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Auditory streaming and perceptual binding are functions performed by the auditory brain
rapidly and without conscious effort. They are fundamental for how we analyze and understand
the sound environment including the perception of speech and ability to attend to one speaker
while ignoring background noise. Recent work has suggested that temporal coherence of fre-
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auditory stream. Coherent frequency inputs will lead to coherent neuronal firing, and we hypoth-
esize that such neurons will demonstrate reciprocal enhancement of firing rate or suppression of
responses to incoherent channels. This dissertation examines neuronal activity from the auditory
cortex of ferrets in order to better understand the role of temporal coherence in formation of au-
ditory streams. One experiment examines the role of temporal coherence in a selective attention
task paradigm, and the other uses a stochastic figure-ground stimulus to examine neural corre-
lates of a perceptual “pop-out” during passive listening. A third project develops a biophysically

plausible model for a pitch-processing neuron in the early auditory system.
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Chapter 1: Introduction and Background

Like pixels in an image, sound enters the brain through sharply focused channels, which are
interpreted to create our perceptions of the world. The auditory system creates internal represen-
tations of voices, music, and traffic noise from sound mixtures overlapping in time and frequency.
The ability to hear out one voice in a crowded room is known as the “cocktail party problem,”
and is a long-standing mystery in auditory neuroscience [1]. However, an underlying question is
how the brain selects and groups the composite frequencies of that voice into the unified percept
of a single sound. In an acoustically cluttered environment, the auditory brain receives many
overlapping frequency inputs, groups them into constituent objects, and then allows us to focus
on one of interest, all rapidly and with little conscious effort.

What cues does the brain use to group components together, or perceptually bind them?
One common attribute of natural sounds is harmonic structure, the spacing of frequency compo-
nents at regular intervals. Experiment I addresses the perception of pitch with a biophysically
plausible model of how harmonicity might be detected and encoded in the early auditory system.
Another likely factor is temporal structure and coherence, or the synchronicity of the different
frequency channels that make up one sound. Experiments II and III seek to understand the role
of temporal coherence in auditory stream formation in both behaving and passively listening

ferrets. This will dissertation will discuss experimental design, analysis and findings, and their



implications for hearing science and future investigation.

1.1 The Auditory Brain

1.1.1 Sensory inputs, the periphery to the midbrain

Sound enters the ear in the form of pressure waves which vibrate the eardrum, inducing
movement of the basilar membrane in the cochlea. This causes hair cells along its length to
depolarize and thus transforms a mechanical wave into an analog, electrical signal. The hair cells
that depolarize in response to a given sound broadly correspond to its frequency components.
The hair cell outputs pass through a biologically-implemented bank of bandpass filters followed
by a lateral inhibitory network (LIN) in order to produce a high-resolution labeled line system of
frequency tuning in the brainstem [2], see figure 2.1. In the auditory nerve, neurons with center
frequency (CF) less than 1 kHz fire in phase with the incoming sound at that frequency. Most
neurons cannot fire at a rate greater than 1 kHz, however normal-hearing adult humans can hear
up to 18 kHz as the result of high-frequency channels responding to sounds in the unresolved
frequency range [3,4]. For example, a neuron with CF 10 kHz has a bandwidth of 1 kHz. While
this neuron will respond to a 10 kHz pure tone, it will fire most predictably when multiple input
frequencies fall in its bandwidth. For instance, if it receives 9.8 kHz and 10 kHz, it will beat at
the difference frequency of 200 Hz. The power of this beating is enhanced when there are more
harmonically spaced components, e.g. if 10.2 kHz is added. Notably, the different frequency
inputs must be in phase to induce beating [5, 6]. In Experiment I (see Section 2), we focus on
the outputs of the cochlea and LIN to propose a model of how the perceptual fusion of harmonic

complexes might arise in the early auditory system.



After the cochlea, auditory signals are integrated in a series of structures in the brainstem.
The neural encoding of sound undergoes filtering and transformations for various perceptual
and behavioral functions (e.g. source localization), passing through the lateral lemniscus, infe-
rior colliculus, thalamus, and arriving in the auditory cortex (AC). As signals ascend through
the auditory system, neuronal response latencies increase and maximum firing rate decreases.
Downstream from the midbrain, responses are no longer phase-locked to the stimulus however
frequency specificity of responses, or tonotopic organization, is preserved through the auditory
cortex.

Due to the difficulty of recording from the auditory midbrain, little is known about its
function during awake listening or behavior. It is worth noting that in addition to the medial
geniculate body (MGB) of the thalamus, the auditory midbrain includes the inferior colliculus
(IC), a complex structure with extensive connections both to and from AC. Fields in IC exhibit
spectral and temporal modulation tuning, which is inherited by AC [7]. Thus, theories of cortical

function should keep in mind the feedback and feed-forward connections with the midbrain.

1.1.2  The auditory cortex

Auditory cortex (AC) is divided into three highly connected subfields (primary-tertiary),
which are further parsed depending on anatomy, function (i.e. physiology), and/or species. The
primary auditory cortex (A1), which is present in humans and higher order mammals, receives
direct inputs from the thalamus, other auditory areas, and non-sensory areas associated with exec-
utive function, such as frontal cortex. While receptive fields (RFs) of auditory nerve cells can be

summarized by 1-dimensional frequency tuning curves:, neurons at the midbrain [7] and cortex



are tuned to spectral and temporal modulations and are therefore described using spectrotem-
poral receptive fields (STRFs). Neurons in AC display frequency tuning often with one or more
excitatory regions flanked by inhibitory sidebands. In A1, excitatory neurons exhibit temporal re-
sponse diversity and a characteristic frequency tuning while inhibitory units are more temporally
uniform but display a broader range of spectral properties [8].

AC is implicated in focusing auditory attention and neurons across fields exhibit rapid
attention-dependent plasticity, that is they respond preferentially to sounds the listener is actively
attending to, while responses to unattended distractor sounds are relatively suppressed. Numer-
ous studies have shown that neuronal response properties are rapidly modulated by attention, en-
hancing the neural representation of pure tones [9, 10], multi-tone chords [11], and speech [12].
This modulation corresponds to the auditory stimulus and task difficulty, and STRF changes can
persist for minutes to hours after the training session [9, 13].

Since the cortex lies directly beneath the skull, its activity can be measured via non-invasive
recording methods such as electroencephalography and magnetoencephalography. It is also eas-
ily accessible to invasive methods such as electrocorticography and traditional penetrating elec-

trodes.

1.1.3 Animal models for understanding human brain function

Many animal species perform stream segregation in the wild and some have been trained
on streaming tasks (for review, see [14]). Cai and Dent [15] found that birds trained to selectively
attend to a target stream were able to perform in the presence of a background stream, although

increasing the salience of background sounds degraded performance. Animals are also able to



perform stream binding of ABAB sequences; Christison-Lagay and Cohen [16] showed that mon-
keys trained to indicate hearing one or two streams, were more likely to report two streams for

alternating tones with larger A f, similar to human perceptual trends.

1.1.4 Justification of ferrets as the chosen model

Ferrets as an animal model have a long history in auditory neuroscience. Their hearing
range is very similar to humans’, they have folded brains with similar anatomical markers to us,
and they are intelligent natural predators with the ability to learn complex tasks [17]. Ferrets
have proven themselves capable of performing streaming with similar behavior to humans on
alternating tone tasks [18], detecting a repeated noise stream mixed with a noise masker [19],

and target detection with competing talkers [12].

1.2 Auditory Streaming

Human listeners quickly and easily tune in to sounds of interest and tune out distractors,
even in noisy environments. This task of sound source segregation has been an open area of
investigation since it was first described by Cherry in 1953 [1,20]. The computational difficulty
of segregating two or more sources is underscored by the many frequency components that make
up even the simplest natural sounds. These components are often interleaved over the frequency
spectrum and therefore cannot be separated by a simple low- or high-pass listening strategy. How
the auditory system groups diffuse frequency components to create the perception of one or more
sources is an open mystery.

Auditory objects are poorly defined but roughly analogous to sound sources, or the per-



ceptual model of sound sources. Griffiths and Warren [21] define auditory objects through their
analysis and perception, situating them as internal representations not necessarily faithful to ex-
ternal realities. Since sound objects have a temporal dimension (unlike visual objects), a series
of related sound events can be called an auditory stream. In his authoritative text on auditory
perception, Bregman [20] defined a sound stream as a unified percept derived from a clustering
of qualities such as timbre, loudness, and pitch. These qualities can only be experienced as prop-
erties of a stream in the same way that color, shape, and symmetry can only be experienced as
properties of visual objects. Here, the terms auditory object and stream are used interchangeably.

Griffiths and Warren [21] outline three essential principles, or steps, of auditory object
analysis— using sensory inputs from the external world, separating specific object-related infor-
mation from other sources, and abstracting sensory inputs so an object can be generalized be-
tween separate events. This dissertation is mainly concerned with the middle step. Since sound
information undergoes frequency analysis before entering the brain, the main challenge of sound
perception is appropriately assigning constituent frequencies to form streams. This process of
assignation is referred to as perceptual binding.

While it is enticing to frame the cochlea-to-cortex pathways as a multirate filter bank with
near-perfect reconstruction, cochlear frequency analysis is blurred, biased, and subject to damage.
The physiological limits of the cochlea result in imperfect isolation and frequency analysis of the
sound waveform, thus the synthesis side must do much more than reverse the peripheral filter
operations [22]. Fortunately, this incomplete information can be sufficient to generate an internal
model of the source [23], and to estimate, and fill in occluded or unavailable information. Thus
the relationship of the perceptual stream to the acoustic emanation of a source is nebulous and

context-dependent.



Another useful but ill-defined concept in auditory scene analysis is that of an auditory
texture. Sound textures are a class of sound that are usually considered backgrounds to speech
or other salient streams. Saint-Arnaud and Popat [24] define texture as a category distinct from
speech or music in that the latter’s ”potential information content” increases over time, while a
sound texture has structured or random components that are stable over a long period and can be
accurately estimated with a short sample window. Interestingly, a critical mass of streams can
merge into a texture. For example, a dripping faucet is a stream but rain is a texture. Similarly, a
few vehicles are streams but enough cars will be described as the texture of traffic. Saint-Arnaud
and Popat [24] suggest that there is a maximum time between events, below which threshold
individual but acoustically similar sources become indistinct and blur into a texture. By design
or ecology, auditory textures are less salient than streams and form the background of naturalistic

auditory scenes.

1.2.1 Pitch and streaming

Perceptual pitch is a potential low-hanging fruit for stream formation and segregation; har-
monically spaced inputs readily undergo perceptual fusion by the auditory system, to the point
where it is difficult to segregate two streams with octave-spaced fundamentals. The auditory sys-
tem seems to have evolved to efficiently process harmonics without conscious effort. The musical
consonance of tones with fundamentals related by small fraction, such as 5:4 and 3:2 correspond-
ing to the major 3rd and perfect 5th of a major chord in Western music, is likely related to the two
notes sharing half of their overtones. Similarly, smaller fractions such as 9:8 (2nd), 6:5 (minor

3rd) rarely overlap and create musical dissonance. Despite decades of intensive psychoacoustic



and physiological experimentation, the underlying neural substrates of pitch perception remain
essentially unknown, and the necessary computations are at best ambiguous.[6].

Pitch processing is so sensitive that mistuning one harmonic causes the listener to perceive
an additional stream; perceptual studies from the late 20th century demonstrated that mistuning
one harmonic of a complex tone by as little as 2% cause that frequency to be heard as a separate
tone [25,26]. Popham et al. [27] extended this result to mistuned harmonics in speech, resulting
in the percept of a concurrent whistle. Along the same lines, a harmonic target tone embedded
in a noise is easier to detect than an inharmonic one [28] and concurrent, inharmonic streams are
difficult to segregate [27]. In fact, noisy speech is represented “cleanly” (i.e. without noise) by the
auditory cortex in naive, passively listening animals [29], suggesting that harmonic structure is
salient across species and that pitch rescues streams from “fall[ing] apart into a sea of individual
harmonics” [27].

As a caveat to these results, other studies have shown that harmonics are more useful for
suppression than enhancement of an auditory stream; a pitched sound is easier to ignore [22].
Inharmonic speech alone is well intelligible, but significantly degrades performance when com-
peting with a harmonic target vowel [30,31]. de Cheveigné [22] summarizes that pitch facilitates
stream segregation by assisting in harmonic cancellation of the background, rather than selective
boosting of foreground. This phenomenon seems to extend even to the cancellation of many
concurrent, pitched streams. Popham et al. [27] demonstrated that harmonic and inharmonic
speech intelligibility were affected equally by speech-shaped noise but speech babble degraded
inharmonic speech intelligibility more. They hypothesized that speech-babble allows spectral
glimpsing of individual voices, introducing more ambiguity for spectral grouping. Thus, har-

monic cancellation acts at multiple scales.



While it has been shown that AC encodes [32—34] and tracks [35] pitch, harmonic structure
is not required for stream formation. For this reason, we intentionally avoid harmonic relations

between components when designing stimuli to investigate temporal processing.

1.2.2 Temporal regularity

The auditory system is particularly sensitive to temporally regular sounds, as demonstrated
by many behavioral results [36,37] . Independent of conscious attention, mechanisms such as
mismatch negativity alert the listener to violations in acoustic patterns, creating a potential con-
found for streaming experiments that rely on deviance detection. A common element of early
streaming tasks is a temporally regular or periodic structure in the attended stream. Periodicity
or pseudo-periodicity is a feature of many natural sounds, including speech and likely assists in
target detection by targeting attentional resources, or temporally orienting attention [38]. Chait et
al. [39] demonstrated that priming subjects to attend or ignore different time points can modulate
cortical onset responses. However, temporal regularity does not result in improved performance
in a selective attention gap detection task [40]. Similar to harmonic structure, periodicity may be

more useful for ignoring [41] background than enhancing a foreground.

1.2.3 Temporal coherence and the cocktail party problem

Recent studies have suggested that temporal coherence (TC) is a key cue for stream for-
mation. Many common sounds such as human and animal vocalizations contain temporally syn-
chronized onsets. Elhilali et al. [42] proposed that an auditory stream is formed when the brain

detects and groups spectral components that vary coherently together over time. To segregate, two



streams must activate different sets of peripheral filter channels. Thus, TC relies on synchrony of
channels and spectral separability of sound sources.

This hypothesis was developed by Krishnan et al. [43] into a computational model for
how streaming might occur using long time-scale coincidence detectors on the outputs of spec-
trotemporal modulation filters. These filters represent stimulus encoding in Al. The TC model
reproduces human perceptual limits of streaming; Christiansen et al. [44] demonstrated that it
can reproduce tone fission and TC boundaries of human perception at similar Af and tone repeti-
tion times. Importantly, the TC model relies on onset synchrony rather than energy overlap. The
model fused tones with onset asynchronies up to 20ms into a single stream for longer (75 ms)
tones, and with asynchronies up to 10 ms for shorter (30 ms) tones. Contrary to earlier results
by Bregman and Pinker [45], which suggest that fusion requires 88% or greater overlap, Chris-
tiansen et al. [44] suggest that streaming depends more on onset timing than temporal overlap.
This is in line with previous results showing segregation of complex tones with asynchronous

onsets but synchronous offsets, and therefore 100% overlap of the shorter tone [46].

1.3 The role of attention in streaming

Shamma et al. [47] related the TC hypothesis to an object-based attention theory of audi-
tory scene analysis in which stream formation is pre-attentive, but stream selection is attention-
dependent. Attention is then required to selectively enhance or suppress objects within the en-
vironment according to task demands. A key challenge of this theory is that many objects can
be subdivided for focus into smaller objects, which can lead to potentially many streams-within-

streams whose representations would be concurrently maintained by the auditory brain. For

10



example, it is unlikely that the brain maintains a representation of each instrument in an orchestra
as a separate stream.

Selective attention is defined as attention to a single stream or source in the presence of
masking sound(s). Subjects are often asked to report a target word or phrase to assess whether
they successfully heard out the intended voice. Numerous studies have demonstrated that se-
lective attention to a speaker results in relative enhancement of brain responses to the envelope
of the attended stream and suppression of distracting noise [48] or competing streams [49, 50].
Other studies have shown individual components of competing streams are enhanced or sup-
pressed according to attentional state [12,51]. In passive animals listening to a speech mixture,
both male and female speakers were represented in the neural response. In animals performing a
female voice target detection task, however, AC responses showed strong relative enhancement
of the female voice harmonics and suppression of the male’s. This result is consistent with known
dynamics of frequency-specific, attention-dependent plasticity in the ferret AC [9-11].

In contrast to selective attention, global attention listening tasks are designed to require
attention to the sound scene as a whole. This is sometimes framed as auditory scene analysis [20],
however the distinction between scene analysis and stream segregation is unclear; cocktail parties
are scenes, too. In global attention tasks, subjects are usually asked to detect and report hearing
a change, which can be applied to many different parameters of the sound [36, 40, 52-54]. The
neural processes underlying global attention are not well-understood and likely vary depending
on the change parameter. However, results from Lu et al. [53] indicate that in some tasks, neural
activity in global attentive listening can mimic streaming activity. They saw suppression of Al
cell responses to alternating tones and enhancement to synchronous tones during engagement in a

global listening task. The enhancement of responses to temporally coherent tones mimics known

11



perceptual fusion phenomena and further supports that idea that stream formation does not rely

on explicit attention [47].

1.3.1 Pre-attentive Streaming

Attention can be driven by external or internal processes, where the former depends on
task-relevance and the latter can involve ecological or learned salience, internal state, and other
endogenous factors. While explicit selective attention modulates cortical responses [9], recent
studies have suggested that differences in the salience of mixture stimuli could drive attention-
like processes in the absence of explicit instruction [19, 55, 56]. Here, we equate attention-like
modulation with any short-term, within-session response modulation not explained by sensory
adaptation (e.g. stimulus-specific adaptation), and not to be confused with long-term changes in
encoding [57]. This phenomenon has been observed in passively listening humans and animals,
whose AC responses to speech in noise strongly resemble responses to clean speech; responses
to noise are suppressed [29,48]. In another study, human listeners alternatively listened to noisy
speech or performed a visual task while similar auditory stimuli were presented. The subjects
performed poorly on questions about the speech content during the visual task (confirming that
they were not actively attending to the sound) however, there was no significant difference in the
AC neural responses [48]. Suppression of background noise occured independently of attentional
state. These finding suggests that attention-like plasticity in A1 can be driven by inherently
stronger salience of speech over background white noise.

Response modulation during passive listening can also be driven by less-obvious difference

in stream salience. Neurons in ferret AC segregate repeating from non-repeating streams of

12



broadband noise during passive listening [19]. Here, the repeating stream is more salient than the
non-repeating one. To distinguish this effect from simple habituation, Dahmen et al. [58] showed
that conditioning with tone pairs can change A1l response properties, but pure tone conditioning
does not. Associations between tones was a sufficiently salient stimulus to induce short-term
response modulation.

Recent studies have shown that incidental learning of sensory information can occur during
task performance, suggesting that statistical regularities in the stimulus are detected and stored
subconsciously. Gabay et al. [56] demonstrated incidental learning of auditory categories in an
audiovisual task in which only the visual categories were explicitly directed, but audio informa-
tion conferred a task advantage. Zhao et al. [55] similarly showed that statistical regularities bias
attention in the visual system, even when recognizing the pattern did not confer a task advan-
tage. These two findings suggest that undirected, sensory systems monitor and learn stimulus
regularities.

In contrast, Southwell et al. [40] did not find evidence that statistical regularity (periodic
repetition) endogenously attracts attention in a global listening task. Listeners were asked to
detect a silent gap in one of two concurrently presented streams, one regular and one irregular.
Task performance was similar for the target in both streams. This result may be explained by the
simultaneous presentation of a task-irrelevant auditory stream necessitating active suppression or
ignoring; the prior examples showed incidental learning of information which did not compete
with the task-relevant dimension.

Neural responses to the concurrence of equally salient streams is seen in the body of litera-
ture on mixed-talker speech when the subject is passively listening and brain response represents
the full sound mixture (or attention switches too rapidly for detection). Joshi et al. showed that in

13



trained but passively listening ferrets, male and female speakers were simultaneously represented
in AC. The same animals showed strong response to the female voice and extinguished response

to the male voice during task performance [12].

1.3.2 Neural mechanisms of streaming

The mechanisms of attentional modulation of neural activity are largely unknown. Zion
Golumbic et al. [59] suggest two distinct candidate mechanisms: gain control and selectivity.
The former requires that unattended stimuli are represented (in attenuated form) throughout the
processing hierarchy while the latter allows unattended information to be discarded. Electrocor-
ticography data suggest that both are present, and that selectivity and amplitude modulation (AM)
exist on a continuum of plasticity in the auditory cortex. Interestingly, neural activity at highly
selective sites increased over a few seconds time course, while AM sites did not display such a
buildup [59]. This result is consistent with human and animal data showing gradual modulation

of receptive fields for streaming.
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Chapter 2: Spectro-temporal templates unify the pitch percepts of resolved and

unresolved harmonics

2.1 Abstract

Pitch is a fundamental attribute in auditory perception involved in source identification and
segregation, music, and speech understanding. Pitch percepts are intimately related to harmonic
resolvability of sound. When harmonics are well-resolved, the induced pitch is usually salient
and precise, and several models relying on autocorrelations or harmonic spectral templates can
account for these percepts. However, when harmonics are not completely resolved, the pitch
percept becomes less salient, poorly discriminated, with upper range limited to a few hundred
Hertz, and spectral templates fail to convey percept since only temporal cues are available. Here,
a biologically-motivated model is presented that combines spectral and temporal cues to account
for both percepts. The model explains how temporal analysis to estimate the pitch of the unre-
solved harmonics is performed by bandpass filters implemented by resonances in dendritic trees
of neurons in the early auditory pathway. It is demonstrated that organizing and exploiting such
dendritic tuning can occur spontaneously in response to white noise. This paper then shows how
temporal cues of unresolved harmonics may be integrated with spectrally resolved harmonics,

creating spectro-temporal harmonic templates for all pitch percepts. Finally, the model extends
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its account of monaural pitch percepts to pitches evoked by dichotic binaural stimuli.

2.2 Introduction

Pitch is the basic attribute of sound that conveys musical melody and contributes to speaker
identity and speech prosody. It also plays a critical role in enabling listeners to organize cluttered
soundscapes into their constituent sources [20,60—63]. Yet despite decades of intensive psychoa-
coustic and physiological experimentation, the underlying neural substrates remain essentially
unknown, and the necessary computations are at best ambiguous. Part of the difficulty stems
from the ambiguity of the pitch percept itself, which is commonly associated with a variety of
stimuli ranging from single and complex tones, to rapidly modulated noise [3, 64].

We focus here on the pitch evoked by harmonic complexes of different fundamental fre-
quencies. The low order harmonics (< 10th) in such a complex are normally aurally fully- or
partially-resolved, i.e. their responses are mostly segregated into different frequency channels
in the cochlear output as illustrated by outputs up to about 2 kHz in Fig. 2.1(a). Perceptually,
the pitch induced by such harmonics is salient, well-discriminated, with a perceived value cor-
responding to the fundamental of the complex regardless of whether the fundamental and other
nearby harmonics are present or absent. When the harmonics are aurally unresolved (>>12th),
they co-occur within the cochlear bandpass filters and interact producing a “beating” or amplitude
modulations that evoke a pitch sensation corresponding to the modulation rate (channels beyond
about 2.4 kHz in Fig. 2.1a). However, this “unresolved” pitch is less salient, and is poorly discrim-
inated [4,65—68]. Many other contrasts exist between these two pitches that reflect the underlying

harmonic separation. For example, randomizing the relative phases among the harmonics leaves
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the resolved-pitch unaffected, whereas it reduces the saliency of the unresolved-pitch as it distorts
the envelope of the beating waveforms. Another key observation concerns the frequency range of
these pitch percepts. Unresolved pitches are typically limited only to a few hundred hertz [69],
a limit whose origin is uncertain [70—72], whereas the resolved-pitch is perceived up to an order
of magnitude higher frequencies (a few kHz). This latter limit coincides well with the assumed
limits of phase-locking on the auditory-nerve [73,74] (exceptions are discussed later [5,6]).

The differences between the resolved and unresolved pitch percepts have often led to de-
bates and speculations that they may arise from distinct mechanisms that exploit either temporal
or spectral cues. Favoring a unified approach, “temporal models” (Fig. 2.1(b)) focus on the pe-
riodic structure of the phase-locked responses to all harmonics, and propose computations that
directly estimate them, thus unifying the extraction of the resolved and unresolved pitch per-
cepts. These models (e.g. the Auto-Correlogram [72,75,76] and others [70,71,77]) can explain
most of the perceptual properties of resolved and unresolved pitch, including the weak saliency
of unresolved pitch and its poor resolution, and the limited range of pitch up to a few hundred
hertz [67].

Spectral models (Fig. 2.1c) by contrast exploit the spectral pattern of the resolved har-
monics by matching it against presumed internal harmonic templates [78,79]. Since unresolved
harmonics lack this spectral signature, these template models do not attempt to account for un-
resolved pitch, nor for the reasons why the upper limit of resolved-pitch coincides with that of
the phase-locking of its harmonics (see Refs. 19 and 20). Consequently, to account for the full
range of pitch percepts, spectral models have been supplemented by additional distinct (presum-
ably temporal) mechanisms for extracting unresolved pitch. The two percepts are then unified
centrally to deliver consistent percepts [65, 80, 81].
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Figure 2.1: Harmonic resolution and models of pitch perception. (a) Auditory spectrogram of
40 harmonics of 200 Hz. Examples of fully resolved (200 Hz), partially-resolved (2200 Hz),
and unresolved (7800 Hz) response waveforms are enlarged and shown to the right. As the
harmonics become less resolved, they interact more causing the response envelopes to “beat” at
the difference frequency. (b) The Auto-Correlogram model to measure the pitch of both resolved
and unresolved harmonics. The autocorrelation function of each cochlear channel response is
computed through a chain of temporal delays (lags). The functions are then summed across
different channels to produce one combined correlation function whose peaks reflect the common
pitch. (c) Spectral template matching to measure pitch of the resolved harmonics via harmonic
templates. The inner-product of the incoming spectrum with each template produces a pattern of
matches, whose peaks reflect the perceived pitches. Color bars next to each spectrogram indicate
the scale of the response in arbitrary units.
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In a previous study [79], we presented a view that intimately linked temporal and spectral
cues in the formation of the harmonic templates. The model demonstrated how temporal phase-
locking facilitates the spontaneous formation of the harmonic templates without need for training
by explicit harmonic exemplars, and how the templates are subsequently used to estimate the
resolved-pitch percept. It, however, did not integrate into these templates the computation of the
periodicity from the unresolved harmonics modulations, and therefore left open the fundamental
question of how this periodicity can become spontaneously linked to the spectral templates, i.e.
how can a 100 Hz modulation rate be heard at the same pitch as that of the harmonic template
pattern of a 100 Hz fundamental without explicit training to set up this correspondence?

This report attempts to fill in this gap by proposing a biologically-inspired model that builds
upon and augments the harmonic templates model [79]. Specifically, our focus is on the unre-
solved pitch and its unification into the framework of the resolved harmonic templates [79]. We
shall do this by explaining (1) how unresolved harmonic modulations can be readily analyzed,
and their perceptual values estimated by dendritic processing; (2) how these computations be-
come incorporated into the spectral harmonic templates through the same learning process, which
spontaneously gives rise to the templates without need for harmonic exemplars. We shall then (3)
discuss why the unresolved pitch range is limited, and (4) implement and simulate the model’s
outputs emphasizing stimuli that combine resolved and unresolved harmonics. Finally, we (5)
offer a discussion of the physiological evidence of such a model, and ideas for how it might be
tested, ending with (6) a brief account of how distinct binaural pitches are consistent with this

model.
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2.3  Methods

We summarize here the algorithms used to simulate the function of the proposed extended
templates—referred to as the spectro-temporal templates—and how we utilize them to compute

the pitch estimates from both resolved and unresolved harmonic inputs.

2.3.1 Cochlear frequency analysis and the auditory spectrogram

In many figures in this paper, we display an auditory “spectrogram” representation derived
from a computational model of cochlear filtering followed by a LIN stage that exploits phase-
locking in auditory-nerve responses to sharpen the spectral analysis and endow it with robustness
to sound-level changes [2]. All aspects of this model have already been described in detail in
several publications [82—85]. Briefly, cochlear analysis transforms sound through a series of
stages in the early auditory system from a one-dimensional pressure time waveform to a two-
dimensional pattern of neural activity distributed along the tonotopic (logarithmic) frequency
axis, referred to as the auditory spectrogram. It represents an enhanced and noise-robust estimate
of the Fourier-based spectrogram [84], but it differs in many respects due to its biophysical details

as previously explained [82, 84, 85].

2.3.2 Mathematical formulation

The early auditory stages are illustrated in Fig. 2.2a [2]. The first operation is an affine
wavelet transform of the acoustic signal s(t), which approximates the spectral analysis performed
by the cochlear filter bank. This analysis stage is implemented by a bank of 128 overlapping
constant-Q (1045 ~ 10) bandpass filters with center frequencies uniformly distributed along
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Figure 2.2: Schematics of the Computational stages in the spectro-temporal harmonics templates
model. (a) Schematic of early auditory stages. The acoustic signal is analyzed by a bank of
constant-Q cochlear-like filters. The output of each filter y.,., is processed by a hair cell model
yLan followed by a LIN, and is finally rectified y; v and integrated to produce the auditory spec-
trogram Yy, -(b) Schematic of the computations for the unresolved (top panel) and resolved (bot-
tom panel). For the unresolved, periodicity estimation of the amplitude modulated cochlear in-
puts is done via a bank of bandpass filters. For the resolved components, a harmonic-template
matching algorithm is applied [79]. (c) A proposed biological implementation of the two pitch
computations. (d) Two resolved harmonic templates: (left) 150 Hz-fundamental and (right) 400
Hz-fundamental templates. Synaptic weights are applied to each cochlear channel, with peaks at
locations harmonic to FO.
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a logarithmic frequency axis (x), over 5.3 oct (24 filters/octave). Each cochlear filter is im-
plemented by a minimum-phase impulse response function h(t;x) with a magnitude frequency

response

(zp, — )% PEn=2) if 0 <2 <
H(z) = 2.1)

0 if x> xy

where xj, is the cutoff frequency, o = 0.3, and S = 8 [86]. The cochlear filter outputs
Yeoch(t,X) are transformed into auditory-nerve patterns yan(t,x) by a hair cell stage consisting of
a high-pass filter, a nonlinear compression g(-), and a membrane leakage low-pass filter w(t) ac-
counting for decrease of phase-locking on the auditory nerve beyond about 2 kHz. The final stage
simulates the action of a LIN postulated to exist in the cochlear nucleus [87], which effectively
enhances the frequency selectivity of the cochlear filter bank [83, 88]. The LIN is approximated
by a first-order derivative with respect to the tonotopic axis and followed by a half-wave recti-
fier to produce yyn(t,x). The final output of this stage is computed by integrating yp n(t,X) over
a short window, u(t;7) = eru(t), with time constant = 0.5 ms mimicking the further loss of
phase-locking observed in the midbrain. The mathematical formulation for this model is then

summarized as follows:
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ycoch<t7 .CU) = S(t) Ot h‘<t7 13)7 (22)

Yan = 9(0Yeoen(t, ) ©; w(t), (2.3)
YN = max(éxyAN(ta .Z'), 0)7 (24)
Ypinal(t, ) = yrin(t, ) @ p(t; 7), (2.5)

where ®; denotes convolution operation in the time domain, and d;, d, are derivatives with
respect to time and cochlear axis. The model described above captures several of the important
properties of auditory processing that are critical for our objectives, but it is highly simplified and
lacks many of the known details of cochlear processing that are likely to be important in certain
circumstances and should be added when needed [89]. All these issues are discussed in detail

in [2]. For Matlab implementations, see [90].

2.3.3 Models of synaptic plasticity at the spectro-temporal templates

The spectro-temporal templates embody two sets of computations as depicted in Fig. 2.2b:
(i) bandpass filtering of unresolved harmonics (top panel), and (ii) harmonic pattern matching for
the resolved components (bottom panel). The full spectro-temporal template is envisaged to be a
neuron as depicted in Fig. 2.2c¢; it is referred to later as the “pitch-neuron” for reasons that will be
elaborated upon further later in the text. Both resolved and unresolved harmonic inputs from the
auditory spectrogram innervate the pitch-neuron and form the appropriate connectivity patterns

spontaneously with no supervision from ideal exemplars. The resolved harmonic input synapses
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are formed as described in detail in a previous publication [79]. Thus, we shall focus here on
describing the same basic adaptive process that connects the unresolved harmonic inputs into the
dendritic region of the pitch-neurons, and results effectively in the formation of a bandpass filter
centered at the characteristic frequency (CF) of each pitch-neuron.

We begin by assuming that the cochlea is driven by broadband noise. Each pitch-neuron is
assumed to be driven by a CF cochlear input that initially induces an intracellular potential that
is phase-locked to it. Other contributions to the intracellular potential might be from any other
resolved harmonic inputs that have already formed (as schematically depicted in Fig. 2.2¢). These
inputs induce phase-locked spiking in the pitch-neuron. The spikes in turn produce intracellular
potentials that are phase-locked to them (i.e. at CF), and that backpropagate up the neuron’s
dendritic tree. These potentials become attenuated on their way up the dendrites by pathways
that are tuned (or resonant) to various frequencies that do not match those of the phase-locked
backpropagating signals (at the CF of the neuron). This array of dendritic resonances arises
from the anatomical and electrical structure of the dendrites as discussed in the text. Here, it
is computationally simulated by a bank of bandpass filters tuned at all frequencies up to about
800 Hz, a range that exceeds the resonance frequencies that are typically found along dendritic
locations [91].

To simulate synapse formation, we compute the coincidence between the incoming noisy
auditory spectrogram and the “backpropagating” dendritic intracellular potentials of the pitch-
neurons. For example, Fig. 2.4c depicts for each pitch-neuron (whose CFs are arrayed along the
x axis) the strength of these coincidences, which in turn result in formation of synapses (indexed
by their dendritic resonances along the y-axis). Thus, the pitch-neuron tuned at CF = 200 Hz
(dashed black line in Fig. 2.4c¢) will form strong dendritic synapses only at locations tuned to 200
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Hz, and a few harmonic multiples of that. The same occurs at all other pitch-neurons, a learning

process that is elaborated upon further in the text.

2.3.4 Monaural pitch estimation

Monaural pitch estimates are made as depicted in Fig. 2.2b from both the resolved harmon-
ics (using harmonic templates) and the unresolved harmonics (via the array of dendritic bandpass
filters). For the resolved portion, two examples of resolved harmonic templates W¥(f) are shown
in Fig. 2.2d: W' = 150 Hz and W*® = 400 Hz. The templates act a sieve to weight the array
of cochlear spectral channels (S¢) at the corresponding harmonic locations. The net output from

each template is the waveform

OF(t) = SptyW*(f). (2.6)
f

Note that this output will be phase-locked to the composite waveform from all inputs. To
estimate the overall power in the response, the waveform is half-wave rectified (g(-)) and its

root-mean-square (rms) power estimated as

Prkesolved = \/Z g(Ok(t>>2/T (27)
t

2.3.5 Binaural pitch estimation

We propose several possible schemes for binaural interaction of monaural pitch estimates.

All approximately produce the results depicted in Figs. 2.7(a) and (c).
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Simple summation

Piljnresolved = \/Z(Plift)2/T + \/Z(Prk;ght>2/T7 (28)
t

t

or simple lateral superior olive (LSO) subtraction and MSO summation (Fig. 2.7(b), top)

Pl = \/Zm'zﬁ ~PELJR/T, Pl = \/Daﬁﬁ PELYT. 29)

t t

Complex cross-inhibition (Fig. 2.7(b), bottom])

Pl = Pest,left - Pest,m'ghtu (210)

P2 = Pest,m'ght - Pest,lefta (21 1)

Py, =/ Pt +1\/P3 (2.12)

2.4  Modulation Rates Due To Unresolved Harmonics

Speech, music, animal vocalizations, and many environmental and percussive sounds have
a broad range of harmonics that extend, in human cochlear analysis, over both the resolved and
unresolved ranges. As illustrated in Fig. 2.1a, lower resolved harmonics (<10th) induce local-
ized responses that are phase-locked to their frequencies if less than 3—4 KHz. However, as the
resolution deteriorates for the higher harmonics (>10th), they mutually interact within a cochlear
filter, producing envelope modulations at the difference (fundamental) frequency of the complex
(200 Hz in Fig. 2.1a). The depth of this modulation increases as the harmonics become more

densely packed. Furthermore, the exact shape of the envelope depends on the relative phases of
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the interacting harmonics, being strongly peaked if the harmonics are in-phase, and more variable
if the phases are relatively random. The carrier of this AM waveform remains phase-locked near
the center frequency of the cochlear filter if it is <3—4 kHz. Beyond this, the carrier is smeared
out leaving only the envelope modulations (upper unresolved region in Fig. 2.1a).

As is well-known, subjects listening to the full harmonic complex report a salient pitch
that is finely discriminable, and equal to the fundamental of the harmonic series, regardless of its
presence or absence [64]. When listening only to the upper unresolved harmonics, subjects still
report the same pitch value, but the percept becomes less salient and poorly discriminable. The
pitch is weaker still if the relative harmonic-phases are randomized. It is important to appreciate
that these envelope modulations can occur at any location along the tonotopic axis where the
unresolved harmonics are found. For example, for the 200 Hz harmonic complex in Fig. 2.1a,
the 200 Hz envelope modulations become substantial beyond about the 10th harmonic (2 kHz).
Consequently, unlike the well-resolved lower harmonics which are found at specific frequency
channels (200, 400,... Hz) and hence can be associated with specific fixed harmonic templates,
the unresolved pitch is perceived from the envelop modulations wherever they occur. This also
implies that the same frequency channels (e.g. near 2 kHz) may exhibit envelope modulations at
arbitrary rates depending on the unresolved harmonics within the cochlear filter. For example,
if the fundamental frequency is <200 Hz, then the channels near 2 kHz would exhibit strong
envelope modulations at whatever the fundamental frequency is.

From a computational point of view, a simple scheme to measure these modulation rates,
and hence account for the perceived unresolved pitch, is to use a bank of bandpass filters for each
cochlear channel (Figs. 2.2b and 2.3), whose outputs are then summed to generate the overall

unresolved pitch value. This scheme is essentially equivalent to the Auto-correlogram model
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[75,92] alluded to earlier (Fig. 2.1b), where the delay-lines of the autocorrelation effectively
implement the bandpass filters. The same idea is also effectively implemented by the delays
proposed in Ref. [79] (Fig. 2.1(b)). Physiological experiments have demonstrated rate-selective
modulation responses analogous to bandpass filtering [93-96], but it remains unclear how these
filters exhibit or account for the limited range or poor resolution of the unresolved pitch percepts,

and how they can be unified with the resolved pitch percept.

2.4.1 Dendritic resonances as bandpass filters

Neurons propagate electrical currents from their dendritic trees to the soma, where they in-
duce axonal spiking that represents the integrated dendritic inputs. Neuronal topology, structure,
and active membrane channels have long been known to result in transfer functions between any
point on the dendrites and the soma that resemble a bandpass filter, in that it is tuned to a specific
frequency that reflects many biophysical parameters. A detailed study of such “bandpass reso-
nances” in a typical dendritic tree (depicted in Fig. 2.3b) [91] revealed several important findings
that have direct implications for the bandpass filter bank idea needed for unresolved pitch com-
putations. First, in any given dendritic tree (Fig. 2.3b), synaptic inputs at different locations are
filtered differently depending on the unique dendritic topology and the details of the path from
each synapse to the soma. This means that there exists a range of bandpass filters tuned to dif-
ferent frequencies. Based on a detailed study of such trees [91], it has been found that their basic
geometry and structural constraints limit the range of resulting bandpass filter tuning frequencies
to a maximum of a few hundred hertz, and their bandwidths to be moderate (Q = 1). Therefore, if

these dendritic bandpass filters are involved in the measurement of unresolved pitch, their limited
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Figure 2.3: Analysis of temporal modulations on the auditory-nerve. (a) Each auditory-nerve
fiber is schematically filtered by a bandpass filterbank tuned to a range of frequencies. The output
from all filters is then summed (downward arrows) to estimate the final perceived unresolved-
pitch. (b) Schematic of a dendritic tree as a bandpass filter bank (Figure 3.4 in [91]). The
colors represent the tuning of the path between the synapses on these branches and the soma
of the cell [91]. (c) Implementing the bandpass filterbanks with dendritic trees. Each neuron
receives inputs from all auditory-nerve fibers whose synapses at a given dendritic tree are at
locations that have paths to the soma tuned only near one modulation-rate. Thus, there is a
neuron whose auditory-nerve inputs are filtered near 100 Hz; others are tuned at 200, 400, .... In
the schematic, the most responsive dendritic tree is the one tuned to 200 Hz because the auditory-
nerve modulations are at 200 Hz. Color bars next to each spectrogram indicate the scale of the
response in arbitrary units.
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range and poor resolution can readily explain the properties of this percept.

Figure 2.3(c) illustrates schematically how dendritic bandpass filters can serve to estimate
the modulation rates induced by unresolved harmonics on the auditory nerve. We first assume that
the dendritic trees of a certain type of neurons (we shall refer to as “pitch-neurons”) are initially
innervated by auditory inputs from a wide range of cochlear tonotopic locations. To make each
pitch-neuron selectively responsive to a single modulation rate only, we shall describe a simple
learning (or adaptive) process though which all inputs (synapses) are discarded except those
arriving to locations tuned to the same rate. Thus, such a pitch-neuron becomes effectively tuned
and responsive only to one modulation-rate. Different pitch-neurons would have dendritic inputs
tuned to different modulation rates, effectively creating the bank of bandpass filters needed for
unresolved pitch estimation. In Sec. 2.4.2, we discuss how this organization naturally emerges
without specific training on harmonic exemplars. We shall subsequently address (in Sec. 2.4)
the key question of how these rate-selective dendritic inputs are integrated into the harmonic
templates needed to measure the resolved pitch, thus giving rise to the array of pitch-neurons that

measure the complete pitch percept.

2.4.2 Shaping dendritic rate selectivity

How does the dendritic tree of a pitch-neuron become selective to one input modulation
rate? Consider a neuron tuned to a particular CF and possessing an elaborate dendritic tree with
auditory inputs from a wide range of cochlear locations (Fig. 2.4a). The CF is defined by the main
input near the soma as indicated in the figure. We assume that the CFs of all such neurons to be

<4 kHz (upper limit of phase-locking in most mammals), and hence the CF somatic inputs are
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phase-locked. The precise upper limit of phase-locking is unknown, with estimates ranging from
1.5 kHz to 10 kHz, however the upper limit of pitch perception is around 4-5 kHz fundamental
frequency [6]. Figure 3.4 (a) schematically depicts an array of such neurons with various CFs
(200, 350, 700 Hz). We begin with an acoustic noise that excites the cochlea broadly at most
of its tonotopic locations. Initially, the somatic CF input at each neuron induces a phase-locked
intracellular potential that excites phase-locked spiking of the cell at the same CF rate (e.g. at 200
Hz), which in turn generates a correspondingly phase-locked signal that backpropagates up to the
dendritic tree [97]. However, this phase-locked CF signal becomes attenuated in the dendritic
tree at all branches except those tuned to the same CF. For example, the neuron with CF = 200
Hz would phase-lock its spikes to 200 Hz, and the resulting phase-locked intracellular potentials
propagate up the dendritic tree, most strongly to dendrites whose pathway to the soma is tuned
at 200 Hz [98-100]. So, if the input to these synapses from the cochlear channels is also phase-
locked to 200 Hz, then the synapses may become enhanced because of their potentially correlated
pre- or post-synaptic signals. However, if either is weak or unmatched in frequency to the other,
then the synapse weakens [98,99, 101].

We now consider the spontaneous formation of the rate-selectivity in each recipient neuron
when its input is the cochlear responses to white noise. At all cochlear CF locations, auditory-
nerve responses to the noise are modulated randomly with a bandwidth that reflects the range
of frequencies interacting within the cochlear filters (Fig. 2.4a). We assume initially that the
cochlear outputs projecting to the dendritic trees innervate all dendritic locations (indicated by
the multicolored synapses in Fig. 2.4a). However, among all these inputs, only those at dendritic
locations tuned near the CF of each recipient neuron would have a post-synaptic signal propagat-
ing from the soma (red synapses for CF =200 Hz neuron, green synapses for CF = 350 Hz neuron,
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and blue synapses for CF = 700 Hz neuron). Therefore, only these synapses become strengthened
by the “Hebbian” correlation between pre- and post-synaptic potentials. At all other locations, the
dendritic post-synaptic signal is too weak and hence the synapses are weakened and eventually
pared down. In this manner, we postulate that the array of recipient neurons with different CFs
become connected to cochlear inputs that are effectively bandpass filtered with dendritic filters
tuned to the same frequency as the CFs. This final arrangement is illustrated for the neuron of CF
=200 in the left panel of Fig. 2.4b, where only the red synapses (tuned to 200 Hz) remain, while
all others are lost. Such a rate-selective neuron is what we referred to earlier as a “pitch-neuron,”
which is tuned only to a specific modulation rate.

We simulated this learning process using a model of cochlear processing that included
all major stages such as bandpass filtering, transduction, and phase-locking up to about 3—4
kHz [2,79] (see Appendix A for more details). Note that this early auditory processing model in-
cludes a lateral-inhibitory stage (LIN) [82,83], which extracts from the phase-locked responses of
the auditory nerve a sharp and level-robust spectral representation [84,85], equivalent to cochlear
tuning of Q ~ 10, which has been justified for example in detail in Fig. 2 of Ref. [102]. Exam-
ples of such auditory spectrograms to noise and harmonic stimuli have also already been illus-
trated and explained in detail in Refs. [95] and [99]. These stages are schematically illustrated in
Fig. 2.2(a).

Similarly, the pitch-neuron and its dendritic tree are modeled by the primary functional
parts needed here to explain the learning and filtering process. For example, we represent the
dendritic tree resonances by a bank of bandpass filters with moderate resolution (Q ~ 1) as ex-
plained earlier based on the dendritic modeling [91]. Initially prior to the learning, the somatic
signal is the cochlear noisy response at the neuron’s CF. This signal causes spiking in the neu-
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ron, which in turn induces intracellular potentials that are backpropagated through the dendritic
bandpass filters whose outputs represent the post-synaptic potentials available in this neuron. Of
course, the strongest surviving post-synaptic signal is that at the dendritic locations tuned near the
CF (e.g. 200 Hz in Fig. 2.4b). To simulate the spontaneous formation and strengthening of the
synapses, we computed for each pitch-neuron the integrated (over 2 s window) power in the co-
incidence between all dendritic post-synaptic potentials in this pitch-neuron and the pre-synaptic
auditory spectrogram responses into the dendritic tree. When both the pre- and post-synaptic
potentials contain equal frequencies (e.g. 200 Hz), then the average coincidence increases de-
spite their random relative phases (exactly the same as the coincidences previously described in
Ref. [79], which resulted in the selective inputs of the resolved harmonics). Figure 2.4(c) illus-
trates for each pitch-neuron (arrayed along the x axis) the amount of coincidence (or synaptic
strengthening) at all of its dendritic locations, arrayed along the y-axis and indexed by the reso-
nance frequency of each location. For example, in the neuron with CF =200 Hz (marked with the
dashed black line), the strongest formed synapses are those at dendritic locations tuned to 200 Hz,
and weaker ones at the multiples of 200 Hz, all of which are highlighted by the white circles. The
strong red trajectory highlights the strongest synapses formed, namely at the dendritic locations
(y-axis) that happen to be resonant at the CF of the corresponding pitch-neuron (x axis).

To summarize, the dendritic resonances (Fig. 2.3(b)) perform the direct measurement of
the unresolved-pitch modulations, much like the bandpass filters hypothesized in the schematics
of Figs. 3(a) and 3(c). Thus, after learning and synapse strengthening, unresolved components of
a harmonic complex at high frequencies generate modulated waveforms at the fundamental (e.g.
200 Hz), which best excite the pitch-neuron tuned at the same frequency (CF = 200 Hz), i.e. as
in Fig. 2.4b (left panel). However, since dendritic resonances like those described above (and in
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Figure 2.4: Learning the dendritic bandpass filters. (a) Prior to learning: Schematic of an array
of neurons tuned at various CFs. The CF input to the neurons is indicated by the thick colored
arrows (shown are CF’s=200, 350, 700 Hz, as Red, Green, and Blue respectively). Initially
each neuron has a dendritic tree innervated by a broad array of cochlear inputs. The synapse
locations are symbolized by colored dots that reflect their tuning. Also shown are the cochlear
responses evoked by a white noise input. (b) Spectro-temporal templates: (Left panel) Temporal
modulations due to unresolved harmonics induce the formation of synapses at dendritic cites that
are tuned to the CF of the cell. For example, the pitch-neuron here is tuned at CF=200 Hz. Only
synapses at dendritic locations tuned to the same frequency (=200 Hz) persist, while others are
eliminated (compare this to synapses prior to learning). In the end, the sole cochlear amplitude-
modulated inputs that excite this neuron are those that are modulated at near its CF rates. (Middle
panel) Resolved harmonic inputs spontaneously form inputs during the same learning process
from inputs at harmonic multiples of the CF, forming the (classic) harmonic template of 200
Hz as described in [79]. (Right panel) Combining all resolved and unresolved harmonic inputs
yields the complete pitch-neuron, referred to as the spectro-temporal harmonic template. (c)
Simulating the learning: The average coincidence between the intracellular potentials and the
noise-generated cochlear responses. It is selectively enhanced only at the dendritic inputs that
are tuned at CF (x-axis). They connect to auditory inputs from all cochlear locations with filter
bandwidths ; CF of the neuron (see text). Color bars next to each spectrogram indicate the scale
of the response in arbitrary units. 34



detail in Ref. [77]) are largely limited to a few hundred Hz [77], then only pitch-neurons tuned to
such low CFs can utilize the backpropagated somatic potentials in the dendritic trees to form the
appropriately tuned synapses. Thus, although temporal modulations created by unresolved har-
monics can exceed a few hundred hertz, these high modulation rates remain unperceived because
of the lack of corresponding pitch-neurons that can measure them.

Next, we consider the frequency range in the transition between resolved and unresolved
harmonics for each pitch-neuron. Pitch-neurons form resonant synapses with cochlear inputs
from a wide range of CFs (Fig. 2.4b left-panel) as long as these input channels can provide the
temporally modulated inputs (due to the unresolved harmonics). However, the lower limit of
the CFs of these cochlear inputs is dictated by their bandwidths, which become progressively
narrower at lower tonotopic locations, effectively providing responses to the resolved harmonics.
For example, in Fig. 2.1(a), assuming roughly an effective cochlear tuning of 10% (i.e. Q = 10),
cochlear outputs below about CF =2 kHz (10th harmonic of 200 Hz) produce only weak temporal
modulations at 200 Hz since they are partially resolved. Thus, cochlear channels below this CF
will not form the resonant synapses on the dendritic tree of the 200 Hz pitch-neuron. Instead, this
pitch-neuron would form the harmonically resolved synapses (the classic harmonic template) as
described in detail in Ref. [79]. Therefore, as we discuss in more detail next, we recognize two
regions of connectivity from the cochlea to each pitch-neuron as illustrated in Fig. 2.4b: the
resolved harmonics region [103] (Fig. 2.4b, middle-panel) and the unresolved harmonic inputs
(left-panel). The total combination of these inputs is what we refer to as the spectro-temporal

harmonic template (Fig. 2.4b, right-panel).
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2.5 Spectro-temporal templates: Physiological and Psychoacoustic Evidence

In a previous study, we examined how neurons similar to the pitch-neurons spontaneously
form synaptic inputs that are harmonically related to the CF of the neuron [79]. To review briefly,
the post-synaptic somatic potential due to a half-wave rectified and sharpened CF input can cor-
relate with pre-synaptic inputs arriving at from cochlear channels tuned at multiples of the CF.
These template connections arise regardless of the input acoustic stimuli, and even if the cochlea
is driven by white noise. This is because the inputs arriving at CF, and from cochlear filters
tuned to its low-order multiples (e.g. CF =200 Hz, and multiples up to approximately the 10th
harmonic) are (at least partially) resolved and phase-locked near their carrier frequencies. Conse-
quently, significant coincidence (integrated over a long-duration window) will occur between the
somatic CF potential and each of the signals arriving from cochlear filters at multiples of the CF
(e.g. 2 CF, 3 CF). As we discussed above, when this signal propagates further up the dendritic
tree, higher frequencies are filtered out and the backpropagated signal will only reach regions
that are tuned to the CF or its multiples, if they are within a few hundred hertz. Synapses will
then form at these locations if the cochlear inputs contain modulations at the CF frequencies,
which they do for the noise stimulus discussed earlier (Fig. 2.4c). After learning, this pitch-
neuron becomes connected and driven by the two kinds of cochlear channels (Fig. 2.4b), forming
the “spectro-temporal harmonic templates” as we discussed above. Note that in all subsequent
figures, each pitch-neuron is now labeled by a pitch value that is both the CF of the neuron (in
Hz), or also the fundamental of the harmonic complex that evokes the best response among all
pitch-neurons.

In order to illustrate how these pitch-neurons extract and convey the pitch percept, we il-
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lustrate in Fig. 2.5(a) the average power in the responses of an array of such pitch-neurons tuned
to a wide range of CFs, and forming an axis which would display a maximum indicating the
pitch value by its location, and pitch saliency by its power. The resolved harmonics template
used in this and all similar subsequent computations of the resolved harmonics pitch is shown in
Fig. 2.2(d). The stimulus here is composed of a harmonic complex of 200 Hz. The output at each
pitch-neuron is computed as detailed in Methods (Sec. 2.3); it consists of the superposition of
the inputs coming into the neuron from the resolved (blue traces) and unresolved (green traces)
inputs; their superposition is the total activation of the pitch-neurons (red traces). As expected,
these activation patterns typically exhibit multiple other peaks that reflect the partial correspon-
dence between different harmonic series. For example, 100 and 200 Hz harmonic series share
many harmonics in common. These “simultaneous” peaks in Fig. 2.5 can be interpreted as con-
currently heard pitches whose percept is largely fused with the main pitch (200 Hz).

Figure 3.5(b) illustrates the decrease in saliency of the unresolved-pitch when the harmon-
ics change from in-phase (Fig. 2.5a) to random relative phases (Fig. 2.5b) causing the peak of the
green trace to decrease in height (decrease in saliency). The resolved pitch percept is robust to
phase-changes, and here it remains unaltered between the two conditions (blue trace).

Finally, since pitch-neurons are driven by phase-locked cochlear responses both for the
resolved and the unresolved harmonics, consequently, the sum of all these harmonic inputs is
also phase-locked reflecting all these contributions. Figure 3.5(c) illustrates the composite time-
waveforms of the activation in each of the pitch-neurons (y-axis), all driven by a 200 Hz harmonic
complex stimulus. Note that the dominant phase-locking at each pitch-neuron reflects the stim-
ulus 200 Hz fundamental (5 ms period) and its harmonics that match best each template. For

example, the 100 Hz pitch-neuron is phase-locked to 200 Hz, reflecting the strong contributions
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Figure 2.5: Contributions of the resolved and unresolved harmonics to the outputs of pitch-
neurons. (a) Responses of an array of pitch-neurons with CF’s (or fundamental pitches) ranging
up to 400 Hz. The input stimulus is the 15 component harmonic series of 200 Hz. The resulting
activation pattern across the array is computed separately for the resolved (blue) using the spec-
tral templates, and unresolved (green) inputs using the dendritic bandpass filters; the combined
activation is also shown (red). The pattern here indicates that the maximally activated pitch-
neuron is at 200 Hz. (b) Pitch-neuron array outputs for random phase harmonics. The resolved
peak height is unaffected (blue trace), while the peak of the unresolved outputs (green traces) is
reduced reflecting its decreased saliency. (c) Output temporal waveforms generated in the same
array of pitch-neurons whose average outputs are shown in (a,b) above. Color bars next to each
spectrogram indicate the scale of the response in arbitrary units.
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of the matched harmonics (200, 400,... Hz). Interestingly, scrambling the harmonic phases
would change the waveforms even from the resolved inputs, although the location of the peak

activations (Figs. 2.5a and 2.4b) remains unchanged.

2.5.1 Physiological responses of pitch-neurons

What is the physiological evidence for the existence of such neurons early in the auditory
system? As discussed earlier [79], the structure of the postulated pitch-neurons must exhibit
dendritic inputs from a wide region across the tonotopic axis, so as to integrate the harmonics of
the CF. Such neurons must exhibit broad tuning with multiple harmonically related peaks and are
likely also to have high-thresholds for single tones that decrease as more inputs (harmonic tones)
are added. The responses of a pitch-neuron are expected to be phase-locked to the composite of its
inputs, but most importantly to its CF. Consequently, they are likely to exhibit well-timed onset
responses when the inputs are at zero relative-phase. Finally, since phase-locking is essential
for the formation of the input synapses, these neurons must have low frequency CFs (<2 kHz)
allowing for at least one (phase-locked) harmonic to contribute to the maximum pitch.

In the physiological search and testing of these cells’ responses, it is usually very difficult
to attain views that match the patterns of Fig. 2.5(c) because it requires recordings from more
than a few pitch-neurons. Instead, experiments typically record from a single neuron, and change
the parameters of the stimulus to explore the unit’s sensitivity. Thus, if one is to sweep the
fundamental frequency of the harmonic complex, the pattern of responses of the hypothetical
pitch-neuron might resemble that in Figure 2.6, both for the average activation (left panels) and

the phase-locked responses (right panels). Figure 3.6(a) displays the responses of a pitch-neuron
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Figure 2.6: Physiological responses of single pitch-neurons tuned at different CFs. (a) Sweeping
a harmonic complex (1:5 harmonics) over a range of fundamental frequencies (50 < FO < 600
Hz). (Left panel) The pattern of responses in a single pitch-neuron (CF=400 Hz) is strongly
responsive at pitches that are at or multiples of its CF. (Right panel) The waveforms are phase-
locked to the CF and occur whenever the harmonics lie within its CF tuning. (b) Phase-locked
responses of a pitch-neuron at CF=200 to a partially resolved complex (4th-15th harmonics).
Note the unresolved responses (green trace) are weak when the FO is below the CF of the cell
(200 Hz). At those low FO’s, the resolved harmonics contribute but the patterns of response and
phase-locking are a complicated mix of the fine structure and envelope modulations. Color bars
next to each spectrogram indicate the scale of the response in arbitrary units.
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(CF =400 Hz) to a simple five-harmonic complex as its fundamental frequency (F0) is swept
from 50 to 600 Hz. As expected, it is excited whenever one of the five harmonics falls within
its tuning, hence producing peak responses when the FO = 80, 100, 133, 200, 400 Hz. Note
that the response waveforms (right panel) are all phase-locked to 400 Hz because the neuron is
always excited by whichever harmonic lies near its CF (400 Hz) and its multiples. This simple
response pattern becomes far more complex if the harmonic series contains a substantial number
of unresolved components. This is demonstrated in Figure 3.6(b) for a 200 Hz pitch-neuron
driven by the 4th—15th harmonics of a sweeping complex. The response here reflects both the
fine structure of the resolved harmonics, as well as the unresolved modulations. We emphasize,
however, that this “physiological view” of one pitch-neuron driven by a sweeping FO (Fig. 2.6(b))
is not equivalent to the view one obtains from the activation pattern across the array of all pitch-
neurons as in Fig. 2.5. Consequently, the peaks in Fig. 2.6b patterns are not necessarily indicative
of the perceived pitch since the maximum response may occur at lower FO’s than the CF of the
pitch-neuron. For instance, in Fig. 2.6b the pitch-neuron (CF = 200 Hz) is strongly driven by the
FO = 50 Hz complex because its harmonics happen to coincide with the CF. Nevertheless, this FO
complex would activate the pitch-neuron at 50 Hz far more strongly, and hence if one is to view
the activation induced by this complex (FO = 50 Hz) across all pitch-neurons, one would see a
clear peak at CF = 50 Hz.

A different set of physiological experiments in search of the elusive pitch-neurons are those
that demonstrated tuning to specific amplitude modulation (AM) rates, mimicking the dendritic
filter banks described earlier (Fig. 2.3). These tuned responses, however, have been most com-
monly described in the inferior colliculus [94,95] and have not been systematically tested with
harmonic tones to demonstrate their relationship to the harmonic templates. Furthermore, the

41



CFs of these neurons are often quite high (>3-4 kHz), and their bandpass tuning is broad (Q
= 1-2), suggesting that they may at best serve to estimate the unresolved-pitch. However, the
modulation tuning range described (>1-2 kHz) is not commensurate with the observed psychoa-
coustic limits of about 500—700 Hz for the unresolved pitch [69]. These conflicting data, together
with the absence of any information as to how this modulation tuning arises, or its relevance to
other pitch properties, cast substantial uncertainty on this physiological evidence.

Finally, it is worth mentioning that maps and responses sensitive to the pitch of the re-
solved harmonics have been reported in monkey and human primary auditory cortex [32,81,104].
These findings, however, do not shed light on the mechanisms that give rise to them, because the
resolved-pitch percept must arise earlier in the auditory pathway where phase-locking to the har-

monic tones is still present, e.g. somewhere before the inferior colliculus.

2.5.2 Pitch of binaural stimuli

A harmonic complex is generally heard at the same pitch when presented monaurally or
binaurally. However, it has been discovered that the two percepts diverge if the stimuli presented
to the two ears are different. Two classic psychoacoustic studies are discussed here. The first is
the Huggins pitch illusion [105, 106] in which two spectrally broad noise stimuli are identical ex-
cept for interaural 7 phase-shifts introduced at one or multiple very narrow frequency bands (1/6
octaves). The two stimuli are heard as identical noises monaurally; however, the binaural percept
contains additional faint tones at the locations of the interaural phase-shifts. Interestingly, when
resolved and harmonically spaced, these tones behave just like harmonic complexes, evoking a

pitch percept, even if the fundamental of the series is missing. Since such interaural phase-shifts
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are usually extracted through binaural convergence [107, 108] in the nuclei of the superior oli-
vary complex (SOC), it has then been commonly concluded that the harmonic templates must be
located after or more central to the point of convergence (e.g. at or beyond the SOC complex). A
similar conclusion has been drawn from a second set of experiments in which a harmonic com-
plex is broken up into two sets of components. When presented dichotically, the pitch percept
elicited is that of the original complete set. For example, if odd and even harmonics of a 200 Hz
fundamental are presented separately to the two ears [66], the monaural pitches perceived reflect
the specific complexes presented to each ear (e.g. 400 Hz in the even-ear, and approximately a
200 Hz pitch in the odd-ear). However, when presented simultaneously, the harmonics are per-
ceived at the pitch of the original complete 200 Hz complex. This reliable finding has also been
cited as evidence that the pitch templates used to estimate the pitch must occur at, or subsequent
to the binaural convergence.

However, these conclusions are unwarranted as we demonstrate in Fig. 2.7. We assume
that the spectro-temporal templates are located early along the monaural pathway, prior to the
SOC. A key observation to make about the responses of the model pitch-neurons is that they
are themselves phase-locked to the combined waveform of all of their (resolved and unresolved)
inputs, as was demonstrated in Figs.2.5 and 2.6. So, we consider first the Huggins pitch illusion
elicited by inter-aural phase-shifts at five harmonic frequencies, e.g. 2nd—6th harmonics of the
fundamental 125 Hz (250, 375, 500, 625, 750 Hz). These become evident if we simply subtract
the auditory spectrograms of the noise in the two ears (Fig. 2.7a), as described by the Equalization
Cancellation Model of binaural masking release [109]. Obviously applying this pattern to the
templates would estimate it correctly as perceived. However, because of approximate linearity

and preservation of the phase-locking, this sequence of operations (subtraction followed by the
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template inner product) can be readily switched while maintaining the same outputs, i.e.( L —
R,T ) = (L, T) -(R,T). The subtraction then can be done after the templates, for example in the
SOC, or via the inhibitory cross-projections in the LLN or IC [110, 111]. We emphasize again
that all this requires that adequate phase-locking is still preserved at the outputs of the pitch-
neurons so as to represent the phase-shifts between the binaural noise stimuli. The schematics
in Fig. 2.7b illustrate two possible versions of these computations, and we provide in Sec. 2.3
the mathematical formulations implemented to compute the results of the example in Fig. 2.7a.
The upper panel illustrates the difference spectrograms between the two ears, and the pitch-
neurons activation (lower panel) induced by this spectrogram, showing a large peak at the missing
fundamental pitch of 125 Hz (red arrow), its octave (250 Hz), and other related pitch frequencies
(black arrows).

In Fig. 2.7c, we compute and interpret the outputs due to the binaural odd-even harmonic
stimuli described earlier. The simplest (if not quite accurate) way to intuit the results is through
the linear operations mentioned earlier. Thus, when the monaural patterns are applied separately
to the templates, and the outputs added, we get the expected percept described by the experiments
and illustrated in Fig. 2.7c. Again, this “addition” can occur in the MSO, or even in the identical
neural circuits postulated in Fig. 2.7b. In fact, the outputs in Fig. 2.7c are all computed using the

identical formulations used for the Huggins pitch examples and provided in Sec. 2.3.

2.6 Discussion

We have described a biologically inspired model for how pitch percepts can be computed

via harmonic templates which utilize both temporal and spectral structure of harmonic sound
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Figure 2.7: Binaural pitch phenomena do not require post-binaural pitch templates. (a) Huggins
percept pitch is evoked by highly localized inter-aural phase-shifts, which produce a percept of a
tone. These can also be combined with other shifts at harmonic intervals to evoke resolved-pitch
percepts and the missing fundamental. (Bottom Panel) Activation in an array of pitch-neurons
indicates the percept of the missing fundamental (red arrow) by the Huggins tones (black arrows)
at 2nd - 6th harmonics of 125 Hz. (b) Schematic of the computations implemented to generate
the binaural percepts of the Huggins pitch and the dichotic odd-even harmonics in next panel.
(c) Dichotic asymmetric harmonic complexes. Arrays of pitch-neurons are activated by different
monaural harmonics (odd I& even of 1:10 harmonics of FO = 200 Hz, presented in separate
ears). Each combination evokes the expected percepts (peaks in the pattern for Odd = 200 Hz;
and for Even = 400 Hz) when presented separately (top and middle panels). When presented
simultaneously (bottom), the percept is that of the full complex (200 Hz). Color bars next to each
spectrogram indicate the scale of the response in arbitrary units.
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stimuli. The model explains how consistent pitches are estimated from resolved and unresolved
harmonics, and how they are subsequently fused to give a unified percept. The postulated pitch-
selective template neurons receive synaptic inputs from all cochlear regions. Specifically, they
receive cochlear inputs conveying the low-order resolved harmonics, forming the classic har-
monic templates. They additionally receive the temporal modulations due to the interactions
among the higher-order unresolved harmonics, which are subsequently filtered by the dendritic
trees of the target neurons, each according to its pitch-selectivity. We have also demonstrated how
during development, each pitch-neuron can form all the necessary harmonic-template synapses,
and also “tune” its dendritic filter bank through “Hebbian” modification of its synaptic weights.
The process can be driven entirely by white noise, with no need for specific harmonic exemplars,
and guided solely by the basic tonotopic input into each pitch-neuron.

Pitch estimates generated by the model neurons through such spectro-temporal templates
reproduce the well-known properties of the pitch of resolved harmonics, including the percept
of the missing fundamental, and its insensitivity to the harmonic phases. Simulations also show
that the harmonic templates need not be situated at or post the binaural structures as has been
assumed to explain a variety of dichotic binaural percepts [112]. Instead, we show that monaural
templates can readily reproduce the binaural percepts if their phase-locked outputs are combined
(summed or subtracted) afterwards.

However, the key new contribution of this spectro-temporal template is its integration of
unresolved (temporal) pitch into the classic harmonic (spectral) templates via the tuned dendritic
filter banks. The existence of these dendritic resonances is almost unavoidable by the very na-
ture and construction of dendritic trees. The resonances modeled by Laudanski et al. [91] do not

rely on complex precise processes in any way. Just the opposite, they emerge out of basic prop-
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erties of neuronal membranes and branching patterns as well as basic ionic channel properties.
Loosely speaking, the combination of these factors inevitably gives rise to resonances that are
fairly broadly tuned and that can account for the decoding of the unresolved pitch as described
in the upper branches of the template model. Unfortunately, most research on this topic in den-
dritic resonances has not looked for or exploited such high frequency resonances. Instead, it has
focused on dendritic processing in the classic range of cortical rhythms, which are in the range
<10’s Hz. Therefore, the interest in resonances like these is likely to be the exclusive domain of
auditory pitch processing! Hence, there is little mention or experimentation to explore this topic
beyond what was reported and cited in Laudanski et al. [91].

Finally, the proposed spectro-temporal template elucidates how dendritic filtering imposes
a low limit on the resolution and range of the unresolved pitch percept. It also clarifies why
temporal modulations at a specific rate are perceived at a pitch equal to that of a tone, or of
a harmonic complex with a fundamental, at the same frequency. It should be noted that all
these inputs onto the spectro-temporal template or “pitch-neuron” are ultimately unified by their
harmonic relationship to the CF of the somatic input of the pitch-neuron (Fig. 2.4b) because it
is this input that determines which resolved harmonics succeed in synapsing onto the cell [79],
and which resonant dendritic synapses survive (Fig. 2.4). However, as we discuss next, our
implementation of this unified spectro-temporal template in terms of a “pitch-neuron” model
(Fig. 2.4b; right panel) is purely speculative. It is indeed entirely possible that other more

imaginative and distributed neural circuits could carry out these computations [79].
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2.6.1 Physiological tests of the spectro-temporal templates

The site at which pitch is first computed along the auditory pathway remains one of the
fundamental mysteries of auditory neuroscience. It is remarkable that after many decades of
neurophysiological experimentation, and with so much detail known about the psychoacoustics
of pitch, we still do not know which structures in the early auditory pathway are responsible
for the extraction of this crucial percept. Part of the difficulty stems from the myriad variety
of temporal and spectral cues available at the cochlear outputs and at subsequent stages which
do not decisively exclude numerous contrasting ideas. Another problem is the complex mor-
phology, physiology, and anatomical structure of the cochlear nucleus and following midbrain
nuclei, which contain many interconnected subdivisions yielding a bewildering set of pathways
up to the inferior colliculus. Finally, the perception of pitch in humans is apparently far more
developed than in most mammalian species used in physiological studies of the early auditory
system [17,102, 113]. It is therefore quite possible that the search for the neural substrates of
pitch has been frustrated by their absence in these animals!

Nevertheless, assuming that these pitch substrates exist, how can this model guide a new
search that benefits from and complements the extensive knowledge that has already been gath-
ered over decades? To start with, there are two clear key requirements that dictate where the
templates are likely to form. The first is temporal; precise phase-locking is necessary in the for-
mation of the pitch templates. And for many well-understood reasons, phase-locking begins to
diminish after the cochlear nucleus (CN), and it is substantially worse by the time we arrive at
the inferior colliculus (IC). Consequently, it is likely that the templates form in the CN or just

after, but certainly not beyond the IC. The second key requirement is spectral; broad convergence
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of cochlear channels is an inevitable ingredient in the formation of pitch templates. The cells
that would respond as pitch-neurons of the model must therefore integrate harmonically related
inputs and be phase-locked to the aggregate of these inputs.

There are only a few cell-types in the early auditory pathway, and especially in the CN,
that have these properties, and that have been postulated to serve as the harmonic templates.
They include the various Onset cells (one of which is also known as the Octopus cell [110,
114-117]) of the Postero-ventral CN (PVCN), which respond robustly to multiple broadly-tuned
synchronous inputs and show strong phase-locking to click trains at least up to 2 kHz [118,
119]. The morphology of the octopus cells is also consistent with the requirements of the pitch
templates; that it has inputs across the frequency spectrum, and have a cell body located in the
lower range of tonotopic organization, and an extensive branching network of dendrites radiating
perpendicular to the tonotopic access, thereby accessing the full range of frequency inputs [114,
115]. However Octopus cell projections are excitatory to the ipsilateral ventral nucleus of the
lateral lemniscus (VNLL), where their targets provide fast, inhibitory inputs to the contralateral
inferior colliculus. These projections do comport with a functional role of onset detection and
reset of neuronal states, but not necessarily for periodicity estimation. Furthermore, it is unclear
if the somatic and dendritic inputs to these cells from the auditory nerve are spectrally sharp
enough as those illustrated by the auditory spectrograms of figs. 2.1 to 2.3 and 2.4b. In our
simulations, the auditory spectrograms are sharpened and rendered level-invariant through the
action of a LIN [82,83] (as explained in more detail in Sec. 2.3). The LIN would have to precede
the Octopus cells so as to provide the sharpened spectrograms, and no such substrate is known to
exist.

Another possible candidate are the neurons of the VNLL, which form extensive and spatially-
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organized connectivity that has been described as the double-helix of the auditory pathway [120,
121]. The VNLL’s primary inputs are the octopus cells in the PVCN and the T-stellate cells of the
antero-ventral CN (AVCN). These T-stellate neurons are particularly interesting in that they have
been postulated to perform the LIN necessary to extract from cochlear phase-locked responses a
robust, sharp spectral (Q = 10-12), and yet still phase-locked representation regardless of stimu-
lus levels, similar to that generated by the cochlear model in this report and shown in all auditory
spectrograms in figs. 2.1 to 2.4, (see also Sec. 2.3) [82,122]. They have been described as en-
coding a spectral representation of sound [121]. VNLL neurons receiving excitatory inputs from
T-stellate and octopus cells exhibit multiple morphologies and a large variety of physiological
response types whose function remain largely a mystery. Nevertheless, the anatomical organiza-
tion [123, 124], the biophysical properties [125], and the few physiological measurements made
with harmonically complex stimuli [126,127], have inspired proposed schemes of pitch encoding
that may be relevant to the model presented [120].

In summary, it seems that the search for the pitch-neurons in the early auditory pathway
may well be productive if it is guided by the findings already available and the general con-
straints described above. However, for a variety of reasons, there are very few studies of VNLL
and CN responses that have directly and simply tested whether the neurons are in fact tuned to
harmonic complexes. There are, of course, many difficulties and confounds that can hinder such
an investigation and search, including cochlear and neural nonlinearities that render many analy-
sis methods (e.g. Fourier analysis and interval histograms) extremely confusing and distracting.
Nevertheless, it is possible to disambiguate many of these measurements and their interpretations

with simulations similar to those in Fig. 2.6.
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2.6.2 Psychoacoustic challenges of the spectro-temporal templates

As discussed above, much of what we know about the psychoacoustics of pitch perception
can be fully accounted for separately by the spectral templates for the resolved pitch, and the
temporal filter banks for the unresolved pitch. However, recent investigations have highlighted
a challenge to the well-accepted notion that phase-locking is critical for explaining pitch. These
concern the finding that pitch perception is possible with resolved harmonics of frequencies well-
above the phase-locking range in humans (8-10 kHz). For example, the ability to hear a 2 kHz
pitch as the missing fundamental of a 4th—6th harmonic complex [5, 6]. In our model, the (spon-
taneous) formation of the spectral templates, and specifically of the synapses of the harmonic
inputs, requires that the inputs be phase-locked so as to correlate with the CF of the pitch-neuron.
Of course, once the inputs become connected, phase-locking is not essential to convey the har-
monic energy.

The simplest way to circumvent the phase-locking limitation above is to postulate that some
pitch templates form by repeated exposure to the harmonic complex itself, and not simply by the
generalized noise we described before in Ref. [79]. Thus, it is commonly found that various
patterns of activation (spectral such as vowels or the ultrasonic harmonics of the echolocating
Mustache bats [34]) can in principle be learned from examples. In the same way, exposure to
the harmonic complex of 2 kHz can link the template (formed already from the low-order har-
monics) to the high-order non-phase-locked components when they are presented together. This
would explain how these high harmonics of the complex induce the same pitch of the missing-

fundamental, and why the resolution of the pitch percept is typical of other resolved pitches.
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Chapter 3: Methods of Electrophysiology

Chapters chapters 4 and 6 utilize single unit neuronal spiking data recorded in vivo from
unanesthetized adult female ferrets (Mustela putorius furo). The figure-ground study in chapter 4
includes data from 3 animals and the selective attention study (Chapter 6) includes data from 5
animals, one of which was also used in chapter 4. The total number of animals used among the

three studies was 7.

3.1 Training and behavioral tasks

Animals were trained on a go/no-go appetitive selective attention streaming task (fig-
ure figs. 5.1 and 5.2), the data from which is presented in Chapter 4. Three animals were trained
on the intensity detection version and two animals were trained on the gap detection version. In
both variants, animals were trained to withhold licking from a water spout during presentation of
a variable number of reference sounds (1-5 s). Because this is a very difficult behavior to learn,
we allow a small amount of licking during the reference sounds before considering a trial a false
alarm. Specifically, the reference sound presentation window is divided into 1-second bins. If
during a given trial, the animal licks during less than half of those bins, the trial continues and
they are able to obtain a reward with a correct response. If they lick during half or more of the

response bins, the trial is immediately terminated and considered a false alarm. Correct responses
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occur when animals lick in response to a target sound, triggering water to flow from the spout for
a 2 s reward window. Lick responses less than 20 ms after the target onset are considered failed
trials because the response occurred faster than the animals’ plausible reaction time [18].

In the selective attention streaming task, the reference stimulus consists of pairs of alter-
nating pure tones with a cosine ramp of 5ms and a short gap of silence between tones. The
length and rates of the tone presentation varied between experiments but all were held constant
for each animal after training was completed. A narrowband noise (width Y2 octave) burst plays
synchronously (coherent) with one of the pure tones. All reference tones and noise bursts are at
a constant intensity until the target occurs. After 10-30 alternating burst epochs, the target noise
burst occurs and the animal can lick to obtain a reward. In the intensity cue task, the target was a
noise burst presented 15dB higher intensity. In the gap detection task, the target was a noise burst
with a 100 ms gap centered relative to the onset and offset. During electrophysiology recordings,
the identical stimulus task set is presented before and after behavior, while the animal passively

listens.

3.2 Surgery

Behavioral animals were trained in a freely-moving behavioral rig until they reached a
threshold level of task performance. To facilitate stable recording conditions, animals were sur-
gically implanted with a stainless steel headpost attached to the midline suture of the parietal
bones. The implant material (Charisma or Zimmer bone cement) helps to create a sterile field for
maintaining a chronic craniotomy.

One day prior to surgery, animals are given antibiotics (Cefazolin) to facilitate recovery
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and prevent infection. Anesthesia was induced with dexmedetomidine and ketamine and was
maintained with 2% isoflurane. Respiratory rate, ECG, heart rate, spO2, and body temperature
were monitored from induction to when the animal woke up, and emergency drugs were given
as needed to maintain vitals in a safe range. Using sterile procedures, the skull was exposed
and temporal muscles removed to create a surface for the implant material. A stainless steel
headpost was affixed to the skull and titanium screws were embedded to form a mechanical
surface to attach the implant. Dental cement-like material was applied to the top of the skull,
with fewer layers over areas of skull covering auditory and frontal cortices. The location of
the temporal lobe and AC is estimated and measured using anatomical markers. Animals were
in recovery for 4 weeks post-surgery, with additional antibiotics and analgesics administered as
needed. After recovery, animals were habituated to head-fixation in a custom lucite cylindrical
holder for increasing durations over a period of 2 weeks. Then, they are retrained in the head-
fixed experimental rig until achieving threshold performance, at which time recording can begin.

Before recording, a microcraniotomy (1-3mm diameter) was created for access to cortical
recording sites by first drilling through the layer of implant material covering the skull directly
above the auditory cortex. Cavities in the implant material are kept plugged and covered between
experiments using silicone ear impression material and were cleaned and treated with topical
antiseptic drugs (betadine solution) at least once per week and after every recording session. The
skin surrounding the implant was cleaned 3 times per week with saline, dilute betadine solution,
and sulfadiazine ointment. After the craniotomy the animal is allowed to rest for at least one day

to allow the brain to recover from possible damage during drilling.

55



3.3 Structure of recording sessions

Recording sessions typically had a duration of 4-8 hours. All experiments were conducted
in a double-walled sound attenuation chamber (IAC). The animal was secured in a custom lucite
hold and head fixed in place by securing the headpost to a steel bar affixed to the holder. The
craniotomy surface was cleaned and four tungsten microelectrodes with high impedance (4-7
mOhms) are used to record extracellular potentials in the brain tissue. Electrodes were indepen-
dently advanced at 30 degrees from vertical, approximately perpendicular to the cortical surface,
into the brain using an EPS driver system until spontaneous spiking activity was seen in all or
most channels.

Extracellular spiking data was acquired at 1-3 penetration depths per recording session.
Passive tuning properties were assessed using responses to pure tones, temporally orthogonal
ripples combinations (TORCs), and narrowband noise bursts. After measuring passive tuning
properties, the experimental stimuli were presented, including passive presentation in all sessions
and active behavioral conditions for some. After the last passive presentation for one recording
depth, electrodes were advanced 200 pm in order to find a new set of neurons. After record-
ing, electrodes were retracted from the brain and the craniotomy was cleaned and resealed with
ear impression silicone. Stimuli, data acquisition, and analysis are done using custom MAT-
LAB software, and data acquisition also involved Alphal.ab software from Alpha Omega. High
impedance tungsten electrodes (FHC) were used for extracellular recording, arranged in a 2x2
square array and separated by 0.5 mm.

Data acquisition hardware from Alpha Omega recorded electrical potentials at 22 kHz and

amplified x15000. Raw data was filtered and single units were isolated by hand using a combina-
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tion of principal component analysis, K-means clustering, and template matching using custom
MATLAB software. MATLAB code implementing online multiunit analysis was used to calcu-
lated tuning curves and spectro-temporal receptive fields (STRFs) for each recording site during
the session. Recording location in primary auditory cortex is determined using anatomical mark-
ers and comparing responses to known response patterns in primary and secondary cortical areas
[49], [50]. Each neuron or multiunit signal is characterized by a best frequency, which is used to

choose the stimulus parameters for a recording session.

3.3.1 Localization of A1l

The location of Al was first determined by relative distance to cranial landmarks during
implant surgery. The first craniotomy for each animal was placed according to these landmarks
and location in A1 was determined during the first few recording sessions by analyzing the tuning
properties of the recorded cells using pure tone tone pips and TORCs to generate tuning curves
and STRFs. Neurons in Al typically exhibit sharp tuning to pure tones and single-peak STRFs
with short latencies. Subsequent recordings allowed us to determine recording location in Al
based on its characteristic tonotopic organization with high frequencies most most dorsal and
low frequencies ventral.

All sound stimuli were presented at 65dB sound pressure level (SPL), with the exception
of the pure tones tones for generating tuning curves, which were presented at 25-65 dB. Sound
stimuli were generated in MATLAB at 40 kHz sampling rate using custom functions and pre-
sented using National Instruments A/D hardware (PCI-6052E) and a free field speaker located 1

m away in front of the animal’s head.
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3.4 Data Analysis

Tuning properties were assessed using spiking responses to 100 ms pure tones spanning
4-8 octaves, with 11 tones per octave, presented at a range of 40 dB in 10 dB steps. The best
frequency (BF) was determined based on the mean of a Gaussian curve fit to the average firing
rate in the 100 ms window after tone onset.

Baseline STRFs were computed using responses to TORCs presented at a frequency range
overlapping the cells’ BFs. STRFs were obtained using reverse correlation [103] with the spec-
trograms of the TORC stimuli and multiunit or single unit responses. Positive values (red areas)
of the STRFs correspond to spectrotemporal regions that caused firing rate above baseline or

excitation, while negative (blue areas) correspond to decreased firing or suppression.
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Chapter 4: Stochastic Figure-ground segregation

4.1 Introduction

Most studies of non-speech streaming processes rely on subjects’ reports of perception
and use highly sparse acoustic scenes. Obtaining objective measures of streaming require careful
experimental design [128,129]. Micheyl et al. [128] assess streaming by using tasks where stream
formation would either facilitate or impede performance. Briefly, they used two-tone repeating
triplet (ABA) stimuli and required subjects to report a difference in the timing either within-
triplet (impaired by streaming) or between-triplets (facilitated by streaming). Using this clever
task design, the authors showed that in an alternating tone, streaming-facilitated task, increasing
Af degraded performance. Similarly in a streaming-hampered task, increasing Af made the task
easier. On average, these objective performance-based measures correlated with subjects’ reports
of single or multi-stream perception [128].

Coherent moving dot stimuli were first used by Newsome and Paré in 1988 to investigate
neural correlates of coherent movement detection [130]. In recent years, Teki et al. 2013 adapted
this stimulus for investigations of auditory temporal coherence, calling it a stochastic figure-
ground (SFG) [131]. In their stimulus, multi-tone chords are presented periodically, at first with
all random frequencies and later with a subset repeated in consecutive chords. This stimulus

produces a perceptual pop-out, the figure, among non-attending human listeners, indicating that
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some pre-attentive mechanism is at play. A modified chord SFG stimulus has also been used
successfully with ramped and locally roving figure frequencies [132, 133], both of which are
more naturalistic sounds and approach speech-like streaming. Monkeys trained on the chord
SFG task showed elevated AC responses during behavior even on miss trials, indicating that
AC neurons respond to coherence even without (successful) attention [134]. Shinn-Cunningham
2008 asserted that "attention operates on objects,” however it may be that perceptual objects only
emerge with subconscious attention [135].

We introduce here a modified version of the SFG stimulus, replacing periodic chords with
a cloud of tones. Embedded in this tone cloud, a subset of 4-10 tones are presented coherently,
with synchronized onsets, and form a perceptual pop-out known as the figure. The number of
tones in the figure is called the coherence level (CL) and is generally proportional to the ease
of hearing the figure [49, 136]. This tone cloud stimulus is analogous to coarsened noise and
is arguably a more naturalistic acoustic background than random chords. It has been used in
previous studies [53, 137, 138] to measure tuning in AC neurons and can be generated over a
rich parameter space. The SFG stimulus can be used to probe mechanisms of streaming and
perception by manipulating acoustical properties such as the frequency range and spectral and
temporal density. It mimics the spectral complexity of the cocktail party problem while avoiding
potential stimulus-specific processing strategies, such as linguistic information in speech-in-noise
comprehension tasks.

A key difference between the tone cloud and chord SFG [139] is that in the latter, tone onset
times are random rather than periodic [134]. It has been shown that listeners can detect a single
periodic pure tone embedded in a tone cloud [140], indicating that temporal coherence is not

necessary to detect the chord SFG figure. Rather, periodicity or presentation rate may be playing
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arole in producing a perceptual pop-out. In our experiment, the average tone rate in each channel
is constant, so some cross-spectral channel communication is necessary to detect the figure. Thus
with random onsets, we hope to avoid engaging periodicity detection mechanisms (see 1.2.2).
Previous work has validated the relevance of the SFG to naturalistic listening by demonstrat-
ing correlation between performance on SFG tasks and speech-in-noise comprehension [136],
underscoring its relevance to human perception and health.

Another key difference between the stimulus used here and those in previous experiments
[131, 141] is that the figure tone frequencies are part of the tone cloud prior to the first figure
onset. Thus, the beginning of the figure does not result in introducing new frequencies to the

stimulus.

4.2 Methods

4.2.1 Electrophysiology

Animal surgery and electrophysiological recording are performed as described in sec-

tions 3.2 and 3.3. The data was collected from 3 animals (n = 3).

4.2.2 Stimuli

Cloud of tones: A cloud of tones consists of a group of fixed-length (50 ms) tone pips with
5 ms cosine ramp, which occur at random onset times within a set of discrete frequency channels.
A cloud is generated by first selecting an octave range and a fixed number of tones logarithmically
spaced per octave. For animals 1 and 2 we used 6 octaves with 6 semitones per octave, centered

at 1600 Hz. For animal 3 we used the same parameters as well as two spectrally compressed
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Figure 4.1: Schematic of the SFG stimulus, shown with 3 s portions instead of 5 s for visualiza-
tion. right Predicted neuronal interaction. Neurons tuned to figure tones in red will fire coherently
and adaptively and mutually enhance. Meanwhile a neuron tuned to a background tone in blue

will be suppressed due to incoherent firing

versions, with 3 octave range and 12 semitones per octave with lowest frequencies 500 and 1500
Hz. Every frequency channel was a mean tone rate of 4 Hz, meaning on average 4 pip onsets
occur per second in each channel. Onset times were randomly and uniformly generated for a 2 s
window within minimum 50 ms spacing between consecutive onsets, and then are jittered +/- 25
ms to prevent randomly-generated coherence (figure 4.1, first and last third). To obtain a 5 s cloud
stimulus, we generated 6 seconds and kept the first 5, eliminating any pips which overlapped the
border. Perceptual Figure: For the “figure” portion of the stimulus, an initial set of random onset
times is generated at an average rate of 4Hz as described above. In order to control the precise
timing of the first figure onset and last offset, we require that one onset occurs at t = 0 and one at
t=4.95s (3 sand 6 s in Fig. 4.1, respectively). Tone pips occur in each of the figure frequency

channels at these onset times (figure 4.1, red tones). Then, the remaining channels are filled in
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randomly as described above. Importantly, the cloud onsets may not overlap with the figure, in
order to keep the final stimulus envelope relatively flat.

Figure frequency channels were chosen by randomly generating a subset of 10 of the tone
cloud channels. For the 8 tone figure, a subset of 8 of these 10 channels is randomly chosen, etc.
for the other tone number conditions. For ease of interpretation, this procedure was performed
one time, and then the same figure tones were used for the remainder of experiments. For the first
animal, new random tone clouds were generated for every trial and experiment, however with
later animals we pre-generated a set of tone clouds and used these frozen random stimuli for all
subsequent experiments.

Each trial consists of 5 s of random cloud, followed by 5 s of cloud with an embedded
figure, then 5 s random cloud. We hypothesized that the temporal coherence of the figure tones
would cause them to be bound into a stream, and that this effect size would systematically vary
with the coherence level in the stimulus, i.e. the number of tones which make up the figure.
There are a few different results which would show this: (1). The brain will “clean” the cloud
from the cloud+figure portion, i.e. neural responses to non-figure tones will be suppressed during
the middle 5 s; (2). The brain will enhance” the figure tones, i.e. neural responses to figure tones
will be enhanced during and immediately after the middle 5 s. In each experiment with animal
1, 3 CLs were presented with at least 30 unique stimuli each, for a total of 90 trials. For animals
2 and 3, five unique stimuli were generated for each CL condition and each presented ten times
per recording depth, resulting in 50 trials per CL. With animals 2 and 3, at least two CLs were

presented in each experiment, in pseudo-randomized trial order.
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4.3 Results

The cloud of tones is a naturalistic auditory stimulus akin to coarse noise, which is com-
monly used to assess tuning. We first validated that our version of this stimulus can re-capitulate
response fields of Al generated by our standard tuning battery, specifically TORC responses
(see section 3.3). Using lag values of -10 to 120 ms, the cross covariance of the response and
stimulus (auditory spectrogram) was divided by the auto-covariance of the stimulus. Ridge re-
gression was performed with 30 log-spaced values of A and the results averaged. This procedure
was performed for each trial and then averaged, using stimuli and responses to 1-second win-
dows immediately before the figure onset (pre), immediately after the first onset (early), halfway
through figure presentation (mid), the last second of figure presentation (late), and immediately
following the last figure onset (post). As can be seen in figure 4.2, the tone cloud responses well
reconstruct STRFs generated from TORC responses, including the classic checkerboard pattern.
Previous studies have indicated that tuning maps generated with tone cloud stimuli can vary sys-
tematically with tone cloud density, with more spectrotemporally dense clouds producing sharper
tuning [138]. We chose our density parameters based on intuition of human perceptual limits, but
it is possible that a denser cloud would produce better tuning and more striking effects (see sec-
tion 6.1).

An important note is that TORCs contain a continuous range of frequencies spanning a 5-
octave range, while the SFG contains only a discrete set of 37 frequencies spanning either 3 or 6
octaves. Thus, excitatory or inhibitory regions which span multiple channels and appear smooth
are actually interpolated from a few frequency samples by the spectral blurring inherent in the

auditory spectrogram. Horizontally striated regions are visible when this blurring does not fully
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Figure 4.2: Comparison of SFG STRF mapping. For three different units, fop row: STRFs
generated using 3-second TORC responses and bottom row STRFs generated using 1-second
tone cloud responses. The tone cloud maps capture prominent excitatory and inhibitory regions,
with some coarseness due to discrete rather than continuous frequency coverage.

bridge gaps between neighboring tones (see figure 4.2, rightmost plot). 6.1).

Neuronal units demonstrated a few typified responses to SFG stimuli. Units that were tuned
to frequencies far from any figure tones had relatively stable response fields throughout the tone
cloud and figure stimulus presentation. Some units, including one shown in figs. 4.4 and 4.6
showed strongly suppressed responses to the figure tones while maintaining excitatory responses
to their best frequency. Still others as demonstrated in figs. 4.3 and 4.5 were tuned near to a
figure tone and showed strong excitation in response to figure tones. While these response types

are encouraging as a validation of the stimulus and analysis methods, they do not necessarily
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show that a streaming process occurred. One more appropriate evidence is the time-course of
response field modulation taking 1s or more to fully adapt (see fig 4.3). This is more indicative
of a streaming-like response because it follows the known time course of perceptual streaming.

Because the figure tones are correlated during the figure presentation, it is not possible to
disambiguate responses driven by any one of the tones. Therefore, one approach is to examine
the response field during the post period to identify any tuning modulation driven by the figure
presentation. Previous studies have shown that attention-dependent plasticity can persist for min-
utes or up to hours [9, 13], so we assume that the one-second window immediately following the
figure will retain any modulatory effects.

In order to test for statistical significance of excitatory and inhibitory responses, we gener-
ated a null distribution of voxel values using the same procedure as described above for STRFs,
but mismatching responses and stimuli. Briefly, for a single trial of spiking data, we generated
4 STRF’s using the 4 frozen tone clouds which were not presented to evoke the response spike
train. We then down-selected the 128 frequency bins in the auditory spectrogram by removing all
channels which did not correspond to the pure tone frequencies in the stimulus. A Wilcoxon rank
sum t-test was used to select voxels from the data with significant distributions (p < 0.05). Sum-
ming over the 37 (frequency bins) by 130 (lags) response map yielded mean correlation values
for each of the 5 epochs described above. Subtracting the pre epoch from the post epoch yields a
convenient summary value for the size and direction of change in response - stimulus correlation.
Here, we averaged over the response from 20 to 80 ms lag in order to select the strongest response
area corresponding to typical Al tuning.

On a population level, we found that the degree of change from post to pre epochs increased

systematically with coherence level. For 4 figure tones, which is perceptually difficult for humans
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Figure 4.3: Enhanced response modulation evolves over figure presentation. Two example units
showing STRFs generated using 1-second windows during the tone cloud (pre), beginning, mid-
dle, and end of figure presentation, and immediately after the last figure offset (post). Figure tones
are indicated by black bars on the right. For both units, the figure-driven response is initially weak
and is strongest in the late period, indicating a 4-5 second buildup of response modulation.
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Figure 4.4: An example unit where one figure tone coincides with an inhibitory sideband of the
STRE, resulting in inhibitory responses to the figure. Here, response buildup is minimal because
the figure tone is well-aligned with a portion of the STRF
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Figure 4.5: Systematic response to increasing CL. All plots from each cell are normalized to the
same scale. Top row With 4 tones none of the figure tones aligns with the cell’s BF and there
is little figure-driven response; indeed the unit is suppressed in response to the figure. Middle
row With 6 tones, one of the figure toneggmatches the BF and there is a build-up of excitatory
response over the 5-second figure presentation window due to the alignment of one figure tone
(second from the top, around 3 kHz) with the neuron’s BF. Bottom row With 10 tones, there
is again an alignment with the unit’s BF. The unit’s excitatory response rapidly saturates and is
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Figure 4.6: Suppressing modulation strength varies systematically with CL. All plots are nor-
malized to the same scale. One example unit responses to 3 different CLs; 4, 8, and 10. In all
3 conditions, one of the figure tones aligns with an inhibitory sideband of the unit’s response
field. op row With 4 tones there is a slow inhibitory or suppression figure-driven response. mid-
dle row With 6 tones there is a faster anﬁoouﬂdup of response and longer suppressed period as
seen be the increased length of blue stripes in the late response. bottom row With 10 tones, the
unit’s suppressive response rapidly saturates and is maintained throughout the figure presentation
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Figure 4.7: STRF selection algorithm. For each trial, STRFs are generated using the correct
stimulus spectrogram (displayed here as a waveform for simplicity) in addition to 4, incorrect
and mismatched stimuli. The matched stimulus-response STRFs yield voxel distributions corre-
sponding to each frequency — lag pair. The mismatch STRFs are used to generate a null distri-
bution for comparison. In this example unit, an excitatory region in the lower left of the STRF
has a right-skewed distribution, while a voxel near the center of the STRF has a flat, centered
distribution.
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Figure 4.8: STRF changes from pre- to post- figure presentation for two animals. The third
animal did not show significant differences between the 4 conditions. Bars from left to right and
in order blue, orange, yellow, purple represent responses to 4, 6, 8, and tones. Blue and magenta
curves show best fit normal distributions for the 4 and 10 tone distributions (scaled for visibility).
These distributions are significantly different at p < 0.05.

[136], the post - pre curve shown in figure 4.8 is centered, with a low peak. For 10 tones, which
produces a strong perceptual pop-out [136], the curve is right-shifted, which a strong peak in the
positive region. These results indicate that with higher coherence levels, the population response
was modulated by the figure tones with a net response enhancement that persist after the figure
turns off. For 2 of the 3 animals, this effect was strong and statistically robust, however for
one animal the effect is unclear. This animal was previously used for the experiment outlined in
chapter 4 and may have had age-related hearing loss as well as processing deficits due to extensive
recording. For animals 2 and 3, the response changes from 4 to 10 tones were both significant
different with p < 0.005 (Wilcoxon rank sum test).

The results in figure 4.7 are ambiguous in one respect. Most cells changed in a positive
direction, but a large number were in the opposite direction. Why? To explain and predict these
opposite changes, we hypothesized that it is due to the tuning of each cell relative to how the
figure tones drive it. Thus, when even one the figure tones is aligned with a cell’s BF, as is likely

the case when there are many tones (8 or 10), the cells are driven well by the figure and the STRF
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shows strong excitatory correlations with all the figure tones. The opposite happens with cells
that are uncorrelated with the figure tones (or appear to have suppression that is aligned with the
figure tones). These cells become gradually suppressed presumably by cells that are excited by
the figure tones (as was explained in Figure 4.1. As we explained earlier, this alignment of one
of the figure tones and the BF is purely coincidental. And since the tones are correlated among
themselves, they all appear to excite or “suppress” the cell similarly in the STRF figure.

To test and exploit this hypothesis, we first estimated the cells’ BF by correlating the re-
sponse during the 5 second pre epoch of the tone cloud with each of the tones in each frequency
channel. The channel with highest correlation was designated as the BF. We then generated a
BF-triggered PSTH of responses during figure presentation by binning and averaging the unit
response for £120 ms surrounding each BF channel onset. We followed the same procedure to
generate a separate figure-triggered PSTH, using the onset times of the figure to center the win-
dow. We finally compared the two PSTH curves by computing their inner product: the resulting
measure is positive if the cell is driven by the figure tones. It is negative if the cell is inhibited
by the figure. Finally, our hypothesis is that the post-pre figure changes are enhancements if the
correlation measures above are positive, and suppression otherwise. So by splitting the cells into
two groups — positively and negatively correlated with the figure. The distributions of the post-
pre changes of these two cell groups are illustrated in fig 4.8. Units with values between + 0.005
were discarded. As can be seen, there is a strong opposite trend in the plasticity of these cells

depending on how they are sorted (or driven by the figure) as predicted by fig 4.10.
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6 tones figure 6 tones BF

Figure 4.9: Figure and BF -triggered PSTH during the early (green), middle (blue), and late red)
portions of the figure for one cell. The BF was chosen based on responses during the pre - tone
cloud. For this cell, the responses to the figure and the BF are opposite in direction so we would
predict a net negative post - pre response.

4.4 Discussion

Here, we have demonstrated the use of a stochastic figure-ground stimulus to probe mech-
anisms of auditory streaming during passive listening. Temporally coherent tones elicited Al
response modulations in untrained ferrets that persisted after the tones became incoherent again.
The modulation strength was systemically related to the coherence level (number of temporally
coherent tones) and primarily excitatory. This modulation response persistence and the slow time
course of modulation buildup suggest that streaming-like processes are occurring even in the
passive listening animal.

Immediately apparent questions raised by these results are (1) what role does attention play

in response modulations to TC stimuli? and (2) how sensitive or tolerant is the cortex to various
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Figure 4.10: Predicting the modulatory response from initial tuning of 3 animals. Blue bars
indicate the population of neurons with negative correlation between BF- and figure-driven re-

sponses. Red bars are the population with positive correlation. These populations are completely
segregated
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types of temporal coherence? The former question may be addressed by carefully implementing
a figure-detection task or global attention with SFG stimuli in ferrets. The latter suggests a
number of interesting stimulus modifications, including jittering the figure onsets, modifying the
spectrotemporal density of the tone cloud, and eventually investigating the effects of including
harmonically related tones in the figure.

This stimulus has rich potential for future studies of auditory processing because of its
versatility. It can be generated with various spectral spread, spectrotemporal densities, and fig-
ure tone number and spacing. Johns et al. [136] used an almost identical stimulus with human
subjects and showed a correlation in performance on a figure detection task and speech-in-noise
comprehension. Mechanisms of streaming formation and segregation processes are open ques-
tions in addressing age-related hearing loss and central auditory processing disorder. The SFG
has the advantage of avoiding non-acoustic cues (i.e. linguistic context) that can assist humans
in performing speech streaming tasks, while also facilitating cross-species comparisons in brain

processing strategies.
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Chapter 5:  Selective Attention Streaming

5.1 Introduction

As described in previous sections, TC has been implicated in streaming processes by a num-
ber of recent behavioral and human brain studies, however few studies have explored this topic at
a neuronal level. The body of literature describing the perception of alternating pure tones can be
summarized as follows; tones are more likely to fuse and be perceived as a single stream when
they are presented at faster repetition rates and when they are separated by smaller Af. These
two factors also increase the likelihood that two synchronously presented tones are fused into one
stream, and are even tolerant to small fluctuations in tone frequencies [142]. The temporal coher-
ence hypothesis suggests that the underlying mechanism behind tone fusion involves coincidence
computations behind performed between neurons across the frequency spectrum. Neurons with
correlated responses co-enhance and form adaptive, excitatory relationships, while neurons with
uncorrelated responses mutually suppress. The role of attention in this process is to provide a
selection criterion when one or more streams are present; thus any and all inputs coincident with
an attended sound inherit attentional enhancement via mutual excitation.

Lu et al. [53] explored the cortical activity in response to alternating and synchronous
tone presentation, using ferrets trained on a global attention task (See Sec. 1.3 for a compar-

ison of global and selective attention). They found that synchronous presentation resulted in
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STRF enhancement during behavior relative to the passive state, supporting the TC hypothesis
that synchronous tones are perceptually, or neurally, bound together independent of attention.
However, the global attention task did not require any stream selection by the animal and thus
we hypothesize that the modulatory effect of TC was smaller than it would be in, for example,
a cocktail party scenario. In this study, we attempted to implement a selective attention task in
which animals attend to one periodic stream while ignoring a tone presented in a non-overlapping
fashion. Animals are trained to attend to a noise stream, while synchronous and asynchronous
pure tones are presented as potential distractors. We hypothesized that selective attention to one
stream will bind coherent tones that are synchronous with the noise. Coherent tones will be en-
hanced because they will inherit attentive-dependent plasticity via this binding, while alternating,

incoherent tones will be suppressed.

5.2 Methods

Female ferrets are trained on an appetitive, selective attention streaming task to detect an
auditory intensity cue. Animals are placed on water restriction and during task performance, must
withhold licking from a water spout until the target sound is detected. The sound stimulus consists
of alternating pure tones of 80ms duration with a cosine ramp of Sms and 80ms gap of silence
between tones. A narrowband noise(width 1/2 octave) burst plays synchronously(coherent) with
one of the pure tones. All reference tones and noise are at a constant intensity until the target
occurs. After 4-30 alternating burst epochs, the target intensity cue occurs and the animal may
lick to obtain a water reward. The target is a single noise burst played 15-20 dB more intense

than during the reference portion.
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Figure 5.1: left Schematic of the intensity difference detection selective attention task. Reference
number N = 10-30 right Hypothesized cell interaction based on TC theory. Attention to the noise
(located > 1 octave from pure tones) results in relative suppression of the asynchronous tone and
enhancement of the synchronous tone.

Two pure tone frequencies A and B were chosen based on the tuning properties of the
neuronal units measured at a given recording depth (see Sec 3.4). Effort was made to choose fre-
quencies near one or more units’ BFs that would produce distinct responses in all units. Animals
performed the task in 2 conditions; with tone A synchronous with the noise stream (A-SYN) and
with tone B synchronous with the noise stream (B-SYN). The number of references bursts prior to
the target numbered between 4 and 30, with the exact count varied by task and pseudo-randomly
trial to trial. Initially, animals performed all trials of each A-SYN and B-SYN conditions in two
consecutive blocks, but later experiments randomly interspersed the two conditions. Animals
must respond within 1 second after the target onset in order to obtain a reward. Because the re-
sponse window is longer than the target sound, 5 additional references are played after the target.
Post-target reference sounds ensure that the animal is rewarded for detecting the target sound, not

simply the silence signaling the end of the trial.
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Figure 5.2: Schematic of the gap detection selective attention task. Reference number N = 4-10

Within the pre-trial reference set, tones were divided into 5-burst bins for lick count calcu-
lation. Animals were allowed to lick during up to 50% of bins without triggering a terminated
trial. Binning in this way prevents the animal from using a sampling strategy, that is licking once
every few references in order to trigger a reward without actually listening and detecting the tar-
get. Animals were trained until they reached at least 50% discrimination rate and 50% difference
in lick rate at the short trial target time. That is, if the reference counts for a trial block were
10 and 20 references, during the 20-reference trials the animal licked at the 10-reference point
less than 50% of the time. This metric is to ensure that the animal is not using a timing cue and
simply waiting a fixed period of seconds before licking.

Pure tone frequencies were chosen for each experiment based on the response properties
of the neurons being recorded. Ideally, tones are chosen so that one but not both tones falls near
the best frequency of each neuron or recording site. The narrowband noise is placed with center
frequency at least one octave above the higher pure tone.

In many experiments, noise-only trials are also played in the passive and active conditions.
This paradigm represents what we hope to be a streaming task because the animal is trained
to attend to the noise, while both pure tones are distractors. However, we hypothesized that

the coherent tone would be perceptually “bound” with the attended noise and therefore neurons
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responding to this tone would have enhanced responses. Analogously, neurons tuned to the asyn-
chronous or non-coherent tone were hypothesized to be inhibited.

In the intensity cue task, all 3 animals were trained until reaching threshold performance,
defined as 50% discrimination rate and 50% difference in lick rate at the short trial target time
(See 3.1). False-alarm trials resulted in a terminated trial and time-out session. For animals 1
and 2, after this point the false-alarm trials were not terminated, and the animal was allowed to
receive a reward if they successfully licked during the response window. For animal 3, false-alarm
trials continued to be terminated early throughout recording. The former two animals achieved
average hit rates of 93.30% =+ 9.9% and 90.01% + 11.87% with false alarm rates of 52% and
41%, respectively. The third animal achieved an average hit rate of 72.6% + 18.86%.

In the gap detection task, both animals (4 and 5) were trained until reaching threshold
performance before data collection, with false-alarm trials resulting in a terminated trial and time-
out session. Animals 4 and 5 achieved hit rates of 70.91% =+ 29.22% and 51.57% =+ 17.97% ,
respectively. Poor performance by animal 5 may be explained by the transition from training to

data collection resulting in a much longer waiting period in the holder.

5.3 Results

5.3.1 Intensity Cue

Single-unit neuronal responses were sorted and binned into 10 ms windows and averaged
over each 320 ms epoch of the stimulus (2, 80 ms tones separated by 80ms gaps) to obtain peri-
stimulus time histograms (PSTH), as shown in figure 5.3. Most of the units came from animals

1 and 3 (98 and 99 units, respectively, and the remaining 42 from the 2nd animal). Responses
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were analyzed beginning at the middle third of reference epochs because we assume that it may
require a few repeats for stream formation to occur. Synchronous (SYNC) and alternating (ALT)
conditions for each neuron were assigned by comparing average spike rate during passive presen-
tation of the two alternating tone stimuli. Tone A response values were calculated by summing
tone A+noise (A-ASYN, first half) with tone A alone (B-SYN, second half) responses. The same
procedure was followed for tone B response values. Stimuli were assigned as SYNC or ALT rel-
ative to each cell based on which of these responses values was greater. For example, if a neuron
spikes more during (A+noise+A alone) than (B+noise+B alone), we consider A-SYN to be the
SYNC stimulus for that cell and B-SYN to be the ALT stimulus. Only neurons with a minimum
10% difference in spike rate were considered. This selection also ensured that neurons driven
only by the noise stream and not tone A or B were removed.

Many neurons showed changes in responses during the 4 experimental conditions (SYNC
passive, ALT passive, SYNC active, ALT active), as exemplified in figures 5.4a and 5.4b. As
expected, firing rates were globally suppressed during attention, with enhancement of neurons
tuned to the synchronous frequency.

Histograms comparing spike rates in 4 experimental conditions for all 3 animals are shown
in figure 5.5 with overlaid gamma distribution fit lines. A Wilcoxon signed rank test was per-
formed to determine significant differences between mean firing rates during the 4 conditions,
using the Bonferroni correction for multiple comparisons. For animals 1 and 2, firing rates in
the SYNC active condition was significantly higher than the other three distributions (p < 0.05).
These significance relationships held even when false alarm trials from animals 1 and 2 were
included in the analysis. No other pairwise comparison was statistically significant. This is par-
ticularly notable because we initially selected units with at least a 10% difference in response to
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Figure 5.3: Two neurons exemplify TC and attention - modulated responses. top row diagram of
A-SYN and B-SYN epochs for PSTH window alignment. Responses are folded over the length
of one tone cycle, with noise onset at t = 0 and asynchronous tone onset at t = 0.16 s. middle and
bottom rows Example neuron responses to each experimental condition with passive responses in
blue, active responses in red. Left and right plots are A-SYN and B-SYN, respectively.
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Figure 5.4: Comparison of firing rate in 4 experimental conditions for intensity cue task. left
Alternating responses are essentially symmetric for both active and passive presentation, while
synchronous responses skew above the diagonal. right Active responses are heavily skewed
above the diagonal, indicating an increase in firing rate for synchronous over alternating behavior.
Passive responses are symmetric.
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Figure 5.5: Histograms of intensity detection spiking conditions with fit curves. There is a signif-

icant rightward shift in plots (b) and (d). Plot (c) appears to have a shift, but it is not statistically
significant.

tones A and B. However, the passive responses to SYNC and ALT stimuli were not statistically
significant. Therefore, the rightward shift of the distributions can attributed entirely to attentional

engagement.

5.3.2 Gap detection

Data from the gap detection experiment was analyzed in the same manner as above, but
with PSTH windows adjusted to reflect the adjusted stimulus parameters. Specifically, one refer-
ence repeat for the intensity cue sound had duration 320 ms, while one repeat for gap detection

had duration 620 ms. Animals 4 and 5 contributed 39 and 49 neuronal units, respectively. Few
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nating condition is centered at 0. These two distributions are significantly different.
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Figure 5.7: Comparison of firing rate in 4 experimental conditions for gap detection task in both
animals. left Alternating and synchronous responses are essentially symmetric for both active
and passive presentation. right Active responses are slightly skewed above the diagonal, due to
the contribution of animal 4, indicating an increase in firing rate for synchronous over alternating
behavior. Passive responses are symmetric.

neurons showed changes in responses to synchronous vs. asynchronous conditions in the behav-
ing case (See figs. 5.7a and 5.7b). Here, the timing of the PSTH is different because we used
longer tones and smaller silences between tones in order to accommodate a gap in the target.
Accordingly, we reduced the number of reference bursts to 4 to 10 per trial in order to keep the
overall trial length comparable to the intensity cue task. On a population level, neither animal
showed a significant difference between SYNC active and ALT active (p < 0.05).

We hypothesize that the poor behavioral performance paired with small data set prevented
a robust effect from being evident in the gap detection animals. However upon reflection, gap
detection was not the best choice for a streaming tasks. Because the gap interrupts the regular
periodicity of the tone streams, animals may be able to rely on passive mismatch negativity
mechanisms in order to detect the deviant (see Sec. 1.2.2) for a summary of temporal regularity
in streaming). It unclear if that was the case for these animals, but it is something to keep in mind

for interpreting results and a strong caveat to continuing with this stimulus.
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Figure 5.8: Histograms of gap detection spiking conditions with fit curves. Only (d) demonstrates
a significant change.
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5.4 Discussion

The intensity cue selective attention streaming tasks demonstrated a difference in neuronal
responses for units tuned to frequencies which were synchronous vs. asynchronous with the
attended stream. In particular, we showed that the combination of active, attended listening and
synchronous presentation with an attended stream significantly modulated neuronal firing rates
in a way that is not produced by either of those conditions individually. Our results support the
hypothesis that selective attention causes enhancement of responses to other sources temporally
coherence with the attended stream.

However, framing these tasks as selective attention may be a generous interpretation. In
fact, it is theoretically possible to perform both tasks as deviance detection rather than streaming
tasks. It is not possible to examine the “mind of the animal” and determine what strategy it is
employing to solve a task, but global attention or even inattention may explain why including
false-alarm trials did not extinguish the significance relationships between the 4 experimental
conditions for animals 1 and 2. It may also contribute to explaining why animal 4 had good
performance but showed no significant difference in spiking data, while animal 5 had poor per-
formance but some significant differences. If the animals did employ global rather than selective
attention, we have at least reproduced the results of Lu et al. [53], that tone synchrony can induce
a small but significant enhancement in neuronal firing.

Regardless of the attentional strategy employed by the animals, we have demonstrated that
when both synchronous and alternating tones are present, the synchronous tones will bind and
mutually enhance while alternating tones are unmodulated. This result builds on those of Lu et

al. [53], who showed that when only synchronous or alternating tones are present, synchronous
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tones will be relatively enhanced. Our result is highly significant because it shows differential
treatment of SYNC and ALT within-trial and during concurrent presentation.

In order to ensure selective attention, the task must include two adversarial streams and a
target which cannot be detected via global listening or deviance detection. One option would be
to use a two-speaker sequence detection task like that used by Joshi [12]. The animal listens for a
target word uttered by a specific speaker, and the background speaker occasionally uses the target
word but must be ignored. Once the animal can perform this task (no easy feat on its own), new
tones could be introduced which are inharmonic but temporally coherent with one of the voices.
This would allow us to probe whether TC of inharmonic tones will drive responses similar to
harmonics of the voice stream.

A key factor in these experiments is that the noise stream was placed spectrally distant from
the pure tones in order to prevent contamination of responses. Attention is commonly described
as a spotlight which may “shed light” on an area of focus, but may shed leaky enhancement
effects to nearby areas, i.e. frequencies. In this experiment, the spacing of the tones ensured
that they were not driven by the noise during passive presentation and suggests that the observed

effects were due to TC, and not proximity to the attended stream.
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Chapter 6: Conclusions

The neuronal mechanisms underlying auditory perception are largely unknown, with a pri-
mary mystery being how the brain fuses disparate frequency components into unified sound per-
cepts. In this dissertation work, I present three studies, two investigating the role of temporal
coherence across frequencies to induce strean formation, and one postulating a pitch-neuron
model in the early auditory system. These results present evidence that the auditory system is
sensitive to TC in both attended and unattended states, but the role of attention and salience may
be important in mediating streaming processes.

In chapter 2, we postulated a biophysical model for how pitch could be computed in the
early auditory system. The existence of such a neuron has been posited before, but never with
such detail as to how the computation could be performed. Recent work has shown that pitch
encoding exists in the auditory cortex, which we assume is inherited from an earlier stage due to
the necessity of phase-locking for resolved pitch. After poring over the literature on brainstem
connectivity and the limited available information on physiology in that region, we strongly sus-
pect that these cells may exist in the VNLL. The validation of this model would not only solve a
landmark question in auditory perceptual mechanisms, but strongly emphasize the importance of
dendritic morphology and resonances in understanding how neurons integrate inputs, especially

periodic ones. While spike-timing dependent plasticity has been a popular mechanism for some
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time now, the addition of dendritic filtering and lag could be a crucial part of the puzzle of how
coincidence detection or correlation-like operations are performed in the brain. These represent
a class of operations that we have long suspected are taking place in the brain, but have never
found the elaborate network structure expected to perform them.

Chapters 4 and 5 explore the neural correlates of temporal coherence from two different
angles. The stochastic figure ground experiment used passive animals and relied on an assump-
tion that a sufficiently salient figure will create a perceptual pop-out and corresponding neural
response, even in an inattentive listener. This is a reasonable assumption, given that passive lis-
tening ferret brain clean noisy speech [29]. Indeed, we found effects of temporal coherence in A1
in 2 of 3 animals. It’s likely that attention would increase this effect, particularly in higher-order
areas known to exhibit stronger attention-dependent plasticity. Given that different parameters
for a tone cloud can produce different response field estimate, our results may be strengthened or
diminished by a different choice of parameters. It’s difficult to choose an optimal set for ferrets
without first performing a behavioral study, but we have at least shown that an effect exists, with
potential for further investigation.

Chapter 5 approached TC from the perspective of stimulus-stimulus pairing where one
stimulus (the noise) is task relevant and the other (the tones) is uninstructed and irrelevant [143].
We hypothesized that attention can unintentionally leak from an attended tone to an unattended
one via temporal coherence. Here, we tried to trick the animal into streaming. Our results met
with mixed success, with significant changes in firing rate in 3 of 5 animals, and the other two
animals possibly explainable by poor behavior or choice of task structure. This project built on
the work of Lu [53], who suggested that selective attention would produce stronger effects in

A1 than global attention with synchronous tones. In retrospect, our experimental design did not
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require selective attention and could be performed using a global attention strategy. So, Lu’s
hypothesis will take another experiment to test.

These results suggest both top-down (task-driven) and bottom-up (saliency-driven) pro-
cesses have a role to play in streaming. We suggest that pitch, which is a strong cue for harmonic
cancellation of background sounds [de Cheveigne 2020], is computed in the brainstem or mid-
brain at the latest, well upstream of AC. Furthermore, we observed a consistent enhancement
of neural responses only during the attending, synchronous condition of the selective attention
task, while the figure-ground study yielded strong effects with no directed attention. While AC is
strongly implicated in both of these mechanisms [Elhilali 2009], it is difficult to say whether our
observed effects in A1l are driven by modulations in brain regions that are up- or downstream of
the AC.

Throughout this dissertation we have argued that the effects of TC in stream formation are
demonstrated through modulation of auditory cortical responses to sounds which are precisely
synchronized vs. those that are spectrotemporally non-overlapping and/or randomly occurring.
We argue that the effects seen are evidence of TC because of the time course of the modulation;
several seconds of listening are required to observe the largest differences in cortical responses.
This is much slower from what we would expect if the animal was listening specifically to de-
tect a specific frequency or set of frequencies [9, 10]. Our results differ notably from previous
streaming studies in that the primary observed effect was enhancement or increase in neural re-
sponses to TC tones. Previous studies have primarily demonstrated suppression of competing
sounds [9, 12,39, 144], however some have found primarily relative enhancement [42, 50, 59].
One possible cause of this difference is that our observations focused on A1, while non-primary

auditory cortex has been implicated in suppression during complex listening in humans [145]. At-
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tentional modulation of neural responses in ferrets is stronger in A2 and tertiary areas [ 144, 146],
but has not been studied specifically with respect to streaming processes. Furthermore, recent
work has suggested that human A1 may be analogous to the ferret A2 [12, 147], therefore the

animal A1 may be analogous to a subcortical region upstream of the human Al.

6.1 Future Work

The implications of these studies for future lines of research are numerous and branching.
First, the pitch model as described in Chapter 2 suggests candidate locations in the brainstem
for such a neuron to exist. Validation of this model using in vivo, intracellular recording methods
would be an invaluable starting point for further investigation into the neural substrates of pitch
and harmonicity processing. While we strongly believe that the initial computation of perceptual
pitch must occur prior to the midbrain, harmonic-sensitive regions have been found in secondary
AC, suggesting that pitch encoding is preserved throughout the auditory pathway. Biological
validation and localization of our model would no doubt inform future studies of this harmonicity
sensitive encoding.

These insights into harmonicity and spectral cues for streaming would further open up
investigation into the interplay between harmonicity and temporal coherence, and the related
phenomena described by Micheyl [142]. If pitch is indeed computer in the brainstem and encoded
in the secondary cortex, then presumably it must be encoded all along the hierarchy and we have
missed it all this time. Another hypothesis is that the pitch computation operation is re-learned in
the cortex through long-term exposure to harmonic sounds. In this case, there may be a disjoint

between perceptual pitch and cortical pitch. The SFG stimulus as we have formulated it could be
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used for such investigations, by simply choosing a more spectrally dense frequency set to include
multiple harmonics per octave.

Our results using the temporally coherent tone cloud stimulus also raise many questions
primarily in two directions (1) is attention necessary for streaming processes, and (2) what are
the limits of temporal coherence to induce stream formation. The former question is difficult to
address objectively, as we cannot be sure that a passive animal isn’t subconsciously listening,
however the answer seem to be not all the time.” Combining the results of chapters 4 and 5
suggests that attention plays a role, but it may depend on the complexity of the stimulus or the
specific task underlying attentive listening. So, if attention is not necessary, how salient must the
stream be in order for it to form? Or how temporally coherent should it be? The latter question of
course is identical to (2). The next logical step for these studies is to implement a small amount
of jitter in the figure onsets. It is interesting to consider whether there is any perceptual differ-
ence between systematic jitter, fixed jitter, or random jitter; are adaptive coherence relationships
between cells flexible to lag? Bidirectional lag? We know from alternating and synchronous tone
studies that perceptual fusion of 2 tones is tolerant to some degree of lag, but will a more nat-
uralistic stimulus produce the same results? Whatever the case may be, this line of questioning
is sure to be fruitful for generations of scientists, with the SFG as a convenient stimulus in the

toolbox.
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