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Abstract

EEG-based sound source tracking in cocktail party scenarios is
a challenging task due to the complex acoustic environment. To
address this, we propose a novel approach, Geometry-guided
Temporal Attention (GTAnet), which integrates the spatial con-
figuration of multi-channel EEG signals with the temporal dy-
namics of neural activity. GTAnet constructs a geometry-based
graph to capture the spatial relationships between electrodes
while employing a temporal attention mechanism to highlight
key intervals in auditory processing. The results show that
GTAnet outperforms baseline models and offers interpretable
insights into the neural mechanisms underlying auditory scene
analysis.

Index Terms: Auditory attention, Trajectory reconstruction,
EEG, Cocktail party problem

1. Introduction

Humans have the remarkable ability to focus their attention
on a specific speaker or sound source in environments filled
with competing speakers or background noise. This cognitive
phenomenon, known as the cocktail party effect [1], has been
widely studied in neuroscience, revealing strong connections
between cortical activity and key features of attended speech,
such as spectrotemporal representations [2]. Additionally, hu-
mans can perceive and track sound source positions and de-
tect motion shifts [3]. This ability is largely facilitated by the
Inferior Colliculus (IC), which processes Interaural Time Dif-
ferences (ITDs) to estimate sound direction with high preci-
sion [4,5].

Prior research has demonstrated that EEG can be used to
reconstruct the azimuth of sound sources, even in complex au-
ditory environments where multiple speakers are present [6,7].
However, these studies mainly rely on linear trajectory map-
pings, which fail to capture the inherently non-linear character-
istics of EEG signals [8]. This limitation is reflected in the rela-
tively low Pearson correlation between actual and reconstructed
auditory trajectories [6,7].

With the rise of deep learning, selective auditory atten-
tion detection has seen significant advancements, particularly
in static environments [8, 9]. Convolutional neural networks
(CNNBs) have been commonly employed to extract meaningful
EEG features [9], but they do not fully account for the inter-
channel relationships in EEG signals. To address this, Graph
neural networks (GNNs) have been introduced, incorporating
predefined adjacency matrices to model EEG channel connec-
tivity [10]. However, existing GNN-based approaches suffer
from two key limitations:

* EEG electrodes are typically arranged on the scalp in a non-
planar (3D) configuration, as opposed to being on a flat 2D
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surface. GNNs fail to capture the complex spatial relation-
ships.

» Temporal dependencies of EEG signals, crucial for recon-
structing the sound source trajectories during selective listen-
ing, are often not explicitly addressed.

Recent advances in the use of 3D geometric information
have significantly improved performance of GNN-based regres-
sion tasks across various domains. For instance, in molecu-
lar chemistry, the Geometry-enhanced molecular representation
learning method improves property prediction accuracy by cap-
turing the intricate spatial relationships between atoms [11]. In
neuroscience, GNNs have been used to model the relationships
between EEG electrodes based on their 3D spatial configura-
tion, enhancing brain activity analysis [12]. Furthermore, tem-
poral attention mechanisms in EEG-based models—showcased
by TAnet [13]—have been shown to decode salient temporal
features from neural signals within short decision windows,
suggesting a promising avenue for enhancing trajectory pre-
diction by leveraging fine-grained temporal dynamics. In a re-
lated study, recent work on geometry-guided facial expression
recognition leverages spatial-temporal graphs plus transformers
to capture both local and non-local dependencies in facial dy-
namics, demonstrating the potential of 3D geometric data and
attention-based GNNSs [14]. These approaches highlight the po-
tential of combining 3D geometric data with attention-enhanced
GNNs to improve predictive performance in complex, dynamic
systems.

Inspired by these findings, we propose GTAnet, a novel
Geometry-Guided Temporal Attention Network designed to en-
hance EEG-based sound source tracking for both attended and
unattended sound sources. Our model introduces two major
novelties:

¢ 3D Geometry-Based Graph Construction: We use the three-
dimensional coordinates of EEG electrodes [15, 16] to gen-
erate a biologically plausible graph topology, reflecting vol-
ume conduction effects and ensuring closer electrodes have
stronger connections.

» Temporal Attention for Sound Source Tracking: We employ
a temporal attention mechanism across EEG sequences, al-
lowing the model to prioritize the most relevant moments for
distinguishing between attended and unattended trajectories.

The remainder of this paper is organized as follows. Section
2 introduces the proposed GTAnet framework, detailing its 3D
graph construction and temporal attention mechanism. Section
3 describes the dataset and experimental settings used for eval-
uation. Section 4 presents and discusses the results of GTAnet
on the sound source tracking task, highlighting its advantages
over existing methods. Finally, Section 5 concludes the paper.
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Figure 1: The overall architecture of GTAnet, which consists of three key components: 3D-Geometry Graph (3DG), temporal attention
(TA), and trajectory prediction module. GTAnet is trained to track auditory attention by estimating the spatial trajectories of moving
sound sources from EEG inputs. Specifically, 3DG extracts spatial features from EEG, while TA captures temporal dynamics. These
features are then fed into the trajectory prediction module to generate attended/unattended trajectories.

2. Method

Following previous studies [6, 7], sound source tracking is re-
alized by trajectory estimation. Specifically, the azimuth of a
moving sound source (ranging between —90° and +90°) is re-
constructed from EEG signals for each short-time window in
our study. A trial is defined as a continuous period during which
a participant selectively attends to one of two moving sound
sources. To enable dynamic tracking, each trial is segmented
into short-time windows, each of which comprises a number of
EEG samples.

Given one such window of EEG input, denoted X &
REXT_with E representing the number of EEG chan-
nels (nodes) and 7' the number of temporal samples (time
steps)—GTAnet predicts the azimuth angle of the sound source
for the window based on previous and current EEG window.
In this work, the model tracks the sound source movement
throughout the trial.

Our method capitalizes on the intrinsic spatial information
provided by the electrode layout and the rich temporal dynam-
ics inherent in EEG recordings. As illustrated in Figure 1, the
approach is built upon three major components: (i) 3DG: 3D
Geometry-Based Graph Construction, (ii) TA: Temporal Atten-
tion for temporal dynamics Extraction, and (iii) Trajectory Pre-
diction via Neural Networks.

2.1. 3DG: 3D Geometry-Based Graph Construction

The spatial arrangement of EEG electrodes is valuable prior
information for understanding neural signal propagation. We
utilize the standardized BioSemi 128-channel montage, which
specifies the 3D coordinates of each electrode. Let the coordi-
nate of electrode ¢ be denoted by

ci = [Ti, Yi, 2] (D

with ¢ = 1,...,128. Our goal is to construct a graph where
each electrode represents a node, and edges encode the spatial
relationships between them.

To achieve this, we first compute the Euclidean distance
between every pair of electrodes:

dij = |lei — ¢jll2 @

This distance quantifies the physical proximity between elec-
trodes ¢ and j in a 3-dimensional space. Closer electrodes are
expected to capture more correlated neural signals due to vol-
ume conduction effects.
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To convert these distances into a measure of connectivity,
we apply a Gaussian kernel:
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where o is a hyperparameter controlling the rate of decay. This
step produces a dense similarity matrix A, which encodes the
likelihood that two electrodes share meaningful information.
However, many of these connections may be weak or noisy. To
focus on the most significant spatial relationships and reduce
computational complexity, we apply a threshold 7 to sparsify
the matrix. Only connections with A;; > 7 are retained, result-
ing in a sparsified adjacency matrix A. This matrix serves as a
blueprint for subsequent processing, ensuring that our network
leverages only the most reliable spatial connections.

2.2. TA: Temporal Attention for Feature Extraction

EEG signals exhibit dynamic temporal patterns, which are criti-
cal for accurate trajectory prediction. Therefore, it is crucial for
the model to identify and emphasize these informative temporal
segments to improve prediction accuracy.

For each time step ¢, the EEG data is represented as a vector
x; € R, corresponding to the readings from all electrodes.
For a batch of recordings, we represent the data as a tensor

XGRBXTX128 (4)

where B is the batch size and 7" the number of time steps. At
every time step, the electrodes (nodes) are connected by the pre-
viously constructed sparsified graph A.

To capture the spatial dependencies at each time step, we
apply a graph attention mechanism. In essence, this mechanism
allows the network to learn which neighboring electrodes are
most informative for each node. For a given electrode ¢ and its
neighbor j, we compute an attention score:

eij = LeakyReLU (" [Wx; || Wx,] ) 3)

where W is a learnable weight matrix, a is a learnable atten-
tion vector, and || denotes feature concatenation. The scores
are normalized over the neighborhood of each electrode using a
softmax function, leading to adaptive weights «;;. With these
weights, we aggregate the features from neighboring electrodes:

hig =BLU | > oy Wx; (6)
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where ELU(-) is a nonlinear activation function. This process
enhances the spatial representation at every time step by empha-
sizing more informative regions of the scalp.

Temporal dynamics are captured by processing the se-
quence of spatial features {h; ;}i—; through a temporal atten-
tion mechanism. This module learns to assign different weights
to different time steps, effectively highlighting those moments
that are most predictive of the target trajectory. By integrating
the spatially enhanced features over time, we obtain a compre-
hensive spatiotemporal representation for each electrode:

h{™ = Aggregation ({hi,t}?:l) @)
Here, “aggregation” refers to the learned temporal pooling pro-
cess, which ensures that both short-term fluctuations and long-
term trends are captured.

To enhance robustness and capture critical activations, we
apply max pooling after the temporal attention mechanism.
This operation preserves peak responses across time steps, com-
plementing the weighted aggregation from temporal attention to
emphasize both temporal importance and the strongest neural
signals.

2.3. Trajectory Prediction

Once the spatiotemporal features have been extracted from the
EEG data, these features must be transformed into a prediction
of the target trajectory. The enhanced node representations h™
(for all electrodes) are stacked into a tensor

H ¢ RBx128xd ®)
where d is the feature dimension after attention processing. This
tensor is then flattened into a single feature vector for each in-
stance:

h = Flatten(H) )

The flattened features are passed through a series of fully con-
nected (dense) layers. These layers serve two main purposes:
they condense the high-dimensional features into a more com-
pact representation and they introduce further non-linearity to
capture complex dependencies. The final dense layer produces
the predicted trajectory ¢ via a simple linear transformation:

@ = Wdense h + bdense (10)

where Wense and bgense are trainable parameters.

2.4. Overall Framework

Our proposed GTAnet integrates spatial priors (3D) with dy-
namic temporal modeling to predict trajectories from EEG data.
The method consists of the following key steps:

1. 3D Geometry-Based Graph Construction: Constructing a
sparsified graph from the 3D coordinates of EEG electrodes
using a Gaussian kernel and thresholding.
Temporal Attention: Enhancing the EEG signals by apply-
ing spatial attention at each time step, followed by a temporal
attention mechanism to aggregate dynamic features.
Trajectory Prediction: Transforming the resulting spa-
tiotemporal features through fully connected layers to pro-
duce the final trajectory prediction.

The model is trained end-to-end by minimizing the mean
squared error (MSE) between the predicted trajectory ¢ and the
ground truth y. We employ the Adam optimizer, which adapts
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the learning rate during training for improved convergence. To
further enhance robustness and generalization, we incorporate
batch normalization and dropout within our network. These
techniques help mitigate overfitting and ensure that the network
learns a representation that generalizes well to unseen data.

3. Experiments
3.1. Dataset

We conducted our experiments using the SEED corpus, a
dataset provided by Trinity College Dublin [7], referred to as the
Trinity dataset hereafter. This dataset consists of EEG record-
ings from 10 participants, each wearing headphones while lis-
tening to two simultaneously moving speech streams. These
speech streams were read by two different male speakers, with
participants instructed to focus on only one of them in a trial.

The auditory stimuli were spatially rendered using the Ocu-
lus Audio SDK, simulating dynamic and unpredictable move-
ments within the frontal horizontal plane. Both speech streams
moved continuously and randomly within this plane, covering
angles between -90° (left) and +90° (right) relative to the partic-
ipant. The motion followed an angular velocity of 50° per sec-
ond. Each participant completed a speech comprehension task
consisting of 40 trials, with attention alternating between the
two speakers after every 20 trials. Each trial lasted 60 seconds,
and for analysis, we segmented the data into 60 one-second win-
dows.

EEG signals were recorded using a 128-channel Biosemi
ActiveTwo system [17], bandpass filtered between 0.02 and 30
Hz, and downsampled to 64 Hz. To remove artifacts caused by
eye movements, we applied Independent Component Analysis
(ICA) along with the ADJUST algorithm [18].

3.2. Experimental Settings

We implemented the 3D Geometry-Based Graph and Temporal
Attention components using TensorFlow. The training process
aimed to minimize the MSE loss function with a learning rate of
103, optimized using Adam. Each training batch contained 60
windows of EEG signals and each window consist of 64 sam-
ples per second as hop size, and the model was trained for 100
iterations. The implementation was built using TensorFlow 2.14
in Python 3.8, running on a GeForce RTX 3090 GPU and an In-
tel 19-12900K CPU.

For model evaluation, we conducted leave-one-trial-out
cross-validation [19] in a subject-dependent setting. The EEG
data for each subject was divided into training, validation, and
test sets. In each cross-validation fold, the model was trained
on 38 trials, fine-tuned on one trial, and tested on the remaining
trial. This process was repeated 40 times across all trials for ev-
ery subject, and the results were averaged to assess the overall
model performance.

Following prior studies [7,20], we evaluated the model us-
ing two key metrics:
* Mean Squared Error (MSE): Measuring the prediction er-
ror between the reference and predicted trajectory.

¢ Pearson Correlation Coefficient (PCC): Assessing the lin-
ear relationship between the actual and predicted trajectory.

These metrics provide insight into how effectively the model
tracks attended and unattended speech trajectories.



4. Results and Discussion
4.1. Comparative Study

Due to the lack of prior research on EEG-based sound source
tracking with deep learning, we compare GTAnet with estab-
lished benchmark models used in EEG-based kinematics and
motor trajectory reconstruction [21,22]. Specifically, we eval-
uate four models: (1) Linear Regression (LR) [7], (2) CNN-
LSTM [23] for learning temporal features, (3) GCN-LSTM [24]
for static spatial-temporal learning, and (4) GTAnet, which in-
corporates 3D electrode geometry and temporal attention to
model EEG signals propagation dynamically.

As summarized in Table 1, our proposed GTAnet consis-
tently achieves the highest PCC across all trials and subjects,
indicating that GTAnet effectively reconstructing both attended
and unattended sound source trajectories. Additionally, GTAnet
yields the lowest Mean Squared Error (MSE), particularly in
reconstructing attended trajectories, which are critical for se-
lective auditory attention. Notably, GTAnet has only 5,528
parameters—fewer than GCN-LSTM (8,686) and CNN-LSTM
(9,256). Despite its lower parameter count, GTAnet’s 3D graph-
based processing and temporal attention mechanisms enhance
both efficiency and tracking performance. As illustrated in
Figure 2, the predicted trajectory (orange curve) aligns more
closely with the ground truth (blue curve) in the attended con-
dition compared to the unattended one. Notably, GTAnet ef-
fectively tracks left and right movements in the frontal space,
demonstrating its robustness in spatial sound source tracking.

Compared to LR [7], GTAnet’s ability to incorporate tem-
poral features is critical for handling dynamic environments
with unpredictable trajectories. In contrast to CNN-LSTM,
GTAnet excels in capturing spatiotemporal dependencies, as
CNN-LSTM primarily focuses on temporal learning and lacks
structural connectivity. While both GTAnet and GCN-LSTM
model spatial and temporal dependencies, GTAnet outperforms
GCN-LSTM by utilizing 3D graph geometry instead of a static
adjacency matrix, which reduces complexity and improves in-
terpretability. Figure 3 highlights this advantage, showing high
attention weights in temporal and parietal channels, which are
known to play a critical role in auditory attention during sound
source tracking tasks [25,26].

In summary, GTAnet’s superior performance in capturing
spatiotemporal dependencies highlights its potential as a pow-
erful tool for continuous EEG-based sound source tracking. Its
ability to efficiently model dynamic environments, combined
with its compact architecture and interpretable design, positions
GTAnet as a promising approach in this field.

Table 1: Average Mean Squared Error (MSE) and Pearson Cor-
relation Coefficient (PCC) scores on the Trinity dataset with
1-second windows. Models marked with * show a signifi-
cant difference compared to the proposed GTAnet (paired t-test
(p < 0.05)).

Model Attended Unattended

MSE PCC \ MSE PCC
LR (baseline) [7]  0.41* 0.06* | 0.44* 0.02*
CNN-LSTM [23] 0.32* 0.09" | 0.36" 0.06"
GCN-LSTM [24] 0.29* 0.12* | 0.31" 0.09"
GTAnet (ours) 0.21 0.23 0.25 0.18
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Figure 2: Comparison of actual (blue) and predicted (orange)
sound source trajectories for both attended (top) and unat-
tended (bottom) conditions. Here the trajectory value repre-
sents the angle of the azimuth.
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Figure 3: Visualization of GTAnet, generated by averaging data
Jrom 40 trials across 10 subjects. This spatiotemporal represen-
tation combines spatial and temporal attention weights. Node
size indicates electrode importance, while edge color intensity
and thickness represent spatial attention weight strength.

4.2. Ablation Analysis

We performed ablation experiments on GTAnet using the Trin-
ity dataset with a 1-second window, including: (i) replacing the
TA module with dense layers, which resulted in the Gnet model,
and (ii) removing the 3DG module, which resulted in the TAnet
model.

As shown in Table I, CNN-LSTM achieved a PCC of 0.09
(attended) and 0.06 (unattended), and for GCN-LSTM with
PCC of 0.12 (attended) and 0.09 (unattended) while Gnet out-
performed it with 0.18 and 0.15, respectively, showing a 0.09
PCC improvement. TAnet also surpassed CNN-LSTM and
GCN-LSTM, achieving 0.16 (attended) and 0.13 (unattended).
GTAnet achieved the highest performance, with a PCC of 0.23
(attended) and 0.18 (unattended), demonstrating the effective-
ness of combining 3D graph processing and temporal attention.

5. Conclusion

In this study, we introduced GTAnet, a novel model that inte-
grates 3D electrode geometry, temporal attention, and end-to-
end regression to predict sound source trajectories from EEG
data. By leveraging spatial priors based on the 3D proxim-
ity of electrodes and temporal attention, our model enhances
the feature representation of EEG signals. Results confirm its
effectiveness in capturing spatiotemporal EEG dynamics, with
GTAnet outperforming other baseline models. Furthermore, the
interpretability of GTAnet offers valuable insights into the un-
derlying neural mechanisms involved in tracking moving sound
sources.
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