UC San Diego

UC San Diego Electronic Theses and Dissertations

Title
Contrast, Neutralization, and Systems of Invariance

Permalink
bttgs:ééescholarshiQ.orgéucéitemg9x58g6nZI
Author

Mai, Anna

Publication Date
2022

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqgital Library

University of California


https://escholarship.org/uc/item/9x58g6n7
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA SAN DIEGO
Contrast, Neutralization, and Systems of Invariance

A dissertation submitted in partial satisfaction of the
requirements for the degree

Doctor of Philosophy
in
Linguistics and Cognitive Science
by

Anna Mai

Committee in charge:

Professor Eric Bakovi¢, Co-Chair
Professor Timothy Gentner, Co-Chair
Professor Leon Bergen

Professor Marc Garellek

Professor Brad Voytek

2022



Copyright
Anna Mai, 2022
All rights reserved.



The dissertation of Anna Mai is approved, and it
is acceptable in quality and form for publication

on microfilm and electronically.

University of California San Diego

2022

iii



DEDICATION

For Tom

v



EPIGRAPH

The distinction to be made is not between exterior and interior, which are always
relative, changing and reversible but between different types of multiplicities that
coexist, interpenetrate, and change places—machines, cogs, motors and elements
that are set in motion at a given moment, forming an assemblage of productive

statements: “I love you” (or whatever).

— from A Thousand Plateaus by Gilles Deleuze and Félix Guattari
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ABSTRACT OF THE DISSERTATION

Contrast, Neutralization, and Systems of Invariance
by

Anna Mai

Doctor of Philosophy in Linguistics and Cognitive Science
University of California San Diego, 2022

Professor Eric Bakovi¢, Co-Chair

Professor Timothy Gentner, Co-Chair

Speech is a highly-structured auditory signal that carries necessary and suffi-
cient information for language comprehension among neurotypical, hearing popula-
tions. Speech perception, accordingly, involves the integration of both bottom-up
auditory processing and top-down language knowledge. As explored in Chapter
1, however, while much is known about the brain’s sensitivity to various acoustic
and phonological manipulations, mechanistic transformative links between audi-
tory sensation and linguistic perception remain poorly understood.

This dissertation contributes three studies to the ongoing pursuit of links be-
tween auditory and linguistic processing of speech in the brain. Intracranial stereo
electroencephalography (SEEG) was recorded while participants listened to con-
versational English speech, and for each study, different sets of analyses were
performed to target different aspects of these links.

Chapter 2 introduces a novel comparative technique for the isolation of phono-
logical and morphological identity from the auditory speech signal. Through struc-

tured comparisons of the neural response to sounds in allophonic relationships with

Xiv



one another, sites that dissociate phonemic and morphological identity from acous-
tic similarity were identified. These results provide crucial evidence that the neural
response to speech is sensitive to abstract sub-lexical structure.

Chapter 3 provides general models to account for the unique contributions of
categorical phonemic information and spectrographic information to the neural
response. In lower frequency bands, phonemic category information explained a
greater proportion of the neural response variance than spectrographic information.
These results indicate that the explanatory value of phonemic category features
in neural encoding models is not reducible to the surface spectrotemporal features
that correlate with those categories.

Chapter 4 proposes a model for the relationship between the speech stimulus
and neural response that integrates both phonemic and spectrographic informa-
tion. Inclusion of the stimulus covariance structure increased model accuracy only
when categorical phonemic information was available, indicating that phoneme-
related neural activity is likely mediated through the acoustic covariance structure
of speech. Moreover, phonemic label information conferred no benefit to model fit
when participants listened to speech in an unfamiliar language (Catalan).

Together these studies show that neural responses associated with categorical
phonemic information are language specific and irreducible to speech acoustics,
and they scout a path towards mechanistic, transformative links between auditory

sensation and language cognition.
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Chapter 1

Phonology and the Brain

1.1 Introduction

Phonology is the structure of the smallest contrastive units of language and
the ways in which they pattern within a language, whether signed or spoken.
The basic unit of analysis in phonology is either the distinctive feature or the
phoneme, and the study of phonology encompasses the study of possible phonemic
sequences within a language (phonotactics); language-specific predictable variation
in the production of phonemes conditioned by their phonological context (alterna-
tions); and the cross-linguistic properties of phonemic inventories and alternations
(typology). Within the Chomsky Hierarchy (Chomsky, 1956), human language
phonology is attested to be at most regular, and the vast majority of phonological
patterns are subregular, due to the ubiquity of patterns that require only local
context to compute. This review provides an overview of the major phenomena
of study in phonology and our current understanding of how these phenomena are

instantiated in the brain.

1.1.1 What is phonology?

Phonology encompasses linguistic phenomena that are specific to particular
languages and most aptly described using discrete units that are devoid of semantic

meaning. Core to this definition of phonology is the assumption that a finite set



of discrete analyzable units underpins the sound system of any language, and
that set of units can be defined through the structured patterns of contrast and
neutralization exhibited in that language.

When two sounds contrast, their presence is unpredictable from the surround-
ing phonological environment (Kenstowicz and Kisseberth, 2014). For example,
based on phonological context alone—that is, without consideration of higher or-
der forms of context, such as lexical frequency—the sound sequence [tee], is equally
as likely to be continued by [k| as [p] (i.e., [teep] tap and [teck] tack). Given this
observation, [k] and [p] are recognized as discrete contrasting units in American
English. On the other hand, if the distribution of two sounds is predictable from
their phonological environment, they do not contrast with one another in that
environment. For example, in American English, alveolar nasals regressively as-
similate place. In a word like phonebook, the alveolar nasal [n] assimilates to the
labial place of the following consonant such that [foun]+[buk] becomes [fosmbuk]
in all but the most careful speech. This distribution of nasals is predictable from
phonological context because we do not see [n] preceding labial consonants within
a single word, but we do see [n] in other phonological contexts (i.e., word-finally in
phone). Similarly predictable place assimilation occurs when [n] precedes alveolar
consonants in words like phone line [fovnlam] or phone tag [founteeg]; velar con-
sonants in words like phone call [fovgkal]; and even when [n] precedes labiodental
consonants in phrases like phone fee [foumfi].

In each of these collocations, the meaning of the word phone is constant de-
spite the variability in the pronunciation of the final sound. The sounds are related
to one another through their ability to alternate with one another in predictable
phonological contexts. However, while the sounds [m, 1, nj, n] occur predictably
pre-consonantally, some contrast with one another in other phonological environ-
ments. For example, if we consider the minimal pair phone [fovn] and foam [fovm],
we observe that [n] and [m] do contrast word-finally. However, preceding a labial
consonant, the contrast between [n] and [m] is neutralized due to the process of

nasal place assimilation, whereby both phonebook and foam book surface as [fovm-

buk].



Through such patterns of contrast and alternation, we begin to see the basis
for discrete units in phonology: the [m] in foam book participates in a different set
of contrasts and alternations than the [m] in the word phonebook. To account for
these differences, linguists posit the existence of a type of abstract unit that unifies
each distinct set of contrasts and alternations, called the phoneme. If one accepts
this level of abstraction as reasonable, then alternations can be reframed as the
selection or derivation of a pronounced sound, called a surface form, from a partic-
ular abstract unit, called an underlying form, given knowledge of the surrounding
phonological context. The various surface forms of a phoneme are called its allo-
phones, which comprise phonological features, and the underlying form is typically
said to be the set of phonological features that corresponds to the most predictable
allophone.! Sets of features for both surface forms and underlying forms are then
represented in shorthand by a symbol. In the example given above, [m, 1, nj, n]
are all the symbolic shorthands for the allophones of the phoneme called /n/.

In some ways, the study of alternations is like tossing a ball into a dark, empty
space to probe its dimensions, using what one knows about predictable physical
forces to reinterpret the sound of the ball rebounding off a surface as a distance.
The structure of alternations provide a similar kind of evidence for the static
primitives of a language’s phonology. As discussed above, patterns of alternation
provide evidence for the (synchronically invariant) content of a language’s phone-
mic inventory, and in similar ways they also provide evidence for a language’s
phonotactics (permissible sound sequences) and syllable structure inventory.

For example, syllables with complex codas (e.g., CVCC)? or complex onsets
(e.g., CCV) do not occur word-internally in Levantine Arabic (Broselow 1992,
Watson 2007, Broselow 2018). When an underlying form like /kalb/ ‘dog’ is suf-
fixed with a vowel, as in /kalb-i/ ‘my dog’, it can be syllabified as [kal.bi], but when
it is suffixed with a CV syllable, as in /kalb-na/ ‘our dog’, syllabification alone is

1See Kiparsky (1968) and Chapter 3 of Kenstowicz and Kisseberth (2014) for more thorough
discussion of this issue and the issue of abstraction in phonology more generally.

2The sequence CVCC represents any syllable that begins with a consonant, followed by a
single vowel, followed by two more consonants. In English, the word [1est.tumz] ‘restrooms’ is
two CVCC syllables. The syllable has a complex coda because it has more than one consonant
following the vowel.



insufficient to prevent the occurrence of a word-internal CCV or CVCC syllable.
Instead of [kalbna], the observed surface form of ‘our dog’ is [ka.lib.na]. The in-
sertion of [i] (predictable alternation of () with [i]) at this juncture, where lack
of insertion would otherwise result in a syllable of type CCV or CVCC, provides

evidence for the syllable structure constraints of the language.

1.1.2 Why is phonology an interesting problem for

neuroscience?

One of the central goals of cognitive neuroscience is to understand how sensory
input contributes to behavior. Human language phonology offers a handhold on
this problem, in part because it presents a restricted “binding problem” in which
infinitely variable sensory input is bound to finitely many behaviorally relevant
(phonological) categories. From this perspective, aspects of phonological process-
ing, such as phoneme recognition, appear similar to other psychophysical tasks that
require categorization. For example, many of the hallmarks of categorical percep-
tion are shared with phonological processing: both are early, automatic perceptual
phenomena that are variable across sensory space and modulated by both context
and experience (Holt and Lotto, 2010).

Upon recognizing this similarity, it is typical to conclude that the psychophys-
ical perception literature ought to be brought to bear on the study of phonological
processing. However, the converse conclusion, though less common, is equally wor-
thy of pursuit. That is, results from the study of phonological processing also have
the potential to inform our understanding of psychophysics. With its restricted
binding problem, phonological processing offers a manageable setting in which to
investigate categorization without sacrificing ethological validity. Furthermore,
depending on whether a signed or spoken language is chosen for study, catego-
rization in both visual and auditory domains can be investigated. Within a single
language, study can easily be further restricted to the visual or acoustic correlates
of particular categories or to the categorical correlates of particular continuous vi-
sual or acoustic features. And different languages instantiate different categories,

allowing for naturalistic study of the influence of category inventory on perception



as well. Thus, for those neuroscientists who wish to understand how sensory input
contributes to cognition and behavior, phonological processing is a productive field
in which to test and scale-up theories of perception.

Additionally, beyond its relation to psychophysics, phonology offers a tractable
handhold on the interface between physical sensory stimuli and the abstract cog-
nitive system of language. To date, the overwhelming majority of research on
language and the brain focuses on how the brain processes the structures of lin-
ear sequences of words (syntax) and imputes meanings from them (semantics).
Syntax and semantics are very difficult to study in the brain, in large part due
to their levels of abstraction. A primary assumption in syntactic theory is that
linear orders of words are underpinned by fundamentally non-linear structures,
typically hierarchical structures in the generative grammar tradition (Chomsky,
2009). Studying syntax in the brain therefore requires asserting abstract struc-
tures for linear sequences and correlating sequences that share putative abstract
structures with neural activity. This process is further complicated by the fact
that (in principle) infinite linear sequences can have the same abstract structure,
raising difficulties with stimulus sampling, and that identical linear sequences may
permit multiple abstract structures.®> Studying semantics in the brain is similarly
difficult given not only its inherently abstract nature but also its interaction with
syntax and lack of well-established primitives (cf., syntactic categories for syntax,
features and phonemes for phonology).

Despite these difficulties, syntax and semantics are often privileged in the study
of the neurobiology of language for what they represent to those who study them.
The recursive property of syntax is often referred to as the core of the human
language faculty and has been credited as the primary feature of human language
that distinguishes it from non-human communicative systems (Hauser et al., 2002).

Similarly, use of linguistic meaning has historically been argued to follow directly

3When identical sequences permit multiple abstract structures, sometimes the meaning of the
sequence easily distinguishes which unique abstract structure is intended. For example, given the
sentence ‘I saw the pirate with the telescope,” only one abstract structure is tenable depending
on who has the telescope, me or the pirate. However, in other situations, determining which
structure a listener would arrive at is more difficult. For example, given a ‘hot vegetable dinner’
the difference between the vegetable being hot versus the vegetable dinner being hot is not easily
determined, since the vegetable constitutes the dinner.



from distinctly human capacities for abstract thought (Fodor, 1975). In these
ways, the studies of syntax and semantics stand as proxies for the study of what
it means to be human. However, syntax and semantics are only aspects of the full
system of human language, and while their draw is unmistakable, other aspects of
language offer equally well-suited points from which to launch excavations of the
neurobiological architecture of language.

Key among these, for this thesis, is the language-specificity of phonology and
its webs of contrast and neutralization. Like syntax, phonology is governed by
grammar in the computational sense (Chomsky, 1956). That is, whether a lan-
guage permits a sequence (of words or sounds, respectively) is determined by a set
of rules. However, whereas syntactic grammars typically require a high level of
computational complexity that includes recursivity (Hauser et al., 2002), phono-
logical grammars appear maximally regular (Kaplan and Kay, 1994). Similarly,
while syntactic units of analysis are, in general, independent from the physical
form they take whether signed, spoken, or written, units of phonological analysis
interface directly with the physical signed or spoken linguistic signal. These are
key advantages of phonology in the study of the neurobiology of language. Since
all human languages must share some grammatical properties in common,? it thus
follows that, in determining the phonological grammars of individual languages,
core properties of all human languages are also determined. And in this way, as-
pects of phonology that are particular to specific languages, such as phonological
alternations, shed light on core properties of the language system.

The remainder of this chapter provides an overview of what is currently known
about how different aspects of phonology are instantiated in the brain. Section 1.2
considers phonological features and their relationship to the sensorimotor periph-
ery. Section 1.3 discusses defining properties of segmental phonemes and evidence
for the brain’s sensitivity to those properties. Section 1.4 discusses suprasegmental
units and lexical stress and tone in particular. Section 1.5 reviews how the neural
response to speech is sensitive to different contextual domains, and Section 1.6

provides background for what is currently known about mechanisms for allophone

4in order to be learnable by, in principle, any infant



selection in the brain. Finally, Section 1.7 describes how phonological process-
ing integrates with higher order grammatical structure through morphology, and

Section 1.8 concludes.

1.2 Phonological features

In phonological theory since the late 19th century, phonemes of speech have
been analysed as compositions of more basic units, called features, that are artic-
ulatory and acoustic in nature. Each phoneme in a language is defined by a set
of typically binarily specified® (i.e., +/—) features that distinguishes it from all
other phonemes in the language, and shared feature values define natural classes
that are used to capture the observation that phonetically natural sets of sounds
pattern together. For example, all and only the sounds [p], [t], and [k] are [—voice,
—continuant] in English, and all and only these sounds are consistently aspirated
when they occur in the initial position of stressed syllables. If English speakers
suddenly adopted the use of the voiceless uvular stop [q], a sound that is also
[—voice, —continuant|, we would predict that it would also undergo aspiration in
this context because it shares the features that motivate the pattern. In this way,
the use of phonetically-motivated features makes strong predictions about the role
of phonetic naturalness in phonology.

Because of the simplicity, predictive power, and broad empirical coverage af-
forded by the use of natural classes, feature-based representations of phonemes
are generally uncontested within phonological theory (though see Silverman 2006,
2012). However, determining the neural mechanisms responsible for the explana-
tory power of feature-based representations in theoretical phonology remains an
open area of investigation. Receptive fields estimated from intracranial record-
ings indicate that the spectrotemporal tuning of superior temporal gyrus (STGQG)
is spatially organized such that sounds with a higher degree of temporal variation
preferentially activate sites in posterior STG, while sounds with finer spectral struc-

ture and slower-varying temporal dynamics preferentially activate more anterior

®See Hall (2007) for discussion of alternatives and exceptions.



sites (Hullett et al., 2016). Accordingly, sounds that share common spectrotem-
poral features activate sites that are selective for those features (Mesgarani et al.,
2014). Together, these results show that the brain tracks speech acoustics in a
way that supports the behavior of sounds that share acoustic features behaving as
a class. However, further work remains necessary to whether this activity drives
phonological phenomena that are known to rely on natural class relatedness.

Additional work exploring the brain basis of phonological features makes use of
the Mismatch Negativity (MMN) response. The MMN is a pre-attentive, auditory
event-related potential, elicited by violations of acoustic regularity, most commonly
in passive oddball experimental paradigms. In these experiments, participants
listen to a monotonous series of sounds of one type, called the standard, that is
occasionally interrupted by a sound of a different type, called the deviant. The
difference in evoked response between the standard and deviant stimuli appears as
a negative waveform broadly distributed over the top of the head that peaks 100—
200ms after stimulus presentation. Its magnitude is sensitive but not reducible to
the acoustic difference between the standard and deviant stimulus (Néédtdnen and
Alho, 1997; Néiténen et al., 2007; Winkler, 2007) and, it can be modulated by
stimulus lexicality (Pulvermiiller et al., 2001, 2004; Pettigrew et al., 2004; Shtyrov
et al., 2005), frequency (Alexandrov et al., 2011), context (Jacobsen et al., 2004,
2005), and familiarity (Pulvermiiller et al., 2001; Dehaene-Lambertz et al., 2000;
Néatanen et al., 1997; Peltola et al., 2003; Sharma and Dorman, 2000; Winkler
et al., 1999; Bonte et al., 2005).

For these reasons, the MMN has been used to investigate various questions
about phonological processing in the brain (Naédtdnen, 2001). Early studies of
the MMN indicate that it is dependent on specific language experience, reflect-
ing knowledge of language-specific phonological categories (Naatdnen et al., 1997;
Dehaene-Lambertz, 1997; Cheour et al., 1998; Winkler et al., 1999) and phonotac-
tics (Dehaene-Lambertz et al., 2000). These responses are robust to subphonemic
acoustic variation (Rhodes et al., 2019; Shestakova et al., 2002) and reflect phono-
logical learning, even in adults (Barrios et al., 2016).

Given these properties of the MMN, many researchers have used the MMN to



investigate the brain’s sensitivity to various language-specific featural contrasts.
These studies have observed asymmetries in the elicitation of the MMN that sug-
gest that not all speech sounds are processed equally (Cummings et al., 2017;
Scharinger et al., 2012a; Friedrich et al., 2008; Scharinger et al., 2012b; Eulitz and
Lahiri, 2004; Hestvik and Durvasula, 2016; Scharinger et al., 2016). For example,
some studies appear to provide neurological evidence for the theoretical claim that
coronal sounds are unspecified for place (Avery and Rice, 1989). These studies
show that when the standard is a non-coronal sound like [p, b, k,] or [g], and
the deviant is a coronal sound like [t] or [d], the deviant elicits a large mismatch
response. However, when the standard is coronal and the deviant is non-coronal,
no MMN occurs (Cummings et al., 2017; Scharinger et al., 2012a; Friedrich et al.,
2008). Thus, in theoretical terms, when the standard and deviant differ by one
phonological feature, and the standard is unspecified for that feature, then the
deviant does not elicit a mismatch response. Conversely, when the standard and
deviant differ by one feature, and the deviant is unspecified for that feature, the
deviant elicits a mismatch response. By this reasoning, the MMN has been used to
argue for underspecification of voicing (Hestvik and Durvasula, 2016), vowel height
(Scharinger et al., 2012b), and rounding (Eulitz and Lahiri, 2004), in addition to
coronality (though c.f., Scharinger et al. 2011; Rivera-Gaxiola et al. 2000a,b).

1.3 Phonemes

Other work focuses at the level of the phoneme. Representationally, phonemes
are sets of features that describe a single member of a language’s sound inventory.
For example, while [—voice, —continuant] describes the natural class of phonemes
/p, t, k/, the feature set [—voice, —continuant, LABIAL] describes all and only the
sound [p] in English. In this way, representationally, a phoneme is a natural class
with a cardinality of one. Conceptually, however, three inter-related observations
establish phonemes as a distinct level of linguistic analysis, worthy of study in
the brain independently from features: 1) phonemic contrast is not sensitive to

the details of featural differences, 2) the content of phonemes is fundamentally



abstract, and 3) phonemic contrasts are specific to particular languages.

First, phonemic contrast is such that two phonemes contrast with one another
regardless of the precise featural differences between them. For example, ‘clash’
[klee[] and ‘class’ [klees] are equally distinct words as ‘clash’ [klae[] and ‘clap’ [kleep].
From a synchronic perspective, the type or number of featural differences does not
impact whether that difference can support a semantic contrast: either there is a
featural difference between two sounds and a contrast in meaning is possible, or
there is no featural difference, and differences in acoustic realization cannot support
a difference in meaning. Though /s/ and /[/ differ in only one feature ([£anterior])
while /[/ and /p/ differ in both place and manner features, ‘clash’ [kleef] and
‘class’ [klaes] are no less different words than ‘clash’ [kleef] and ‘clap’ [kleep]. In
this sense, though type and number of featural differences can impact aspects
of language use, such as perceptual confusability, likelihood of sound change, or
probability of speech errors, they do not impact synchronic contrast itself. In this
way, the phonemic level exists alongside the featural level as an additional form
of nonlinearity, buttressing linguistic categoricity against the infinite variability of
speech acoustics.

Much work on speech sound representation in the brain has focused on this
characteristic of phonemes. Often ignoring the precise featural differences between
sound categories, these studies examine how neural activity distinguishes each
sound category from all others. By regressing neural data on categorical speech
sound labels, such work has taken steps towards decoding phoneme-level repre-
sentations from the neural response to speech. Taking advantage of advances in
machine learning techniques, contrasts between vowels and consonants (Pei et al.,
2011) and English phonemes (Blakely et al., 2008; Brumberg et al., 2011; Mugler
et al., 2014) have been decoded from intracranial neural activity. While this kind
of work has proven particularly useful for clinical, brain-machine interface (BMI)
applications (see Wolpaw et al. 2002 and Martin et al. 2018 for reviews), it gener-
ally does not address the second and third properties of phonemes that distinguish
them from other levels of linguistic analysis. Namely, phonemes are fundamentally

abstract representations that are specific to particular languages.

10



These two properties can be illustrated by a brief comparison of Yiddish and
German.® Yiddish and German are closely related descendants of Middle High Ger-
man, a West Germanic Indo-European language spoken in the High Middle Ages
(c. 1050-1500) Their phonemic inventories both include paired series of voiced and
voiceless stop consonants. In Yiddish, as shown in (1), both voiced and voiceless

sounds occur at the ends of words.

(1) Yiddish (via Katz 1987, pgs. 29-31)

a. |kalb] ‘calf’ kelbor]  ‘calves’

[
b. [klap] ‘strike’ [klapon] ‘to strike’
c. [rod] ‘wheel’ [redon]  ‘wheels’
d. [rot]  ‘council’ [roton]  ‘councils’
[folg]  “follow’ [folgon]  ‘to follow’
f.  [folk] ‘people’ [felkor]  ‘peoples’

In contrast, as shown in (2), only voiceless obstruents occur word finally in

German.” Voiced obstruents occur only in non-final positions.

(2) German

a. |kalp] ‘calf-Nowm’ kalbos] ‘calf-GEN’

[
b. [klap] ‘fold up-2s.ImP’ [klapo]  ‘fold up-1s’
c. [wat] ‘wheel-NoMm’ [sados]  ‘wheel-GEN’
d. [wat] ‘council-Nom’ [satos]  ‘council-GEN’
[folk] ‘follow-2s.Imp’ [folgo]  ‘follow-18’
f.  [folk] ‘people-Nowm’ [folkes]  ‘people-GEN’

A general constraint prohibiting voiced obstruents of German from appearing in
word-final position could explain the restricted distribution of voiced obstruents.
However, if one posits only this general constraint, a puzzle remains: Consider

the pairs of words given in (2c) and (2d). Generative approaches assume that

6This section describes Standard Yiddish, as presented in Lombardi (1999) and Katz (1987),
and Standard colloquial German (p.c., Robert Kluender and Eric Meinhardt).

"Pre-obstruent vowels are produced 8.6ms (SE=2.04ms) longer before voiceless obstruents
that alternate with voiced obstruents than before those that do not (Roettger et al., 2014).
However, it remains controversial whether this acoustic cue is used during speech perception.
This issue is discussed in more depth in Section 2.2.3.
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the meaning ‘wheel’ has a single form and that nominative and genitive forms
of that noun are derived through combination of the form meaning ‘wheel’ with
forms meaning ‘nominative’ or ‘genitive’, respectively. From the word ‘council’,
the nominative case appears to be unmarked (i.e., the meaning ‘nominative’ has
no phonological form), and the form corresponding to the genitive appears to be
[0s]. This leaves [sat] to be the form meaning ‘council’. However, when the same
reasoning is applied to ‘wheel’, two forms are left to mean ‘wheel’— [sat] and
[sad].

To decide which of these forms is the single, underlying form of ‘wheel’; we
note that the nominative forms of ‘wheel’ and ‘council’ are homophonous,® but
their genitive forms are not. Thus, while the nominative forms can be predicted
from the genitive, the converse is not true. For this reason, we select /sad/ as
the underlying form of ‘wheel’, and with the support of further data such as that
shown in (2b) and (2e), we posit that the form of the nominative is derived by
the devoicing of word-final obstruents. In this way, we conclude that the lack of
word-final obstruents in German is not a purely static distributional requirement,
but is maintained through the active application of a phonological process.

From these data, we also conclude—at a theoretical level—that an abstract,
phonemic level of representation underlies the surface, acoustic forms that speech
sounds take. Asshown in (2c) and (2d), the phoneme /d/ is realized as [d] in word-
medial contexts and [t] in word-final contexts, while the phoneme /t/ is realized
as [t] in both word-medial and word-final contexts. Although the acoustic contrast
between /d/ and /t/ is neutralized at the ends of words in German, it is maintained
word-medially. In this sense, phonemes are defined through the system of acoustic
forms (=allophones) that they take on in different phonological contexts.

Furthermore, the fact that this pattern of devoicing occurs in German but not in
closely-related Yiddish suggests that phonemes are specific to particular languages
and not artifactual of universal constraints on articulation or perception. Whereas

phonological features such as [tvoice] operate identically in both Yiddish and

8 Although small consistent acoustic differences exist between these two words, they are too
small to reliably distinguish between words during perception Roettger et al. (2014). Accordingly,
(2¢) and (2d) are have been transcribed identically. See also previous footnote.
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German, with [+voice| attributed to all voiced sounds and [—voice] attributed to
all voiceless sounds, voiced phonemes operate differently in Yiddish and German:
in German, they devoice word finally, and in Yiddish, the do not. Thus, phonemes
conceptually enable description and analysis of the intricate networks of sound
patterns that underpin spoken languages in a way that phonological features alone
do not.

A number of studies have assessed the extent to which the language-specific
organization of allophones into phonemes impacts speech sound processing in the
brain. While changes in sound sequences typically evoke a robust mismatch re-
sponse, sound changes that are expected due to language-specific phonological
context—such as the Russian consonant cluster simplification of [astna] to [asna]—
fail to elicit a reliable MMN (Kharlamov et al., 2011). Conversely, when speakers
of a language in which two sounds are allophones of the same phoneme (Span-
ish: [d], [0]) are proficient in a second language in which those two sounds are
allophones of different phonemes (English), they have a more reliable mismatch
response to those two sounds than monolingual speakers of their first language
(Barrios et al., 2016). A similar result has also obtained for Hungarian learners of
Finnish with the vowels [e] and [e], which contrast in Finnish, but not Hungarian
(Winkler et al., 1999).

Such results concord with the core properties of phonemes enumerated in this
section. Despite variability in the number and types of phonological features that
distinguish the sounds involved, MMN responses are unreliably evoked when the
deviant is an allophone of the same phoneme as the standard (e.g., [d] vs. [7]
(Spanish), and [#¢] and [e¢] (Hungarian)), yet reliably evoked when the deviant
is an allophone of a phoneme different from that of the standard (e.g., [d] vs.
[0] (English), and [#] and [e] (Finnish)). Moreover, these results are specific to
participants’ experience with particular languages, with monolingual speakers of
different languages exhibiting qualitatively different responses than one another.
Together, these findings support the idea that neural responses to speech sounds
are organized not only at an acoustic level but also a phonemic one.

The processes underpinning these results are likely complex and coordinated
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across multiple regions. At a broad scale, both inferior frontal and superior tem-
poral regions are implicated in the maintenance of phonemic contrasts during per-
ception. Inferior frontal regions have been most strongly associated with properties
of phonological processing that could be shared in common with other aspects of
language and cognition, such as category formation and maintenance (Hutchison
et al., 2008; Lee et al., 2012; Myers, 2007; Myers et al., 2009). In contrast, activity
in superior temporal regions appear to support the processing of a range of complex
auditory properties, some of which may contribute to the language-specificity and
abstractness of phonemes, and some of which may be language general (Tremblay
et al., 2013; Hullett et al., 2016; Mesgarani et al., 2014). Altogether, the precise
role each lobe plays remains an issue of investigation and debate.

Activity in superior temporal regions is sensitive to familiarity and carries in-
formation that can be used to decode category membership. In particular, Lieben-
thal et al. (2005) show that bilateral anterior and middle superior temporal sulcus
(STS) demonstrate stronger blood oxygenation level dependent (BOLD) response
to categorization along acoustic continua between familiar phonemic speech sounds
than for unfamiliar speech sound continua. Furthermore, once participants have
trained on an unfamiliar continuum, categorization along that continuum also
elicits greater BOLD response in STS (Liebenthal et al., 2010), further demon-
strating that this region is sensitive to familiarity. Therefore, this area may play a
role in phonological processing that requires experience with particular languages
(=specific language knowledge).

Superior temporal gyrus (STG) and the supratemporal plane also carry com-
plex acoustic information that could support phoneme-like activity. Several ar-
eas of the supratemporal plane demonstrate preference for speech over non-speech
sounds (Tremblay et al., 2013) and sensitivity to linguistically relevant acoustic fea-
tures of speech, such as the formant frequencies of vowels (Formisano et al., 2008;
Obleser et al., 2003, 2006) and the spectral composition of consonants (Obleser
et al., 2007; Raizada and Poldrack, 2007). Some areas of the supratemporal plane
are even sensitive to degree of sequential statistical structure (i.e., transitional

probabilities, Tremblay et al. 2013), a property that could be critical for the con-
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textual conditioning of allophones.

Similarly, STG exhibits sensitivity to a variety of complex characteristics of
acoustic stimuli. These characteristics include preference for intelligible speech
(Binder et al., 2000; Price, 2012), entrainment to syllable rate (Giraud and Poeppel,
2012; Di Liberto et al., 2015), and sensitivity to phonological ambiguity (Gwilliams
et al., 2018; Leonard et al., 2016). Moreover, both fMRI and intracranial data from
this region carry information capable of decoding sound category identity (Chang
et al., 2010; Arsenault and Buchsbaum, 2015). Altogether, these characteristics of
superior temporal regions appear highly relevant to various aspects of phonolog-
ical processing in ways that could support the emergence of the categoricity and
language specificity that are hallmarks of phonemes.

Inferior frontal regions also appear sensitive to speech sound categoricity and
display behavior consistent with category formation and maintenance. Presenting
participants with open syllables varying in voice onset time (VOT), Myers et al.
(2009) show that cross-category stimuli (/da/ vs. /ta/) disrupt adaptation effects
in inferior frontal regions, whereas effects in superior temporal regions are gra-
dient across acoustic continua. Similarly, when participants are presented with
open syllables varying in the central frequency of their formant transitions, BOLD
activation in IFG exhibits distinct patterns for stimuli classified as /ba/ and those
classified as /da/ (Lee et al., 2012). Such results suggest that IFG participates
in speech sound categorization, a role which may also support the maintenance of
phonemic contrasts. Furthermore, Liebenthal et al. (2010) also found that IFG
exhibit stronger BOLD response after training participants in categorization along
an unfamiliar speech sound continuum, suggesting that activity in this area may

also support category formation.

1.4 Suprasegmentals

Many aspects of phonology as it is studied in the brain rely on the assump-
tion that phonological units (i.e., features, phonemes) are temporally segregable.

That is, most neurolinguistic work on phonology concerns itself with segmental
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phonemes. However, not all phonemes are segmental and temporally segregable
from other phonemes. Phonemic elements whose primary acoustic cues include
changes in f0, amplitude, and duration—such as lexical stress, phrasal stress, lex-
ical tone, and intonational phrases—cannot be temporally segregated from con-
sonants and vowels. Such phonemic units are considered suprasegmental because
their acoustic realization occurs simultaneously with (i.e., supra, “on top of”) that
of segmental units such as vowels and consonants. This section focuses on lexical
suprasegmentals.

Although lexical suprasegmentals, such as stress and tone, are acoustically real-
ized simultaneously with vowels or consonants, they are nevertheless independent
of segmental units. For example, the difference in quality, length, and loudness
of the first vowel in the English words atom and atomic is best explained by the
relative presence or absence of stress, rather than by a fundamental difference in
the segments that constitute the lexeme atom. Similarly, in Mandarin Chinese,
differences in pitch and voice quality on the word f& /nid/ ‘you’ in phrases like /R
Wi [ni1 hand] ‘you shout’ versus phrases like #R%€ [nid ¢iao?] ‘you laugh’ are best
explained by an (allophonic) change in tone identity rather than segment identity.

Furthermore, just as segmental phonemes are defined through the system of
acoustic forms they take on in different phonological contexts, suprasegmental
phonemes are also defined through the systems of contrasts they participate in. For
example, returning to English lexical stress, the location of stress within a word
is sufficient to support a difference in meaning: Missouri /mi'zoii/ and misery
/'mizoxi/ differ only in the placement of stress yet bear clearly distinct meanings.
In this way, differences in stress placement are contrastive in the same way that
differences in segments like /t/ and /d/ are contrastive in English words like taught
and dot. Moreover, just as the acoustic realizations of segments like /t/ or /d/
are sensitive to phonological context (recall word-final devoicing in German), the
location of stress on a lexeme may also shift depending on its phonological context,
as illustrated by the difference in stress placement on words like atom and atomic,
meteor and meteoric, etc.

The same properties are true of lexical tone. Returning to Mandarin, tone
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identity is sufficient to support a difference in meaning: ¥ /lan1/ ‘blue’ and i
/land/ ‘lazy’ differ only in the tone they carry yet have clearly distinct meanings.
In this sense, differences in tone are contrastive just as differences in segments are.
Furthermore, tones are also subject to contextually-conditioned alternations. In a
pattern called T3 sandhi, the contrast between the falling-rising tone (T3) of i
/land/ ‘lazy’ and the rising tone (T2) of # /lan1/ ‘blue’ is neutralized when T3
is followed by another T3. That is, when a word like ffii /land/ ‘lazy’ combines
with a word like ¥, /guid/ ‘ghost’, it produces fifi % [lan1 guid] ‘slacker’ (lit. ‘lazy
ghost’), which is homophonous with # % [lan”l guid] ‘blue ghost’.

These examples showcase how suprasegmentals behave independently of the
segmental level and are subject to their own structured patterns of alternation and
neutralization. In these ways, suprasegmentals are phonemic, yet the fact that
they are acoustically realized simultaneously with segmental phonemes both raises
fundamental questions about how they are processed during comprehension and
can make them challenging to study in the brain. The following sections review

what is currently known about the processing of lexical stress and tone.

1.4.1 Stress

Some studies address how the acoustic correlates of stress are processed as
stress, while others address speaker knowledge about how stress patterns within
words of the language.

In an AX task asking German speakers to determine whether pairs of bisyllabic
pseudowords were the same or different, pairs differing only in stress elicited an in-
crease in broad language network activation over the activation elicited by pairs of
words that differed in vowel quality (Klein et al., 2011). Similarly broad activation
was observed in Dutch speakers who were asked to determine whether bisyllabic
words they heard were ‘weak-initial” or ‘strong-initial’ (Aleman et al., 2005). These
results may reflect that stress is the product of broadly distributed language net-
work activity, or they may reflect increased effort, since subjects in both studies
performed less accurately on stress perception tasks than control tasks.

Stress perception, especially for words with regular stress, is often difficult
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for speakers to consciously monitor, and this difficulty appears to be reflected in
patterns of electrophysiological responses to stress violations as well. For exam-
ple, as studied in Domahs et al. (2012), trisyllabic words in Polish have regular,
penultimate stress with relatively few exceptions, and speakers perform poorly at
perceiving stress shifts away from the correct position, achieving only 56 — 68%
accuracy at identifying stress violations. Speakers had the greatest accuracy at
determining when words were incorrectly stressed on the initial syllable. Regard-
less of whether the correct and expected stress for these words would have been
regular penultimate stress or irregular antepenultimate stress, forms with initial
stress evoked a positivity 210-560ms after word onset. On the other hand, presen-
tation of stress violations where regular penultimate stress had been shifted to the
antepenult evoked a reliable early negativity (170-430ms) followed by a late pos-
itivity (620-1050ms), and stress violations where irregular antepenultimate stress
has been shifted to the penult evoked only an early negativity (Domahs et al.,
2012).

Similarly, as studied in Domahs et al. (2013a), Turkish has regular final stress
with the exception of a relatively small, semantically restricted set of words that
have penultimate stress. Regardless of whether the correct and expected stress
for words would have been regular final stress or irregular penultimate stress,
forms with incorrect initial stress elicited a positivity 400-700ms post word onset.
Presentation of stress violations where regular final stress had been shifted to
the penult evoked a positivity 850-1100ms after word onset, and violations where
exceptional penultimate stress had been shifted to the final syllable produced a
negativity 500-750ms post word onset.

These patterns seem to suggest that deviations from the regular are processed
differently than deviations to the regular, and that probable deviations—such as
stress on the penult or antepenult for Polish and stress on the final or penult
for Turkish—are processed differently than improbable deviations, such as initial
stress in either Polish or Turkish. Results from Dutch seem to corroborate this
interpretation: Bocker et al. (1999) found that when Dutch speakers were asked to

discriminate between ‘weak-initial’ and ‘strong-initial” words, ‘weak-initial’ words
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elicited a negativity roughly 325ms after the onset of the word. Although task
materials were controlled for word frequency, the asymmetric response to iambic,
‘weak-initial’ words may have been the result of a global imbalance of ‘weak-initial’
and ‘strong-initial’ words in the Dutch lexicon, since roughly 90% of the Dutch
lexicon is ‘strong-initial’, based on counts from CELEX (Vroomen and De Gelder,
1995). Similar, although more complicated, results are found in Cairene Arabic as

well (Domahs et al., 2014).

1.4.2 Tone

Studies of lexical tone have established that the brain responds differently to
manipulations of fO that cue lexical tone identity than to other linguistic manip-
ulations of f0 (e.g., phrasal intonation, pitch declination). Additionally, neural
response to lexical tone information also varies according to the linguistic function
of tone in a particular language.

In a crosslinguistic positron emission tomography (PET) study with Thai, Man-
darin, and English participants, Gandour et al. (2000) show that Thai-like tone
patterns elicit activation over baseline in left IFG for Thai speakers only. Despite
familiarity with lexical tone from Mandarin, Mandarin speakers did not exhibit
increased activation in this region relative to a non-linguistic pitch baseline, nor
did English speakers. From these results, the authors conclude that linguistic
pitch patterns are processed in a top-down manner that is sensitive to particular
language knowledge. Additionally, for Thai speakers, these results demonstrate
that linguistic manipulations of fO are processed differently than non-linguistic f0
manipulations. Similar results were also observed in fMRI (Gandour et al., 2002).

Neural responses are also sensitive to the language-specific systems of contrast
and neutralization that lexical tones participate in. As introduced above, in Man-
darin T3 sandhi, falling-rising tones (T3) are realized as rising tones (T2) when
they occur before another falling-rising tone (e.g., i /land/ 4+ % /quid/ — i
[lan1 guid]). When Mandarin speakers listen to a string of T3 syllables interrupted
by a T2 syllable, the MMN is attenuated relative to when they listen to a string
of T3 syllables interrupted by a syllable with a tone that does not participate
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in sandhi with the falling-rising T3 tone (Chandrasekaran et al., 2007a,b; Cheng
et al., 2013; Hsu et al., 2014; Li et al., 2016; Li and Chen, 2015; Chang et al.,
2019). This effect is explained as a product of T3 sandhi reducing the perceptual
dissimilarity between rising and falling-rising tones. That is, while the rising tone
alternates with the falling-rising tone in Mandarin, other tones do not alternate
with the falling-rising tone. Thus, by virtue of their alternation during T3 sandhi,
rising and falling-rising tones are phonologically more similar to one another.

Similar attenuation of the MMN response has been observed for a sandhi pat-
tern in Southern Min. In Southern Min, tones participate in a complex sandhi
pattern where each tone alternates with a different tone when in occurs in a non-
final position within a word. For example, T7 is a mid-level tone that surfaces
as mid-falling tone T3 when it occurs in a non-final position. When a series of
T7 syllables is interrupted by a T3 syllable, the MMN is attenuated relative to
when a series of T7 syllables is interrupted by a syllable with a tone that it does
not alternate with (Chang et al., 2019). Moreover, Chang et al. (2019) observe
this attenuation only in skilled speakers of Southern Min, suggesting that knowl-
edge of Southern Min drives the effect, rather than acoustic features of the tones
themselves.

When listeners are presented with sentences containing a semantic error caused
by either a tonal change or a segmental change, the neural response is similar. That
is, when hearing a Cantonese sentence such as “..he sees the doctor to treat his
__ 7, if the gap is filled with /bey1/ ‘biscuit’ or /boud/ ‘step’ instead of /bey/
‘illness’, the N400 response elicited by the segmental error is similar in amplitude
and latency to that elicited by the tonal error (Schirmer et al., 2005). From this
result, Schirmer et al. (2005) concluded that both segmental and suprasegmental
phonemic information are accessed at roughly the same time during word recog-
nition. In a similar manipulation with Mandarin, tonal errors were found to elicit
an earlier and more left-lateralized negativity than segmental errors (Malins and
Joanisse, 2012). However, segmental errors were more likely to phased later than
tonal errors in this study (i.e., changes to the the second vowel targets of diph-

thongs or changes to coda consonants), so the difference in latency between these
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two conditions may be a consequence of this difference. At the very least, as Malins
and Joanisse (2012) concluded, this result suggests that tone information is not a
weaker cue to word recognition than segmental information.

Altogether, electrophysiological studies indicate that the brain is sensitive to
lexical tone in ways comparable to its treatment of other phonemic information.
To-date, studies exploring the neural basis of lexical tone have been heavily biased
towards Sinitic languages and Mandarin in particular. While there are clear experi-
mental advantages to studying well-documented languages with large speaker pop-
ulations, conclusions about the neural treatment of lexical tone would be strength-
ened by study of a broader sample of languages in which differences in f0 are
phonemic. For example, are lexical and morphological tone processed similarly in
a language like Akan? How are tone melodies processed in a language like Mende?
Are the processing consequences of sandhi patterns in Sinitic languages similar
to those of Otomanguean languages? Answering these and other fundamentally
crosslinguistic questions will undoubtedly strengthen our understanding of how the

brain integrates fO information during spoken language processing.

1.5 Phonological domains

Many phonological processes are constrained or conditioned by factors other
than their immediate phonological surroundings. Such processes provide evidence
for the existence of abstract, language-specific domains above the level of individual
sounds or articulatory gestures. For example, the adaptation of English loanwords
into Hawaiian provides evidence for the existence and structure of the syllable.
In English, the sequence of sounds ['meii 'kusmos] is used as a greeting in late
December: ‘Merry Christmas’ However, several phonological properties of this
phrase do not occur in Hawaiian, so when the greeting ‘Merry Christmas’ was
borrowed into Hawaiian, it was adopted as the sequence [mele kalikimakal.

In Hawaiian, ['meai 'kaismos] becomes [mele kalikimaka| for three reasons. First,
the sound [1] does not occur in Hawaiian; it is replaced with [l]. Second, the sound

[s] does not occur in Hawaiian; it is replaced with [k]. And third, Hawaiian does
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not permit consonants that are not immediately followed by a vowel, so a vowel
is inserted between the clusters [ki] (or [kl]) and [sm] (or [km]) and after the fi-
nal consonant of ‘Christmas’ The generalization that Hawaiian does not allow
closed syllables or complex onset clusters follows from this third generalization.
In this sense, the phonotactic constraints of Hawaiian are sensitive to the word’s
syllable structure: while vowels are permitted both word-initially and word-finally,
consonants are not permitted word-finally because syllables that end with a conso-
nant are disallowed in Hawaiian. Appealing to the syllable in this way also allows
the analyst to explain why sequences of consonants are also not permitted in the
language: they would result in impermissible syllable structures.

In addition to phonotactics, other phonological phenomena that are sensitive to
the syllable domain include lexical stress, Arabic emphasis spread, reduplication,
and language games like Pig Latin in English or Verlans in French. Of these, lexical
stress and its interaction with higher prosodic domains, such as the foot, has been
studied most extensively in the brain. For example, German words are composed
of trochaic feet constructed from the right word edge (Féry, 1998; Giegerich, 1985;
Vennemann, 1990). Regardless of footing, listening to incorrectly stressed words
resulted in increased activation in bilateral superior temporal gyrus (STG), while
correctly stressed words evoked greater activation in left posterior angular gyrus
and right retrosplenial cortex. For incorrectly stressed words, this STG activation
was primarily driven by stress violations that would require refooting, such as
a word like [bi'kini] being stressed as [biki'ni], whereas incorrectly stressed words
that would not require refooting engaged bilateral inferior and middle frontal gyrus
(including Broca’s area) and supplementary motor area (Domahs et al., 2013b).
Using similar task materials in EEG, Domahs et al. (2008) found that incorrectly
stressed words evoked a late positivity, interpreted as a P300 effect, and that stress
violations that would require refooting elicited positivities of greater magnitude
than those that would not.

Other phonological phenomena take place over longer timescale domains, such
as the word, phrase, or utterance. Some of these processes, such as pitch dec-

lination, are tempting to think of as physiologically deterministic and outside of
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speaker control. After all, as air pressure in the lungs lowers over the course of
an utterance, the frequency of vocal fold vibration and consequent vocal pitch
have a tendency to fall. However, not only is the rate of pitch declination under
speaker control, the way it is controlled varies crosslinguistically (Yuan and Liber-
man 2014; Cui and Kuang 2020, among others). Although the neural correlates of
pitch declination specifically have not yet been explored, correlates of voluntary
pitch control have been observed in English speakers (Dichter et al., 2018)., Often,
the beginnings and endings of these domains are subject to distinctive phonological
processes, such as phrase-initial strengthening or word-final devoicing. Some work
suggests these domain edges have special, prominent representation in the brain

(Hamilton et al., 2018).

1.6 Phonological processes

In generative phonological theory, these kinds of patterns are typically consid-
ered to be the result of a process whose inputs are abstract phonological units, such
as feature bundles, and whose outputs are equivalent to attested spoken language
at a certain level of generality.” Phonological theories can then be divided into
two major types based on the form they propose that these processes take. Rule-
based theories conceive of the mapping from phonological to phonetic space as the
application of a series of maximally regular rules, and constraint-based theories
conceive of this mapping as a constraint optimization problem where the optimal
output form for a given input form is selected from a set of possible candidates
based on the way in which it satisfies a set of linguistically-informed constraints.

A number of papers have attempted to provide evidence that the brain orga-
nizes its response to spoken language in a way that would be consistent with either
rule- or constraint-based processes. For the French obstruent voicing assimilation

pattern, Sun et al. (2015) observe a MMN response in left central electrodes 140-

9That is, the outputs of phonological processes are not in general specific enough to, say,
generate a fully natural sounding speech signal, but are intended to be specific enough that
a natural sounding speech signal could be derived from them through the application of some
additional deterministic process that makes more explicit reference to articulators and their
acoustics.
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240ms after the deviant consonant followed by a late positive component (LPC)
across parietal electrodes 360-520ms after the deviant consonant. A similar MMN-
LPC complex has been observed in response to violations of Finnish vowel harmony
(Ylinen et al., 2016). In a study on German stress shift, however, only an early
negativity was evoked by phrases with ungrammatical stress clash, and only an
LPC was evoked by phrases where the stress shift process had applied (Bohn et al.,
2013). These studies are framed in terms of phonological rules, and deal with pat-
terns that would otherwise require the interaction of more than one constraint,
if they were to be framed from the perspective of a constraint-based theory. In-
stead, constraint-based neurolinguistic work tends to focus on the significance of
patterns that showcase the relevance of single, often phonotactic, constraints. In
studies focusing on phonotactic constraint violations, novel forms evoke an N400,
and phonotactically illicit forms additionally elicit an LPC response. This pat-
tern of responses has been observed for German OCP violations (Domahs et al.,
2009), Finnish vowel co-occurrence restrictions (Aaltonen et al., 2008), and the
violation of laboratory-learned artificial phonotactic constraints (Moore-Cantwell
et al., 2018).

While conclusions about whether rules or constraints best characterize how the
brain organizes its response to natural language phonology appear to be a ways
off, this literature provides converging evidence for two important generalizations.
First, neural responses are consistent with mapping from an abstract underlying
form to a physical acoustic form, validating the way of thinking about phonology as
a kind of mapping problem. And second, some of the neural components evoked by
phonological manipulations—such as the N400 and LPC—are commonly evoked
by syntactic and semantic manipulations as well. This observation suggests that
some of the neural mechanisms supporting higher order linguistic organization (i.e.,
syntax, semantics) may support abstract language organization at the phonological

level as well.
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1.7 Morphophonology

One of the largest questions animating research in morphological processing
concerns how the brain performs composition and decomposition of morphological
structure during production and comprehension.

Work in this field has identified left lateralized cortical areas linked to composi-
tional morphology through the study of both lesioned and healthy brains. Patients
with left-hemisphere damage that includes inferior frontal regions demonstrate se-
lective impairment in auditory immediate repetition priming for decompositional
inflectional morphology (i.e., pairs like join, joined) but not irregular inflectional
morphology (i.e., pairs like find, found) (Marslen-Wilson and Tyler, 1997; Tyler
et al., 2002). Similarly, in healthy listeners asked to perform a semantic match-to-
sample (AX) task, related pairs with regular, decompositional inflectional morphol-
ogy elicit greater BOLD response in left IFG, left anterior cingulate, and bilateral
STG compared to related pairs with irregular inflectional morphology (Marslen-
Wilson and Tyler, 2007). Moreover, when participants are asked to produce regular
past tense forms out loud from visually-presented present tense forms, left STG
in particular generates a greater BOLD response for decomposable regular forms
over non-decomposable irregular forms (Desai et al., 2006).

From these and other results, compositional processing for inflectional mor-
phology is well established. However, whether the processing of derivational mor-
phology involves composition remains a topic of some contention. Derived forms
do not appear to be processed compositionally in fMRI studies of Polish (Bozic
et al., 2013a) and English (Bozic et al., 2013b). But in EEG, using an ERP design,
Havas et al. (2012) provide evidence from Spanish nominalization to suggest that
recognition of derived word forms engages both word-level and decompositional
processes. Similar engagement of both word-level and decompositional processes
has also been observed in Finnish (Leminen et al., 2013).

To date, morphophonological studies generally subserve these larger questions
around morphological structure and compositional processing. For example, sev-
eral studies have looked at how morphological structure influences the predictabil-

ity of subsequent phonemes. Ettinger et al. (2014) found that phoneme sequences
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like [kil] predicted morphologically related forms like killed and killer more strongly
than sequences like [bib] predicted words like bourbon and burble. Similarly, in
languages with nonlinear (non-sequential) morphological structure, phoneme-level
processing also seems to be influenced by morphological constituency. For exam-
ple, in Modern Standard Arabic, the neural response to the /t/ in a word like
/nabata/ ‘grow’ is better predicted by the preceding root consonants /nb/ than
by the full preceding context /naba/ (Gwilliams and Marantz, 2015).
Furthermore, Marslen-Wilson and Tyler (2007) find that both regular pairs
of present and past tense verbs (i.e., join, joined) and pseudo-regular pairs (i.e.,
crey,creyed) evoke greater BOLD response in left IFG and bilateral posterior STG
than phonologically similar pairs that could not be interpreted as regular English
morphology (i.e., clay, claim or blay, blane), indicating that these areas are sen-
sitive to morphophonological cues to potential inflectional affixes. However, when
compared against pairs of pseudo-words that could not be interpreted as past tense
forms (i.e., blay, blane), past-like pseudo forms (i.e., crey,creyed) evoked greater
BOLD response only in left IFG. This result suggests not only that IFG is sensitive
to possible compositionality, but also that lexicality is critical to the differential
response in STG observed for the comparison that included both real and pseudo-
words (i.e., play, played and crey, creyed vs. clay, claim and blay, blane).
Additionally, misapplications of regular morphological rules have been shown
to elicit an early left lateralized negativity in Catalan (Rodriguez-Fornells et al.,
2001), German (Weyerts et al., 1997; Liick et al., 2006), English (Newman et al.,
1999), and Italian (Gross et al., 1998), which has been hypothesized to index mor-
phological decomposition. In morphological domains where L2 learners are highly
proficient, this early negativity is also observed, but in domains where they are less
proficient, L2 learners lack this negativity, suggesting that sensitivity to compo-
sitional morphological structure may be a sign of more efficient, expert language

use in these generally agglutinative languages (Hahne et al., 2006).
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1.8 Conclusion

This brief survey skims the surface of both phonology and the neuroscience of
language. In doing so it aims to provide the reader with a sense of the vast and in-
choate nature of the the intersection between these two areas of study. Broad treat-
ment of phonological phenomena was prioritized, including discussion of phono-
logical features, phonemes, suprasegmentals, phonological domains, phonological
processes, and the interaction of phonology of with morphology. Although the
total number of studies on phonology and the brain is large, coverage across these
phenomena is nevertheless relatively thin, highlighting the vastness of the territory
that phonology encompasses.

Moreover, from phenomenon to phenomenon many of the same brain areas
and neural signatures recur frequently. In fMRI, phonological phenomena from
phonemic categorization to morphophonological processing implicate both STG
and IFG, and in EEG, the MMN response is sensitive to an equally broad range
of phonological manipulations. These observations are both frustratingly and tan-
talizingly broad, providing ample evidence for “sensitivity” to numerous kinds of
structures whose existences are motivated by phonological theory, but relatively
little understanding of the neural mechanisms that could support instantiation of
those structures.

This thesis leans into the tantalization of the literature. In some places, it
provides further evidence for neural sensitivity to certain kinds of phonological
and morphophonological structure (Chapter 2), in others it provides an overview
of phonological sensitivity across a range of neural features (Chapter 3), and in
yet others it provides evidence for the structure of the bridge between sensory
and linguistic processing of speech sounds (Chapter 4). In doing so, this work
contributes one chapter at a time to answering the questions posed in Section 1.1
of this chapter (“What is phonology?” And, “Why is it an interesting problem for
neuroscience?”) and hopefully models ways for future work to approach answering

those questions too.
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Chapter 2

Phonological and Morphological

Abstraction in Speech Processing

2.1 Introduction

2.1.1 Context-dependent speech sound processing

The high spatiotemporal resolution of intracranial recordings has enabled fine-
grained investigation of the neural basis of speech sound processing. The millimeter-
scale spatial resolution afforded by high-density grid recordings has allowed esti-
mation of receptive fields across superior temporal gyrus (STG) (Holdgraf et al.,
2016; Hullett et al., 2016) and provided evidence of a richly structured mosaic of
functionally distinct sub-centimeter regions (Flinker et al., 2011; Chan et al., 2014).
The millisecond-scale temporal resolution has allowed observation of fluctuations
in population activity that track the rapid acoustic transitions of natural speech
(Berezutskaya et al., 2017). Altogether, intracranial recordings have provided the
degree of resolution necessary to observe the selective encoding of speech sounds
relevant for phonological processing.

In addition to detailed representations of sub-phonemic acoustic features, in-
tracranial recordings have also provided evidence for higher order auditory process-
ing in STG, including the encoding of categorical perception (Chang et al., 2010)

and representations modulated by context. Contexts which have been shown to
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modulate responses to speech sounds include the degree of intelligibility of spec-
trally degraded speech (Nourski et al., 2019), lexical sequence probability (Leonard
et al., 2016), phonological neighborhood density (Cibelli et al., 2015), and selective
attention (Mesgarani and Chang, 2012). Contexts like unintelligible, spectrally de-
graded speech have been shown to decrease the SNR of the response relative to
intelligible speech, while selective attention contexts and high lexical sequence
probability contexts increase response SNR. These results demonstrate the ex-
tent to which neural activity, particularly in STG, reflects information beyond the
acoustics of the sensory signal.

In light of the context-sensitive activity already observed in STG, this chapter
investigates the extent to which phonological and morphological context influence
sensory processing. Previous work has provided evidence for computations that
would support language-specific phonological processing: namely, the encoding
of both subphonemic detail and phonemic category (Chang et al., 2010; Toscano
et al., 2010) and the representation of speech sounds as combinations of acoustic
features relevant for phoneme distinction (Mesgarani et al., 2014), (cf. distinctive
feature theory: Gussenhoven and Jacobs 2017; Chomsky and Halle 1968; Jakob-
son et al. 1963). However, these studies examine features and phonemic contrasts
that—while focusing exclusively on English speakers—fail to illustrate the extent
to which their results reflect structured knowledge of the English phonological sys-
tem specifically or properties of human speech perception more generally. For this
reason, the study described here leverages language-specific phonological and mor-
phophonological alternations to adequately assess the degree to which language-

specific linguistic knowledge shapes sublexical speech processing.

2.1.2 Target phones and environments

The primary phonological opposition considered is that of [d] and [t] and their
contextual neutralization to [r]; and the morphophonological processes considered
are the formation of the regular past tense and regular plural. These phenomena
were chosen to guide the investigation because each involves alternation and neu-

tralization of contrast and occurs with relative frequency in typical English speech.
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In the case of the the phonological neutralization of coronal stops to tap, the neu-
tralization context provides a window on the one-to-many mapping of acoustic
forms to phonological constructs, while the morphophonological alternations pro-
vide a window on a slightly more abstract many-to-one mapping from phonological
forms to morphological exponence.

The phonemes /t/ and /d/ participate in several alternation processes in which
their contrast is either preserved or neutralized, including word-final devoicing,
initial aspiration, and intervocalic tapping. From their participation in these and
other phonological patterns, we observe that these two sounds form a minimally
contrastive pair. They contrast in neither place nor manner of articulation, but
primarily in the timing of their release gesture relative to the onset of a following
vowel (VOT: voice onset time). While /t/ may be found with a large positive
VOT (aspiration) at the beginning of stressed syllables and prevocalically, /d/ has
a small, but typically still positive VOT. In traditional analyses, the phonetic basis
for the contrast between /t/ and /d/ has been associated with the binary feature
[£voice], such that /d/ is referred to as a voiced stop, and /t/ is referred to as a
voiceless stop. However, from an articulatory standpoint, the laryngeal gestures
associated with these sounds are similar; thus, the contrast between /t/ and /d/
would be more accurately referred to as one of aspiration rather than voicing. For
clarity and efficiency of prose, we continue to refer to the opposition between /t/
and /d/ as one of “voicing,” but the reader should keep the basic phonetic facts
of the opposition in mind, especially as we consider the relationship of phonetic
form to phonological representation.

While /t/ is typically characterized as a voiceless aspirated coronal stop, and
/d/ is typically characterized as a voiceless unaspirated coronal stop, their realiza-
tion varies based on phonological context. The canonical aspirated [t"] is typical
of syllable-initial, prevocalic, stressed contexts, and we refer to the aspiration of
/t/ in this environment as initial aspiration. In word-final contexts however, stops
are frequently unreleased, unaspirated. Without its definitive aspiration, the pho-
netic realization of /t/ is similar to that of /d/, and the partial neutralization of

this voicing contrast in word-final contexts is referred to as word-final devoicing.
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However, neutralization of the voicing contrast is not the only possible realization
of /t/ in this environment. Realization of /t/ as [?] is also common word-finally
or when /t/ is followed by a syllabic nasal, as in button or mountain. Another
contextual neutralization of /t/ and /d/ occurs intervocalically, preceding an un-
stressed syllable, where both /t/ and /d/ surface as a coronal tap [c], as in writer
and rider. Taking into consideration the substantial, systematic acoustic and ar-
ticulatory variation underpinning the phonological constructs we refer to as /t/
and /d/, each context of interest is coded both for its putative underlying form
(i.e., /t/, /d/) as well as for its phonetic realization (e.g., [t], [?], [c]).

The two morphophonological contexts of interest also exhibit substantial vari-
ation in their realization depending on the phonological context. The regular past
tense takes one of three forms: a voiceless coronal stop [t], a voiced coronal stop
[d], or a syllabic voiced coronal stop [od]. The voiceless form surfaces following
voiceless consonants other than [t], the voiced form surfaces following voiced seg-
ments other than [d], and the syllabic form surfaces elsewhere (i.e., following [t]
and [d]). Similarly, the regular plural manifests in one of three forms: a voice-
less coronal sibilant [s], a voiced coronal sibilant [z], or a syllabic voiced coronal
sibilant [0z]. The contexts in which each of these forms surfaces also mirrors that
of the past tense. The voiceless form surfaces following voiceless consonants other
than sibilants [s, tf, [], the voiced form surfaces following voiced consonants other
than sibilants [z, d3, 3], and the syllabic form manifests elsewhere (i.e., following
sibilants [s, z, tf, dz, [, 3]).

Natural speech stimuli for the passive listening task were designed to exploit
the (morpho)phonological patterns described above to dissociate phonetic, phono-
logical, and morphological representations from one another. All stimuli were
phonetically segmented and labeled with the surface form of each phoneme, and
each brief monologue contained at least ten instances of each surface form rele-
vant to the predetermined (morpho)phonological contexts of interest: t, r, d, s,
z. These surface forms are allophones of the phonemes /t/, /d/, /s/, and /z/,
and participate in intervocalic tapping, the formation of the regular plural, or the

formation of the regular past tense.
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Given that auditory processing primarily proceeds in a feedforward manner
from spectrotemporal features of the sensory input, it is anticipated that many
speech selective sites will demonstrate an acoustic ‘surface response’, where the
responses for all taps are more similar to one another than to the voiceless coronal
stop allophone of /t/. However, if it is the case that phonological context is used
to compute phonemic identity during language processing, even when the acoustic
contrast between two phonemes is neutralized, then there also should exist sites
demonstrating a phonemic ‘underlying response’, where the neural response to
underlyingly /t/ taps (tap__t; i.e., writing) is more similar to other allophones of
/t/ (t; i.e., voiceless alveolar stops) than to underlyingly /d/ taps (tap_d; i.e.,
riding).

Similarly, for the two morphophonological comparisons, it is anticipated that
some speech selective sites will demonstrate a ‘surface response’, where responses
for [z] forms of the plural and [d] forms of the past tense are more similar to word-
final non-plural [z] and non-past [d], respectively, than to the voiceless forms of the
plural and past tense, respectively. Additionally, if it is the case that morphological
identity is abstracted from phonological context, then there should also exist sites
demonstrating a morphological ‘underlying response’, where the neural responses
to both voiced and voiceless forms of the plural and past tense pattern together to
the exclusion of word final non-plural [z] and non-past [d], respectively.

In this way, observing the distribution of surface and underlying sites for the
coronal tap, plural, and past tense comparisons has the potential to provide critical

evidence for the mental reality of phonemes and morphemes.

2.2 Methods

2.2.1 Participants

Study participants were ten patients at UC San Diego Health who underwent
subdural electrode implantation as part of treatment for refractory epilepsy. All
were native English speakers who had no prior experience with Catalan, and all

reported normal hearing, performed within the acceptable range on a battery of
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Table 2.1: Summary of basic patient information. *While patient SD013 did not
experience a clear, prolonged speech arrest with either injection, he demonstrated
greater language deficits following left hemisphere injection.

Patient Age Gender Handedness Wada Coverage Language Experience
SD010 28 M R — sEEG: LH,RH English

SD011 32 M R LH sEEG: LH,RH English, Creole, French
SD012 25 F R LH sEEG: LH,RH; Grid,strips: LH English

SD013 43 M L LH* sEEG: LH,RH English, Spanish
SDo15 55 F — sEEG: LH,RH English

SD017 21 M R - sEEG: RH English, Spanish
SD018 42 F L RH sEEG: LH,RH English, Spanish
SDo19 21 M R — sEEG: LH,RH English

SDo21 33 F R — sEEG: LH,RH English

SD022 23 M R — sEEG,Grid: RH English

neuropsychological language tests, and exhibited left hemisphere language domi-
nance as assessed by clinicians using the Wada test. The research protocol was
approved by the UC San Diego Institutional Review Board, and all subjects gave

written informed consent prior to surgery.

2.2.2 Stimuli

Participants passively listened to short excerpts of conversational American En-
glish speech taken from the Buckeye Corpus (Pitt et al., 2007). Interspersed with
the passages from the Buckeye Corpus were short passages of conversational Cata-
lan taken from the Corpus de Catala Contemporani de la Universitat de Barcelona
(Alturo et al., 2002). To assess participant attention to the task, participants re-
sponded orally to a two-alternative question about the content of each English
passage, and for Catalan passages, participants were instructed to listen for En-
glish words embedded in the recording and press the space bar when they heard
an English word.

English passages were 25-76s long (mean 38s) taken from 27 (12 women; 15
men) native speakers of Midwestern American English living in Columbus, OH
between October 1999 and May 2000. Per corpus documentation (Pitt et al., 2007),
excerpts were recorded monophonically on a head-mounted microphone (Crown

CM-311A) and fed to a DAT recorder (Tascam DA-30 MKII) at a 48kHz sampling
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rate through an amplifier (Yamaha MV 802). Following each excerpt, participants
heard a two-alternative choice question regarding the content of the passage they
heard, and they were asked to respond orally to the question to ensure that they
were alert and paying attention to the passages that they heard. These questions
were recorded with a Blue Yeti USB microphone sampling at a rate of 48kHz by a
speaker of American English. The amplitude of all English passages and questions
was normalized to -20dBFS prior to padding with 500ms silence.

Catalan passages were 44-55s long (mean 49s) taken from 2 (1 woman; 1 man)
native speakers of Catalan—- one woman from Benabarre, Huesca and one man
from Tamarit, Catalonia. Three passages were excerpted from each speaker for
a total of six Catalan excerpts, and Catalan excerpts were interspersed into the
passive listening task such that one Catalan excerpt was included in each block
of the task. Since patients are not expected to understand Catalan speech, two-
alternative questions about the content of the Catalan passages were not suitable
to assess participant attention. Instead, English nouns were digitally spliced into
the Catalan excerpts, and participants were asked to press the space bar when they
heard an English word. For each Catalan passage, three English nouns were excised
from the Buckeye corpus digitally spliced into the Catalan recording. These En-
glish nouns were taken from one female speaker and one male speaker from portions
of the Buckeye Corpus not otherwise heard in the passive listening task. Nouns
were excised from their original contexts and inserted into the Catalan speech at
zero crossings to minimize acoustic artifacts. Inserted nouns were gender-matched
with their Catalan carrier passages, but no further controls were taken to match
for voice similarity. Prior to insertion into Catalan speech, the English nouns
were normalized to -20dBFS, and after insertion into Catalan speech, the entire
mixed-language passage was normalized to -20dBFS. This process of amplitude
normalization resulted in English nouns which were clearly audible and segregable
from the Catalan speech stream. Nouns were inserted into the Catalan speech dur-
ing natural pauses at roughly equal but not regularly-spaced intervals to increase
uncertainty and encourage attention to the unintelligible speech stream.

All auditory stimuli, both English and Catalan were orthographically and pho-
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netically transcribed, segmented, and labeled. Transcription, segmentation, and
labeling procedures for passages from the Buckeye Corpus are described in Pitt
et al. (2007). Phonetic and orthographic transcriptions for Catalan passages were
archived alongside audio recordings in the Diposit Digital de la Universitat de
Barcelona (http://diposit.ub.edu/dspace/handle/2445/10413), and the passages
used in this study were subsequently segmented and labeled in Praat (Boersma
and Weenink, 2017) by a phonetically-trained researcher at UC San Diego. Given
the similarity in the phonetic inventories of Catalan and English, the segmentation
criteria used for the Buckeye corpus (reported in Pitt et al. 2007) were also used

to segment the Catalan passages used in this study.

2.2.3 Coronal tap acoustics

The central logic of the study requires coronal taps to be acoustically distinct
from coronal stops, and requires there to be no significant acoustic difference be-
tween coronal taps based on their phonemic identity. This section demonstrates
that this is indeed the case for the coronal stops and taps present in the Buckeye
stimuli.

The primary acoustic feature that distinguishes coronal stops from coronal taps
is their duration (Zue and Laferriere, 1979; Braver, 2013; Derrick and Schultz,
2013). While voiced and voiceless American English stops are respectively roughly
70-90ms and 98-130ms in duration (Hillenbrand et al., 1984; Hogan and Rozsypal,
1980; Revoile et al., 1982), coronal taps last a mere 10-40ms (Zue and Laferriere,
1979). Previous investigation into the neutralization of /t/ and /d/ in intervocalic
environments has found that the variability in coronal tap duration is primarily
dependent on the quality of the preceding vowel and not on the phonemic identity
of the tap itself (Zue and Laferriere, 1979). In fact, numerous studies have found
that /d/ and /t/ taps do not differ significantly in their closure duration (Charles-
Luce, 1997; Zue and Laferriere, 1979; Fox and Terbeek, 1977; Sharf, 1962). This
finding is replicated in the stimuli used in this study. As shown in Figure 2.1A,
voiceless coronal stops are significantly longer than voiced stops, which are in

turn significantly longer than coronal taps, but /d/ and /t/ taps do not differ
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Figure 2.1: Acoustics of coronal stops and taps. (A) Durations of coronal stops
and taps in the Buckeye Corpus. (B) Durations of vowels immediately preceding
coronal taps in the Buckeye Corpus. (C) Spectrographic distance of t, d, and
tap_d sounds from tap t (green); Spectrographic distance of a random split of
all taps from the remainder of taps (yellow). (D) Schematic representation for the
calculation of spectrographic distance. Distribution means are shown by the thick
dark green lines in plots A-C, and significance levels are indicated on the following
scale: * < 0.05, ** < 0.01, *** < 0.001.

significantly from one another in duration. On the basis of their duration, coronal
taps are distinct from coronal stops yet not distinct from one another on the basis
of their phonemic identity, satisfying the study’s foundational assumptions.
Nevertheless, the stimuli used in this study were taken from natural speech
and undoubtedly vary along more acoustic dimensions than duration. As a means
of further ensuring that the acoustic differences between coronal stops is greater
than the difference between coronal taps, a measure of spectrographic distance was
calculated for coronal stops and taps. First, wide-band spectrograms were created
for all stimuli using Praat’s default settings, and the spectrographic segments cor-

responding to coronal stops and taps were excised using the segmentation and
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labelling given in the Buckeye Corpus. The median duration of these segments
was calculated (in bins) and all spectrographic segments were resized to this du-
ration using the resize function from the transform module of the Python library
scikit-image (van der Walt et al. 2014). This function performs bi-linear interpo-
lation to resize the image. Prior to down-scaling any images, it applies a Gaussian
filter with a kernel size of (s-1)/2, where s is the down-scaling factor, to prevent
any anti-aliasing artifacts. For each pair of resized spectrograms, the sum of the
squared pixel-wise difference was calculated, and divided by the size of the spec-
trogram in pixels. This process is shown schematically in Figure 2.1D. Figure
2.1C plots the distances of t, d, and tap_ d spectrograms from tap_t spectrograms
(green), as well as the distances for a random split of all coronal taps (yellow). A
one-way ANOVA indicated that there was a significant effect of phonemic category
on spectrographic distance from tap t [F(3; 339,842)=9124.47, p 0.001]. Post
hoc comparisons using the Tukey HSD test indicated that the distance between
tap_t and tap_ d is significantly less than the distance between tap_t and either of
the coronal stops at the p 0.001 level. However, when mean distance is calculated
for a random split of taps not based on phonemic identity, it is not significantly
different from the mean distance calculated based on the phonemic identity of the
taps (p = 0.44). Once again, this shows that the phonemic identity of coronal taps
cannot be determined from the acoustic properties of taps themselves.

Although taps derived from /d/ and /t/ are acoustically indistinguishable from
one another, the length of the vowel that precedes a tap systematically varies
in duration based on the phonemic identity of the tap. When preceding a tap
derived from /d/, vowels are approximately 10% longer than those preceding
a tap derived from /t/ (Sharf, 1962; Fischer and Hirsch, 1976; Zue and Lafer-
riere, 1979; Herd et al., 2010; Braver, 2013). This pattern is also observed in the
Buckeye Corpus, where vowels preceding taps derived from /d/ were on average
18.31ms (SD=[13.23, 23.38]) longer than vowels preceding taps-derived from /t/
[t(1309)=50.16, p  0.001] (Figure 2.1B). Thus, there does exist an acoustic cue to
the phonemic identity of taps. On this basis, one could argue that any observed

difference in the neural response to medial /d/and /t/ is due to the duration of
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the preceding vowel, seemingly undermining the foundational assumption of the
study. For this reason, this study focuses on the 500ms following the onset of
coronal stops and taps. By timelocking the analyzed response to the beginning of
closure and using the preceding 100ms to baseline the signal, the acoustic impact of
the preceding vowel is effectively neutralized. Though it remains possible that the
duration of the preceding vowel cues the listener to the phonemic identity of the
following tap, since the mean signal in the 100ms preceding the tap is subtracted
from the analyzed response, and /d/ and /t/ taps do not differ acoustically from
one another, differences observed between /d/ and /t/ taps must be based on their
categorization, and not the acoustics of the preceding vowel itself. In other words,
though the duration of the vowel may cue the phonemic identity of the tap, by
timelocking the response to the beginning of the tap, any difference in response
cannot be reducible to the preceding acoustic context.

Furthermore, the duration of the preceding vowel does not appear to be used
reliably as an acoustic cue to phonemic identity during speech perception. Malécot
and Lloyd (1968) found that participants performed nearly at chance (56.6% accu-
racy) when asked to select the written form of the word they heard from a pair of
minimal pairs with medial /d/ and /t/. While subsequent studies have variously
found that listeners are able to discriminate such minimal pairs with up to 80% ac-
curacy, (Fischer and Hirsch, 1976; Charles-Luce, 1997; Charles-Luce and Dressler,
1999; Charles-Luce et al., 1999), when experimental materials are well-controlled
for word frequency and the bias to perceive /d/, accuracy falls to 52% (Herd et al.,
2010). Although the apparent lack of attention to the difference in vowel duration
during perception does not negate the fact of the difference in duration itself, it
suggests that this particular acoustic feature may not be encoded as faithfully as

other features.

2.2.4 Data acquisition and processing

Experimental instructions and stimuli were presented to participants in their
hospital rooms on a Windows 10 desktop PC (Dell XPS 8910) using PsychoPy
for Python 2.7 (Peirce, 2007, 2008). The task was conducted in six blocks, each
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of which contained eight English trials and one Catalan trial. The average block
duration was 6 minutes 30 seconds. All participants completed at least two of the
six blocks, and the average participant completed four blocks, listening to 26:45
minutes of speech totaling 15,070 phones. Each English trial consisted of a short,
spoken passage followed by a content question and an oral response, and each
Catalan trial consisted of a reminder to press the space bar for English words
followed by a short spoken passage.

Intracranial EEG signals were amplified using a multi-channel amplifier sys-
tem (Natus Quantum) and recorded using Natus NeuroWorks software. Auditory
stimuli and oral responses were recorded simultaneously with the EEG data by
feeding the output of a Zoom H2n microphone as an additional input channel to
the Natus Quantum amplifier.

After recording, neural data were deidentified and exported from the clinical
NeuroWorks system in .edf (European Data Format) format for pre-processing
using the Python package MNE Python (Gramfort et al. 2013). Channels display-
ing excessive artifacts or line noise were removed (45 channels total). Remaining
channels common average referenced, notch filtered at 60Hz and its harmonics,
bandpass filtered 0.1-170Hz, and downsampled to three times the lowpass cutoff
(510Hz). Independent Component Analysis (ICA) was used to remove stationary
artifacts from the filtered data, and time intervals containing remaining artifacts
were visually identified and discarded. Channels selected for analysis were those
which exhibited reliable evoked response to speech stimuli, determined by a slid-
ing window t-test between responses to randomly-selected time frames during the

passive listening task and in silence (p < 0.05).

2.2.5 Band power

The frequency bands used in this study were delta (1-4Hz), theta (4-THz),
alpha (8-12Hz), beta (13-30Hz), gamma (31-50Hz), and high gamma (70-150Hz)
bands. To compute the power for each band, the analytic amplitude from eight
Gaussian band-pass filters with logarithmically increasing center frequency (Crone

et al., 1998; Bouchard et al., 2013) was averaged. For the ERP analysis, this high-
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gamma signal was then segmented into peri-target epochs with 100 ms pre-target
and 500 ms post-target, and each epoch was z-scored relative to the mean and
standard deviation of its 100ms pre-target baseline. The target is the onset of a

phone of interest.

2.2.6 Electrode localization

Stereo EEG electrodes where localized by registering each patient’s pre-op T1-
weighted MR volume to an interoperative CT in 3dSlicer (Fedorov et al., 2012;
Johnson et al., 2007) and manually marking the contact CT artifacts.

2.3 Results

2.3.1 Significant electrodes

Broadband neural activity was recorded from a total of 1, 355 valid electrodes?
across the ten subjects, and each electrode was assessed for speech selectivity
using a sliding-window one-way t-test, where 500ms silent epochs were compared
against an equivalent number of randomly sampled speech epochs. Within each
group, epochs were z-scored against a 100ms baseline and t-tests were calculated
for nine 100ms windows with 50ms overlap across the 500ms non-baseline portion
of the epoch. Within each window, values for each token were averaged over time.
Channels were considered speech selective if the t-test for at least one window was
significant with p < 0.05.

Speech-selective electrodes were defined independently for each band, and across
the ten subjects, 1,091 electrodes were found to be speech selective for at least one
band, with an average of 339 electrodes found to be speech selective for each band.
While some overlap was observed in the sites categorized as speech-selective across
bands, the majority of speech-selective sites were speech-selective for only one
band, as shown in Figure 2.2. Phonological and morphophonological comparisons

were then performed only for speech selective electrodes.

IThat is, electrodes not discarded due to the presence of excessive line noise or artifacts.
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Figure 2.2: Degree of overlap across bands for speech selective channels. Lower dot
matrix plot indicates the combination of bands being considered, and the upper
bar plot shows the number of speech-selective channels shared in common for that
combination of bands. The left most column (black bar) shows the number of
electrodes that were not selective for speech for any band, and color indicates the
number of bands in each combination.
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Phonological Comparisons

Acoustic sites and phonemic sites were defined using a sliding-window one-way
ANOVA. For a site to be considered an acoustic site, there must have existed
at least one time window with a significant ANOVA for which a Tukey’s post
hoc test indicated that there was a significant difference (v = 0.05) between t
and tap__t tokens and between t and tap__d tokens but no significant difference
between tap__t and tap_ d tokens. Alternatively, for a site to be considered a
phonemic site, there must have existed at least one time window with a significant
ANOVA for which a Tukey’s post hoc test indicates that there was a significant
difference between tap_ d and tap__t tokens and between tap__d and t tokens
but no significant difference between t and tap__t tokens.

Of the roughly 339 speech selective electrodes for each band, an average of 5
acoustic sites (SD+4.7) and 30 phonemic sites (SD£6.3) were observed for the
coronal stop—tap alternation across all bands. The number of acoustic and phone-
mic sites observed across bands is summarized in Table 2.2, and examples of the
response observed at acoustic and phonemic sites are shown in Figure 2.3. Only

one site was categorized as both an acoustic and phonemic site. This site, RA11,
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Figure 2.3: Examples of sites exhibiting acoustic and phonemic patterns of activity
identified by the coronal tap comparison. Upper plots of (A) and (B) show the
time course of high gamma power z-scored relative to baseline (-100ms—0Oms). The
evoked response to tokens of [t] are shown in charcoal; the evoked response to
/t/-taps is shown in teal; and the evoked response to /d/-taps is shown in gold.
Shading indicates =SEM. Lower plots of (A) and (B) show the anatomical location
of the channels whose activity are plotted above.

was recorded in white matter beneath right superior temporal sulcus in patient
SD022. The phonemic response at this site occurred at 50-150ms after target
onset, preceding the acoustic response at 350-450ms, and the effect was observed
only in delta band power.

To assess the likelihood of observing these numbers of acoustic and phonemic
response sites by chance, an expected null distribution was generated for each

frequency band by performing the statistical analysis described above using 1,000
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arbitrary pairs of phones (i.e., A, B) with an arbitrary split of one phone (i.e.,
A, B_x, B_y). For each each arbitrary set of phones, phony-acoustic sites were
identified as those with at least one time window in which there was a significant
difference between the evoked response to A phones and the evoked response to
B phones, but no significant difference in the evoked response to B_x and B_y
phones. Phony-phonemic sites were identified as those with at least one time
window with no significant difference between A and B x phones but a significant
difference between those phones and B__y phones. In this way, the null distribution
is generated from the real, recorded data. Spatially correlated activity is thus
preserved in the null distribution, accounting for the possibility that such correlated
activity could inflate the number of observed acoustic and phonemic sites.
Compared against these null distribution, the numbers of observed sites ex-
hibiting acoustic and phonemic patterns of activity were greater than would be
expected by chance for each band (Figure 2.4). From the generated distribution,
the probability of observing at least 39 phonemic sites and at least 21 acoustic
sites was <1%. Figure 2.4 shows the null distribution of phonemic and acoustic
sites, with a dotted white line marking the bound for 95% of the distribution’s
mass and a single white point indicating the observed number of phonemic and

acoustic sites.

Morphophonological Comparisons

For the two morphophonological comparisons, rather than categorize sites as
either acoustic or phonemic, sites were classified as surface or morphological using
a sliding-window one-way ANOVA assessment similar to that described for the
purely phonological coronal stop alternation. For the regular past tense, surface
sites were considered to be those where the sliding-window ANOVA was significant
for at least one time window and for which a Tukey’s post hoc test indicated that
there was a significant difference (o = 0.05) between past tense t and past tense d
tokens and between past tense t and word final non-past d tokens but no significant
difference between past tense d and word final non-past d tokens. Similarly, for the

regular plural, surface sites were defined as those with at least one time window
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Figure 2.4: Number of significant sites observed for each linguistic comparison
for each neural response band relative to the generated null distribution for that
band. Vertical axes indicate the number of sites selective for surface identity (i.e.,
‘acoustic’ sites for the tap comparison and ‘surface’ sites for the plural and past
tense comparisons) observed for each comparison, while horizontal axes indicate
the number of sites selective for underlying identity (i.e., ‘phonemic’ sites for the
tap comparison and ‘morphological’ sites for the plural and past tense comparisons)
observed for each comparison. The proportion of the null distribution that contains
at least as many surface and underlying sites as were observed for each comparison
is indicated in the top right corner of each plot. Values for the tap comparison
are green; values for the past tense comparison are blue; and values for the plural
comparison are teal.

for which a Tukey’s post hoc test indicated that there was a significant difference
(v = 0.05) between plural s and plural z tokens and between plural s and word
final non-plural z tokens but no significant difference between plural z and word
final non-plural z tokens.

These sites were considered surface sites rather than acoustic or phonemic sites

because, given the nature of the comparisons, it is not possible to distinguish
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between the two alternatives. For example, sites distinguishing plural and non-
plural z from plural s could be doing so either on the basis of acoustic similarity
or phonemic identity. To convey this ambiguity, we refer to these sites simply as
‘surface sites’ because whichever unit over which they are maintaining similarity is
less abstract or lower in the linguistic hierarchy (=closer to the surface) than the
unit tracked by morphological sites.

For the regular past tense alternation, morphological sites were considered to
be those for which the comparison of evoked responses to past tense t, past tense d,
and word-final non-past d resulted in at least one time window indicating a signifi-
cant difference between word-final non-past d and past tense t tokens and between
word-final non-past d and past tense d tokens but no significant difference between
past tense t and past tense d tokens. Similarly, for the regular plural alternation,
morphological sites were those for which there was at least one time window indi-
cating a significant difference between word-final non-plural z and plural s tokens
and between word-final non-plural z and plural z tokens but no significant differ-
ence between plural z and plural s tokens. In this way, morphological sites were
those which maintained language-specific morphological similarity based on the
meaning of similar word-final sounds rather than maintaining the comparably less
abstract similarity of their acoustic or phonemic realization.

For the past tense alternation, across all bands an average of 24.2 (SD+10.2)
were categorized as surface sites, 3 (SD+1.9) were categorized as morphological
sites, and four sites were categorized as both surface and morphological sites. For
the plural alternation, 26.5 (SD=+9.4) sites were categorized as surface sites, 8.7
(SD+£2.9) were categorized as morphological sites, and six sites were categorized
as both surface and morphological sites. As for the purely phonological compari-
son, the numbers of sites exhibiting acoustic and morphophonological patterns of
activity were greater than would be expected by chance for both the regular past
tense and plural comparisons. These likelihoods were assessed against the same
null distribution as was used to assess the significance of the phonological coronal
stop alternation, a distribution generated by performing this statistical analysis

for 1,000 arbitrary pairs of phones (i.e., A, B) with an arbitrary split of one phone

29



Table 2.2: Count of sites demonstrating a surface similarity pattern or an under-
lying similarity pattern for each frequency band. The observation of more surface
sites than underlying sites for the morphological comparison is likely due to the
fact that surface similarity for the morphological comparisons is analogous to both
surface and underlying similarity at the phonological level.

Coronal Tap Comparison  Plural Comparison  Past Tense Comparison

Band Surface Underlying Surface Underlying Surface Underlying
5: (1-3Hz) 3 34 27 11 15 2
0: (4-THz) 2 24 29 9 35 1
a: (8-12Hz) 1 40 42 8 15 1
B: (13-30Hz) 1 35 10 4 33 5
~v: (31-50Hz) 12 26 28 7 35 6
High-y: (70-150Hz) 11 23 23 13 12 3

(i,e., A, B_x, B y).

From this distribution, the probability of observing the past tense pattern of
at least 12 acoustic sites and at least 3 morphophonological sites was 1.7%. The
probability of observing the plural pattern of at least 23 acoustic sites and at
least 13 morphophonological sites was less than 1%. Figure 2.4 shows the null
distribution of phonemic and acoustic sites, with a dotted white line marking the
bound for 95% of the distribution’s mass and a single white point indicating the

observed number of phonemic and acoustic sites.

2.3.2 Timing

The time windows with a significant acoustic or phonemic response varied
across sites. For both the acoustic and phonemic response patterns, each time
window was significant for at least one site, with the exception of the 0—100ms
window. However, although the timing of significant windows was variable over-
all, the 200-300ms window was significant for nearly half the significant phonemic
sites (19 of 39) and 85% of significant acoustic sites (18 of 21). The distribution
of significant time windows for these response patterns is shown in Figure 2.5.

Similar to the coronal tap comparison, significant time windows for both the
past tense and plural comparisons varied substantially across sites. For the past

tense comparison, 5 of the 12 acoustic sites and 2 of the 3 morphophonological sites
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Figure 2.5: Distribution of significant channels over time. For each neural response
band (columns) and each linguistic comparison (rows), plots show the number of
channels exhibiting surface and underlying responses for each time bin of the sliding
window ANOVA. Bins correspond to 100ms windows beginning with the value
indicated on the plot’s horizontal axis. For each time bin, two bars are present:
the navy bar shown on the right of each bin counts the number of sites selective for
surface identity (i.e., ‘acoustic’ sites for the tap comparison and ‘surface’ sites for
the plural and past tense comparisons), while the teal bar on the left counts the
number of sites selective for underlying identity (i.e., ‘phonemic’ sites for the tap
comparison and ‘morphological’ sites for the plural and past tense comparisons)

had a significant window from 50-150 ms. Five acoustic sites also had a significant
window from 200-300. The plural comparisons were somewhat similar. Fourteen
of the 23 significant acoustic sites had significant windows from 100-200 ms, and
6 of the 13 morphophonological sites had significant windows from 200-300 ms.
The full distributions of significant windows for past tense and plural comparisons

are also shown in Figure 2.5.

2.3.3 Localization

Locations of significant sites are spread bilaterally throughout fronto-temporal
areas, as shown in Figure 2.6. However, given the paucity of coverage over poste-

rior cortices, the broad distribution of significant sites in traditional language areas
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Figure 2.6: Distributions of significant sites for all neural response bands. (A)
Locations of acoustic (pink) and phonemic (blue) sites identified by the coronal
tap alternation. (B) Locations of surface (green) and morphological (orange) sites
identified by the regular past tense alternation. (C) Locations of surface (purple)
and morphological (gold) sites identified by the regular plural alternation.

should not be mistaken for a positive result; rather, without further corroboration
from whole brain imaging studies, this distribution can be conservatively consid-
ered artifactual of commonalities among clinical presentations that require invasive
neuromonitoring. Similarly, the larger number of significant sites in right hemi-
sphere areas should not be taken as evidence for the lateralization of any effect,
since more sites were recorded from right hemisphere than from the left. In gen-
eral, due to the clinically motivated biases inherent in the distribution of channel
locations, claims about the relative distributions of channels based on any number
of factors (e.g. response band, linguistic comparison, etc.) should be avoided be-

cause they cannot be responsibly substantiated given the data available. For this
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Figure 2.7: Degree of overlap across bands for channels identified as significant
for each of the three (morpho)phonological comparisons. For each subfigure, lower
dot matrix plots indicate the combination of bands being considered, and upper
bar plots show the number of speech-selective channels shared in common for that
combination of bands. Combinations of bands not indicated in the dot matrix
plots shared no significant sites in common. (A) Number of sites identified as
acoustic (pink), phonemic (blue) or both (red) by the coronal tap alternation.
(B) Number of sites identified as surface (green), morphological (orange), or both
(dark green) by the regular past tense alternation. (C) Number of sites identified
as surface (purple), morphological (gold), or both (dark purple) by the regular
plural alternation.

reason, information about the localization of various electrodes is presented purely
descriptively, to aid in cross-referencing with effects found in future work.

For both surface and underlying patterns for all three linguistic comparisons,
the majority of significant electrodes are located in white matter. For the coronal
tap alternation, acoustic and phonemic sites are diffusely distributed, and do not
cluster separately from one another, as shown in Figure 2.6A. Similarly, surface
and morphological sites for the plural and past tense alternations do not cluster

separately from one another and are broadly distributed across recorded sites, as
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shown in Figure 2.6B,C. These general properties hold across bands, and over the
full time course of the neural response. That is, it is not the case that clusters
of sites identified as either surface or underlying emerge in particular bands or at
particular times. While many aspects of language processing are characterized as
distributed, for phonological phenomena, the degree of distribution observed here
is uncharacteristic, and likely attributable to underdocumented properties of white

matter in linguistic processing.

2.4 Discussion

2.4.1 Implications for phonology

The central finding of this study is that more sites sensitive to phonemic iden-
tity were observed than would be predicted by chance. While simple in its articu-
lation, this result has far-reaching consequences for our conceptions of phonology
and language representation in the brain. In particular, these findings support a
reallocation of probability mass away from a number of common ideas about the
nature of phonology and phonological processing.

First, implicit in many theories of speech production and processing is the
assumption that language-specific grammar only occurs at the level of syntax.
Phonological knowledge, including knowledge of language-specific phonotactics,
is cast as epiphenomenal of lexical knowledge: speech perception is more-or-less
a word recognition problem, and speech production proceeds in a universal and
deterministic manner from whatever articulo-acoustic content is specified in the
lexicon. This study provides evidence that these common assumptions are in-
complete. Language-specific phonological grammar guides the neural response to
speech, and it does so at a level of granularity commensurate with the phoneme.

To see how this conclusion follows from the observed data, consider what one
would predict if phonemes were not a relevant unit of organization for language in
the brain. To maintain true skepticism about the cognitive reality of phonemes,
one would need to envision a state of affairs in which underlying representations of

speech sounds were altogether unnecessary. That is, at no point in speech process-
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ing would a listener assign the value /d/ to some taps and /t/ to others. Perhaps
in lieu of underlying representations, the forms of words that the brain had access
to would be exemplars, such as pronunciations the individual had heard before.
Laying aside the fact that such a system would likely fail to explain how speakers
produce forms they haven’t heard before, if it were the case that words containing
taps were specified as such in their lexical entries, it would be unexpected to ob-
serve any of the sites in this paper that have been called ‘phonemic’. Instead, one
would expect to see only acoustic sites.

Having observed phonemic sites, however, if one were to maintain that lexical
representations reflect sounds as they are produced, the distinction between /d/-
taps and /t/-taps observed in phonemic sites would need to be accounted for by
some other means. The most readily available explanation would be orthographic
influence. In most all cases, the orthographic forms of words containing taps reli-
ably differentiates between words containing taps that are hypothesized to derive
from /d/ and those that are hypothesized to derive from /t/. On this basis, one
could argue that phonemic sites are indicative of the pervasiveness of orthographic
influence on literate language users. There is some evidence to suggest that this
level of orthographic influence is possible. For example, using the French mini-
mal triplet prixz pwmi, tri tyi, cri ki, during a passive listening task, Pattamadilok
et al. (2014) show that a larger MMN is elicited when the spelling of the deviant
is incongruent with the spelling of the standard (i.e., priz vs. cri) than when the
spelling of the deviant is congruent with the standard (i.e., cri vs. tri). However,
as the authors themselves note, the task of passively listening to strings of repeated
words is not particularly natural, and due to the inherent constraints of the MMN
and the French lexicon, only these three words were used in the study.

However, in the context of the current study, the likelihood that orthographic
influence alone drives the appearance of phonemic sites is low. If it were the
case that orthographic influence drove the occurrence of phonemic sites for the tap
comparison, we would not expect to see surface sites for the past tense comparison.
The regular past tense is consistently spelled with an ‘-ed” and yet, to observe

surface sites for the past tense comparison in this study, pasts produced as [d]
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pattern with other word final [d] sounds, to the exclusion of pasts produced as [t].
If orthography was primarily responsible for the results of this study, we would not
expect to see this structured split between past tense [d] and past tense [t], since
orthography is consistent across all forms. A very similar argument can be made
from the observation of surface sites for the regular plural comparison.

Perhaps then one would argue that orthography influences perception only
when there is very little acoustic difference between two sounds. The [d] and [t]
forms of the past tense are sufficiently acoustically distinct from one another, while
/t/-taps and /d/-taps are practically indistinguishable. If orthographic knowledge
is only called upon to bootstrap lexical recognition when acoustic discriminability
is poor, then one could argue that orthographic influence is responsible for the
the so-called phonemic sites in the case of the tap comparison, but not for the
surface sites of the regular plural and past tense comparisons. This very well
may be the case, and is worthy of its own empirical investigation. However, any
study which would attempt to show that orthographic influence is responsible for
the appearance of phonemic sites in this study must also take care to control for
the substantial correlations between orthography and underlying phonemics, for
orthographic systems are not randomly structured and often reflect codification of
phonological knowledge (see Chomsky 1970 for a discussion of English).

However, if one accepts that orthographic effects alone cannot account for the
results observed, the question remains: How can it be that more phonemic sites are
observed than would be expected by chance? Here, it is argued that the most par-
simonious explanation for this result is language-specific phonological knowledge of
the kind generally assumed by working phonologists. More precisely, the existence
of phonemic sites suggests that the representations of speech sounds and words are
not merely amalgamations of pronunciations that a listener has encountered be-
fore. Rather, there is a degree of abstraction between surface, acoustic forms and
the prelexical forms that speech sounds are mapped onto in the brain. The nature
of this abstraction is language-specific, reflecting not only differences in the phone-
mic inventories of different languages, but also the language-specific, contextually-

sensitive sound alternations that comprise a specific language’s phonological gram-
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mar.

Corollary to this point, the often naive assumption that phonological structure
is subservient to word recognition ought to be re-examined. This assumption has
early origins in modern psycholinguistics, that cannot be explored exhaustively
here. However, we can take Forster’s (1979) seminal work “Levels of Processing

Y

and the Structure of the Language Processor” as a representative example, both
given its age and influence. Forster’s model admits three linguistic processing mod-
ules: the lexical processor, the syntactic processor, and the message processor. Of
these three modules, the lexical processor is most closely related to phonological
processing, the latter two modules being responsible for sentence and discourse
comprehension, respectively. In Forster’s (1979) model, “the lexical processor ac-
cepts input from peripheral perceptual systems in the form of feature lists and
attempts to segment this input and to access the entries in the lexicon that corre-
spond to the lexical elements in the input string” (p. 34).

In light of the results observed in this study, however, the assumption that
discrete sublexical units merely support word recognition is inadequate. If this
were truly the case, there would be no need for sensitivity to the kind of contrast
exemplified by the phonemic sites in this study. Words could be segmented and
identified on the basis of their acoustic form and semantic context alone, with no
need to posit an abstract level of structure where sounds are processed differentially
based on the surrounding acoustic context. However, the existence of phonemic
sites in this study suggests that such an abstract level of structure does exist, since
acoustic context, such as the presence of a preceding stressed vowel and subsequent
unstressed vowel, does influence how otherwise identical sounds are processed.
Certainly, an argument can be made that this kind of phonemic structure aids
lexical recognition by providing increased predictability for certain subsequences
of sounds (see Meinhardt et al. 2020). Thus, at the very least, theories of speech
processing ought to include this level of structure as an intermediary between
acoustic processing and lexical recognition.

In general, however, given the language-specificity of the tap, plural, and past

tense alternations, it is most parsimonious to adopt a theory of the phonological
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level that is analogous to one’s theory of the syntactic level. That is, to see the re-
lationship between phonology and syntax truly as a case of duality of patterning,
phonological knowledge is language-specific grammatical knowledge of the same
kind as syntactic knowledge, merely over a smaller scale domain. Consequent
of this, phonological knowledge ought not be considered any more teleologically
subservient to lexical recognition than syntactic knowledge is to semantic compre-
hension. Instead, as is generally assumed for syntax, phonological structure ought
to be considered a design feature of language in its own right, enabling a range of
processes in linguistic cognition, from speech comprehension in noisy and accented
contexts to speech stream segmentation and, of course, lexical recognition.

Beyond evidence for the cognitive reality of the phoneme and the existence of
language-specific phonological grammar, these findings also problematize theories
of perception that posit syllables as a basic unit of linguistic processing. For ex-
ample, the hierarchical state feedback control (HSFC) model of speech production
postulates two levels of phonological processing for spoken languages, a syllable
level and a segmental level. In this model, syllables constitute cycles of constric-
tion in the oral tract, syllables are maximally CV in structure, and phonemes are
defined by the abstract configuration of articulators at half-cycles of movement,
roughly corresponding to the minima (C) and maxima (V) of jaw displacement
(Hickok 2012, p. 138).2

Interestingly, the HSFC model admits neither auditory representations of seg-
mental targets nor somatosensory representations of syllables. That is, the basic
unit of acoustic representation for the HSFC model is the syllable, while the basic
unit of articulatory representation is the segment. In this way, the HSFC model,
although popular and influential, appears contrary to work indicating that higher
auditory cortex, and even motor cortex, are densely organized by segment-level
acoustic features (Mesgarani et al., 2014; Cheung et al., 2016; Hullett et al., 2016).
Moreover, if the target of speech sound perception was the syllable, rather than
the phoneme, we would expect to see neither significant numbers of acoustic sites

nor phonemic sites, because in general, the identity of syllables containing target

2Tt is unclear how a word like strengths would be produced using this model.
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sounds did not covary with either the phonetic or phonemic identity of the target
sounds themselves.

Furthermore, phonological theories that assume the sole linguistic content of
phonemes takes the form of distinctive features are also likely inadequate. If we
assume, uncontroversially, that the difference between /t/ and /d/ and the dif-
ference between /s/ and /z/ is their value for the feature [f+voice], then we would
predict that surface sites for the past tense comparison, where tokens of /t/ are
distinguished from /d/ regardless of their morphological content, would be the
same as surface sites for the plural comparison, where tokens of /s/ and /z/ are
distinguished. However, across all subjects and bands, less than 10% of surface
sites are shared between the past tense and plural comparisons, as shown in Figure
2.8. Moreover, when phonemic sites identified from the tap comparison, in which
tokens of /d/ and /t/ are also hypothetically distinguished by the single feature
[£voice], are considered alongside plural and past tense surface sites, the number
of sites shared in common drops to one. Thus, it is highly unlikely that these sites
index the presence or absence of the feature [fvoice|, since we would not expect
the addition of phonemic sites identified by the tap comparison to further exclude
candidate [fvoice] sites that were identified by the past tense and plural surface
comparisons. In this way, the findings of this study compel careful reconsideration
of distinctive feature theories in phonology.

For instance, Dresher (2011) lays out three ways that phonologists have con-
ceptualized of the phoneme as an object of inquiry. One class of definitions char-
acterizes the phoneme as a physical reality. Representative definitions of this
genre describe the phoneme as a language-specific “family” of sounds that “count
for practical purposes as if they were one and the same” (Jones 1967: 258, via
Dresher 2011), perhaps because “the speaker has been trained to make sound-
producing movements in such a way that the phoneme features will be present
in the sound waves, and [the speaker| has been trained to respond only to these
features” (Bloomfield 1933: 77-78). Psychological theories of language, such as
Forster’s (1979), are more or less consistent with this category of explanation,

given their focus on direct mappings from physical sounds to lexical entries. The
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Figure 2.8: Phonemic and surface channels shared across comparisons, organized
by response band. The lower dot matrix plot indicates the combination of com-
parisons being considered, and the upper bar plot shows the number of significant
channels shared in common for that combination of bands. Colors within each bar
indicate the distribution of significant channels across response bands.

second class of definitions views the phoneme as a psychological concept. This
class of explanation is often presented as an alternative to the physical reality of
the phoneme: if a physical constant coextensive with the phoneme does not exist,
then perhaps a mental constant does instead. Finally, if both the physical and
psychological reality of the phoneme are rejected, then Dresher (2011), echoing
Twaddell (1935), concludes that the phoneme is a convenient theoretical fiction,
without material basis in the mind, mouth, or middle ear.

In some sense, all three of these positions must be true, in different ways. There
must exist some relationship between the physical properties of speech sounds and
the roles they play in language, since the experience of spoken language compre-
hension has a principled relationship to physical speech. Additionally, there must
exist some physical substrate in the brain to bridge the sensory periphery with
the experience of language comprehension. In the abstract, this bridge may be

considered to be composed of mental representations. However, ultimately, not all
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phonological representations that have been theorized will have equal explanatory
adequacy in the brain. Thus, some aspects of the phoneme will remain useful
theoretical fictions.

The study presented in this paper addresses the second of these three posi-
tions, investigating whether the commonly held understanding of the phoneme as
a unit of language-specific contrast has psychological reality or merely theoretical
utility. In demonstrating the existence of sites sensitive to phonemic contrast in
the absence of acoustic distinction, this study provides support for the classical
understanding of the phoneme as a psychological entity and a core level of sub-
lexical linguistic processing. At the same time, it suggests that some theoretical
implementations of the phoneme as a unit characterized by minimal sets of distinc-
tive features may have more theoretical utility than psychological reality. To the
extent that linguistic and psychological theories of phonology intend to account
for the same sets of behavioral phenomena, these results nevertheless support the
continued use of phonemic units in phonological theory and reify the existence of

such language-specific sublexical structure in language processing.

2.4.2 Implications for morphology

The morphological results of this study also engage with foundational principles
of sublexical language processing. In observing more surface and morphological
sites than would otherwise be expected by chance for both the plural and past
tense comparisons, this study provides evidence for two interrelated processes in
the neural basis of morphology.

It is generally accepted that morphological decomposition takes place dur-
ing the processing of regularly inflected forms in English and related languages
(Miinte et al. 1999; Marslen-Wilson and Tyler 2007; Bozic and Marslen-Wilson
2010; Schiller 2020; though cf. Sereno and Jongman 1997). The presence of mor-
phological sites in this study is generally consistent with these results. However,
the paradigms typically employed to assess the compositionality of morphological
units within words arguably gauge fairly abstract proxies for morphological struc-

ture. Many rely on priming, and assess compositionality through metrics such as
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reaction time or expectation violation response. The evidence for morphological
abstraction presented here has the advantage being gathered during a naturalistic
listening task and straightforwardly comparing the difference in neural response
to sounds that bear morphological exponence to those that do not carry any mor-
phological meaning.

From this perspective, the difference in response between non-plural word-final
[z] and plural [s] or [z] can be attributed straightforwardly to the morphological
exponence of [s] or [z], without appeal to intermediary cognitive phenomena such
as priming or expectation. That is, the meaning of ‘plural’ associated with the
sounds [s] and [z| drives the response of the morphological sites for the plural
comparison, and likewise, the meaning of ‘past’ associated with [t] and [d] drives
the response of the morphological sites for the past tense comparison. This, in
general, is a great strength of the paradigm employed in this study. However,
these results themselves do not provide explicit evidence that the structure of
regular plural and past tense forms is compositional, since it could be the case
that, for instance, plural [s] and [z] pattern together at morphological sites through
an analogical process. In such a case, plural [s] and plural [z] would still evoke
similar neural responses because they index a common morphological exponent,
but that commonality would be mediated through an analogical process via the
lexicon rather than a compositional, syntax-like process within the word itself.
Nevertheless, the results of this study provide tantalizing early evidence of the
neural response to the presence of particular morphological exponents.

Moreover, these results support the idea that morphological identity is ab-
stracted over phonologically distinct alternants in a structured, language specific
manner. As was argued for the phonemic sites identified by the tap comparison,
the structured relationships between speech sounds and their phonological contexts
form a language-specific grammar of sounds. Given their interface with meaning,
morphophonological alternations in particular have been of central importance to
the development of linguistic theory (see Kenstowicz and Kisseberth 2014) and are
often appealed to in classic texts as foundational evidence for the existence of the

phoneme, since it is through the ways that sounds either change or fail to change
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the meanings of words that phonemic contrast is most strikingly established. In
this way, the existence of morphological sites identified by the plural and past
tense comparisons demonstrates both that morphological identity is abstracted
over distinct, phonologically conditioned alternants and that morphological expo-

nence transcends phonemic particularities.

2.4.3 Localization and timing

Determining the nature and origin of the neural processes that support language
processing is crucial for building a mechanistic understanding of linguistic cogni-
tion. In this study, band-limited power was examined for six frequency ranges.
However, the interpretation of this measure, including its relation to other neural
measures and its cellular origins, varies depending upon where in the brain it is
recorded.

In intracranial recordings, LFP recorded from grey matter is credited primar-
ily to local synaptically induced current flow. On the other hand, LFP recorded
from white matter is understood to originate from a combination of cortical ac-
tivity spread by volume conduction into adjacent white matter as well as current
flows through the voltage-gated channels that mediate the travel of action poten-
tials along axons (Mercier et al., 2017). Thus, while the dominant components of
electrical activity recorded in grey matter result from the activity of a spatially
restricted set of cells proximal to the electrode contact, activity recorded from
white matter also contains signal that originates from a combination of cells, pos-
sibly separated by great distance, that happen to project axonal processes within
proximity of the electrode contact. Additionally, the volume conduction prop-
erties of white and grey matter differ. Whereas LFP in grey matter (passively)
propagates more-or-less equally in all directions—that is, both parallel and perpen-
dicular to the cortical surface—propagation in white matter is directionally biased
by the higher density of axonal myelin, such that passive spread occurs more read-
ily along myelin sheaths rather than across them (Kajikawa and Schroeder, 2011,
2015). These key differences in the properties of grey and white matter impact

the functional interpretation of electrophysiological measures collected from these
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tissues.

Thus, while activity recorded from white matter is certainly physiologically
valid, its interpretation differs from activity recorded in cortical tissue. At present,
the electrophysiological properties of white matter are relatively under-explored,
and consequently, activity recorded in white matter is considered difficult to inter-
pret and likely under-reported when it is recorded. Accordingly, while this paper
does not speculate on how any of the significant sites reported in Section 77 fit
into larger research narratives about the language network, it nevertheless reports
results that are primarily driven by activity recorded in white matter. In do-
ing so, this paper contributes to an early understanding of what language-related
electrophysiological activity looks like when recorded from these sites.

Relatedly, it is a priori unclear whether the time course of language-related
activity recorded in white matter ought to follow the same time course as activity
recorded from the scalp or grey matter. Some work suggests that the acoustic
processing of phonetic detail takes place within 100-200ms following the onset
of a speech sound (Chang et al., 2010; Toscano et al., 2010), activity related to
speech sound categorization roughly 300-500ms after the sound’s onset (Toscano
et al., 2010), and morphological processing occurs even later (Leminen et al., 2019).
However, other work suggests a messier temporal story, where both categorical and
gradient speech sound information are represented simultaneously in the neural
signal (Sarrett et al., 2020; Gwilliams, 2020), along with morphological information
(Munding et al., 2016; Gwilliams, 2020). To the extent that it is possible to
compare results observed in EEG, MEG, and ECoG data to those observed in
SEEG contacts embedded in white matter, the results of this study appear to
support the messier story.

For the coronal tap comparison in particular, the majority of sites that show
an acoustic pattern occur in the gamma and high gamma bands. In these bands,
the time windows where significant acoustic responses occurred correlate highly
with the windows where significant phonemic responses also occurred (Figure 2.5).
These results suggest that both phonemic category and acoustic detail are pro-

cessed simultaneously and overwhelmingly separately, since relatively few sites

74



across comparisons exhibited both acoustic and phonemic patterns or surface and

morphological patterns (Figure 2.7).

2.5 Conclusion

Using a novel experimental design based on the foundational concepts of phono-
logical contrast and neutralization, this chapter investigates the representation of
phonological units in the brain and the relationship between those units, auditory
sensory input, and higher levels of language organization, namely morphology.
Leveraging the phonological neutralization of coronal stops to tap in English, this
study provides evidence of a dissociation between acoustic similarity and phonemic
identity across sites recorded intracranially while participants listened to conversa-
tional speech. Moreover, leveraging morphophonological alternations of the regular
plural and past tense, this study further demonstrates early (<500ms) evidence of
dissociation between phonological form and morphological exponence. Together
these results highlight the central nature of language-specific knowledge in sub-
lexical language processing and improve our understanding of the ways language-

specific knowledge structures and organizes speech perception in the brain.

Material from Chapter 2 has been submitted for publication as “The neural
response to speech is language specific and irreducible to speech acoustics” with
authors Anna Mai, Stephanie Ries, Sharona Ben-Haim, Jerry Shih, & Timothy

Gentner. The dissertation author was the primary investigator and author of this

paper.
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Chapter 3

Cross-frequency Variation in

Speech Encoding

3.1 Introduction

3.1.1 Oscillatory dynamics of speech processing

In recent decades, oscillations have been proposed as a fundamental mechanism
of cognition generally (Bastos et al., 2012; Buzsaki, 2006; Siegel et al., 2012; Wom-
elsdorf et al., 2007) and of speech and language processing specifically (Giraud and
Poeppel, 2012; Lewis et al., 2015). In particular, interest in neural oscillations has
emerged in language research as part of a broader paradigm shift, as researchers
come to the consensus that language results from the complex interplay of neu-
ral activity across numerous areas in both hemispheres, coordinated into several
distributed networks (Chai et al. 2016; Poeppel and Embick 2017, inter alia). Be-
cause oscillations offer both a plausible mechanism for coordinating activity across
such spatially distant regions (Bastos and Schoffelen, 2016; Palva and Palva, 2012)
and because oscillations themselves may subserve some speech processing functions
(i.e., parsing the speech stream, Kosem et al. 2016; Ding et al. 2016), oscillations
have been critical to the ongoing reconceptualization of language representation in
the brain.

Biophysiologically, oscillations are thought to reflect the coordinated post-
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synaptic fluctuations of neural populations that may vary from thousands to mil-
lions of neurons in size (Cohen, 2017). When excitatory and inhibitory activity
balance one another in the right way, these fluctuations synchronize at particu-
lar frequencies, resulting in band-limited oscillations (Buzsaki et al., 2012). The
amplitude of these oscillations fluctuates over time in a manner that is thought
to reflect the coordination of particular computations in the neural populations
driving the oscillatory behavior, and is often time- and/or phase-locked to psycho-
logical events of interest (Klimesch, 1999).

The majority of oscillation-related language research to date focuses on some
subset of the five classical frequency bands: delta (1-2 Hz), theta (3-7 Hz), alpha
(8-12 Hz), beta (13-30 Hz) and gamma (30-200 Hz),! and as this work has devel-
oped, several bands—namely, delta, theta, and gamma bands—have emerged as
having particular significance for speech processing and comprehension. Activity
within and across these bands appears to be coordinated in a manner that supports
different functions in the language processing cascade.

The simplest vision of the relationship between oscillatory bands and language
structures ascribes the processing of a linguistic phenomenon to a band of like
frequency. And indeed, lower frequency bands (delta, theta) have been shown
to entrain to lower frequency language dynamics, such as syllable rate (Assaneo
and Poeppel, 2018) and underlying phrase structure (Ding et al., 2016), while
higher frequency bands (gamma, high gamma) entrain to higher frequency dy-
namics, such as speech sound processing (Mesgarani et al., 2014). However, this
narrative is complicated by work showing entrainment to phrase structure in high
gamma activity (Nelson et al., 2017) and increases in gamma band power dur-
ing semantic processing (Wang et al., 2012; Pena and Melloni, 2012) as well as
encoding of speech sound category, phoneme-like information in delta and theta
bands (Di Liberto et al., 2015). Thus, higher frequencies are not solely sensitive to
higher frequency language structure, and lower frequencies are not solely sensitive
to lower frequency language structure; nor does the band frequency that entrains

to a particular linguistic unit scale straightforwardly with that linguistic unit’s de-

IThat is, relatively little language research has been done that calculates individual- or group-
specific bands.
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gree of abstraction (e.g., if higher bands tracked purely acoustics and lower bands
tracked syntactic dependencies).

It seems therefore that whatever function(s) band-limited oscillations subserve
in language processing must be more complex than one based purely on an align-
ment of neural and linguistic rhythms. The unified role (if there is to be one)
that each of these bands plays in the pageant of language processing remains
unclear, yet as work continues to accrue, more complex theories have emerged
concerning how activity at different frequencies supports language processing. In
particular, several accounts focus on interactions observed between delta, theta,
and gamma bands that are specific to language. In addition to its association with
attention- and prediction-based modulations of auditory processing (Lakatos et al.,
2008; Nozaradan et al., 2011; Stefanics et al., 2010; Golumbic et al., 2013), delta
band activity has been implicated in the processing of abstract language structure,
namely simple phrase structure parsing (Ding et al., 2016). Theta band activity
has been implicated in a wide range of speech sound processing tasks, including
phonemic restoration (Riecke et al., 2009, 2012; Strau$} et al., 2014; Sunami et al.,
2013), consonant identification (Ten Oever and Sack, 2015), and word boundary
parsing (Kosem et al., 2016); and contains categorical phoneme-level information
(Di Liberto et al., 2015). These studies, among others, illustrate that theta activity
is capable of coding for information with far higher temporal precision than the
central frequency of the band itself. Higher frequency activity, in gamma and high
gamma bands, tracks detailed speech sound information (Mesgarani et al., 2014;
Hullett et al., 2016), and is modulated by attention (Mesgarani and Chang, 2012;
Pasley et al., 2012; Golumbic et al., 2013) and higher order language knowledge,
such as lexical knowledge (Cibelli et al., 2015; Hannemann et al., 2007; Mai et al.,
2016), language context (i.e., native vs. foreign language, see Pena and Melloni
2012), and word-level parsing (Késem et al., 2016; Ding et al., 2016).

Recent computational models have attempted to show that cross-frequency cou-
pling between low- and high-frequency bands could provide a tractable schema for
unifying single-band results into the larger picture of language processing. In par-

ticular, phase-amplitude coupling between theta and gamma bands has been used
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to model segmentation of speech into syllable units by Ghitza (2011), Hyafil et al.
(2015), and Shamir et al. (2009). These models, while tantalizing, are limited by
their reliance on theta as the “master oscillator” coordinating all higher-frequency
activity; that is, they are limited by the assumption that neural rhythms and lin-
guistic thythms are in more-or-less one-to-one correspondence, as described above.
So while it is unlikely that these models correctly describe the totality of ways
that oscillations support language processing, it may still be the case that these
models accurately describe oscillatory mechanisms at certain times in certain re-
gions. It may be the case that multiple cross-frequency coupling regimes underpin
language processing —of which theta-gamma coupling would be just one— with
different regimes supporting different language processes in spatially distinct ar-
eas, as explored by Fontolan et al. (2014) and Park et al. (2015). Relatedly, it
may be the case that different oscillatory sources use the same frequency band to
encode different linguistic units, as suggested by Ding et al. (2016). And moreover,
variation in the phase of coupling between two bands may provide an additional
dimension by which the brain tracks a particular perceptual feature or signals a
change in oscillatory regime, etc. (Jensen et al., 2012, 2014; Késem et al., 2014; Ng
et al., 2013; Panzeri et al., 2010). Complex coupling schemes thus offer the most
promising path towards understanding the contributions of band-limited activity
in language processing.

To date, many effects in this field are reported for single bands, and subsequent
work clusters around previous results, investigating a particular phenomenon in a
particular band. While immanently reasonable, this mode of progress has a ten-
dency to bias the field towards associating certain bands with certain phenomena
and contributing to theories that, although capable of explaining data from many
papers, capture a relatively small proportion of the diversity of results reported
for any individual band. For example, a relatively large literature exists on theta
entrainment to syllable rate (see Poeppel and Assaneo 2020 for a review), and
consequently, modeling and theoretical work on theta-gamma coupling focuses on
how theta rhythms may support syllable parsing (see Ghitza 2011; Poeppel and

Assaneo 2020, etc.), while theta’s role in other language phenomena, such track-
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ing phonemic identity (Di Liberto et al., 2015) or phrase structure (Ding et al.,
2016), are left more-or-less unincorporated into band-based theories of linguistic
computation and cognition.

The study of cross-frequency coupling in language processing specifically is
relatively recent, with less than a handful of experimental results currently reported
in the literature. The few pioneering articles report unexpected results that do not
map neatly onto the authors’ predictions (Brennan and Martin, 2020).

A more thorough understanding of the eliciting conditions for activity in any
individual band will drive stronger theories of the eliciting conditions for activity
across bands. To that end, this chapter examines the relative explanatory power
of acoustic and phonological category information for each of the six canonical
functional bands. Moreover, in the context of this dissertation specifically, the
analysis presented here bolsters the work presented in the previous chapter by
providing a more general analysis of the extent to which neural activity is shaped
by categorical speech sound identity above and beyond the concurrent continuously

varying acoustic signal.

3.2 Methods

3.2.1 Linear mixed effects models

Linear mixed effects (LME) models extend simple linear models, allowing for
both fixed and random effects to be modeled. They are particularly useful for
contexts with hierarchically structured non-independence between datapoints, such
as a dataset of formant values with multiple measurements sampled per vowel
quality per speaker, or for longitudinal datasets with multiple measurements taken
from the same unit over time, such as an EEG dataset containing multiple band
power measurements sampled per electrode contact.

The correlated errors that arise (e.g., within speaker or within channel) in these
types of datasets violate the assumptions of standard ANOVA and regression mod-
els. Thus, to deal with the non-independence of the measurements using a simple

linear model, either datapoints must be averaged within the maximal node of each
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Figure 3.1: LME approach models neural activity as a combination of spectro-
graphic and phonemic label features. For each stimulus waveform, spectrograms
are computed and time-aligned phonemic-level transcriptions are assigned (top
row). Spectrograms are compressed into 128-dimensional vectors using a gener-
ative adversarial autoencoder network, and transcriptions are one-hot encoded.
Three classes of model are created from these features: a purely spectrographic
model (left column), a purely phonemic label model (right column), and a model
containing both feature sets (middle column). For each band of neural activity,
mixed effects models are fit. Model weights are used to reconstruct a predicted
response for each band, and the correlation between the predicted and recorded
neural response is calculated.

hierarchy, or separate models must be fit for each maximal node. Averaging within
categories allows the analyst to make statistical generalizations about the entire
dataset, but risks losing meaningful variability within groups. Conversely, creating
individual regressions for each category avoids the loss of variability through av-
eraging, but at the expense of being able to make generalizations about the whole
dataset. LME models balance these two alternatives by fitting weights both within
and across groups.

A simple linear model, given by the equation y = fx; + «, assumes that a true

regression line [ exists, and estimates its value 5. A mixed effects model assumes
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instead that [ is a random normal variate with its own mean g and standard
deviation o, modeled through the random-effects coefficients, u. The total mixed

effects model is given by the equation
y=XB+Zu+n

where y is an N x 1 column vector corresponding to/N observations of the response
variable; X is a N X p matrix containing the values for each of p predictors for
each response value; 3 is a p X 1 column vector of regression coefficients for the
fixed effects; Z is a design matrix for ¢ random effects and J groups, with size
N x qJ; u is a q¢J x 1 vector of regression coefficients for the random effects; and
7 is the IV x 1 vector of residuals, accounting for the components of y that are not
explained by the fixed and random terms.

When fitting the model, rather than estimating u directly, as is done for j3, it
is generally assumed that u is a normally distributed variate with a mean of zero
and a variance of GG. It is through this assumption that random effects model the
variability of g: the estimated B is the mean of the assumed [ distribution, and
the mean of u is assumed to be zero to model that the random effects are simply
deviations from the fixed effect. This leaves only the variance G to estimate.

When fitting a model with only one random intercept, GG is simply a 1 x 1
matrix containing the variance of the random intercept. However, in general, for
a model with n random effects, G is an n X n variance-covariance matrix. As
a variance-covariance matrix, GG is square, symmetric, positive semidefinite, and
contains numerous redundant elements. Given these properties, rather than es-
timating G directly, we estimate 6, a matrix that contains only non-redundant
elements (e.g., through a triangular Cholesky factorization of G = LDLT), typi-
cally parameterized in such as way as to ensure that the estimates are stable (e.g.,
positive, such as by taking the natural log). Regardless of the precise parameteri-
zation, GG is some function of #, and 6 is estimated in place of G.

The final element of a mixed effects model that must be estimated is the

variance-covariance matrix of the residuals, R. Most commonly, the residual struc-

2

,» Where I is the identity matrix, and o? is the residual

ture is given as R = [o ;
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variance. This structure assumes that all observations are conditionally indepen-
dent and that their residual variance is homogeneous. Altogether, a mixed effects

model of form

y=XB+Zu+n

is fit through the estimation of ﬁ, é, and R.

3.2.2 Spectrographic Features

For each timepoint of the response, a set of features representing the preceding
acoustic context was calculated. First, each excerpt was resampled to 16 kHz,
and a spectrogram was computed for the downsampled file using the spectrogram
function from the scipy.signal Python library. For each excerpt, this function
calculated consecutive Fourier transforms over segments of the excerpt waveform
that were 128 time bins (=8ms) in length with no zero padding. Segments were
windowed using a Hann function and had 64 time bins of overlap with one another.
This function resulted in a spectrogram with 65 frequency bins. The DC compo-
nent of the spectrogram was removed, and the remaining 64 frequency bins were log
transformed and then pairwise-averaged twice, resulting in a spectrogram with 16
frequency bins. Time bins were then pairwise-averaged three times, such that each
time bin of the final spectrogram represents a portion of time eight times longer
than the initial resolution (=64ms). Finally, the full spectrogram, representing the
entire excerpt, was split into overlapping 16 x 16 chunks, such that each time bin
of the total excerpt spectrogram—from the sixteenth bin to the final bin—could
be mapped to a 16 x 16 (=1024ms) chunk representing the spectrographic content
immediately preceding that time bin.

The final sample rate of the spectrogram time bins was 15.625Hz. However, all
preprocessed neural data had sample rates of 510Hz, meaning that each spectro-
gram time bin corresponded to between 32 and 33 timepoints of the neural data.
Therefore, to place the spectrographic features and neural response in one-to-one

correspondence with one another, for each spectrographic time bin, the samples of
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the neural response that took place during that time bin were averaged together.

As 16 x 16 chunks, each spectrogram would contribute 256 features to the
mixed effects model, a computationally prohibitive number of features to fit over
hundreds of thousands of datapoints. Thus, to further reduce the dimensional-
ity of the spectrographic features without resorting to further averaging and loss
of spectrotemporal resolution, 128-dimensional representations of each 16 x 16
spectrogram were drawn from the latent space of a Generative Adversarial Inter-
polative Autoencoder (GAIA; Sainburg et al. 2018) that had been trained on these
spectrograms.

GAIA networks are a kind of neural network whose architecture is based on
a combination of Autoencoder (AE) and Generative Adversarial Network (GAN)
architectures. AEs are a class of network trained to take an input x; and gener-
ate a reproduction of the input G(x;) that minimizes some error function between
the input and output. In the process of performing this mapping, z; is typically
compressed into some low-dimensional representation, z;, called the latent repre-
sentation. The portion of the network that maps x; from the input domain X to
z; in the latent domain Z is called the encoder, and the portion that maps z; to
G(z;) is the decoder.

GANSs are a class of network that combines two subnetworks, a generator and
a discriminator. The generator samples from the latent layer z; and is trained to
produce a sample G(z;) of the same data type as X. The discriminator then takes
both G(z;) and some z; as input and is trained to identify which of the samples
is a true member of the input set X and which is generated. The generator and
discriminator networks are adversarial to one another: as the generator becomes
more successful at reproducing the statistics of X, it becomes more difficult for
the discriminator to correctly differentiate between z; and G(z;), and as the dis-
criminator becomes more successful at discriminating between z; and G(z;), the
generator is pushed to reproduce the distribution of X more and more faithfully.

A GATA network combines these two architectures by using AEs for both the
generator and discriminator of a GAN. One of the strengths of using a GAIA

model to reduce the dimensionality of the spectrographic datasets derives from
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properties of its latent layer, Z. Both GANs and AEs are commonly used for the
properties of their latent layer, which acts as a low-dimensional representation of
the input domain that preserves core dimensions of its variability. For example,
the dimensions in Z often correspond to features that are meaningful within the
semantics of the input domain, such as whether or not a person is wearing glasses
for a dataset of face images, or whether or not one crosses the stem of the number
seven in a dataset of written digits. In typical AEs, the distributional properties of
Z are not constrained, meaning that if one were to sample a point z; in Z that does
not correspond exactly to the encoding of some training item but does lie between
two points that are encodings of real datapoints x; and xy, it’s possible that z; may
not look like a plausible sample of X when mapped through the decoder. Since
the most desirable property of a network’s latent space is its ability to act as a
meaningful compression of the input domain, the non-convexity of the standard
AFE latent space and the resultant regions of uninterpretable z-space are not ideal.
Since the generator networks of GANs sample the distribution of Z directly, they
can be constrained to avoid non-convex latent space, reducing the likelihood of
decoding a sample from z-space that does not resemble the input domain at all.

An additional strength of the GAIA architecture is its ability to generate sharp,
detailed reconstructions of input data. On their own, AEs tend to produce blurry
images because they use pixel-wise loss functions to reproduce the input data, and
these functions tend to minimize error by smoothing over sharp contrasts, like
edges, in the input data. Since GANs are trained instead to generate samples
that could plausibly come from X, they generally produce much sharper images
because the discriminator network could use smoothed edges to successfully deter-
mine whether a sample was drawn from X or G(X).

However, on their own, GANs contain no mapping from X to Z, meaning that
real input data have no direct representation in Z. The latent space of a GAN
represents the statistics of X, but not X itself. For this reason, a GAN alone is
not suitable for mapping specific spectrographic segments into lower dimensional
space. Incorporating AEs into a GAN using a GAIA network architecture solves

this problem. In a GAIA model, the discriminator performs two optimizations,
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minimizing the pixel-wise loss between an input x; and its reconstruction D(z;) by
the discriminator AE, and maximizing the loss between a generated sample G(z;)
and its reconstruction D(G(z;)) by the discriminator network. As in a standard
GAN, the generator works adversarially to minimize pixel-wise error between z;
and D(G(z;)) in order to produce generated samples that are as similar to the true
data as possible.

The GATA model was built in Tensorflow 2.2 as a class of tensorflow.keras.Model.
The network’s architecture is shown schematically in Figure 3.2. The AE support-
ing the generator role of the GAN contained two basic subnetworks, an encoder
and a decoder.

The encoder contained an input layer for batches of 16 x 16 tensors followed by
two convolutional layers with 32 and 64 filters, respectively. Both convolutional
layers had RELU activation, a kernel size of 3, and a 2 x 2 stride. The output of
the second convolutional layer was flattened into a single dimensional tensor using
a tf.keras.layers.Flatten layer and its output was sent to a densely-connected
layer of 128 units.

The decoding subnetwork was symmetrical to the encoder, taking the output
of the 128-dimensional z layer as the input to a densely-connected layer. The
densely-connected layer fed into a tf.keras.layers.Reshape layer that returned
its input into a multi-dimensional tensor. This layer was then followed by three
deconvolutional layers. The first two deconvolutional layers had 64 and 32 filters,
respectively, and each used a RELU activation function, had a kernel size of 3, and
a 2 x 2 stride. The final deconvolutional layer had one filter, a kernel size of 3, a
1 x 1 stride, and used a sigmoid activation function.

Like the generator, the discriminator network was an AE, but with a different
structure. The discriminator AE was a UNET, an end-to-end fully-convolutional
AE architecture originally developed by Ronneberger et al. (2015) for biomedical
image segmentation.

The encoder for this architecture contains an input layer followed by blocks
of convolutional and pooling layers. The first block contained two convolutional

layers with RELU activation functions, 3 x 3 strides, and 32 filters each, followed
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by a pooling layer where each unit of the layer downsampled its input by taking
the maximum value of its 2 x 2 window over the input. This block was followed by
a block containing convolutional layers with 64 filters each but that was otherwise
identical to the first block. The two blocks were followed by a final convolutional
layer with 128 filters.

Like the generator, the discriminator UNET’s decoding network was symmet-
rical to its encoding network. The output of the final convolutional layer of the
encoder was the input to another 128-filter convolutional layer. The output of
that layer was fed into the first of two blocks of upsampling and convolutional lay-
ers. This block began with an upsampling layer that, for each value of the input,
output a 2 x 2 tensor of that value. The upsampling layer was followed by two
convolutional layers with 64 filters each. The convolutional layers of the second
block had 32 filters each, but the second block was otherwise identical to the first
block. The final layer of the decoder was a convolutional layer with one filter, a
kernel size of 3, a 1 x 1 stride, and used a sigmoid activation function.

The Adam optimizer (tf.keras.optimizers.Adam) was used to minimize the
pixel-wise error for the generator network. This optimization algorithm is a method
of stochastic gradient descent that adapts the learning rate for each parameter of
the model based on the first- and second-order moments (i.e., mean and variance)
of the gradients. The Adam optimizer for the generator network was initialized
with a learning rate of 0.001 and an exponential decay rate of 0.5 for the first
moment estimates, and all other parameters for the optimizer were set to their
defaults.

The optimizer used for the discriminator network was a Root Mean Square
Propagation (RMSProp) optimizer (tf.keras.optimizers.RMSprop), a stochas-
tic gradient descent algorithm that, like Adam, maintains adaptive learning rates
for each model parameter, but adapts learning rates based only on the mean of
recent gradient magnitudes. It was initialized with a learning rate of 0.001 as well,
and all other optimizer parameters were set to their defaults.

As shown in the schematic, the overall logic of the GAIA architecture is as

follows: a standard autoencoder is trained to reproduce its inputs after passing
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Figure 3.2: Schematic representation of the GAIA architecture used to reduce the
dimensionality of the spectrographic features used in the LME models.

them through a low-dimensional z layer. The 128-dimensional space of the z layer
is sampled linearly, sampling two points in the latent space as well as evenly
spaced samples—interpolations—between those two points. Both the interpola-
tions drawn from z and the low-dimensional representations of the original inputs
are passed through the decoder network, yielding sets of 16 x 16 spectrograms—2a;
and 7, respectively. These reconstructed spectrograms (Z; and Z) are then passed
through the UNET autoencoder alongside original spectrograms (x), and the net-
work is trained to discriminate between the three types of UNET reconstructions—
reconstructions of original inputs (D(z)), reconstructions of the first AE’s recon-
structions (D(Z)), and reconstructions of the interpolations drawn from z that do
not correspond to any of the original inputs (D(Z;)).

Prior to training, each spectrogram was normalized such that its minimum
value was zero, and its maximum value was one. In total, across all excerpts, the
dataset contained 68,271 spectrograms, which were randomly split into training
and testing sets that contained 85% and 15% of the total dataset, respectively.
The GATA model was trained on batches of 4096 spectrograms, with 14 batches
per training epoch, and early stopping was implemented such that training halted
when the smoothed generator loss of an epoch? exceeded that of the tenth-most
recent epoch.

The model trained for a total of 83 epochs. After training, all spectrograms were

run through the encoder portion of the generator network, and each spectrogram’s

2Lists of each epoch’s loss values were saved during training to aid in determining when to
stop training. To prevent local perturbations in the generator loss from causing training to stop
inappropriately early, these lists were smoothed using a Hann function with a window length of
30.
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128-dimensional latent space representation was saved for use in the mixed effects
model. In all models, this feature set is referred to as the s1 feature set because it

contains spectrographic features.

3.2.3 Phonemic Label Features

During preprocessing, neural data were temporally registered to stimuli meta-
data. For each phone the participant heard, the start time, stop time, and dura-
tion of the phone were registered, alongside the phone’s identity, the identity of
the word it was part of, the word’s part of speech, and the excerpt it was part
of. From this information, a timeseries of one-hot coded features was generated
for the set of unique phone labels. In other words, each timepoint of the neural
response was assigned a vector of features, where each feature represented a phone
label; the value of the feature corresponding to the current phone label was set to
1, and all other feature values were set to 0. Following this feature assignment,
the matrix of phone label features was temporally averaged in the same way that
neural data were temporally averaged to attain a one-to-one mapping with the
spectrographic features. Because each vector of phone label features was sparse
and binary, the resultant values in each vector summed to 1. In this way, the
values in each feature vector corresponded to the proportion of time within that
window where a particular phone was played for the participant. In all models,
this feature set is referred to as the p1l feature set because it contains phone label

features.

3.2.4 Models

Families of LME model were fit for seven different neural response types, each
derived from the preprocessed raw recorded data. Six of these response types were
the z-scored power for different EEG frequency bands, and the seventh was broad-
band LFP. The frequency bands used in these models were delta (1-4Hz), theta
(4-THz), alpha (8-12Hz), beta (13-30Hz), gamma (31-50Hz), and high gamma
(70-150Hz) bands; broadband LFP contained frequencies 0.1-170Hz.
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For each of these response types, seven LME models were fit—three of interest
and four shuffle conditions. The three models of interest contained either only
spectrographic features (s1), only phonemic label features (p1), or both spectro-
graphic and phonemic features (s1pl). For both the s1 and p1 feature sets, two
forms of shuffled feature sets were also created. Feature sets s2 and p2 were cre-
ated by shuffling s1 and p1 features within excerpts, and feature sets s3 and p3
were created by shuffling s1 and p1 features across the entire recording session.

All s-series models contained 128 features, each corresponding to a dimension
of the latent space constructed from the GAIA network trained on excerpt spec-
trograms as described in Section 3.2.2. However, based on the number of excerpts
that the participant listened to, the number of phonemic label features in each
model differed slightly. For participants who completed at least four blocks of the
passive listening task, there were 72 unique labels included in the p-series models.
Models for participants who completed fewer blocks had at least 60 phonemic fea-
tures. Labels that did not occur in the first two task blocks were uncommon phones

and extraneous labels such as o1, nasalized vowels like au and €1, and laughter.

3.2.5 Model evaluation

Relative goodness of model fit was evaluated using the Akaike Information
Criterion (AIC). The AIC is an estimate of prediction error, calculated for each

model as

AIC = 2k — 2In(L)

Where k is the number of estimated parameters in the model and L is the
maximum value of the model’s likelihood function.

The way in which the AIC functions is clear from this definition. If two models
have the same number of parameters, and one has greater likelihood than the other,
its AIC will be smaller. For this reason, higher quality models have smaller AIC
values. However, the term that takes the model likelihood into account is offset by

a term that includes the number of the parameters estimated in the model. The
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number of model parameters drives up the value of the AIC, such that for two
models with the same likelihood, the model with fewer parameters will have the
lesser AIC value. In this way, the AIC balances model fit and model simplicity,
deterring the selection of a model with higher likelihood that achieves its goodness
of fit through overfitting.

For a set of models with AIC values AIC,,;n, AIC, AIC,, ... AIC .., to assess
whether one model has meaningfully better fit quality than another on the basis of
their AIC values, we calculate the relative likelihood of each model, also known as
its Akaike weight (AICw). The AICw of a model i is calculated as exp((AIC pin —
AIC;)/2), where AIC,,;, is the lowest AIC value of the set of models and AIC; is
the AIC value for model i. Thus, if the AIC value for a model is only 1 unit greater
than the minimum AIC value of the set of models, that model is exp(—1/2) = 0.61
times as likely to minimize information loss when predicting data. If the AIC value
for a model is 10 units greater than the minimum AIC value of the set of models,
that model is exp(—10/2) = 0.007 times as likely to minimize information loss
when predicting data.

In practice, if a model has an AIC value less than two units greater than
than the minimum AIC value, there is considered to be substantial support for
that model. In such a case, the currently available data are insufficient to select
between that model and the top ranked model. Either more data would need to
be gathered to attempt to distinguish the two models, or a multimodel created
as the weighted average of the two models may be used for subsequent statistical
inference. If the model’s AIC value is 3 ~ 7 units greater than the minimum, it
is considered to have less support, and if the model has an AIC value more than
10 units greater than the minimum, it is considered unlikely to be the model that
minimizes the prediction loss. In either of these two cases, it is typically reasonable
to conclude that the model with the lowest AIC value is in fact the model that
minimizes prediction error (Burnham & Anderson 2003).

The AICw is similar to the perhaps more familiar likelihood-ratio test (LRT),
but more appropriate for the sets of models constructed in this chapter. Like the

AICw, the LRT can be expressed as a difference between log likelihoods:
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Mg = =2(In(Lo) — In(Ly))

where L is once again the maximum value of the model’s likelihood function.
In this case, however, the two models must be in a nested relationship with one
another; the i-th model must be transformable into the 0-th model through re-
strictions on the values of its parameters. This requirement ensures that Ap g is
y2-distributed when the null hypothesis cannot be rejected and the i-th model
cannot be said to differ substantially from the 0-th model. The AICw does not
place this restriction on the structure of the models it evaluates, and thus is more

appropriate for the models presented here.

3.3 Results

3.3.1 Model Comparison

Results from the coronal tap, plural, and past tense comparisons provide ev-
idence for distinct contributions of categorical phonemic knowledge and acoustic
processing to the neural response to speech. Here we propose and assess a basic
model of the relationship between these two feature types using linear mixed ef-
fects models. For each participant, for each of the seven neural response types,
seven LME models were fit. Each model fit neural response with electrode chan-
nel and excerpt speaker as random effects and either only spectrographic features,
only phonemic label features, or both spectrographic and phonemic label features
as fixed effects. Figure 3.1 illustrates how these three base models where con-
structed. Four additional models were also created, in which the phonemic or
spectrographic features had either been shuffled within each excerpt or shuffied
across the full recording session. Models were then compared within participant
and neural response type using the Akaike Information Criterion (AIC; Akaike
1998), and all best-fit models carried 100% of the cumulative model weight and
had an AIC score >200 lower than other models.

Power in 9-, 6-, a-, and [-bands was best fit by linear mixed effects models

98



that included both spectrographic features and phonemic labels (s1pl). For these
bands, the s1pl model was the best fit for all participants. These results suggest
that power in these bands is driven in part by phonemic category information that
is not reducible to speech acoustics. For power in +- and high y-bands, however,
the best fit model varied across individuals. For y-power, eight participants’ data
were best fit by the model that included only spectrographic features (s1), and
two participants’ data were best fit by the s1p1 model that included both spectro-
graphic and phonemic label features (SD013, SD018). Similarly, for high v-power,
eight participants’ data were best fit by the s1 model that included only spectro-
graphic features, and the remaining participants data were best fit by the s1pl
model that included both spectrographic and phonemic label feature sets (SDO11,
SDO013). These results suggest that power in frequencies above 30Hz are primarily
driven by speech acoustics rather than phonemic category information.

For broadband LFP, all participants’ data were best fit by the s1pl model
that included both spectrographic features and phonemic labels. Given the 1/f
structure of LFP data, this neural measure is dominated by lower frequencies; thus,
the fact that the best fit model for lower frequency bands is also the best fit model
for the broadband LFP is somewhat expected. What is notable, however, about
the match between the best fit models for lower frequency band power and LFP is
that LFP and band power are different kinds of neural measures. LFP is a measure
of extracellular voltage fluctuation over time, and band power measures are derived
from LFP through a series of non-linear transformations: LFP activity is filtered
into logarithmically increasing frequency bands and the analytic amplitude of those
bands is computed and then averaged across bands. On their own, the LFP results
demonstrate that broadband LFP contains phonemic category information that is
not reducible to speech acoustics. Combined with the results from lower frequency
band power, the LFP results further suggest that this information is robust to the
set of transformations involved in deriving band power from LFP.

As a model selection tool, the AIC straightforwardly aids the selection of the
most probable model from a set of models. More generally, however, the AIC

facilitates model ranking, and given the partially-nested structure of the models
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Figure 3.3: Phonemic information dominates lower frequency band responses to
speech. (A) For LFP and d—f3-bands, models that include phonemic label infor-
mation in addition to spectrographic information (s1pl, red) best fit the neural
response to speech for all participants. At higher frequencies, most participants’
data are best fit by models containing solely spectrographic features (s1, orange).
(B) Models containing phonemic label information alone (p1, yellow) are more
likely to provide a better fit for neural response at lower frequencies than at higher
frequencies, where models containing spectrographic information alone (s1, or-
ange) are more likely to provide a better fit. (C) Time-varying correlation between
predicted and recorded neural response for the d-power response of one electrode,
illustrating a period of sustained advantage of the p1l model (yellow) over other
models, including the s1pl (red) model. (D) Time-varying correlation between
predicted and recorded neural response for the high y-power response of one elec-
trode, illustrating a period of sustained advantage of the s1 model (orange) and
s1pl (red) models over models that do not contain unshuffled spectrographic in-
formation. For (C) and (D), grey vertical lines indicate phoneme boundaries for
the transcript provided below each plot. (E) Predicted-Recorded correlations av-
eraged across all speech selective electrodes for all participants. In the aggregate,
the s1pl model (red) outperforms sl (orange) and pl (yellow) models, and all
three contentful models (s1pl, s1, pl)l%l(l)tperform all four shuffled models.



under comparison in this study, the relative ranking of the s1 and pl models is
worthy of assessment. Especially where s1pl was the best-fit model, assessing
the relative fit of s1 and p1 models provides insight concerning which of the two
component feature sets of the s1pl model contributed the most to its goodness-
of-fit. For each subject and response type, the model with the second lowest AIC
score was >100 times as likely as the third ranked model. As shown in Figure 3.3B,
models containing only phonemic label features were most likely to be the second
ranked model for lower frequency bands. However, with increasing band frequency,
the s1 model becomes more likely to provide a better fit for the data until, for ~-
and high ~-bands, it is the best fit model overall. These results appear to provide
support for a larger-scale generalization that phonemic labels better explain power
at lower frequencies, while acoustic features excel at explaining power in higher

frequencies.

3.3.2 Significant parameters

Significant parameters for each of the models were considered to be those for
which a Bonferroni-corrected confidence interval for the parameter did not include
zero. Interval sizes were adjusted from the standard threshold for significance
(av = 0.05), using a Bonferroni correction to account for the number of fixed effects
in each of the models. That is, for p-series models, a 100 - (1 — 0.05/72) = 99.93%
confidence interval was calculated; for s-series models a 100 - (1 — 0.05/128) =
99.96% confidence interval was calculated; and for the s1pl model a 100 - (1 —
0.05/200) = 99.98% confidence interval was calculated. For subjects and response
types for which the s1pl model best fit the data, the parameters of the model
that were found to be significant overwhelmingly overlapped with the parameters
that were found to be significant in the corresponding s1 and pl models. These
observations are corroborated by the distribution of significant parameters in each

of the models.
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3.4 Discussion

3.4.1 Validation of Di Liberto et al. (2015)

In fitting mixed effects models containing acoustic features and phonemic label
features across the six major functional bands, this study validates results found
in scalp EEG work by Di Liberto et al. (2015). Di Liberto et al. (2015) fit mul-
tivariate temporal response functions (mTRFs) to bandpassed scalp EEG data
using spectrographic features, phonemic label features, and both spectrographic
and phonemic label features. As in this study, they found that models containing
both spectrographic and phonemic label features provided the best fit model for §
and 6 bands. Furthermore, in these lower frequency bands, their phonemic label
model outperformed their spectrographic model. Conversely, in higher bands («,
S, ) the model containing only spectrographic features outperformed the model
containing only phonemic label features.

This chapter improves on the statistical methods used in Di Liberto et al.
(2015) to make stronger claims about the relative fit of different models. Di Liberto
et al. (2015) assessed model performance using Pearson correlation between their
recorded and predicted responses only. For this reason, they were incapable of
directly assessing whether the enhanced performance of their model that contained
both spectrographic and phonemic label features was driven by the fact that it had
more free parameters than all other models (Di Liberto et al., 2015, pg. 2459).
Through use of the AIC in this study, differing numbers of model parameters were
taken into account during model selection, thereby facilitating stronger claims
concerning model quality. In this way, the findings reported in this chapter both
validate and bolster Di Liberto et al.’s (2015) claims.

In addition to validating Di Liberto et al.’s (2015) main results, this study
also replicated one of the finer details of their work. In particular, Di Liberto
et al. (2015) found that the overall correlation between predicted and recorded
responses was strongest in the lowest frequency bands and dropped to a fraction of
that magnitude as center band frequency increased. This effect can be seen clearly

in Figure 3.3E and to a lesser extent for the MNE models in Chapter 4, Figure
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4.2C. Di Liberto et al. (2015) attributed this steep dropoff in the predictive ability
of their models to the lower signal-to-noise ratio of these bands when recorded
from the scalp. Observing this effect in intracranial recordings is not necessarily
inconsistent with Di Liberto et al.’s (2015) interpretation, but the sources of noise
may be different. For example, it may be the case that higher frequency signals
have lower fidelity in white matter sites due to the distance of these sites from
signal generators.

Another, unrelated possibility concerns the temporal resolution of the phonemic
and spectrographic features relative to the intrinsic temporal resolution of the
neural response features. As mentioned in §3.1.1, oscillatory models of language
processing often propose roles for particular neural bands by appealing to shared
temporal granularity between linguistic and neural rhythms. By such accounts,
activity in higher frequency bands is expected to encode the rapidly fluctuating
spectrotemporal dynamics of speech acoustics, while lower frequency bands are
expected to encode more slowly varying linguistic units, such as syllables. While
this study did find that spectrotemporal features better accounted for the activity
in higher frequency bands than phonemic label features, all models performed
worse at predicting high frequency band power than low frequency band power.

The steep decline in predictive power as band frequency increases is unex-
pected for the models containing spectrographic features. Beyond the possibly
lower signal-to-noise ratio of high frequency activity when recorded from white
matter, the unexpectedly poor predictive power of the high frequency models may
stem from any of several temporal mismatches between the stimulus and neural
response. For example, the models in this this study were fit using only one tempo-
ral alignment of stimulus and response features. It is possible that different neural
frequency bands respond to stimulus features at different latencies. It is also pos-
sible that the temporal resolution of the spectrographic features (15.625Hz) and
resultant level of spectral detail was too low to adequately capture variance in the
neural response at higher frequencies. Relatedly but distinctly, rapid fluctuations
in band power may play a larger role in stimulus encoding at higher frequen-

cies, and as a result, downsampling the neural response to match the sample rate
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of stimulus features may have abolished more stimulus-dependent information at

those frequencies.

3.4.2 Validation of ERP Case Studies

The results of this study broadly corroborate the findings reported in Chapter
2 for the coronal tap, regular past tense, and regular plural comparisons. For
each of those comparisons, for all neural response bands, a significant number
of sites exhibited sensitivity to categorical phonemic identity over acoustic (tap
comparison) or morphological (plural and past tense comparisons) identity. In
this study, models containing categorical phonemic label features outperformed
other models for all participants in - through S-bands, and for two participants
in v- and high ~-bands. These results generally indicate that phonemic category
information does not merely recapitulate spectrographic information but captures
some portion of neural variance not otherwise available in the speech acoustics.
This category-related activity is consistent with the observation of sites sensitive
to phonemic identity in Chapter 2; however, the variability in best-fit model across

participants for - and high y-bands raises questions for this interpretation.

3.4.3 Cross-participant variability in LME model fits

The variability in the best-fit LME model across participants for v-power and
high y-power data is not easily explainable. It may result from differential elec-
trode coverage across participants. The fact that both SD013’s y-power and high
~v-power were best fit by the s1pl model would be consistent with such an ex-
planation, since electrode coverage is a factor that is fixed for each participant,
and we might therefore expect coverage-based differences to be consistent within
participants. However, the fact that only SD018’s v-power and only SD011’s high
~v-power are best fit by the s1p1 model reveals the true complexity of a coverage-
based explanation for the variability in these results. For the best fit model for
SD018’s v-power to diverge from that of all other participants for only that power

band would require coverage that differs from other participants’ in such a way
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that it differentially impacts y-power only. Similarly, the fact that the best fit
models for SD013 differ from the majority in only two bands requires one to posit
a state of affairs in which SD013’s coverage differs in a way that substantially
impacts only two bands.

Individual variation presents another possible explanation. Whereas a coverage-
based explanation assumes that results across participants ought to be the same
and only differ because non-homologous sets of neurons were recorded across par-
ticipants, an explanation based on individual variation would allow for the possibil-
ity that even with functionally identical coverage, individuals may still vary in the
way that they process speech sounds. From this perspective, the consistency across
participants in lower bands is merely artifactual of the small number of partici-
pants whose data are reported here, and perhaps if data from a greater numbers of
individuals were available, some variability in the best-fit model would be observed
in each band. However, while individual variability most certainly exists in speech
sound processing, it seems unlikely that information about speech sound categories
and their acoustics, being both quite close to the sensory periphery and fundamen-
tal to speech perception, would vary substantially across individuals. This is an
empirical question, though, and while its answer ought to be pursued, it is not a
question that this dataset is well-suited to address. Given the limitations of the
dataset, arriving at a satisfactory account for the cross-participant variability of

these results will require follow-up work.

3.4.4 Implications of feature compression

It is worth reiterating that the spectrographic features used in these models
were drawn from the latent space of a variational autoencoder. In this sense,
like the phonemic label features, the spectrographic features used in this study
were also abstracted from surface acoustics. However, whereas the phonemic label
features represent a linguistically-informed compression of the acoustic signal, the
compressed spectrographic features are purely informed by acoustic information.
It is remarkable then, with all their compression, that weightings of these feature

sets are still capable of reconstructing neural response with such high fidelity,
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with correlation of over 0.4 at times. In this way, the ability of these features
to account for a significant portion of neural variance validates the use of such

nonlinear compression methods for neural encoding analyses.

Material from Chapter 3 has been submitted for publication as “The neural
response to speech is language specific and irreducible to speech acoustics” with
authors Anna Mai, Stephanie Ries, Sharona Ben-Haim, Jerry Shih, & Timothy

Gentner. The dissertation author was the primary investigator and author of this

paper.
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Chapter 4

A Relational Model of Invariance

4.1 Introduction

Speech is a highly-structured auditory signal that carries necessary and suffi-
cient information for language comprehension among neurotypical, hearing popu-
lations. Speech perception, accordingly, involves the integration of both bottom-
up auditory processing and top-down language knowledge. Top-down language
knowledge itself comes in two broad forms: knowledge that may hold of languages
generally (=general language knowledge) and knowledge that is specific to partic-
ular languages (=specific language knowledge). General language knowledge may
include awareness about general language structure (e.g., words may modify other
words) or about how language is produced (e.g., different speakers have differ-
ent voices, taller signers have larger signing spaces, etc.), while specific language
knowledge requires extensive experience with a particular language (e.g., adjec-
tives follow the nouns they modify in Hebrew, word-final consonants are devoiced
in German, etc.). This study focuses on the role that specific language knowledge
plays in speech perception, asking at what point linguistic units of speech are pro-
cessed in a language-specific manner and what general characteristics of speech

acoustics support the perception of those units.
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4.1.1 The problem of invariance

Understanding how an acoustic signal supports what is ultimately perceived
as language is central to speech perception research, and the idea that some form
of acoustic invariance plays a role in the perceptual experience of invariance in
speech has long challenged researchers (Liberman et al. 1952; Fant 1960; Cole and
Scott 1974b,a; Klatt 1979; Blumstein and Stevens 1979, inter alia). On the one
hand, the acoustic characteristics of speech are highly constrained, both by articu-
latory constraints on what sounds can be produced and by auditory constraints on
what sounds can be perceived. And arguably more interestingly, within the con-
fines of those physical constraints, there is great structure: certain configurations
of articulators produce stable acoustic characteristics, such as the stability of the
correlation between rising formant transitions and the release of a labial constric-
tion or the attenuation of energy between the second and third formants during
the production of a lateral sound. These kinds of articulo-acoustic dependencies
are undoubtedly foundational to our ability to form linguistic sound categories,
relating what we hear to what we learn to produce. On the other hand, the real-
ization of a sound in a particular category may vary substantially from speaker to
speaker, such as in the case of one speaker’s high tone having the same fundamen-
tal frequency as another speaker’s low tone (see Mandarin, Lee 2009), or even in
a single speaker, certain articulo-acoustic cues may overlap greatly with the cues
to other categories, such as a speaker who produces a distribution of high back
rounded vowels that overlaps almost entirely with their production of mid back
rounded vowels (see Kinande, Gick et al. 2006).

For these reasons, all current theories that set out to link speech acoustics to
perception and comprehension include some role for surrounding acoustic context,
including speaker, speech rate, and phonological context (see Holt and Lotto 2010
or Casserly and Pisoni 2010 for a review). And each of these features may also
differ in how they are deployed in different languages. Distinct languages with
superficially similar sound categories may make use of different acoustic cues to
aid in the recognition of those sounds. For example, listeners appear to rely more

on voice quality than f0 to identify falling tones in White Hmong (Garellek et al.,
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2013), while in Cham, f0 is the primary cue used for tone identification despite
the availability of voice quality cues (Brunelle, 2012). Moreover, within a single
language, the primary acoustic cues to certain contrasts may change over time, as
in the case of Korean tonogenesis (Silva, 2006), or even disappear, as may have
been the case Tutrugbu’s vowel inventory (Essegbey and McCollum, 2018). Thus,
the problem remains of how an organ with the same general capacities across
all these populations manages to extract and replicate the patterns of segments
that are consistent with the grammar of a particular language. That is, what
general characteristics of extant surface acoustic patterns support the extraction
of linguistically meaningful categorical units?

This study offers a broad starting point towards characterizing how the brain
responds to acoustic stimuli in a way that supports sound categorization. Through
examination of how first- and second-order statistical moments of speech acous-
tics contribute to observed changes in band power across different frequencies,
this study begins to address the relationship between the acoustic processing of
spectrotemporally complex features and the linguistically relevant categories those
features belong to. In this way, instead of focusing on literal invariances of the
acoustic signal, this approach focuses on which aspects of the acoustic signal drive
invariances in the neural response, placing the ultimate onus for linguistic struc-
ture on the physiological characteristics of the brain and peripheral sensory organs
rather than the linguistic signal itself.

Receptive field estimation approaches use mathematically explicit hypotheses
about the nature of the relationship between stimulus and response to determine
what features of the stimulus drive a response. Thus, they are immanently well-
suited to answer the questions posed above, since the effects of hypotheses used by
different approaches can be compared straightforwardly through their explicit def-
initions. In the following section, we review different approaches to receptive field
estimation and provide background for the most promising approaches for LFP
speech data. Then, we describe how these models were fit, characterize the resul-
tant receptive fields, and assess the contribution of model type, acoustic structure,

and the availability of category-level phonemic information to the goodness-of-fit.
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4.1.2 Receptive field estimation

The process of transforming a sensory signal into a neurobiological signal that
can be used to inform an organism’s behavior involves numerous, non-linear trans-
formations. In the case of sound, when a mechanical wave reaches the cochlea, it
is transduced into electrical energy through its interaction with stereocilia, the po-
larized epithelial cells that line the spiral of the cochlea. This electrical signal then
passes via the auditory nerve through several brainstem nuclei before it reaches the
neocortex. At each step, a cell’s response to the signal that it receives is particular
to the features of that signal, and different cells respond in different ways to the
inputs that they receive. For example, one of the most salient organizing principles
of the early auditory system is its tonotopy, a property that in part emerges from
the fact that cells in this pathway respond selectively to certain frequencies. Infor-
mation at these stages may inform reflexes, such as the acoustic startle response,
but quintessentially human behaviors such as those involving music and language
require further transformation of sensory signals in neocortex.

As in earlier pre-cortical processing of sound, one of the principle organizing
features of early cortical processing is tonotopy; however, once in cortex, temporal
features of the sensory source also begin to play a larger organizational role. With
each successive synapse ascending through the auditory system, the features of the
sensory source that are represented at that point grow in complexity, such that in
higher auditory areas in humans, there is evidence for distinct populations that
respond preferentially to instrumental music or speech (Norman-Haignere et al.,
2015), and that despite variability in the acoustic source, behaviorally relevant
categories of sounds elicit similar responses (Chang et al., 2010; Toscano et al.,
2010). In this way, higher auditory responses are directly tied to perception and
subsequent behavior, and thus characterizing how the nervous system transforms
sensory inputs into these neurobiological signals is essential to understanding the
neural basis of the human behaviors that rely on these sensory signals, such as
language.

One way of characterizing the nervous system’s transformation of sensory sig-

nals involves determining how higher-level sensory neurons respond relative to the
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sensory source. From this approach, the sets of acoustic features that elicit a re-
sponse from a particular cell constitute that cell’s receptive field, and that receptive
field in turn provides some indication of the transformations of the sensory signal
that the nervous system must perform. However, determining the receptive fields
of higher-level sensory neurons remains difficult for two primary reasons. First,
the response functions of higher-level sensory neurons rely on multidimensional
transformations of inputs which themselves are not well-characterized. Second
and inter-relatedly, higher-level sensory neurons are often highly selective in their
responses. They do not, in general, respond to broadband noise stimuli, tone
sweeps, or other spectrotemporally simple inputs that would make the project of
determining the components of their response functions simpler. Rather, struc-
tured, often spectrotemporally complex, ecologically valid stimuli are required to
elicit a response. However, even when presented with such stimuli, it is difficult to
predict when a particular neuron will respond, because the specific combination of
features that drives its response function, in general, do not occur frequently.

The difficulties inherent to the project of calculating complex receptive fields
spawn related computational challenges. Given the high dimensional natures both
of a cell’s response function and of the sensory signal, standard statistical models
often fail to recover plausible receptive fields. Relative to the number of model
parameters, available data often fail to sample sufficiently over the stimulus space
and response distribution, resulting either in woefully over- or under-fit models. To
confront these challenges successfully, thus requires computational methods that
are capable of estimating multidimensional transformations of input data; robust
to the biases of highly correlated natural stimuli; and resistant to overfitting.

A number of methods designed to meet these demands are currently used to
estimate complex receptive fields, and although these methods differ in a number
of respects, they are unified in their approach to receptive field estimation as a kind
of dimensionality reduction problem. Since higher-order sensory neurons respond
sparsely to features of the sensory input, these methods assume that the set of
components driving a cell’s response is smaller than the set of all components that

would be necessary to describe the entire stimulus space. From this perspective,
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the act of estimating a cell’s receptive field amounts to finding a lower-dimensional
space that captures its behavior, and correspondingly, the computational meth-
ods used to estimate receptive fields in this manner may be familiar from other
computational contexts in which some form of dimensionality reduction is desired.

In the context of receptive field estimation, these methods can be roughly
divided into those that correlate the neural response directly to components of
the stimulus, s;, versus those that additionally correlate the neural response to
pairwise products s;s; of stimulus components as well. These two broad families
of methods are known as linear and quadratic methods, respectively.

Perhaps the simplest linear method, the spike-triggered average (STA), calcu-
lates an average for each dimension of the stimulus, weighted by the corresponding
observed response distribution. The formula for the STA, given in (4.1.2), results
in a receptive field that represents the average stimulus that co-occurs with an

increase in a cell’s neural activity.

(3) The Spike-triggered Average

1 Nsamp
STA
w = N Z YeSi
spk =1

In this formulation, for time index ¢, s; is a vector of features that represents
the stimulus at ¢, y; represents the neural response at ¢, Nyq.m), represents the total
number of samples, and Ny, represents the total number of spikes.

The corresponding quadratic method is the spike-triggered covariance (STC).
The primary advantage of the STC over the STA is that the STC can estimate more
than one component of the receptive field. This is particularly useful for neurons
in higher-order sensory areas, many of which have been shown to contain cells that
are selective for more than one distinct feature of the sensory stimulus. The re-
construction of these so-called multidimensional or multicomponent receptive fields
benefits from models that include quadratic features, such as STC models because
they are capable of estimating multiple receptive field components. The STC ex-
tends the STA by calculating not only the the first-order statistical moment—the

average value of the stimulus vector—that correlates with an increase in neural
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response (spiking activity), but also the the second-order moment, the average
value of the stimulus covariance. The STC is calculated as the difference between

the spike-triggered stimulus covariance matrix,

(4)

1 Nsamp
spk __ T
" = — > yeses
spk =1
and the stimulus covariance matrix,
(5)
1 Nsamp
stim __ T
C =N Z YrS1S; -
samp =1

This results in the difference matrix C%// = C*PF — C5%™ from which a set of
estimated features are extracted through eigendecomposition. Decomposing C'%/f
into QAQT through eigendecomposition produces eigenvectors,  and their corre-
sponding weights, the eigenvalues A, and in this way, the STC captures multiple
components of the stimulus that drive neural response.

However, spike-triggered methods like the STA and STC are limited by their
strict assumptions about the stimulus distribution. The STA requires the stimulus
distribution to be zero-centered and spherically symmetric, and the STC requires
stimuli be drawn from an uncorrelated, zero-centered Gaussian distribution. These
restrictions render spike-triggered methods generally unsuitable for modeling the
receptive fields of higher-order sensory neurons because, as previously mentioned,
such cells tend not to respond to noise stimuli of the kind that would be necessary
to satisfy the distributional assumptions of these methods.

For this reason, instead of pursuing spike-triggered methods for receptive field
reconstruction in this work, an information-theoretic method is pursued instead.
The earliest such approach of this kind, is a linear method known as the Maximally
Informative Dimensions (MID) approach, which estimates components of a unit’s
receptive field by searching for the set of vectors that maximizes the mutual infor-
mation for each spike, based on empirical estimates of the posterior distribution (=
the probability of a spike given a certain stimulus vector) and the prior distribution

(= the probability of a given stimulus vector itself). In relying on distributions
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derived from the available data, information-theoretic approaches like MID cir-
cumnavigate the distributional assumptions of spike-triggered methods that are
unrealistic for higher-order sensory receptive fields. However, as a linear method
that does not assume a stimulus distribution, MID falls prey to the curse of di-
mensionality, since the proportion of the lower dimensional (receptive field) space
that would be filled by stimuli projected into that space decreases exponentially
as the number of components being fit by the model grows. As a result, although
linear MID can reconstruct complex receptive fields from non-Gaussian stimuli,
it is typically only successful at reconstructing up to three or four components
(Rowekamp and Sharpee, 2011). Since cells far earlier in sensory pathways, such
as the retinal ganglion cells (RGCs) of salamanders, have been shown to respond
to as many as eight independent stimulus features (Fairhall et al., 2006; Kaardal,
2017), and higher-order sensory neurons are generally assumed to have receptive
field properties of equal if not greater complexity than those closer to the sensory
periphery, dimensionality reduction techniques that are capable of stably recon-
structing but scant handfuls of receptive field components are likely inadequate for
the reconstruction of higher-order receptive fields.

As a quadratic information-theoretic method, maximum noise entropy (MNE)
is an approach to receptive field reconstruction that both averts the curse of dimen-
sionality as well as the assumption that the stimulus space is Gaussian distributed.
Like other information-theoretic methods, the stimulus distribution is estimated
empirically and therefore need not be assumed a priori. However, unlike the linear
MID approach, numerous (> 4) components can be stably recovered from MNE
models because MNE models constrain the properties of the low dimensional (re-
ceptive field) space using a data-derived minimal model of the space. Furthermore,
unlike MID models, MNE models minimize, rather than maximize, the mutual in-
formation between the response and the stimulus by maximizing the noise entropy
of the stimulus. This is accomplished by rewriting the mutual information be-
tween the stimulus and the response (I(y;s) as the difference between the response

entropy,
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Hresp = —dyP(y)lOg(P(y))

And the stimulus noise entropy, given as

Hyoise = —dydsP(y|s)P(s)log(P(yls))

Since the probability of the response P(y) is calculable from the recorded re-
sponse itself, the value of H,.s, is fixed, and consequently, I(y;s) = Hyesp — Hnoise
will be minimized by maximizing the value of H,;se.

Optimization of H, is not possible without the imposition of a model for
the conditional response probability P,,.q(y|s); else, the set of models that could
generate the observed set of correlations between the stimulus and response is
theoretically infinite. Thus, to ensure that H,,s is able to be maximized, a
model for P,,,q4(y|s) is constructed that, while being consistent with the observed
correlations, is otherwise as unconstrained as possible, such that it is minimally
biased with respect to the observed data. This minimal model is constructed
by constraining model statistics to match the response-weighted moments of the
stimulus distribution, (y),, (ys)ys, (yssT),s, etc. With these minimal, data-driven

constraints, the conditional probability P,,.q(y|s) is given by the logistic function

1
14 e2)’

P(yls) =

where 2(s) = a + h’s + s?Js, and the weights a,h, and J are determined by

minimizing the negative log likelihood

L(a,h,J) > [wlog(P(ylse)) + (1 — ye)log(1 — P(ylsy))]

Nsamp

defined here as an average over samples. This log likelihood function is convex,

and thus is guaranteed not only to converge but to converge on its global minimum
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in polynomial time.!

The quadratic polynomial z(s) = a + h - s + sT'Js defines a set of quadratic
surfaces that correspond to the minimal model’s contours of constant probability.
When z(s) (and consequently J) is diagonalized, then, the resultant eigenvectors
{z;} correspond to the principal axes of the constant probability surfaces, and the
magnitude of their respective eigenvalue {3;} corresponds to the curvature of the
surface in that dimension, which in turn corresponds to the degree of selectivity
for the feature defined by that dimension.

Altogether, MNE models enable the stable reconstruction of multicomponent
receptive fields for higher order sensory neurons. To date MNE models have been
used to characterize the receptive fields of putative single neurons based on spiking
activity in visual and auditory areas of nonhuman animals (Kozlov and Gentner,
2016; Clemens et al., 2012; Rowekamp and Sharpee, 2017; Atencio and Sharpee,
2017). This chapter builds on those successes, showing not only that MNE models
can successfully reconstruct receptive fields from human intracranial LFP activity,
but also that phonemic category information aids in the reconstruction of higher-
order sensory receptive fields. Section 4.2 describes the sets of models that were
constructed and how they were compared to one another; Section 4.3 describes the
results of those comparisons; Section 4.4 discusses the significance of these results;

and Section 4.5 concludes.

4.2 Methods

4.2.1 Input features

Input features were created for each of the two conditions of interest. For the
unlabeled spectrogram condition, 256-dimensional (16x16) spectrograms were cre-
ated for each timebin of the neural response to represent the 1024ms of acoustic

context preceding that timebin. These spectrograms were created using the proce-

! This is another advantage of MNE models over MID models, whose optimization functions
are not convex and therefore are vulnerable to converging on local rather than global optima
(Fitzgerald et al., 2011).
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dure described in §2.2. For the labeled spectrogram condition, 8-bit binary codes
(i.e., [01010110]) were created for each possible ARPABET label present in the
Buckeye Corpus. Then, two labels (totaling 16 bits) were assigned to each spec-
trogram. For 1024ms windows containing only one phone-level label, the 16-bit
label given to that spectrogram was the simple concatenation of the code for that
ARPABET label with itself. For spectrograms containing more than one phone-
level label, the 16-bit label given to that spectrogram was the simple concatenation
of the code for the label that occupied the plurality of that 1024ms window and the
runner-up label. Then the mean and standard deviation of each spectrogram was
calculated, and the top row of each spectrogram was replaced with a 1x16 vector
representing its 16-bit label. For this row vector, “0” entries of the 16-bit label were
replaced with the value one standard deviation below the spectrogram’s mean, and
“1” entries were replaced with the value one standard deviation above the spec-
trogram’s mean. In this way, spectrographic labels were designed to have minimal

impact on the prexisting variance and covariance structure of the spectrograms.

4.2.2 Neural response measures

Models were fit for seven response types: delta, theta, alpha, beta, gamma,
and high gamma power, and broadband LFP. The preprocessing for each of these
data types is identical to those reported in §2.2.

4.2.3 MNE models

MNE models were fit for each participant for each response type for each con-
dition. As described in Section 4.1.2 and reprinted below in (6), these models
fit a logistic function that models the response type (LFP or band power) as a
linear combination of first- and second-order features of the stimulus (labeled or

unlabeled spectrograms).

(6) Maximum Noise Entropy Model

1
P<y|S> = W,Z(S) =a+ hTS + STJS
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To prevent overfitting, model parameters were estimated over four jackknives:
Input and response data were split into four batches, and for each jackknife, three
of the batches were used as training data, and the remaining batch was used for
testing. The log loss between the response and the weighted input was minimized
using fmin_cg, a nonlinear conjugate gradient algorithm from the scientific com-
puting library scipy.optimize, and early stopping was implemented such that if
the log loss on the testing data did not decrease for ten consecutive epochs, train-
ing was halted. The optimized weights for each of the four jackknives were then
averaged, and this set of mean weights were used in all subsequent work.

For each channel, the fit models were used to generate predicted neural re-
sponses. First-order predictions were generated using the fit linear features only,
with 2(s) = a + h”s, and second-order predictions were fit using the complete
model, with z(s) = a + h”s + s'Js. Then for each predicted response, Pear-
son’s r was calculated to assess the degree of correlation between the recorded
and predicted responses. These values were then normalized using the Fisher Z-
Transformation such that prediction quality could be compared across model types

and conditions.

4.2.4 Control

To ensure that each model fit better than would be expected by chance, model
predictions were also generated from the shuffled features of the fit models. For
the linear model, the entries of the 256-dimensional vector feature representing
the power-responsive average were shuffled, and predictions were generated us-
ing the shuffled linear features only, with 2(s) = a + h”s. For the quadratic
model, the linear feature was shuffled as described for the linear model. Addition-
ally, the quadratic model’s J-matrix was eigendecomposed, its eigenvalues were
shuffled, and the J-matrix was then recomposed using the shuffled eigenvalues.
Predictions for the shuffled quadratic models were then generated as expected,
with 2(s) = a + h”s + s”Js. Shuffling in this way leaves the quadratic features
(the eigenvectors of the J-matrix) intact, altering only the weight afforded to each

feature in the predicted response. This manner of shuffling therefore provides a
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relatively liberal estimate of the quality of response that would be expected by
chance, since it preserves the structure of the second-order features in their en-

tirety, merely reweighting their contribution to the predicted response.

4.3 Results

4.3.1 Model evaluation

In Chapter 3, all best-fit mixed effects models included spectrographic features,
highlighting the pervasive importance of acoustic information in speech processing.
However, in lower frequency bands in particular, categorical phonemic information
also played a substantial role, explaining variability in the neural data that was
not otherwise explained by spectrographic information. This observation raises two
questions: First, which aspects of the stimulus are most important in explaining
the neural response to speech? And second, what is the nature of the relationship
between spectrographic and phonemic label features? Maximum Noise Entropy
(MNE) models provide the analytical tools to address these questions because
they allow one to test specific claims about the nature of the link between the
stimulus and the neural response. Here, by comparing the fit of linear models to
quadratic models, we determine the extent to which relationships between pairs of
features impact neural fit, and by comparing the fit of models given phonemic label
information to models fit with solely spectrographic information, we determine the
role that phonemic information plays relative to speech acoustics.

To assess whether model order and/or the availability of phonemic label infor-
mation contributed to the quality of MNE model fits, five mixed effects models
were fit. These models predicted the Fisher Z-transformed Pearson correlation be-
tween predicted and observed neural responses on the basis of the neural response
type, model order, the availability of phonemic label information, the interaction
of model order with the availability of label information, and whether the model
feature weights were shuffled. Subject and channel were included as random ef-
fects. The formulas for these models are given in Table 4.1. In these models, model

is a binary feature referring to whether the predicted fit was generated using only
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Figure 4.1: Reconstructed receptive fields reflect available phonemic and spectro-
graphic information. (A) Receptive fields corresponding to the six most negative
eigenvalues for a single electrode whose d-power response was fit with purely spec-
trographic information. (B) Receptive fields of the six most positive eigenvalues for
the same electrode as (A). (C) Left: Eigenvalues of the fit model, ordered by their
value. Grey shaded box encompasses the bottom 95% of eigenvalue magnitudes.
Right: The power-dependent average receptive field. (D) Receptive fields for the
six most negative eigenvalues reconstructed from the d-power response of the same
electrode shown in (A) using a model that was fit with both spectrographic and
phonemic label information. (E) Receptive fields of the six most positive eigenval-
ues for the same electrode as (D). (F) Left: Eigenvalues of the fit model, ordered
by their value. Grey shaded box encompasses the bottom 95% of eigenvalue mag-
nitudes. Right: The power-dependent average receptive field.

the linear MNE feature or predicted using both the linear and quadratic features;
the feature label indicates whether or not the MNE model was fit using labeled
or unlabeled spectrographic features; and the feature shuffle indicates whether
or not the predicted fit was generated using MNE features whose weights had been
shuffled. The model containing only the shuffle parameter as a fixed effect was
used as a baseline.

Model selection was determined using the AIC. Of the five models, the model
containing model, label, and model:label features best fit the data, having an
AIC score 54.75 units lower than the next best model and carrying 100% of the
cumulative model weight. The next-best fit model included label and shuffle
features and had an AIC score 1.60 units less than the model that additionally

included the model feature. Similarly, the baseline model containing only the
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Figure 4.2: Combined with phonemic label information, stimulus covariance struc-
ture best predicts the neural response to speech across all response bands. Time-
varying correlation between predicted and recorded neural response for the (A)
d-power and (B) high y-power responses of single electrodes, illustrating periods
of sustained advantage of the labeled quadratic model (blue) over other models.
Grey vertical lines indicate phoneme boundaries for the transcripts p rovided be-
low each plot. (C) Average correlation between predicted and recorded response
for all subjects, broken out by model type and neural response band. (D) Average
correlation between predicted and recorded response for all true fit models vs. all
shuffled models.

shuffle feature also outperformed a model that was minimally augmented by the
addition of the model feature, garnering an AIC score of 1.59 units lower than
the model containing both model and shuffle features. Together, these results
suggest that while MNE model complexity alone does not positively impact pre-
diction quality, its interaction with the label status of the spectrograms used to fit
the MNE models is substantial. In other words, when phonemic label information
is available, information in the stimulus covariance can be used to more accu-
rately predict neural response. Without phonemic label information, the stimulus

covariance does not contribute substantially to model goodness-of-fit.
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Table 4.1: Fixed effects and AIC scores for MNE models. Models arranged in
descending order of fit. Subject and channel were included as random effects for
all models.

AIC Delta AICw Model Fixed Effects

-274494.0 0.00 1.00 model + label + model:label + shuffle + band
-274439.2 54.75  0.00 label + shuffle + band

-274437.8 56.35  0.00 model + label + shuffle + band

-274348.0 145.92 0.00 shuffle + band

-274346.4 147.52 0.00 model + shuffle + band

The failure of the model feature to contribute independently to goodness-of-
fit was not predicted. Ceteris paribus, the higher dimensionality of the quadratic
model is expected to recover a higher proportion of the variability in the neural
response than the linear model, as has been demonstrated in Kozlov and Gen-
tner (2016). However, whereas Kozlov and Gentner (2016) recorded from songbird
auditory areas only, the data in this study were recorded from speech-selective
electrodes, the majority of which were not localized to auditory areas. Given
that the receptive fields in this study were estimated on the basis of primarily
spectrographic input features, it may be the case that the higher dimensional-
ity of the quadratic model does not confer a benefit in non-auditory areas where
spectrographic information contributes less to neural response. Nevertheless, the
fact that the interaction feature (model:label) does substantially improve model
goodness-of-fit suggests that information about spectrographic covariance is useful
for predicting neural response when it is reinforced by categorical phonemic label
information. In this sense, the auditory stimulus covariance structure and phone-
mic identity synergistically impact neural response, jointly providing information

available in neither feature independently.

4.3.2 Model performance for Catalan speech

Both the LME models fit in Chapter 3 and the MNE models fit in this chap-
ter indicated that categorical phonemic information contributes to the prediction

of the neural response to natural speech. Next we asked whether the utility of

127



. ) B MNE Models: Average
A. LME Models: Average Predicted-Recorded Correlation . Predicted-Recorded Correlation
0.06 |
| M English M English
Q (0]
2 0.05 Catalan 9 0.015 Catalan .
© ©
5 0.04 5
> > 0.010
5 0.03 °
(0] (0]
£ 002 5
s | 2 0.005
a§ o.o1 o
0.00 '
' Spec+Phon Spec Phon Trial ~ Session  Trial ~ Session Unlabeled Labeled Unlabeled Labeled
(s1p1) (s1) (p1) Shuffled Spec Shuffled Phon Linear Model Quadratic Model
(s2) (s3) (p2) (s3)

Figure 4.3: Phonemic labels improve model fits for English but not Catalan data.
(A) Average correlation between the response predicted by each of the LME models
and the actual recorded response. (B) Average correlation between the response
predicted by each of the MNE models and the actual recorded response.

phonemic label information in these models requires specific language knowledge.
That is, it could be the case that phonemic label information plays a significant
role in these models simply because it reinforces acoustic information. If this were
the case, we would expect the addition of phonemic label information to improve
model fit both when participants were listening to a language they understand
and are familiar with (i.e., English) and when listening to a language they do not
understand and are unfamiliar with (i.e., Catalan). Alternatively, phonemic la-
bel information could play a significant role in these models because it provides
language-specific category membership information that is not otherwise available
in the speech acoustics. If this were the case, phonemic label information should
only contribute significantly towards explaining neural activity while participants
are listening to speech in a language that they are familiar with (English) and
not while listening to speech in a language they are unfamiliar with and do not
understand (Catalan).

To assess whether this was the case, families of mixed effects models were fit on
the predicted-recorded correlation values for the predictions of each of the seven
LME models and each of the four MNE models.

For the LME models, each model for assessing the role of specific language

knowledge predicted the Fisher Z-transformed Pearson correlation between pre-
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dicted and observed neural responses to particular excerpts on the basis of the
LME model type (model: slpl, sl, pl, etc.) and the band of neural activity.
A second model had an additional feature (lang) for the language being spoken
in the excerpt (English or Catalan), and a third model additionally included an
interaction term for excerpt language and model type (lang:model). For each
of these three models, subject and channel were included as random effects. The
formulas for the three models in this family are given in Table 4.2.

Model selection was then determined using the AIC. Of the three models, the
model containing both lang and lang:model features in addition to model and
band features best fit the data, having an AIC score 474.39 units lower than the
next best model and carrying 100% of the cumulative model weight. The next-
best fit model included only lang, model, and band features and had an AIC
score 9748.75 units less than the model that included only the model and band
features. These results indicate not only that the strength of correlation between
the predicted and recorded responses varies based on the language that the par-
ticipant is listening to, but also that difference in predicted-recorded correlation
between English and Catalan excerpts also varies with model type. This is shown
most clearly in Figure 4.3A: the average predicted-recorded correlation for models
containing spectrographic features (s1pl and s1) is higher for Catalan excerpts
than for English excerpts. However, for the model containing only phonemic la-
bel features (p1), the average predicted-recorded correlation is higher for English
excerpts than for Catalan excerpts. Specific language knowledge is required for
phonemic label information to substantially predict neural response to speech.

Similarly, to assess assessing the role of specific language knowledge on the fit of
the MNE models, a family of models was fit. These models predicted the Fisher Z-
transformed Pearson correlation between predicted and observed neural responses
on the basis of model order (linear or quadratic), the availability of phonemic label
information (yes or no), excerpt language (English or Catalan), and combinations
of their interactions. Subject and channel were included as random effects. The
model that included band, model, label, and model:label features as fixed effects

was treated as the baseline model. The formulas for the six models in this family
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Table 4.2: Fixed effects and AIC scores for mixed models that were fit on r? values
for the correlation between the neural responses predicted by LME models and
those recorded in actuality. Models arranged in descending order of fit. Subject
and channel were included as random effects for all models.

AIC Delta AICw Model Fixed Effects

-214554.6  0.00 1.00 lang + model + lang:model + band
-214080.2  474.39 0.00 lang + model + band
-204331.5 10223.14 0.00 model + band

are given in Table 4.3.

As before, model selection was determined using the AIC. Of the six models, the
model containing the simplex features model, label, lang and all their interactions
best fit the data, having an AIC score 775.87 units lower than the next best model
and carrying 100% of the cumulative model weight. Among the models with lower
fit, those including a feature for the interaction between excerpt language and
label status (lang:label) better fit the data than models without this feature,
and all models including the excerpt language feature (lang) better fit the data
than the baseline model. These results indicate that participants’ knowledge of the
language they are listening to significantly impacts model fit and does so in a way
that interacts primarily with the availability of categorical phonemic information.
As shown in Figure 4.3B, the average predicted-recorded correlation for quadratic
models is higher for Catalan excerpts than for English excerpts when the MNE
model’s input features are purely spectrographic, whereas for MNE models that
include phonemic label information in addition to spectrographic information, the
average predicted-recorded correlation is higher for English excerpts. In this way,
the availability of phonemic information does not benefit MNE model fit for neural
activity recorded while participants are listening to an unfamiliar language that
they cannot understand. Categorical speech sound information requires specific

language knowledge in order to account for neural activity.

130



Table 4.3: Fixed effects and AIC scores for mixed models that were fit on r? values
for the correlation between the neural responses predicted by MNE models and
those recorded in actuality. Models arranged in descending order of fit. Subject
and channel were included as random effects for all models.

AlIC Delta AlICw Model Fixed Effects
-313838.1 0.00 100 v | v v v v v V|V
-313062.2 775.87 000 v v v Vv V |/ |V
-313057.1  780.96 000 v v v v V/ v
-312431.7 140636 000 v v | v Vv VvV V/
-312426.7 141137 000 v V| v ¢ |V

v | v

-312406.0 1432.05 0.00 v

4.4 Discussion

4.4.1 Reframing the invariance problem

MNE models model the relationship between the stimulus and neural response
as a linear combination of the contributions of stimulus feature sets with varying
cardinalities. That is, a first-order MNE model models neural response as the
contributions of individual stimulus features; a second-order model sums single
feature contributions with the contributions made by pairs of stimulus features; a
third-order model further includes the contributions of triplets of stimulus features;
and so on.

This study specifically compares the fits of first- and second-order models. In
doing so, it assesses the extent to which relationships between stimulus features
contribute to model goodness-of-fit beyond the contributions of individual features
themselves. In finding that second-order, quadratic models account for significantly
more of the variance in neural response only when phonemic label information
is available, this study shows that categorical phonemic information bootstraps
acoustic information in explaining the neural response to speech. More precisely,

without the availability of pairwise information about the stimulus, phonemic label
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information does not contribute significantly to predicting neural response.

In this way, relationships between spectrotemporal features of the speech signal
are themselves the structure from which stable phonemic neural responses arise.
That is, rather than tracking absolute invariances in the speech signal, phoneme-
like neural responses are crucially relational, drawing on contextualized rather than
absolute properties of speech acoustics. This result underscores the importance of
context in phonological theory. Although analysts posit static underlying forms
for speech, all recognize that the determination of those underlying forms requires
precise kinds of contextual knowledge. For example, determining the underlying
form of the German word [sat] ‘wheel’ requires both local phonological knowledge
that the sound [t] is word final (perhaps cued by acoustic context such as vowel
lengthening) as well as global lexical knowledge that the word [sat] means ‘wheel’
and not ‘council’.

This study assessed the utility of restricted forms of phonological and spec-
trotemporal context for predicting the neural response to speech: Only 1024ms
of low-resolution spectrographic and phonemic label information were available to
predict each time point of the neural response. Beyond the inherent restrictiveness
of the features’ low resolution, relevant domain information such as morpheme and
word boundaries or the presence of stress were also not provided to the models.
Very likely, the inclusion of these and other forms of higher order context, such as
part of speech or word identity, would improve the fit of these models. However,
the decision not to use extended features sets in this study was a principled one.

One of the primary goals of this work is to assess the extent to which sen-
sory information is capable of accounting for the neural response to speech. In
privileging the acoustic signal and providing only phonemic label features as an
alternative explanatory feature set, this study is pitched precisely to assess the in-
teraction between continuous units of speech and the categorical units of language
most redundant with those continuous units. Thus, finding that both spectro-
graphic covariance and phonemic label features together account for more of the
neural response to speech than either factor independently strongly suggests that

the covariance structure of speech contains information that can only be extracted
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with knowledge of a language’s phonemic categories. In this sense, the relation-
ship between underlying phonemic structure and surface acoustics is a two-way
street: determining the underlying form of the German word [sat] ‘wheel” draws
on local acoustic cues, but accurately interpreting local acoustic cues also draws
on categorical phonological knowledge.

Thus, there are two systems of invariance at play in the neural response to
speech. One is signal internal: the covariance structure of speech acoustics ex-
plains more of the neural response than the mean acoustic structure. The other
constitutes phonology itself: the covariance structure of speech acoustics explains
more of the neural response than the mean acoustic structure only when categorical
phonemic information is available. The systems of invariance at play include both
the mutual dependence between surface and abstract forms and the stability of
spectrotemporal relationships within the speech stream itself.

This study provides structure to longheld understandings of the important role
that relative spectrotemporal features play in speech sound identification. For
example, at single time points, measures of F1:F2 ratio or spectral tilt provide
key information for discriminating among vowels or among fricatives, respectively,
and comparing measures across time provides further discriminatory ability. Fea-
tures of spectrographic stimulus covariance have also been implicated in speaker
normalization (Zhou and Hansen, 2005). In these ways, the sensory signal itself
provides an exceptional degree of structure that mirrors in fine scale what lin-
guistic categories demonstrate at a coarser scale. That is, speech sounds are built
from relationships between acoustic features; phonemes from relationships between
speech sounds; morphemes from relationships between phonemes; meaning from

relationships between morphemes, and so on.

4.5 Conclusion

This study provides evidence that relative power between pairs of time-frequency
bins supports the neural response to speech when phonemic category information is

also available. Linking features of the sensory signal to linguistic categories in this
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way provides structure for an early link between sensory and linguistic cognition.

Material from Chapter 4 has been submitted for publication as “The neural
response to speech is language specific and irreducible to speech acoustics” with
authors Anna Mai, Stephanie Ries, Sharona Ben-Haim, Jerry Shih, & Timothy

Gentner. The dissertation author was the primary investigator and author of this

paper.
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Chapter 5
Concluding Remarks

Speech is a highly-structured auditory signal that carries necessary and suffi-
cient information for language comprehension among neurotypical, hearing popula-
tions. Speech perception, accordingly, involves the integration of both bottom-up
auditory processing and top-down language knowledge. As explored in Chapter
1, however, while much is known about the brain’s sensitivity to various acoustic
and phonological manipulations, mechanistic transformative links between audi-
tory sensation and linguistic perception remain poorly understood.

This dissertation contributed three studies to the ongoing pursuit of links be-
tween auditory and linguistic processing of speech in the brain. Intracranial stereo
electroencephalography (sSEEG) was recorded while participants listened to con-
versational English speech, and for each study, different sets of analyses were
performed to target different aspects of these links.

Chapter 2 introduced a novel comparative technique for the isolation of phono-
logical and morphological identity from the auditory speech signal. Through struc-
tured comparisons of the neural response to sounds in allophonic relationships
with one another, sites that dissociate phonemic and morphological identity from
acoustic similarity were identified. These results provided crucial evidence that
the neural response to speech is sensitive to abstract sub-lexical structure.

Chapter 3 provided general models to account for the unique contributions of
categorical phonemic information and spectrographic information to the neural

response. In lower frequency bands, phonemic category information explained a
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greater proportion of the neural response variance than spectrographic information.
These results indicated that the explanatory value of phonemic category features
in neural encoding models is not reducible to the surface spectrotemporal features
that correlate with those categories.

Chapter 4 proposed a model for the relationship between the speech stimulus
and neural response that integrated both phonemic and spectrographic informa-
tion. Inclusion of the stimulus covariance structure increased model accuracy only
when categorical phonemic information was available, indicating that phoneme-
related neural activity is likely mediated through the acoustic covariance structure
of speech. Moreover, phonemic label information conferred no benefit to model fit
when participants listened to speech in an unfamiliar language (Catalan).

Together these studies show that neural responses associated with categorical
phonemic information are language specific and irreducible to speech acoustics,
and they scout a path towards mechanistic, transformative links between auditory

sensation and language cognition.
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