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OPEN Fl|exible Patched Brain Transformer

model for EEG decoding

Timon Klein*3*?, Piotr Minakowski> & Sebastian Sager-2

Decoding the human brain using non-invasive methods is a significant challenge. This study aims

to enhance electroencephalography (EEG) decoding by developing of machine learning methods.
Specifically, we propose the novel, attention-based Patched Brain Transformer model to achieve this
goal. The model exhibits flexibility regarding the number of EEG channels and recording duration,
enabling effective pre-training across diverse datasets. We investigate the effect of data augmentation
methods and pre-training on the training process. To gain insights into the training behavior, we
incorporate an inspection of the architecture. We compare our model with state-of-the-art models and
demonstrate superior performance using only a fraction of the parameters. The results are achieved
with supervised pre-training, coupled with time shifts as data augmentation for multi-participant
classification on motor imagery datasets.
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Decoding the human brain with machine learning methods has the potential to unlock a deeper understanding
of neurological activities and diagnoses. A particularly suitable, non-invasive method to collect data is
electroencephalography (EEG), which measures the brain’s electrical activity using electrodes placed on the
scalp. Known for its high temporal resolution, EEG captures rapid changes in brain activities, which makes
it valuable for both research and clinical examinations. This work focuses on decoding imagined movements
(motor imagery) as a proxy for classifying brain states more generally with EEG signals apart. The proposed
methods can furthermore be applied to related tasks such as emotion recognition!, classification of focus states?
and control for robotics or games>*. EEG based diagnosis serves as the gold standard for detecting epilepsy® and
is also employed in recognizing various neurological disorders. Although there are many potential applications
for decoding EEG signals, it remains a challenging task for both neuroscience and deep neural networks®. This is
namely due to the variability between participants and even between different recording sessions from the same
subject, for example, due to variations in baseline brain activities. Moreover, publicly available data is limited.
Typical datasets consist of 10-100 subjects with approximately 200 labeled trials per subject”?®.

Previous research on decoding EEG signals mainly focuses on the individual subject-level classification with
shallow convolutional neural networks (CNN)*!%. However, they are unable to improve performance as the
amount of data scales'®!!. Recent Transformer based approaches'?>"'* for EEG decoding follow the successful
recipes for training foundation models in natural language processing (NLP)!® and computer vision'® by scaling
the model size, the amount of training data in pre-training, and the compute time. Notably, only the size of the
CNN tokenizer for these Transformers exceeds the size of previously used CNN-based models. To train large
models effectively, a significant amount of diverse and high-quality data is required to capture patterns and
generalize effectively. The scarcity of such data poses a bottleneck for large models in brain-computer interface
(BCI) applications.

In this study, we propose the Patched Brain Transformer (PBT), an efficient adaptation of the Vision
Transformer (ViT)!” designed for decoding EEG signals. Our model is designed to be adaptive regarding the
number of EEG channels and the signal length over time, enabling it to process multiple datasets with varying
EEG sensor arrangements. The raw EEG data are tokenized channel-wisely into fixed-size patches and then
linearly embedded. Together with a classification token and added positional encoding, the sequence is fed to
the Transformer. The final classification is performed by a linear layer on the specially designated [c [s]-token.

We demonstrate that a model with a carefully chosen size, combined with a well-engineered training process,
achieves state-of-the-art results in EEG-based classification of imagined movement. Contrary to prior studies,
our research demonstrates the feasibility of applying a pure Transformer to linearly embedded patch-based raw
EEG signals. This reduced approach minimizes the number of required hyperparameters. In our experiments,
we investigated the combination of data augmentation, regularization, and pre-training for training the
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PBT. Supervised pre-training is demonstrated to be more effective than its self-supervised counterpart. This
underscores the significance of our proposed approach, setting the stage for the detailed exploration and analysis
presented in the subsequent sections of this paper.

Related work

The predominant architectures for EEG decoding are convolutional neural networks , inspired by the
field of image recognition'®. CNN models deploy separate convolutions along the time dimension to learn
representations in frequency space, followed by depth-wise convolution to extract spatial feature maps from the
locations of electrodes on the scalp. EEGNet!! was designed to learn from a limited amount of data using a small
number of trainable parameters and a few non-linear activation functions. This is particularly important given
the limited training examples in currently available public EEG datasets. It is known that scaling the amount of
training data leads to saturation with no increase in performance!®!!. Additionally, CNNs are constrained by
their fixed input structure.

An approach to overcoming the fixed input structure of CNNs is to employ Graph Neural Networks (GNNs).
Most GNNs applied to EEG decoding are based on Graph Convolutional Neural Networks (GCNNs)?*2!. By
incorporating the relationships between individual sensors, modeled as a graph, these networks account for the
complex structure of the human brain while retaining CNN layers as the backbone of the GCNN?%23, However,
in GCNNg, the input dimensions are fixed. The graph connecting the sensors remains unchanged across all
samples and even across different subjects.

In contrast to the shallow models commonly employed in EEG decoding, state-of-the-art models?! in Natural
Language Processing (NLP) are notably larger, with a trend towards further scaling!®. Pre-training is fundamental
for the success of these massive NLP models, involving self-supervised learning on an extensive corpus of text.
Common pre-training tasks include bidirectional token reconstruction, as proposed in the BERT paper?, and
predicting the next word, as applied in the GPT line of models?. Inspired by the success of Transformers in NLP,
researchers explored their adaptation to tasks beyond text processing. For instance, wav2vec 2.0% is a model
explicitly designed for speech recognition. It incorporates a CNN to generate latent representations from raw
audio waves, serving as input tokens for the Transformer encoder.

BENDR!?, the pioneering Transformer model designed for EEG decoding, introduced this combination
of CNN and Transformer architectures for EEG decoding and has since been adopted elsewhere!>1428, These
models extend wav2vec 2.07, initially designed for a single input sensor, to accommodate multiple input sensors.
Acknowledging BERT’s approach in NLP, Kostas et al.'? and Chien et al.? explored self-supervised pre-training
for BENDR, where the convolutional stage generates a sequence of representations summarizing the input, and
contiguous spans of this sequence are masked before being processed by the Transformer. The training optimizes
a loss function that ensures the Transformer’s output for a masked position aligns closely with the unmasked
input, using cosine similarity and a set of distractor negatives, while regularizing activations to prevent them
from growing too large.

In contrast to BENDR, which applies convolutions in the spatial dimension, ATCNet!* combines temporal
and spatial convolutions as a tokenizer and is particularly optimized for Motor Imagery (MI) classification.
LaBraM!* achieved flexibility in the number of input channels by applying convolutions in the temporal
dimension. Furthermore, LaBraM proceeds with vector-quantized neural spectrum prediction as self-supervised
pre-training. Interestingly, in their study, Kostas et al.!> demonstrated that after pre-training on the combined
tokenizer and Transformer, the entire Transformer can be substituted with a single linear layer to improve
decoding results. Note that the resulting architecture consists only of the CNN tokenizer and the additional
linear layer.

In computer vision, the use of combined CNN and Transformer architectures is limited*’. However, the
breakthrough for Transformers in computer vision was realized with the ViT'”. This model uses the Transformer
directly on image patches, resulting in a state-of-the-art approach that surpassed CNNs in image recognition.
The success of this patch-based approach has been demonstrated in various computer vision tasks®*2,

Following this approach, Yang et al.3* proposed BIOT. The model transforms the raw EEG signals with the
Fast Fourier Transform (FFT) into discrete frequency features as inputs to a modified ViT. This transformation
to the frequency space sacrifices temporal resolution and increases the already high input dimension. To address
the challenge of high input dimensionality, the training pipeline incorporates Low-Rank techniques®*-7,
along with supervised pre-training and self-supervised pre-training, achieved through the reconstruction of
manipulated inputs using contrastive loss®®.

Similar to BIOT, our model is inspired by ViT. However, we propose a linear embedding combined with
a learned positional embedding. Our experiments show that these improvements accelerate training, thereby
reducing the number of training epochs. More importantly, we demonstrate superior decoding results.

9,10,18

Model

Our model is called Patched Brain Transformer (PBT), where the architecture is inspired by the Vision
Transformer!”, as illustrated in Fig. 1. EEG trials are partitioned into fixed-size patches along the channel
dimensions, and patches are then linearly embedded. A classification token is inserted at the beginning of
the sequence for further processing. To introduce positional dependence between patches, we add a trainable
positional embedding to each of them. Subsequently, the token sequence is fed into the Transformer encoder.
The final classification is executed by a linear classification head, exclusively on the classification token.
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Fig. 1. Left: Illustration of the Patched Brain Transformer model architecture. Right: Sketch of the
Transformer Encoder Layer.

Tokenizer

Pre-processed EEG signals are represented in a matrix, X € RE*”, where C denotes the number of EEG
channels and T'represents the time dimension. In this context, T corresponds to the product of the length of a trial
in seconds and the frequency of the recording. The tokenizer transforms the matrix X into a sequence of patches
denoted as Xp € RY*P, where D represents the patch dimension, a model hyperparameter. The number of
patchesis N = CL . It is important to note that when applylng time shifts as part of data augmentation, the
number of patches is further decreased, resulting in N = C' Lﬁj where Thy, represents the time shift

hyperparameter. Consequently, the number of training trials increases.

Linear projection
The patches are projected into a latent space using a linear layer Xg = XpW¢ , where Wg € Rémode1 XD The
model dimension is chosen as dmodel = 2D.

Embedding and classification-token

A classification token, [ [s] € R**@model jspreceded to the patch sequence, see BERT2%. Furthermore, to address
the positional invariance of the Transformer encoder, alearnable positional embedding, Wyos € RW 1) xdmoder
, is added to each patch,

Xpos = [ggﬂ + Wos. )

Transformer encoder

The Transformer encoder layers, built upon the original Transformer architecture?*, consist of two main elements:
the multi-head self-attention (MHSA) block and a feed-forward network (FFN). Each of these blocks has a
parallel residual connection®. In contrast to the original Transformer, layer normalization (LN)* is positioned

within the blocks that are bypassed by the residual connections*!%2,
XMHSA = MHSA(LN(XPOS)) + Xp057 (2)
Xrrn = FEN(LN(Xwmusa)) + Xmasa- (3)

Classification head
The classification is performed on the processed classification token by a linear layer

y = softmax ([cls} lass T bclass) , (4)

where Welags € RVelass Xdmodel p = R1XNelass and N1, denotes the number of classes. In a supervised
setting, all tokens are dropped, except for the classification token.
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Data description

In this study, we employ EEG recordings of human brains, separated into datasets for pre-training and fine-
tuning. We choose the pre-training datasets with a recording procedure consistent with the actual target datasets.
Consequently, both pre-training and fine-tuning trials consist of the presentation of a fixation cross accompanied
by an acoustic warning tone. Following a brief interval, a cue appears on the screen instructing participants to
imagine movement for a few seconds. Only the part of the EEG recordings in which the participants experienced
the imaginary movement is included in our analysis.

Datasets for pre-training

We aim to pre-train on recordings from a diverse group of subjects, including participants of different genders
and ages. The recordings from 240 subjects are equally distributed between participants identified as male or
female to ensure the learning of general representations.

The pre-training dataset consists of five datasets, totaling 42,256 trials. Detailed information about the
included data sets is provided in Table 1. Datasets with a recording frequency different from 250 Hz are
resampled to this frequency. In the case of supervised pre-training, the labels from the different datasets are
merged, resulting in approximately equal distribution across the five classes.

Data for fine-tuning
As the target classification dataset, we chose two datasets from BCI Competition IV”. The trials, each lasting four
seconds, are captured at a sampling rate of 250 Hz, yielding 1000 data points per channel.

The BCI Competition IV 2a dataset?’ features nine subjects, each contributing 288 trials per session. Trials
are balanced across the four classes: left hand, right hand, foot, and tongue. The sensor arrangement includes
22 EEG channels. Participants undergo two separate recording sessions on different days: one designated for
training and the other for evaluation.

The BCI Competition IV 2b dataset’®!® encompasses EEG data from nine subjects, with each subject
accounting for 680 to 760 trials. These recordings consist of three EEG channels and pertain to two classes: left
hand and right hand. Both classes have the same number of trials. The set of recordings consists of five sessions
per subject, such that sessions zero, one, and two are utilized for training, and three and four for evaluation.

Computational setup

Despite utilizing multiple participants, we are constrained by a limited amount of training data and consequently
encounter the challenge posed by the Transformers weak inductive bias. Therefore, pre-training, data
augmentation, and model regularization have been incorporated into the training process to successfully train
the model and prevent overfitting. This approach has been applied successfully in the context of ViT by Steiner
et al.”%, where the authors demonstrated that it can lead to improvements akin to scaling up the dataset size by
an order of magnitude.

The following experiments are performed on a single Tesla V100 GPU using PyTorch®. The computation
times are approximately 11 h for supervised pre-training and 9 h for self-supervised pre-training. During fine-
tuning for BCI Competition IV 2a, training times vary depending on the number of iterations. Training from
scratch takes approximately 80 min while starting from self-supervised pre-training reduces the time to 25 min.
With supervised pre-training, it takes only 10 min to complete the fine-tuning process (see Fig. 2).

Pre-processing

Due to the non-invasive nature of EEG recordings, sensors are attached to the scalp, resulting in signals with
a substantial amount of noise. To increase the signal-to-noise ratio, we apply the Infinite Impulse Response
bandpass filter from the MOABB package. This filter narrows down raw EEG signals effectively and focuses on
the frequencies of interest.

The best results are achieved within the frequency range of 8 Hz to 45 Hz, aligning well with established
theory>2. Notably, within the considered spectrum, prominent alpha waves (8-12 Hz) are observed, indicating
a relaxed state, while beta waves (12-35 Hz) suggest a busy, active mind state of the participants. Additionally,
gamma waves (> 35 Hz) are noted, indicating a high concentration level in the subjects.

We find it important to preserve the amplitude ratio within a session and on a channel level. Therefore, the
data are normalized to zero mean and unit variance, applying channel-wise Z-score, over all trials from the same

Dataset Trials | Subjects | Channels | Classes

AlexMI* 480 |8 16 Right hand, feet, rest

BNCI20150043 1420 |9 30 Right hand, feet

Cho2017% 9880 | 49 64 Left hand, right hand
Pre-training —

Lee219 MI*® 10800 | 54 55 Left hand, right hand

Physionet MI*® 19676 | 109 64 Left hand, right hand, feet, rest, both hands

E 42256 | 240

BCI Competition IV 2a*’ 5184 |9 22 Left hand, right hand, feet, tongue
Fine-tuning

BCI Competition IV 2b%4° | 6520 |9 3 Left hand, right hand

Table 1. Summary of datasets.
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Fig. 2. Comparison of training behaviors for PBT when trained from scratch, with self-supervised pre-
training, and with supervised pre-training on the BCI Competition IV 2a data. The illustration shows that
the model with self-supervised pre-training achieves the same test accuracy with only one-third of the fine-
tuning compute budget required for training from scratch. However, the model with supervised pre-training
outperforms both in terms of accuracy and compute efficiency.

recording session, , where x. € RT denotes a single trial of channel ¢ € {1,...,C}. Here, ju. represents

Le—HMe
Oc
the mean and o, the standard deviation calculated over all trials from the same recording session and channel c.

Note that the normalization is applied separately to the training and evaluation data.

Data augmentation
We use data augmentation to expand the number of training samples. The effects of each individual method
on PBT are analyzed in Section “Results”. For further discussion on EEG signal data augmentation, we refer to
Mohsenvand et al.>. The listed techniques below are implemented on a per-trial level.

Gaussian Noise. We increase the noise contained in the EEG signals due to the recording by adding Gaussian
noise with a mean of ;1 = 0 and a standard deviation of o = 0.1.

Direct Current Shifts are applied by adding a constant vector of a normally distributed random number with
4 = 0and o = 0.1 to each input.

Amplitude Scaling. The signal intensity is weakened or strengthened by multiplying a normally distributed
number with 4 = 1 and o = 0.1 to the inputs.

Time Shifts are implemented by cropping the input time window to a smaller size and shifting this window to
arandom starting point in each training epoch. Given that the temporal order of the tokens remains unchanged,
the positional embedding is unaltered.

Model configuration

For our model, we select a patch dimension of D = 64, resulting in dmoder = 128. The hidden size of the
four Transformer blocks is configured to be 512, with four self-attention heads each, resulting in a total of
approximately 884,000 parameters. We input two-second windows into the Transformer. Consequently, the
signal is divided into eight tokens per channel. We use AdamW as an optimizer>*. Weight decay is decoupled
and we use a value of 0.01 for all weights, excluding those associated with bias, weights belonging to LN, the
positional embedding, and the classification head. No weight decay is applied to the mentioned exceptions.
Additionally, we set the values of 51 and S for AdamW to 0.9 and 0.95, respectively, and clip the gradient at a
global norm of 1. During the warm-up training phase, we linearly increase the learning rate until it reaches a
maximum value of [0 = 3 - 107*, followed by a cosine decay schedule to the minimum of I7'mn = 3 - 107°
. Since the size of the training data is limited, a training epoch is one iteration of all training data. We implement
dropouts® with a rate of Pyrop = 0.1, following a similar approach as in the original Transformer model.

Pre-training

The flexible architecture of PBT enables the model to contextualize a wide range of sensor arrangements,
facilitating the processing of diverse datasets. Through the attention mechanism, PBT can effectively handle
an arbitrary number of patches and therefore EEG channels. Information such as channel position and the
chronological order of patches is incorporated through trainable positional embeddings. These embeddings
consist of a limited number of parameters, which can be adapted or trained from scratch for the new sensor
arrangement if necessary. Meanwhile, the vast number of weights is independent of the patch position and
remains unchanged. To increase robustness, we leverage the flexibility of PBT and integrate five different motor
imaginary datasets (see Section “Data desciption”) for self-supervised and supervised pre-training. The batches
are randomly selected independently of the dataset, resulting in an unequal number of channels. For each trial,
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we randomly sample the included EEG channels, in addition to the time shifts, as data augmentation during
pre-training.

Self-supervised pre-training
For the self-supervised pre-training, we follow the approach of BERT?, where randomly manipulated tokens are
reconstructed. However, we need to ensure that the reconstruction task is not trivial. EEG signals are recorded as
the voltage difference between a sensor and a reference sensor, as described in Mohsenvand et al.>3. As a result,
the signal from a sensor positioned spatially between two other sensors can be approximated as the mean of the
two adjacent sensors. Due to this technical property of EEG-signals, we randomly manipulate patches along
the time dimension with a probability Pyask = 0.3. The patches selected for manipulation are replaced by a
mask in 80% of instances, by a randomly selected patch from the current batch in 10% of cases, and remain
unchanged in another 10%. The percentages used here are consistent with those in the original BERT paper.
Furthermore, we observed that PBT operates on a latent frequency space, as discussed in Section “Inspection
of the Patched Brain Transformer”. To address this, we incorporate an extra linear projection as the final layer
to transform the Transformer outputs into the reconstructed EEG signal. The reconstruction loss, defined

as L=1-— %, is calculated between Transformer outputs from manipulated patches 2, and the

corresponding original patches x,,. The supervised model achieves higher accuracy than models trained from
scratch or with self-supervised training. Therefore, we recommend using the self-supervised model only in
specific cases, such as when the computational or time budget for fine-tuning is limited.

Supervised pre-training

In order to pre-train PBT in a supervised manner, we use the model and the labels of the pre-training datasets. To
encourage the model to learn invariant representations with respect to subjects and recordings, we amalgamate
appropriate classes across the datasets.

The chosen hyperparameters are the ones already described in Section “Model configuration”, with the
following exceptions. We increase the weight decay factor for the classification head to one. This adjustment is
crucial, because we reinitialize this layer before the fine-tuning step, as the classes between pre-training and fine-
tuning do not align. The model is trained for 600 epochs with a warm-up phase of 100 epochs.

Semi-supervised pre-training

In our semi-supervised pre-training approach, we combined self-supervised and supervised pre-training.
However, since we used the same data for the self-supervised part as for the supervised part, the results fell short
compared to using solely supervised pre-training. Therefore, we do not further pursue this approach in this
work, leaving it open for future research.

Fine-tuning

For the fine-tuning of PBT, we transfer the weights of the linear projection, positional embedding, and
Transformer encoder from either self-supervised or supervised pre-training. In both cases, we reinitialize the
classification head according to the number of classes contained in the fine-tuned dataset. The number of epochs
for the warm-up phase and training depends on the dataset and the pre-training methods applied.

Results

The results contain an examination of data augmentation, the evaluation of the impact of pre-training, and
a comparison with other models in multi-participant classification tasks. In this section, we examine data
augmentation, evaluate the impact of pre-training, and compare our model with others in multi-participant
classification tasks.

Comparison to other models

To ensure a fair comparison of results and maintain consistency, all models are trained and evaluated using a
two-second-long time segment. For PBT, the training includes time shifts as data augmentation. In the evaluation
phase, the segments are the same as for the competitive models, fixed at the middle of the experimental duration.
As detailed in Section “Data description”, we assess the models on two datasets, one with two classes and the
other with four classes, respectively. The data splits are derived from BCI Competition IV, and hyperparameter
tuning is confined to the training data. Additionally, we employ identical hyperparameters for fine-tuning on
both datasets, adjusting only the number of training epochs based on the dataset size. The same pre-training
weights are utilized for both fine-tuning datasets. In Table 2, we provide evaluation results, representing the
mean and standard deviation of three reproducible runs with random seeds {1, 2, 3}.

We compare our model against representatives of different architecture concepts. Among the CNN models,
we compared it to EEGNet, a well-known model for EEG classification. The reported results were obtained
using the implementation from the Braindecode package®’. Additionally, we selected the ATCNet and DGCNN
implementation from TorchEEG®® as it demonstrates state-of-the-art accuracy in single-participant motor
imagery classification®. It is essential to note that the reported accuracy results, such as those available on
papers with code, are based on distinct evaluation methodologies, making direct comparisons difficult. BIOT
represents models with a CNN tokenizer in conjunction with a Transformer, while LaBraM applies a ViT to
FFT-transformed EEG samples. The code and pre-trained models from BIOT® and LaBraM®! are loaded from
their respective GitHub repositories as referenced. Since only the weights for LaBraM Base are released and the
pre-training is not reproducible, we employ the smallest model (LaBraM Base) from the LaBraM line of models.
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BCI Comp. IV2a | BCI Comp. IV2b

Model Number of parameters | (4 Classes) (2 Classes)
PBT (no pre-training) 884K 51.43 £ 0.49% 76.58 £ 0.16%
PBT (supervised pre-training) 884K 53.96 £ 0.70% 78.13 £0.51%
PBT (self-supervised pre-training) 884K 51.21 £0.93% 76.86 = 0.22%
EEGNet!! 2.5K 52.44 + 0.48% 76.35 +0.16%
DGCNN?®¢ 72.5K 38.11 £ 0.376% 73.28 £0.11%
ATCNet"? 115K 47.37 £0.01% 74.41 £0.01%
BIOT (no pre-training)*® 3.3M 31.93 +0.71% 71.28 +0.49%
BIOT (self-supervised pre-training)*? 3.3M 36.83 + 1.08 75.80 + 1.52%
LaBraM Base (no pre-training)'* 5.8M 26.45 + 0.08% 57.93 +3.18%
LaBraM Base (self-supervised pre-training)!* | 5.8M 27.60 £ 0.66% 67.75 £ 1.37%

Table 2. Comparison of the accuracies and the number of parameters of the Patched Brain Transformer with
leading reproduced models in the multi-participant setup. Best accuracy values are in bold.

Augmentation Training data fraction

Method 10% | 17.5% | 35% | 70%
No augmentation | 54% | 55% 60% | 63%
Gaussian noise 55% | 57% 62% | 65%

DC shifts 54% | 55% 60% | 63%
Amplitude scaling | 54% | 55% | 60% | 63%
Time shifts 70% | 70% | 71% | 73%

Table 3. Comparison of the accuracy results for PBT with different data augmentation techniques across the
various sized fractions of the BCI Competition IV 2b dataset. For brevity, we present the results rounded to the
nearest whole percentage. Significant values are in bold.

The results from PBT outperform those from ATCNet and DGCNN on both datasets. While EEGNet
achieves slightly superior results on the BCI Competition IV 2a dataset compared to PBT with no pre-training,
the performance on BCI Competition IV 2b is similar for both models. We attribute this to the smaller size of
EEGNet compared to PBT, allowing it to benefit from the limited trials per class in BCI Competition IV 2a. In
our experiment, we did not observe an accuracy advantage from self-supervised pre-training. However, we did
notice accelerated training on BCI Competition IV 2a, see Fig. 2. This suggests that self-supervised pre-training
learns relationships between channels, which is particularly beneficial for datasets with multiple channels. The
overall best results are achieved by PBT in combination with supervised pre-training.

Impact of data augmentation
We evaluate the impact of the data augmentation techniques described in Section “Data augmentation” by
comparing the results of PBT models trained from scratch on both fine-tune datasets. On the dataset from BCI
Competition IV 2a, which has fewer trials per class, we achieve prediction results beyond the chance level only
when employing time shifts as data augmentation. For all other approaches, PBT immediately overfits on the
training data, resulting in no general prediction capabilities. Table 3 presents the accuracy results on the data
from BCI Competition IV 2b. We randomly chose 30% of the BCI Competition IV 2b data for evaluation. The
aforementioned subset was kept fixed for all runs. The accuracy difference compared to the results presented in
Table 2 comes from different data splits. Subsequently, we trained PBT for all methods on the same fractions
of the remaining data. These results confirm the findings on the other dataset: employing time shifts for data
augmentation achieves the best accuracy results on the evaluation data. Furthermore, including Gaussian noise
as data augmentation slightly improves the results compared to no augmentation. However, the joint application
of time shifts and Gaussian noise does not improve the sole application of time shifts on both datasets.

Note that LN mitigates the impact of amplitude scaling and DC shifts applied beforehand. However, it is
important to recognize that every LN operation implicitly applies amplitude scaling and DC shifts to achieve
mean zero and unit variance.

Inspection of the Patched Brain Transformer

Linear projection

By analyzing the weights of the linear embedding, i.e. the first layer of PBT, see Fig. 3, we observe periodic
structures that we interpret as frequency filters. Based on time windows with a size of 64 samples per patch and
a sampling frequency of 250 Hz, each patch corresponds to 0.256 s. Consequently, we anticipate the frequencies
as four times the number of cycles per patch. Most of the learned filters are in the high-frequency range between
20 and 40 Hz, which corresponds to the beta and gamma waves and, to higher concentration levels for the
participants®>. Comparable filters are learned in the first convolutional layers of EEGNet!!. The filters from the
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Fig. 3. Temporal Filters. Each of the subplots visualizes the learned weights of the linear projection layer
applied to each token. The temporal dimension of the token is shown on the x-axis and reveals periodical
structures. This indicates that the Transformer operates on a frequency space.

linear projection show no evidence for our assumption that each attention-head from the MHSA is processing
a particular frequency range.

Positional embedding

We deploy a learned positional embedding rather than an explicitly given one since the spatial-temporal position
of the tokens is not clear. Figure 4a illustrates the spatial relation of the learned positional embedding for the 22
channel montage. Each subplot represents the spatial position of this sensors on the scalp. The dots on the color

scale in each subplot indicate the cosine similarity, m, between the positional embedding of that sensor and

the embeddings of all sensors. Consequentially, each subplot contains a dot that represents the similarity to itself,
which is 1, illustrated as bright yellow. In general, the positional embedding demonstrates greater similarity
to sensor positions that are spatially closer. However, we also notice a symmetric pattern along the left and
right hemispheres of the brain in the central region (C1-C6). This region is associated with the motor cortex,
particularly C3 being linked to the right hand and C4 to the left hand®. Further discussion on how this relates
to brain activity can be found in the “Discussion” Section.

Attention rollout

In Fig. 4b-e, we investigate the attention mechanism of PBT with attention rollout®®. This method, based on the
recursive multiplication of the attention weight matrices, comprehends the attention between tokens. We note
that trained Transformer attends both spatial and temporal dimensions integrating information across the entire
recording. This technique could serve as a tool for further research in the field of neuroscience as it highlights the
tokens that are important for classification. However, this is beyond the scope of this work.

Discussion

We proposed the Patched Brain Transformer, a novel attention-based model for EEG decoding. The model
architecture is specifically designed to address key challenges in EEG decoding, namely noise, data scarcity, and
temporal-spatial dependencies.

We mitigate noise in the data by applying a bandpass filter during pre-processing, which limits the EEG
signal to relevant frequencies. Additionally, as demonstrated in Section “Impact of data augmentation’, layer
normalization further reduces the influence of noise on the predictions. While the effect of normalization on
noise in EEG data has not been extensively studied in prior research, normalization is widely used in machine
learning to stabilize training.

The PBT model employs a self-attention mechanism on linearly embedded patches of raw EEG data,
enhanced by positional embeddings. This design allows the model to handle varying numbers of input tokens,
offering crucial flexibility with respect to channel count and input duration. Such flexibility is essential for
effective pre-training across diverse datasets, as EEG recording paradigms often vary between experiments.
Unlike CNN-based models like EEGNet or Transformer models with CNN tokenizers, such as ATCNet, our
model can seamlessly adapt to varying data layouts. This adaptability enables effective pre-training on diverse
datasets, which helps address data scarcity during fine-tuning. Additionally, our experiments demonstrate that
using time shifts in PBT as a data augmentation technique effectively enhances the training process, further
compensating for limited training data.

The PBT model is also designed to learn temporal-spatial dependencies in EEG data without explicit guidance.
Given that Transformers are inherently position-invariant, each token is updated with a learned positional
embedding to convey temporal and spatial information within the EEG sequence. The self-attention mechanism
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Fig. 4. (a) Visualization of the learned spatial sensor positions on the BCI Competition IV 2a dataset. Each
sensor is depicted as a subplot, illustrating the similarity of the learned positional embedding to all others. (b)-
(e) Attention Rollout for PBT on BCI Competition IV 2a dataset. Tokenized example trials of the first subject,
featuring class in the caption. We display EEG signals on a background where brighter colors represent the
higher importance of each patch for classification.

enables every token to attend to every other token, capturing global temporal and spatial dependencies across the
entire input. This capability is particularly valuable for EEG data, where relevant information may be distributed
across different temporal points or spatial electrodes, allowing the model to recognize both short-term and
long-term patterns in EEG signals without being constrained by the distance between tokens. In contrast to
CNNs, where spatial and temporal dependencies are built up gradually through layers, the Transformer’s self-
attention mechanism allows PBT to capture these dependencies across the entire EEG sequence immediately
and adaptively.

We evaluated the performance of the PBT on two well-known datasets from the BCI Competition against
recent models in brain decoding. The comparison demonstrate that the model not only matches but surpasses
state-of-the-art models on motor imagery tasks while utilizing fewer parameters. This result suggests that our
model achieve superior performance on similar decoding tasks like emotion recognition, classification of focus
states and control for robotics or games. The best results were achieved with a supervised pre-trained version
of PBT, combined with data augmentation and model regularization. Supervised pre-training is performed on
five motor imagery datasets with different recording paradigms, enabled by a flexible model design in terms
of the number of EEG channels and recording duration. The incorporation of data augmentation techniques,
such as time shifts, significantly enhanced the model’s robustness and generalizability across participants. The
positive impact of augmentation highlights its importance in training deep learning models on limited EEG
data, suggesting that such techniques should be a standard consideration in future EEG machine learning
studies. Furthermore, the training process includes model regularization, namely weight decay, excluding the
final linear layer.

In contrast to prior approaches that employ CNN as a tokenizer, our method facilitates only one linear
projection layer. Figure 3 reveals that this layer learns similar frequency filters to convolutional networks, e.g.,
EEGNet, and justifies the omission of the CNN as a tokenizer. The learned filters extract brain frequencies
associated with higher levels of participant concentration.

In Fig. 4a, we illustrate the learned positional embeddings in the spatial domain. As expected, the visualization
of the positional embedding shows similarities between spatially related sensors. Interestingly, EEG sensors
located in the central area (C'1 — C'6) exhibit relationships between corresponding sensor positions on the left
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and right hemispheres of the brain, despite the lack of spatial proximity. The central region is associated with
the motor cortex, particularly C3, which is linked to the right hand, and C4, to the left hand. Since the model is
trained to discriminate movements between the hands, and the signals for moving the right and left hands are
similar, except for the position where the signals are recorded, this relationship is observed.

Figure 4b-e shows that most of the intensities are concentrated in the C3 (located over the left motor cortex,
corresponding to the right side of the body.), C4 (located over the right motor cortex, corresponding to the
left side of the body), and Cz sensors (positioned along the mid-line of the motor cortex, often associated with
bilateral motor control). These electrodes that correspond to motor function are primarily located over the
motor cortex, which is involved in controlling voluntary movements.

The potential applications of our model extend beyond MI classification. Enhanced EEG decoding could
facilitate early detection of neurological disorders and mental health conditions. The model’s ability to decode
EEG signals accurately with small data and computational resources positions it as a valuable tool for real-world
applications.

While the capabilities of Patched Brain Transformer are promising, numerous challenges persist. One such
challenge involves further exploration of the transferability and scalability of pre-training across different
classification tasks. Additional focus could be laid on investigating the internal representations in PBT and their
connection to underlying neural processes. Achieving these future directions would enable the development of
more generalized and adaptable EEG-based models for motor imagery classification.

Opverall, the Patched Brain Transformer represents a step forward in EEG decoding, offering an adjustable,
efficient, and interpretable machine learning approach. The model demonstrate strong performance and
alignment with neuroscientific knowledge, particularly in motor imagery tasks. By leveraging advanced attention
based techniques and focusing on practical applications, this study contributes to computational neuroscience,
highlighting its potential for broader applications in medical diagnostics.

Data availability

All datasets used in pre-training and fine-tuning are publicly accessible. All datasets used in pre-training and
fine-tuning are publicly accessible. Table 1 provides a concise summary of the datasets with citations to the
publications for each dataset, which offer more detailed descriptions of the datasets and access information. For
example, the fine-tuning data is provided by Graz University of Technology for BCI Competition IV, available
at®. Furthermore, we utilize the MOABB (Mother of All BCI Benchmarks) library®® to access the data conven-
iently.

Code availability
The code for the models, the training pipeline for pre-training and fine-tuning, as well as the trained models, is
publicly available on GitHub https://github.com/timonkl/PatchedBrainTransformer.

Received: 26 September 2024; Accepted: 9 January 2025
Published online: 29 March 2025

References

1. Jenke, R., Peer, A. & Buss, M. Feature extraction and selection for emotion recognition from EEG. IEEE Trans. Affect. Comput. 5,
327-339. https://doi.org/10.1109/taffc.2014.2339834 (2014).

2. Schmid, P. et al. Temporal kinetics of brain state effects on visual perception. https://doi.org/10.1101/2024.08.02.606289 (2024).

3. Tonin, L., Carlson, T., Leeb, R. & del R Millan, J. Brain-controlled telepresence robot by motor-disabled people. In 2011 Annual
International Conference of the IEEE Engineering in Medicine and Biology Society. (IEEE, 2011). https://doi.org/10.1109/iembs.201
1.6091049.

4. Liao, L.-D. et al. Gaming control using a wearable and wireless EEG-based brain-computer interface device with novel dry foam-
based sensors. J. NeuroEng. Rehabil. https://doi.org/10.1186/1743-0003-9-5 (2012).

5. Pillai, J. & Sperling, M. R. Interictal EEG and the diagnosis of epilepsy. Epilepsia 47, 14-22. https://doi.org/10.1111/j.1528-1167.20
06.00654.x (2006).

6. Wei, X. et al. 2021 BEETL competition: Advancing transfer learning for subject independence and heterogenous EEG data sets. In
Proceedings of the NeurIPS 2021 Competitions and Demonstrations Track, vol. 176 of Proceedings of Machine Learning Research (eds
Kiela, D., Ciccone, M. & Caputo, B.) 205-219 (PMLR, 2022).

7. Tangermann, M. et al. Review of the BCI competition IV. Front. Neurosci. https://doi.org/10.3389/fnins.2012.00055 (2012).

8. Scherer, R. et al. Individually adapted imagery improves brain-computer interface performance in end-users with disability. PLoS
ONE 10, €0123727. https://doi.org/10.1371/journal.pone.0123727 (2015).

9. Schirrmeister, R. T. et al. Deep learning with convolutional neural networks for EEG decoding and visualization. Hum. Brain
Mapp. 38, 5391-5420. hitps://doi.org/10.1002/hbm.23730 (2017).

10. Kostas, D. & Rudzicz, E. Thinker invariance: enabling deep neural networks for BCI across more people. J. Neural Eng. 17, 056008.
https://doi.org/10.1088/1741-2552/abb7a7 (2020).

11. Lawhern, V.]. et al. EEGNet: A compact convolutional network for EEG-based brain-computer interfaces. CoRR arXiv:1611.08024
(2016).

12. Kostas, D., Aroca-Ouellette, S. & Rudzicz, F. BENDR: Using transformers and a contrastive self-supervised learning task to learn
from massive amounts of EEG data. Front. Human Neurosci. https://doi.org/10.3389/fnhum.2021.653659 (2021).

13. Altaheri, H., Muhammad, G. & Alsulaiman, M. Physics-informed attention temporal convolutional network for EEG-based motor
imagery classification. IEEE Trans. Ind. Inf. 19, 2249-2258. https://doi.org/10.1109/T11.2022.3197419 (2023).

14. Jiang, W., Zhao, L. & Liang Lu, B. Large brain model for learning generic representations with tremendous EEG data in BCI. In The
Twelfth International Conference on Learning Representations (2024).

15. Hoffmann, J. et al. Training compute-optimal large language models (2022). arXiv:2203.15556.

16. Zhai, X, Kolesnikov, A., Houlsby, N. & Beyer, L. Scaling vision transformers. https://doi.org/10.48550/ ARXIV.2106.04560 (2021).

17. Dosovitskiy, A. et al. An image is worth 16x16 words: Transformers for image recognition at scale. CoRR arXiv:2010.11929 (2020).

18. Ingolfsson, T. M. et al. EEG-TCNet: An accurate temporal convolutional network for embedded motor-imagery brain-machine
interfaces. https://doi.org/10.48550/ ARXIV.2006.00622 (2020).

Scientific Reports |

(2025) 15:10935 | https://doi.org/10.1038/541598-025-86294-3 nature portfolio


https://github.com/timonkl/PatchedBrainTransformer
https://doi.org/10.1109/taffc.2014.2339834
https://doi.org/10.1101/2024.08.02.606289
https://doi.org/10.1109/iembs.2011.6091049
https://doi.org/10.1109/iembs.2011.6091049
https://doi.org/10.1186/1743-0003-9-5
https://doi.org/10.1111/j.1528-1167.2006.00654.x
https://doi.org/10.1111/j.1528-1167.2006.00654.x
https://doi.org/10.3389/fnins.2012.00055
https://doi.org/10.1371/journal.pone.0123727
https://doi.org/10.1002/hbm.23730
https://doi.org/10.1088/1741-2552/abb7a7
http://arxiv.org/abs/1611.08024
https://doi.org/10.3389/fnhum.2021.653659
https://doi.org/10.1109/TII.2022.3197419
http://arxiv.org/abs/2203.15556
https://doi.org/10.48550/ARXIV.2106.04560
http://arxiv.org/abs/2010.11929
https://doi.org/10.48550/ARXIV.2006.00622
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

19. LeCun, Y. et al. Backpropagation applied to handwritten zip code recognition. Neural Comput. 1, 541-551. https://doi.org/10.116
2/neco.1989.1.4.541 (1989).

20. Grafia, M. & Morais-Quilez, I. A review of graph neural networks for electroencephalography data analysis. Neurocomputing 562,
126901. https://doi.org/10.1016/j.neucom.2023.126901 (2023).

21. Klepl, D., Wu, M. & He, E Graph neural network-based EEG classification: A survey (2023). arXiv:2310.02152.

22. Li, Z., Hwang, K., Li, K., Wu, J. & Ji, T. Graph-generative neural network for EEG-based epileptic seizure detection via discovery of
dynamic brain functional connectivity. Sci. Rep. https://doi.org/10.1038/s41598-022-23656-1 (2022).

23. Xing, T. et al. An adaptive multi-graph neural network with multimodal feature fusion learning for MDD detection. Sci. Rep.
https://doi.org/10.1038/541598-024-79981-0 (2024).

24. Vaswani, A. et al. Attention is all you need. CoRR arXiv:1706.03762 (2017).

25. Devlin, J., Chang, M., Lee, K. & Toutanova, K. BERT: pre-training of deep bidirectional transformers for language understanding.
CoRR arXiv:1810.04805 (2018).

26. Radford, A. et al. Language models are unsupervised multitask learners (2019).

27. Baevski, A., Zhou, H., Mohamed, A. & Auli, M. wav2vec 2.0: A framework for self-supervised learning of speech representations.
CoRR arXiv:2006.11477 (2020).

28. Duan, Y, Zhou, J., Wang, Z., Wang, Y.-K. & Lin, C.-T. Dewave: Discrete EEG waves encoding for brain dynamics to text translation.
https://doi.org/10.48550/ARXIV.2309.14030 (2023).

29. Chien, H.-Y. S., Goh, H., Sandino, C. M. & Cheng, ]. Y. MAEEG: Masked auto-encoder for EEG representation learning (2022).

30. Wu, B. et al. Visual transformers: Token-based image representation and processing for computer vision. https://doi.org/10.48550/A
RX1IV.2006.03677 (2020).

31. Akbari, H. et al. Vatt: Transformers for multimodal self-supervised learning from raw video, audio and text (2021). arXiv:2104.11178.

32. Mustafa, B., Riquelme, C., Puigcerver, J., Jenatton, R. & Houlsby, N. Multimodal contrastive learning with limoe: the language-
image mixture of experts (2022). arXiv:2206.02770.

33. Yang, C., Westover, M. B. & Sun, J. BIOT: Biosignal transformer for cross-data learning in the wild. In Thirty-Seventh Conference
on Neural Information Processing Systems (2023).

34. Schotthofer, S., Zangrando, E., Kusch, J., Ceruti, G. & Tudisco, F. Low-rank lottery tickets: finding efficient low-rank neural
networks via matrix differential equations (2022). arXiv:2205.13571.

35. Schotthofer, S. & Laiu, M. P. Federated dynamical low-rank training with global loss convergence guarantees (2024).
arXiv:2406.17887.

36. Schotthofer, S., Zangrando, E., Ceruti, G., Tudisco, F. & Kusch, ]. GeoLoRA: Geometric integration for parameter efficient fine-
tuning (2024). arXiv:2410.18720.

37. Zangrando, E., Schotthéfer, S., Ceruti, G., Kusch, J. & Tudisco, F. Geometry-aware training of factorized layers in tensor tucker
format (2024). arXiv:2305.19059.

38. He, K, Fan, H.,, Wu, Y, Xie, S. & Girshick, R. B. Momentum contrast for unsupervised visual representation learning. In IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR). (2019). arXiv:1911.05722.

39. He, K, Zhang, X, Ren, S. & Sun, J. Deep residual learning for image recognition. CoRR arXiv:1512.03385 (2015).

40. Ba, J. L, Kiros, J. R. & Hinton, G. E. Layer normalization. https://doi.org/10.48550/ARXIV.1607.06450 (2016).

41. Wang, Q. et al. Learning deep transformer models for machine translation. https://doi.org/10.48550/ARXIV.1906.01787 (2019).

42. Xiong, R. et al. On layer normalization in the transformer architecture. CoRR arXiv:2002.04745 (2020).

43. Barachant, A. Commande robuste dun effecteur par une interface cerveau machine EEG asynchrone. Theses, Université de Grenoble
(2012).

44. Cho, H., Ahn, M., Ahn, S., Kwon, M. & Jun, S. C. EEG datasets for motor imagery brain-computer interface. GigaScience https://d
oi.org/10.1093/gigascience/gix034 (2017).

45. Lee, M.-H. et al. EEG dataset and openBMI toolbox for three BCI paradigms: An investigation into BCI illiteracy. GigaScience
https://doi.org/10.1093/gigascience/giz002 (2019).

46. Schalk, G., McFarland, D., Hinterberger, T., Birbaumer, N. & Wolpaw, J. BCI2000: A general-purpose brain-computer interface
(BCI) system. IEEE Trans. Biomed. Eng. 51, 1034-1043. https://doi.org/10.1109/tbme.2004.827072 (2004).

47. Brunner, C., Leeb, R., Miiller-Putz, G., Schlogl, A. & Pfurtscheller, G. BCI competition 2008-graz data set a. Institute for Knowledge
Discovery (Laboratory of Brain-Computer Interfaces), Graz University of Technology 16, 1-6 (2008).

48. Leeb, R. et al. Brain-computer communication: Motivation, aim, and impact of exploring a virtual apartment. IEEE Trans. Neural
Syst. Rehabil. Eng. 15, 473-482. https://doi.org/10.1109/TNSRE.2007.906956 (2007).

49. Leeb, R, Brunner, C., Miiller-Putz, G., Schlogl, A. & Pfurtscheller, G. BCI competition 2008-Graz data set b. Graz Univ. Technol.
Austria 16, 1-6 (2008).

50. Steiner, A. et al. How to train your ViT? data, augmentation, and regularization in vision transformers. CoRR arXiv:2106.10270
(2021).

51. Paszke, A. et al. Automatic differentiation in PyTorch. In NIPS-W (2017).

52. Abhang, P. A., Gawali, B. W. & Mehrotra, S. C. Technological basics of EEG recording and operation of apparatus. In Introduction
to EEG- and Speech-Based Emotion Recognition, 19-50 (Elsevier, 2016). https://doi.org/10.1016/b978-0-12-804490-2.00002-6.

53. Mohsenvand, M. N,, Izadi, M. R. & Maes, P. Contrastive representation learning for electroencephalogram classification. In
Proceedings of the Machine Learning for Health NeurIPS Workshop, vol. 136 of Proceedings of Machine Learning Research (eds
Alsentzer, E. et al.) 238-253 (PMLR, 2020).

54. Loshchilov, I. & Hutter, E Decoupled weight decay regularization. https://doi.org/10.48550/ARXIV.1711.05101 (2017).

55. Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I. & Salakhutdinov, R. Dropout: A simple way to prevent neural networks
from overfitting. J. Mach. Learn. Res. 15, 1929-1958 (2014).

56. Hou, Y. et al. GCNs-Net: A graph convolutional neural network approach for decoding time-resolved EEG motor imagery signals.
IEEE Trans. Neural Netw. Learn. Syst. 35, 7312-7323. https://doi.org/10.1109/TNNLS.2022.3202569 (2024).

57. Schirrmeister, R. T. et al. Deep learning with convolutional neural networks for EEG decoding and visualization. Hum. Brain
Mapp. https://doi.org/10.1002/hbm.23730 (2017).

58. Zhang, Z., Zhong, S. H. & Liu, Y. TorchEEGEMO: A deep learning toolbox towards EEG-based emotion recognition. Expert Syst.
Appl. 249, 123550 (2024).

59. Single-participant motor imagery classification. https://paperswithcode.com/sota/eeg-4-classes-on-bci-competition-iv-2a.
Accessed 19 December 2024.

60. Yang, C., Westover, M. B. & Sun, J. BIOT: Cross-data biosignal learning in the wild (code repository). https://github.com/ycq0910
44/BIOT. Accessed 19 December 2024.

61. LaBraM: Code repository. https://github.com/935963004/LaBraM. Accessed 19 December 2024.

62. Silva, L. M, Silva, K. M. S,, Lira-Bandeira, W. G., Costa-Ribeiro, A. C. & Aratjo-Neto, S. A. Localizing the primary motor cortex
of the hand by the 10-5 and 10-20 systems for neurostimulation: An MRI study. Clin. EEG Neurosci. 52, 427-435. https://doi.org
/10.1177/1550059420934590 (2020).

63. Abnar, S. & Zuidema, W. H. Quantifying attention flow in transformers. CoRR arXiv:2005.00928 (2020).

64. BNCI horizon 2020: EEG data sets for brain-computer interface research. http://bnci-horizon-2020.eu/database/data-sets.
Accessed 19 December 2024.

Scientific Reports|  (2025) 15:10935 | https://doi.org/10.1038/s41598-025-86294-3 nature portfolio


https://doi.org/10.1162/neco.1989.1.4.541
https://doi.org/10.1162/neco.1989.1.4.541
https://doi.org/10.1016/j.neucom.2023.126901
http://arxiv.org/abs/2310.02152
https://doi.org/10.1038/s41598-022-23656-1
https://doi.org/10.1038/s41598-024-79981-0
http://arxiv.org/abs/1706.03762
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/2006.11477
https://doi.org/10.48550/ARXIV.2309.14030
https://doi.org/10.48550/ARXIV.2006.03677
https://doi.org/10.48550/ARXIV.2006.03677
http://arxiv.org/abs/2104.11178
http://arxiv.org/abs/2206.02770
http://arxiv.org/abs/2205.13571
http://arxiv.org/abs/2406.17887
http://arxiv.org/abs/2410.18720
http://arxiv.org/abs/2305.19059
http://arxiv.org/abs/1911.05722
http://arxiv.org/abs/1512.03385
https://doi.org/10.48550/ARXIV.1607.06450
https://doi.org/10.48550/ARXIV.1906.01787
http://arxiv.org/abs/2002.04745
https://doi.org/10.1093/gigascience/gix034
https://doi.org/10.1093/gigascience/gix034
https://doi.org/10.1093/gigascience/giz002
https://doi.org/10.1109/tbme.2004.827072
https://doi.org/10.1109/TNSRE.2007.906956
http://arxiv.org/abs/2106.10270
https://doi.org/10.1016/b978-0-12-804490-2.00002-6
https://doi.org/10.48550/ARXIV.1711.05101
https://doi.org/10.1109/TNNLS.2022.3202569
https://doi.org/10.1002/hbm.23730
https://paperswithcode.com/sota/eeg-4-classes-on-bci-competition-iv-2a
https://github.com/ycq091044/BIOT
https://github.com/ycq091044/BIOT
https://github.com/935963004/LaBraM
https://doi.org/10.1177/1550059420934590
https://doi.org/10.1177/1550059420934590
http://arxiv.org/abs/2005.00928
http://bnci-horizon-2020.eu/database/data-sets
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

65. Jayaram, V. & Barachant, A. MOABB: Trustworthy algorithm benchmarking for BCIs. J. Neural Eng. 15, 066011. https://doi.org/1
0.1088/1741-2552/aadea0 (2018).

Acknowledgements

This project has received funding from the European Regional Development Fund (grants timingMatters and
IntelAlgen) under the European Union’s Horizon Europe Research and Innovation Program, from the German
Research Foundation DFG within GRK 2297 ‘Mathematical Complexity Reduction, and from the German Fed-
eral Joint Committee (Grant 01VSF23017), which we gratefully acknowledge.

Author contributions

TK. and PM. contributed equally. They designed the study, developed the model, performed the numerical
experiments, and wrote the article. S.S. contributed via discussions and study design. All authors reviewed the
manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to T.K.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:10935 | https://doi.org/10.1038/s41598-025-86294-3 nature portfolio


https://doi.org/10.1088/1741-2552/aadea0
https://doi.org/10.1088/1741-2552/aadea0
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Flexible Patched Brain Transformer model for EEG decoding
	﻿Related work
	﻿Model
	﻿Tokenizer
	﻿Linear projection
	﻿Embedding and classification-token
	﻿Transformer encoder
	﻿Classification head

	﻿﻿Data description
	﻿Datasets for pre-training
	﻿Data for fine-tuning

	﻿Computational setup
	﻿Pre-processing
	﻿﻿Data augmentation
	﻿﻿Model configuration
	﻿Pre-training
	﻿Self-supervised pre-training
	﻿Supervised pre-training
	﻿Semi-supervised pre-training
	﻿Fine-tuning


	﻿﻿Results
	﻿Comparison to other models
	﻿﻿Impact of data augmentation
	﻿﻿Inspection of the Patched Brain Transformer



