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ABSTRACT

OPTIMIZATION AND MACHINE LEARNING IN MRI:
APPLICATIONS IN RAPID MR IMAGE
RECONSTRUCTION AND ENCODING MODELS OF
CORTICAL REPRESENTATIONS

Mohammad Shahdloo
Ph.D. in Electrical and Electronics Engineering
Advisor: Tolga Cukur
February 2020

Magnetic Resonance Imaging (MRI) is a non-invasive medical imaging modal-
ity that is widely used by clinicians and researchers to picture body anatomy
and neuronal function. However, long scan time remains a major problem. Re-
cently, multiple techniques have emerged that reduce the acquired MRI signal
samples, hence dramatically accelerating the acquisition. These techniques in-
volve sophisticated signal reconstruction procedures that in essence require solv-
ing regularized optimization problems, and clinical adoption of accelerated MRI
critically relies on self-tuning solutions for these problems. Further to this, recent
experimental approaches in cognitive neuroscience favor employing naturalistic
audio-visual stimuli that closely resemble humans’ daily-life experience. Yet,
these modern paradigms inevitably lead to huge functional MRI (fMRI) datasets
that require advanced statistical and computational techniques to uncover the
large amount of embedded information. Here, we propose a novel efficient data-
driven self-tuning reconstruction method for accelerated MRI. We demonstrate
superior performance of the proposed method across various simulated and in
vivo datasets and under various scan configurations. Furthermore, we develop
statistical analysis tools to investigate the neural representation of hundreds of
action categories in natural movies in the brain via fMRI, and study their at-
tentional modulations. Finally, we develop a model-based framework to estimate
temporal extent of semantic information integration in the brain, and investi-
gate its attentional modulations using fMRI data recorded during natural story
listening. In short, the methodological and analytical approaches introduced in
this thesis greatly benefit clinical utility of accelerated MRI, and enhance our
understanding of brain function in daily life.

Keywords: magnetic resonance imaging (MRI), self-tuning reconstruction, encod-
ing models, action perception, deep learning, language model.
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OZET

MRG'DE OPTIMIZASYON VE MAKINE OGRENIMI:
HIZLI MR GORUNTU REKONSTRUKSIYONU VE
BEYINDEKI TEMSILLERIN KODLAMA
MODELLERINE UYGULANIRSI

Mohammad Shahdloo
Elektrik Elektronik Miihendisligi, Doktora
Tez Danigmani: Tolga Cukur
Subat 2020

Manyetik rezonans goriintiilleme (MRG) klinisyenler ve aragtirmacilar tarafindan
viicut anatomisi ve sinirsel iglevi resmetmede yaygin olarak kullanilan
miidahalesiz bir tibbi gortntiileme yontemidir. Fakat, goriintiilemenin uzun
siirligii biiyiik bir problem olmaya devam etmektedir. Yakin zamanda, toplanan
MRG sinyallerinin miktarin1 azaltarak ciddi bir hiz artigina sebep olan birkag
teknik geligtirildi. Bu teknikler temelde birtakim diizenlenmis optimizasyon prob-
lemleri ¢oztimii gerektiren geligmig sinyal rekonstriiksiyon prosediirleri icermekte
ve hizlandirilmig MRG’'nin klinik uygulamalarda benimsenmesi bu problem-
lere getirilecek oz-ayar coziimlerine ciddi derecede dayanmaktadir. Ote yan-
dan, biligsel norobilimdeki yeni deneysel yaklagimlar insanlarin giindelik hay-
atta baglarindan gecenlere oldukca benzeyen dogal isitsel-gorsel uyaranlarin kul-
lanimini tegvik etmektedir. Ancak, bu modern paradigmalar ka¢inilmaz olarak
biiyiik miktarda gomiilii bilginin ortaya cikarilmasi igin gelismisg istatistiksel
ve sayisal tekniklerin kullammini gerektiren devasa fonksiyonel MRG (fMRG)
veri kiimelerinin ortaya ¢ikmasina yol agmaktadir. Bu ¢aligmada hizlandirilmig
MRG icin yeni ve etkili bir veri-gidiimli 0z-ayar rekonstriiksiyon metodu ileri
stiriiyoruz. Ileri siiriilen metodun cesitli temsili ve canh tizerinde elde edilmis (in
vivo) veri kiimeleri ve gesitli gortintiileme konfigiirasyonlar: altinda tistiin perfor-
mans ortaya koydugunu gosteriyoruz. Ayrica, dogal filmlerdeki yiizlerce eylem
kategorisinin beyindeki sinirsel temsilini ve bunlarin dikkate dayali degigimlerini
fMRG ile incelemek igin istatistiksel analiz teknikleri gelistirdik. Son olarak
beyindeki anlamsal bilgi entegrasyonunun zamansal kapsamini olgmek ve dikkate
dayali degisimlerini dogal hikaye dinleme deneyinde toplanmig fMRG verisi
kullanarak incelemek icin modele dayall bir altyap: gelistirdik. Ozetle, bu

tezde ortaya konan metodolojik ve analitik yaklagimlar hizlandirilmig MRG'nin
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klinik kullanimina ve giindelik hayatta beynin isleyigini anlamamiza biiytik katki
saglamaktadir.

Anahtar sézciikler: manyetik rezonans goriintilleme (MRG), 6z-ayar rekon-
stritkksiyon, eylem algi, derin ogrenme, dil modeli.
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Chapter 1

Introduction

Magnetic resonance imaging (MRI) is a noninvasive medical imaging technique
which is used to visualize body anatomy and acquire functional brain data. Un-
like other medical imaging modalities, such as Computed Tomography (CT), MRI
does not use ionizing radiation but rather uses static and dynamic magnetic fields,
and radio waves to generate images. MRI can be used to produce different tissues
contrasts, making it a more efficient choice than CT. Moreover, MRI can be sen-
sitized to measure brain blood flow and concentration, among other metabolites,
as indicators of the neural brain activity with high spatio-temporal resolution
and without the need to use ionizing radiation, distinguishing it from positron-
emission tomography (PET) imaging. These properties have placed anatomical
and functional MRI among the most popular imaging modalities for clinical and

research applications.

MRI has improved dramatically in functionality, imaging quality and imag-
ing speed since its invention more than 40 years ago. These revolutionary im-
provements have benefited clinical and research imaging applications dramati-
cally. Apart from improvements in MRI hardware, development of fast pulse
sequences and efficient scanning trajectories, this revolution has been realized
by emergence of novel signal processing frameworks, such as compressed sensing

(CS), that relax MRI signal sampling constraints and enable acquiring far less



samples, leading to dramatically shorter scan times. Recent decades have also
seen functional MRI (fMRI) emerging as an increasingly popular tool to study
the neural basis of cognitive processes. In its early days, fMRI was employed in
cognitive neuroscience to measure regional brain activity in subjects while they
performed simplified cognitive tasks, such as looking at gratings or checkerboard
patterns, leading to detection of localized activation regions associated with dif-
ferent perceptual tasks. Yet, recent approaches to cognitive neuroscience favor
computational frameworks that leverage functional responses to naturalistic stim-
uli (i.e. movies or stories) acquired from the whole brain during hour-long periods
of time. These recent experimental approaches lead to large amounts of functional
data and leverage data-driven approaches to gain novel insight into brain’s cog-
nitive functions. These developments in anatomical and functional MRI should

inevitably be complemented by modern methodological and analytical tools.

Reconstructing accelerated MRI acquisitions using compressed sensing frame-
work involves sophisticated techniques that can in essence be posed as regularized
optimization problems. These problems typically weigh fidelity of the reconstruc-
tion to the measured data relative to one or more regularization terms. However,
optimal weighing of these several terms is needed to produce high quality im-
ages from sparse measurements. Thus, optimizing the regularization weights is a
critical component of a successful CS reconstruction. However, typical MRI ac-
quisitions contain data from multiple coils and, possibly, multiple contrasts with
different signal characteristics. As a result, reconstructing modern multi-coil
multi-contrast datasets naturally needs optimizing a multitude of regularization
parameters, that is infeasible to perform manually. Moreover, because of the
variability in scan, anatomy, and subject parameters that influence acquired MR
signal characteristics, hard-coding these regularization terms would lead to sub-
optimal reconstructions. Thus, optimal data-driven parameter estimation is a

crucial step toward successful implementation of CS in clinical applications.

Modern experimental frameworks in computational neuroscience tend to favor
naturalistic stimuli, that lead to huge amounts of fMRI data. Uncovering the
vast amount of information within large fMRI datasets acquired during natural-

istic experiments requires developing sophisticated techniques that have not been
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common in the cognitive neuroscience literature until recently. Many past reports
have studied interaction of handfuls of parameters with simplistic perceptual in-
puts. Yet, analyzing fMRI responses to natural stimuli involves investigating
interactions among thousands of model parameters and responses via statistical
methods. In a typical such dataset one has to fit nearly 50,000 models, that each
map nearly 5000 data samples to the time-course of nearly 1000 features. Fur-
ther to this, many recent studies suggest employing computational models based
on deep-learning. These methods either develop deep models that can mimic
naturalistic brain behaviors, or they leverage latent representation of the natu-
ralistic stimuli to model fMRI responses. These drives motivate the increasing
need for optimization and machine-learning-based approaches for reconstruction

and analysis of anatomical and functional MRI datasets.

1.1 Contributions

The contributions of this thesis are an optimization method for data-driven self-
tuning CS-MRI reconstruction, and two machine-learning based analyses of large-
scale fMRI experiments. First, we developed PESCaT (i.e. projection onto epi-
graph sets for reconstruction by calibration over tensors) as a self-tuning CS
framework for reconstruction of generic multi-coil multi-acquisition accelerated
MRI datasets [176, 177, 180]. Second, we investigated semantic representation
of hundreds of action categories in natural scenes across cortex, and their mod-
ulations during natural visual search for action categories [181]. Third, we de-
veloped a model-based approach to estimate temporal window of past semantic
information integration (i.e. temporal receptive windows, TRWSs) in the brain,
and investigated attentional modulations of TRWs during category-based natural
audition [178].



1.2 Outline

The rest of this thesis is organized as follows. In chapter 2, we introduce the reader
to fundamentals of MRI data acquisition and image reconstruction, and encoding
models for fMRI datasets. In chapter 3, we develop theoretical principles for
PESCaT as a self-tuning CS-MRI reconstruction technique and provide empirical
evidence for its superior performance in reconstruction of multiple simulated and
in vivo accelerated acquisitions. In chapter 4, we employ statistical analysis tools
to investigates attentional modulations of semantic representation of hundreds
of action categories in the brain using fMRI data acquired during presentation
of natural movies. In chapter 5, we develop a model-based approach to measure
temporal receptive windows in the brain using fMRI data collected during natural
story listening, and we investigate their attentional modulations during category-
based auditory attention. Finally, concluding remarks and directions for future

work are provided in Chapter 6.



Chapter 2

Fundamentals of MR Image

Reconstruction and Analysis

2.1 MR Image Reconstruction

2.1.1 Magnetic excitation and signal acquisition

Magnetic resonance imaging (MRI) employs a combination of static and dynamic
magnetic fields, and radio-frequency waves to produce signals depicting body
anatomy and brain function. The imaging process starts with transmitting a
radio-frequency (RF) wave into the tissue of interest, that is placed in a strong
static magnetic field. The energy in the transmitted RF wave gets absorbed by —
mostly— hydrogen atoms in the tissue, tilting the direction of their magnetic spin
moment. Subsequently, the RF excitation gets turned off and the tilted spins
transmit back the absorbed energy, inducing a voltage signal on the receiver coil.
However, the collected signal is the superposition of signals transmitted from
all parts of the excited tissue. To disentangle the signal from different tissue
locations, gradient magnetic fields are used. The gradient coils superimpose a

spatially varying gradient field on top of the static field, hence, spatially encoding



the received signal by tilting tissue spins in a spatially-varying manner. This
spatially-encoded signal is digitized using an analog to digital converter (ADC)
to form the raw MR data, namely the k-space data. Finally, the image gets
reconstructed by performing an inverse Fourier transform of the k-sapce data,

leveraging the underlying MR signal properties.

Variation of chemical tissue properties is the primary source of MRI image
contrast. Each tissue type excites the absorbed RF power at a certain rate,
leading to tissue-dependent MR signal across the field of view, reflected in contrast
difference across pixels of the reconstructed image. Moreover, by modifying the
configuration of MR acquisition procedure the received signal can be sensitized

to different tissue properties.

2.1.2 Accelerated MRI

In each cycle of MR excitation/acquisition, some portion of the k-space data is
acquired by probing the k-space along user-defined trajectories. These cycles are
repeated until the acquired data is sufficient to perform a successful inverse trans-
form, leading to prolonged scan times. Several successful techniques have been
proposed to reduce scan time, while maintaining reconstruction quality. A group
of these methods employ spatial redundancy in the MR signal to partially collect
the data from different portions of the k-space via several parallel receive coils.
Various reconstruction techniques are then used to reconstruct the MR image
from these partial acquisitions, either in the image domain [159] or in the spatial-
frequency domain [65]. A more modern approach, compressed sensing MRI (CS-
MRI; [127]), leverages sparsity of MR images in a transform (e.g. wavelet, total
variation) domain to acquire k-space samples at a rate far less than what Nyquist
sampling theorem devises, hence accelerating the scan. CS-MRI theoretically lays
on incoherent undersampling of the k-space that leads to noise-like image arti-
facts. Then, the reconstruction is performed by solving an optimization problem
that weighs consistency of the reconstruction to the acquired data versus sparsity

in the transform domain. To elaborate, suppose m be the reconstructed image



of interest, y be the measured signal, V...V, be transformations that map the
image into k separate sparse representations (i.e. sparsifying transforms), and F,,
be the undersampled Fourier transform. The reconstruction problem then can be

formulated as

minimize ||F,m — yl|s

st ||Wyiml] < €

[Urml[1 < ex (2.1)

Here, the first term enforces fidelity of the reconstruction to the acquired sam-
ples, and the subsequent terms enforce sparsity of the reconstruction in each of
the transform domains, where ¢; controls the sparsity level in the ith transform
domain. The sparsifying transforms can be assumed to be the wavelet transform,
total-variation transform, or any other sparsifying transform depending on the
reconstruction problem requirements. The problem in Eq. 2.1 can be equivalently

expressed in the regularized form as

k

m = argmmin 1Em —yll3+ ) Ml [ @ml|, (2.2)

i=1

where m is the reconstructed image, and the regularization terms \; control the
reconstruction sparsity level in each of the transform domains. Finally, the equa-
tion in Eq. 2.2 can be solved via various iterative approaches, such as projection
onto convex sets (POCS) or alternating direction method of multipliers (ADMM),
after tuning the regularization parameters \;. In chapter 3 we develop a recon-
struction method that optimizes the regularization terms \; using the acquired

undersampled data.

2.2  Functional MRI (fMRI)

Anatomical MRI acquisitions are typically sensitive to magnetic properties of the

hydrogen content of tissues. However, MRI acquisition sequence can be modified
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to be sensitive to changes in regional cerebral blood flow. Blood flow distributes
the oxygen through different body organs by carrying it via an iron-containing
oxygen-transport metalloprotein, namely hemoglobin. However, magnetic prop-
erties of hemoglobin is different when it carries oxygen (i.e. oxyhemoglobin)
versus when it does not carry oxygen (i.e. deoxyhemoglobin); oxyhemoglobin
is diamagnetic, while deoxyhemoglobin is paramagnetic. Moreover, as the brain
uses oxygen to perform computational tasks, the local ratio of oxyhemoglobin to
deoxyhemoglobin in the brain gradually varies during performing cognitive tasks.
Thus, comparing multiple consecutive MR acquisitions that are sensitized to de-
tect deoxyhemoglobin, namely the blood oxygen-dependent (BOLD) signal, can

be used as a proxy to image local neural activations in the brain.

2.2.1 Encoding Models in fMRI

A common aim in cognitive neuroscience is to understand what sensory, cognitive
or motor information is represented in a specific region of the brain. In this
scheme, one attempts to fit an encoding model to the fMRI data that reflects
how neural activity varies as a function of variation in the perceptual input. To
formalize this modeling framework, suppose that inputs lay in an input space,
and are mapped —possibly nonlinearly— to a latent feature representation. This
nonlinear mapping would thus map each point from the input space to a point in
the feature space. Finally, the encoding model is a linear mapping from points in
the feature space to points in the activity space, where BOLD responses lay (Fig.
2.1, [136]).

Generalized linear models (GLM) used in the statistical parameter mapping
(SPM) framework [57] are a classical example of encoding models. In this frame-
work, the experimenter independently manipulates several dimension of the stim-
ulus and finds model weights that directly relate the response in each voxel to
the variation in the manipulated stimulus dimensions. Then, statistical signif-
icance of the model weights is assessed in each voxel and aggregated across a

given region of interest. Note that encoding models naturally have the potential
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Figure 2.1. Illustration of the encoding models. During cognitive perception,
brain can be considered as a nonlinear system mapping the stimulus to neural activity.
Each stimulus sample is a point in the input space. A latent representation of the stim-
ulus can be assumed to lay as a point in the feature space, and a nonlinear mapping
relates each point in the input space to each point in the feature space. Then, a linear
mapping maps each point in the feature space to a response laying in the activity space.
Figure reprinted from Neuroimage, 56(2), T. Naselaris,K.N. Kay,S. Nishimoto,J.L. Gal-
lant, “Encoding and decoding in fMRI”, Page 11, Copyright (2011), with permission
from Elsevier.

of exploring the capability of multiple different feature representations of a single
given stimuli to explain the response variance. This can simply achieved by pro-
jecting inputs from the input space to different feature spaces, each capturing a
different dimension of variability in the stimulus. Yet, most approaches of fMRI
data analysis undermine this capability by using simplistic stimuli that represent
discrete classes, or they probe discrete dimensions of cognitive processing like at-
tending to several specific locations. While, ecologically valid stimuli that contain
high variance across multiple cognitive dimensions, for instance natural movies
and natural stories, can be used to test different hypotheses having a single set of
stimulus and response in hand. However, the drawback of using natural stimuli in
the context of linearized encoding models is the need to use sophisticated statis-
tical analyses that can investigate the relationship between the rich information

embedded in the stimulus and the responses.



Prediction performance of encoding models is limited by noise. From a mod-
eling perspective, noise is every activity that is not reliably associated with the
stimuli or task. This includes noise due to hardware imperfections such as mag-
netic field instability and heating, physiological effects such as raspiratory and
cardiac activity, in addition to many other cognitive factors such as expectation,
arousal, attention to nuisance stimulus features and so on. An statistical ap-
proach can be taken to summarize the relationship between stimuli, response,
and noise in encoding models [136]. Assume an stimulus sample s laying in the
input space, that has the feature representation f(s) in the feature space, evokes
a response r in the activity space. The uncertainty in the encoding model can
be formulated as an encoding distribution p(r|f(s)), where each sample from this
distribution indicates the probability of the response being evoked by the latent
representation of the stimulus, given the noise. To elaborate, consider several rep-
etitions of presenting a given image and recording the responses. Due to noise,
each of these repetitions would result in a separate point in the activity space and
the collection of all responses form a cloud of points in the activity space. The
encoding distribution would determine the size and shape of this cloud and the
best that the encoding model can do is to determine the most probable point in
this distribution of responses. Thus, this optimal encoding model can be stated

M =W"f(s) = arg max p(rlf(s)) (2.3)

where W is the set of model weights that linearly maps the feature representation
f(s) to the responses. The encoding distribution in fMRI can be safely considered

a multi-dimensional Gaussian distribution

p(rlf(s)) ~ exp(— %(7’ —WHf(s)'S7H(r = W f(s))) (2.4)

Under this assumption, the model weights can be assessed via solving a regular-
ized regression problem. In chapters 4, 5 we employ this framework to model

large-scale brain activity evoked by natural movies and stories.
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Chapter 3

Rapid Self-Tuning Compressed
Sensing MRI

Summary

The compressed sensing (CS) framework leverages the sparsity of MR images to re-
construct from undersampled acquisitions. CS reconstructions involve one or more
regularization parameters that weigh sparsity in transform domains against fidelity to
acquired data. While parameter selection is critical for reconstruction quality, the op-
timal parameters are subject and dataset specific. Thus, commonly practiced heuristic
parameter selection generalizes poorly to independent datasets. Recent studies have
proposed to tune parameters by estimating the risk of removing significant image coeffi-
cients. Line searches are performed across the parameter space to identify the parameter
value that minimizes this risk. Although effective, these line searches yield prolonged
reconstruction times. Here, we propose a new self-tuning CS method that uses compu-
tationally efficient projections onto epigraph sets of the /1 and total-variation norms to
simultaneously achieve parameter selection and regularization. In vivo demonstrations
are provided for balanced steady-state free precession, time-of-flight, and T1-weighted
imaging. The proposed method achieves an order of magnitude improvement in compu-
tational efficiency over line-search methods while maintaining near-optimal parameter

selection.
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3.1 Introduction

The compressed sensing (CS) framework was recently proposed for accelerated
MRI, where compressibility of MR images are employed to reconstruct from un-
dersampled acquisitions [127, 18, 36]. To do this, CS reconstructions are typically
cast as regularized optimization problems that weigh data consistency against
sparsity in some transform domain (e.g., wavelet domain, total variation (TV))
[127]. The weighing between data consistency and sparsity is governed by regu-
larization parameters. High parameter values overemphasize sparsity at the ex-
pense of introducing inconsistency to acquired data samples, potentially leading
to feature losses. Meanwhile, low parameter values render the reconstructions
ineffective in suppressing residual aliasing and noise in undersampled acquisi-
tions. Since the optimal regularization parameters are subject and dataset spe-
cific, time-consuming and potentially erroneous heuristic selection is performed

in many studies, limiting the clinical utility of CS-MRI.

Several unsupervised methods have been proposed to address parameter selec-
tion in CS-MRI. Empirical methods including the L-curve criterion (LCC) follow
the notion that the optimal parameter should be selected to attain a favorable
trade-off between data consistency and regularization objectives [71, 72, 166].
Assuming this trade-off is characterized by an L-shaped curve, LCC selects the
parameter on the point of maximum curvature [223]. LCC has been successfully
demonstrated for parameter selection in several applications including parallel
imaging [123, 221|, quantitative susceptibility mapping [13], and diffusion spec-
trum imaging [12]. However, curvature assessment is computationally inefficient
and typically sensitive to numerical perturbation and nonlinearities in the recon-

struction problem [210, 110, 61].

Alternatively, parameters can be selected based on analytical estimates of the
reconstruction error to optimize the regularization parameters. These methods
include generalized cross-validation (GCV) [62], and methods based on Stein’s
unbiased risk estimator (SURE) [191, 223]. In GCV, an analytical measure for
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reconstruction error is estimated that asymptotically converges to the true er-
ror [62]. The GCV measure is derived as a function of the sampling pattern,
regularization function, and regularization parameter. Parameter estimation via
minimization of the GCV measure has been used in a variety of applications such
as functional MRI [26], perfusion imaging [188], and dynamic MRI [189]. How-
ever, the GCV measure can be expensive to compute and yields biased estimates

of the true error with limited number of data samples [161].

A recent approach instead uses the SURE criterion to estimate the expected
value of the mean-square error (MSE) of the reconstruction. Given a specific pa-
rameter value and an estimate of the noise variance, Stein’s lemma [191] is used
to compute online estimates of MSE. Subsequently, a line search over potential
parameter values is performed for selecting the optimal parameter at each itera-
tion. SURE-based parameter selection has produced promising results in several
sparse recovery applications including CS-MRI [125, 19, 203, 107, 45, 68]. Unfor-
tunately, parameter searches that need to be performed in each iteration cause

substantial computational burden.

Here we introduce a computationally efficient self-tuning reconstruction
method, named PESCaT (Projection onto Epigraph Sets for reconstruction by
Calibration over Tensors), that can handle both single-acquisition and multi-
acquisition datasets. To jointly reconstruct undersampled acquisitions, PESCaT
performs tensor-based interpolation across acquired data, complemented by spar-
sity regularization of wavelet coefficients and TV regularization of image coeffi-

cients.

Since wavelet coefficients show varying sparsity across subbands and decom-
position levels, PESCaT uses different ¢; regularization parameters for each sub-
band and level. Similarly, multi-coil multi-acquisition image coefficients may
show varying spatial gradients, so different TV regularization parameters are
used for each coil and acquisition. Parameters are efficiently tuned via simple
geometric projections onto the boundary of the convex epigraph sets for the

¢1- and TV-norm functions. This formulation transforms the selection of many
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different regularization parameters for multiple subbands, levels, coils, and ac-
quisitions into the selection of two scaling factors for the ¢;-norm and TV-norm
epigraphs. These factors can be reliably tuned on training data, yielding con-
sistent performance across sequences, acceleration factors, and subjects. Com-
prehensive demonstrations on simulated brain phantoms, and in vivo balanced
steady-state free-precession (bSSFP), T'1-weighted, and angiographic acquisitions
indicate that PESCaT enables nearly an order of magnitude improvement in com-
putational efficiency compared to SURE-based methods, without compromising

reconstruction quality.

3.2 Theory

Our main aim is to introduce a fast joint reconstruction method that automat-
ically selects the free parameters for regularization terms based on ¢;- and TV-
norms. We consider the application of this self-tuning reconstruction to single-coil
multi-acquisition, multi-coil single-acquisition, and multi-coil multi-acquisition
MRI datasets. In the following sections, we introduce the regularized reconstruc-
tion problem, and its solution via projection onto epigraph sets for unsupervised

parameter selection.

3.2.1 Reconstruction by calibration over tensors

Compressive sensing (CS) techniques proposed for static MRI acquisitions typi-
cally leverage encoding information provided either by multiple coils [126, 18, 121]
or by multiple acquisitions [97, 11, 87] to enable recovery of unacquired data sam-
ples. Yet, simultaneous use of information across coils and acquisitions can ben-
efit phase-cycled bSSFP [16, 82], multi-contrast [63, 14] or parametric imaging
[207, 224, 222]. Here we consider a joint reconstruction framework for multi-coil,
multi-acquisition datasets, based on a recently proposed method named ReCaT
(Reconstruction by Calibration over Tensors) [16]. ReCaT rests on the following

spatial encoding model for the signal measured in acquisition n € [1,..., N] and
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coild € [1,...,D]:

Sna(r) = P, (1)Cy(r)So(r) (3.1)

where r is the spatial location, P, is the acquisition spatial profile, Cy is the coil
sensitivity profile, and Sy is the signal devoid of coil sensitivity and acquisition
profile modulations. ReCaT seeks to linearly synthesize missing k-space samples
from neighboring acquired samples across all coils and acquisitions. A tensor

interpolation kernel is used for this purpose:
Tnd = Z Z tiima(ke) ® x5 (k,) (3.2)
=1 j5=1

where z,4 is the k-space data from n'* acquisition and d* coil, k, is the k-space
location, and ® is the convolution operation. Here t;;,4(k,) accounts for the
contribution of samples from acquisition ¢ and coil j to z,4. Equation 3.2 can be

compactly expressed as:

r=Tx (3.3)

3.2.2 PESCaT

ReCaT considers a basic implementation that does not include any regularization
terms to enforce sparsity [16]. Here we introduce PESCaT, that incorporates

sparsity and TV penalties:

1?1?{22|| (T = D)l

L ni‘sl - N D
+ Z Z )\Z1,ls Z Z | ‘\IJZS{F_l{xnd}} ‘ |1
lNl le n=1 d=1
9D Ayl | F~ {zna} v | (3.4)
n=1 d=1

where W, is the wavelet operator for subband s and level [, Z is the identity

operator, and F ! is the inverse Fourier operator. A separate {;-regularization
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parameter, Ay, 5, is prescribed for each subband and level of the wavelet coef-
ficients. Sparsity regularization is performed on the three high-pass subbands
while the low-pass subband is kept intact to avoid over-smoothing. Meanwhile,
a separate TV regularization parameter, Apy,,q4, is used for each acquisition and
coil. Because wavelet coefficients are aggregated across the coil and acquisition
dimensions, A, ;5 varies across wavelet levels and subbands but it is fixed across

coils or acquisitions.

Here, we implemented PESCaT in a constrained optimization formulation

equivalent to the Lagrangian formulation in Eq. 3.4:

N D
min SOSTIT — Tl

e n=1 d=1
N D
subject to Z Z H\Ills{f_l{xnd}}ul < €4, 1s
n=1 d=1
s=1,2,3 (3.5)
l=1,...,L;

| F Hana}|rv < €TV,nd
n=1,...,N
d=1,....D

where €, ;5 are the constraints on the sparsity of the reconstruction, and ey ,q
are the constraints on the TV of the reconstruction. The optimization problem
in Eq. 3.5 was solved via an alternating projections onto sets algorithm. As out-
lined in Fig. 3.1, this algorithm involves three consecutive projections, namely
data-consistent calibration, sparsity, and TV projections. The calibration projec-
tion linearly synthesized unacquired k-space samples via the tensor interpolating
kernel. To perform this projection while enforcing strict consistency to acquired
data, an iterative least-squares algorithm was employed [126]. The sparsity pro-
jection jointly projected wavelet coefficients of images onto the epigraph set of

the /{-norm function.

The TV projection projected image coefficients onto the epigraph set of the
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Figure 3.1. Flowchart of the PESCaT reconstruction. PESCaT employs an
alternating projections onto sets approach with three subprojections: data-consistent
calibration projection, sparsity projection, and TV projection. The calibration projec-
tion linearly synthesizes unacquired k-space samples via a tensor interpolating kernel.
The sparsity projection jointly projects wavelet coefficients of the multi-coil, multi-
acquisition images onto the epigraph set of the £;-norm function. The TV projection
projects image coefficients onto the epigraph set of the TV-norm function. These pro-
jections are performed iteratively until convergence. Lastly, reconstructed images are
combined across multiple coils and/or acquisitions.

TV-norm function. These projections were performed iteratively until conver-
gence. At each iteration, MSE between the reconstructed image in the current
iterate and the previous iterate was first measured, and the percentage change in
MSE across consecutive iterations was then calculated. Convergence was taken to
be the iteration at which the percentage change in MSE fell below 20%. Lastly,
reconstructed images were combined across multiple coils and/or acquisitions.
Note that because PESCaT is structured modularly regarding the calibration,
sparsity, and TV projections, it is trivial to implement variants that only employ

sparsity or TV regularization.

3.2.3 Parameter tuning by projection onto epigraph sets

Careful tuning of constraint parameters in Eq. 3.5 is critical for a successful re-
construction. Selecting too tight constraints can lead to loss of important image

features, whereas selecting too loose constraints will yield substantial residual
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noise and aliasing. When only a few parameters are to be tuned, an exhaustive
search over a relevant range of values followed by visual inspection is typically
exercised. However, even in a modest dataset with D = 4 coils and N = 4
acquisitions, and assuming L = 4 wavelet decomposition levels there are 28 dis-
tinct parameters involved in Eq. 3.5. Thus, the exhaustive search approach is

impractical.

Here, we perform self-tuning of the constraint parameters in Eq. 3.5 via pro-
jections onto epigraph sets of the respective regularization terms. Let & € R* be
a closed convex set, ® : R¥ — R be a convex function (e.g., ¢;-norm and TV-norm
functions), and @ € R¥ be an input vector (e.g., wavelet coefficients for £;-norm

or image coefficients for TV-norm). The proximal operator of ®? is:
proxg:(i) = arg mibrll |6 — u||5 + ®*(u) (3.6)
ue

where u is the auxiliary variable. We prefer to use ®? here since it allows us to
express the solution as a simple geometric projection. Specifically, the problem

in Eq. 3.6 can be stated in vector form by mapping onto R*+!:

H R [@w

Here we propose to implement the proximal operator in Eq. 3.6 by identifying the

T T
closest vector [u* @(u*)] e RF1 to [ﬁ 0} . This solution can be shown to be

min
ueU

(3.7)

2

T
equivalent to the orthogonal projection of the vector [f& O] onto the epigraph
set of @ (epig) defined as:

epiy = {[u z]T c2 > O(u)} (3.8)

where z denotes an upper bound for the function ®(u). The projection onto epig
is the closest solution to @ that lies on the boundary of the epigraph set. Since
the epigraph set of a convex function is also convex, this projection will yield the
global optimum solution. Note that projections onto the epigraph set will yield
the solution of the proximal operator only if the search space of the proximal
operator is a convex set U € R* [29]. In practice, a family of solutions can be

obtained by introducing a scaling parameter to alter the size of the epigraph set:

epig = {[u Z]T L2 > Ba®(u)) (3.9)
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Figure 3.2. The projection onto

epigraph sets (PES) approach illus-

trated in R3. (a) PES for ¢;-

regularization. An input vector w (e.g.,

vector of wavelet coefficients of image m)

is projected onto the epigraph set of the

¢1-norm function (epiy;). This projection

results in the output [w*z*]7, thereby in-

a / herently calculating the projection of w
onto the f1-ball in R? (w*). The size of
epis,/ ; the ¢1-ball (¢) depicted in green color de-
pends on z*. (b) PES for TV regular-
R ization. Unlike PES-¢;, PES-TV has no
L closed-form solution, and is instead imple-
g mented via an iterative epigraphical split-

¢ /w?/K ting procedure. At the " iteration, the
b v input vector m2—1) is projected onto the
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! compute m(%*2) Through successive it-
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the desired projection point on the epi-

) | graph set [m*2*]7, thereby inherently cal-
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Here, B3 serves to control the allowed degree of deviation of u* from 4. Note
that both z* and u* are computed via an orthogonal projection of the input onto
epig. Since the scales of 2* and u* vary proportionately to the scale of @, B¢ can
be described in absolute terms. (g > 1 scales down the epigraph set, resulting
in a solution u* that deviates further from @. Meanwhile, 0 < (¢ < 1 scales up
epig, resulting in a solution u* that is closer to 4, where u* = @ as ¢ — 0. To
obtain more conservative solutions, here we used 0 < B < 1 for both sparsity
and TV projections. The resulting projection point determines both the size of
the ®-ball in R* (i.e. ¢;-ball or TV-ball, see Fig. 3.2) and the actual projection
onto the ball. Hence, the proximal operator in Eq. 3.6 enables assessing the
optimal constraint parameters in Eq. 3.5 using the input vector @ as explained

below.
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3.2.3.1 Self-tuning sparsity projection

The sparsity projections were implemented using projections onto the epigraph
set of the /;-norm function, applied on wavelet coefficients. The image coefficients
Mpg = F {24} are obtained by inverse Fourier transformation of k-space data,
Tnd, for acquisition n and coil d. The wavelet coefficients for m,,4 are then given
by wWisna = Yis{Mmnq} at subband s and level [, and w;, denotes the aggregate
vector pooling wy; nq across coils and acquisitions. Assuming @ = wj, is the input

vector, the proximal formulation in Eq. 3.6 becomes:

prove () = arg min [ — ulf§ +||ulf (3.10)

T
The solution to Eq. 3.10 is then obtained by projecting [wls O] onto the scaled
epigraph set (see Fig. 3.2a):

T
epi, = {[u 2| €R:z> g lulli} (3.11)
where (3, denotes the epigraph scaling factor for the ¢;-norm. As demonstrated

T
in Fig. 3.2a, the closest orthogonal projection of [wls 0} onto the epigraph set

T
lies on the boundary of epiy. For the simple case of R? (k = 1), [wls O] is

projected onto the z = f, |ul line, yielding zj; = ﬁéé‘ff"
£

It can be shown that for
arbitrary k, the z-intercept is:

. Bullwis|h

= 3.12

The value of the z-intercept also determines the size of the respective ¢;-ball,
Buyis = {u € RF : ||ul]; < €5}, as:
2

641,15 - B_
12

(3.13)

Therefore, w;, can be computed by finding the projection of w; onto the ¢;-ball
of size €, ;5. To efficiently implement this projection, we used a soft-thresholding

operation [106]:
wy, = € max(|wy| — 0,5, 0) (3.14)
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where magnitudes of wavelet coefficients are subjected to a threshold of 6, and

phases of coefficients are individually restored via e’

. We propose to determine
the value of ;5 given €, ;5 using an efficient ranking algorithm [48]. The proposed
algorithm first sorts the absolute values of the wavelet coefficients wy; 4 to attain
a rank-ordered sequence {p; }¥_, where py > po > ... > py.. This sequence is then
analyzed to find the threshold that approximately yields a resultant ¢;-norm of

value €, ;s in the thresholded coefficients:

. 1<
pis =max{j € {1,2,..., k}: p; — ;(Z fr — €0,05) > 0},
r=1

Pls

1
le - p_l(z Hn — eﬁl,ls)' (315)
S n=1

Note that the determined threshold directly translates to A, ;s in Eq. 3.4 by
[153]:

)\Zl,ls = QQlS (316)

Projections were separately performed for each subband s at each wavelet de-
composition level [ to determine the respective wj;, and €, ;5. Since wavelet
coeflicients were pooled across coils and acquisitions, parameter selection is per-
formed jointly across coils and acquisitions. Since the only free parameter in
the proposed method is the epigraph scaling constant Sy, the selection of 3 x L
parameters in Eq. 3.5 are transformed into the selection of a single parameter.
Here, the optimal 3, was empirically determined in a group of training subjects

and then used to obtain reconstructions in held-out test subjects.

3.2.3.2 Self-tuning TV projection

The TV projections were implemented using projections onto the epigraph set of
the TV-norm function, applied on image coefficients. Letting m = m,4 be the

input vector, the proximal formulation in Eq. 3.6 becomes:

proxryz(m) = arg muin [ — |5 + |[ul|3y (3.17)
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T
The solution to Eq. 3.17 is then obtained by projecting [mnd 0] onto the scaled
epigraph set (see Fig. 3.2b):

T
epigyr = {[u Z} € R 2 > Bryllullry ) (3.18)

where [Sry denotes the epigraph scaling factor for the TV-norm. Unlike the
projection onto the ¢;-norm epigraph, projection onto generic epigraph sets (in-
cluding TV-norm epigraph) does not have a closed-form solution. As demon-
strated in Fig. 3.2b, PESCaT uses an iterative epigraphical splitting method
to perform the projection efficiently [198]. In the initial step of this approach,
complex-valued m®) = m,,q is projected onto the supporting hyperplane of epipy-
at [mnd BTVHmndHTV]T resulting in m. The supporting hyperplane is deter-
mined by evaluating the gradient of the epigraph surface. In the following step,

m(

) is projected onto the level set, Lyy = {[u Z]T : 2 < 0}, by forcing the last
element of m(!) to zero. This projection yields the next estimate m®. These two
projections are iterated. Note that all steps of the splitting procedure are per-
formed in complex domain, thereby, regularizing magnitude and phase channels
simultaneously. Previous studies have shown that the second derivative of dis-
tance between the input vector and the projections on the supporting hyperplanes
(||mpg — mZ*V||5) is negative as the projections approach to the true projection
solution and is positive as the projections deviate from it [29]. Thus, in case
of a sign change in the second derivative a refinement step is performed, where
m(?) is projected onto the supporting hyperplane at w This heuristic
approach has been shown to converge to the global solution for TV projections
[198]. Note that the projection uniquely specifies the z-intercept, z*,. Hence, the
size of the corresponding TV-ball, Byy,g = {u € R* : ||u||ry < ervaa}, can be

calculated as:

Z*
€TVind = 52?/ (3.19)

Note that it is nontrivial to explicitly express Apy.,q in Eq. 3.4 in terms of ey pq

in Eq. 3.5. Yet, constraining epy,,q implicitly enforces a set of regularization

parameters Ay, pq.

Projections were separately performed for each acquisition n and coil d to

determine the respective m; ,;, and ery,q4. Since the only free parameter is the
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epigraph scaling constant [y, the selection of N x D parameters in Eq. 3.5 is
transformed into the selection of a single parameter. Here, the optimal Sry was
empirically determined in a group of training subjects and then used to obtain

reconstructions in held-out test subjects.

All reconstruction algorithms were executed in MATLAB (MathWorks,
MA). The implementations used libraries from the SPIRIT toolbox [126].
The PESCaT algorithm is available for general use at http://github.com/

icon-lab/mrirecon.

3.3 Methods

3.3.1 Alternative reconstructions

To demonstrate the performance of PESCaT, we compared it against several

alternative reconstructions that aim to select regularization parameters.

3.3.1.1 Self-tuning regularized ReCaT (ReCaTsyrEg)

A recently previously proposed multi-coil multi-acquisition method, ReCaT, did
not include any regularization parameters [16]. We have implemented a variant
of ReCaT incorporating sparsity and TV regularization terms where the regular-
ization parameters are automatically selected using the data. This reconstruction
method iteratively synthesizes unacquired data as weighted combinations of col-
lected data across coils and/or acquisitions. It uses sparsity and TV projections
to enforce image sparsity. At each iteration, the regularization parameter for
the sparsity term is selected based on the SURE criterion. The regularization
parameter for the TV term is selected based on the local standard deviation of

the reconstructed image from the previous iteration.

An alternating projections onto sets algorithm was used in ReCaT gyrg to solve
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the reconstruction problem cast in Eq. 3.4. ReCaTgsyrr used a single sparsity
regularization parameter for all subbands and levels of wavelet coefficients. The
sparsity regularization parameter was determined via a line search over the range
[2x107°,2x107"]. The TV regularization parameter was taken as one-third of the
median local standard deviation [96]. All remaining reconstruction parameters
were kept identical to PESCaT.

3.3.1.2 ReCaTgygrr with early stop

The projections performed in each iteration of PESCaT do not involve any line
searches, and therefore they are more efficient compared to ReCaTgyre. To
enable a fair comparison, we implemented a variant of ReCaTgygrg that was
stopped once the total reconstruction time reached that of PESCaT. All recon-
struction parameters except the total number of iterations were kept identical to
ReCaTgyrE.

3.3.1.3 ReCaT with empirically-tuned parameters (ReCaTfyeq)

To demonstrate the effects of prescribing separate regularization parameters for
different subbands/levels or coils/acquisitions in PESCaT, we implemented a vari-
ant of ReCaT with a single sparsity parameter across all subbands/levels and a
single TV parameter across all coils/acquisitions. Similar to PESCaT, this re-
construction method iteratively synthesizes unacquired data as weighted combi-
nations of collected data across coils and/or acquisitions. ReCaTf,eq was tuned
using held-out data. The sparsity and TV parameters were independently varied
across a broad range [107°,0.5]. Separate reconstructions were obtained for each
parameter set, and reconstruction quality was taken as peak signal-to-noise ratio
(PSNR) between the reconstructed image and the fully-sampled reference im-
age. The parameter set that yielded the maximum PSNR was selected. Sparsity
and TV parameters were fixed across iterations. All remaining reconstruction

parameters were kept identical to PESCaT.
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3.3.1.4 Brute-force reconstruction

To evaluate the success of PESCaT in selecting the optimal parameters, a brute-
force reconstruction was implemented to solve the problem in Eq. 3.4. The brute-
force method used a constant set of regularization parameters across iterations.
The sparsity and TV parameters were independently varied across the range
[107,0.5]. Separate reconstructions were obtained for each parameter set, and
reconstruction quality was taken as PSNR between the reconstructed image and
the fully-sampled reference image. The parameter set that yielded the maximum

PSNR was selected. All remaining reconstruction parameters were kept identical

to PESCaT.

3.3.1.5 ESPIRIT with PES parameter tuning (PESSPIRIT)

To compare the performance of PESCaT against conventional parallel imaging,
we implemented a variant of ESPIRIT [200] that included sparsity and TV regu-
larization terms. Similar to ESPIRIT, this method iteratively reconstructs images
based on coil sensitivities estimated from central calibration data. In each itera-
tion, the sparsity and TV regularization parameters were tuned using PES. Two
other variants, PESSPIRIT with only the sparsity regularization (PESSPIRIT,,)
and PESSPIRIT with only the TV regularization (PESSPIRIT 7y/) were also im-
plemented. In all variants, the stopping criterion was identical to PESCaT to

enable a fair comparison.

3.3.2 Simulations

Simulations were performed using a realistic brain phantom at 0.5 mm isotropic
resolution (http://www.bic.mni.mcgill.ca/brainweb). Phase-cycled bSSFP
signals were assumed with T1/T2: 3000/1000 ms for cerebrospinal fluid, 1200,/250
ms for blood, 1000/80 ms for white matter, 1300/110 ms for gray matter, 1400/30
ms for muscle, and 370/130 ms for fat [97]. Single-coil three-dimensional (3D)
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Table 3.1. Peak signal-to-noise ratio (PSNR) for simu-
lated phantom

Brute-force 30.29+0.24 28.16+0.27  27.47£0.22
PESCaT 29.56+0.34 26.68+0.24 26.254+0.19

ReCaTgyre 29.4410.21 25.52+0.23 24.72+0.16
Early stop 27.67+0.26 24.96+0.23 23.66+0.21

PSNR was measured between the reconstructed image
and a fully-sampled reference image. Measurements
were obtained for brute-force, PESCaT, ReCaTgsyrg and
ReCaTgyrg with early stop methods. Results are reported
as mean-tstd across five cross-sections.

acquisitions were assumed with TR/TE=5.0/2.5 ms, flip angle=45°, and phase-

cycling increments A¢:27rm:1:—]]\\,/71].

We used a simulated field inhomogeneity
distribution corresponding to an off-resonance shift with zero mean and 62 Hz
standard deviation. A bivariate Gaussian noise was added to simulated acqui-
sitions to attain signal-to-noise ratio (SNR)=20, where SNR was taken as the
ratio of the mean power in the phantom image to the noise variance. Data were
undersampled by a factor (R) of 2, 4, and 6 in the two phase-encode directions
using disjoint, variable density random undersampling [36] and normalized so
that zero-filled density compensated k-space data had unity norm [127]. Recon-
struction quality was taken as PSNR between reconstructions and a fully-sampled

reference. To prevent bias, the 98" percentile of image intensities were adjusted

to [0, 1]. PSNR values were then averaged across five central axial cross-sections.

To examine the effect of noise on optimal regularization parameters, we per-
formed experiments on the simulated brain phantom where the noise level was
systematically varied. The simulations output single-coil single-acquisition brain
images with SNR varying in the range [5, 25]. Data were undersampled by R=2, 4,
and 6 in the two phase-encode directions using disjoint, variable density random
undersampling. Multiple separate reconstructions were obtained for each under-
sampled dataset via ReCa'T ¢4, while ¢; and TV regularization parameters were
independently varied in the range [0.001,0.1]. At each SNR level, fully-sampled
data were used as reference. PSNR was measured between the reconstructions

and the reference. The optimal regularization parameters were selected according
to PSNR.
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To examine the reliability of the epigraph scaling parameters against noise,
reconstructions of the brain phantom were obtained at three separate levels of
SNR = 10, 18,25. Meanwhile, /3, was varied in the range [0.05,0.6] and Sry was
varied in the range [0.1,1]. To examine the reliability of the epigraph scaling
parameters against variations in the level of detail and spatial resolution, we
performed experiments on a simulated numerical phantom. A circular phantom of
radius 125 voxels (for a 256 %256 field of view) was designed with the background
resembling muscle tissue and vertical bright bars of width 12 and height [190,
220, 238, 238, 220, 190] voxels resembling blood vessels (Fig. 3.3). Phase-cycled
bSSEP signals were assumed with T1/T2: 870/47 ms for muscle, and 1273/259
ms for blood. Three dimensional acquisitions were assumed with TR/TE=4.6/2.3

ms, flip angle=60°, and phase-cycling increments A¢:27T[0:1:—]]\\7LH

. A simulated
field inhomogeneity distribution corresponding to an off-resonance shift with zero
mean and 62 Hz standard deviation was used. Level of detail was varied from low
to high by incrementally placing [1, 3, 6] vertical bars in the phantom. Spatial
resolution was varied from low to high by low-pass filtering k-space data to select
circular regions of radius [20, 55, 125] voxels. Reconstructions were obtained

while f,, and Bry were varied in the range [0.05, 0.5].

3.3.3 In vivo experiments

Experiments were performed to acquire 3D multi-coil multi-acquisition phase-
cycled bSSFP, and multi-coil single-acquisition T1-weighted and time-of-flight
(ToF) angiography data in the brain. Data were collected on a 3T Siemens
Magnetom scanner (maximum gradient strength of 45 mT/m and slew rate of
200 T/m/s). bSSFP and ToF data were collected using a 12-channel receive-only

head coil that was hardware compressed to 4 channels.

T1-weighted data were collected using a 12-channel receive-only head coil. Sep-
arate bSSFP datasets were also collected using a 32-channel head coil. Balanced
SSFP data were acquired using a bSSFP sequence with the following parame-
ters: flip angle=30°, TR/TE=8.08/4.04 ms, field-of-view (FOV)=218 mm x 218
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Table 3.2. PSNR and NRMSE for in vivo bSSFP dataset

R=2 R=4 R=6
PSNR NRMSE x 103 PSNR NRMSE x 103 PSNR NRMSE x 103
Brute-force 44.31£0.72 7.31+0.23 40.21+0.78  11.18%+0.45 87.62+£0.61 16.79+0.56
PESCaT 43.9340.65 8.161+0.27 39.64+0.61 11.93+0.43 36.72+0.29 18.36+0.34
ReCaT fizeq 44.114+0.62 7.574+0.33 39.0840.47 12.5940.48 36.51+£0.48 18.4540.95
ReCaTgsyrr 42.20+0.78 10.0940.59 37.89+0.76 16.1940.79 35.15+0.59 20.44+0.82
Early stop 41.8340.66 10.3740.52 36.8240.63 18.184+0.77 34.01£0.32 22.08+0.31
PESSPIRIT 43.374+0.44 8.80+0.35 38.3940.59 14.374+0.84 35.06+£0.35 20.56+£0.71
PESSPIRIT,, 41.11£0.62 10.8440.62 35.964+0.47 19.36+0.86 33.15+0.55 23.05£1.40
PESSPIRiITy  42.4140.67 9.611+0.59 35.5740.68 19.88+1.35 32.24+0.61 24.28+1.69

PSNR and NRMSE were measured between the reconstructed image and a fully-sampled reference
image. Measurements were obtained for brute-force, PESCaT, ReCaTsyrr, ReCaTsyrr with early
stop, ReCaT fizeq, and variants of PESSPIRIT methods. Results are averaged across three subjects, and
reported as meantstd across five cross-sections.

Table 3.3. PSNR and NRMSE for in vivo T1-weighted dataset

R=2 R=4
PSNR NRMSE x 103 PSNR NRMSE x 103
Brute-force 36.75+0.55 18.254+0.89 32.15+0.41 23.75+0.85
PESCaT 35.62+0.95 19.86+0.99 31.44+1.09 27.75+1.61
ReCaT fizeq 35.2740.67 20.02+0.85 30.89+0.63 29.59+1.31
ReCaTgspyrEe 35.02+0.93 20.64+0.94 30.67+0.93 30.10+1.57
Early stop 34.64+1.03 21.474+0.95 30.03+1.06 30.81+£1.65

PESSPIRIT 35.21£0.74 20.14+£1.10 29.92+0.63 31.66£1.60
PESSPIRIT,, 31.75+0.66 27.37£1.42 27.39+0.80 34.37+2.72
PESSPIRiITry 34.934+0.69 21.04+£1.03 29.48+0.60 31.83+1.61

PSNR and NRMSE were measured between the reconstructed image and a
fully-sampled reference image. Measurements were obtained for brute-force,
PESCaT, ReCaTsyrg, ReCaTsyrr with early stop, ReCaT fzeq, and variants
of PESSPIRIT methods. Results are averaged across three subjects, and re-
ported as mean+tstd across five cross-sections.

Table 3.4. PSNR and NRMSE for in vivo ToF dataset

R=2 R=4
PSNR NRMSE x 103 PSNR NRMSEx 103
Brute-force 36.57t1.61 18.61£0.71 383.08+1.55 22.75+0.97
PESCaT 36.32+1.14 18.79+0.57 31.86+1.21 27.55+1.03
ReCaTfyeq 35.86+0.60 19.414+0.86 30.5140.60 30.1741.60
ReCaTgsyre 35.55+1.25 19.9740.94 31.344+1.13 28.40£1.57
Early stop 35.46+1.12 20.1440.95 27.69+1.19 28.714+1.65

PESSPIRIT 35.86+0.57 19.4240.90 30.83+0.47 29.72+1.41
PESSPIRIT,, 32.00£0.55 24.89+£1.46 27.22+0.58 37.84£2.71
PESSPIRiTry 35.66+0.53 19.72+0.84 30.41£0.64 30.42+1.89

PSNR and NRMSE were measured between the reconstructed image and a
fully-sampled reference image. Measurements were obtained for brute-force,
PESCaT, ReCaTsyrg, ReCaTsyrr with early stop, ReCaT fgeq, and variants
of PESSPIRIT methods. Results are averaged across three subjects, and re-
ported as mean+tstd across five cross-sections.
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mm, matrix size of 256 x 256 x 96, resolution of 0.9 mm x 0.9 mm x 0.8 mm,
right /left readout direction, and N=8 separate acquisitions with phase-cycling
values in the range [0, 27) in equispaced intervals. Total acquisition time for the
bSSFEFP sequence was 20:56. T1-weighted data were acquired using an MP-RAGE
sequence with the parameters: flip angle=9°, TR/TE=2300/2.98 ms, TT=900 s,
FOV= 256 mm x 240 mm, matrix size of 256 x 240 x 160, resolution of 1.0 mm
x 1.0 mm x 1.2 mm, and superior/inferior readout direction. Total acquisition
time for the MP-RAGE sequence was 9:14. ToF angiograms were acquired using
a multiple overlapping thin-slab acquisition (MOTSA) sequence with parameters:
flip angle=18°, TR/TE=38/3.19 ms, FOV=204 mm x 204 mm, matrix size of
256 x 256 x 75, isotropic resolution of 0.8 mm, and anterior/posterior readout di-
rection. Total acquisition time for the MOTSA sequence was 14:16. The imaging
protocols were approved by the local ethics committee, and all six participants

gave written informed consent.

Phase-cycled bSSFP acquisitions with 4 channels were retrospectively under-

sampled at R=2, 4, and 6. Following phase-cycles were selected: A¢ = QWWL—]]\H
for N=2 and 4, and [0, %, %% 7 57 7] for N=6. For this bSSFP dataset, N=R

12040 T g

was used. T1-weighted and ToF acquisitions were retrospectively undersampled
at R=2 and 4 (note that in these cases N=1). Undersampling was performed
across the two phase encode directions: superior/inferior and anterior/posterior
for bSSFP, right/left and anterior/posterior for T1-weighted, superior/inferior
and right /left for ToF. Data were normalized so that zero-filled density compen-
sated k-space data had unity norm. Entire volumes were reconstructed, five axial
cross-sections equispaced across the entire brain were selected for quantitative
assessment. PSNR and normalized root mean-squared error (NRMSE) measure-

ments were averaged across cross-sections.

To investigate the convergence behavior of PESCaT, we studied the evolution
of the three cost terms in Eq. 3.4 separately (Fig. 3.4). Normalized cost terms
associated with calibration consistency, sparsity, and TV terms at the end of each
iteration were plotted across iterations. In all datasets, all cost terms diminish

smoothly.
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To optimize epigraph scaling constants for ¢;- and TV-norm functions,
PESCaT was performed on data acquired from three subjects reserved for this
purpose. Volumetric reconstructions were performed at R=2, 4, and 6 for bSSFP
datasets, and R=2 and 4 for T1-weighted and ToF datasets. Separate recon-
structions were obtained while 5, was varied in the range [0.1,1], and Sry was
varied in the range [0.05,0.6]. PSNR was measured between the reconstructed
and fully-sampled reference images (Figs. 3.5, 3.6). Consistently across subjects
and different types of datasets, PSNR values within 95% of the optimum value
were maintained in the range £, = [0.1,0.3], and Sy = [0.2,0.4]. Near-optimal
PSNR values were attained around (3, = 0.2 and 7y = 0.3. Thus, these scaling

constants were prescribed for reconstructions thereafter.

To demonstrate the reconstruction performance of PESCaT at high acceler-
ation rates, phase-cycled bSSFP acquisitions with 32 channels were analyzed.
This bSSFP dataset was retrospectively undersampled at R= 8, 10 (where N=8).
Entire volumes were reconstructed, and PSNR and NRMSE measurements were

averaged across five axial cross-sections.

3.4 Results

3.4.1 Simulations

MRI data may show differential noise and structural characteristics for separate
coils and acquisitions, or for separate wavelet subbands and levels. In turn, the
optimal regularization parameters can vary across each of these dimensions. To
test this prediction, we performed experiments on the simulated brain phantom,
where the noise level was systematically varied and ReCaTf,eq reconstructions
were performed. For both ¢; and TV regularization, the optimal regularization
parameters show a clear increasing trend as SNR is lowered (Fig. 3.7). These re-
sults suggest that prescribing a fixed parameter can cause performance loss when a

good compromise cannot be achieved across subbands/levels or coils/acquisitions.
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Figure 3.3. The numerical phantom designed for assessment of reliability
against variation in level of detail and spatial resolution. A circular phantom
of radius 125 voxels (for a 256x256 field of view) was designed with the background
resembling muscle tissue and vertical bright bars of width 12 and height [190, 220,
238, 238, 220, 190] voxels resembling blood vessels. Phase-cycled bSSFP signals were
assumed with T1/T2: 870/47 ms for muscle, and 1273/259 ms for blood. Level of
detail was controlled by incrementally placing the vertical bars in the phantom. Spatial
resolution was controlled by low-pass filtering k-space data. Level of detail (a), and
resolution (b) of the phantom were varied from low (left) to medium (middle) to
high (right column).

It can also render the reconstruction more susceptible to deviations from the op-

timal value of the regularization parameter.

In contrast, PESCaT uses only two global parameters to control the over-
all sparsity of the solutions in wavelet domain (f5;,) and TV domain (Srv).
Given these scaling parameters, regularization parameters for individual sub-
bands/levels and coils/acquisitions are determined adaptively in a data-driven
manner. To examine the reliability of the scaling parameters against noise, recon-
structions were obtained at varying SNR levels. The PSNR curves as a function
of By, and Bry demonstrate substantial flatness, yielding near-optimal perfor-

mance across the entire range of values examined (Fig. 3.9). To further examine
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Figure 3.4. Evolution of the PESCaT cost terms. Evolution of the PESCaT cost
terms was assessed on in vivo (a) bSSFP, (b) T1l-weighted, and (c) ToF acquisitions
of the brain. Calibration consistency (solid line), sparsity (dashed line) and TV
(dash-dot line) costs were separately calculated at the end of each iteration of the
reconstruction. The progression of costs across iterations is shown for a representative
cross-section at R=2 (left), 4 (middle) and 6 (right column). Reconstructions were
stopped once convergence criteria were reached (see Methods). The cost terms diminish
smoothly across iterations.
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Figure 3.5. Reconstruction performance as a function of the /;-epigraph
scaling constant. Reconstruction performance was assessed as a function of the epi-
graph scaling constant for the /;-norm function (f;,). PESCaT reconstructions were
performed on in vivo (a) bSSFP, (b) T1-weighted, and (c) ToF acquisitions of the
brain. Peak signal-to-noise ratio (PSNR) was measured between reconstructed and
fully-sampled reference images. Results averaged across five cross-sections are dis-
played for the held-out subjects S4, S5 and S6 at R = 2 (left), 4 (middle), 6 (right
column). Consistently across subjects and across different acquisitions, near-optimal
PSNR values are attained for 3;, = 0.2. Note that PSNR curves demonstrate a high
degree of reliability against variations from the optimal /.
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Figure 3.6. Reconstruction performance as a function of the TV-epigraph
scaling constant. Reconstruction performance was assessed as a function of the
epigraph scaling constant for the TV-norm function (7). PESCaT reconstructions
were performed on in vivo (a) bSSFP, (b) T1l-weighted, and (c) ToF acquisitions of
the brain. PSNR was measured between reconstructed and fully-sampled reference
images. Results averaged across five cross-sections are displayed for S4, S5 and S6
at R = 2 (left), 4 (middle), 6 (right column). Consistently across subjects and
across different types of acquisitions, near-optimal PSNR values are attained for Sry =
[0.2,0.4]. Note that PSNR curves demonstrate a high degree of reliability against
variations from the optimal Sry for Sry < 0.4.
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Figure 3.7. Optimal sparsity regularization parameters. Optimal sparsity
(left) and TV (right) regularization parameters as a function of SNR. Reconstruc-
tions were performed on simulated bSSFP acquisitions of the brain. Bivariate Gaussian
noise was added to phantom images to attain SNR levels varying in [5,25]. Sparsity
and TV regularization parameters were independently varied in the range [0.001,0.1]
and reconstructions were performed using ReCaTfgyeq. PSNR was measured between
reconstructed and fully-sampled reference images. Parameter values yielding the high-
est PSNR were selected as the optimal values. Optimal sparsity and TV regularization
parameters decline as SNR increases.

the reliability of the scaling parameters against variations in the level of detail
and spatial resolution, reconstructions were obtained at low, medium and high
levels of detail and resolution. Fig. 3.10 displays PSNR across 8y, and Fig. 3.11
displays PSNR across 7y values. Again, PSNR curves as a function of £, and
Bry demonstrate substantial flatness, yielding near-optimal performance across

the entire range of values examined.

Following these basic demonstrations, PESCaT was performed on bSSFP ac-
quisitions of a simulated brain phantom. Representative reconstructions and error
maps for PESCaT and ReCaTgsygrer with R=6 are shown in Fig. 3.8. PESCaT
yields reduced error across the FOV compared to ReCaT gyrg. This improvement
with PESCaT becomes further noticeable when ReCaT syrg is stopped early to
match its reconstruction time to PESCaT. Quantitative assessments of image
quality at R=2, 4, and 6 are listed in Table 3.1. Among all techniques tested,
PESCaT achieves the most similar performance to the time-consuming brute-
force reconstruction. On average, PESCaT improves PSNR by 0.8740.74 dB over
ReCaTgsygr and by 1.87 £0.73 dB over ReCaTsyrp with early stop (mean=std.

across five cross-sections, average of R=2, 4, 6). Note that the proposed method
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Figure 3.8. Reconstructions of phase-cycled bSSFP acquisitions of the sim-
ulated brain phantom. Simulations assumed a=45°, TR/TE=5/2.5 ms, a fieldmap
of 0+ 62 Hz (mean+std), N = 6 phase-cycles and R = 6. (a) PESCaT, ReCaTsyrzg,
ReCaTgyrg with early stop, and the fully-sampled reference images are shown. White
boxes display zoomed-in portions of the images. (b) Mean-squared error between the
reconstructed and reference images are shown. PESCaT yields visibly reduced errors
compared to both ReCaTgsyrr and ReCaTgyrr with early stop.

attains near-optimal performance while enabling improved computational effi-
ciency. The average reconstruction time per slice is 27 + 5 s for ReCaT gyrgp and
only 7+ 4 s for PESCaT, resulting in a 4-fold gain in efficiency for the phantom
dataset.

3.4.2 1In vivo experiments

We first examined the evolution of the cost terms during PESCaT reconstruction
of in vivo bSSFP and T1-weighted datasets (Figs. 3.12, 3.13). Both ¢; and TV
cost terms decrease towards later iterations indicating that the images better

conform to a compressible representation.

Next, PESCaT was demonstrated for in vivo bSSFP, T1-weighted, and ToF
imaging of the brain. Representative reconstructions with R=6 for bSSFP and

R=4 for T1-weighted and ToF acquisitions are displayed in Figs. 3.15, 3.16, and
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Figure 3.9. Reconstruction performance as a function of acquisition SNR.
Reconstruction performance for varying (a) /;, and (b) Srv as a function of acquisition
SNR. PESCaT reconstructions were performed on simulated bSSFP acquisitions of the
brain. PSNR was measured between reconstructed and fully-sampled reference images.
Results averaged across five cross-sections are displayed for SNR = 10, 18 and 25 at R
= 2 (left), 4 (middle), 6 (right column). The epigraph scaling constants selected
Here are marked with vertical green lines. Consistently across SNR levels, near-optimal
PSNR values are attained for a broad range of 3;,and Sry near the selected values.
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Figure 3.10. Reconstruction performance for varying f;, as a function of
level of detail and resolution of the phantom. Reconstruction performance for
varying [, as a function of (a) level of detail and (b) resolution of the phantom.
PESCaT reconstructions were performed on simulated bSSFP acquisitions (Fig. 3.3).
PSNR was measured between reconstructed and fully-sampled reference images. Re-
sults are displayed for low, medium, and high level of detail and resolution at R = 2
(left), 4 (middle), 6 (right column). The epigraph scaling constant selected Here
is marked with vertical green lines. Consistently across levels of detail and resolutions,
near-optimal PSNR values are attained for a broad range of 3, near the selected value.

38



high

medium

R=2 R=4 R6
a
45 i .
W [=em— ___ dl
g | e ) T T
m ——
[=9
40 \ , 40 . o : |
' ;o 0.6 0 =
i Brv Brv
b
45 i .
e R e i
© | I | R
& SSsmedescizsmmsss=== 00 | _—=dms(
A f”’/ -------
40 A . 40 . w0 | |
' 06 0 0.6 0 0.6
/@TV ,STV BTV

Figure 3.11. Reconstruction performance for varying Sry as a function of
level of detail and resolution of the phantom. Reconstruction performance for
varying Sry as a function of (a) level of detail and (b) resolution of the phantom.
PESCaT reconstructions were performed on simulated bSSFP acquisitions (Fig. 3.3).
PSNR was measured between reconstructed and fully-sampled reference images. Re-
sults are displayed for low, medium, and high level of detail and resolution at R = 2
(left), 4 (middle), 6 (right column). The epigraph scaling constant selected Here
is marked with vertical green lines. Consistently across levels of detail and resolutions,
near-optimal PSNR values are attained for a broad range of Sry near the selected
value.
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Figure 3.12. Progression of PESCaT across iterations demonstrated on an
in vivo bSSFP dataset. (a) Reconstructed images of a central cross-section in a
representative subject. Images are shown at the end of 0, 5, 10, and 15 iterations. (b)
Respective squared-error images between the reconstructions and the fully-sampled
reference. As expected, the reconstruction error diminishes towards later iterations.
(c) Sparsity cost (left panel) and TV cost (right panel) are plotted across itera-
tions. Both cost terms diminish towards later iterations, indicating convergence of the
reconstruction towards a sparse representation.
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Figure 3.13. Progression of PESCaT across iterations demonstrated on
an in vivo T1-weighted dataset. (a) Reconstructed images of a central cross-
section in a representative subject. Images are shown at the end of 0, 5, 10, and 15
iterations. (b) Respective squared-error images between the reconstructions and the
fully-sampled reference. As expected, the reconstruction error diminishes towards later
iterations. (c) Sparsity cost (left panel) and TV cost (right panel) are plotted across
iterations. Both cost terms diminish towards later iterations, indicating convergence of
the reconstruction towards a sparse representation.
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Figure 3.14. Representative cross-sections from the ToF and the phase-
cycled bSSFP datasets. A representative cross-section from the ToF dataset (top
row) and a representative cross-section from the phase-cycled bSSFP dataset (bottom
row). Reconstructions with PESCaT, ReCaTsyrg, early-stop and reference images
are presented. PESCaT achieves significantly improved image quality compared to
ReCaTgsyre, and ReCaTgyrp with early stop that was matched to PESCaT in terms
of the total reconstruction time.

3.17. Representative reconstructions of individual phase cycles in the bSSFP
dataset, and of cross-sections in the ToF dataset are shown in Fig. 3.14. Over-
all, PESCaT and ReCaT syrp reconstructions perform similar to the brute-force
optimized reconstructions. Yet, PESCaT yields slightly lower levels of residual
aliasing in comparison to ReCaTsyrg, and this difference is particularly notice-
able for visualization of small vessels in ToF images (Fig. 3.17). The improvement
in reconstruction quality with PESCaT is more prominent when ReCaTgygg is

stopped early to match its reconstruction time to PESCaT.

Quantitative assessments of the in vivo reconstructions are listed in Tables 3.2,
3.3, and 3.4. For all datasets and R, PESCaT yields the closest performance to
the brute-force reconstruction among alternative self-tuning methods. For bSSFP
datasets, PESCaT improves PSNR by 1.23 4+ 0.29 dB over ReCaTgyrg and by
2.5540.51 dB over ReCaT syrp with early stop (meantstd. across three subjects,
average of R=2, 4, 6). For Tl-weighted datasets, PESCaT improves PSNR by
0.71+0.25 dB over ReCaTgyrg and by 1.214+0.43 dB over ReCaT syrr with early
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Figure 3.15. Reconstructions of in vivo bSSFP acquisitions of the brain at
R=6. Brute-force, PESCaT, ReCaTgsyrg, ReCaTgsyrr with early stop, and reference
images are shown in two representative subjects. White boxes display zoomed-in por-
tions of the images. PESCaT achieves significantly improved image quality compared
to ReCaT gyrp with early stop that was matched PESCaT in terms of the total recon-
struction time. Furthermore, PESCaT yields similar image quality to ReCaT syrr and
brute-force methods, while also maintaining greater computational efficiency.

stop (mean+std. across three subjects, average of R=2, 4). For ToF datasets,
PESCaT improves PSNR by 0.72 £+ 0.46 dB over ReCaT syrr and by 0.94 + 0.51
dB over ReCaTgyrp with early stop (mean+std. across three subjects, average of
R=2, 4). Compared to empirically-tuned ReCaTf;.q, PESCaT improves PSNR
by 0.20+£0.37 dB for bSSFP datasets, by 0.4540.14 dB for T1-weighted datasets,
and by 0.91£0.63 dB for ToF datasets (mean+std. across three subjects, average
of R=2, 4, 6 for bSSFP, average of R=2, 4 for T1-weighted and ToF datasets.
Because both methods were allowed to optimize parameters in training subjects,
these results suggest that selecting different regularization parameters for each
coil/acquisition /subband /level improves reconstruction performance. Compared
to PESSPIRIT, PESCaT improves PSNR by 1.16 4+ 0.55 dB for bSSFP datasets,
by 0.974+0.78 dB for T1-weighted datasets, and by 0.764+0.40 dB for ToF datasets
(meantstd. across three subjects, average of R=2, 4, 6 for bSSFP, average of
R=2, 4 for T1-weighted and ToF datasets). Performance enhancement is even
more prominent compared to PESSPIRIT variants that only include sparsity or

TV regularization.
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Figure 3.16. Reconstructions of in vivo T1l-weighted acquisitions of the
brain at R=4. Brute-force, PESCaT, ReCaTgsyrg, ReCaTgsyrg with early stop,
and reference images are shown in two representative subjects. White boxes display
zoomed-in portions of the images. PESCaT achieves significantly improved image qual-
ity compared to ReCaTgyrp with early stop that was matched PESCaT in terms of
the total reconstruction time. Meanwhile, PESCaT yields similar image quality to
ReCaTsyrr and brute-force methods.

To assess the computational efficiency of self-tuning methods, representative
reconstructions were performed for a single cross-section of in vivo bSSFP, T1-
weighted, and ToF acquisitions. The true MSE between the reconstructed and
fully-sampled reference images were recorded across iterations of PESCaT and
ReCaTgyre. MSE curves across iterations are displayed in Fig. 3.18. Compared
to ReCaTsyrg, the proposed method converges to a lower MSE value for all R
and datasets. Furthermore, PESCaT reduces the number of iterations by 43.3%
for bSSFP (average over R=2, 4, 6), 74.5% for T1-weighted (average over R=2,
4) and 53.2% for ToF (average over R=2, 4) datasets. Note that each iteration of
PESCaT performs more efficient geometric projections without explicit parameter
searches. The reconstruction times for PESCaT and alternative methods are
listed in Table 3.5. On average, the reconstruction time of ReCaTgyrg was
1641445 s for bSSFP, 1799466 s for T1-weighted, and 565458 s for ToF datasets
(meantstd. across five cross-sections, average over R=2, 4 for T'1-weighted and

ToF imaging; R=2, 4, 6 for bSSFP imaging). In contrast, the reconstruction time
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Figure 3.17. Reconstructions of in vivo ToF angiography acquisitions of the
brain at R=4. Maximum-intensity projection (MIP) views of brute-force, PESCaT,
ReCaTgsyre, ReCaTgyrp with early stop, and reference brain volumes are shown in
two representative subjects. White boxes display zoomed-in portions of the MIPs.
PESCaT yields superior depiction of vasculature compared to both ReCaTgyrr and
ReCaTgyrg with early stop. It also maintains similar image quality to brute-force

reconstructions.

of PESCaT was merely 164 + 25 s for bSSFP, 196 + 44 s for T1-weighted, and
159 + 32 s for ToF datasets. These results suggest that PESCaT offers up to 10-
fold gain in efficiency compared to the alternative self-tuning method ReCaT sygrg.
While PESSPIRIT yields similar reconstruction times and ReCaT/jgq slightly
reduces reconstruction times compared to PESCaT, both methods yield inferior

reconstruction quality.

Lastly, reconstruction performance of PESCaT was demonstrated at higher
acceleration rates using the 32-channel bSSFP datasets (Fig. 3.19 and Table 3.6).
The proposed method improves PSNR by 0.14 4 0.04 compared to ReCaT feq, by
1.5940.45 compared to ReCaT gyrg, by 3.774+0.61 compared to ReCaT gyrr with
early stop, and by 4.08+0.55 over PESSPIRIT (mean+std. across three subjects,
average of R=8, 10). These results help demonstrate the utility of PESCaT in

enabling higher acceleration factors when using modern coil arrays.
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R=2 R=4 R=6
bSSEFP
Brute-force 3562452 4161+£33  4365+29
PESCaT 122457  130£16 238425
ReCaTgsyrEe 813434 1625437  2443+49
Early stop 122457  130£16 238425
ReCaT fieq 81+£11 84+04 89+09
PESSPIRIT 92+10 128+18 13217
PESSPIRIT;; 24402 17403 16403
PESSPIRiTry 76+£16 21+07 221409
T1-weighted
Brute-force 85694111 10167435
PESCaT 179+£18  213+£21
ReCaTgsyrE 1801458 1794453
Early stop 179+£18 213421
ReCaTzeq 121+£13  182+£18
PESSPIRIT 272410 144407
PESSPIRIT;; 28+03 60+10
PESSPIRiITry 48+13 28+07
ToF
Brute-force 3721422 3717+23
PESCaT 184+41  1334£25
ReCaTsyrEe 565427 565127
Early stop 184+41  1334£25
ReCaT fizeq 94+12 98+19
PESSPIRIT 144+09  148%15
PESSPIRIT 48+13 80+09
PESSPIRiTy 128414 128413

Table 3.5. Reconstruction times (seconds) for in vivo
datasets. Reconstruction times were averaged over five
cross sections from three subjects.

46



x10° R=2 X104 R=4 X10% R=6

25 50
Iterations

—— PESCaT
------- ReCaTy,,,

Iterations Iterations

Figure 3.18. Convergence behavior of self-tuning reconstructions. Conver-
gence behavior of self-tuning reconstructions was assessed on in vivo (a) bSSFP, (b)
T1-weighted, and (c) ToF acquisitions of the brain. Mean-squared error (MSE) was
calculated between the image reconstructed at each iteration and the fully-sampled
reference image. The progression of MSE across iterations is shown for a representative
cross-section reconstructed using PESCaT (solid lines) and ReCaTgyrr (dashed
lines) at R=2 (left), 4 (middle), and 6 (right). Reconstructions were stopped once
convergence criteria were reached (see Methods). The iterations at which PESCaT
converged are indicated (dashed green lines). In all cases, PESCaT converges in a sig-
nificantly smaller number of iterations, and it converges to a solution with lower MSE
than ReCaTgyrE.

3.5 Discussion

Here, we have proposed a new self-tuning method for CS reconstruction of
single-coil multi-acquisition, multi-coil single-acquisition, and multi-coil multi-
acquisition datasets. The proposed method performs sparsity projections across
coils and acquisitions to penalize the /;-norm of wavelet coefficients, and TV
projections to penalize the finite-differences gradients of image coefficients. Sepa-
rate sparsity regularization parameters are selected at each wavelet subband and
level, and separate TV regularization parameters are selected at each coil and
acquisition. Efficient projections onto the boundary of the epigraph sets of the ¢;-
norm and TV-norm functions are used to simultaneously calculate the projections
themselves and automatically determine the relevant regularization parameters.

PESCaT does not have any constraints regarding the number of acquisitions or
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Reference

Figure 3.19. Reconstructions of 32-channel in vivo bSSFP acquisitions of the

brain at R=10.

Brute-force, PESCaT, ReCaTgyrg, ReCaTsyrr with early stop,

ReCaTfizeq, PESSPIRIT, and reference images are shown in a representative subject.
White boxes display zoomed-in portions of the images. PESCaT achieves significantly
improved image quality compared to the alternative methods. Furthermore, PESCaT
yields similar image quality to the brute-force method, while also maintaining greater
computational efficiency.

Table 3.6. Numerical assessment of bSSFP reconstructions at high acceleration

rates.
R=8 R=10

PSNR NRMSEx 103 PSNR NRMSEx10?
Brute-force 38.451+0.55 14.114+0.89  37.15+0.41 17.45+0.85
PESCaT 37.48+1.03 16.94+1.57 36.08+0.86 19.11+1.53
ReCaTfzeq 37.37+1.01 17.12+£1.57  35.8940.92 19.41+1.66
ReCaTgsyre 35.65+1.13 19.75+1.13  34.7241.07  21.2741.23
Early stop 33.3840.90 22.48+1.19  32.63£0.91 23.25+1.44
PESSPIRIT 33.10£1.47  23.21£2.70  32.2941.20  25.49+2.51
PESSPIRIT),, 31.9242.01 26.02+2.19  31.30£1.90  27.9842.23
PESSPIRiT 7y 31.46£1.96 27.57+2.24  30.78+%1.76  29.7941.96

bSSFP acquisitions with 32 channels and 8 phase-cycles were reconstructed. PSNR and
NRMSE were measured between the reconstructed image and a fully-sampled reference
image. Measurements were obtained for all implemented methods. Results are averaged
across three subjects, and reported as mean+std across five cross-sections.
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coils. Therefore, it can be readily applied to both single-acquisition and multi-
acquisition datasets regardless of the number of coils available. PESCaT also
offers flexibility regarding the inclusion of regularization terms. Because the al-
gorithm has a modular structure with respect to individual calibration, sparsity,
and TV projections, it is possible to omit either TV or sparsity regularization.
The proposed method will still work towards a solution at the intersection of the

remaining projection sets.

A recent study proposed a reconstruction for multi-coil multi-acquisition
bSSFP imaging, named ReCaT [96]. Here, we have implemented a self-tuning
version of ReCaT (ReCaTgsygg). Similar to PESCaT, ReCaTsyrp uses sparsity
projections implemented via soft-thresholding and TV projections implemented
via iterative clipping. However, in ReCaTgygrg, the sparsity regularization pa-
rameter was selected via a SURE-based method to minimize the expected recon-
struction error. TV regularization parameter was selected in a data-driven man-
ner based on the local standard deviations within the reconstructed image. Since
parameter selection in ReCaT syrg involves line searches over a relevant range of
parameters, it can be computationally expensive. In contrast, PESCaT leverages
highly efficient geometric projections onto epigraph sets to simultaneously select
the optimal parameters and calculate the projections. Hence, PESCaT enables
significant savings in reconstruction time compared to self-tuning methods based
on line searches. Meanwhile, the main advantage of PESCaT over an empirically-
tuned reconstruction that optimizes regularization parameters on training data
is that it allows for independent selection of regularization parameters for each
coil/acquisition/subband/level. The superior reconstruction quality of PESCaT

compared to ReCa'T 4 confirms this prediction quantitatively.

The proposed method includes two epigraph scaling constants 3y, and Sy as
free parameters. Here we have empirically demonstrated that the optimal scaling
constants are highly consistent across individual subjects, across different noise
levels and across multiple imaging contrasts of the same anatomy. These ob-
servations are also complemented by prior work that suggests that the solutions
of epigraph sets projections are robust against deviations from optimal scaling

constants [198; 31]. It remains to be demonstrated whether the scaling constants
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are also similar across different anatomies. Still, we expect that PESCaT shows
improved robustness against variability in datasets compared to the empirically-
tuned ReCaT fzeq. The optimal regularization parameters for ReCaT ;04 showed
relatively high variability across the datasets examined Here (not shown). Thus,
ReCaT fzeq might require more careful tuning of regularization parameters, re-

sulting in relatively higher computational overhead.

Further performance improvements might be attained by addressing some limi-
tations of the proposed method. For multi-acquisition datasets, significant motion
among acquisitions can reduce reconstruction quality. A motion-correction pro-
jection can be incorporated into the PESCaT algorithm to mitigate artifacts due
to the residual motion. Second, the proposed method uses a fully-sampled cen-
tral region in k-space to estimate the tensor interpolation kernel. In applications
where the acquisition of calibration data is impractical such as spectroscopic and
dynamic imaging, calibrationless approaches could be incorporated for improved
performance [199, 184]. Third, although the epigraph scaling constants /3, and
Bry were optimized over a held-out dataset, it might be possible to automati-
cally select them using parameter selection via SURE or GCV. This remains an

important future research direction toward fully-automated reconstructions.

Here, the alternating projections onto sets algorithm was used to find a solu-
tion at the intersection point of the sets corresponding to calibration, sparsity,
and TV projections. Rapid convergence was observed in all examined cases. How-
ever, in situations where the intersection between these sets is sparsely populated,
more sophisticated algorithms such as alternating direction method of multipli-
ers (ADMM) could be used for fast and effective optimization [20]. PESCaT
employs projections onto epigraph sets to concurrently select regularization pa-
rameters and perform projections. As such, it is non-trivial to efficiently adapt
the proposed parameter selection to an ADMM-based reconstruction. It remains
an important future work to benchmark PESCaT against ADMM coupled with

an appropriate parameter-selection strategy.

Projections onto epigraph sets were used to penalize ¢;-norm and TV-norm

functions Here. Note that the projection onto convex sets formulation allows
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penalization of any convex function. Thus, the proposed technique could be
generalized to include alternative regularizes such as filtered variation or total
generalized variation [108]. These modifications might allow performance en-
hancements in applications where standard TV regularization yields undesirable
block artifacts.

In conclusion, PESCaT enables near-optimal image quality while automati-
cally selecting regularization parameters in reconstructions of undersampled MRI
datasets. Parameter selection for ¢;-norm and TV-norm regularizers and pro-
jections onto the ¢; and TV-balls are performed simultaneously. PESCaT was
demonstrated to outperform alternative self-tuning approaches based on SURE
in bSSFP, T1-weighted and time-of-flight angiographic imaging. The results pre-
sented here demonstrate that PESCaT is a promising method for CS-MRI in

routine practice.
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This chapter of the thesis have been partially presented and published in the

following conferences and journals:

e Mohammad Shahdloo, Efe Ilicak, Mohammad Tofighi, Emine U Saritas, A
Enis Cetin, and Tolga Cukur. Projection onto Epigraph Sets for Rapid Self-

Tuning Compressed Sensing MRI. IEEE Transactions on Medical Imaging,
38(7):1677-1689, July 2019.

e Mohammad Shahdloo, Efe Ilicak, Mohammad Tofighi, Emine U Saritas, A
Enis Cetin, and Tolga Cukur. Rapid Self-Tuning Compressed-Sensing MRI
Using Projection onto Epigraph Sets. In International Society for MR in
Medicine (ISMRM), page 0251, Paris, 2018.

e Mohammad Shahdloo, Efe Ilicak, Mohammad Tofighi, Emine U Saritas, A
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Enis Cetin, and Tolga Cukur. Adaptive Wavelet Thresholding for Profile-
Encoding Reconstruction of Balanced Steady-State Free Precession Acqui-
sitions. In FEuropean Society for MR and Medicine (ESMRMB), page 391,
Barcelona, 2017.
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Chapter 4

Attentional Modulations of
Action-Category Representation

in the Brain

Summary

Humans are adept in perceiving others’ actions. Action perception in natural scenes,
however, relies on efficient allocation of limited brain resources to prioritize processing
the task-relevant perceptual visual inputs. It has been suggested that during visual
search for objects, distributed semantic representation of hundreds of object categories
get modulated to expand the representation of target. Yet, it is unknown whether
and where in the brain visual search for action categories modulates semantic repre-
sentations. To investigate this dynamic attentional process, we analyzed brain activi-
ties recorded via functional magnetic resonance imaging while subjects viewed natural
movies and searched for “communication” or “locomotion” actions. We used encod-
ing models to measure selectivity for each of the 109 action categories in the movies.
We derived an embedding space that encoded semantic variability among action cate-
gories. We then investigated attentional modulation of semantic representation during
search for action categories. We find that attention modulates semantic representation
of actions widely across neocortex. Moreover, the degree of attentional modulation

interacts with intrinsic selectivity for target action categories. These results suggest
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that attention dynamically modulates semantic representation to optimize perception

of the task-relevant actions during natural vision.

4.1 Introduction

The ability to reliably perceive observed actions along with intentions of actors is
critical for survival of most species and for fulfillment of their behavioral demands.
Recent studies have attributed this ability to the action observation network
(AON), a network of occipitotemporal, parietal and premotor areas in humans
[148, 27], and homologously in other primates [139, 140, 205]. Several reports
suggest that various types of information pertaining to actions, ranging from
shape and kinematics to action-effector interactions and action categories are
represented hierarchically [64, 70, 220, 201] and at various locations across the
AON. For instance, shape and kinematics of actions are represented in lateral
occipitotemporal cortex and in the posterior bank of inferior temporal cortex
[100]. Effector type (e.g. foot, hand) is represented in ventral premotor cortex
(101, 34), while parietal and cingulate cortices represent action categories [1, 55,

150]. These studies suggest a modular functional organization for the AON.

Furthermore, there is evidence that selective attention to low-level action fea-
tures modulates action representation across AON. Early psychophysical studies
suggest that attending to low-level visual features of objects involved in actions
modulates the perception of action cues [196] and the amount of attentional
modulation depends on relevance of the target feature to the observed action
[32]. More recent reports provide evidence for top-down influences of attending
to action kinematics on population responses across AON [134, 175]. Muthuku-
maraswamy and Singh [134] presented video clips of a hand that performed var-
ious sequences of finger movements. They reported enhanced responses across
the AON, as reflected in attenuation of the beta band (15-35Hz) oscillation over
sensorimotor cortex, while subjects were attending to the sequence of finger move-

ments compared to passive viewing. Furthermore, Schuch et al. [175] used short
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video clips of actors’ hands reaching a cup followed by grasping either the top of
the cup (i.e. power grip), or the handle (i.e. precision grip). Enhanced responses
across the AON were reported while subjects attended to action kinematics (i.e.

grip type) versus to the color of the cup.

In addition to these top-down influences, recent neuroimaging studies ex-
tend the evidence for attentional modulations to higher-level action features
([44, 174, 81, 142], see [195] and [160] for reviews). Safford et al. [174] pre-
sented overlapping moving tools and moving humans via simplistic point-light
dots [104]. They reported that attending to animate moving actors (i.e. humans)
enhanced blood oxygen level dependent (BOLD) responses in superior temporal
sulcus (STS), whereas attending to inanimate moving objects enhanced responses
in inferior temporal sulcus (ITS) and middle temporal gyrus (MTG). Further to
this, Nicholson et al. [142] presented short action movies in controlled scenes and
subjects attended to action kinematics, to objects involved in actions, or to ac-
tion goals in different runs. They reported enhanced responses in inferior frontal
gyrus (IFG), lateral occipitotemporal cortex (LOTC), and medial frontal gyrus

(MFG) as a result of attention to action goals.

Despite these lines of evidence suggesting that attending to a hierarchy of fea-
tures ranging from low-level actor animacy and kinematics, to higher-level action
features such as involved objects involved and action goals modulates responses
across AON, action categories also convey a significant portion of information
within observed actions. Crucially, there is evidence suggesting that hundreds of
object and action categories in natural scenes are semantically represented across
cortex [91], and visual search for object categories warps semantic representations
in favor of the target [37]. Yet, only a few studies have investigated modulations
of semantic representations due to attention to action categories [38, 137, 138].
In a recent study, Nastase et al. [137] presented movie clips of animals from five
taxonomies (primates, ungulates, birds, reptiles, and insects) performing actions
belonging to four categories (eating, fighting, running, and swimming). Partic-
ipants were instructed to attend either to the animal taxonomy or to actions.

The authors fit general linear models (GLMs) for all combinations of taxa and
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actions and modeled the representational geometry by assuming individual tem-
plate representational dissimilarity matrices (RDMs [112, 111, 80]) for taxonomy
and for actions. Using multivariate analysis on RDMs across tasks, the authors
reported that during search for actions RDMs in LOTC and in premotor cortex
were biased toward the template RDM for actions. These previous studies pro-
vide evidence for global attentional modulations in semantic representation of a
handful of actions. Yet, it is currently unknown whether and how visual search
for specific action categories modulates semantic representation of the multitude

of actions in natural scenes.

We hypothesized that visual search for action categories during natural vision
should expand the representation of targets by causing voxelwise semantic tuning
shifts (Fig. 4.1 [37]). To test our hypothesis, we analyzed the recorded whole-
brain BOLD responses from five subjects while they viewed 60 min of natural
movies. Data were collected at the University of California, Berkeley. Subjects
maintained steady fixation and covertly searched for 15 “communication” actions
or 28 “locomotion” actions among 109 action categories. We used natural movie
stimuli since they have greater ecological validity [54], lead to more reliable inter-
subject neural responses [77, 79], and present action categories in their natural
context, a factor that is important in action perception [94, 219, 49]. Voxelwise
modeling with spatial regularization [28] was used to measure category responses
for hundreds of objects and actions in the movies separately for each individual
subject and for each attention condition [143, 136]. Principal component analysis
was used to estimate a semantic space underlying action category responses.
Semantic tuning was then assessed by projecting action category responses onto
this semantic space. Finally, the voxelwise semantic tuning profiles during the
two attention conditions were compared to quantify the magnitude and direction

of tuning shifts.

o6



movement talking
vehicles humans

buildings

Superior
Anterior Left

Hemisphere

(o

Target:
communication

Target:

Passive viewing locomotion

Semantic representation

o7

Figure 4.1. Hypothesized
changes in semantic rep-
resentation of action -cat-
egories. a Recent studies
have proposed that the hu-
man brain organizes hundreds
of object and action categories
in a semantic space that is
distributed systematically across
cortex. Under this view, func-
tional areas that are classi-
cally known to represent certain
object-action categories are peaks
within this continuous semantic
space [91]; PPA, parahippocam-
pal place area; FFA, fusiform
face area; EBA, extrastriate body
area; MT+H, human MT; IPS,
intraparietal sulcus; RSC, ret-
rosplenial cortex. b. In
this semantic space, action cate-
gories that are semantically sim-
ilar to each other are mapped
to nearby points and seman-
tically dissimilar categories are
mapped to points far from each
other. We hypothesized that vi-
sual search for specific action cat-
egories should expand the rep-
resentation of the target and
semantically similar categories,
while compressing the representa-
tion of dissimilar categories [37].



4.2 Methods

4.2.1 Subjects

Five healthy male adult volunteers with normal or corrected-to-normal vision
participated in this study: S1 (age 31), S2 (age 27), S3 (age 32), S4 (age 33), S5
(age 27). Data were collected at the University of California, Berkeley. Exper-
iment protocols were approved by the Committee for the Protection of Human
Subjects at the University of California, Berkeley. All participants gave written

informed consent before scanning.

4.2.2 fMRI data collection

Data were collected using a 3T Siemens Tim Trio MRI scanner (Siemens Medical
Solutions) via a 32-channel receiver coil. Functional data were collected using a
T2*-weighted gradient-echo echo-planar-imaging pulse sequence with the follow-
ing parameters: TR = 2 sec, TE = 33 msec, water-excitation pulse with flip angle
= 70°, voxel size = 2.24 mmx2.24 mmx4.13 mm, field of view = 224 mmx224
mm, 32 axial slices. To construct cortical surfaces, anatomical data were collected
using a three-dimensional T1-weighted magnetization-prepared rapid-acquisition
gradient-echo (MPRAGE) sequence with the following parameters: TR = 2.3 sec,
TE = 3.45 msec, flip angle = 10°, voxel size = 1 mmx1 mmx1 mm, field of view
= 256 mmx 212 mmx 256 mm. Surface flattening and visualization were done via
Freesurfer and PyCortex [41, 167, 59].

4.2.3 Stimuli and experimental design

Data for the main experiment were collected in six 10 min 50 s runs in a single
session. Continuous natural movies were used as the stimulus in the main experi-

ment. Three distinct 10 min movie segments were compiled from short movie clips
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(10-20 secs) without sound. Movie clips were selected from a diverse set of natural
movies (see [143] for details). Movie clips were cropped into a square frame and
downsampled to 512 x 512 pixels. The movie stimulus was displayed at 15 Hz on
a MRI-compatible projector screen that covered 24° x 24° visual angle. Subjects
were instructed to covertly search for target categories in the movies while main-
taining fixation. A set of instructions regarding the experimental procedure and
exemplars of the search targets were provided to the subjects before the experi-
ment. A color square of 0.16° x0.16° at the center with color changing at 1 Hz was
used as the fixation spot. A cue word was displayed before each run to indicate
the attention target: “communication” or “locomotion”. The “communication”
target contained actions with the intent of communication, including both verbal
communication actions and nonverbal gestural communication actions (e.g. talk-
ing, shouting, smirking). The “locomotion” target contained locomotion-related
actions with the intent of moving animate entities, including humans and anthro-
pomorphized animals (e.g. moving, running, driving). The order of search tasks
was interleaved across runs to minimize subject expectation bias. This resulted
in presentation of 1800 sec of movies without repetition in each attention task.
Data from the the first 20 secs and last 30 secs of each run were discarded to
minimize effects of transient confounds. Following these procedures, 900 data

samples for each attention task were obtained.

A separate set of functional data were collected while subjects passively viewed
120 min of natural movies (i.e. passive-viewing data). This dataset was used
in constructing the semantic space and in voxel selection. Data for the passive-
viewing experiment were collected in twelve 10 min 50 s runs in which 12 separate
movie segments were displayed. Presentation procedures were the same between
the main experiment and passive-viewing experiment, save for the number of

runs. The passive-viewing data contained 3600 data samples.
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4.2.4 {fMRI data preprocessing.

Motion correction was performed using Statistical Parameter Mapping toolbox
(SPM12 [56]). Functional volumes were aligned to the first image from the first
run in each subject. Brain tissue was identified using the brain extraction tool
(BET) from the FSL software package [187]. Low-frequency response components
were detected using a third order Savitzky-Golay low-pass filter with 240 sec
temporal window and were removed from voxel responses. Voxel responses were
then z-scored to attain zero mean and unit variance. Voxels within the 2 mm
neighborhood of the cortical sheet were identified as cortical voxels in each subject
(S1, 37791 voxels; S2, 32671 voxels; S3, 36942 voxels; S4, 42090 voxels; S5, 39254

voxels).

4.2.5 Definition of regions of interest

To define anatomical regions of interest (ROIs) in each subject, the cortical sur-
face was segmented into 156 regions of the Destrieux atlas [46] via Freesurfer.
Segmentation results were projected from the anatomical space onto the func-
tional space using PyCortex, and each voxel was assigned an anatomical label
based on the projections. Functional ROIs were identified in each subject using
visual category and retinotopic localizers [91]. Localizer experiments for visual
category-selective areas (occipital face area, OFA; retrosplenial cortex, RSC) were
performed in six 4.5 min runs of 16 blocks [91]. Subjects passively viewed 20 ran-
dom static images from one of the objects, scenes, body parts, faces, or spatially
scrambled objects groups in each block. Each image was shown for 300 ms fol-
lowing a 500 ms blank period. RSC was identified as voxels with positive scene
versus objects contrast (¢-test, p < 1074, uncorrected). OFA was defined using
face-versus-object contrast (t-test, p < 107, uncorrected). The boundaries of
these areas were hand drawn on the cortical surfaces along the contours at which
the contrast level reached half of the maximum. Localizer experiment for early

visual areas (RET: V1, V2, V3) contained four 9 min runs. Subjects viewed
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clockwise and counterclockwise rotating polar wedges in two runs. In the re-
maining two runs, subjects viewed expanding and contracting rings. Visual angle
and eccentricity maps were used to define visual areas V1-3. Finally, ROIs were
refined to voxels inside the drawn boundaries near a 2 mm neighborhood of the

cortical sheet.

4.2.6 Head motion, eye movement, and physiological

noise

To prevent head motion and physiological noise confounds, estimates of these
nuisance factors were regressed out of the BOLD responses. Six affine motion
time courses estimated during the motion-correction stage were taken as the
head-motion regressors. The cardiac and respiratory activity during the main
experiment were recorded using a pulse oximeter and a pneumatic belt. These
data then were used to estimate two regressors to capture respiration and nine

regressors to capture cardiac activity [208].

To ensure that eye-movements did not unduly bias the results, several con-
trol analyses were performed. ViewPoint EyeTracker (Arrington Research) was
used to monitor subjects’ eye positions at 60 Hz, after getting calibrated at the
beginning of each experimental run. Kruskal-Wallis tests were used to detect
systematic differences in the distribution of eye position and movement. The
distribution of eye position during search for “communication” and search for
“locomotion” tasks were examined. The distribution of eye position is not af-
fected by attention condition (p = ...), or by target presence or absence (p = ...),
and no significant interactions are present between these two factors (p = ...).
Next, the distribution of eye position during a 1 sec window around target onset
and target offset was studied to test whether eye movement is affected by target
or distractor detection. The eye position distribution is not affected by target
onset (p = ....) or offset (p = ...), and there is no significant interaction between

the aforementioned factors (p = ...). Furthermore, the moving-average standard
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deviation of eye position was studied in a 200 ms window to determine system-

atic differences in rapid moment-to-moment variations in eye position across the

two tasks. There are no significant effects of attention condition (p = ...), target
presence or absence (p = ...), target onset (p = ...), or target offset (p = ...),
and there are no significant interactions between these factors (p = ...). Finally,

moving-average standard deviation of eye position was included in the model as

a nuisance regressor and was regressed out of the BOLD responses.

4.2.7 Category features

A category feature space was constructed to encode the information pertaining
to object and action categories in the movies. Each second of the movie stimulus
was manually labeled using the WordNet lexicon [133] to find the time course for
presence of 922 different object and action categories in the movie stimulus. This
yielded an indicator matrix where each row represents a one-second clip of the
movie stimulus and each column represents a category. Finally, category features
were obtained by downsampling the indicator matrix to 0.5 Hz in order to match

the acquisition rate of fMRI.

4.2.8 Motion-energy features

To infer cortical selectivity for low-level scene features, local spatial frequency
and orientation information of each frame of the movie stimulus were quantified
using a motion-energy filter bank. The filter bank contained 2139 Gabor filters
that were computed at eight directions (0 to 315°, in 45° steps), three temporal
frequencies (0, 2, and 4 Hz), and six spatial frequencies (0, 1.5, 3, 6, 12, and 24
cycles/image). Filters were placed on a square grid spanning the 24° x 24° field
of view. The luminance channel was extracted from the movie frames and passed
through the filter bank. The outputs were then passed through a compressive
nonlinearity to yield the motion-energy features [143]. Finally, the motion-energy

features were temporally downsampled to match the fMRI acquisition rate.
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4.2.9 Space-Time Interest Points (STIP) features

Intermediate-level kinematic information of the movies were quantified by con-
structing the Space-time Interest Point (STIP) features using STIP toolbox [114].
STIP features have been successfully leveraged in many computer vision appli-
cations to recognize human actions [115]. The STIP toolbox first segmented the
video into distinct spatiotemporal patches. Then each patch was scanned to iden-
tify patches with high spatial or temporal variance as interest points. Histograms
of oriented gradients (HoG [40]) and histograms of optical flow (HoF [85]) for
these interest points was taken as the collection of 162 STIP features. Finally,

STIP features were downsampled to match the acquisition rate of fMRI.

4.2.10 Model estimation and testing

Linearized models were fit in each voxel to estimate model weights that map each
set of features (i.e. category, motion-energy, or STIP features) to the measured
BOLD responses in each attention condition in individual subjects. Spatially-
informed regularized linear regression [28] with separate regularization terms
across feature (Af) and neighborhood (A,,) dimensions was used to fit the models.
To capture the hemodynamic response, delayed feature time-courses were con-
catenated. Delays of two, three, and four samples, corresponding to 4, 6, and 8
sec were used. To account for potential correlations between target detection and
BOLD responses, a nuisance target-presence regressor was included in the model.
The target-presence regressor contained category regressor for “communication”
during search for “communication” task and the category regressor for “locomo-
tion” during search for “locomotion” task. Model fitting for the two attention
tasks was performed concurrently by concatenating the features and BOLD re-
sponses across tasks (Fig. 4.2). This procedure ensured consistency between
the assigned regularization parameters across tasks, and enabled employing the

target regressor [179].

A nested cross-validation (CV) procedure was used to choose the regularization
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Figure 4.2. Model fitting and validation procedure. While undergoing fMRI,
five subjects viewed 60 mins of natural movies and covertly searched for “communi-
cation” or “locomotion” action categories while fixating. a. An indicator matrix was
constructed that identified presence of each of the 922 object and action categories
in each 1-sec clip of the movies. Nuisance regressors were included to account for
head-motion, physiological noise, and eye-movement confounds. A target regressor
was included to account for target detection confounds. Category model weights (i.e.
category responses) were estimated that mapped each category feature to the BOLD
responses recorded in each attention task. b. Accuracy of the fit models were as-
sessed by measuring their performance in predicting held-out BOLD responses, after
discarding the nuisance regressors and the target regressor. Prediction score of the fit
models was taken as Pearson’s correlation coefficient between estimated and measured
responses.

parameters and estimate model weights. Data from the main experiment were
segmented into 60 30-second blocks. In each of the 10 outer folds, 4 randomly
chosen blocks were held-out as validation data. Then, in each of the 10 inner
folds, 54 randomly chosen blocks were used as training data and the 2 remaining
blocks were used as test data. To fit models for the passive-viewing data, data
were segmented into 144 50-second blocks. In each fold, 8 randomly chosen
blocks were held-out as validation data, 132 randomly chosen blocks were used
as training data and the 4 remaining blocks were used as test data. We used 10

regularization parameters across the feature dimension in the range \; € [25, 217].
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Similarly, 10 regularization parameters across the neighborhood dimension in the
range A, € [219,2?%] were used. Training data were used to fit models for each
(A, An) pair independently. Model weights were then used to predict responses
in the test data and prediction scores of the fit models were assessed. Prediction
scores were taken as Pearson’s correlation coefficient between actual and predicted
voxel responses. The pair of (A, \,) maximizing the average prediction score
across inner CV folds was chosen in each voxel. Finally, the optimal pair of
parameters were used to fit models on the union of training and test data in each

outer fold and model weights were averaged across the outer folds.

Prediction performance of the fit models were then evaluated. In each outer
fold, after discarding the nuisance regressors, responses were predicted for the
validation data using the fit models and prediction scores were averaged across
the attention tasks. Finally, prediction scores were averaged across the outer

folds.

4.2.11 Action category responses

Category features were used to fit category models (i.e. to estimate category
responses) in each voxel for the passive-viewing data and the for data recorded
during the two search tasks. Category responses reflect the voxel tuning for each
of the 922 object and action categories in the movie stimulus. To infer tuning
for action categories, 922-dimensional category responses were masked to select
only the 109 action categories. This yielded the voxelwise 109-dimensional action

category responses.

4.2.12 Variance partitioning analysis

Object-action categories can be correlated with low-level visual features of natural
movies [119]. Moreover, there is evidence for representation of intermediate-level

features of actions (e.g. action kinematics) across the cortex [101]. Therefore,
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there is a possibility that the estimated category responses be confounded by
selectivity for low- and intermediate-level scene features. To control for this, we
performed a variance partitioning analysis. This analysis estimates the response
variance that is uniquely explained by the category model after accounting for
variance that can be attributed to low- and intermediate-level features captured
by the motion-energy and STIP models. To do this, we separately measured the
variance explained when all three models (category, motion-energy, and STIP)
are fit simultaneously (i.e. “combined model”), and variance explained when
motion-energy and STIP models are fit simultaneously (i.e. “control model”).
The explained variance (R?) was calculated as square of the prediction scores,
separately for the combined and control models. Note that from a model fitting
perspective, negative prediction scores correspond to zero explained variance.
Finally, unique variance explained by the category model was calculated as

N2 2 2
Rcat - Rcomb - Rccmt

(4.1)

where Rgat is the variance uniquely explained by the category model after ac-

2

= mp 18 the variance explained

counting for low- and intermediate-level features, R,

2
cont

by the combined model, and R:, . is the variance explained by the combination

of motion-energy and STIP models in each voxel.

4.2.13 Semantic representation of actions

Passive-viewing data were used to construct a continuous semantic space for ac-
tion category representation. In this space, semantically similar action categories
would project to nearby points, whereas semantically dissimilar categories would
project to distant points [91]. Voxelwise models were fit and action category
responses during passive viewing were estimated. A group semantic space was
then obtained using principal component analysis (PCA) on the action category
responses of cortical voxels pooled across all subjects. To maximize the quality of
the semantic space, voxels in which the category model predicted unique response
variance after accounting for the variance attributed to low- and intermediate-

level scene features were selected. These voxels were further refined to include the
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ones that were among the top 3,000 best predicted voxels in each subject. The

collection of the first 13 principal components (PCs) that explained more than

90% of the variance in responses was selected. Semantic tuning profile for each

voxel under each attention task was then obtained by projecting the respective

action category responses onto the PCs.

To ease the visualization of the semantic space, action categories were manually

clustered and cluster centers were projected onto the semantic space (see Fig.

4.4a, Supp. Table 4.1). To identify cluster assignments action categories were

visualized on the WordNet hierarchical tree, resulting in nine separated action

clusters. Projections of cluster centers onto the semantic space were then obtained

as the average of the projections of action categories within each cluster.

Table 4.1. Clusters of action categories.

Cluster label

Actions

communication

smile, communicate, nod, indicate, grimace, read, cellphone, talk, write,
argue, shout, pray, gesticulate, yell, smirk

locomotion

fly, climb, ride horseback, chase, hike, ride, crash, drive, scurry, dive,
swim, descend, walk, rise, travel, edge, rush, gallop, pounce, pass, fall,
canter, ski, skid, run, crawl

body-change

chew, change, grow, lean, arise, break, bend, crouch, struggle

breathe

breathe, yawn, huff, sigh

touch

punch, drive, lick, snog, strike, touch, caress, slam, hit

change-shape

affect, change, stretch, shape, raise

consume

eat, drink, consume

object-move

decant, put, kick, lift, push, propel, stand, jab, turn, drag, slide, pull,
clap, move, pour, fasten, connect, act

self-move

dance, turn, tumble, exit, reach, spin, revolve, jump, flip, hop, bounce,
sneak

To better visualize the distribution of actions across semantic space, 109 action categories in the
movies were manually clustered. Action categories were visualized on the WordNet hierarchy,
yielding 9 segregated action clusters (Fig. 4.4a).
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4.2.14 Characterizing tuning shifts

Attentional tuning shifts toward or away from targets would be reflected in mod-
ulation of semantic tuning strengths for “communication” or “locomotion” action
categories. Thus, the magnitude and direction of tuning shifts can be assessed by
comparing the semantic tuning strengths for these categories between the two at-
tention condition. Tuning strengths for the two target categories were quantified
as the similarity between semantic tuning profiles and idealized templates tuned
solely for “communication” or “locomotion” action categories. First, idealized
category responses were constructed as 109-dimensional vectors containing ones
for target categories (i.e. communication or locomotion categories) and zeros
elsewhere. Idealized templates were then obtained by projecting these idealized
category responses onto the semantic space. Tuning strength for each target
category was then quantified as Pearson’s correlation coefficient between voxel

semantic tuning profile and the corresponding template

T;.c = corr(si, s¢) (4.2)

T, = corr(s;, st) (4.3)

where T; ¢ and T; ;, are the tuning strength for “communication” and “locomo-
tion” during task i € {C, L} denoting attend to “communication” or attend to
“locomotion”, s; is the semantic tuning profile during task 4, and s, and s, denote
the idealized semantic tuning templates for “communication” and “locomotion”,

respectively. Finally, voxelwise tuning shift index (TSI) was quantified as

(Tee —Ten) + (To —Tre)

TSI = , .
2 = sign(Tec — Ten)Ton — sign(Te, — Tro)TLe

(4.4)

Tuning shifts toward the attended category would yield positive TSIs where a
TSI of 1 indicates a complete match between voxel semantic tuning and idealized
templates, whereas negative TSIs would indicate shifts away from the attended
category where a TSI of -1 indicates a complete mismatch between voxel tuning
and idealized templates. Moreover, a TSI of 0 would indicate that the voxel tuning

did not shift between the two attention conditions. Furthermore, individual TSIs
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during each attention task were quantified as

Teo—Teorn

1 —sign(To,c — Ton)Tor
Trr—TLce

1 —sign(Tpp —Tre)Tre

TSIe = (4.5)

TSI, = (4.6)

where TSI and T'SI; denote the TSI during search for communication and
locomotion actions respectively. To study the tuning shifts in an ROI, TSIs were

averaged across uniquely explained voxels within the ROI.

4.3 Results

Recent studies suggest that representations of thousands of object and action
categories in natural scenes are embedded in a semantic space the axes of which
are mapped continuously across the cortex [91] and search for object categories
warps this space in favor of targets [37]. Yet, it is currently unknown whether
and where in the brain natural visual search for action categories alters seman-
tic representations. To investigate this question, we estimated voxelwise tuning
for hundreds of object and action categories across cortex. While undergoing
fMRI, five human subjects viewed 60 minutes of natural movies and attended to
“communication”, or “locomotion” action categories in separate runs. Category
regressors were constructed that labeled presence of 922 distinct object and action
categories in the movies. Separate category models for each attention task were
then fit in each voxel. This enabled us to measure single-voxel category responses
during the two attention tasks, reflecting the proportional contribution of each
object and action category to the evoked responses (Fig. 4.2, see Ezperimental

Procedures).

4.3.1 Attention alters category tuning profiles

Natural stimuli contain correlations among various levels of features and there

is a possibility that estimated category responses be confounded by voxel tuning
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for low- and intermediate-level scene features. To address this issue, we iden-
tified voxels in which the category model explained unique response variance
after accounting for these alternative features by performing a variance parti-
tioning analysis on a separate dataset collected for this purpose (i.e. “passive-
viewing dataset”, see Ezperimental Procedures). We quantified low-level and
intermediate-level scene information by constructing the motion-energy and
spatio-temporal interest point (STIP) features respectively. We find that the
category model explains unique response variance after accounting for low- and
intermediate-level features in 38.9 = 0.38% of cortical voxels (mean+sem across
five subjects), yielding 12,248-16,845 voxels in individual subjects that were used
in the subsequent analyses (i.e. “uniquely predicted voxels”). Note that using
the passive-viewing dataset to perform the variance partitioning analysis prevents
confounding the voxel selection procedure by potential attentional modulations

of the category responses.

Functional inferences on the estimated category responses will be valid, only
if the fit category models successfully predict BOLD responses that were held-
out during model fitting. To assess model performance, we measured average
prediction scores across the two attention tasks, taken as Pearson’s correlation
coefficient between the predicted and measured held-out responses. Category
models have high prediction scores (greater than 1 std above the mean) in 39.3 +
0.2% of the uniquely predicted voxels. These include many voxels across the AON
including occipitotemporal, parietal, and premotor cortices, as well as areas in

prefrontal and cingulate cortices (Fig. 4.3).

Previous reports evidenced for modulations of single-voxel tuning profiles dur-
ing search for object categories [37]. This raises the possibility that visual search
for action categories could also modulate category tuning profiles in single vox-
els. Thus, the category responses estimated for individual attention conditions
should yield greater prediction scores compared to a null model fit by pooling data
across conditions. To test this possibility, we compared the prediction scores ob-
tained from the estimated category responses to those obtained using the null
model. We find that the category model significantly outperforms the null model
in 44.7 + 1.3% of uniquely predicted voxels (bootstrap test, ¢(FDR)< 0.05).
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Figure 4.3. Prediction performance of the category model. a. Category model
performance (i.e. prediction score) plotted on the flattened cortical surface of individ-
ual subjects. Model prediction score was taken as the Pearson’s correlation coefficient
between the held-out measured BOLD responses and the responses predicted by the
model. A variance partitioning analysis was used to quantify the variance uniquely
explained by the category model after accounting for low- and intermediate-level stim-
ulus features (see Experimental Procedures). Voxel for which unique explained response
variance of the category model after accounting for these features was not different than
zero are hidden, revealing the cortical curvature below. b. Average prediction score
across subjects. Prediction score in individual subjects was projected onto the standard
brain template from Freesurfer. Projected prediction scores were then averaged across
subjects. The category model well predicts response across ventral-temporal, parietal,
and frontal cortices. Regions of interest are illustrated by white lines: pMTG, posterior
middle temporal gyrus; pSTS, posterior superior temporal sulcus; AG, angular gyrus;
SMG, supramarginal gyrus; IPS, intraparietal sulcus; alP, anterior intraparietal cortex;
PrCu, precuneous; dPMC, dorsal premotor cortex; BA44/45, Brodmann area 44/45;
MFG, middle frontal gyrus; SFG, superior frontal gyrus; [continued on next page/
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[continued] ACC, anterior cingulate cortex; RET, early visual areas V1-3; OFA, oc-
cipital face area; RSC, retrosplenial cortex. Several important sulci are illustrated
by dashed gray lines: TOS, temporo-occipital sulcus; STS, superior temporal sul-
cus; SF, Sylvian fissure; IF'S, inferior frontal sulcus; MFS, middle frontal sulcus; SFS,
superior frontal sulcus. Data sets are available at http://icon.bilkent.edu.tr/
brainviewer/shahdlooetal2020

Moreover, control analyses revealed that these attentional modulations cannot
be attributed to eye-movements, head-motion, physiological noise, and target
detection biases (see Ezperimental Procedures). These results can be taken to
infer that many voxels across cortex encode high-level information pertaining to
object and action categories, and that single-voxel category tuning profiles get

significantly modulated by search for action categories.

4.3.2 Attention warps semantic representation of actions

The fit category models identify tuning for 813 object and 109 action categories.
To investigate semantic representation of these 109 action categories, we esti-
mated a continuous semantic space via principal component analysis (PCA) on
action category responses. To prevent overfitting, category responses estimated
via the passive viewing dataset were used to estimate the semantic space. Action
categories that are semantically similar to each other would project to nearby
points in this space, whereas semantically dissimilar categories would project to
distant points. To examine semantic information embedded within this space, we
visualized it by projecting action categories onto the semantic dimensions (i.e.
principal components, PCs; Fig. 4.4a). The first PC seems to distinguish be-
tween self-movements (e.g. “chew”, “yawn”, “eat”) and actions involving objects
or other humans (e.g. “communicate”, “touch”, “drive”). The second PC seems
to distinguish between dynamic versus static actions (e.g. ‘“raise”, “propel”,
“dance” versus “breath”, “drink”). The third PC seems to distinguish between
human-related actions (e.g. “communicate”, “jump”, “crouch”) and dynamic ac-
tions that involve objects (e.g. “drive”, “punch”, “drag”). These observations

suggest that this estimated space well captures the semantic variance in action
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categories.

We expect that modulation of single-voxel category responses during visual
search for action categories be reflected in modulation of semantic tuning pro-
files. To test this prediction, we obtained single-voxel semantic tuning profiles
by projecting action category responses onto the semantic space. The first and
third semantic dimensions maximally differentiated between actions belonging to
the two target categories (i.e. “communication” versus “locomotion” categories,
see Fig. 4.4a). To maximize the sensitivity in visualization of attentional modu-
lations, we compared the projections onto these semantic dimensions across the
two attention tasks (Fig. 4.4b, Supp. Figs. 4.5-4.9). We observe that attention
causes semantic tuning shifts in many cortical voxels. Specifically, many voxels
in inferior posterior parietal cortex (PPC), cingulate cortex, and anterior inferior
prefrontal cortex shift their tuning toward communication during search for com-
munication actions, whereas voxels in superior PPC, and medial parietal cortex
shift their tuning toward locomotion during search for locomotion actions. More-
over, many voxels in areas with generic selectivity for actions, such as angular
gyrus and supramarginal gyrus (AG, SMG), shift their tuning toward targets ir-
respective of the search target. Previous studies suggest a functional segregation
along the superior-inferior PPC, such that the inferior PPC gets activated during
observation of communication actions, while observation of locomotion actions
activates the superior PPC [171, 1, 34]. Consistent with this view, our finding
here suggests that during search for a given action category, tuning shift toward
the target category is most prominent in voxels that are selective for the target.
Whereas, cortical areas with generic action selectivity shift their semantic tuning

toward targets irrespective of the target identity.

4.3.3 Distribution of tuning shifts across cortex

To quantitatively assess semantic tuning changes during search for action cate-
gories, we first measured tuning strengths for “communication” and “locomotion”

categories. Then, we calculated a tuning shift index (TSI€ [—1, 1]) for each voxel
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Figure 4.4. Semantic space underlying action category responses.
cipal components analysis on action category responses during passive viewing was
performed to estimate a semantic space. a. To illustrate the semantic information em-
bedded within semantic space, action categories, along with centers of action category
clusters, were projected onto the semantic space (see Methods). The semantic space
well captures the semantic variability among action categories. The “communication”
and “locomotion” actions are best separated across the first and third semantic dimen-
sions (i.e. principal components, PCs). b. Action category responses during passive
viewing and during the two attention tasks in individual subjects were projected onto
the semantic space and a two-dimensional colormap was used to color each voxel based
on the projection values across first and third semantic dimensions. The projection
values were then averaged across subjects (see Figs. 4.5-4.9 [continued on next page]
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[continued] for individual subjects). Voxels where category model did not explain
unique response variance after accounting for low- and intermediate stimulus features
are hidden, revealing the cortical curvature below. Many voxels across cortex occipi-
totemporal, parietal, and prefrontal cortices shift their tuning toward targets. Specif-
ically, voxels in inferior posterior parietal cortex shift their tuning toward “commu-
nication” during search for “communication” categories. Whereas, voxels in superior
posterior parietal cortex shift their tuning toward “locomotion” during search for “lo-
comotion” categories.

to quantify the difference in tuning strengths for target versus distractor cate-
gories. Tuning shift toward the attended category would yield a positive TSI,
whereas tuning shift toward the distractor category would yield a negative TSI,
and a TSI of 0 means that the voxel tuning is not modulated at all under the two
attention conditions (see Ezperimental Procedures). We observe that voxels across
many different cortical regions shifted their tuning toward the attended category
(Fig. 4.10a,b). Figure 4.10c shows tuning shifts in several common regions of
interest (ROIs). Tuning shifts are significantly greater than zero in many areas
across AON including lateral occipitotemporal cortex (pSTS, pMTG), posterior
parietal cortex (IPS, AG, SMG), and premotor cortex (BA44/45; bootstrap test
p< 0.05). Previous studies provide evidence for attentional modulations in lateral
occipitotemporal and premotor cortices during visual search for action categories
[137, 138]. Extending these reports, here we find more broadly spread attentional
tuning shifts at all levels of the AON hierarchy. Further to this, we find that
average tuning shift in AG and SMG is significantly higher than TSI in occip-
itotemporal (pSTS, pMTG) and premotor cortex (APMC, BA44/45; p< 0.05).
Recent studies suggest AG and SMG to be central nodes across a cortical network
involved in semantic processing [35, 15, 192, 51, 120]. Thus, the reported tuning
shifts here proposes a distinctive account for AG and SMG among other AON
nodes, according which these areas facilitate action perception by maintaining

semantic representation of task-relevant action categories.

We recently reported that object-category-based visual search causes tuning
shifts toward targets in prefrontal cortex [37]. In line with that study, here
we find that visual search for action categories causes significant tuning shifts

in middle frontal and superior frontal cortices. Moreover, we find that tuning
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Figure 4.5. Cortical flat maps of pro-
jections onto the semantic space for
subject S1. Action category responses
during (a.) passive viewing, (b.) search
for “communication”, and (c.) search for
“locomotion” categories for subject S1 were
projected onto the semantic space and a
two-dimensional colormap was used to color
each voxel based on the projection values
across first and third semantic dimensions.
Voxels where category model did not ex-
plain unique response variance after ac-
counting for low- and intermediate stimulus
features are hidden, revealing the cortical
curvature below. Many voxels across cortex
occipitotemporal, parietal, and prefrontal
cortices shift their tuning toward targets.
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Figure 4.6. Cortical flat maps of pro-
jections onto the semantic space for
subject S2. Action category responses
during (a.) passive viewing, (b.) search
for “communication”, and (c.) search for
“locomotion” categories for subject S2 were
projected onto the semantic space and a
two-dimensional colormap was used to color
each voxel based on the projection values
across first and third semantic dimensions.
Voxels where category model did not ex-
plain unique response variance after ac-
counting for low- and intermediate stimulus
features are hidden, revealing the cortical
curvature below. Many voxels across cortex
occipitotemporal, parietal, and prefrontal
cortices shift their tuning toward targets.

Figure 4.7. Cortical flat maps of pro-
jections onto the semantic space for
subject S3. Action category responses
during (a.) passive viewing, (b.) search
for “communication”, and (c.) search for
“locomotion” categories for subject S3 were
projected onto the semantic space and a
two-dimensional colormap was used to color
each voxel based on the projection values
across first and third semantic dimensions.
Voxels where category model did not ex-
plain unique response variance after ac-
counting for low- and intermediate stimulus
features are hidden, revealing the cortical
curvature below. Many voxels across cortex
occipitotemporal, parietal, and prefrontal
cortices shift their tuning toward targets.
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Figure 4.8. Cortical flat maps of pro-
jections onto the semantic space for
subject S4. Action category responses
during (a.) passive viewing, (b.) search
for “communication”, and (c.) search for
“locomotion” categories for subject S4 were
projected onto the semantic space and a
two-dimensional colormap was used to color
each voxel based on the projection values
across first and third semantic dimensions.
Voxels where category model did not ex-
plain unique response variance after ac-
counting for low- and intermediate stimulus
features are hidden, revealing the cortical
curvature below. Many voxels across cortex
occipitotemporal, parietal, and prefrontal
cortices shift their tuning toward targets.

Figure 4.9. Cortical flat maps of pro-
jections onto the semantic space for
subject S5. Action category responses
during (a.) passive viewing, (b.) search
for “communication”, and (c.) search for
“locomotion” categories for subject S5 were
projected onto the semantic space and a
two-dimensional colormap was used to color
each voxel based on the projection values
across first and third semantic dimensions.
Voxels where category model did not ex-
plain unique response variance after ac-
counting for low- and intermediate stimulus
features are hidden, revealing the cortical
curvature below. Many voxels across cortex
occipitotemporal, parietal, and prefrontal
cortices shift their tuning toward targets.
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Figure 4.10. Cortical distribution of tuning shifts. For each voxel, a tuning
shift index (TSI) was calculated to quantify the attentional changes in tuning for the
attended versus unattended categories. Tuning shifts toward the attended category
would yield positive TSI€ (0, 1] where a TSI of 1 indicates a complete match between
voxel semantic tuning and idealized templates tuned solely for targets, whereas negative
TSIe [-1,0) would indicate shifts away from the attended category where a TSI of -
1 indicates a complete mismatch between voxel tuning and idealized templates. A
TSI of 0 would indicate that the voxel tuning did not shift between the two attention
conditions. a. TSI values plotted on the flattened cortical surfaces of the five subjects.
Voxels where category model did not explain unique response variance after accounting
for low- and intermediate stimulus features are hidden, revealing the cortical curvature
below. Cortical distribution of TSI values is consistent across subjects. b. TSI values
from individual subjects were projected onto the standard [continued on next page]
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[continued] brain template and averaged across subjects. Voxels across many cortical
regions shifted their tuning toward the attended category. These include regions across
AON (occipitotemporal cortex, posterior parietal cortex, and premotor cortex), lateral
prefrontal cortex, and anterior cingulate cortex. c. TSI in cortical areas (meantsem
across five subjects). Significant mean values are denoted by green bars and gray bars
denote non-significant mean values (bootstrap test, p > 0.05). Tuning shift is signifi-
cantly greater than zero in regions across AON including lateral occipitotemporal cortex
(pSTS, pMTQG), posterior parietal cortex (IPS, AG, SMG), and premotor cortex (BA44,
BA45), and in regions across prefrontal and cingulate cortices (SFG, ACC). Data sets
are available at http://icon.bilkent.edu.tr/brainviewer/shahdlooetal2020

shift in anterior cingulate cortex (ACC) is significantly greater than zero (p<
0.05). This is in accord with reports suggesting that ACC facilitates detection
of targets among distractors in cluttered scenes by enhancing representation of
targets [42, 216, 215]. In contrast, we observe that many voxels across precuneus
(PrCu), medial parietal cortex, and temporoparietal junction shift their tuning
toward the distractor category. This observation is consistent with the view that
these areas enhance visual search by error monitoring and distractor detection
[33].

4.3.4 Tuning shifts for unattended categories

Previous evidence suggest that natural visual search for object categories shifts
semantic tuning for both attended and unattended object categories [37]. Thus,
we asked whether visual search also shifts semantic tuning for unattended action
categories. To answer this question, we calculated TSI for unattended categories.
Note that the modeling framework used here allows us to estimate category re-
sponses for 109 distinct action categories. Thus, by masking the 109-dimensional
action category response vectors to select the unattended categories, TSI can be
calculated specifically for these categories. We observe that nearly across all the
cortex tuning shifts for unattended categories are smaller than the overall tun-
ing shifts (Fig. 4.11a,b). Specifically, TSI is non-significant in all of the studied
ROIs, save for AG, SMG, and BA45 (Fig. 4.11c¢). Moreover, in these areas (AG,
SMG, BA45), overall tuning shifts are significantly greater than tuning shifts for
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unattended categories (bootstrap test, p< 0.01). These results suggest that rep-
resentation of action categories in parietal and premotor AON nodes is relatively
more dependent on the search task than that at lateral occipitotemporal areas.
Moreover, they suggest that tuning shifts for attended categories accounted for
a relatively larger fraction of the overall tuning shifts compared to unattended

categories.

4.3.5 Tuning shifts are influenced by intrinsic selectivity

for action categories

Recent studies suggest that voxels that are intrinsically selective for specific object
categories during passive viewing retain their tuning for the preferred category
(e.g. “humans” for fusiform face area, and “vehicles” for parahippocampal place
area) even when a non-preferred category is the search target [163, 164, 179].
Thus, we expect that tuning shifts during search for individual action categories
should be influenced by intrinsic selectivity for targets. To investigate this, we
calculated separate tuning shift indices during search for communication actions
(TSI¢) and during search for locomotion actions (TSI;). We then projected
TSI and TSIy, values onto cortical flat maps (Fig. 4.12a,b), and examined them
in several common ROIs (Fig. 4.12c). We observe that voxels across posterior
parietal and prefrontal cortices shift their semantic tuning toward the attended
category irrespective of the target identity. Yet, many voxels across anterior
parietal, occipital, and cingulate cortices shift their tuning toward the attended
category only during search for communication or during search for locomotion

categories.

4.3.5.1 Areas where both TSIs and TSIy, are non-significant

TSI and TSI}, are non-significant in early visual areas (RET; bootstrap test, p >
0.05), and in face- and place-selective areas (OFA, RSC; p > 0.05). Furthermore,

TSI and TSIy, are non-significant in anterior intraparietal cortex (alP; p > 0.05).
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Figure 4.11. Tuning shifts for unattended categories. To examine how represen-
tation of unattended action categories changes during visual search, we investigated the
tuning shift for these categories. a. TSI values plotted on the flattened cortical surfaces
of the five subjects. Voxels where category model did not explain unique response vari-
ance after accounting for low- and intermediate stimulus features are hidden, revealing
the cortical curvature below. Cortical distribution of TSI values is consistent across
subjects. b. TSI values from individual subjects were projected onto the standard
brain template and averaged across subjects. Tuning shift for unattended categories
is lower compared to the the tuning shift for all action categories, shown in Fig. 4.10.
c. TSI in cortical areas (meantsem across five subjects). Significant mean values are
denoted by green bars and gray bars denote non-significant mean values (bootstrap
test, p > 0.05). Tuning shifts in most of the cortical areas [continued on next page]
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[continued] are non-significant. Tuning for unattended categories in voxels in posterior
parietal cortex (AG, SMG) and anterior inferior frontal cortex (BA45) shifts toward
targets.

Previous studies suggest that alP is selective for manipulative actions and not for
communication or locomotion actions [170, 146]. Thus, negligible tuning changes
in alP during search for communication or locomotion actions can be attributed

to the lack of tuning for these action categories.

4.3.5.2 Areas where only TSI¢ or TSIy, are significant

TSl is significantly greater than zero in anterior inferior frontal gyrus (BA44/45),
in superior frontal gyrus (SFG), and in ACC (p < 0.05). On the other hand, TSIy,
is significantly greater than zero in intraparietal sulcus (IPS) and in angular
gyrus (AG; p < 0.05). Previous studies suggest that activity in anterior inferior
frontal gyrus enhances the representation of interpersonal communicative actions
[93, 186]. Moreover, lateral and medial prefrontal cortices have been suggested
to be causally involved in communicative cognition [204, 217, 103]. Furthermore,
previous reports provide evidence for representation of space and animate loco-
motion actions in superior PPC [21, 7, 95, 1]. These lines of evidence suggest
that in areas that are selective for specific action categories, visual search for the
preferred action category alters semantic representation in favor of the target.
Furthermore, these attentional effects are not limited to the areas belonging to
AON, but rather they extend to higher-order cognitive areas that facilitate action

perception.

In dorsal premotor cortex (APMC), TSIy, is significantly less than zero, whereas
TSI is non-significant (p > 0.05). Several previous studies report that dPMC
enhances representation of locomotion actions by facilitating the detection of dis-
tractors [2, 197, 225]. In accord with these reports, our finding here suggests that
dPMC enhances the representation of distractors during search for locomotion

categories.
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Figure 4.12. Tuning shifts during search for individual targets. Separate
tuning shift indices were calculated during search for “communication” (TSI¢), and
“locomotion” (TSIy,) categories. a. TSIc and TSIy, values plotted on the flattened
cortical surfaces of the five subjects. A two-dimensional colormap was used to color
each voxel based on TSIg and TSIy, values. Voxels where category model did not
explain unique response variance after accounting for low- and intermediate stimulus
features are hidden, revealing the cortical curvature below. b. TSIc and TSIy, values
were projected onto the standard brain template and averaged across subjects. Cortical
distribution of TSI¢ and TSIy, values is consistent across [continued on next page/
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[continued] subjects. c¢. TSI (left) and TSI;, (right) values in cortical areas
(mean+sem across five subjects). Significant mean values are denoted by green bars and
gray bars denote non-significant mean values (bootstrap test, p > 0.05). TSI¢ is sig-
nificantly grater than zero in BA44/45, SFG, and ACC. Whereas, TSIy, is significantly
grater than zero in IPS and AG, and is significantly less than zero in dPMC. Both TSI¢
and TSIy, are significantly grater than zero in pSTS, pMTG, SMG, and MFG. Data
sets are available at http://icon.bilkent.edu.tr/brainviewer/shahdlooetal2020

4.3.5.3 Areas where both TSIz and TSI, are significant

TSI and TSIy, are significantly greater than zero in pSTS, pMTG, supramarginal
gyrus (SMG), and middle frontal gyrus (MFG; p < 0.05). Posterior STS, pMTG,
and SMG are considered as AON nodes that represent actions regardless of their
semantic identity [124, 27, 102]. Thus, the observed positive tuning shifts in in
these areas could be accounted to their generic selectivity for actions. Further
to this, the significant tuning shift in MFG reported here can be associated with
accounts suggesting that dorsolateral prefrontal cortex, as a node across dorsal
attention network, enhances visual search by maintaining the representation of
targets [33, 160, 128, 152]. Overall, these results suggest that in voxels with
generic action selectivity and voxels in high-level cortical areas, visual search
for action categories is facilitated by tuning shifts toward targets irrespective of

target identity.

4.4 Discussion

We used brain activity evoked by natural movies to investigate how visual search
for action categories modulates semantic representation of a large and diverse set
of observed actions across cortex. Our results show that category-based attention
during natural vision causes widespread changes in semantic representation of
actions. Furthermore, these attentional modulations are not restricted to the
action observation network, but are rather extended to higher-level cognitive
processing areas. These results expand on prior work demonstrating attentional

modulations in representation of object categories [155, 37, 73, 50]. Our results
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suggest that attention facilitates action perception by modulating semantic tuning
for action categories in favor of the targets. Our results also suggest an interaction
between tuning shifts and intrinsic selectivity of neural populations for action
categories; tuning shift toward a given category during search for a target is most

prominent in cortical areas that are selective for that target.

Here, we derived an embedding space that encodes semantic variability among
action categories. The first, and most important, dimension in this semantic
space distinctively represents self-actions (e.g. chew, lean, yawn; i.e. intransi-
tive actions) versus actions that involve distal objects or people (e.g. hit, talk,
ride; i.e. transitive actions). Several recent neuroimaging studies report that
observing actions that involve distal objects versus actions without objects leads
to spatially distinctive representations [70, 218, 193]. Specifically, recent meta-
analyses [27, 66] report that observing actions that involve distal objects leads
to increased activation, compared to observing actions without objects, across
parietal and prefrontal AON nodes [23, 141], areas that have been suggested to
encode information pertaining to action goals [69, 64, 162]. Our results here can
thus be taken to suggest that transitivity is a central feature in semantic repre-
sentation of action categories in the brain, likely because it helps to disambiguate

action goals.

Several previous studies have reported response modulations as a result of at-
tention to high-level action features in parietal and prefrontal cortices, but not in
occipitotemporal areas [142, 137, 138]. In contrast, here we observe attentional
tuning shifts in occipitotemporal cortex, albeit to a lower degree compared to
higher cognitive areas. The rich natural movie stimulus used here contains a large
set of action categories that are performed in their natural context, by various
actors, and are viewed at different angles, in contrast to most previous controlled
experiments where a handful of actions are observed from a fixed angle on a
homogeneous background. Moreover, the performed actions in natural movies
usually involve faces or body-parts that evoke responses across occipitotemporal
areas selective for these visual entities. Thus, the observed attentional modu-
lations in occipitotemporal cortex can be accounted to semantic richness of our

natural stimuli, which likely leads to attentional modulations at early levels of
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action perception hierarchy.

We find significant tuning shifts toward targets in AG and SMG, higher than
that in occipitotemporal and premotor AON nodes, irrespective of the search
target. Previous studies have emphasized the role of these areas in amodal se-
mantic representation of actions; while observing visual actions, hearing action
sounds, or reading action words [156, 122, 202, 8]. Furthermore, there is evidence
suggesting that during semantic processing, these areas act as central connectiv-
ity hubs, linking low-level perceptual processing areas to higher-level cognitive
areas in prefrontal cortex [84, 51]. Complementing these lines of evidence, our re-
sults might be taken to suggest a distinctive account for AG/SMG during action
observation among other AON nodes. According to this account, semantic tun-
ing shifts toward target categories in these areas serves to enhance task-relevant

semantic representations in higher cognitive areas

Recent studies suggest that during visual search, cortical areas that are se-
lective for a given object category retain their tuning for the preferred category
even when a non-preferred category is the search target [163, 164, 179]. Here, by
investigating tuning shifts during search for individual targets we find that vox-
els in superior parietal cortex —which is suggested to be selective for locomotion
actions— shift their tuning toward the target only during search for locomotion.
While, voxels in communication-selective anterior prefrontal cortex shift their
tuning toward the target only during search for communication. This suggests
that semantic tuning shifts during search for action categories interact with the
intrinsic selectivity for target categories. According to this account, semantic
tuning in neural populations that are intrinsically selective for specific action

categories is robust to selective attention to non-preferred actions.

The natural movie stimuli used here have greater ecological validity compared
to simplified controlled movie clips used in most previous action-perception stud-
ies. However, action categories might be correlated with stimulus features at
different levels and these correlations can contribute to population responses to

actions. Thus, low-level features such as global motion-energy [214, 143] and
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intermediate-level features such as scene dynamics [67] can confound the esti-
mated action category responses, which can then lead to biased assessments of
tuning shifts. We employed several procedures to control for these confounds.
First, to minimize correlations between estimated action category responses and
global motion-energy of the movie clips, we used a motion-energy regressor in our
modeling procedure [143, 119]. Second, we restricted analyses voxels to the voxels
in which the category model explained unique response variance after accounting
for low-level motion-energy features and intermediate-level STIP features. How-
ever, we do not rule out the the possibility that there might be residual influences
due to other high-level action features such as expected action goals [89, 90], and
actors’ perceived attitude [4]. Further work is needed to functionally dissociate
potential contributions of these high-level features and attentional modulations

in action representation.

In conclusion, we found that natural visual search for a given action category
modulates semantic representations in favor of the target, within and beyond the
action observation network. Moreover, these modulations interact with intrinsic
selectivity of neural populations for search targets. This dynamic mechanism
serves to facilitate action perception by efficiently allocating neural resources to
accentuate the representation of task-relevant action categories. Overall, these
results help explain humans’ astounding ability to perceive others’ actions in

dynamic, cluttered natural visual scenes.

4.5 Publications

This chapter of the thesis have been partially presented and published in the

following conferences and journals:

e Mohammad Shahdloo, Burcu A Urgen, and Tolga Cukur. Semantic Rep-
resentation of Actions is Modulated by Category-Based Natural Visual

Search. in prep.
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e Mohammad Shahdloo, Burcu A Urgen, and Tolga Cukur. Attention to
Action Categories Shifts Semantic Tuning Toward Targets Across the Brain.
In Organization for Human Brain Mapping (OHBM), page T661, Rome,
2019.
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Chapter 5

Temporal Receptive Windows in
the Brain Mapped via Deep
Language Models

Summary

Natural language unfolds over the course of time, and to perceive it the brain has to
integrates past perceptual information. There is evidence suggesting that virtually all
neural populations maintain and process the past perceptual information. Moreover,
extent of the information integration, formalized as the temporal receptive window
(TRW), progressively increases along the language processing hierarchy. Yet, it is
unknown whether and how auditory search for object categories modulates TRWs along
this hierarchy. To investigate this process, we analyzed the data from an experiment
were five human subjects were asked to listen to over two hours of natural stories while
undergoing functional magnetic resonance imaging (fMRI), during passive listening
and while performing two tasks: attending to “humans” or attending to “places”. We
used multiple long short-term memory networks sensitive to different extents of past
information integration to map TRWs during passive listening across the cortex. We
then investigated attentional modulation of TRWs by comparing TRWs during passive
listening and during the two attention tasks. We find that attention expands TRWs

across cortex, and this attentional modulation become progressively stronger toward
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later stages of language processing hierarchy. Furthermore, the modulations in areas
that selectively process targets are modulated in favor of the targets. These results
propose a dynamic attentional mechanism that modulates TRWs across the brain to
facilitate representation of targets, by integrating the task relevant contextual past

information.

5.1 Introduction

Spoken language perception relies on processing a continuous stream of auditory
stimuli, hence processing the past information critically influences perception of
the present sensory inputs. Classical view holds that recent past sensory infor-
mation is maintained in neural populations across the working memory network
6, 52, 53], segregated from sensory cortices [5, 158, 190]. Yet, a more mod-
ern view that better accommodates recent evidence, namely the process memory
framework, suggests that sensory cortices maintain and process past perceptual
inputs to represent the current stimulus [74, 60, 78, 154]. It is well established
that in sensory cortical areas that represent visual inputs, visual information get
pooled across spatial receptive fields (SRFs [88]). Analogously, past perceptual
inputs get pooled across temporal receptive windows (TRWs), to affect the cor-

tical response to the current stimulus [75, 9, 83].

Visual spatial receptive fields progressively expand along a hierarchy [131,
22, 157, 169, 213]; early visual areas are selective for localized visual features,
covered by small SRFs, whereas higher-level ventral-temporal areas are selective
for broader spatial extents of visual stimulus covered by larger SRF's, likely to
accommodate contextual information pertaining to the sensory inputs [30, 43,
172, 15, 209]. This postulates that an analogous hierarchy organizes TRWSs across
the language processing stream, as supported by several recent neuroimaging
and electrocorticography (ECoG) studies [75, 118, 212, 86, 30]. Lerner et al.
examined temporal receptive windows across the auditory cortex by measuring

inter-subject correlation (ISC [76, 77]) of functional MRI responses to a story
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scrambled at the level of words, sentences, and paragraphs. Variability of ISC as
a function of increasing levels of stimulus scrambling was taken as a latent measure
of TRW. ISC would be insensitive to the scrambling level in voxels with short
TRW, whereas ISC in voxels with long TRW would decline when the stimulus
was scrambled at the sentence and paragraph levels. They reported relatively
short TRWs in early auditory cortex, whereas higher-level auditory and cognitive
areas such as angular gyrus (AG), temporoparietal junction (TPJ), and medial
prefrontal cortex exhibited long TRWs. So as to confirm, ECoG measurements
while an audio-visual movie scrambled at different time scales was presented
revealed similar hierarchy of TRWSs, with short TRWs in early auditory areas
and long TRWs in lateral prefrontal cortex [86].

There is further functional imaging evidence suggesting that SRFs are not
static but are rather influenced by top-down attentional modulations. Specifically,
recent evidence suggest that spatial attention expands SRFs to accommodate
larger spatial extents surrounding target’s location [105, 168], and these atten-
tional influences become more prominent toward later stages of visual processing
stream [17]. Thus, it is likely that selective attention can also modulate TRWs
during natural listening. As evidence that support this possibility, recent studies
reported top-down influences on population responses during auditory language
perception as a result of selective attention to perceptual [144, 149, 194, 185] and
lexical [182, 211, 173, 129] features. Critically, in a recent study Regev et al. in-
vestigated top-down effects of selective attention in representation of multi-modal
linguistic inputs in cortical areas with short and long TRWs. They simultane-
ously presented a written and a spoken story and subjects were asked to attend
to one story and ignore the other, or to do passive reading and passive listening
in runs where only one of the modalities was presented. As a result of attending
to the stories, they reported enhanced ISC in parietal and prefrontal cortices,
suggesting that attention enhances task-relevant activity in areas that have been
previously suggested to exhibit long TRWs [118]. Yet, it is not specifically known
whether and how selective attention modulates TRWs across different levels of

the language processing hierarchy.

Here we sought to investigate attentional modulations of single-voxel TRWs

92



during category-based auditory attention. To this end, we analyzed the data from
an experiment where five human subjects were asked to listen to over two hours
of stories from The Moth Radio Hour [118] while performing passive listening,
attending to “humans”, or attending to “places” in different runs. Whole-brain
blood-oxygen-level-dependent (BOLD) responses were recorded using functional
MRI (fMRI). Data were collected at the University of California, Berkeley. We
used a rich contextual representation of the stories derived from a long short-
term memory (LSTM) neural network to fit voxelwise language models for each
task and in each individual subject. Then, we systematically estimated TRW
in single voxels by fitting separate language models using features from separate
LSTM networks trained to have a range of memory extents. We compared TRWs
between the passive listening task and the two attention tasks to estimate the sen-
sitivity of TRWs to attentional modulations. Furthermore, we compared TRWs
between the two attention tasks to assess the interaction of TRW length and in-
trinsic semantic selectivity across neocortex. Our findings suggest that attention
modulates TRWs in many voxels across the language processing network. More-
over, the amount and direction of attentional modulations depends on intrinsic

semantic selectivity for targets.

5.2 Methods

5.2.1 Subjects

Five healthy male adult volunteers with normal hearing participated in this study:
S1 (age 31), S2 (age 27), S3 (age 32), S4 (age 33), S5 (age 27). Data were collected
at the University of California, Berkeley. Experiment protocols were approved by
the Committee for the Protection of Human Subjects at the University of Cali-

fornia, Berkeley. All participants gave written informed consent before scanning.
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5.2.2 fMRI data collection

Data were collected using a 3T Siemens Tim Trio MRI scanner (Siemens Medical
Solutions) using a 32-channel receiver coil. Functional data were collected using
a T2*-weighted gradient-echo echo-planar-imaging pulse sequence. The follow-
ing sequence parameters were prescribed: TR = 2 sec, TE = 33 msec, water-
excitation pulse with flip angle = 70°, voxel size = 2.24 mmx2.24 mmx4.13
mm, field of view = 224 mmx224 mm, 32 axial slices. Anatomical scans were
performed using a three-dimensional T1-weighted magnetization-prepared rapid-
acquisition gradient-echo (MPRAGE) sequence with the following parameters:
TR = 2.3 sec, TE = 3.45 msec, flip angle = 10°, voxel size = 1 mmx1 mmx1
mm, field of view = 256 mmx212 mmx256 mm. Anatomical data were used to
automatically construct flattened cortical surfaces via Freesurfer [41, 167]. Py-

Cortex was used for visualization of the flattened surfaces [59].

5.2.3 Stimuli and experimental design

Natural stories were used as the stimulus in the experiment. Ten stories were
taken from The Moth Radio Hour [118]. Each 10-15 min autobiographical story
was narrated by a single male or female speaker before a live audience. The
stories covered a wide range of topics and were semantically rich. Each story
was manually transcribed and time-aligned (as detailed in 92) to yield the onset
time of each of the 11,220 story words. The stimulus was played on Sensimetrics
S14 in-ear piezoelectric headphones that were calibrated to yield a flat frequency
response. The audio stimulus was normalized to have peak loudness of —1 dB
relative to maximum and was played at 44,1 kHz. Each fMRI run consisted of
a single story, complemented by 10 sec of silence before the story and 10 sec of

silence after the story.

Two separate sets of functional data were collected. A passive-listening dataset
was collected during two experimental sessions, each consisting of five runs. Sub-

jects passively listened to the ten stimulus stories in separate runs. This resulted
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in presentation of 124 min 34 sec of stories without repetition, yielding 3,737 data
samples. Data for the attention tasks were collected during two experimental ses-
sions, each consisting of six runs. The six stories used for the attention tasks were
common with the stories in passive-listening task. Subjects were instructed to
attend to “humans” or to “places” in the stories. Exemplars of targets were
provided to the subjects before the experiment. The order of attention task was
interleaved across runs to minimize subject expectation bias. This resulted in
presentation of 75 min 24 sec of stories without repetition in each attention task,

yielding 2,262 data samples.

5.2.4 fMRI data preprocessing

Statistical Parameter Mapping toolbox (SPM12 Friston et al. 56) was used to
perform motion correction. Functional volumes were aligned to the first image
from the first run in each subject. Non-brain tissues were identified and removed
using the brain extraction tool (BET) from the FSL software package [187]. Low-
frequency response components were filtered out of the voxel responses using a
third order Savitzky-Golay low-pass filter with 240 sec temporal window. Finally,
voxel responses were normalized to attain zero mean and unit variance. Voxels
within the 2 mm neighborhood of the cortical sheet were identified as cortical
voxels in each subject and were used for analyses (S1, 34,269 voxels; S2, 35,979
voxels; S3, 37,226 voxels; S4, 42,090 voxels; S5, 36,942 voxels).

5.2.5 Definition of regions of interest

To define the anatomical regions of interest (ROIs), cortical surfaces were seg-
mented into 156 regions of the Destrieux atlas [46] via Freesurfer. Segmentation
results were projected from anatomical space onto the functional space using Py-
Cortex and each voxel was given one anatomical label based on the projections.
Finally, ROIs were refined to voxels near a 2 mm neighborhood of the cortical

sheet.
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5.2.6 Semantic embedding of stories

To investigate the semantic information pertaining to the stories, a word co-
occurrence matrix was constructed [92]. First, a large corpus of English text was
collected by scraping 9,412,972 user comments from http://reddit.com, that
comprised of 21,542,312 words. The set of 985 common English words taken
from Wikipedia’s List of 1000 Basic Words was used as the set of basis words.
Then, log-transformed co-occurrence frequency between each of the 11,220 story
words and the 985 basis words within a 15-word window were assessed by iter-
ating through the text corpus, yielding a 985 by 11,220 co-occurrence matrix.
To account for differences in story word frequencies, each 985-dimensional co-
occurrence vector was z-scored. Moreover, to account for differences in basis

word frequencies, each row of the co-occurrence matrix was z-scored.

5.2.7 Language model features

Because the co-occurrence statistics of words are calculated independently, the
constructed co-occurrence matrix does not account for the temporal correlations
among story words. To address this issue, we used a long short-term memory
(LSMT) deep neural network as the language model to incorporate temporal
information into the semantic embedding [98]. The network comprised of 3 layers
of 985 LSTM units. The network was trained on the text corpus to predict the
985-dimensional co-occurrence vector of each training sample using co-occurrence
vectors of 20 preceding words. This resulted in 985 by 20 dimensional training
samples, namely the context matrices. Features from the output layer of the
network were used to assess a 985-dimensional feature vector for each stimulus
word. Language model features were then obtained by downsampling the time-

course of feature vectors using a Lanczos filter to match the acquisition rate of

fMRI.
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5.2.8 Model estimation and validation

Regularized linear regression (i.e. ridge regression) was used to fit models in each
voxel that mapped language model features to the measured BOLD responses
in individual subjects in each task (i.e. passive viewing, attending to humans,
attending to places). Finite impulse response (FIR) predictors at lags of 2, 4,
6, and 8 secs were used to account for the hemodynamic response. A nested
cross-validation (CV) procedure was used to choose the regularization parameters
and to estimate model weights. Data collected during the attention tasks were
segmented into 56 80-second blocks. In each of the 10 outer folds, 5 randomly
chosen blocks were held-out as validation data. Then, in each of the 10 inner
folds, 48 randomly chosen blocks were used as training data and the 3 remaining
blocks were used as test data. To fit models for the passive-listening data, data
were segmented into 93 80-second blocks. In each fold, 10 randomly chosen
blocks were held-out as validation data, 75 randomly chosen blocks were used as
training data and the 8 remaining blocks were used as test data. We used 10
regularization parameters in the range A\; € [2°,2!7]. In each task, training data
were used to fit models for each A independently. Model weights were then used
to predict responses in the test data and prediction scores of the fit models were
assessed, taken as Pearson’s correlation coefficient between actual and predicted
voxel responses. The value of Ay maximizing the average prediction score across
inner CV folds was chosen in each voxel. Finally, the optimized parameters were
used to fit models on the union of training and test data in each outer fold, and

model weights were averaged across the outer folds.

To validate the fit models, we evaluated their performance in predicting held-
out responses, separately in each task. In each outer fold, responses were pre-
dicted for the validation data using the fit models and prediction score in each
voxel was calculated. Prediction scores were averaged across outer folds. Statis-
tical significance of the fit models during passive listening task was assessed by
comparing the prediction scores to 10,000 bootstrap samples from a null distri-

bution of prediction scores. A null hypothesis was considered where prediction
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score is not greater than the correlation between two independent Gaussian ran-
dom vectors of the same length as the predicted BOLD responses. The p-value
was taken as the fraction of the bootstrap samples for which the prediction score
was lower than the correlation of random vectors. Finally, statistical significance
levels were corrected for multiple comparisons using false discovery rate (FDR)
control [10].

5.2.9 Physiological noise controls

To prevent head motion and physiological noise confounds, these nuisance factors
were estimated and regressed out of the BOLD responses. Six head-motion regres-
sors were assessed by estimating affine motion time courses during the motion-
correction stage. During experimental runs, cardiac and respiratory activity were
recorded using a pulse oximeter and a pneumatic belt. These data were then used
to estimate two regressors to capture respiration and nine regressors to capture

cardiac activity [208].

5.2.10 Temporal receptive windows

The estimated language features were obtained from the LSTM language network
trained on context matrices, where the 985 by 20 dimensional context matrix for
a given word represents contextual information pertaining to 20 preceding words.
To manipulate the temporal extent of contextual information used to obtain the
language features we trained separate LSTM networks using randomized train-
ing samples, where randomization at level ¢ yields training samples that reflect
semantic information pertaining to ¢ previous words. This was achieved by replac-
ing the ¢ to 20" left-most columns in each training sample with co-occurrence
vectors corresponding to random words from the text corpus. This is equiva-
lent to replacing the ¢ — 20 tailing context words with random words from the
corpus. Separate LSTM networks were trained using ¢ € [1, 20| separate random-

ization levels. This yielded 20 separate sets of language features. Each set of
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Figure 5.1. Model fitting, validation, and estimation of TRWs. While under-
going fMRI, five human subjects listened to over 2 hours of natural stories during passive
listening, and during attention to “humans” or “places”. a. Co-occurrence statistics
was used to obtain a semantic representation of the stories. To incorporate lingual tem-
poral information into the semantic representation, a long short-time memory (LSTM)
language model was used, yielding the time course of 985 language features. The LSTM
network was trained via a large English text corpus, to predict co-occurrence vector
of a sample word using co-occurrence vectors of 20 preceding words. Language model
weights were estimated that mapped each language feature to the BOLD responses
recorded in each task. b. Accuracy of the fit models were assessed by measuring
their performance in predicting held-out BOLD responses. Prediction score of the fit
models was taken as Pearson’s correlation coefficient between estimated and measured
responses. ¢. To emulate variability of integrated information in the language features,
separate LSTM networks were trained using contextual samples that were randomized
at various levels, yielding 20 separate sets of language features. Voxelwise models were
fit that mapped each set of language features to the recorded responses, and prediction
scores of the models were calculated, yielding 20-dimensional prediction score profiles.
TRW in each voxel was taken as center of mass of the prediction score profiles.
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language features were used to fit language models in single voxels during each
task (i.e. passive viewing, attending to humans, attending to places) and in indi-
vidual subjects, and prediction scores of the models were assessed. This yielded
a 20-dimensional vector of prediction scores for each voxel in each task. Finally,
the randomization level yielding the maximum prediction score was obtained by
calculating the center-of-mass of the prediction score vectors, and was taken as

the TRW in each voxel during each task in individual subjects.

5.2.11 Alternative approach to measure TRW

We implemented an alternative approach to incorporate different extents of con-
textual information integration into the fit models. To this end, instead of ran-
domizing the tailing context words used to train LSTM networks we changed
the size of the context matrices; samples with context size ¢ are constructed by
removing the feature vectors corresponding to ¢ — 20 tailing columns from the
context matrix. The remaining steps in calculating TRWs are the same as the

randomization-based approach.

5.2.12 Sensitivity and bias of TRWs

In this study, we sought to investigate whether and how attention modulates
TRWs across cortex. To test sensitivity of TRWs to attentional modulation we
compared TRW between the passive listening task and the two attention tasks.

We calculated an attentional modulation index (AMI) in single voxels as
1
AMI = 5(]TRW0 — TRWy| + |[TRWy — TRWp|) (5.1)

where TRW,, TRWy, and T RWp are the TRW during passive listening, atten-
tion to humans, and attention to places. In a voxel with AMI of 0 attention
does not modulate TRW, whereas TRW in a voxel with AMI of 1 gets maximally

modulated by category-based attention. Finally, we quantified an attentional bias
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index (ABI) as
ABI = TRWy — TRWp (5.2)

Maximized TRW during attention to humans versus attention to places yields

positive versus negative ABI in the range [—1, 1].

5.3 Results

It is currently unknown whether and how search for specific object categories
during natural listening modulates temporal receptive windows (TRWs) across
the language processing hierarchy (Fig. 5.2). To address this question, we an-
alyzed the data from an experiment where five human subjects were asksed to
listen to over two hours of narrative stories while undergoing functional magnetic
resonance imaging (fMRI), and perform three separate tasks: passive listening,
attending to “humans”, or attending to “places”. We used a long short-term
memory (LSTM) network to obtain a latent representation of the lingual infor-
mation pertaining to the presented stories and modeled brain responses evoked by
natural stories.This network integrated past semantic information over a 20-word
window to output timecourse of 985 language features. Language models were
fit in single voxels that mapped the obtained language features to the recorded

responses in individual subjects and for each task (Fig. 5.1a,b).

5.3.1 Language model well predicts responses to narrated

stories

The fit language models would be functionally important only if they can suc-
cessfully predict responses to stimuli not used for model fitting. To address this
issue, we used the language models estimated during passive listening to predict
held-out responses. Prediction score of the fit models were taken as Pearson’s

correlation coefficient between single voxel predicted responses and the measured
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Figure 5.2. Hypothesized changes in process memory timescales. Previous
studies suggest that virtually all neural populations maintain and process past per-
ceptual information to represent current inputs. Moreover, timescale of this process
memory mechanism (formalized as the temporal receptive window (TRW)) is hierar-
chically organized across cortex. During natural auditory listening, a language model
can be employed to estimate TRWs via a model-based approach. There is evidence sug-
gesting that selective attention modulates language representation in the brain. Thus,
auditory object-based search should modulate TRWs.

Language Model l

responses (see Methods). We then assessed statistical significance of the calcu-
lated prediction scores. A null hypothesis was considered where prediction scores
are not different than zero.Under this null hypothesis, prediction scores are not
different than the correlation between two Gaussian random vectors. We find
that the language models significantly predict responses in 11.04+4.2% of cortical
voxels (bootstrap test, ¢(FDR)<0.05). These significantly predicted voxels were
used in all subsequent analyses. Moreover, the language models have high predic-
tion scores (greater than 1 std above the mean) in 27.746.4% of the significantly
predicted voxels. Many voxels across primary and non-primary auditory cortex
(AC), parietal cortex, and inferior frontal cortex are among these well-predicted
voxels. These results suggest that many voxels across auditory-processing cor-
tex, and higher-level parietal and prefrontal cortices encode lingual information
in natural stories, that can be significantly characterized via the LSTM language

model.
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Figure 5.3. TRW values estimated during passive listening. a. TRW values
estimated during passive listening were plotted on the flattened cortical surfaces of
the five subjects. Voxels where prediction scores of the language model during passive
listening were not significant are hidden, revealing the cortical curvature below. b.
TRW values were projected onto the standard brain template and averaged across sub-
jects. Anatomical regions of interest and important sulci are identified on the flat map;
HG, Heschl’s gyrus; pSTS, posterior superior temporal sulcus; STG, superior temporal
gyrus; AG, angular gyrus; IPS, intraparietal sulcus; PrCu, precuneous; BA44/BA45,
Brodmann area 44/45; IFS, inferior frontal sulcus; SFS, superior frontal sulcus; SF,
Sylvian fissure; STS, superior temporal sulcus; MTS, middle temporal sulcus; mFus,
mid-fusiform sulcus; CoS, collateral sulcus; POS, parieto-occipital sulcus. TRWs are
short in primary auditory cortex (HG). Voxels in non-primary auditory cortex (STG,
STS) exhibit low to intermediate TRWs. Many voxels across parietal and prefrontal
cortices exhibit long TRWs.
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5.3.2 Distribution of TRWSs across cortex

To emulate the sensitivity of language models to variations in the information
integration extent, separate networks were trained that used different extents of
past semantic information, yielding 20 separate sets of language features. In each
voxel, language models were fit using each of the 20 feature sets, and prediction
scores of the fit models were calculated, yielding 20-dimensional voxelwise pre-
diction score profiles. The prediction score profile of a given voxel would indicate
selectivity of that voxel for different extents of semantic information integration.
The TRW width in single voxels was then taken as the center of mass of pre-
diction score profiles (Fig. 5.1c), yielding TRWe [1,20]. Under this scheme, a
voxel with short TRW would be selective for short extent of past semantic in-
formation, whereas a voxel with wide TRW would favor integrating information
over a longer extent. We visualized the distribution of TRWs by projecting them
onto flattened cortical surfaces (Fig. 5.3). Many voxels in primary AC (near
Heschl’s gyrus (HG)) exhibited short TRWs (Fig. 5.3, blue and red). Moving
rostrally and caudally from HG to non-primary AC voxels preferred increasingly
wider TRWSs, where superior temporal gyrus (STG) voxels exhibited intermedi-
ate TRWs (Fig. 5.3, red and green). Voxels in superior temporal sulcus (STS),
temporo-parietal junction (TPJ), precuneus (PrCu), and prefrontal cortex ex-
hibited the widest TRWs (Fig. 5.3, yellow). The distribution of TRWs found
here very well replicates the results from previous studies that estimated TRWs
by temporally modifying the stimulus [75, 118]. Figure 5.7a shows TRW widths
in several common regions of interest (ROIs). Previous studies also report pro-
gressively increasing TRW width from primary AC toward non-primary AC and
inferior parietal cortex. Consistent with these reports, we find that TRW widths
significantly increase from HG to STG, and from STG to STS (bootstrap test,
p< 0.01). We also find that TRWs are significantly wider in prefrontal cortex
(BA45, TFS, MFG), and in parietal cortex (AG, IPS, PrCu) compared to pri-
mary AC (p< 0.01). These results can be taken to suggest that representation
of narrated stories in primary AC does not rely on the recent history of seman-
tic inputs, whereas higher-level cortical areas integrate semantic information to

represent the stories.
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Figure 5.4. TRW values estimated via the alternative approach. TRW values
were assessed via an alternative approach where—instead of randomizing the tailing
context words—the tailing context words were removed from the training samples. TRW
values were projected onto the standard brain template and averaged across subjects.
The map of TRW distribution assessed via the alternative method is similar to the
original map of TRW distribution shown in Fig. 5.3.
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We compared the TRWs assessed via an alternative method to validate the
distribution of TRWs. In this alternative method, instead of randomizing the
tailing context words, we removed the tailing context words from training sam-
ples. The distribution of TRWs assessed via this alternative approach is shown in
Fig. 5.4. This alternative assessment of TRWs is similar-but noisier-compared

to the TRWs assessed via the randomization approach (Fig. 5.3 versus Fig. 5.4).

5.3.3 Attention modulates TRWs across cortex

Recent reports suggest that attentional modulations vary across areas along the
auditory and language processing hierarchies [99, 25, 227, 151]. This raises the
possibility that TRWs modulations by category-based auditory search might also
vary across the auditory and lingual processing hierarchies. To test this possi-
bility, we compared TRWs between passive listening task and the two attention
tasks. We quantified attentional modulations of TRWs by defining an atten-
tional modulation index (AMI€ [0,1]). TRW width in a voxel with AMI of 1
gets maximally modulated by attention, while in a voxel with AMI of zero TRW
does not get modulated by attention. To visualize the distribution of attentional
modulations of TRW across cortex, we visualized AMI values onto flattened cor-
tical surfaces (Fig. 5.5). We observe that TRWs are modulated in many voxels
across non-primary AC (STG, STS), temporal pole, parietal cortex (AG, IPS,
PrCu), and anterior inferior frontal cortex (BA45). This observation is aligned
with previous findings suggesting that selective attention modulates representa-
tion of natural stories in parietal, and prefrontal cortices [165]. Moreover, we
studied AMI in several common ROIs (Fig. 5.7b). AMI is significantly higher in
non-primary AC (STS, STG; bootstrap test, p< 0.01) and in prefrontal cortex
(BA45, MFG, TF'S; p< 0.05) compared to primary AC. These results suggest that
TRW in voxels across non-primary auditory cortex and high-level language areas

get expanded during attention to auditory object categories.
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TRW Sensitivity

Figure 5.5. Attentional modulation of TRWs. a. For each voxel, an attentional
modulation index (AMIe€ [0, 1]) was calculated to quantify the attentional shrinkage or
expansion of TRWs. Attention maximally modulates TRW in a voxel with an AMI of
1, whereas an AMI of zero indicates that voxel TRW is not modulated by attention.
AMI values plotted on the flattened cortical surfaces of the five subjects. Voxels where
prediction scores of the language model during passive listening were not significant
are hidden, revealing the cortical curvature below. Cortical distribution of AMI values
is consistent across subjects. b. AMI values from individual subjects were projected
onto the standard brain template and averaged across subjects. TRW in many voxels
across non-primary auditory cortex (AC), parietal cortex, and prefrontal cortex are
modulated by attention.
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5.3.4 Auditory search for object categories selectively

modulates TRWs

Previous evidence suggest that attending to a given object category (e.g. birds,
tools) in an auditory scene enhances BOLD responses in cortical areas that are
selective for that target [116]. This postulates that TRW modulations during
category-based auditory search should be influenced by selectivity of neural pop-
ulations for targets. To test this hypothesis, we compared TRWs between the
“attend to humans” and “attend to places” tasks. To quantify the TRW modula-
tions across these task, an attentional bias index (ABI€ [—1,1]) was formalized.
TRW in a voxel with ABI of 1 is maximized during search for humans, while an
ABI of —1 indicates maximized TRW during search for places, and an ABI of
zero indicates that voxel TRW is not modulated across tasks. We visualized this
attentional bias by projecting ABI values onto cortical surfaces (Fig. 5.6). TRW
bias was most prominent in postrior temporal, parietal, and inferior prefrontal
cortices. Figure 5.7c shows ABI in several common ROIs. ABI is not significant
(bootstrap test p> 0.05) in AC (HG, STG, STS), in angular gyrus, and in most
areas in the prefrontal cortex (BA44/45, MFG). Yet, ABI is greater than zero in
pSTS and PrCu. This suggests that during search for humans, TRWs in pSTS
and PrCu get expanded. Previous studies suggest that precuneous facilitates rep-
resentation of humans by encoding high-level information such as other’s feelings
and intentions [145, 117]. However, perception of these features while attending
to humans during natural audition intrinsically relies on the semantic context pre-
ceding target onset. Furthermore, previous reports suggest that pSTS maintains
semantic information pertaining to humans during visual and auditory percep-
tion [3]. Thus, positive ABI in PrCu and pSTS can be accounted to significance
of semantic context in perception of the high-level semantic features represented
in these areas. We find that TRWs in IPS and IFS get expanded during search
for places. Previous evidence suggest that IPS maintains spatial information
that are later recalled during both visual [21] and auditory [109, 132] search for
places. Moreover, inferior prefrontal cortex has been suggested to maintain repre-
sentation of spatial information during natural audio-visual perception [24], and

modulate place perception through its connection with the hippocampus [113].
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These lines of research suggest that during search for places, TRWs in IPS and
in IFS get expanded to accommodate spatial contextual information pertaining

to targets.

5.4 Discussion

Using fMRI responses to over two hours of natural stories, we employed a model-
based approach to estimate temporal receptive windows (TRWSs) in the brain,
and their modulation during auditory search for “human” or “place” categories.
Our results show that TRWs are short in early auditory cortex (AC), but they
get increasingly wider toward higher stages of cognitive processing, replicating
the distribution of TRWs that were previously revealed by alternative methods
based on stimulus scrambling. Furthermore, our results suggest that category-
based auditory search variably modulates TRWs along the auditory and lingual
processing hierarchies; attentional modulations are stronger in higher-level audi-

tory and lingual processing areas.

There is neurophysiological evidence showing that visual search can expand
visual spatial receptive field (SRF) of a neuron to accommodate more of the in-
formation surrounding the target [183, 58]. Our results here suggest a similar flex-
ibility for TRWs; auditory category-based search expands TRWs to accommodate
contextual semantic information pertaining to targets. Specifically, analogous to
the previous findings suggesting that SRF's in later stages of visual processing
exhibit stronger attentional modulations [147], here we find increasingly stronger

attentional modulations for TRWs toward later stages of cognitive processing.

We find that semantic identity of the search target interacts with TRW modu-
lations in different areas across the cortex. Auditory search for humans expands
TRWs in areas that selectively represent humans and inter-personal communica-
tions [135, 226], whereas search for places expands TRWs in areas selective for
places [39, 130]. These evidence support the hypothesis that selective attention

facilitates auditory language processing by expanding TRWs to integrate greater
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Figure 5.6. Attentional bias of TRWs. a. For each voxel, an attentional bias
index (ABIe [—1,1]) was calculated to quantify the attentional modulation of TRWs
during attention to humans versus attention to places. TRW maximally expands during
attention to humans in a voxel with an ABI of 1, whereas an ABI of -1 indicates that
voxel TRW is maximally expanded during attention to places. ABI values plotted on
the flattened cortical surfaces of the five subjects. Voxels where prediction scores of
the language model during passive listening were not significant are hidden, revealing
the cortical curvature below. Cortical distribution of ABI values is consistent across
subjects. b. ABI values from individual subjects were projected onto the standard
brain template and averaged across subjects. TRWs in voxels across pSTS and PrCu
expand during attention to humans. While, attention to places expands TRWs in IPS
and IF'S.
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Figure 5.7. TRWs and their
attentional modulations in
anatomical ROIs. a. TRW
during passive viewing, in anatom-
ical areas (mean#tsem across five
subjects). TRWs are significantly
wider in non-primary AC (STG,
STS) compared to primary AC
(HG; bootstrap test, p< 0.01).
TRWs are also wider in parietal
and prefrontal cortex compared
to HG (p< 0.05). b. Atten-
tional modulation index (AMI) in
anatomical ROIs. AMI is signifi-
cantly higher in non-primary AC
(STS, STG; p< 0.01) and in pre-
frontal cortex (BA45, MFG, IFS;
p< 0.05) compared to primary
AC. c. Attentional bias index
(ABI) in anatomical ROIs. TRWs
are significantly wider during
attending to humans in pSTS
and PrCu (p< 0.05), whereas it
is significantly. While, they are
wider during attending to places
in IPS and IFS (p< 0.05).
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extents of contextual semantic information pertaining to targets. These evidence
also parallel an analogous dynamic modulation mechanism for SRFs during vi-
sual search, where spatial visual search expands SRFs to accommodate greater

extent of spatial context pertaining to targets [168].

Previous studies have employed temporal manipulation of the stimulus to map
TRWs across the cortex [75, 118]. Here, we employed a more systematic technique
to estimate TRWs, using multiple long short-term memory (LSTM) networks
that each were trained to maintain a certain amount of past semantic informa-
tion. This approach has several advantages compared to previous methods that
manipulate the stimulus. Comparing responses recorded during multiple stimulus
presentation sessions would suffer from physiological and experimental variations
between sessions. Furthermore, several presentation of the same audio stimulus,
although with variation of the scrambling extent, can lead to subject expecta-
tion bias. Yet, the approach used here is immune to these potential confounds
since it incorporates the manipulation into the model instead of manipulating the

stimulus.

The neural network used as the language model well explains variance in the
responses. Yet, it has the limitation of using a fixed context length of 20 preceding
words to predict the embedding vector for each input word. Recent progress in
natural language processing have led to emergence of novel architectures based on
Transformers [206, 47]. These architectures employ self-attention units that re-
sults in non-uniform variable-length integration of past contextual information to
predict the output to the current input instance. Employing these self-attention
network architectures —that are more ecologically valid compared to LSTMs— in

the future can increase precision and statistical power in TRW estimations.

In summary, we systematically mapped TRWSs across the cortex and found
that category-based attention during natural audition modulates TRWs across
auditory and lingual processing hierarchies. Moreover, these modulations in-
teract with semantic selectivity of neural populations for search targets. This

dynamic attentional mechanism enhances language representation by expanding
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the amount of represented contextual information pertaining to task-relevant cat-
egories. Overall, these results help explain human’s ability to perceive complex

streams of auditory lingual information in daily life.

5.5 Publications

This chapter of the thesis have been partially presented and published in the

following conferences and journals:

e Mohammad Shahdloo, Mert Acar, and Tolga Cukur. Attention During
Story Listening Modulates Temporal Receptive Windows Across Human

Cortex. In Conference on Cognitive Computational Neuroscience (CCN),
page PS1A.52, Berlin, 2019.
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Chapter 6

Concluding Remarks and Future

Directions

The broad goal of this dissertation was to develop novel computational tools to
reconstruct MRI images and analyze the rich information underlying large-scale
fMRI acquisitions. With this aim, we proposed a novel self-tuning compressed
sensing reconstruction for generic multi-coil multi-acquisition MRI datasets. Our
proposed method outperforms conventional self-tuning reconstruction methods
while being up to an order of magnitude computationally efficient. Furthermore,
we analyzed fMRI data gathered during hours of natural stimuli presentation to
uncover novel insights into brain’s cognitive functions during visual and auditory

category-based attention. The key contributions of the thesis are:

1. Developing PESCaT, a new self-tuning reconstruction method to optimize

regularization parameters in CS-MRI

2. Investigating semantic representation of actions and corresponding atten-

tional modulations during category-based visual search

3. Developing a model-based approach to estimate temporal receptive windows

and their attentional modulations during natural audition
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These contributions propose several new research questions and directions. First,
PESCaT reconstruction imposes fidelity to the calibration data collected from
the centeral region of k-space. Yet, in some MRI applications, such as MR
spectroscopy and dynamic imaging, acquisition of calibration data is impractical
[199, 184]. An important and promising research direction would be to extend
PESCaT to be compatible with calibration-less reconstruction scenarios. Sec-
ond, here we investigated attentional modulation of semantic representation of
actions while controlling for spurious correlations among action categories and
low- and intermediate-level stimulus features. Yet, we do not rule out the pos-
sibility that there might be residual influences due to other high-level action
features such as expected action goals, and actors’ perceived attitude [89, 90, 4].
Further work would be needed to functionally dissociate potential contributions
of these high-level features and attentional modulations in action representation.
Moreover, further work using high-resolution fMRI sequences can lead to uncov-
ering detailed dynamics of action representation and its attentional modulations.
Finally, we estimated temporal receptive windows (TRWSs) by training separate
long short-term memory (LSTM) networks that were aware of separate extents
of past contextual information. However, more modern network architectures
for natural language perception have been proposed in the literature. Thus, it
is an open research direction to investigate estimates of TRW using alternative

networks such as self-attention networks based on Transformers.
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