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ABSTRACT

In recent years, deep learning techniques have been ex-
tensively applied to the analysis of electroencephalography
(EEG) signals in various contexts, including motor imagery
(MI) decoding. MI decoding has the potential for control-
ling devices or assisting in patient rehabilitation. A primary
obstacle in implementing these algorithms in practical set-
tings is the cost associated with model calibration, given their
tendency to struggle with generalization to unseen subjects.
To address this challenge, our work explores a new tech-
nique for representing EEG signals using embeddings. These
embedding-based methods enable faster calibration with-
out the need for model re-training. Experiments conducted
on the Brain-Computer Interface Competition IV dataset 2a
demonstrate the competitiveness of our approach compared
to the state-of-the-art techniques in this field. It is also shown
how embeddings offer additional opportunities to tackle EEG
analysis challenges.

Index Terms— Deep Learning, Embeddings, Neuro-
physiological Signals, Brain Computer Interface

1. INTRODUCTION

Motor Imagery (MI) classification is a key aspect of the
Brain-Computer Interface (BCI) domain, where the objective
is to decode the actions imagined by a subject without any
physical movement [1]]. This decoding is typically conducted
by relying on the automated analysis of electroencephalo-
grams (EEG). EEG captures electrical signals from electrodes
placed on the scalp, which represents the brain activity of a
subject. MI decoding can be applied to a wide range of prac-
tical applications, not only in the medical domain to aid in
patient rehabilitation, but also for healthy subjects in video
games or in device control.

In recent years, Deep Learning (DL) models have demon-
strated impressive capabilities to analyze raw signal data [2].
This has prompted multiple research work aimed at apply-
ing DL models to EEG signal analysis, showing improved
performance with respect to earlier Machine Learning (ML)
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techniques. Nevertheless, EEG signals are inherently non-
stationary, which means that the signal statistics vary not only
between subjects but also across longitudinal analyses for the
same subject [3]]. This reduces the performance of models on
the long-term usage, as well as their generalization capabili-
ties to unseen subjects.

To address the aforementioned challenges, researchers
have explored the transfer learning between subjects [4]
and the learning of new tasks using few-shot learning [J5l.
However, such methodologies represent a non-trivial proce-
dure, as they require model fine-tuning, which may require
a dedicated infrastructure and an adaptation of the model
architecture.

In this paper, an alternative calibration strategy based on
embeddings is explored, enabling continuous learning with-
out the need for fine-tuning DL models [6]. This study serves
as an initial exploration, introducing a novel approach for
generating EEG embeddings. Our primary objective is to
demonstrate the potential of the proposed pipeline compared
to conventional state-of-the-art approaches. To this end, ex-
periments have been conducted on the Brain-Computer Inter-
face Competition IV, dataset 2a (BCI-IV 2a) [7], a commonly
used benchmark for evaluating MI decoding techniques. The
proposed embedding-based approach, built upon the ATC-
Net [8] architecture, has been compared against its original
implementation as well as against previous state-of-the-art
models. The models have been evaluated in both the within-
subject and leave-one-subject-out (LOSO) standard scenar-
ios. The results demonstrate the competitiveness of the pro-
posed method when compared to traditional methodologies.
Moreover, embeddings facilitate the calibration of the models
to new subjects without requiring fine-tuning. Additional op-
portunities to further leverage the potential of embeddings for
EEG are also highlighted.

2. MATERIALS AND METHODS

This section introduces and discusses recent DL techniques
used for EEG analysis, including MI classification, along with
the experimental setup.
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Fig. 1. GE2E loss matrix computation (adapted from the original paper [9]).

2.1. Data and evaluation

This study utilizes the BCI-IV 2a dataset [7]] to assess the pro-
posed technique in comparison to state-of-the-art models tai-
lored for this task. The dataset contains 2 recording sessions
of 9 subjects. Each session contains 72 trials of 7 seconds for
each of the 4 MI classes (left/right hand, tongue, and feet),
leading to a total of 288 trials per session. The input signal is
collected with a 22-channels EEG headset, and 3 channels of
electrooculography (EOG). The EOG channels have not been
used for fair reproduction and comparison to the state-of-the-
art methods used in this work.

To evaluate the models, the within-subject and the LOSO
methodologies have been used, as described in the ATCNet
paper [8]. On the one hand, the within-subject scenario is
designed to assess long-term usage. It involves training the
model with data from the first recording session of a subject
and then evaluating its performance using data from the sec-
ond session. On the other hand, the LOSO scenario evaluates
the generalization capability to new subjects. This is done
by training the model on both recording sessions of 8 out of
the 9 subjects and then testing it on the second session of the
subject that was excluded from training. The first recording
session is occasionally employed for calibration, in which in-
stance the methodology is referred to as partial LOSO.

2.2. DL for EEG classification

In recent years, multiple architectures combining convolu-
tional neural networks (CNN) with recurrent neural networks
(RNN) have been proposed, as reviewed in the EEGNex
study [10]. These models are mainly composed of two
core blocks: an EEGNet model [11], which combines the
multiple channels with depth-wise 2D convolution, and a
Temporal Convolution network (TCN) module [8], which is
a regular 1D-CNN network focusing on temporal informa-
tion of the signal. More recently, multi-scale fusion (such
as TCNet-Fusion [[12])) and Transformers-based models (like
ATCNet [8| [13]]) have extended these two core blocks, result-
ing in significant improvements in MI classification perfor-

mance. The main limitation of these methods is their poor
generalization capabilities to new subjects and their need for
subject-specific fine-tuning to achieve qualitative results.

This paper leverages the ATCNet architecture, which has
been independently re-implemented and validated, and ex-
tends it to the embeddings paradigm. For this purpose, the
last classification layer is replaced by a n-dimensional linear
layer. As a result, the model generates n-dimensional em-
beddings instead of a score for each label. The other models
serve as baseline comparisons to evaluate the competitiveness
of the proposed approach.

2.3. Embeddings for EEG analysis

To enhance generalization performance in the LOSO sce-
nario, a pipeline combining embeddings with the EEGNet
model has recently been proposed [4]. The primary limita-
tion of this pipeline is the use of a subject-specific linear layer
to classify new subject data. Consequently, this approach is
closer to transfer learning with a fine-tuning strategy, like the
one proposed by N. Mammone et al. [5]], rather than to true
embeddings.

In addition, a CNN architecture trained to represent medi-
cal EEG recordings with embeddings has been introduced [6].
Its training procedure relies on the triplet-loss [14] function
and uses a large-scale medical EEG corpus [15]. The primary
drawback of this approach is its intensive sampling strategy,
which arises from the large amount of data involved. Specifi-
cally, the triplet-loss operates on triplets of data: the “anchor”,
a ”’positive”, and a “negative” sample. The loss aims to mini-
mize (resp. maximizes) the distance between the embeddings
of the anchor and the positive (resp. negative) samples. This
results in an exponential number of candidate data triplets,
leading to an aggressive sampling strategy that fails to fully
exploit all available data.

2.4. Generalized End-to-End Loss

To mitigate the limitation of the triplet-loss, we propose to
use the generalized end-to-end (GE2E) loss [9], which ex-
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Fig. 2. UMAP [17] projection of reference points embed-
dings. The ”’x” represents a new data to classify that belongs
to the left-hand MI class.

tends the triplet-loss mechanism by computing distance min-
imization/maximization per batch. The loss function operates
on a batch of IV samples of M distinct labels and computes
the centroid for each label. The centroid for the i-th label,
denoted c;, is computed as follows:

| X
cizﬁ-;em ey

where e;; is the j-th embedding vector of label 7. The distance
matrix between each input and each centroid is computed,
where d;; denotes the distance between the j-th embedding
of label ¢ (i.e., €;5) and the i-th centroid ¢;, as illustrated in
Figure[I] Finally, the distance between each embedding and
its positive centroid is minimized, while being maximized for
the other centroids.

The input format for the GE2E loss is more constrained
in comparison to the triplet-loss, as the GE2E loss requires
N samples of M labels at each batch. In this work, a cus-
tom data generation procedure, initially designed for speech
verification, has been adapted [16]. The generator performs
r iterations on all the available labels, and randomly selects
N samples for each label. Each sample can therefore be
selected multiple times, while being associated with various
positive/negative samples. This procedure aims to maximize
the number of samples seen during training, while tackling
possible label unbalancing.

2.5. Training procedure

This section describes the hyperparameters used to train and
evaluate the different models. The training process and im-
plementation of models draw inspiration from the latest 2023
update of the Altaheri et al. [8] open project, which was inde-
pendently reproduced for this study. The evaluation pipeline
leverages a train/validation/test split that differs from their
original paper, to be more aligned with the BCI-IV compe-
tition standard. This modification accounts for the variation
in performance when compared to the results documented in
the reference paper. However, these results align with those
achieved using Altaheri et al.’s updated implementation if us-
ing the adjusted train/validation/test split.

All models have been trained for a maximum of 1000
epochs, with an early-stopping criterion that has a patience of
300 and a batch size of 64. The optimizer used is Adam [18]]
with an initial learning-rate of 0.001, which is reduced by
a factor of 0.9 upon reaching a plateau. The preprocessing
has been modified to perform per-trial, per-channel normal-
ization by mean and standard deviation. This modification
has a marginal impact (less than 1%) on performance, while
being less data-dependent compared to the originally used
global normalization. The results reported in this document
are obtained using a 5-fold cross-validation evaluation strat-
egy. This helps to mitigate the impact of randomness in model
initialization and in the selection of training/validation dat

The prediction step for an embeddings-based model lever-
ages a second ML classifier to classify the produced embed-
ding for a given data. In this work, the Nearest Centroid (NC)
classifier, a variant of the k-Nearest Neighbor (k—NN) clas-
sifier, has been used, as it is fast and easy to train. The NC
classifier computes the centroid for each label, based on the
reference points. To classify a new data point, it takes the la-
bel of the centroid with the lowest distance. This behavior is
closer to the GE2E objective function compared to the stan-
dard k-NN classifier. The reference points provided to the NC
classifier, which are used to compute the centroid of each la-
bel, consist in the embedded training samples used to train the
DL model. This corresponds to 230 (resp. 3680) samples in
the within-subject (resp. LOSO) scenario, balanced between
the 4 labels. Figure[2] gives a comprehensive example of em-
beddings classification. In the partial LOSO scenario (i.e.,
with model calibration), the first recording session of the left-
out subject is added to the NC points to calibrate it to the new
subject.

3. RESULTS AND DISCUSSION

This section presents the experimental results by comparing
state-of-the art architectures with the proposed embeddings-
based approach. Additionally, a first attempt of model cali-
bration without fine-tuning is explored. Finally, potential op-

I'The test set is always the second session of the tested subject.



Model Within subject LOSO
Accuracy (%) | Accuracy (%)
ATCNet [8] 80.7 (+/-9.8) | 60.6 (+/- 13.4)

ATCNet embeddings (ours)
TCNet-Fusion [12]
EEGNet [11]
EEG-TCNet [19]
EEGNex [10]

79.3 (+/- 10.3)
71.4 (+/- 10.9)
69.9 (+/- 12.6)
66.7 (+/- 11.4)
62.7 (+/- 6.87)

58.9 (+/- 12.7)
60.8 (+/- 12.5)
58.8 (+/- 13.2)
59.2 (+/- 13.4)
59.2 (+/- 6.0)

Table 1. Performance metrics in the within-subject and
LOSO scenarios, without calibration.

Model Full LOSO Partial LOSO
Accuracy (%) | Accuracy (%)
ATCNet [8] 60.6 (+/- 13.4) | 60.6 (+/- 13.4)

ATCNet embeddings (ours) | 58.9 (+/- 12.7) | 60.7 (+/- 12.8)

Table 2. Impact of calibration on the proposed method in
the partial LOSO paradigm. Left: without calibration (full
LOSO), which is an excerpt of Table E} Right: with calibra-
tion (partial LOSO).

portunities for future work to expand upon this technique are
discussed.

3.1. General results

Table[T|presents the general results, which highlights the com-
petitiveness of the proposed approach when compared to the
original ATCNet classifier. In both scenarios (within-subject
and LOSO), the performance difference between the two
methods is less than 2%. This indicates that both techniques
are nearly equivalent in terms of performance. Addition-
ally, the proposed method surpasses older techniques in the
within-subject scenario and achieves similar performances in
the LOSO scenario. These results demonstrate the potential
of embeddings for EEG analysis.

3.2. Impact of calibration

Table [2] illustrates the impact of integrating subject-specific
embeddings into the NC classifier. This integration simply in-
volves gathering additional data and does not entail any fine-
tuning of the DL model. This is why the original ATCNet
classifier remains unaffected, as fine-tuning would have been
necessary for calibration. Despite the limited improvement
in performance, these results are promising for continuous
learning strategies. Combining this technique with an ini-
tial fine-tuning offers a significant opportunity to address the
non-stationary nature of EEG for cross-session applications.
Further elaboration on this topic is provided in the subsequent
section.

3.3. Open science

To facilitate the replication and future expansion of the pro-
posed method, this study adheres to the principles of open sci-
ence by providing open and free access to the source code and
model The source code leverages the new multi-backend
Keras 3 framework [20]. Moreover, the source code contains
an independent re-implementation of the state-of-the art mod-
els evaluated in this work. The training and evaluation proce-
dures have been optimized using the Python primitives for
multiprocessing, which enables faster evaluation of the mod-
els under the k-fold cross-validation strategy.

3.4. Discussion and future work

This work serves as a proof-of-concept, aiming to demon-
strate the competitiveness of embeddings compared to clas-
sifier methods in EEG analysis. Embeddings offer multiple
benefits in tackling EEG analysis challenges, surpassing some
limitations of the traditional approach. In this section, we pro-
pose several future research areas to further explore and ex-
ploit the potential benefits of embeddings in the context of MI
decoding.

3.4.1. Continuous learning

As discussed in Section[3.2] the NC calibration offers limited
improvements in performance. This indicates that further
fine-tuning of the DL model remains necessary to attain per-
formance levels comparable to those achieved in the within-
subject scenario. However, maintaining consistent model
performance across multiple sessions poses a significant
challenge in EEG analysis. To tackle this issue, a promis-
ing strategy consists in combining an initial subject-specific
fine-tuning of the DL model with a simpler NC calibration
during subsequent sessions. This approach would facilitate
continuous learning and adaptation without requiring exten-
sive model refinement, rendering it more lightweight and
practical. The Large Scale BCI database [21] is an ideal re-
source to evaluate this strategy, offering up to 4 sessions for
the same subject for a given task. Consequently, exploiting
the Large Scale BCI database would enable a comprehensive
assessment of model performance across sessions.

3.4.2. 7Label-free” approach

In BCI, and more broadly in EEG analysis, the ability to de-
tect and adapt to new, unseen labels is crucial. This capability
has diverse applications, including detecting new diseases in
the medical field and dynamically incorporating new actions
into application control. Traditional classifier approaches face

2Source code is available at: https://forge.uclouvain.be/
QuentinLanglois/mlsp-2024-embeddings—-for—-motor—
imagery
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Fig. 3. Example for the label-free property. In this case, the
new data point should be associated with a new cluster corre-
sponding to the tongue MI” class.

limitations in this aspect. Classifiers are constrained to clas-
sify new data based on the initial classes defined during their
training. Incorporating new labels thus requires adapting the
architecture and fine-tuning it [5]. This contrasts with embed-
dings models that are trained to represent EEG signals using
embedding vectors, regardless of their label. Therefore, in-
tegrating new, unseen labels only requires simple calibration
of the NC classifier, as already demonstrated in the context
of sensor-based activity recognition [22]. Figure [3| depicts
the presence of 3 clusters of known labels, along with some
new data to classify located far from each known cluster. The
thresholding technique proposed by Yu et al. [22] allows to
automatically associate these new data points with a new clus-
ter.

3.4.3. Multi-task Federated Learning

In the Federated Learning (FL) paradigm [23], various enti-
ties, such as hospitals, industries, or individuals, train a local
copy of a global model using their own private data. Once the
local training is completed, the updated models are combined
onto a central server, and the aggregated model is distributed
back to the participants. This iterative procedure allows one
to benefit from training the model on a large amount of data,
without any data exchange, which enhances data privacy. One
major limitation in deploying such systems in the context of
EEG analysis is the necessity for all participants to define and
share a fixed set of labels to initialize the shared, global clas-
sification model.

Embeddings represent a strong candidate for addressing
this limitation, thanks to the label-free property discussed in
the Section [3.4.2] Indeed, embeddings enable the definition

of a global model without predefined labels. As a result, each
participant can train local copies of the model on their own
data, regardless of their specific classification task. This ap-
proach would offer increased flexibility and could potentially
foster stronger collaboration among participants in a FL coali-
tion, as they could contribute to the training of a global model
without the need for predefined task-related labels.

4. CONCLUSION

This study introduces deep learning architectures for the au-
tomated analysis of EEG signals using embeddings. It is
demonstrated that embeddings offer an alternative to tradi-
tional classifier approaches on the task of MI decoding. The
experiments conducted on the widely used BCI-IV bench-
mark dataset 2a have demonstrated that embeddings are
competitive compared to the state-of-the art models, in both
within-subject and leave-one-subject out scenarios. To fur-
ther explore the potential of embeddings, a first attempt of
model calibration without fine-tuning has been evaluated,
highlighting the potential for continuous learning strategies.
Finally, further discussions have been proposed to explore
the potential of embeddings in addressing the non-stationary
nature of EEG signals.
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