This is the Pre-Published Version.
IEEE TRANSACTIONS ON COGNITIVE AND DEVELOPMENTAL SYSTEMS, VOL. XX, NO. XX, MARCH 2024 1

The following publication S. Cai, R. Zhang, M. Zhang, J. Wu and H. Li, "EEG-Based Auditory Attention Detection With Spiking Graph Convolutional Network," in IEEE Transactions
on Cognitive and Developmental Systems, vol. 16, no. 5, pp. 1698-1706, Oct. 2024 is available at https://doi.org/10.1109/TCDS.2024.3376433.

EEG-based Auditory Attention Detection with
Spiking Graph Convolutional Network

Siqi Cai Member, IEEE, Ran Zhang, Malu Zhang Member, IEEE, Jibin Wu Member, IEEE, and Haizhou Li,

Fellow, IEEE

Abstract—Decoding auditory attention from brain activities,
such as electroencephalography (EEG), sheds light on solving
the machine cocktail party problem. However, effective rep-
resentation of EEG signals remains a challenge. One of the
reasons is that the current feature extraction techniques have
not fully exploited the spatial information along the EEG signals.
EEG signals reflect the collective dynamics of brain activities
across different regions. The intricate interactions among these
channels, rather than individual EEG channels alone, reflect
the distinctive features of brain activities. In this study, we
propose a spiking graph convolutional network, called SGCN,
which captures the spatial features of multi-channel EEG in a
biologically plausible manner. Comprehensive experiments were
conducted on two publicly available datasets. Results demonstrate
that the proposed SGCN achieves competitive auditory attention
detection (AAD) performance in low-latency and low-density
EEG settings. As it features low power consumption, the SGCN
has the potential for practical implementation in intelligent
hearing aids and other BCls.

Index Terms—Auditory attention, EEG, graph convolutional
network, spiking neural network

I. INTRODUCTION

Humans can selectively attend to the speaker of interest
in the presence of multiple speakers, which is known as
“cocktail party effect” [1]. However, listeners with hearing
impairment (HI) often struggle to follow the interested speech
in such noisy conditions. Despite significant advancements
in hearing devices, their potential benefits for those with HI
remain limited as these devices lack a direct connection with
the human brain. The current generation of hearing devices
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exhibits a deficiency in effectively identifying the target sound
sources that require attention. Specifically, the challenge of
discerning speech in complex auditory environments, such
as cocktail party scenarios, remains a significant concern
for individuals utilizing hearing aids [2]. Addressing this
challenge necessitates a collaborative effort between artificial
intelligence (AI) and the audiology community to propel a
transformative advancement in hearing technology.

Recent advances in neuroscience have shown that the neural
patterns associated with auditory attention can be discerned
through the analysis of brain activity, such as electrocorticog-
raphy (ECoG) [3], magnetoencephalography (MEG) [4], and
electroencephalography (EEG) [5], [6], etc. That is referred to
as “auditory attention detection (AAD)”. The development of
AAD has shed new light on smart hearing devices, which are
called “neuro-steered hearing aids” [2]. By putting humans in
the loop, the hearing device is expected to extract and enhance
the attended speech as decoded from the listener’s brain.
Among various techniques for measuring brain activity, EEG
demonstrates the advantages of low cost, wide availability, and
ease of use, making it a feasible choice for integration into
practical brain-computer interface (BCI) applications.

Neuroscience findings indicate that spatially separated brain
areas are involved in the selective listening task [7], [8].
Spatial patterns of brain responses to auditory stimuli play
a key role in detecting auditory attention. Inspired by this,
the common spatial pattern (CSP) method has been adopted
in EEG-enabled AAD for spatial feature extraction [9]. With
the advent of deep learning, recent research has explored
the feasibility of identifying auditory attention from EEG
using neural networks and achieved promising results [10],
[11]. For instance, Vandecappelle et al. [12] used a CNN
model to extract spatial features to determine the spatial locus
of auditory attention (i.e., the directional focus of attention,
e.g., left or right), solely from EEG data. This approach has
the advantage of not requiring individual speech envelopes.
Additionally, it avoids the need to estimate a correlation coef-
ficient over a relatively long decision window length, thereby
mitigating significant algorithmic delays [13]. Building on
this, various CNN variations have been developed [14], and
a comprehensive overview can be found in [6]. Despite the
success of CNNs in learning spatial information from EEG
signals for AAD tasks, it’s important to note that CNNs
are inherently suitable for Euclidean space and may have
limitations when dealing with signals exhibiting a complex
topological structure [15]. Indeed, The configuration of multi-
channel EEG is a typical example of the irregular layout, with
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the spatial and functional connectivity among EEG electrodes
containing valuable information [16]. To tackle this challenge,
we adopt a graph-based description method for multi-channel
EEG signals, aiming to capture the intricate spatial relation-
ships across the whole brain.

Moreover, most deep learning AAD models fall into tra-
ditional neural architectures, presenting challenges in terms
of energy consumption, data requirements, and computational
costs [17]. For edge computing platforms, such as neuro-
steered hearing devices, there remains a need for low-power
consumption solutions capable of on-chip learning. As well
known, the human brain is the most efficient computing
machine, which consists of tens of billions of neurons and
trillions of synapses connecting them [18]. Information is
transmitted between neurons by electrical impulses called
spikes. Motivated by the remarkable processing power of the
human brain, a biorealistic neural architecture, spiking neural
networks (SNNs), has been developed [19]. To mimic the
human brain, neurons communicate with each other using
spikes with adjustable weight values through synapses con-
necting neurons in a typical SNN [20]. Unlike traditional
neural networks, SNNs process information in the form of
spikes or action potentials, which are short-lived events that
are generated in response to stimuli. SNNs are designed to
be event-driven, meaning that they only update and process
information when an event (such as a spike) occurs. This
property makes it easy to deploy and achieve ultra-low power
consumption on neuromorphic chips [21]-[23]. Due to the
great progress in effectively training SNNs [24]-[28], SNNs
have been successfully applied in areas such as computer
vision, speech recognition, and robotics and have achieved
competitive results with low latency and low power consump-
tion [29]-[36]. These findings and results motivate us to study
an SNN-based AAD architecture for neuro-steered hearing
devices.

Overall, we build a spiking graph convolutional network
(SGCN) to detect auditory attention from EEG signals. The
proposed SGCN can aggregate EEG channel information and
extract the spatial features in a biologically plausible manner.
This is similar to the way humans voluntarily attend to one of
the multiple incoming sounds. Consequently, it takes full ad-
vantage of an event-driven manner and distributed connection,
contributing to superiority in computational efficiency. This
work makes three main contributions, which are summarized
as follows.

« We provide an alternative solution to EEG-based AAD,
i.e. SGCN. It encodes brain signals into spikes and works
in an event-driven manner with low energy consumption.

o To the best of our knowledge, this is the first study of
a spiking graph convolutional mechanism that models
complex information processing in the brain.

e« We conducted comprehensive experiments and results
indicate the SGCN model achieves competitive AAD
accuracy while holding the potential of lower computing
cost and low latency in neuromorphic hardware.

The organization of this paper is as follows: In Section
II, we present the structure of the proposed SGCN. Section

III provides details on the databases, data preprocessing,
model training, and evaluation. In Section IV, we report the
experiments and analyze the results. The findings are discussed
in Section V and the paper is concluded in Section VI.

II. METHODS

In this study, we introduce a novel method for determining
the spatial locus of auditory attention based solely on EEG
data [12], [37]. As illustrated in Fig. 1, our proposed solution,
the SGCN, operates in an end-to-end manner, taking raw EEG
signals as input and producing classification outputs to identify
auditory attention.

A. Graph Convolutional Network

1) EEG Graph: Suppose there are N channels in the
EEG input, we take each channel as a node to generate the
graph representation. EEG signal E; can be transformed into
an undirected graph G = (V| E) within a non-Euclidean
space. Specifically, V' denotes the set of |V| = N nodes, and
(Vi,V;) € E represents the set of links connecting these
channels. A € RV*¥ is an adjacency matrix that can be used
to express the intrinsic connections between EEG channels.
Specifically, the elements of A are predetermined based on the
spatial relationship of the EEG channels [15], [16], as shown
in Fig. 2. The entry of the adjacency matrix a; ; measures the
level of connection between the channels ¢ and j.

2) Graph Convolution: The traditional CNN model is en-
hanced by the integration of spectral theory in the design
of a graph convolutional network (GCN) [15]. The spectral
theory provides a mathematical framework for analyzing the
properties of graphs, commonly used to represent complex
non-Euclidean data structures. In particular, the graph con-
volution operation aggregates the features of a vertex and
its neighboring vertices to generate a new representation for
the vertex [38]. This representation not only captures crucial
information about the local structure of the EEG graph but also
preserves the topological information about the brain. Such
an enhanced representation of the EEG signal is expected to
benefit various EEG analysis tasks, including those related to
AAD.

As defined in [38], the graph convolution operation is
performed by computing the eigendecomposition of the graph
Laplacian in the Fourier domain. The Laplacian matrix of a
graph can be expressed as:

L=D-A=UAU" (1)

where D is the degree matrix, U is the matrix of eigenvectors,
and A is the diagonal matrix of its eigenvalues.

The graph convolution operation can be formulated as the
multiplication of a signal x with a filter g9 = diag(6),
parameterized by § € RY,

x = UgyUTx (2)

As shown in Fig. 1 (b), we apply a graph convolutional
module for representation learning of the EEG graph G.
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Fig. 1.
auditory attention (left/right).

B. Spiking Graph Convolution Network

1) Spiking Neuron Model: Spiking neurons, the essential
components of spiking neural networks, exhibit a pivotal role
in information processing by transforming inputs into output
spike trains tailored for specific tasks. Spike trains are binary
time series that encode information in the spiking times. In the
input layer, spiking trains are ideally generated by event-driven
sensors [39]. Notably, EEG signals exhibit a spiky nature, but
they are continuous in value. Therefore, spiking neurons in
the input layer are employed to transform the real-valued EEG
signals into binary spike trains. This allows for the relevant
information in the EEG signals to be represented in a more
efficient manner for AAD tasks.

A variety of spiking neuron models have been explored,
inspired by the intricate mechanisms of the human nervous
system [40], [41]. Among these models, the Leaky Integrate-
and-Fire (LIF) neuron model is widely used because it strikes
a balance between biological realism and computational effi-
ciency.

The membrane potential le of LIF neuron j at layer [ can
be formulated by

VIt = AV [t — 1] + I.[t] — 9ol [t — 1] (3)

with

L[t =Y wjiof '] + 8 @)

where )\ represents the leak factor, ¥ denotes the firing thresh-
old, I ]z [t] is the current received from presynaptic neurons
by neuron j, wj; is the weight of the connection between
presynaptic neuron ¢ and postsynaptic neuron j, and bé- denotes
the constant current injected into neuron j.

As shown in Fig. 3, the spikes generated by LIF neurons
are defined as:

1, if V!
o] =4 b if Vi[t] >0,

! 0 5)

otherwise.

The spike event occurs when the membrane potential
reaches the firing threshold ¥ (typically set to ¥} = 1) at time
t. After firing, the V;[t] is reset to the resting potential V.
and remains in a refractory period for a specified duration.

In this study, the real-valued inputs are used as the time-
varying input currents and are directly applied in equation 3 at

The framework of our proposed spiking graph convolutional network, i.e., SGCN, for EEG-based AAD. It processes raw EEG signals to detect
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Fig. 2. The topological relationship of 64-channel EEG.
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Fig. 3. The Leaky-and-Fire (LIF) spiking neuron model utilized in this study.
Both the leaky factor A and the firing threshold ) are all set to 1. The
postsynaptic neuron accumulates the spikes from the presynaptic neurons and
fires a spike when the membrane potential V'(t) reaches the firing threshold.

the first time step. The spike count serves as a bridge between
the ANN and SNN, as described below:

Ny
=Y olft]. 6)
t=1
where N, represents the count of time steps.

2) Spiking Graph Convolution: Spiking graph convolution
is a relatively new concept in the field of SNN, as it com-
bines graph convolutional operations with spiking neuronal
functions. It leverages the advantages of SNNs, such as event-
driven processing and energy efficiency, while incorporating
graph structure information into the model. This approach
aims to bring the benefits of both SNNs and GCNs to a
range of applications, such as computer vision and speech
recognition [42].
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In practice, the input current will be defined by the graph
convolution at each time step:

L]t] = UgeU"x ™

C. Learning and AAD Classifier

Due to the non-differentiable spike function, how to train
efficiently SNNs is a challenging problem. To resolve this
problem, various learning algorithms are proposed, such as
ANN-to-SNN [26], [27], [43], [44] and surrogate gradient-
based methods [24], [45]. Due to the simplicity and efficiency,
tandem learning [26], [43] is applied in this work to train the
proposed spiking graph convolution neural network.

As depicted in Fig. 1 (c), an SNN classifier is employed
for the identification of auditory attention. It comprises three
hidden layers, of which two are composed of LIF spiking
neurons. The first and second layers consist of 32 and 8 spiking
neurons, respectively. The SNN back-end is then applied to
decode the output spike counts of the second layer into pattern
classes, representing the auditory attention of the listening
subjects.

The SGCN model is trained end-to-end and the binary cross-
entropy loss serves as the learning objective:

1 M

M

m=1

‘C = [ym : lOng + (1 - ym) ) lOg(l - Pm)] (8)
with )
P,, = softmax(C") )

where y,, is the label of the m-th decision window, M is the
batch size and C' is the spiking count of the output from the
SNN classifier.

III. EXPERIMENTS
A. Auditory Attention Detection Databases

In this paper, comprehensive experiments are conducted on
two publicly available AAD databases, which are summarized
in Table I.

In Das-2015 [46], 16 normal-hearing subjects were recruited
in the selective listening task. The speech stimuli consist of
four Dutch stories, narrated by three male Flemish speakers.
The stimuli were either presented dichotically (one speaker per
ear) or after head-related transfer function (HRTF) filtering
to simulate speech at £ 90°. Subjects were instructed to
selectively attend to one of the two simultaneous speakers.
Throughout the experiments, the order of presentation of both
conditions was randomized over the different subjects. 64-
channel EEG was recorded using a BioSemi ActiveTwo device
at a sampling rate of 8,192 Hz. In total, 8x6 min of EEG data
was collected for each subject, accumulating 12.8 hours of
EEG data for all 16 subjects. This database is referred as to
the KUL hereafter.

In Fuglsang-2018 [47], 18 subjects with normal hearing
selectively attended to one of the two simultaneous speakers.
Speech stimuli were excerpts taken from Danish audiobooks
and narrated by a male and a female speaker. The stimuli were
presented to simulate speech at + 60°using HRTF filtering.

For each subject, the experiment consisted of 60 trials, each
50 seconds long, for a total of 50 minutes. EEG signals
were recorded using a 64-channel BioSemi cap at a sampling
frequency of 512 Hz. This database is referred as to the DTU
hereafter.

B. Data Preprocessing

First, EEG data are re-referenced to the average response of
all channels. Second, EEG data are bandpass filtered in the (-
band (12-30 Hz) by a 6th-order Chebyshev Type II bandpass
filter, and downsampled to 128 Hz. The frequency range is
chosen based on the previous AAD studies [12], [37] that (-
band is the most informative EEG frequency band to decode
the auditory spatial attention. Finally, the EEG data channels
were normalized to ensure zero mean and unit variance for
each trial. Considering that the proposed SGCN is an end-
to-end AAD architecture, no artifact removal operations are
involved in the data preprocessing.

For every trial, a sliding window technique is applied to
the EEG data to slice the EEG series into smaller durations,
hereafter referred to as decision window, with an overlap rate
of 50%. For each decision window, the EEG data is repre-
sented as a graph that reflects the brain’s topological structure.
Humans are capable of shifting attention from one speaker
to another within 1 second [4], and real-world applications
require low-latency AAD solutions. This motivates us to focus
on shorter decision windows and analyze our AAD model with
decision windows of 0.1-second, 0.2-second, 0.5-second, and
1-second, respectively.

C. Training and Evaluation

The AAD models are evaluated using a 5-fold cross-
validation (CV) method [48] in a subject-dependent manner.
AAD accuracy is calculated as the percentage of correctly
detected windows out of all decision windows. The final result
reported in this study is the average accuracy obtained from
the 5-fold validation process.

As mentioned above, the EEG input is transformed into
a graph representation and then processed through a spiking
graph convolutional module with trainable weights. Here we
present the proposed model with a case study with a 1-second
decision window. The EEG data E, € R!28%64 je 128
samples by 64 channels, is encoded into an EEG graph G. In
the spiking graph convolutional module, the trainable weight
matrix is gy € R10%64%64 Sybsequently, a global average
pooling layer is used to reduce node features. The data is
flattened into a one-dimensional vector, serving as inputs to fc
layers (input: 640, hidden: 32 and 8, output: 2) designed for
auditory attention detection.

A grid search on the validation set is conducted to select
appropriate values for all hyperparameters. The network is
trained using Adam optimization with a learning rate of 10~3.
To improve generalization and prevent overfitting, techniques
such as dropout and batch normalization are incorporated.
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TABLE I
THE CHARACTERISTICS OF TWO PUBLICLY AVAILABLE AAD DATABASES.

Dataset # Subjects  Language  Spatial distribution of sound sources # EEG channels  Duration per subject (min)
Das-2015 [46] 16 Dutch 90° to the left and 90° to the right 64
Fuglsang-2018 [47] 18 Danish 60° to the left and 60° to the right 64 50
IV. RESULTS 100%
N
We first investigate the superiority of graph representation s0%
. . « % 0,
on EEG signals by comparing GCN and CNN on KUL 5 "~ | .. B g BB NN
00
and DTU databases. We then evaluate the AAD accuracy of < "¢ | &% . . = & B B § N ¥
Spiking GCN, i.e., SGCN, across different decision windows. 60%
. . 50%
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For a fair comparison, we re-implement the CNN-based < 70% J
AAD model in [12] in our experimental setting. In brief, the 60%

CNN model includes a convolution layer with a 64 x 17 kernel,
an average pooling, and two fc layers (input: 5, hidden: 5,
output: 2), with a sigmoid activation function and a cross-
entropy as the loss function. This CNN consists of approxi-
mately 5500 parameters. For a fair comparison, we tuned the
hyperparameters of the CNN model in the same way we did
for our GCN model. For statistical analyses, the normality
of the data distribution was assessed using the Kolmogorov-
Smirnov test before selecting appropriate statistical tests. To
compare the performance differences in AAD between these
two models, we utilized paired #-tests with a significance level
set at 0.05.

As shown in Fig. 4 (a), the CNN model attains an average
AAD accuracy of 63.3%, with a standard deviation (SD) of
5.79% with a 1-second decision window on the DTU database.
The AAD accuracy of the GCN model is significantly better
than that of the CNN model, with a large margin of 9.8%
(mean: 73.1%, SD: 7.39%). Similarly, GCN consistently out-
performs the CNN model (mean: 80.7%, SD: 9.49%) with an
average AAD accuracy of 85.6% (SD: 6.83%) on the KUL
database, as shown in Fig. 4 (b). It is worth noting that the
AAD performance varies across the subjects. As highlighted
in previous studies [6], [49], the spatial origin, amplitude
change, and overall variability of brain signals exhibit subject-
specific patterns. In addition, factors such as participants’
concentration abilities, familiarity with the task, and potential
confounding variables contribute to the variability in AAD
performance [5].

Significant statistical differences were observed between
GCN and CNN (paired #-test: p <0.001) on both KUL
and DTU datasets. These results support our hypothesis that
GCNs can learn more discriminative spatial features of EEG
signals than CNN models, thereby improving AAD results.
One explanation is that CNNs cannot capture the complex
neighborhood information of EEG because they focus on local
regions with fixed connections. In contrast, GCNs preserve the
brain’s rich topological information, leading to a more efficient
representation of EEG signals.

A
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 SI3 S14 S15 S16
Subject
®)

Fig. 4. AAD accuracy (%) of the CNN and GCN model for 1-second decision
window with 64-channel EEG on the DTU and KUL databases, respectively.

B. AAD performance of SGCN

As shown in Fig. 5, the SGCN model attains an aver-
age AAD accuracy of 68.7% (SD: 6.12%) and 81.4% (SD:
5.95%) with a 1-second decision window on the DTU and
KUL database, respectively. Subjects in the DTU database
have significantly lower AAD accuracy compared to those
in the KUL database, which aligns with previous research
findings [9], [12], [50]. One possible explanation could be
that the speech streams in the DTU database are delivered at
+ 60 °azimuth, whereas the streams come from an azimuthal
angle of + 90 °in the KUL database. This difference may pose
a greater challenge in determining the spatial location of the
target speaker in the DTU database.

The proposed SGCN performs better than CNN on both
KUL and DTU datasets, and yet is inferior to GCN in terms of
AAD accuracy. However, the SGCN model may not perform
as well as the dense GCN model, but it shines in terms of
computational efficiency. This is due to its event-driven ap-
proach and distributed connection, which speed up information
processing. Despite a slight dip in performance, the SGCN
model’s exceptional computational efficiency makes it a prime
choice for various applications. An in-depth examination of the
computational cost will be conducted and discussed in Section
IV-E.

C. Effect of EEG Channels

Low-density EEG systems are compact and portable, mak-
ing them well-suited for real-world applications. To assess the
performance of our proposed SGCN model in scenarios with
limited data, we conducted additional tests using low-density
EEG data.
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Fig. 5. AAD accuracy (%) of the CNN and GCN model for 1-second decision
window with 64-channel EEG on the DTU and KUL databases. Statistically
significant differences (paired t-tests): *p <0.05, ***p <0.001.

Specifically, AAD performance of the proposed SGCN was
evaluated using EEG signals from 64-channel, 32-channel, and
16-channel configurations. The KUL dataset provided EEG
signals recorded with a 64-channel BioSemi cap, following
the international 10/20 system [51]. Additionally, alterna-
tive options with 32-channel and 16-channel BioSemi caps,
widely used in BClIs, are detailed on the BioSemi website
(https://www.biosemi.com/headcap.htm). The results, depicted
in Fig. 6, show a general improvement in SGCN performance
with an increased number of channels. While more channels
provide comprehensive information about brain activity, the
selection of an EEG recording system for practical BCI
applications should consider the trade-off between channel
density, performance, cost, and portability.

It is noteworthy that the AAD performance of the SGCN
model under low-density EEG testing is promising, with an
average accuracy of 73.1% (SD: 5.19%) attained for 16-
channel EEG and a 1-second decision window. This result
demonstrates that our proposed SGCN model exhibits the abil-
ity to effectively learn and utilize information from fewer EEG
electrodes, underscoring its promising potential for practical
applications.

D. Effect of Decision Window Sizes

In this study, we also investigated how well the AAD models
perform in low-latency settings on the KUL database.

As summarized in Table. II, it can be observed that as
the decision window increases, the AAD accuracy generally
improves for all three models. Specifically, the SGCN model
achieves an average AAD accuracy of 74.7% (SD: 6.04%)
for a 0.2-second decision window and 78.0% (SD: 5.41%)
for a 0.5-second decision window. Even with a 0.1-second
decision window, the SGCN model maintains an acceptable
AAD performance with an average accuracy of 70.2% (SD:
5.15%). The accuracy of the SGCN model ranges from 65.7%
for a 0.1-second window to 80.7% for a 1-second window.
Similarly, the CNN model also exhibits increasing accuracy
with longer decision windows. Notably, the results indicate

that the SGCN and GCN models may be less sensitive to
changes in decision window sizes compared to the CNN
model.

In sum, the SGCN and GCN models exhibit promising
potential for real-time processing of EEG signals that can
quickly respond to changes in inputs.

E. Comparison of Computational Cost

In this section, we further compare the proposed SGCN with
traditional neural networks, namely, CNN and GCN models, in
terms of computational cost. The total computational cost of a
model is proportional to the total number of floating point op-
erations per second (FLOPs) required to make predictions [52].
The standard 45nm CMOS process is a measure of the
efficiency of a microprocessor, that is, how many transistors
can be packed into a given area. The smaller the process node,
the more transistors can be packed into a given area, resulting
in higher performance and lower power consumption. When
evaluating the total inference cost of a model, the standard
45nm CMOS process can be used as a reference to compare
the relative efficiency of different models. This is useful when
choosing a model for deployment, as it provides a measure of
the computational resources required to run the model, taking
into account the efficiency of the hardware used.

It is worth noting that the SGCN model features low power
consumption through activating neurons only when sufficient
input spikes pass the threshold. Inactive neurons can then be
placed in a low-power mode. The model’s computation is
event-driven by binary spike {1,0} processing, leading to a
reduction in computation to just FP addition. In comparison,
both CNN and GCN models have low computational efficiency
due to the requirement of FP addition and FP multiplication
for each MAC operation. As summarized in Table III, the
computational cost of our spiking GCN implementation is
significantly lower than the GCN implementation (paired -
test: p <0.001) in two databases. Compared to GCN, the SNN
model achieves an average computational cost reduction of
76.34% and 76.58% in KUL and DTU databases, respectively.

In a nutshell, previous EEG-based AAD architectures
are computationally expensive, making them unsuitable for
resource-constrained devices, such as mobile or wearable
devices. Our proposed SGCN is a promising solution to
this problem, as it offers tremendous energy benefits and
requires significantly less computing resources and processing
power. This makes the SGCN-based AAD architecture more
suitable for neuro-steered hearing aids requiring low-power
and efficient learning algorithms.

TABLE II
COMPARISON OF AAD ACCURACY (%) ACROSS VARIOUS MODELS FOR
DIFFERENT DECISION WINDOW LENGTHS.

AAD Model Decision window (second)

0.1 0.2 0.5 1
CNN [12] 65.7% 70.1% 73.3% 80.7%
GCN 75.2% 80.4% 83.3% 85.6%
SGCN(Ours) 70.2% 74.7% 78.0% 81.4%
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Fig. 6. AAD accuracy (%) of the SGCN model for 1-second decision window with 16-channel, 32-channel, and 64-channel EEG signals on the KUL database.

V. DISCUSSION

Considering that the AAD model is built to process brain
signals, a brain-like model should be a natural choice. Results
have shown that auditory attention can be well detected by
the SGCN model from low-density EEG signals in low-latency
settings. We further visualize the spiking representation gener-
ated by SGCN to gain more understanding of this biologically
inspired AAD decoder.

A. Bio-plausible Visualization of Spiking Learning

As mentioned above, the neuronal mechanism behind how
the human brain focuses on interesting speech in a cocktail
party environment is also not yet fully understood. Unfortu-
nately, the process by which an ANN reaches a decision is
difficult to understand, making it challenging to explain the
reasoning behind the output [53]. This lack of interpretabil-
ity is commonly referred to as the “black box” problem
in previous AAD models. To make the AAD model more
transparent and understandable, we apply the Spike Activation
Map (SAM) technique to enhance understanding and obtain
a visual interpretation of the SGCN [54]. SAM computes
a neuronal contribution score and generates a 2D spatial
heatmap by considering short Inter-Spike-Interval (ISI) spikes
as more informative [55]. This highlights neurons that carry
significant information for detecting auditory attention across
different time steps.

As shown in Fig. 7, several spiking representations of
EEG signals generated by SGCN are randomly chosen from
different examples. From E1-E4, we can see that the spiking
representations gradually converge and show different patterns
in leftward and rightward auditory attention conditions. How-
ever, in cases where the SGCN’s output doesn’t match the true

TABLE III
COMPUTATIONAL COST (PJ) COMPARISON BETWEEN SGCN AND GCN
MODELS ON KUL AND DTU DATABASES

Database Computational cost (pJ)

Ecen Escen Esgen ! Econ
KUL 2.41+E8 5.71+E7 0.2366
DTU 2.41+E8 5.65+E7 0.2342

= [HETUH .

time step

!
= I | |,
a

e | I
g

M DN ——
o | AL D

©

Fig. 7. Visualization of the spiking representations of EEG signals gener-
ated by SGCN. Six examples (E1-E6) were randomly selected. E1-E4 are
examples of correct classification, whereas E5 and E6 are examples of wrong
classification. (a) In E1 and E2, the attended speech stream is on the left of
the listening subject. The label and the output of E1 and E2 are “leftward
attention”. (b) In E3 and E4, the attended speech stream is on the right of
the listening subject. The label and the output of E3 and E4 are “rightward
attention”. (c) E5 and E6 exhibit inconsistent labeling and output. Cell color
indicates firing rates, with lighter shades corresponding to more firing rates.

label, the spiking representations appear even (ES) or dispersed
(E6), which explains the model’s incorrect classification of
EEG examples. The bio-plausible visualization of EEG repre-
sentations generated by the SGCN model sheds new light on
the neuroscience mechanism underlying auditory attention in
the human brain.

B. Future work

Our future works will focus on the following aspects.
Firstly, we will employ more biologically plausible spiking
neuron models to fully take advantage of the spatiotemporal
dynamics of biological neurons, such as the Hodgkin-Huxley
(HH) model [56]. The introduction of HH spiking neurons will
further improve the ability to extract spatiotemporal features
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of EEG signals. In addition, we will explore the performance
of other graph neural networks within the spiking framework,
such as graph attention networks (GAT). Specifically, the
capability of GAT to compute learnable attention coefficients
for individual EEG channels holds promise for improving
accuracy in AAD tasks. Furthermore, we will evaluate the
AAD performance in subject-independent conditions, aiming
to assess the adaptability and robustness of our proposed
approach across diverse individuals. This will involve the
integration of advanced transfer learning techniques and the
crafting of adaptive models capable of dynamically adjusting
to individual differences. Moreover, future research could
evaluate the performance of our proposed models on ear
EEG, showcasing potential applications in the development of
brain-computer interfaces for auditory processing [6]. Unlike
conventional scalp EEG methods, utilizing ear EEG offers the
advantage of increased convenience and portability, albeit with
the trade-off of reduced brain coverage.

VI. CONCLUSION

In this paper, we present the SGCN, a novel AAD archi-
tecture that integrates graph representation and spiking learn-
ing. Through validation on two public databases, our model
demonstrates competitive AAD performance. Moreover, it
leverages a neural computation and coding strategy inspired by
the human brain, leading to hardware and energy advantages.
Despite the unoptimized performance-complexity trade-off,
the proposed SGCN has clear benefits in biological relevance
and low power consumption, making it an appealing candidate
for future studies to enhance its performance. Moreover, the
interpretability of our model contributes to identifying specific
areas that necessitate refinement and optimization in future
research.
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