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Abstract— Brain-body-machine interfaces acquire, process,
and translate brain signals for individuals with severe motor im-
pairments to communicate and control the assistive technology
that supports their daily life activities. Electroencephalography
(EEG) is a standard approach for acquiring such brain signals
due to its low cost and high temporal resolution. EEG signals
can be thought of as a proxy for the user’s intent. One
established method for translating this intent into inferences
and actions are neural networks. However, densely connected
neural networks can be computationally expensive—a problem
for real-time, deployed brain-body-machine interface systems.
In this paper we investigate the use of sparsity in neural
networks for EEG-based motor classification, with the goal of
reducing the number of neuronal connections without sacrific-
ing a system’s performance. We compare two sparsity-inducing
algorithms, weight pruning and sparse evolutionary training,
with a dense neural network under three experimental condi-
tions. Overall, our results show that sparse neural networks
can achieve higher performance accuracy and generalization
than their densely-connected counterparts for an EEG-based
classification task. We found that sparse evolutionary training
achieves the highest and most stable performance across all
experiments. Introducing sparsity into the network is a vi-
able option for efficient EEG-based control, with promising
applications in a range of related rehabilitation and assistive
technologies. This brings us closer to helping individuals with
severe motor impairments reclaim independence through more
computationally realizable methods of interacting with their
technology and the world around them.

I. INTRODUCTION

Brain-body-machine interfaces (BBMIs) are an emerging
technology aimed at enabling the control of external devices
via acquired brain signals and other signals from the human
body [1]. BBMIs have improved the quality of life for
individuals with physical disabilities by increasing their
personal autonomy [2]. The overarching goal of a BBMI
system is to offer an alternative means of communication in
order for the user to interact with their environment. A BBMI
system is composed of three components: signal acquisition,
signal processing (involving feature extraction, classification,
and translation), and the control application [1]. The overall
performance and success of a BBMI relies on the quality of
signals acquired from the brain or body as these are used
to interpret the user’s intent. In this work we compare the
performance of three neural network training regimes, shown
in Fig. 1, on a BBMI task.
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Fig. 1: Sparsity can be dynamically introduced into (a)
densely connected neural networks by either starting with
a dense layer and pruning network connections, known as
(b) dense-to-sparse training, or initializing a sparse topology
and iteratively pruning and regrowing connections, i.e., (c)
sparse-to-sparse training. In this work we compare the
performance of these three training regimes on a brain-
computer interface task mapping electroencephalography
signals (BBMI inputs) to upper limb motion events (device
control outputs).

Electroencephalography (EEG) is a method of capturing
the brain’s electrical activity (i.e., signal acquisition) through
wet or dry electrodes placed on the scalp [3]. It is popular
for real-time control as EEG systems are relatively low-
cost, non-invasive, and portable [4]. EEG signals have a high
temporal resolution, however, they are inherently noisy and
have poor spatial resolution [5]. Signal processing extracts a
clean signal from a noisy EEG recording and then generates
a mapping to the user’s intent [6]. First, a preprocessing
step is performed, involving channel selection (i.e., determine
features relevant to the task of interest), signal frequency
filtering (i.e., what filters should we apply to remove noise),
and artifact removal (i.e., identify and remove irrelevant noise
artifacts) [7]. Once the relevant features are extracted they
can be classified and translated into motor commands to send
to an external device (i.e., the control application), e.g., to
control a smart wheelchair or robotic arm [1].

Due to the high-dimensionality, non-stationarity, and com-
plexity of EEG data, dense neural networks are often used



for classification [8]. However, these networks can be com-
putationally expensive and have large memory requirements.
For practical control with EEG-based BBMI systems, low
memory and computation requirements are necessary. The
deployed system will need to be portable for improved
usability, particularly for applications that do not have a local
computer or internet connection. BBMI systems should be
able to predict the user’s intent accurately and react quickly
to a user’s input or feedback. Sparse neural networks are an
emerging research area in machine learning that address both
of these constraints [9], making them particularly well suited
for BBMI control.

In a sparse neural network, each neuron is connected
to a subset of neurons in the proceeding layer. This is in
contrast to dense neural networks where each neuron is
connected to all of the neurons in the proceeding layer.
Sparse neural networks can be more energy efficient than
dense neural networks, using a fraction of the memory and
compute while reaching higher levels of performance and
generalization [9]–[12]. In a recent survey on sparsity in deep
learning, Hoefler et al. [13] found “that today’s sparsification
methods can lead to a 10-100x reduction in model size,
and to corresponding theoretical gains in computational,
storage, and energy efficiency, all without significant loss of
accuracy” (p. 2–3). Furthermore, sparse neural networks may
be more resistant to interference and catastrophic forgetting
than their fully connected counterparts [14]–[16]. Finally,
dense neural networks generally require large amounts of
training data to generalize well, an important consideration
in the application of BBMI systems where training datasets
are usually small [8].

In this work we investigate how sparsity affects the perfor-
mance and generalization capabilities of neural networks in
a classification task with EEG data. Our key contribution
is an empirical comparison of two techniques for adding
sparsity to neural networks used for EEG-based classifica-
tion, specifically examining their performance in the presence
of variability both within individual participants and across
different participants. We hypothesize that, when training and
testing on a fixed pool of participants, with fewer neuronal
connections sparse neural networks can attain higher levels of
prediction accuracy and generalization compared to a dense
neural network.

II. SPARSITY IN NEURAL NETWORKS

Sparsity can be introduced into neural networks either
statically or dynamically. Static sparse networks have fixed
sparse connections between neurons and are not adapted
during training [17]. Sparsity in these networks is due to
deliberate architecture choices. In contrast, dynamic sparse
networks have sparse connections that are learned through a
gradual prune-and-regrow procedure [13]; it is this class of
sparse networks we consider in the present study, due to their
experimentally suggested utility within the animal brain. For
example, Barth and Poulet [18] provide empirical evidence
that the brain exhibits sparse firing of neocortical neurons,
allowing for efficient representation of sensory information.

Algorithm 1: Sparse Evolutionary Training
Input: prune fraction ζ, prune frequency n, sparsity level

ε, optimiser O, loss L
Initialize network with Erdős-Rényi topology with sparsity

level ε
for each training epoch e do

Train network parameters using O on L
if e ≡ 0 (mod n) then

Remove 100ζ%
2

smallest positive weights
Remove 100ζ%

2
largest negative weights

if e is not the last epoch then
Add random new connections (weights)

between consecutive layers equal to the
amount removed

end
end

end

Algorithm 2: Weight Pruning
Input: prune fraction ε, prune epoch n, optimiser O, loss

L, final network topology T
for each training epoch e do

Train network parameters using O on L
if e = n then

Remove 100ε% of weights of lowest magnitude,
ensuring that the resulting network has topology
T

end
end

Dynamic sparse networks have also been argued to be more
biologically plausible than static sparse networks, given the
way that the animal brain is known to dynamically adjust its
neuronal connections [19]–[21].

Dynamic Sparse Training (DST) refers to the simulta-
neous optimization of a dynamic sparse network’s weights
and neuronal connections. The Sparse Evolutionary Training
(SET) algorithm of Mocanu et al., shown in Algorithm 1,
is one of the seminal works in the DST line of research
[10]. SET follows a sparse-to-sparse training regime (e.g.,
Fig. 1c), meaning that it initializes a neural network with
a sparse Erdős-Rényi random graph topology [22] with
sparsity level ε ∈ (0, 1) and subsequently learns the weights
and connections. Every n epochs, SET prunes and re-grows
the connections. To do so, it first removes the 100ζ%

2 smallest
positive and largest negative weights (i.e., weights closest
to zero) for ζ ∈ (0, 1). Next, an equal number of random
connections are added back into the network, preserving the
Erdős-Rényi topology. Conventional training then continues
until the next pruning epoch. Mocanu et al. [10] show that
networks trained with SET can match the performance of
densely connected networks with a fraction of the number
of neurons and far less memory and computation.

In contrast, dense-to-sparse training algorithms (e.g.,
Fig. 1b) begin by initializing a dense network then introduce
sparsity by pruning network connections during training
[23]–[26]. Such methods generally follow a three stage
process. In the first stage, a densely connected network is



trained following conventional training procedures. During
this stage, the learned network weights are considered to
represent the importance of each connection where the
importance of a weight is measured by its magnitude. In
the second stage, the 100ε% of unimportant connections are
pruned at epoch n for ε ∈ (0, 1). Finally, the pruned, sparse
network is re-trained from either the current weight values
or after re-initializing the weights. A typical weight pruning
algorithm (WP) adapted from Han et al. [24], and the one
we consider in this work, is shown in Algorithm 2.

III. METHODS

A. Data characteristics and considerations

For this study work with the upper-limb prosthesis WAY-
EEG-GAL dataset collected by Luciw et al. [27]. This dataset
is well established in the community and has been used
in classification tasks to achieve a high classification accu-
racy [28]–[30]. It was gathered with the intent of evaluating
whether EEG signals can be used for upper-limb prosthetic
device control. The data was collected with twelve right-
handed participants and contains a total of 3,936 grasp
and lift trials (328 trials per participant). Each participant
completed ten series consisting of approximately 30 trials
within each series. For each trial the participant reached out,
grasped an object, lifted the object, and held it in the air
for a few seconds before placing it back down and releasing
the object. A hand motion event label was assigned to an
EEG recording by Luciw et al. [27] using a combination
of velocity and force data to determine the event onset.
A subset of the original dataset was then extracted for a
Kaggle competition where an event label was also assigned
to an EEG sample if it was within 150 ms of the event
onset [31]; it is this subset that we used for our study. For
detailed information on the data collection protocol we refer
the reader to the original article by Luciw et al. [27].

Since the events occur sequentially (i.e., time-series data),
each EEG sample may be labelled with multiple events. In
order to better isolate the effect of introducing sparsity, we
extracted four event classes that did not have overlapping
event labels for training our classifiers: HandStart (class 0),
LiftOff (class 1), Replace (class 2), and BothReleased (class
3). The class label, class number, and number of samples
for each class are summarized in Table I. Each sample (i.e.,
model input) contains 32 channels of raw EEG data from
wet electrodes collected at a 500 Hz sampling rate with a
corresponding event label (i.e., there is a signal-label sample
every 0.002 seconds).

TABLE I: Class details for the dataset used in our multi-
class classification problem. A weighted cross-entropy loss
function was used to help address the class imbalance.

Class Label Class Number Number of Samples

HandStart 0 468000
LiftOff 1 388279
Replace 2 321905
BothReleased 3 321905

B. Data pre-processing

EEG data is known to be noisy and requires filtering
in order to be sure that artifacts are not interfering with
model predictions [32]. Head or wire movements as well
as perspiration can cause low frequency noise artifacts. High
frequency artifacts can be caused by muscle contractions in
the vicinity of the EEG recording sites (electromyography
artifacts), eye blinking or movement (electrooculography
artifacts), and electromagnetic interference. During data col-
lection for the original WAY-EEG-GAL dataset, no pre-
processing (e.g., artifact rejection) steps were applied to the
EEG signals other than the removal of “unneeded or extra
samples at the beginning and end of each series” (p. 5) [27].
In line with standard practices, e.g., Janapati et al. [33], we
applied a bandpass filter with a low frequency cutoff of 0.2
Hz and a high frequency cutoff of 50 Hz. The frequency
cutoff of 0.2 Hz will remove low frequency movement
artifacts, while the 50 Hz cutoff will remove high frequency
noise artifacts from muscle contractions, eye movements, and
electromagnetic interference.

C. Algorithms and hyperparameter tuning

To better understand how sparse neural networks can
perform on an EEG-based classification task, we studied
the learning process of two dynamic sparse training (DST)
algorithms. The first algorithm is sparse evolutionary training
(SET), shown in Algorithm 1. The second is a weight pruning
(WP) algorithm, shown in Algorithm 2, similar to those used
by Frankle and Carbin [26] and Han et al. [24]. Following
the advice of Han et al. [24] who found that retraining
pruned layers from the surviving parameters resulted in better
performance; we did not re-initialize weights after pruning,
rather training continued from the current weight values.

We compared these two DST algorithms with two base-
lines. The first baseline is a small densely connected network,
which we denote as DN. The second baseline randomly
predicted class labels according to their relative occurrence
frequency in the dataset. This baseline served as a sanity
check to ensure that each algorithm learned reasonable
behaviour. All algorithms were implemented in Flax [34]
using the jaxpruner library [35].

Due to the nature of our study, we were not inter-
ested in attaining state-of-the-art performance, rather, we
wanted to characterize the learning processes of sparsity-
inducing algorithms. For all experiments to remain inter-
pretable, all neural networks were composed of two hidden
layers. We performed a sweep of hidden layer sizes in
{128, 256, 512, 1024} and found that all networks performed
best with hidden layers of size 1024 and that the computation
time for all network sizes was similar. We constrained
ourselves to hidden layers of 1024 and below to keep
our study focused on relatively small computational loads
that are deployable on embedded systems. For the rest of
the experiments we set the hidden layers to size 1024.
Each network predicted a softmax distribution over class
labels. All neural networks were trained using the Adam



optimizer [36] from the Optax library [37] with default
hyperparameters, except for the stepsize.

To tune the stepsize and sparsity specific hyperparameters,
we conducted a grid search for multiple runs with three ran-
dom seeds for Experiments 1 and 2, and fifteen random seeds
for Experiment 3. We selected the tuned hyperparameters
based on the highest average prediction accuracy achieved
throughout training. For all experiments we swept stepsizes
in {0.01, 0.001, 0.0001}. In our preliminary experiments, we
evaluated the prediction accuracy of SET and WP for sparsity
levels ε ∈ {0.25, 0.5, 0.75} and percentage of dropped
weights (SET) ζ ∈ {0.15, 0.3, 0.5}. For both the sparsity
level and percentage of dropped weights, we found that
prediction accuracy was highest for the lowest two values
and swept over those values for the final experiments. We
further performed a sweep of batch sizes and found that full-
batch updating resulted in highest prediction accuracy across
all algorithms. However, in a number of experiments, full-
batch updating was not possible due to the immense size of
the training data. We therefore used a large batch size of
8192. We tested pruning weights every {1, 2, 5} epochs for
SET (since this algorithm prunes many times during training)
and once at epoch {167, 333, 400} for WP (i.e., pruning once
1
3

2
3 , or 4

5 of the way through the total number of epochs).
For all experiments we used a weighted cross-entropy loss

to help address the class imbalance, similar to that in the
scikit-learn library [38]. The loss term for each class
y was weighted by N

Cny
, where N is the total number of data

samples in the dataset, C is the number of classes, and ny is
the number of data points with label y. We used a stratified
80/10/10 train, test, and validation split for each experiment.

D. Experiment details

We conducted three different experiments to test the
efficacy of sparsity in different settings. First, each algorithm
was evaluated when training and testing data came from the
same pool of participants. Next, we evaluated how each al-
gorithm performed when classifying out-of-distribution data,
where the training and testing datasets came from different
pools of participants. Finally, we investigated how increasing
amounts of training data from a single participant affected
each algorithm’s predictions on the same participant.

a) Experiment 1: Our first experiment addressed the
question how does each model perform within the participant
pool it was trained on? To answer this question, we trained
and tested each algorithm on data from N ∈ {1, 3, 6, 9}
participants out of the first ten participants. The N par-
ticipants were randomly sampled without replacement. We
tuned hyperparameters over three random seeds. We then
conducted an additional 20 experimental runs using the tuned
hyperparameters and report performance metrics for these
final 20 independent runs.

Due to the nature of the EEG data, we expected that
increasing the number of participants in the training dataset
would decrease prediction accuracy. This is because the
model needs to account not only for variability that ex-
ists within an individual participant but also for variability

between different participants. We were interested to see
whether sparsity can help to counteract this effect. Indeed,
for many of the highest performing submissions in the
Kaggle competition, a separate network was trained for each
participant [31]. Nevertheless, a BBMI system should be
capable of being trained on multiple participants data in order
to reduce the amount of training data required per individual.

b) Experiment 2: Our second experiment addressed the
question can each model efficiently generalize to the data of
new, held-out participants? For this experiment we took the
tuned-and-trained models from Experiment 1 and tested how
they performed on data from the two held-out participants
11 and 12. We expected each model to perform worse in this
setting compared to Experiment 1, but we were interested in
determining if sparsity helps to negate it (e.g., via improved
generalization or reduced loss in prediction accuracy). This
study allowed us to better understand how training data
should be collected for real-world BBMI systems—from the
end user or other participants. Improving generalization to
new participants would be of great benefit to BBMI systems,
as it is often challenging to have the end-user come in for
multiple training sessions.

c) Experiment 3: Our final experiment sought to ad-
dress the question how does each algorithm perform with
differing levels of training data for a single participant?
This experiment allowed us to better understand how each
algorithm may behave in a real-world setting where the
system could potentially learn and adapt to the behaviour
of the end-user during deployment. For this experiment,
data from a single randomly sampled participant from the
first ten participants was split into training, validation,
and test sets. The training set was composed of p ∈
{10%, 20%, 30%, 50%, 70%, 80%} of the participant’s data.
The validation set was composed of 10% of the training
set, and the test set was composed of the remaining data.
Note that when the training data reaches 80% of the data
this is equivalent to the 1 participant setting in Experiment
1. An increasing amount of training data should improve
the performance of each algorithm, with diminishing re-
turns. A well-performing algorithm, especially one suited
for a deployable BBMI system, should reach reasonable
performance with a moderate amount of training data. We
repeated this experiment 15 times with different random
seeds, tuning hyperparameters and reporting performance
over all 15 seeds.

d) Evaluation metrics: Model performance was eval-
uated by prediction accuracy. Similar to Novak et al. [39]
and Liu et al. [40], generalization is quantified as the
generalization gap—the difference in prediction accuracy
between the testing and training datasets. The generalization
gap is expected to be less than zero, as it is unlikely that
the test accuracy is greater or equal to the training accuracy.
If a model were to perfectly generalize to unseen data, the
generalization gap would be zero. We report mean evaluation
metrics across runs with bootstrap confidence intervals. We
used 10k resamples, batch sizes of 10, and 5% significance
to construct confidence intervals, unless otherwise specified.



(a) 1 participant (b) 3 participants (c) 6 participants (d) 9 participants

(e) 1 participant (f) 3 participants (g) 6 participants (h) 9 participants

Fig. 2: Sparse Evolutionary Training (SET) displays consistently high accuracy and better generalization than other algorithms
in Experiment 1, where both train and test data are from the same pool of participants. Top Row: Test accuracy over 20
independent runs. As more participants are added to the training dataset, the performance of SET stays consistently high with
low variance. Bottom Row: Generalization gap (i.e., difference between the test and train accuracy) over 20 independent
runs. SET is able to generalize more efficiently than either the dense network (DN) or weight pruning (WP). Both: Solid
lines denote mean performance with shaded regions denoting 95% bootstrapped confidence intervals.

IV. RESULTS

A. Experiment 1: Pooling participant’s data

The top row of Fig. 2 shows the test accuracy for each
algorithm over 20 independent runs with training/test data
from 1, 3, 6, and 9 randomly sampled participants. WP
performed similarly to DN in terms of prediction accuracy.
In contrast, SET generally improved prediction accuracy
compared to DN and learned noticeably faster than both
DN and WP. Accuracy decreased for all algorithms when
more participants were added into the training data. We
hypothesize that this is because each algorithm had to
better generalize among all participant’s conditional data
distributions.1

Whereas SET exhibited low variance in prediction accu-
racy with tight confidence intervals, DN and WP exhibited
severe degradation in prediction accuracy at differing inter-
vals throughout training as seen in the top row of Fig. 2.
Notably, these dips are not apparent when using full-batch
updating and happen across all classes (that is, the dips are
not due to poor prediction accuracy for a single class). Such
a phenomenon reduces the utility of both these algorithms
to real-life BBMI systems.

The bottom row of Fig. 2 outlines the generalization
gap for each algorithm. SET often exhibited a significantly
lower magnitude generalization gap than either DN or WP
(note where the confidence intervals do not overlap). WP
and DN exhibited a similar-magnitude generalization gap,

1Denote the theoretical distribution of EEG data (X) and labels (y) on
this grasp-and-lift task as p(X, y). Then the distribution of EEG data from
a single participant S is p(X, y | S).

except when training on 9 participants. For all algorithms,
the generalization gap increased with an increasing number
of participants. Overall, SET obtains the best prediction
accuracy and performance stability across all settings sug-
gesting that it is a helpful training regime when adding more
participants data into the training pool.

B. Experiment 2: Generalizing to held-out participants

For this experiment we took the tuned-and-trained models
from Experiment 1 and tested how well they performed on
data from held-out participants 11 and 12. Fig. 3 shows the
test accuracy of random predictions, DN, WP, and SET over
20 random seeds for both Experiment 1 and Experiment 2.
Overall, we see a steep decline in accuracy when making
predictions on held-out participant data, with algorithms per-
forming only marginally better than the random baseline. For
the 1-participant case, we see a ∼ 66% decrease in prediction
accuracy for all algorithms (comparing the Experiment 1 bars
with corresponding Experiment 2 bars in Fig. 3).

Notably, this decline in prediction accuracy is not due
to the held-out participants having poor quality data. We
verified that each algorithm could learn on these participants’
data, each reaching over 90% prediction accuracy. Overall,
DN, SET, and WP each performed approximately equally
when predicting on held-out participant data, with a slight
increase in accuracy moving from the 1 to 3 participant
setting (approximately 32% to 35%). This is unsurprising as
EEG signals have been used for person recognition systems,
suggesting there is sufficient variation in the signals between
different people for classification. Considering these results
in tandem with those of Experiment 1, we conclude that it



(a) 1 participant (b) 3 participants (c) 6 participants (d) 9 participants

Fig. 3: The deep coloured bars (DN1, WP1, and SET1) show the Experiment 1 results while the faded bars (DN2, WP2,
and SET2) show the Experiment 2 results. All network architectures show a steep decline in accuracy from the Experiment
1 results when making predicts based on out-of-distribution data from held-out participants. Bars show the accuracy of
random predictions, dense network (DN1/DN2), weight pruning (WP1/WP2), and sparse evolutionary training (SET1/SET2)
algorithms for Experiments 1 and 2, respectively, over 20 random seeds. Error bars denote 95% bootstrapped confidence
intervals with 10,000 resamples.

might be beneficial to include data from the end-user when
training a BBMI control system in order to help reduce the
loss in model performance.

C. Experiment 3: Single-participant models

A successful BBMI system should be able to continually
learn and adapt to the dynamic nature of its user. This
experiment allowed us to quantify the gains in performance
with increasing data from the end-user. Ideally, a BBMI
system would be useful even with a low amount of training
data, although what defines a model as useful will ultimately
depend on the end application.

Fig. 4a shows the accuracy during learning for increasing
amounts of training data. Even with a low amount of data, all
algorithms attained reasonable performance. With just 10%
of the training data (approximately 27 grasp and lift trials),
all algorithms reached a prediction accuracy around 75%.
As more training data was introduced, the accuracy of all
algorithms continued to increase, as expected. The prediction
accuracy of SET increased more quickly than that of DN and
WP and was significantly higher for datasets composed of
more than 10% of a participant’s data (note how the accuracy
confidence intervals do not overlap). For the largest dataset
sizes, SET attained significantly higher levels of precision
and recall than DN (with a significance level of 0.1); table
omitted for concision.

Fig. 4b shows the generalization gap for DN, SET, and
WP. Overall, the gap shrinks with increasing training data,
indicating that all algorithms can better generalize with more
training data. When 10% of the data was used for training,
the generalization gap was around 20% across algorithms—
indicating overfitting. When more than 70% of the data was
used for training, the generalization gap was less than 5%,
indicating that the algorithms could generalize to unseen
data effectively. All three algorithms exhibited a similar
generalization gap for increasing dataset sizes.

(a) (b)

Fig. 4: The amount of participant data used in training
impacts both accuracy and generalization, as shown via
Experiment 3 results with train and test data from a single
participant. Prediction (a) accuracy and (b) generalization
gap when trained on increasing amounts of training data.
Solid lines denote mean performance with shaded regions de-
noting 95% bootstrap confidence intervals. (a) SET attained
the highest accuracy for increasing dataset sizes; (b) each
algorithm exhibited a similar generalization gap.

V. DISCUSSION

An open question in the BBMI community is from whom
should data be collected in order to reduce the effects of
intra- and inter-participant variability when training a BBMI
control model [41]. We showed how the algorithms under
consideration were able to make accurate predictions for
participant data on which each algorithm was trained. But,
when testing on held-out participant data, each algorithm
exhibited a significant, and considerably large, drop in pre-
diction accuracy, precision, and recall. This suggests that
such computational models should include some training
data from the end-user. Pre-trained models should be either
fine-tuned to the end-user prior to deployment, for example
through transfer learning [42], or include data from the end-
user while training the model. For best performance, we
suggest training a model on as much data as possible from
solely the end-user, although we do acknowledge this may



not always be a viable option. When training on data from
multiple participants, SET could help to minimize the decline
in prediction accuracy.

Overall, our empirical study suggests that sparsifying a
neural network is a viable option for reducing the number
of neuronal connections when training an EEG-based model
without significant loss of performance. As suggested by
Lasby et al. [9], selective reduction may support the active
alignment of network architectures to deployed computa-
tional hardware. Our study also indicates that sparse neural
networks have the ability to adapt more quickly during train-
ing than their densely connected counterparts. This brings us
one step closer towards making a direct impact on the lives
of people living with severe motor impairments through the
use of machine learning models trained on brain data.

A. Ethical considerations

As machine learning models become more prevalent in
every day life, they are being used to make decisions that
affect not only individuals but also society as a whole.
Thus, it is important to understand the potential sources
of harm that could arise during different stages of the
machine learning life cycle. Suresh and Guttag [43] present
a framework for identifying seven sources of harm, three
of which we take into consideration for this study. The
first is representation bias, which we note in the participant
pool recruitment of the WAY-GAL-EEG dataset [27]; the
population that would end up requiring and using a model
such as this for BBMI control is underrepresented and
models trained on this set could fail to generalize well for
an assistive rehabilitation technology user population. The
second is measurement bias. By oversimplifying a complex
motor action recorded via EEG signals into four simple
labels, we run the risk of a trained model being a poor
reflection of user intent as measured from the whole brain.
The third is deployment bias. A key goal of this work is
to develop efficient and accurate prediction models for use
in a real-world BBMI control system. Such a system would
involve a human user controlling a neuroprosthetic device via
real-time EEG signals. Thus, it is important that future work
consider the match between the prediction problem that the
model solves and how it is being used during deployment.
Reproducibility and transparency are also an important part
of ethical research practices. To this end, we open-sourced
all of our code for dataset loading, model training, and
evaluation.2

B. Limitations and future work

Our empirical analysis contained factors that limit the
immediate transferability of our findings to deployed en-
vironments. One choice made in our data pre-processing
step was to remove all samples with overlapping or no
event labels. While making evaluation more straightforward,
this choice makes it more difficult to transfer the approach
verbatim to a real-time control system as there will be a

2https://github.com/lpetrich/SparsEEG

significant amount of out-of-distribution EEG signals being
fed into the trained model. One intermediary step before
moving to a BBMI application could therefore be to re-train
these models using the full set of original event labels to
see if our conclusions still hold. Future work should ideally
focus on studying sparse neural network algorithms on a
variety of larger BBMI datasets. Many of our conclusions
are a direct consequence of training on a small dataset of
twelve participants with a reduced number of class labels,
and it is unclear if these conclusions will consistently present
in larger, more diverse or contextual datasets. Future work
should also consider systematic hyperparameter sensitivity
analyses of these algorithms, to understand better how they
would perform in real-world scenarios where tuning is im-
possible.

VI. CONCLUSION

In this work we evaluated the performance of two sparse
neural network algorithms for an EEG-based upper-limb
motion classification task. It is well-known that sparse neu-
ral networks can reduce the computational and memory
requirements of deep-learning systems [9], [13], and our
goal was to determine whether such networks are viable
for adaptive BBMI systems. Our results show how sparse
neural networks can achieve higher performance and gener-
alization than dense neural networks on one EEG dataset.
Furthermore, our experiments provide evidence that sparse
neural networks can achieve high accuracy with low variance
during learning, making these networks candidates for real-
time BBMI systems which adapt to the end-user during
deployment. For example, improvements in the performance
and stability of EEG-based control for wheelchair-mounted
robotic arms could help empower individuals to perform
everyday tasks such as eating, drinking, and grasping objects
independently. In addition to their use in rehabilitation and
assistive robotics, we expect these insights into sparsity to
inform the development of other non-medical biomechatronic
and bio-inspired systems with limited on-board computa-
tional resources. We hope that the present research has there-
fore laid the groundwork necessary for conducting ambitious
future studies into the intuitive and computationally efficient
user control of BBMI systems such as robotic arms and other
assistive technologies.
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S. Srinivasan, M. Stanojević, W. Stokowiec, L. Wang, G. Zhou, and
F. Viola, “The DeepMind JAX ecosystem,” 2020. [Online]. Available:
http://github.com/google-deepmind

[38] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion,
O. Grisel, M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg,
J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher, M. Perrot,
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