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Abstract

Driver vigilance estimation is critical for prevent-
ing fatigue-induced traffic accidents, yet existing mul-
timodal EEG-EOG methods often suffer from lim-
ited personalization and poor generalization. We
propose KANformer, a personalized vigilance estima-
tion framework that integrates subject-specific pri-
ors, Transformer-based feature encoding, and Kol-
mogorov—Arnold Networks (KAN) for adaptive tempo-
ral modeling. Raw EEG and EOG signals are first
encoded by a Transformer to capture long-range de-
pendencies and cross-modal interactions. A person-
alized channel attention module then reweights mul-
timodal features using demographic and task-related
metadata, enabling subject-aware representation learn-
ing. These representations are further modeled by a
KAN-based temporal module, which replaces Mamba-
style state-space modeling with more expressive func-
tional compositions while retaining low computational
complexity. Experiments on the SEED-VIG and SADT
datasets under cross-subject and zero-shot settings
demonstrate that KANformer consistently outperforms
Mamba-based baselines in RMSE, MAE, and PCC. The
results indicate that KANformer provides a scalable and
generalizable solution for real-time fatigue monitoring
and personalized neurocognitive modeling.

Keywords: EEG; EOG; Vigilance Estimation; Trans-
former; Kolmogorov—Arnold Networks; Personalization;
Multimodal Learning

Introduction

Traffic accidents, particularly those caused by fatigued
driving, represent a significant global safety concern.
As vehicular usage continues to rise, mitigating fatigue-
related risks has become an urgent focus in transporta-
tion research. Among various detection methods, phys-
iological signal-based approaches, especially those uti-
lizing electroencephalography (EEG) and electrooculo-
gram (EOG), have proven highly effective due to their
ability to objectively capture neural and ocular indi-
cators of vigilance decline. These multimodal signals
provide a solid foundation for developing accurate and
real-time driver fatigue monitoring systems. However,
achieving generalizable and individualized vigilance es-
timation remains a challenging open problem.

Most existing multimodal frameworks either rely on
shallow fusion strategies or deploy attention-based mod-
els such as Transformers to encode signal dynamics.
While Transformer-based models are effective at captur-
ing temporal and spatial dependencies, they often in-
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cur a high computational cost (quadratic time complex-
ity with respect to sequence length), which limits their
practicality for long EEG/EOG sequences. Moreover,
these systems often employ a uniform modeling strategy
for all users, failing to account for meaningful individ-
ual differences such as age, gender, or driving experi-
ence. This lack of personalization hampers cross-subject
generalization and reduces robustness in real-world sce-
narios, where fatigue responses vary considerably across
individuals.

Modeling both population-level signal patterns and
individual-specific variability is crucial for high-fidelity
vigilance estimation. Global sequence dependencies in
EEG and EOG data provide valuable information about
alertness trends, while localized signal features, such as
frequency-domain bursts or eye movement artifacts, can
be highly personalized. Existing models frequently ig-
nore this dichotomy, leading to performance drops in
zero-shot or cross-subject settings. There remains a
pressing need for a framework that can model temporal
dependencies efficiently while also adapting to subject-
specific characteristics.

To address these challenges, we propose KAN-
former, a personalized vigilance estimation framework
that combines Transformer-based multimodal feature
encoding with Kolmogorov—Arnold Networks (KAN) for
flexible and efficient temporal modeling. Specifically,
KANformer utilizes a Transformer encoder to learn spa-
tial and cross-modal interactions from EEG and EOG se-
quences. A personalized channel attention mechanism,
guided by subject-specific priors (age, gender, experi-
ence), dynamically reweights features to emphasize indi-
vidually relevant signal channels. These enhanced rep-
resentations are then passed to a KAN module, which
models temporal dependencies via functional composi-
tion rather than traditional recurrent or attention mech-
anisms. This architecture allows the model to adaptively
focus on individual-specific time-varying patterns while
maintaining high efficiency.

The key contributions of this work are:

e« The Transformer-Based Feature Encoding: A
Transformer encoder captures long-range and cross-
modal dependencies from EEG and EOG signals, en-

In G. Boleda, I. Dautriche, M. Maldonado, C. Saldana and T. Torrent (Eds.), Proceedings of the 48th Annual Conference of the Cognitive
Science Society ©2026 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).



N
~
d
i

~
~

—_——— e —— —

.
.

Output

uoISSAIZRY

g TransFormer

I I
1 I
1 1
1 1
I I
1 1 )
! 4 [ ./__NCB i
1 1 Patch Embedding - -
] roe ] , =l [
% ~
1 I Stage 1 NCB i, 3 .
1 1 o, XL,
I 1 Fiar NTB x0 y
: : G ([
1 : Patch Embedding &
I J \ ;
i EEG : Stage 2 | NCB xN.
! ! ot | Lz /" NTB | ¢,
1 1 8%8 | NTB x1 Gone
b\ tmputpaa ) 1 ,
/ .
1 1 ‘ Patch Embedding ' Cou*r 2
| rsssssssssssssasssasssnsssasssasssnsas 1 ) K
! ! Stage 3 | NCB XNy ’ Ir o =
1 . 1 el -
: rior : 167716 | NTB x1
1 1 ’
1 1 ;
1 1 Patch Embedding
1 Age H J v
1 I W | NeEEVY
: : 32732 | NTB x1
1 I b s
| Gender : .
1 1 v &
H I Global Average Pool
1 I FC
1 . I T
: Experience :
1 1
1 1

Figure 1: Overview of the proposed KANformer architecture. The model consists of four main components: (1)
a Transformer-based encoder that extracts hierarchical spatial representations from multimodal EEG and EOG
inputs through patch embedding, multi-head self-attention, and feed-forward layers; (2) a personalized prior module
encoding subject metadata (age, gender, and experience) to guide attention and representation learning; (3) a
Kolmogorov—Arnold Network (KAN) block stack that models individualized temporal dependencies via functional
composition; and (4) a regression head that outputs continuous vigilance scores. Subject priors are integrated into
both the Transformer and KAN modules to achieve personalized and efficient vigilance estimation.

hancing early fusion and spatial representation.

The KAN model for Temporal Modeling: Kol-
mogorov—Arnold Networks flexibly model individual-
ized temporal dynamics, guided by demographic priors
without relying on recurrence or self-attention.

Generalization and Efficiency: The KANformer
improves cross-subject and zero-shot performance
while maintaining efficient real-time inference.

Method

KANformer provides efficient and personalized vigi-
lance estimation using multimodal EEG and EOG sig-
nals. Building upon prior physiological sequence model-
ing frameworks, it integrates Transformer-based spatial
encoding with Kolmogorov—Arnold Networks (KAN) for
temporal modeling within a unified end-to-end architec-
ture (Figure [1). The pipeline begins with EEG/EOG
preprocessing and early fusion, followed by a Trans-
former encoder that captures long-range multimodal de-
pendencies. A personalized channel attention mech-
anism then reweights features according to subject-
specific priors. The resulting individualized represen-
tation is passed to a KAN-based temporal module that
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encodes vigilance patterns via nonlinear functional com-
position. By decoupling spatial and temporal modeling,
KANformer attains higher flexibility and generalization
than prior architectures (e.g., PPG-Mamba), leverag-
ing the Transformer’s multimodal integration while re-
placing recurrence and attention with KAN’s efficient
function-based dynamics.

Input Representation

Raw EEG and EOG signals, denoted Xeeg and Xeog, are
downsampled to 200 Hz and filtered within 1-50 Hz to
preserve neurocognitively relevant rhythms (e.g., alpha,
theta). A 50 Hz bandstop filter suppresses powerline
noise. The signals are segmented into non-overlapping 8-
second windows, each treated as an independent sample
for frame-wise vigilance prediction. For each segment,
we compute the power spectral density (PSD) and differ-
ential entropy (DE), forming a robust frequency-domain
representation that captures both the energy distribu-
tion and the signal complexity.

Transformer-Based Feature Encoding

The extracted features X gggt and X, gg%‘t are concatenated
as:

KXfused = [nggt ) ngzt} : (1)
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Figure 2: Impact of module number on model performance. Left: Increasing the number of Transformer modules

gradually improves accuracy, showing an early high baseline and a slow saturation trend. Right: Increasing the
number of KAN modules yields faster initial improvement and earlier convergence. The red dashed line denotes
the configuration used in KANformer (Transformer=7, KAN=6), which lies near the inflection point, balancing

performance and efficiency.

This fused input is processed by a Transformer en-
coder that models spatial and cross-modal interactions.
Unlike CNN-based encoders, the Transformer jointly
attends to all time and channel positions, capturing
both short- and long-range dependencies in EEG/EOG
signals.  Stacked multi-head self-attention layers en-
hance representational richness, while residual connec-
tions and layer normalization ensure stable convergence.
Subject-specific priors z (age, gender, experience) are in-
tegrated as conditional inputs—either concatenated or
projected—guiding the encoder toward individualized
feature learning.

Personalized Channel Attention

To highlight salient channels individually, we introduce a
personalized channel attention mechanism. Given Xgyged
and priors z, a weight «; is computed per channel:

QG = O’(W[XZ'7Z} + b)a Xpersonalized = o ® Xfused, (2)
where ® denotes element-wise multiplication and o(-)
is the sigmoid function. This mechanism adaptively
reweights modalities using external priors. For instance,
reduced EOG quality due to blinking can be down-
weighted, while frontal EEG channels for older subjects
receive higher attention.

KAN-Based Temporal Modeling

Temporal dependencies are modeled using KAN, which
approximates complex functions via compositions of low-
dimensional basis functions, enabling expressive yet ef-
ficient temporal modeling. Given personalized input
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Xpersonalized and priors z, the temporal hidden state and
overall output are:

T
he =KAN(X1,2;0), 0= B, (3)
t=1

where (; reflects time-dependent importance. The basis
functions in KAN provide strong functional approxima-
tion with reduced computational cost and better stabil-
ity over long sequences. Incorporating priors into basis
weights further allows individualized temporal adapta-
tion across cognitive profiles (from Fig. 3).

Regression Layer

The temporal output O is normalized and mapped to a
continuous vigilance score:

7 =LayerNorm(O), y=tanh(W,Z+b), (4)
where W, and b are trainable parameters. The out-
put y € [0,1] represents the vigilance level, trained using
mean squared error (MSE) against behavioral ground
truth (e.g., reaction time, lane deviation). The tanh ac-
tivation ensures bounded, numerically stable predictions
suitable for real-time inference.

Efficiency Analysis

KANformer is optimized for real-time deployment. The
Transformer encoder exhibits O(nd?) complexity with
efficient parallelism, while the KAN module achieves
O(nB), where B < d. This design avoids the O(n?d)
cost of recurrent or attention-based temporal models.



Empirical results on SEED-VIG and SADT show that
KANformer achieves superior accuracy with lower la-
tency and parameter count than prior baselines (e.g.,
LSTM-CapsAtt, Res-att-capsnet), demonstrating its
suitability for lightweight, personalized vigilance mon-
itoring systems.

J |

' KAN-Linear '

Y

KAN-Linear

@

Figure 3: Overview of the KAN temporal model process.
Step 1 (KAN Scanner) extracts sequential dependen-
cies using KAN-Linear mappings across temporal seg-
ments. Step 2 (KAN Block) applies nonlinear trans-
formation with residual composition to refine temporal
representations.

Experiment and Results
Datasets and Experimental Setup

To evaluate the proposed KANformer model, we con-
ducted experiments on two widely-used public datasets:
SEED-VIG and SADT, both of which provide multi-
modal EEG and EOG recordings for vigilance estimation
under controlled conditions.

The SEED-VIG dataset includes data from 15 par-
ticipants, with EEG recorded using 18 electrodes (10-20
system) and EOG using 4 electrodes. All signals were
sampled at 200 Hz and segmented into 8-second win-
dows. Each segment was labeled according to behavioral
performance metrics collected during sustained vigilance
tasks.

The SADT dataset contains single-channel EEG
recordings from 27 participants in simulated driving ses-
sions lasting 60-90 minutes. Fatigue labels were derived
from task performance, including response times and de-
tection accuracy.

Data preprocessing. For both datasets, signals were
bandpass filtered (1-50 Hz) and bandstop filtered at 50
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Hz to remove powerline noise. All signals were down-
sampled to 200 Hz. From each window, we extracted
Power Spectral Density (PSD) and Differential Entropy
(DE) features, which jointly capture frequency-specific
energy and signal complexity.

Experimental configuration. All models were im-
plemented in PyTorch and trained on an NVIDIA Tesla
V100 GPU. KANformer was optimized using Adam with
a learning rate of 0.001, batch size of 32, and dropout
rate of 0.1. We adopted an 8:1:1 train/validation/test
split and used 5-fold cross-validation. Early stopping
based on validation loss was used to prevent overfit-
ting. Zero-shot evaluation is conducted by excluding all
test subjects during training and directly evaluating the
model on unseen subjects.

Evaluation Metrics

The performance of KANformer was evaluated using
three key metrics to comprehensively assess both pre-
diction accuracy and its correlation with ground truth
vigilance levels:

+ Root Mean Square Error (RMSE): Measures the
average squared deviation between predicted and true

values, emphasizing large prediction errors.

Mean Absolute Error (MAE): Computes the aver-
age absolute difference, offering a direct view of overall
prediction accuracy.

Pearson Correlation Coefficient (PCC): Quanti-
fies the linear relationship between predicted and ac-
tual vigilance scores, where a score close to 1 indicates
high consistency.

The metrics are formally defined as:

RMSE =

1 1
NZ@i—yi)Qv MAE:NZ@%'_%L

im1 i=1
(5)

N /A = _
>im1 (i =) (i —9) 6
2o DWWy )

\/Zi:l (G — 9)* >i=1 (i —9)?
where N is the number of samples, §; and y; denote
predicted and ground-truth vigilance scores, and g, ¥y

their respective means.

PCC =

Comparison with Baseline Models

To validate the superiority of KANformer, we com-
pared its performance against several representative
models for vigilance estimation, including classical ma-
chine learning approaches, deep neural networks, and
recent multimodal fusion techniques:

o« PPG-Mamba (Song et al., 2025): A state-space
model combining CNN features and the Mamba se-
quence backbone. It introduced channel-wise priors



Table 1: Performance comparison on SEED-VIG and SADT datasets. Our KANformer achieves the best results on

both datasets.

Model Dataset RMSE | PCC1?
O-MV-T-TSK-FS (Jiang et al., 2020) SADT 0.2+ -
LSTM-CapsAtt (Zhang et al., 2021) SEED-VIG 0.029 0.989
DCRA_E (Song et al., 2021) SEED-VIG 0.035 0.980
DCRA_M (Song et al., 2021) SEED-VIG 0.023 0.985
AWIRVFL (Zhang et al., 2022) SEED-VIG 0.063 -
SADT 0.108 -
EEG-Fest (Ding et al., 2022) SEED-VIG 0.030 0.980
Distillation (Zhang et al., 2023) SEED-VIG 0.025 0.993
Res-att-capsnet (Pan et al., 2023) SEED-VIG 0.016 -
SADT 0.108 -
PPG-Mamba (Song et al., 2025) SEED-VIG 0.012 0.997
SADT 0.099 0.882
KANformer (Ours) SEED-VIG 0.009 0.998
SADT 0.088 0.895

and personalized spatial attention, achieving state-of-
the-art results prior to our work.

o Distillation (Zhang et al., 2023): A compact
student-teacher architecture that distills knowledge
from larger EEG models. It excels under computa-
tional constraints but lacks modality-aware fusion.

o Res-att-capsnet (Pan et al., 2023): A residual
attention capsule network modeling spatial hierarchies
via attention capsules. Its high complexity limits real-
time feasibility despite strong performance.

« DCRA_E/DCRA_M (Song et al., 2021): Mul-
timodal autoencoders with coupling constraints for
EEG/EOG fusion. They struggle with generalization
when data is limited.

o« LSTM-CapsAtt (Zhang et al., 2021): Sequen-
tial LSTM layers with capsule attention designed for
EEG time-series. While effective, its monolithic archi-
tecture underutilizes EOG signals.

Table [ summarizes the evaluation. On the SEED-
VIG dataset, KANformer achieves an RMSE of 0.009
and PCC of 0.998, outperforming all previous mod-
els including PPG-Mamba (RMSE = 0.012, PCC =
0.997). This demonstrates that replacing the Mamba
state-space encoder with Kolmogorov—Arnold Networks
(KAN) enables better global modeling of latent tempo-
ral patterns, while Transformer-based channel attention
improves multimodal coordination.

The advantage of KANformer is further amplified
on the SADT dataset, which includes long-duration
single-channel EEG data with significant inter-subject
variability. Despite this challenge, KANformer yields
an RMSE of 0.088 and PCC of 0.895, surpassing
PPG-Mamba (RMSE = 0.099, PCC = 0.882) and other
deep learning baselines. This performance boost in-
dicates stronger generalization and robustness, which

is crucial for deployment in resource-constrained, real-
world settings such as in-vehicle monitoring or wear-
able devices. Unlike earlier models that primarily em-
phasize either temporal modeling or personalized adap-
tation, KANformer seamlessly integrates both via a
hybrid Transformer—-KAN architecture. Specifically, the
attention-based encoder captures fine-grained signal in-
teractions, while KAN’s compositional modeling cap-
tures long-range trends with better inductive bias. More-
over, our channel-wise attention is dynamically condi-
tioned on personalized priors, allowing subject-aware
feature modulation without requiring dense metadata or
calibration. This contributes to both high predictive ac-
curacy and practical adaptability. In summary, KAN-
former sets a new benchmark for multimodal vig-
ilance estimation, combining sequence modeling effi-
ciency, high accuracy, and personalized signal interpre-
tation (from Fig. 2).

Table 2: Ablation study results on the SEED-VIG
dataset. The effect of removing or replacing key com-
ponents in the KANformer architecture.

Model Variant RMSE | PCC1
KANformer (Ours) 0.009 0.998
Without Personalized Priors 0.012 0.993
Without Channel Attention 0.013 0.992
Replace KAN w/ Transformer 0.012 0.997
Replace Transformer w/ KAN 0.014 0.989
Without Multimodal Fusion 0.017 0.975
Only EEG Features 0.020 0.970
Only EOG Features 0.028 0.952

Ablation Study

To evaluate the impact of each component in the KAN-
former architecture, we conducted an ablation study
on the SEED-VIG dataset. Table [2] reports the results.
Removing or disabling key modules leads to significant
performance degradation, confirming their complemen-
tary roles in modeling vigilance-related neural dynamics.
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We first assess the importance of multimodal fusion.
Eliminating either EEG or EOG inputs leads to in-
creased RMSE (0.020 and 0.028, respectively), while re-
moving the fusion process entirely degrades performance
to an RMSE of 0.017. This highlights the complemen-
tary nature of EEG and EOG signals, capturing both
cortical and ocular markers of fatigue. Their joint mod-
eling ensures a more holistic and discriminative repre-
sentation of vigilance states.

Next, we examine the personalization components.
Removing personalized priors that modulate the tem-
poral KAN block results in a performance drop (RMSE
= 0.012), as the model loses the ability to adjust state
selection based on subject-specific metadata. Similarly,
disabling channel attention, which weights modality-
specific inputs adaptively per individual, yields an
RMSE of 0.013 and reduces correlation to 0.992. These
results confirm that individual variability plays a cru-
cial role in fatigue modeling and must be explicitly cap-
tured. Altogether, the ablation study demonstrates that
each design component of KANformer, including mul-
timodal integration, temporal dynamics modeling, and
personalized priors, contributes meaningfully to overall
performance.

Effect of Input Modalities and Priors

We further assess the contribution of each input compo-
nent. Using only EEG features yields an RMSE of 0.020
and PCC of 0.970, while using only EOG results in 0.028
and 0.952, respectively, confirming their complementary
roles in capturing cortical and ocular fatigue cues. Re-
moving multimodal fusion degrades performance to an
RMSE of 0.017 and PCC of 0.975. Eliminating demo-
graphic priors (age, gender, experience) further reduces
PCC from 0.998 to 0.993, showing that priors effectively
enhance personalization. Among them, age exerts the
largest effect, while gender and experience provide mod-
erate but consistent gains in channel weighting and tem-
poral stability.

Table 3: Efficiency comparison of different models in
terms of inference time and parameter size.

Model Latency (ms) | Parameters (M) |
LSTM-CapsAtt 11.2 18.3
DCAT 9.1 17.5
DCRA M 8.8 16.8
Res-att-capsnet 8.5 16.2
PPG-Mamba 6.4 14.7
Ours 5.2 13.6

Efficiency Analysis

We further evaluate the computational efficiency of
KANformer against state-of-the-art baseline models.
As reported in Table [B] KANformer achieves the low-
est inference time of 5.2 ms and the smallest param-

eter size of 13.6M, outperforming the previous best
model PPG-Mamba (6.4 ms, 14.7M). This improvement
stems from two core design choices. First, replacing the
Mamba sequence model with Kolmogorov—Arnold Net-
works (KAN) enables efficient representation of long-
term dependencies with fewer parameters and faster
convergence. KAN’s coordinate-wise function model-
ing eliminates the need for large hidden states while
preserving rich temporal expressiveness. Second, our
use of Transformer-based feature extractors instead of
CNN+CBAM modules reduces spatial redundancy and
enhances input compression without sacrificing repre-
sentation quality. Additionally, the integration of per-
sonalized priors and reweighting is implemented in a
lightweight manner, avoiding costly parameter duplica-
tion across subjects. Thanks to this design, KANformer
balances real-time inference capability with state-of-the-
art predictive accuracy, making it highly suitable for
deployment in wearable, mobile, or automotive fatigue
monitoring applications where computational resources
are limited.

Conclusion

We propose KANformer, a personalized sequence
modeling framework for multimodal EEG-EOG-based
vigilance estimation. KANformer replaces traditional
CNN+CBAM and Mamba modules with a Transformer-
based feature encoder and a Kolmogorov—Arnold Net-
work (KAN) sequence learner, enabling both global con-
text extraction and personalized functional modeling.
Subject-specific priors are integrated to guide dynamic
attention and temporal adaptation, resulting in individ-
ualized vigilance predictions with linear-time complexity.
Extensive evaluations on SEED-VIG and SADT datasets
demonstrate that KANformer surpasses state-of-the-art
baselines, achieving an RMSE of 0.011 and PCC of
0.998 on SEED-VIG, while also improving performance
on SADT. Compared to PPG-Mamba, KANformer fur-
ther reduces inference time and parameter size by over
18% and 7.5%, respectively. Ablation studies validate
the contribution of each module.
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