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ABSTRACT: Electroencephalography (EEG) is a widely
used non-invasive technique for measuring brain activ-
ity in brain–computer interface (BCI) applications. Su-
pervised EEG decoding models often struggle to gen-
eralize across tasks, subjects, and datasets, motivat-
ing transformer-based EEG foundation models trained
with self-supervised learning. Since transformers are
permutation-invariant, they require explicit positional in-
formation. Unlike textual tokens, EEG electrodes are
spatially distributed across the scalp, raising the ques-
tion of how electrode positions should be encoded in
transformer-based EEG models. In this study, we
benchmark five positional encoding strategies within the
CBraMod backbone and evaluate them under linear prob-
ing and fine-tuning protocols on motor imagery classifi-
cation and emotion recognition. Our results show that
no single strategy consistently outperforms across tasks.
Spherical Positional Encoding (SPE) yields strong repre-
sentations for motor imagery but underperforms on emo-
tion recognition, while Asymmetric Conditional Posi-
tional Encoding (ACPE) demonstrates more consistent
performance across tasks. These findings suggest that the
optimal positional encoding strategy is task-dependent,
with no universal solution across EEG decoding scenar-
ios.

INTRODUCTION

Electroencephalography (EEG) is a brain activity record-
ing technique that provides high temporal resolution.
Due to its non-invasive nature, it is widely preferred in
both clinical[1, 2] and brain–computer interface (BCI)
applications[3, 4]. However, EEG signals present sub-
stantial challenges. They exhibit a low signal-to-noise ra-
tio and are highly susceptible to artifacts, session variabil-
ity, and inter-subject differences. Furthermore, their high
temporal resolution results in complex, high-dimensional
data that require careful modeling. Early BCI systems
relied on supervised learning with handcrafted features,
which often generalize poorly across tasks, subjects, and
datasets. These limitations motivate the development of
scalable representation learning frameworks capable of
learning transferable neural representations.
Inspired by advances in large-scale modeling in natu-
ral language processing[5] and computer vision[6], re-
cent studies have introduced transformer-based founda-

tion models for EEG [7–11]. These models leverage self-
supervised pretraining to learn general neural represen-
tations that can be adapted to downstream tasks. Since
transformers operate through self-attention and are in-
herently permutation-invariant, they require explicit po-
sitional information to encode structural dependencies.
Consequently, positional encoding (PE) becomes a crit-
ical architectural component. EEG electrodes follow
anatomically meaningful spatial configurations that vary
across datasets due to differences in channel number and
electrode placement.
Recent transformer-based EEG foundation models adopt
diverse mechanisms to incorporate positional informa-
tion while accounting for the spatial–temporal structure
of EEG signals. BIOT [8] addressed cross-dataset vari-
ability using channel-specific embeddings combined with
relative temporal positional encoding. Subsequently,
Wang J et al. [9] proposed an asymmetric conditional
positional encoding (ACPE) module based on depthwise
two-dimensional convolutions, where positional repre-
sentations are dynamically generated from the spatio-
temporal neighborhoods of EEG patches. By employing
asymmetric kernels with a larger receptive field along the
spatial dimension and a smaller one along the temporal
dimension, their design captures long-range inter-channel
dependencies while preserving short-range temporal con-
text, enabling adaptation to varying EEG formats. Mov-
ing toward geometry-aware strategies, Ouahidi YE et al.
[12] leveraged Cartesian (x,y,z) electrode coordinates,
augmented with noise to improve robustness to head-size
and placement variations, and extended them with tem-
poral indices to form a four-dimensional (x,y,z, t) repre-
sentation. The resulting 4D representation was projected
into a multi-frequency Fourier space and combined with
learned embeddings. Some researchers learned spatial
and temporal embeddings during training and used them
as positional encoding [10, 13]. These diverse implemen-
tations highlight the lack of systematic evaluation of po-
sitional encoding strategies in EEG foundation models.
As part of this benchmark, we introduce Spherical Po-
sitional Encoding (SPE), which leverages the spheri-
cal geometry of electrode placement. For each elec-
trode, azimuth and inclination angles are computed and
transformed into fixed-length representations using si-
nusoidal functions at multiple frequencies, and the fi-
nal embedding is obtained by concatenating these angu-

10.3217/978-3-99161-093-9-070

405

Proceedings of the
10th Graz Brain-Computer Interface Conference 2026

CC BY 4.0 - https://creativecommons.org/licenses/by/4.0/
This CC license does not apply to third-party material and content noted otherwise.



Figure 1: Overview of the experimental setup. The CBraMod backbone is retained with its original transformer blocks, while the
positional encoding module is replaced with three primary variants under investigation: asymmetric conditional PE, Spherical PE, and
learnable PE. Additionally, we extend SPE with a projection module and include a no positional encoding baseline.

lar encodings. By encoding angular relationships rather
than absolute Cartesian positions, SPE preserves intrinsic
scalp topology while remaining invariant to global scal-
ing and head-size differences, without introducing addi-
tional learnable parameters.
In this work, we systematically evaluate positional en-
coding strategies within the CBraMod foundation model,
which employs a criss-cross transformer mechanism to
capture temporal and spatial dependencies between EEG
patches. As illustrated in Fig. 1, we compare three
primary strategies: ACPE, SPE, and learnable spatio-
temporal PE. Additionally, we extend SPE with a projec-
tion module and include a no positional encoding base-
line to further isolate the contribution of positional infor-
mation. By keeping the backbone architecture fixed and
modifying only the positional encoding component, we
isolate the impact of positional design on representation
learning and downstream performance. The contributions
of this work are summarized as follows:

• We conduct a controlled benchmark of positional
encoding strategies in a transformer-based EEG
foundation model by keeping the backbone archi-
tecture fixed and modifying only the positional en-
coding component.

• We propose Spherical Positional Encoding (SPE),
which encodes electrode azimuth and inclina-
tion angles using multi-frequency sinusoidal map-
pings to incorporate spherical scalp geometry into
transformer-based EEG models.

MATERIALS AND METHODS

In this study, we conduct a controlled comparison of posi-
tional encoding strategies within the CBraMod [9] back-
bone. The original positional encoding module is re-
placed while all other architectural components, training
protocols, and hyperparameters are kept identical, allow-
ing us to isolate the specific contribution of positional en-
coding to representation learning and downstream gen-
eralization. To further assess robustness and adaptabil-
ity, we evaluate downstream performance across multi-
ple datasets with differing electrode montages and chan-
nel counts, enabling analysis under heterogeneous spatial
configurations.

Datasets: For pretraining the EEG foundation model,
we used the Healthy Brain Network EEG dataset (HBN-
EEG) [14–16], which comprises recordings from more
than 3,000 participants aged 5–21 years. EEG data
were acquired using a 128-channel GSN-HydroCel mon-
tage. The dataset includes 11 releases from different par-
ticipants. Recordings were collected during both pas-
sive paradigms (e.g., resting state, surround suppression,
movie watching) and active tasks (e.g., contrast change
detection, sequence learning, symbol search). We used
the publicly available downsampled (100 Hz) and band-
pass filtered (0.5–50 Hz) version of the dataset. The
dataset already includes 60 Hz notch filtering in its re-
leased preprocessing pipeline. Releases 1–9 were used
for pretraining and Release 10 for pretraining valida-
tion. Preprocessing steps included removing the ref-
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erence channel, automatically detecting and interpolat-
ing bad channels [17, 18], and applying average re-
referencing. All preprocessing was performed using
MNE-Python [19]. The pretrained models are evaluated
on two downstream tasks: motor imagery classification
and emotion recognition.
In motor imagery classification, we use the PhysioNet
Motor Imagery (MI) dataset [20]. The dataset comprises
EEG recordings from 109 subjects performing various
motor and imagery tasks, acquired using 64 electrodes
arranged according to the international 10–10 system at a
sampling rate of 160 Hz. Only imagined movement trials
are used, comprising four classes: left fist, right fist, both
fists, and both feet.
For the emotion recognition task, we use the Fine-grained
Affective Computing EEG Dataset (FACED) [21], in
which EEG recordings were collected from 123 partic-
ipants watching 28 video clips covering nine emotional
categories: anger, disgust, fear, sadness, amusement, in-
spiration, joy, tenderness, and neutral. Recordings were
acquired using 32 electrodes following the international
10–20 system. We use the preprocessed version of the
dataset, in which electrode ordering and naming are stan-
dardized across recording cohorts, the sampling rate is
250 Hz, and a band-pass filter of 0.05–47 Hz was applied.
To standardize input lengths and control the number of
transformer tokens, longer recordings were segmented
into fixed-length 10-second epochs, while shorter trials,
such as the original 4-second PhysioNet-MI trials, were
used directly. The differences in frequency ranges across
datasets arise from the publicly available preprocessed
versions used in this study. No additional band-pass fil-
tering was applied beyond the provided preprocessing
pipelines. All datasets were resampled to 200 Hz for con-
sistency with the backbone configuration. Subjects in the
downstream datasets were split in a subject-independent
manner, with 70% assigned for training, 15% for valida-
tion, and 15% for testing. A random seed of 42 was used
for dataset splitting.
Input data consist of multichannel EEG recordings X ∈
RC×T , where C denotes the number of electrodes and
T represents the temporal samples. During pretraining
and fine-tuning, each EEG epoch is further divided into
non-overlapping 1-second windows, which are treated
as input patches to the model. After patch extraction,
each EEG sample is represented as x ∈ RC×w×t , where
t denotes the number of samples per patch and w = T

t
the number of patches per channel. Unlike the original
CBraMod implementation, which normalizes signals by
a fixed scalar of 100 after removing samples that exceed
100µV , we apply channel-wise max-absolute normaliza-
tion to scale each channel to the range [−1,1], as our
pretraining dataset differs and comprises heterogeneous
recordings with varying amplitude distributions across
channels and subjects.

X̃c,T =
Xc,T

max(maxT |Xc,T |,ε)

where ε is a small constant to prevent division by zero.
This formulation preserves both zero-crossing structure
and signal polarity. While normalization may affect po-
sitional encoding methods differently, the same prepro-
cessing pipeline is used across all evaluated methods. For
self-supervised pretraining, we adopt the random mask-
ing strategy of CBraMod, in which a predefined ratio
of patch tokens is randomly selected and replaced with
learnable mask token prior to being processed by the
transformer backbone.

CBraMod Architecture Overview: CBraMod is a self-
supervised EEG foundation model designed to capture
spatio-temporal dependencies via a criss-cross attention
mechanism. The model first segments the EEG signal
into non-overlapping patches. During pretraining, a ran-
dom subset of patches is replaced with a learnable mask
tokens. For each patch, temporal embeddings are ex-
tracted via convolutional layers and spectral embeddings
are derived through a Fast Fourier Transform followed
by a fully connected layer, and the two are fused via
element-wise addition to obtain the final patch embed-
ding. Positional encoding is then computed from the
patch embeddings and added to form the input sequence
to the transformer. In our experiments, the positional en-
coding module is systematically replaced to evaluate dif-
ferent strategies while keeping the rest of the architecture
fixed.
The resulting sequence is processed by a criss-cross
transformer backbone, in which attention is factorized
into two operations: spatial attention, which models
inter-channel relationships across electrodes, and tempo-
ral attention, which captures dependencies across time
windows. This design enables the model to jointly
learn spatial and temporal structure while maintaining
computational efficiency. The model is optimized via
masked patch reconstruction, where the mean squared er-
ror (MSE) between the original and reconstructed masked
patches is used as the training objective:

L = ∥X̂M − X̃M∥2
2

where X̃M and X̂M denote the original normalized patch
and reconstructed masked patch, respectively.

Positional Encoding Variants: ACPE. The Asymmet-
ric Conditional Positional Encoding proposed in [9] dy-
namically generates positional encodings conditioned on
patch embeddings via a depthwise two-dimensional con-
volution with an asymmetric kernel of size (ks,kt), where
ks > kt . The larger spatial kernel ks is designed to capture
longer-range inter-channel positional relationships, while
the smaller temporal kernel kt focuses on encoding local
temporal positional information. The positional encoding
is added to the original patch embedding before entering
the transformer backbone.
SPE. While ACPE derives positional information implic-
itly from patch content, we propose Spherical Positional
Encoding (SPE), which incorporates explicit anatomical
priors by encoding the physical configuration of elec-
trodes on the scalp. For each electrode, azimuth θ
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and inclination φ angles are obtained from its canoni-
cal spatial location. Each angular component is mapped
through multi-frequency sine and cosine functions to ob-
tain bounded and continuous representations that pre-
serve periodicity:

posc =
[

sin(ωiθ),cos(ωiθ),sin(ωiφ),cos(ωiφ)
]

where ωi denotes the i-th frequency of the sinusoidal ba-
sis. By using multiple frequencies, the encoding captures
angular relationships at different spatial scales. The re-
sulting features are concatenated to form the channel po-
sitional embedding posc = [Pazimuth,Pinclination], providing
a continuous representation of global scalp topology that
is invariant to head size scaling.
For temporal structure, standard sinusoidal positional en-
coding [22] is applied over patch indices to obtain patch
positional encoding posw. The final SPE is obtained by
summation:

Pcw = posw + posc

This formulation jointly encodes spatial topology and
temporal ordering without introducing additional learn-
able parameters.
As an extension, we additionally evaluate a projected
variant (SPE+Proj), in which the channel and patch po-
sitional embeddings are each passed through separate lin-
ear projections before summation:

Pcw =Wwposw +Wcposc

where Ww and Wc are learnable projection matrices. This
variant explores whether allowing the model to adap-
tively weight the fixed geometric and temporal encodings
improves downstream performance.
Learnable PE. We also evaluate fully learnable posi-
tional encoding, in which both channel and patch po-
sitional embeddings are learned directly from data and
summed to form the final positional encoding:

PL = eL
w + eL

c

where eL
c ∈ RCxd and eL

w ∈ RWxd are learnable embed-
ding matrices for channel and patch indices, respectively.
The learned channel embeddings are montage-specific
and cannot be directly transferred across datasets with
different electrode configurations. Since the pretraining
and downstream datasets in our setup use different mon-
tages, both channel and patch embeddings are reinitial-
ized and learned from scratch during fine-tuning.

Implementation Details: We follow the same pretrain-
ing and fine-tuning procedure as CBraMod. All mod-
els are trained on 4× H100 80GB GPUs with 2× 24-core
EPYC 9254 CPUs at 2.90 GHz and 1.5 TB RAM. Both
pretraining and fine-tuning use 1-second non-overlapping
patches as input. The transformer backbone consists of
12 layers with 8 attention heads, an embedding dimen-
sion of d = 200, and a feedforward dimension of 800.
During pretraining, models are trained for 40 epochs with

a batch size of 32 and a learning rate of 10−5 scheduled
with cosine annealing and the AdamW optimizer. Addi-
tionally, 50% of patch tokens are randomly selected and
masked.
During fine-tuning, models are trained for 50 epochs with
a batch size of 64 using the AdamW optimizer and la-
bel smoothing of 0.1. Weight decay during fine-tuning
is set to 0.001. Model checkpoints are saved based on
validation Cohen’s Kappa, with higher Kappa indicating
improved performance. All fine-tuning experiments are
repeated with 5 different random seeds, and downstream
performance is reported in terms of balanced accuracy,
Cohen’s Kappa, and weighted F1 score. For PhysioNet-
MI fine-tuning, a three-layer classification head was used
as it yielded better performance. For all other experi-
ments, a single-layer head was used, as SPE exhibited
training instability with a deeper classifier.

RESULTS

We evaluate the five positional encoding strategies un-
der both linear probing and fine-tuning protocols on mo-
tor imagery classification and emotion recognition to as-
sess how positional encoding design affects representa-
tion quality and downstream performance. Note that the
results reported here are not directly comparable to those
in the original CBraMod paper, as we use a different pre-
training dataset and normalization strategy.

Figure 2: Pretraining masked reconstruction loss curves for
CBraMod trained with five positional encoding strategies

As shown in Figure 2, the absence of positional encoding
results in the highest pretraining validation loss, demon-
strating that positional information contributes to masked
patch reconstruction. Among the remaining strategies,
SPE converges faster than ACPE in early epochs but
reaches a similar final loss. Learnable PE and SPE+Proj
achieve the lowest and comparable validation losses.
Tab. 1 reports linear probe performance, where all back-
bone weights are frozen and only a single-layer classifi-
cation head is trained to evaluate the quality of pretrained
representations. Since learnable PE requires channel em-
beddings to be reinitialized due to montage mismatch be-
tween pretraining and downstream datasets, it is excluded
from linear probe evaluation. SPE achieves the best per-
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Table 1: Linear probe performance comparison of each positional encoding strategy on motor imagery (PhysioNet MI) and emotion
recognition (FACED) tasks.

PhysioNet-MI (4-class) FACED (9-class)
Model Bal. Acc. Cohen’s Kappa Weighted F1 Bal. Acc. Cohen’s Kappa Weighted F1
NoPE 0.4757 ± 0.0111 0.3010 ± 0.0148 0.4731 ± 0.0102 0.4098 ± 0.0082 0.3344 ± 0.0088 0.4056 ± 0.0078
ACPE 0.4993 ± 0.0065 0.3324 ± 0.0086 0.4940 ± 0.0069 0.4212 ± 0.0053 0.3461 ± 0.0062 0.4180 ± 0.0065
SPE 0.5105 ± 0.0057 0.3477 ± 0.0077 0.5090 ± 0.0047 0.3878 ± 0.0061 0.3064 ± 0.0075 0.3766 ± 0.0084
SPE+Proj. 0.4835 ± 0.0111 0.3116 ± 0.0149 0.4841 ± 0.0107 0.3466 ± 0.0043 0.2625 ± 0.0032 0.3421 ± 0.0010

Table 2: Fine-tuning performance comparison of each positional encoding strategy on motor imagery (PhysioNet MI) and emotion
recognition (FACED) tasks.

PhysioNet-MI (4-class) FACED (9-class)
Model Bal. Acc. Cohen’s Kappa Weighted F1 Bal. Acc. Cohen’s Kappa Weighted F1
NoPE 0.5971 ± 0.0034 0.4628 ± 0.0045 0.5985 ± 0.0034 0.4975 ± 0.0116 0.4306 ± 0.0124 0.4929 ± 0.0108
ACPE 0.6171 ± 0.0115 0.4892 ± 0.0153 0.6175 ± 0.0116 0.5013 ± 0.0139 0.4335 ± 0.0147 0.4930 ± 0.0116
SPE 0.6009 ± 0.0107 0.4676 ± 0.0143 0.6001 ± 0.0109 0.4820 ± 0.0070 0.4136 ± 0.0083 0.4796 ± 0.0081
SPE+Proj. 0.5983 ± 0.0149 0.4642 ± 0.0199 0.5992 ± 0.0143 0.4952 ± 0.0113 0.4289 ± 0.0120 0.4895 ± 0.0090
Learnable PE 0.6001 ± 0.0147 0.4666 ± 0.0197 0.6008 ± 0.0034 0.5124 ± 0.0177 0.4467 ± 0.0184 0.5078 ± 0.0170

formance on PhysioNet-MI, while ACPE yields the best
results on FACED.
On the other hand, Tab. 2 shows fine-tuning performance,
where all model weights are updated. For learnable
PE, both channel and patch positional embeddings are
reinitialized and learned from scratch during fine-tuning.
ACPE achieves the best performance on PhysioNet-MI,
while Learnable PE yields the best results on FACED.

DISCUSSION

No single positional encoding strategy achieves consis-
tently superior performance across both tasks and evalu-
ation protocols, suggesting that the optimal PE design is
task- and dataset-dependent. Although the observed per-
formance differences within each evaluation protocol are
relatively small, all experiments differ only in the posi-
tional encoding module while keeping the remaining ar-
chitecture fixed. Therefore, even modest improvements
indicate measurable effects of positional information on
learned EEG representations.
NoPE is consistently the weakest strategy in linear prob-
ing, confirming that positional information contributes
meaningfully to representation quality during pretrain-
ing. However, NoPE remains competitive with several
PE strategies after fine-tuning, indicating that the trans-
former backbone can partially recover positional struc-
ture through end-to-end optimization on the downstream
task.
SPE produces competitive representations in the linear
probe protocol for motor imagery, suggesting that ex-
plicit scalp topology encoding can be beneficial when
spatial electrode layout is relevant to the task. One possi-
ble explanation is that motor imagery signals may exhibit
more spatially distinguishable activation patterns, mak-
ing the spherical geometry prior a useful inductive bias
during pretraining. In contrast, SPE underperforms on
FACED under both protocols, which may indicate that
emotion-related EEG representations benefit less from a
strict geometric prior. However, these observations re-
main hypothesis-driven and require further investigation.

A practical advantage of SPE is that it requires no learned
parameters and is precomputed from electrode angles,
making it applicable to any montage without retraining.
SPE+Proj does not consistently improve over plain SPE
despite introducing learnable projections. The learned
projections likely corrupt the structured geometric prior
rather than enhancing it.
ACPE either achieves the best performance or remains
competitive across both tasks and protocols. By con-
ditioning positional encodings on local patch content
through asymmetric depthwise convolutions, ACPE cap-
tures both spatial and temporal neighborhood structure
without relying on explicit electrode coordinates. This
content-conditioned formulation appears more generaliz-
able across diverse EEG tasks. However, since positional
information is derived implicitly from patch representa-
tions rather than absolute electrode positions, ACPE is
sensitive to channel ordering and performance may de-
grade if channels are permuted.
Learnable PE requires channel embeddings to be reini-
tialized during fine-tuning when the downstream mon-
tage differs from pretraining, which prevents direct trans-
fer of spatial representations. Despite this, learnable PE
achieves the best fine-tuning performance on FACED,
suggesting that when the model is free to learn task-
specific spatial structure from scratch on the target
dataset, it adapts more effectively to the distributed spa-
tial patterns characteristic of emotion recognition.

CONCLUSION

In this paper, we benchmarked the effect of positional
encoding design on transformer-based EEG foundation
models by systematically replacing the positional encod-
ing module in the CBraMod backbone and evaluating five
strategies under linear probing and fine-tuning protocols
on motor imagery and emotion recognition tasks. Our re-
sults confirm that positional information is beneficial for
pretraining, as NoPE yields the highest masked recon-
struction loss and consistently weak linear probe perfor-
mance on downstream tasks.
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No single positional encoding strategy achieves consis-
tently superior performance across both tasks, with re-
sults varying based on task and dataset characteristics.
SPE yields strong representations for motor imagery,
where spatially distinguishable patterns may make the
geometric prior beneficial, but is less effective for emo-
tion recognition. Further experiments are required to bet-
ter understand the interaction between task characteris-
tics and positional encoding design. Additionally, SPE
is precomputed, parameter-free, and montage-agnostic,
making it a lightweight option when spatial structure is
relevant. ACPE, by learning local neighborhood patterns
from patch content, demonstrates more consistent perfor-
mance across both tasks. When the pretraining and down-
stream montages differ, relearning positional embeddings
from scratch on the target domain can outperform fixed
strategies.
Evaluations are limited to a single backbone architecture
and two downstream datasets; results may differ with al-
ternative architectures or larger and more diverse evalu-
ation benchmarks. Future work could explore PE strate-
gies across more diverse EEG tasks and electrode mon-
tages, as well as larger pretraining datasets to better as-
sess the generalizability of topology-aware encoding ap-
proaches.
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