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Abstract: The success of deep learning (DL) in offline brain-computer interfaces (BCIs) has not yet translated

into efficient online applications. This is due to three primary challenges. First, most DL solutions are designed

for offline decoding, making the transition to online decoding complex and unclear. Second, the use of sliding

windows in online decoding increases the computational complexity of DL training. Third, DL models typically

require large amounts of training data, which are often scarce in BCI applications. To address these issues and

enable real-time decoding, even across different subjects without calibration data, we first introduce a novel

approach called real-time adaptive pooling (RAP). RAP modifies the pooling layers of existing offline DL models

towards the online decoding requirements. Additionally, it significantly reduces the computational demand

during training by jointly decoding consecutive windows. To reduce the amount of training data required,

our approach leverages different levels of domain adaptation. We show how different settings enable different

adaptation solutions. The results demonstrate that our approach is both powerful and can be calibration-free,

providing a robust and practical solution for real-time BCI applications. These findings pave the way for the

development of co-adaptive and highly efficient DL-based online BCI systems.

Keywords: motor imagery; electroencephalography; deep learning; online decoding; domain adaptation;

calibration-free; mutual learning

1. Introduction

Brain-computer interfaces (BCIs) enable direct communication between the human brain and
external devices. As technology advances, the range of applications for BCIs spans from medical
rehabilitation to enhancing human-computer interaction and entertainment [1]. One common method
to control a BCI is through the motor imagery (MI) paradigm. MI BCIs are particularly utilized as a
rehabilitation strategy for post-stroke patients, helping in the recovery of affected limbs [2,3]. During
MI the user imagines the movement of a body part without actual physical execution. This process of
imagination shares neural mechanisms with the actual execution [4], which makes MI BCIs especially
suited for motor recovery in chronic stroke patients. Specifically, during MI, the power of the µ and β

rhythm measured over the sensorimotor area of the brain decreases (event related de-synchronization)
and recovers after MI (event related synchronization).

BCIs in general, but especially MI BCIs are (initially) difficult to operate for inexperienced users as
they rely on the endogenous modulation of brain rhythms [5] instead of external stimuli. Consequently,
a large percentage of users is not able to control a BCI, a problem known as BCI inefficiency [6,7]. [6]
and [7] split BCI users into different groups based on their performances and recommend different
solutions for each group to improve their performance. These recommendations include longer/better
user training, using a better decoder (which is able to extract more complex features) and employing
adaptive decoders to circumvent distribution shifts.

User learning is particularly important as there are users that exhibit promising brain modulation
during the initial screening but then fail to elicit the proper signals during MI [7]. In other words,
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among the users who are categorized as inefficient, there are users which have the potential to
efficiently control a BCI, which marks a lost opportunity if not addressed appropriately. Encouragingly,
research indicates that BCI usage is a learnable skill [8–13] where users are able to improve their
performance and brain modulation [14] through longitudinal training. A crucial part of learning or
mastering any skill is the guidance and feedback received during or after the execution [15]. BCIs
that provide feedback to the user are referred to as closed-loop or online BCIs whereas BCIs without
feedback are termed open-loop or offline BCIs. Apart from enabling self-regulation and user learning,
closed-loop BCIs also increase the attention and motivation of participants during BCI usage [12,16].
Thus, delivering feedback is a fundamental element of BCIs and essential for user learning.

The second recommendation provided by [6] and [7] is to use a better decoder, that is able to extract
more complex features. Deep Learning models, especially convolutional neural networks (CNNs),
are the obvious choice here as they are able to implicitly learn complex distinctive features directly
from data and have proven their superiority over traditional decoders for lots of single-trial/offline
decoding tasks [17]. Despite these improvements in single-trial decoding, to date, closed-loop systems
mostly employ traditional methods such as Common Spatial Patterns (CSP) combined with Linear
Discriminant Analysis (LDA) or Support Vector Machine (SVM) classifiers [18]. This discrepancy
between the widespread success of deep learning in single-trial decoding and its rare application in
online decoding is remarkable yet remains largely unaddressed in the literature.

[19] and [20] validated the general feasibility of deep learning for online control by employing
long windows as in single-trial decoding to control a robotic arm. In [19] the arm was moved at the
end of the trial, whereas the approach of [20] is closer to continuous online control as they use sliding
windows (4 s length, 0.5 s shift). While both studies prove that deep learning based decoders are
generally useful for control, their settings are not suited for continuous control as the window size is
too long and the update frequency too low.

In other studies [21–23] small sliding windows (0.5 s - 1 s) were used to continuously control
virtual reality feedback or the position of a cursor. [21] developed a new CNN while [22] and [23] used
modified versions of ShallowNet [24] and EEGNet [25] as decoding architectures.

We hypothesize that there are three primary factors contributing to the limited literature on DL
models for closed-loop decoding.

Firstly, as DL models are mostly developed to classify whole trials it is unclear how to properly
modify them for shorter sequences (e.g., sliding windows). The current options are either to develop an
entirely new architecture [21] or to modify an existing architecture such that it is able to decode shorter
windows [22,23]. The first approach is inefficient, as it does not leverage existing architectures and
likely requires extensive architectural optimization. The second approach can utilize existing models,
but the transition from offline to online remains unclear and often seems like a makeshift solution.
We solve this problem by proposing a new method called real-time adaptive pooling (RAP), which
modifies the pooling layers of existing offline deep learning models in a concise manner, parameterized
by the requirements of online decoding task. This approach facilitates a seamless transition from
offline to online architectures effectively leveraging existing models.

Secondly, the usage of sliding windows introduces a larger computational demand per trial. For
short windows and high update frequencies, i.e., a high overlap between consecutive windows, the
number of windows per trial increases. Consequently, the number of forward passes and hence the
computational complexity increases. While this is holds true for any decoder, it particularly affects DL
models as the computational complexity of a forward pass is typically higher for DL models than for
traditional decoders. Additionally, since DL training is iterative, each window is decoded multiple
times during training. Our novel method RAP can decode consecutive windows simultaneously
while preserving the ability to decode individual windows during inference. RAP achieves this by by
reusing the intermediate outputs of the network, effectively leveraging the continuous and overlapping
nature of sliding windows. Through this joint decoding, RAP substantially reduces the computational
demand during training.
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Lastly, DL models require significant amounts of training data. Since closed-loop decoders are
typically trained individually for each subject, recording the necessary amount of offline calibration
data for each subject is extremely time-consuming. Additionally, prolonged offline experiments can
lead to user fatigue or boredom due to the non-interactive nature of the recording process, which lacks
real-time feedback. Consequently, even with extensive data collection per subject, the quality of the
recorded data would likely be compromised. This makes DL models hardly applicable if they are
trained in the same within-subject manner as their traditional counterparts.

An alternative approach to address this issue is to utilize existing data from other subjects to train
a cross-subject decoder. As the number of subjects increases, the data requirements for each individual
subject decrease. Moreover, a cross-subject decoder can provide immediate feedback to facilitate user
learning without the need for an open-loop calibration phase.

However, despite deep learning having the ability to generalize across domains to a certain
extent when trained on multiple domains, cross-subject models still underperform their within-
subject counterparts (if there is enough subject-specific data) [25]. This is because of the domain shift
between the training and test data, which arises from the different EEG patterns exhibited by different
individuals. Solutions mitigating such shifts are categorized as domain adaptation methods. In the
context of domain adaptation, data from the training subjects is often referred to as source data whereas
data from the test subject is referred to as target data. Depending on the setting and the availability of
target data, different solutions such as supervised few-shot learning, unsupervised domain adaptation
(UDA) and online test-time adaptation (OTTA) are applicable.

Compared to the typically employed within-subject decoders that are trained once with subject-
specific training data, this approach has multiple advantages. It can be 1) calibration-free and is
therefore able to immediately provide feedback to facilitate user learning without a dedicated calibra-
tion phase for the target user. Through the usage of a cross-subject model we also 2) eliminate the risk
of building a subject-specific decoder based on bad data that would potentially hamper subsequent
user learning [26]. Further, the domain adaptation part of our framework allows the model to 3) evolve
from a generic model towards a user-specific model. Through the continuous adaptation during OTTA,
the decoder can also adapt to behavioral changes within the user which enables mutual learning of
user and decoder.

In this work, we present a comprehensive guide on effectively utilizing existing DL models for
online BCI decoding by employing RAP and various domain adaptation techniques to address distinct
data settings. Our goal is to offer practical insights that will serve as a foundation for future online
studies using DL. By addressing this critical research gap, this work could transform the design and
operation of future closed-loop BCIs, potentially leading to a significant reduction of BCI inefficiency
rates.

2. Materials and Methods

2.1. Datasets

We employ the large EEG Database [27] published by Dreyer et al. in 2023 and the OpenBMI
dataset [5] published by Lee et al. in 2019. In this section we will briefly present both datasets.

The Dreyer2023 dataset contains motor imagery EEG data from 87 subjects. The participants were
asked to imagine movements of the right or left hand during the trials. The EEG montage consists
of 27 scalp electrodes distributed over the motor cortex. We exclude 8 subjects due to artifacts and
missing data, yielding effectively 79 subjects.

For each subject a total of 240 trials were recorded. The trials were recorded in 6 runs with 40
trials per run. During the first two runs, sham feedback was provided to familiarize the user with the
visual feedback during the closed-loop phase. With the trials from the first two runs, an algorithm
consisting of CSP and LDA was trained. This algorithm delivered the feedback during the last 4 runs.
The feedback was updated every 62.5 ms, i.e., with an update frequency of 16 Hz.
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Each trial lasts a total of 8 seconds and the trial structure is visualized in Figure 1. After an
initial fixation cross and an auditory signal, the cue is presented for 1.25 seconds followed by 3.75
seconds of feedback. Since [27] used a sliding window of one second and provided feedback from
4.25 s after trial onset, we use the data from 3.25 s - 8 s after trial onset (green outline in Figure 1) for
classification to match their setting. This yields an effective trial length of 4.75 seconds. The update
frequency of 16 Hz leads to a 15

16 = 93.75% overlap between consecutive windows and a total of
(4.75 s − 1 s) · 16 Hz + 1 = 61 windows per trial.

For preprocessing, we employ a 5 Hz - 35 Hz bandpass filter as in [27] for all subjects and
downsample the data from 512 Hz to 256 Hz.

The Lee2019 dataset contains EEG data from 54 subjects performing the same binary classification
task as in [27] recorded with 62 electrodes of which the 20 sensors above the motor cortex were selected.
The dataset is divided in an offline and an online session, each containing a total of 100 trials per
subject. Similarly to the Dreyer2023 dataset, a combination of CSP and LDA was used to provide the
visual feedback during the closed-loop phase. No (sham) feedback was provided during the offline
session.

Each trial lasts a total of 7 seconds, with 3 seconds of fixation followed by 4 seconds of MI. The
cue was present during the whole 4 seconds of imagery and the feedback was indicated by the position
of a small cross within the arrow used for the cue. As [5] originally uses a relatively slow online setting
(1.5 s window, 2 Hz update frequency) and further cropped their trials to a length of 2.5 s, we decided
to take over the setting from [27] to have a more challenging task as well as better comparability
between the datasets. Starting from 0.25 s after the cue onset, this yields trial lengths of 3.75 s (green
outline in Figure 1) and results in 45 windows per trial.

For preprocessing, we employ a 8 Hz - 30 Hz bandpass filter as in [5] for all subjects and down-
sample the data from 1000 Hz to 256 Hz.
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Figure 1. Trial structure for both datasets. Each trial starts with a fixation cross. For the Dreyer2023
dataset this is followed by an auditory signal. The cue occurs after 3 seconds for both datasets. For the
Dreyer2023 dataset the cue is present for 1.25 seconds and followed by a 3.75 second feedback phase.
For the Lee2029 dataset, the cue is present during the whole trial and the feedback is indicated by the
position of a small cross within the cue arrow. Between the trials a blank screen is displayed. The time
period used for classification is indicated by the green outline.

2.2. Real-Time Adaptive Pooling

There is a vast number of different deep learning architectures in BCI decoding [17] and a huge
effort is spend on creating increasingly complex architectures [28]. However, simple and shallow
CNNs have shown to perform on a similar level across different datasets while keeping a lower
computational complexity [23,28,29]. Therefore, we will employ BaseNet [29], a modern evolution of
the popular shallow architectures EEGNet [25] and ShallowNet [24] to showcase our method. The
main contributions of this paper are the proposed real-time adaptive pooling (RAP) method and
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the various domain adaptation techniques to enable cross-subject generalization for online decoding.
These ideas are applicable to any convolutional architecture that employs pooling layers.

As discussed previously, current deep learning models are rarely employed for online decoding
[18]. We argue that this is in part due to the unclear process of transitioning from offline to online
models, as well as the increased computational complexity associated with decoding sliding windows.
Solving both issues, we will propose a simple yet effective parameter-free method RAP to tune existing
offline models towards online decoding whilst keeping the computational complexity during training
close to single-trial decoding. We briefly sketched this idea in a previous short conference paper [30].

As online decoding needs a high update frequency (e.g., 16 Hz) to provide continuous feedback,
there is a high overlap between consecutive windows (e.g., 15

16 for a 1 s window). This overlap is also
present in the intermediate layers of a deep learning model as previously stated in [24]. In [24], a
’cropped training’ strategy is used to stabilize the training of a model used for single-trial decoding. Its
idea is to build a model that uses a convolutional layer for the last layer to get multiple predictions
for one trial which are based on temporally shifted crops of the trial. The underlying objective is to
thereby regularize the model to learn features that are present in all crops by employing this temporal
ensemble. Ultimately, all predictions of one trial are averaged to get one prediction per trial.

RAP also exploits the overlap in the intermediate layers but is designed and parameterized
explicitly for the purpose of online decoding and its particular requirements. Specifically, RAP tunes
the kernel lengths ki and stride lengths si of the pooling layers in a model such that it suits the online
decoding problem. As this method is applicable to any CNN, we will present our approach for the
general case of P pooling layers.

The first P − 1 pooling layers are used to downsample the original input from a sampling
frequency fs to an intermediate frequency finter.

finter =
fs

∏P−1
i=1 ki

, ki = si∀i ≤ P − 1 (1)

The values of ki and si can be chosen arbitrarily as long as the resulting intermediate frequency
finter is equal to the update frequency fu or an integer multiple of it. For BaseNet (P = 2), we use
fs = 256 Hz, k1 = s1 = 8 and consequently finter = 32 Hz (compare Figure 2A). For models with only
one pooling layer (P = 1), the downsampling stage would be dropped and finter = fs.

The last pooling layer P is used to extract overlapping sliding windows which fulfill the require-
ments of the online application (window length Tw in seconds and update frequency fu in Hertz). The
kernel size kP is chosen based on the window length Tw whereas the stride sP depends on the update
frequency fu.

kP = finter · Tw, sP =
finter

fu
(2)

For our datasets and decoding problem we chose Tw = 1 s and fu = 16 Hz. Hence k2 = 32 and s2 = 2.
The extraction of the overlapping sliding windows through the last pooling layer is visualized in
Figure 2B for the Dreyer2023 dataset.
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Figure 2. A) BaseNet architecture and output dimensions of joint decoding (upper illustration) and
individual windows (lower illustration) for the Dreyer2023 dataset. Layer names are specified following
the PyTorch API conventions. For Conv2d layers, the first value indicates the number of filters, and the
tuple represents the kernel size. In the pooling layers, the first tuple indicates the kernel size, while
the second tuple specifies the stride. B) Visualization of the sliding window extraction in the second
pooling layer of BaseNet.

Through this re-parameterization, RAP provides the possibility to systematically transition any
CNN that was initially designed for offline decoding towards online decoding.

By re-parameterizing the pooling layers in this manner, any CNN that initially was developed for
offline decoding acquires the ability to decode individual windows separately as well as jointly (e.g., a
whole trial). Importantly, the model always outputs a prediction vector with the length equal to the
number of windows Nw, regardless of the number of consecutive windows decoded jointly. Thus for
any input X with time length T = Tw + (Nw − 1) · 1

fu
in seconds:

X ∈ RC×T· fs ; y = f (X) ∈ RNw ; Nw = (T − Tw) · fu + 1 (3)

It is important to mention that due to the padding properties of convolutional layers, decoding a
window jointly with other windows yields a slightly different output than decoding it individually. As
joint decoding is only used for training and each window is decoded individually during inference,
these minor effects at the window edges do not influence the test result and are thus negligible.

Decoding all windows of one trial of length Tt jointly is computationally very efficient and
requires the calculation of Tt · fs samples. Decoding all Nw windows of length Tw individually requires
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the calculation of Nw · Tw · fs samples. Hence the gain in speed or the reduction of computational
complexity (in the convolutional layers) through joint decoding during training is given by

Tw

Tt
· Nw (4)

For our datasets and setting (Tt = 4.75 s/3.75 s, Tw = 1 s, fu = 16 Hz), this corresponds to factors of
∼ 12.84 and 12 respectively. The computational gain of joint decoding is also visualized in Figure 3 for
different trial and window lengths. Table A1 additionally provides an overview of all dataset and RAP
hyperparamters with units.

2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.5 6.0
trial length Tt in s
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5
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20

ga
in

Tw = 0.5 s
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Tw = 2.0 s
Dreyer2023
Lee2019

Figure 3. Computational gain of joint decoding for fu = 16 Hz and different trial lengths Tt and
window lengths Tw.

During inference, the trained DL model processes each single window of time length Tw = 1 s
independently, as required for real-time online decoding (see second data stream of Figure 2A). This
approach is crucial for maintaining low latency in the BCI. Unlike joint decoding used during training,
which accelerates processing, applying it during inference would necessitate waiting until the end of
the trial to generate a prediction vector, undermining the real-time requirement. To meet the real-time
constraint, each window must be decoded within 1

fu
= 62.5 ms. The inference times will be reported

later in section 3.2.4.

2.3. Training

2.3.1. Data Split

Generally speaking, there are two main settings to train BCI models, one is the within-subject
setting, the other one is the cross-subject setting. While we will focus on the cross-subject setting
due to the data requirements of DL mentioned earlier, we still include the within-subject setting for
completeness.

As both datasets have a slightly different structure, we will use the terms offline (first two runs
in the Dreyer2023 dataset, first session in the Lee2019 dataset) and online data (last four runs in the
Dreyer2023 dataset, second session in the Lee2019 dataset) in the following to explain the data splits.

Within-subject: We train one model per subject on its offline data and test the model on the online
data of the same subject. We repeat this process for every subject and report the average and standard
deviation between the subjects.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2024 doi:10.20944/preprints202407.2370.v2

https://doi.org/10.20944/preprints202407.2370.v2


8 of 22

Cross-subject: We train our models in a leave-one-subject-out cross-subject setting. This means that
we train one model per subject using the offline data of the remaining 78/53 subjects. In the domain
adaptation context we refer to these 78/53 subjects used for training as source subjects. The subject used
for testing is called the target subject. Independent of the domain adaptation setting used, we always
report the test accuracy on the online data of the target subject which is not used at all during training.
We repeat this process for every subject and report the average and standard deviation between the
subjects.

The cross-subject data split resembles a realistic scenario, where a small amount of data from a
large number of subjects is available at the beginning of a study. Afterwards, the online BCI usage,
user training and model adaptation can be highly individual.

2.3.2. Training Procedure

We train all models with the training procedure described in [29] for both data splits. We
use an Adam optimizer with a learning rate of 10−3 and train each model for 100 epochs using a
learning rate scheduler with 20 warmup epochs. As the training process is stochastic (e.g., subject
selection, data shuffling, weight initialization and dropout), we train each model for five different
random seeds and report the average of these five runs. The complete source code is available at
https://github.com/martinwimpff/eeg-online.

2.4. Evaluation

Our most important metric is the trial-wise accuracy (TAcc) from [27]. We average the prediction
probabilities of all windows of each trial and check whether the mean prediction equals the correct label.
Through the averaging, more confident predictions are favored. Additionally, we also provide the
trial-wise accuracy without averaging which we call unaveraged trial-wise accuracy (uTAcc). Further,
we provide the window-wise accuracy (WAcc), i.e., the percentage of windows classified correctly. To
compare our methods, we perform one-sided paired t-tests between the trial-wise accuracies.

2.5. Transfer Learning and Domain Adaptation

Transfer learning (TL) typically involves utilizing knowledge or data from a source domain to
solve a task in the target domain. This approach reduces the amount of target data needed to address
the target task [31,32]. Within TL, a key distinction exists between domain generalization (DG) and
domain adaptation (DA) [33]. In DG, the target domain is unknown, so the source decoder must
generalize to any domain. Conversely, in DA, the target domain is known, and the source decoder is
specifically adapted to this particular domain. For our cross-subject setting, both aspects are important.
DG ensures that the initially trained cross-subject decoder has a certain generalization capability and
immediately provides good feedback to the user without any target data (zero-shot). This starting
point is especially important for subjects who initially have problems to elicit the proper brain signals
[26,34]. DA on the other hand adapts the initial decoder towards the target subject as target data
becomes accessible to mitigate the domain shift to improve the performance. In the following, we will
first formally describe our TL setting and the domain shift we face, followed by a detailed description
of the different domain adaptation approaches.

For the cross-subject setting, the source domain consists of N − 1 source subjects with Ns labeled
source trials {[(Xsi ,j, ysi ,j)]

Ns
j=1}

N−1
i=1 per subject. Depending on the domain adaptation setting, there

are either Nt labeled target trials {(Xt,j, yt,j)}Nt
j=1 or Nt unlabeled target trials {(Xt,j)}Nt

j=1 available for
calibration. In the calibration-free setting there are neither labeled nor unlabeled target trials available
and hence Nt = 0 [31].

Formally, a domain comprises a feature space X and a corresponding marginal probability
distribution P(X) with X ∈ X . A task includes a label space Y , a corresponding marginal probability
distribution P(y) with y ∈ Y , a conditional probability distribution P(y|X) and a prediction function
f (X) [31].
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This opens up many possible TL settings, e.g., cross-dataset settings where the feature spaces
of two domains [38,56] or the label spaces [37] can be different. However, in this work we consider
the case where the acquisition setup as well as the task is consistent across subjects, hence they share
a common feature and label space. What differs between the subjects is their marginal distribution
P(X) as well as the conditional distribution P(y|X). This is considered the most common TL setting
in BCI decoding [31]. To enhance the applicability of our method for future studies, we additionally
introduce a constraint to preserve the privacy of the source subjects. Specifically, we restrict the domain
adaptation solutions to be source-free, meaning that the source data is not available during the domain
adaptation process [40–45].

Since there is a large number of different approaches in DA, we will provide a simplified but clear
categorization of the most common source-free DA methods from a data availability perspective. This
simple categorization is visualized in Figure 4. We distinguish between labeled calibration data, unlabeled
calibration data and no calibration data, which yields the categories supervised DA, unsupervised DA
and online test-time adaptation (OTTA), respectively. This distinction makes sense for motor imagery
as subject-specific calibration data is not always available. If calibration data was previously recorded,
it can be labeled or unlabeled, e.g., in the case of voluntary imagined movements. To achieve the best
performance possible, the available data should be exploited as good as possible. In the following sections
we will shortly describe the different scenarios and how we use the datasets to investigate them.

domain adaptation

supervised domain
adaptation

unsupervised domain
adaptation

test-time
adaptation

labeled calibration
data unlabeled calibration data calibration-free

Figure 4. Simplified overview of the domain adaptation landscape. Italic text specifies requirements
regarding calibration data.

Supervised domain adaptation: Both datasets contain offline and online data, with the latter used
for testing as stated previously. The remaining offline data is the subject-specific calibration data.
In this setting, we use the calibration data to fine-tune the model towards the target subject in a
supervised fashion. This procedure is also termed supervised few-shot learning or supervised fine-
tuning/calibration and is the most common domain adaptation method [32]. Previous works can
be generally divided into source-free fine-tuning [23,28,37,38,46–49] and solutions where source and
target data are used jointly [50–53].

Unsupervised domain adaptation: The data split remains the same as in the previous setting, but with
the key difference that the labels of the subject-specific data are not available. This setting is sometimes also
called unsupervised few-shot learning or unsupervised offline fine-tuning/calibration. This setting has
also already been widely explored in the literature. While the distinction between source-free [43,47,54–57]
approaches and solutions using the source data during adaptation [36,49,58,59] can still be made, the
characteristics between different approaches are generally more diverse than in the supervised setting.

Online test-time adaptation: This setting is calibration-free and therefore only exploits the incoming
stream of unlabeled test data (the online data of the target subject) for adaptation. Importantly, this
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stream of data means that any adaptation method receives one sample at a time (single-instance
OTTA) and can only use the current sample and the previously decoded samples for adaptation.
Sometimes, an adaption buffer is built online to store the previous samples. The OTTA setting is
relatively unexplored in the BCI context [26,41,44,45]. [41] performs seizure prediction while [26,44,45]
perform motor imagery decoding with [26] using traditional methods and [44,45] employing deep
learning.

2.6. Alignment

Alignment is among the easiest and hence most common approaches to mitigate distribution shifts
and there are basically two variants of alignment, Euclidean alignment (EA) [28,43,44,47,51,54,57,59,60]
and Riemannian alignment (RA) [43,55,59,61–63]. Alignment generally modifies the input X of an
algorithm which enables it to be used for any decoding algorithm. The idea of alignment is to compute
a reference state per domain and then to re-center the data from each domain based on this reference
state. The underlying assumption is that the re-centered brain activity between domains is similar, i.e.,
the difference between domains lies (predominantly) in the reference state [63].

A reference covariance matrix is computed by either taking the Euclidean mean (arithmetic mean)
or the Riemannian mean (geometric mean) of all NS · Nw covariance matrices of the input windows
Xsi ,j ∈ RC×Tw · fs in one domain i with δ being the Riemannian distance:

R̄EA
i =

1
NS · Nw

NS ·Nw

∑
j=1

Xsi ,j · XT
si ,j; R̄RA

i = arg min
R

NS ·Nw

∑
j=1

δ2(R, Xsi ,j · XT
si ,j) (5)

The major disadvantage of the Riemannian mean R̄RA
i is that it has no closed form solution and hence

the mean has to be computed iteratively. The advantage of RA is that the geometric mean is less
susceptible to outliers compared to the arithmetic mean.

The alignment of the trials is similar between EA and RA.

X̃EA
si ,j = R̄EA,−1/2

i · Xsi ,j; X̃RA
si ,j = R̄RA,−1/2

i · Xsi ,j (6)

After alignment, the aligned windows X̃EA/RA
si ,j

are then used for decoding instead of the unaligned
windows Xsi ,j.

One remaining issue of alignment is the need of a reference state for each new domain. Conse-
quently, unlabeled calibration data is necessary. For the supervised and unsupervised setting we use
the offline data of the target subject to calculate the reference matrix. For the online setting there is no
calibration data available and thus the reference matrix has to be estimated online with the incoming
stream of target data as done in [26,44,45,60,61,63]. These approaches mainly differ in how they weight
the incoming samples (e.g., equal [26,44,61], linear [63] or exponential [45]) and how many samples
they use to compute the reference state, i.e., using an adaptation buffer [45,60] or not.

As our primary benchmarking method [26] uses equal weighting and no adaptation buffer for
their online setting, we will match this in our online setting for comparability.

2.7. Adaptive Batch Normalization

Adaptive Batch Normalization (AdaBN) [64] is a simple yet very effective DA strategy that
changes the statistics in all Batch Normalization (BN) layers of a model to adapt to a new domain.

Generally, BN addresses the internal covariate shifts during training by normalizing the data
within the model to speed up convergence and stabilize training. During training, each BN layer
normalizes each batch by using the batch statistics. Additionally, each BN layer keeps an exponential
moving average of the training statistics (i.e., mean µS and variance σ2

S). During inference, these
training statistics are then used to normalize the test samples.
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However, if there is a distribution shift between training and inference, this normalization fails,
i.e., the data is no longer normalized to zero mean and unit variance and hence the performance
drops. AdaBN solves this problem by replacing the source statistics µS and σ2

S by target statistics µT
and σ2

T . As with alignment, unlabeled target data is necessary for AdaBN to collect the target BN
statistics. For the supervised fine-tuning, AdaBN is not necessary, as the internal statistics in the BN
layers get updated implicitly during fine-tuning with the offline target data. For the unsupervised
setting we calculate the statistics using the offline data of the target subject as done in previous works
[36,47,55–57]. For the online setting [41,42,44,45,54], we will update the initial source statistics after
every window X from the online target data using a small momentum α = 0.001.

µi = (1 − α) · µi−1 + α · E[X]; µ0 = µS (7)

σ2
i = (1 − α) · σ2

i−1 + α · Var[X]; σ2
0 = σ2

S (8)

2.8. Entropy Minimization

Entropy minimization (EM) is a popular way to update the model parameters via an unsupervised
loss function. The entropy H(ŷ) of a prediction vector ŷ (C classes) is negatively correlated with the
confidence of a model such that the entropy of a very confident model is low and vice versa.

H(y) = −
C

∑
c=1

pc(ŷ) · log(pc(ŷ)) (9)

As a high confidence also correlates with a higher accuracy, the entropy can be exploited as a loss
function for unsupervised domain adaptation [43–45]. One important aspect of EM, however, is that
the predictions have to be reliable enough to use EM. Otherwise the adaptation reinforces existing
model errors. There are more sophisticated DA techniques such as mean teachers [66] and certainty
weighting [67], however, these approaches need longer adaptation periods and are thus not applicable
to our datasets.

2.9. Benchmark Method

We selected the adaptive Riemannian framework from [26] as our primary benchmark as it is a
very recent publication that employs traditional machine learning, is adaptive in different data settings
(both unsupervised and supervised) and was originally presented in a very similar setting to ours.
This makes it a competitive and fair choice to evaluate our approach against the current state-of-the-art
in online BCI MI decoding.

Specifically, [26] uses a minimum distance to mean (MDM) Riemannian geometry classifier that
uses RA by default, always requiring unlabeled target data, thereby categorizing it as unsupervised
domain adaptation. Additionally, they introduced an online RA estimator termed Generic Recentering
(GR) and a supervised fine-tuning strategy named Personally Adjusted Recentering (PAR). This results
in one method for each calibration data setting: RiemannMDM+PAR for supervised fine-tuning,
RiemannMDM for unsupervised fine-tuning, and RiemannMDM+GR for online adaptation.

3. Results

3.1. Within-Subject

The results of the within-subject experiments are displayed in Table 1. Two main observations
can be made for the within-subject setting. Firstly, for both datasets, RiemannMDM shows better
results than our method. Secondly, while the average accuracy of RiemannMDM is higher, the variance
between subjects is also higher. Due to the significant differences in average performance for the
Dreyer2023 dataset, we conducted an additional ablation study to examine the impact of training
data quantity on the results. Although both decoders generally benefit from increased training data,
BaseNet shows a larger improvement (see A.2).
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Table 1. Within-subject results. Results above the double line are for the Dreyer2023 dataset, below are
for the Lee2019 dataset.

Method TAcc(%) uTacc(%) WAcc(%)
RiemannMDM (p<0.001) 63.10 ± 14.79 62.57 ± 14.50 60.03 ± 11.52
BaseNet 57.96 ± 11.91 57.49 ± 11.46 56.14 ± 8.93

RiemannMDM (p=0.065) 62.46 ± 15.15 62.09 ± 14.79 60.52 ± 13.11
BaseNet 60.40 ± 12.74 59.53 ± 12.54 58.60 ± 10.85

3.2. Cross-Subject

3.2.1. Amount and Diversity of Training Data

To investigate the behavior of our method for the cross-subject setting under different data
compositions, we trained BaseNet for different amounts of training subjects (randomly picked) and
runs/sessions (sequentially picked, e.g., 4 runs equals picking the first four runs). The results are
shown in Figure 5 and Figure 6 for the Dreyer2023 datset and the Lee2019 dataset, respectively. We
performed statistical tests between compositions with the same total amount of training data but
different amounts of training subjects (above the boxplots) as well as between different amounts of
training data using the same number of subjects (below the boxplots). For both datasets, increasing
the number of runs/sessions per subject improves the final performance. The impact of subject
diversity yields two different outcomes. In the Dreyer2023 dataset, given the same amount of training
data, increasing the number of subjects always produces significantly better results compared to
increasing the number of runs per subject. Conversely, for the Lee2019 dataset, this pattern does not
hold. Performance remains quite similar regardless of the composition, and for some compositions,
increasing the number of sessions per subject even leads to a slightly better performance.
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Figure 5. Cross-subject results for the Dreyer2023 dataset for different data compositions. Each dot
resembles a subject, the stars within the brackets resemble the different significance levels (p<0.05(*),
p<0.01(**) and p<0.001(***)) when comparing two experiments connected by that bracket.
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Figure 6. Cross-subject results for the Lee2019 dataset for different data compositions. Each dot
resembles a subject, the stars within the brackets resemble the different significance levels (p<0.05(*),
p<0.01(**) and p<0.001(***)) when comparing two experiments connected by that bracket.

3.2.2. Domain Adaptation Settings

The cross-subject results under different DA settings are shown in Table 2 and Table 3 for the
Dreyer2023 dataset and the Lee2019 dataset, respectively. Based on the different DA settings (compare
Figure 4), we separate our results in three sections and compare them to the corresponding benchmark
method from [26].

Table 2. Dreyer2023 dataset cross-subject experiments. The stars after the method indicate the different
significance levels (p<0.05(*), p<0.01(**) and p<0.001(***)) compared to the benchmark method in the
same setting.

Method TAcc(%) uTacc(%) WAcc(%)
BaseNet 68.30 ± 14.34 67.71 ± 13.99 62.68 ± 10.90

su
pe

rv
is

ed RiemannMDM+PAR 67.35 ± 15.22 66.77 ± 14.95 62.99 ± 11.17
BaseNet*** 70.81 ± 15.10 70.03 ± 14.87 64.07 ± 11.39
BaseNet+EA*** 72.54 ± 15.56 71.93 ± 15.36 66.14 ± 12.11
BaseNet+RA*** 72.64 ± 15.54 72.09 ± 15.25 66.14 ± 12.15

un
su

pe
rv

is
ed

RiemannMDM 67.37 ± 15.17 66.74 ± 14.91 62.97 ± 11.16
BaseNet+EA*** 70.00 ± 14.97 69.59 ± 14.58 63.77 ± 11.14
BaseNet+RA*** 70.09 ± 15.08 69.61 ± 14.80 63.91 ± 11.30
BaseNet+AdaBN** 69.65 ± 14.94 69.05 ± 14.69 63.02 ± 11.11
BaseNet+EA+AdaBN*** 70.45 ± 15.09 69.86 ± 14.61 63.72 ± 11.06
BaseNet+RA+AdaBN*** 70.44 ± 15.10 69.76 ± 14.68 63.78 ± 11.13

on
lin

e

RiemannMDM+GR 69.31 ± 14.75 68.58 ± 14.31 63.48 ± 11.28
BaseNet+EA* 70.74 ± 14.97 70.23 ± 14.76 64.00 ± 11.16
BaseNet+RA** 70.94 ± 14.99 70.36 ± 14.57 64.15 ± 11.28
BaseNet+AdaBN (p=0.125) 70.16 ± 14.98 69.13 ± 14.52 62.69 ± 10.86
BaseNet+EA+AdaBN** 71.22 ± 14.74 70.33 ± 14.17 63.45 ± 10.62
BaseNet+RA+AdaBN** 71.21 ± 14.70 70.39 ± 14.17 63.48 ± 10.70
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Table 3. Lee2019 cross-subject experiments. The stars after the method indicate the different significance
levels (p<0.05(*), p<0.01(**) and p<0.001(***)) compared to the benchmark method in the same setting.

Method TAcc(%) uTacc(%) WAcc(%)
BaseNet 72.43 ± 14.65 71.60 ± 14.46 66.41 ± 12.04

su
pe

rv
is

ed RiemannMDM+PAR 65.06 ± 12.72 64.72 ± 12.99 62.63 ± 10.46
BaseNet*** 71.20 ± 14.58 70.46 ± 14.45 65.96 ± 12.48
BaseNet+EA*** 70.74 ± 15.78 70.30 ± 15.43 66.40 ± 13.20
BaseNet+RA*** 71.52 ± 15.19 71.04 ± 15.05 66.91 ± 12.85

un
su

pe
rv

is
ed

RiemannMDM 65.04 ± 12.74 64.67 ± 12.97 62.60 ± 10.42
BaseNet+EA*** 70.51 ± 15.65 69.97 ± 15.26 66.03 ± 12.39
BaseNet+RA*** 70.54 ± 15.65 70.12 ± 15.46 66.16 ± 12.63
BaseNet+AdaBN*** 71.61 ± 14.12 70.94 ± 13.98 66.10 ± 11.98
BaseNet+EA+AdaBN*** 70.19 ± 15.21 69.66 ± 14.84 65.83 ± 12.25
BaseNet+RA+AdaBN*** 70.32 ± 15.18 70.14 ± 14.97 66.09 ± 12.38

on
lin

e

RiemannMDM+GR 71.39 ± 12.52 71.09 ± 12.02 66.30 ± 10.24
BaseNet+EA*** 76.36 ± 14.19 75.65 ± 13.84 68.86 ± 11.81
BaseNet+RA*** 76.85 ± 14.14 76.27 ± 13.85 69.33 ± 11.87
BaseNet+AdaBN* 73.33 ± 14.17 72.32 ± 13.89 66.24 ± 11.60
BaseNet+EA+AdaBN*** 75.31 ± 13.40 74.60 ± 13.07 67.74 ± 11.19
BaseNet+RA+AdaBN*** 75.67 ± 13.35 74.89 ± 13.11 68.06 ± 11.25

For the supervised fine-tuning and the unsupervised fine-tuning setting, BaseNet performs
significantly better than the corresponding benchmark method regardless of the dataset and the specific
DA setting. However, for the Lee2019 dataset, using supervised or unsupervised DA deteriorates the
performance slightly compared to using the non-adapted source model.

In contrast, the online adaptation does work very well for both datasets. Compared to the
benchmark, our results for the Dreyer2023 dataset are significantly better for every DA method except
RA (p = 0.125). For the Lee2019 dataset, all DA methods are significantly better than the benchmark
method.

The unaveraged trial-wise accuracy is generally only slightly lower than the trial-wise accuracy,
indicating that there are not many windows with a high confidence. The window-wise accuracy is
lower than the trial-wise as expected.

3.2.3. Entropy

As mentioned earlier, entropy minimization can be an effective unsupervised loss function to
perform DA. Consequently, we tried to adapt the parameters of BaseNet via EM. However, the results
after adaptation were far below the results before adaptation or (for very low learning rates) at the
level of AdaBN. To explain the reason for this result, we investigate the confidence of our source model
in Figure 7. To do so, we binned the trials according to their entropy and plotted the accuracy per bin
in blue as well as the number of trials per bin in red. Figure 7 shows two effects. First, the entropy
increases with a decreasing accuracy as expected. Second, most of the trials are in the the last entropy
bin. Unfortunately, many of the trials in the last bin are not reliable (low accuracy) and therefore are a
bad label for the unsupervised domain adaptation. This explains the underwhelming results of EM.
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Figure 7. Accuracy and samples per entropy bin for BaseNet (width of each bin equals 0.1, starting
from 0). Each black dot resembles one subject. The trials are averaged over the seeds but the accuracies
are filtered, i.e., accuracies where no trials were in the entropy bin are removed and thus no averaging
can be performed.

3.2.4. Results per Window

Another important aspect of online decoding is the performance throughout a trial to check
whether a subject is able to perform MI long enough. Figure 8 shows the window-wise accuracy over
time. Generally, the accuracy is pretty stable over time, with only a slight decrease over time. This
means that firstly, the subject is able to perform the MI long enough and, secondly, our model does not
have any boundary effects due to padding, cueing or joint decoding during training.

To validate the computational feasibility, we measured the inference time for a single window
on a CPU (Intel i7-1195G7 with 4 cores). The results showed that BaseNet had an inference time of
2.15 ms, while RiemannMDM achieved 0.5 ms. It is expected that DL models have a higher inference
time than less complex traditional methods. Although BaseNets inference time is approximately four
times higher than that of the benchmark method, both algorithms remain suitable for online decoding
(≪ 1

fu
= 62.5 ms).
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Figure 8. Accuracies per window for BaseNet. Each black line indicates one subject, the red line
corresponds to the average and the blue lines correspond to the average ± standard deviation.

3.2.5. Spatial Patterns

To validate our results further, we employ the electrode discriminancy score (EDS) from [26]. The
EDS calculates the difference between the initial accuracy and the accuracy if one electrode is dropped
(i.e., set to zero) during inference. Thus, a high EDS indicates a significant performance drop when that
sensor is removed. The results are presented in Figure 9. For both datasets, the C3 and C4 electrode
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yield the highest EDS. For the Lee2019 dataset other sensors such as the FC1 electrode and the sensors
in the central parietal region of the cortex additionally exhibit high EDS.
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Figure 9. Topoplots of the EDS scores for BaseNet and both datasets. Good subjects have a TAcc > 70%,
bad subjects yield a performance below or equal to this threshold.

4. Discussion

The results show that our proposed method is an effective approach to tune existing DL models
towards online BCI MI decoding. In the following sections, we will discuss the prerequisites regarding
data availability and data composition as well as the differences between the DA approaches and the
general limitations of our investigation.

4.1. Data Availability and Data Composition

Generally, data availability and composition dictate the overall training strategy. If there is
insufficient data from other subjects to train a cross-subject decoder, a within-subject decoder using
subject-specific data must be trained. In this case, a poor generalization of this decoder to other subjects
is highly expected. Additionally, the cognitive and physical demands placed on the subject during data
acquisition impact the volume of subject-specific data that can be collected. This, in turn, influences
the selection of the appropriate decoding algorithm. For low amounts of data, traditional machine
learning methods such as RiemannMDM from [26] or combinations of CSP and LDA are the better
choice over DL solutions for within-subject BCI MI decoding as evidenced by Table 1. As more data
becomes available, training within-subject DL models starts to get useful (see A.2).

If there is enough data from other subjects, training in a cross-subject setting becomes feasible.
This setting is advantageous for DL as the increased data volume typically enables DL models to exhibit
better performances as shown in Figure 5 and Figure 6. The influence of the composition of data (i.e.,
how many subjects and how many runs/sessions per subject are available) is more complex. Generally,
a high subject diversity improves the performance as evidenced by [28] and our experiments on the
Dreyer2023 dataset. For the Lee2019 dataset on the other hand, we observed that the composition of
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subjects and sessions has almost no influence on the final performance. We explain this by the domain
shift introduced between offline and online session. Firstly, the sessions of the Lee2019 dataset were
recorded on different days, and secondly, unlike the Dreyer2023 routine, there was no sham feedback
during the offline sessions. These two aspects might influence the results in Figure 6. The additional
sessions introduce some data diversity compared to the additional data coming from the same session
as in the Dreyer2023 dataset. Further, the domain shift between offline and online session in terms of
recording procedure (i.e., visual feedback) [11] could likely be reduced through the inclusion of online
sessions in the training data.

Besides the domain shift between offline and online data, there also exists an even bigger domain
shift between the data from the source subjects and the data from the target subject due to the large
subject-to-subject differences that are naturally present in any EEG recording. These domain shifts can
be mitigated through the usage of different DA strategies depending on the availability of target data.

4.2. Domain Adaptation

As mentioned previously, the feasibility of certain DA strategies depends on the availability
of target data. Using DL, supervised fine-tuning is the most effective strategy for the Dreyer2023
dataset, followed by online adaption. This effectiveness is likely due to the minimal domain shift
between calibration and test data, enabling successful fine-tuning with offline data. For the traditional
ML approach on the other hand, the online adaptation strategy yields the best results followed by
supervised and unsupervised fine-tuning, between which no differences are observed.

For the Lee2019 dataset, the same observations can be made for the traditional methods. However,
the supervised and unsupervised fine-tuning approaches for BaseNet generally underperform the
source performance. This can probably also be attributed to the shift between offline and online data
which complicates fine-tuning with offline data. Notably, this dataset shows large improvements
through online adaptation, further supporting our previous assumptions about the domain shift
between the offline and online data. BaseNet using online alignment improves the initial source
performance by over 4% and RiemannMDM+GR outperforms RiemannMDM and RiemannMDM+PAR
by over 6%. Comparing the results from Table 2 and 3, the performance improvement of the online
adaptation is larger for the Lee2019 dataset than for the Dreyer2023 dataset, i.e., the online adaptation
helps to overcome the stronger inter-session domain shift in Lee2019.

Despite having the lowest data requirements regarding target data (calibration-free), the online
adaptation methods yield excellent results for both datasets and both approaches (i.e., traditional
methods and DL solutions). This supports the upcoming research of online adaptation methods for
BCI MI decoding [26,44,45]. Unexpected domain shifts can occur during inference, regardless of how
well a BCI is designed (e.g., due to electrode movement or changes in user behavior). Therefore, it
is advisable to use online adaptation methods rather than offline adaptation methods. Additionally,
online adaptation supports calibration-free BCI usage, allowing for instant user learning and thus
promoting an immediate process of continuous mutual learning between the user and the decoder.

4.3. Limitations

The most important limitation of our study is that despite investigating online adaptation, our
experiments were conducted on previously recorded datasets and are thus pseudo-online. Since
we performed an offline study, we did also not investigate the translation of model predictions into
feedback signals. Both online decoder adaptation and the specific feedback signal likely influence
user behavior, which could either deteriorate or improve performance further. In other words, true
closed-loop experiments are required in a future study to explore the mutual influence of online
decoder adaptation and behavioral change of the user.

Furthermore, the online adaptation time is fixed (i.e., the same number of online trials is available
for all subjects) and relatively short. Consequently, we cannot accommodate user-specific needs,
such as longer learning periods [12]. Due to the short training time per user (few trials, one session),
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our methods still need to be evaluated for their effectiveness concerning long-term changes within
individual users. Additionally, longer learning periods would open up new possibilities for more
sophisticated DA methods.

5. Conclusions

In conclusion, our method RAP successfully adapts existing offline DL models for online de-
coding, overcoming the three primary challenges of employing DL for real-time BCI applications.
By addressing the transition from offline to online models, reducing computational demands and
minimizing subject-specific data requirements through domain adaptation, our approach proves to be
both powerful and potentially calibration-free. Our experiments, conducted on a total of 133 subjects,
reveal that online adaptation, despite having the lowest target data requirements, yields the best overall
results. These findings demonstrate the potential of our method for practical real-time BCI applications
and pave the way for developing co-adaptive, highly efficient DL-based BCI systems. However, to
fully understand the effects of model adaptation on user adaptation and long-term changes, an online
BCI study is necessary.
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Appendix A.

Appendix A.1. Dataset and RAP Hyperparameters

Table A1. Dataset and RAP hyperparameters with units for both datasets.

dataset Tt Tw fs finter fu ki si Nw
Dreyer2023 4.75 s 1 s 256 Hz 32 Hz 16 Hz [8, 32] [8, 2] 61

Lee2019 3.75 s 1 s 256 Hz 32 Hz 16 Hz [8, 32] [8, 2] 45

Appendix A.2. Within-Subject

To investigate how the amount of training data influences the results for the within-subject setting,
we trained the algorithms on the Dreyer2023 dataset and varied the amount of runs used for training.
All runs were tested on the data from the last run. The results are displayed in Figure A1.
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Figure A1. Within-subject results for Dreyer2023 and different amounts of training data. Each dot
resembles a subject, the stars within the brackets resemble the different significance levels (p<0.05(*),
p<0.01(**) and p<0.001(***)) when comparing two experiments connected by that bracket.
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