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ARTICLE INFO ABSTRACT

Keywords: Deep learning has been extensively applied to motor imagery (MI) classification using electroencephalogram
Brain computer interface (EEG). However, most existing deep learning models do not extract features from EEG using dimension-specific
Lower _limb attention mechanisms based on the characteristics of each dimension (e.g., spatial dimension), while effectively
?rztnzrf;::jegrery integrate local and global features. Furthermore, implicit information generated by the models has been ignored,

leading to underutilization of essential information of EEG. Although MI classification has been relatively
thoroughly investigated, the exploration of classification including real movement (RM) and motor observation
(MO) is very limited, especially for separate lower limbs. To address the above problems and limitations, we
proposed a multi-scale separable convolutional Transformer-based filter-spatial-temporal attention model (MSC-
T3AM) to classify multiple lower limb actions. In MSC-T3AM, spatial attention, filter and temporal attention
modules are embedded to allocate appropriate attention to each dimension. Multi-scale separable convolutions
(MSC) are separately applied after the projections of query, key, and value in self-attention module to improve
computational efficiency and classification performance. Furthermore, knowledge distillation (KD) was utilized
to help model learn suitable probability distribution. The comparison results demonstrated that MSC-T3AM with
online KD achieved best performance in classification accuracy, exhibiting an elevation of 2 %-19 % compared to
a few counterpart models. The visualization of features extracted by MSC-T3AM with online KD reiterated the
superiority of the proposed model. The ablation results showed that filter and temporal attention modules
contributed most for performance improvement (improved by 2.8 %), followed by spatial attention module (1.2
%) and MSC module (1 %). Our study also suggested that online KD was better than offline KD and the case
without KD. The code of MSC-T3AM is available at: https://github.com/BICN001/MSC-T3AM.

Knowledge distillation

1. Introduction

Brain-computer interface (BCI) has attracted widespread attention in
various fields, such as medicine, neuroscience, entertainment, and en-
gineering (Shih et al., 2012; Birbaumer, 2006; Nijholt, 2008). Motor
imagery (MI) is one of the most commonly used BCI paradigms (Katona
& Kovari, 2016). During MI, a particular action is imagined without real
movements, which mainly activates the sensorimotor cortex. This brain
region is also activated by real movement (RM) (Lotze & Halsband,
2006). This activation can also be observed during motor observation
(MO) (Kraeutner et al., 2014). It is worth noting that the majority of such
studies focus on the upper-limbs and consider both lower limbs together
(Babiloni et al., 2001), leaving very limited exploration of the separate
lower limbs (Tangermann et al., 2012). In order to recognize MI tasks,
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physiological signals, such as electroencephalogram (EEG) (Liu et al.,
2019), electrocardiogram (ECG) (Pinto et al., 2017), and functional
near-infrared spectroscopy (fNIRS) (Ambi et al., 2020), are commonly
employed. Among them, EEG is a good choice due to its high temporal
resolution, relatively low cost and convenience in use.

Due to the noisy nature of EEG signals, feature extraction is required.
For the EEG feature extraction, traditional methods, such as common
spatial patterns (CSP) (Lotte & Guan, 2011) and filter bank common
spatial patterns (FBCSP) (Ang et al., 2008), have been proposed to
extract spatial features. Meanwhile, the methods for extracting spectral
power features, such as continuous wavelet transform (CWT) (Bostanov,
2017), have been used. In addition, a method, named filter bank com-
mon spatio-spectral patterns (FBCSSP), was proposed to optimize spatial
and spectral filters (Yuksel & Olmez, 2016). The extracted features are

Received 16 September 2024; Received in revised form 22 May 2025; Accepted 24 June 2025

Available online 25 June 2025

0893-6080/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-

nc/4.0/).


https://orcid.org/0000-0001-5078-1712
https://orcid.org/0000-0001-5078-1712
https://github.com/BICN001/MSC-T3AM
mailto:junhua.li@essex.ac.uk
www.sciencedirect.com/science/journal/08936080
https://www.elsevier.com/locate/neunet
https://doi.org/10.1016/j.neunet.2025.107806
https://doi.org/10.1016/j.neunet.2025.107806
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neunet.2025.107806&domain=pdf
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/

H. Yan et al.

classified by a classifier, such as k-nearest neighbor (k-NN) (Md Isa et al.,
2017), random forest (RF) (Steyrl et al., 2014), and support vector
machine (SVM) (Ma et al., 2016) to recognize MI tasks. Similarly,
Ramkumar et al. improved classification accuracy by combining CSP
with a tunable optimized feed-forward neural network (FFNN) classifier
(Ramkumar & Paulraj, 2025). These traditional methods are incapable
of capturing highly abstract and high-level features, and also suffer from
the limitations of manual feature engineering (Liu et al., 2020).

Deep learning solved the above problem and merged feature
extraction and the classifier together to form a single model. The most
commonly used deep learning models for EEG classification are con-
volutional neural networks (CNN) models, such as DeepConvNet
(Schirrmeister et al., 2017) and EEGNet (Lawhern et, al). Moreover,
recurrent neural networks (RNN) models are often utilized for EEG
classification, such as long short-term memory (LSTM) (Tortora et al.,
2020). However, these deep learning models still have limitations. CNN
usually extracts spatial correlations and local structures through local
receptive fields and layer-by-layer convolution, but may not adequately
capture global features when processing EEG signals (Xie et al., 2022).
On the other hand, RNN is capable of processing time-series data for
global features, but has limited ability to establish reliable long-term
dependencies and capture local features (Xia et al., 2018).

A better option might be the attention-based model, which shifts
attention to essential features and allocates a higher weight to critical
information contained in EEG. LMDA-Net was proposed to extract filter-
channel features efficiently through the depth attention module and the
channel attention module (Miao et al., 2023). Another model, called
ATCNet, combines multi-head self-attention with the temporal con-
volutional network to efficiently extract features from EEG signals
(Altaheri et al., 2022). Although these models achieve good perfor-
mance by shifting attention to a particular dimension, the information
conveyed in the other dimensions is ignored. Since every dimension in
EEG signals contains unique information, equal attention to each
dimension may cause loss of such information. Therefore, different
processing operations should be applied to different dimensions (Burle
et al., 2015).

Another approach that has received significant attention is the
Transformer model, which has made breakthroughs in natural language
processing and computer vision. EEG-Transformer successively acquires
the spatial-temporal features through channel-Transformer and time-
Transformer (Song et al., 2021). Furthermore, a Transformer-based
model, called EEG-Conformer, combines the advantages of CNN and
Transformer to extract local and global feature representations (Song
et al., 2022). However, Transformer model lacks the capability to handle
computational complexity and memory consumption when dealing with
sequential data (Yang et al., 2023). In addition, the existing Transformer
model does not adequately extract the information from the other
dimensions.

The deep learning models used for EEG classification utilize explicit
features extracted from EEG, but they do not utilize implicit informa-
tion, such as the probability distribution of the model outputs, which
expresses the correlation between classes (Huang et al., 2022). To utilize
such implicit information, knowledge distillation (KD) has been pro-
posed (Hinton et al., 2015). KD makes a model (called as student model)
to learn knowledge from the other model (called as teacher model) in
training process.

KD is mainly categorized into response-based KD and feature-based
KD due to different emphases on knowledge. Zhang et al. think the
output probability distribution of the teacher model contains relation-
ships between categories as knowledge (Zhang et al., 2020). In another
study, Adriana et al. considered intermediate representations as
knowledge and used them by directly matching the features of teacher
model and student model (Adriana et al., 2015). In this study, we opt for
response-based KD because it has less computational cost during the
training process compared to feature-based KD (Zhao et al., 2022). In
addition, intermediate-level features do not directly correspond to each
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other in our proposed model, which focuses on relatively different in-
formation and has a different architecture compared to the CNN-based
model (Liu et al., 2022). Moreover, due to the non-stationary charac-
teristics of EEG signals, a suitable probability distribution that accepts
implicit information is conducive to performance improvement. Spe-
cifically, KD is generally divided into offline KD and online KD (Gou
et al., 2021). Offline KD transfers knowledge from pre-trained teacher
model to student model during training. Online KD transfers knowledge
while the teacher model and the student model are being trained
simultaneously. We, in this study, used the output probability distribu-
tion of the teacher model as knowledge in the training process, which
provides much more information than the ground-truth label (Hinton
etal., 2015). However, it does not mean that can completely replace the
ground-truth label.

It is beneficial to apply KD to BCI decoding models. Some attempts
have been done. For instance, KD can reduce computational load of a
large-scale model by transferring knowledge from a teacher model in a
sleep stage classification task (Liang et al., 2023). Other researchers
have facilitated multi-step model training by KD in an emotion recog-
nition task (Wang et al., 2021). In addition, Sakhavi et al. used KD to
reduce calibration time and improve classification accuracy (Sakhavi &
Guan, 2017). However, the majority of the existing studies have
employed offline KD. Moreover, the effect of KD on the classification of
movement-related EEG, particularly EEG associated with lower limb
movements, remains largely unknown.

To address these challenges, we proposed multi-scale separable
convolutional Transformer-based filter-spatial-temporal attention
model and introduced KD to utilize explicit and implicit features in the
training. Meanwhile, we reduced the computational cost of the MSC-
Transformer blocks by adopting a multi-scale depth-wise convolution.

In the rest of this paper, we first introduced the details of the model
in Section II. The comparison results were described in Section III, where
we performed ablation experiments and compared the performance of
the models. The feature visualization was presented in Section IV to
explain the feature extraction of the model. Finally, conclusions and
future work were drawn in Section V.

2. Method

In this study, we proposed a multi-scale separable convolutional
Transformer-based attention model incorporating three-dimensional (i.
e., filter, spatial, and temporal) attention module (MSC-T3AM, see Fig. 1
for the model architecture). By integrating 3D-attention and MSC-
Transformer synergistically, our framework effectively captures the
features of EEG signals from diverse dimensions while gaining local and
global features. Additionally, we utilized knowledge distillation to learn
the implicit information between categories, further enhancing the
classification performance.

In the following sections, we detailed each block of the MSC-T3AM
and elaborated on the offline and online KD in the process of training.
As depicted in Fig. 1, the model architecture encompasses three prin-
cipal components: the 3D-attention block, the MSC-Transformer blocks,
and the classifier block. The details are as follows:

2.1. 3D-attention block of MSC-T3AM

2.1.1. Spatial attention module

Let X1CT) represent the preprocessed EEG data sample, and let
W10 stand for an adaptive tensor. In this context, F, C, and T denote
the number of filters, the number of EEG channels, and the number of
EEG time points of a sample, respectively. The channel weighted tensor
XFCT) is calculated by the product of X-¢T) and W(F1.C), After obtaining
XWFCT) aspatial convolution is applied to the channel weighted tensor to
extract features along the spatial dimension. The resulting output is fed
into the filter and temporal attention modules, which dynamically
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Fig. 1. The architecture of MSC-T3AM. MSC-T3AM comprises of 3D-attention block, MSC-Transformer block, and classifier block. 3D-attention block is designed to

extract local features along the three dimensions (i.e., filter, spatial, and temporal). MSC-Transformer block is designed to get global feature.

regulate the weights of information across both the filter and temporal
dimensions.

2.1.2. Filter attention module

In the filter attention module, global average pooling is applied to
the filter dimension, yielding filter tensor denoted as X:1'1), which
represents the global information within each filter. Subsequently, filter
weights are computed across the filters based on the filter tensor through

a multi-layer perceptron (MLP). The hidden activation size is set to
XE/r11)  wherein the reduction ratio r affects the consumption of
attention structure, we set r to 2.

2.1.3. Temporal attention module

As shown in the right part of the 3D-attention block in Fig. 1, the
temporal weights are obtained through three layers of convolution. That
is, the input tensor X(F:1.7) is first projected into the lower-dimensional
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space by a point convolution layer (the output from this process is
indicated by X(/~1T)), This is followed by a temporal convolution with a
kernel of (1 x 25), which is applied to extract the local temporal in-
formation. After that, one more point convolution is used to further
reduce its dimensionality to obtain the temporal weight X(1.1.7).

The temporal weight obtained from the temporal attention module
and the filter weight obtained from the filter attention module are
expanded to match the size of the input X*1T), and then are aggregated
by adding them up. A sigmoid function is then applied to generate the
combined filter and temporal attention. This combined filter and tem-
poral attention are multiplied by the input X*17) and then added to
itself. We designed such 3D-attention block to enable the model to shift
the attention to dominant features while retaining the original input.

2.2. MSC-Transformer blocks of MSC-T3AM

We utilized three MSC-Transformer blocks to obtain global features.
In this block, to reduce the computation of self-attention module and
improve the classification performance, multi-scale separable convolu-
tion (MSC) which is employed to test the responses of long and short
temporal sequences by setting different convolution kernel scales, while
following the projections of query Q, key K, and value V, respectively. Q,
K, and V are then entered into the Scaled-Dot-Product-Attention shown
in Fig. 2, which is followed by a feed-forward layer.

2.3. Classifier block of MSC-T3AM

The output of MSC-Transformer blocks is input into the classification
block, which consists of a fully-connected layer and softmax layer for
label prediction. The prediction of MSC-T3AM is obtained from the fully
connected layer, which represents the final output of the classification
block.

2.4. Model training with knowledge distillation

We chose EEGNet as the teacher model for knowledge distillation
(KD) during the training as shown in Fig. 3. This is because (1) EEGNet
can be quickly fitted to help the student model generate suitable prob-
ability distribution, which is especially important for the online KD; (2)
EEGNet has relatively better performance in the EEG classification so
that the false positive rate could be lower to minimize the misleading

Scaled Dot-Product Attention \
r T r |

L L |

Scaling

Softmax

Dot-Product |

\_ ! J

Fig. 2. Scaled dot-product attention for calculating Q, K, and V of each head in
the multi-head attention.
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issue (Lawhern et, al); and (3) MSC-T3AM is a Transformer-based model
that has advantages in global feature learning, but it does not have the
property of spatial invariance that a convolutional architecture would
have. Therefore, we intend to incorporate the benefits from both of them
by using EEGNet as the teacher model in the model training with KD.

The loss of the teacher model was calculated by the difference be-
tween the teacher model’s prediction and the ground-truth label in the
case of online KD. However, the teacher model’s loss has nothing to do
with the backpropagation during the student model training in the case
of offline KD. During the student model training (both offline and online
KDs), the loss consists of two parts: the loss calculated by the difference
between the student model’s prediction and the ground-truth label and
the loss calculated by the difference between the student model’s pre-
diction and the teacher model’s prediction. Specifically, the former loss
ensures that the student model is supervised by the ground-truth label,
while the latter loss enforces the student model to utilize implicit in-
formation of the probability distribution of the teacher model’s
prediction.

2.5. Loss of knowledge distillation

In this study, we used cross-entropy (CE) loss and Kullback-Leibler
(KL) divergence loss to optimize the student model in training. KL
divergence loss is a standard response-based KD loss that minimizes the
divergence between the probability distributions of the student model
and the teacher model. The main distinction between CE loss and KL
divergence loss is that CE loss focuses only on the difference in target
category, while KL divergence loss emphasizes the difference across all
categories.

The loss of the student model in KD (offline and online) comprises CE
loss and KL divergence loss (See Eq. (1)). The coefficient « is set to adjust
the ratio of CE loss (Zcg, see Eq. (2)) to KL divergence loss (/. see Eq.
(3)). For the teacher model, .Z¢¢ is adopted in online KD. However, the
loss is not included in offline KD because the teacher model is trained in
advance before the training of the student model.

L =aLag+(1-a)Zk (@]

Zex(py) = Zyllog(p xi)) @)
T

Zu(P'p') Zp xi/ T)log <p EX§T§> 3

We denote x, y, n.f*, f*, p*, p’, and T as the sample, the ground-truth
label, the number of samples, the teacher model, the student model, the
softened probability vector of the teacher model, the softened proba-
bility vector of the student model, and a hyperparameter that adjusts the
effect of distillation, respectively.

To prevent Yk return negative numbers, we follow the official
documentation of PyTorch to take logarithms of p*, which does not affect
the loss when comparing p* (See Eq. (4)) and p* (See Eq. (5)).

o eBF)T) \
PO T) = St ) T @
/T — log[ —EPE /) ) 5
P/ °g<z;‘&exp<fs<x,->/r> ®

T as a hyperparameter affects the smoothing of probability distri-
butions to make the probability distributions of the teacher model and
student model closer in form, which causes the performance of learning
implicit information. Referring to the existing literature, we have chosen
T = 1.5 for the results of this paper (Hurlé et al., 2021). Moreover, we
present Algorithm 1 to thoroughly illustrate the details of the training
procedure for offline KD and online KD due to the differences between
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(b) Online Knowledge Distillation
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Fig. 3. Illustration of (a) offline and (b) online knowledge distillation (KD). The teacher model of KD participates in the student model’s training, which differs
between the training without KD and with KD. The left diagram shows offline KD, in which the teacher model is pre-trained and then provides guidance information
for the training of the student model. The right diagram shows online KD, in which the teacher model is trained while providing guidance information for the training

of the student model.

Algorithm 1
Model training.

n

Require: Sample pair {x;,y;} ,; Max number of epochs e = 200; The teacher model f* and the student model f*; Hyperparameter T'.

=1’
For epoch € e do
Softened probability vector p* and p* was calculated by using Eq. (4)
and Eq. (5);
If online KD is True then
The ¢ of teacher model was calculated by using Eq. (2);
The Z¢g and Z%;, of student model was calculated by using Eq. (2) and Eq. (3).
Else
The ¢z and £k of student model was calculated by using Eq. (2) and Eq. (3).
End If
The final loss of student model was calculated by using Eq. (1);
If online KD is True then
Update f* towards minimizing .#’c of teacher model;
Update f* towards minimizing final loss of student model.
Else
Update f* towards minimizing final loss of student model.
End If
End For

offline KD and online KD.
3. Dataset and results
3.1. Dataset and experiment details

The dataset used in this study contains 28 subjects, who performed
six actions using their lower limbs, which are MI of left lower limb (MI-
L), MI of right lower limb (MI-R), RM of left lower limb (RM-L), RM of
right lower limb (RM-R), MO of left lower limb (MO-L), and MO of right
lower limb (MO-R). There are 72 trials (i.e., 72 samples) for each motor
action (a total of 72 x 6 = 432 samples). 62 channels of EEG signals and
two pairs of electrooculogram (EOG) signals were recorded and down-
sampled to 250 Hz. Further information about the dataset can be found
in Wang et al. (2022). The experiment protocol for this dataset recording
was reviewed and approved by the Institutional Review Board of the
National University of Singapore, and the Humanities, Science and
Health, or Social Science Ethics Sub-Committee at the University of
Essex. The consent form was signed by each subject before the
experiment.

Our proposed model is implemented using the PyTorch library in
Python 3.10, utilizing a NVIDIA GeForce GTX 1050 Ti. We trained all
models using Adam optimizer with the learning rate of 0.01 in five-fold
cross-validation scheme. Additionally, we set the batch size and epoch to
16 and 200, respectively. Meanwhile, we applied bandpass filter to
narrow down the frequency band to be 8 Hz - 30 Hz and then normalized
the data.

3.2. Results of model comparison

We compared the proposed MSC-T3AM with a few representative
methods. One of them is EEG Conformer, which achieved good perfor-
mance in EEG classification and is related to CNN and Transformer.
Because ATCNet and LMDA-Net performed well through attention, we
included them in the comparison. We also included FBCSP-SVM as a
classic traditional approach for MI classification. Moreover, we included
DeepConvNet and EEGNet, which exhibited remarkable results on many
EEG datasets. Meanwhile, to show the effect of KD in the classification,
we added our proposed model MSC-T3AM with KD (i.e., offline KD and
online KD) to compare MSC-T3AM without KD.



H. Yan et al.

The comparison results are shown in Fig. 4. All results were obtained
by averaging across all subjects. The detailed classification accuracies
for each subject are listed in Table 1, and the comparison results of the
other evaluation metrics (averaged across all subjects) are shown in
Table 2. From Fig. 4 and Table 2, we can see that MSC-T3AM with online
KD is better than all the compared methods. According to the statistical
results (using t-test), the better classification performance achieved by
the proposed MSC-T3AM with online KD is statistically significant (all p
< 0.01).

When we look into each category of the proposed model’s classifi-
cation, the average classification accuracy of MI is less than that of RM
and MO (See the confusion matrix in Fig. 5). MI is relatively more likely
to be misclassified as RM or MO while RM and MO are less misclassified
as each other, which leads to a lower classification accuracy in ML

3.3. Ablation study

To demonstrate the role of the key modules in MSC-T3AM, we con-
ducted an ablation study. The results are shown in Table 3. A check mark
indicates the inclusion of that spatial attention module, filter and tem-
poral attention modules, or MSC module.

From Table 3, we can see that filter and temporal attention modules
have the most significant impact on MSC-T3AM performance (2.8 %
decrease in accuracy after removal), followed by MSC module (1.2 %
decrease in accuracy after removal), and the spatial attention module (1
% decrease in accuracy after removal).

In the MSC module, the number of kernel and the size of the kernel
can be adapted. We tested different numbers of kernels with different
sizes. We adopted the kernel size (1 x 25), which was used in the
temporal attention module, as the base kernel size. When more than one
kernel was used, the kernel sizes were the multiple of this base kernel
size, such as (1 x 50). The results are shown in Table 4. We found that
the best performance was achieved when two kernels with the kernel
sizes of (1 x 25) and (1 x 75) were used.

To assess the impact of the MSC-Transformer block and different
training procedures, we explored the distances between category centers
to investigate their effects. We did not use scatterplot because infor-
mation could be lost when mapping a high-dimensional data into the
low-dimensional scatterplot (Sips et al., 2009).

After obtaining the total samples comprising all subjects, we took the
samples of each categoryand then averaged them to determine the
centers of each category. Subsequently, we calculated the Euclidean
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distance between category centers to measure the distance between the
categories.

As depicted in Fig. 6, we can see that the distances between the
category centers are nearer in the case without MSC-Transformer block
(lighter blue) compared to the case with MSC-Transformer block (darker
blue). It means that all category centers are more separated when MSC-
Transformer block is adopted in MSC-T3AM. Specifically, the category
centers of RM (RM-L and RM-R) are dramatically distant from the
respective category centers of MI and MO in the case with MSC-
Transformer block.

We introduce implicit information from CNN-based model through
KD. The results, as shown in Fig. 7, reveal that both offline and online KD
improve model performance. Moreover, since online KD can dynami-
cally update both the teacher model and the implicit information from
teacher model in real-time according to the task—aligning more closely
with the practical applications of EEG signals, online KD outperforms
offline KD in enhancing model performance.

In the offline KD, the teacher model has been trained before starting
the training of the student model. Therefore, the teacher model is su-
perior to the student model at the initial stage. The guidance from the
teacher model can aid the training of the student model. In contrast, the
teacher model and student model are simultaneously trained in the
online KD. This ensures that the teacher model is progressively updated
during training and helps the student model acquire probability distri-
bution from the most recently updated teacher model. The advantage of
the online KD is the dynamic training, in which the models can be
adapted quickly to meet task requirements.

KD further increases the distance between category centers (see
Fig. 8). In particular, the category centers of RM are far away from the
category centers of MI and MO in the case with KD. Moreover, the dis-
tance between the category centers of MI-L and RM is farther than that of
MI-R and RM in the case with offline KD. Additionally, the distances
between the category centers of RM-L and MO-L are farther than that
between RM-L and MO-R. These results indicate differences between the
left and the right lower limb within the same motor category (e.g., MI),
which reflects the feature representation is separable not only among
motor categories but also between the left lower limb and the right
lower limb.

4. Visualization
Event-Related

Desynchronization (ERD)/Event-Related

TTTT

k%

20
L
10
0 MSC-
EEG LMDA — FBCSP Decp ATCNet  EEGNet  T3AM with
Conformer Net SVM ConvNet Outine KD

Fig. 4. Classification accuracies of the proposed model and the compared models. The box boundaries represent the first and third quartiles, with the central
horizontal line denoting the median. Whiskers indicate the minimum and maximum values excluding any outliers. Asterisks denote the statistical significance levels

(** p < 0.01 and *** p < 0.001).
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Table 1

The results of model comparison in terms of accuracy.
Method EEG LMDA- FBCSP- Deep ATCNet EEGNet MSC- MSC- MSC-
Subject Conformer Net SVM ConvNet T3AM T3AM with T3AM with

Offline KD Online KD

S1 36.98 % 51.62 % 54.87 % 58.81 % 54.39 % 60.18 % 54.16 % 54.18 % 57.89 %
S2 22.24 % 37.96 % 49.98 % 35.42 % 40.52 % 44.90 % 44.90 % 47.70 % 44.92 %
S3 42.81 % 34.92 % 38.63 % 38.66 % 41.67 % 44.20 % 42.82 % 42.12 % 41.18 %
S4 45.07 % 55.09 % 46.29 % 59.48 % 55.79 % 56.02 % 58.78 % 58.31 % 60.16 %
S5 16.66 % 32.66 % 43.74 % 32.88 % 33.78 % 35.89 % 40.96 % 40.76 % 40.28 %
S6 16.19 % 39.55 % 36.80 % 41.20 % 40.26 % 41.19 % 45.58 % 45.80 % 47.65 %
S7 37.70 % 4212 % 33.34 % 41.67 % 40.73 % 41.43 % 44.20 % 44.21 % 43.73 %
S8 24.70 % 43.06 % 41.89 % 44.42 % 39.34 % 46.53 % 43.06 % 41.20 % 44.43 %
S9 27.70 % 40.48 % 35.42 % 42.10 % 42.59 % 44.41 % 47.44 % 47.89 % 48.84 %
S10 29.13 % 46.06 % 46.77 % 42.57 % 46.07 % 47.23 % 47.92 % 51.38 % 51.37 %
S11 36.78 % 43.28 % 45.62 % 43.52 % 46.76 % 44.89 % 46.08 % 46.07 % 46.29 %
S12 34.69 % 38.43 % 50.22 % 48.83 % 43.05 % 42.58 % 44.89 % 44.43 % 49.28 %
S13 17.35 % 35.41 % 22.44 % 29.40 % 34.48 % 35.43 % 42.12 % 42.59 % 42.12 %
S14 47.22 % 52.54 % 46.51 % 46.30 % 54.17 % 56.01 % 56.71 % 55.33 % 55.07 %
S15 37.18 % 49.75 % 47.45 % 49.29 % 48.38 % 54.84 % 53.22 % 52.30 % 51.61 %
S16 30.28 % 48.16 % 48.61 % 58.82 % 59.97 % 60.19 % 60.20 % 64.82 % 66.68 %
S17 30.51 % 41.21 % 37.50 % 35.16 % 39.11 % 49.54 % 44.91 % 44.68 % 42.36 %
S18 16.43 % 34.25% 24.55% 28.24 % 30.80 % 36.12 % 41.43 % 41.19 % 42.58 %
S19 15.96 % 39.36 % 27.31 % 25.92 % 40.54 % 36.33 % 28.48 % 29.40 % 31.25%
S20 26.38 % 46.29 % 48.65 % 48.85 % 45.37 % 46.76 % 46.31 % 44.68 % 47.23 %
S21 17.34 % 33.09 % 39.14 % 33.33% 33.09 % 37.72% 39.82 % 40.98 % 39.58 %
S22 47.92 % 46.53 % 51.16 % 49.31 % 44.89 % 51.14 % 53.46 % 53.23 % 52.99 %
S23 31.23 % 35.43 % 47.22 % 35.65 % 38.43 % 38.42 % 43.29 % 45.15 % 47.69 %
S24 16.66 % 35.86 % 39.35% 42.34 % 40.50 % 41.42 % 46.74 % 48.83 % 47.21 %
S25 43.71 % 50.45 % 59.74 % 61.82 % 55.32 % 59.04 % 60.88 % 63.87 % 63.67 %
S26 22.40 % 42.11 % 43.04 % 55.54 % 50.01 % 46.76 % 47.46 % 48.85 % 49.52 %
S27 43.76 % 46.52 % 47.70 % 51.36 % 44.67 % 48.84 % 53.92 % 50.93 % 51.84 %
S28 16.43 % 43.27 % 42.59 % 35.17 % 42.11 % 46.31 % 48.61 % 47.20 % 48.14 %
Mean 29.70 % 42.34 % 42.73 % 43.43 % 43.81 % 46.23 % 47.44 % 47.79 % 48.41 %
STD 10.90 % 6.28 % 8.67 % 9.92 % 7.30 % 7.81 % 7.03 % 7.37 % 7.58 %

Table 2

The results of model comparison in terms of precision, recall, F1 score, specificity, and kappa.
Method EEG LMDA- FBCSP- Deep ATCNet EEGNet MSC- MSC- MSC-
Metrics Conformer Net SVM ConvNet T3AM T3AM with T3AM with

Offline KD Online KD

Precision 32.42 % 42.17 % 42.59 % 43.31 % 43.58 % 45.93 % 47.12 % 47.46 % 48.09 %
Recall 29.72 % 42.34 % 42.64 % 43.44 % 43.81 % 46.23 % 47.44 % 47.79 % 48.42 %
Specificity 85.94 % 88.46 % 88.53 % 88.69 % 88.76 % 89.25 % 89.48 % 89.55 % 89.68 %
F1 Score 0.3101 0.4225 0.4261 0.4337 0.4369 0.4608 0.4728 0.4762 0.4825
Kappa 0.1566 0.3081 0.3117 0.3212 0.3258 0.3547 0.3693 0.3735 0.3810

Table 3
ﬁ The effect of each module of MSC-T3AM on classification performance.
= 0.5 Mean + STD Spatial Filter and MSC
o~ Attention Temporal
= Attention
=
0.4 39.44 +9.36 %
= 43.45 £ 9.50 % v
5 > 44.13 £ 8.93 % v
5~ 03 41.38 + 9.29 % v
2 : 46.41 £+ 6.57 % v v
= = 44.62 + 6.97 % v v
I~ 46.29 + 7.02 % v v
0.2 47.44 £ 7.03 % v v/ v/
P
o
=
o 0.1 Table 4
o) 0.05 The effect of different kernel settings of the MSC module on classification
= performance.
MI-L MI-R RM-L RM-R MO-L MO-R One Kernel Two Kernels Three Kernels
Predicted Label Kernel Size @, 25) @, 25) @, 25)
Fig. 5. Confusion matrix of the MSC-T3AM with online KD. The numbers are .75 8’ 3(5);
the accuracies averaged across all subjects. Mean + STD 45.31 + 6.94 % 47.44 £7.03 % 46.39 £ 7.81 %
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MI-L MI-R RM-L RM-R MO-L MO-R
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Without MSC-Transformer Block

—0
With MSC-Transformer Block

Fig. 6. The distances between classes in the cases without MSC-Transformer block and with MSC-Transformer block. A lighter color indicates the closer distance
between the classes while a darker color indicates the more separate between the classes.

50
S
by
£
3
<
40 MSC MSC.
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Fig. 7. Classification accuracies of the cases without KD, with offline KD, and
with online KD.

Synchronization (ERS) can be interpreted as activation/deactivation of
brain regions to identify the regions associated with motor tasks
(Pfurtscheller, 2001). If a machine learning model can focus on the
relevant brain regions to extract features, it should be good for the
classification.

To identify the relevant brain regions associated with six motor ac-
tions (i.e., motor imagery for separate left or right lower limb, real
movement for separate left or right lower limb, and movement obser-
vation for separate left or right lower limb), we followed the EEG
mapping approach proposed by Z. Miao et al. (Miao et al., 2023) to draw
brain topographies. We illustrated the relevant brain regions using the
case of MSC-T3AM with online KD because its classification

MI-L. MI-R  RM-L RM-R MO-L MO-R MI-L

MI-R RM-L. RM-R MO-L MO-R MI-L

performance is better than that of MSC-T3AM without KD and with
offline KD.

We used all samples that were correctly classified by MSC-T3AM
with online KD at the confidence level of 95 % (Subject 16 and Sub-
ject 24 were used for example subjects in the illustration) as a sample
pool. After compiling these samples, we sorted them separately for each
of the six motor actions, and only the top 20 % samples with the highest
confidence level were retained. Then, top 10 maximum values in the
temporal dimension for each top sample were averaged and then drawn
brain topographies as shown in Fig. 9.

Fig. 9 shows that the relevant brain regions are positioned around the
midline and these regions are not identical for different motor categories
(i.e., MI, RM, and MO). Specifically, the brain regions associated with
RM tend towards the frontal area compared to that of MI. On the other
hand, the brain regions associated with MO tend towards the occipital
area compared to that of MI. These results are consistent with the
findings in Batula et al. (2017); Taube et al. (2015). These observations
also help explain why RM and MO are less misclassified from each other
(see the confusion matrix in Fig. 5) and why the category centers of RM
and MO are furthest away from each other (see Figs. 6 and 8).

We explored the features extracted by the spatial attention module of
MSC-T3AM with online KD. These features extracted were then aver-
aged across all samples of a subject and subsequently visualized to
demonstrate the spatial distribution (See the right column of Fig. 10).
Furthermore, we also visualized the pre-processed EEG data, which was
averaged across all samples of a subject, in the left column of Fig. 10. We
observed was that the spatial attention module of MSC-T3AM with on-
line KD effectively focuses attention on the central regions of the brain,

MI-R RM-L RM-R MO-L MO-R

MO-R MO-L RM-R RM-L MI-R  MI-L

Without Knowledge Distillation

With Offline Knowledge Distillation

.

— 0
With Online Knowledge Distillation

Fig. 8. The distances between classes in the cases without KD, with offline KD, and online KD from the left subplot to the right subplot, respectively.
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Fig. 9. Comparison of the spatial distributions among different motor actions for (a) subject 16 and (b) subject 24. The relevant brain regions for MI, RM, and MO are

not identical.

Extracted Features by
MSC-T3AM with Online KD

Pre-Processed
@ EEG Data

Subject 16 l

Extracted Features by

(b) Pre-Processed
MSC-T3AM with Online KD

EEG Data

Subject 24 ‘

Fig. 10. Topographies of the pre-processed EEG data and the features extracted
by the spatial attention module of the proposed MSC-T3AM with online KD for
(a) subject 16 and (b) subject 24. The focus of the spatial attention module
covers the brain region associated with motor actions of the lower limbs.

which are the relevant brain regions for lower limb motor actions. It
reflects the capability of MSC-T3AM with online KD for extracting the
most important spatial features.

5. Conclusion and future work

We proposed a multi-scale separable convolutional Transformer-
based 3D-attention model with knowledge distillation for classifying
six motor actions of the separate lower limbs (including motor imagery
for separate left or right lower limb, real movement for separate left or
right lower limb, and movement observation for separate left or right
lower limb). The proposed model was compared to the state-of-the-art
methods. The comparison results demonstrated that our proposed
model with online knowledge distillation achieved the best performance
in terms of classification accuracy, exhibiting an elevation of 2 %—19 %.
We further investigated the role of each crucial module of our proposed
model by an ablation study. Moreover, we are also assessing the impact
of the MSC-Transformer block and knowledge distillation by measuring
the distances for category centers. These results demonstrated that those
modules and methods played a positive role in the improvement of the

classification performance. In brief, we used a 3D-attention block to
extract features from the filter, spatial, and temporal dimensions, which
makes the full utilization of the information contained in EEG signals.
We developed the MSC-Transformer block to capture the global features.
In addition, multi-scale separable convolutions are used to reduce the
complexity of self-attention computation while facilitating the classifi-
cation. In this study, we investigated the relevant brain regions in
different lower limb motor categories through topographies for different
motor actions. The observations are consistent with the findings of the
other studies. In order to reveal whether the proposed model captures
the spatial information well, we visualized features extracted by the
spatial attention module of the proposed model. The topographies show
that the attention weights assigned to the brain region close to the
midline are higher, which matches the neuroscience findings that the
motor cortex controlling the lower limbs is close to the midline of the
brain.

In this study, we proposed an effective model for multiple motor
actions classification. We also demonstrated the advantages of the pro-
posed model. This study can provide informative results for future
studies in EEG classification and has the potential to inform the devel-
opment of rehabilitation training for the human motor system. In future
work, we plan to validate and address two limitations: (1) the proba-
bility of the target category of the teacher model may interfere with the
training of the student model, and (2) the challenge posed by the fixed
temperature parameter for learning flexibility. The former limitation
may affect KD performance. Meanwhile, the latter limitation becomes
particularly evident when the probability distributions of the teacher
model and the student model diverge significantly, which requires a
higher-than-usual temperature.
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