ABSTRACT

Title of Dissertation: DECODING THE BRAIN IN COMPLEX
AUDITORY ENVIRONMENTS

Mohsen Rezaeizadeh
Doctor of Philosophy, 2022

Dissertation Directed by: Professor Shihab Shamma
Department of Electrical and Computer Engineering

Humans have an exceptional ability to engage with sequences of sounds and extract mean-
ingful information from them. We can appreciate music or absorb speech during a conversation,
not like anything else on the planet. It is unclear exactly how the brain effortlessly processes
these rapidly changing complex soundscapes. This dissertation explored the neural mechanisms
underlying these remarkable traits in an effort to expand our knowledge of human cognition with
numerous clinical and engineering applications.

Brain-imaging techniques have provided a powerful tool to access mental representations’
content and dynamics. Non-invasive imaging such as Electroencephalography (EEG) and Mag-
netoencephalography (MEG) provides a fine-grained dissection of the sequence of brain activi-
ties. The analysis of these time-resolved signals can be enhanced with temporal decoding meth-
ods that offer vast and untapped potential for determining how mental representations unfold

over time. In the present thesis, we use these decoding techniques, along with a series of novel



experimental paradigms, on EEG and MEG signals to investigate the neural mechanisms of au-
ditory processing in the human brain, ranging from neural representation of acoustic features to
the higher level of cognition, such as music perception and speech imagery.

First, we reported our findings regarding the role of temporal coherence in auditory source
segregation. We showed that the perception of a target sound source can only be segregated from
a complex acoustic background if the acoustic features (e.g., pitch, location, and timbre) induce
temporally modulated neural responses that are mutually correlated. We used EEG signals to
measure the neural responses to the individual acoustic feature in complex sound mixtures. We
decoded the effect of attention on these responses. We showed that attention and the coherent
temporal modulation of the acoustic features of the target sound are the key factors that induce
the binding of the target features and its emergence as the foreground sound source.

Next, we explored how the brain learns the statistical structures of sound sequences in
different musical contexts. The ability to detect probabilistic patterns is central to many aspects
of human cognition, ranging from auditory perception to the enjoyment of music. We used
artificially generated melodies derived from uniform or non-uniform musical scales. We collected
EEG signals and decoded the neural responses to the tones in a melody with different transition
probabilities. We observed that the listener’s brain only learned the melodies’ statistical structures
when derived from non-uniform scales.

Finally, we investigated brain processing during speech and music imagery with Brain-
Computer Interface applications. We developed an encoder-decoder neural network architecture
to find a transformation between neural responses to the listened and imagined sounds. Using
this map, we could reconstruct the imagery signals reliably, which could be used as a template

to decode the actual imagery neural signals. This was possible even when we generalized the



model to unseen data of an unseen subject. We decoded these predicted signals and identified the

imagined segment with remarkable accuracy.
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Chapter 1: Introduction

1.1 A Remarkable Computation Tool

To navigate the world and perform our daily tasks, we depend on sensory inputs like vi-
sion, audition, somatic sensations, olfaction, and taste. Each sensory modality in humans and
other animals has evolved to provide information derived from a speci c form of energy. For
example, the auditory system processes activity generated by local pressure uctuations in the
auditory environment. Our brain — an exceptional computation processor — transforms a complex
mixture of acoustic input, and magically we can perceive segregated sound streams, localize dif-
ferent sound sources, attend selectively to a voice, extract semantic information from speech, and
predict what can come next in a stream of sounds like speech or music. Although navigating the
auditory world seems to be an effortless and undemanding task, all these steps are challenging
problems that are disentangled and resolved through the auditory pathway from the ear to regions
for higher levels of cognition in the brain.

In a cluttered environment — also known as the real world — the soundscape consists of
several auditory objects, each emanates distinct or overlapping acoustical features, and all these
features mix and compile together as a one-dimensional waveform by the time it reaches the
outer ear. This complex procedure invites a lot of ambiguous situations where the information

from the environment might be limited and insuf cient. To overcome this and continuously
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generate perceptions, the brain requires top-down modulations as much as it depends on the
sensory input the peripheral nervous system provides. Therefore, the brain does not merely
depend on continuous input from the external world to generate perceptions but only to modulate
them contextually [1]. In other words, what we perceive is very much affected by attention,
memory, emotional states, the inputs from other sensory modalities, and many other factors.
Therefore to investigate how does brain help us to appreciate sitting in a concert hall and enjoying
a piano concerto, we should study top-down and bottom-up information processing of the nervous

system and how the brain puts all this information together.

1.2 Thesis outline

The advent of brain-imaging techniques has provided a powerful tool to access mental
representations' content and dynamics. Non-invasive imaging such as Electroencephalography
(EEG) and Magnetoencephalography (MEG) provides a ne-grained dissection of the sequence
of brain activities. The analysis of these time-resolved signals can be enhanced with temporal
decoding methods that offer vast and untapped potential for determining how mental represen-
tations unfold over time. In the present thesis, we use these decoding techniques, along with a
series of novel experimental designs and paradigms, on EEG and MEG signals to investigate the
neural mechanisms of auditory processing in the human brain, ranging from neural representa-
tion of acoustic features to the higher level of cognition, such as music perception and speech
imagery.

This thesis is organized into six chapters. In the following chapter, we summarized the

current evidence and the background regarding the brain's auditory processing. To have a funda-



mental view of different processing steps taken by the brain, we brie y touched on the auditory
pathway from the peripheral to the central nervous system (CNS). We then introduced EEG and
MEG techniques, how they work, and their differences. We discuss how they help address ques-
tions regarding cognitive neuroscience, particularly related to the auditory system.

In chapter 3, we discuss our ndings regarding the rol¢éenfiporal coherencen auditory
source segregation. Numerous studies have suggested that the perception of a target sound source
can only be segregated from a complex acoustic background if the acoustic features underlying
its perceptual attributes (e.g., pitch, location, and timbre) induce temporally modulated responses
that are mutually correlated, and that are uncorrelated from those of other sources in the mixture.
This "temporal coherence” hypothesis asserts that listening attentively to one or a subset of at-
tributes of a target source enhances their neural responses and concomitantly enhances all other
coherent responses, thus binding them together while simultaneously suppressing the incoherent
responses to the background features. Chapter 3 reports on EEG measurements in human sub-
jects engaged in various sound segregation tasks that demonstrate binding among the temporally
coherent features of the attended source regardless of their identity, harmonic relationship, or
frequency separation.

Chapter 4 explored how the brain learns the statistical structures of sound sequences, such
as music, in different contexts. The ability to detect patterns (or learn statistical structure) in
the environment is central to many aspects of human cognition, ranging from perception to the
enjoyment of music. Music offers an excellent opportunity to investigate statistical learning in
an ecologically-valid setting, as music is an essential part of every culture, and evidence suggests

that implicit learning underlies music acquisition. We used arti cially generated melodies de-



rived from uniform or non-uniform musical scatesnd collected EEG signals from participants
exposed to those melodies. By decoding the neural responses to the tones in a melody with dif-
ferent transition probabilities, we observed that the listener's brain only learned the melodies’
statistical structures when derived from asymmetric scales. In addition, this result suggests cog-
nitive bene ts associated with asymmetry in scales, which is a recurrent feature across cultures
despite their rich diversity.

In chapter 5, we investigated the brain processing during speech and music imagery and
attempted toead the mindduring imagery tasks. Auditory imagery is voluntarily hearing sounds
in our mind without external stimulation. Because of this lack of sensory input, EEG and MEG
neural signals are much weaker during imagination. We used EEG data collected from profes-
sional musicians. We developed an encoder-decoder neural network architecture to nd a trans-
formation between EEG responses to the listened and imagined music. Using this map, we could
reconstruct the imagery signals reliably, which could be used as a template to decode the actual
weaker imagery neural signals. We observed that this is possible even when we are generalizing
the model to unseen data of an unseen subject. We decoded these predicted signals and identi ed
the imagined musical piece with remarkable accuracy. Furthermore, in a MEG experiment, we
compared the speech imagery with music and showed that we could transfer the mapping train
on music (or speech) stimuli to the speech (or music) stimuli.

Finally, In the last chapter, we provide an overview of the present thesis and a summary of
its main ndings. We then shall discuss future efforts to extend our understanding of the auditory

brain further.

IAsymmetric scale is a robust universal feature that corresponds to the fact that the discrete pitches used in
melodies are separated by intervals of different sizes. Conversely, a uniform scale consists of pitches with the same
interval size. For more details, see chapter 4.



Chapter 2: Background

2.1 Auditory Pathway

Before studying higher-level processing in the auditory system, it is helpful to appreciate
the early stage and periphery auditory system. The auditory periphery begins at the point where
the acoustic wave meets the outer-most part of the ear and ends at the auditory nerves (Figure
2.1). The sound that enters the ears is transformed beyond recognition before it reaches the end
of its journey.

The periphery consists of three areas: The outer, middle, and inner ears. The outer ear can
be divided into the pinna (asymmetric weird shape external ear), the auditory canal (meatus), and
the eardrum (tympanic membrane). The asymmetric shape of the pinna helps in spatial hearing
(sound localization). Sound traveling through the auditory canal cause vibrations at the eardrum.
These vibrations are transmitted and ampli ed to the cochlear uid by tiny bones (ossicles) in the
middle ear [2—4].

The cochlear in the inner ear consists of a uid- lled tube divided along its length by
Reissner's membrarendbasilar membraneThe basilar membrane vibrates in response to the
pressure changes caused by plushingand pulling of the ossicles on the oval window. The
physical structure of the cochlea is organized in terms of the frequency of the tone(s) being

processed, and there is an ordered frequency axis along the length of the cochlea — in fact, this
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Figure 2.1:Schematic of humans periphery auditory systéhe pressure wave enters the audi-

tory canal, causes vibration at the eardrum and then passed on to the cochlea. Finally, cochlea
transform the mechanical vibrations into action potentials that are generated in the tens of thou-
sands of auditory nerve bers that carry the auditory message to the brain stem. Adapted from [6].

relation between location and particular frequency is preserved all the way to the cortex, and
it is called tonotopy — where it captures higher frequencies at the front and lower frequencies
at the end of the membrane, and it decomposes the sound into frequency components like a
Fourier transform; therefore, the basilar membrane is a mechanical analyzer of sound frequency.
Translation of the mechanical energy of the basilar membrane into a neural signal occurs in inner
hair cells (IHC) that are attached along the basilar membrane [5].

Auditory nerve activity at cochlear nuclei is provoked by the release of transmitter sub-

stance (glutamate) into the synaptic connections between the auditory nerve dendrites (ganglion
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Figure 2.2: Schematic of humans auditory systefruditory pathway from cochlea to primary
auditory cortex (Heschl's gyrus). Adapted from [4]



cells) and the inner hair cells. Therefore two important properties of sound are already encoded
in auditory nerves: frequency components of sounds and volume. The frequency of sound is
encoded due to the tonotopical structure of the basal membrane, and consequently, the auditory
nerve responds preferentially to certain frequencies. In addition, the volume of a sound is encoded
by the rate at which neurons of the cochlear nucleus re. i.e., Increasing the sounds' volume re-
sults in greater oscillations of the eardrum and, consequently, in greater de ection of the basilar
membrane, larger shearing forces on the inner hair cells, and the release of more transmitters onto
cochlear ganglion cells. [7]

Beyond the auditory periphery, the pathway leading to the primary auditory cortex (Al)
passes through four neural structures: cochlear nuclei, superior olive, inferior colliculus (IC),
and medial geniculate nucleus (MGN) (See Figure 2.2). Neurons throughout these nodes extract
and encode several sound features, such as periodicity, frequency modulation, sound intensity,
volume, interaural time, and intensity differences. Importantly, as we mentioned above, the tono-
topic frequency established by the basilar membrane's properties is preserved at each of these
nodes. Moreover, It is in these brainstem nuclei that many of the computations are performed
that allow us, among other things, to localize where a sound in the environment is coming from.

The activity of the MGN projects onto Al, where Al is located in the posterior superior
temporal gyrus (pSTG), bilaterally, on the ventral wall of the Sylvian ssure. Along this pro-
jection, the tonotopy organization that originates in the cochlea is preserved. i.e., neurons are
progressively tuned to higher (or lower) frequencies on the surface of the primary auditory cortex
as we move along a particular direction. The areas of the auditory cortex in STG are intercon-
nected, where neurons receive modest input from the MGN neurons and about 10-100 times

more input from other brain regions [8]. This indicates the importance of neurofeedback and the
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top-down modulations in sensory processing and perception [9, 10].

To summarize, the auditory pathway from the periphery to the cortex decomposes a sound
wave into several acoustical features (pitch, frequency, location, volume, etc.) and encodes these
attributes separately. The brain has to bind these features to form an auditory object and help us
to perceive a single sound stream. We discuss these in more detail in chapter 3.

The following section (section 2.2) discusses the principles of Electroencephalography

(EEG) and its use in studying the human auditory system.

2.2 Electroencephalography (EEG)

In 1929, Hans Berger reported a remarkable discovery in which he showed that the elec-
trical activity of the human brain could be measured by placing an electrode on the scalp and
plotting the changes in voltage over time [11]. This electrical activity is called the electroen-
cephalogram, or EEG for short. Although these reported ndings were controversial and neuro-
physiologists of the day were skeptical about the nature of the oscillations observed in EEG, over
the years, EEG was proven as a distinguished way to study the human brain and its cognitive
process non-invasively.

For state-of-the-art research, the EEG methods make use of several surface electrodes (up
to 256). The electrodes placed on the scalp require good conductive contact with the skin to
detect the variation in electrical elds caused by brain activities. The EEG signals derive from
the aggregation of thousands or even millions of neurons (their dendritic eld potentials) that
vary together, as illustrated in Figure 2.3. The brain sustains ionic current ows, where neurons

communicate with each other via action potentials (a current generated by a neuron). When there



Figure 2.3:Schematic of how EEG workéwuditory pathway from cochlea to primary auditory
cortex Adapted from [12]

IS excitatory synaptic input to the dendrites near the cell body (see Figure 2.3), the voltage across
the cell membrane is depolarized by the synaptic activity. The amount of current generated by a
single cell is too small to be detected in a non-invasive measurement from outside of the head;
however, if the currents are derived with a suf cient amount of synchrony, it gives rise to a
sizeable net current that is detectable centimeters away, outside the head. The scalp electrodes

pick up the uctuating voltages associated with these dynamically changing return currents. This
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interpretation of the basis of EEG is well supported by other data, such as direct intracranial
recordings in experimental animals [13].

Although the continuous EEG signal helps assess the overall state of the brain since it
captures the signals from the entire brain, its utility in investigating speci ¢ cognitive functions is
relatively limited. The reason is that the ongoing EEG record is not linked in time to any particular
cognitive process or event. Therefore, a more effective way of relating scalp electrical activity to
cognitive function is to implement a time-locked approach. The most common signals to extract
from the ongoing EEG in this way are event-related potentials (ERPs). ERPs are small voltage

uctuations in a continuous EEG time-locked with a sensory response or cognitive events; they
re ect the summed electrical activity of neuronal populations speci cally responding to those
events. Consequently, they can provide high temporal resolution (milliseconds; see Table 2.1)
of the neural processing underlying various cognitive functions. However, because ERPs are
generally smaller than the raw EEG signal, and since they are embedded in noise — the source of
noise can be outside of the brain as well as unwanted neural activities from different brain regions
—, it is necessary to average multiple trials, time-locked to repeated occurrences of a specic
sensory, to extract ERP signals from the background noise. The ongoing EEG varies more or
less randomly in amplitude relative to the timing of these events; these random uctuations in the
EEG cancel out in averaging, leaving only those voltage changes speci cally associated with the
processing of the event type of interest.

The average ERP waveform obtained in this way generally sustains a series of negative and
positive peaks that are typically named according to their electrical polarity and latency. e.g.,
N100 in an auditory task is a negative peak 100 milliseconds after the tone onset (researchers
sometimes show this pick as N1). These sensory evoked responses are effectively identical in all
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Table 2.1:0verview of methods in cognitive neuroscience, comparing their spatial and temporal
resolutions.

Method Spatial Resolution (meter) Temporal Resolution (second)
Single-unit Recording 10 ° (single neuron) 10 3
EEG 10 ! (whole brain) 10 3
MEG 10 2 10 3
fMRI 10 3 10¢°

neurologically healthy individuals. This makes them very effective tools for studying the neural
bases of many different behavioral and physiological states. For instance, to study attention, how
does the auditory evoked response differ in trials when one is attending to a concurrent stream of
visual stimuli vs. trials when one is attending to the auditory stimuli?

We reviewed the auditory pathway in the previous section (Section 2.1). We considered the
processes of the transduction of acoustic energy into a neural code and the stages of processing
the auditory signal from the brainstem to MGN to the cortex, where different sound features are
encoded. The synaptic activity associated with these many nodes along the pathway produces
the many peaks in the early-latency components of the auditory ERPs that can be captured using
EEG signals and ERPs. Figure 2.4 illustrates the components of the auditory ERP; each re ects a
different processing stage, ranging from the early picks associated with the brain stem(as soon as
one millisecond) to the latest peak at 300-400 milliseconds. The N1 and subsequent components
are the rst that correspond to cortical processing. Thus, despite all the circuitry of the auditory

brainstem, auditory information gets from ear to cortex in less than 100 milliseconds! [14]
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Figure 2.4:Auditory evoked potentiallhe auditory ERPs to a GIBsp, click of 50 s duration.

Each of the panels in the top row shows four traces, each an ERP computed by averaging the
EEG from 1024 trials, and each acquired from the same subject, but in four different recording
sessions. Although each of these peaks is time-locked to the click, each differs with regard to the
length of time following the click over which the EEG traces were averaged. Therefore, peaks are
associated with neural activity ranging from brainstem responses (top-left) to higher level cortical
processing (top-right). Note that for the bottom panel the scales for vertical and horizontal axis
are logarithmic. Adapted from [14]

2.3 Magnetoencephalography (MEG)

A similar way to measure electrophysiological brain activity non-invasively is to record
the magnetic counterpart of EEG, which is magnetoencephalography, or MEG. Like EEG, MEG

is sensitive to the electrochemical current ows within and between brain cells. However, the
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