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Abstract—When developing Electroencephalography (EEG)-
based Brain-Computer Interface (BCI) systems, it is important
to identify meaningful attributes from the EEG signals that
could be used to train reliable classifiers and accurately decode
brain patterns to control external devices. Multitask Learning
(MTL) is a machine learning technique that can be employed
to address this challenge, by simultaneously performing two or
more tasks, such as denoising EEG signals and learning latent
representations in order to train a classifier to predict different
brain states. In light of this, in the present work we have created
a Machine Learning (ML) model inspired on EEGNet capable
of denoising and classifying EEG signals and a framework to
generate synthetic data for evaluation. Results suggest that the
MTL model was able to properly denoise and classify the EEG
signals. The similar classification performance obtained using
Single-Task Learning (STL) on a noisy version of the signal,
when compared with the MTL model used to classify and denoise
EEG signals suggest that the temporal and spatial convolutional
filtering blocks may be effectively mitigating the impact of the
noise.

Index Terms—EEG, Brain-Computer Interface, Motor Im-
agery, Deep Learning.

I. INTRODUCTION

When developing Electroencephalography (EEG)-based
Brain-Computer Interface (BCI) systems, one of the biggest
challenges is to accurately extract meaningful representations
of the different brain states as well as to accurately discrimi-
nate task-related attributes from EEG artifacts [1]. Most part of
the BCI systems use Single-Task Learning (STL) to classify
the brain signals, and have a pre-processing stage in which
non-brain components are removed using signal processing
techniques such as Independent Component Analysis (ICA),
among others [2].

Multitask Learning (MTL) is a powerful approach that
allows multiple related tasks to be learned jointly, leveraging
shared information and dependencies among them [3]. One of
the key challenges when employing MTL is to determine when
related tasks can be combined and what information can be
shared among them, along with devising methods for sharing
this knowledge effectively [4]. Conflicting tasks may give rise
to a destructive inference phenomenon [5], wherein enhancing
the performance of one task could result in degradation for the
others.

There are considerably few studies exploring the usage of
MTL for EEG-based BCI systems. These studies generally use
MTL to: (i) reduce the subject variance, by considering each
dataset as a different task and training a Machine Learning
(ML) model to jointly decode the different brain states from all
tasks [6], [7]; (ii) perform classification and regressions tasks
by predicting an epileptic seizure event and its latency [8];
or (iii) simultaneously classify motor imagery patterns using
a latent representation of the reconstructed EEG signal [9],
[10]. In terms of the ML model’s architecture, some studies
are taking advantage of the sequential characteristic of the
EEG time series by using Recurrent Neural Networks (RNNs)
such as Long Short-Term Memory (LSTM) [6] and using low-
dimensional representation of the EEG signal, obtained from
the latent space of an AutoEncoder (AE), which was trained
to reconstruct the same version of the EEG input signal [9],
[10].

In this work, differently from [9], [10], we aim to use the
latent space of an AE by training it to both classify and
decode a denoised version of the EEG signals. This would
allow to measure the effectiveness of removing artifacts while
also classifying the different brain states. The ML model
architecture is inspired on the EEGNet model [11], which is
widely used to develop BCI systems given its robustness and
compact model’s architecture. Hence, the proposed new model
architecture allows to simultaneously denoise and classify
EEG signals. In order to have more control over the denoising
and classification tasks, a simulated dataset was created. The
model was trained using using a supervised learning approach
and it was used a hard-parameter sharing MTL architecture
[5].

This work is structured as follows. Section II presents
the designed model architecture, the training and evaluation
strategy, and the framework developed to simulate an EEG
dataset that mimics brain behavior during a Motor Imagery
(MI) paradigm. Sections III and IV present the results and their
discussion, including experiments comparing denoising and
classification performance using STL and MTL approaches.
Finally, Section V, contains the conclusions and outlines future
research directions.



II. METHODOLOGY

A. Model Architecture

A supervised MTL learning approach was used to train
a model capable of denoising and classifying EEG signals,
concurrently. For both the classification and denoising tasks,
the ML model uses a shared encoder: in the classification
branch it’s followed by a classifier-decoder, and in the de-
noising branch by a denoising-decoder, as shown in Figure 1.

Fig. 1. Proposed methodology using Multitask learning.

The encoder’s architecture was inspired on the EEGNet
model [11], which performs spatial and temporal filtering
through depthwise and pointwise convolutions. The encoder-
model parameters are similar to the ones used in [11] con-
sidering a dataset with a sampling frequency of 128Hz. The
parameters used on the temporal convolutional block (Number
of Filters - F1, Kernel size 1 - K1 and Pool size 1 - P1), with a
deep multiplier D of 2, and, on the spatial convolutional block
(Number of Filters - F2, Kernel Size 2 - K2, and, Pool Size
2 - P2) can be seen in Table I.

TABLE I
ENCODER PARAMETERS VALUES.

F1 F2 D K1 K2 P1 P2

8 16 2 (1, 64) (1, 16) (1, 8) (1, 16)

It was used 0.5 as the dropout value, similar to the approach
used by [11] on a within-subject evaluation.

On the denoising-decoder architecture, the same operations,
but symmetrically, have been applied. It was explored an
upsampling strategy using a linear interpolation, with the same
scaling factor, as defined in the corresponding and symmetrical
polling layers on the encoder. In order to improve the capacity
of the model to reconstruct the original EEG signal provided
as an input, it was included some skipped connections from
the layers of the encoder to the decoder. This approach has
allowed to forward some feature maps that have been learned
on the encoder during the training phase [12], [13].

The classifier decoder consisted of a simple linear layer
using as an input a flattening version of the feature maps
obtained on the encoder.

B. Loss Function

When using STL separate models are trained independently
to denoise and classify the EEG signals. Each model uses a

distinct loss function: Mean Squared Error (MSE) for denois-
ing and Cross-Entropy (Cross-Entropy) for classification.

By minimizing the MSE loss, given by:

LMSE(i) =
1

d
∥x(i)− x̂(i)∥22 (1)

where x denotes the clean (denoised) version of the signal
and x̂ is the output of the denoising decoder, the model
aims to learn an optimal mapping function f∗ that accurately
reconstructs a denoised version of the signal from a noisy input
for the ith-electrode – in a total of n electrodes.

For the classification task, the model approximates the
mapping function f∗, which assigns brain states to model
outputs, by minimizing the categorical Cross-Entropy loss:

LCE = −
C∑

c=1

yc log(ŷc) (2)

where C represents the total number of classes, yc is the
ground-truth label encoded as a one-hot vector, and ŷc is the
predicted probability for class c obtained as an output of the
classifier.

The main idea when using MTL is to leverage the shared
representations and dependencies between the classification
and denoising tasks, enabling them to benefit from each
other during training. Since the MSE and Cross-Entropy loss
functions have different scales and convergence behaviors,
their respective weights were dynamically adjusted as part of
the optimization process during MTL training. Similarly to the
approach adopted by [14], [15], we adopt the MTL function
defined as:

min
Θ1,Θ2

1

2σ2
1

LMSE(f1(xnoisy; Θ1), xdenoised) + log(1 + σ2
1)

+
1

2σ2
2

LCE(f2((xnoisy; Θ2), y) + log(1 + σ2
2)

(3)

where xnoisy and xdenoised are the noisy and denoised versions
of the EEG signal, y represents the brain states, and, σ1

and σ2 are trainable parameters that weight the contributions
of the individual loss functions, given by LMSE and LCE,
which represent the mean squared error and categorical cross-
entropy losses, respectively. The terms 1

2σ2
1

and 1
2σ2

2
work

as uncertainty-based scaling factors, while the regularization
terms log(1+σ2

1)+log(1+σ2
2) penalize excessive uncertainty.

C. Training Experimental Protocol

To assess the model’s generalization capacity, it was utilized
Stratified K-Fold cross-validation with k = 5. This data par-
tition method ensures that class distributions were preserved
across splits. For each fold, the mean and standard deviation
were computed on the training portion and used to normalize
both the training and corresponding validation data. Each EEG
electrode signal was normalized to obtain zero mean and unit
variance.



As the optimization method, it was used Adam with a weigh
decay of 1e−5 and a global learning rate of 1e−3, acting as a
scaling factor. It was used cosine annealing scheduling strategy
to speed-up the convergence during the early stages of training.
Each stage of the model encoder, classifier and denoising-
decoder used different learning rates values of 1e−3, 1e−4 and
1e−4, respectively. The ML model was trained for 300 epochs
with a batch-size of 32 and an early stop after 20 epochs of
no performance improvements on the validation set.

To increase the robustness of the training step against an
imbalanced set of batches, it was adopted a weighting sampler
strategy with some Data Augmentation (DA) transformations,
being performed at the dataset batch level. The weighting
strategy was utilized for oversampling the EEG epochs from
the minority class, whereas the DA was used to provide
slightly different version of the EEG data to the model, during
the training step. On the DA transformations, two different
approaches have been implemented, additive noise and time
window shift [16], with an independent probability of being
applied with 30% on each mini-batch. The additive noise
transformation, was defined as being a Gaussian noise, being
added to the mini-batch signal, with zero mean and 1% of
the standard deviation of the corresponding EEG epoch per
channel. The time window shift was defined as being a shift
on the amount of data points corresponding to 0.2 seconds,
for each epoch per EEG electrode.

All the experiments, to train and run the inferences, were
executed using a NVIDIA Tesla K80.

D. Evaluation Strategy

The MTL approach will be evaluated by comparing the
same evaluation performance metrics that were obtained in-
dependently using an STL approach.

1) Denoising Evaluation Metrics: In order to evaluate the
performance of the AE to denoise EEG signals, it will be used
Normalized Mean Squared Error (NMSE) and Correlation
Coefficient (CC), as denoising evaluation metrics [17], [18].

The CC measures the similarity between y∗ and ŷ and is
given by:

CC =
Cy∗,ŷ√

Cŷ,ŷ · Cy∗,y∗
(4)

where Cy∗,ŷ is the covariance between y∗ and ŷ, Cy∗,y∗ and
Cŷ,ŷ are the covariance of y∗ and ŷ with themselves - variance
of the signals, respectively.

The NMSE measures the overall deviations between y∗ and
ŷ, and is defined as:

NMSE =
∥ŷ − y∗∥22

∥ŷ∥22
(5)

where | · |22 denotes the squared Euclidean norm and y∗

and ŷ represents the denoised signal and the AE’s output,
respectively.

2) Classification Evaluation Metrics: To evaluate the per-
formance of the classification task, it will be used as classifica-
tion evaluation metrics Precision, Recall, F1-score, Accuracy,
and, the Cohen’s Kappa score.

The accuracy is a measurement to evaluate the proportion
of the classes that were correctly classified:

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

where TP and TN are the true positive and negative instances,
respectively, whereas FP and FN are the false positive and
false negative instances that have been misclassified.

The recall and precision metrics are defined by:

Recall =
TP

TP + FN
Precision =

TP
TP + FP

(7)

The F1-Score is an harmonic mean between precision and
recall, and is given by:

F1 = 2× Precision × Recall
Precision + Recall

(8)

The Kappa coefficient measures the level of agreement
between the output of the model and the manual annotator
[19], [20]:

κ =
po − pe
1− pe

(9)

where p0 is the empirical probability of agreement and is given
by

po =
TP + TN

Total Instances
and pe is the hypothetical probability of chance agreement:

pe =
(TP + FP)(TP + FN) + (TN + FN)(TN + FP)

(Total Instances)2
.

E. Dataset Description

In order to have more control over the denoising and
classification experiments, a simulated dataset was created.
In the following, we provide details about the developed
framework for its generation. Briefly, about 13 minutes of
data, corresponding to 160 trials, with a sampling frequency
of 128Hz were created. Each trial had a duration of 5 seconds
which corresponds to 640 points.

1) Brain Components generation: The simulated EEG
dataset replicates brain activity during a MI experiment. It
includes three event types: rest, ”left”, and ”right”, where the
latter two correspond to motor imagery of the right and left
hands, respectively.

During a MI event the µ/α rhythms [21] are prominent in the
sensorimotor cortex region and in the occipital lobe [21], [22],
as shown in Figure 2. When compared with a baseline activity,
during a MI task there might be suppression of the µ band and
desynchronization of the α band [22]. Simultaneously, there
might be an increase of the β band in the sensorimotor cortex.



Fig. 2. Frequency bands from the simulated dataset for each stimulus: ”Left” and ”Right”.

A dipole model was employed in order to mimic how
electrical activity spreads across the different regions of the
brain. The synthetic data generation model weighs the different
signals by calculating the distance from each electrode to
the centroid of the dipole, allowing for a more realistic
representation of signal propagation in the brain. In order to
approximate the spatial brain activity, it was assumed that
activation of the regions of the brain follows a contralateral
event principle [22], as illustrated in Figure 3.

Fig. 3. Activation Spread for A) Left and, B) right hand movement. Dipole
was considered to be on the electrode C4 and C3, respectively

To model brain oscillations, instead of the white noise,
which has equal power across all frequencies, it was used pink
noise which is characterized by a power spectral density that
decays as 1/f [23].

2) Non-Brain Components generation: To simulate the
artifact physiological signals, it was utilized NeuroKit, which
is a Python Toolbox for Neurophysiological Signal Processing
[24]. Two base synthetic signals were utilized, Electrocardio-
gram (ECG) signal, and, Electromyogram (EMG) signal, as
shown in Figure 4.

Fig. 4. Synthentic signals generated using NeuroKit [24]

3) Mixture of Components: The physiological signals cor-
responding to ECG and EMG were incorporated into the
simulated EEG data, with spatial weights applied based on
scalp topography. Specifically, ECG contributions were em-
phasized in the frontal electrodes, while EMG artifacts were
weighted more heavily in the temporal regions. These spatial
distributions are illustrated in Figure 5.

Fig. 5. Spatial weights used for the additive linear noise: (A) ECG, (B) EMG.

The resulting mixtures of brain and artifact signals were
generated by linearly combining the sources using the defined
spatial weights. Figure 6 shows an example of these mixtures
for electrode C3.



Fig. 6. Example of additive linear mixtures at electrode C3.

III. RESULTS

The model’s performance was evaluated by comparing the
results on the denoising and classification tasks using STL and
MTL approaches.

1) Denoising Performance Evaluation: As it can be seen in
Figure 7, on the temporal and frequency representation of the
noisy signal, it is possible to identify the EMG burst signal
between 1.5 and 2.5 seconds, which was effectively removed
in the denoised output of the AE.

The scatter plot of Figure 8 compares the denoised val-
ues with the ground-truth clean signal. We can observe a
relatively high concentration around the ideal fit line with a
low dispersion, which suggests that the model is satisfactorily
reconstructing the clean signal.

Fig. 8. Scatter plot with the Predicted and True denoised values using the
MTL model.

In order to quantify the effectiveness of the denoising AE, it
was calculated the CC and NMSE, as shown in Table II. The
high value obtained for the CC and low values for the NMSE
suggest that the model was able to effectively denoise the
signals, demonstrating the model’s effectiveness at denoising
signals using STL and MTL, with STL achieving superior
denoising performance.

TABLE II
DENOISING PERFORMANCE METRICS FOR STL AND MTL

CLASSIFICATION

Metric STL Denoising MTL

CC 0.889± 0.001 0.745± 0.008

NMSE 0.209± 0.001 0.476± 0.016

2) Classification Performance Evaluation: As it can be
seen in the confusion matrix and the ROC-curve from Figure 9,
the model has shown to achieve a relatively high performance
on the test set.

Fig. 9. Confusion Matrix and ROC-curve for the test set using the MTL
model.

A comparison between the classification performance be-
tween STL and MTL can be seen in Table III.

TABLE III
CLASSIFICATION PERFORMANCE METRICS USING STL AND MTL

Metric STL Classification MTL

Accuracy 0.769 ± 0.011 0.779 ± 0.002
Precision 0.804 ± 0.011 0.797 ± 0.017
Recall 0.776 ± 0.010 0.784 ± 0.026
F1-Score 0.789 ± 0.001 0.791 ± 0.018
Kappa 0.656 ± 0.016 0.671 ± 0.032

IV. DISCUSSION

The denoising performance evaluation using the CC and
NMSE metrics suggests that both STL and MTL enabled the
model to generalize and remove the physiological components
introduced in the synthetic dataset.

With regard to classification performance, when comparing
the average results across the 5 K-Fold validation, it was
observed that MTL performed slightly better than STL. The
Figure 10 shows a significant spectral overlap between the
simulated brain activity and physiological noise. The classi-
fication results using STL on the noisy input signals suggest
that the convolutional blocks of the encoder, responsible for
temporal and spatial filtering, may be effectively mitigating
the impact of the noise.



Fig. 7. Temporal and Frequency denoising comparison for the Test set on the Individual 1.

Fig. 10. Spectral comparison between the clean and noisy version of the
signal for each stimulus.

V. CONCLUSION

In the context of BCI systems, we explored the use of MTL
for denoising and classifying EEG signals using a simulated
dataset. The results indicate that MTL has achieved a slightly
better performance when compared with STL.

The similar classification performance obtained using STL
on a noisy version of the signal, when compared with the MTL
model that simultaneously classifies and denoises EEG signals,
suggests that the temporal and spatial convolutional filtering
blocks may be effectively mitigating the impact of noise. This
also indicates that the two tasks are related, and that their
combination does not result in destructive interference.

As next steps, we will evaluate the performance of the MTL
method and the model architecture, (encoder + classifier) and
(encoder + denoising decoder), on a set of publicly available
MI datasets.
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