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Abstract— Brain-computer interfaces (BCI) serve as an im-
portant tool in areas such as neurorehabilitation and construct-
ing prostheses. Electroencephalogram (EEG) motor imagery
(MI) signal is a common method used to communicate be-
tween the human brain and the computer interface. However,
differentiating between multiple motor imagery signals may be
challenging due to the presence of high noise-to-signal ratio
and small dataset sizes. In this study, we propose a variational
autoencoder and transformer-attention based convolutional
neural network (SSTACNet) for multi-class EEG-based motor
imagery classification. The SSTACNet model leverages upon
variational autoencoders’ ability to measure the contrastive dis-
tance between two sets of inputs to perform data self-selection.
The model further utilizes multi-head self-attention as well as
spatial and temporal convolutional filters to achieve superior
extraction of signal features. The model additionally utilizes the
variational autoencoder’s ability to augment the dataset with
feature-informed pseudo-data, achieving stronger classification
results. The proposed model outperforms the current state-of-
the-art techniques in the BCI Competition I'V-2a dataset with an
accuracy of 85.52% and 70.56% for the subject-dependent and
subject-independent modes, respectively. Codes may be found
at: https://github.com/NgHanWei/SSTACNet

I. INTRODUCTION

Recent advances in brain-computer interfaces (BCI) have
shown much promise in the areas of rehabilitation [1].
In brain-computer interfaces (BCI), electroencephalogram
(EEG) signals are often used to communicate between the
human brain and the computer due to its non-invasive nature.
However, EEG signals suffer from high noise-to-signal ratio
[2], causing the signals for different classes to be difficult to
differentiate among one another. To overcome this challenge,
many deep learning methodologies have been implemented
to extract useful discriminative features that improve the
classification accuracy in BCI applications [3], [4].

Previous work done by studies showed that the use of
attention-based convolutional neural networks was able to
achieve state-of-the-art performance for subject-dependent
decoding of motor imagery [5].

However, the main limitations behind the existing method-
ologies lie in that the collected EEG trials used to train
the neural networks contain significant amounts of noise
[2]. Furthermore, given the abstract nature of the signals
collected, it is difficult to determine whether the collected
signals are valid. Thus, there could be anomalous trials
among the training set that leads to poorer model outcomes.

Another limitation is that most conventional neural net-
works fail to consider the long-range correlations that the
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EEG signals might have across the entire trial period [6].
Common neural networks are sufficient in capturing the
short-term dependencies, however certain information may
be lost due to the lack of capturing these long-range depen-
dencies which exist throughout the trial period from resting
state to the execution of the motor imagery.

Thus, in this work we introduce the incorporation of
transformer-based architecture [7] into spatial-temporal neu-
ral networks to fully utilize the effectiveness of capturing
long-term features and dependencies in the EEG signal.

Additionally, neural networks are known to require large
amounts of data for the classifier to become a good general-
izer [3]. This is especially so in the case of EEG-based motor
imagery classification, whereby due to significant inter- [8]
and intra-subject variability [9], small datasets will suffer
from performance deterioration of the network as the data
populations have few feature overlaps with the target subject,
resulting in confusion of the network. To overcome the issue
of small datasets, different methodologies were suggested
such as the usage of multiple different datasets [8], as well
as augmentation techniques [10] to increase the number of
datapoints used to train the classifier network.

Hence, we propose the use of self-selective semi-
supervised transformer-attention convolutional network
(SSTACNet) to tackle multi-class motor imagery decoding
even with the lack of sufficient data. This is done by
implementing variational autoencoder (VAE) self-selective
semi-supervised learning into the neural network. The
network is updated using a series of pseudo-labelled
unlabelled trials. To further enhance the effectiveness of the
pseudo-labelled dataset, the proposed framework utilizes
a VAE network to discard EEG trials that do not fit well
across the population of data while augmenting the dataset.

Our main contributions are as follows: (1) Introduction
of a variational autoencoder to perform automatic data self-
selection. (2) The combined use of semi-supervised learning
to achieve a larger homogeneous dataset. (3) Application of
transformer-attention mechanism on the features followed by
the use of convolutional sliding windows on the transformed
feature sequence.

II. DATASET

For this study, we use the BCI Competition IV 2a dataset
[11] to examine the efficacy of the proposed method in
discriminating multi-class motor imagery EEG signals. The
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dataset consists of 9 healthy individual subjects. The cue-
based BCI paradigm consisted of four different motor im-
agery tasks, namely the imagination of movement of the
left hand (class 1), right hand (class 2), both feet (class 3),
and tongue (class 4). Two sessions on different days were
recorded for each subject. Each session is comprised of 6
runs separated by short breaks. One run consists of 48 trials
(12 for each of the four possible classes), yielding a total of
288 trials per session.

III. METHODOLOGY

The proposed SSTACNet model framework (Fig. 1) con-
sists of two main network blocks, a contrastive VAE model
as well as a transformer based spatial-temporal convolutional
neural network. The two blocks are first optimized separately,
but are subsequently joined together to form a single pipeline
to achieve motor imagery classification.

The first block consists of the neural network’s contrastive
learning ability as defined by the variational autoencoder
network (Fig. 2). The benefit of using the autoencoder
architecture lies in that it is able to extract latent features
of the data without the requirement of target labels. Due
to this property, autoencoders have shown great success in
areas of unsupervised learning, semi-supervised learning and
supervised learning. In this work, we utilize the VAE network
to compare the distributions between the various datapoints,
removing any EEG trial that may be too distant from the
general population of data.

The second block comprises the sections responsible for
motor imagery signal classification. Spatial and temporal
convolutional filters are utilized similar to conventional
methods such as DeepConvNet and EEGNet. In addition to
these filters, we further propose the addition of transformer-
attention sliding-window layers to increase the model’s abil-
ity to capture signal correlations across longer time frames.

A. Data Self-Selection via Constrastive Learning

In this block (Fig. 2), a variational autoencoder consisting
of spatial and temporal convolutional filters are used to
extract the relevant features across the trials. The VAE model
is first used for extracting the relevant features of each
individual trial to be compared against the known EEG data
population.

Traditional VAEs consist of probabilistic encoder-decoder
pairs. For a given input z, the encoder is an inference
model with weights and biases # which gives the hidden
latent variables as output z. The inference model is thus
given by go(z|z), a Gaussian probability distribution. For
the same VAE, a decoder model with weights and biases ¢ is
given by a joint probability pe(x, z) = ps(z|z)p(z). During
training, the encoder and decoders are trained simultaneously
by finding the parameters that best optimise the variational
lower bound of the likelihood py(z) = [ pe(x, 2)dz.

Thus, the effectiveness of the VAE in reconstructing
the original input is given by the reconstruction log-
likelihood logps(x|z). The reconstruction loss function is
therefore given by the expected negative log-likelihood

—Ego (2]2) [log pa(x|z)] computed with respect to the dis-
tribution of the latent features by the encoder.

In addition to the reconstruction loss, VAEs also take into
account a regularisation term given by the Kullback-Leibler
(KL) divergence between two continuous distributions [12],
the encoder’s variational posterior go(z|z) and the prior p(2)
where the latent variables are sampled from. The divergence
measures how close the two distributions ¢ and p are to
each other and is given by KLL(ge(z|z)||p(z)). Therefore,
the overall loss function L; for an input datapoint x; is:

Li = —Egg (]2 [log pa(zi]2)] + KL(ge (2|2:)[[p(2)) (1)

The network is trained upon the loss function as defined
in equation 1, encouraging the model to optimize towards
parameters that maximizes the network’s likelihood of regen-
erating the original input from the latent features computed.
Through this, the encoder portion of the network learns to
encode useful information from the trials.

As such, when the trial is fed into the model, the network
attempts to extract and encode the trial into the latent features
based on the hyperparameters that was trained using the
rest of the remaining training set. Since the network was
trained to reconstruct the training set, signals that deviate
further away from the population of the training set will
likely display significantly higher loss values and poorer
reconstruction outcomes. The trained VAE network is thus
able to act as a discriminator to determine whether the in-
coming signal belongs to the existing population. Therefore,
we leverage upon the properties of the trained VAE network
to eliminate potential trials that would confuse the motor
imagery classifier model. To achieve this, the VAE network is
first trained upon the known training data. Following which,
the individual EEG trial samples may be fed through the
trained model. The contrastive loss of each of the signal
may be recorded. The trials with the furthest contrastive loss
are finally discarded from the training set.

B. Transformer-Attention Sliding-Window

Transformer-attentions were introduced to overcome the
challenge of retaining information across long sequences.
Furthermore, transformer-attention are non-sequential, al-
lowing the network to avoid recursion by processing the
entire input sequence and learning the relationship between
different time points via the use of self-attention heads
and positional embeddings. This gives transformer-attention
networks an advantage over convolutional networks which
are unable to take into consideration the different possible
relations between time points due to the practical limitation
in the number of kernels and kernel dimensions used.

We further break down the decoding network block into
three main parts, the convolutional sliding-window, the
transformer-attention architecture and the temporal convo-
lutional network.

The transformer-attention module is applied onto the out-
puts of the convolutional filters which serves to an produce
an output vector for the features sequence with encoded
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Fig. 1.

Model architecture of the proposed SSTACNet. The model consists of three main blocks (1) The variational autoencoder for self-selection of

data, (2) Spatial-temporal convolutional filters, (3) Transformer-attention convolutional sliding windows and finally the use of (4) Semi-supervised learning

through the self-selected data.
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Overall variational autoencoder model architecture used to extract the relevant features of the data in order to determine the overall distribution

of the data and to remove data that would likely confuse the classifier network.
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Fig. 3. Overall architecture of the spatial-temporal transformer-attention convolutional network. The network utilizes a variational autoencoder for extraction
of meaningful trial data. This is followed by spatial-temporal filters and the transformer-attention mechanism to extract meaningful features. The features
are subsequently fed into a convolutional sliding window and residual blocks to eventually obtain the output.

information on how each feature in the sequence should
relate to each of the remaining features.

The usage of transformer-attention allows the network to
capture the long-range dependencies between the features
extracted by the spatial filter. This contrasts with the con-
ventional networks which often rely on local information
between features [5], allowing the proposed network to
take into account the relationship between features across
time. This is especially useful in the instance of motor
imagery, given that the users are tasked to imagine the

movement across a period of time after the visual stimulation
is given. As such, the usage of transformer-attention allows
the network to take into consideration how the start, end and
relations between different timepoints of the motor imagery
may influence the nature of the imagination that the user is
current executing.

The transformer-attention architecture utilizes both the
scaled dot-product and multi-head attention to improve ef-
fectiveness in time-series classification tasks, whereby the
Scaled Dot-Product attention is given by:
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where \/dj, is the dimension of the key vector k and query
vector q .

The multi-head attention is an extension of the scaled dot-
product attention, whereby instead of using a single set of
attention weights, it employs multiple attention mechanisms
in parallel and is given by:

Attention(Q, K, V) = softmax( W (2)

MultiHead(Q, K,V) = Concat(head, ..., head;, )W °
3)

where
head; = Attention(QWE, KWK vWwY) — (4)

In addition, transformer attention is highly parallelizable,
which makes it computationally efficient and scalable. This
is in contrast to recurrent neural networks (RNNs), which
process sequences sequentially and can be computationally
expensive when training networks to decode for long se-
quences.

The convolutional-based sliding-window was first sug-
gested by Schirrmeister et. al. [13] and used in the proposed
DeepConvNet framework which is widely used to bench-
mark most EEG-based classification tasks [14], [15]. The
convolutional-based sliding-window serves two purposes.
The first is to help augment the data [16], given that
EEG-based datasets often suffer from a lack of sufficient
datapoints. The sliding window helps to increase the number
of permutations of data that the model can learn from.
Secondly, the sliding window serves to isolate parts of the
entire feature sequence, allowing the model to better extract
information [17] from only the relevant parts of the sequence

while reducing weights in the parts that do not have a strong
influence in classification ability.

The sliding window is defined to have a length of T,
with a step stride of one, thus dividing the input temporal
feature sequence F} into multiple window sequences of F}*
whereby w denotes the window index and w = 1, ...,n with
n representing the total number of windows given the input
sequence. Thus, the window length T,, may be defined as:

Ty=T;—n+1,Tf>n>1 5)

Where T is the number of output feature vectors, which
is influenced by the original input sequence length, as well
as the size of the 2 average pooling lengths.

To further improve the effectiveness of the sliding-window
mechanism, the transformed sequence of feature vectors
are fed into the sliding window as opposed to the raw
feature vectors. After the transformer-attention layer has been
applied to the feature vectors, an additional layer of attention
heads are then applied to the output of the sliding window
(Fig. 4) to extract further relevant information pertaining
towards the features visible within the sliding window.

C. Temporal Convolutional

The temporal convolutional neural network was first pro-
posed by Ingolfsson et al. [18] as a method for accurate
decoding for embedded motor-imagery BCIs. The network
utilizes a series of causal convolutions, dilated convolutions
and residual blocks to increase the receptive field size of
the network to capture longer sequences. The main benefit
behind this module lies in its low computational complexity.
However, a key point to note is that the module relies on
causal convolutions to extract the relationship between one
time point to another, which accounts only for the short-term
relationship between the inputs. Therefore, the introduction
of the transformer-layer network beforehand can immensely
benefit the network to recall and draw relationships between
the significant features from the previous block.

D. Self-Selected Semi-Supervised Learning

In addition to the proposed network, we introduce the us-
age of semi-supervised learning of the trained neural network
during the inference phase. In semi-supervised learning, the
network typically learns and updates its hyperparameters
from the additional knowledge obtained from the newly seen
unlabelled target trials. Semi-supervised learning takes place
by first training a neural network with the existing labelled
data. Following which, the network evaluates a series of
unlabelled data, creating pairs of associated pseudo-labels.
Finally, the network parameters may be further updated by
fine-tuning the model on the newly obtained pseudo-labels
and respective datapoints.

In the case of EEG-based classification tasks, this gives
the network the advantage to reduce the effect of inter-
subject variability. Since the EEG signals collected between
subjects can have very high deviation from one another,
semi-supervised learning offers the benefit to encourage the
network to converge towards the new unseen subject. This is

4639



TABLE I
AVERAGE CLASSIFICATION ACCURACY OF VARIOUS METHODOLOGIES
FOR FOUR-CLASS EEG-BASED MOTOR IMAGERY CLASSIFICATION. *
INDICATES THE SIGNIFICANT DIFFERENCE BETWEEN THE PROPOSED
MODEL AGAINST THE OTHER MODELS IN SUBJECT PAIRWISE
COMPARISON (P<0.05).

Methodology Accuracy (%)
SCSSP [19] 65.05
Dual Attention Relation [20] 65.65
FBCSP [21] 67.75
BO [22] 68.13
ISMDA [23] 69.51
FBCSP-SVM [24] 71.18
CW-CNN [24] 73.07
DFFN [25] 76.44
MI-DAGSC [26] 76.81
ATCNet [5] 81.10
Semi-Supervised Transformer-Attention Convolutions (Ours)* | 85.52

especially beneficial towards EEG datasets which suffer from
a lack of data. Typically, semi-supervised learning attempts
to fine-tune the network to better understand the data patterns
of the target data without relying on any explicit data labels
or annotations. The algorithm automatically generates super-
visory signals from the data, making it a more cost-effective
and scalable approach compared to traditional supervised
learning methods.

In the case of motor imagery paradigm, we follow the
assumption that for each motor imagery, the key features
of each class are separable into distinct clusters. The neural
network learns the features for each of these clusters and dif-
ferentiates the signals based on the learnt features. As such,
we continue to utilize this assumption when implementing
semi-supervised learning to the network.

IV. RESULTS

In this section, we detail the results obtained for both
subject-dependent and subject-independent paradigms when
implementing the proposed network in this study. When
comparing against the previous known work by Altaheri
et al. [5], it is noted that the previous study obtained the
final accuracy for each subject by using the evaluation
set as the validation set and selecting the model which
displayed the highest validation accuracy. This results in a
data leakage issue which would overstate the performance
of the model. Therefore, in this work we re-implement the
work by allowing the model to select based on the highest
training accuracy, thus removing the issue of data leakage
and allowing for realistic and fair comparison.

A. Subject-Dependent

In the subject-dependent paradigm, the data is split into a
training and testing set similar to the original BCI Competi-
tion IV 2a division. The first session of each subject is used
for training, while the second session is used for evaluation.

B. Subject-Independent

In the subject-independent paradigm, the neural network
is first trained on seven of the nine subjects, with one subject
used for validation and the selected subject for evaluation.

The proposed model is further trained and evaluated using a
cross-fold validation strategy, with the number of folds equal
to the number of subjects used for training and validation. In
using the LOSO training paradigm, the model’s performance
is evaluated on a subject not seen by the model.

In the case of subject-independent performance, this
dataset suffers strongly from a lack of sufficient data which
is needed to obtain robust decoding performance. Due to the
small amount of data, the neural network is unable to extract
features that is generalizable towards unseen data.

V. DISCUSSION
A. Overcoming Inter-Session Variability

Between subjects, there exist significant session-to-session
variability in the underlying brain state of each subject.
This challenge persists across various other EEG datasets
[27], causing difficulties in training a good decoding model.
Conventionally, to overcome this variability a large amount
of prior training data is utilized to optimize the neural
network hyperparameters to be able to extract features that
are useful for discrimination across a number of subjects.
The concept lies in that given a large number of subjects,
the neural network aims to maximize the decoding perfor-
mance across all of the subjects. Any new unseen subject
should ideally lie within the prior population of the training
set. However, as the BCI Competition IV 2a dataset [11]
contains only a relatively small number of subjects, the
neural network is unable to fully leverage upon the subject-
independent paradigm to train a generalizable motor imagery
decoder. The unseen subject in each case would therefore be
likely to fall outside of the training data population that the
network was optimized on, leading to further degradation of
performance.

Furthermore, we perform a qualitative study to display the
presence of intra-subject and inter-session variability using
the extracted features from the variation autoencoder during
the data self-selection phase. The obtained feature values
are subsequently plotted across each trial. The resulting
figure (Fig. 5) displayed that there exists visible intra-subject
variation within each session, with certain trials within each
session showing feature values that deviate far from the
population norm. In addition, comparing between the two
populations of data across sessions (Fig. 5), it is observed
that there exists significant inter-sessions variability where
each of the population of the features in each session show
little overlap. It may be seen that there exists significant
differences between the first 40 trials of the second EEG
recording session in this particular subject. The deviation is
only reduced in the later trials of the session. From this,
it may be hypothesized that a discriminator trained on the
first session of data would therefore perform poorly during
the initial portion of the second session due to inter-session
variations, but perform better in the later remaining trials.

B. Subject-wise Analysis

1) Subject-Dependent: Certain subjects such as subject 2
of the dataset showed significantly poorer performance in
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Fig. 5. Learned latent features from a specific subject from the BCI
Competition IV 2a Dataset. Differing trends in the features between the first
and second sessions indicate strong inter-session variability and potentially
poor adaptation results. Each color represents a single feature variable.

Subject Subject-Dependent Accuracy (%)  Subject-Independent (%)
1 89.17 76.32
2 75.09 55.33
3 94.22 81.95
4 88.09 64.86
5 80.14 65.73
6 73.65 59.83
7 91.34 77.09
8 85.92 78.44
9 92.06 75.49
Average | 85.52 70.56

motor imagery decoding. Observing the confusion matrix,
it can be seen that while the decoder was successfully able
to discriminate the foot and tongue motor imagery well, the
performance was drastically lower in the left and right-hand
motor imagery. This suggests that for certain subjects, the
activation patterns of each sides of the hand are similar,
leading to the decoder being unable to learn accurately key
discriminating features between the two hand motor imagery
signals. This is observed mainly in subjects 2 and subject 6
of the BCI Competition dataset [11].

Despite having poorer discrimination for the hand move-
ments, good decoding ability for foot and tongue motor
imagery was still observed in these subjects. This outcome
is expected, given that there are significant differences in
the brain activation patterns between the hands against the
foot and tongue activation patterns. If the two hand classes
were to be combined into a single class, we observe that the
accuracy for successfully discriminating a hand movement
rises to 71%.

2) Subject-Independent: In the subject-independent case,
we observe a lower accuracy in the BCI Competition IV
2a Dataset as compared to the subject-dependent scenario.
This is to be expected due to the relatively small size of the
dataset. The performance of the subject-independent classi-
fier depends heavily upon the closeness of the distribution
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Fig. 6. Confusion matrix across all subjects in the four-class subject-

dependent motor imagery dataset for subject-dependent classification. The
overall decoding accuracy across all the subjects showed good discrimi-
nation across the four classes, with the hand motor imagery performing
slightly worse in comparison to the foot and tongue movements.
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Fig. 7. t-SNE plot of the model’s learnt class distribution for a single
subject. The colors indicate the true class labels. The right hand class shows
the highest confusion, with many of the datapoints being wrongly classified
into other classes. The left and right hand classes show a tighter overlapped
distribution as compared to the foot and tongue which has more distinct
individual clusters.

across each of the individual subjects’ brain signals. Given
the smaller number of subjects, the disparity is likely to
be larger between subjects and any subject with sufficiently
different activation patterns would cause a larger confusion
to the network as opposed to larger datasets which are more
robust to anomalous trials. Furthermore, if the number of
trials is too small in comparison to the network complexity,
the network is likely to overfit towards the training set, failing
to learn good generalizable features. As such, the network
is more likely to be confused by the trials as opposed to
benefiting due to the apparent domain gap between the target
and the remaining training subjects.
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C. Limitations

The main limitations in this network is that the proposed
model is only able to capture the dependencies between
different timepoints up to the same length as the input used
to train the model. If given an input with a longer time
length than the original training data, the model will be
unable to appropriately capture the long-term dependency
between time points and another point that occurs more than
the training input size later. One possible methodology that
can be used to alleviate this challenge is to use a sliding
window of the same length as the training set, followed by
utilizing the hidden states of the encoded sliding input to be
leveraged in the subsequent window.

VI. CONCLUSION

In summary, this work proposes the introduction of
a semi-supervised transformer-attention convolutional net-
work (SSTACNet) that builds upon previous foundations
of attention-based spatial temporal convolutional networks
[5]. We introduce the use of a VAE network architecture to
perform self-selection of useful training data. Furthermore,
the proposed classifier utilizes spatial-temporal filters to
extract features from the original input data. Subsequently,
transformer-attention modules are used to capture the long-
term correlations between the features. finally, a sliding
window alongside residual temporal convolutions are used
to capture the local relationships between the features.
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