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Abstract—Electroencephalography (EEG) is one of the most
widely used brain-activity recording methods in non-invasive
brain-machine interfaces (BCIs). However, EEG data is highly
nonlinear, and its datasets often suffer from issues such as
data heterogeneity, label uncertainty and data/label scarcity. To
address these, we propose a domain independent, end-to-end
semi-supervised learning framework with contrastive learning
and adversarial training strategies. Our method was evaluated
in experiments with different amounts of labels and an ablation
study in a motor imagery EEG dataset. The experiments demonstrate that the proposed framework with two different backbone
deep neural networks show improved performance over their
supervised counterparts under the same condition.
Index Terms—motor imagery, EEG, generalization, semisupervised learning, contrastive learning

I. I NTRODUCTION
Motor imagery (MI) based brain-computer interface (BCI)
systems allow users to control external devices by mental execution. It plays an important role in rehabilitation engineering,
such as interpreting the movement intentions of patients for
assistance or therapeutic training. A successful MI BCI system
requires a mechanism to record brain signals for interpretation. Among existing recording tools, Electroencephalography
(EEG), which captures the brain electrical activities, is the
most commonly used method due to its low cost, convenience,
non-invasiveness and high temporal resolution. However, as
the evoked potential of the brain activities is very weak and
can easily be affected by artifact, EEG signals are often
inherently noisy, and it is very difficult to relate the noisy
signal with mental tasks. Research efforts have been devoted
to the development of machine learning algorithms to enable
automatic MI classification from EEG signals.
Among existing algorithms, conventional ones usually involve two steps, feature extraction and classification. Commonly feature extraction methods, such as Fourier/Wavelet
transforms, Common Spatial Patterns [1] are followed by
classification methods, such as Linear Discriminant Analysis [2], Support Vector Machine (SVM) [3]. These methods
typically are deterministic and relatively less complex than
deep learning methods and are less prone to overfitting [4].
In recent years, deep learning (DL) models have shown
reasonable results in subject dependent classifications of EEG
signals. Compared to conventional methods, deep learning
models are well suited for end-to-end learning, performing
inference from the raw data without prior feature selection [5].

Moreover, DL methods can scale well to large datasets and
can simultaneously learn intricate high dimensional features
from raw signals. The most commonly used DL models
in MI-EEG classification are CNN based models, such as
EEGNet [6] and DeepConvNet [5]. They have demonstrated
superior performance on many tasks compared to conventional
machine learning methods [5].
Despite the success of aforementioned DL methods, there
remain several issues with regards to establishing a robust
and accurate MI-based BCI system. It remains challenging
to get access to large volumes of annotated high-quality
data for MI classification training [7], [8]. In fact, knowing
what the subjects are actually thinking or doing in cognitive
neuroscience experiments could be challenging and which lead
to difficulties in obtaining accurate, high-quality annotations
and labels for motor-imagery EEG data [7].
Self-supervised learning (SSL) has opened the possibility
of making use of self-generated pseudo labels for training on
unlabelled data, with limited access to ground truth labels [9].
It performs training on a pretext task that tries to learn effective
representations using the unlabeled data and pseudo labels
and which is then followed by a downstream discrimination
task. Example pretexts including relative positioning, temporal
shuffling, contrastive predictive coding for EEG based sleepstaging [7] contrastive muti-segment coding and contrastive
multi-lead coding for ECG based arrhythmia detection [10].
However, these pretexts are not suitable for motor imagery
datasets since: (1) MI trials are recorded in discrete, short
windows instead of continuous recordings like sleep monitoring or ECG. (2) Researchers usually ask participants to
perform different motor imagery tasks in purely random order.
(3) Different MI tasks involve activations in different parts of
the brain; thus, recordings from different electrodes at one time
might not share the same context. Therefore, the conventional
SSL assumptions used in biosignals of both temporal and
spatial invariance do not hold for MI EEG datasets.
Therefore, in our work, a semi-supervised learning structure
is proposed, which makes use of a large quantity of unlabeled
data and a small number of labels in an end-to-end manner.
Inspired by the success of SimCLR for SSL [11], we apply
the contrastive learning method to learn representations on
unlabelled data. It involves applying different augmentations
to the same unlabelled data and contrast against all different
sets of data. This approach promotes the model to learn feature
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Fig. 1. Overview of our proposed semi-supervised learning framework.

representations that are invariant to transformations.
Another issue is raised from the complication of measuring
biosignals. The performance of MI-based BCI systems depends heavily on the subject’s neurophysiological and psychological conditions [8]. Inter-subject and inter-session variations
caused by different mental conditions, psychological states,
and electrode positions would bias the underlying distribution
of recorded signals, thus degrading the performance of BCI
systems. In fact, most existing computational models for
motor imagery classification are domain dependent, yielding
inferior results within cross-subject/session validation [12].
Recent research has successfully applied transfer learning
or domain adaptation to address this issue [13]. However,
this line of research assumes the visibility of partial data
from the targeted domain during training, which limits its
generalisation to a totally new domain. Inspired by recent work
of applying adversarial training to solve domain generalization
problems [14], we thus adopt an adversarial training module to
disentangle the subject/session-specific information from the
desired MI information in the latent representation.
Overall, to address the above issues of MI EEG classification, we propose a semi-supervised framework with a combination of self-supervised contrastive learning and adversarial
training. The former contrastive learning is applied on all the
training data without the involvement of any labels. Simultaneously, the latter adversarial domain discriminator is applied to
diminish the feature distribution of different subjects/sessions
in an adversarial way. Additionally, supervised cross entropy
loss is applied on the partial labelled data to force the model to
learn task-relevant features. It is demonstrated that the whole
framework can learn subject/session-independent task-relevant
representations effectively with minimal labels.
II. M ETHODOLOGIES
A. Methods Overview
Our framework consists of five main components: a set of
data augmentation, an encoder, a task classifier, a domain
discriminator and a projector. The overall pipeline of the
proposed framework is summarised in Fig. 1. To tackle the
real-world challenges, we assume only a small portion of
each subject’s data was recorded with user’s label feedback
for calibration purpose, denoted as L and the majority of
data was collected unlabelled without the subject’s attention,
denoted as U . We aim to apply this semi-supervised learning
framework to use the mixture of calibration data and the
massive amount of unlabelled multi-subject/-session data to
enable the prediction of the MI label from the new domain.

A batch of N EEG signals x containing both labelled
L and unlabelled U data are first processed with a set of
data augmentation T to facilitate contrastive learning as well
as increasing the number of trainable data. The encoder E
produces the latent vector h from the augmented input data.
The latent vector is passed to the task classifier C for task label
classification. At the same time, the domain discriminator D
performs adversarial training with the latent vector to promote
the encoder to learn domain-invariant features. The projector
P projects the latent vector onto a lower-dimensional space to
calculate the contrastive loss, which promotes the encoder to
learn transformation-invariant features.
B. Data Augmentations for Contrastive learning
Chen et al. [11] have suggested that a composition of
strong data augmentations is beneficial for contrastive learning. While augmentations for visual representations are visible
and straightforward, it is non-intuitive to design data augmentations for EEG signals that can preserve the semantic
information corresponds to different motor imaginations. We
apply two different sets of augmentations to N sampled EEG
data x in each iteration, yielding 2N of T1 (xi ) and T2 (xj ).
Two random combinations of augmentations were used for
each training sample. The designed augmentations include:
• Noise addition: addition of Gaussian noise.
• DC shift: the signal amplitude is shifted by a constant.
• Temporal roll: a section of the time-series data at the end
of the window is rolled to the front and vice versa.
• Amplitude scale: the signal is scaled with a constant.
• Temporal cutout: A segment is masked by zeros.
• Crop and upsample: A segment of the data is cropped,
and the data is replaced with the upsampled segment.
C. Self-Supervised Contrastive Learning
We tested two different CNN backbones as the encoder,
namely: EEGNet and DeepConvNet. The two augmented
batches T1 (xi ) and T2 (xj ) are passed through the encoder
E to form latent representations hi = E(T1 (xi )) and hj =
E(T2 (xj )). Following the inspiration of SimCLR, which applies a nonlinear projector head for contrastive learning for
better representation quality [11], projector P is used to project
the latent representation hi and hj to a lower dimension
zi = P (hi ) and zj = P (hj ). zi and zj are then normalised
with the l2 norm and the contrastive loss is applied to measure
the encoded mutual information in the same pair of windows
with different augmentations, which is formulated as below,
exp(sim(zi , zj )/τ )
k=1 1[k6=i] exp(sim(zi , zk )/τ )

Lcontrast (zi , zj ) = −log P2N

(1)

where sim(zi , zj ) represents the cosine similarity between
vector zi and zj . τ is a temperature scaling parameter and
1[k6=i] denotes a masking function which return 1 when k 6= i.
The denominator sums up the exponential of cosine similarity
of all the other 2(N-1) negative examples with respect to each
anchor example within a batch. Ultimately, the contrastive loss
function maximises the similarity between a pair of the same
data with different augmentations and minimises the similarity
between different data.

D. Supervised Learning with Cross Entropy Loss
In a semi-supervised setting, only a small portion of data in
each batch contains labels. Thus only the i, j ∈ L of the latent
representation h are used to train the supervised classifier C.
Where L represent the set of indices of the labelled data.
Convolutional classification layers are used instead of the
linear classification layer to reduce the number of trainable
parameters and prevent overfitting from the small amount of
labelled data. A cross-entropy loss LM I is calculated from the
outputs of the classification layer and the supervised labels:
LM I = −

X

yk log(C(hk )))

(2)

k∈L

E. Domain-Independent Adversarial Training
To force the encoder to learn domain-independent information, an adversarial training strategy is applied. A domain
discriminator D is trained using the domain label s to predict
the identities of the domains based on the concatenation of
latent vectors h, whilst at the same time, the encoder E
is encouraged to confuse the discriminator D so that the
predicted label by D is random. In practice, we applied Ldis
and Lenc to update D and E alternatively, which are formulated
as below,
X
Ldis = −

sk log(D(hk ))

k∈L∪U

Lenc = −

X

(3)
srand log(D(hk ))

layer with a kernel size equal to the latent vector’s width and
bias. The domain discriminator D consists of a linear layer
that reduces the flattened latent vector to half of its length,
followed by a leaky ReLU layer, a dropout layer and another
linear layer with an output size of the domain size.
Experiments were conducted to evaluate the framework’s
robustness against inter-subject/session variations in binary
classification (left hand and right hand) tasks. We used LeaveOne-Session-Out to evaluate the framework’s robustness
against inter-session variations by treating different sessions
of all the subjects as separate independent domains resulting
in 18 domains in total. Leave-One-Subject-Out was used
to evaluate the robustness against inter-subject variations by
treating different subjects as separate domains, resulting in 9
domains in total. 10% of the train data was stratify sampled
as a separate dataset for 10-fold cross-validation and early
stopping. Since contrastive learning benefits by large batch
sizes [11], we used a batch size of 1024 containing different
labelled and unlabelled data sampler proportions. As Chen
et al. [11] reported, longer training facilitates contrastive
learning; thus, we used a maximum epoch of 1000 and early
stopping with 200 patience. An Adam optimiser with a 0.0005
learning rate and a 1×10−4 weight decay was used for E,C,P .
Another Adam optimiser with a 0.0002 learning rate was
used for the domain discriminator D. The specific parameters
applied for data augmentations are shown in Table I.

k∈L∪U

where srand denotes the randomly generated identity labels.
Overall, the encoder, projector, and task classifier are updated based on w1 Lcontrast + w2 LM I + w3 Lenc , and the
discriminator is updated based on Ldis , where w1 , w2 , w3 are
the weights for each part of the loss. In the inference stage,
the raw EEG sequence goes through encoder and classifier to
predict the imagined actions.
III. E XPERIMENT AND R ESULTS
A. Dataset and Experimental Setup
1) Dataset Description: The experiments were conducted
using the BCIC IV 2a MI-EEG dataset from the MOABB
library. EEG signals were recorded from 2 separate sessions of
9 different subjects where the subjects were asked to imagine
the different types of movements. In each trial, a cue was
shown to indicate the subjects to perform the desired MI task
for 4 seconds, followed by a relaxed state between trials.
During the sessions, 22-channels of EEG data were recorded
at 250 Hz and bandpass-filtered between 0.5 Hz and 100 Hz.
2) Experiment Setup and Evaluation Protocols: The system
was implemented using Python (v3.8.6), Pytorch (v1.7.0)
and the Braindecode (v0.5) library. We filtered between 4Hz
and 40Hz and converted it into microvolt. We used all 22
channels of the EEG recording and the entire 4 seconds of
the trial windows. The EEG windows were then resampled
from 250Hz to 128Hz resulting in a length of 512 sample
points for each window and processed through channel-wise
z-score normalisation. We tested two different convolution
models, EEGNet-8,2 [6] and DeepConvNet [5], as the encoder
backbone. The task classifier C consists of a single Conv2D

TABLE I
AUGMENTATION PARAMETER RANGES .
Augmentation

min

max

Augmentation

min

max

Gaussian Noise(σ)
DC shift
Temporal roll(s)

0
-0.8
-1

0.2
0.8
1

Amplitude scale
Temporal cutout(s)
Crop and upsample(s)

0.8
0
3

1.2
1
3

B. Classification Results
1) Compared Methods:
• Filter-Bank Common Spatial Pattern (FBCSP) [1] applies
band-pass filtering followed by spatial filtering using
Common Spatial Pattern on each frequency bands. SVM
is used to perform classification based on the most
discriminative CSP features from the filter bank.
• EEGNet [6] consists of a block with a 2D convolution
filter and a Depthwise Convolution spatial filter, and a
second block with a Separable Convolution operation.
• DeepConvNet [5] consists of a block with a temporal
convolutional layer following by a spatial convolutional
layer and max pooling, and three blocks that each made
up of a convolutional layer and a max-pooling layer.
2) Quantitative Results: The inter-session classification results are presented in Table II. As shown, the fully supervised
methods suffer significantly from the limited number of training data, whereas our proposed semi-supervised framework using either EEGNet or DeepConvNet encoder is less affected by
the limited supervised labels than their counterparts. It demonstrates the feasibility of our methods when labels are scarce or
of low-quality, which is well suited for MI BCI applications.
Especially, the classification result of each session data when

TABLE II
I NTER - SESSION CLASSIFICATION ACCURACY OF DIFFERENT METHODS
WITH DIFFERENT RATIOS OF LABELS IN THE TRAINING .
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Fig. 2. Inter-session classification results with 20% labels.
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(b) DeepConvNet

results showed that our proposed network significantly outperforms the baseline methods when there are limited labels.
Furthermore, we conducted an ablation study to demonstrate
how each component of our framework contributed to the
improved performance. The study indicates that deep neural
networks could learn subject/session invariant features from a
small dataset with a small number of labels with the proposed
framework. Overall, our work opened new possibilities for
using deep neural networks for real-world applications without
the need for tedious calibration processes.
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only 20% labels were used is displayed in Fig. 2. Furthermore,
both semi-supervised methods perform much better than the
baselines in inter-subject classification tasks on average shown
in Fig. 3. Overall, our proposed method outperforms compared
methods in both inter-session/subject settings when label is
limited. However, when the training label is sufficient, e.g.
when 100% labels were used, the proposed method might
result in lower performance than the fully supervised ones.
This might be caused by those negative pairs belonging to the
same class caused confusion to the encoder, without providing
any extra useful semantic information. This problem could
be potentially alleviated if incorporating unlabelled data from
additional sources for contrastive learning.
C. Ablation Study
We also conducted experiments to evaluate the effectiveness
of both contrastive learning and adversarial training when only
20% of the labels were used. The results shown in Fig. 4b
suggest that the DeepConvNet is data-intensive; with the help
of data augmentation, the performance can be significantly
improved in limited data condition. In contrast, EEGNet performs similarly with or without data augmentation in Fig. 4a.
Nonetheless, both base networks are affected by the sessionbased information. The proposed semi-supervised networks
achieve the highest accuracy by combining data augmentation,
contrastive learning, and adversarial training.
IV. C ONCLUSION
This work presented an end-to-end semi-supervised learning
method for classifying MI EEG signals with limited labels.
We compared the binary classification accuracy of our semisupervised methods with three different baseline methods. The
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