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The method of stimulus reconstruction has shown to be an effective tool for detecting a
listener’s attentional focus in a multi-talker environment. Using electroencephalography
(EEG), this technique aims to learn neural decoding functions to predict a signal which
is most similar to the temporal amplitude envelope of an attended talker’s speech. By
comparing this prediction to the envelope of each speech source in the environment, a decision
can be made as to which source the listener is attending to. However, the conventional
method for stimulus reconstruction is incomplete when applied to multi-talker environments.
This is because the standard minimum mean square error (MMSE) criterion used for learning
neural decoder functions discards information relating to how the brain jointly encodes both
attended and unattended speech stimuli, discarding information which could be used for
developing more discriminative decoders for auditory attention detection.

This thesis proposes how the conventional method of stimulus reconstruction can be
improved by incorporating concepts from linear discriminant analysis (LDA). Utilizing the
expected neural encoding properties to all attentional stimuli, we show how reconstruction
error can be minimized while simultaneously maximizing the distance between the attentional
class similarity metrics used for attention detection. This thesis then proposes how the
method of stimulus reconstruction can be performed using only the spatial component of the

neural response, improving computational efficiency by significantly reducing the number of



neural features used for attention detection. By employing the utility of canonical correlation
analysis (CCA) to relate this spatial neural response to a temporal window of stimulus lags,
we show how detection accuracy comparable to traditional stimulus reconstruction can be
achieved; accuracies which further improve by adapting concepts from LDA into this reduced-

rank framework for auditory attention detection.
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Chapter 1

INTRODUCTION
1.1 Background

Humans possess the remarkable ability to “tune in” to speech sources of interest in complex
auditory environments. When this environment is comprised of other competing talkers, this
innate human ability of selecting a speech source to “attend” to, while simultaneously filtering
out distracting speech, is known as selective auditory attention. Coined the cocktail party
problem by Colin Cherry [9], the neural underpinnings of how the human brain effortlessly
solves this non-trivial task have been a key research topic for decades. As a result, the field
has progressed to where it is now possible to detect who a listener is focusing their attention
on by comparing their neural activity to the activity of multiple candidate speech sources in
an environment [27]. This detection framework is commonly referred to as auditory attention
detection (AAD).

The AAD paradigm has motivated many researchers and industry personnel due to its
far-reaching number of applications. For example, AAD could provide additional clinical
tools for the analysis and diagnosis of attention-related disorders. For more industry-driven
approaches, AAD can be linked to providing new mediums for information retrieval within
the advertising and marketing industries, as well as for other brain-computer interface (BCI)
applications which could benefit from a user’s auditory focus as input. For example, an
application of AAD within the evolving field of virtual reality would be to incorporate neural
feedback to govern how novel scenarios unfold in a controlled auditory and visual environment
based on the subject’s auditory focus. Another example, and one of the more common
AAD applications within the literature, is incorporating a listener’s auditory focus into the

processing of hearing prostheses (such as hearing aids or cochlear implants). By integrating



neural feedback into hearing prostheses, researchers hope to construct systems which utilize
acoustic beamforming techniques to steer nulls toward the angular directions of distracting
speech sources while retaining and amplifying the speech of an attended source, as in the
recent works of [10, 21, 35].

Almost all of these applications would have a common set of requirements: 1) pro-
vide minimal impact to the user’s comfort level (for example, high-density neural recording
caps would likely not be a viable option), 2) computationally efficient processing strate-
gies (especially for battery-powered wearable technologies), and most importantly 3) robust
performance using a noninvasive recording modality. Developing AAD strategies using non-
invasive techniques, such as magnetoencephalography (MEG) and electroencephalography
(EEG), has been at the forefront of this research. This includes methods like state-space
modeling for tracking dynamic changes in attention switching for MEG [2, 3], empirical
mode decomposition for modeling gamma band synchronization between attended stimuli
and neural activity for EEG [20], automatic independent component analysis for attention
detection for EEG [28], as well as a probabilistic approach based on hidden Markov model
regression for combined M-EEG [25]. However, the technique which is most commonly used
throughout the literature, and which is a central focus of this thesis, is AAD via stimulus

reconstruction using EEG.

1.1.1 Stimulus reconstruction

The method of stimulus reconstruction is a dominant technique used in the study of neural
processing. This technique has provided a clever way to infer extremely complex encod-
ing properties within a population of neurons by learning linear mappings from the neural
population back to naturally occurring stimuli. For example, stimulus reconstruction has
shown how particular areas of the brain encode information by reconstructing estimations of
visual scenes [6, 34, 36], as well as auditory scenes [24, 29, 31, 32], based on selective invasive
recording locations within the brain. Another example is how the brain processes speech,

where stimulus reconstruction has allowed for quantitative analysis on how the brain encodes



stimuli by comparing how well different stimulus representations account for observed neural
responses [29]. This simple, yet effective assumption of a linear model has allowed stimulus
reconstruction to become a powerful tool for neural encoding analysis.

The underlying model used for stimulus reconstruction assumes that a neural response
can be represented by a particular stimulus feature convolved with a neural impulse response
function. Most often, any nonlinearities within this relationship are absorbed within the par-
ticular stimulus feature being evaluated. For example, an important relationship commonly
used within auditory neuroscience literature is that the cortical neural response follows the
temporal amplitude envelope of speech [1, 18, 22]. This low-frequency relationship between
neural activity and the speech envelope has allowed for less resolved noninvasive techniques
like MEG and EEG to become practical tools for auditory analysis. These neural impulse

responses are commonly referred to as temporal response functions (TRFs) and are modeled

by:

h
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rle,n] = hlc, €]s[n — €] + nle, n], (1.1)
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where r[c, n] denotes the discrete-time neural response observed at the ¢*® measurement chan-
nel, hlc, ¢] denotes the respective TRF where ¢ denotes discrete lag index, s[n] denotes the
speech envelope, and n[c, n| denotes residual noise not explained by the model and is assumed
to be Gaussian. Under this notation, stimulus reconstruction attempts to deconvolve the
TRF via a neural decoding function d[c, ], where weighted and delayed neural observations

are combined such that
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results in a prediction of the stimulus envelope. These decoders are typically learned using

minimum-mean square error (MMSE) optimization criterion, as follows:
minimize E{|§ — s|*}, (1.3)

where E{ - } denotes expected value.



Stimulus reconstruction has also proven to be an insightful technique for the study of
selective auditory attention, where it has shown to be sensitive to cocktail party paradigms
(11, 12, 15, 23, 30]. More specifically, these studies have shown overwhelming evidence
that both attended and unattended speech stimuli are simultaneously encoded within the
brain, where attention is controlled by a combination of bottom-up and top-down cognitive

processing. Under a simple two-talker scenario, this follows the model of:

L-1

rle,n| = Z haw[c, O)Sare[n — €] + hunelC, €] Sunt [ — €] + n[c, n], (1.4)

=0

where hglc, €] denotes the attended TRF to an attended speech envelope s, [n], and hypn|c, ¢
denotes the unattended TRF to an unattended speech envelope s,,,¢[n]. Because the encoding
properties for both TRFs are separable [11], predictions of either the attended or unattended
speech source can be recovered by regressing the decoder in equation 1.2 toward the desired
stimulus (i.e. replacing s in equation 1.3 with either s,y or s,,;). This, in turn, has allowed

stimulus reconstruction to become an effective tool for AAD.

1.1.2  Auditory attention detection via stimulus reconstruction

Auditory attention detection by means of stimulus reconstruction (SRAAD), as proposed by
O’Sullivan et al., 2014 [27], is a technique which attempts to reconstruct an estimation of
the attended speech envelope using the expected neural encoding properties for an attended
stimulus (learned by equation 1.3 when s = s44). Then, given numerous talkers in an
environment, AAD is performed by determining which of the speech sources is most similar to
the reconstruction. Using a sample Pearson correlation coefficient as the similarity measure,
this method has been shown to perform well above chance for detecting a listener’s attentional
focus when using their EEG response.

In addition, this technique has allowed for each of the concerns for practical AAD ap-
plications regarding user comfort, computational/power efficiency, and robust noninvasive
detection accuracy to be addressed. For example, [26] has shown that SRAAD is robust to

the number of EEG channels used for stimulus reconstruction, suggesting that fine-grained



spatial sampling is not necessary for attention detection, addressing both user comfort and
power efficiency. As for robust detection, [7] proposed how SRAAD accuracy can be im-
proved by using speech envelope extraction techniques representative to auditory pathway
models, allowing a more biologically-inspired speech envelope to relate to the EEG. In an-
other study, [4] suggested that SRAAD is robust under the assumption that access to the
clean and separate speech sources is not available for reconstruction comparison (represent-
ing the blind source separation stage for a hearing prosthesis). SRAAD was also shown to be
robust to attentional task in [19], where attentional detection in a dichotic speech paradigm
was accurately decoded under numerous low-level to high-level task conditions.

All of these studies rely on a common stimulus reconstruction method: minimizing the
mean square error between the predicted stimulus and the true stimulus following that of
equation 1.3. However, this type of stimulus reconstruction does not take into account any
expected encoding properties of the opposite stimulus. That is, when regressing decoders
for the reconstruction of an attended stimulus, no knowledge of the unattended stimulus is
accounted for within the optimization criterion. This poses a problem, especially when the
detection statistic for SRAAD relies on comparing the similarity between the reconstruction
with both true attended and unattended stimuli. By not utilizing all of the expected atten-
tional encoding properties within the stimulus reconstruction technique, useful information
needed for attention detection is being discarded; information which could provide significant

impact to the SRAAD framework if taken advantage of in the correct way.
1.2 Overview of Thesis

This thesis addresses the lack of accountability for all attentional stimuli assumed within
the model so that the expected neural encoding properties to both attended and unattended
stimuli are fully utilized. This is achieved by proposing an optimization criterion based on
linear discriminant analysis (LDA), where the goal is to minimize reconstruction error while
maximizing the attentional class separation of correlation coefficients used for the detection

statistic of SRAAD. More specifically, we aim to maximize the separation between how well



the reconstruction correlates with a true attended speech envelope, compared to its corre-
lation with a true unattended speech envelope. It is shown how this optimization criterion
directly maximizes the detection statistic for SRAAD and how minimal modifications to
traditional MMSE estimation can be made which result in significant detection accuracy
improvements. The proposed framework is evaluated using experimental data from 34 EEG
subjects who participated in a two-talker selective auditory attention task (following the
model of equation 1.4). It is shown that, on average, detection accuracy improved com-
pared to traditional stimulus reconstruction via MMSE estimation by +5.6% (absolute) for
detection of an attended stimulus and +13.6% (absolute) for detection of an unattended

stimulus.

Additionally, this thesis addresses the issue of computational efficiency for practical
SRAAD applications. Current methods for stimulus reconstruction relate high-dimensional
spatiotemporal activity of the neural response to that of a single instance of the speech
stimulus. In many cases, this results in ill-conditioned covariance estimators where careful
processing strategies are required for numerically stable decoder function estimations, such as
applying principal component analysis (PCA) or regularization. This thesis instead proposes
how the spatiotemporal relationship between the neural responses and stimuli can be split
between these modalities, where the spatial component of EEG is related to the temporal
statistics of the speech envelope. This strategy reduces the total number of features required
for stimulus prediction and allows for more numerically stable processing techniques to be ap-
plied. Referred to as generalized reconstruction for auditory attention detection (GRAAD),
it is shown how attention detection can be performed within this reduced-rank framework,
where canonical correlation analysis (CCA) can be applied to find a maximally correlated
subspace between these two modalities. It is shown that this alternative approach results
in comparable detection accuracies to that of traditional stimulus reconstruction via MMSE

estimation, even though less features are used within the analysis.

Finally, it is shown how the proposed GRAAD framework can be modified to include in-

formation relating to all attentional stimuli assumed within the model to improve detection



accuracy. Similar to the approach based on LDA for SRAAD, here we present an opti-
mization criterion which finds a subspace between the EEG and stimulus modalities which
maximizes the attentional class separation of correlation coefficients used for the detection
statistic of GRAAD. It is shown that this proposed framework results in the highest average
improvement for detection accuracy when compared to traditional stimulus reconstruction
via MMSE estimation, improving by +6.4% (absolute) for detection of an attended stimulus

and +14.4% (absolute) for detection of an unattended stimulus.

1.2.1 Thesis contents

This thesis is made up of four parts. The first part, outlined in chapter 2, focuses on stimu-
lus reconstruction techniques for SRAAD. The general framework needed for SRAAD, which
includes defining the detection statistic as well as how neural decoding is performed, is out-
lined in section 2.1. Section 2.2 introduces the standard technique for stimulus reconstruction
where neural decoders are trained using MMSE criterion between the prediction and the de-
sired stimulus in which to reconstruct. In section 2.3, stimulus reconstruction framework is
proposed based on concepts from LDA, where it is shown how standard MMSE estimation
can be modified to account for all attentional stimuli assumed within the model.

The second part of this thesis, outlined in chapter 3, introduces the GRAAD framework as
a reduced-rank alternative to SRAAD. The motivation for this type of approach is addressed
in section 3.1. The foundation for how the spatiotemporal relationship between the EEG
and stimulus can be represented as a subspace projection between these modalities, as well
as how auditory attention detection can be performed, is developed in section 3.2. Next,
section 3.3 derives how CCA can be used for learning optimal projections for both of these
modalities. Finally, section 3.4 shows how the LDA based concepts proposed in section 2.3
can be adapted to the GRAAD framework for improving detection accuracy.

The third part of this thesis is outlined in chapter 4, where each of the AAD techniques
presented in chapters 2 and 3 are evaluated and compared using real EEG data. The ex-

perimental setup which includes participant information, stimuli and procedure setup, data



acquisition, and preprocessing techniques is detailed in section 4.1. Evaluation and compar-
ison for each of the methods is discussed in section 4.2.
Chapter 5, the final part of this thesis, summarizes the methods proposed and suggests

promising directions for future work.

1.2.2  Summary of Notation

The discrete-time speech envelope of an attended talker is denoted by squ[n], and unattended
talker denoted by s,,¢[n] forn =0,1,..., N —1. The EEG response of the listener is denoted
by rle,n+/], where ¢ = 1,2, ..., C denotes the EEG electrode channel and £ = 0,1,...,L—1
denotes the lag index. All signals are assumed to have been centered to zero mean. E{-}
denotes statistical expectation. All matrices are denoted by a bold uppercase letter, e.g. H,
and vectors as bold lowercase italic letters, e.g. . A vector or matrix transpose is denoted

by (-)T. Column vectors are assumed unless otherwise stated.



Chapter 2

STIMULUS RECONSTRUCTION FOR AUDITORY
ATTENTION DETECTION

2.1 Introduction

The method of stimulus reconstruction used within the SRAAD framework is performed by
sampling, weighting, and combining time-lagged copies of each EEG channel together so
that a prediction of the underlying stimulus is recovered. These filter weights are commonly

referred to as a neural decoder function and take the form of:
T
d=|d[1,0] dL1] - dLL-1] d20 - dCL-1]| . (2.1)
By defining the respective window for the EEG response as:
T
P = [rLn] rlLn+1] o rLnL—1] r2a] o rCn+L-1]] . (22)

the decoding functionality of equation 1.2 can be represented as the inner product between

the decoder and neural response, defined by equation 2.3 below.
3[n] = d"r[n] (2.3)

Decoding functions are typically trained and tested using a leave-one-out cross-validation
approach across neural responses obtained from K similar length trials. Typical experiments
for AAD limit the total number of stimuli to only two simultaneously spoken narratives (each
trial of approximately 60 seconds in length), following the model of equation 1.4. Reconstruc-
tion similarity is tested by measuring how well the predicted speech envelope correlates with
the true speech envelope for both the attended and unattended stimuli. Assuming the stim-

ulus being predicted is the attended speech source, let these sample correlation coefficients
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for the k™ test trial be denoted as:

Caalk] = corr{Saulk, n|, sar|k,n]} (2.4)
Caulk] = corr{S.ulk, n], sunt[k, n]}, (2.5)

where

2zl ] z)(y[n ]—z?)
V2wl =223,y

is the sample Pearson correlation coefficient!, and z and ¢ denote the sample means. Provided

corr{z[n],y[n]} = (2.6)

we know ground truth for which speech source the listener is attending to, detection accuracy
for SRAAD is measured by comparing these correlations via an indicator function I,;[k]
which determines whether the &*" test trial detected the attended stimulus correctly or not.
This function is shown by equation 2.7 below.

[att[k] _ 1 if Cé’a[k] > C@u[/{?] (27)

0 otherwise
Detection accuracy for an attended stimulus is defined as the average value of I,;;,. Detection
of an unattended stimulus is performed analogously. With both the detection statistic and
decoding functionality defined, we can now develop optimization criteria for the learning of

decoder weights.
2.2 Stimulus Reconstruction

The traditional method of stimulus reconstruction when applied to AAD aims to learn de-
coder weights which minimize the mean square error between § and s,;, following the MMSE

cost function of:

dyvse = argmln - {}d r— sattlz} ) (2.8)

!The sample Pearson correlation coefficient is a similarity measure between two sampled random variables
x and y, where the correlation coefficient is bounded between —1 < ¢y, < 1. Perfect correlation occurs
when x = y which results in ¢k, = 1, and perfect anti-correlation occurs when z = —y which results in
Cxy = —1L.
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The optimal solution to this quadratic problem is the least squares solution of:
dyvse =2, 0, (2.9)

where 32, denotes the covariance matrix of r, and o5, denotes the cross-covariance between
r and S,u.
MMSE criterion is advantageous for SRAAD as it can be reformulated to the correlation

maximization problem of:

T
arg max e {d rsatt}

< JE{dirrrapE{s2,)

Due to a detection statistic which relies on how well the reconstruction correlates with the

(2.10)

true stimulus, showing that c;, is maximized within this reconstruction technique is an
important characteristic to have.

Stimulus reconstruction via MMSE estimation is popular among the SRAAD community
due to its simplicity and reasonable prediction accuracy. However, this reconstruction tech-
nique does not account for the joint encoding properties of both the attended and unattended
speech stimuli within the neural population being measured. Because of this, information
relating to the unattended stimulus is discarded within the regression technique, effectively
ignoring half of the detection statistic for SRAAD (i.e. cs.). To see how this can be ad-
dressed, let us consider a cost function which accounts for all stimuli assumed within the

selective attention model.

2.3 Stimuli-Difference Decoding

Reconsidering the detection statistic of equation 2.7, the goal is to find a neural decoding
function which maximizes the correlation of the reconstruction with an attended speech
envelope. Furthermore, the correlation of the reconstruction with an unattended speech
envelope should be minimized. Noting that correlation is bounded between —1 < ¢y, < 1,
the optimal decoder for this detection statistic relates to maximizing the separation between

Caa and ca, (ie. forcing czn — 1 and ¢z, — —1). To achieve this, the reconstruction
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Figure 2.1: Comparison of stimulus reconstruction methods where the dotted line is the
detection threshold for SRAAD. Left: maximizing correlation of the reconstruction with
the true attended stimulus without accounting for the unattended stimulus within the re-
construction method, i.e. minimize E{|d"r — s,4|?}. Right: maximizing the correlation
separation between c; , and ¢, where c; , is positive, for optimal reconstruction orthogonal
to the detection threshold.

technique must embed both attentional stimuli into the reconstruction, where c;, — csy is
maximized. Similar to LDA, this reconstruction technique looks to find a decoder which
minimizes the reconstruction error while maximizing separation between the two attentional
classes within the detection statistic. This is achieved by decoding 7 to a point of correlation
with each stimulus which is orthogonal to the detection threshold (see figure 2.1).

To convey this mathematically, consider the following correlation maximization cost func-

tion.
T T
arg max E {d 'I“Satt} E {d 'I“Sunt}

d \/E {dT’I“’I‘Td}\/E {Sgtt} - \/IE {dT'r’l“Td}\/E {S%nt}

Solving this optimization problem yields the optimal reconstruction statistics required for

(2.11)

attention detection, where c;, > c;,. By normalizing all stimuli to have unit variance, i.e.
E{s%,} = E{s?,,} = 1 (assuming variables have been centered), the cost function of equation

2.11 reduces to:

E {dTr(Satt - 5unt>}
arg max .
d VE{d"rrTd}

Interestingly enough, and again noting that correlation maximization can be reformulated

(2.12)
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as MMSE estimation, this optimization problem can now be posed as minimizing the mean
square error between the prediction and the difference between both normalized attentional

stimuli.
1
arg min 5 E { ‘dTr — (Satt — sunt)f} (2.13)
d

Here, s.; and s,,; are assumed to be independent zero-mean random variables, where
E{sattSunt} = 0, which is a safe assumption due to the independence of the talkers. The
closed form solution to this quadratic problem is similar to that of LDA?, where the optimal

decoder is defined as:
dSDMMSE - 27;1 (Ursa - Ursu) - Er_rlo-rsauv (214)

where o,,, denotes the cross-covariance between the neural response r and stimuli difference
Satt — Sunt- We refer to this decoding technique as stimuli-difference minimum-mean square
error (SDMMSE) estimation.

Because the SDMMSE cost function aims to find decoders which produce correlations
orthogonal to the detection threshold line, a decoder trained to detect the attended stim-
ulus can also be used to detect the unattended stimulus simply by decoder negation (i.e.
A% sy = —A4E vse)- This provides a sort of “one-fits-all” decoding scheme, whereas
the minimizer of E{|d"r — s,,:|*} would be required for traditional MMSE based stimulus
reconstruction. Another attractive feature with this setup is that it easily generalizes to
a model with multiple unattended talkers. Assuming a total of Ny speech sources, where

U) the stimuli-difference

one is attended to and the j*® unattended talker is denoted as s, ,

reconstruction framework can be generalized by solving:

Ns—1 ‘
dT’r — <8att — Z S,(Mjgt>

=1

1
dSDMMSE = arg min §E s (215)
d

2The homoscedasticity assumption for LDA is that the attentional class covariance’s are identical and
equal to the covariance of the EEG response (i.e. E{(7s4:t)%} = E{(7sunt)?} = E{r?}). This assumption
relaxes the within class minimization typical to that of Fisher’s linear discriminant.
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assuming all stimuli are uncorrelated and have been normalized. This addresses a model
which is more true to the classic cocktail party scenario. However, due to the lack of experi-
mental data within this context, this thesis will not address empirical performance measures
under a multi-unattended talker model, nor do we suggest the brain encodes multiple unat-

tended stimuli as this linear sum for large N, (see, for example [33]).
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Chapter 3

LOW-RANK DECODING FOR AUDITORY ATTENTION
DETECTION

3.1 Introduction

Up to this point, this thesis has focused on developing backward mapping techniques from a
multi-channel neural response in time to a one-dimensional stimulus. That is, this concept
requires a size R vector of spatiotemporal neural responses to be decoded (projected) to
R!. This chapter focuses on generalizing the spatiotemporal relationship between the neural
response and speech stimulus modalities, reducing the overall number of features required
for auditory attention detection and improving computational efficiency.

Currently, all spatiotemporal relationships between neural activity and stimuli are cap-
tured within the EEG channel observation windows of r € RX“. If we instead only consider
the spatial component of the neural response, all temporal relationships must be absorbed
into an observation window of stimulus lags. This concept effectively reduces the total num-
ber of neural observation features to R, where the stimulus is now represented by a size
RE vector of causal time lags. This chapter introduces how canonical correlation analysis
(CCA) can be used to find optimal projections which map both the spatial neural response
and stimulus window vectors onto a common one-dimensional and maximally correlated sub-
space, resulting in a low-rank alternative to SRAAD. By reducing the total features used
for analysis from LC in standard SRAAD techniques to now L + C, a slight loss in detec-
tion accuracy would be expected. However, we will show how the concepts of LDA which
were proposed for SDMMSE can be adapted into this multimodal subspace framework to

counteract this problem.

To motivate this type of reduced-rank analysis, consider a typical EEG setup where
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C' = 128 and a lag window of L = 17 samples is evaluated over (250 ms at f; = 64
Hz). Traditional stimulus reconstruction framework would require an EEG covariance of
size B,, € R»176%2176 5 he estimated. This is likely to result in an ill-conditioned estimator
where careful processing strategies would be required for numerically stable inversions, such
as PCA (e.g. [13]) or regularization (e.g. [4, 26]). This is even more evident when averaging
decoders together which are trained on a trial-by-trial basis, where the trial length in many
cases is less than twice the size of 3,... In the proposed method, sample covariance matrices of

R130x130 and R would be required for both the spatial neural response and stimulus

size
lag window, respectively. We found that this resulted in better behaved computational
steps when learning these multimodal projections and produced predictions which correlated
more with the stimuli than with standard SRAAD techniques (see chapter 4 figure 4.2).

Additionally, this type of processing strategy effectively reduces the number of multiplications

C(L-1)
L

NsL+C
LC

needed for stimulus prediction by a factor of , assuming N, < , compared to
conventional MMSE stimulus reconstruction (a factor of ~ 0.074 when N, = 2, and equality
when N, ~ 120), which could be an important savings when optimizing computational

efficiency onboard battery-powered wearable technology.
3.2 Multimodal Subspace Decoding

Projecting both modalities onto a common subspace is proposed by relating the instantaneous
neural responses observed at each EEG channel to a causal lag window of the speech envelope.

Let the spatial neural response be defined as:
T
re[n] = [7’[1, n] r[2,n] - r[C, n]} ; (3.1)
and the respective window of causal lags for the speech envelope be defined as:
T
wln] = [s[n] sin—1 -+ sln—L+ 1]} : (3.2)

Subspace decoding is then performed by finding projections which map both 7. and w onto a

common one-dimensional space. In the context of auditory attention detection, the stimulus
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projection must be applied to all stimuli assumed in the model. For the simple model of two

competitive talkers, this relates to projecting both stimuli onto:

Yot = dlyWay (3.3)

wunt = dgwunt' (34)

The goal for subspace AAD is to now predict 1, from the spatial neural response, denoted
by:

Yare = dlr.. (3.5)

Revising the similarity measure used for SRAAD, attention detection for the k' test

trial is then performed by comparing the sample Pearson correlation coefficients between the

projected neural response and projected stimuli, as follows:

S (k] = cort{as [k, 1], Yase [k, ]} (3.6)
S k] = corr{tu [k, n], Yuni [k, 0]}, (3.7)

where detection accuracy is defined as the average value of the indicator function below.

o e s g
Iatt [k] = (3-8)

0 otherwise
We refer to this type of multimodal subspace decoding framework as generalized reconstruc-
tion for auditory attention detection (GRAAD).
With the subspace detection statistic defined, optimization criteria for the learning of d,
and d,, can now be developed. These criteria must be able to learn projections which max-
imize the correlation within the common subspace of the projected spatial neural response

and projected stimulus lag window, following that of the ubiquitous multimodal analysis tool

of CCA.

3.3 Canonical Correlation Analysis

The objective function of CCA aims to find a pair of linear transformations on two random

vectors such that one component within each set of transformed variables is maximally
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correlated with a single component of the other set [5, 16, 17]. In the context of GRAAD,

this relates to the following correlation maximization problem:

To o0 T
arg max B {d/rewand}

) (3.9)
dyr,dy, \/E {dffrcrchr} \/E {dﬁwattw(ﬂtdw}

This criterion aims to find a maximally correlated subspace between both the spatial neural
response and the temporal stimulus window. CCA also imposes constraints so that each

vector projection has unit variance. This results in the traditional optimization problem for

CCA:

T T
d._cca,dy_coca =argmax [E {dr rcwattdw}

THYw

subject to E{d r.r’d,} =1 (3.10)

E{dw,,w!,d,} = 1.

Let the auto-covariances of r. and wgyy be denoted as ¥, , and X, .., respectively,
and the size C' x L cross-covariance between them be denoted by %, _,,. The multimodal
projections can now be found by solving the following generalized eigenvalue problem (as
shown in [5]).

TeTe 0 T

0 ...l |d b
= c3y (3.11)

»r 0 d, 0 3w | |dw

TcWq

In this problem, the eigenvalue represents the correlation between the projected spatial neural
response and the projected stimulus lag window, where these multimodal projections are the
eigenvectors. Therefore, the eigenvector which corresponds to the largest value of CZ“; is the
solution for both d,_cc4 and dy_cca.

CCA is a heavily utilized tool across multiple disciplines and can be found as built in
functions in numerous computing platforms (e.g. MATLAB, R, and Python). All CCA
computations evaluated in this thesis were performed using MATLAB’s canoncorr func-

tion. This function, along with other platforms, is particularly advantageous as it bypasses

the direct evaluation of equation 3.11 where sample covariance estimations are avoided. This
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is achieved by utilizing an algorithm based on QR decomposition and singular value decom-
position (SVD) which are processed directly on the data [8, 14], resulting in a fast, efficient,
and more numerically stable way to compute CCA projections.

It should also be noted that solutions for CCA not only provide linear transformations
for the maximally correlated subspace, but can also provide successive projections, each a
maximally correlated subspace with an additional constraint that it is orthogonal to the last
(with the maximum number of projections equal to min{C, L} assuming both r and w are
full rank). We do not address this additional capability of CCA, but recognize that this

information may be useful and plan to investigate this more deeply in the future.
3.4 Stimuli-Difference Subspace Decoding

Consistent with the general theme of this thesis, useful information relating to how both
attended and unattended stimuli are jointly encoded within the measured neural population
is discarded when not accounting for all attentional stimuli in the decoding technique. Sim-
ilar to the concepts presented in section 2.3 for SDMMSE, the attentional class separation
concepts of LDA can be adapted into this reduced-rank framework as well. That is, the goal
for GRAAD should aim to find projections which best separate ¢4 and ¢4 so that their
joint correlation is orthogonal to the detection threshold line. This relates to solving the

optimization problem of:
E {d;tprcwg;tdw} E {dfrcwfmdw}
arg max

o\ JE{dTraTd } \JE{dTwawlyd,}  \JE{draTd,) \JE{diw,,w!,d,)
(3.12)

By making the assumption that both the attended and unattended stimulus lag windows
have equal covariance, i.e. E{wywl,} = E{w,,w?l } = X, the objective function of

equation 3.12 can be reduced to:

E {dz—‘rc<watt - wunt)wa}
arg max

drdu \/dfrfzrcrc d, \/dngwdw :

(3.13)
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Provided both stimuli have been normalized, the assumption of equal covariance for the
stimuli windows is valid considering that they represent the slow moving temporal amplitude
envelopes of speech. That is, relatively close lags will be more correlated with each other
than further lags, resulting in a covariance matrix with higher weights around the diagonal.
Slight differences in roll-off structure may occur when, for example, relating a fast talker to
a slow talker, in which the roll-off around the diagonal would be much sharper for the fast
talker; however, this was not an issue for the stimuli used in this study.

The assumption of equal covariance for the stimuli is important as it allows for the LDA
based formulation of equation 3.12 to now be posed within the standard framework of CCA.
Similar to the stimuli-difference method of SDMMSE, defining wg,, = Wa — Wy allows us

to represent this LDA based criterion as:

T, T
d,_spcca, dw_spoca = argmax  V2E {d/row],d,}
dedw

subject to E{d r.rld.} =1 (3.14)
E{dwq,w! d,} = 1.
We refer to this multimodal projection technique as stimuli-difference CCA (SDCCA). The
gain of v/2 is introduced due to expanding the stimulus projection constraint, where it can
be found that E{dlw,,w?,d,} = E{dXww] .d,} = 1/2, by making another reasonable
assumption that both stimuli windows are uncorrelated, i.e. E{wq;w? ,} = 0.

Similar to SDMMSE, this optimization criterion aims to find projections which pro-
duce correlations orthogonal to the GRAAD detection threshold line. Therefore, projections
trained to detect an attended speech source can be used to detect an unattended speech
source simply by negating the stimulus window projection (i.e. d®® ¢po0a = —d™spoca
and d™ ¢ pooa = ™ poca)- Also similar to SDMMSE, this technique can easily generalize
to multiple unattended talkers simply by summing across all normalized unattended stimuli
when training the projections (i.e. Wg, = Way — Zjvzsfl wgzt, where j denotes the unat-

tended talker index). As stated for SDMMSE, we do not suggest the brain encodes multiple

unattended stimuli as this linear sum for large Nj.
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Chapter 4
RESULTS

4.1 Experimental Setup

The data used for evaluation in this thesis was generously provided by Prof. Edmund C.
Lalor of Trinity Centre for Bioengineering and Trinity College Institute of Neuroscience,
Trinity College Dublin. These data have been published previously using a different analysis
approach in [28, 30], as well as in [27] where the SRAAD technique based on MMSE esti-
mation was first introduced. The participants, stimuli and procedures, as well as data and
preprocessing used in this thesis follow that of [28], which is stated with minimal modifica-

tions below.

4.1.1 Participants

34 human subjects took part (mean £ s.d. age, 27.3 £ 3.2 years; 28 male; 7 left-handed).
The experiment was undertaken in accordance with the Declaration of Helsinki. The Ethics
Committee of the School of Psychology at Trinity College Dublin approved the experimental
procedures and each subject provided written informed consent. Subjects reported no history
of hearing impairment or neurological disorder. (Note however, that [27, 30] report 40

subjects, as opposed to the 34 used here.)

4.1.2  Stimuli and procedures

Subjects undertook 30 trials, each of ~60 seconds in length, where they were presented with
2 classic works of fiction: one to the left ear and the other to the right ear. Each story
was read by a different male speaker and, for both stories, each trial began where the story

ended on the previous trial. Each subject attended to the story in either their left or right
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ear throughout all 30 trials (17 subjects to the left and 17 subjects to the right). After each
trial, subjects were required to answer between 4 and 6 multiple-choice questions on both
stories. Each question had 4 possible answers. (See [27] for further information). As reported
previously [27, 30], the behavioral results clearly showed that subjects were compliant in the
task. On average, subjects correctly answered 80.4 £ 7.3% of the attended questions and
27.1 £ 7.0% of the unattended, which was not statistically greater than chance (p = 0.77).

4.1.83  Data acquisition and preprocessing

EEG data were recorded using C' = 128 electrode positions. The data were filtered over the
range 0-134 Hz and digitized at the rate of 512 Hz using a BioSemi Active Two system. Data
were then filtered offline between 2 and 8 Hz in both a forward and backward direction to
remove phase distortion and re-referenced to the average of all scalp electrode channels. In
order to decrease the processing time required, all EEG data were then downsampled by a
factor of 8 to give an equivalent sampling rate of 64 Hz.

The amplitude envelope of the speech stimuli were obtained using a Hilbert transform
where it was then low-pass filtered to 8 Hz and decimated to a sampling rate of 64 Hz. EEG
responses were evaluated from 0 to 250 ms poststimulus, resulting in L = 17. All stimuli
and responses were demeaned and properly normalized according to the decoder training

technique being evaluated.

4.1.4  Decoder training

Decoders were trained using all but one trial, where testing was evaluated on the remaining
trial using a leave-one-out cross-validation approach. Similar to [7], decoders were trained
by concatenating all training trials together so better behaved estimations of covariance
matrices could be obtained (as opposed to averaging decoders together learned on a trial-by-
trial basis). This concatenation of trials is acceptable due to each trial consisting of unique
EEG responses and stimuli. Covariance inversion using PCA or regularization for decoder

training was not performed on these data.
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4.2 Detection and Decoding Accuracy

Correlation coefficients were obtained by measuring the similarity of the decoded neural
response with the true speech envelope (or projected speech envelope window for CCA and
SDCCA) over the entire test trial duration (~60 seconds). For each method, decoders were
trained for the detection of both attended and unattended stimuli, resulting in a total of
12,240 decoders (2 stimuli x 30 trials x 34 subjects x 6 decoders, where the 6 decoders
represent 1 for both MMSE and SDMMSE methods and 2 for both CCA and SDCCA
methods).

4.2.1 Detection accuracy

We define detection accuracy as the number of trials correctly classified according to equation
2.7 for MMSE and SDMMSE (e.g., 35 L S~ Lulk]), or equation 3.8 for CCA and SDCCA
(e.g., 35 LS~ I5%[k]). The accuracy at which classification performance is deemed signifi-
cantly greater than chance is 63.33% based on a binomial test at the o = 5% significance
level. The average detection accuracy across subjects is shown in table 4.1, where individual

subject performance is shown in figure 4.1.

Detection Accuracy
method Sq++ detection Sunt detection
MMSE (baseline) 77.59 + 13.46% 69.64 + 10.15%
SDMMSE 83.19 + 10.05% 83.19 + 10.05%
CCA 80.72 + 15.18% 71.32 + 14.83%
SDCCA 83.99 + 12.55% 83.99 + 12.55%

Table 4.1: Average detection accuracy £ s.d. across all subjects for detecting (left) an
attended speech stimulus and (right) an unattended speech stimulus.

The baseline of MMSE estimation was comparable to that of previously reported studies
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Figure 4.1: Subject specific detection accuracy for each decoding method. The dotted line
indicates the classification performance level at which detection-accuracy is significantly
greater than chance (63.33%) based on a binomial test at the 5% significance level. Top:
detection accuracy of an attended speech stimulus. Bottom: detection accuracy of an
unattended speech stimulus. p > 5 x 1072 (*), p < 5 x 1072 (**), p < 5 x 1073 (¥**),
D % 10—4 (>X<>I<>X< *)’ P < 5% 10—5 (*** **)’ D < 5 x 10—6 (>I<>l<>|< >X<>I<>X<)
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27, 28], where 2 of the 34 subjects had 100% detection accuracy of an attended stimulus
and 29 were significantly above chance. For detection of an unattended stimulus, no subjects
achieved 100% detection accuracy, and 25 subjects were significantly above chance. Varying
results compared to previously reported accuracies can be attributed to differences in decoder
training and preprocessing of the stimuli and EEG.

The proposed LDA based stimuli-difference decoding scheme of SDMMSE resulted in
no subjects achieving 100% detection rates for either stimulus. However, the number of
subjects identified as significantly above chance increased to 32 for detection of both attended
and unattended stimuli when compared to the baseline. SDMMSE resulted in a significant
increase in overall detection accuracy for an attended stimulus (p = 2.95 x 107%; right-tailed
Wilcoxon Signed Rank Test), as well as detection of an unattended stimulus (p = 8.96x 107")
when compared to the baseline.

The low-rank decoding scheme of GRAAD which utilizes CCA for maximizing the cor-
relation of the projected spatial neural response and a projected stimulus envelope window
(without accounting for both attentional stimuli) resulted in 4 subjects achieving perfect
detection accuracy of an attended stimulus and none for the unattended stimulus. There
were 29 subjects significantly above chance for detection of both attended and unattended
stimuli. CCA resulted in a significant increase in overall detection accuracy for an attended
stimulus (p = 2.65 x 1072), however, did not yield a significant increase for an unattended
stimulus (p = 0.22) when compared to the baseline of MMSE.

The proposed low-rank stimuli-difference decoding scheme of SDCCA resulted in 4 sub-
jects achieving perfect detection accuracy, as well as 29 subjects who were significantly above

chance, for detection of both attended and unattended stimuli. A significant increase in over-

all detection accuracy was achieved for detecting an attended stimulus (p = 1.70 x 1073), as
well as detecting an unattended stimulus (p = 1.12 x 107°) when compared to the baseline
of MMSE.

It should be noted that detection accuracies for both stimuli-difference schemes (SD-

MMSE and SDCCA) resulted in exactly the same detection accuracies for both attended
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Figure 4.2: Decoding accuracy for each method discussed. Each plot details the average
sample cross-correlation of the decoded neural response with the true speech envelope (or
projected window of the speech envelope for CCA and SDCCA). Correlations are averaged
across all subjects and trials. Sample cross-correlation is defined as ¢z (7) = corr{5,(t), s, (t—

T)} or ¢f(r) = corr{t,(t), 1, (t — 7)}, where corr{-} is the sample Pearson correlation
coefficient of equation 2.6. Top row: decoding accuracy for predicting an attended speech

envelope. Bottom row: decoding accuracy for predicting an unattended speech envelope.

and unattended stimuli. This is due to the “one-fits-all” decoders that are learned, where
selection of attentional detection is performed by decoder negation (effectively negating each

of the correlation coefficients obtained depending on attentional decoder selection).

4.2.2  Decoding accuracy

We define decoding accuracy by how well the decoded neural response correlates with the true
stimulus! (or the projected stimulus window for CCA and SDCCA). The decoding accuracy

for each method, averaged across all subjects and trials, is shown in figure 4.2. This figure

ICorrelation coefficients used for discussing decoder accuracy are defined at 7 = 0 when referencing the
cross-correlation comparison of figure 4.2.
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shows how each decoding method encodes (or omits) information relating to both stimuli
within the prediction. For example, when comparing MMSE to SDMMSE for the detection
of an unattended stimulus (bottom left two plots of figure 4.2), there is a clear decrease
with SDMMSE in average correlation of the prediction with a true unattended stimulus.
This decrease is due to optimization criterion which instead focuses on maximizing the
distance between c;, and cg 5, a distance which is clearly more separated when compared to
MMSE. In fact, each of the stimuli-difference techniques showed improvements in correlation
separation when compared to MMSE, for both attended and unattended stimulus detection.
This is important as it directly affects the detection statistics for both the SRAAD and
GRAAD frameworks. The average correlation coefficients obtained across subjects, as well
as the average difference between the detection statistic correlations, are shown in table 4.2.
Figure 4.3 provides an alternative look at these comparisons by showing the mean correlation
coefficient obtained for each subject and how they relate to the detection statistics for both

the SRAAD and GRAAD frameworks.

Decoding Accuracy

average correlation (separation) | average correlation (separation)

method for § = §,4 or @Z = ?Zatt for § = §,,,; or Q//J\ = Junt

MMSE (baseline) | 0.030 + 0.030 (0.033 £ 0.041) 0.019 £ 0.028 (0.021 £ 0.039)
SDMMSE 0.023 £ 0.029 (0.038 £ 0.040) 0.015 4+ 0.028 (0.038 4+ 0.040)
CCA 0.046 £+ 0.044 (0.053 £ 0.061) 0.027 4+ 0.042 (0.033 4 0.060)
SDCCA 0.036 £ 0.043 (0.062 £ 0.062) 0.026 £ 0.040 (0.062 £ 0.062)

Table 4.2: Average decoding accuracy =+ s.d. across all trials and subjects. ( - ) denotes the
difference between the correlation of the predicted stimulus with the true stimulus and the
correlation of the prediction with the opposite stimulus (see text).
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Figure 4.3: The mean correlation coefficients obtained for each subject. The red line in-
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and trials. Top row: correlation coefficients obtained when predicting an attended speech
envelope. Bottom row: correlation coefficients obtained when predicting an unattended

speech envelope.
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tion. Blue dots denote the mean difference between detection statistic correlations obtained
for each subject. The red dot indicates mean correlation difference over all subjects and
trials. Top row: correlation difference obtained when predicting an attended speech enve-
lope. Bottom row: correlation difference obtained when predicting an unattended speech

envelope.

Because the expected distance between correlation coefficients is a central part for both
SRAAD and GRAAD detection statistics, we compared this metric against the baseline of
MMSE for each of the proposed methods. The results are shown in figure 4.4. There were
significant increases in correlation separation when predicting an attended stimulus using
SDMMSE, CCA, and SDCCA (p <5x107% p <5x 1072, and p < 5 x 107*%, respectively;
Wilcoxon Signed Rank Test), as well as for predicting an unattended stimulus (p = 5x 107°!,

p<5x107 and p < 5 x 1077, respectively).
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Chapter 5

CONCLUSION

In this thesis, two frameworks for auditory attention detection (AAD) were examined. In
chapter 2, the method of auditory attention detection via stimulus reconstruction (SRAAD)
was discussed. Here it was introduced how the method of stimulus reconstruction had pre-
viously been applied to AAD, where neural decoding functions were regressed toward the
speech envelope of the desired attentional speech source (i.e. an attended or unattended
speech source) during training using minimum-mean square error (MMSE) criterion. It was
suggested that this type of reconstruction discards useful information relating to the oppo-
site attentional stimulus (attended vs. unattended) which could otherwise be beneficial to
auditory attention detection. It was then proposed how the neural encoding properties to
both attended and unattended stimuli could be jointly accounted for by adapting concepts
inherent to linear discriminant analysis (LDA). Here, the optimization criterion was pro-
posed to learn decoders which produce correlations orthogonal to the detection threshold
line for SRAAD, effectively maximizing the attentional class separation between correlation
coefficients used in the detection statistic to improve accuracy. It was shown that this con-
cept reduces to a modified version of MMSE estimation, where regression for the neural
decoder is performed on the difference of normalized attentional stimuli. We referred to this
as stimuli-difference MMSE (SDMMSE) estimation. Experimental validation suggested sig-
nificant improvement in accuracy for the detection of both attended and unattended speech

stimuli when compared to traditional MMSE stimulus reconstruction.

The second type of AAD framework was proposed in chapter 3. Here it was intro-
duced how the spatiotemporal relationship between the neural response and speech envelope

could be split between modalities, where auditory attention detection could be performed
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by predicting the subspace of a projected stimulus window using only the spatial component
of the neural response. This resulted in a low-rank alternative to standard SRAAD tech-
niques which we referred to as generalized reconstruction for auditory attention detection
(GRAAD). It was then derived how canonical correlation analysis (CCA) can be used for
learning the optimal decoder for the spatial neural response, as well as the optimal subspace
projection needed for the stimulus window. Experimental analysis suggested this approach
is comparable to that of standard MMSE for the detection of an attended stimulus, however,
had reduced performance when detecting an unattended stimulus. We attributed this reduc-
tion in accuracy to the reduced number of neural response features used within the GRAAD
framework. To counteract this problem, it was then shown how the LDA inspired method of
SDMMSE could be adapted into this multimodal projection framework. Here, optimization
criterion was proposed with the goal of maximizing the attentional class separation between
the correlation coefficients used in the GRAAD detection statistic. We found that this crite-
rion can be posed within traditional CCA criterion, where stimulus projections are learned
on the difference between temporal lag windows of both attentional stimuli. We referred to
this method as stimuli-difference CCA (SDCCA). This yielded the highest increase in aver-
age detection accuracy across subjects compared to the baseline of MMSE for the detection

of both attended and unattended stimuli.

We have shown that accounting for the expected neural encoding properties for both
attended and unattended stimuli within the stimulus reconstruction technique results in
improved reconstruction statistics for the detection of attentional stimuli. We have also
shown that high-dimensional spatiotemporal neural responses are not necessary when using
the GRAAD framework to achieve detection accuracy comparable to traditional stimulus
reconstruction approaches. A promising area for future research is to consider a more prob-
abilistic approach to stimulus reconstruction. Currently, methods based on linear regression
(as with the methods proposed in this thesis) are able to learn the expected long-term en-
coding properties of the neural population so that reasonable reconstruction accuracy can

be achieved over extended periods (~60 seconds). However, this accuracy tends to break
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down when evaluating over shorter time windows (shown in [27] and [28] to decrease linearly
with evaluation window length). By developing reconstruction techniques which attempt to
learn short-term dynamic interaction between the stimuli and neural responses, where more
intricate data-driven concepts of machine learning are used (e.g. dictionary learning tech-
niques for probabilistic decoder training), we hypothesize for the future that more detailed

reconstruction can be achieved to allow for better AAD performance.
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