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ABSTRACT General EEG Reconstruction Multi-Branch HCMT

Electroencephalography (EEG) supports brain—computer in-
terfaces (BCI), cognitive monitoring, and clinical diagnostics
through millisecond-resolution neural recordings. However,
effective representation learning remains challenging due to
low signal-to-noise ratios, heterogeneous electrode config-
urations, and complex spatial-spectral-temporal dynamics.
While deep models have improved performance, they often
blur axis-specific structures, reducing generalizability across
subjects and datasets. We introduce the Hierarchical Convo-
lution Multibranch Transformer (HCMT), a self-supervised
framework that maintains axis-aware representations via a
spectral filter bank, hierarchical convolutions, and dedicated
Transformer branches for spatial, spectral, and temporal
modeling. HCMT is trained with a multi-objective loss that
integrates masked reconstruction, branch decorrelation, and
feature diversity. Across tasks including P300 detection,
motor imagery, and sleep staging, HCMT consistently out-
performs standard baselines, highlighting its effectiveness in
robust, axis-aware EEG representation learning.

Index Terms— EEG, representation learning, spatial-
spectral-temporal modeling, Hierarchical CNN

1. INTRODUCTION

Electroencephalography (EEG) has the potential to transform
brain—computer interfaces (BCI), cognitive monitoring, and
clinical diagnostics by providing millisecond-level access to
neural activity. However, progress in robust EEG modeling
remains limited by the difficulty of learning representations
that generalize across subjects, sessions, and recording con-
ditions. Models that perform well on one dataset often fail to
transfer, restricting their practical utility. This lack of robust-
ness stems from three persistent challenges.

First, generalization. Handcrafted pipelines such as band
power and Common Spatial Patterns (CSP) require subject-
specific tuning and often degrade when applied across sub-
jects or sessions [1, 2]. Even recent transfer-learning methods
show a consistent performance gap between subject-specific
and subject-independent settings [3].
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Fig. 1. HCMT comparison with common mask reconstruction

Second, long-range dependencies. EEG dynamics unfold
over hundreds of milliseconds to several seconds, as seen in
P300 event-related potentials (ERP) and sleep-stage transi-
tions [4]. Convolutional networks such as EEGNet learn local
spatio-spectral patterns [5, 6], but their limited receptive fields
restrict temporal modeling. While Transformer-based models
can capture long-range dependencies [7, 8], many flatten EEG
inputs and lose axis-specific structure in the process as shown
in Figure 1.

Third, axis-specific patterns. EEG signals differ across
spatial locations, spectral rhythms, and temporal patterns.
Classical approaches often treated these axes separately [1],
but many recent end-to-end models process EEG holisti-
cally within a single encoder, obscuring structural priors and
reducing robustness [7, 8]

To address these challenges, we propose the Hierarchical
Convolution Multibranch Transformer (HCMT), a self-
supervised framework that explicitly preserves axis-aware
structure. HCMT applies a spectral filter bank and 3D-to-2D
convolutional stem to maintain local detail, followed by axis-
specific attention and separate Transformer branches special-
ized for spatial, spectral, and temporal modeling. A multi-
objective loss—combining masked reconstruction, branch
decorrelation, and feature diversity—encourages each branch
to learn complementary representations. Unlike prior work
that processes EEG jointly, HCMT preserves axis structure,
enabling improved generalization across subjects, long-range
dependency modeling, and robustness to heterogeneous elec-
trode layouts.

Contributions. Our work makes the following contributions:
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1. We introduce HCMT, a self-supervised EEG framework
that combines a spectral filter bank, hierarchical convolu-
tions, and multibranch Transformers for axis-aware repre-
sentation learning.

2. We design a multi-objective loss that encourages comple-
mentary specialization across spatial, spectral, and tem-
poral branches, enhancing both axis-aware modeling and
cross-subject generalization.

3. We conduct comprehensive evaluations on three EEG
benchmarks, including P300 detection, motor imagery,
and sleep staging, demonstrating that HCMT outperforms
strong convolutional and Transformer-based baselines.

2. RELATED WORK

Early EEG decoding relied on handcrafted features such as
band power and CSP with shallow classifiers [2], achieving
good within-subject accuracy but requiring extensive cali-
bration and generalizing poorly across subjects [1, 9]. Deep
learning enabled end-to-end feature learning. CNNs such
as DeepConvNet and EEGNet [6, 5] improved local spatio-
spectral extraction but have limited receptive fields, restrict-
ing long-range modeling and cross-subject transfer [10, 11].
Transformers address these limitations by modeling global
dependencies. Examples include AttnSleep [7] and EEG-
former [8], which integrate CNNs with self-attention or de-
sign specialized tokenization. Yet most approaches flatten
EEG into 1D sequences and process spatial, spectral, and
temporal cues jointly, diluting axis-specific patterns.

With success of self-supervised learning across modali-
ties, it has been applied to EEG to reduce labeled-data re-
quirements via masked prediction and contrastive objectives.
BENDR [12] adapts wav2vec 2.0 with masked prediction,
while EEGPT [13] combines masked reconstruction and fea-
ture alignment for cross-task generalization. Other methods
explore contrastive predictive coding and augmentations [14],
but remain constrained by architectural bottlenecks [15].

In contrast, HCMT explicitly preserves spatial, spectral,
and temporal structure through attention modules and multi-
branch Transformers, enabling axis-aware representation
learning across diverse EEG tasks.

3. METHOD

Overview. HCMT integrates self-supervised pretraining and
a multibranch Transformer to capture EEG’s spectral, spatial,
and temporal characteristics. A sinc filter bank and hierar-
chical CNN feed three parallel branches whose inputs are at-
tended along temporal, spectral, or spatial axes; we pretrain
via masked reconstruction with decorrelation/diversity losses
and fine-tune by aggregating branch tokens. An overview of
the proposed HCMT framework is shown in Figure 2.

3.1. Hierarchical CNN-Transformer Encoder

To capture multi-scale EEG structure, we employ a hierar-
chical convolutional encoder followed by axis-specific Trans-
former branches.

3D Convolution and Pooling. The filter bank output Xg,
is passed through a 3D convolution to produce UBP) ¢
RE*CaaxTXEXS nooling reduces resolution to (77, F', S").
Axis-Specific Attention. Independent spatial, spectral, and
temporal attention maps are computed by global averaging
over the other two axes, passing through a two-layer MLP,
and applying softmax normalization. The weighted feature
maps are summed as: UgiD) = Ugg’f )+ U§§£ )+ Ufj’n’,f,)
2D Convolution and Axis-Specific Branches. The refined
3D volume is split into temporal-spatial and temporal—
spectral branches by averaging over frequency or space,
respectively. Each branch applies 2D convolution and its
corresponding attention modules, producing axis-focused
features Ufrpsatlal’ U}l?énporal’ UfTr;quency’ UtTeIr:nporal.

Compression and Axis Reconfiguration. Branch out-
puts are projected to match 3D attention maps. Axis-
specific 2D attention maps are reshaped into 3D volumes
and added to their corresponding 3D attention outputs. A
1 x 1 x 1 convolution compresses channels to D, yielding
V e RBXDxT'xF'xS"  Each axis-specific volume is re-
shaped to emphasize its primary dimension by upsampling it
by a factor of four using a transposed convolution and down-
sampling the other two dimensions by a factor of two. For

example, the frequency-emphasized output Z,. is reshaped

" " 1" . .
to REXDXT/2x4F"xS87/2 " with analogous transformations

applied t0 Ziemp and Zigpy.
Patch Tokenization and Masking. Each axis-specific vol-
ume Z,ys is partitioned into non-overlapping patches, with
the temporal dimension divided into 8 segments and patch
size along frequency/spatial dimensions set to 1. During pre-
training, 50% of patches are randomly selected and within
each, 50% of features are masked.

Transformer Encoding and Reconstruction. Masked patch
tokens are processed by a branch-specific Transformer en-
(@)

coder. A lightweight Transformer decoder d,,” reconstructs

the original unmasked patch embeddings z; € RV*P from
the encoded tokens z; € RY*D,

3.2. Self-Supervised Pretraining and Fine-Tuning

HCMT is trained in two stages: self-supervised pretraining
and task-specific fine-tuning.

Pretraining Objective. The total loss combines three
COHlPOHthSI £lotal = Erecon + )\1 Edec—trans + )\2£div—conv

(1) Reconstruction Loss. Each branch ¢ € {spat, spec,
temp} reconstructs original unmasked patch embeddings z()

from encoded tokens ZI(;%MT via a lightweight Transformer de-

coder d((;). The reconstruction loss is computed as follows:
2
(4)

Ni 21(71) — Zp

)OS 2

1€ {spat,spec,temp } N p=1 RMS(ZZ(FZ))2 +e

‘Crecon =

where N; is the number of patch tokens and RMS(-) is the
root-mean-square (RMS) magnitude.
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(2) Transformer Branch Decorrelation. To minimize
redundancy between Transformer branches, we employ a
decorrelation loss that penalizes shared covariance. To com-
pute cross-branch decorrelation along each axis, we apply
axis-specific pooling across non-target dimensions, yield-

ing axis-aligned summaries: gél) = Avgro g (z?) €
= Avgra s (27) gl =

RBxF® XD g%i)

Avgra po (29) € RBxSWXD - ywhere T(), @) 500 de-
note output dimensions along each axis for branch ¢. To
enable axis-wise comparison across branches with different
resolutions, linear interpolation maps these summaries to the
largest axis length. We then compute decorrelation loss:

Edec—trans = Z Z

Ae{F,T,S} i,j€{spat,spec,temp}
i#]

where A € {F,T,S} indexes frequency, temporal, and
spatial axes, gf;) denotes the axis-aligned summary for
branch 7 after interpolation to a common resolution, Cov(+, -)
is the cross-covariance, and Tr(+) is trace operator.

(3) Convolutional Branch Diversity. The diversity loss
is computed using the output of the convolutional encoder.
Axis-aligned summaries are computed by mean pooling:
hi = Avgro so(Xi) € REXDXFY M AVgLG) 5
(X:) € RBXDXT(”’ héi) _ AVgTu)’F(i) (X;) € RBXDXS(”

then interpolated to match axis lengths. The diversity ob-
jective is defined as:

L:div-conv = Z Z

Ae{F,T,S} 14,j€{spat,spec,temp}
i#]

BxT®xD
e RPX s

Tr(Cov(g}. &1))

(1 — cos (flg), flg)))

where A € {F,T,S} indexes frequency, temporal, and
spatial axes, flg) denotes the axis-aligned summary from
branch ¢ after interpolation to a common resolution, and
cos(+, -) is cosine similarity.

Fine-Tuning. For downstream tasks, token representa-
tions from each branch are globally averaged to form one vec-

Fig. 2. Hierarchical Convolution Multibranch Transformer (HCMT) architecture

tor per axis, summed across axes, and passed to a two-layer
classification head.

4. EXPERIMENTS

4.1. Datasets

Pretraining. HCMT is pretrained on: (1) PhysioNet Motor
Imagery [16], 64-channel EEG from 109 subjects performing
motor tasks; (2) SEED [2], 62-channel EEG from 15 subjects
viewing emotion-inducing videos.

Evaluation. We assess on: (1) PhysioNet P300 Speller [4],
64-channel ERP recordings from spelling tasks; (2) BCI
Competition 1V-2a [17], 22-channel motor imagery EEG
from 9 subjects; (3) Sleep-EDF Expanded [18], two-channel
overnight EEG from 100 subjects.

4.2. Experimental Setup

Preprocessing. EEG signals were converted to mV, and re-
sampled to 256 Hz. Channels were reordered into 10-20 lay-
out and zero-padded to 64.

Architecture. The sinc-based filterbank consists of 8 learn-
able band-pass filters with a kernel length of 251, initialized
to span 0.5-40 Hz frequency range corresponding to canoni-
cal EEG rhythms. encoder has a 32-channel 3D convolution,
followed by two parallel 64-channel 2D convolutional layers.
Transformer. Each branch uses 4 encoder blocks with 4 at-
tention heads and embedding dimension D = 64, along with
8 temporal patches. Each branch includes a 2-layer decoder
with 2 heads for reconstruction.

Training. Models are trained for 40 epochs with a batch
size of 8. The loss combines reconstruction, decorrelation
with A\; = 0.1, and diversity with A = 0.1. During self-
supervised pretraining, the entire encoder is optimized end-
to-end using stochastic gradient descent with a learning rate
of le-3, while fine-tuning proceeds with a reduced learning
rate of le-4.

Evaluation. Models are evaluated using leave-one-subject-
out cross-validation for PhysioNet P300 and BCI-IV-2a, and
10-fold cross-validation for Sleep-EDF Expanded. Metrics
are averaged over last 10 training epochs per subject or fold.
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Table 1. Performance comparison across EEG datasets

PhysioNet P300 BCIIV-2a Sleep-EDF
Model Balanced Accuracy T Weighted F1 1 | Balanced Accuracy T Weighted F1 1 | Balanced Accuracy T Weighted F1 1
DeepConvnet 64.70 + 7.15 64.29 + 7.32 70.88 + 2.03 70.86 + 2.03 68.74 £+ 3.87 75.45 + 3.83
EEGNet 64.88 + 5.15 64.81 £5.24 73.13 £2.93 73.14 +2.95 71.60 £ 4.59 78.34 £ 4.88
BIOT 54.28 +4.62 52.10 =4.37 46.15 + 3.08 43.46 + 2.21 65.42 + 3.64 73.78 +4.26
EEGPT 65.93 + 1.42 63.73 £ 1.74 57.36 £ 1.68 57.02 £ 1.96 68.36 + 2.82 73.17 £3.57
BENDR 65.12 + 2.29 61.39 4 2.66 49.20 + 1.43 48.69 + 1.78 66.74 + 1.87 74.51 +1.25
HCMT 72.19 £ 7.26 72.22 +7.36 75.37 +£3.14 75.37 + 3.15 73.08 £ 6.59 80.18 +4.81

4.3. Performance Analysis

Comparison to baselines. We compare HCMT with convo-
lutional models DeepConvNet [6] and EEGNet [5], trans-
former models EEGPT [13] and BIOT [19], and hybrid
BENDR [12], in Table 1. On P300, CNNs like EEGNet
and DeepConv capture short transients but miss global spa-
tial patterns, while HCMT integrates spatial and temporal
attention to better capture ERP response. On I'V-2a, each trial
provides a short window, limiting benefit of global attention.
Transformer baselines like BENDR and BIOT transfer poorly
under these conditions, while HCMT leverages spectral fil-
tering and convolution to capture oscillations. On Sleep-
EDF, EEGPT handles long two-channel sequences well, yet
HCMT surpasses it by unifying temporal specialization with
reconstruction. Across all datasets, HCMT achieves highest
accuracy and F1, with its higher variance reflecting stronger
capacity to respond to subject differences.

Prediction Visualization. For PhysioNet P300, we plot ERP
confidence curves, which represent the model’s predicted
probability of a target event as a function of time. These
curves provide a probabilistic analogue of the classical P300
response, where brain activity typically increases around
~300ms following a target stimulus. As shown in Fig. 3,
HCMT exhibits a sharp rise in confidence near this latency,
reflecting accurate capture of event-related dynamics.
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Fig. 3. ERP Confidence Curves for PhysioNet P300

4.4. Ablation Study
We assess the contribution of major components and the
sensitivity of weighting parameters A\; and s on PhysioNet

P300, BCI-IV 2a, and Sleep-EDF. All variants are pretrained
on the same corpus and fine-tuned using identical protocols.
Variants. We evaluate several design choices: Single-
Branch, where the multibranch Transformer is replaced
by a single branch over concatenated axis-specific features;
No Axis Reconfiguration, which removes axis-specific
up/downsampling before Transformer encoding; No Axis
Attention, which disables axis-specific attention in the CNN
encoder; A1 and A\ reduced, where decorrelation and diver-
sity weights are set to 0.05 and A zero, where A1 =0, A2=0.
Findings. As shown in Table 2, performance declines most
under the Single-Branch variant, confirming the necessity of
parallel axis-specific branches. Removing axis reconfigura-
tion or attention also lowers accuracy, showing their effect on
performance. Regularization with Ay = Ay = 0.1 yields the
best trade-off, since both smaller and larger values degrade
results and zeroing them weakens generalization. These con-
sistent patterns across all three datasets underscore the robust-
ness of HCMT’s design.

Table 2. Ablation study. Balanced Accuracy is reported.

Variant P300 | IV-2a | Sleep-EDF
Full HCMT 722 | 754 73.1
Single-Branch 656 | 713 68.4
No Axis Reconfiguration | 68.3 | 73.3 69.6
No Axis Attention 68.5 71.9 70.7
A1 Reduced 712 | 747 71.9
A2 Reduced 70.9 74.8 72.3
A1=0, Ao=0 70.1 74.2 71.7
A1=0.2, Ay=0.2 704 | 74.0 71.3

5. CONCLUSION

We introduced HCMT, a self-supervised framework that
models spatial, spectral, and temporal EEG structure using
axis-specific attention and Transformer branches. RMS-
weighted reconstruction and dual diversity losses promote
complementary representations, while spatial reordering and
rotation improve robustness across montages. HCMT outper-
forms strong baselines across three benchmarks, highlighting
the benefits of modular, axis-aware modeling. Future work
will explore scaling to broader datasets and extending HCMT
to multimodal neural signals.
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