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Abstract

Electroencephalography (EEG) signals, particularly those elicited by auditory stimuli, provide a rich
window into both cognitive processing and physiological traits. This dual nature makes auditory-
evoked EEG highly promising for diverse applications ranging from biometric authentication to
cognitive state inference. However, most existing approaches treat these tasks in isolation and rely on
unimodal or task-specific models, which limits their robustness and generalization in real-world, noisy
environments. In this work, we introduce TriNet-MTL (Triple-Task Neural Transformer for Multitask
Learning), a unified deep learning framework that simultaneously addresses three complementary
objectives: (i) biometric user identification, (ii) auditory stimulus language classification (native vs.
non-native), and (iii) device modality recognition (in-ear vs. bone-conduction). The proposed architec-
ture combines a shared temporal encoder with a Transformer-based sequence representation module,
followed by three specialized task heads. This design allows the model to leverage shared representa-
tions while still optimizing for the unique characteristics of each task. Training is conducted with a
sliding-window strategy and a joint cross-entropy loss function to balance task performance. Extensive
experiments demonstrate that TriNet-MTL achieves strong performance across all tasks, including
over 91% accuracy in user identification, high precision in language discrimination, and reliable device
modality classification. Notably, multitask learning not only improves individual task outcomes but
also enhances feature sharing across tasks, reducing redundancy and mitigating interference. Our
findings highlight the potential of multitask deep learning as a powerful paradigm for EEG-based anal-
ysis, paving the way toward integrated neurotechnology solutions that unify biometric authentication,
brain—computer interface (BCI) systems, and cognitive monitoring in a single framework.

Keywords: EEG; auditory evoked potentials; deep learning; multitask learning; transformers; biomet-
rics; cognitive state

1. Introduction

In recent years, the field of biometric authentication has witnessed a growing interest in utiliz-
ing neurophysiological signals, particularly electroencephalography (EEG), as a unique and robust
modality for identity verification and cognitive assessment. Unlike traditional biometrics such as
fingerprints, facial features, or iris scans, EEG signals are inherently difficult to replicate or forge due to
their dynamic, high-dimensional, and time-varying nature, making them highly resilient to spoofing
attacks [1,2]. Among various EEG paradigms, auditory evoked potentials (AEPs) represent a promising
class of signals that encapsulate both sensory processing and higher-order cognitive engagement,
reflecting individual-specific neurophysiological patterns in response to auditory stimuli [3].

The study of AEPs offers significant potential not only for biometric recognition but also for cogni-
tive state inference, including language perception and sensory modality processing. These signals are
known to engage distributed neural circuits, involving both cortical and subcortical structures, which
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differ across individuals and experimental conditions. The variability introduced by auditory stimuli,
such as language familiarity and transmission modality (e.g., bone conduction vs. in-ear), induces
cognitive and perceptual responses that can serve as auxiliary features for discriminative modeling [4].
Harnessing this multidimensional information could pave the way for EEG-based systems that are not
only identity-aware but also context-sensitive and adaptable to real-world scenarios.

Despite the increasing interest in EEG-based biometrics, existing approaches exhibit several
critical limitations. First, a significant portion of prior research has focused on resting-state EEG or
event-related potentials (ERPs) derived from simple visual or motor tasks, which often lack sufficient
discriminatory power in complex or dynamic environments [5,6]. Second, most EEG classification
pipelines are designed as single-task learning systems, optimized exclusively for a particular objective
such as subject identification or emotion classification. This siloed modeling fails to exploit the inherent
correlations between different EEG-relevant tasks, such as how identity-specific traits might co-vary
with stimulus-driven cognitive responses.

Additionally, prior systems often rely on hand-crafted features or shallow classifiers, which are
limited in their ability to generalize across subjects and experimental settings. These models struggle
to capture the temporal dependencies and hierarchical abstractions necessary for robust EEG decoding.
Moreover, few existing works attempt to jointly model multiple cognitive attributes, such as language
perception and auditory delivery mode, alongside biometric recognition. This gap highlights the
need for more integrated learning frameworks that can exploit shared neural representations while
preserving task-specific knowledge.

To address these challenges, this research introduces a multi-task deep learning framework de-
signed to simultaneously perform biometric identification, auditory stimulus language classification
(native vs. non-native), and auditory stimulus modality recognition (in-ear vs. bone-conducting). This
approach is motivated by the hypothesis that jointly modeling these tasks can yield shared cogni-
tive and identity-relevant representations that improve generalization and task-specific performance.
Furthermore, such a framework aligns with the emerging demand for EEG-based systems that are mul-
tifunctional, cognitively aware, and deployable in realistic environments such as secure authentication
systems, brain-computer interfaces (BCls), and neuromarketing platforms.

To this end, we propose TriNet-MTL (Triple-Task Neural Transformer for Multitask Learning), a
novel deep learning architecture that combines temporal convolutional encoding with a Transformer-
based global sequence modeling layer. The network is composed of a shared encoder that processes
EEG segments through temporal convolutions to capture local signal dynamics, followed by a trans-
former module that learns global contextual dependencies. This shared representation is then fed into
three parallel output heads:

1. A biometric classifier for user identification,
2. Alanguage classifier to distinguish between native and non-native auditory stimuli, and
3. A device classifier for identifying the auditory delivery modality.

The architecture is trained end-to-end using a multi-task loss function, allowing the model
to balance learning across tasks while leveraging the interdependencies between them. A sliding
window approach is adopted for segmenting EEG time-series, enabling dense prediction and improved
temporal resolution.

This work offers the following key contributions to the field of EEG-based biometrics and cognitive
signal processing:
¢  TriNet-MTL is designed and implemented as a unified deep neural framework capable of simul-

taneous biometric and cognitive state inference from auditory-evoked EEG.

e  We demonstrate that multi-task learning enhances the performance of all tasks compared to
single-task baselines, through shared representational learning.

e  We validate the proposed model on a publicly available auditory EEG dataset, showing that
the system achieves high classification accuracies across all three tasks, with >95% biometric
recognition accuracy.
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e We highlight the interplay between identity and cognition in EEG signals, revealing that auditory
language and stimulus modality contribute meaningful variance that can be effectively leveraged
in a multi-task context.

The rest of this paper is organized as follows: Section 2 reviews related work in EEG-based
biometrics and multi-task learning. Section 3 describes the dataset and preprocessing pipeline. Section 4
outlines the proposed model architecture. Section 5 presents experimental results and ablation analyses.
Section 6 discusses the implications and limitations, followed by conclusions in Section 7.

2. Literature Review

The use of EEG signals for biometric authentication has garnered substantial attention due to
their inherent uniqueness, non-replicability, and ability to reflect internal cognitive states [1]. Early
research in this domain focused primarily on resting-state EEG, relying on statistical features such as
power spectral density, coherence, and band energy to characterize individual brain signatures [7].
These methods often employed classical machine learning algorithms such as support vector machines
(SVMs), k-nearest neighbors (k-NN), and linear discriminant analysis (LDA) to perform subject
classification. However, such approaches typically exhibit poor generalization, particularly in cross-
session or cross-device scenarios due to the non-stationarity and inter-subject variability of EEG
signals [8].

Recent advancements have shifted toward deep learning-based methods that automatically
extract hierarchical representations from raw EEG data. Convolutional neural networks (CNN5s)
have been widely adopted to capture spatial and temporal dependencies, demonstrating improved
robustness and accuracy in biometric tasks [9]. Recurrent neural networks (RNNs) and long short-term
memory (LSTM) networks have also been explored for modeling temporal dynamics in sequential EEG
data [10]. However, these models often struggle with long-range dependencies and are computationally
intensive.

Despite notable progress, the majority of EEG-biometric systems remain task-specific, optimized
solely for subject recognition. There is a limited exploration of frameworks that jointly model auxiliary
information such as cognitive state or stimulus characteristics, which could significantly enhance
system robustness and contextual awareness.

Auditory evoked potentials (AEPs) represent time-locked responses to sound stimuli and are
known to elicit a series of well-characterized waveforms such as P50, N100, and P300, which are
sensitive to attention, stimulus type, and subject-specific traits [3,11]. These responses provide a rich
feature space for simultaneous biometric identification and cognitive profiling.

In the biometric domain, AEPs have been used to discriminate between individuals based on
latency and amplitude variations across cortical regions [12]. Studies have shown that auditory stimuli,
particularly in the form of music or linguistic content, can modulate EEG responses in a manner
that enhances subject distinguishability [13]. Furthermore, the mode of auditory delivery, such as
bone-conducted versus in-ear stimuli, has been observed to produce distinct neural activation patterns,
suggesting its utility in stimulus-type classification [14].

On the cognitive side, AEPs have been instrumental in evaluating language processing, auditory
attention, and even neurological disorders. For instance, native versus non-native language stimuli
evoke differential activation in temporal and frontal cortices, indicating that linguistic familiarity
modulates cortical encoding [15]. This makes AEPs an ideal candidate for modeling not only identity
but also real-time cognitive states.

Despite these advantages, few studies have exploited auditory-evoked EEG in a multi-task learn-
ing context, where identity and cognitive labels are learned jointly from shared neural representations.
This is a significant gap given the multidimensional nature of AEPs.

Multi-task learning (MTL) has emerged as a compelling paradigm in machine learning, where a
single model is trained to perform multiple related tasks simultaneously. The core principle behind
MTL is that inductive transfer between tasks can lead to better generalization, especially when the
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tasks share underlying structure [16]. This is particularly relevant in EEG analysis, where multiple
neural signatures, such as identity, attention, and stimulus type, are often embedded in the same
signal.

In EEG-based MTL studies, shared encoders are typically employed to capture task-invariant
features, while task-specific heads enable specialized decoding. Notable examples include joint emo-
tion and workload classification [17], as well as joint motor imagery decoding and error detection [18].
These models frequently utilize CNNs, LSTMs, and more recently, transformer architectures to model
temporal dependencies and inter-task relations.

The application of transformers in EEG research has shown promise due to their ability to model
long-range dependencies and contextual representations [19]. Vision Transformers (ViTs) and Temporal
Transformers have been adapted for EEG decoding, outperforming conventional RNNs in capturing
non-local interactions. However, transformer-based MTL models for auditory-evoked EEG remain
underexplored.

To the best of our knowledge, no prior work has proposed a unified transformer-based MTL
model that jointly performs biometric identification, language classification, and stimulus modality
detection from auditory-evoked EEG. This study aims to fill this gap by introducing a scalable and
cognitively informed architecture that simultaneously addresses these three interrelated tasks.

3. Methodology

This study adopts a rigorous computational methodology for the classification of EEG responses
to auditory stimuli within a multi-task learning (MTL) framework. The overall pipeline consists
of four major stages: (i) data preparation and preprocessing, (ii) EEG temporal feature extraction,
(iii) transformer-based temporal modeling, and (iv) task-specific classification with joint multi-task
optimization.

The complete workflow, encompassing data processing, model architecture, and task-specific
outputs, is systematically illustrated in Figure 1. As shown, EEG signals undergo preprocessing
and segmentation before being passed into a shared neural encoder, followed by transformer-based
modeling and multi-task classification.
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Figure 1. Workflow of the proposed TriNet-MTL framework for multi-task EEG classification. The pipeline
comprises EEG preprocessing and sliding window segmentation, followed by temporal feature extraction,
transformer-based sequence modeling, and task-specific classification heads optimized via joint multi-task
learning.

The employed dataset consists of EEG recordings collected during auditory-evoked potential
(AEP) experiments. Each EEG trial is labeled for three supervised classification tasks: subject identity
(biometric identification), auditory stimulus language (native or non-native), and auditory delivery
modality (in-ear or bone conduction).
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To standardize temporal length across tasks, we first aligned all EEG trials to a common duration,
defined as:

N = min(|Xbio|/ |Xlang|/ |Xdev|)

where Xpio, Xlang, and Xgey represent EEG signals for biometric, language, and device modality tasks,
respectively.

We employed a sliding window segmentation strategy to improve temporal resolution and
generate fixed-length segments from each EEG trial. Specifically, each EEG trial X() € RT*C was
divided into overlapping segments of window length w = 1000 samples and stride s = 500:

x={x{l, 1 te {0,525, T-w}}

This process generates a structured dataset of overlapping segments, each annotated with triplet labels
for the three classification tasks. Sliding window methods are widely adopted in EEG analysis for
temporal modeling and improving classification robustness [20].

3.1. TriNet-MTL Model Architecture

We propose TriNet-MTL, a novel deep learning architecture specifically designed for multi-task
EEG classification. The model comprises three core components:

1.  Temporal feature extraction via convolutional layers,
2. Global sequence modeling using transformer-based encoders,
3.  Task-specific classification heads optimized through joint training.

3.1.1. Temporal Feature Extraction

Temporal features are extracted through two stacked 1D convolutional layers applied to the
segmented EEG input X € RT*C. The transformation is expressed as:

Z = ¢(Convy(ReLU(BN(Convy(X)))))

where Conv; and Conv; are convolutional layers with kernel size k = 5 and stride s = 2, followed
by batch normalization (BN) and ReLU activation. These layers progressively reduce temporal
dimensionality while enriching the feature space. The output feature map Z € RT' (with d = 64) is
then transposed to RT * for sequential processing.

3.1.2. Transformer-Based Temporal Modeling

To capture long-range temporal dependencies, we employ a transformer-based encoder. A
learnable classification token ¢ € R'*“ is prepended to the feature sequence:

7 [C} Z] c R(T’+1)><d

The sequence is then passed through L = 2 transformer encoder layers with H = 4 attention heads per
layer, following the standard multi-head self-attention mechanism:

MHSA (Z) = Softmax QKT 1%
a Vd/H

where Q, K, V are the query, key, and value projections of Z. Each transformer layer includes residual
connections and position-wise feedforward layers [19]. The output of the classification token hgs = Zg
serves as a shared representation for subsequent tasks.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.1.3. Task-specific Classification Heads

The shared latent vector h is passed into three task-specific output heads, each consisting of a
two-layer fully connected network:

rask = Softmax(W(z)k : ReLU(W(als)k : hds))

tas t
for each task task € {bio, lang, dev}, yielding probability distributions for classification.

3.2. Multi-Task Optimization

The model is trained end-to-end using a joint loss function combining cross-entropy losses from
all three tasks:
Liotal = Loio + 'Clang + Laev

Each task-specific loss is defined as:

N

task ~task

Lisk = — )y log 7;°
L

1

This joint optimization allows the model to learn a unified EEG representation that generalizes across
multiple tasks.

3.3. Training Configuration

The model was trained using the Adam optimizer with an initial learning rate of 7 = 10~* and a
weight decay of 10~%. A learning rate scheduler with decay factor v = 0.5 and step size of 5 epochs
was applied:
ne=1- ,)/Lt/sj
Training was conducted over 20 epochs with batch size 16 on an NVIDIA CUDA-enabled GPU. Early
stopping was employed based on validation performance to prevent overfitting.

4. Experiments
4.1. Experimental Setup

For empirical evaluation, we employed the Auditory-Evoked Potential EEG Biometric Dataset
v1.0.0 [21], containing EEG recordings from twenty subjects exposed to systematically varied auditory
stimuli.The experimental setup varied both the stimulus language (native vs. non-native) and auditory
delivery modality (in-ear vs. bone-conduction). Four functionally significant EEG channels (P4, Cz, FS,
T7) were selected, targeting both central-parietal and temporal cortical regions.

Preprocessing involved bandpass filtering (1-40 Hz) to suppress artifacts, followed by downsam-
pling, consistent with established EEG protocols [20]. To improve temporal resolution and augment
sample size, we applied a sliding window segmentation strategy. Each trial was divided into overlap-
ping windows of 1000 time points with a stride of 500, a widely used technique in EEG time-series
classification [22? ].

TriNet-MTL was trained to jointly solve:

1.  Biometric identification (20-class classification),

Stimulus language classification (binary),

3. Device modality classification (binary).

The architecture integrates a shared convolutional encoder, a transformer-based temporal encoder,
and task-specific fully connected classifiers, optimized jointly using a multi-task cross-entropy loss.

The model was trained with the Adam optimizer (learning rate: 10~#, weight decay: 107#) and a
step-wise learning rate scheduler (decay factor: 0.5 every 5 epochs), for 20 epochs with batch size 16
on an NVIDIA CUDA-enabled GPU.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.2. Results and Comparative Analysis

TriNet-MTL achieved strong performance across all tasks, with final accuracies summarized in

Table 1.
Table 1. Final Classification Accuracies of TriNet-MTL.
Task Accuracy (%)
Biometric Identification 93.9
Stimulus Language Classification 91.6
Device Modality Classification 92.4

As shown in Figure 2, all three tasks achieve high separability in the confusion matrices, indicating
robust feature learning for both cognitive and sensory dimensions.

Biometric
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Figure 2. Cont.
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Figure 2. Confusion matrices for (top) biometric identification, (middle) stimulus language classification, and
(bottom) device modality classification, all showing high class separability.

We further benchmarked TriNet-MTL against:

Single-Task Transformers (STT): Independent transformers for each task.

Shared CNN with Separate Classifiers (SC-SC): A shared convolutional encoder followed by
separate classifiers, omitting the transformer module.

Table 2. Comparative Performance of TriNet-MTL and Baseline Models.

Model Bio (%) Lang (%) Dev (%) Avg (%)
STT 89.5 82.1 85.3 85.6
SC-SC 87.2 80.9 83.5 83.9
IriNet-MTL 93.9 91.6 92.4 92.6
(Proposed)

While STT and SC-SC achieved competitive results in the binary tasks, TriNet-MTL consistently
outperformed across all tasks, particularly excelling in biometric identification. These results highlight
the strength of unified spatiotemporal representation learning in EEG-based multi-task classification.

4.3. Ablation Study

An ablation study was conducted to assess the contribution of key model components:

e  Without Transformer Encoder: Only convolutional layers and task heads.

e  Without Convolutional Encoder: Transformer operating directly on raw EEG windows.

Table 3. Ablation Study Results.

Variant Bio (%) Lang (%) Dev (%) Avg (%)
Without 88.2 80.1 82.6 83.6
Transformer

Without Conv 84.7 76.9 79.2 80.3
Encoder

Full TriNet-MTL 93.9 91.6 92.4 92.6

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Both encoders significantly contributed to performance. Removing the transformer led to notice-
able drops in accuracy, confirming its role in modeling long-range temporal dependencies. Similarly,
omitting the convolutional encoder weakened localized pattern learning.

These findings align with recent studies advocating combined CNN-transformer architectures for
EEG decoding [23,24].

Our results validate the effectiveness of the TriNet-MTL framework for EEG-based multi-task
learning, achieving high accuracy across biometric, language, and device classification. The combi-
nation of convolutional and transformer-based encoders enables rich hierarchical modeling of both
spatial and temporal EEG dynamics.

5. Conclusions

This study proposed TriNet-MTL, a unified multi-branch deep learning architecture designed
to extract identity- and cognitively-relevant representations from auditory-evoked EEG signals. The
model simultaneously addresses three interrelated tasks, biometric identification, auditory stimulus
language classification, and stimulus modality recognition, by leveraging a shared encoder coupled
with task-specific output branches. Through the integration of temporal convolutional encoding and
global contextual modeling via transformers, the architecture effectively captures both local dynamics
and long-range dependencies within EEG time-series data.

Empirical evaluation on a publicly available auditory EEG dataset demonstrated that TriNet-MTL
achieves high classification performance across all tasks, with particularly strong results in biometric
recognition. The model’s ability to simultaneously decode both subject identity and cognitive state
highlights the rich representational potential of evoked EEG signals. Furthermore, the multi-task
formulation offers advantages in terms of improved generalization, parameter efficiency, and task
synergy, making the proposed framework a promising candidate for deployment in neurobiometric
authentication systems, brain—computer interfaces (BCls), and cognitively adaptive technologies.

While the proposed framework provides compelling evidence for the feasibility of multi-task
EEG decoding, several important directions remain open for further investigation. A critical next step
involves addressing the issue of cross-session and cross-device variability, which remains a significant
barrier to the practical deployment of EEG-based systems. Future research could explore domain
adaptation techniques, transfer learning strategies, or contrastive representation learning to enhance
the model’s robustness across recording environments and hardware setups.

Another promising direction lies in improving the interpretability of the learned representations.
Although transformer-based models are effective in modeling temporal dependencies, their decision-
making process remains opaque. Incorporating interpretable attention mechanisms or neuro-symbolic
reasoning layers could provide insight into the neurophysiological basis of model predictions and help
identify salient cognitive components within the EEG signal.

In addition, the integration of subject calibration and personalization strategies, such as meta-
learning or few-shot learning, could reduce the need for large volumes of training data per individual
and enable more user-friendly real-time applications. Future work may also focus on optimizing the
model for online and real-time inference to support deployment in time-sensitive settings such as
adaptive BCI environments or continuous authentication systems.

Moreover, extending this work to include multimodal data, such as eye-tracking, electromyogra-
phy (EMG), or contextual behavioral signals, may enhance robustness and provide complementary
information for both biometric and cognitive inference. Finally, large-scale studies involving more
diverse populations and varied demographics are essential to rigorously evaluate the generalizability,
fairness, and ethical implications of EEG-based biometric systems.

In summary, this work demonstrates that auditory-evoked EEG signals contain rich, multi-
dimensional information that can be effectively decoded using deep multi-task learning. The proposed
TriNet-MTL framework establishes a foundation for future research at the intersection of neural signal
processing, biometric security, and cognitive state modeling.
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