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ABSTRACT

NATURAL SPEECH REPRESENTATIONS IN THE
HUMAN BRAIN DURING A COCKTAIL PARTY

Ibrahim Kiremitci
Ph.D. in NEUROSCIENCE
Advisor: Tolga Cukur
August 2021

Humans are remarkably adept in selectively listening to a desired speaker in a
crowded environment, while filtering out non-target speakers in the background.
Attention is key to solving this difficult cocktail-party task, yet a detailed char-
acterization of attentional effects on speech representations is lacking. It remains
unclear across what levels of speech features and how much attentional modula-
tion occurs in each brain area during the cocktail-party task. Besides, it should
be clarified whether unattended speech is represented in cortex during selective
listening and if so, at what feature levels its representations are maintained. To
address these questions, we recorded whole-brain blood-oxygen-level-dependent
(BOLD) responses while subjects either passively listened to single-speaker sto-
ries, or selectively attended to a male or a female speaker in temporally-overlaid
stories in separate experiments. Spectral, articulatory, and semantic models of
the natural stories were constructed to enable comprehensive assessments on the
hierarchy of speech features. Intrinsic selectivity profiles were identified via vox-
elwise models fit to passive listening responses. Attentional modulations were
then quantified based on model predictions for attended and unattended stories
in the cocktail-party task. We find that acoustic representations are confined
to the early auditory cortex whereas linguistic representations are broadly dis-
tributed across cortex, that attention causes broad modulations at multiple levels
of speech representations (articulatory and semantic) while growing stronger to-
wards later stages of processing, and that unattended speech is represented up
to the semantic level in parabelt auditory cortex. These results provide insights
on speech perception and attentional mechanisms that underlie the ability to

selectively listen to a desired speaker in noisy multi-speaker environments.

Keywords: functional magnetic resonance imaging (fMRI), cocktail-party, dorsal
and ventral stream, encoding model, natural speech.
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OZET

KOKTEYL PARTISI SIRASINDA BEYINDEKI DOGAL
KONUSMA TEMSILLERI

Ibrahim Kiremitci
NOROBILIM, Doktora
Tez Danmigmani: Tolga Cukur
Agustos 2021

insanlar, kalabalik bir ortamda, arka planda hedef olmayan konusmacilar: filtrel-
erken, istenen bir konugsmaciy1 segici olarak dinleme konusunda oldukcga ustadir.
Dikkat, bu zor kokteyl partisi gorevini ¢ozmenin anahtaridir, ancak konusma
temsilleri tlizerindeki dikkat etkilerinin ayrintili bir karakterizasyonu eksiktir.
Kokteyl partisi gorevi sirasinda her bir beyin bolgesinde hangi seviye konusma
ozelliklerinde ve ne kadar dikkat modiilasyonunun gerceklestigi belirsizligini koru-
maktadir. Ayrica, segici dinleme sirasinda dikkat edilmeyen konusmanin kortek-
ste temsil edilip edilmedigi ve temsil ediliyorsa hangi 6zellik seviyelerinde temsil
edildigi netlesgtirilmelidir. Bu sorular: ele almak i¢in, denekler ya pasif olarak tek
konusmacili hikayeleri dinlerken ya da iist liste bindirilmig hikayelerdeki erkek
ya da kadin konugsmacidan birine segici olarak dikkat kesilmigken, tiim beyin
kan-oksijen-seviyesi-bagimli (BOLD) yamtlari ayr1 deneylerde kaydedildi. Dogal
hikayelerin spektral, artikiilator ve semantik modelleri, konugsma o6zelliklerinin
hiyerargisi hakkinda kapsamli degerlendirmeler yapabilmek igin olusturuldu.
Icsel secicilik profilleri, pasif dinleme yamtlarma fit edilmis vokselsel modeller
araciligiyla belirlendi. Daha sonra, kokteyl partisi gorevindeki dikkat edilen ve
edilmeyen oOykiiler i¢cin model tahminlerine dayali olarak dikkat modiilasyonlar:
hesaplandi.  Akustik temsillerin erken igitsel korteksle simirli oldugunu, oysa
linguistik temsillerin korteks boyunca genig bir sekilde dagildigini; dikkatin
konugma hiyerarsisinin sonraki agamalarina dogru giderek giiclenen bir sekilde,
konugma temsillerinin birden ¢ok seviyesinde (artikiilator ve semantik) genig
modiilasyonlara neden oldugunu, ve dikkat edilmeyen konugmanin parabelt isitsel
kortekste semantik seviyeye kadar temsil edildigini bulduk. Bu sonuglar, konugma
algisim ve giirtiltiilii, ¢ok konugmacili ortamlarda istenen bir konugmaciy1 secici
olarak dinleme yeteneginin altinda yatan dikkat mekanizmalarini anlamamiza
biiyiik katki saglamaktadir.

Anahtar sozcikler: fonksiyonel manyetik rezonans goriintiileme (fMRI), kokteyl
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partisi, dorsal ve ventral yolak, kodlama modeli, dogal konusma.
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List of Figures

2.1

2.2

Encoding models. Brain can be considered as a non-linear sys-
tem that maps the stimuli to the neural activity. Encoding models
put this non-linear system into a framework with three abstract
spaces: input, feature, and activity spaces. Each stimulus sam-
ple lays as a point in the input space. Each point in the input
space is first nonlinearly mapped to a point in the feature space,
which corresponds to a latent representation of the stimulus. Then,
a linear mapping associates each point in the feature space to the
certain voxel activities, which correspond to the points in the activ-
ity space. Figure reprinted from Neuroimage, 56(2), T. Naselaris,
K.N. Kay, S. Nishimoto, J.L. Gallant, “Encoding and decoding in
fMRI”, Page 11, Copyright (2011), with permission from Elsevier.
Cognitive Theories for Selective Attention. Three stood-
out theories for explaining the role of selective attention during
cocktail-party: early-selection filter theory, attenuation theory, and

late-selection theory. . . . . . . . ... ...
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3.1

3.2

3.3

Experimental design. a. Passive-listening experiment. 10 sto-
ries from Moth-Radio-Hour were used to compile a single-speaker
stimulus set. Subjects were instructed to listen to the stimulus
vigilantly without any explicit task in the passive-listening exper-
iment. b. Cocktail-party experiment. A pair of stories told by in-
dividuals of different genders were selected from the single-speaker
stimulus set and overlaid temporally to generate a two-speaker
stimulus set. Subjects were instructed to attend either to the male
or female speaker in the cocktail-party experiment. The same two-
speaker story was presented twice in separate runs while the target
speaker was varied. Attention condition was fixed within runs and
it alternated acrossruns. . . . . ... ..o
Multi-level speech features. Three distinct feature spaces were
constructed to represent natural speech at multiple levels: spec-
tral, articulatory, and semantic spaces. Speech waveforms were
projected separately on these spaces to form stimulus matrices.
The spectral feature matrix captured the cochleogram features of
the stimulus in 93 channels having center frequencies between 115
and 9920 Hz. The articulatory feature matrix captured the map-
ping of each phoneme in the stimulus to 22 binary articulation
features. The semantic feature matrix captured the statistical co-
occurrences of each word in the stimulus with 985 common words
in English. FEach feature matrix was Lanczos-filtered at a cut-
off frequency of 0.25 Hz and downsampled to 0.5 Hz to match
the sampling rate of fMRI. Natural speech might contain intrin-
sic stimulus correlations among spectral, articulatory, and seman-
tic features. To prevent potential biases due to stimulus correla-
tions, we decorrelated the three feature matrices examined here via
Gram-Schmidt orthogonalization (see Methods). The decorrelated
feature matrices were used for modeling BOLD responses.

Caption next page . . . . . . . . . . ..
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3.3 Modeling procedures. a. Voxelwise modeling. Voxelwise mod-

els were fit in individual subjects using passive-listening data. To
account for hemodynamic response, a linearized four-tap finite im-
pulse response (FIR) filter spanning delayed effects at 2-8 sec was
used. Models were fit via L2-regularized linear regression. BOLD
responses were predicted based on fit voxelwise models on held-
out passive-listening data. Prediction scores were taken as the
Pearson’s correlation between predicted and measured BOLD re-
sponses. For a given subject, speech-selective voxels were taken
as the union of voxels significantly predicted by spectral, articula-
tory, or semantic models (¢(FDR) < 107°,¢ — test). b. Assess-
ment of attentional modulation. Passive-listening models for single
voxels were tested on cocktail-party data to quantify attentional
modulations in selectivity. In a given run, one of the speakers
in a two-speaker story was attended while the other speaker was
ignored. Separate response predictions were obtained using the
isolated story stimuli for the attended speaker and for the unat-
tended speaker. Since a voxel can represent information from both
attended and unattended stimuli, a linear combination of these pre-
dicted responses was considered with varying combination weights
(we in [0 1]). BOLD responses were predicted based on each com-
bination weight separately. Three separate prediction scores were
calculated based on only the attended stimulus (wc = 1), based on
only the unattended stimulus (wc = 0), and based on the optimal
combination of the two stimuli. A model-specific attention index,
(AI,,) was then computed as the ratio of the difference in predic-
tion scores for attended versus unattended stories to the prediction

score for their optimal combination (see Methods). . . . . . . ..

3.4 Caption next page . . . . . . ...
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3.4 Prediction scores of voxelwise speech models. a. Spectral
model. Prediction scores for voxels significantly predicted by the
spectral model are plotted on the flattened cortical surface of sub-
ject S4. Medial and lateral views of the inflated hemispheres are
also shown above and below the flatmaps, respectively. Colors indi-
cate the value of the noise-corrected prediction scores (see legend).
White lines encircle ROIs that are found based on an automatic
atlas-based cortical parcellation. Labels of some relevant ROIs are
shown (see Methods for ROI abbreviations). In this subject, sig-
nificantly predicted voxels by the spectral model lie mainly in the
dorsal aspect of the superior temporal cortex. b. Articulatory
model. Significantly predicted voxels by the articulatory model
are located mainly in the dorsal and lateral aspects of the superior
temporal cortex extending to STS, and in inferior frontal regions.
c. Semantic model. Significantly predicted voxels by the semantic
model are broadly distributed across cortex covering most of the
temporal, prefrontal and parietal cortical regions except the early
auditory cortex. . . . . . ..o 39
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3.5 Selectivity for multi-level speech features. a. Model-specific

selectivity indices.  Single-voxel prediction scores on passive-
listening data were used to quantify the selectivity of each ROI to
underlying model features. Model-specific prediction scores were
averaged across speech-selective voxels within each ROI and nor-
malized such that the cumulative score from all models was 1. The
resultant measure was taken as a model-specific selectivity index,
(SI,,). SI,, is in the range of [0, 1], where higher values indicate
stronger selectivity for the underlying model. Bar plots display
SI,, for spectral, articulatory, and semantic models (mean + sem
across subjects). Significant indices are marked with * (p < 0.05;
see Sup. Figs. A.1-5 for selectivity indices of individual subjects).
ROIs in perisylvian cortex are displayed (see Figure 3.6 for non-
perisylvian ROIs; see Methods for ROI abbreviations). ROIs in
LH and RH are shown in the top and bottom panels, respectively.
POPg and PreGg that did not have consistent speech selectivity
in individual subjects were excluded (see Methods). b. Intrinsic
selectivity profiles. Selectivity profiles of cortical ROIs averaged
across subjects are shown on the cortical flatmap of a representa-
tive subject (S4). Significant articulatory, semantic, and spectral
selectivity indices of each ROI are projected to the red, green, and
blue channels of the RGB colormap (see Methods). This analysis
only included ROIs with consistent selectivity for speech features
in each individual subject. Medial and lateral views of the inflated
hemispheres are also shown. A progression from low-intermediate
to high-level speech representations are apparent across bilateral
temporal cortex in the superior-inferior direction; consistently in
all subjects (see Supp. Fig. A.6 for selectivity profiles of indi-
vidual subjects). Meanwhile, semantic selectivity is dominant in
many higher-order regions within the parietal and frontal cortices
(bilateral AG, IPS, SPS, PrC, PCC, POS, PTR, IFS, SFS, SFG,
MFG and left POP) (p < 0.05; see Supp. Figs. A.1-5). These
results support the view that speech representations are hierarchi-
cally organized across cortex with partial overlap between spectral,
articulatory and semantic representations in early to intermediate

stages of auditory processing.. . . . . . ... ...
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3.6 Model-specific selectivity indices for mnon-perisylvian
ROIs. Single-voxel prediction scores on passive-listening data
were used to quantify the degree of selectivity of each ROI to
the underlying model features under passive listening. Prediction
scores for a given model were averaged across speech-selective vox-
els within each ROI, and then normalized such that the cumula-
tive prediction score from all models summed to 1. The resultant
measure was taken as a model-specific selectivity index, (SI,,).
S1,, is in the range of [0, 1], where higher values indicate stronger
selectivity for the underlying model. Bar plots display S1,, for
spectral, articulatory and semantic models (mean + sem across
subjects). Significant indices are marked with *, colored according
to the model (p < 0.05, bootstrap test; see Supp. Figs. A.1-5
for selectivity indices of individual subjects). Only ROIs in non-
perisylvian cortex are displayed. a. ROIs in LH. b. ROIs in RH.
mOTSg that did not have consistent speech selectivity in individ-
ual subjects was excluded (see Methods). These results show that

selectivity is primarily semantic in most of the non-perisylvian ROIs. 42
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3.7 Representational complexity. To characterize the complexity
of speech representations, a complexity index, (C), was taken as
the relative tuning of an ROI for low- versus high-level speech fea-
tures. CT is in the range of [0, 1], where higher values indicate
stronger tuning for semantic features and lower values indicate
stronger tuning for spectral features. Bar plots indicate C'I (mean
+ sem across subjects). Indices that are consistently significant
in each individual subject are marked with * (p < 10™*, boot-
strap test). a. Perisylvian ROIs. ROIs in perisylvian cortex are
displayed. ROIs in the LH and RH are shown in top and bot-
tom panels, respectively. Early auditory regions such as HG/HS
have C'I close to 0, whereas higher-order regions like PTR have C'T
tending to 1. These results indicate that more complex features are
represented in higher-order regions compared to the earlier ones.
b. Non-perislyvian ROIs. ROIs in non-perisylvian cortex are dis-
played. ROIs in the LH and RH are shown in top and bottom
panels, respectively. Higher-order regions in non-perisylvian cor-
tex mostly have similar representational complexity that is close
to L. o 43
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3.8 Cortical hierarchy of representational complexity. a. Com-
plexity indexr and auditory pathways. To visualize how representa-
tional complexity distributes across cortex, of cortical ROIs aver-
aged across subjects are displayed on the flatmap of a representa-
tive subject (S4; see legend). To illustrate the gradients in across
the hierarchy of speech processing, dorsal and ventral pathways
are shown with blue and green lines, respectively: left dorsal-1
(LD-1), left dorsal-2 (LD-2) and right dorsal (RD), left ventral-
1 (LV-1), left ventral-2 (LV-2), right ventral-1 (RV-1) and right
ventral-2 (RV-2). Squares mark regions where pathways begin;
arrows mark regions where pathways end; and circles mark relay
regions in between. b. Complerity hierarchies. Bar plots dis-
play (mean + sem across subjects) along LD-1, LD-2, RD, LV-1,
LV-2, RV-1 and RV-2, shown in separate panels. Significant dif-
ferences in C'I between consecutive ROIs are marked with brack-
ets (p < 0.05, bootstrap test). Significant gradients in C1 are:
Clpug/us < Clpr < Clpop in LD-1, Clyg/us < Clpr < Clprea
in LD-2, Clyg/us < Clysra < Clysrs in LV-1 and RV-1, and
Clug/us < Clysra < Clysre in LV-2 and RV-2. These results
suggest that hierarchical speech representations are systematically

organized in multiple gradients across cortex. . . . . . ... ... 45
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3.9 Predicting cocktail-party responses. Passive-listening models
were tested during the cocktail-party task by predicting BOLD re-
sponses in the cocktail-party data. Since a voxel might represent
information from both attended and unattended stimuli, response
predictions were expressed as a convex combination of individ-
ual predictions for the attended and unattended story within each
two-speaker story. Prediction scores were computed as the com-
bination weights (w.) were varied in [0 1] (see Methods). Predic-
tion scores for a given model were averaged across speech-selective
voxels within each ROI (7). The normalized scores of spectral,
articulatory, and semantic models are displayed in several repre-
sentative ROIs (HG/HS, HG/HS, and PT). Solid and dashed lines
indicate mean and %95 confidence intervals across subjects. Scores
based on only the attended story (r,), based on only the unat-
tended story (r,), and based on the optimal combination of the
two (Fimae) are marked with circles. For the spectral model in left
HG/HS, 7pae is larger than r, (p < 107%); and the optimal com-
bination equally weighs attended and unattended stories. For the
articulatory model in left HG /HS, r, is larger than r, (p < 107%),
while 7,4, is greater than r, (p < 1072). Besides, the optimal
combination puts slightly higher weight to attended story than
unattended story. For the semantic model in left PT, r, is much
higher than r, (p < 107), and the optimal combination puts much
greater weight to attended story than unattended one. These rep-
resentative results imply that attention may have divergent effects
at various levels of speech representations across cortex. . . . . . 49
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3.10 Attentional modulation of multi-level speech representa-
tions. a. Model-specific attention indices. A model-specific atten-
tion index (Al,,) was computed based on the difference in model
prediction scores when the stories were attended versus unattended
(see Methods). AI, is in the range of [-1,1], where a positive in-
dex indicates modulation in favor of the attended stimulus and
a negative index indicates modulation in favor of the unattended
stimulus. For each ROI in perisylvian cortex, spectral, articula-
tory, and semantic attention indices are given (mean + sem across
subjects), and their sum yields the overall modulation (see Fig-
ure 3.11 for non-perisylvian ROIs). Significantly positive indices
are marked with * (p < 0.05, bootstrap test; see Supp. Figs.
A.7-11 for attention indices of individual subjects). ROIs in the
LH and RH are shown in top and bottom panels, respectively.
These results show that selectivity modulations distribute broadly
across cortex at the linguistic level (articulatory and semantic).
b. Attentional modulation profiles. Modulation profiles averaged
across subjects are displayed on the flattened cortical surface of a
representative subject (S4). Significantly positive articulatory, se-
mantic, and spectral attention indices are projected onto the red,
green and blue channels of the colormap (see Methods). A progres-
sion in the level of speech representations dominantly modulated
is apparent from HG/HS to MTG across bilateral temporal cor-
tex (see Supp. Fig. A.12 for modulation profiles of individual
subjects). Articulatory modulation is dominant in one end of the
dorsal stream (left PreG), whereas semantic modulation becomes
dominant in both ends of the ventral stream (bilateral PTR and
MTG) (p < 0.05; see Supp. Figs. A.7-11 and A.12). On the other
hand, semantic modulation is dominant in most of the higher-order
regions in the parietal and frontal cortices consistently in all sub-
jects (bilateral AG, SPS, PrC, PCC, POS, SFG, SFS, and PTR,;
left MFG; and right IPS) (p < 0.05; see Supp. Figs. A.7-11). . . 52
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3.11 Model-specific attention indices for non-perisylvian ROlIs.
A model-specific attention index (AIl,,) was computed based on
the difference in model prediction scores when the stories were at-
tended versus unattended (see Methods). AI,, is in the range of
[-1,1], where a positive index indicates modulation in favor of the
attended stimulus and a negative index indicates modulation in
favor of the unattended stimulus. For each ROI in non-perisylvian
cortex, spectral, articulatory, and semantic attention indices are
given (mean + sem across subjects), and their sum yields the over-
all modulation. Significant indices are marked with * (p < 0.05,
bootstrap test; see Supp. Figs. A.7-11 for attention indices of in-
dividual subjects). a. ROIs in LH. Modulations in left IPS and
mOTS are not consistently significant in all subjects (p > 0.05).
b. ROIs in RH. mOTSg that did not have consistent speech se-
lectivity in individual subjects was excluded (see Methods). These
results indicate that selectivity modulations manifest primarily at
the semantic level in most of the non-perisylvian ROIs. . . . ..

3.12 Caption next page . . . . . . . . ..o



LIST OF FIGURES xxi

3.12 Global attentional modulation. a. Global attention index. To
quantify overall modulatory effects on selectivity across all exam-
ined feature levels, global attentional modulation (gAI) was com-
puted by summing spectral, articulatory, and semantic attention
indices (see Methods). gAI is in the range of [-1,1] and a value of
zero indicates no modulation. Colors indicate significantly positive
gAI averaged across subjects (see legend; see Supp. Fig. A.13 for
bar plots of gAI across cortex). Dorsal and ventral pathways are
shown with blue and green lines, respectively: left dorsal-1 (LD-1),
left dorsal-2 (LD-2) and right dorsal (RD), left ventral-1 (LV-1),
left ventral-2 (LV-2), right ventral-1 (RV-1) and right ventral-2
(RV-2). Squares mark regions where pathways begin; arrows mark
regions where pathways end; and circles mark relay regions in g ATl
between. b. Modulation hierarchies. Bar plots display gAI (mean
+ sem across subjects) along LD-1, LD-2, RD, LV-1, LV-2, RV-
1 and RV-2, shown in separate panels. Significant differences in
between consecutive ROIs are marked with brackets (p < 0.05,
bootstrap test; see Supp. Fig. A.14 for single-subject results).
Significant gradients in gAl are: gAlp;y < gAlgya < 9AIpop
in LD-1, gAIpp < gAlgye < 9gAIpreq in LD-2, gAlqipg <
9ALsra < 9ALsps in LV-1, AT yo/us < 9ALLsra < 9ALsra
in LV-2, and gAIl,, g7 < gAI g7 in RV-2. In the left hemisphere,
gAI gradually increases from early auditory regions to higher-order
regions across the dorsal and ventral pathways. Similar patterns
are also observed in the right hemisphere, although the gradients
in gAI are less consistent across subjects. . . . .. ... ... .. 56
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3.13 Representation of unattended speech. Passive-listening mod-
els were tested on cocktail-party data to assess representation
of unattended speech during the cocktail-party task. Prediction
scores were calculated separately for a combination model com-
prising features of both attended and unattended stories (7pqs:
optimal convex combination) and an individual model only com-
prising features of the attended story (r,). Significant difference
in prediction between the two models is an indication that BOLD
responses carry significant information on unattended speech. Bar
plots display normalized prediction scores (mean + sem across
subjects; combination model in light gray and individual model
in gray). Significant scores are marked with * (p < 107, boot-
strap test; see Supp. Figs. A.15-19 for single-subject results),
and significant differences are marked with brackets (p < 0.05).
Prediction scores are displayed for ROIs in the dorsal and ventral
streams, with significant selectivity for given model features. a.
Left hemisphere. Spectral representations of unattended speech
extend up to PT across the dorsal stream (HG/HS — PT —
SMG — (POP, PreG)) and are constrained to HG/HS across
the ventral stream (HG/HS — mSTG — mSTS — MTG) and
(HG/HS — mSTG — aSTG — PTR). Articulatory represen-
tations of unattended speech extend up to PT across the dorsal
stream and are constrained to HG/HS across the ventral stream.
No significant semantic representation is apparent. b. Right hemi-
sphere. Spectral representations of unattended speech extend up
to SMG across the dorsal stream and are constrained to HG/HS
across the ventral stream. Articulatory representations of unat-
tended speech extend up to PT across the dorsal stream, and up
to mSTG across the ventral stream. Semantic representations are
found only in mSTS. These results suggest that processing of unat-
tended speech is not constrained at spectral level but extends to

articulatory and semantic level. . . . . . . . ... .00 59
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Model-specific selectivity indices for subject S5. Single-
voxel prediction scores on passive-listening data were used to quan-
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features under passive listening. Prediction scores for a given
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Chapter 1

Introduction

The brain is the most complex and mysterious structure in the universe with
about 86-billion neurons and tremendous number of connections between neurons
[1]. Although it comprises only 2% of the body mass, it consumes a significant
proportion of the total body energy (about 20%) to control a broad range of
sensory, motor and cognitive functions from the most primitive like smelling to
most complex like problem solving and planning [2]. Among all these functions,
language is one of the most unique abilities of the human brain [3]. Thus, how the
brain manifests such a complex cognitive function has been an intriguing question
in the field of neuroscience for a long time. The relationship between brain dam-
age and certain speech disorders dates back to the writings of Hippocrates (400
BC); however, one of the most important scientific contributions to the neural
basis of language was in the 19th century [4]. Through postmortem examination
of a patient with intact comprehension but impaired articulation, Broca was the
first who proposed that posterior part of the inferior frontal gyrus is the locus
in charge of articulation [5]. This region was later called Broca’s Area. About
a decade later, Wernicke proposed posterior part of the superior temporal gyrus
as the region related to comprehension through post-mortem examination of two
patients with intact articulation but impaired comprehension [5]. This area was
later called Wernicke’s Area. He further proposed a language model which sug-

gested that Broca’s area and Wernicke’s area are the regions where motor and



sensory aspects of the language emerge, respectively, and that these two regions
are interconnected because sensory representations of speech are also necessary
for articulation [6]. This simple model became the foundation of the classic model
of language neurobiology and was the prevailing paradigm for a long time. With
the development of new technology and methods to study the brain, the growth
in the field of language neurobiology accelerated. Especially, with the advent of
magnetic resonance imaging (MRI), the studies in that field exploded. Through
structural MRI, the relationship between various language deficits and lesions in
different brain regions could be examined in vivo non-invasively with great spatial
resolutions [7, 8]. Through functional MRI (fMRI), different aspects of language
from acoustic to semantic began to be studied using very smart and controlled
experimental paradigms and stimuli [9, 10, 11]. Through the diffusion tensor
imaging capability of MRI, white matter connections between different language-
related areas started to be explored in detail to understand the information flow
during language perception [12, 13, 14, 15, 16]. Based on the studies conducted
with these new emerging neuroimaging capabilities, the classic model has been re-
fined and improved; and even new models have been proposed [17, 18, 19, 20]. All
these developments have put MRI in the spotlight as a very useful and versatile

tool to study different aspects of language perception in the brain.

The only thing more fascinating than this unique ability of the human brain
is the capability to use this skill effortlessly even in very distracting and noisy
environments. Imagine that you are at a cocktail party surrounded by people in
small groups who are chatting about totally different topics, gesturing, laughing
and making a lot of noise. Foods and drinks are being served. Glasses are clink-
ing. In the background, a band or speaker is playing music. In all this cacophony
of sound, you are talking with someone about the latest rumors in the office.
Suddenly, you hear your name being spoken in the neighboring group and with
an irresistible curiosity, you start eavesdropping on them while continuing your
conversation. This routine scenario for the human brain becomes a very complex
problem when looking from an engineering perspective. First, all the auditory
signals from different sources will add with each other and arrive at your ear

as a single auditory signal. Then, the target speech signal should be segregated



from this mixture by your early auditory system. Phonemes/syllables; words,
and sentences will need to be formed hierarchically from this acoustic signal for
its content to be comprehended. While this target speech keeps being processed,
the rest of the mixture should continue to be processed as well to capture any
salient or important information in the background. There is still no technology
which comes close to the excellent auditory performance of the human brain even
today. On the other hand, it is quite crucial to understand how the brain accom-
plishes this to develop technologies for aiding people with hearing impairments
[21, 22, 23, 24]. This topic has been drawing the attention of many researchers
for a long time; and Cherry was the first who described this phenomenon as the
cocktail-party problem [25]. In a series of experiments using a dichotic listening
paradigm, he asked the subjects to repeat aloud the passage that was spoken
into one ear while ignoring the other. By manipulating the stimuli spoken into
the ignored ear at acoustic or linguistic level, he examined the extent of the level
that the passage in the ignored ear was processed through post-experiment ques-
tionnaire. In that way, Cherry set an experimental framework to study cocktail-
party problem behaviorally. With the increasing popularity of fMRI for studying
different aspects of language perception, Cherry’s framework was borrowed by
many neuroscientists to understand how brain resolves the cocktail-party prob-
lem [26, 27]. Most of these studies used controlled stimuli such as simple tones,
isolated syllables or words. However, a more natural setting is required to gain a

more thorough understanding of the cocktail-party phenomenon.

Fortunately, in the last decade, with improvements in data acquisition and
computational resources, there has been a growing interest in using computa-
tional frameworks that leverage brain data collected during hour-long exposure
to naturalistic stimuli [28, 29]. One standout framework is encoding modeling.
Within this framework, a linear mapping between the features of the stimuli and
evoked cortical responses is estimated [30]. In this way, cortical responses for a
novel stimulus can be predicted using the estimated models. Significant predic-
tions in a cortical area imply the representations of the stimuli features in this
area. An important advantage of this framework is its flexibility to test many

hypotheses related to the brain function being studied with less experimentation



than conventional methods [30]. In case of language perception, conventional
methods need to conduct a series of experiments using controlled stimuli rang-
ing from tones or rotated speech to words to explore different levels of language
processing from acoustic to semantic. A major drawback of this approach is that
it is ineffective and expensive as more experimentation is required. Another one
is that the collected data is strongly dependent on the hypothesis being tested;
therefore, it does not allow the reuse of the same data to test new hypothe-
ses in the future. Lastly and more importantly, such designs assume that the
low-level cognitive processes involved in naturalistic language perception are the
same as those involved in low-level auditory stimulus perception. However, this
assumption ignores the fact that human brain is more experienced in process-
ing naturalistic speech than any other auditory stimuli [31]. These compelling
reasons motivate using encoding models and naturalistic stimuli to research the

neural basis of language perception.

1.1 Publications

The content of this thesis has been partially presented and published in the

following conferences and journals:

e [. Kiremitci, O. Yilmaz, A.G. Huth, U. Keles, T. Cukur. Attentional mod-
ulation of articulatory and semantic representations during multi-speaker
natural speech perception. 138.15. 2019 Neuroscience Meeting Planner.

Chicago: Society for Neuroscience, 2019. Online.

e I. Kiremitci, O. Yilmaz, E. Celik, M. Shahdloo, A.G. Huth, T. Cukur.
Attentional Modulation of hierarchical speech representations in a multi-

talker environment. bioRxiv, 2020.

e I. Kiremitci, O. Yilmaz, E. Celik, M. Shahdloo, A.G. Huth, T. Cukur. At-
tentional Modulation of hierarchical speech representations in a multitalker

environment. Cerebral Cortex, 2021. Online.



1.2 Outline

The rest of this thesis is organized as follows. In chapter 2, we give some back-
ground information about MRI, fMRI, encoding models, and cocktail-party prob-
lem. In chapter 3, we use encoding modeling framework to investigate multi-level
speech representations during a passive-listening task and attentional modula-
tions of these representations during a cocktail-party task. Finally, in chapter 4

we provide concluding remarks and directions for future work.



Chapter 2

Background

In the last a few decades, there has been a tremendous growth in the field of
neuroscience, mainly because of the advances in the neuroimaging modalities
including electroencephalography (EEG), magnetoencephalography (MEG), and
fMRI. Their safe and non-invasive nature made them quite popular to study a
wide range of sensory, motor and cognitive functions of the human brain. The
greater temporal resolution of EEG/MEG modalities make them suitable to study
temporal aspects of many brain functions [32]. On the other hand, superior spatial
resolution of fMRI has made it quite attractive to be used for anatomical mapping
of brain functions. With the cooperation of the naturalistic stimuli and powerful
computational methods like encoding models, fMRI has been a preferred modality
to decipher the codes of language cognition in many recent studies. This chapter
will introduce the reader some background information for the main principles of

fMRI and encoding models.

2.1 Magnetic Resonance Imaging (MRI)

MRI is an imaging modality that is used to acquire 3-dimensional images of

the biological tissues non-invasively. An MRI machine consists of three main



components: a superconducting electromagnet for creating a static strong mag-
netic field; gradient coils for creating spatial variation in the magnetic field; and
radio-frequency (RF) coils for transmitting and receiving signals at the resonance
frequency of the volume being imaged [33]. The main principle of the measured
MRI signal is based on the spinning property of the protons in Hydrogen atoms.
Protons can be thought as tiny spinning magnets [34]. These spins are randomly
oriented in the absence of any external magnetic field. When a static magnetic
field is applied, they all align with the direction of the external field. This align-
ment creates a net magnetization. Therefore, when a live is put into an MRI
machine, the strong static magnetic field creates a net longitudinal magnetiza-
tion in the direction of the external field due to the aligned Hydrogen protons
of that live [33]. This magnetization is dependent on the strength of the static
field. When an RF pulse is transmitted through RF coils to a particular slice of
the volume being imaged — resonant with the spinning frequency of the protons
in that slice -, the net magnetization of that slice is transferred to the trans-
verse plane (transverse magnetization; [34]). This transverse magnetization is
measured through the RF receiver coil. However, the measured signal is the net
magnetization of the whole measured slice. To be able to estimate the spatial
contributions to the measured signal, gradient coils are used. These coils cre-
ate spatial gradients in the magnetic field applied to the slice to enable spatial
encoding of the measured signal [28]. By controlling these gradients in a para-
metric way, multiple measurements are taken from the same slice to form raw
MRI data, namely the k-space data. Finally, an inverse Fourier Transformation
is performed on the k-space data to reconstruct image reflecting signal intensity

for each volume element, namely voxels.

MRI modality is highly versatile to emphasize different tissue characteristics
and create contrasts by adjusting scanning parameters like how often we trans-
mit RF pulse sequence (TR) and how soon after transmission we start to collect
data (TE) [33]. When RF pulse is applied and removed, the spins come back
to the equilibrium which transfers the net magnetization back to the longitudi-
nal plane. Therefore, the longitudinal magnetization increases (longitudinal re-

laxation) while transverse magnetization decays (transverse relaxation) in time.



However, the duration for the longitudinal magnetization reaching to its equilib-
rium (T1), and transverse magnetization decaying to zero (T2) vary from tissue
to tissue. The differences in longitudinal and transversal relaxation times be-
tween tissues are two important sources of the contrasts. Therefore, controlling
TR and TE values could determine whether T1 or T2 dominate the contrasts in
the images (T1-weighted or T2-weighted contrasts). High-resolution structural
image of the brain is mainly obtained through these contrasts. Besides, better
contrast can be obtained through dynamic adjustments of these parameters with

more optimal pulse sequences [35, 36, 37, 38, 39, 40]

An important concern during MRI data acquisition is the trade-off between
scan times and the spatial resolution of the reconstructed images. Higher spa-
tial resolution basically requires more measurements in k-space. However, that
causes longer scan times. On the other hand, it is crucial to accelerate the
image acquisition without sacrificing the spatial resolution to exploit the full po-
tential of MRI modality in clinical uses. Hardware related improvements like
using multiple RF coils to transmit and receive signal from multiple slices of a
volume in parallel accelerated image acquisition dramatically [41, 42, 33]. In-
novative image reconstruction algorithms accompanied to these multi-coil and
multi-acquisition solutions [43, 44, 45, 46, 47]. On the other hand, taking
less k-space measurements and reconstructing image from this undersampled
data provided an effective and cheaper alternative for accelerating acquisition
48, 49, 50, 51, 52]. In the last decade, many novel methods have been pro-
posed for successful image reconstruction from undersampled data including
compress sensing [53, 54, 55, 56, 57, 58, 59, 60, 61] and deep neural networks
(62, 63, 64, 65, 66, 67, 68, 69]



2.2 functional Magnetic Resonance Imaging

(FMRI)

Functional MRI adds time as a fourth dimension to the 3-dimensional MR im-
ages, thus providing information about the changes in voxel intensities over time.
fMRI is mainly based on local inhomogeneities in the magnetic field. Intrinsic
defects in the magnet itself can cause such inhomogeneities, resulting in shorter
transverse relaxation times (T2*) [70]. MRI acquisition sequence can also be ad-
justed to be sensitive to dynamics of local cerebral blood flow, which is another
source of local inhomogeneities in the field [28]. That is mainly because of the
different magnetic properties of oxygenated and deoxygenated hemoglobin in the
blood [71]. Deoxygenated hemoglobin becomes paramagnetic. This creates more
distortion in the magnetic field, resulting in more local inhomogeneity [33]. Con-
sequently, transverse magnetization decays even faster, resulting in a lower signal.
On the other hand, oxygenated hemoglobin decreases the inhomogeneities in the
field, resulting in a higher signal. The dynamic changes in the ratio of oxygenated
to deoxygenated hemoglobin in the blood is one of the sources of contrast in the
measured signal. fMRI mainly uses this blood-oxygen-level-dependent (BOLD)
contrast [34].

Brain hemodynamics are driven by the neural activity. Regional cerebral blood
flow and glucose utilization increase with neural activation; and this increase is
greater than oxygen consumption rate [34, 72, 73|. The net effect of neural exci-
tation is therefore an increase in oxyhemoglobin concentration and a consequent
stronger MRI signal [34]. Thus, measured BOLD signal reflects changes in the
neural activity. The alteration in BOLD signal induced by neural activity is
called hemodynamic response function (HRF) [33]. A canonical form of HRF is
proposed with certain characteristics: an initial dip in BOLD signal within the
first 1-2 seconds after the onset of neural activity; a following increase in signal
beginning within 1-2 seconds and peaking within 5-8 seconds; a following decrease
in signal below a baseline level, sustaining about 10 seconds (post-stimulus un-

dershoot); and a return to the baseline within 15-20 seconds after the onset of



neural activity [74, 75, 33]. However, the timing and shape of the HRF can differ
across the brain, within an individual and across individuals [76, 33]. To over-
come this handicap, a finite impulse response model has been used for a more
flexible estimation of HRF in recent studies [77, 78, 79].

The collected fMRI data does not contain only BOLD signal but also several
noise components caused by hardware limitations and the subjects [33]. It is
crucial to preprocess data to emphasize only BOLD signal, before relating it to
the underlying neural activity. One source of noise is thermal motion of elec-
trons within the subject and the scanner; this thermal noise is random and can
be removed through spatial smoothing of fMRI signal across a few voxels [32].
Another source of noise is the scanner drift. This drift causes a low-frequency
trend in fMRI signal; and it can be removed through a temporal filter [33]. There
are also physiological noises caused by head motion, respiration and heartbeat
of the subjects [32, 80]. To assure the measured signal to come from the same
brain region, motion is corrected through realignment of the fMRI images using
rigid-body transformation [33]. However, motion-correction does not completely
remove its effects on fMRI signal. To regress out its contribution from the signal,
estimated motion parameters can be used as nuisance covariates during analy-
sis. To remove noise caused by heartbeat and respiration, these physiological
signals can be first measured during scanning. Like motion parameters, these

measurements can then be used as nuisance covariates during analysis [33].

2.3 Naturalistic Stimuli and Encoding Models

To leverage full potential of fMRI as a modality to study the brain, it is very
crucial to combine optimal experimental design, stimuli and analysis method. In
the early fMRI studies, the main approach was to use a block design which sepa-
rates experimental conditions into blocks [33]. The signal measured at a specific
condition is contrasted against a control condition to find related activity. To
maximize the contrasts, the same stimulus is given repeatedly in blocks lasting

at least a few tens of seconds. However, such block designs do not leverage the
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temporal resolution of the fMRI which is on the scale of a few seconds [75]. Event-
related design emerged as an alternative to the block design. In that design, the
subjects are exposed to short discrete events, with randomized timings [33]. In
that way, the timing of the activations could be better estimated; and the psycho-
logical effects including boredom, habituation or fatigue could be minimized [32].
However, in both conventional paradigms, the main tendency is to use simpler
tasks with unnatural stimuli to explore brain functions. This approach deduces
complex high-level processes into simpler ones with a few controllable dimen-
sions. Therefore, many important aspects and their interactions remain ignored

or undetected.

There has been an increasing trend to employ naturalistic stimuli and tasks in
recent TMRI studies [81, 82, 29, 83, 84, 28, 85]. Sophisticated statistical methods
with advanced computational power enable investigating the relationship between
rich information embedded in the naturalistic stimuli and the BOLD responses
[28]. Onme standout framework is encoding modeling. In this framework, the in-
put stimulus is associated with a set of voxel activities through a latent feature
representation of the stimulus (Figure 2.1; [30]). For this, each point in the input
space is first mapped -possibly nonlinearly- to a point in a feature space [30, 28].
Then, each point in the feature space is mapped linearly to a point in the activity
space, where BOLD responses lay [30, 28]. To give an example, imagine that you
have a speech signal. For extracting spectrogram features from this signal, you
estimate the power density of that signal at specific frequency bands. Associating
the input signal to amplitude values at certain frequency bands is a non-linear
mapping. This non-linear mapping can be based on cochlear operations to make
a more biologically plausible mapping from sound to spectrogram features. Then,
to find most relevant regions whose activities are directly driven by these spec-
trogram features, a linear relation is assumed between the spectrogram features

and the brain activity [30]. A linear encoding model is fit to do this mapping.

A point in the feature space does not always correspond to the same point
in the activity space. Instead, many repetitions of the same stimulus sample
create a cloud of points in the activity space [30]. That is mainly because of the

noise in the fMRI signal, that is not relevant to the task or stimuli. The size
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IS = W f(s))) (2.2)

p(rlf(s)) ~ exp(=0.5(r = W' f(s))
In this case, the model weights can be obtained by solving a regularized re-
gression problem [28]. We leverage this linear encoding modeling framework in

Chapter 3 to model BOLD responses evoked by natural stories.

2.4 A Brief History of the Cocktail-party Prob-

lem

How brain can recognize a specific speech among many has intrigued many re-
searchers for a long time. Cherry was the first who defined this question as
“cocktail-party problem” [25]. To investigate this unique ability of the brain, he
conducted several experiments. In these experiments, he employed a dichotic lis-
tening task where subjects were given different auditory streams to different ears
and asked to attend one of the streams [25]. To ensure the subjects’ attention,
he also asked them to repeat what they hear in the attended ear (shadowing).
The subjects could successfully repeat what they heard in the attended ear but
not in the unattended ear. To investigate the extent of the processing of unat-
tended speech, Cherry also changed some acoustic and linguistic attributes of the
unattended stream and asked subjects whether they recognized these changes.
While subjects noticed changes in acoustic attributes like transition from male
to female speaker or from regular speech to simple tones, they failed to detect
changes in linguistic attributes like transition from English to German, or from
regular to reversed speech. Based on his findings, Cherry suggested that only

low-level features of the unattended speech are processed [25].

In the next decades, many researchers designed smart experiments based on
Cherry’s experimental paradigm to investigate cocktail-party problem in detail
(86, 87, 88, 89, 90]. In this early era of the cocktail-party problem, three cognitive

theories stood out to explain findings of the behavioral studies as shown in Figure
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can be sufficient to be recognized. Finally, in the late selection theory [88], it was
proposed that both attended and unattended stream are further processed at
high-level; however, only attended stream enters working memory. Some studies
using indirect measures of the unattended stream such as increase in galvanic skin
response for the conditioning words in the unattended stream also supported this
theory [89].

With the advances in non-invasive technologies, neuroscience community
also started to investigate how human brain resolves this cocktail-party prob-
lem. Hillyard et al. [92] conducted the first electrophysiological study (EEG)
with human, employing a dichotic listening task with simple tones. They
found enhanced event-related potential (ERP) at around 100 ms for the tones
in the attended ear. Many studies with controlled stimuli repeatedly found
enhanced cortical responses to the attended stream in the following years
93, 94, 95, 96, 97, 98, 99, 100, 101, 102, 103, 104, 105, 26]. These studies con-
sistently suggest an attentional gain mechanism in favor of the attended stream.
However, it is only recently possible to investigate neural aspects of this prob-
lem in detail by simulating more realistic cocktail-party environments thanks to
the dramatic increase in computational power and the consequent usage of more

advanced analysis methods including encoding models.
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Chapter 3

Attentional Modulation of
Hierarchical Speech
Representations in a

Multi-Talker Environment

3.1 Introduction

Humans are highly adept at perceiving a target speaker in crowded multi-speaker
environments [21, 106, 107]. Auditory attention is key to behavioral perfor-
mance in this difficult “cocktail-party problem” [25, 108, 23, 109, 22]. Litera-
ture consistently reports that attention selectively enhances cortical responses to
the target stream in auditory cortex and beyond, while filtering out non-target
background streams [110, 111, 93, 112, 26, 94, 95, 96, 101, 102, 113, 114]. How-
ever, the precise link between the response modulations and underlying speech
representations is less clear. Speech representations are hierarchically organized
across multiple stages of processing in cortex, with each stage selective for di-
verse information ranging from low-level acoustic to high-level semantic features

(115, 116, 17, 18, 19, 117, 20, 118, 119, 120]. Thus, a principal question is to
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what extent attention modulates these multi-level speech representations in the

human brain during a cocktail-party task [27, 121].

Recent electrophysiology studies on the cocktail-party problem have investi-
gated attentional response modulations for natural speech stimuli [122, 123, 124,
125, 126, 127, 128, 129, 130, 131] . Ding and Simon [123, 124] fit spectrotemporal
encoding models to predict cortical responses from the speech spectrogram. At-
tentional modulation in the peak amplitude of spectrotemporal response functions
was reported in planum temporale in favor of the attended speech. Mesgarani
and Chang [125] built decoding models to estimate the speech spectrogram from
responses measured during passive listening and examined the similarity of the
decoded spectrogram during a cocktail-party task to the isolated spectrograms
of attended versus unattended speech. They found higher similarity to attended
speech in non-primary auditory cortex. Zion Golumbic et al. [127] reported
amplitude modulations in speech-envelope response functions towards attended
speech across auditory, inferior temporal, frontal and parietal cortices. Other
studies using decoding models have similarly reported higher decoding perfor-
mance for the speech envelope of the attended stream in auditory, prefrontal,
motor and somatosensory cortices [128, 131, 129] further identified peak am-
plitude response modulations for sub-lexical features including word onset and
cohort entropy in temporal cortex. Note that because these electrophysiology
studies fit models for acoustic or sub-lexical features, the reported attentional

modulations primarily comprised relatively low-level speech representations.

Several neuroimaging studies have also examined whole-brain cortical re-
sponses to natural speech in a cocktail-party setting [132, 133, 134, 135, 136,
137, 138]. In the study of Hill and Miller [135], subjects were given an attention
cue (attend to pitch, attend to location or rest) and later exposed to multiple
speech stimuli where they performed the cued task. Partly overlapping frontal
and parietal activations were reported, during both the cue and the stimulus
exposure periods, as an effect of attention to pitch or location in contrast to
rest. Furthermore, pitch-based attention was found to elicit higher responses in
bilateral posterior and right middle superior temporal sulcus, whereas location-

based attention elicited higher responses in left intraparietal sulcus. In alignment
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with electrophysiology studies, these results suggest that attention modulates
relatively low-level speech representations comprising paralinguistic features. In
a more recent study, Regev et al. [137] measured responses under two distinct
conditions: while subjects were presented bimodal speech-text stories and asked
to attend to either the auditory or visual stimulus, and while subjects were pre-
sented unimodal speech or text stories. Inter-subject response correlations were
measured between unimodal and bimodal conditions. Broad attentional mod-
ulations in response correlation were reported from primary auditory cortex to
temporal, parietal and frontal regions in favor of the attended modality. While
this finding raises the possibility that attention might also affect representations
in higher-order regions, a systematic characterization of individual speech features

that drive attentional modulations across cortex is lacking.

An equally important question regarding the cocktail-party problem is whether
unattended speech streams are represented in cortex despite the reported modula-
tions in favor of the target stream [109, 27]. Electrophysiology studies on this issue
identified representations of low-level spectrogram and speech envelope features of
unattended speech in early auditory areas [123, 124, 125, 127, 128, 129, 131], but
no representations of linguistic features [129]. Meanwhile, a group of neuroimag-
ing studies found broader cortical responses to unattended speech in superior
temporal cortex [139, 140, 136, 141, 142, 137]. Specifically, Wild et al. [136] and
Evans et al. [142] reported enhanced activity associated with the intelligibility
of unattended stream in parts of superior temporal cortex extending to supe-
rior temporal sulcus. Although this implies that responses in relatively higher
auditory areas carry some information regarding unattended speech stimuli, the
specific features of unattended speech that are represented across the cortical

hierarchy of speech is lacking.

Here we investigated whether and how attention affects representations of at-
tended and unattended natural speech across cortex. To address these questions,
we systematically examined multi-level speech representations during a diotic
cocktail-party task using naturalistic stimuli. Whole-brain BOLD responses were
recorded in two separate experiments (Figure 3.1) while subjects were presented

engaging spoken narratives from The Moth Radio Hour. In the passive-listening
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experiment, subjects listened to single-speaker stories for over two hours. Sep-
arate voxelwise models were fit that measured selectivity for spectral, articula-
tory, and semantic features of natural speech during passive listening [119]. In
the cocktail-party experiment, subjects listened to temporally-overlaid speech
streams from two speakers while attending to a target category (male or fe-
male speaker). To assess attentional modulation in functional selectivity, vox-
elwise models fit during passive listening were used to predict responses for the
cocktail-party experiment. Model performances were calculated separately for
attended and unattended stories. Attentional modulation was taken as the dif-
ference between these two performance measurements. Comprehensive analyses
were conducted to examine the intrinsic complexity and attentional modulation
of multi-level speech representations and to investigate up to what level of speech

features unattended speech is represented across cortex.
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taken from The Moth Radio Program: “Alternate Ithaca Tom” by Tom Weiser;
“How to Draw a Nekkid Man” by Tricia Rose Burt; “Life Flight” by Kimberly
Reed; “My Avatar and Me” by Laura Albert; “My First Day at the Yankees”
by Matthew McGough; “My Unhurried Legacy” by Kyp Malone; “Naked” by
Catherine Burns; “Ode to Stepfather” by Ethan Hawke; “Targeted” by Jen Lee
and “Under the Influence” by Jeffery Rudell. All stories were told before a live
audience by a male or female speaker, and they were about 10-15 min long. Each
two-speaker story was generated by temporally overlaying a pair of stories told
by different genders and selected from the single-speaker story set. When the
durations of the two single-speaker stories differed, the longer story was clipped
from the end to match durations. Three two-speaker stories were prepared: from
“Targeted” and “Ode to Stepfather” (cocktaill); from “How to Draw a Nekkid
Man” and “My First Day at the Yankees” (cocktail2); and from “Life Flight”
and “Under the Influence” (cocktail3). In the end, the stimuli consisted of ten

single-speaker and three two-speaker stories.

3.2.3 Experimental procedures

Figure 3.1 outlines the two main experiments conducted in separate sessions:
passive-listening and cocktail-party experiments. In the passive-listening experi-
ment, subjects were instructed to listen to single-speaker stories vigilantly without
an explicit attentional target. To facilitate sustained vigilance, we picked engag-
ing spoken narratives from the Moth Radio Hour (see Stimuli). Each of the ten
single-speaker stories was presented once in a separate run of the experiment.
Two two-hour sessions were conducted, resulting in ten runs of passive-listening
data for each subject. In the cocktail-party experiment, subjects were instructed
to listen to two-speaker stories while attending to a target speaker (either the male
or the female speaker). Our experimental design focuses on attentional modula-
tions of speech representations when a stimulus is attended versus unattended.
Each of the three cocktail-stories was presented twice in separate runs. This al-
lowed us to present the same stimulus set in attended and unattended conditions

to prevent potential biases due to across-condition stimulation differences. To
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minimize adaptation effects, different two-speaker stories were presented in con-
secutive runs while maximizing the time window between repeated presentations
of a two-speaker story. Attention condition alternated across consecutive runs.
An exemplary sequence of runs was: cocktaill-M (attend to male speaker in cock-
taill), cocktail2-F (attend to female speaker in cocktail2), cocktail3-M, cocktaill-
F, cocktail2-M, and cocktail3-F. The first attention condition assigned to each
two-speaker story (M or F) was counterbalanced across subjects. This resulted
in a balanced assignment of ‘attended’ versus ‘unattended’ conditions during the
second exposure to each two-speaker story. Furthermore, for each subject, the
second exposure to half of the single-speaker stories (3 out of 6 included within
the two-speaker stories) coincided with the ‘attended’ condition, whereas the sec-
ond exposure to the other half coincided with the ‘unattended’ condition. Hence,
second exposure to each story was balanced across ‘attended’ and ‘unattended’
conditions both within and across subjects. A two-hour session was conducted,
resulting in six runs of cocktail-data. Note that the two-speaker stories used in
the cocktail-party experiment were constructed from the single-speaker story set
used in passive-listening experiment. Hence, for each subject, the cocktail-party
experiment was conducted several months ( 5.5 months) after the completion
of the passive-listening experiment to minimize potential repetition effects. The
dataset collected from the passive-listening experiment was previously analyzed
[143, 119]; however, the dataset collected from the cocktail-party experiment was

specifically collected for this study.

In both experiments, the length of each run was tailored to the length of
the story stimulus with additional 10 sec of silence both before and after the
stimulus. All stimuli were played at 44.1 kHz and delivered binaurally to both
ears using Sensimetrics S14 in-ear piezo-electric headphones. The Sensimetrics
S14 is an MRI-compatible auditory stimulation system with foam canal tips to
reduce scanner noise (above 29 dB as stated in specifications). The frequency
response of the headphones was flattened using a Behringer Ultra-Curve Pro
Parametric Equalizer. Furthermore, the level of sound was adjusted for each

subject to ensure clear and comfortable hearing of the stories.
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3.2.4 MRI data collection and preprocessing

MRI data were collected on a 3T Siemens TIM Trio scanner at the Brain Imaging
Center, UC Berkeley, using a 32-channel volume coil. For functional scans, a
gradient echo EPI sequence was used with TR = 2.0045 s, TE = 31 ms, flip angle
= 70°, voxel size = 2.24 x 2.24 x 4.1 mm?, matrix size = 100 x 100, field of view
= 224 x 224 mm? and 32 axial slices covering the entire cortex. For anatomical
data, a T1-weighted multi-echo MP-RAGE sequence was used with voxel size =
1x1x1mm? and field of view = 256 x 212 x 256 mm?.

Each functional run was motion corrected using FMRIB’s Linear Image Regis-
tration Tool (FLIRT) [144]. A cascaded motion-correction procedure was per-
formed, where separate transformation matrices were estimated within single
runs, within single sessions and across sessions sequentially. To do this, vol-
umes in each run were realigned to the mean volume of the run. For each session,
the mean volume of each run was then realigned to the mean volume of the first
run in the session (see Supp. Table A.1 for within-session motion statistics dur-
ing the cocktail-party experiment). Lastly, the mean volume of the first run of
each session was realigned to the mean volume of the first run of the first session
of the passive-listening experiment. The estimated transformation matrices were
concatenated and applied in a single step. Motion-corrected data were manually
checked to ensure that no major realignment errors remained. The moment-to-
moment variations in head position were also estimated and used as nuisance
regressors during model estimation to regress out motion-related nuisance effects
from BOLD responses. The Brain Extraction Tool (BET) in FSL 5.0 [145] was
used to remove non-brain tissues. This resulted in 68016-84852 brain voxels in
individual subjects. All model fits and analyses were performed on these brain

voxels in volumetric space.
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3.2.5 Visualization on cortical flatmaps

Cortical flatmaps were used for visualization purposes, where results in volumet-
ric space were projected onto the cortical surfaces using PyCortex [146]. Cortical
surfaces were reconstructed from anatomical data using Freesurfer [147]. Five
relaxation cuts were made into the surface of each hemisphere, and the surface
crossing the corpus callosum was removed. Functional data were aligned to the in-
dividual anatomical data with affine transformations using FLIRT [144]. Cortical
flatmaps were constructed for visualization of significant model prediction scores,
functional selectivity and attentional modulation profiles, and representational

complexity and modulation gradients.

3.2.6 ROI definitions and abbreviations

We defined region of interests for each subject based on an atlas-based par-
cellation of the cortex [148]. To do this, functional data were co-registered
to the individual-subject anatomical scans with affine transformations using
FLIRT [144]. Individual-subject anatomical data were then registered to the
Freesurfer standard anatomical space via the boundary-based registration tool in
FSL [149]. This procedure resulted in subject-specific transformations mapping
between the standard anatomical space and the functional space of individual
subjects. Anatomical regions of interest from the Destrieux atlas were outlined
in the Freesurfer standard anatomical space; and they were back-projected onto
individual-subject functional spaces via the subject-specific transformations using
PyCortex [146]. The anatomical regions were labeled according to the atlas. To
explore potential selectivity gradients across the lateral aspects of Superior Tem-
poral Gyrus and Superior Temporal Sulcus, these ROIs were further split into
three equidistant sub-regions in posterior-to-anterior direction. Heschl’s Gyrus
and Heschl’s Sulcus were considered as a single ROI as prior reports suggest that
primary auditory cortex is not constrained by Heschl’'s Gyrus and extends to
Heschl’s Sulcus as well [103, 104, 150]. We only considered regions with at least

ten speech-selective voxels in each individual subject for subsequent analyses.
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Supplementary Table A.2 and A.3 lists the defined ROIs and the number of
spectrally, articulatorily and semantically selective voxels within each ROI in the
left and right hemisphere, with number of speech-selective voxels. ROI abbre-
viations and corresponding Destrieux indices are: Heschl’s Gyrus and Heschl’s
Sulcus (HG/HS: 33 and 74), Planum Temporale (PT: 36), posterior segment of
Slyvian Fissure (pSF: 41), lateral aspect of Superior Temporal Gyrus (STG: 34),
Superior Temporal Sulcus (STS, 73), Middle Temporal Gyrus (MTG: 38), Angu-
lar Gyrus (AG: 25), Supramarginal Gyrus (SMG: 26), Intraparietal Sulcus (IPS:
56), opercular part of Inferior Frontal Gyrus/Pars Opercularis (POP: 12), tri-
angular part of Inferior Frontal Gyrus/Pars Triangularis (PTR: 14), Precentral
Gyrus (PreG: 29), medial Occipito-Temporal Sulcus (mOTS:60), Inferior Frontal
Sulcus (IFS: 52), Middle Frontal Gyrus (MFG:15), Middle Frontal Sulcus (MFS:
53), Superior Frontal Sulcus (SFS: 54), Superior Frontal Gyrus (SFG: 16), Pre-
cuneus (PreC: 30), Subparietal Sulcus (SPS: 71), and Posterior Cingulate Cortex
(PCC: 9 and 10). The subregions of STG are: aSTG (anterior one third of STG),
mSTG (middle one third of STG) and pSTG (posterior one third of STG). The
subregions of STS are: aSTS (anterior one third of STS), mSTS (middle one third
of STS) and pSTS (posterior one third of STS). MTG was not split into subre-
gions since these subregions did not have a sufficient number of speech-selective

voxels in each individual subject.

3.2.7 Model construction

To comprehensively assess speech representations, we constructed spectral, artic-

ulatory, and semantic models of the speech stimuli (Figure 3.2; [119]).

3.2.7.1 Spectral model

For the spectral model, cochleogram features of speech were estimated based
on Lyon’s Passive Ear model. Lyon’s human cochlear model involves logarith-

mic filtering, compression and adaptive gain control operations applied to input
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3.2.7.2 Articulatory model

For the articulatory model, each phoneme in the stories was mapped onto a unique
set of 22 articulation features; for example, phoneme /ZH/ is postalveolar, frica-
tive and voiced (Table 3.1; [154, 119]). This mapping resulted in 22-dimensional
binary vectors for each phoneme. To obtain the timestamp of each phoneme and
word in the stimuli, the speech in the stories were aligned with the story tran-
scriptions using the Penn Phonetics Lab Forced Aligner [155]. Alignments were
manually verified and corrected using Praat (www.praat.org). The articulatory
features were Lanczos-filtered at a cutoff frequency of 0.25 Hz and downsampled
to 0.5 Hz. Finally, the 22 articulatory features were z-scored to zero mean and

unit variance.

3.2.7.3 Semantic model

For the semantic model, co-occurrence statistics of words were measured via a
large corpus of text [156, 143, 119]. The text corpus was compiled from 2,405,569
Wikipedia pages, 36,333,459 user comments scraped from reddit.com, 604 pop-
ular books and the transcripts of 13 Moth stories (including the stories used as
stimuli). We then built a 10,470-word lexicon from the union set of the 10,000
most common words in the compiled corpus and all words appearing in the ten
Moth stories used in the experiment. Basis words were then selected as a set
of 985 unique words from Wikipedia’s List of 1000 Basic Words. Co-occurrence
statistics of the lexicon words with 985 basis words within a 15-word window
were characterized as a co-occurrence matrix of size 985x10,470. Elements of the
resulting co-occurrence matrix were log-transformed, z-scored across columns to
correct for differences in basis-word frequency, and z-scored across rows to cor-
rect for differences in lexicon-word frequency. Each word in the stimuli was then
represented with a 985-dimensional co-occurrence vector based on the speech-
transcription alignments. The semantic features were Lanczos-filtered at a cutoff
frequency of 0.25 Hz and downsampled to 0.5 Hz. The 985 semantic features were

finally z-scored to zero mean and unit variance.
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Table 3.1: Phoneme-articulatory features map

Phonemes Articulatory Features

/B/ Bilabial Plosive Voiced
JCH/ Postalveolar Affricate Unvoiced
/D/ Alveolar Plosive Voiced
/DH/ Dental Fricative Voiced
JE/ Labiodental Fricative Unvoiced
/G/ Velar Plosive Voiced
JHH/ Glottal Fricative Unvoiced
/JH/ Postalveolar Affricate Voiced
JK/ Velar Plosive Unvoiced
/L/ Alveolar Lateral Voiced
/M/ Bilabial Nasal Voiced
/N/ Alveolar Nasal Voiced
/NG/ Velar Nasal Voiced
/P/ Bilabial Plosive Unvoiced
/R/ Alveolar Approximant Voiced
/S/ Alveolar Fricative Unvoiced
/SH/ Postalveolar Fricative Unvoiced
/T/ Alveolar Plosive Unvoiced
/TH/ Dental Fricative Unvoiced
/V/ Labiodental Fricative Voiced
JW/ Velar Approximant Voiced
/Y/ Palatal Approximant Voiced
/Z/ Alveolar Fricative Voiced
J/ZH/ Postalveolar Fricative Voiced
JAA/ Low Back

/AE/ Low Front

/AH/ Mid Central

JAO/ Mid Back

JAW/ Low Central Mid Back
JAY/ Low Central Mid Front
JEH/ Mid Front

J/ER/ Mid Central

JEY/ Mid Front

JTH/ Mid Front

JIY/ High Front

JOW/ Mid Back

/OY/ Mid Back High Front
JUH/ High Back

JUW/ High Back
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3.2.7.4 Decorrelation of feature spaces.

In natural stories, there might be potential correlations among certain spectral,
articulatory, or semantic features. If significant, such correlations can partly con-
found assessments of model performance. To assess the unique contribution of
each feature space to the explained variance in BOLD responses, a decorrelation
procedure was first performed (Figure 3.2). To decorrelate a feature matrix F
of size maxn from a second feature matrix K of size mxp, we first found an or-
thonormal basis for the column space of K (col{K}) using economy-size singular

value decomposition:

Kap = Umap T Spap T Vpap (3.1)

where U contains left singular vectors as columns, V contains right singular
vectors, and S contains the singular values. Left singular vectors were taken as
the orthonormal basis for col{ K'}, and each column of F was decorrelated from

it according to the following formula:

fl=Ff - i (F ) (3.2)

j=1

Where f;,u? are the column vectors of ' and U respectively, and f;d is the
column vectors of the decorrelated feature matrix, F¢. To decorrelate feature
matrices for the models considered here, we took the original articulatory fea-
ture matrix as a reference, and decorrelated the spectral feature matrix from the
articulatory feature matrix, and decorrelated the semantic feature matrix from
both articulatory and spectral feature matrices. This decorrelation sequence was
selected because spectral and articulatory features capture lower-level speech rep-
resentations, and the articulatory feature matrix had the fewest number of fea-
tures among all models. In the end, we obtained 3 decorrelated feature matrices

whose columns had zero correlation with the columns of the other two matrices.
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3.2.8 Analyses

The main motivation of this study is to understand whether and how strongly
various levels of speech representations are modulated across cortex during a
cocktail-party task. To answer this question, we followed a two-stage approach
as illustrated in Figure 3.3. In the first stage, we identified voxels selective for
speech features using data from the passive-listening experiment. To do this, we
measured voxelwise selectivity separately for spectral, articulatory, and semantic
features of the single-speaker stories. In the second stage, we used the models fit
using passive-listening data to predict BOLD responses measured in the cocktail-
party experiment. Prediction scores for attended versus unattended stories were
compared to quantify the degree of attentional modulations, separately for each

model and globally across all models.

Note that a subset of the ten single-speaker-stories were used to generate three
two-speaker-stories used in the experiments. To prevent potential bias, a three-
fold cross-validation procedure was performed for testing models fit using passive-
listening data on cocktail-party data. In each fold, models were fit using eight-run
passive-listening data; and separately tested on two-run passive-listening data and
two-run cocktail-party data. The same set of test stories were used both in the
passive-listening and cocktail-party experiments to minimize risk of poor model
generalization between the passive-listening and cocktail-party experiments due
to uncontrolled stimulus differences. There was no overlap between the stories
in the training and testing runs. Model predictions were aggregated across three

folds, and prediction scores were then computed.

3.2.8.1 Voxelwise modeling

In the first stage, we fit voxelwise models in individual subjects using passive-
listening data. To account for hemodynamic delays, we used a linearized four-tap
finite impulse response (FIR) filter to allow different HRF shapes for separate

brain regions (Goutte et al. 2000). Each model feature was represented as four
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Figure 3.3: Modeling procedures. a. Vozelwise modeling. Voxelwise models were
fit in individual subjects using passive-listening data. To account for hemodynamic
response, a linearized four-tap finite impulse response (FIR) filter spanning delayed
effects at 2-8 sec was used. Models were fit via L2-regularized linear regression. BOLD
responses were predicted based on fit voxelwise models on held-out passive-listening
data. Prediction scores were taken as the Pearson’s correlation between predicted and
measured BOLD responses. For a given subject, speech-selective voxels were taken as
the union of voxels significantly predicted by spectral, articulatory, or semantic models
(¢(FDR) < 1075,t —test). b. Assessment of attentional modulation. Passive-listening
models for single voxels were tested on cocktail-party data to quantify attentional mod-
ulations in selectivity. In a given run, one of the speakers in a two-speaker story was
attended while the other speaker was ignored. Separate response predictions were ob-
tained using the isolated story stimuli for the attended speaker and for the unattended
speaker. Since a voxel can represent information from both attended and unattended
stimuli, a linear combination of these predicted responses was considered with varying
combination weights (we in [0 1]). BOLD responses were predicted based on each com-
bination weight separately. Three separate prediction scores were calculated based on
only the attended stimulus (wc = 1), based on only the unattended stimulus (we = 0),
and based on the optimal combination of the two stimuli. A model-specific attention
index, (AIl,,) was then computed as the ratio of the difference in prediction scores for
attended versus unattended stories to the prediction score for their optimal combination
(see Methods).

features in the stimulus matrix to account for their delayed effects in BOLD
responses at 2, 4, 6 and 8 sec. Model weights, W, were then found using L2-

regularized linear regression:

W= (FTF+1)) " F'R (3.3)

Here, )\ is the regularization parameter, F' is the decorrelated feature matrix
for a given model and R is the aggregate BOLD response matrix for cortical
voxels. A cross-validation procedure with 50 iterations was performed to find
the best regularization parameter for each voxel among 30 equispaced values in
log-space of 1 : 10°. The training passive-listening data was split into 50 equisized
chunks, where 1 chunk was reserved for validation and 49 chunks were reserved
for model fitting at each iteration. Prediction scores were taken as Pearson’s
correlation between predicted and measured BOLD responses. The optimal A

value for each voxel was selected by maximizing the average prediction score
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across cross-validation folds. The final model weights were obtained using the
entire set of training passive-listening data and the optimal A\. Next, we measured
the prediction scores of the fit models on testing data from the passive-listening
experiment. Spectrally-, articulatorily-, and semantically-selective voxels were
separately identified in each ROI based on the set of significantly-predicted voxels
by each model. A given ROI was considered selective for a model, only if it
contained ten or more significant voxels for that model (¢(FDR) < 1072, t—test).
Speech-selective voxels within the ROI were then taken as the union of these
spectrally-, articulatorily-, and semantically-selective voxels. Subsequent analyses

were performed on speech-selective voxels.

Model-specific selectivity index. Single-voxel prediction scores on passive-
listening data were used to quantify the degree of selectivity of each ROI to the
underlying model features under passive-listening. To do this, a model-specific

selectivity index, (S1,,), was defined as follows:

SI, = G i,m € {spe, art, sem} (3.4)

where 1 is the average prediction score across speech-selective voxels within the
ROI during passive-listening. ST, is in the range of [0, 1], where higher values

indicate stronger selectivity for the underlying model.

Complexity index. The complexity of speech representations was char-
acterized via a complexity index, (CT), which reflected the relative tuning
of an ROI for low- versus high-level speech features. The following intrinsic
complexity levels were assumed for the three speech models considered here:
(Cspes Carts Csem) = (0.0,0.5,1.0). Afterwards, C'I was taken as the average of
the complexity levels weighted by the selectivity indices:

CI:ZSImcm, m € {spe, art, sem} (3.5)

C1T is in the range of [0, 1], where higher values indicate stronger tuning for
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semantic features and lower values indicate stronger tuning for spectral features.

3.2.8.2 Assessment of attentional modulations

In the second stage, we tested the passive-listening models on cocktail-party
data to quantify ROI-wise attentional modulation in selectivity for corresponding
model features and to find the extent of the representation of unattended speech.

These analyses were repeated separately for the three speech models.

Model-specific attention index. To quantify the attentional modulation in
selectivity for speech features, we compared prediction scores for attended versus
unattended stories in the cocktail-party experiment. Models fit using passive-
listening data were used to predict BOLD responses elicited by two-speaker sto-
ries. In each run, only one of the speakers in a two-speaker story was attended
while the other speaker was ignored. Separate response predictions were obtained
using the isolated story stimuli for the attended and unattended speakers. Since
a voxel can represent information on both attended and unattended stimuli, a

weighted linear combination of these predicted responses was considered:

R. = Ryw.+ R, (1 —w,) (3.6)

where R, and R, are the predicted responses for the attended and unattended
stories in a given run; R, is the combined response and w, is the combination
weight. We computed R, for each separate w, value in [0:0.1:1]. Note that
R. = R, when w, = 1.0; and R. = R, when w, = 0.0. We then calculated
single-voxel prediction scores for each w,. value. An illustrative plot of r./rm..
is given in Figure 3.3b, where r. denotes the prediction scores and r,,,, denotes
the maximum r. value (the optimal combination). r, and r, are the prediction
scores for attended and unattended stories respectively. To quantify the degree

of attentional modulation, a model-specific attention index (AIl,,) was taken as:
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Al,, = ay, (ra — r“) . Q= M m,i € {spe,art,sem}, (3.7)

Tmaz Zz (Tmax)i ’

where 7,,,, denotes an ideal upper limit for model performance, and «,, reflects
the relative model performance under the cocktail-party task. Note that Al,,
considers selectivity to the underlying model features when calculating the degree

of attentional modulation.

Global attention index. We then computed global attention index (gAl)

as follows:

gAl = ZAIm, m € {spe, art, sem} (3.8)

Both gAI and AI,, are in the range [-1,1]. A positive index indicates attentional
modulation of selectivity in favor of the attended stimuli and a negative index
indicates attentional modulation in favor of the unattended stimuli. A value of

zero indicates no modulation.

3.2.8.3 Colormap in selectivity and modulation profile flatmaps.

The cortical flatmaps of selectivity and modulation profiles use a colormap that
shows the relative contributions of all three models to the selectivity and at-
tention profiles. For selectivity profiles, a continuous colormap was created by
assigning significantly positive articulatory, semantic and spectral selectivity to
the red, green and blue (R, G, B) color channels, respectively. During assign-
ment, selectivity values were normalized to sum of one, and then normalized to
linearly map the interval [0.15 0.85] to [0 1]. Distinct colors were assigned to six
landmark selectivity values: red for (1, 0, 0), green for (0, 1, 0), blue for (0, 0, 1),
yellow for (0.5, 0.5, 0), magenta for (0.5, 0, 0.5), and turquoise for (0, 0.5, 0.5).
The same procedures were also applied for creating a colormap for modulation

profiles.
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3.2.9 Statistical tests

3.2.9.1 Significance assessments within subjects

For each voxel-wise model, significance of prediction scores was assessed via a
t-test; and resulting p-values were false-discovery-rate corrected for multiple com-
parisons (FDR; Benjamini and Hochberg 1995).

A bootstrap test was used in assessments of S1I,,, CI, Al,, and gAI within
single subjects. In ROI analyses, speech-selective voxels within a given ROI were
resampled with replacement 10000 times. For each bootstrap sample, mean pre-
diction score of a given model was computed across resampled voxels. Significance
level was taken as the fraction of bootstrap samples in which the test metric com-
puted from these prediction scores is less than 0 (for right-sided tests) or greater
than O (for left-sided tests). The same procedure was also used for comparing

pairs of ROIs, where ROI voxels were resampled independently.

3.2.9.2 Significance assessments across subjects

A bootstrap test was used in assessments of SI,,, CI, Al,, and gAIl across
subjects. In ROI analyses, ROI-wise metrics were resampled across subjects with
replacement 10000 times. Significance level was taken as the fraction of bootstrap
samples where the test metric averaged across resampled subjects is less than 0
(for right-sided tests) or greater than 0 (for left-sided tests). The same procedure
was also used for comparisons among pairs of ROIs. Here, we used a more
stringent significance definition for across-subjects tests that focuses on effects
consistently observed in each individual subject. Therefore, an effect was taken

significant only if the same metric was found significant in each individual subject.
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3.3 Results

3.3.1 Intrinsic cortical representations of natural speech

To examine the cortical distribution and strength of attentional modulations in
speech representations, we first obtained a baseline measure of intrinsic selectiv-
ity for speech features. For this purpose, we fit voxelwise models using BOLD
responses recorded during passive listening. Speech representations are thought
to be organized hierarchically across multiple stages of processing in the brain,
ranging from acoustic features in early auditory cortex to linguistic features in
downstream areas [115, 18, 117, 157, 158]. To broadly examine this hierarchy,
we built three separate models containing low-level spectral, intermediate-level
articulatory and high-level semantic features of natural stories [119]. Figure 3.4
displays the cortical distribution of prediction scores for each model in a repre-
sentative subject, and Supp. Table A.2 and A.3 list the number of significantly
predicted voxels by each model in anatomical ROIs. We find spectrally-selective
voxels mainly in early auditory regions (bilateral HG/HS and PT; and left pSF)
and bilateral SMG, and articulatorily-selective voxels mainly in early auditory
regions (bilateral HG/HS and PT; and left pSF), bilateral STG, STS, SMG and
MFS as well as left POP and PreG. In contrast, semantically-selective voxels are
found broadly across cortex except early auditory regions (bilateral HG/HS and
right PT).

To quantitatively examine cortical overlap among spectral, articulatory, and
semantic representations, we separately measured the degree of functional se-
lectivity for each feature level via a model-specific selectivity index (ST,,; see
Methods). Bar plots of selectivity indices are displayed in Figure 3.5a for perisyl-
vian cortex and in Figure 3.6 for non-perisylvian cortex (see Supp. Figs. A.1-5 for
single-subject results). Distinct selectivity profiles are observed from distributed
selectivity for spectral, articulatory, and semantic features (e.g., left PT and right
pSTG) to strong tuning to a single level of features (e.g., left IPS and PCC). The
selectivity profiles of the ROIs are also visualized on the cortical flatmap pro-

jecting articulatory, semantic, and spectral selectivity indices of each ROI to the
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Figure 3.4: Prediction scores of voxelwise speech models. a. Spectral model.
Prediction scores for voxels significantly predicted by the spectral model are plotted
on the flattened cortical surface of subject S4. Medial and lateral views of the inflated
hemispheres are also shown above and below the flatmaps, respectively. Colors indicate
the value of the noise-corrected prediction scores (see legend). White lines encircle
ROIs that are found based on an automatic atlas-based cortical parcellation. Labels of
some relevant ROIs are shown (see Methods for ROI abbreviations). In this subject,
significantly predicted voxels by the spectral model lie mainly in the dorsal aspect of the
superior temporal cortex. b. Articulatory model. Significantly predicted voxels by the
articulatory model are located mainly in the dorsal and lateral aspects of the superior
temporal cortex extending to STS, and in inferior frontal regions. ¢. Semantic model.
Significantly predicted voxels by the semantic model are broadly distributed across
cortex covering most of the temporal, prefrontal and parietal cortical regions except
the early auditory cortex.

red, green, and blue channels of the RGB colormap as seen in Figure 3.5b (see
Supp. Fig. A.6 for selectivity profile flatmaps in individual subjects; see Methods
for colormap details). A progression from low-intermediate to high-level speech
representations is apparent across bilateral temporal cortex in superior-inferior
direction (HG/HS — mSTG — mSTS — MTG) consistently in all subjects.
Furthermore, many higher-order regions in parietal (bilateral AG, IPS, SPS, PrC,
PCC and POS) and frontal cortices (bilateral PTR, IFS, MFG, SFS, and SFG;
and left POP) manifest dominant semantic selectivity consistently in all subjects
(p < 0.05; see Supp. Figs. A.1-5 for single-subject results). These results cor-
roborate the view that speech representations are hierarchically organized across
cortex with partial overlap mostly in early and intermediate stages of speech

processing.

3.3.1.1 Hierarchies in speech representations

An emerging view is that speech features represented in the cortex grow progres-
sively more complex towards downstream areas [159, 18, 19, 157, 119]. Yet, a
broad quantitative characterization of these selectivity gradients is lacking. To
assess the selectivity in each stage of processing, we first measured a complexity
index, CI , that reflects whether an ROI is relatively tuned for low-level spec-

tral or high-level semantic features (see Methods). C1 across perisylvian and
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Figure 3.5: Selectivity for multi-level speech features. a. Model-specific selectiv-
ity indices. Single-voxel prediction scores on passive-listening data were used to quan-
tify the selectivity of each ROI to underlying model features. Model-specific prediction
scores were averaged across speech-selective voxels within each ROI and normalized
such that the cumulative score from all models was 1. The resultant measure was
taken as a model-specific selectivity index, (SI,,). SI, is in the range of [0, 1], where
higher values indicate stronger selectivity for the underlying model. Bar plots display
SI,, for spectral, articulatory, and semantic models (mean + sem across subjects).
Significant indices are marked with * (p < 0.05; see Sup. Figs. A.1-5 for selectivity
indices of individual subjects). ROIs in perisylvian cortex are displayed (see Figure 3.6
for non-perisylvian ROIs; see Methods for ROI abbreviations). ROIs in LH and RH
are shown in the top and bottom panels, respectively. POPr and PreGgr that did not
have consistent speech selectivity in individual subjects were excluded (see Methods).
b. Intrinsic selectivity profiles. Selectivity profiles of cortical ROIs averaged across
subjects are shown on the cortical flatmap of a representative subject (S4). Significant
articulatory, semantic, and spectral selectivity indices of each ROI are projected to the
red, green, and blue channels of the RGB colormap (see Methods). This analysis only
included ROIs with consistent selectivity for speech features in each individual subject.
Medial and lateral views of the inflated hemispheres are also shown. A progression
from low-intermediate to high-level speech representations are apparent across bilat-
eral temporal cortex in the superior-inferior direction; consistently in all subjects (see
Supp. Fig. A.6 for selectivity profiles of individual subjects). Meanwhile, semantic
selectivity is dominant in many higher-order regions within the parietal and frontal
cortices (bilateral AG, IPS, SPS, PrC, PCC, POS, PTR, IFS, SFS, SFG, MFG and left
POP) (p < 0.05; see Supp. Figs. A.1-5). These results support the view that speech
representations are hierarchically organized across cortex with partial overlap between
spectral, articulatory and semantic representations in early to intermediate stages of
auditory processing..

non-perisylvian cortex is displayed in Figure 3.7. Early auditory regions such
as HG/HS have CI close to 0, whereas higher-order regions like PTR have CI

tending to 1 as expected.

Next, we explored in detail finer scale gradients across the main auditory
streams: dorsal and ventral stream [160, 17, 18, 159, 161, 19, 162, 163].

Dorsal stream. The dorsal stream emanates from primary auditory cortex
(PAC) [164, 163, 165], traverses planum temporale [17, 18, 19], and then projects
to pars-operculum/BA44 [20, 16, 166] and precentral-gyrus/BA6 [167, 20, 16]

in prefrontal cortex. The projections onto prefrontal cortex are suggested to be

41









either direct or relayed via supramarginal-gyrus/BA40 in inferior parietal cor-
tex [168, 12, 169, 170, 20]. In the light of these reports, we examined vari-
ation of CI across three trajectories as shown in Figure 3.8a: left dorsal-1
(HG/HS, — PT, — (SMGL) — POPy), left dorsal-2 (HG/HS, — PT, —
(SMG) — PreGp) and right dorsal (HG/HSr — PTR — SMGpg). Left
dorsal-1 and dorsal-2 were considered with or without inclusion of SMG. As
shown in Figure 3.8b, we find significant increase in C'I consistently in all subjects
across the following left dorsal subtrajectories (p < 0.05): CT ma/as < Clpr <
ClIpop and Clgg/us < Clpr < Clpreg. In contrast, we find no consistent pat-
tern in C'I across the right dorsal stream (p > 0.05). Note that PreG has greater
articulatory selectivity in all subjects compared to POP (p < 0.05; see Supp.
Figs. A.1-5). Furthermore, articulatory selectivity is dominant in PreG, while
semantic selectivity is dominant in POP (p < 0.05; see Supp. Figs. A.1-5 and
Supp. Fig. A6). These results indicate that left dorsal-1 and left dorsal-2 differ
in that the former carries relatively stronger semantic representations whereas

the latter hosts articulatory representations.

Ventral stream. The ventral stream emanates from PAC [164, 165],
passes through middle-anterior superior temporal cortex [164, 157, 165], and
then projects to pars-triangularis/BA45 [164, 166] in prefrontal cortex. It is
also suggested to traverse superior-inferior paths in temporal lobe [17, 18].
As such, we examined variation of C'I across four trajectories (Figure 3.8a):
left ventral-1 (HG/HS, — mSTG, — mSTS, — MTGy), left ventral-2
(HG/HS, — mSTG, — aSTG, — PTRy), right ventral-1 (HG/HSr —
mSTGr — mSTSg — MTGg) and right ventral-2 (HG/HSr — mSTGr —
aSTGr — PTRg). As shown in Figure 3.8b, we find significant increase in
C1 consistently in all subjects across the following subtrajectories (p < 0.05):
Clucus < Clysra < Clusrg and Clygias < Clysrg < Clygrs in the bi-
lateral ventral stream. In contrast, there are no consistent differences between
aSTG and PTR, and between MTG and mSTS (p > 0.05). Towards the end
of ventral trajectories, semantic representations become dominant in all subjects
(bilateral PTR and MTG; p < 0.05; see Supp. Figs. A.1-5 and Supp. Fig A.6).

These results indicate that representations in the ventral stream might be more
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symmetric across the two hemispheres compared to the dorsal stream.

3.3.1.2 Hemispheric asymmetries in speech representations

Prior studies report right lateralization in spectral representations [171, 172, 123,
173] and left lateralization in phonetic and semantic representations [157, 173].
Thus, it is likely that speech-related cortical regions are tuned for more complex
speech features in the left versus the right hemisphere. To test this prediction, we
compared C'I between the left and right counterparts of each ROI, with consistent
selectivity for speech features in both hemispheres in each individual subject
(see Methods). Table 3.2 lists the results of this across-hemisphere comparison.
No consistent hemispheric asymmetry in representational complexity is observed
across cortex (p > 0.05) except in mSTG, with higher CI in left hemisphere
(p < 0.05). These results suggest a slight left-hemispheric bias in representational

complexity across intermediate stages during passive-listening tasks.
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Table 3.2: Hemispheric asymmetries in CI and gAl.

CI gAl
HG/HS N, 0.0 N, 0.1
PT N, 0.1 N, 0.1
aSTG N, 0.2 N, 0.1
mSTG L, 0.1 L, 0.2
pSTG N, 0.0 N, 0.2
aSTS N, 0.0 N, 0.1
mSTS N, 0.1 N, 0.2
pSTS N, 0.1 N, 0.1
MTG N, 0.1 N, 0.1
SMG N, 0.2 N, 0.1
AG N, 0.0 N, 0.0
IPS N, 0.0 N, 0.2
SPS N, 0.0 N, 0.0
PrC N, 0.0 N, 0.0
PCC N, 0.0 N, 0.1
POS N, 0.0 N, 0.0
PTR N, 0.1 N, 0.1
IFS N, 0.1 N, 0.2
MFG N, 0.1 N, 0.1
MFS N, 0.0 N, 0.0
SFS N, 0.0 N, 0.0
SFG N, 0.0 N, 0.0

"R”,  “L” and “N” indicate right-hemispheric, left-
hemispheric and no-hemispheric dominance in indices respec-
tively. The numbers show the effect-size of the significance
tests, based on the difference between the left and right hemi-
spheres. Only differences that are consistently significant in
each individual subject are taken as significant (p < 0.05).
ROlIs are reported with at least 10 speech-selective voxels con-
sistently in each hemisphere and in each subject (p < 0.05).
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3.3.2 Attentional modulation of multi-level speech repre-

sentations

Recent electrophysiology [123, 124, 126, 127, 129, 130] and neuroimaging studies
[135, 136, 137] suggest that attention modulates cortical responses to speech dur-
ing nonspatial or spatial cocktail-party tasks. However, less is known regarding
the cortical distribution and strength of these modulations for the hierarchy of
features involved in speech perception. Here, we systematically examined atten-
tional modulations in low-level spectral, intermediate-level articulatory and high-
level semantic representations during a diotic cocktail-party task. To do this, we
recorded whole-brain BOLD responses while participants listened to temporally-
overlaid spoken narratives from two different speakers and attended to either a
male or female speaker in these two-speaker stories. We used the spectral, artic-
ulatory, and semantic models fit using passive-listening data to predict responses
during the cocktail-party task. Since a voxel can represent information on both
attended and unattended stimuli, response predictions were expressed as a con-
vex combination of individual predictions for the attended and unattended story
within each two-speaker story. Prediction scores were computed based on esti-
mated responses as the combination weights were varied in [0 1] (see Methods).
Scores for the optimal combination model were compared against the scores from
the individual models for attended and unattended stories. If the optimal com-
bination model significantly outperforms the individual models, it indicates that

the voxel represents information from both attended and unattended stimuli.

Figure 3.9 displays prediction scores of the spectral, articulatory, and semantic
models as a function of the combination weight in representative ROIs, including
HG, HS and PT. Scores based on only attended story (r,), based on only the
unattended story (r,), and based on the optimal combination of the two (74z)
are marked. A diverse set of attentional effects are observed for each type of
model. For the spectral model in left HG/HS, the optimal combination assigns
matched weights to attended and unattended stories, and 7,4, is larger than r,
(p < 107*). This finding implies that spectral representations of the unattended

story are mostly maintained; and there is no apparent bias towards the attended
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story at spectral level in left HG/HS. For the articulatory model in left HG/HS,
1, is larger than r, (p < 107*), while 7,4, is greater than r, (p < 1072). Besides,
the optimal combination gives slightly higher weight to the attended versus unat-
tended story. This result suggests that attention moderately shifts articulatory
representations in left HG/HS in favor of the attended stream such that articu-
latory representations of the unattended story are preserved to a degree. For the
semantic model in left PT, r, is much higher than r, (p < 107*). Besides, the
optimal combination assigns substantially higher weight to the attended story in
this case. This finding indicates that attention strongly shifts semantic represen-
tations in left PT towards the attended stimulus. A simple inspection of these
results suggests that attention may have distinct effects at various levels of speech
representation across cortex. Hence, a detailed quantitative analysis is warranted

to measure the effect of attention at each level.

3.3.2.1 Level-specific attentional modulations

To quantitatively assess the strength and direction of attentional modulations,
we separately investigated the modulatory effects on spectral, articulatory, and
semantic features across cortex. To measure modulatory effects at each feature
level, a model-specific attention index (Al,,) was computed, reflecting the differ-
ence in model prediction scores when the stories were attended versus unattended
(see Methods). AI,, is in the range of [-1, 1]; a positive index indicates selec-
tivity modulation in favor of the attended stimulus, whereas a negative index
indicates selectivity modulation in favor of the unattended stimulus. A value of

zero indicates no modulation.

Figure 3.10a and Figure 3.11 display the attention index for spectral, articula-
tory, and semantic models across perisylvian and non-perislyvian ROIs, respec-
tively (see Supp. Fig. A.7-11 for single-subject results). The modulation profiles
of the ROIs are also visualized on the cortical flatmap, projecting articulatory,
semantic, and spectral attention indices to the red, green, and blue channels of
the RGB colormap as seen in Figure 3.10b (see Supp. Fig. A.12 for modulation

profile flatmaps in individual subjects). Here we discuss the attention index for

20






Figure 3.10: Attentional modulation of multi-level speech representations. a.
Model-specific attention indices. A model-specific attention index (AIl,,) was computed
based on the difference in model prediction scores when the stories were attended versus
unattended (see Methods). AI,, is in the range of [-1,1], where a positive index indicates
modulation in favor of the attended stimulus and a negative index indicates modulation
in favor of the unattended stimulus. For each ROI in perisylvian cortex, spectral,
articulatory, and semantic attention indices are given (mean + sem across subjects),
and their sum yields the overall modulation (see Figure 3.11 for non-perisylvian ROIs).
Significantly positive indices are marked with * (p < 0.05, bootstrap test; see Supp.
Figs. A.7-11 for attention indices of individual subjects). ROIs in the LH and RH
are shown in top and bottom panels, respectively. These results show that selectivity
modulations distribute broadly across cortex at the linguistic level (articulatory and
semantic). b. Attentional modulation profiles. Modulation profiles averaged across
subjects are displayed on the flattened cortical surface of a representative subject (S4).
Significantly positive articulatory, semantic, and spectral attention indices are projected
onto the red, green and blue channels of the colormap (see Methods). A progression
in the level of speech representations dominantly modulated is apparent from HG/HS
to MTG across bilateral temporal cortex (see Supp. Fig. A.12 for modulation profiles
of individual subjects). Articulatory modulation is dominant in one end of the dorsal
stream (left PreG), whereas semantic modulation becomes dominant in both ends of
the ventral stream (bilateral PTR and MTG) (p < 0.05; see Supp. Figs. A.7-11 and
A.12). On the other hand, semantic modulation is dominant in most of the higher-order
regions in the parietal and frontal cortices consistently in all subjects (bilateral AG,
SPS, PrC, PCC, POS, SFG, SFS, and PTR; left MFG; and right IPS) (p < 0.05; see
Supp. Figs. A.7-11).

each model individually. Spectral modulation is not consistently significant in
each subject across perisylvian ROIs (p > 0.05). On the other hand, moderate
spectral modulation is found in right SFG consistently in all subjects (p < 1073).
Articulatory modulation starts as early as HG/HS bilaterally (p < 1073). In the
dorsal stream, it extends to PreG and POP in the left hemisphere (LH) and to
SMG in the right hemisphere (RH; p < 1072); and it becomes dominant only in
left PreG consistently in all subjects (p < 0.05). In the ventral stream, it extends
to left PTR and bilateral MTG (p < 1072). Articulatory modulation is also
found -albeit generally less strongly- in frontal regions (bilateral MFS; left MFG;
and right IFS and SFG) consistently in all subjects (p < 0.05). In the dorsal
stream, semantic modulation starts in PT and extends to POP in LH (p < 1072),
whereas it is not apparent in the right dorsal stream (p > 0.05). In the ventral
stream, semantic modulation starts in aSTG and mSTS bilaterally (p < 0.05). It
extends to MTG and PTR, and becomes dominant in both ends of the bilateral
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ventral stream (p < 0.05). Lastly, semantic modulation is observed widespread
across higher-order regions within frontal and parietal cortices consistently in all
subjects (p < 0.05), with the exception of left IPS (p < 0.05). Taken together,
these results suggest that attending to a target speaker alters articulatory and

semantic representations broadly across cortex.

3.3.2.2 Global attentional modulations

It is commonly assumed that attentional effects grow stronger towards higher-
order regions across the cortical hierarchy of speech [127, 130, 137]. Yet, a sys-
tematic examination of attentional modulation gradients across dorsal and ventral
streams is lacking. To examine this issue, we measured overall attentional mod-
ulation in each region via a global attention index (gAI; see Methods). Similar
to the model-specific attention indices, a positive gAI indicates modulations in
favor of the attended stimulus, and a negative gAI indicates modulations in favor

of the unattended stimulus.

Dorsal stream. We first examined variation of gAI across the dorsal
stream (left dorsal-1: HG/HS, — PT;, — (SMGL) — POPy, left dorsal-2:
HG/HS — PT, — (SMGL) — PreGyp, and right dorsal: HG/HSr — PTr —
SMGR) as shown in Figure 3.12. We find significant increase in gAI across the fol-
lowing left dorsal subtrajectories consistently in all subjects (p < 0.05; see Supp.
Fig. A.14 for gradients in individual subjects): gAlpr < gAIgya < 9AILpop
and gAIlpr < gAIgye < gAIp,.;- In contrast, we find no consistent gradient
in the right dorsal stream (p > 0.05). These results suggest that attentional

modulations grow progressively stronger across the dorsal stream in LH.

Ventral stream. We then examined variation of gAIl across the ventral
stream (left ventral-1: HG/HS, — mSTG, — mSTS, — MTG, left ventral-
2: HG/HS, — mSTG, — aSTG, — PTRy, right ventral-1: HG/HSr —
mSTGr — mSTSgr — MTGR and right ventral-2: HG/HSr — mSTGr —
aSTGr — PTRRg), as shown in Figure 3.12. We find significant increase in gAI

across the following subtrajectories consistently in all subjects (p < 0.05; see
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Figure 3.12: Global attentional modulation. a. Global attention index. To quan-
tify overall modulatory effects on selectivity across all examined feature levels, global
attentional modulation (gAI) was computed by summing spectral, articulatory, and
semantic attention indices (see Methods). gAI is in the range of [-1,1] and a value
of zero indicates no modulation. Colors indicate significantly positive gAI averaged
across subjects (see legend; see Supp. Fig. A.13 for bar plots of gAI across cortex).
Dorsal and ventral pathways are shown with blue and green lines, respectively: left
dorsal-1 (LD-1), left dorsal-2 (LD-2) and right dorsal (RD), left ventral-1 (LV-1), left
ventral-2 (LV-2), right ventral-1 (RV-1) and right ventral-2 (RV-2). Squares mark re-
gions where pathways begin; arrows mark regions where pathways end; and circles
mark relay regions in gAI between. b. Modulation hierarchies. Bar plots display
gAI (mean + sem across subjects) along LD-1, LD-2, RD, LV-1, LV-2, RV-1 and RV-
2, shown in separate panels. Significant differences in between consecutive ROIs are
marked with brackets (p < 0.05, bootstrap test; see Supp. Fig. A.14 for single-subject
results). Significant gradients in gAI are: gAIpp < gAlgya < gAIpop in LD-1,
gAlpr < gAIgyG < gAIpreq in LD-2, gAlgg/ns < 9AL,s7q < 9AL, 575 in LV-1,
9AIga/rs < 9AL,sra < 9AL srq in LV-2, and gAl, ¢rq < gAl,g7¢ in RV-2. In
the left hemisphere, gAI gradually increases from early auditory regions to higher-order
regions across the dorsal and ventral pathways. Similar patterns are also observed in
the right hemisphere, although the gradients in gAI are less consistent across subjects.

Supp. Fig. A.14 for gradients in individual subjects): gAl g s < gAIL57¢ <
9AL sr¢ and gAI yeyps < 9AILLsrq < gAL,grs In the left ventral stream, and
9AI,, src < gAI ,g7¢ in the right ventral stream. In contrast, we find no difference
between aSTG and PTR bilaterally, between mSTS and MTG in the left ventral
stream, and between HG/HS, mSTG, mSTS and MTG in the right ventral stream
(p > 0.05). These results suggest that overall attentional modulations gradually
increase across the ventral stream, and that the increases are more consistent in
LH compared to RH.

Representational complexity versus attentional modulation. Visual
inspection of Figure 3.8b and Figure 3.12b suggests that the subtrajectories with
significant increases in C'I and in gAI overlap largely in left ventral stream and
partly in left dorsal stream. To quantitatively examine the overlap in left ventral
stream, we analyzed the correlation between C'I and gAI across the left-ventral
subtrajectories where significant increases in C'I are observed. We find significant
correlations in HG/HS — mSTG — mSTS and in HG/HS — mSTG —
aSTG (r > 0.98, bootstrap test, p < 107%) consistently in all subjects. In

line with a recent study arguing for stronger attentional modulation and higher
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representational complexity in STG compared to HG (O’Sullivan et al. 2019),
our results indicate that attentional modulation increases towards higher-order
regions as the representational complexity increases across the dorsal and ventral

streams in LH (more apparent in ventral than dorsal stream).

Hemispheric asymmetries in attentional modulation. To assess po-
tential hemispheric asymmetries in attentional modulation, we compared gAI
between the left and right hemispheric counterparts of each ROI. This analy-
sis was restricted to ROIs with consistent selectivity for speech features in both
hemispheres in each individual subject (see Methods). Table 3.2 lists the results
of the across-hemisphere comparison. No consistent hemispheric asymmetry is
found across cortex with the exception of mSTG having a left-hemispheric bias
consistently in all subjects (p < 0.05). These results indicate that there is mild

lateralization in attentional modulation of intermediate-level speech features.

3.3.3 Cortical representation of unattended speech

An important question regarding multi-speaker speech perception is to what ex-
tent unattended stimuli are represented in cortex. To address this question, here
we investigated spectral, articulatory, and semantic representations of unattended
stories during the cocktail-party task. We reasoned that if significant informa-
tion about unattended speech is represented in a brain region, then features of
unattended speech should explain significant variance in measured BOLD re-
sponses. To test this, we compared the prediction score of a combination model
comprising the features of both attended and unattended stories (optimal convex
combination) against the prediction score of an individual model comprising only
the features of the attended story (see Methods). If the combination model sig-
nificantly outperforms the individual model in an ROI, then the corresponding

features of unattended speech are significantly represented in that ROI.

Figure 3.13 displays model performance when responses are predicted based

on speech features from the attended story alone, and when they are instead
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Figure 3.13: Representation of unattended speech. Passive-listening models were
tested on cocktail-party data to assess representation of unattended speech during the
cocktail-party task. Prediction scores were calculated separately for a combination
model comprising features of both attended and unattended stories (rq.: optimal
convex combination) and an individual model only comprising features of the attended
story (rg). Significant difference in prediction between the two models is an indication
that BOLD responses carry significant information on unattended speech. Bar plots
display normalized prediction scores (mean £ sem across subjects; combination model
in light gray and individual model in gray). Significant scores are marked with * (p <
10~%, bootstrap test; see Supp. Figs. A.15-19 for single-subject results), and significant
differences are marked with brackets (p < 0.05). Prediction scores are displayed for
ROIs in the dorsal and ventral streams, with significant selectivity for given model
features. a. Left hemisphere. Spectral representations of unattended speech extend
up to PT across the dorsal stream (HG/HS — PT — SMG — (POP, PreG)) and
are constrained to HG/HS across the ventral stream (HG/HS — mSTG — mSTS —
MTG) and (HG/HS — mSTG — aSTG — PTR). Articulatory representations of
unattended speech extend up to PT across the dorsal stream and are constrained to
HG/HS across the ventral stream. No significant semantic representation is apparent.
b. Right hemisphere. Spectral representations of unattended speech extend up to SMG
across the dorsal stream and are constrained to HG/HS across the ventral stream.
Articulatory representations of unattended speech extend up to PT across the dorsal
stream, and up to mSTG across the ventral stream. Semantic representations are
found only in mSTS. These results suggest that processing of unattended speech is not
constrained at spectral level but extends to articulatory and semantic level.

predicted based on the optimally combined features from the attended and unat-
tended stories. Results are shown for each ROI along the dorsal and ven-
tral streams and in the left and right hemispheres (see Supp. Figs. A.15-
19 for single-subject results). Along the left (HG/HS — PT — SMG —
(POP, PreG)) and right (HG/HS — PT — SMG) dorsal stream, spec-
tral features of unattended speech are represented up to PT in LH and up to
SMG in RH (p < 0.01), articulatory features are represented bilaterally up to
PT (p < 0.05), whereas no semantic representation is apparent (p > 0.05).
Along the left ventral stream (HG/HS — mSTG — mSTS — MTG) and
(HG/HS — mSTG — aSTG — PTR), spectral and articulatory features
are represented in HG/HS (p < 107%), again with no semantic representation
(p > 0.05). In the right ventral stream (HG/HS — mSTG — mSTS — MTG)
and (HG/HS — mSTG — aSTG — PTR), spectral features are represented in
HG/HS; articulatory features are represented up to mSTG (p < 0.05); and se-

mantic features are represented only in mSTS (p < 0.05). These results indicate
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that cortical representations of unattended speech in multi-speaker environments
extend from the spectral to the semantic level, albeit semantic representations are
constrained to right parabelt auditory cortex (mSTS). Furthermore, representa-
tions of unattended speech are more broadly spread across the right hemisphere.
Note that prior studies have reported response correlations and anatomical over-
lap between these belt/parabelt auditory regions and the reorienting attention
system in the right-hemisphere [174, 175, 176]. Therefore, relatively broader
representations of unattended speech in the right hemisphere might facilitate dis-

tractor detection and filtering during auditory attention tasks.

3.4 Discussion

In this study, we investigated the effects of auditory attention on multi-level
speech representations across cortex during a diotic cocktail-party task with nat-
uralistic stimuli composed of spoken narratives. To assess baseline selectivity
for multi-level speech features, we first fit spectral, articulatory, and semantic
models using responses recorded during passive listening. We then quantified the
complexity of intrinsic representations in each brain region. Next, we used fit
models that reflect baseline selectivity for speech features to assess attentional
modulation of speech representations. To do this, responses predicted using stim-
ulus features of attended and unattended stories were compared with responses
recorded during the cocktail-party task. This study is among the first to quantita-
tively characterize attentional modulations in multi-level speech representations

of attended and unattended stimuli across speech-related cortex.

3.4.1 Speech representations

Prior studies using controlled auditory stimuli have suggested a hierarchical orga-
nization of speech representations across cortex [177, 17, 178, 179, 157]. Recent
studies using natural speech stimuli corroborate this view where downstream re-

gions are notably selective for more complex speech features than early regions
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in speech-related cortex [119, 120, 129]. Motivated by these results, here we
quantitatively examined gradients in complexity of speech representations across
speech-related cortex. Overall, we find that representational complexity increases

gradually across the left dorsal and bilateral ventral streams.

An important question in neurolinguistics is the precise functional roles of
the dorsal and ventral streams for natural speech representations in the human
brain. During passive listening of natural stories, we find that dominant articu-
latory selectivity manifests (PreG) in one end of the dorsal stream whereas se-
mantic selectivity manifests in both ends (MTG and PTR) of the ventral stream.
These results confirm the view that the dorsal stream is implicated in sound-
to-articulation mapping, whereas the ventral stream is primarily implicated in

sound-to-meaning mapping [18, 19, 20, 162] .

Linguistic representations are commonly considered to be left lateralized while
acoustic representations (spectral) are suggested to be right lateralized [171, 123,
157, 173]. Here we quantitatively assessed hemispheric asymmetries in multi-
level speech representations along the dorsal and ventral streams. We report a
left-hemispheric dominance in the dorsal stream that becomes relatively more
apparent towards the end stages (PreG and POP). However, regions along the
ventral stream have similar selectivity profiles in both hemispheres, with a slight
left-hemispheric bias in their representational complexity in intermediate stages.
Hence, our results indicate a left-lateralized organization in the dorsal stream and

a predominantly bilateral organization in the ventral stream [18].

3.4.2 Attentional modulations

The effects of auditory attention on cortical responses have been primarily exam-
ined in the literature using controlled stimuli such as simple tones, melodies and
isolated syllables or words [93, 94, 95, 96, 97, 98, 99, 100, 101, 102, 103, 104, 105,
180, 181, 182]. As such, less is known regarding how attention alters hierarchi-
cal representations of natural speech. Recent studies on this topic have mainly

reported attentional modulations of low-level speech representations comprising
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speech-envelope and spectrogram features in early auditory and higher-order re-
gions during the cocktail-party task [123, 124, 125, 127, 128, 131]. Going beyond,
here we have explored attentional modulations spanning from low-level spectral
to high-level semantic features. While our results indicate that attentional mod-
ulations for articulatory and semantic representations distribute broadly across
cortex, we find no consistent modulations for spectral representations in speech-
related regions. Note that speech envelope and spectrogram features in natu-
ral speech carry intrinsic information about linguistic features including syllabic
boundaries and articulatory features [183, 118]. These stimulus correlations can
render it challenging to dissociate unique selectivity for articulatory versus spec-
tral features. To minimize biases from potential stimulus correlations, here we
leveraged a decorrelation procedure to obtain orthogonal spectral, articulatory,
and semantic feature matrices for the stimulus. Therefore, the distinct modeling
procedures for natural speech features might have contributed to the disparities

between the current and previous studies on the existence of spectral modulations.

An important question regarding auditory attention is how the strength of at-
tentional effects are distributed across cortex. A common view is that attentional
modulations grow relatively stronger towards later stages of processing [127]. Re-
cent studies support this view by reporting bilaterally stronger modulations in
frontal versus temporal cortex [137] and in non-primary versus primary auditory
cortex [130]. Adding to this body of evidence, we further show that attentional
modulations gradually increase across the dorsal and ventral streams in the left
hemisphere, as the complexity of speech representations grow. While a similar
trend is observed across the right hemisphere, gradients in attentional modula-
tion are less consistent in right belt and parabelt auditory regions including PT.
Furthermore, attentional modulations are weaker in the right versus left hemi-
sphere within these regions. Note that belt and parabelt regions are suggested
to be connected to the right temporo-parietal junction (TPJ) during selective
listening [176]. TPJ is one of the central nodes in the reorienting attention sys-
tem that monitors salient events to filter out distractors and help maintaining
focused attention [184, 174, 175]. Hence less consistent gradients and relatively

weaker attentional modulations in right belt and parabelt auditory regions might
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suggest a functional role for these regions in detecting salient events within the

unattended stream during selective listening tasks.

Another central question regarding mechanisms of selective attention in a
multi-speaker environment is how attentional modulations distribute across well-
known dorsal and ventral streams. The dorsal stream that hosts articulatory
representations is commonly considered to be involved in sound-to-articulation
mapping [18, 19, 20, 162]. The motor-theory of speech perception suggests that
dorsal articulatory representations carry information about articulatory gestures
of the speaker to facilitate the listener’s comprehension [185, 17, 186, 170, 187].
Recent studies support this account by reporting enhanced activity in precentral
gyrus and premotor cortex during challenging listening conditions [188, 136, 189].
In accordance with the motor theory of speech perception, here we find predom-
inant articulatory selectivity and modulation due to selective listening in one
end of the dorsal stream (PreG). These articulatory modulations might serve to
increase sensitivity to the target speaker’s gestures to facilitate speech compre-

hension during difficult cocktail-party tasks [136].

In contrast to the dorsal stream, the ventral stream has been implicated in
sound-to-meaning mapping [18, 19, 20, 162]. Compatible with this functional
role, the ventral stream is suggested to transform acoustic representations of lin-
guistic stimuli into object-based representations [158] . Here, we find that repre-
sentational complexity of the speech features gradually increases across bilateral
ventral stream, and semantic representations become dominant at the ends of it
(bilateral PTR and MTG). In addition, speech level of attentional modulation
also progresses across the ventral stream, and strong and predominant seman-
tic modulations manifest towards later stages. Hence, the ventral stream might
serve as a stage for interplay between bottom-up processing and top-down atten-
tional modulation to gradually form auditory objects during selective listening
(158, 22, 190].
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3.4.3 Representation of the unattended speech

Whether unattended speech is represented in cortex during selective listening and
if so, at what feature levels its representations are maintained are crucial aspects
of auditory attention. Behavioral accounts suggest that unattended speech is pri-
marily represented at the acoustic level [25, 91]. Corroborating these accounts,
recent electrophysiology studies have identified acoustic representations of unat-
tended speech localized to auditory cortex [123, 124, 127, 128, 129, 130, 131]. In
contrast, here we find that acoustic representations of unattended speech extend
beyond the auditory cortex as far as SMG in the right dorsal stream. Because
SMG partly overlaps with the reorienting attention system, unattended speech
representations in this region might contribute to filtering of distractors during
the cocktail-party task [174, 175].

A more controversial issue is whether unattended speech representations carry
information at the linguistic level [90, 191, 192, 109, 106]. Prior studies on this
issue are split between those suggesting the presence [136, 142] versus absence
[193, 129] of linguistic representations. Here, we find that articulatory represen-
tations of unattended speech extend up to belt/parabelt auditory areas in the
bilateral dorsal stream and the right ventral stream. We further find semantic
representation of unattended speech in the right ventral stream (mSTS). These
linguistic representations of unattended speech are naturally weaker than those
of attended speech, and they are localized to early-to-intermediate stages of au-
ditory processing. Our findings suggest that unattended speech is represented at
the linguistic level prior to entering the broad semantic system where full selection
of the attended stream occurs [194, 195, 196, 197, 198, 109, 199]. Overall, these
linguistic representations might serve to direct exogenous triggering of attention
to salient features in unattended speech [86, 87, 200, 201, 90, 109]. Meanwhile, at-
tenuated semantic representations in the ventral stream might facilitate semantic

priming of the attended stream by relevant information in the unattended stream
(202, 90, 203].
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Chapter 4

Conclusion

The main goal of this thesis was to find multilevel speech representations and to
explore how attention affects these representations during a naturalistic cocktail-
party task. Our results from passive-listening experiment indicate that linguistic
representations of the speech are broadly distributed across cortex, while acoustic
representations are mainly constrained to the early auditory cortex. Besides,
the complexity of the representations gradually increases across both dorsal and
ventral streams, suggesting a hierarchical organization of speech in the brain.
Our results also confirm the view that dorsal stream is implicated in sound-
to-articulation mapping, while ventral stream is mainly implicated in sound-to-

meaning mapping.

Our results from cocktail-party experiment indicate that attention during a di-
otic cocktail-party task gradually selects attended over unattended speech across
both dorsal and ventral processing pathways. This selection is mediated by rep-
resentational modulations for linguistic features but not for acoustic features.
Despite broad attentional modulations in favor of the attended stream, we still
find that unattended speech is represented up to linguistic level in the regions
that overlap with the reorienting attention system. These linguistic representa-
tions of unattended speech might facilitate attentional reorienting and filtering

during natural speech perception. Overall, our findings provide comprehensive
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insights on attentional mechanisms that underlie the ability to selectively listen

to a desired speaker in noisy multi-speaker environments.

4.1 Future Directions

Reliability of statistical assessments in neuroimaging depends on two main fac-
tors: sample size and amount of data collected per subject. Given experimental
constraints, it is difficult to increase both factors in a single study. In this un-
avoidable trade-off, a common practice in fMRI studies is to collect a relatively
limited dataset from more subjects. This practice prioritizes across-subject vari-
ability over within-subject variability, at the expense of individual-subject results.
Diverting away from this practice, we collected a larger amount of data per sub-
ject to give greater focus to reliability in single subjects. This choice is motivated
by the central aims of the voxel-wise modeling (VM) approach. The VM frame-
work aims to sensitively measure tuning profiles of single voxels in individual
subjects. For the natural speech perception experiments conducted here, the
tuning profiles were characterized over three separate high-dimensional spaces
containing hundreds of acoustic and linguistic features. To maximize sensitivity
of VM models, we conducted extensive experiments in each individual subject to
increase the amount and diversity of fMRI data collected. This design enhanced
the quality of resulting VM models and reliability of individual-subject results.
Indeed, here we find highly uniform results across individual subjects, suggesting
that the reported effects are highly robust. That said, across subject and across
language variability might occur in diverse, multi-lingual cohorts. Assessment of
attentional effects on speech representations in these broader populations remains

important future work.

In the current study, subjects were presented continuous natural speech stim-
uli. In the passive-listening task, they were instructed to vigilantly listen to the

presented story. Our analyses reveal that BOLD responses in large swaths of
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language-related areas can be significantly predicted by voxel-wise models com-
prising spectral, articulatory and semantic speech features. Moreover, the spec-
tral, articulatory and semantic representations mapped in single subjects are
highly consistent across subjects. Therefore, these results suggest that the par-
ticipants performed reasonably well in active listening of single-speaker stories.
In the cocktail-party experiment, subjects were instead instructed to attentively
listen to one of two speakers. Our analyses in this case reveal broad attentional
modulations in representation of semantic information across cortex, in favor of
the target speaker. Semantic features of natural speech show gradual variation
across time compared to low-level spectral information. Therefore, this finding
suggests that subjects also performed well during the sustained attention tasks
in the cocktail-party task. That said, we cannot rule out momentary shifts in
attention away from the target speaker. If momentary shifts towards the unat-
tended speaker are frequent, they might increase the proportion of unattended
speech information that BOLD responses carry. In turn, this might have con-
tributed to the strength of unattended speech representations that we measured
during the cocktail-party task. Post-scan questionnaires that assess participants’
comprehension of attended and unattended stories are a common control for task
execution [137]. However, post-scan memory controls cannot guarantee lack of
momentary attention shifts that typically last less than 200 ms [204]. On the
other hand, implementing frequent controls during the scan itself would disrupt
the naturalistic experiment flow and efficiency. It is therefore challenging to ex-
perimentally monitor momentary attentional shifts [109]. To assess the influence
of momentary shifts during sustained-attention tasks, future studies are war-
ranted leveraging more controlled speech stimuli with systematic variations in

the salience and task relevance of non-target stimuli [174, 205, 109].

In the current study, we find that attention strongly alters semantic represen-
tations in favor of the target stream across frontal and parietal cortices. This is
in alignment with previous fMRI studies that found attentional response modu-
lations in frontal and parietal regions [134, 135, 137]. That said, an important
question is whether these modulations predominantly reflect enhanced bottom-up

processing of attended speech or top-down attentional control signals [184, 181].
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Note that we find broad semantic representations across frontal and parietal cor-
tices during the passive-listening experiment, in the absence of any demanding
attentional tasks. Furthermore, a recent study suggests that various semantic cat-
egories are differentially represented in these higher-level cortical regions [143].
Taken together, these findings imply that semantic modulations in fronto-parietal
regions can be partly attributed to bottom-up effects. Yet, it is challenging to
disentangle bottom-up and top-down contributions in fMRI studies due to the in-
herently limited temporal resolution. Future studies are warranted to shed light
on this issue by combining the spatial sampling capability of fMRI with high
temporal resolution of electrophysiology methods [79, 119].
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Table A.1: Inter-run head motion in the cocktail-party experiment

Rx Ry Rz Tx Ty Tz

S1 Run2 | 0.0070 | -0.0222 | -0.0047 | -0.8205 | -1.8318 | 4.4034

Run3 | 0.0043 | -0.0193 | -0.0075 | 0.3561 | -1.1648 | 3.6750

Run4 | 0.0081 | -0.0400 | -0.0122 | 0.2514 | -2.3087 | 5.9718

Run5 | 0.0059 | -0.0258 | -0.0040 | -1.2676 | -1.2530 | 4.4150

Run6 | 0.0060 |-0.0225 | -0.0058 | -0.5274 |-1.9113 | 4.5966

S2 Run2 | -0.0099 | -0.0067 | -0.0099 | 0.6676 | -0.2590 | -0.5229
Run3 | -0.0088 | -0.0026 | 0.0018 |-0.5063 | 0.6162 | -0.6334
Run4 | -0.0128 | -0.0118 | -0.0103 | -0.2114 | 0.3525 | -0.3772
Run5 | -0.0119 | -0.0044 | -0.0047 | -0.2807 | 0.7589 | -1.1399
Run6 | -0.0101 | -0.0066 | -0.0118 | 0.7884 | -0.1214 | -0.4955
S3 Run2 | 0.0321 | 0.0118 | 0.0060 | -0.3023 |-0.1689 | 3.3696

Run3 | 0.0280 | 0.0160 | 0.0059 | -0.1685 | -0.2995 | 1.9887

Run4 | 0.0273 | 0.0139 | 0.0092 | -0.7141 | 0.5719 | 2.3134

Run5 | 0.0252 | 0.0129 | -0.0008 | 0.3123 | -0.5163 | 2.1007

Run6 | 0.0263 | 0.0135 | 0.0055 | -0.2489 | -0.1244 | 2.4375

S4 Run2 | -0.0009 | 0.0062 | -0.0028 | 0.7449 | -0.1245 | -0.5775
Run3 | -0.0014 | 0.0042 | 0.0005 | 0.4494 | 0.5528 | -0.5016
Run4 | 0.0101 | -0.0076 | -0.0030 | -0.0453 | -0.7291 | 3.1879

Run5 | -0.0006 | 0.0019 | -0.0051 | 1.0548 | -0.5008 | -0.0154
Run6 | -0.0010 | 0.0032 | -0.0051 | 1.2785 | -0.3303 | -0.3824
S5 Run2 | 0.0106 |-0.0133 | -0.0164 | 3.3092 |-1.8717 | 3.4716

Run3 | 0.0181 | -0.0245 | -0.0150 | 3.8181 | -1.6553 | 5.9240

Run4 | 0.0097 | -0.0330 | -0.0067 | 2.0298 | -0.6607 | 5.2784

Run5 | 0.0156 | -0.0299 | -0.0011 | 0.7572 | -0.5795 | 5.8197

Run6 | 0.0079 | -0.0250 | -0.0202 | 5.3338 |-1.7013 | 3.8040

Absolute motion between temporal-mean volume of each run (Run2-Run6) and
temporal-mean volume of the first run (Runl) is calculated during the cocktail-
party experiment. Motion estimates are obtained in subjects S1-S5 using FMRIB’s
Linear Image Registration Tool (FLIRT) (Jenkinson and Smith 2001). Rotational
motion (Rx, Ry, Rz) and translational motion (Tx, Ty, Tz) are reported along the
X, Y and Z axes. Rotations are expressed in radians, and translations are expressed
in mm.
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Table A.2: Number of significantly predicted voxels within ROIs in the left hemisphere

Spectrally-sel. Articulatorily-sel. Semantically-sel. Speech-sel.
HG/HS, 59.0 (£12.9) 63.9 (£8.3) 0.0 (£0.0) 101.5 (+£15.0)
PT, 207 (£74) 455  (£6.4) 200 (£3.5) 66.3 (£7.7)
pSFL  22.0 (5.5) 340  (£5.7) 6.1  (£38) 49.2  (£6.5)
STGy 323 (4£8.6) 1638 (&27.6) 100.7  (£30.1)  280.2 (£40.2)
aSTG, 64 (£34) 266  (£8.6) 424 (£9.8) 63.4 (+9.5)
mSTG, 7.6 (£3.0) 825  (£14.0) 14.0  (£7.7) 92.7 (£18.3)
pSTGy 123 (+£4.9) 418 (8.2 304 (£9.9) 66.4 (£13.5)
STS, 309 (£15.7) 2002 (£22.8) 3304 (£55.3)  426.7 (£59.1)
aSTS, 102 (£3.9) 456  (£9.8) 75.0  (£12.3) 97.1 (+10.8)
mSTS,  12.0 (£6.5) 708  (£11.4) 87.6  (£16.6)  123.1 (+17.2)
pSTS,  12.3 (£8.1) 886  (+21.3) 165.6 (£22.7)  205.7 (£30.4)
MTG, 7.1 (+£48) 385  (&7.2) 1373 (+41.3)  160.6 (£34.3)
SMGy 249 (£7.70) 335  (£6.4) 72.7  (£22.9)  111.6 (+20.4)
AG, 21 (£L19) 42 (£24) 156.6 (£39.1)  157.6 (+39.7)
IPS;, 0.0 (=£0.00) 0.0  (£0.0) 65.0  (£10.9) 65.0 (£10.9)
SPS, 22 (£1.8) 58  (&1.5) 448  (£11.3) 49.2  (+10.6)
PrCy, 0.0 (+£0.00) 0.1  (£5.1) 1269 (£30.8)  129.9 (+31.7)
PCCy, 0.0 (£0.00) 0.0 (£0.0) 34.1 (£6.8) 34.1 (£6.8)
POS, 0.0 (£0.00) 13.3 (£8.4) 58.7  (£18.2) 66.2 (420.0)
POP, 150 (£85) 246  (6.7) 427 (£10.1) 64.8 (+9.9)
PTR, 138 (£52) 318  (&7.5) 747 (£17.4) 98.3 (+17.2)
IFS, 94 (£6.9) 263  (£9.1) 109.1 (4284)  124.4 (+£30.0)
MFG, 125 (+6.5) 382  (&10.5) 183.2  (£60.0)  216.1 (£56.4)
MFS. 106 (£59) 251  (£9.1) 305 (&10.9) 57.6  (+8.3)
SFS. 0.0  (&0.00) 24 (£2.1) 1107 (£29.1) 1115 (+29.1)
SFGL  44.9 (£19.8)  59.9  (£127)  286.7 (£59.9)  327.6 (+62.6)
PreGy 74 (£2.2) 419  (£7.5) 265  (+8.4) 60.4 (+12.2)
mOTS;, 0.0 (£0.0) 0.0 (£0.00) 26.3 (£3.1) 26.3 (£3.1)

Significantly predicted voxels by spectral, articulatory and semantic models are listed (¢(FDR) <
1075, — test; mean 4 sem across subjects). The union of these voxels are taken as speech-selective
voxels. Only ROISs in the left hemisphere and with at least 10 speech-selective voxels in each individual
subject are listed. Subscripted “L” indicates right hemisphere.
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Table A.3: Number of significantly predicted voxels within ROIs in the right hemisphere

Spectrally-sel. Articulatorily-sel. Semantically-sel. Speech-sel.

HG/HSgr 474 (£5.6) 45.5 (£7.8) 0.0 (£0.0) 771 (£6.4)
PTr 27.0 (£4.2) 29.6 (£3.7) 2.2 (£1.8) 41.7 (£3.4)
STGr  56.9 (8.5) 165.8  (£26.8) 55.1 (£8.7) 201.5 (+£21.2)
aSTGr 8.6  (£4.1) 30.5 (£11.8) 19.7 (£7.5) 47.4 (£12.6)
mSTGr 12.3  (£4.0) 52.7  (£11.7) 7.0 (£2.0) 61.4 (£9.0)
pSTGr 214 (+4.2) 57.2 (£11.0) 14.4 (£1.9) 71.6 (£10.2)
STSg  39.9 (£12.1) 140.1  (£23.1) 338.3  (+45.6) 423.4 (£42.8)
aSTSg 4.7 (£2.2) 30.0 (£8.0) 55.6  (£12.0) 71.1  (£13.1)
mSTSg  24.6 (+£8.9) 88.5 (+15.4) 86.1  (£24.1) 140.4 (+£23.3)
pSTSg  10.8 (£2.8) 25.0 (£4.6) 209.4 (£13.8) 224.2 (£12.5)
MTGgr 16.7 (£8.3) 29.5 (£9.1) 93.5  (£20.0) 114.7 (£20.3)
SMGr  21.0 (£4.0) 28.2 (£6.8) 34.4  (£14.0) 71.0 (£13.7)
AGg 21 (£1.8) 13.4 (£7.5) 137.1  (+35.6) 146.9 (+£39.4)
IPSg 0.0 (£0.0) 0.0 (£0.0) 33.4 (£+4.0) 33.4 (£4.0)
SPSg 2.0 (£1.7) 8.3 (£3.3) 66.0 (£17.1) 68.6 (X17.7)
PrCg 0.0 (£0.0) 15.0 (£8.1) 107.7  (£29.9) 113.9 (+33.6)
PCCr 0.0 (0.0 2.0 (+1.8) 36.2 (+8.4) 37.2 (£8.0)
POSg 0.0 (+£0.0) 18.3 (£9.5) 59.1  (£10.0) 73.5 (£15.5)
PTRg 74 (£3.2) 18.3 (£6.1) 68.5 (£7.5) 80.7 (£7.2)
IFSg 23.8  (£2.7) 41.5 (£12.0) 100.3  (420.0) 138.3 (£21.6)
MFGr  15.6 (£2.7) 51.1 (+15.3) 162.5  (+58.4) 218.2 (+£50.6)
MFSg  11.8 (£8.4) 29.4 (£9.7) 33.7 (£8.3) 70.5 (£11.4)
SFSgr 0.0 (0.0 12.6 (£5.5) 102.5  (£21.9) 109.3 (£21.6)

SFGr  38.6 (£11.2) 75.4 (£21.7) 230.1  (£58.6) 295.3 (£60.5)

Significantly predicted voxels by spectral, articulatory and semantic models are listed (¢(FDR) <
1072, — test; mean + sem across subjects). The union of these voxels are taken as speech-selective
voxels. Only ROIs in the right hemisphere and with at least 10 speech-selective voxels in each
individual subject are listed. Subscripted “R” indicates right hemisphere.
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A.2 Supplementary Figures
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Figure A.6: Intrinsic selectivity profiles. Selectivity profiles of perisylvian ROIs in
subjects S1-S5 are shown on the cortical flatmaps. Significant articulatory, semantic,
and spectral selectivity indices are projected onto the red, green, and blue channels
of the RGB colormap (see Methods). a. Left perisylvian ROIs. b. Right perisylvian
ROIs. Consistently across subjects, a progression from low- and intermediate-level
to high-level speech representations are apparent across bilateral temporal cortex in
superior-inferior direction (HG/HS — mSTG — mSTS — MTG). These results
support the view that speech representations are hierarchically organized across pro-
cessing hierarchy of speech with partial overlap between spectral, articulatory and
semantic representations in early to intermediate stages of auditory processing.
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Figure A.7: Model-specific attention indices for subject S1. A model-specific
attention index (AI,,) was computed based on the difference in model prediction scores
when the stories were attended versus unattended (see Methods). Al,, is in the range
of [-1,1], where a positive index indicates modulation in favor of the attended stimulus
and a negative index indicates modulation in favor of the unattended stimulus. For
each ROI, spectral, articulatory, and semantic attention indices are given (mean + sem
across speech-selective voxels in each ROI), and their sum yields the overall modulation.
Significantly positive modulations are marked with *, colored according to the corre-
sponding model and encircled if they are dominant within the ROI (p < 0.05, bootstrap
test). a. Perisylvian ROIs. ROIs in perisylvian cortex are displayed. ROIs in the LH
and RH are shown in top and bottom panels, respectively. b. Non-perisylvian ROIs.
ROIs in non-perisylvian cortex are displayed. ROIs in the LH and RH are shown in
top and bottom panels, respectively.
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Figure A.8: Model-specific attention indices for subject S2. A model-specific
attention index (AI,,) was computed based on the difference in model prediction scores
when the stories were attended versus unattended (see Methods). Al,, is in the range
of [-1,1], where a positive index indicates modulation in favor of the attended stimulus
and a negative index indicates modulation in favor of the unattended stimulus. For
each ROI, spectral, articulatory, and semantic attention indices are given (mean + sem
across speech-selective voxels in each ROI), and their sum yields the overall modulation.
Significantly positive modulations are marked with *, colored according to the corre-
sponding model and encircled if they are dominant within the ROI (p < 0.05, bootstrap
test). a. Perisylvian ROIs. ROIs in perisylvian cortex are displayed. ROIs in the LH
and RH are shown in top and bottom panels, respectively. b. Non-perisylvian ROIs.
ROIs in non-perisylvian cortex are displayed. ROIs in the LH and RH are shown in
top and bottom panels, respectively.
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Figure A.9: Model-specific attention indices for subject S3. A model-specific
attention index (AI,,) was computed based on the difference in model prediction scores
when the stories were attended versus unattended (see Methods). Al,, is in the range
of [-1,1], where a positive index indicates modulation in favor of the attended stimulus
and a negative index indicates modulation in favor of the unattended stimulus. For
each ROI, spectral, articulatory, and semantic attention indices are given (mean + sem
across speech-selective voxels in each ROI), and their sum yields the overall modulation.
Significantly positive modulations are marked with *, colored according to the corre-
sponding model and encircled if they are dominant within the ROI (p < 0.05, bootstrap
test). a. Perisylvian ROIs. ROIs in perisylvian cortex are displayed. ROIs in the LH
and RH are shown in top and bottom panels, respectively. b. Non-perisylvian ROIs.
ROIs in non-perisylvian cortex are displayed. ROIs in the LH and RH are shown in
top and bottom panels, respectively.
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Figure A.10: Model-specific attention indices for subject S4. A model-specific
attention index (AI,,) was computed based on the difference in model prediction scores
when the stories were attended versus unattended (see Methods). Al,, is in the range
of [-1,1], where a positive index indicates modulation in favor of the attended stimulus
and a negative index indicates modulation in favor of the unattended stimulus. For
each ROI, spectral, articulatory, and semantic attention indices are given (mean + sem
across speech-selective voxels in each ROI), and their sum yields the overall modulation.
Significantly positive modulations are marked with * colored according to the corre-
sponding model and encircled if they are dominant within the ROI (p < 0.05, bootstrap
test). a. Perisylvian ROIs. ROIs in perisylvian cortex are displayed. ROIs in the LH
and RH are shown in top and bottom panels, respectively. b. Non-perisylvian ROIs.
ROIs in non-perisylvian cortex are displayed. ROIs in the LH and RH are shown in
top and bottom panels, respectively.

107



== Spectral
Articulatory
== _Semantic

S5 Model-specific Attention Indices

i LEFT ® = ®
® ¢ ® ] * *
1.00 ® % x @ * X : ®
0.75
3
— 0.50
<
@ 0.25
8 0.00
= 025l
S \& N v <OV <OV O S SN <O <OV € N RV O
= AR A i I R S AN R AR R
@a 1.25
o RIGHT
1.00 .

& % e 2 : i @ ®
(3] *
0.75 % * % i
£ * ®
X 050 *

®
0.25 ® . I
®
0.00 - .
-0.25 N
S o R R C PN SR SR o < ) <
R - S L G S R S U
1.25 =
& LEFT ®
1.00 s * ® ® % * &
= * ® *
075 %
£ *
- ®
Z 050
W
p— 0.25
g I
1
p= 0.00 +
T
S -0.25 =
- S\ Ov S K
z @ g & & © AR SN S S
S 1.25
2 RIGHT -
= 1.00 % - ® ® %
(=] ® ® = *® * x
z 0.75 ® &
a8 =
0.50
= ®
0.25 i
0.00
-0.25
R R R R R 28 R
P.GQ" \QS L,QC’ Q(GF Q(S" ro, \Q‘:‘% ‘r& VR/‘S S((‘-)‘% ‘;‘0

Figure A.11: Model-specific attention indices for subject S5. A model-specific
attention index (AI,,) was computed based on the difference in model prediction scores
when the stories were attended versus unattended (see Methods). Al,, is in the range
of [-1,1], where a positive index indicates modulation in favor of the attended stimulus
and a negative index indicates modulation in favor of the unattended stimulus. For
each ROI, spectral, articulatory, and semantic attention indices are given (mean + sem
across speech-selective voxels in each ROI), and their sum yields the overall modulation.
Significantly positive modulations are marked with *, colored according to the corre-
sponding model and encircled if they are dominant within the ROI (p < 0.05, bootstrap
test). a. Perisylvian ROIs. ROIs in perisylvian cortex are displayed. ROIs in the LH
and RH are shown in top and bottom panels, respectively. b. Non-perisylvian ROIs.
ROIs in non-perisylvian cortex are displayed. ROIs in the LH and RH are shown in
top and bottom panels, respectively.
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Figure A.12: Attentional modulation profiles for individual subjects. Modula-
tion profiles of perisylvian ROIs in subjects S1-S5 are shown on the cortical flatmaps.
Significantly positive articulatory, semantic, and spectral attention indices were pro-
jected to the red, green, and blue channels of the RGB colormap (see Methods). a. Left
perisylvian ROIs. b. Right perisylvian ROIs. In all subjects, a progression in the level
of speech representations dominantly modulated is apparent across bilateral temporal
cortex in the superior-inferior direction (HG/HS — mSTG — mSTS — MTG).
Semantic modulation is dominant at both ends (MTG and PTR) of bilateral ventral
stream, while articulatory modulation is dominant at one end (PreG) of left dorsal
stream (p < 0.05, bootstrap test; see also Supp. Figs. A.7-11). There is no consistent
tendency towards dominant articulatory or semantic modulation at the other end of
the left dorsal stream (POP).
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Figure A.13: Global attention indices. To quant1fy overall modulatory effects on
selectivity across all examined feature levels, global attentional modulation (gAI) was
computed by summing spectral, articulatory, and semantic attention indices (see Meth-
ods). gAI is in the range of [-1,1], where a positive index indicates attentional modula-
tion in favor of the attended stimuli and a negative index indicates modulation in favor
of the unattended stimuli. A value of zero indicates no modulation. Bar plots indicate
gAI (mean + sem across subjects). Significant indices are marked with * (p < 0.05,
bootstrap test; see the bar plots in Supp. Figs. A.7-11 for gAI in individual subjects).
a. Perisylvian ROIs. ROIs within perisylvian cortex in LH and RH are displayed in top
and bottom panels, respectively. gAI is significant in all perisylvian ROIs consistently
in all subjects except in right PT and SMG (p > 0.05). b. Non-perislyvian ROIs. ROIs
in non-perisylvian cortex are displayed. gAI is significant in all non-perisylvian ROIs
consistently in all subjects except in left IPS and mOTS (p > 0.05).
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Figure A.14: Modulation hierarchies for individual subjects. a.
hierarchies for subject S1. Gradients in gAI across LD-1, LD-2, RD, LV-1, LV-2, RV-1
and RV-2 are shown in subfigures labeled accordingly. Bar plots display gAI in each
ROI (mean £ sem across speech-selective voxels in each ROI). Only ROIs within a
given trajectory are included in the corresponding subfigure. Significant differences in
gAI between consecutive ROIs along the trajectory are marked with brackets (p < 0.05,
bootstrap test). b. Modulation hierarchies for subject S2. c¢. Modulation hierarchies
for subject S3. d. Modulation hierarchies for subject S4. e. Modulation hierarchies for
subject S5. Gradients consistently obtained in each individual subject are (p < 0.05):
gAlpr < gAIgye < gAlpop in LD-1, gAlpr < gAIgya < 9AIp,.c in LD-2,
9AIggns < 9ALysre < 9gAlysrs in LV-1, gAlygins < gAlLnste < 9Alusta
in LV-2, and gAI,,s7¢ < 9AI,s7¢ in RV-2.
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Figure A.15: Representation of unattended speech in subject S1. Passive-
listening models were tested on cocktail-party data to assess representation of unat-
tended speech during the cocktail-party task. Prediction scores were calculated sepa-
rately for a combination model comprising features of both attended and unattended
stories (Tmqz: optimal convex combination) and an individual model only compris-
ing features of the attended story (ry). Significant difference in prediction between
the two models is an indication that BOLD responses carry significant information
on unattended speech. Bar plots display normalized prediction scores (mean + sem
across speech-selective voxels in each ROI; combination model in light gray and indi-
vidual model in gray). Significant scores are marked with * (p < 10~%, bootstrap test),
and significant differences are marked with brackets (p < 0.05). Prediction scores are
only displayed for ROIs in the dorsal and ventral streams, with significant selectivity
for given model features. a. Left hemisphere. Spectral, articulatory and semantic
representations are labeled in subplots accordingly. b.Right hemisphere. Spectral, ar-
ticulatory and semantic representations are labeled in subplots accordingly.
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Figure A.16: Representation of unattended speech in subject S2. Passive-
listening models were tested on cocktail-party data to assess representation of unat-
tended speech during the cocktail-party task. Prediction scores were calculated sepa-
rately for a combination model comprising features of both attended and unattended
stories (Tmqz: optimal convex combination) and an individual model only compris-
ing features of the attended story (ry). Significant difference in prediction between
the two models is an indication that BOLD responses carry significant information
on unattended speech. Bar plots display normalized prediction scores (mean + sem
across speech-selective voxels in each ROI; combination model in light gray and indi-
vidual model in gray). Significant scores are marked with * (p < 10~%, bootstrap test),
and significant differences are marked with brackets (p < 0.05). Prediction scores are
only displayed for ROIs in the dorsal and ventral streams, with significant selectivity
for given model features. a. Left hemisphere. Spectral, articulatory and semantic
representations are labeled in subplots accordingly. b.Right hemisphere. Spectral, ar-
ticulatory and semantic representations are labeled in subplots accordingly.
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Figure A.17: Representation of unattended speech in subject S3. Passive-
listening models were tested on cocktail-party data to assess representation of unat-
tended speech during the cocktail-party task. Prediction scores were calculated sepa-
rately for a combination model comprising features of both attended and unattended
stories (Tmqz: optimal convex combination) and an individual model only compris-
ing features of the attended story (ry). Significant difference in prediction between
the two models is an indication that BOLD responses carry significant information
on unattended speech. Bar plots display normalized prediction scores (mean + sem
across speech-selective voxels in each ROI; combination model in light gray and indi-
vidual model in gray). Significant scores are marked with * (p < 10~%, bootstrap test),
and significant differences are marked with brackets (p < 0.05). Prediction scores are
only displayed for ROIs in the dorsal and ventral streams, with significant selectivity
for given model features. a. Left hemisphere. Spectral, articulatory and semantic
representations are labeled in subplots accordingly. b.Right hemisphere. Spectral, ar-
ticulatory and semantic representations are labeled in subplots accordingly.
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Figure A.18: Representation of unattended speech in subject S4. Passive-
listening models were tested on cocktail-party data to assess representation of unat-
tended speech during the cocktail-party task. Prediction scores were calculated sepa-
rately for a combination model comprising features of both attended and unattended
stories (Tmqz: optimal convex combination) and an individual model only compris-
ing features of the attended story (ry). Significant difference in prediction between
the two models is an indication that BOLD responses carry significant information
on unattended speech. Bar plots display normalized prediction scores (mean + sem
across speech-selective voxels in each ROI; combination model in light gray and indi-
vidual model in gray). Significant scores are marked with * (p < 10~%, bootstrap test),
and significant differences are marked with brackets (p < 0.05). Prediction scores are
only displayed for ROIs in the dorsal and ventral streams, with significant selectivity
for given model features. a. Left hemisphere. Spectral, articulatory and semantic
representations are labeled in subplots accordingly. b.Right hemisphere. Spectral, ar-
ticulatory and semantic representations are labeled in subplots accordingly.
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Figure A.19: Representation of unattended speech in subject S5. Passive-
listening models were tested on cocktail-party data to assess representation of unat-
tended speech during the cocktail-party task. Prediction scores were calculated sepa-
rately for a combination model comprising features of both attended and unattended
stories (Tmqz: optimal convex combination) and an individual model only compris-
ing features of the attended story (ry). Significant difference in prediction between
the two models is an indication that BOLD responses carry significant information
on unattended speech. Bar plots display normalized prediction scores (mean + sem
across speech-selective voxels in each ROI; combination model in light gray and indi-
vidual model in gray). Significant scores are marked with * (p < 10~%, bootstrap test),
and significant differences are marked with brackets (p < 0.05). Prediction scores are
only displayed for ROIs in the dorsal and ventral streams, with significant selectivity
for given model features. a. Left hemisphere. Spectral, articulatory and semantic
representations are labeled in subplots accordingly. b.Right hemisphere. Spectral, ar-
ticulatory and semantic representations are labeled in subplots accordingly.
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