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Abstract—There is a critical demand for BCI systems that can
swiftly adapt to a new user and at the same time function with any
user. We propose a fine-tuning approach for neural networks that
serves a dual purpose; first, to minimize calibration times through
requiring considerably less data - up to one-sixth - from the
target subject than training from scratch, and second, to alleviate
cases of user illiteracy by providing a substantial performance
boost of over 11% in absolute accuracy from the features
learned from other subjects. Ultimately, our adaptation method
surpasses standard within-subject performance by a large margin
in all subjects. We present ablation studies across three datasets,
in which we demonstrate that fine-tuning outperforms other
adaptation methods for BCI systems and that what matters
most is the quantity of pre-training subjects, rather than their
BCI-ability, achieving over 8% absolute increase in classification
accuracy when scaling up the order of magnitude. Finally, we
compare our approach to the state-of-the-art in EEG-based
motor imagery and find it comparable, if not superior, to methods
employing far more complex neural networks, obtaining 82.60%
and 85.64% within-subject accuracy in the four-class BCIC IV-2a
and binary MMI datasets respectively.

Index Terms—BCI, EEG, Motor Imagery, Domain Adaptation,
Fine-tuning, BCI-illiteracy

I. INTRODUCTION

Controlling computer interfaces with brain signals is a
complex and ambitious objective which holds great promise,
and has the capacity to remarkably impact the world through
applications in healthcare, communication, and entertainment.
For individuals with disabilities, brain computer interfaces
(BCIs) could provide an unprecedented level of independence,
by allowing them to interact with the world around them using
only their mind [1]. In other cases, BCIs can be employed
to assist with recovery from neurological conditions, such
as stroke or spinal cord injuries [2]. Even for able-bodied
individuals, the ability to interact with computers and devices
(e.g. in a virtual reality or drone control application) without
any physical input could enhance the overall experience,
making it more comfortable, seamless, and intuitive.

However, brain signals, specifically those recorded with
non-invasive electroencephalogram (EEG) devices, are char-
acterized by some unique traits when compared to other
machine learning data domains, introducing multiple chal-
lenges that must be overcome for the successful development
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of a practical BCI. First and foremost, the signals recorded
from different users constitute different domains [3]. Without
adaptation measures, the adoption of the system by a new user
results in skewed probability distributions and distinctly low
performance [4]. Secondly, it would appear that not all users
possess the ability to effectively control BCIs, particularly in
the case of motor imagery (MI) BCIs [5], with low-performing
users often being described as “BCI-illiterate”. Lastly, large
datasets are scarce in the EEG domain, as there is no readily
accessible and abundant source of data and they need to be
recorded with human effort. On top of these, the functionality
of such a system in real-time commercial applications necessi-
tates fast response times with low-cost, dry electrode devices
which decrease the signal to noise ratio (SNR), as well as
minimal calibration times when bootstrapping a new user.

In order to confront these challenges, various approaches
have been proposed in the literature, including fine-tuning (FT)
[6]–[8] for domain adaptation, hybrid BCIs [9], [10] to miti-
gate BCI-illiteracy, and advanced neural network architectures
[11], [12] designed to learn more robust features.

In this work, we attempt to address the same issues in
a unified manner, through evaluating the adaptation method
of FT across MI datasets that differ in both their scale as
well as the recording device’s grade and resolution. Through
extensive ablations and probings, we examine its robustness
under constraints on the amount of data used in the different
training stages and the performance level of the subjects used
in training and evaluation. FT consistently surpasses within-
subject performance by over 7% in terms of absolute accuracy.
Most remarkably, we find that the maximal benefits of FT are
reaped when scaling up the number of pre-training subjects
and minimising calibration data, where it transcends within-
subject by 8% and 34% respectively. Equally outstanding are
cases of low-performing subjects who, after a boost of over
11% from FT, attain acceptable performance for the operation
of a BCI (> 70% accuracy).

II. RELATED WORK

In recent years, EEG-BCIs have become an area of focus
in the machine learning and deep learning community. Neural
networks have exhibited promise in reducing the necessity
for expert-crafted features and manual subject-specific filters,
thereby potentially supplanting traditional (classical) machine
learning approaches. The latter most commonly consist of
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classifiers (e.g. random forest, linear discriminant analysis
(LDA), and support vector machines) trained on features such
as power spectral density [13], covariance in a Riemannian
manifold [14], common spatial patterns [15], and filter bank
common spatial patterns [16]. This effort has been succeeded
by artificial neural networks (ANNs) which learn features
and decision surfaces based solely on the time-domain input.
Initial architectures such as DeepConvNets [17], C2CM [18],
and EEGNet [19], were followed by more advanced ANNs
that pushed the state-of-the-art to new highs such as EEG-
TCNET [11] and EEG-ITNET [12]. It is worth noting that
even the most complex of these architectures still tend to
be more shallow when compared to those utilized in other
domains. Although some deeper architectures like TIDNet [7]
and Inception [20] have been proposed, larger networks often
display signs of overfitting when trained on data from the EEG
domain [17]. This can be attributed to the available data being
insufficient to train these large architectures.

Numerous adaptation techniques have been developed to
tackle the challenge of making a system operational across
users, requiring a minimal calibration set (e.g. five minutes)
for each new user instead of the full data collection process
(approx. one hour). We proceed to further sub-categorize these
based on the stage in which they are applied, into signal level,
model level, and prediction level adaptation methods.

a) Signal level: When pre-processing the signal before
input to a model, a common practice in the classical methods
is to select user-specific filters [16], [21] depending on their
efficacy, either manually or via feature selection. Another
widely adopted signal level method is Euclidean alignment
(EA) [22], a highly effective form of whitening, along with
Riemannian alignment which performs the same operation in
the Riemannian manifold; these can more accurately be viewed
as domain generalization, rather than adaptation methods [7].

b) Model level: Inspired by other domains where deep
learning has given breakthrough results, the concept of fine-
tuning (FT) an ANN has been explored [6], [7], along with
layer freezing [8]. In the same vein, the technique of knowl-
edge distillation (KD) as introduced by Hinton et al. [23], has
been adapted to the EEG domain with considerable success
in the seizure detection [24] as well as MI [25] tasks, being
further combined with FT in the latter. The model adaptation
methods investigated for EEG also include self supervised
learning (SSL), which leverages larger unlabeled datasets to
pursue functionality across users [26], as well as alternative
approaches attempting a subject distribution transfer [27].

c) Prediction level: After obtaining a trained model
from a set of users, one easy technique to adapt the skewed
probability distribution for a new user is to tune the decision
surface, thus obtaining user-specific thresholds. This is referred
to as threshold-moving in other domains, mostly applied for
class imbalance [28], or as “unbiasing” for a BCI [29].

Correspondingly for the problem of BCI-illiteracy there is
also a multitude of strategies that have been employed. One
established approach focuses on adapting the user rather than
the machine, and involves recording sessions with feedback

from a real-time system that steers users into improving their
imagined movement, as well as addresses cases of user inat-
tentiveness, boredom, and restlessness [1], [9], [30]. Another
strategy is multi-modality where another modality apart from
EEG is used to make predictions more robust to user BCI-
ability [31], [32]. Similarly, a hybrid BCI with paradigm
[9] or target [10] switching is often utilized, where different
paradigms such as MI, steady state visually evoked potential
(SSVEP) and event-related potential (P300), and targets e.g.
left, right, feet, tongue, are alternated and combined differently
in different users to form a more robust BCI.

We now contrast our work to the presented literature, each
time highlighting the unique approach taken and its primary
benefits. Compared to the literature where a lot of effort is
invested on more complex model architectures [11], [12], we
utilize a simple EEGNet [19] model and achieve a competitive
to the state-of-the-art accuracy of 82.60% in the BCIC IV-
2a dataset [33] through user adaptation. After a multi-dataset
comparison of adaptation methods from the signal, model, and
prediction level categories, we propose utilizing FT, either as a
stand-alone adaptation, or combined with EA. Our approach is
in line with the FT in previous works [6], [7] to which we are
competitive in the MMI dataset [34] with 85.64%, however,
we distinctively probe this methodology with a unique set of
experiments on the amount of data and the type of subjects
used. We show for the first time, to the best of our knowledge,
that FT can also be used to address the issue of BCI-illiteracy,
where it surpasses a hybrid BCI [10] approach.

Ultimately we make the following key contributions:
• We compare adaptation methods from three categories

across three datasets where the best-performing method,
FT, proves competitive to the state-of-the-art and consis-
tently surpasses the within-subject baseline by over 7%.

• We show that FT outperforms within-subject by an aston-
ishingly larger margin of 34% with limited target data,
indicating its fitness for use with a small calibration set.
The quantity of subjects used for pre-training is more
crucial than their performance level, achieving over 8%
improvement when scaling up the order of magnitude.

• We demonstrate that FT can be used as an illiteracy
mitigation strategy to benefit low-performing subjects
substantially, over 11%.

III. METHODOLOGY

We choose the EEGNet [19] architecture as the core model
for our experiments. We compare the proposed fine-tuning
(FT) adaptation method with other BCI adaptation methods,
namely the signal-level Euclidean alignment (EA) [22], model-
level knowledge distillation (KD) [23], and prediction-level
thresholding [29]. To examine the robustness of FT under
constraints on the amount of data and the performance level
of the subjects used, we design three evaluation experiments.

A. Deep Learning Architecture

We limit our experiments on a single EEG-specific deep
learning architecture called EEGNet [19]. It consists of the
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temporal, depthwise, and separable convolutional layers. The
temporal convolution layer learns the temporal filters for
each channel of the raw EEG signal, while the depthwise
convolution layer learns the so called “spatial filters” across
the EEG channels on the scalp. The separable convolution
layer combines a depthwise and a pointwise convolution.

B. Baseline Adaptation Methods

1) Euclidean Alignment (EA): A domain generalization
method proposed for EEG signals [22] that is based on
Correlation Alignment [35]. In this method, each subject’s
data are mapped into a common feature space by performing
whitening with their mean covariance matrix. For each trial Xi

of a subject with n trials, we compute X̃i = R̄−1/2Xi, where
R̄ = 1

n

∑n
i=1XiX

T
i . This results in the mean covariance of

each subject being equal to the identity matrix.
2) Knowledge Distillation (KD): A technique used in deep

learning to transfer the knowledge of a teacher model to a
student model [23] that has also been investigated for EEG-
BCIs [24], [25]. The student model is trained to minimize the
loss function L = (1−α)Lstudent +αLdistillation , in which
the distillation term helps to mimic the behavior of the teacher
model and generalize better on unseen data through measuring
the similarity between the models’ output probabilities.

3) Thresholding: A threshold adaptation method imple-
mented on a post-processing level. This was inspired by [29]
where a modified LDA classifier that computes a decision
threshold ensuring equivalent error rates for both classes of
a binary BCI task is proposed. In our case, the decision
threshold applied to the trained network’s output probabilities
is optimized with respect to each subject’s data. We also extend
this method to multiple classes by performing a hierarchical
one vs. rest thresholding for each class.

C. Proposed Fine-Tuning (FT) Adaptation

Fine-tuning (FT) is a standard transfer learning technique
applied in deep learning [36]. In the case of domain adapta-
tion, it involves taking a model trained on a source domain
DS called the pre-trained model, and re-training it on the
target domain DT . The model is initialized with the learned
parameters from pre-training, which it then adjusts through
training on the data from DT . In this manner, FT realizes
the core objective of transfer learning, i.e. to learn the target
conditional probability distribution P (YT |XT ) in DT with the
information gained from DS , where DS 6= DT . Due to the
nature of most application settings, the source domain DS

often contains a considerable amount of data, while the target
domain DT can only provide limited data, therefore FT can
improve performance on DT by leveraging the information
obtained from DS .

D. Evaluation strategy

The standard approach for evaluating an adaptation method
is commonly limited to comparison with alternatives and the
current state-of-the-art. In order to provide a more thorough

analysis of the impact of FT, we present a series of exper-
iments and evaluations that delve deeper into its effects and
demonstrate its usefulness in different application scenarios.

1) Limited calibration data: The process of collecting
subject-specific data for a BCI application is both expensive
and time-consuming. Consequently, the minimum quantity of
subject-specific data required for a BCI adaptation method is
a crucial parameter. To investigate this aspect, we perform an
experiment where the validation and test sets are kept constant
while the size of the training data is successively reduced,
initially to 1

3 , and then to 1
6 of the original. Each time, we

compare the performance of the adaptation method to a within-
subject model trained with the same limited data.

2) Illiteracy mitigation: To evaluate the ability of a domain
adaptation method to address the problem of BCI-illiteracy,
we estimate the distribution of performance scores for all
subjects before and after using the method, focusing on the
low-performing subjects. For binary tasks, a threshold of 70%
is commonly used for illiteracy, however there is no agreement
on the accepted proficiency threshold for more than two
classes [9]. Therefore, to err on the side of caution, we select
the 70% threshold for both the binary and the 4-class tasks.

3) Pre-training subjects selection: Lastly, we devise an
experiment aimed at examining the impact of the number and
performance level of pre-training subjects on the performance
of the fine-tuned model, enabled by the large number of
subjects in the MMI dataset. Specifically, we select a hold-out
test set of 17 subjects so that they represent the overall dis-
tribution of within-subject performance. We experiment with
selecting subsets of the remaining 88 subjects for pre-training,
based on their within-subject performance, namely 25 high-
performing (HP) subjects of > 90% binary accuracy, 25 low-
performing (LP) subjects of < 70% binary accuracy, and 25
“mixed” subjects that cover the entire range of performances.
We also experiment with the number of pre-training subjects
by selecting a subset of nine subjects out of each of the
aforementioned subsets, as well as pre-training with the whole
set of (“mixed”) 88 subjects.

IV. EXPERIMENTAL SETUP

A. Datasets

1) BCIC IV-2a (BCI Competition IV): The dataset 2a
[33] from the BCI Competition IV [37] contains the EEG
recordings of nine subjects. Each subject performed a total
of 12 runs, each containing four MI tasks, namely left-hand,
right-hand, both-feet, and tongue, in two separate sessions
recorded on different days (six runs per session). Each run
contains 48 imagined movement trials that last for 4s. The
EEG recordings were collected using 22 Ag/AgCl electrodes
in the international 10-20 system, sampled at 250Hz.

2) MMI (Physionet): The Motor Movement/Imagery
(MMI) dataset [34] from the PhysioNet [38] repository con-
sists of 109 subjects. Each subject performed three runs of
imagined left or right hand movement, three runs of imagined
both-hands or feet movement, and the non-imagined counter-
parts of both of these sets of runs, totaling to 12 recorded runs
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TABLE I
ABLATION STUDY OF ADAPTATION METHODS ACROSS THREE DATASETS

BCIC IV-2a MMI DUEMI
4-class 2-class 3-class

Baselines
Within-subject k-fold 73.09± 11.23 77.83± 14.19 57.19± 17.37

Cross-subject LO/MSOa 57.29± 8.72 83.35± 12.54 54.07± 15.75
Chance level at α = 0.05b 25.00± 6.06 50.00± 22.48 33.33± 15.84

Adaptation Methods
EA [22] 62.31± 10.36 83.02± 11.24 60.96± 17.71
KD [23] 78.47± 8.34 81.11± 13.00 62.30± 15.60

Thresholding 70.50± 6.23 84.38± 13.95 61.85± 20.55
Fine-tuning (FT) 80.75± 7.03 85.64± 12.67 68.59± 15.34

FT + EA 82.60± 5.91 85.22± 11.15 68.81± 15.84
FT + KD 79.01± 8.05 80.73± 13.45 64.81± 17.12

aMMI is 5-fold LMSO while the others are LOSO.
bCalculated according to [40], 5% confidence intervals reported.

per subject. In this work we focus on the three imagined left
or right hand movement runs. Each run contains 15 imagined
movement trials that last for 4s. The EEG recordings were
collected using 64 electrodes in the international 10-10 system
and were sampled at 160Hz. After processing the dataset, and
similar to [7], we find that subjects S088, S090, S092 and S100
contain unusable data, leading to 105 subjects being used.

3) DUEMI (Ours): The Deeplab Unicorn EEG Motor Im-
agery (DUEMI) dataset is employed for the first time in this
work and consists of EEG data from nine subjects acquired in-
house. All participants signed informed consent and the study
was conducted according to the mandates of the Declaration
of Helsinki. Each subject performed 10 runs, each containing
two MI tasks (left hand and right hand) and an additional
rest task where the subject does not imagine any movement,
but continues to avoid blinking and moving as during the
imaginary movement. Each run contains 15 trials that last for
4s. The EEG recordings were collected with eight electrodes
and sampled at 250 Hz, using the Unicorn Hybrid Black
commercial EEG device by g.tec [39].

B. Preprocessing

1) Common Average Referencing (CAR): For all three
datasets, we re-reference the data to the channel average
with CAR [41], described by the simple operation x′j =

xj − 1
C

∑C
j=1 xj for each channel j where C is the total

number of channels. By removing any common external factor
from all channels, CAR can reduce noise by up to 30% [41].

2) Trial segmentation: In BCIC IV-2a and MMI we use
the [0, 4] segment post cue onset while in DUEMI we use
the [1.5, 5.5] segment post cue onset, performing no further
windowing of the signal in either case.

C. Evaluation

For our metrics, given that in all datasets classes are fairly
balanced, we use the binary accuracy for MMI, 3-class accu-
racy for DUEMI, and 4-class for BCIC IV-2a. We evaluate our
models and adaptation methods using the following protocols.

1) Within-subject k-fold cross validation (CV): To calculate
within-subject performance, we use the k-fold CV protocol.
Within-subject performance refers to the performance of a

Fig. 1. The effect of the target subject’s data size on training from scratch
and fine-tuning, for two datasets. The performance gap between FT and the
within-subject baseline increases for both datasets when the number of trials
is limited.

model trained on a subject’s data, and evaluated on a test
set of the same subject’s data. We also use the k-fold CV
protocol when we adapt pre-trained models to the data of a
target subject using one of the domain adaptation methods
(FT, KD, thresholding).

2) LO/MSO: To calculate cross-subject performance, we
use the Leave One Subject Out (LOSO) protocol, where we
train a model on the N−1 out of the total N subjects, and test
it on the one left-out subject. In the case of the MMI dataset
we use the Leave Multiple Subjects Out (LMSO) protocol,
where the N subjects are divided into k folds, and each time
the model is trained on (k−1)N

k subjects and tested on the
remaining N

k subjects. This is done for computational reasons
due to the large number of subjects in the MMI dataset.

D. Hyperparameters

In all cases, the default hyperparameters of EEGNet-v4
[19] are utilized. We use the cross-entropy loss and AdamW
optimizer, along with early stopping for training our models.
In BCIC IV-2a and MMI datasets we use similar training
hyperparameters as in the literature. In DUEMI we train our
models using a learning rate of 0.001, a batch size of 32, and a
weight decay of 0.001. For KD α is set to 0.7, and for KD+FT
to 0.9. For the LMSO evaluation protocol we set k = 5, while
for k-fold CV k = 3.

V. RESULTS & DISCUSSION

In this section we present our results on the three datasets,
BCIC IV-2a, MMI, and our own DUEMI dataset.

A. Comparison with other adaptation methods

We first show an ablation study in Table I, comparing the
proposed FT with the baseline adaptation methods described
in Sec. III-B. In all three datasets, either the FT, or the
FT+EA method is the best-performing one, with the two being
very close in all cases (< 1.9% difference). Compared to the
baseline within-subject performance, we achieve a maximum
absolute increase of 9.51% in BCIC IV-2a, 7.81% in MMI, and
11.62% in DUEMI. This is an important outcome, as it shows
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Fig. 2. The influence of FT on subjects with low performance. FT is especially
effective for low performing subjects as it succeeds in raising the performance
of numerous subjects above the 70% usability threshold. Indicatively in MMI,
the absolute improvement with FT for the bottom 50% of subjects is 11.34%.

that pre-training on multiple subjects before training a subject-
specific model can greatly improve performance, indicating
that neural networks can benefit from the diverse information
provided by the different subjects.

An important observation is that in large datasets such as
MMI, with a number of subjects in the order of magnitude
of 102, cross-subject performance can out-of-the-box exceed
within-subject performance, especially if the data available for
each subject are limited as is the case in the MMI dataset. FT
further improves the cross-subject baseline by 2.29% in MMI.

In BCIC IV-2a, both EA and thresholding provide an impor-
tant boost over the cross-subject baseline, but fail to surpass
within-subject performance without re-training on the target
subject’s data, just by observing the second order statistics
and tuning the decision threshold respectively. In DUEMI they
both manage to exceed within-subject performance, however
in that case this can be attributed to the baseline being
considerably low, as the dataset is recorded on roughly one
third of the channels compared to BCIC IV-2a. Similarly in
MMI, they both improve within-subject performance, with
only thresholding surpassing the cross-subject baseline. Fi-
nally, in all datasets KD manages to improve within-subject
performance but fails to reach the performance boost of FT,
as well as the cross-subject baseline in MMI. However, the
primary objective of KD is to compress the knowledge from a
larger teacher model into a smaller student model, rather than
perform domain adaptation explicitly. Its combination with FT
can lead to better results than KD itself, especially in DUEMI,
but still fails to reach the stand-alone FT performance, which
is in line with the results by Sakhavi et al. [25].

B. Limited calibration data

In Fig. 1, we can see the results of the limited calibration
data experiments described in Sec. III-D1. We are confining
this experiment to the BCIC IV-2a and DUEMI datasets as
MMI contains a very limited amount of per-subject data to
begin with. We observe that FT is much more robust than
within-subject when the amount of data per-subject is limited,
which enables its use in a short calibration session before

Fig. 3. The effect of the pre-training subjects’ type and quantity on the
performance of the fine-tuned model. Results are for the MMI dataset on a
hold-out set of 17 subjects. The number of subjects explored ranges from the
order of magnitude of 101, up to 102. The number of pre-training subjects
is more important than their performance level.

usage of a BCI system by a new user. Specifically, we can fine-
tune a pre-trained model with just 48 four-second trials per
subject in BCIC IV-2a (corresponding to 12 trials per class),
which is equivalent to just five minutes of calibration, and re-
tain an average target subject performance of 70.25%, whereas
within-subject performance would drop to 35.69% rendering
the system unusable. Similar results can be seen in our in-
house DUEMI dataset, with the within-subject performance
dropping to 35.41% and FT retaining a 57.41% when only 20
trials are used for fine-tuning the pre-trained model. Indeed,
we note that the performance of FT with 1

6 of the trials is
equivalent to that of training from scratch with all the trials,
with the clear advantage of the minimal calibration time.

C. Illiteracy mitigation

One of our most interesting findings can be observed in
Fig. 2 concerning the evaluation of FT for illiteracy mit-
igation as explained in Sec. III-D2. We observe that the
improvement on the low-performing subjects is larger than
the average improvement, indicating that FT can be employed
to specifically target this type of subjects. The bottom 50%
of subjects in terms of performance in BCIC IV-2a and MMI
attain average within-subject scores of 64.76% and 65.86%
respectively, while after FT they achieve 78.02% and 77.20%,
thus surpassing the illiteracy threshold of 70% to efficiently
control a BCI. From another viewpoint, training from scratch
results in 3/9 subjects below the 70% threshold in BCIC IV-
2a and 31/105 subjects in MMI. These are reduced to 0/9 and
15/105 respectively after fine-tuning multi-subject models on
the target subjects’ data. This provides evidence that FT can
be a highly effective method for the mitigation of the illiteracy
problem, on top of all its other merits.

D. Pre-training subjects selection

In Fig. 3 we benchmark the fine-tuned model’s performance
for different subsets of pre-training subjects, as described in
Sec. III-D3. We observe that the type of the pre-training
subjects does not influence the overall performance, as much
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TABLE II
COMPARISON WITH STATE-OF-THE-ART METHODS ON BCIC IV-2A

(4-CLASS)

Split Accuracy
Deep ConvNet [17] Competition 70.90

Shallow ConvNet [17] Competition 73.70
EEG-TCNET [11] Competition 77.35± 11.57

FT+EA (Ours) Competition 76.43± 8.55
EEGNeta [19] k-fold 70.78± 9.09

C2CM [18] k-fold 74.46± 14.43
EEG-ITNET [12] k-fold 76.74± 11.48
FT+EA (Ours) k-fold 82.60± 5.91

a The vanilla EEGNet result was reproduced by us.

as their quantity. Specifically, when changing the order of
magnitude from 101 pre-training subjects to 102, we perceive a
8.76% increase in the average performance of the FT method,
whereas the variability between the average performance when
using a different type of pre-training subject is < 0.79% for
the 25 subjects. This is especially interesting when only pre-
training on the LP subjects (defined in Sec. III-D3), who
cannot achieve more than 70% in within-subject performance
but manage to boost the average within-subject accuracy by
5.5%. In contrast, when pre-training with nine subjects, we
observe that pre-training only with HP subjects resulted in
a 3.14% absolute increase over the two other options (LP
and “mixed”), potentially indicating that when few subjects
are available for pre-training, their performance level becomes
more important. In addition, the top HP subjects are benefited
more when they are pre-trained on HP subjects, with this
configuration surpassing the other two for the top five subjects
by 3.11% and 3.56%, in the nine and 25 subject configurations
respectively. These top five subjects achieve an overall 94.67%
when 25 HP subjects are used, which also surpasses the 92%
baseline which results from all 88 subjects being used for pre-
training.

E. Comparison with state-of-the-art methods

In Table II we compare our best adaptation method, the
combination of FT with EA, to the state-of-the-art in the
BCIC IV-2a dataset. This comparison is done with the two
most common within-subject evaluation protocols found in
literature. First, with the split given for the purposes of the BCI
Competition (which corresponds to one session for training
and one for testing per subject) we achieve a performance of
76.43% 4-class accuracy, which is comparable to the state-of-
the-art model EEG-TCNET [11]. Second, with k-fold cross-
validation on both available sessions, our proposed method
surpasses the best-performing model EEG-ITNET [12] by an
absolute 5.86%. In both evaluation protocols, our method leads
to considerably smaller standard deviation than the competi-
tion, attesting to a normalizing effect on subject variability
achieved by the substantial improvement of LP subjects.

We now present a comparison to the target-switching hybrid
BCI by Wang et al. [10] which reports 80.98% for binary clas-
sification on the BCIC IV-2a dataset. Their method specifically
improves the low-performing subjects, similar to ours, but in

TABLE III
COMPARISON WITH STATE-OF-THE-ART METHODS ON MMI (2-CLASS)

Accuracy
A-cVAE [42] 63.80
EEGNeta [19] 76.15± 15.21
Dose et al. [6] 86.49± 10.09

TIDNet [7] 88.19
FT (Ours) 85.64± 12.67

a The vanilla EEGNet result was reproduced by us.

doing so they sacrifice the multi-class capabilities of the BCI,
limiting it to only two classes. Although we cannot compare
exactly, we achieve 82.60% in the four-class task using a
method less complex to implement in a real-life scenario.

In Table III our best performing FT approach is evaluated
against the state-of-the-art in the MMI dataset. All the works
under consideration here leverage some form of transfer learn-
ing for adaptation on the target subjects, presumably due to
the limited amount of data available per subject in the MMI
dataset. Our method attains an 85.64% binary accuracy that is
slightly inferior if not competitive to the leading FT method
in TIDNet [7], which is nonetheless enhanced by per-subject
optimal combinations of EA and regularization. Compared
to [6] where subjects are split into a single fold, we obtain
results for the entirety of the subjects through fine-tuning the
respective pre-trained models from the LMSO protocol.

The results of the competition in Tables II and III are those
reported in their original publications, with the exception of
the vanilla EEGNet which we reproduced. Compared to the
vanilla EEGNet, we achieve a total boost of 11.82% in BCIC
IV-2a and 9.49% in MMI by applying our proposed adaptation
method and preprocessing pipeline.

VI. CONCLUSION

In conclusion, our proposed fine-tuning (FT) approach
shows significant promise in addressing two challenges that
are present in EEG data, namely adapting to new users
with minimal calibration times and mitigating user illiteracy.
Through extensive ablations and comparisons, we demonstrate
that FT outperforms other adaptation methods and consistently
surpasses within-subject performance by a large margin. Fur-
thermore, the quantity of pre-training subjects appears to be
the most important factor in achieving the maximal benefits
from FT, rather than their literacy level. This observation
emphasizes the crucial need for datasets with a larger number
of subjects in the field of EEG-based BCIs.

In future work, we intend to benchmark FT and other
adaptation methods using more sophisticated deep learning
architectures. Additionally, we intend to investigate the possi-
bility of fine-tuning a pre-trained model from a large public
dataset such as MMI, on the subjects of the smaller datasets, in
order to further leverage large-scale pre-training. Finally, we
aim to explore a broader range of transfer learning techniques,
including self-supervised learning (SSL) [26].
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[42] O. Özdenizci, Y. Wang, T. Koike-Akino, and D. Erdoğmuş, “Transfer
learning in brain-computer interfaces with adversarial variational autoen-
coders,” IEEE/EMBS NER, pp. 207–210, 2019.

4435

Authorized licensed use limited to: UNIVERSITY OF ESSEX. Downloaded on February 16,2024 at 21:04:13 UTC from IEEE Xplore.  Restrictions apply. 


