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Abstract—Over the past ten years, convolution neural network
(CNN) and self-attention based models (e.g., transformer) have
shown extremely competitive performance in the classification
of motor imagery (MI) tasks based on electroencephalogram
(EEG) signals. CNN exploits local features effectively, while
self-attention based models are good at capturing long-distance
feature dependencies. In this paper, we propose a hybrid net-
work structure, termed TransEEG, that takes advantage of
convolutional operations and self-attention mechanisms to model
both local and global dependencies for EEG signal processing.
Specifically, EEG channel relationships are exploited to build
a graph embedding that further improves signal classification
accuracy. We evaluated the performance of TransEEG on two
datasets performed MI movements. Experiments have shown
that the TransEEG significantly outperformed the previous MI
classification methods and achieved state-of-the-art accuracy in
subject-specifical scenario.

Index Terms—convolutional neural network (CNN), electroen-
cephalogram (EEG), graph embedding, self-attention, trans-
former

I. INTRODUCTION

MOTOR imagery (MI) is the basis for a brain-computer
interface (BCI) system, which is used to assist the

disabled in motor rehabilitation. The electroencephalogram
(EEG) signals captured from the human scalp, which re-
flects the human cerebral cortex, are one of the most active
physiological cues for the establishment of the BCI system.
Researchers have extensively explored EEG-based BCI due
to its portable, zero clinical risk, and cost-effective acquisition
capabilities, and BCI has been applied in human rehabilitation,
medical diagnosis, military training, entertainment, and other
occasions [1]–[7].

The BCI devices provide a large amount of data by collect-
ing EEG signals from the subjects. Deep learning is known
to perform well when dealing with big data. Up to now, deep
neural networks represented by convolutional neural networks
(CNNs) have been successfully applied in the field of EEG
signal processing. EEGNet [8] can accurately classify data in
four different BCI paradigms, and the network has achieved

excellent results. Tabar et al. proposed a deep network, which
combines a CNN and a stacked autoencoder (SAE), to classify
the information extracted from EEG signals with fast Fourier
transformation [9]. Gao et al. combined complex networks
and deep learning to propose a novel Graph-Temporal fused
dual-input CNN method to detect sleep stages by using the
Sleep-EEG dataset [10]. However, despite the enthusiasm of
researchers in this field, most deep learning models use all
available electrode nodes, which can lead to redundant features
and affect classification results [11], [12]. As different nodes
contribute to the classification differently, it is important to
investigate the correlation between nodes to improve classifi-
cation performance. Additionally, the EEG data are globally
dependent, but the current study cannot handle long-distance
relationships.

The transformer, which is based on self-attention mech-
anisms, was first proposed in the field of natural language
processing and has become the most advanced approach in
various fields including BCI [13]–[15]. Considering that the
Transformer can effectively tap the long-distance relationship
between different sequences, the Transformer has great po-
tential for processing EEG signals with time-varying, long-
distance dependence between different electrode channels.

In this paper, we propose a hybrid network structure, termed
TransEEG, that takes advantage of convolutional operations
and self-attention mechanisms to model both local and long-
distance dependencies for MI classification. Moreover, the pro-
posed model uses a graph embedding to represent EEG multi-
channel locations, which achieves more accurate performance
and more robust results by dynamically extracting features
from EEG signals.

II. METHODS

The proposed TransEEG framework consists of a CNN en-
coder and three transformer blocks with graph embedding, as
shown in Fig. 1(a). The details are described in the following
subsections.
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Fig. 1. (a) Diagram of the TransEEG. Graph embedding was constructed using electrodes as nodes in graph theory. (b) The architecture of a transformer
block. (c) The architecture of the CNN encoder. MHSA: multi-head self-attention, MLP: muti-layer perceptron, LN: layer normalization.

A. CNN Encoder
The CNN encoder contains two convolutional blocks, as

shown in Fig. 1(c). Each convolutional block contains a 2D
convolutional layer with weight matrix WCNN, followed by
a batch normalization (BN), an exponential linear unit (ELU)
activation, a max pooling, and a dropout. The kernel size of
the convolution is 1×8, the stride is 1, the max pooling kernel
size is 1×2, and the stride is 2. The effect of max pooling is to
increase the perceptual field and to reduce the dimensionality
of data, reducing unnecessary features in the data and speeding
up the computation of the transformer. Finally, a dropout is
added to the block to avoid over-fitting, and the rate is set to
0.5.

B. Transformer Blocks
Due to the intrinsic locality of convolution operations,

the CNN-encoder cannot effectively capture the remote de-
pendence of the EEG signals. To this end, a transformer
with graph embedding is proposed for efficient long-range
contextual modeling. The network has 3 transformer blocks,
each of which consists of a multi-head self-attention (MHSA)
[13] and a subsequent feed-forward muti-layer perceptron
(MLP), as shown in Fig. 1(b). The MLP consists of two fully
connected layers with weights WMLP. Both MHSA and MLP
include a residual connection and layer normalization (LN).
More specifically, the input of the transformer part is obtained
by embedding the relative position relations of the channels
into the output of the CNN encoder.

The MHSA allows the model to jointly infer attention from
different representation subspaces. The results from multiple
heads are concatenated and then transformed with an MLP. In
this study, we use 8 heads, and the dimension of multi-head

is not presented for simplicity in the following formulation
or the figure. Consider an input feature map X ∈ RC×H×W ,
where H and W are the spatial height, width and C is the
number of channels. Three learnable projection matrices, i.e.,
Wquery, Wkey and Wvalue, are used to project X to query, key,
and value embeddings:

Q = WqueryX,K = WkeyX,V = WvalueX, (1)

Q,K,V ∈ RD×H×W , where D is the dimension of embed-
ding in each head. The output of the self-attention is a scaled
dot-product:

Attention(Q,K,V) = softmax

(
QKT
√
D

)
V. (2)

The term softmax
(

QKT
√
D

)
is known as the context aggre-

gating matrix or similarity matrix, which is used as the weights
to gather context information from the values. Therefore, self-
attention intrinsically has the global receptive field and is
good at capturing long-distance dependence. The output of
the MHSA is passed to a feed-forward MLP network. The
computations in a transformer block can be expressed as:

XMHSA = Xin +MHSA
(
LN(Xin)

)
,

Xout = XMHSA +MLP
(
LN(XMHSA)

)
.

(3)

Like in vanilla transformers [13], a special classification to-
ken is added in front of the feature sequence. After outputting
the sequence through the transformer blocks, we use the final
state of the features associated with this classification token
as the final representation of the EEG features and apply it to
the given classification task head.



C. Graph Embedding

In order for the model to make use of the order of the
sequence, some information about the relative or absolute po-
sition of the tokens in the sequence must be injected. The EEG
features are input to the transformer blocks according to the
EEG channel dimension, and the channels are interdependent
with each other. Therefore, a graph embedding is proposed
to describe the location relationships between EEG channels.
Assume the EEG signal has N channels, an adjacency matrix
A ∈ RN×N is used to represent the connections between
channels. For an undirected graph, if there is a connection
between channel i and channel j, then Aij = 1, otherwise
Aij = 0. Since the relationships between the channels are
unknown, the initial state is set so that each channel is
connected to all the other channels with a weight of 1. To
avoid the gradient disappearing/exploding problem [16], the
adjacency matrix is normalized as:

Anorm = D− 1
2 (A+ I)D− 1

2 , (4)

where I is the identity matrix and D is the diagonal channel
degree matrix with its entries Dii =

∑
j (A+ I)ij . To

adaptively learn the weights on edges, we add a learnable
adaptive matrix Wembed to adjust the normalized adjacency
matrix dynamically and obtain the graph embedded features
as:

Xembed = WembedAnormXCNN, (5)

where XCNN is the output of the CNN encoder.

D. Implementation Details

For the MI classification task, cross-entropy is used as the
loss function. We use the adaptive moment estimation (Adam)
optimizer to solve the problem with a learning rate of 10−3

and betas of 0.5 and 0.999. The TransEEG is implemented
using Pytorch version 1.4 and GeForce GTX Titan Xp GPU
(Nvidia).

III. EXPERIMENTS AND RESULTS

A. Datasets and Comparison Criteria

There were two datasets to verify the validity of the
TransEEG, the first dataset including 25 subjects was created
by authors (terms private dataset). Cues were displayed for
a period of 7 s during which the subject was instructed to
perform the cued motor imagery task. EEG data were recorded
at a sampling frequency of 1000 Hz by the Neuroscan system,
which consisted of 64 Ag/AgCI electrodes arranged in a 10/20
system. Two of the 64 electrodes were used to detect all
eye movements and the other two were defined as reference
electrodes. Raw EEG data within 0.5-4.5 s would be retained
and preprocessed with the EEGlab toolbox [17]. Then, the
EEG signals were downsampled to 128 Hz and bandpass
filtered at 0.5-50 Hz. Independent component analysis was
used to identify components closely related to electroocu-
logram (EOG), and these components were removed. The
preprocessed EEG data contained 60 channels. Each subject
participated in 160 trials involving imagined movement of the

TABLE I
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION (STD) RESULTS

FOR CNN-SAE, CRAM, EEGNET, ACS-SE-CNN AND TRANSEEG ON
PRIVATE DATASET.

Subject Accuracy % (mean ± std)

CNN-SAE CRAM () EEGNet ACS-SE-CNN TransEEG

No.1 78.8±4.8 76.3±6.2 85.6±4.0 87.2±5.3 92.5±4.2
No.2 79.7±5.3 91.9±4.4 98.8±1.8 96.3±3.5 98.4±2.7
No.3 73.8±7.7 86.7±5.5 95.3±2.1 92.5±5.3 94.1±3.5
No.4 90.6±8.2 82.4±5.6 96.5±5.0 81.1±11.3 82.7±5.6
No.5 73.0±5.9 85.4±9.1 93.7±4.2 94.3±3.9 96.6±2.6
No.6 71.3±4.6 72.4±2.5 73.2±6.4 74.7±4.1 74.3±7.6
No.7 71.5±5.3 78.3±5.6 71.8±5.2 73.1±7.5 74.6±6.1
No.8 74.2±5.7 86.5±5.3 90.5±4.2 93.4±3.5 98.1±2.5
No.9 73.1±4.7 73.2±6.1 76.6±4.3 68.6±6.5 74.0±8.7
No.10 73.2±3.2 79.2±6.1 92.2±3.8 100.0±0.0 98.4±2.7
No.11 73.4±6.6 73.4±3.9 87.9±5.8 96.1±2.5 97.2±2.5
No.12 75.8±5.4 89.7±7.3 90.5±7.9 96.5±5.9 99.0±2.0
No.13 76.2±4.1 74.2±5.2 81.7±5.2 90.0±6.8 96.7±4.9
No.14 66.6±6.1 75.9±6.9 69.1±5.8 73.8±6.4 74.4±7.4
No.15 72.3±5.5 75.7±5.4 74.0±6.2 73.3±4.7 74.0±5.7
No.16 93.8±11.4 92.2±4.7 95.3±7.8 95.6±8.9 94.7±3.7
No.17 95.9±5.4 97.7±1.5 98.1±5.6 94.3±7.5 92.9±3.5
No.18 65.7±6.0 70.4±4.9 67.0±5.2 74.2±3.1 84.3±5.6
No.19 81.9±5.7 85.9±8.0 88.8±4.9 92.8±3.7 95.6±3.5
No.20 73.4±2.5 77.8±7.3 91.6±6.4 96.3±4.1 99.1±1.4
No.21 64.1±4.7 78.6±7.7 96.6±2.2 99.7±0.9 99.4±1.3
No.22 68.1±5.7 72.1±5.3 75.0±7.4 90.6±5.0 92.8±3.7
No.23 68.8±5.8 71.1±4.9 65.9±6.0 68.1±6.5 71.3±4.6
No.24 67.8±4.4 83.6±8.7 97.7±2.1 98.7±2.1 99.7±0.9
No.25 69.7±7.0 69.7±3.8 68.4±5.7 77.9±6.9 81.7±5.8

Average 74.9±5.7 80.0±5.8 84.9±5.0 87.2±5.0 89.5±4.1

Params (M) 0.59 1.27 2.57×10−3 0.19 0.28
FLOPs (M) 1.10 714.61 2.99 62.58 82.78

For each subject, the best result is marked in boldface.

right hand and 160 trials involving imagined movement of the
feet, yielding 320 trials worth of data.

The other dataset was BCI competition IV dataset 1 [18].
This dataset was recorded from 7 healthy subjects with 59
EEG channels. For each subject two classes of motor imagery
were selected from the three classes: left hand, right hand, and
foot (side chosen by the subject; optionally also both feet). A
total of two sessions which consisted of 100 trials in each,
were recorded for each subject, and in each session, arrows
pointing left, right, or down were presented as visual cues on
a computer screen. Cues were displayed for a period of 4 s
during which the subject was instructed to perform the cued
motor imagery task. The signals collected were then band-pass
filtered between 0.05 and 200 Hz and downsampled at 100 Hz.

CNN-SAE [9], EEGNet [8], CRAM [19], ACS-SE-CNN
[20] were chosen for performance comparisons. To ensure the
reliability of our experiments, we set batch size to 20 for 500
epochs in the all methods. Then, 10-fold cross-validation was
used for each experimental session. The trials were randomly
partitioned into 10 equal parts, of which 9 parts were selected
as the training set and 1 part as the validation data. The cross-
validation process was repeated 10 times, and the ten results
were averaged to produce a single estimate.

B. Results

The classification results on private dataset for the 5
methods are shown in TABLE I. The results indicated that
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Fig. 2. (a) 10/20 system electrode placement. (b) For each subject, the channel connection matrix obtained from the model training was summed according
to the dimensionality of the rows, and the resulting 60-dimensional matrix was used to plot the brain map. The activation level of different channel regions
gradually increases as the color changes from blue to red.

TABLE II
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION (STD)

RESULTS FOR CNN-SAE, CRAM, EEGNET, ACS-SE-CNN AND
TRANSEEG ON BCI COMPETITION IV DATASET 1.

Subject Accuracy % (mean ± std)

CNN-SAE CRAM EEGNet ACS-SE-CNN TransEEG

No.1 71.5±8.4 85.5±8.2 70.8±8.3 76.4±6.4 77.5±5.6
No.2 69.0±0.8 73.0±7.1 67.1±6.5 70.9±8.9 74.5±6.5
No.3 66.0±0.7 69.0±8.9 68.5±9.5 73.4±10.2 78.5±4.5
No.4 66.5±0.4 71.5±6.7 69.0±9.4 72.7±5.6 73.5±3.2
No.5 64.0±8.6 76.0±8.9 71.0±16.1 71.9±4.5 78.5±7.8
No.6 66.5±8.7 71.9±8.1 89.8±5.7 76.4±8.4 81.5±7.4
No.7 66.9±7.7 74.5±8.1 91.6±5.5 74.5±8.7 77.5±7.2

Average 66.9±7.7 74.5±8.1 75.3±8.7 73.8±7.5 77.4±6.0

For each subject, the best result is marked in boldface.

TransEEG provided a 14.6% improvement with CNN-SAE,
and a 9.5% improvement with CRAM, a 4.6% improvement
with EEGNet, and a 2.3% improvement with ACS-SE-CNN
in terms of average accuracy over 25 subjects. Apart from
its accuracy, TransEEG consistently outperformed CNN-SAE
in 24 out of 25 subjects. It also outperformed EEGNet in
24 out of 25 subjects. Compared with CRAM and ACS-
SE-CNN, TransEEG achieved an advantage over 22 and 20
subjects out of 25 subjects, respectively. Furthermore, the
average standard deviation of TransEEG was 4.1, which was
less than that of CNN-SAE (std = 5.7), CRAM(std = 5.8),
EEGNet (std = 5.0), and ACS-SE-CNN (std = 5.0), indicating
that TransEEG was more robust than state-of-the-art methods.
We further compared TransEEG with CNN-SAE, EEGNet,
CRAM, and ACS-SE-CNN on BCI competition IV dataset
1 with 7 subjects. The results were reported in TABLE II,
the average accuracies of TransEEG, CNN-SAE, CRAM,
EEGNet, ACS-SE-CNN were 77.4%, 66.9%, 74.5%, 75.3%,
73.8%. The results showed that TransEEG provided a 10.5%
with respect to CNN-SAE. Compared with CRAM, EEG-
Net, and ACS-SE-CNN, TransEEG improved the accuracy
by 2.9%, 2.1%, and 3.6%. The superiority of TransEEG was
further demonstrated by experiments on the BCI competition
IV dataset 1. We also compared the FLOPs and Parameters
of models in TABLE I, the results showed that TransEEG
achieved the highest accuracy while maintaining a moderate

TABLE III
PERFORMANCE OF THE TRANSEEG WHEN REMOVING CERTAIN

COMPONENTS FROM THE MODEL AND THEN USING THE MODEL TO CLASSIFY
THE TEST SETS OVER 25 SUBJECTS ON PRIVATE DATASET.

Method Mean Accuracy (%) Std (%)

CNN 82.1 5.6
Transformer 84.4 3.9
CNN + Transformer 88.7 4.1
CNN + Transformer + Graph embedding 89.5 4.1

The best result is marked in boldface.

computational complexity.
To further verify the effectiveness of the three key compo-

nents of TransEEG: CNN encoder, transformer, and graph em-
bedding, we conducted an ablation study, where we iteratively
removed one component and reapplied the model to predict
trials in the test sets. Classification results for this ablation
study over 25 subjects are shown in TABLE III. In terms of
impact on the performance of TransEEG, the most important
is the Transformer, followed by the CNN encoder and finally
the Graph Embedding. We also plotted the 25 subjects’ brain
maps, as shown in Fig. 2(b), to help us unravel the working
conditions of the brain regions that are involved in MI. It
can be observed that most of the regions with higher weights
resolved by TransEEG were located in channels C3, Cp3, P1,
and Cp1, which was consistent with previous findings in [21].

IV. CONCLUSION

We have proposed an end-to-end hybrid deep network
(TransEEG) to merge advances of convolutional layers and
self-attention mechanisms for EEG signal processing and MI
classification. In addition, a graph embedding was constructed
to further improve the classification performance. Experimen-
tal results on two datasets showed the proposed TransEEG
outperformed the state-of-the-art methods. Furthermore, the
ability to handle long-distance relationships opens up new
possibilities for the use of the TransEEG on more EEG signal
processing tasks.
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