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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 specific form of energy. For
example, the auditory system processes activity generated by local pressure fluctuations 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 insufficient. To overcome this and continuously



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 fine-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 briefly 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 findings regarding the role of temporal coherence in 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 artificially generated melodies de-



rived from uniform or non-uniform musical scales' and 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 benefits 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 to read the mind during 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 find 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 identified
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 findings. We then shall discuss future efforts to extend our understanding of the auditory

brain further.

' Asymmetric 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 amplified to the cochlear fluid by tiny bones (ossicles) in the
middle ear [2—4].

The cochlear in the inner ear consists of a fluid-filled tube divided along its length by
Reissner’s membrane and basilar membrane. The basilar membrane vibrates in response to the
pressure changes caused by the pushing and 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 system. The 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 fibers 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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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 fire. i.e., Increasing the sounds’ volume re-
sults in greater oscillations of the eardrum and, consequently, in greater deflection 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 (A1)
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 fissure. 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



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 findings 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 fields caused by brain activities. The EEG signals derive from
the aggregation of thousands or even millions of neurons (their dendritic field potentials) that
vary together, as illustrated in Figure 2.3. The brain sustains ionic current flows, where neurons

communicate with each other via action potentials (a current generated by a neuron). When there
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1s 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 sufficient 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 fluctuating 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 specific 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
fluctuations in a continuous EEG time-locked with a sensory response or cognitive events; they
reflect the summed electrical activity of neuronal populations specifically 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
—, 1t is necessary to average multiple trials, time-locked to repeated occurrences of a specific
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 fluctuations in the
EEG cancel out in averaging, leaving only those voltage changes specifically 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: Overview of methods in cognitive neuroscience, comparing their spatial and temporal
resolutions.

Method Spatial Resolution (meter) | Temporal Resolution (second)
Single-unit Recording 107 (single neuron) 1073
EEG 10! (whole brain) 1073
MEG 1072 1073
fMRI 1073 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 reflects 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 first 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]

12



Np

Py

507
20}
Nz
1.0F

QS:

02r

05}

Amplitude
(nv)
o
>

Vertex
10F

20

j=2

c

[
-—

5.0 M
500 1000

Latency (ms)

Figure 2.4: Auditory evoked potential. The auditory ERPs to a 60 d Bspy, click of 50 us 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 flows within and between brain cells. However, the
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smearing of voltage caused by the high resistance of the skull can be largely circumvented by
recording magnetic fields instead of electrical potentials. The transparency of the skull to the
magnetic fields makes MEG a robust technique with a surprising spatial resolution as well as
its temporal resolution; therefore, unlike the EEG method, MEG can provide a reliable source
localized image of the brain (see Table 2.1).

As illustrated in Figure 2.5A, a varying electrical dipole is always surrounded by a mag-
netic field of proportionate strength. Therefore, when current flows in a conducting element, it

produces a magnetic field in the volume surrounding the wire. A current tangential to the scalp’s

A Magnetic field B
Current Magnetic field
Skull —E= e
C Cortex —
MEG response to left-ear sounds
M100 115-125
single subject ms

Figure 2.5: Schematic of how MEG works.(A) An electrical current in a line cause a circular
magnetic field. (B) Analogous to part (A), the current in cortex produce circular magnetic field.
The magnetic field can be captured using magnetometers with MEG. (C) Schematic topomap
of the magnetic fields produced by brain responses 100 ms after a tone presented on left ear.
Adapted from [12]
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surface will be accompanied by a magnetic field that leaves the head on one side of the current
and enters back again on the other side (Figure 2.5B). Suppose the field strengths are measured
at different points on the surface of the head with a magnetometer. Consequently, the distribution
of these values over space (aka topography) and time can be obtained, including whether they are
positive (coming out of the head) or negative (going into the head). MEG measurements are con-
ducted externally using a susceptible instrument called a superconducting quantum interference
device (SQUID), which usually runs at a very cold temperature. The SQUID is a very low noise
detector of magnetic fields that converts the magnetic flux threading a pickup coil into voltage,
allowing detection of weak neuromagnetic signals. The magnetic signals emitted by the brain are
10'° order of magnitude smaller than the earth’s magnetic field; thus, shielding from the external
magnetic signals is necessary.

One drawback regarding MEG is its insensitivity to the current flow oriented perpendicular
to the surface of the skull. Therefore, the neurons that MEG can capture tend to be located
within the sulci, where the long axis of each apical dendrite tends to be oriented parallel to
the skull surface. This sensitivity to sulcus activity is due to the orientation of the electrical
currents that generate the magnetic fields. However, neuronal activity in a cortical gyrus produces
currents that are perpendicular to the head’s surface, inducing magnetic fields that are primarily
parallel to the head surface and thus invisible to the nearest magnetometer. Conversely, the EEG
electrodes detect voltage fluctuations produced by the volume currents, which are not affected by
this limitation. Accordingly, EEG picks up voltage fluctuations from sources in both cortical gyri
and sulci. Figure 2.6 shows a simulation of the EEG and MEG topomaps, which were responding
to an identically simulated activity located in the frontal cortex on the right hemisphere. One can

observe the orientations of Electric and Magnetic fields and their orthogonality.
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Figure 2.6: EEG versus MEG. An example comparing MEG and EEG. Synthetic data were
generated by impressing a simulated. Adapted from [12]

Because the magnetic fields dissipate much faster than electrical fields, only EEG is sen-
sitive to sub-cortical activities like auditory brainstem response. The earliest auditory-evoked
responses picked up with MEG is in the auditory cortex peak near 50 ms after the stimulus pre-
sentation, followed by a deflection at about 100 ms (M100') which has been the most investigated
auditory response in MEG [15, 16]. Evidence suggests that the peak at M50 and M100 are as-
sociated with different functional systems, and also these peaks are localized to different brain
regions. The M50 is mainly localized to the primary auditory cortex (A1) and activated with any
sound, regardless of the task. Whereas M 100 is associated with more task-dependent responses,
such as detecting changes in the various attributes of the auditory inputs, or reflects attention

modulated response [15-21].

Tn MEG evoked responses, "M” is used to refer to the peaks of the event-related signal, whereas in the EEG, the
letters "N and ’P” refer the polarity of the peak.
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Chapter 3: All for One: Binding the Acoustic Features of an Auditory Source

through Temporal Coherence

3.1 Introduction

Humans and other animals can segregate a target sound from background interference and
noise with remarkable ease [22—-24], despite the highly interleaved spectrotemporal acoustic com-
ponents of the different sound sources (or streams) [25]. It is hypothesized that attention is im-
portant for this process to occur in a listener’s brain, and that the consistent or coherent temporal
co-modulation of the acoustic features of the target sound, and their incoherence from those of
other sources, are the two key factors that induce the binding of the target features and its emer-
gence as the foreground sound source [26-28]. Specifically, the temporal coherence principle
implies that acoustic features underlying the perceptual attributes of a sound emanating from a
single source (e.g., its pitch, timbre, location, loudness) evoke correlated neural responses, i.e.,
that fluctuate similarly in power over time, and that the attentive listener tracks and utilizes this
neural coherence to extract and perceive the source. The definition of temporal coherence and
other related terms is further elaborated upon in section 3.2.

Numerous studies have provided insights into the temporal coherence theory and tested

its predictions. For example, psychoacoustic experiments have shown that perception of syn-
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chronous tone sequences as belonging to a single stream is not appreciably affected by their
frequency separation (from 3 semitones to over an octave) or small frequency fluctuations of the
individual components, as long as the tones remain temporally coherent [29, 30]. Furthermore,
it is far easier to detect the temporal onset misalignment between tones across two synchronized
sequences, compared to between asynchronous (e.g., alternating) sequences [26], suggesting that
temporally coherent tone sequences are perceived as a single stream [31-33]. Additional strong
evidence for the temporal coherence principle was provided by a series of experiments utilizing
the stochastic figure—ground stimulus, in which synchronous tones (referred to as the figure”)
are found to pop out perceptually against a background of random desynchronized tones, with the
perceptual saliency of the "figure” being proportional to the number of its coherent tones [34-36].

To account for the neural bases underlying the principle of temporal coherence, a recent
electrocorticography (ECoG) study in human patients examined the progressive extraction of
attended speech in a multi-talker scenario. It demonstrated that a linear mapping could trans-
form the multi-talker responses in the human primary auditory cortex (Heschl’s Gyrus, or HG,
in humans) to those of the attended speaker in higher auditory areas. Furthermore, the mapping
weights could be readily predicted by the mutual correlation, or temporal correlation between
the responses in the HG sites [37]. This experimental finding is consistent with an earlier com-
putational model for how temporal coherence could be successfully implemented by measuring
the coincidence of acoustic feature responses to perform speech segregation [38]. It has also
validated single-unit studies in ferret auditory cortex, which tested the importance of attention
and temporal coherence in stream formation and selection, and further demonstrated that the
responses and connectivity among responsive neurons were rapidly enhanced by synchronous
stimuli and suppressed by asynchronous sounds, but only when the ferrets actively attended to
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the stimuli [28]. Exactly the same idea has been shown to be relevant in the binding of multisen-
sory auditory-visual streams both in cortical responses and in psychoacoustic tests [39—41], as
well as to explain stream formation associated with comodulation masking release [42].

In this chapter, we sought to investigate the properties and dynamics of the temporal co-
herence principle using the more accessible EEG recordings in human subjects while performing
psychoacoustic tasks with a wide variety of stimuli, including natural speech. The experiments
tested several key predictions of the temporal coherence hypothesis (schematized in Figure 3.1)
primarily the coincidence of the neural responses to any acoustic features is the fundamental and
overriding determinant of the segregated perception of an auditory stream. Thus, it is not the
specific nature of the features (e.g., being a single-tone, tone-complex, or a noise burst) or the
harmonic relationship among the tones of the complex that determines their binding. Rather,
it is the temporal coincidence among the components that matter. A second prediction of the
hypothesis is that directing attention to a specific feature (e.g., a tone in a complex) not only en-
hances (or modulates) the response of the neurons tuned to it but would also bind it or similarly
modulate the responses of all other neurons that are synchronized with it. Conversely, attending
to a target sound is postulated to suppresses uncorrelated responses due to acoustic features that
are modulated incoherently with the target. Another aspect of the temporal coherence hypothesis
that has already been explored is the rapid dynamic nature of the binding among the components
of a stream [28], which explains how listeners are able to switch attention and rapidly reorganize
their auditory scene according to their desired focus. Nevertheless, the role of attention in stream
formation can be somewhat ambiguous in that many studies have demonstrated streaming indi-
cators even in the absence of selective attention [35,43]. However, even in these cases, deploying

selective attention always enhances the responses, significantly confirming its important role in
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Figure 3.1: Schematic of attention and the temporal coherence principle. The horizontal axis is
time, and the vertical axis depicts an arbitrary feature dimension of interest (e.g., spectral fre-
quency, fundamental frequency (pitch), or location). Three separate sequences of sound tokens
are depicted: two are synchronized (in black/pink), alternating (or de-synchronized) with another
sequence (in blue). If attention is focused on the black sequence, its neural responses become
enhanced. Because of its temporal coherence with the pink sequence, mutual excitation causes
the two to bind, thus becoming enhanced together. By contrast, the blue stream is asynchronous
(temporally incoherent), and hence it is suppressed by rapidly formed mutually inhibitory inter-
actions (depicted in blue).

mediating the streaming percept.

It should be noted that conducting such experiments and analyses with EEG recordings is
difficult because of the extensive spatial spread of the responses across the scalp. This introduces
two types of challenges that must be overcome. First, it is hard to resolve and assess the binding
of individual frequency components in a complex or in a speech mixture that contains many
other nearby components. Second, because the responses from many neural sources interact
and superimpose in EEG recordings, a response enhancement due, for example, to attention to
a specific feature may be accompanied by suppression of responses from a competing feature.
Hence, the total response becomes instead manifested as a complex, unintuitive modulation of
the response patterns. Both challenges can be overcome by the techniques presented in this report.
Specifically, we addressed the spectral resolution problem by presenting isolated tone probes soon

after the end of the complex stimuli. By aligning a probe tone with various spectral components of
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the preceding stimulus and measuring the persistent effects of attention on its responses just after
the stimulus, we could detect the attentional effects on the responses to individual components
within these complex stimuli. Furthermore, to decode and assess these changes directly from
the complicated distributed EEG responses, we resorted to a pattern classification technique that
quantified whether attention significantly altered (or modulated) the response patterns and for

how long before and after.

3.2 Experimental Design and Procedures

3.2.1 Terminology

In the present chapter, several terms are used somewhat interchangeably to refer to the idea
of temporal coherence, which more specifically states that neural responses that are temporally
correlated over a short period of time on a pair of sensory pathways can evoke a unified percept or
”become bound” into a single stream. Sometimes the reference is made instead to the stimuli that
evoke these responses, and hence terms like synchronized tone sequences or coincident events
occurring over a time period can mean the same thing as temporal coherence. In all these cases,
the context will hopefully clarify the intent as it is by no means necessary that any of these
stimuli can unambiguously evoke the necessary correlated activity. For instance, a single pair
of synchronized events are irrelevant to stream formation since coincidence must occur multiple
times over a short interval. Similarly, synchronized bursts of random tone complexes do not
evoke coherently modulated activity on any pair of frequency channels and hence do not bind.

For more examples of such conditions, please see [27].
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3.2.2 Participants

76 young adults with normal hearing (ages between 19 and 31) participated in this study,
consisting of four experiments. 18, 14, 21, and 23 subjects participated in experiments 1-4, re-
spectively. Experiments 1 and 3 were conducted at the University of Minnesota and experiments
2 and 4 were conducted at the University of Maryland. All participants were given course credits
or monetary compensation for their participation. The experimental procedures were approved by
the University of Maryland and the University of Minnesota Institutional Review boards. Written,

informed consent was obtained from each subject before the experiment.

3.2.3 Data Acquisition and Stimuli Presentation

Data were collected at two sites. At University of Maryland, Electroencephalogram (EEG)
data were recorded using a 64-channel system (ActiCap, BrainProducts) at a sampling rate of 500
Hz with one ground electrode and referenced to the average. We used a default fabric head-cap
that holds the electrodes (EasyCap, Equidistant layout). EEG data from University of Minnesota
were recorded from 64 scalp electrodes in an elastic cap, using a BioSemi ActiveTwo (BioSemi
Instrumentation). EEG signals were acquired at a sampling rate of 512 Hz and referenced to
the average. We analyzed the EEG data offline. The stimuli were designed in MATLAB and
presented to the participants with the Psyctoolbox [44—46]. The stimuli audio was delivered
to the subjects via Etymotics Research ER-2 insert earphones at a comfortable loudness level

(70dB).
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3.2.4 Stimulus Design

We explored the consequences of temporal coherence on simple harmonic tone-complexes

at a uniform rate to inharmonic complexes, irregular presentation rates, mixed tone, and noise

sequences, and ending with speech mixtures. Details of the experimental design are described

below. In addition, Figure 3.2 summarizes stimulus constructions for all experiments.
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Figure 3.2: A summary of stimulus construction in all experiments. In all four experiments,
the auditory scene consisted of two concurrent auditory sequences. Participants were asked to
pay attention to one of the sequences and ignore the distractor. We used an intensity deviant
detection task for the first three experiments (panels A, B, and C). In experiment 4, we asked
participants to report a specific word in the target voice (panel D). To do the task, listeners had
to focus their attention on the pitch of the harmonic complex sequence in experiment 1 (panel
A), attend to the timber of the inharmonic complex sequence in experiment 2 (panel B), attend to
the noise sequence in experiment 3(panel C), or pay attention to the target word and pitch of the
target voice in experiment 4(panel D). We used a probe-tone paradigm to investigate the effect of
attention on individual frequency components of auditory objects.
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Experiment 1
The stimulus was presented as an alternating ABAB sequence with a sampling rate of 24414 Hz,
followed by a short probe-tone. Segment A was a harmonic tone complex with a fundamental
frequency (FO) of 400 Hz, while B was a harmonic tone complex with an FO of 600 Hz. All A and
B harmonic complexes were generated with random starting phases and were low-pass filtered to
exclude frequency components higher than 4000 Hz with a 48 dB/oct filter slope. Each segment
of A or B lasted 90 ms, including 10-ms raised-cosine onset and offset ramps. Segments were
separated by 20-ms gaps (the repetition rate of both A and B tones alone was 4.55 Hz). The total
number of AB harmonic tone pairs in one trial was randomly chosen from 27 to 33, so participants
could not predict the sequence’s total duration. The sequence was followed by a 100-ms silent
gap and a 90-ms pure-tone probe. The level of probe-tones and each component of A and B
harmonic complexes were at a rms level of 55 dB SPL. The ending tone complex in the sequence
was balanced so that half the trials ended with tone complex A. The other half ended with tone
complex B (see Figure 3.3A), thus based on these structures, we defined 2 different conditions for
the relative position of the probe and the last complex tone in the sequence: (1) When the probe
tone is a component of the last complex, and therefore it occurred at the supposedly expected
spectral location (e.g., the sequence ended with tone complex A and we probed the frequency
channel unique to complex A), and conversely (2) when the probe tone was a component of the
penultimate complex tone and occurred at an unexpected spectral location (e.g., the sequence
ended with tone complex B and we probed the frequency channel unique to complex A).

The experiment included six blocks of 100 trials each. Participants were instructed to
selectively attend to the A tones (the higher pitch) in half the blocks and the B tones (the lower
pitch) in the other half of the blocks by explicitly ask them to pay attention to the higher or lower
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pitch sequence. The order of blocks was randomized. The 300 trials for each set of instructions
were equally divided into two groups, depending on the probe-tone used. The two probe-tones
were 2000 Hz (unique frequency component of A) and 3000 Hz (unique component of B). The
order of trials with different probe-tones was randomized within the three blocks for each set of
instructions.

We used intensity deviant in both A and B harmonic tones to monitor stream segregation
and attention. There were 0 - 3 deviant tones in each sequence, and the number of deviants was
uniformly distributed across trials. Out of 100 trials within a block, there were 25 trials with
intensity deviant segments only in the A sequence, 25 trials with deviants only in the B sequence,
25 trials with deviants in both sequences, and 25 trials with no deviant. Deviant tones were
presented at a level 6 dB higher than the regular tones. Participants were instructed to press a
button (0, 1, 2, or 3) after hearing the probe-tone at the end of each sequence to answer how
many intensity deviants they detected within the attended stream while ignoring deviants in the
unattended stream. Deviants were prevented from occurring in the first five and last three tone
pairs. To analyze the EEG data, we kept the trials in which participants reported correctly, e.g.,
the exact number of deviants in the target sequence.

Experiment 2

The auditory scene consisted of two tone-complexes denoted as A and B and presented at a
sampling rate of 44100 Hz, 90 ms in duration, 10 ms cosine ramp, and 150 ms onset-to-onset
interval for tone complex A (6.67 Hz repetition rate) and 250 ms interval for tone complex B (4
Hz repetition rate). Each complex tone consisted of 5 predefined inharmonic frequencies with
one shared frequency component between the two complexes (F4 = [150, 345, 425, 660, 840]
Hz and Fp = [250, 425, 775, 1025, 1175] Hz). The two sequences were presented at different
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rates but converged on the last tone in the sequence. A single frequency probe-tone replaced the
converged tones; thus, the probe-tone always occurred at the expected location (see descriptions
for experiment 1). The probe-tone was centered at the frequency that was shared between the two
complexes (425 Hz) or at a frequency unique to complex A (660 Hz) or complex B (775 Hz).
The participants were instructed to pay attention to a complex sequence that was included in the
priming epoch and report whether they heard an intensity deviant (5 dB increase in the loudness)
only in the target sequence, with a 20% chance of having a deviant in complex A sequence
and independently 20% chance of having a deviant in the sequence of complex B. Deviant was
prevented from occurring in the first and last two tones; to analyze the EEG data, we only kept
the trials in which participants reported correctly (i.e., all trials with misses and false alarms were
discarded). Each trial started with a target stream alone (priming), and after three bursts, the
distractor stream was added (Figure 3.4A). The priming phase was balanced for all trials, so half
the trials started with tone complex A, and the other half started with tone complex B. Trials
duration were uniformly distributed between 3.5-5 sec to avoid the formation of expectation of
the ending.

The experiment was conducted in six blocks of 100 trials, and attention was fixed on one
stream throughout an entire block. The probe-tone frequency was uniformly selected from [425
Hz, 660 Hz, 775 Hz] for all trials. Before neural data collection, a training module was provided.
Subjects received feedback after each trial for both training and the test sets.

Experiment 3
This experiment consisted of a narrowband noise sequence with a passband of 2-3 kHz. The noise
was accompanied by two inharmonic complex sequences, with one of them coherent with the

noise sequence, and the other complex was alternating. We used the same frequency components
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as experiment 2 for both inharmonic complexes (F4 = [150, 345, 425, 660, 840] Hz and Fz =
[250, 425, 775, 1025, 1175] Hz presented at a sampling rate of 24414 Hz, and a level of 70 dB
SPL). Each noise segment and tone complex were 125 ms in duration, including a 15 ms offset
and onset cosine ramp with a 250 ms onset-to-onset time interval for all tones. We used O - 3
(with equal probability) intensity deviants, a 6 dB increase in amplitude, both in the target of
attention (noise) and the distractor (alternating complex), there was no deviant in the complex
tone coherent with the noise sequence. The subjects’ task was always to pay attention to the
noise sequence and count the number of intensity deviants only in the attention target (noise).
To analyze the EEG data, we only kept the trials where subjects reported the exact number of
deviants. The trials’ duration was uniformly distributed between 3.5-5 secs, so participants could
not form an expectation for the sequence’s total duration. We inserted a single frequency probe-
tone 125 ms after the last tone complex in the sequence. The probe-tone was at the frequency
shared between the two complexes (425 Hz) or was unique to complex A (660 Hz) or complex
B (775 Hz). To ensure that the EEG response to the last complex tone does not affect the probe-
tone response under different attention conditions, trials ended with complex tone A when the
probe-tone was unique to B and ended with complex tone B when the probe-tone was unique to
A.

The experiment was conducted in six blocks of 100 trials. For 3 blocks, complex A and the
rest of the blocks complex B were coherent with the noise sequence. The probe-tone frequency
was uniformly selected from [425 Hz, 660 Hz, 775 Hz] for all trials within a block. Before neural
data collection, a training module was provided. Subjects received feedback after each trial for
both training and test sets.

Experiment 4
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We used the CRM speech corpus (Bolia et al. 2000) for this experiment. In general, this speech
database consists of 8 different speakers (4 female), and the format of each speech sentences is:
”Ready [Callsign] go to [Color] [Number] now”.

The callsign set is: {’Charlie’, 'Ringo’, ’Laker’, "Hopper’, *Arrow’, ’Tiger’, *Eagle’,
"Baron’}. The color set is: {’Blue’, 'Red’, *White’, *Green’}, and the number set is: {1, 2,
3,4,5,6,7, 8}. Therefore, each speaker has 256 unique sentences. Two speakers (one female
and one male) were chosen for the task. We manipulated each sentence’s duration, so all the
sentences had the same length (1.8 seconds at a sampling rate of 40000 Hz), and on average, the
Callsign occurred 300 25 ms after the speech onset. The experiment consisted of two different
tasks. For the EEG analysis of both tasks, we only included trials in which participants answered
correctly, i.e., the listeners’ reports matched with the color or number uttered by the target speaker
(see below). The two tasks were:

Task a: During this task, the auditory scene consisted of two concurrent speech streams
- we constrained the mixtures to have different ’callsigns’, ’colors’ or ‘numbers’ in male and
female voices - that were followed by a probe-tone with complex harmonics. The probe tone’s
harmonic frequencies were aligned with the 4 loudest harmonic frequencies of either male or
female voice at the end of the sentences; therefore, the probe-tone was unique to male or unique
to female voices. The probe’s duration was 90ms, with a 10 ms cosine ramp, and was played after
a 10ms interval after the sentences (Figure 3.6A). The experiment was conducted in 4 blocks with
100 trials. Participants attended to either the male or female voice throughout the 100 trials of a
given block, and after each trial reported the color or number of the attended speaker who was
designated randomly at the end of each trial. The order of the blocks was shuffled across subjects.

Task b: In this second part of the experiment, we inserted a single frequency probe-tone in
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the middle, following 600 ms of the speech onset and around 300 ms after the callsign onset. The
probe-tone was 90 ms in duration, including a 10 ms cosine ramp, followed by a 10 ms gap of
silence. The frequency of the probe-tone was aligned with the 2nd harmonic of the female voice
(unique to female, average I = 391 Hz) or the 3rd harmonic of the male voice (unique to male,
average F; =288 Hz). Although the probe tone was presented in the speech, the speech mixture
was masked by complete silence for the probe-tone duration. The experiment was conducted in
a block of 400 trials, and participants were instructed to pay attention to the speaker who uttered
the target callsign ("Ringo’) and report either the color or number (randomly selected for each

trial) spoken by the target voice, at the end of each trial.

3.2.5 EEG Preprocessing

After loading, EEG data were mean-centered. The bad channels which exceeded a thresh-
old criterion (standard deviation of channels amplitude) were detected and were interpolated
based on the data from the neighbor channels. The slow varying trend in data was removed by
robust fitting a polynomial on data and then subtracted from it [47]. For the DSS analysis (see
below section “Denoising Source Separation (DSS)”), data were bandpass filtered between 1 Hz
to 20 Hz with Butterworth window of order 4 using *filtfilt’ in MATLAB. Eyeblink components
were isolated and projected out with the HEoG and VEoG channels using a time-shift PCA [48].
Data were referenced by subtracting the robust mean and epoched based on the triggers sent at the
beginning of each trial. Finally, the outlier trials (bad epochs that exceeded the standard deviation

of channels amplitude) were detected and discarded based on a threshold criterion.
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3.2.6 Decoding

Decoding analysis was performed using sci-kitlearn [49] and MNE [50] libraries in python
3.6. We trained linear classifiers on EEG sensor space signals, band-passed 0.1-20 Hz at 250 Hz
sampling frequency [51]. At each time point ¢, we trained a classifier using the matrix of obser-
vations X; € RV*64 for 64 electrodes in N samples, to predict the vector of labels y; € {0, 1}V
at every time point ¢’ in a trial. The labels correspond to the two attention conditions (attend
A versus attend B in experiment 1, 2, and 3 or attend female versus attend male in experiment
4). For example, for each subject, we trained the decoders on EEG signals at time points en-
compassing the probe tone (-100 ms - 500 ms). Therefore, the decoder at each time point learns
to predict the attended stream using the EEG sensor topography at the same time point. Then,
we generalized the trained decoder by testing it on all other time points of the trial. Logistic
regression classifiers were used, with 5-fold cross-validation, within-subject for all the trials. We
used the area under the receiver operating characteristic curve (AUC) to quantify the classifiers’
performance. In summary, within a subject, the classifiers’ scores imply the robustness of the
attentional effects on the probe-tone response topography. So, the significant time regions in all

figures corresponding to decoder scores indicate the effect’s consistency across all subjects.

3.2.7 Denoising Source Separation (DSS)

A set of spatial filters are synthesized using a blind source separation method that allows the
measurement of interest to guide the source separation. For detailed explanation see [52]. For our
purpose, the Denoised Source Separation (DSS) filter’s output is the weighted sum of the signals

from the 64 EEG electrodes, in which the weights are optimized to extract the repeated neural
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activity across trials. Therefore, for the experiment 1, 2, and 3, the first DSS component reflects
a brain source of auditory processing, repeatedly evoked during the segregation task for the same
set of sound frequencies. Our use of the DSS method required a large number of the same stimuli
to extract the repeated activity. However, in our speech experiment (experiment 4a and 4b),
since each trial consisted of various sentences with varying sound frequencies, different neural
activities were driven by the stimulus in different trials; therefore, it is difficult to isolate the first
DSS component as we did for tone experiments. Thereby, we only used the DSS method in order
to denoise the data in experiment 4, in which we projected back the first 5 DSS components to the
sensor space to form a clean and denoised dataset. Finally, we compared the evoked responses at

the Cz channel (placed on the center of the mid-line sagittal plane) for experiment 4.

3.2.8 Statistical Analysis

Statistical analysis of the decoder results was performed with a one-sample t-test with
random-effect Monte-Carlo cluster statistics for multiple comparison correction using the default
parameters of the MNE SPATIO_TEMPORAL_CLUSTER_ISAMP_TEST function [53]. To com-
pare the differences in evoked responses due to the probe-tones, we performed bootstrap resam-
pling to estimate the standard deviation (SD) of the difference between the attention conditions.
We checked whether at each time point the difference between attention conditions exceeded
2x estimated SD (20). In supplement figures, for the first DSS component’s strength compari-
son between two attention conditions, we used a one-tail non-parametric Wilcoxon signed-rank

test [54]. Error bars in all figures are 2SEM (standard error of the mean).
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3.3 Results

The results described in the present chapter are of EEG experiments conducted on normal-
hearing subjects. Details of the experimental setup, subjects, and stimuli are provided in each
subsection below, as well as in section 3.2. The experiments begin by exploring the consequences
of temporal coherence on simple harmonic tone-complexes at a uniform rate and progress to
inharmonic complexes, irregular presentation rates, mixed tone, and noise sequences, and ending
with speech mixtures.

Note that all of the stimulus paradigms in this study were selected to closely resemble
“classical” paradigms of streaming, e.g., alternating and synchronous tones and complexes. Thus,
properties of the streaming precepts associated with these stimuli are already well-established
and have been studied extensively, as we shall point out. Furthermore, the objective segregation

measures we employ closely follow widely-used “deviant-detection” paradigms [23,26,55, 56].

3.3.1 Experiment 1: Binding the Harmonic Components of Complex Streams

In this experiment, we manipulated the streaming percepts evoked by alternating harmonic
complexes of different pitches [22,57,58]. We specifically investigated how attention to one of
the two streams modulates the neural response to the complexes’ individual constituent tones. For
example, consider the two alternating sequences of harmonic complex tones in Figure 3.3A. The
complexes in the two streams had fundamental frequencies of /'y =400 Hz and Fz = 600 Hz, 90
ms in duration, and were separated by 20 ms gaps, with 10 ms raised-cosine onset and offset ramp.
When attending to one stream, it is known that the EEG responses of the attended complexes

become relatively enhanced [59-61]. However, it is unclear whether this enhancement is due to
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enhanced responses to the individual tones within the attended complex or just an enhancement of
the channels selectively responding to the complexes’ pitch. Conceptually, we shall hypothesize
that the attentional focus on one stream effectively confers a steady (persistent) enhancement of
the responses in the frequency channels of the constituent tones, specifically those tones that are
unique to the attended stream. In the next experiment, we explore the fate of tones that are shared
between the two streams.

Because of the poor spatial resolution of the EEG recordings, it was difficult to investigate
the attentional effects on individual frequency components during the simultaneous streams. In-
stead, we probed the persistent modulatory effects of attention on individual frequency channels
immediately following the end of the streams. This was done by presenting a 90 ms pure probe-
tone after a 100 ms silent gap. The probe tone was aligned with the frequency of a harmonic
that is either unique to complex A (3000 Hz) or tone complex B (2000 Hz). There were two
conditions for the timing of the probe-tone (Figure 3.3A): “expected”, in which the probe was
a component of the last complex tone in the sequence (note that there is a gap between the last
complex in the sequence and the probe-tone) or “unexpected” where it was a component of the
penultimate complex tone in the sequence. The reason for these two conditions was to ascertain
that the modulation of the probe-tone responses was not related to its violation of expectations
(akin to the effects of "mismatched negativity”) but rather to the persistent effects of attending to
one stream versus another. 18 normal-hearing participants were instructed on each trial to selec-
tively attend to tone complex A or B and report the number of intensity deviants in the attended
stream - with the deviant tone -complex is 6 dB louder than other tones in the sequence. Subjects
reported hearing the two streams and being able to attend reliably to one as the behavioral results

indicate, with all subjects reported the correct number of deviants above the chance level (Figure
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Figure 3.3: (A) The stimulus consisted of two complex sequences with harmonically related
tones. In each trial, subjects were instructed to selectively attend to high or low pitch sequence
and counted intensity deviants in the target stream. One of the frequency channels unique to tone
complex A (unique A) or complex B (unique B) was probed at the end of each trial. (B) Decoding
performance for Expected (left) and Unexpected (right) probe-tones (see the text for further ex-
planation on the difference between the two paradigms). For each subject, classifiers were trained
on the signals from all 64 EEG sensors and tested separately at each time in a 600 ms time win-
dow encompassing the probe tone (-100 ms to 500 ms). The trained classifiers tried to decode
the target of attention within the mentioned time window. The cluster-corrected significance was
contoured with a dashed line, p = 0.038 for expected and p = 0.004 for unexpected. Thus, both
probes demonstrated significant attentional modulations of individual harmonic components, al-
though the classification patterns were different between the two conditions. (C) Comparing the
difference in responses to unique A and unique B probe-tones for two attentional conditions for
the first DSS component (see text and section 3.2.7 for details). The comparison was significant
for unexpected probes at around 200 ms after the probe onset (shaded area larger than 20), with
reverse polarity for attend A and attend B suggesting the opposite effect of attention on coherent
and incoherent tones (i.e., enhancement versus suppression). (n=18).
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3.8). To dissect the attentional effects on the responses to the two streams, we trained a set of
independent logistic regression classifiers using data from all EEG sensors as explained in detail
in section 3.2.6 [51,62,63]. These classifiers trained on the EEG responses to the probe-tones at
each time point ¢ and tested at time ¢ - where ¢ and ¢’ were within the probe-tone time window
(-100 ms to 500 ms) - in order to predict the target of attention. In other words, the trained classi-
fiers tried to linearly separate the attentional conditions based on the differences within the probe
topomaps. At the subject level, the classifier scores reflected the robustness of the effect across
the trials (see the example in Figure 3.9), and at the second level, we checked the consistency
of the effect size across all subjects (Figure 3.3). It should be noted again here that, because of
the complex spatial spread of the EEG, the decoders can detect if response patterns across the
scalp are modulated by the attentional focus on the unique components, but they cannot readily
indicate whether the effects are simple response enhancements. For this kind of additional infor-
mation, we resorted to a Denoising Source Separation (DSS) procedure to extract and examine
the principle response component as detailed later below.

The performance of the decoders is depicted in Figure 3.3B. The scores of the classifiers
are significantly above the chance level for both Expected (p=0.038) and Unexpected (p=0.004),
starting from about 150 ms to 350 ms after the probe-tone onset. This performance level (up to
0.60) is commensurate with that reported in previous studies [64, 65]. Thus, regardless of probe-
tone timing and its different response dynamics due to its (expected or unexpected) context, the
results demonstrate the persistent, significant differential modulatory effects of attention on the
unique individual harmonic components of the attended and unattended sequences. We should
note that the decoder significant regions differ between the two conditions of “expected” and

“unexpected” probes, likely because of the differences in the detailed temporal response patterns
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of the probes, as well as the effects of EEG noise which may render insignificant the response
modulations at different epochs following the onset. Nevertheless, in both cases of the expected
and unexpected probes, there were significant attentional modulations of the responses.

Finally, we attempted to extract an additional comparison among the probe responses under
the different attentional conditions using a denoising procedure on the EEG recordings. Specifi-
cally, we isolated the most repeatable auditory component from the EEG responses to the probe-
tones across trials using the DSS spatial filter (see section 3.2.7; [66]) and compared the average
waveform of the first DSS component and its amplitude over subjects under different conditions.
Importantly, we compared the difference in responses to the probes: Unique B — UniqueA, un-
der the attend A and attend B conditions. We hypothesized that, although the DSS waveform is a
complex mixture of the EEG responses on all electrodes, if attention enhances coherent and sup-
presses incoherent responses, then the difference between the probes’ DSS responses would be
modulated by attention in opposite directions, i.e., the difference: Unique B — UniqueA would
have the opposite signs for attend A and attend B, reflecting the enhancement and suppression due
to attention. This was indeed the case as seen in Figure 3.3C for the unexpected case, where the
difference in probes’ responses was significantly modulated with a reversed polarity, at around
200 ms following the probe’s onset (shaded interval). It should be noted that the extracted re-
sponses used for the DSS differences (Figure 3.3C) and the classifiers (Figure 3.3B) are of a very
different nature, and hence it is unsurprising that the detailed timing of the significance epochs
following the probe-tone onsets would differ.

In the next experiment, we repeat the measurement of the probe-tone responses but now
using A and B complexes with different temporal structure. We also explore probe-tone response

modulations when it is aligned with components shared by both A and B complexes and deter-
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mine whether harmonicity is necessary altogether to induce these differential attentional effects

and hence play a role in segregation.

3.3.2 Experiment 2: Binding of Inharmonic Components in Complex Streams

We extended here the results of the previous experiment in several directions. First, we
examined whether the modulatory effects of attention on the individual components of a tone
complex depended on the harmonicity of the complex. Second, we monitored whether compo-
nents shared between the two complex sequences experience any differential modulation. This
is an important question because we had hypothesized that attention is a slow or steady-state
enhancement of the components of one sequence. A shared frequency channel (by definition)
belongs to both the attended and unattended streams, and hence if it is subjected to attentional
effects, it must experience rapidly alternating enhancement and suppression, which would violate
our hypothesis. Instead, our hypothesis predicts that shared components would not be differen-
tially affected by selective attention to either stream. Third, temporal coherence is independent
of the exact temporal rates or regularity of the sequences (as long as they are roughly between
2-20 Hz [67]. Consequently, we expected temporal coherence to be equally effective for streams
of different rates (tone complexes that are temporally incoherent with each other), regardless of
whether the tone complex is harmonic or inharmonic. It is, of course, expected that the streaming
percept is modulated by all these parameters, i.e., whether the components of a sound are intrin-
sically more glued together by harmonicity regardless of streaming. By using unequal sequence
rates, it was possible (as we shall elaborate) to eliminate any difference in timing expectations

between the two attentional conditions and hence confirm the validity of the earlier results con-
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cerning the attentional modulation of the probe tone responses regardless of whether they were
due to expected or unexpected contexts.

Normal-hearing adults (21) selectively attended to one of two streams - each 90 ms in dura-
tion, with 150 ms and 250 ms inter-stimulus interval for complex A and B - based on the priming
phase at the beginning of each trial and reported whether they detected a deviant in the attended
stream, ignoring deviants in the unattended stream. The two streams clearly differed by their
timbre, and it was relatively easy for the listeners to track one or the other stream (see behav-
ioral results Figure 3.11). The streams ran at different rates but converged to be synchronous on
the last tone in the sequence. We replaced the last tone with a single frequency probe-tone to
always occur at the expected time, regardless of which stream was the target of attention (Figure
3.4A). We measured the neural responses to the probe as a function of whether its frequency
belonged to one (unique) or both complexes (shared) (see Figure 3.4A). We should note that this
paradigm was effectively used previously to explore the effects of streaming on detecting timing
misalignments between streams [26].

Similar to the previous experiment’s analysis, a set of linear estimators were trained to de-
termine the effect of attention encompassing the period of probe-tone (-100 ms to 500 ms; Figure
3.4B). The classifiers were trained on the EEG signals to predict the attentional conditions for
probe-tones, therefore for each subject, the scores summarized the effect of attention within the
probe-tones (see Figure 3.10). For the unique probe-tones, the performance of the classifiers in
decoding attention was reliably above the chance level at 50 ms and lasted until about 400 ms af-
ter the onset of the probe, with a peak around 120 ms (p=0.0003), indicating the persistent effects
of attention on the unique components. However, the classifiers could not distinguish between

the attention conditions when the probe-tone was shared between the two tone-complexes, sug-
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Figure 3.4: (A) The stimuli started with a target sequence alone (Priming epoch), and after three
bursts, the distractor stream was added. Both tone complexes consisted of inharmonic frequencies
(see 3.2). The two sequences were presented at different rates but converging on the last tone in
the sequence, which was replaced by a single frequency probe-tone centered at the frequency
that was either shared between the two complexes, unique to complex A (Orange), or unique
to complex B (Blue). In each trial, subjects were instructed to selectively attend and detect
an intensity deviant in the target sequence. (B) Decoding performance for unique (left) and
shared (right) probe-tones. Classifiers trained and tested separately at each time in a 600 ms
time window of the probe-tone (-100ms to 500ms). Cluster-corrected significance is contoured
with a dashed line. The classifiers could decode attention only when the probes were unique
components (p=0.0003). The two sets of scores were statistically different as depicted in Figure
3.12. (C) Comparing the difference in the first DSS component of the responses to unique A
and unique B probe-tones in the two attentional conditions (Figure 3.13; see section 3.2.7). The
comparison was highly significant for shaded areas (larger than 2¢0), with reverse polarity for
A and B, suggesting the opposite effects of attention on coherent and incoherent tones (i.e.,
enhancement versus suppression). (n = 21).
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gesting that the shared frequency channels remained on average undifferentiated by the selective

attention.

3.3.3 Experiment 3: Binding Noise Sequences with Coherent Tones Sequences

1 Experiments 1 and 2 confirmed that the binding of the components within a stream relies
primarily on their temporal coherence and not on any harmonic relationship among them and that
different sequences segregate well when running at different rates. Here, we investigate binding
one step further to demonstrate that temporally coherent sound elements bind perceptually to
form a stream even when they are of a different nature, e.g., tones and noise-bursts, and even
when placed far-apart along the tonotopic axis. Specifically, Experiment 3 tested the hypothesis
that attending to a distinct stream of noise bursts not only will modulate its neural responses it
also affects all others that are temporally coherent with it, effectively binding the percept of the
noise with the coherent tones to form a single unified stream. Moreover, we tested again if shared
tones remain uncommitted as we found earlier, hence contributing equally to both streams.

Figure 3.5A illustrates the stimuli and procedures used with 14 normal-hearing subjects
who were instructed to focus attention on a sequence of narrow-band noise bursts - between 2-3
kHz, 125 ms tone duration, and 250 ms inter-stimulus interval - and report the number of de-
viants that occurred in the noise stream. Two sequences of inharmonic tone complexes (A and B)
accompanied the noise sequence, one coherent with the noise (the attended stream) and one alter-
nating (incoherent) with it. At the end of each trial, a single frequency probe-tone was presented
at frequencies aligned with either a unique component of complexes A or B or a component

shared by both complexes. All subjects perceived the streaming of the alternating stimuli and

40



4 - . ) ) 4
g —> Noise ? —> Noise
3 3
S
& g
[y
Gap Probe Gap Probe
B A B ABAUBA v:
-}UniqueA ‘
— — e _ : — — — — ;~—‘:._>Unique8
— mm—> Shared — ;—;—»Share d
_”7”‘ ,,,,,, -
Time ~ Time
B Shared C Unique B - Unique A
-4
0.5 —_— 0.55 8 — Attend A
y » - 7 — — Attend B
RS E
0.4 o e | B
O N = . =
0 0.3 Sl 1 4 >
1S " O o .
= 5 3
- 0.2 b & { S NRI ©
g . » oty @ <
T 0.1 e e I
= ) " S O R 5
0.0 M2 ] o TR L o S
. — 9
Probem g L " [a)
2 » 0.45 -8
0.0 0.1 0.2 0.3 04 05 0.0 0.1 0.2 0.3 04 05 0 o1 0-? 0.3 04 05
Testing Time (s) Testing Time (s) Time(s)

Figure 3.5: (A) The stimulus consisted of two complex sequences with inharmonic frequencies -
the frequency components of the complex tones were the same as experiment 2 - and a sequence
of noise as a target stream. In each trial, subjects were instructed to always attend and count
intensity deviants in the target noise sequence. At the end of each trial, we probed a unique
frequency channel to tone complex A (e.g., left panel) or complex B (e.g., right panel) or shared
between the two complex tones (e.g., both panels). (B) Decoding performance for unique (left)
and shared (right) probe-tones. Classifiers trained and tested separately at each time in a 600 ms
time window of the probe-tone (-100ms to 500ms). The significant cluster is contoured with a
dashed line. The classifiers could decode attention only when the probes are unique components
(p = 0.004). There is a statistical difference between the unique and shared scores as depicted
in Figure 3.15. (C) Comparison between the difference in responses to unique A and unique B
probe-tones for two attentional conditions for the first DSS component (Figure 3.16; see section
3.2.7). There were significant differences for shaded areas (larger than 20), with reverse polarity
for attend A and attend B, suggesting the opposite effect of attention on coherent and incoherent
tones (i.e., enhancement and suppression). (n=14).
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performed the task above the chance level as demonstrated by the behavioral results in Figure
3.14.

As before, we trained classifiers to detect modulations on the probe tone responses during,
pre, and post the probe tone onsets (at 0 ms). Results displayed in (Figure 3.5B) demonstrate
that attention significantly modulates the probe-tone responses starting 130 ms following onset
but only when aligned with unique tones of the complex-tone sequences (p=0.004; Figure 3.5B,
left panel). The classifier failed to decode any modulations due to attention when the probe-tone
aligned with a shared component (Figure 3.5B, right panel). Moreover, there was a statistical
difference between the decoder scores of Unique and Shared probe tones, as illustrated in Figure
3.15.

We then analyzed the EEG responses to extract the most repeatable auditory component
across trials by looking at the first DSS component (see section 3.2), which was averaged across
all subjects (Figure 3.16A). Figure 3.5C illustrates the difference between the unique probes
“UniqueB — UniqueA” under attend A (noise coherent with A; orange) and attend B (noise
coherent with B; blue) conditions. For most of the time period encompassing the probe tone, the
difference exhibited the opposite polarity in the two attention conditions, with significance near
70 ms, 160 ms, and 420 ms following the probe’s onset. Furthermore, we looked at the average
of the first DSS components over the time window of 60 ms to 200 ms. The average power is
significantly larger when the probe-tone is a unique component of the attended stream (p = 0.04
for unique A and p=0.01 for unique B). However, there is no significant difference in response to
the shared frequency channel (p = 0.24; Figure 3.16B).

To summarize, the key finding of this experiment is that attending to the noise-bursts, which
are perceptually different from the tones and spectrally located at least 2.5 octaves apart, never-
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theless caused the coherent complex-tone sequences to become modulated as if they became
bound to the noise-bursts and included in the focus of attention. This is consistent with the ear-
lier experiments’ findings in the present study that coherent tones are modulated when subjects
attended directly to the complexes. This we take as evidence of the perceptual binding of all

coherent acoustic components to form a unified attended stream.

3.3.4 Experiment 4: Segregating Speech Mixtures

Real-world auditory scenes often consist of sound streams of unequal rates, many shared
spectral components, and gradually changing parameters (pitch, location, or timbre). In all pre-
vious experiments, we have demonstrated that temporal coherence plays a crucial role in stream
formation. However, all stimuli used were well-controlled, relatively simple tone-complexes and
noise bursts with stationary parameters. Here, we extend the temporal coherence principle tests
to a more naturalistic context using speech mixtures. In a speech, the signal is modulated in
power during the succession of syllables, just like the tone and noise sequences used in the pre-
vious experiments, i.e., one can abstractly view a speech signal as a sequence of bursts separated
by gaps of various duration. Each burst encodes features of the speaker’s voice, such as his/her
pitch, location, and timbre, which temporally fluctuate in power coherently. In a mixture of two
different speakers, female (F) and male (M), saying different words, the sequences of bursts begin
to resemble the alternating A & B complexes of our simpler stimuli. Consequently, the power
in each speaker’s features would fluctuate coherently, but they are both different and out-of-sync
with those of the other speaker. Furthermore, simultaneous speech segregation can potentially

rely on the incoherence between the power modulations of the two speech streams since speakers
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utter different words, and hence their modulations are often de-synchronized [38].

To confirm these assertions, we first tested that the same approaches using probe-tones
and trained classifiers can be readily applied to decoding speech responses. The probe-tones
were restricted to the end of the sentences and were always harmonic complexes, as detailed
below. In the second part of experiment 4, we refined the probe-tones to investigate the attentional
modulations on single frequency components, and more importantly, to insert the probe anywhere
in the midst of the speech mixture.

a) Probe at the end:

Single-speaker sentences were selected from the CRM corpus [68] and then mixed to produce
two-speaker mixtures, each containing a male and a female voice. All sentences in this corpus
have the same format, including color and a number (see section 3.2). During the task, subjects
were instructed to attend to a specific speaker on each trial and then report the color and number
uttered by this target speaker. The mixture in each trial ended with a 90 ms harmonic-complex
tone as a probe, consisting of the 4 lowest harmonics aligned with corresponding frequency
components of either the attended or unattended voice. Therefore, the probe-tone was uniquely
aligned with one speaker, as were the single-tone probes in the earlier experiments (Figure 3.6A).

16 Participants were asked to report the color and the number mentioned in the target sen-
tence to make sure that they were attending correctly to the target speaker, all the subjects were
able to do the task with ease (average accuracy = %93; Figure 3.17). Meanwhile, we measured
the neural responses to the probe-tone with EEG. The responses were compared under differ-
ent attention conditions using the same linear classifiers described earlier, with decoder scores
significantly above the chance level (Figure 3.6B). Additionally, we generalized the modulatory
pattern of attention by using classifiers trained and tested at various times relative to the probe

44



A

Male: Ready ringo go to BLUE FIVE now.

-
N
i

—
S

Speech Mixture

Frequency(kHz)

Frequency(kHz)

—_

Probe

Frequency(kHz)

15 12 -09 -06 -03 00 48 15 125 10 075 05 025 00
Time(s) Time(s)
B C Unique F - UniqueM

0.5 0.6 0.2 — Attend M _ Attend F
0.4 g
<
203 >
g o
F 0.2 o S
g || <
£ ()
0.1 =
= ~X o
Jis :
00 SEEE g

. |Probe
I . ! - 0.4 0.2 ' ' ' : !
-01 00 0.1 02 03 04 05 0.1 0.2 0.3 0.4 0.5
Testing Time (s) Time (s)

Figure 3.6: (A) A sample stimulus for experiment 4a. Top-left: cochlear spectrogram of the
male voice. Bottom-left: cochlear spectrogram of the female voice. Note the probe-tone at the
end. Right: cochlear spectrogram and acoustic waveform of the mixture. All the sentences had
the same length (1.8 sec). The participants were instructed to report the color or the number by
the target voice. During the task, the auditory scene consisted of two concurrent speech streams
followed by a 90 ms probe-tone with complex harmonics. The probe-tones harmonic frequencies
were aligned with the four loudest harmonic frequencies of either male or female voice at the
end of the sentences; therefore, the probe-tone was either unique to male or unique to female.
(B) Decoding performance for the probe-tones trained and tested during the probe time window
(-100ms to 500ms). The significant clusters were contoured with a dashed line. The classifiers
could decode attention significantly above chance (p = 0.0002) (C) Comparison between the
difference in evoked responses to unique F and unique M probe-tones for two attentional condi-
tions at “Cz” channel (placed on the center of the mid-line sagittal plane) (Figure 3.19; see 3.2.7).
There were significant differences for shaded areas (larger than 20), suggesting the opposite ef-
fect of attention on coherent and incoherent tones.(n=16).
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onset, e.g., trained at the beginning of the speech mixture (-1.8 s to -1.2 s) and tested around the
probes (-0.1 to 0.5s; Figure 3.18 left panel), trained near the probe (-0.1 s to 0.5 s) and tested
at the onset of the speech mixture (-1.8 s to -1.2 s; Figure 3.18 right panel) In all cases above,
the decoding scores were significantly above chance as is evident in the figures (p = 0.0002,
p = 0.009, and p = 0.009 respectively). It is interesting to note that the decoder exhibited “ramp-
ing” dynamics [51] which may reflect the gradual buildup of the harmonic pattern responses to
the probe complex which resembles the spectral characteristics of the preceding sequences. This
ramping was not seen in the earlier experiments as the probe was only a single tone. Finally,
we also contrasted the evoked responses to the probe-tones (UniqueF’ — UniqueM) at the Cz
channel and observed significant differences between attending to male and female, with opposite
polarity (Figure 3.6C). Therefore, the results thus far indicate that: 1) The neural response to the
harmonic frequency components aligned to the pitch of the two speakers is reliably modulated by
attention. 2) The pattern of brain activity at the onset of the attended/unattended speech sentence
is similar to the activity during the probe tone at the end, and consequently, the trained decoders
were generalizable for these two-time windows even when separated by a sizable interval. These
results are consistent with the temporal coherence hypothesis because if attention to the pitch of
one voice enhances the pitch signal, it will enhance its harmonics (all being coherent with it; [38])
and will relatively suppress the harmonics of the unattended speaker, which are incoherent with
it.

b) Probe in the middle:

Using the same speech corpus as stimuli, this experiment probed the modulations of a single
frequency channel potentially anywhere within the duration of the speech mixture. The probe
frequencies in these experiments were chosen centered at the 2" harmonic of the female or at the
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3rd harmonic of the male, unique components in the midst of the speech mixtures as illustrated in
Figure 3.7A. Participants were instructed to report the color or number spoken by the talker who
uttered the target call-sign (“Ringo”; see section 3.2), all participants did the task successfully
(average accuracy = %79; Figure 3.20). On average, the onset of the call-sign occurred 300 ms
(25 ms) following sentence onset, and the probe-tone was inserted 600 ms after speech onset.
We trained linear classifiers to ascertain the modulation that attention induced in the probe
responses during the time window (-200 ms to +400 ms with probe onset defined as 0). It is evi-
dent in Figure 3.7B) that the decoding scores were significantly above the chance level even prior
to the onset of the probe tone, reflecting the emergence (or streaming) of the target speaker spec-
tral components. The significant decoding continued for up to 280 ms after the probe onset, with
a peak at 150 ms. We also extracted the evoked EEG signal at channel Cz due to the probe-tones
to determine the direction of the modulation induced by attention Figure 3.21. Figure 3.7C shows
the difference in response to unique F and unique M was significantly and rapidly modulated by
attention within about 250 ms, consistent with previous findings in ECoG recordings [69].
Therefore, in conclusion, we measured significant attentional modulations of the probe-
tone responses that are frequency-specific (distinguishing between alignments with closely spaced
male and female harmonics). These findings indicate that during speech segregation, the compo-
nents of the attended speaker are differentiated from those of the unattended source quite rapidly,
or specifically, as soon as 250 ms after the onset of the target callsign. This delay is commensu-
rate with that observed in analogous ECoG experiments involving switching attention between 2

speakers.
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Figure 3.7: (A) Cochlear spectrogram of a sample stimulus mixture for experiment 4b. It con-
sisted of two (male and female) voices. The participants were instructed to report the color or the
number of the speaker who uttered the target call-sign. The probe’s frequency was aligned with
the 2"¢ or 3"¢ harmonic of the female or male, respectively. Therefore, the probe-tone was either
unique to male (unique M) or unique to female (unique F). (B) Decoding performance for the
probe-tones. Classifiers trained and tested separately at each time in a 600 ms time window of
the probe-tone (-200ms to 400ms). Cluster-corrected significance was contoured with a dashed
line. The classifiers could decode attention significantly above chance for up to 280 ms after
the probe-tone onset (p = 0.015). (C) Comparison between the difference in evoked responses
to unique F and unique M probe-tones for two attentional conditions at Cz channel (placed on
the center of the mid-line sagittal plane) (Figure 3.21; see section 3.2.7). There are significant
differences for shaded areas (larger than ), suggesting the opposite effect of attention on coherent
and incoherent tones. (n=7).
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3.4 Discussion

This chapter explored the dynamics and role of temporal coherence and attention in the
binding of features that belong to one auditory source and its segregation from background
sources 1n a cluttered auditory scene. The temporal coherence hypothesis predicts that acous-
tic features that induce coherently-modulated neural responses should bind together perceptually
to form a single stream. One piece of evidence for this perceptual stream formation is taken to be
the physiological enhancement of all the coherent responses. It is also postulated that an essen-
tial component of this process is attention directed to one or more of the coherent sets of acoustic
features, which then initiate mutual interactions, and hence binding of all coherent features. Pre-
vious studies have shown that responses to an attended (pure-tone) stream are enhanced relative
to the remaining background in a mixture [70,71]. However, it has remained unclear whether the
neural responses to the individual constituents of a complex stream are also similarly modulated
by attention to only one of its elements and how this is related to its perceptual formation.

In the series of EEG experiments reported here, we demonstrated that when listeners at-
tended to one attribute of a complex sound sequence, other temporally coherent responses were
similarly modulated; incoherent responses were relatively suppressed (or oppositely modulated)
while leaving shared elements unchanged. This was found to be true over a wide range of at-
tributes, be it the pitch of a sequence of harmonic complexes (Experiment 1), the timbre of
inharmonic complexes (Experiment 2), noise burst sequence (Experiment 3), or the call-sign by
a single speaker in a mixture (Experiment 4). Of crucial importance, this was the case even for
those features in the sound sequence that were not directly accessible to the listener. For exam-

ple, when subjects attended to the pitch of a harmonic complex or the timbre of an inharmonic
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complex, they rarely reported being able to (or spontaneously) listen to the individual constituent
tones, yet these components became modulated as if they were directly attended to. In fact, in ex-
periment 3, subjects completely ignored the accompanying complex tones while attending only
to the noise bursts, yet response modulations still occurred for the unique coherent tones, i.e.,
they acted as part of the foreground noise stream.

To access the responses of the individual components of a stream (despite the poor spatial
resolution of the EEG), we investigated the responses to probe tones and probe complexes that
relied on the persistent effects of attention in the midst or just following the end of the streams
when there were no interfering signals from other sounds. The effects of attention on the probe
responses, however, were not always easy to interpret because the array of the 64 EEG electrodes
pick up complex mixed signals deriving from many regions of the brain. Thus, specifying and
interpreting an EEG response to use for the measurement requires combining (and not simply av-
eraging) the recordings from all these electrodes. Therefore, the term “response enhancements”
used in our original hypothesis does not always literally mean an increased response amplitude
or power, but rather a response-modification that is robust and repeatable when attentional condi-
tions are identically manipulated. While these changes are often detected as enhancements in the
power of the response DSS component (particularly when using simple pure-tone streams instead
of the complex multi-component streams here; [59, 60]), we focused instead on a more flexible
measurement approach that detects these changes through linear estimators. Specifically, a set
of classifiers were trained to decode the attended/unattended responses near the probe-tone time
window and were then tested at other times (such as generalizing the estimators to the speech
beginning) to demonstrate that the response patterns induced by attention persisted during the

probe. The patterns of generalized decoders (panel B in Figures 3.3 - 3.7) may reflect the un-
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derlying brain processing and the dynamic of the responses to the probe tones. For instance,
as described in King and Dehaene 2014 [51], the squared pattern of the temporal generalization
matrices in experiments 1, 2, and 3 (Figures 3.3B, 3.4B, 3.5B) suggests a sustained brain process
encompassing the probe tone. Moreover, the patterns in Figure 3.7B showed a temporally jittered
activity due to the subtle variation in the probe tone onset relative to the call-sign timing. Finally,
Figure 3.6B showed a more complex and slowly increasing activity. Clearly, furthermore targeted
experiments are needed to investigate specifically the origin of the different patterns of dynam-
ics of the temporal coherence process, and the details of the response buildup during auditory
streaming.

It should be noted that the responses to the probes placed at the end of the sequences do not
simply reflect some kind of an overall attentional change in the offset responses of the preceding
complexes, because if they did, then they would have behaved similarly under attentional switch-
ing regardless of whether they were aligned to unique or shared frequency channels. Instead,
probe responses are in fact sensitive to whether the frequency channel to which they are aligned
is unique or shared, even under the same overall attentional conditions that would have left the
offset responses of the complexes identical.

To summarize, the overall findings from this study are consistent with the temporal coher-
ence hypothesis where correlated responses become bound as a single stream that integrates the
elements of the sequences regardless of: (1) the temporal regularity of the sequences, e.g., uni-
form or irregular (Figure 3.3 and Figure 3.4) (2) stimulus types across the sequences, e.g., noise
or tones-complexes (Figure 3.5); (3) whether the tones are harmonic or inharmonic complexes
(Figures 3.3, 3.4, and 3.5); (4) whether the sequences are spectrally near or far apart (Figures 3.3,
3.4, 3.5, and 3.6); and crucially, (5) whether the sequence parameters (e.g., pitch and timbre) are
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stationary or dynamically slowly evolving as in speech (Figure 3.6 and Figure 3.7).

Temporal coherence is essentially an associative process likely enabled by rapidly formed
and modulated connectivity among coherently responsive neurons. This process is analogous to
the well-known Hebb’s rule of "fire together, wire together”, except that it occurs at a much faster
pace (within hundreds of milliseconds, as evidenced by the rapid build-up following the call-signs
in Figure 3.7). It is also promoted and controlled by attention”, a notion that is difficult to define
precisely. However, experiments in animals and human subjects have demonstrated that without
the engagement and attentional focus on the task, or selective attention to specific features of
the stimuli, these rapid modulations of connectivity which are manifested as perceptual binding,
and hence stream formation, become far weaker or absent [28,35]. The underlying biological
foundations of this process remain largely unknown but are currently the target of numerous
ongoing studies.

We end by observing that the concept of temporal coherence likely applies in a similar
way in other sensory modalities such as vision. In a dynamic visual scene, features of a visual
object, such as its pixels, move together coherently in the same direction and speed, inducing
highly correlated neural responses. Conversely, pixels of independent objects move with different
relative motion and can thus be segregated easily from those of other objects based on this idea
(Lee and Blake 1999). Also, multi-modal integration, such as enhanced comprehension of speech
in an audio-visual scenario (lip-reading), may well be explained by temporal coherence, i.e., the
temporal coincidence between the visual representation of the lip motion and the acoustic features
of the syllables can strongly bind these sensory features, and hence improve the intelligibility of

speech [72-74].
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3.5 Supplementary Figures

This section contains supplementary results for all the experiments described in section 3.3.
We included results for behavioral performances of the subjects participated in all experiments,
as well as other supporting data for the main EEG results. These supporting materials are not
essential for inclusion in the full text of the previous sections, but would nevertheless benefit the

reader.
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Figure 3.8: Behavioral results for 3.3.1: In this experiment, listeners were instructed to count the
number of deviants in the target (attended) sequence, which was uniformly distributed between
0-3 (four choices) across trials, and hence, the chance level was at %25. Each subplot shows
the histogram of the true number of deviants minus the subject’s response. Therefore, in these
subplots, ”’0” means the correct response (hit), positive numbers mean that listeners missed one or
some of the deviants, and negatives mean response was larger than the actual number of deviants.
Each subplot’s title includes the subject’s number followed by their percentage of correct answers
(hit rate). All the subjects performed above the chance level.
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Figure 3.9: The relation between the classifier scores and EEG topomaps (a subject example
in 3.3.1). Topomaps of probe A and probe B is plotted for different attentional conditions for
(A) Expected and (B) Unexpected cases. Linear classifiers were trained at each time point on
the responses from all 64 channels (topomaps) in order to decode the focus of attention. At the
subject level, the trained classifier could capture the differences in the topomap patterns caused
by the attentional changes, e.g., the differences between the topomaps of Attend A probe A and
Attend B Probe A. The classifier scores showed the robustness of the effect for a given subject
across all trials; in the second-level test (depicted in Figure 3.3B), we showed the robustness of
the effect sizes across all subjects.
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Figure 3.10: The relation between the classifier scores and EEG topomaps (one subject example
in 3.3.2). (A) Average topomaps of probe A, probe B, and the shared probe were plotted for
different attentional conditions. Linear classifiers were trained at each time on the signals from
all 64 channels (topomaps) in order to decode the focus of attention. At the subject level, the
trained classifier tried to capture the differences in the topomap patterns caused by the attention.
(B) The classifier scores demonstrated the robustness of the effect for the given subject across all
trials. For the unique probe (left), the performance of the classifiers was above chance, which
means that there was a consistent difference, i.e., a difference between "Attend A Probe A” and
“Attend B Probe A” in topomap patterns across all trials. Conversely, the shared probe scores
suggest that the difference between attentional conditions was not robust since it was not linearly
separable.
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Figure 3.11: Behavioral results for 3.3.2: In this experiment, listeners were instructed to detect
a deviant in the target (attended) sequence. Each subplot shows the histogram of a deviant’s
presence (0 or 1) minus the subject’s response. Therefore, in these subplots, ”0” means the
correct response (hit), +1 means listeners missed the deviant, and -1 reflects the false alarms. The
title of each subplot includes the subject’s d’prime followed by their bias.
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Figure 3.12: Comparison between unique and shared decoder scores for 3.3.2. Scores show the
average difference between decoding scores of Unique and Shared probe-tone for all subjects.
The difference is significant for the time region contoured between the dashed lines (p = 0.009).
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Figure 3.13: DSS evoked response for 3.3.2. Data were submitted to DSS analysis (see section
3.2.7) using the average across trials as a bias filter. The aim was to isolate the most repeatable
auditory component by applying a spatial filter. (A) Grand average of the most repeatable EEG
response to the probe-tone extracted by DSS for each subject; onset of the probe tone is at 0. Left:
The response when the probe is at the frequency unique to complex A, middle: when the probe
tone is a unique component of complex B, right: The response when the probe tone is a shared
component, for attention to tone complex A (orange), and attention to tone complex B (blue). In
Figure 3.4, we subtracted the orange and blue curves in unique A from the same colors in unique
B. (B) The average amplitude of the neural response from 60 ms to 200 ms after the probe-tone
onset. For the unique frequency channels, the attended condition has significantly higher power
than the unattended condition (p = 0.03 for unique A and p = 0.01 for unique B), while the
average of the shared channel does not show any modulation with attention (p = 0.6).
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Figure 3.14: Behavioral Results for 3.3.3: In this experiment, listeners were instructed to count
the number of deviants in the target (attended) noise sequence, which was uniformly distributed
between 0-3 (four choices) across trials, and hence, the chance level was at %25. Each subplot
shows the histogram of the true number of deviants minus the subject’s response. Therefore, in
these subplots, ”0” means the correct response (hit), positive numbers mean that listeners missed
one or some of the deviants, and negatives mean response was larger than the actual number
of deviants. Each subplot’s title includes the subject’s number followed by their percentage of
correct answers (hit rate). All the subjects performed above the chance level (chance level =
%?25).
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Figure 3.15: Comparison between unique and shared decoder scores for 3.3.3. Scores show the
average difference between decoding scores of Unique and Shared probe-tone for all subjects.
The difference was significant for the time region contoured between the dashed lines (p =
0.004).
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Figure 3.16: DSS evoked response for 3.3.3. Data were submitted to the DSS using the average
across trials as a bias filter. The aim was to isolate the most repeatable auditory component by
applying a spatial filter. (A) Grand Average of the most repeatable EEG response to the probe-
tone extracted by DSS for each subject; onset of the probe tone is at 0. Left: The response when
the probe was centered at the unique A frequency channels. Middle: The response to the probe-
tone unique to complex B. Right: The response when the probe tone was a shared component,
under attend to tone complex A (orange) and attend to tone complex B (blue), the curves are
comparable. In Figure 3.5C of the main text, we subtracted the orange and blue curves in unique
A from the same colors in unique B. (B) The average strength of the neural response of the first
DSS component from 60 ms to 200 ms after the probe-tone onset. For the unique frequency
channels, the attended condition had significantly higher power than the unattended condition
(p = 0.04 for unique A and p = 0.01 for unique B), while the mean of the shared channel did not
show any modulation with attention (p = 0.24).
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Figure 3.17: Behavioral Results for 3.3.4a: 1In this experiment, listeners were instructed to report
the number or the color of the attended speaker. Each point shows the accuracy for each subject.
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Figure 3.18: Generalizing decoders across time. Classifiers trained and tested separately at each
time instant in two other 600 ms time windows. Left: trained at the beginning of the speech (-1.8
sec to -1.2 sec) and tested during the probe-tone (-100ms to 500ms). Middle: trained during the
probe time window (-0.1 sec to 0.5 sec) and tested during the beginning of the speech (-1.8 sec
to -1.2 sec). These results suggest that the modulatory effect of attention is generalizable across
times during speech and probe-tone.
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Figure 3.19: Evoked responses at channel Cz for 3.3.4a. Average EEG Evoked response to the
probe tone at channel Cz’, computed after denoising data and projecting back the first 5 DSS
components to sensor space (see 3.2.7). The onset of the probe is at time 0.- The difference
between unique female and unique male probe tone was computed for the orange (attend male)
and blue (attend female) curves for each subject, and it was depicted in Figure 3.6C of the main
text.
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Figure 3.20: Behavioral Results for 3.3.4b: In this experiment, listeners were instructed to report
the number or the color of the speaker who uttered the callsign. Each point shows the accuracy
for each subject.
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Figure 3.21: Evoked responses at channel Cz for 3.3.4b. Average EEG Evoked response to the
probe tone at channel Cz’, computed after denoising data and projecting back the first 5 DSS
components to sensor space (see 3.2.7). The onset of the probe is at time 0. The difference
between unique female and unique male probe tone was computed for the orange (attend male)
and blue (attend female) curves for each subject, and it was depicted in Figure 3.7C of the main
text.
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Chapter 4: Cortical Encoding of Statistical Learning in the Context of Mu-

sical Scales

4.1 Introduction

To face the challenge of being immersed in constantly changing environments, human
brains encode the statistics of everyday stimuli through mere passive exposure and implicit learn-
ing. Implicit statistical learning involves the extraction of structure from input and is generally
thought to occur incidentally, through exposure to positive examples, without instruction, and
without intention to learn [75-77]. Music offers a great opportunity to investigate statistical
learning in an ecologically-valid setting, as converging evidence suggests that implicit learning
underlies music acquisition for musicians and non-musicians. However, the question of which
specific musical features support this type of learning while passively listening to music remains
unexplored.

Music is produced and enjoyed in every human culture and displays incredible variability
in its structure [78—80]. Yet, a few recurrent features suggest that cognitive factors constrain
certain structural aspects of music [81]. Among them, musical scales (i.e., the collection of
discrete pitches or notes used to compose melodies of a given musical style or culture) were found

to exhibit common structural features across the vast majority of musical traditions. Almost
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all scales in the world display non-uniform intervallic structure: the collection of pitches are
separated by intervals of different sizes [82—84]. Recent behavioral data provided evidence that
specific scale structures enhance the learning effects [85]. In particular, non-uniform scales were
shown to enhance the learning of grammar (i.e., statistical relations) within the context of familiar
(12-TET) and unfamiliar (14-TET and 16-TET) musical systems. The benefit originates from
an enhanced internal representation of the tonal space carried by the scale, in which relations
between tones are better defined in a non-uniform scale. The present chapter reports findings that
reveal the neural bases of the facilitatory effects of non-uniform scales.

In this chapter, we provide evidence that facilitatory effects of statistical learning are sup-
ported by non-uniform scales, which may explain their prevalence across musical systems [85].
Melodies are generated using a fixed artificial grammar based on a first-order Markov chain and
derived from either a uniform or non-uniform scale. After an exposure phase, listeners had to
report incorrect transitions embedded in a new set of test melodies while the EEG signal was
recorded. Behavioral results demonstrated enhanced performance in processing syntactic reg-
ularities in melodies associated with the non-uniform scales. EEG recordings mirrored these
findings: Evoked Response Potentials (ERPs) associated with distinct probabilities of note tran-
sitions suggested that neural responses better tracked the melodies derived from the asymmetric
scale. In addition, a set of linear decoders trained on classifying neural processing of grammati-
cal structure exhibited enhanced accuracy in the context of the non-uniform scale. These findings
strengthen the hypothesis that the ubiquity of non-uniform scales across cultures results from

cognitive constraints that facilitate learning syntactic regularities in melodies.
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4.2 Experimental Design and Procedure

4.2.1 Participants

Sixteen adult participants with self-reported normal hearing participated in this study, con-
ducted at the University of Maryland. One participant was removed from the analysis for not
keeping the earphones in place during the experimental procedure. Among the fifteen remaining
participants (9 females, mean age = 25 years, SD = 8), two had five or more years of formal
musical training, and all were still engaged in daily musical practice. All participants were given
course credits or monetary compensation for their participation. The experimental procedures
were approved by the University of Maryland Institutional Review boards. Written, informed

consent was obtained from each subject before the experiment.

4.2.1.1 Musical Scales

Participants were presented with melodies generated from hexatonic scales in the two fol-
lowing structure conditions, uniform and non-uniform. Each scale was composed of six tones in
12-TET. The two scale conditions were obtained by positioning tones in the 12-TET in a manner
that conformed to the different intervallic structural properties, as illustrated in Figure 4.1A. The
uniform scale was composed of intervals (i.e., space between the pitch of subsequent tones) of
equal sizes. In contrast, the non-uniform scale was composed of intervals of different sizes so
that each tone had a unique set of intervallic relations with all other tones when moving from
one tone to another in the same direction (clockwise/counter-clockwise or up/down) across the

octave span.
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4.2.1.2 Grammar

Melodies were composed of the tones within a given scale, and their construction was de-
termined by a first-order Markov chain inspired by Rohrmeier et al. [86]. Since two scale types
were used (hexatonic, 12-TET), two different grammars were used, each including all the tones
in the scales. However, the complexity of both grammars was kept constant concerning the tran-
sition probabilities that were used to generate the melodies. Schematic grammar representations
are shown in Figure 4.1B. Each node corresponds to a tone in the scale. Notably, the corre-
spondence between nodes and notes was randomized for each participant and for each structure
condition. Arrows connecting nodes determine the permissible transitions between notes, along
with the probability of transition. The “reference” version of the grammar was determined for
each listener prior to the exposure phase. The “alternative” version of the grammar was obtained
by switching nodes 3-4 and 5-6, which introduced ten possible wrong transitions. Melodies gen-
erated with the alternative grammar contained a set of three transitions between tones that were

never part of the melodies generated with the reference grammar.

4.2.1.3 Melodies

All melodies were composed of 500 ms sine tones to which a tapered-cosine (Tukey) win-
dow was applied. Tones were not separated by a silence interval. During the exposure phase, 100
melodies were generated in real-time using the grammar structure and the pitches of tones defined
by each scale. During the exposure phase, melodies were produced using the current structure
condition (uniform or non-uniform) and the reference version of the grammar. During the test

phase, half of the melodies were produced the same way using the reference grammar, and half

66



of the melodies were produced the same way but using the alternative grammar. 40 reference and
40 alternative melodies were presented in random order during the test phase. All melodies were
constrained so that they did not exceed 15 tones and had to reach the final note, as defined by the

gramimar.

4.2.2 Procedure

The experiment was divided into two parts, each corresponding to a structure condition in
which the order of testing was randomized across participants. During each part, listeners had to
first complete an exposure phase during which they listened to 100 melodies. During this phase,
melodies with the designated scale and grammar were generated in real-time. Only the correct
grammar version was used to generate the exposure melodies. Throughout this phase, listeners
had to simply click a mouse to play the next melody. Immediately following the exposure phase,
participants completed a test phase during which 80 melodies were generated on the fly; half
of them were generated using the reference version of the grammar and the other half with the
alternative version. After each melody, participants had to report whether this melody sounded
familiar or unfamiliar, with respect to what they just were exposed to in the previous phase.
Participants were tested individually in an EEG testing booth. Audio files of the stimuli were
encoded at 16-bit resolution and 44.1 kHz sampling rate and presented via Etymotics Research
ER-2 earphones. The stimuli were presented at a comfortable loudness level above 60 dB SPL
(A-weighted). Instructions were displayed on a computer screen, and participants’ responses
were collected with a keyboard and mouse. Informal debriefing with participants indicated that

both scales were perceived as equally unfamiliar, and no formal familiarity ratings were collected
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after each session.

4.2.3 Data Acquisition

Electroencephalogram (EEG) data were recorded using a 64-channel system (ActiCap,
BrainProducts) at a sampling rate of 500 Hz with one ground electrode and re-referenced to
the average. We used a default fabric head-cap that holds the electrodes (EasyCap, Equidistant

layout).

4.2.4 EEG Prepossessing

EEG data were first mean-centered to perform zero-order detrending. We detected bad
channels as exhibiting amplitude above three standard deviations from the channel average. Se-
lected bad channels were then interpolated using a weighted sum of neighboring channels’ sig-
nals. To avoid artifacts caused by low-pass filtering, we subtracted its slow varying trend from
each channel by robust-fitting a 30¢h-order polynomial [47]. We then applied a low-pass filter
with a 40 Hz cut-off and downsampled the resulting data to 100 Hz. Using a time-shift PCA,
eyeblink artifacts were isolated and projected out using data collected by the HEoG, and VEoG
channels [48]. Finally, the EEG data were re-referenced again by subtracting the robust mean
(i.e., as defined in [47]) before it was epoched using the triggers sent at the beginning of each
trial. Bad epochs were selected based on an amplitude above three standard deviations and dis-

carded for the analysis.
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4.2.5 Temporal Response Function

To evaluate the different topographical mapping in melodic encoding between the two scale
structures, we used a brain decoding method based on Temporal Response Function (TRF) [87].
The TRF is based on a class of linear time-invariant models that describes the linear transforma-
tion of stimuli features to the neural signal (EEG) by its impulse response after ridge regression.
Unlike Evoked Response Potentials (ERPs), the response function obtained reflects a modeled
neural response to a specific set of features (when an ERP represents the grand average to the
whole stimulus). More precisely, the TRF optimally describes the mapping between a given set
of features of a sensory input s(¢) and the neural response 7(¢) collected from each channel n of

the neural signal, such as defined in Eq. 4.1:

r(t,n) = w(r,n)s(t — 1) +e(t,n) “4.1)

T

Where 7 is the specific range of lags for which the response at time ¢ is described (here,
[-100 - 500] ms) and £(¢) is the residual error at each channel n not explained by the model.
The TRF w(7,n) is estimated by minimizing the mean-squared error between the actual neural
response and the one predicted by the convolution w(7,n) % s(t — 7). The model is optimized
using ridge regression and assuming a certain degree of regularization to prevent over-fitting. This
regularization parameter is optimized in the [1073, 103] interval, using logarithmic steps, and for
each data set. Cross-validation via leave-one-out evaluation using Pearson’s correlations between
the predicted and actual neural responses is conducted to evaluate the model’s performance. The

resulting topographical map indicates the strength of stimulus feature encoding at each EEG

69



channel.

4.2.6 Denoised ERPs

For the ERP analysis, a specific denoising algorithm called Denoised Source Separation
(DSS) was applied (for a detailed explanation, see [52]). In a nutshell, DSS isolates components
of signals that are mostly repeated across repetitions of trials to keep the relevant signal (e.g.,
one that reflects stimuli properties) and remove the signal resulting from noise. In the present
study, the Denoised Source Separation (DSS) filter’s output was the weighted sum of the signals
from the 64 EEG electrodes, in which the weights were optimized to extract the repeated neural
activities across trials. This transformation yielded 64 uncorrelated brain source activities (e.g.,
DSS components), which were ordered by a repeatability score. Since the trials were not precisely
identical between repetitions, we selected only the first five most repeatable DSS components and
projected them back into the sensor space to obtain cleaned signals. Finally, we used the obtained

denoised Cz electrode (placed on the mid-line sagittal plane center) for the ERPs analysis.

4.2.7 Decoding

To evaluate the separability of neural traces elicited by melodies from the two scales, we
trained a set of logistic regression classifiers on the preprocessed EEG data (e.g., not DSS-
denoised). At each time point ¢t we used the matrix of observations X, € RY*54, for N samples of
all 64 electrodes to predict the labels 3 € {0, 1}”. Here, the labels correspond to the two gram-
mar conditions (alternative versus reference melodies) or the state of transitions (correct versus

incorrect), or the probability of transitions (low probability versus high probability transitions).
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This was repeated for every time point ¢’ of each epoch. This analysis was conducted two times:
on the epochs collected from the uniform scale conditions and the non-uniform scale condition.
We trained the decoders on EEG signals for each subject at each time point of the melodies (from
onset to 6 s after onset). Therefore, the decoder at each time point learns to predict the grammar
conditions (i.e., alternative versus reference) using the topography of the EEG samples for this
time point. Additionally, temporal generalization analysis was conducted to capture the dynam-
ics of topographical patterns of EEG signal over time (for more details on that, see [51]). To
achieve that, we systematically evaluated each classifier from each time point to all other time
points. Concretely, this means that a classifier trained to separate labels at a given time point is
then used to predict the labels at all other time points.

To validate the classifier’s performances, we used 5-fold cross-validation. This means that
for each individual data set, the trained classifier was used to predict labels on the 5th portion of
unseen data over five iterations. The area under the receiver operating characteristic curve (AUC)
was used to quantify the classifiers’ performance. We implemented this decoding analysis using

sci-kitlearn [49] and MNE [50] libraries in python 3.6.

4.2.8 Statistical Analysis

ERP analysis. To compare the averaged ERPs between conditions, we performed bootstrap
resampling in order to estimate the standard deviation (SD) of the difference between the state
of transitions. Significance levels were set for the difference between the two signals above
2xestimated SD. Error bars represent +SEM (standard error of the mean).

Temporal Response Functional. To evaluate the significance of topographical differences
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between the two maps, an FDR-corrected paired ¢-test was conducted on the distribution of Pear-
son’s r-values resulting from the TRF analysis (o = .05).

Classifiers. Statistical analysis for the classifiers was performed with a one-sample t-test
with random-effect Monte-Carlo cluster statistics for multiple comparison correction using the
default parameters of the MNE spatio_temporal_cluster_lsamp_test function [53]. Error bars in

all figures represent £SEM (standard error of the mean).

4.3 Results and Discussion

Just like language, music is ubiquitous, found in all known human cultures [88—90] but dis-
plays varying structural norms across cultures [78,79,91,92]. Because playing and listening to
music reinforce social bonding around everyday rewarding experiences [93], learning music can
be seen as an essential ability for society survival [94-99]. Thus, individuals may seek musical
exposure and implicitly learn the structural regularities underlying the music corpus correspond-
ing to their culture.

Despite the overwhelming variability in structural features across musical cultures, some
few features actually display significant prevalence. Among them, the non-uniform structure of
musical scales is present in a vast majority of musical cultures [100], motivating the hypothesis
that it could benefit learning tonal hierarchies and melodic regularities [83,101]. Pelofi & Farbood
conducted a behavioral study showing enhanced learning of artificial grammars for melodies
generated from asymmetric scales [85].

Building up on the same design, the present study seeks to establish that these facilitatory

effects originate from the enhanced neural encoding of melodies derived from asymmetric scales.
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Specifically, the encoding of the statistical structures (manifested as grammatical features) was
investigated in the context of a uniform and non-uniform scale, schematically represented in
Figure 4.1A. An artificial first-order grammar (Figure 4.1B) was used to generate melodies. First,
in an exposure phase, listeners were presented with a corpus of 100 reference melodies generated
from the original grammar. In the following test phase, half of the presented melodies were
from the original grammar (i.e., reference melodies). In contrast, the other half contained wrong
transitions that were inserted so as to induce syntactic violations in the melodies (i.e., alternative
melodies). Listeners had to report whether each of the melodies sounded familiar with respect
to what they heard in the exposure phase. This procedure was repeated two times, one for each
scale condition. Details of the experimental setup, subjects, and stimuli are provided in section

4.2.

4.3.1 Behavioral Results

Following the exposure phase, listeners were presented with either correct or incorrect
(i.e., containing incorrect transitions) melodies and had to report whether the melody in each trial
sounded familiar. A mean d’ values for both scales are shown in Figure 4.1C. The performance
was significantly higher when melodies were generated with the non-uniform scale (paired ¢-test,
p = 0.023). Over the course of the test phase, listeners were presented with more and more incor-
rect transitions in the melodies, which could potentially alter the representation of the grammar
they acquired throughout the exposure. To account for this expected drift in performance over
time, mean d’ values were averaged across listeners for different evenly divided sets of trials over

time (first set: trials 1-27, middle set: trials 28-55, and last set: trials 56-80, Figure 4.1D). For
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Figure 4.1: Method and behavioral results. (A) Schematic representation of the uniform (red)
and non-uniform (blue) scales as circular diagrams. (B) The first-order Markov-chain grammar
used to generate melodies from the uniform and non-uniform scales. Nodes represent scale notes;
gray and green arrows represent the transitions between nodes used to generate exposure and
reference melodies; and red arrows represent two possible examples of “incorrect” transitions
used to generate half of the test melodies (i.e. the alternative melodies). (C) d’ values averaged
across participants by symmetry condition: uniform (red) and non-uniform (blue). Error bars
correspond to standard error. (D) To account for the drift in performance during the test session,
d' values are averaged across participants for three different trial groups: trials 1-27, trials 28-54
and trials 55-80.

both scale, a significant drift in performance over time was observed (two-way Repeated Measure

ANOVA: F(14,2) = 4.75, p = 0.017).

4.3.2 Neural Encoding of Melodies

To investigate the difference in grammar encoding for uniform and non-uniform scales,
we trained a set of linear classifiers to discriminate between reference (i.e., played with the same

grammar as during the exposure phase) and alternative (i.e., those containing syntactic violations)
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Figure 4.2: Decoding alternative versus reference melodies. We trained a set of linear clas-
sifiers in order to decode reference from alternative melodies. (A) Decoding performance is
depicted here for uniform (left) and asymmetric (right) scales. Classifiers trained and tested sepa-
rately at each time in a 6 seconds time window following the onset of melodies. Cluster-corrected
significance is contoured with a dashed line. The classifier scores were significantly above the
chance level only for the asymmetric scale (p < 0.05). (B) Decoding performance for the same
training and testing time points, which is equal to the diagonal scores in part A. The bold curve
marks time points where predictions were significantly above the chance level (p < 0.05). The
difference between the scores in uniform and non-uniform scales was significant for the gray bar.
(C) The average decoding scores for the significant times (Bold curves in part B) were corre-
lated with the corresponding behavioral performance, across subjects. The decoding scores and
d' are significantly correlated only for the non-uniform scale. These results suggest that neural
processing encoded the melodies in asymmetric scale significantly better.

melodies. We used the signal collected over the entire melody so as to probe at what time point
in the melody the decoding accuracy diverged between the two scale conditions. The classifiers

were a set of independent logistic regressors trained to discriminate EEG signals using data from
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all 64 sensors as detailed in section 4.2. In other words, the trained classifiers sought to linearly
separate the two conditions based on the differences within the EEG topographic maps due to the
reference and alternative melodies. To probe for time generalization dynamics [51], the classifiers
were trained on the EEG response of the 6 seconds of melodies at each time point t and tested at
time t’, where t and t” were within the melody time window (0 s to 6 s).

Figure 4.2A illustrates the time generalization dynamics of decoders’ performance for the
melodies generated from the uniform (left) and non-uniform (right) scales. The classifiers’ scores
were significantly above the chance level for the non-uniform scale (p,,;, < 0.05) between 3 and
5 seconds after onset. This demonstrates that listeners could learn the unfamiliar and artificial mu-
sical grammar from melodies generated in this scale. The pattern of the significance region (right)
suggests a temporally jittered activity due to the subtle variations in the emergence of the effects
across subjects [51]. Conversely, the classifiers could not discriminate between the reference and
alternative melodies when melodies were generated using the uniform scales (p,;,, > 0.05). To
simplify the visualization, we directly compared the diagonal scores in non-uniform and uniform
scales (i.e., the scores for which testing and training data were synchronized); we observed a
statistical difference between the classifier performances in which the area under the receiver op-
erating characteristic curve (AUC) was significantly larger for non-uniform scale at around [3-5]
seconds following the melodies onset (Figure 4.2B).

Finally, we correlated the average decoding scores of each subject for the duration of the
region of significant behavioral performance (d’), with Pearson correlation as the test statistic.
The behavioral performance was significantly correlated with the average decoding scores only
for the non-uniform scale (p < 0.01, correlation in significant regions » = 0.75) as seen in Figure
4.2C.
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4.3.3 Topography of Scale Effect

To visualize the effect of scale in EEG sensor space, a Temporal Response Function (TRF)
analysis [87] was conducted on the data collected for the uniform and non-uniform scales. The
TRF is a decoding technique used to account for the neural encoding of continuous signal fea-
tures, such as envelope, semantics, or phoneme for speech [102—-105] and envelope and syntax
for music [106, 107]. Here, we used the probability of note transitions (i.e., the grammatical
structure) between the notes of each melody as the regressor feature. This could give an index of
how well the grammatical structure of the melodies was represented in the neural data for each
scale. This technique fits a kernel, the TREF, that describes the linear mapping of the stimulus into
the neural signal using ridge regression. The kernel is fit to minimize the difference (in terms of
mean-squared error) between the actual neural response and the predicted neural response. The
encoding index is then assessed using a cross-validated evaluation using r Pearson’s correlations
between the predicted and actual neural responses. Details of the TRF analysis are provided in
section 4.2.

Figure 4.3A shows r-values that indicate the topography of the effect of scale. Two TRFs
were computed on all the test melodies for the uniform and non-uniform scales. The “real model”
is used as a regressor for the predicted surprise for each note, defined as the -log(Probability).
The ”null model” used a 100 permutation using a shuffled version of the surprise as a regressor.
For each scale, the baseline r-values from the null model was subtracted from the real model.
Then r-values (corrected with baseline) from the uniform scale were subtracted from the non-
uniform scale and plotted in Figure 4.3A. The topographies reveal that significant scale effects

were observed on the centro-lateral electrodes (Figure 4.3 A, left), consistent with previous studies
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Figure 4.3: Evoked Responses to the Tone Transitions. A Topography of difference in grammar
encoding. Non-uniform - Uniform r-values obtained from the TRF of probability of notes for
all melodies (reference and alternative) are first subtracted from a null model (100 permutation).
B Evoked responses at channel Cz for correct and incorrect transitions. Comparison between
the evoked responses due to the correct transitions with incorrect transitions for three separate
sets of trials. Time windows 1, 2, and 3 referred to the first, second, and third portions of the
trials. There were significant differences between the correct and incorrect transitions only in
time window 1 for the asymmetric scales.

investigating the encoding of musical grammar in EEG signals [107].

4.3.4 Neural encoding of note transitions

To further analyze the neural processing of melodies, we compared the evoked responses

to the notes for incorrect transitions (i.e., inconsistent transitions with the reference melodies)
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Figure 4.4: Decoding the correct versus incorrect transitions. Decoding performance for uniform
(orange) and asymmetric (blue) scales in three separate time windows. Time windows 1, 2, and
3 referred to the first, second, and third portions of the trials. Cluster-corrected significance is
marked with a bold line. The classifier scores were significantly above the chance level only for
the asymmetric scale (p < 0.05) in the the first time window. The difference between the scores
in uniform and asymmetric scales was significant for the gray bar.

against the notes’ evoked responses in reference melodies. We obtained denoised ERPs by ap-
plying the denoising method based on spatial filtering (see section 4.2 for details). As before, we
divided trials into three separate time sets to account for the alteration in response to incorrect
transitions (first set: trials 1-27, middle set: trials 28-55, and last set: trials 56-80). We observed
a significant difference between correct and incorrect transitions only for the non-uniform scale
and in the first time window Figure 4.3B.

Finally, we computed and applied a set of linear classifiers to decode the correct versus
incorrect transitions in those three sets of trials over time. The decoding scores were significantly
above the chance level only for the non-uniform scale, starting at 350 ms after the onset of the
tones (p < 0.05). The classifiers, however, failed to decode the transitions for the uniform scale,
suggesting that neural processing of melodies was sensitive even for a smaller scale like the tone
transitions. Therefore, EEG responses better encode the statistical structure of these melodies

when they are driven from the non-uniform scales.
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4.4 Conclusion

Processing and learning music stands as a fundamental aspect of human cognition, as most
human engage spontaneously and regularly into musical activities. Although musical cultures
drastically vary from one society to another, some recurrent and quasi-universal features suggest
that certain cognitive principles may constrain the way musical cultures are shaped [100]. In
particular, almost all known musical scales display intervals of different sizes (whole tones and
semitones in the Western system) which are positioned around the octave in a way that maximizes
uniqueness through intervallic, non-uniform structures [108]. By contrast, uniform scales are
seen very rarely, but are famously featured in Gamelan music of Java [84].

Recent findings suggest that the pervasiveness of non-uniform scales pertains to the cogni-
tive benefits they provide for learning melodic regularities [85]. Here, we present further evidence
demonstrating differences in the neural encoding of melodic structural regularities derived from
the uniform and non-uniform scales. A one-order Markov chain was used to generate melodies
that were either derived from a uniform or non-uniform scale. After a short exposure presenting
melodies respecting the grammar, a test phase presented either similar melodies (i.e., reference
melodies) or test melodies that were generated using a slightly different version of the grammar
(i.e., alternative melodies). Behavioral as well as neural data were collected during the test phase.
The analysis revealed that the behavioral effect of enhanced learning for the non-uniform condi-
tion was paralleled by an enhanced neural encoding of the grammar for these melodies. Using
a linear classifier, we demonstrated that the two types of melodies (i.e., alternative versus refer-
ence) were better separated in the neural data when derived from the non-uniform scale. This

separability was correlated with behavioral performances at the individual level. Therefore, we
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observed that implicit statistical learning is enabled only in the context of the non-uniform scales
and it is diminished for the uniform scales. Thus, this contributes to the universality of non-
uniform scale features in music perception. These findings provide evidence for the interaction
of neural processing constraints and the associated cultural influences.

One other example of how innate, sensory principles shape musical features concerns how
the smallest intervals found between structural tones (e.g., semitones) [82] reflect typical fre-
quency discrimination abilities [109]. Recently, Jacoby and McDermott [110] found that listen-
ers from different cultural backgrounds produce complex rhythms converging on integer-ratio
temporal intervals. However, this line of research also demonstrates the opposite—that seem-
ingly pervasive elements of musical structure fail to point to universal aspects of perception and
production [111,112].

Overall, these results shed further light on the challenging question of how primary cogni-
tive and sensory constraints intersect with cultural influences and result in universal features in
human musical perception and production [113, 114]. From a cross-domain perspective, Chom-
sky’s assertion [115] that innate principles underlie the many manifestations of language (the
concept of a Universal Grammar) provided a framework for such a question and, in the process,
ignited much research in the field of human cognition. The discovery of structural universals in
language, such as the architecture of phonological structures [116], has tremendously impacted
our understanding of the human mind [117]. In the domain of music cognition, such efforts
have been far more limited but will surely benefit from the recent development of corpus-based

statistical analyses [80, 100].
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Chapter 5: Moving to Imagination Land: Decoding the Neural Responses

During Auditory Imagery Using the Listening Brain Signals

5.1 Introduction

Auditory imagery is an endogenous neural process during perception when elicited volun-
tarily without any auditory sensory input [118]. Imagery tasks are an effective way to probe the
internal computations at the foundation of auditory processing in the human cortex (e.g., sensory-
motor theory). Mental imagery, in general, may also be a window to investigate consciousness,
where some studies reported it is associated with intermediate states of consciousness [119].
Studying auditory imagery can also serve numerous applications in BCI, such as speech recog-
nition during a speech imagery task ranging from decoding phonemes and words to synthesizing
complex sentences from neural processing of speech imagery.

Several studies argue that perception emerges as an interaction between sensory input and
endogenous neural activity as an internal model [120-123]. From this perspective, the endoge-
nous neural activities during imagery share underlying processes with auditory listening, where
perception in imagery and listening tasks elicit overlapping patterns of activity. Specifically,
auditory imagery tasks share several brain regions with listening conditions, such as temporal

lobes related to the auditory perception [124—130], Wernicke’s areas which are associated with
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speech perception [131], Broca’s area (inferior frontal gyrus), which is related to speech pro-
duction [132-134], and regions associated with higher levels of cognition like Prefrontal Cortex
(PFC) [126, 135, 136] for speech and music imagery tasks.

Although fMRI studies reveal the brain regions involved during imagery, they do not pro-
vide any information regarding its temporal and often spectral neural processing. Instead, the
temporally finer techniques such as EEG, MEG, or ECoG indicate that there are common pat-
terns of neural activities between listened and imagined responses. This shared neural processing
can be seen when the neural signals encode the melodic expectations during music imagery and
listening [126, 129, 131], and crucially when the neural processing during a music imagery task
preserves the temporal dynamics of the acoustic stimuli such as note transitions and silences’
timing [137, 138]. These findings were also consistent with an ECoG study, where acoustic fea-
tures of imagined speech could be reconstructed based on the computational model built from
listened speech [139]. Some studies also have shown an early-stage interaction between the top-
down generation of speech mental imagery and bottom-up stimulus-driven perception by using
the imagery-perception repetition paradigm [140, 141]

In a light of predictive coding and aforementioned evidences, Di Liberto et al [138], pro-
posed a computational model for music imagery in which the endogenous and exogenous neural
activity during perception are two distinct additive components, and the stimulus expectations
(e.g., predictions) influence both neural signals evoked by listening and imagery musics. This
model suggest that a direct relationship exists between listened and auditory imagery, and that
one we can find a mapping to predict imagery neural signals from listening responses.

The timing issue with imagery tasks makes decoding the imagery neural signals very chal-
lenging; these difficulties arise since one does not know exactly when a subject starts an imagery
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task and does not have an estimate of the actual neural processes of auditory imagery for each sub-
ject. One may overcome these challenges if one has access to an estimate of the neural responses
during an imagery task and use the estimate to decode the content of mental processing during an
actual imagery task. Here, we attempt to find this relationship in an EEG experiment where col-
lected musical imagery and listening responses from highly trained musicians. We then trained a
non-linear neural network to relate the two sets of responses, i.e. to use the neural responses of
listened music to reconstruct the imagery neural signals. We trained the encoder-decoder neural
network architecture to show that there is a generalizable mapping that can reliably predict the
imagery signals from listening. Moreover, in an additional MEG experiment, we found that such
a mapping can be independent of the nature of the stimuli, in that we could transfer a trained
mapping on music to make it work equally well on the speech stimuli without losing the pre-
diction power. This suggests that for this specific task, there is an overlapping neural substrate
and processes for imagery and listening conditions. Furthermore, these processes have similar

underlying mechanisms for different acoustic stimuli (be it speech or music).

5.2 Materials and Methods

5.2.1 Data Acquisition and Experimental Procedure

Experiment 1 (EEG): Twenty-one healthy and highly trained musicians (6 females between 17
and 35 years old, median = 25) participated in the EEG experiment. Each subject is provided
written informed consent and was paid for their participation. The study was undertaken under
the Declaration of Helsinki and was approved by the Health Research Ethics Evaluation Board of

Paris Descartes University (CERES 2013-11). EEG data were recorded from 64 scalp electrodes
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in an elastic cap using a BioSemi ActiveTwo (BioSemi Instrumentation). EEG signals were
acquired at a sampling rate of 2048 Hz and referenced to the average. Participants were instructed
to minimize motor activities while performing the task. To control for muscle movements three
additional electrodes were placed on the upper midline of the participants’ neck, jaw, and right
wrist. The stimuli were presented in python at a sampling rate of 44100 Hz using a Genelec 8010
loudspeaker. Testing was conducted at Ecole Normale Supérieure in a dimmed room.

The stimuli experiment consisted of 4 melodies, each 35 seconds long, from a monophonic
MIDI corpus of Bach chorales (BWV 349, BWV 291, BWV 354, BWV 271). All chorales
use similar compositional principles. There were 88 trials in which participants were asked to
either listen or perform mental imagery, with each melody presented 11 times per condition
(listening and imagery) throughout the experiment. The presentation order of the resulting 88
trials was randomized. Participants were asked to read the music scores placed at the center of
the desk during listening and imagery conditions. In order to maximize the imagery performance,
participants were asked to become familiar with the melodies using the provided scores. A tactile
metronome (Peterson Body Beat Vibe Clip) marking the start of 100 bpm bars (each 2.4 s) was
placed on the left ankle of all participants to allow them to perform the mental imagery task with
high temporal precision. A constant lag of 35 ms was determined during the pilot experiments
based on the subjective report of the participants, who reported that the metronome with a lag
of 0 ms was not in sync with the music. That correction was applied to all participants with the
same lag value. Neural data from 0 to 500 ms after each metronome onset were excluded from
the main analyses to avoid contamination due to tactile responses. Note that the EEG response
to the metronome reflects a mixture of tactile and auditory responses in the listening condition.

This data for the experiment 1 has been published in [137, 138].
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Experiment 2 (MEG): Seven self-reported normal hearing subjects (3 female, median = 24)
were participated in the MEG experiment. All subjects were highly trained musician. The exper-
imental procedures were approved by the University of Maryland Institutional Review Boards,
and all participants were given course credits or monetary compensation for their participation..
Written, informed consent was obtained from each subject before the experiment. MEG data
were acquired using whole head KIT (Kanazawa Institute of Technology) system, with A 157
axial gradiometer. We collected data at 1 kHz sampling rate with an online 500 Hz low pass
filter, and a 60 Hz notch filter. Subjects rested in the supine position in a magnetically shielded
room (VAC), while the MEG data were recorded. The experiment consisted of 4 different stimuli
— two melodies and two speech snippets — each 27 seconds long. The melodies were derived
from a monophonic MIDI corpus of Bach chorales (BWYV 263, BWYV 354). One of the melodies
was identical to the experiment I, and both melodies use similar compositional principals. The
speech stimuli consisted of two distinct part of a poem (“A Visit from St. Nicholas,” Moore or
Livingston, 1823), and the two parts (poem 1 and poem 2; Table 5.1) were recorded by a pro-
fessional voice actor. We used Audacity software for the audio editing. A noise reduction, and
loudness normalization was performed to match the loudness of the chorale audio files. To ensure

that the melodies and the poems had the same tempo, we split the speech audio into separate lines

Poem 1 Poem 2
When out on the lawn — there arose such a clatter He was dressed all in fur — from his head to his foot
I sprang from my bed — to see what was the matter | And his clothes were all tarnished — with ashes and soot;
Away to the window — I flew like a flash A bundle of toys — he had flung on his back
Tore open the shutters — and threw up the sash And he looked like a peddler — just opening his pack
The moon on the breast — of the new-fallen snow | His eyes, how they twinkled! — his dimples, how merry!
Gave a lustre of midday — to objects below His cheeks were like roses — his nose like a cherry!

Table 5.1: Speech stimuli consisted of two separate parts of “A Visit from St. Nicholas” poem.
The onset of the bold words are in sync with the downbeat of the metronome.
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and manually moved each chunk so the onset of each line aligned with a metronome downbeat at
120 bpm. Throughout the experiment there were 10 listening and 10 imagery trials per stimuli.
Therefore, the listening and imagery conditions had 40 trials each. We presented the resulting
80 trials with randomized order to each subject. We provided the participants with the stimuli,
the written poems, and the music scores a few days before the experiment, and tasked them to
become familiar with the stimuli. A separate training session was conducted with individual par-
ticipant to maximize their imagery performance. During the training, each participant practiced
the listening and imagery tasks, as well as singing the melodies and reciting the poems to check
for accuracy. During the MEG experiment, the stimuli audio was delivered to the subjects via Et-
ymotics Research ER-2 insert earphones at a comfortable loudness level (70 dB). To ensure that
participants performed the mental imagery task with high temporal precision, a visual metronome
(A clock shape with a moving hand, see Figure 5.2A) marking the start of 120 bpm bars (each
2 s) was presented on the screen. In the speech stimuli, the downbeats of the metronome was
synchronized with the first and a middle words in each line of the poem (see the bold words in

table 5.1).

5.2.2 EEG Preprocessing

Preprocessing of the EEG data were performed offline using MATLAB software (Math-
Works). EEG signals were mean-centered. The bad channels which exceeded a threshold crite-
rion (standard deviation of channels amplitude) were detected and were interpolated based on the
data from the neighbor channels using spherical spline interpolation. EEG signals were band-

pass filtered between .1 Hz to 30 Hz with Butterworth zero-phase window of order 2 using ’filt-
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filt’ function in MATLAB. Channels were then re-referenced to the average of the 64 channels.
All subsequent analyses were performed in Python 3.8, mne-python 0.24.1 [50], and eelbrain
0.33 [142]. The MEG data were filtered from 0.1 to 30Hz using an FIR filter (mne-python 0.24.1

default settings), and downsampled to 100 Hz.

5.2.3 MEG Preprocessing

We used Python 3.8 to preprocess and analyse the MEG data offline. Saturating channels
were excluded (approximately two channels on average) and the data were denoised using time-
shift principal component analysis [48] to remove external noise, and sensor noise suppression
[52] to suppress channel artifacts. All subsequent analyses were performed in mne-python 0.24.1
[50] and eelbrain 0.33 [142]. The MEG data were filtered from 0.1 to 30Hz using an FIR filter

(mne-python 0.24.1 default settings), and downsampled to 100 Hz.

5.2.4 Encoder-Decoder Neural Network

We developed an end-to-end Encoder-Decoder Convolutional Neural Network (CNN) ar-
chitecture in PyTorch 1.10 to predict the brain signals during the imagery tasks from the brain
signal during the listening condition (See Figure 5.1). The encoder part consisted of two convo-
lutional layers. The layers convolve over time with ReLU non-linearities. Therefore the Encoder
transforms the input sensor data into a latent space. The Decoder block, which includes two
transposed convolutional layers (transpose convolution over time), transformed back the latent
space signals into the sensor space. All hyperparameters for this network —including the number

of neurons, kernel and stride size, learning rate, batch size, and the number of epochs — were
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optimized through cross-validation, grid search, and trial and error. In the final network, we used

a latent space of dimension 32, a kernel size 4, and a stride of size 2. We initialized the parame-

ters using PyTorch default initialization. Since we had a sufficiently large number of subjects for

experiment 1, we only used this network on EEG data. Pearson correlation was used to evaluate

the model. Before, training the data, we standardized all the data to have zero-mean and bounded

amplitude between -1 and 1.

To train the network, we left out all data from
a subject (test subject) and used them for the model
evaluation. We trained the network on the EEG data
from the remaining subjects in two steps: 1) We pre-
trained the architecture as an auto-encoder, in which
the network learned to reconstruct the brain signals
from the same input. We train the network for lis-
tening and imagery conditions simultaneously for all
subjects (in the train sets). This way, the trained net-
work learns a common latent space for listening and
imagery across all subjects. Subsequently, when the
auto-encoder is fully trained, 2) We fixed the en-
coder weights and continued training the decoder
block. We only used the listened EEG in this step

to reconstruct the imagined EEG signal.

Listening EEG (64 channels)

Convld (64—32)
RelLU
Convld (32—32)

RelLU

v

ConvTransposeld (32—32)
RelLU
ConvTransposeld (32—64)

v

Predicted Imagery EEG (64 channels)

Encoder

Decoder

Figure 5.1: The flow of the input data in the
final encoder-decoder network used to recon-
struct the imagery EEG. The encoder trans-
form the 64-channel EEG input with convolu-
tion and ReL.U non-linearities. All layers con-
volve over time dimension. Convld(d;, —
dout), and ConvTransposeld(dy, — dout)
mean a one-dimensional convolution and
transpose convolution, respectively, with d;,,
and d,,,; number of input, and output channels.

We evaluate the model and check whether it is generalizable to unseen data from the test

subject. The listening EEG data from the test subject were used as an input, and the model
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predicted the imagery EEG signals. Finally, we evaluate the performance by computing the cor-
relation between the true imagery signals (ground truth) and the reconstructed imagery signals.
The significance of the correlation was assessed by comparing the results against the noise and
the null model, where we used scrambled phase and shuffled trials, respectively. For the null
model we shuffled the order of the trials, where the results does not produce a matching EEG
pairs. We repeated the above steps to include EEG data for all twenty-one subjects as in the test

subject.

5.2.5 Temporal Response Functions (TRFs)

A representation of the stimulus was used along with the reconstructed and true brain re-

sponses to estimate the TRFs (equation 5.1).

r(t,n) =Y w(r,n)s(t — 1) +e(t,n) (5.1

T

Here we used the stimulus representation (predictor) s(f — 7) and fit the filter w(7, n), to predict
the reconstructed and true brain signals (¢, n) at each time point t. w(7,n) is the TRF value at
lag 7 and for n'" sensor, and €(¢, n) is the residual noise. We used a total of 1200 ms for the lag
in TRFs (-300 ms to 900 ms). For this analysis, tone onset was used as a predictor to estimate
TRFs at each EEG channel using the boosting algorithm [143], as implemented in eelbrain [142].
The boosting algorithm may result in overly sparse TRFs, and hence an overlapping basis of
30-ms Hamming windows (with 10-ms spacing) was used to allow smoothly varying responses.
We finally compared the estimated TRFs for reconstructed imagery with the TRFs for the true

imagery.
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5.2.6 Linear Mapping for MEG data

Since we do not yet have a sufficiently large MEG data set in experiment 2, we used a linear
mapping for each subject separately to reconstruct the imagery MEG signals from listening MEG.
A multivariate TRF (mTRF; [87]) analysis was used to find a linear mapping between listening
and 1magery MEG signals. Here we estimated the mTRFs and used MEG data in the listening
condition as a predictor, we then predict the imagery MEG signals. We evaluate the predicted
signals using the correlation, similar to the non-linear model described above (section 5.2.4).
We fit the mTRFs on all the MEG data including the music and poem condition, and also we
performed a cross-condition analysis by separately fitting the mTRFs on MEG signals during

music (speech) imagery and tested it on MEG data during speech (music).

5.2.7 Linear Classifiers

Decoding analysis was performed using sci-kitlearn [49] and MNE [50] libraries in python
3.8. We trained a set of linear decoders to classify the reconstructed and true imagery signals into
each stimulus category (chorales 1-4 in experiment 1 and chorales 1-2, poems 1-2 in experiment
2). For the duration of a trial, 7', at each time point ¢t € [0, 7], we trained a classifier using
the matrix of observations X, € RT*M (true or reconstructed), for M electrodes in 7" samples,
to predict the vector of labels y;, € {0,1,3,4}7. The labels are corresponding to {chorale I,
chorale 2, chorale 3, chorale 4} in experiment 1 , and {chorale 1, chorale 2, poeml, poem
2} in experiment 2. Therefore, the classifiers’ objective was to predict one of the four stimuli
a participant imagined for a given time ¢. To predict the imagery content for the entire trial’s

duration, we took the majority vote of the 7' classifiers. Furthermore, we trained classifiers on
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Figure 5.2: Summary of the experiments. (A), (B), EEG (experiment 1) or MEG (experiment 2)
were recorded, while the participants imagined or listened to the audio stimuli. In the experiment
1, the stimuli consisted of 4 different monophonic melodies by Bach. During the first experi-
ment, a vibro-tactile metronome was attached to the left ankle helped the precise execution of the
imagery task. In the second experiment (experiment 2), the stimuli consisted of two monophonic
melodies and two speech stimuli. A visual metronome in the form of a clock with a moving hand
was provided to the participants for the precision in the imagery task (for more details in both
experiments see section 5.2).(C) The recorded listening and imagery EEG were used to train a
non-linear mapping between the listening and imagery signals of N — 1 subjects. During the
training the encoder learns to transform the input into a latent space that is shared between listen-
ing and imagery EEG. The fully trained model, then, was tested on unseen data-sets of an unseen
subject (see section 5.2.4). (D) For the MEG data (experiment 2) we used a linear multivari-
ate Temporal Response Functions (mTRFs) model to reconstruct the imagery MEG signals from
the listening MEG signal. The mTRFs were trained and evaluated separately on each subjects’
dataset.

the reconstructed imagery signals to the true imagery EEG signals.

Logistic regression classifiers were used, with 5-fold cross-validation, within-subject for
all the trials. We used the accuracy and the area under the receiver operating characteristic curve
(AUC) to quantify the classifiers’ performance. We summarized the classifiers’ scores in the

confusion matrices.
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5.2.8 Statistical Analysis

The one-tail pairwise Wilcoxon signed-rank test [54] was used to assess significance of

the 1) Pearson’s correlation coefficients against the Null model distribution and 2) The classifiers

performance against the theoretical chance level. We checked the significance at the subjects

and group levels. Correction for multiple comparisons was applied where necessary via the false

discovery rate (FDR) approach.

5.3 Results

5.3.1 Mapping the Listening EEG to Imagery EEG

In the first experiment, we used EEG
data recorded from 21 highly trained musi-
cians while they were preforming listening
and imagery tasks. The stimuli were consisted
of four different monophonic melodies from
Bach chorales. We attempted to find a map-
ping to predict the imagery EEG signals from
those signals during the listening task. We
specifically aimed for a mapping that performs
robustly on an unseen subject data. A non-
linear encoder-decoder architecture was used

to transform the listening EEG and reconstruct
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Figure 5.3: Evaluating the model performance. the
non-linear model mapped the listening to and recon-
structed the EEG imagery signals. (A) A model pre-
diction correlation (Pearson’s r-value) compared with
a null and a noise model. Each gray dot on the box
plot represent a r-value for a subject. The correla-
tion was significant for all subjects (p < 0.05) and at
the group level (p << 0.05) after the FDR multiple
comparison correction. (B) Topography of the model
prediction correlation compared with the null model.
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the imagery EEG signals (see Figure 5.2). We
first train this model on N-1 subjects and evaluate its performance on the left-out participant
(section 5.2.4 for more details).

Figure 5.3A summarizes the model performance compared with the noise and the randomly
shuffled (null) models. The Pearson’s correlation coefficient of the model output and the true
imagery was significantly larger than the null model for the group level (p << 0.05) and for
all subjects (p < 0.05). The robustness of the model indicated that the model transformation
found common patterns of activity across subjects and shared neural processing between listening
and imagery music. Interestingly, the topography of the model prediction correlation in 5.3B
was similar to the topography of a linear model in the melody expectation encoding, which was
already reported in [137], for both listening and imagery conditions. These results suggested that
the mapping learned to preserve the musicality-related neural processing drive by listening and

imagery, aka music perception.

5.3.2 Classification

We further probed whether the reconstructed imagery brain signals preserved the stimulus-
related information by investigating whether the reconstructed imagery signals are linearly sepa-
rable. Therefore, a set of linear classifiers were trained on the reconstructed imagery EEG signals
to classify them into one of the four melodies. We also trained similar classifiers on the true
imagery and compared the classifiers’ performances between the two conditions. To decode the
entire trial, we took the majority vote of the classifiers for each trial. Remarkably the decoding

accuracy for the reconstructed imagery was significantly larger (accuracy = 0.67=+0.3 for recon-
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Figure 5.4: Training classifiers on reconstructed and true imagery signals. We trained a set
of decoders at each time point to classify the signals into the four melodies. (A) The clas-
sifiers confusion matrices for the true (left panel) and the reconstructed (right panel) signals.
The decoder scores were significantly larger for the reconstructed imagery (p << 0.05), sug-
gesting the trained encoder-decoder network preserved and enhanced the neural processing en-
coded stimulus-related. (B) The classifiers were trained on the reconstructed and tested on
true imagery signals. The decoder performance were significantly above the chance level
(accuracy = 0.54,p << 0.05). This is a proof of concept where it is feasible to decode the
imagery signals using a transformation from auditory neural signals.

structed than for true imagery, accuracy = 0.59 + 0.4, p << 0.05). Furthermore, the confusion
matrices indicated that the reconstructed signals were more linearly separable than in the case of
the true imagery (Figure 5.4). These results provide further evidence that the non-linear mapping
preserved the musically related neural processes, and that therefore the reconstructed imagery is
more denoised.

Furthermore, we trained classifiers on the reconstructed imagery signals at each time point
t and tested on the same time point ¢ of the true imagery EEG signals. Figure 5.4B shows a
similar confusion matrix to the one for the true imagery, with an accuracy = 0.54 £ 0.4 which
was significantly above the chance level (p << 0.05). Thereby, we showed that not only there is
a reliable mapping that reconstruct the imagery signals from the listening data, but also we could

use that reconstructed signal to decode the contents of the mental processing during the music
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imagery, even though that the non-linear mapping did not have access to the true imagery signals.

5.3.3 Comparing the TRFs of True and Reconstructed Imagined

We performed a TRF analysis that were obtained using the responses to tone onsets in both
the true and reconstructed imagery. By comparing the two sets of TRFs, we were able to assess
how similar were the true and reconstructed responses. Figure 5.5 shows that the TRFs fitted for
the reconstructed imagery (right panel) were similar to, but smoother than the true imagery TRFs
(left panel). Again, as mentioned before, these TRFs suggest that the reconstructed imagery
responses are a smoother version of the true imagery, where it preserved the stimulus-related

signals that are shared across several subjects.
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Figure 5.5: Comparing the onset TRFs of true imagery and reconstructed imagery EEG signals.
Tone onsets, along with the reconstructed and true imagery signals, were used to estimate the TRF
for each EEG channel. We compared the TRFs between the true (left panel) and reconstructed
responses. We observed that the TRFs were similar for both conditions, with the reconstructed
signals yielding smoother filters.
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5.3.4 Mapping the Listening to Imagery responses in MEG

We extend the results in two directions in the second experiment by adding speech stimuli.

First, we checked whether a similar mapping exists between imagined and listened speech by

training a linear model on the MEG signals. Second, we explored whether we can transfer a

model trained on listened and imagery music to speech and vice versa. The second point is

crucial since it provides an insight into how similar or distinctive speech and music imagery are.
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Figure 5.6: Evaluating the model performance. A
linear model mapped the listening to and recon-
structed the MEG imagery signals. (A) A model pre-
diction correlation (Pearson’s r-value) compared with
a null and a noise model. Each gray dot on the box
plot represent a r-value for a subject. The correla-
tion was significant for all subjects (p < 0.05) and at
the group level (p << 0.05) after the FDR multiple
comparison correction. (B) Topography of the model
prediction correlation compared with the null model.

Seven musically trained subjects partic-
ipated in imagery and listening tasks while
we recorded their neural activities using MEG
signals. In this experiment, we presented the
participants with two music and two speech
stimuli. Similar to experiment 1, the music
stimuli included two monophonic chorales by
Bach. For the speech stimuli, we recorded two
distinct parts of “A Visit from St. Nicholas”
poem (see section 5.2). The speech stim-
uli were constructed, so the onset of each
poem line is aligned with a downbeat of a

metronome at 120 bpm (see section 5.2). In

80 randomly ordered trials, participants were asked to imagine or listen to one of the stimuli.

A visual metronome was provided in both imagined and listening tasks to help the participants

synchronize their performance in the imagery task.
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We trained a linear model (see 5.2D) to map the listened data and reconstruct the imagery
MEQG signals, using the data from both speech and music stimuli. Similar to experiment 1,
the model was evaluated by measuring the Pearson’s correlation coefficient of the model output
(reconstructed imagery) and the true imagery and compared it with the output of a null and a
noise model (see section 5.2 for details). The average r values were significantly larger in the
model for the group level (p << 0.05) and for all the subjects (p < 0.05; Figure 5.6A).

It is important to note that we used the linear mapping in experiment 2 since we did not
have a sufficiently large data set to train a more complex non-linear model. Although the linear
model could not be generalized to unseen subject data, the linear model’s performance within the
subjects was robust enough to suggest that an encoder-decoder model will perform as strongly,
given a more extensive data set.

We performed one more analysis similar to the previous experiment, where a set of linear
classifiers were trained to determine the label of the stimuli for true and reconstructed imagery.
Figure 5.7A summarizes the decoding scores for true (left panel) and reconstructed imagery
(right panel) imagery signals. As in experiment 1, the decoding accuracy for the reconstructed
imagery was significantly larger than for true imagery (accuracy = 0.7 £ 0.4 for reconstructed
compared to accuracy = 0.61 £ 0.3, p << 0.05). Furthermore, the confusion matrices indicate
the reconstructed signals are more linearly separable than the true imagery, particularly for the
MEG signals associated with the poems.

To summarize, these results suggest there is a mapping
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Figure 5.7: Training classifiers on reconstructed and true imagery signals — experiment 2. We
trained a set of linear estimators at each time point to classify the signals into the four stimuli
(two chorales and two poems). (A) The classifiers confusion matrices for the true (left panel)
and the reconstructed (right panel) signals. The decoder scores were significantly higher for the
reconstructed imagery (p << 0.05), suggesting the linear mapping preserved and enhanced the
neural processing encoded stimulus-related. (B) Left panel: The linear mapping was trained
on the neural responses associated with the poems (listened and imagery), and the models were
transferred to reconstruct the imagery chorales from the listened. The linear decoders, then,
were used to classify the melodies. The decoder scores were significantly above the chance level
(accuracy = 0.65,p << 0.05). Right panel: Likewise, a linear model was transferred from the
neural processing of the poems to the chorales. The decoder scores were significant on the model
output (accuracy = 0.66, p << 0.5).

5.3.5 'Transfer of Mapping between Music and Speech

We finally investigated similarities between music and speech imagery by transferring map-
pings across the two conditions. We first trained a linear mapping using only the music data and
reconstructed the imagery speech using the trained mapping and listened speech MEG. We also
reversed this by training a mapping on speech and transferring it to the music MEG signals.
To evaluate the performance of the transferred mappings, we performed linear classifications to
determine the label of the stimuli for reconstructed imagery signals. Figure 5.7B showed the
decoding scores for reconstructed speech imagery using the music mapping (left panel) and re-
constructed music imagery using the speech mapping (right panel). The decoding accuracy for

speech and music imagery was significantly above chance level (accuracy = 0.66 % 0.2 for re-
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constructed speech and accuracy = 0.65 + 0.3 for reconstructed music imagery, p << 0.05),
suggesting that the mapping between listening and auditory imagery is independent of the stim-

ulus content.

5.4 Discussion

Decoding imagery signals is challenging due to timing problems and the weak EEG/MEG
responses to auditory imagery, which are embedded in considerable noise. In addition, the dy-
namics and the shapes of the non-invasive neural measures such as EEG and MEG are poorly
undrestood, which elevates the challenge in decoding the imagery tasks. Nevertheless, if a re-
liable mapping exists, one can predict imagery neural signals from speech imagery and decode
the content of the mental processing during an actual imagery task. In the present study, we
investigated the feasibility of reconstructing the auditory imagery neural signals using a model
to transform the neural responses during a listening task. We hypothesized that the imagery and
listening conditions have similar neural activity patterns so that we could find such a mapping.
Thereby, one could decode the true imagery signals and classify the mental content with these
reconstructed neural signals.

Here, in an EEG experiment, we reconstructed music imagery signals for 21 subjects us-
ing a non-linear mapping between listening and the ground truth imagining neural activities. To
transform the listening EEG responses, the model utilized the neural signals only and did not re-
quire explicit knowledge of the stimuli dynamics such as melody timing and identity of the notes.
We demonstrated that by using the output of this mapping, we could train classifiers to decode the

true imagery signals reliably. Of crucial importance, the model was generalizable to unseen sub-
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ject data without having access to the subject’s ground truth imagery signals. i.e., for a given test
subject, we were able to reconstruct imagery from listening signals, train a set of linear decoders
on the reconstructed signals, and predict the labels for the melody the subject was imagining.
This indicates that the model was robust enough to predict the neural components shared across
subjects, sensitive to individual events in a continuous melody, with a remarkable signal-to-noise
ratio. Moreover, we observed a higher predicting power for the reconstructed imagery signals
than the true imagery or even listening neural signals, which suggests the model preserved and
enhanced the stimuli-related neural signals and the model’s output is more denoised.

In a MEG experiment, we extended the findings from music imagery, showing the plau-
sibility of reconstructing the speech imagery by transforming the listened speech. We used a
linear mapping for each subject and replicated the results discussed above for the EEG experi-
ments. Furthermore, we attempt to transfer a trained model from neural processing of one type of
stimuli like music to another type like speech. We showed that linear mapping could be trained
regardless of the stimuli’ type, and we could still reconstruct imagery signals for a stimulus that
was never used in the model training. These results imply that the relation between neural mech-
anisms of auditory imagery and listening is independent of the stimuli nature and that one could
train a general mapping based on any stimulus during listening tasks and reconstruct imagery
neural signals for a different type of stimuli.

To summarize, the overall findings from these experiments suggest that given precisely
aligned imagery and listening signals for sufficiently large data-set, there exist a trainable univer-
sal mapping that is able to predict the imagery signals from any listening tasks. This framework
enables future studies where one may use such a mapping along with an speech recognizer to

reconstruct stimuli from imagery signals.
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Chapter 6: Conclusion and Future Directions

6.1 What is Next?

The human brain is a highly complex system, consisting of 10! number of neurons (units of
computing processors) interacting with each other via 10'° connections [144]. The brain regions
are highly interconnected, with each region receiving feedforward and a lot more feedback inputs
from other regions. Addressing any question regarding this complicated object requires lots of
observations as well as useful models — as “all models are wrong, but some are useful”. This
thesis mainly focused on the problems in the human auditory system. The perception of sound
has been extensively explored in humans and other animals over the last few decades; however,
there is still a lot to discover in this field of research. In the present thesis, we attempted to
decode the brain signals collected non-invasively through a series of EEG and MEG experiments
and push our understanding regarding the perception of complex auditory objects in complex
auditory environments. We investigated top-down modulations on the perception of sounds, such
as the effect of attention on perceiving sound streams, the effect of memory on perceiving the
patterns in melodies, and finally, the effect of memory and internal models on imagining (and
thus perceiving) sound sequences like music and speech.

In chapter 3, we introduced a novel experimental paradigm in which we exploited the effect

of attention on the brain response to a single-frequency tone to gain a view of the responses to fre-
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quency components within complex mixtures. Specifically, we monitored the modulatory effects
of ongoing and persistent attention on the responses to a probe tone to measure the enhance-
ment and suppression of the complex components. At the same time, subjects were instructed
to selectively attend to various target streams. With this technique, we showed that the response
modulations are consistent with the predictions of temporal coherence and thus provide evidence
for how the brain can perceptually segregate complex mixtures online. Also, using this paradigm,
one might study the effect of attention on a different sound attribute or explore the binding of indi-
vidual frequency components in a different context. For example, speech consists of both voiced
and unvoiced sounds, and less is known about whether and how the unvoiced portions (such as
fricatives) are segregated. Some recent evidence observed that listeners use both the consonant
and vowel portions for speech segregation, suggesting that frequency components of the frica-
tives are also grouped and bind perceptually with other voiced components of speech [145-147].
Using the probe-tone paradigm, explained in chapter 3, we measured the MEG responses of
19 participants to two frequency components aligned with the peak fricative frequency of male
(6000H z) and female (4000H z) voices. Our preliminary results suggest a strong effect of atten-
tion on both frequencies, indicating binding the frequency components of fricatives with speech
(Figure 6.1).

The brain tracks auditory streams by forming expectations through learning patterns and
statistical structures. At the finer temporal resolutions, this is indeed the principle of temporal
coherence. For example, if the statistics of the stimuli change abruptly, the brain can no longer
track and thus cannot perceive it as a single stream. On the slower time scales, statistical learning
translates to storing the slower patterns in memory, such as learning the probability of transitions
between notes in western music [148]. In chapter 4, we explored the brain’s ability to learn
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Figure 6.1: Binding the frequency components of fricatives with speech. The stimulus consisted
of alternating male and female voices; each uttering random syllables includes a fricative and a
vowel. The participants were asked to pay attention to one of the streams and detect a repetition
in the target sound. We collected MEG signals from 19 subjects and performed the attention
decoding analysis on the MEG responses to the probe tones presented 160 ms after the main
sequence offset. Decoding performance for female (left; at 4000 Hz) and male (right; at 6000
Hz) probe tones. Classifiers were trained and tested separately at each time in a 700 ms time
window of the probe-tone (-200ms to 500ms). The significant cluster is contoured with a dashed
line. The classifiers could decode attention for both frequencies.

statistical patterns in different contexts using music stimuli. We generated melodies using a fixed
artificial grammar derived from either a uniform or non-uniform scale. After an exposure phase,
we showed that the brain learns the grammar only in the context of the non-uniform scales;
conversely, we did not observe any evidence where the brain learns statistics of an identical
grammar derived from a uniform scale. Therefore, this provides confirmation for why almost
all known musical scales display intervals of different sizes (whole tones and semitones in the
Western system), which are positioned within the octave in a way that maximizes uniqueness
through non-uniform structures. A fundamental component of the rhythmic structure of music is

its probabilistic relation between the events, which can be modeled as expectation strengths. The
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regularities of music prompt our brain to build such expectations, which are accurately estimated
by computational models of the musical structure [149], allowing us to assess the precise neural
encoding of music expectations. In line with probabilistic learning of musical grammar, one
might model and study diversity in individuals’ musical enculturation, reflecting cultural effects
on music perceptions. For example, one might model the statistical structures of Chinese and
European music [150], and use these models to predict the brain responses of a listener novice to
Chinese music. Presumably, the prediction power of the Chinese model should be poorer than the
European model; however, the brain learns the statistical patterns as the listener is more exposed
to Chines music, and as a result, the brain’s responses to the Chinese music are predictable from
the Chinese model, and it should get closer to the European model.

Music is an elaborate symbolic system conveyed via acoustic signals, and its appreciation
involves several hierarchical levels of processing. This hierarchy starts with processing primary
perceptual attributes, such as pitch, timbre, intensity, and location, which are encoded at or before
the primary auditory cortex [151, 152]. Consistent with our findings in chapter 4, higher-order
rules of grammar and engagement are then supposedly extracted and represented in secondary
auditory areas, and other associative regions [153,154]. As we discussed above, forming expecta-
tions from this grammar, presumably, is how the listeners interact and engage with music. Recent
evidence suggests that melodic expectations play a role in music imagery [137]. In chapter 5, we
build on this assumption where melodic expectations (and other higher-level music processing)
have shared neural representations during music listening and imagery. We developed a mapping
between the listening and imagery neural signals (collected with EEG) and showed that using
the reconstructed imagery signals, we could decode which melody was presented in the mind of

the participants during the imagery tasks. Like music, studies showed that probabilistic relations
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Figure 6.2: Building a Speech Recognizer for Speech Imagery. The speech encoder transforms
the speech waveforms into a semantic space (one might use any off-the-shelf speech recognizer
like [157]). The EEG encoder network does a similar transformation for the predicted EEG
signals. Therefore, the trained network has a set of weights, with which the EEG signals are
projected onto some semantic space. One might use this projection to decode the imagined
speech.

between speech’s elements are also encoded in secondary auditory areas and other associative
regions [155, 156]. Therefore, the discussion regarding music perception we made above might
also apply to speech, where the higher processing stage of speech, such as representations of the
statistical structures of phonemes and words, are common during speech listening and imagery.
This indeed, may be why we could find a similar mapping for the speech in chapter 5.

One intriguing future prospect for this study is to apply the proposed mapping we developed
earlier in order to predict the imagery EEG (or MEG) signals — note that this can be done on the
collected listened EEG alone. Then, one might develop a speech recognition model on these
predicted signals, using a large corpus of speech and neural data, and read the inner speech using
the brain signals of imagery. We propose, for example, a framework depicted in Figure 6.2, in
which two separate network is trained. The speech and EEG encoders transform the speech and
the predicted EEG data, respectively, into two embedding vectors in a Speech-EEG embedding
space. The objective of this network is to find a set of weights where the two embedding vectors

have the smallest possible distance for the aligned EEG and speech data. Therefore, one might
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use this speech recognizer to decode the EEG imagery signals for a much larger set of words and

sentences.
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