM (Amplitude-Modulation) and

FM (Frequency-Modulation) changes [21].

We shall review the acoustic correlates of these principlegn the following section. By
translating Gestalt principles into concrete grouping cues, it is possible to give a precise
formulation of their perceptual manifestation and their computational role, and hence
lay the foundation for formulating a model of auditory sceneanalysis inspired from these

perceptual principles, and guided by their underlying neuml mechanisms.

5.1.2 Acoustic correlates

Psychoacoustic studies of auditory streaming have been aomulating evidence on group-
ing cues for many decades now. An exhaustive list of auditorycues known to play an
important role in auditory grouping and streaming of sounds has been compiled by Breg-
man in his \Auditory Scene Analysis" book [21]. Grouping cues are mostly acoustic
correlates of one or more Gestalt principle described above They determine whether
sound components are to be fused together into a single pengwial stream or segregate
into separate streams. While it is becoming more evident th&a any su ciently salient

perceptual di erence alongany auditory dimension may lead to stream segregation [110],
we review here various factors that are frequently mentiond in the literature for their role

in sound segregation or fusion.
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Figure 5.3: Auditory grouping cues. Frequency proximity: Tones that come close to-
gether in frequency group together.Harmonicity: Frequency channels that are harmon-
ically related fuse together. Onset synchrony: Frequency channels that share a common
onset group together. Timbre: The frequency channels that move up together main-
tain their spectral spacing and hence group together. The dter frequency components

exhibit a di erent timbre quality and hence separate as di e rent streams.
Frequency separation

Frequency separation is one of the most commonly invoked csewhen talking about au-
ditory grouping. Sounds that are close together in frequeng fuse together (Figure 5.3).
But how close do sound components need to be? A leading theogmong experimental
psychologists and psychoacousticians addressing this p#rular point is peripheral chan-
nelling [110]: Streams are believed to fuse together when their exetion patterns in the

auditory periphery overlap. In other terms, grouping e ects are promoted if the frequency
contents of two streams fall into the same cochlear channelA classic study reviewing the
physical parameters of auditory streaming was performed bywan Noorden in the 1970s
[140]. He explored the role of frequency proximity and presatation rate in streaming an

alternating sequence of tones \A" and \B" alternating in a sequence ABAB... As the tone
frequencies were brought closer together below a certain ierval, listeners reported hear-
ing one stream instead of two. Van Noorden's experiments sethe ground for most of the

subsequent work in auditory streaming using alternating sainds. Studies have extended
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his ndings to other factors which also in uence streaming, such as temporal envelopes
and spatial location of sounds [37, 110]. Non-alternating aunds were also used for testing
the role of spectral separation in stream segregation. Harhan and Jonhnson [77] tested
the idea of peripheral channelling by using an interleaved relody paradigm. Psychoacous-
tic tests were performed for melody identi cation as streans of di erent melodies were

manipulated into di erent cochlear channels. As expected,a successful segregation of the

melodies was achieved when the streams were shifted into sajate peripheral channels.

Harmonicity

Frequency channels that stand in harmonic relationship to e@ch group together. It is in
fact known that harmonically related (or closely harmonic) complexes fuse together into
a single pitch (Figure 5.3). Based on this principle, compl& sounds can be distinguished
based on the relationship between their fundamental frequecies. In a study by Rasch
in 1978 [124], he demonstrated that as the fundamentals of tav complex tones depart
from simple harmonic relationship, the complex tones are hard more clearly as distinct
entities. Sound sources are in fact discernible as soon asdin FO di erence is detectable,
and particularly in the case when their harmonics are resoled [42]. Frequency channels do
not have to be only harmonically related before they can fuse together. Work byRoberts
and Bregman [126] as well as others has provided evidence afsfon due to regularity in
spectral spacing. This shall be mentioned again in the seatin on the role of timbre as a

grouping cue.
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Onset/O set synchrony

Onset and o set synchrony are also major grouping cues. Souhcomponents that start or
end together in time are likely to have originated from the sane sound source (Figure 5.3).
Rasch showed that two concurrent tone complexes are percepally more distinct when
the sounds start at di erent points in time. An onset asynchrony as small as 10-30ms
increases the perceptual saliency of the tones in a mixture2l, 124], but our ability to
detect the di erence in time of arrival of energy across di erent channels is in fact a little
as 1-2ms [42]. O set asynchronies appear to also play a sinail role as onsets, although

their e ects were reportedly less pronounced [42].

AM and FM modulations

Temporal regularities in sound components - in the sense ofotnmon uctuations of
sound both in frequency and amplitude, are important groupng cues ([72] and refer-
ences therein). As sounds are amplitude modulated, the autbry system uses di erences
in their amplitude trajectories to distinguish the number of sources present and segregate
the dierent streams. Early work of von Belesy in the 1960s showed that modulating
tones at rates below 50 Hz helped listeners fuse together tise that share a common mod-
ulation. Various studies have later con rmed and extended sich nding, as most available
evidence focuses on the role of slower uctuations [42]. Soenstudies have attempted to
explore the role of faster variations rates. An interestingstudy by Grimault and colleagues
[75] has in fact demonstrated a clear role of envelope uctuions in stream segregation
-in the absence of any spectral or temporal ne structure cus, and seemingly independent
of modulation strength. On the other hand, the role of FM modulations in stream segre-

gation is still ill de ned, with highly inconclusive result s. FM incoherence is particularly
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hard to distinguish from harmonic mistuning. Nonetheless,there is some evidence that
FM contributes to the prominence of fusion of frequency compnents particularly in case

of masked vowels, or possibly in the presence of a steady neibackground [42].

Sound timbre

Timbre is less frequently mentioned as a possible cue for aitdry streaming. It is a mul-
tidimensional percept in uenced by spectral shape, envelpe shape, and spectral changes
over time [110]. It is now established that the auditory sysiem exploits the regularity of
the spectral ratios of a pattern to fuse sound components togther (Figure 5.3). A vi-
brato produces a frequency modulated sound complex, whoseagtials move up and down
in synchrony with each other, and hence fuse together as a cehent stream. Studies
investigating the timbre cue were mainly interested in addressing the role of peripheral
channelling in stream segregation, which tend to relate theimbre cue with the frequency
proximity. To explore the relevance of timbre regularity, a study by Dannenbring and
Bregman [40] addressed factors inexplicable by the chanrilg theory. Dannenbring and
Bregman tested streaming e ects using a tone-noise pair. Th noise was constructed to
be narrowband (about 1.5 semitones bandwidth), and maintaning its bandwidth to less
than one ERB guarantees that it induces similar excitation patterns as a tone, and hence
limiting any e ect of peripheral channelling. The study fou nd that segregation was greater
for tone-noise combinations than tone-tone or noise-noiseequences. The separation was
explained by the di erence in temporal envelopes of tones ath noise, hence leading to a
separation in timbre. A summary of other studies exploring the role of timbre as grouping

cue is reviewed by Moore and Gockel in [110].
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Spatial location

Sounds in natural environments emanate from di erent spatial locations. As they come
into the ear, localization cues based on sound binaural irrgularities can identify the lo-
cation of sound sources. It is reasonable to think that soundelements originating from
a single source would share common spatial cues, and henceuk tend to perceptually
group together. Surprisingly, evidence from experimentalpsychoacoustics hints to a rel-
atively weak role of lateralization in auditory grouping [21, 42]. It should be noted that
guantifying the role of true lateralization and binaural me chanisms while neutralizing other
acoustic grouping cues is quite challenging. Nonethelesspatial location e ects have been
studied under particular testing conditions. Hukin and Darwin have suggested a strong
e ect of lateralization in vowel identi cation when the dir ection of sound is previously
cued (i.e., attending to sound from a particular direction prior to the test signal) [42].
Yost et al. [149] has also demonstrated a more pronounced role of binaairprocessing in

\cocktail party" situations when dealing with more than two concurrent sound sources.

Integration across cues

A question that naturally arises from listing the various grouping cues is how do they
compare to each other in terms of importance, and how does thauditory system incorpo-
rate the information provided by each one of them to segregat the di erent streams in an
auditory scene. Psychoacoustical evidence indicates thajrouping is not \all-or-nothing"
[42]. The auditory system appears to gather evidence from &lavailable sound features.

It then chooses the most appropriate ones for segregating gams.
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5.1.3 Top-down e ects

Stream formation is a highly context-dependent process, ging rise to a very ambiguous
de nition of what a perceptual auditory stream is. In Bregman's own words, the use of the
word \stream" gives us the exibility to \load it up with whatever theoretical properties
seem appropriate” [21]. A stream is a\perceptual unit that represents a single happening,”
where a happening can be the sound from a particular source,rceven a collection of
di erent sounds distinct from others in the environment. For example, there is no clear
answer as to whether to call a melody played by an entire orch&ra \a stream”, or whether
the particular piano or violin tunes by themselves are what $iould be de ned as \streams".
The particularity of the human brain is its ability to direct attention to the various sound
sources in the environment, and to select the level of granakity at which to attend to
sounds. The orchestral melody can be considered as a whole; we can choose to focus
our attention on the speci ¢ instrumental tunes, or even to the sounds from the audience.
Naturally, our ability to attend to speci c or multiple stre ams is limited by our brain's
cognitive capabilities. Actively listening to more than one conversation is very di cult if
not in fact impossible.

The literature reviewing the role of attention in auditory s treaming is very diverse
and controversial, especially in formulating theories reating auditory stream formation to
attention. There is no doubt that attentive mechanisms are invoked in auditory streaming
[27, 41]. However, the speci c relationship between primilve segregation and auditory
selective attention is not yet resolved. Bregman favors anrterpretation of stream segre-
gation mediated by pre-attentive grouping mechanisms [21] In his book, Bregman pos-
tulates that auditory scene analysis entails two complemetary processes: (a)primitive

segregation which is a bottom-up pre-attentive process that parses a sond mixture on the
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basis of its acoustic properties, and (b)schema-based segregatiomvhich is a top-down pro-
cess that involves learning and memory, and re ects our prio experience and familiarity
with the linguistic material or sound pattern. Primitive me chanisms rely on the general
properties of the sounds, and extract acoustic cues (as dasiged in the previous section)
which we innately use for parsing streams, without relying e any previous experience or
knowledge. Schema-based mechanisms, on the other hand, oke our speci c experiences
and familiarity with sound sources and materials. For instance, contextual expectations
help us ll-in parts of a speech signal if masked or absent. Tky also help us recognize

our names in a sound mixture much easily than other less fam#r sounds.

5.2 Literature review of CASA techniques

E orts to understand the computational basis of streaming and sound segregation led to a
wide interest in building systems that perform \intelligen t processing of sound mixtures"
[37]. The eld of experimental auditory scene analysis slowy gave birth to a growing body
of work in computational sound analysis or what is commonly eferred to as Computa-
tional Auditory Scene Analysis (CASA). Research in CASA has a strong interdisciplinary
component, as it draws its basis from psychophysical and pshoacoustical theories of
hearing, as well as machine learning and arti cial intelligence principles.

Computational models for speech separation started with edy work by Parsons
in 1976 [120], who introduced one of the original models of s®ech separation based on
pitch tracking in time. Attempts to build voice separation s ystems were followed by
work of Weintraub in the 80s [146], who used the di erence in findamental frequency to
separate two simultaneous voices. His system was based onimcidence detection @ la

Licklider [97]) as a measure of periodicity in di erent frequency bands; augmented by a
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Markov model for tracking the states of di erent speakers asthey progress between voiced,
unvoiced, silent and transitional states. The outcome of tte model allowed a tracking a
recovery of individual spectra of two simultaneous voices.

Attempts to give a more biological foundation to computational auditory scene anal-
ysis needed to address the various dimensions along whichdtbiological system operates.
E orts in this direction were launched with work of Brown and Cooke [23, 24, 38] who
introduced the notion of auditory maps. Their systems perform segregation in a purely
data-driven manner. Incoming sounds are processed using auditory \font-end", whose
output is segmented into atomic units. The acoustic elemers are grouped into feature
maps that organize the auditory cues along dimensions of hanonicity, common onset,
continuity, modulation, etc. These are subsequently used ¢ construct symbolic descrip-
tions of the auditory scene. The pitch values, onset and o setimes, etc, are used as
grouping cues to cohere a group of auditory elements into thie corresponding streams.

While the approach undertaken by Brown and Cooke tries to empoy some biolog-
ical realism into their computational models, schema-reléed information is intrinsically
lacking in their strategy; an argument that was at the core of Ellis's prediction-driven
CASA system [63]. His approach sought to reconcile the obseed acoustic features with
the predictions of an internal model. At any time instant, ad justment of the model's pre-
dictions are made based on its previous expectations from or instants combined with
evidence from external observations. The predictions are #sed on a set of pre-de ned ab-
stract elements: noise clouds, transient clicks, and weft¢representing wide-band periodic
segments), and the input signal is mapped into elements baskon this sound vocabulary.

Recently, neural network models have also been sought to cstruct models of au-

ditory function. The theory of oscillatory networks was a particularly attractive one for
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scene analysis, as di erent populations of neural oscilladrs can be used to represent per-
ceptual streams. Work by Brown and Cooke [25], and Wang and Bown [143] presented a
model of stream segregation based on oscillatory networksyhere synchronized oscillators
are interpreted as belonging to a common stream. Synchronyfandividual oscillators is
initiated by regularity in the sound's spectrotemporal elements, and hence lateral connec-
tions between oscillators are implemented to encode harmacity, proximity in time and
frequency.

On the other side of the spectrum, many studies have attemptd to solve the problem
of sound separation from a non-biological perspective. Sysms built in this spirit are
free to expand on any cues with no constraints limiting their use on grounds of biological
plausibility. They are, however, limited by their own mathe matical construction or model-
based approaches. Such is the case for the widely used Blindb&ce Separation (BBS)
technigues which rely on the statistical independence of tk sources in the mixture [15].
As its name indicates, blind source separation attempts to gparate a mixture of signals
into their individual sources, with no prior knowledge about the source statistics in general
(hence the term blind). BBS techniques are quite successfubut mostly when information
from multiple sensors is available and statistical independence or priatatistical regularity
is satis ed [150]. However, stream segregation continuesot be a challenge for strictly
statistical techniques like BBS systems, particularly in the monaural case.

If any criticism is to be addressed to these currently availdle systems, it would most
likely be that their performance on the general task is rathe poor. Most systems are,
however, to be credited for exploring important aspects of sund analysis, and examining
the role of many perceptual principles for the organizationof sound. While their results

apply reasonably well to speci c tasks set by the investigabrs, the applicability of their
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approaches to solving a general sound separation problem puite limited, and the gap
between CASA systems and real audition is still consideralyl wide. These systems fall
short in applying successful information integration strategies to consolidate information
extracted from the acoustic signal, with contextual facts ffom the environment. A major
concern in most systems in fact deals with which patterns argo be extracted, and how
successful their cue-detection schemes operate. While the models are very useful for
a further understanding of sound organization principles,they lack a generalized scheme
for acoustic pattern integration. A system such as that pregented by Weintraub [146] for
pitch extraction and tracking is not su cient nor practical for building a robust sound
separation system. Other systems trying to formulate a moregeneral approach such as that
undertaken by Ellis are constrained by a pre-de ned classication of sounds into specic
elements (noise, transients, etc) [37, 63]. Such limitatio does not generally lead to an
accurate characterization of acoustic events, hence redirig in very ambiguous outcomes.
Along with \general-purpose” models, more speci ¢ approaties have also been pro-
posed which do not speci cally tackle auditory scene analyis as a comprehensive scheme
to building intelligent systems that can hear. Mostly relevant to our current study are
models addressing the question of auditory streaming or sential stream segregation.
The earliest computational account for auditory streaming was presented in a model by
Beauvois and Meddis [12]. This model attempts to give an exg@nation of streaming in
terms of peripheral channeling. Streaming e ects are simudted based on frequency di er-
ences and presentation rates of alternating pure tones, whie frequency channels compete
with each other to result in one dominant foreground stream. An elaboration of this model
has been presented by McCabe and Denham [103], who extendddrom a two-channel to

a multi-channel model. This new approach also introduced ihibitory feedback loops that
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enabled the model to allow for interactions between currentand past response patterns
in di erent frequency channels. The model was successfullyapplied to simulate various
streaming e ects such as alternating tone sequences, as Wels the interaction between
background and foreground perceptions, and the temporal bildup of streaming percep-
tion. Nonetheless, both models are limited by their dependece on peripheral channelling
to account for streaming e ects, and cannot easily generafie to general sound segregation
situations, such as concurrent speech. The models are alsikdly to fail in simulating
streaming e ects that rely on segregation based on more condpx grouping cues, such
as spectral patterns or timbre features. A case of streamingipple sequences (as will be
shown in the results section of this chapter) is a particulaty detrimental test that relies
on streaming broadband noise sequences that only vary in the spectral regularity. Any
model that relies solely on peripheral channelling or freqency separation is bound to fail
in accounting for such e ect as both sounds (the two ripples b be streamed) are in e ect
broadband, noise-like stimuli, that excite the same frequacy regions along the tonotopic

axis.

5.3 Adaptive ASA architecture

Going back to the perceptual principles of sound organizatin, we have described a set of
acoustic cues that give the auditory system evidence from th environment as to which
elements should group together, and which should separateThe challenge that follows
is how to actually organize these features together so thathey can lead to perceptually
meaningful streams. If we adhere to a modelling approach thadoes not rely on any
dictionaries of linguistic knowledge or databases of famiar sounds, our only hope for

achieving this goal is to rely on a robust representation of aoustic features that would
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expose regularities in sound patterns. This regularity re ects the constraints imposed
on acoustic events by the environment, as well as internal gxectations arising from our

internal model of the world. In this work, we propose a model lased on interaction between
this \higher-level" internal representation of the world a nd unsupervised sensory feature

classi cation, all governed by principles of cortical sourd processing.

5.3.1 Unsupervised learning

Based on a set of feature maps representing various auditorgues described above, the
brain has to decide which sound elements cohere together iotindependent streams. In
the absence of any external supervision or prior informatioa about the sound mixture
itself, the auditory system has to self-organize the sound lements into streams in an
unsupervised (or self-supervised) fashion. Unsupervised techniques arneural network
learning approaches that are notably biologically plausilte. The biological system does
not in general have prior knowledge on what kind of input will be impinging on its sensory
organs, except for possible cases of expectation or contexfAnd even in those cases, the
speci cs of the external input are still unknown to the system. In building a computational
model mimicking the biological stream segregation procesghe challenge lies in nding
natural groupings for clustering the di erent patterns in the input.

The literature of unsupervised learning is quite rich, and nvolves a wide spectrum
of techniques ranging from feature extraction methods thatextract statistical regularities
directly from the input, to density estimation that builds p arameterized statistical models
of the input. Somewhere in the middle of this spectrum lies cmpetitive learning as an
approach whose goal is to distribute a number of vectors in a pssibly high-dimensional

space. It can be implemented based solely on density estimiah or feature extraction, but

92



is most often formulated as a combination of the two methods. Competitive learning is
considered by many to be \a strong candidate model of cortichlearning"” [13], which makes
it very appealing for the task at hand. Techniques used for cmpetitive learning involve
classi ers which for the most part operate on the basis of sptal or pattern regularity, to
nd natural partitions of the input's high-dimensional spa ce. While quite successful, most
available techniques rely only on the low order statistics & their inputs. They handle the
inputs as a set of independent identically distributed (iid) samples, then implement some
form of Hebbian learning or probabilistic maximum likelihood estimation [17]. In doing
so, they fail to take into account any smoothness or coherere constraints in the signal
except in cases of hand-crafted architectures.

Hearing, however, is a dynamic process which tracks the chaes in sound patterns
as they evolve in time. The temporal continuity in sound streams is a major clue as
to whether they come from a common source or not. Sound produion (be it speech,
music, nature, etc ...) obeys natural laws that dictate a cetain degree of smoothness
in the evolution of acoustic events in time. If a spectral patern exhibits a sudden or
unexpected discontinuity, it is highly likely to have been generated by a di erent sound
source. Following these considerations, it is more appropate to adopt an adaptive form of
competitive learning that takes into account these smoothress constraints, and can build

expectations of future responses based on inferences frohe past and present.

5.3.2 Adaptive competitive learning

Sound mixtures entering the ear re ect a temporal regularity imposed by environmental
constraints and laws of nature. The role of the auditory sysem then is to make sense of

these sounds, which in e ect translates to estimating and pedicting an internal (hidden)
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state of the observed dynamical system (i.e, estimating thevents in the environment that
produce the sounds). Accurate recognition of the sound str@ms present in the mixture is
synonymous to a correct estimation of the parameters of the radel/environment giving
rise to the mixture. Such approach conforms with the principles of statistical inference
[85]. In e ect, hidden (or \latent") variable models are tec hniques that attempt to explain
observed data by some underlying hidden factors that we onlyhave indirect information
about. Such models are well suited for incorporating a reprgentation of the environmental
constraints on sound streams, and for adaptive prediction 6 the model's probabilistic
representation of the observed environment. Such predictie approaches operate according
to the following scheme: sensory information provides evidnce to the system, which would
either justify or cause it to change its internal representdion of the world and the state
of objects in it.

The model we consider here consists of a set of random proces% (t) symbolizing
the auditory objects (or streams) present in the scene, whis are unknown a priori. The
set of K possible streams in the environment is represented by the wtor set: Z =
nZ VAREY A O, where each vectorZ (t) is an internal (abstract) representation of
stream at time t. The sound mixture (or observed inputs) is represented by a at
of feature vectors: T = nI o ;ILO, where each vectorl (t) represents an acoustic
cue (pitch, onset, ...) derived from the spectrum of the soud at time instant t. These
features are extracted directly from the sound mixture, and depict a variety of possible
auditory grouping cues. Details about the representation 6 these features and how they
are extracted will be reviewed in the following section. Forthe time being, we need

to note that each feature | (t) consists, in principle, of patterns belonging to only one

auditory object (Figure 5.4); in other words, the pre-processing stages are responsible for
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segregating the sound elements into clean frames or sliceglonging to aunique auditory
object. As a concrete example,l (t) may be derived from a spectrum consisting of the
harmonic patterns of a speci ¢ fundamental frequency FO, wlich makes them features

that fuse together as belonging to the same stream.

Internal model

&

Adaptive
unsupervised learning

Auditory scene

Figure 5.4. Internal world model and problem of estimation and clustering. At each
time instant t, a \slice" the acoustic spectrogram is mapped into a set of fature vectors
T(t). These features are used as learning patterns to be clusted into separate clusters

Z (t) representing an internal representation of the auditory <ene.

Our goal is twofold: (1) to infer the distribution of patterns f1;, ;Lginto a set of
K streams at each time instantt (clustering stage), and(2) to estimate the state of each
cluster 2 f1, ;Lg given a newly observed input vectorl (estimation stage). The
rst goal of inferring the segregation of sound patterns to d erent \internally-represented"
streams evokes the involvement of the brain in self-organing the incoming sound mixtures
into their corresponding perceptual units. Our second objetive accredits the cortex for
a role it has been attributed by many cognitive neuroscientsts, that of learning and
maintaining an internal model of the external world [10]. We shall address the latter

estimation goal rst and then take up the inference problem.
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The estimation problem

The problem of estimating the state of cluster given an observation vectorl can be
addressed only given a formulation of the relationship betwen the observation and the
internal model. We adopt a linear mapping between the interral state vector Z and the

observable sound featurd, given by the equation:

()= AZ({)+ (b) (5.1)

where the matrix A designates how the attributes of the internal model are trarsformed
to yield a measurable sound featurel. Equation 5.1 is referred to in the literature as
\the measurement equation” [123], since it captures how themeasured sound features
of a particular perceptual stream result from a set of underying factors Z that cannot be
directly observed. For simplicity, we keep this equation ingeneral terms without specifying
any superscripts to eitherZ, | or A in order to describe the general transformation from
internal model representation to observation space. The ral transformation, however,
involves a relation between the state of one auditory object giving rise to a specic
sound feature . The term (t) represents a noise term that accounts for any discrepancy
not accounted for by the linear relationship betweenZ and I. The process (t) is also
called \measurement noise", which we take to be a zero-mean &ussian process with
covariance matrix .

A complete formulation of the estimation problem requires the inclusion of another
equation that de nes the dynamics governing the progressia of the state vector Z in time.

Such time evolution is captured by the equation:

Z(t+1)= BzZ(@)+ (1) (5.2)
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The matrix B is a time-invariant \state transition" matrix [123]. It rep resents the avail-
able knowledge of how the model's attributes change over tir, and is an appropriate
parameter to invoke any constraints or expectations of the golution of sound streams,
such as temporal continuity. The \state noise" term (t) is also considered to be Gaussian
with zero mean and covariance matrixQ. It accounts for any variability in the dynamics
of Z not captured by linearity.

To infer Z from |, we opt for an optimal vector that maximizes the model's poserior

probability. The optimization function is then de ned as:

J = maxP(ZjT)

Y
max P(Z jl)

o

llo

Y
max P(Z jl )

X (5.3)
max logP(Z jl )

llo

X h i
max logP(l jZ )+log P(Z )

lle

X h i
= min logP(l jZ ) logP(Z )

where the derivation above depends on the following facts: &) The state vectorsZ are
independent (since they represent independent streams inhie environment), (b) at each
instant t, the state vectorZ depends only on a unigue feature vectot (i.e., each stream
learns from only one observed input at a time, as shall be addrssed in the next section),
(c) the log function is a monotonically increasing function, and (d) we apply Bayes rule to
transform the posterior distribution P(Z jl ) into a likelihood and prior product, where

P (1 ) acts as a normalization constant and can be dropped from theptimization function.

The choice of (in step b) is de ned by a set of constraints that we will elaborate on later.
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For the time being, we assume that we have inferred the corr@deature | , and we need
to predict the model's state Z.

Given the Gaussian distribution that characterizes the meaurement equation (Equa-
tion 5.1), we can reduce the optimization functionJ to a least-square criterion [7]. To
do so, we approximate the probability distribution of Z by a Gaussian process around a
mean valueZ\(t), representing the current estimate ofZ at time t, and a covariance ma-
trix , depicting the variability in the estimate of Z in time. Consequently, the posterior

probability optimization function in Equation 5.3 reduces to:

X h i

J = min G Az)Y ‘o Az)HYy+(z z ) @z z ) (5.4)
Minimizing this function corresponds to nding the optimal vector Z by setting % =0.

The derivation is detailed in Appendix A, section A.1, resulting in the equation

Z =z +G (0 AZ) (5.5)

1
whereG, A’ ‘A+ ! A" ' The optimal solution can be formulated in words

as: New estimate = Old estimate + Gain x residual error.

This derivation leads directly to a Kalman Iter formulatio n [33], which oers a
recursive solution to the linear Itering problem (Equatio ns 5.1 and 5.2) under assumptions
of Gaussian process and state noises. The Kalman solution is fact a maximum a-
posteriori estimator (MAP), which results from the optimization funct ion in Equation
5.3. Kalman ltering is one of the best known algorithms for accurately estimating and
predicting the internal state of an observed dynamical syséem. At each time instant, the

Iter updates its estimate of the model's state by improving the old estimate given the
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newly observed data. The correction term is often referred @ as sensory innovation or
sensory residual error. It is captured by the term | AZ in Equation 5.5 and re ects
the discrepancy between the predicted measurememA Z and the actual observation |

If the two are in complete agreement, the residual becomes me, and hence thea priori
estimate Z corresponds exactly to the predicteda posteriori estimate. The gain term
G is a weighting factor indicating how much to \trust" the new o bservation against the
predicted a priori estimate. It adjusts as a function of the variance in the obsevations

as well estimate error covariance . By formulating the opti mal solution Z* in Kalman
Itering terms, we can directly apply the Kalman equations t o implement a solution to

the estimation problem [33, 123].

The clustering problem

The second goal set up for our adaptive learning algorithm ishat of cluster allocation,
i.e., inferring which cluster (stream) \wins" the input vector | . This step invokes
the unsupervised learning attribute of neural processing.As mentioned earlier, competi-
tive learning is an appealing choice for cortical learning vhich allows the distribution of
patterns from several streams to be assigned to di erent clsters.

At each instant in time, a set of input features representinginformation about the
sound mixture \compete" amongst each other, in deciding wheh pattern gets attributed
to which class. The winning cluster for a speci ¢ pattern is the one that matchesthe best
the internal state of that cluster. The key element in inferring the distribution of input
patterns among the di erent clusters relies on a suitable cloice for a similarity measure.
Given the formulation of the estimation problem as a Kalman prediction scheme, an

appropriate choice of distance measure is one that minimizethe sensory residual error
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between thepredicted input projected by the internal world model, and the actual observed
sensory pattern representing the state of the environment tithat particular moment in
time (Equation 5.5). Hence, the optimal clustering solution for each cluster can decidedly

be formulated as:
E=min | AZ (5.6)

which results in the following overall learning function:

2 =z +c @™l AT Az (5.7)

The above formulation combines the clustering problem withthe optimal solution derived
for the estimation problem, laying the foundation of the methodological approach for
the adaptive learning component of the model. The speci cs bthe model architecture
and implementation are going to be addressed next, and partiularly the principles and

parameters of the predictive component of this approach: te \internal" world model.

5.3.3 Model architecture

The overall architecture of the system starts with an analyss of the sound mixture through
a model of peripheral auditory processing to extract an audiory spectrogram. The model
used is comparable to that described in chapter 2, and givenyYang et al. [147]. Using
this initial spectrotemporal representation of the sound input, a stage of primitive cues
extraction is performed, where acoustic grouping cues areetected as described earlier
in section 5.1.2. The outcome of this stage is to build a map opitch traces and onset
patterns, as will be detailed in the implementation section

The core of the model operates along the temporal axis, onertie \slice" at a time. It
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examines each feature set at a given time instant through a miti-scale analysis, aimed at
analyzing timbre and spectral patterns in the input. This analysis is performed following
the multi-scale representation o ered by the cortical modd described in chapter 2.

The main component of the model is the adaptive learning modie. We choose
principals of cortical processing as a general scheme for ptementing the estimation and
clustering problems de ned earlier. We de ne each cluster 8 a set of \cortical Iters";
where the term cortical Iter is used here to represent a lter tuned to a speci c temporal
modulation rate. These functions are organized in a Iter-bank structure. Each one of
these lters is characterized by its transfer function, which yields a set of parameters that
describe its dynamics. The parameter set from the entire bak of Ilters de ne the value of
system parametersA and B governing the estimation problem, while the Iters' intern al
states are captured by the variablesZ . Di erent clusters are hence constructed of various
learning units, allowing each cluster to span a range of tempral scales. All clusters used
in the algorithm share the same range of temporal dynamics. W shall describe in the
following section how the mapping from the cortical lter-b ank to the derivation of a
state-space formulation is performed.

The Kalman-based algorithm (Figure 5.5) progresses in two teps: (1) a prediction
step, which estimates the process state at time, given previous states, and a temporal
continuity constraint where the current system output is assumed not to change from one
time instant to the next, and (2) a correction step, where this a priori estimate is corrected
by the observed input. The rst step is responsible for projecting the estimates forward in
time to obtain a priori estimates for the next time instant. The second step is a fedaack
stage, which uses the new observation to improve the state gdiction, yielding a corrected

a posteriori estimate. This a posteriori estimate is then used to project forward in time,
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Figure 5.5: Schematic of the stream segregation model.

predicting the new a priori estimate for the next time step. We will describe the various

stages of the model in the following implementation section

5.4 Implementation of the model

5.4.1 Pre-processing stage

The starting point for analyzing an auditory scene is perfoming a spectral estimation of
the sound. The signal undergoes a series of transformatiort®nverting the one-dimensional
time waveform to a two-dimensional time-frequency cochlearepresentation. The stages
of this spectral transformation follow the model of auditory periphery presented in chapter
2. The auditory spectrogram reveals the spectrotemporal pterns in the auditory scene,
hence setting the ground for a spectral analysis of the varios acoustic primitive features.

Figure 5.6 illustrates an auditory spectrogram of an auditay scene to be analyzed.
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Figure 5.6: Pre-processing stages of adaptive learning model. At eachine instant, a
spectral \slice" in time is analyzed for any harmonicity and onset cues. The spectrogram
corresponds to a mixture of a male and a female utterances. Tdspectrum in the upper
left panel shows harmonic peaks, which are found to correspal to fundamentals of 104Hz
and 227Hz. The same spectral slice also coincides with theast of syllabic segment of the
female voice, and hence the onset pattern (upper rightmost gnel) exhibits harmonicity

relative to an FO of 227Hz.

Pitch estimation

The rst acoustic cues to be extracted from the auditory spedrogram are pitch estimates
(Figure 5.6). The goal of this stage is not to track any frequecy trajectories, but simply
to extract harmonic structures (if any) at every instant in t ime. Frequency channels that
stand in harmonic relationship to each do in fact group togeher, and hence represent a
feature vector belonging to a common sound source. Our pitclextraction algorithm is

based on a template matching model, similar to that proposedby Goldstein [73]. The
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model transforms the spectral representation of a signal ito a distribution of pitch es-
timates. Incoming spectra are compared against an array of &armonic templates, which
are constructed from sequences of frequency intervals arad each harmonic partial of a
fundamental frequency. Pitch values are determined basedrothe best matches to the dif-
ferent template patterns. The strength of pitch estimate at di erent FO's is judged based
on the stimulus excitation patterns that fall through the si eve intervals of the nominal
FO. In other words, evidence for a pitch match at FO is based orthe overall activation
energy in the spectrum that matches the FO template. A threshold is set to choose the
values of FO with the largest evidence weight at every instahin time. Depending on the
number of sound sources or harmonic structures present in t original signal, a set of 1-4
FO matches typically emerge at every time instants, which ca then be used as feature
cues that contribute to the learning stage.

While no de nitive conclusions about the neural mechanismsof pitch have been
reached yet, there is general agreement on the perceptual dnacoustic attributes giving
rise to the percept of pitch [94]. The model of template matcting used here has been
presented as one of the biologically plausible mechanismsif periodicity pitch [36]. Work
by Shamma and Klein [133] suggested a biologically inspiredhodel for the formation of
harmonic templates in the early stages of the auditory systen based on the phase-locking
properties of cochlear Iters. Their model explains how hamonic templates can emerge
in the peripheral auditory system from a simple coincidencedetection network operating
across cochlear channels. Though quite successful in yiéhd) proper pitch estimates of
various spectral patterns, the template matching method ha been criticized for its lack of
robustness, and particularly in introducing additional estimates at octave or sub-harmonic

intervals of the fundamental frequency. These additional stimates are not a real concern
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for our scene analysis model. The learning module uses all ¢hestimates available to nd
the best match to a sound source. An FO pattern as well as 2F0 doot present con icting
information about a sound source. The learning procedure tpically picks the FO template
as a closer representation of a sound stream. The 2F0 templatdoes not bare a harmonic
compatibility with a di erent source, and hence would not contribute as evidence in the
learning procedure.

An interesting observation from using a pitch extraction scheme is that it also con-
tributes in separating out frequency channels that are not rarmonically related. While
it may seem counter-intuitive for some people to think of pitch as a separating rather
than grouping cue, this concept adds in fact another dimensin to role of harmonicity in
scene analysis. Harmonicity is in fact playing a dual role inbringing together frequency
channels that relate to each other, but alsopulling apart frequency channels that should
not be considered as a group. Following this interpretation pitch is a dividing force that
ags apart frequency channels that should probably fall in ssparate streams, unless other
evidence indicates otherwise. As a whole, grouping/segraging cues are indeed playing
the role of exposing any di erences where necessargnd promoting fusion or grouping
where necessary. This force operating in both directions i®nly enhancing the salience of
perceptual similarities or di erences between acoustic pterns represented in a multidi-
mensional perceptual auditory domain, and hence contribuing to the parsing of auditory

scenes.

Onset estimation

Along with pitch estimates, onset maps are very e ective androbust representations of

single sound sources. Onset synchrony is a particularly pogrful cue for segregating acous-
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tic components. We employ a simple derivative approach via émporal di erentiation to
boost the detection of transient energy in the signal. We th& proceed to a spectral inte-
gration across frequency bands, followed by an energy thrésld. Synchronous frequency
channels that get activated together emerge an onset spedt segments to be used as in-
put vectors in the learning module. Figure 5.6 illustrates the extraction of onset patterns
from an auditory spectrogram. The onset trace shown overlaping with the spectrogram
highlights the time instants when energy transient are deteted. Those peaks are used
to extract the onset pattern from the temporal-di erentiat ed spectrogram. Such pattern,
as shown in the upper rightmost panel of Figure 5.6, tends to cincide with one sound
source, since it is highly unlikely that two sound sources srt at exactly the same time

instant.

5.4.2 Multi-scale representation

Spectral shape is an e ective physical correlate of the perpt of timbre [32, 145]. Inspired
from ndings of cortical spectral analysis, we employ a muli-scale model based on a
wavelet decomposition of spectra into an array of local and kpbal spectral patterns, as
introduced in Chapter 2. This spectral decomposition o ers an insight into the timbre
components of each of the acoustic features extracted so fairhe local and global spectral
shapes in the acoustic patterns are captured via a bank of sptral modulation Iters tuned

at di erent scales (0.25 { 4 cycles/octave). On the one hand the slowest modulation scales
capture the general trend in the spectrum, hence highlightihg the components with broad
or coarse spectral attributes, such as speech formants. Orhe other hand, the high-order
scale coe cients describe the more dense spectral patternsorresponding to features with

higher spectral density, such as harmonic peaks. Unlike cegtral analysis commonly used
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in speech recognition systems, the multi-scale model opetes locally along the tonotopic

frequency axis.
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Figure 5.7: Multi-scale auditory representation of the vowel nan of a male
voice. The multi-scale mapping highlights various features of the original spec-
trum, namely the fundamental frequency FO and its harmonic partials, as well

as the formant peaks of the vowel (particularly F2 and F3).

Figure 5.7 shows the spectral patterns originating from thevowel nan produced
by a male speaker. The multi-scale representation exhibitsvarious interesting features
about the original spectrum: The location of the fundamentd frequency and harmonic
partials, the location of the formant frequencies. The Harnonic patterns are most notably
expressed at the high spectral scales (above 2 cycles/oc@ The coarse structure of
spectrum, peaking at about 500-1000Hz is captured by the loer scales, which tend to
exhibit the overall global patterns of a spectrum. These lowscales are in fact broadly
tuned Iters that maintain the global shapes of sound patterns, and hence re ect the
general energy patterns in the spectrum. In the results show later in this chapter, we

use spectral modulations in the range 25 4 (cycles/octave).
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5.4.3 Cortical Itering

The temporal dynamics of the model are shaped according to acttical multi-rate analysis
similar to the one described in Chapter 2. This model is augmeted by a predictive
learning step as described earlier. Speci cally, an input nalti-scale feature (2D pattern of
frequency-scale) is used as the external input patterd (t). At the same time instant t,
the model uses its past stateZ (t 1) to predict what the expected input should be. This
prediction is performed using a temporal coherence constiat where the past output of
all cortical Iters is assumed to stay constant. The Kalman formulation is hence used to
predict the expected input at time t. This expected input is compared with the actual
observed inputl (t), and the residual error between the two is used to update thecurrent
state of the Iters as well as their current output Y (t).

To be able to apply the Kalman-predictive learning technique, we have to reformu-
late the cortical Itering process in term of Equations 5.2 and 5.1 (state and measurement

equations). This derivation is performed in three steps:

1. Writing the model dynamics in terms of a di erence equation, relating the input |

and the output Y, via parameters A and B.

2. Converting the di erence equation into state-space form by de ning a vector of state
variables Z. Z represents the model's internal representation, which we lroose
to be the state of the delay registers in a direct form Il implementation of the
di erence equation mentioned in step 1 [123]. The state-spee form involves then two
equations: (a) The process equation, representing the dymaics of the variableZ, in
other words, the prediction Z of the state Z (t) given prior states fZ (t 1);:::Z(0)g

(i.e., based on prior data), and (b) a measurement equation Wich relates the data
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to the state variable Z. In our case, we are using the internal model to predict our
expectation from the world, and so we formulate the state-spce equation to predict

the sensory inputl.

3. From the state-space formulation, we can apply a Kalman lering strategy. How-
ever, our ultimate goal is really to use this prediction for dustering sensory inputs
into di erent streams. So, we proceed with the Kalman predidion, but at the up-
date stage, we only update the states belonging to the clustethat minimizes the

residual error.

Next, we elaborate on each one of these steps.
Writing a di erence equation:
The dynamics of the model are governed by band-pass lters ngresenting a multi-
rate analysis of the sensory input. The impulse response ofaeh lter is de ned by a basic
gamma probability density function (similar but slightly m odi ed from the one de ned in

[31]):

h(t) = t%e ¥%sin(2t)

The impulse responses of Iters at di erent rates is given by a dilation operation and

sinusoidal interpolation of the function and its Hilbert tr ansform:

h(t;!)

th (1t )
(5.8)

h(t;! )cos + A(t;!)sin

) h(th )
wherefi stands for the Hilbert transform of h. This Itering operation can be approximated

by a di erence linear model. We use the Steiglitz-McBride agproximation [98] for nding

an IR lter with the prescribed complex-valued time domain impulse responsén(t;!; ).
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The approximation leads to a di erence equation of the form:

aoY()+ aY(t 1)+ +anY(t n)= X (O)+ Xt 1)+ +h Xt n+l) (5.9)

where the vector of coe cients fay;:::ang and flp; :::; b,g represent the Iter parameters
(nominator and denominator coe cients), and can be adjusted to appropriate sizes by
letting some entries take a zeros value. Writing the parameer vector a and B to the same
length simpli es the transition from a di erence equation t 0 a state-space form, as we
shall see next.

Conversion to state-space form:

State-space methods are standard system formulations thatnodern control theory
resorts to when dealing with system dynamics and time-serie analysis. Any n" order
di erence equation can be represented by a rst-order vecte equation with a state vector
of n elements [123]. We want to transform the formulation of equdion 5.9 into a state-
space form.

We perform a little twist in the formulation by actually usin g the past output
fY(t 1);Y(t 2);:::9 to predict the current input X (t). This does not change the
actual procedure of writing a state-space equation, but on} a ects what the actual values
of parameters A and B are. It also allows to formalize our temporal constraint by dso
setting Y (t) = Y (t). Hence, the problem is now de ned as: giverf Y (t 1);Y(t 1);:::g
and fX(t 1);X(t 2);:::0, what is the value of X (t)? In this sense, the right-hand
side of equation 5.9 represents the measurable process. Ehilerivation of a state-space
equation is quite straight-forward, and is presented in deail in section A.2 of Appendix

A. The nal representation of the di erence equation is now given by:
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Z(t) = BZ({t 1)+ CY(1) (5.10)
X(@{) = AZ(@®) (5.11)
where,
2 3 2 3
o]} bh 1 by 1
E 1 0 0 E 0
A, [ a, 1] and B, and C,
0 1 0 0
Kalman lter:

The Kalman theory is a well-established scheme for data estation. By formulating
the cortical dynamics based on Equation 5.11, we can direcfl apply Kalman equations in
implementing the prediction module. The vectorsZ (t) represent auxiliary parameters (or
hidden states) of the cortical model, and hence maintain anrternal \image" of the data
in each cluster, as input observations are coming in. This adical internal representation
can in e ect be though of in terms of a perceptual organization of sound patterns, which

is later translated into actual streams or auditory objects.

5.4.4 Adaptive learning

The step of predictive learning is performed based on the dyamics schematized in Figure
5.5. The learning happens as the cycle between the model prition and correction (based
on observed inputs) guides the revision and alteration of alster representations, and allows

for a more accurate clustering function. Most simulations $iown here limit the number of

111



cluster K to 2. These two clusters are in e ect symbolizing auditory streams pertaining to
the foreground vs. background in an auditory scene. This disnction is not necessary for
the actual implementation of the algorithm, but it leads to a more intuitive understanding
of the response patterns of the cortical lters. Following this interpretation, one can think
of one stream/cluster as the object/sound attended to, whike everything else is falling in
the background, and hence in the opposite stream.

As interesting note concerning the behavior of the rate Iters in the cortical model is
the fact that they are guided by their internal dynamics (as determined by their individual
impulse responses). Each rate Iter \learns" according to the range of temporal modula-
tions and orientation it is tuned to (the orientation selectivity is obtained in conjunction
between the Iter's response and the input scale represent#on). The time constants of
these lIters in e ect act as a \memory" component, whereby th e neuron learns at a cer-
tain rate. If no valid input is coming in, the neurons stop learning; which is manifested
by the relaxation of their outputs as they tend to drop toward zero, indicating a state of

\forgetting" of those particular Iters.
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5.5 Results

In the introduction to this chapter, we described two aspecs pertaining to auditory scene
analysis; namely, auditory streaming and particularly of dternating sounds, and segre-
gation of concurrent sound sources. Using our model, we ingigate aspects associated
with both phenomena, and focus on extending our understandig of how each module
in our adaptive scheme interacts with the others in achievirg the speci ed learning goal.
Simulating various sound organization e ects is both benecial in terms of testing the
capabilities of the model, as well studying the actual respase patterns obtained from the
cortical model. Inspired from neural evidence in the auditay system, the model is in fact
a re ection of how we expect the stream formation to be happeimg in biology, of course

formulated in neural vocabulary, rather than abstract modelling terminology.

5.5.1 Streaming e ects

Streaming e ects are very commonly tested using cycles of meated stimuli. Whether
for psychoacoustic testing or physiological experimentabn, cycling stimuli are chosen for
their relative ease of manipulation. They also produce a vey stable perceptual manifes-
tation after a certain number of repetitions. It is now well established that streaming is a
phenomenon that builds up over time before the perceptual maifestation of the streams is
well established for the listener. This scheme of cycling @nulus patterns is well suited to
be employed in our learning model, as any neural network strature does require to accu-
mulate certain evidence from its inputs before any learningor computational judgements
can be made. The duration required for the buildup of a stablerepresentation varies de-
pending on the complexity of the sound patterns and the duraton of the individual sound

elements constructing the entire sequence.
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Here, we describe a series of simulations of commonly knowrtreaming paradigms
which illustrate various underlying principles of sound organization. Most these paradigms
have been described in a collection of demonstrations asséied by Bregman and Ahad

[22].

Alternating tone sequence

Alternating tones are the most classic paradigm used for stdying auditory streaming. The
paradigm consists of simply repeating a tone \A" and tone \B" in a sequence ABAB...
By varying the frequency separation between the tones, as vileas their presentation rate
(i.e. the duration of each tone), listeners are asked whethethey hear one or two streams
[140]. As the tone frequency separation increases and the teaof presentation becomes
faster, the subjects report hearing two continuous streamsone going at a lower frequency
and one at a higher frequency. Additional factors are also irportant in determining the
subjects's perception of one or two streams, including theisteners' attentional readiness
while performing the task, and the overall presentation time of the sequence.

The schematic in Figure 5.8 shows results obtained from our @daptive learning
model. THis schematic is organized fron the bottom to the topto signify the information
ow from the input coming signal to higher-level organization of sound into perceptual
streams. In this case, the algorithm is presented with a soud sequence whose spectrogram
is shown in the lowermost panel of the gure. In this particular simulation, the tones are
chosen to be 500Hz and 2000Hz, each 125 msec, i.e. repeatingrdes per second. The
patterns go rst through a multi-scale analysis. The gure shows 4 outputs of the spectral
analysis at 4 di erent time instants as the analysis progreses in time from tone A to tone

B. The middle panels show intermediary time instants as toneA fades away, and tone B
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begins to rise up. Next follows the cycle of adaptive learnig via Kalman estimation and
competitive learning. The outcome is re ected in the resporses of di erent cortical rate
Iters after the presentation of the sequence. An interestng observation is that the Iters
tuned at 4Hz show a continuous pattern of activation since ttey are tuned to presenta-
tion rate of each sequence A-A-A... or B-B-B..., repeating &a rate of 4Hz. The cortical
outputs are in e ect responses to sequences A-A-A... (left lue cluster in Figure 5.8), and
B-B-B... in the other cluster. The topmost two panel represent a schematic of what the
perceived streams actually aggregate to. These patterns arobtained by simply summing
the outputs of the di erent rate lters in each cluster. The f act that certain cortical Iters
are tuned to the presentation rate of the each tones A or B is vey critical in explaining
the perception of a continuous stream despite the fact that ach acoustic stream by itself
is in reality non-continuous. The energy response of a 4Hz ter to a 4Hz cycling sequence
is in fact a continuous pattern. This fact directly relates the dynamics of streaming to
the low-pass nature of cortical responses, which is a maniéation of the loss of cortical

phase-locking and synaptic depression (as discussed in gitar 3).
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Figure 5.8: Streaming of alternating tones. The data ow in this schematic goes from
top to bottom (as shown by the \data ow" arrow) indicating th e bottom-up process
involved in the analysis of the sound mixture. The details ofthis schematic are in the
text. The patterns shown here correspond to the magnitude reponses of the complex-
valued representation in the cortical model. The spectrogams representing the auditory
streams in the two topmost panels of the gure are obtained asthe sum of the outputs

of all rate lters within each cluster.
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Alternating ripple sequence

A similar experiment can be performed by using alternating tipple sounds. We use static
ripples, in this case 0.5 cycle/octave and 2 cycle/octave. Aeach cycle of the alternating
sequence, a new instance of a white noise carrier is generdteand modulated spectrally
at either 0.5 or 2 cycles/octave (A or B sound). As we construt the entire alternating
ripple sequence ABAB..., the ne spectral structure of any two sounds never repeats.
This additional spin is aimed at varying any possible cues tlat could lead to a grouping
of ripple elements, and override the role of spectral moduléon patterns. The fact that
carrier information is unique at each instance of either sond allows us to avoid the reliance
of principles such as peripheral channelling, which would éke advantage of any regularity
in the frequency cues of the sound carriers in order to streandi erent ripples together.
Using a multi-scale representation of each sound pattern,lie model successfully separates
these two noise patterns along a \spectral-modulation" dimension. Examples of multi-scale
ripple patterns are shown in the middle panel of Figure 5.9. The leftmost panel shows
a speci c excitation pattern in response to a time slice coiriding with a 2 cycles/octave
sound. As the sounds change to 0.5 cycles/octave, we can noé a shift in the excitation
pattern (second multi-scale representation panel in Figue 5.9, att = 288ms). Then, the
pattern completely moves toward 0.5 cycles/octave (right panels). The model successfully
organizes these alternating patterns into two clusters, shwn in the top panels of Figure
g:ABripples. Their spectrographic representations (in these two panels) appears a bit
smeared due to the temporally-extended response structuref the cortical Iters at low
rates ( 2Hz, 4Hz). However, they illustrate the model's capability in organizing these
two sound patterns which share a common spectral format.

Informal tests were also performed to judge listener's abity to stream ripple sounds
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with di erent spectral patterns. Such patterns proved to be much harder to stream when
the carrier noise was randomized, but certain subjects werestill able to report hearing
a streaming e ect when the separation between the spectral ptterns of ripple A and
B was large enough. This e ect might be explained by prior training and acoustical or
musical background of the subjects, making it easier for somto organize these sounds at

a higher-level dimension (scale axis) without relying on ag other dimensions.
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Figure 5.9: Streaming of alternating 0.5 and 2 cycles/octave ripples.
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Alternating tone cycles

Next, we focus on additional simulations collected by Bregamnan and Ahad [22] as a set of
most common, and probably most useful, paradigms in studyig organization of sound in
the auditory system from a streaming perspective. We chooséom this series of demon-
strations those which can be implemented in our model. The st simulation is quite
analogous to the alternating tone sequence ABAB.... The paadigm corresponds to psy-
choacoustic tests run by Bregman ([22], demonstration 1) ashown in the lower rightmost
panel of Figure 5.10. The schematic represents a sequencetohe cycles alternating be-
tween high tones (H1,H2,H3) and low tones (L1,L2,L3). The atual cycle is constructed
by the sequence H1,L1,H2,L2,H3,L3,... The technical detdé of these sound correspond to
those set by Bregman [22]: The tone frequencies for the higheguence were 2500, 2000
and 1600 Hz, and for the low sequence 350, 430 and 550 Hz. Thefsequency ranges
are well separated along the tonotopic axis. The spectral piderns shown in the middle
panels of the Figure 5.10 indicate that the multi-scale repesentations used as input for
the learning module are very well disjoints in frequency. Ths separation is re ected in the
output of the adaptive learning algorithm, shown in the top most panels. It demonstrates
how successfully we can perceive two well segregated soundtferns: a high frequency
3-tone melody and a low frequency sequence. This simulatiois a direct test of the prin-
ciple of sequential integration The tones in the low (or high) frequency region fall in the
same cluster, because the acoustic features from pattern Land L2 appear to be simi-
lar (by virtue of frequency proximity), and quite dissociat ed from the other \competing"
patterns H1, H2, H3. This perception is only maintained as lmg as the sequences are
repeated at a relatively fast rate, guaranteeing that the dynamics of the cortical model

are commensurate with the presentation rate.
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Alternating vowels

Vowels are preferred test signals in many experiments dealg with stream segregation.
They are easy to synthesize and manipulate, with di erent fundamental frequencies, for-
mant structures, and excitation modes. The variability in t heir spectral shape is an
interesting feature to explore stream segregation. We pedrm a simulation analogous to
that carried out by Bregman ([22], demonstration 11). Instead of employing synthesized
vowels as used by Bregman, we use an alternating sequence waifot natural vowels /e/ and

/=l produced by the same male speaker. The spectrogram of the gaence is shown in
the lower panel of Figure 5.11. Even though they are producedt the same pitch (same
speaker), the two vowels exhibit very distinct spectral shaes (di erent formant positions

and relative intensities). The divergence between the two ptterns promote streaming
e ects, hence contributing to their separation into two separate streams, shown in the

uppermost panel of Figure 5.11.
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Capturing interference tones

The involvement of attention in grouping mechanisms is of paticular interest for any
study of sound perception. A very powerful principle that can be easily tested in humans
is orienting subjects to di erent streams and judging their ability to focus on certain
aspects of the attended stream, while interfering patternsare played in the background.
An illustration of such task is given in the paradigm of Figure 5.12, and the technical
implementation details follow those of Bregman [22]. The sbjects are initially presented
a tone sweep AB or BA and asked to judge whether it is upward or éwnward going.
Such judgement is very easy and quite straightforward. Whensurrounding the AB/BA
sequence with an interfering tone X (leading to XABX or XBAX) , it becomes quite hard
to judge the order of the sequence AB, due to the presence of ¢hbracketing tones. Such
e ect has been explained by Bregman as due to a loss of prominee of the pattern AB
(or BA) since a more higher-level percept emerges due to theofir-tone structure (XABX
or XBAX). The e ect of the surrounding interference can be almost nulli ed by extending
the sequence X in time prior to the sequence of interest. Theaind would now consist of a
pattern XXXXXXABXX (Figure 5.12). The presence of a preceding sequence of X tones
leads to the emergence of a separate stream made up of the \X"attern, and hence when
sound AB or BA is played, it falls into a di erent cluster, fac ilitating its release from the
surrounding tones. Such release allows it to partially restre its original saliency, hence

allowing us to get a better judgment of the AB-BA sequence.
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Crossing trajectories

The theory of crossing trajectories is one that tests the segregation of rising and falling
tone sequences, which overlap at a certain point in time. It § interesting to investigate

whether the auditory system would actually group the rising and falling tone patterns

together or not. Listeners report hearing a bouncing patten when the sound elements
are individual tones, and it is very hard for subjects to follow an entire rising or falling

sequence. Such e ect is illustrated in Figure 5.13, with tebinical details of tone frequencies
and duration in agreement with Bregman's paradigm. The outmme of the learning model
is quite interesting, and constitutes a direct manifestation of the bouncing e ect described
by Bregman. The best explanation put forward for this e ect i s one that favors grouping
of tones belonging to a similar frequency region together.

The next test - related to this simulation - is one which teststhe crossing trajectories
in the case of a harmonic vs. single frequency patterns. Nowthe rising pattern consists of
a harmonic sequence &, 29, 4" and 8") harmonic of a sequence with FO at the value of
the tone in the original rising pattern. By adding harmonicity to the mix, we present the
system with clues suggesting that the rising pattern shouldbe segregated into a distinct
cluster, as it shares common features of periodicity. This gectral regularity in uences the
organization of the patterns into their corresponding streams, leading the falling sequence

to now group into a distinct cluster (Figure 5.14).
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Sine-wave speech

Language is certainly a powerful grouping feature that is had to capture in terms of simple
acoustic cues, following the principles described earliem this chapter. Nonetheless, we
are able to put acoustic elements together that sound to us ke speech, even if we do not
understand the language. Sine-wave speech is a special cadesound signals designed to
lie at the end of a continuum representing speech patterns pA5]. It consists of a number
of sinusoidal waves modelling the formant tracks of speechesitences. The spectrogram
in bottom panel of Figure 5.15 shows an example of such sentea. Most listeners rst
hear a sine-wave signal as a series of tones, chirps, and Wjpwith no particular hint
to any particular meaning or language reference. After pronpting, listeners are able to
recognize the words in the sentence, and start hearing thesgtterances as speech, despite
the very poor quality of the sound. In the context of our model, we claim that one
reason why sine-wave speech originally sounds like a coltean of tones and blips is simply
because each sine wave is clustered into a separate streanerite making it di cult for
the auditory system to integrate information across streans to be able to recognize the
linguistic meaning of the sentence. To test this hypothesiswe ran our model on a sine-
wave utterance, but using three clusters to test whether thethree sine waveforms would
separate into the three di erent clusters. As expected, Figire 5.15 shows the outcome of
such simulation, and con rms our prediction of separating the three constituting energy
waveforms into di erent clusters, and hence separate streas.

In Figure 5.16, we explore an interesting extension to this dea of clustering the
separate waveform into separate clusters, and hence leadjnto diculty in originally
recognizing the signal as speech, unless prompted. The tesbnsists of giving the system

additional hints to group the three sinusoidal trajectories together. To do so, we introduce
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silences into the sentence, occurring at a rate of 20-50Hz.nferestingly, sinewave speech
sounds more intelligible when segments of silence are inteaved with the original signal.

The silence portions introduce common-onset cues giving éence that the three sinusoidal
waves should be integrated together in the same perceptuak®am. Figure 5.16 shows an

illustration of such simulation.
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Figure 5.15: Sine-wave speech. The paradigm shown in the lower right coer of this
schematic corresponds to demonstration 23 in Bregman's deamstrations CD [22]. The
uppermost panels (representing the auditory streams) are aw displaying the real-part of
the complex-valued output of the cortical model. We choose the real-part as opposed to
the magnitude in this case to better illustrate the patterns in response to fast changing

patterns in sine-wave speech.
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Figure 5.16: Sine-wave speech. The paradigm shown in the lower right comr of this
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Tone in a mixture

In a nal simulation of sound organization principles, we explore a paradigm which involves
a di erent structure of auditory segregation: simultaneous grouping. The paradigm shown
in Figure 5.17 illustrates a construction where di erent cues are put in competition with
each other. The paradigm consists of a cycle of an A tone, fallved by a tone complex
B,C. The occurrence of tones B and C together delivers a stram onset cue, hinting that
these two elements should be grouped together. In the initibsimulation where tone A is
played at a di erent frequency (1800Hz) than the complex (B: 650Hz and C: 300Hz), the
streams formed by the learning algorithm segregate the sceninto a stream of A sounds,
and a distinct stream of BC complexes (Figure 5.17).

In a second simulation, tone A is shifted in frequency to matt that of tone B in the
complex BC (right panel in paradigm schematic). As the frequency separation between A
and B is now zero, the system has to decide whether to group B h the already existing
cluster A, or whether to use the evidence of common onset in th complex BC to cluster
both tones B and C into a common new stream. Simulation resul for this case are shown
in gure 5.18, and do actually match our perception of these sunds. Bregman explains
this result by a principle he calls \old-plus-new heuristic" [21]. This principle is proposed
as an organizational scheme used by the auditory system forosind organization, and is
described as:\If a spectrum becomes suddenly more complex or more intenséhe auditory
system tries to interpret this as a continuing old sound joired by a new one that supplies
the additional acoustic stimulation”. In the context of the second simulation, we can
interpret the results as tone A being the \old" evidence, and the complex BC supplying
continuing \old" evidence (tone B), and new evidence for a nev sound (C); hence the

organization of these elements into an A-B-A-B.. stream vesus a C-C-C-... stream.
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5.5.2 Speech segregation

A second component of our implementation of the adaptive leening model is to test
its applicability to speech separation under realistic coritions. We perform two main
evaluations of the model's performance by either using origal sentences, or combining
them into a sound mixture.

An important question pertaining to the evaluation method of CASA systems has
been raised by most researchers working in this eld [37]. Tk most commonly adopted
approach is for each system to maintain a separate module tollaw the reconstruction
of sound waveforms from the segregated signals, and hence bBle to run listening tests.
Some studies however have supported the idea of integratin@ASA systems with auto-
matic speech recognition (ASR systems, and hence bypassirthe need for a complete
reconstruction of the sound waveform. Retaining a higher#vel stream representation
interpretable by the ASR system su ces to evaluate the outcome of the speaker separa-
tion model. These evaluation techniques are however not alays easily applicable, and
particularly using our model. We know of no ASR system curreitly available that can
easily interface with our cortical representation. Moreo\er, the di culty in reconstructing
the acoustic waveform of the learned streams stems from the adel's extensive compu-
tational complexity. The model results in 4-dimensional canplex-valued representations
(time-frequency-scale-cortical rate) per cluster, whichmakes it very di cult to implement
a re-synthesis module for the acoustic waveform. We hence as correlation measure (nor-
malized correlation coe cient) to evaluate the correspondence between learned patterns,

and original or expected ones.
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Speech segregation using original utterances

In order to investigate how well the system separates soundattern belonging to di erent
speakers, we test our model using a pair of sentences from twai erent speakers. These
two sentences are analyzedeparately through our pre-processing stage, to basically map
the sound patterns into a multi-scale representation. The €atures extracted from both
speakers are then combined in an array of sound patterns, wht no reference to which
speaker they belong to. They are then clustered using the agsive learning model. The
only evidence that can indeed di erentiate the features of asame speaker is the regularity
in the patterns themselves, in the absence of any other lablihg of its source. These
patterns are then given as input to the adaptive learning model.

We run four separate set of tests using a di erent pair of: mak-female speakers,
male-male speakers, female-female speakers. A fourth tes run with a female speaker
against a male speaker whose sentence has been modi ed so thhe pitch now matches
the female range, but altering the spectral ratios of his fomant energies. Each one of
these tests is performed with 100 di erent pairs of di erent male and female speakers and
utterances from the TIMIT database [1], where sentences rage between 2 and 4 seconds
long. The results are shown in Figure 5.19, and are describeds follows: We correlate
the output of the cortical model for one cluster with the original \clean" sentence, and
obtain a correlation coe cient between the two ( |, or learning correlation). We also
correlate the model's responses to the two original sentems, to obtain a baseline of how
well separated the original sentences are, and hence how Wwele can expect our model to
achieve if it were to perform perfectly. We call this correlaion , or baseline correlation.
Finally, we correlate the learned utterance not with its own original sentence but the other

\competing" utterance, to assess the level of confusion beteen the patterns of the learned
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Figure 5.19: Segregating speech utterances using original sentencg#®) The statistics

for male-female pairs are: | =0:92 0:1, =0:27 012, b= 0:19 0:07. (B) The
=0:9 009, .=0:35 005, b= 0:24 0:11.

=0:85 011, , =0:39 016,

statistics for male-male pairs are: |

(C) The statistics for female-female pairs are: |

b= 0:2 0:09. (D) The statistics for female-modi ed male pairs are:

c=0:2 012, b:O:14 0:07.

| = 0:94 01,
sentence and the competing sentence. We call this correlath ., or confusion correlation.
The values obtained for each speaker pair are shown in Figurb.19, with the mean value
shown with a straight line, and the variance shown with a shaad box. The results lead
to quite a remarkable correspondence between the originalral learned sentences, with
correlation coe cient as high as 0.94. We re-display these alues in Figure 5.20, but only
plotting the results from the 50 best pairs, i.e. the pairs fa which we achieved the best
separation. This gure con rms how successful the model's grformance is with mean
correlation values between 0.95{1.

A similar set of tests was also performed to test segregationf speech versus music
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c=0:228 011, b= 0:22 0:09. (D) The statistics for female-modi ed male pairs
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I b

melodies. The model was successful in separating these twafperns into separate clusters,
particularly when the musical melody consisted of a tune fran a single instrument. Musical
pieces from an entire orchestra would require a more elabota restructuring of the model
under more complex perceptual principles enabling the idetication of musical sounds

from many instruments as one perceptual stream, rather thana collection of individual

instrumental streams.
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are: | = 0:84 0:.06, o =0:42 0:14, b= 0:24 0:1. (C) The statistics for female-
female pairs are: | = 0:87 007, ;=0:83 0:13, b= 0:24 0:11. (D) The statistics
for female-modi ed male pairs are: | = 0:8 006, ,=0:4 01, b= 0:16 0:08.

Speech segregation using utterance mixtures

In a second set of simulations, we employ the adaptive modehiits entirety, by involving

the pitch and onset extraction modules. In this case, the inut signal consists of a sound
mixture obtained by summing a pair of sentences from two di erent speakers. The analysis
is then performed on the sound mixture itself, by rst extracting pitch and onset elements.
Depending on the saliency of each of these vectors, we alsodgethe original mixture

spectrum as additional vector for training the cortical model. In the absence of any pitch
or onset evidence, the original spectrum is then kept to repesent any additional evidence
about the sound patterns at that time instant. For instance, a fricative (such as [s]) would

produce an aperiodic hissing that would not produce any saént pitch estimate.
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Figure 5.22: Segregating speech mixtures: 50 best pairs from Figure 5.21(A) The

statistics for male-female pairs are: | =0:82 0:04, .=0:41 012, =0:21 0:08.
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b= 0:25 0:1. (D) The statistics for female-modi ed male pairs are: | = 0:85 0:05,
c=0:37 011, b= 0:18 0:09.

The outcome of these simulations is given in Figure 5.21. Figre 5.22 again shows the
best clustered 50 pairs from the original data set in Figure 1. Overall, while the outcome
of such simulations leads to more reduced correlation valiethan those obtained in the
earlier case with the original utterances, we are still ableto achieve a correspondence of
0.8{0.9, which is rather remarkable using quite little evidence about the signal, consisting

of only pitch, onset and original patterns.
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5.6 Summary and Discussion

In this chapter, we presented a computational approach to tke problem of auditory scene
analysis inspired from computational strategies of corti@ sound processing. Based on
the notion of an internal world representation maintained by the cortex, we formulated a
sound organization scheme regulated by the statistical priciples of Kalman Itering and
neural network rules of competitive learning. The model buids and maintains an internal
representation of sound streams available in the environm@. This representation serves
both as a reference set for clustering sensory inputs into thir corresponding perceptual
streams, as well as an adjustable judgement measure of the ditory scene, whose values
are adapted to re ect the variability in the sound streams. The model is founded on
perceptual principles of auditory grouping and stream formation. Such principles are
translated into a computational scheme that combines aspds of bottom-up primitive
sound processing with a top-down internal representation 6the world, which adapts its
intrinsic representation based on the residual error betwen its own predictions and the
actual sensory input.

The model was tested under a variety of auditory streaming caditions, leading to
a successful outcome of these simulations in accord with theesponses expected from lis-
tening tests. The system could account for the relationshipbetween sequential streaming
and various grouping factors, such as frequency separatiorpresentation rate, timbre dif-
ferences, background on foreground e ects. It also provedwuecessful in re ecting the role
of simultaneous processes in separating concurrent soundagterns into their correspond-
ing perceptual streams. Furthermore, the model achieved aery remarkable performance
when tested with natural speech mixtures. It successfully denti es and segregates sound

elements corresponding to di erent speakers based on theispectro-temporal patterns,
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re ected in the variability of pitch and vocal tract paramet ers between speakers, as well
as the temporal dynamics of the utterances.

What sets this model apart from existing computational approaches to auditory
scene analysis is a combination of components which stem froits biological foundation

and its computational scheme:

Data-driven cortical representation: The model relies on an initial stage of
data processing, that extracts \primitive" acoustic features from the sound mix-
ture. Along with the common cues generally invoked in most C/ASA systems (e.g.,
frequency proximity, onset synchrony, harmonicity), the model also explores more
high-level data mappings that expose di erences between smd elements in a multi-
dimensional representation. Physiological evidence of ngal response patterns in
central auditory areas shows the emergence of selectivityot particular spectral fea-
tures at the level of pre-cortical and cortical neurons. Suh selectivity is much more
complex than simple tuning-curves in auditory nerve bers. We exploit such organi-
zation in implementing a wavelet-based multi-scale represntation of sound spectra,
which successfully captures the variability in sound elemets beyond a simple time-
frequency mapping. The model is hence given an edge when dea with cases of
interleaved complex pattern sequences (such as alternatiripples), as well as seg-
regation of speaker and sound characteristics in a way to erdnce the di erences

between their voice features (pitch, length of vocal tract, timbre, etc...).

Cortical dynamics: Exploring the role of cortical dynamics in auditory scene
analysis is invoked in the model by using a bank of tuned ratelters within each
cluster. Rate selectivity ensures a distribution of sound &ments within each cluster

depending on their temporal dynamics, and guarantees a dety of representation
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of changes along the time dimension in the response patternsf the lters. For

instance, in the streaming simulation of alternating A-B-A-B-... tones (Figure 5.8),
the presence of a 4Hz selective Iter whose time constant isammensurate with the
presentation rate of the sequence ensures both responsivss of the model to that
speci ¢ presentation speed, in addition to maintaining a nan-interrupted response
pattern re ecting the perceived continuous A and B sounds once streaming e ects
take place. Furthermore, the temporal dynamics within eachcluster act as a memory
component to re ect past or already-learned features of thedi erent sound streams,

as well as projecting them into the future.

Kalman lItering: Kalman estimation sets a rigorous framework for robust infe-
ence of implicit information about the state of the system, re ecting the sensory
input from the environment. The simplicity and recursive nature of Kalman |-
tering are some of its appealing properties { it makes realime implementations of
the system much more feasible, and sets an attractive apprad to computationally
implement sequential processing phenomena [21] in an optimal and straightforwat
fashion . Along with its well-established bene ts, Kalman lter's real contribution
to the current model is its ability to track the changes of the lters' states in time.
As the sound elements in the acoustic mixture vary with time, and given the con-
straints on the model to be able to learn the sound structuresion-the- y", it is of
paramount importance that the model robustly tracks these temporal changes. Such
requirement is mostly valuable in cases of speech and nonatonary signals where
temporal progression in time is an important clue to the organization of sounds into

separate streams.
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Interaction between primitive and top-down in uences: The model o ers
a natural and biologically plausible framework for interactions between primitive
and internal representations of acoustic elements. For caical structures to be able
to maintain accurate estimates of auditory events, they hae to reconcile between
their current states and the input from the environment. Thi s interaction can be
understood in the context of adaptation of cortical structures to the requirements
of the external world along with predictive anticipation or cognitive in uence of
the context in which the sounds are being segregated or fusedFor instance, the
choice of the limiting boundaries between the di erent clugers can be re ected in
the choice of a distance measure (chosen to be euclidian dastce in the current
model, Equation 5.6), which is an element that can be furtherexplored in enforcing

speci ¢ \schema-based" processes into the \primitive" segegation of sounds.

Along with the main contributions of this model, we can re ect on the challenges
faced in the implementation and application of such system.As far as failures of the model
are concerned, they tend to occur mostly in cases where amhigus and complex sound
patterns are being analyzed. For instance, speci ¢ situatbns of orchestral musical scenes
raise questions as to the level of granularity at which the sgtem should operate to separate
the instrumental and background elements from the scene. Sih decision does not have an
obvious answer, even theoretically, since our individual gpectations and familiarity with
the musical melody and instruments de ne how we would percaie such a complex scene.
In the absence of more specic system modules re ecting prio experiences or learned
knowledge, one does not expect a general-purpose auditoryganization system such as
the one presented in this chapter to be successful in handlg such complex ambiguous

cases.
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The model is also faced with a challenging task of \learning"through a single pass
of the data. The system is in fact expected to \get it right" in one trial, with no repetition
or exposure to information from a given time instant more than once. The one-time
requirement is necessary to maintain the ow of temporal coninuity constraints on the
learning process. Presenting the same time instants twice auld disrupt such continuity,
and hence defeats the purpose of enforcing smoothness camshts on the learning function.
Nonetheless, the system proves to be quite successful degpthis challenging aspect. It
also demonstrates that such model can be highly invaluabledr real-time applications,
particularly interfacing with automatic speech recognition systems, hearing prostheses,
as well as general sound separation and enhancement applimns. One of the obvious
shortcomings of the model however is the di culty to re-synt hesize the perceived streams
given the current structure of the system. Simpli cation of the computational load is
probably the best approach in alleviating the intense comptiational complexity of the
model. Nonetheless, the model is extremely valuable in expting various aspects of sound
organization in the brain, allowing us to gain interesting insight into the neural basis of
auditory scene analysis.

The current model has interesting implications in suggesting a cortical basis for
sound organization and scene analsysi. The auditory corteas been previously probed
for evidence of its role in auditory streaming and sound segrgation. Mechanisms such as
synaptic depression [4] and adaptation or forward maskingJ4, 68] have been presented as
plausible neural mechanisms for explaining the perceptuaé ects of auditory streaming.
In the current model, we speculate that the very structure of response patterns in the
cortex, along with its tuned selectivity to specic sound features is also important in

understanding the cortical role of auditory stream formation and sound segregation. These
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properties are not necessarily contradictory with the exphnations just mentioned about
a role of synaptic properties in cortical auditory streaming. We have indeed shown in
Chapter 3 that such neural mechanisms can in fact be attributed a role in explaining the
computational characteristics of cortical processing. Thke emergence of its unique temporal
properties is in fact in agreement with the known perceptualattributes of auditory scene

analysis.
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Chapter 6

Conclusion

6.1 Thesis overview

As we described the intricacy of the hearing problem and its raltiple facets, our sense of
the complexity of tackling sound processing problems is ogl reinforced. In this thesis, we
focused on two directions of research pertaining to sound mrcessing: neural and theoretical
modelling. The goal of the current work is to investigate theneural mechanisms underlying
auditory perception of complex sounds at the cortical level and to formalize computational
models of these mechanisms. Such models can then be the backie for simulating the
cognitive function of brain in arti cial systems.

Our interest in focusing on the neural basis of auditory proessing is not to for-
malize a canonical map of the cortex. We are instead more intested in learning the

computational strategies that govern the cortical function. In Chapter 3, we focused on a
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particularly important component of neural processing in audition, that of temporal en-
coding of sound. Evidence shown in this work argues for an imresting interplay between
multiple time scales that determine neural responses in thg@rimary auditory cortex (Al).
While evidence for di erential temporal encoding of sound has been know for decades,
its has often been assumed that cortical neurons are mainlyharacterized by their slow
response dynamics focusing on overall spectrotemporal p&rns in sound that are most
relevant for speech and music perception. Here, we presemtemportant physiological
evidence of cortical capability of showing precise time loking to sound features as low as
1msec. Such interplay between cortical time constants hirg to a role of Al in integration
of sound features at di erent scales, and possibly in the fomation of auditory objects.

By reviewing various ingredients of physiological sound pocessing, we were able
to explore computational implementations of these princiges in tackling speci ¢ percep-
tual questions. In Chapter 4, we described a computational pproach to evaluating the
guestion of speech intelligibility. We demonstrated that mapping sound features into a
spectrotemporal modulation space can accurately predicthe intelligibility level of a signal
under various noise condition. This algorithmic implementation of this concept de nes a
new intelligibility metric (called the STMI, Spectro-Temp oral Modulation Index) which
was validated by performing a psychoacoustic study to corrate human estimates with
model predictions.

We also exploited the neural evidence from studying cortichresponses in formalizing
a general scheme for auditory scene analysis, where we alestt perceptual and physio-
logical principles of auditory processing into a statistial machine learning model. The
approach, described in Chapter 5 outlines an adaptive learimg model of sound organiza-

tion into separate perceptual streams, based on a cortical mdel of dynamic Itering. It

149



is based on reconciling evidence between observed sensomputs and predictions of an

internal world representation, which re ects the dynamics of the cortical learning module.

The algorithm presents no assumption as far as the sound elesnts are concerned, and
relies on a dual operation between Kalman-based estimatiorand unsupervised learning
to organize sound elements into their corresponding percapal streams. The model is
shown to be quite successful in reproducing streaming e es previously tests with human

subjects, as well as addressing the more practical questioof speaker separation.

In addition to their scienti ¢ contribution, the models des cribed in Chapters 4 and
5 nd a direct applicability in many engineering problems, such as hearing-aid research
(where current collaboration work is under way for relating STMI estimates with behav-
ioral advantages of particular microphones in hearing-aidcircuits), room acoustics and
communication channels, automatic sound processing, etc.

As our scienti ¢ curiosity drives us to explore the whole of \audition”, we nd
ourselves facing a tremendously complex and intertwined pyblem that only collabora-
tive work can hope to address without falling into naive simgi cations and oversights
of the bigger questions. While a considerable amount of e aris being put forward in
the scienti c community, especially as far as modelling wok is concerned, most of the
studies remain independent of each other, setting their owrrules and simpli cations of
the perceptual theory. Such approach hinders the progressotvards generalized theories of
auditory perception, and hence the development of practichengineering tools for sound
processing. As our physiological knowledge expands with fther investigation from ex-
perimental neuroscience, the need for better interpretatbns of the computational task of
biological sound processing becomes even greater. The gaptiveen theoretical and exper-

imental neuroscience can only be bridged through improved rad well-founded theories of
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the hearing problem, allowing the models to anticipate predctions that can be tested by
biological experiments, and setting the perfect interactbn in collaborative e orts between

theory, experimentation, and engineering application.

6.2 Future prospects
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Figure 6.1: Receptive eld patterns of a cortical neuron during a passivestate are mod-
i ed when the animal is engaged in a task that requires to detet the presence of a tone
frequency at 6KHz (shown by the black arrow in the right panel). The neural selectivity
is potentiated to enhance the responsiveness of this neurdie a 6KHz frequency (STRF
in right panel), hence increasing the likelihood of capturng the attended 6KHz target

during the acoustic task (from [70]).

By formalizing a model of auditory scene analysis or auditoy perception, we see an
interesting extension of this work in light of recent data on neural plasticity in the auditory
cortex [70]. Itis becoming increasingly clear from physiabgical studies that receptive elds
in the auditory cortex are constantly adapting and re-organizing dynamically to meet the
challenges of an ever-changing environment and new behaval demands. These changes
can in fact be examined in the context of the interaction between sound inputs and the
internal states of the individual neurons, which drive it to anticipate certain patterns from
the environment. Directed attention and sound anticipation leads to changes in receptive
eld properties of individual neurons and the cortical ensanble, which itself plays a role

in enhancing the behavioral performance during acoustic taks (Figure 6.1).
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Appendix A

Derivation of predictive learning

A.1 Optimizing the learning function

We start with a posterior optimization function (Equation 5 .3), which equivalently corre-

sponds to (Equation 5.4):

(@
I

maxP (ZjT)
X h i (AL

T 1 T

= mn (I AzZ) ‘0 Az)Y+(z z ) ‘@z z )

Maximizing J corresponds to nding the optimal vector Z* such that % =0.
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1
where G AT A+ ! A" . The matrix inversion of A" ‘A + 'is

performed under assumptions of non-singularity. Such assuption can be guaranteed by

a proper choice of the state matrix A and the noise covariance matrices and .

A.2 Dierence to state-space equation

In this section, we outline the steps involved in converting a di erence equation into a

state-space equation. Consider the general di erence eqtian:

aY()+aY(t 1+ +aY(t n)= pX(t)+ b X(t 1)+ +h, (X(t n+l) (A3

The conversion into a state-space model can be achieved undevo schemes: (1) a
controllable canonical state-space representation, and2) an observable canonical form.
The di erence between the two representation varies simplyin the de nition of the state
or internal variables, and can be chosen di erently dependig on the application [123]. In

the current work, we follow the derivation method based on the controllable state-space
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representation, as it gives a more intuitive interpretation of what the internal variables
are. We de ne the state variable to correspond to the state ofthe delay registers in a
direct form Il representation of the di erence equation [115]. We de ne the state variables
as:
Z(t), Y@) f by X(t 1)+ +bX(t n)g
(A.4)
X{t)=aZ(t)+ auZ(t 1)+ +ap 1Z(t n+1)
From this representation, we de ne a vector of state variabkes
ZM=[zZz)Zzt 1) Z({t n+1) T whereT is the transpose operator. By rewriting

Equation A.4 in terms of delayed versions of the state varialtes Z, we get:

ZO=Y@® f hz(t 1)+ +bZ(t n)g (A.5)
which can also be rewritten in vector form, as:

3 2 32 3 2 3
Z(t) by bh 1 by Z(t) 1
Z(t 1) E 1 0 0 ZE Z(t 1) Z E 0
_ + Y (t) (A.6)
0 0

1 0 Z(t n+1)

2

Z(t n+1)

and X (t) is de ned by:

X(t)= apZ()+ +an 1Z(t n+1) (A7)

The nal state-space equations are give by:
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Z(t) = BZ({t 1+ CY(t) (A.8)
X({t) = AZ() (A.9)
where,
2 3 2 3
o]} bh 1 by 1
1 0 0 0
A, [a a, 1] and B,E and C,E
0 1 0 0
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