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Abstract

Objective. Machine learning has enhanced the performance of decoding signals indicating human
behaviour. Electroencephalography (EEG) brainwave decoding, as an exemplar indicating neural
activity and human thoughts non-invasively, has been helpful in neural activity analysis and aiding
paralysed patients via brain-computer interfaces. However, training machine learning algorithms
on EEG encounters two primary challenges: variability across data sets and privacy concerns using
data from individuals and data centres. Our objective is to address these challenges by integrating
transfer learning for data variability and federated learning for data privacy into a unified
approach. Approach. We introduce the ‘Sandwich’ as a novel deep privacy-preserving
meta-framework combining transfer learning and federated learning. The ‘Sandwich’ framework
comprises three components: federated networks (first layers) that handle data set differences at
the input level, a shared network (middle layer) learning common rules and applying transfer
learning techniques, and individual classifiers (final layers) for specific brain tasks of each data set.
This structure enables the central network (central server) to benefit from multiple data sets, while
local branches (local servers) maintain data and label privacy. Main results. We evaluated the
‘Sandwich’ meta-architecture in various configurations using the BEETL motor imagery challenge,
a benchmark for heterogeneous EEG data sets. Compared with baseline models like Shallow
ConvNet and EEGInception, our ‘Sandwich’ implementations showed superior performance. The
best-performing model, the Inception SanDwich with deep set alignment (Inception-SD-Deepset),
exceeded baseline methods by 9%. Significance. The ‘Sandwich’ framework demonstrates
advancements in federated deep transfer learning for diverse tasks and data sets. It outperforms
conventional deep learning methods, showcasing the potential for effective use of larger,
heterogeneous data sets with enhanced privacy. In addition, through its diverse implementations
with various backbone architectures and transfer learning approaches, the ‘Sandwich’ framework
shows the potential as a model-agnostic meta-framework for decoding time series data like EEG,
suggesting a direction towards large-scale brainwave decoding by combining deep transfer learning
with privacy-preserving federated learning.

1. Introduction environment. Brain-computer interfaces (BCls) have

emerged as a promising solution aimed at assist-

Disabilities, paralysis, and conditions such as stroke
exert a profound impact on individuals, signific-
antly impairing their ability to engage with their

© 2025 The Author(s). Published by IOP Publishing Ltd

ing individuals in regaining lost functionalities [ 1, 2].
BClIs represent interfaces designed to decode the
intricate patterns of human brainwave activity and
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translate them into computer commands. These
commands are subsequently employed to oversee
real-time systems, e.g. wheelchairs or video games.
Advancements have been achieved in the field of
invasive BCI methodologies [3]. However, invas-
ive BCI typically necessitates surgical interventions,
which are not universally accessible or desirable.
Among the various non-invasive BCI techniques,
Electroencephalography (EEG) stands out as a safe
and relatively non-expansive choice. EEG entails the
measurement of cortical field potentials emanat-
ing from the scalp’s surface. Within this context,
the application of deep learning has emerged as a
potent approach, obviating the need for manual fea-
ture engineering while eliminating inherent biases [4,
5]. Nevertheless, EEG recordings often exhibit chal-
lenges of low signal-to-noise ratio and cross-subject
or cross-dataset variabilities stemming from differ-
ences in scalp sensor placements, sensor impedance,
individual brain anatomy, functional organisation
and different tasks performed during data collec-
tion. Consequently, BCI systems typically mandate an
extensive training period, sometimes for months, for
new users to attain a personalised and stable decoding
mechanism, thereby impeding the seamless integra-
tion of BClIs into real-world applications. To amelior-
ate these challenges, our study employs a combination
of deep learning and transfer learning methodologies
to enhance EEG-BCI decoding.

Deep learning has been widely used for EEG
decoding [1, 2]. Convolutional neural networks
(CNNs) have gained widespread adoption in the
domain of EEG decoding across various fields,
including applications like detection,
Parkinson’s disease diagnosis, and motor imagery
(MI) decoding, as evidenced by prior studies [6—
8]. CNNs have risen to prominence and serve as
benchmarks in fields like MI decoding in the exist-
ing literature [5]. CNNs offer a distinct advantage
in their ability to extract relevant features from raw
EEG data autonomously. This autonomous feature
learning capability is especially valuable as it obviates
the need for subjective decisions often made during
handcrafted EEG processing, thereby mitigating the
risk of biased feature extraction [9, 10].

Nonetheless, the utilisation of deep learning tech-
niques in EEG analysis poses a notable challenge
known as the negative transfer problem, as high-
lighted in previous research [11, 12]. This challenge
manifests as a significant drop in the accuracy of
CNNs when they are trained on EEG data sourced
from multiple subjects or data sets, which is caused
by the disparate distributions across data sets. The
underlying source of this dissimilarity stems from
inter-subject variability, encompassing differences in
skull shapes, brain anatomies, and brain functionalit-
ies. Consequently, due to this negative transfer effect,

seizure
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it becomes impractical to directly apply EEG data
from other individuals, data sets and tasks to com-
pensate for the scarcity of relevant data. Moreover,
CNNs are renowned for their requirement for large
amounts of data. Consequently, most BCI solutions
continue to necessitate the collection of extensive
EEG data sets from users across numerous sessions
to attain stable and desirable levels of accuracy. These
prolonged training periods impede user motivation
and stand as one of the principal challenges confront-
ing the field of BCL.

Transfer learning has emerged as a promising
solution to effectively merge data from various data
sets, even those originating from domains with
distinct data distributions. Transfer learning [13]
encompasses a wide array of algorithms with the over-
arching goal of transferring knowledge and repres-
entations gleaned from source domains to a target
domain. Some strategies have been developed in this
context, primarily within fields such as computer vis-
ion and natural language processing. One straightfor-
ward approach is fine-tuning, frequently employed
to transfer model representations from one specific
task or data set to another [14]. In fine-tuning, neural
networks are initially pre-trained on one domain
and subsequently fine-tuned on the target domain,
effectively adapting their learned features to the new
data distribution. Another strategy involves training
a shared network in early layers that simultaneously
incorporates all available data sets but distinguishes
and adapts the deeper layers to accommodate the
unique characteristics of each data set [ 15]. Moreover,
deep domain adaptation [16] represents a technique
that maps source and target data distributions into a
unified distribution using Neural Networks. With this
approach, methods enable data from source domains
to contribute to improving the model’s performance
on the target domain, bridging the gap between dif-
ferent data distributions.

Some studies have tried to apply these con-
cepts to EEG decoding [17, 18]. For example [19],
a deep transfer network was introduced to trans-
fer knowledge representations from images to EEG
images. Another study enhanced domain adapta-
tion by incorporating an adversarial network into
the architecture, leading to improved performance
[20]. Additionally, in the realm of MI decoding,
pre-training and fine-tuning strategies were lever-
aged in a study [21] to develop effective models.
Moreover, a deep domain adaptation network was
utilised to facilitate the transfer of data represent-
ations between different subjects in EEG decoding
[22], with a focus on separating the deeper layers of
the network to accommodate the individual subject
differences. However, despite these advancements,
two challenges remain in the literature. Firstly, while
current domain adaptation networks are effective in
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transferring data distribution from one data set to
another (one-to-one transfer), successfully address-
ing the transfer of multiple data sets to a single target
(multiple-to-one transfer) has not been fully resolved.
Secondly, the field still faces the challenge of trans-
fer learning involving multiple EEG decoding tasks.
These challenges constrain the ability to leverage a
diverse range of data for training deep-learning mod-
els with the highest possible accuracy.

A significant attempt to address these challenges
was the international BEETL BCI competition, which
took place at NeurIPS 2021 [23]. The competition
centred around cross-dataset and cross-task EEG
transfer learning and garnered substantial academic
attention. Various successful solution algorithms
using deep transfer learning were developed to tackle
the BEETL challenge, offering insights for cross-
dataset and cross-task EEG transfer learning. Some
other studies in the realm of EEG transfer learn-
ing have explored various distribution alignment
approaches to align data sets and domains from
different sources. One of the techniques includes
Maximum-Mean Discrepancy (MMD), which has
been employed for inter-subject transfer learning
in EEG decoding [12, 16, 24]. Maximum Density
Divergence has also been utilised as a metric for meas-
uring distributional dissimilarity in EEG data trans-
fer scenarios [25, 26]. Moreover, set theory combined
with deep learning was introduced into EEG trans-
fer learning [23, 27, 28] to deal with variability across
data sets.

However, another challenge arises for cross-
dataset transfer learning: the imperative of pri-
vacy preservation. As machine learning algorithms
increasingly demonstrate their capacity to harness
heterogeneous EEG data sets sourced from various
data centres and providers for large-scale applica-
tions, the safeguarding of EEG data privacy becomes
a primary concern. It is crucial to acknowledge
that brainwave data contains intricate and sens-
itive information, encompassing images, text, and
even individual identities, all of which machine
learning algorithms possess the potential to unveil.
Consequently, the practice of sharing EEG data across
data centres or international borders encounters sub-
stantial regulatory and legal restrictions, exemplified
by stringent frameworks such as the EU’s GDPR data
policy and ongoing data disputes involving nations
like China and the United States.

There are some strategies for privacy-preserving
in the machine learning literature [29-33]. Federated
Learning [29, 34] stands as an approach where mod-
els are trained on edge servers, eliminating the need
for raw data exchange. While this method effect-
ively safeguards privacy, it maintains the ability
for collaborative model training, striking a balance
between data security and model improvement. Data
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Encryption Methods [30] take the path of encrypt-
ing either the raw data or model parameters, yet
this approach introduces an encoding—decoding pro-
cedure that comes at the cost of additional compu-
tational resources. Data Transformation Techniques
[31], such as the introduction of cancelable noise to
local gradients or parameters prior to their transmis-
sion to a central server, offer a means of safeguard-
ing individual data privacy, which also introduces
extra computational costs. These techniques obscure
sensitive information while allowing for secure data
sharing. Model Splitting Methods [32] allocate dis-
tinct model parameters to various data sets, ensur-
ing the protection of each individual’s model pri-
vacy. This approach contributes to enhanced data
security within collaborative settings. Multi-party
Computation [33] involves local model training by
individual parties followed by secure aggregation of
model updates conducted by a trusted third party.
This method protects privacy while enabling the
improvement of the collaborative model.

Nonetheless, the suitability of these methods for
brainwave decoding has not been universally estab-
lished. Furthermore, these approaches may introduce
additional computational costs, which could impede
training efficiency, particularly when dealing with
large-scale EEG data sets. Balancing privacy with the
practicalities of EEG data analysis remains an ongo-
ing challenge in BCIs. Several studies within the EEG
literature have delved into privacy preservation [35—
38], leveraging the methods previously discussed.
Additionally, there have been endeavours to enhance
privacy preservation through improved protocols and
user-level system design [39]. Recent investigations
[12, 38] explored the deployment of distributed indi-
vidual feature extractors, allowing for the accom-
modation of EEG differences of individual data sets
while upholding data privacy without incurring the
additional costs associated with encryption. However,
it is important to note that the studies mentioned
thus far could not fully address the challenge of
cross-dataset transfer learning when handling differ-
ent tasks while simultaneously maintaining the pri-
vacy of data, parameters and inference. This limit-
ation can restrict the utilisation of large-scale EEG
data in real life. Consequently, the development of
privacy-preserving methods capable of accommodat-
ing diverse tasks within cross-dataset transfer learn-
ing remains an ongoing challenge in the EEG research
landscape.

In summary, below we highlight three challenges
in the literature that pose potential barriers to the
advancement of large-scale EEG transfer learning.
Firstly, addressing the variability in experiment setups
in different data sets, including differences in EEG
input shapes, impedance, and sensor positions, is still
a challenge. A solution is needed to harmonize these
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Figure 1. Demonstration of the privacy-preserving deep transfer learning. Conventional transfer learning involves pooling source
data sets on a central server, whereas, in the Sandwich framework, data are encrypted as features in the local network before
common knowledge training. Moreover, the privacy-preserving transfer learning framework enables predictions to be made on
local branches, ensuring data privacy and security from the prediction level.

disparities for effective cross-dataset transfer learn-
ing. A second challenge is learning common know-
ledge across data sets as well as being able to differen-
tiate the information of each individual data set. The
key challenge is to find a solution that learns com-
mon knowledge across data sets and maintains their
individual properties. Developing approaches that
enable the incorporation of diverse tasks into a uni-
fied model is pivotal for comprehensive EEG trans-
fer learning. The final challenge is to build a trans-
fer learning model that integrates privacy-preserving
properties. Ensuring the privacy of EEG data stored
in various data centres is important for encouraging
secure and seamless data sharing. Robust methods
for privacy preservation should be integrated into
the transfer learning process to facilitate collaborat-
ive research while safeguarding sensitive information.
These challenges collectively underscore the complex-
ity of large-scale EEG transfer learning and emphasise
the need for innovative solutions that address these
issues to unlock the full potential of EEG data in
diverse applications.

In our research, we introduce a model-
agnostic deep privacy-preserving meta-framework
to tackle the aforementioned challenges, termed the
‘Sandwich’ due to its 3-layer structure, a demon-
stration of the concept is shown in figure 1. The
Sandwich framework is specifically engineered to
integrate privacy-preserving features into deep trans-
fer learning for EEG decoding across multiple data
sets and tasks. Our study presents various imple-
mentations of the meta-architecture to show its ver-
satility, as well as demonstrating improvements in
decoding accuracies on the BEETL BCI challenge

when compared to baseline methods. Moreover, we
introduce the enhanced privacy-preserving capabil-
ities and the ability to utilise heterogeneous data sets,
underscoring its potential to advance the field of BCIs
towards larger-scale EEG transfer learning.

2. Methods

2.1. Dataset and experimental protocol

The proposed architectures are testing using the MI
BCI task of the BEETL competition as an example
of cross-dataset and cross-tasking real-world chal-
lenges. To provide a visual overview, figure 2 and
table A1 depict the data sets employed in the BEETL
MI task. The dataset comprises three distinct source
data sets, each characterised by unique devices and
data collection protocols. Specifically, the Cho2017
data set [40] encompasses 52 subjects engaged in left
and right-hand MI tasks. Moving on, the BCICIV2a
dataset [41] involves nine subjects participating in
MI tasks involving left-hand, right-hand, feet, and
tongue actions. Subjects 1, 3, 7, 8, and 9 were used in
this study based on superior data quality, narrowly
defined as embedding better discriminative features,
as sources. As one of the pilot studies in cross-dataset
EEG transfer learning, it is crucial to guarantee better
quality sources for transfer learning in case of trans-
ferring noise from the source. Similarly, the PhysioMI
dataset [14, 42], the third source dataset, contains a
substantial 109 subjects. Based on the same standard
of discriminative feature, subjects 1, 7, 17, 24, 28,
31, 33, 34, 35, 42, 49, 52, 54, 55, 56, 60, 62, 63, 68,
71, 72, 73, 85, 91, 93, 94, and 103 are used as source
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Figure 2. The source data sets (columns 1-3 in blue) and the target set (columns 4 and 5 in red) used in this study. All data from
the source sets are used as the source domain and the first 100+ trials from each target subject (100 trials for CybathlonIC or 120
trials for Weibo) are used as the target domain. They constitute the training set. The test set comprises the remaining 200 trials of
each target subject. The top row of rectangles identifies the size of the training sets. The middle row (labels) identifies the differing
MI labels used in each data set. The bottom row identifies the test set.

sets. Data quality per subject with better discrim-
inative features was determined from classification
performance (independent of this study), as they
were reported by previous studies or our replications
of those studies [12, 42, 43]. In the target training
set, the CybathlonIC dataset has 100 trials for each
subject. The Weibo dataset has 120 trials per sub-
ject during training. 20 trials each were used as the
validation set for model selection. Comprehensive
details regarding the datasets can be accessed
in the 2021 NeurIPS BEETL Competition Study
[23].

The two baseline models and implementations of
the Sandwich framework were evaluated using the
BEETL BCI Challenge containing 5 subjects. This
evaluation intends to align with the competition and
facilitate comparison with previous and future stud-
ies. We also performed a scalability test with full
CybathlonIC (test set A) and Weibo (test set B) data-
sets testing containing 15 subjects to show the sta-
bility and scalability of our proposed framework. In
the test set, the subjects from two different data sets
were included in the MI challenge, each contribut-
ing 200 trials with balanced labels. The CybathlonIC
data set [12, 23] was collected through an online
closed-loop format with a virtual car game, labelled
as Rest (0), Left-hand (1), Right-hand (2), Feet (3).
The Weibo2014 data set [44] contains trials as Left-
hand (0), Right-hand (1), Feet (2), and Rest(3). It is
important to note that, during training and predic-
tion of models, it remains a 4-class classification prob-
lem. During scoring, as in the BEETL competition
standard, we evaluate the final accuracies based on the
weighted accuracy of three key classes by combining
the last two labels as ‘others’ In the BEETL MI chal-
lenge, to increase the variability of the test set, ‘other’
in set A represents labels 2(RH) and 3(Feet), whereas
2(Feet) and 3(Rest) in set B. This design of challenge

increases the variety of the two data sets and requires
the algorithm to be generalised well to different task
scenarios. In this study, considering the heterogeneity
of the target sets, we train set A and set B individually
as two models during training and testing.

To ensure the alignment and effective utilisation
of all data sets, three second windows were extrac-
ted for all trials, given that Cho2017 imposed a max-
imum trial length of three seconds. It’s worth not-
ing that this may not fully exploit the potential of the
four second target test data, as observed in other solu-
tions excluding Cho2017 within the BEETL competi-
tion. Another comparison experiment to the winning
method in the competition will be conducted later
with a four second window. From the four data sets,
we selected 17 common EEG channels (Fz, FC1, FC2,
Cs, C3, C1, C2, C4, Ce6, CP3, CP1, CPz, CP2, CP4,
P1, Pz, P2) to first evaluate the transferability of our
models. Later, an additional experiment using differ-
ent channel sizes as input will be conducted to show
the flexibility of the model for variation of inputs. To
maintain consistency, all trials were down-sampled
to 200 Hz. Following a standard preprocessing as the
Shallow ConvNet [5], a baseline network in MI to
be introduced in the next section, a 5th-order band-
pass filter was applied between 4 Hz and 32 Hz, where
MI usually occurs. Normalisation across channels was
applied, followed by temporal normalisation across
time steps to a zero mean and standard deviation of
one.

Given the disparate sample sizes in the three
source sets (BCIC 2880 trials, Cho2017 9880 tri-
als, PhysioMI 2399 trials), a potential imbalance in
training individual feature extractors was anticip-
ated. Since this study represents the initial attempts
to test the Sandwich meta-framework systematically,
efforts were made to minimise the impact of training
imbalances during experimental design. While future
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studies may explore imbalanced sets to leverage full
data sets, for the current investigation, trial numbers
across all four data sets were balanced to 2880 trials,
aligning with the size of BCIC sources. The PhysioMI
and target data sets were augmented with randomisa-
tion until reaching 2880 trials to address the varying
sample sizes. 2880 trials of Cho2017 were randomly
chosen. These above processing procedures try to use
as many data sets as possible but reduce the inform-
ation of channels, trials or samples, whereas the win-
ning method in the competition tried to maximise the
channel sizes and window length to get higher per-
formance but did not use all source sets. A compar-
ison between the winning method and the Sandwich
models under the same setup will be shown in the res-
ult section.

2.2. The ‘Sandwich’ framework design

In this section, we will introduce our Sandwich meta-
architecture, followed by the presentation of two
exemplary implementation architectures, Shallow-
ConvNet-Sandwich and EEGInception-Sandwich, on
the BEETL BCI challenge. These examples will
demonstrate how to seamlessly integrate existing EEG
decoding models into the federated transfer learning
meta-framework. Subsequently, we will delve into the
demonstration of two transfer learning approaches
employed within the Sandwich framework, the dis-
tributional alignment and deep set approach.

The general framework of the Sandwich is illus-
trated in figures 3 and 4. It begins with individual split
branches functioning as feature extractors for each
data set. These individual feature extractors serve two
primary purposes. Firstly, they handle discrepancies
in the original data setup, including variations in
channel impedance, location and number of chan-
nels. Across subjects or datasets, even when the data
sets share the same channel names, locations could
be shifted, and impedance, as well as channel sizes,
vary. Secondly, these individual feature extractors can
be locally stored and trained within each data centre,
effectively serving as auto-encryption layers along-
side feature extraction. This process can be likened to
an auto-encryption mechanism, where the individual
feature extractors are exclusively utilised within their
local server during training, ensuring that the ‘key’
to encryption remains solely in the possession of the
local server. Only the features ‘encrypted’ are shared
with the central server for common knowledge learn-
ing and transfer learning. In this way, the framework
ensures raw-data level and parameter-level privacy to
be secured.

Following the individual feature extractors are the
common layers. The functionality of the common
layers is to learn common knowledge across differ-
ent data sets. These common layers receive features
from each branch and perform a common feature

X Wei et al

extraction process, facilitating shared rules for feature
extraction across different data sets. After common
knowledge learning, additional deep transfer learn-
ing techniques can be applied within the Sandwich
framework, such as distributional alignment [24] or
the deep set approach [23]. These transfer learn-
ing layers could be integrated into or after the com-
mon knowledge transfer learning layers. A detailed
description of network parameters of implement-
ation and computations regarding these additional
transfer learning layers will be presented later in this
section.

Two strategies for the final classification are con-
sidered to address variations in labels. The first
strategy involves using a unified classifier that encom-
passes all tasks from all data sets (figure 4). This
approach potentially benefits the classifier by expos-
ing it to a broader range of training examples, partic-
ularly if these examples are drawn from similar dis-
tributions after the alignment. The second strategy
entails splitting the classifiers for different data sets,
which may perform better when tasks exhibit very
dissimilar distributions (figure 3). Additionally, the
second strategy introduces an additional layer of pri-
vacy preservation, as these classifiers can be trained
and make predictions on local servers, which protects
model inference-level privacy.

To illustrate the implementation of the Sandwich
meta-framework, we incorporate two example mod-
els into the architecture. These models serve as tan-
gible demonstrations of how the Sandwich can be
effectively utilised. For establishing a comparison
baseline, we employ the Shallow ConvNet [5] and
EEG InceptionNet [45], two benchmark models for
MI BCI decoding, as baseline models.

We first introduce the implementation of the
Sandwich framework using the EEG InceptionNet. We
employ a feature extractor design similar to that util-
ised in the BEETL winning method, in which the
detailed network design can be found [23, 28]. The
main concept of the inception network layer involves
channelling the data through multiple parallel layers
with distinct kernel sizes. Subsequently, the filtered
features from these parallel layers are concatenated
before being forwarded to the next layer. Specifically,
the individual inception feature extractor used in this
study comprises a temporal inception block com-
posed of three inceptions with kernel sizes of (1, 21)
but varying dilation rates of (1, 4), (1, 2), and (1,
1). Then, a spatial convolutional layer with a ker-
nel size of (channel size, 1), and a filter size of 48 is
applied. Additional components afterwards include a
batch normalisation layer, an average pooling layer,
and a dropout layer with a dropout rate of 0.25. The
common knowledge learning layer consists of another
inception block with a kernel size of (1,5) and vary-
ing dilation rates of (1, 8), (1, 4), and (1, 2). The
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Figure 3. The network architecture of the Sandwich with multiple classifiers.
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l clou

Vo

Tongue Hands

transfer learning layers consist of two CNN blocks
as learning parameters. The first CNN block has two
convolutional layers of kernel size (1, 9) and (1,1)
with a batch normalisation layer and a dropout of
0.25. The other CNN block has smaller kernel sizes of
(1, 5) and (1,1) with a batch normalisation layer and
a dropout of 0.25. In this study, two transfer learning
approaches were tested in the transfer learning layers.
If MMD alignment is applied, an MMD layer is con-
ducted once after the second CNN block. If the deep
set method is used, the deep set layers are applied both
before and after the CNN blocks. We will introduce
how MMD and Deep Set work in later paragraphs.
Finally, a standard unified 6-class classification layer
or multiple individual classifiers are used to perform
classification.

Furthermore, we integrate the Shallow ConvNet
as a second example of the feature extractor for the
Sandwich implementation. This additional assess-
ment demonstrates the versatility of Sandwich in

accommodating various EEG decoding models.
Similar to the Shallow ConvNet study [5], the Shallow
ConvNet feature extractor comprises several key
components: a temporal layer with a kernel size of
(25,1) and 40 filters, a spatial layer with a kernel size
of (1, channel size) and 40 filters, a batch normaliz-
ation layer, a square non-linear layer, a pooling layer
with a kernel size of (75,1) and a stride size of (15,1), a
logarithmic non-linear layer for pooling, and finally,
a dropout layer with a rate of 0.5. The above layers
assume data format as (time samples, and channels).
These architectural parameters remain consistent and
can be found in the study of Shallow ConvNet [5].
The temporal layer is responsible for extracting time-
relevant information, while the spatial layer performs
spatial convolutions across EEG channels, collectively
contributing to the feature extraction process. Before
the common transfer layers, a feature reduction layer
was applied to reduce the feature space to 50. The
common knowledge learning layer consists of three
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convolutional layers with a filter size of 50 and kernel
size of (1,1). If transfer learning layers are applied, an
MMD layer is conducted after the three convolutional
layers. The deep set layers are added both before and
after the convolutional layers if the deep set method
is used. Finally, the network has a standard unified
six class classification layer or multiple individual
classifiers to perform prediction.

As for hyperparameters of the frameworks, a
batch size of 20 and a weight decay factor of 0.0005
were used for both shallowConv-based Sandwich and
EEGInception-based Sandwich models. A learning
rate of 0.0005 was used aligning with their original
studies. During the training of Sandwich models,
four batches of size 20 from branches (80 in total
with four branches) are delivered to the central lay-
ers simultaneously and features are distributed back
to each separate local branch after common feature
extraction.

Following the introduction of the network struc-
tures, we present the two transfer learning techniques
in the subsequent paragraphs: domain adaptation
based on MMD [24] for aligning distributions and
deep set alignment [23] to enhance set invariance.
These two transfer learning techniques are applied to
the networks to boost transferability across different
data sets.

In this study, we have devised a Sandwich-
MMD architecture, incorporating Maximum Mean
Discrepancy (MMD) alignment into the Sandwich
framework. Long et al [46] have successfully
employed MMD as a similarity constraint to reduce
the distributional divergence between just two image
domains in Deep Domain Adaptation Networks
(DAN). In our study, we extend the DAN frame-
work to our proposed network architectures by MMD
computation among multiple EEG data sets. This
adaptation enhances our network’s ability to align
distributions across diverse data sets, contributing to
improved transfer learning capabilities. The detailed
computation of MMD is elucidated in equation (1).
X, and X; represent the target data and the i, source
data respectively. The selection of the kernel function
® has been a prominent subject of investigation in
the existing literature, and in line with prior research
[46], we employ the Radial Basis Function kernel
with the mean L2 distance of the data serving as the
variance. MMD is then included as a component of
the loss function. In the loss function, denoted by
equation (2), L. signifies the classification loss, N
represents the count of source data sets, and A serves
as the weight parameter that governs the trade-off
between the MMD loss and the classification loss.
Within the Sandwich-MMD framework, we com-
pute and accumulate MMD? between the output
features of the target branch network and each of
the source branch networks 7. Our study concentrates
on a common task across all data sets, specifically
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left-hand and right-hand MI. To this end, our model
computes the MMD distance with respect to left-
hand and right-hand samples between the source
and target domains.

MMD; (X, X;) = H* > P (x)
x51EXS1

——Z@& (1)

XLEX/

To be specific about the implementation of the
MMD layer mentioned in the architecture. It com-
prises a convolutional feature reduction layer, redu-
cing dimensionality from the previous layer to 50,
and another convolutional layer with 50 filters and
a kernel size of (1,1). These layers act as learnable
parameters, facilitating the projection of features into
a comparable distribution. Subsequently, MMD dis-
tances, serving as distance losses, are computed based
on equation (2) to align the distribution of the target
data set with each source data set.

L=L+ /\Z (MMD? (x%, xt)
i=1

+MMD; (X5,X7)). (2)
The deep set alignment layer is implemented
based on the Deep Set [27]. Deep Set is a technique
that employs deep learning to process sets of variable-
size inputs. It addresses the challenge of working
with unordered and varying sets using permutation-
invariant architectures to align these source sets. Deep
Set has applications in various domains and enables
tasks such as set classification, matching, generation,
and similarity estimation. The deep set idea was pro-
posed to be used in EEG decoding, and we employed
the identical configuration for the deep set layer as
outlined in [23, 28, 47]. The design of the deep set
layers is grounded in theorem 1, in which each subject
from different data sets is regarded as a ‘set’. In deep
learning, convolutional layers can be interpreted as
the transformation function ®, while the non-linear
activation functions of these layers are denoted as

nonlinearity p.

Theorem 1 (Set Theorem used in Deep Set [27]).
Function f(X) operating on a set X having elements from
a countable Universe, is a valid set function, i.e. invari-
ant to the permutation of instances in X, iff it can be
decomposed in the form p(>_ P (x)), for suitable
transformations ® and p.

xeX

In alignment with the findings from previous
studies, the deep set layers serve as a mechanism for
alignment, rendering each set invariant to trial orders
and enhancing the robustness of predictions within
each set. A comprehensive description of the deep
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set layer implementation can be found in [23, 28,
47]. In these studies, EEG trials underwent processing
through convolutional layers. Subsequently, the EEG
features of each subject are organised as ‘sets’ and
are then subjected to deep set layers to enhance the
robustness of individual features. In our study, as
illustrated in figures 3 and 4, we further extend this
concept to multi-task scenarios. The common layers
facilitate knowledge transfer learning across data sets,
and the subsequent deep set layers treat each subject
as a set, reinforcing the stability and robustness of
these features.

In this study, we employed the same deep
set alignment block as the above studies. The deep
set block rearranges the three-dimensional train-
ing batch from (S*T, N, f) to subject-wise four-
dimensional features (S, T, N, f). Here, S represents
subjects, T represents subject trials, N represents fil-
ter size, and frepresents feature size. The mean of each
subject is computed, resulting in a feature space of
(S, I, N, f). These subject-specific features are then
passed through linear layers of size 8 resulting in
a feature vector of (S, 1, 8, f). This process aligns
with the concept of the >’ operation in theorem 1.
Subsequently, these subject-specific features are con-
catenated back to each trial of the corresponding sub-
ject, serving as ‘global” information for that subject (S,
T, N+8,f). The data is then passed through another
linear layer to project the feature space back to the ori-
ginal size (S, T, N,f). This process corresponds to the
® operation in theorem 1, and the activation function
of the layers is regarded as the non-linear operation p
in the theorem.

3. Results

3.1. Results on the BEETL MI Challenge

As depicted in figure 5, we analysed the topography
showing the power map of channels for the five sub-
jects within the test set in the BEETL MI challenge
to elucidate distinctive characteristics of EEG data
during various tasks. To facilitate this visualisation,
we leveraged the MNE topography API, as outlined
in [48]. Each topography map has been normalised
by subtracting the average power across all channels,
thereby ensuring a uniform range of values from -
0.2 to 0.2 for meaningful comparisons. Across sub-
jects, a consistent pattern emerges, wherein a reduc-
tion in power is observed on the contralateral side of
the motor cortex, specifically at channels C1, CP1, C2,
and CP2, during the execution of left-hand and right-
hand MI tasks. When subjects engage in feet MI, we
note an increase in power around the motor cortex.
This phenomenon could be explained by consider-
ing the reference channel, Cz, situated at the centre. It
corresponds to the feet MI task. Therefore, a decrease
in power around the Cz channel could lead to an
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increase in power on both sides of the motor cortex,
manifesting as the observed pattern during feet MI.

In the following experiments, we compared two
implementations of the Sandwich architectures, the
ShallowConv-Sandwich (ShallowConv-SD) models
and the Inception-Sandwich (Inception-SD) models,
to the baseline Shallow ConvNet and EEGInception on
the above test set. Our approach encompasses two
strategies addressing different labels across diverse
tasks. The first involves a single classifier accommod-
ating all potential labels within the data sets, while
the second employs individual classifiers tailored to
the specific labels of each dataset. We also tested two
transfer learning approaches, the MMD and Deep
Set, in the proposed framework. The decoding accur-
acy for various combinations of architectures and
approaches is extensively presented in the appendix
(see A4). Within this section, we draw attention to the
models that exhibit superior performance compared
to the baseline models, as illustrated in figure 6.

The EEGInception and Shallow ConvNet exhibit
comparable average decoding accuracies of 47% and
48%, establishing a baseline for comparison. The
Single-classifier Sandwich models with the MMD
alignment (SD-MMD-ICIs) performed better than
the baseline models, yielding a decoding accuracy
of 52% for the Inception-based model (Inception-
SD-MMD-1ClIs), and 50% shallowConvNet-based
model (shallowConvNet-SD-MMD-1Cls), as shown
in figure 6. In terms of the performance of mod-
els with individual classifiers with deep-set layers
(SD-Deepset-MultiCls), Specifically, the Inception-
based model (Inception-SD-Deepset-MultiCls) exhib-
ited a 9% improvement over the EEGInception
baseline. A parallel trend was evident in the Shallow
ConvNet example, with ShallowConv-SD-Deepset-
MultiCls surpassing the shallowConv net baseline by
6%.

Additional comparative models, including feder-
ated networks without transfer learning layers, net-
works combining multiple classifiers with MMD,
and combining a single classifier with deep set lay-
ers, are detailed in the supplementary figure A4.
Compared to the baseline models, federated networks
without MMD or deep set layers perform slightly
better than the baseline, yielding decoding accur-
acy of 1% and 3% higher for the EEGinception and
Shallow ConvNet. However, we can observe that in
both cases, combining the deep set with a single
classifier and combining MMD with multiple clas-
sifiers both result in lower performance. A clear
example is that the Inception-SD-Deepset-1Cls is 10%
lower than Inception-SD-Deepset-MultiCls, and the
Inception-SD-MMD-MultiCls is 7% lower than the
performance of Inception-SD-MMD-1Cls. We will
provide insights into the rationale behind the super-
ior performance of combining MMD with a single
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Figure 5. Raw Data topography map of individual subjects in the test set.
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Figure 6. Averaged decoding accuracy of different models.
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Figure 7. Example Network Focus Visualisation on Inception-SD-Deepset-MultiCls.

classification head and combining deep set with mul-
tiple classification heads in the Discussion section and
explain why the transfer learning could not work by
reserving the combination.

To provide interpretability for the model, we
present a network-focused visualisation of tasks
across five subjects in figure 7, utilising the Inception-
Deepset-MultiCls architecture with the highest decod-
ing accuracy as an illustrative example. This visualisa-
tion is generated through an input-output perturba-
tion method, as outlined in [5]. The colour scheme
employed reflects the relevance of data to the final
prediction for each label, where red indicates a greater
focus on specific regions. As depicted in the figure,
a discernible trend emerges, mirroring the topo-
graphical map of raw data around the motor cortex
(figure 5). Regions with relatively higher relevance,
specifically C1, C2, CP1, and CP2, are circled around
the motor cortex for the left hand (LH), right hand
(RH), and feet across the five subjects. Additionally,
the visualisation shows the algorithm sometimes tries
to capture noisy channels during the learning process
as features. Noteworthy instances include FP2 in the
near frontal region for LH of subject 1, and the Rest
state for subject 3, as well as C6 near the right ear for

LH of subject 3. The discussion section will delve into
the potential implications of motor-related features
and noise-related features, offering a comprehensive
exploration of the model’s interpretability.

To elucidate the characteristics of the two pro-
posed Sandwich architectures and provide empirical
evidence of the impact of common transfer learn-
ing layers, we present the t-SNE [49] plots compar-
ing EEG features before and after the computation
through the common layers. Specifically, we focus on
the SD-MMD-1Cls and SD-Deepset-MultiCls models
which showed superior performance than baselines,
with ShallowConv-SD-MMD-1Cls and ShallowCony-
SD-Deepset-MultiCls serving as illustrative examples.
As articulated in equation (2), the MMD-based
model aims to align different distributions of com-
mon labels (LH and RH) across data sets. Therefore,
we visualise the learned features for LH and RH across
four data sets, where shapes represent labels, and
colors represent data sets. These t-SNE plots offer
insights into how the common transfer learning lay-
ers influence the distributional alignment of features
for the specified labels, providing a tangible repres-
entation of the impact of MMD-based alignment in
the context of the Sandwich framework.
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As depicted in the t-SNE plot for ShallowConv-
SD-MMD-1ClIs (figure 8), a distinct pattern emerges.
Prior to the integration of common transfer learn-
ing layers, the four datasets exhibit separate clusters,
indicating diverse distributions. However, after the
application of common knowledge learning layers
and MMD layers, two discernible effects come to
light. One is that, post-alignment, the features from
different data sets converge into relatively the same
region, suggesting a harmonisation of distributions.
This aligns with the goal of the MMD-based model
to reduce the distributional gap among data sets.
The other is the clustering of Left-Hand and Right-
Hand labels. This outcome indicates that, despite

the distributional alignment, the model has success-
fully retained the discriminative information between
LH and RH labels, which is crucial for accurate
classification.

As outlined in the methods and Theorem 1, the
Deepset-based model aims to enhance robustness and
invariance within a set, considering subjects as sets
in our context. To illustrate this effect, we present
t-SNE plots focusing on the LH and RH labels for
subjects within the CybathlonIC and BCICIV2a data
sets. The shapes in the plot represent labels, while
colours denote individual subjects. To manage visual
complexity, we showcase the effect on seven subjects.
As evident in figure 9, the t-SNE plots showcase the
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impact of the deepset-based model on the distribu-
tion of labels and subjects. Before the integration
of common transfer layers, different labels and sub-
jects did not exhibit clear clustering and classifica-
tion patterns. However, post the application of com-
mon transfer layers, distinct clusters for different sub-
jects become apparent. Moreover, different labels fall
on different sides of these clusters, contributing to a
clearer separation for classification purposes. The t-
SNE plots for the inception-based models, presen-
ted in appendix figures Al and A2, exhibit a sim-
ilar trend as above, further validating the effective-
ness of the proposed approach across different model
architectures.

3.2. Comparison experiment results to the BEETL
benchmark model
In this section, we compare our framework with
the BEETL top-winning methods under the same
setup and demonstrate comparable performance. The
experiments in the previous section covered all three
source data sets and all MI tasks to evaluate the
‘Sandwich’ framework’s ability to utilise heterogen-
eous data sets. The common 17 channels and com-
mon three second window trial length across datasets
had to be used to utilise all sources. On the contrary,
the winning benchmark in the BEETL Competition
[23] only used the PhysioNet data set as the source
set to utilise longer EEG trials (four second window)
and more channels (30 common channels across two
datasets instead of 17 common channels across all
datasets) to maintain richer dimensional information
in the test set to benefit the prediction, as well as using
same tasks across target and sources (LH, RH, feet,
rest). This approach results in a better baseline while
decreasing the diversity and complexity of setups and
scale of datasets that could be utilised. Additional
approaches like label smoothing loss function were
applied to increase the performance [28]. Although
the benchmark algorithm reduced the complexity of
the setup which limits the use of broader heterogen-
eous data sets, here we applied the Sandwich frame-
work to the same setup as the benchmark in the com-
petition as a comparison to the benchmark transfer
learning algorithm in the literature. We reproduced
the Benchmark EEGInception Deepset model and got
the same accuracy score as the benchmark in the com-
petition (76%), which details of the experiment could
be found in their original study [23, 28]. This baseline
was given by an additional average voting procedure
during prediction, which trains ten models with dif-
ferent data splits and performs average voting in the
end to get the best possible accuracy.

Figure 10 shows the decoding accuracies of the
benchmark model and the benchmark with the sand-
wich framework. In this comparison experiment, the

X Wei et al

0.8
0.7
0.6
0.5
>
%)
g
304
0
< cloy - . _( G3
0.3
0.2
0.1
0
\o® ot \_50 {Ch
e! eP e OV
€G‘“‘c ° {\o(\'oe X\0 o . Se‘_so O
eeG\“ \(\C® p\.‘o“-‘)“"
G\ne®
Figure 10. Accuracies of models applying the Sandwich
framework to the Benchmark Transfer Learning Model.

main purpose is not to get the highest possible accur-
acy, here we show the comparison of the results
of the models without the additional average vot-
ing approach. As shown in the figure, all transfer
learning algorithms (benchmark and the sandwich
networks) perform better than pure EEGInception
network baseline without transfer learning (64%).
The Sandwich network achieved comparable accur-
acy to the benchmark algorithm in the competition
(67%) while maintaining privacy-preserving proper-
ties through the protection of raw data and paramet-
ers, securely stored in the local branches. An addi-
tional experiment was conducted by varying channel
sizes (DiffCh), where the target set utilised 30 chan-
nels (consistent with the benchmark), and the source
set employed all possible 64 channels, resulting in an
accuracy of 68%. This highlights the Sandwich net-
work’s flexibility in accommodating different input
sizes within data sets, potentially expanding the util-
isation of heterogeneous data sets, with additional
privacy-preserving properties.

3.3. Framework scalability test on full CybathlonIC
and Weibo datasets

In this section, to further verify the scalability and sta-
bility of the proposed framework, we ran the frame-
work on the full CybathlonIC (5 subjects) and Weibo
(10 subjects) datasets, which tripled the size of the
test set, using the same standard as in section 3.1.
Additionally, we ran the pretraining-finetuning trans-
fer learning strategy [19], as a comparison on the
expanded datasets, to compare the sandwich frame-
work’s performance with the most commonly used
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deep transfer learning strategy in EEG literature. In
the pretraining experiment, the model was first pre-
trained using the source datasets (with different clas-
sifiers handling the various labels) and then fine-
tuned using the same network structure and train-
ing strategy as the baseline. The scalability and sta-
bility test was conducted using additional subjects
rather than cross-validation due to the adaptive learn-
ing nature [50, 51] of new BCI users. In practice,
BCI users gradually learn and adapt to the system
in a mutual learning process during the session.
Therefore, swapping the order of the session for cross-
validation does not accurately reflect the model’s real-
world performance. Instead, using the initial collec-
tion of trials as the target domain and testing on more
subjects provides a more realistic representation of
how the model will be used in practice.

With a larger dataset containing more subject
samples, we present a box and whiskers plot reflect-
ing the overall decoding accuracy distribution of
different subjects on our frameworks, as well as a
standard paired t-test [52] to evaluate the statist-
ical significance of the improvement between our
models and the baselines. As shown in figure 11,
the trend is consistent with the results in previous

sections. Our sandwich frameworks exhibit higher
mean accuracy, as well as higher median and quart-
ile boundaries compared to the baselines. Specifically,
our ShallowConv-SD-MMD-1Cls and ShallowConv-
SD-Deepset-MultiCls performed significantly better
than the ShallowConvNet baseline, with improve-
ments of 4% and 7%, and p-values of 0.004 and
0.001 respectively (p<0.05 indicating significance).
Similarly, compared to the InceptionNet baseline, our
Inception-SD-MMD-1Cls and Inception-SD-Deepset-
MultiCls performed 4% (p = 0.013<0.05) and 6% (p
= 0.001<0.05) better than the InceptionNet baseline.
To reflect the training property of the model, we
attach the test set confusion matrices of the four sand-
wich models in the appendix figure A3. The matrices
exhibit strong diagonal dominance, indicating that
the majority of predictions for each class are cor-
rectly identified. The diagonal values are notably bal-
anced. This suggests that the classifier performs con-
sistently well across all classes, without a significant
bias towards any particular class.

In addition, we observed that the traditional
pretraining-finetuning transfer learning method
did not constantly perform better performance
than the baseline. Although The Inception-Pretrain
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model performs slightly better than the InceptionNet
baseline by 3% (p = 0.05), the ShallowConv-Pretrain
model does not show significantly better accuracy
than the baseline ShallowConv model with the same
mean of 50% (p = 0.85>0.05). The results show that
our proposed models not only significantly perform
better than the baselines, but also show better sta-
bility than the standard traditional transfer learning
method.

4. Discussion

In the previous section, we conducted a performance
comparison of the proposed Sandwich framework,
highlighting the outcomes of employing various net-
work backbones or transfer learning approaches. As
demonstrated earlier, both Sandwich implementa-
tions exhibited superior performance compared to
baseline methods across the example architectures.
This observation underscores the potential of the
Sandwich framework to effectively leverage cross-
dataset features from diverse tasks, thereby enhancing
the overall performance of EEG decoding.

The Sandwich framework with multiple classifi-
ers (SD-Deepset-MultiCls) and the Sandwich frame
with a unified classifier (SD-MMD-1Cls) both out-
performed the baseline with feasible transfer learning
approaches. This has been detailed in both figure 6
using the BEETL test set on five subjects and figure 11
on 15 subjects using full CybathlonIC and Weibo
datasets as the test. Here we highlight the commonal-
ities and the differences between the two approaches.
For both architectures, they used individual feature
extractors which potentially handle differences in the
raw data (e.g. impedance, sensor locations or channel
sizes) by using different spatial and temporal kernels
in the individual CNNs. Common knowledge learn-
ing layers are applied in both frameworks to learn the
same set of network parameters (the same rules) to
draw features from different data sets, which forces
the network to learn the commonality across data
sets.

In both frameworks, it is evident that the applic-
ation of appropriate transfer learning approaches
can enhance the performance of models, whereas
the requirements by the unified classifier and mul-
tiple classifiers are shown to be different. Both uni-
fied classifiers and multiple classifiers present poten-
tial solutions for handling label variability in data
sets. However, the unified classifier necessitates that
the features received for decoding adhere to a sim-
ilar distribution. This requirement is essential for
learning common discriminative rules for identical
labels across different sets using the same classifier.
Achieving this similarity in distribution mandates an
alignment approach that projects features of the same
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labels from different data sets onto a comparable dis-
tribution. This alignment objective aligns with the
design purpose of methods such as MMD, as evid-
enced by the t-SNE plot in figure 8.

On the contrary, the Sandwich framework with
multiple classifiers operates on a different premise.
Unlike the unified classifier, it does not necessitate
the labels of different data sets to conform to the
same distribution. This is because individual data
sets apply distinct decision boundaries for classific-
ation with individual classifiers. Therefore, after the
common knowledge learning layer, simply aligning
data sets and features with the same label may not
help the decoding, in fact, it has the potential to
diminish discriminative information by projecting
features to another latent space. In the supplement-
ary experiment, when MMD alignment was applied
to models with multiple classifiers, we observed
a decrease in performance compared to models
without MMD alignment. For instance, as depic-
ted in supplementary figure A4, the accuracy of
Inception-SD-MMD-MultiCls (45%) was lower than
that without using MMD, such as Inception-SD-
MultiCls (48%), and notably, 11% lower than when
using the Deepset approach, as seen in Inception-SD-
Deepset-MultiCls. The observed benefit of applying
the deep set approach to multiple classifiers may be
attributed to the impact of deep set layers on enhan-
cing feature invariance within each subject considered
as a ‘set’. This heightened feature invariance is reflec-
ted in the clustering of sets, as depicted in the t-SNE
figure 9. Consequently, this increased feature invari-
ance contributes to making the predictions of each
classifier more robust. The deep layers seem to be cru-
cial for extracting and representing invariant features,
which enhances generalisation and performance in
the context of multiple classifiers.

The observed characteristics of the two frame-
works prompt a discussion on the criteria for select-
ing between them. Briefly, the MMD approach with
a single classifier aims to align distributions across
samples to enhance classifier performance, yet it may
diminish the unique dataset-specific features due
to the unified projection. Conversely, the deep set
framework employing multiple classifiers preserves
subject-specific variability and individual discrimin-
ative information, although it does not guarantee per-
fect alignment across data sets, as evidenced by t-SNE
plots. The challenge lies in the variance of the ori-
ginal sample distributions; the more divergent they
are, the tougher it is to map features into a similar
distribution. Consider sleep stage decoding and MI as
illustrative examples. Sleep stages are generally con-
sistent across individuals, characterized by variations
in brain energy levels, with most people adhering to
this norm. In contrast, MI involves more intricate
functionalities of the motor cortex, where individual
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differences are more pronounced [23]. Hence, the
decision between these approaches should hinge on
the distributional disparities across data sets. For data
sets with minor differences, an MMD-like method
that projects them into a similar distribution could be
beneficial. However, for more complex tasks that tap
into intricate brain mechanisms, simple alignment
might reduce each dataset’s discriminative informa-
tion. In such cases, a deep set framework with mul-
tiple classifiers could enhance invariance within sets
while leveraging common knowledge layers for per-
formance gains.

To gain insights into how a neural network per-
ceives EEG data, a comparative analysis of the raw
topography map in figure 5 and network relevance
visualisation in figure 7 across different tasks and sub-
jects can be conducted. By examining these plots,
inferences can be drawn about how the network’s
prediction rules align with our understanding of the
human brain’s biology. Common regions of interest,
such as Cl, C2, CP1, and CP2, emerge in both
figures, aligning with the expected activation of the
motor cortex during MI tasks. However, there are still
regions with high relevance that the network learnt
that could be just noise of channels during sessions.
For example, the high relevance of FP2 (near frontal
region) for LH of subject 1 and Rest state for sub-
ject 3 could be just noise of eye movement or blinks
that affect frontal channels. The high relevance of
C6 near the right ear for LH of subject 3 could be
ear or chewing movement during the experiment.
Opverfitting these noise features potentially decreases
the generability of models on test sets. Based on these
observations, further studies could explore methodo-
logies for removing noisy features from deep learning
models to enhance their generalisability.

In addition to the benefit of enhancing decod-
ing accuracies by utilising diverse data sets, we
also emphasize four significant privacy-preserving
attributes of the Sandwich framework. To begin
with, subject-specific and dataset-specific informa-
tion, i.e. raw data and IDs, is locally stored with the
respective data owners, ensuring the preservation of
data-level privacy. Moreover, the feature extractors
are stored locally to maintain parameter-level pri-
vacy. In addition, local feature extractors naturally
encrypt the raw data during feature extraction so as
to eliminate additional encryption costs in tradi-
tional privacy-preserving methods. Lastly, labels and
classifiers could be stored and predicted locally in a
multi-classifier manner, safeguarding inference-level
privacy. All these privacy-preserving properties are
seamlessly integrated into the deep transfer learning
architecture design.

We also illustrated the advantages of the Sandwich
framework in comparison to the benchmark transfer
learning algorithm. While exhibiting a comparable
capacity to leverage the source set for improving
model performance, reaching (67%) as depicted in
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figure 10, the Sandwich network demonstrated two
additional key advantages: enhanced privacy preser-
vation and the capability to accommodate diverse
input shapes. This adaptability facilitates the utilisa-
tion of heterogeneous data sets with varying configur-
ations, as the ‘DiffCh’ experiment in figure 10, which
extends the Deep set sandwich to the different input
channel sizes, with a comparable accuracy of 68%.
The ability to adapt to diverse input shapes holds the
potential to extend the applicability of algorithms in
the literature, enabling their utilisation with a broader
range of heterogeneous data sets.

It is important to allow dynamic input shapes
in future studies to incorporate more datasets for
transfer learning. As evidence, the BEETL winning
benchmark establishes a higher Inception baseline,
as shown in figure 6, compared to the Inception
baseline in figure 10. This is achieved by using a single
source dataset with identical tasks, a four second
window, and 30 common channels, as opposed to a
three second window and 17 common channels that
are common across all possible source sets. While
this setup increases baseline accuracy by expand-
ing the data dimensions available for prediction, it
does not fully reflect the primary scientific aim of
developing solutions for utilising larger-scale data-
sets with more tasks and datasets. Therefore, to lever-
age both the use of more datasets and the higher
and dynamic-dimensional data available for predic-
tion, individual feature extractors, such as those in
the sandwich framework, could be crucial in design-
ing heterogeneous dataset transfer learning models in
future studies.

Moreover, the Sandwich framework represents
an architecture-agnostic meta-framework with the
potential for application in domains beyond MI EEG
decoding. As described in the methodology section
and implied in the results, the feature extractors and
task decoding layers can be readily substituted with
different models, e.g. shallow CNNs, Inception net-
works, and potentially other task-specific decoders.
These layers are flexible to be replaced with alternative
time-series decoding layers, such as EMG decoding
networks or domain-specific layers for ECoG, fMRI,
etc. This flexibility highlights the versatility of the
Sandwich meta-architecture, enabling its adaptation
to various domains and tasks beyond EEG decoding.

It’s important to highlight certain limitations and
prerequisites associated with the use of the Sandwich
framework. This approach, involving split individual
feature extractors, is particularly beneficial when
there exists a substantial difference in the distribu-
tions of various data sets, for example, in MI tasks.
In scenarios where the distributional shift is relat-
ively consistent, as in sleep stage decoding, opting for
a common feature extractor may be a more advant-
ageous design [23]. This is because a shared feature
extractor allows the model to learn and adapt to small
shifts in distribution autonomously. However, when
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individual feature extractors are split, it can poten-
tially reduce the amount of data available to each
branch, leading to overfitting and diminishing gener-
alisability, especially if the distributional shift is not
pronounced. Moreover, it is crucial to consider the
size gap among the target and source sets. In this
study, there are several hundred examples in the tar-
get set and several thousand in each source set. It’s
worth noting that if the over-sampling of the target
set is over-conducted to compensate for data short-
age, the target feature extractor may overfit quickly
compared to other feature extractors. This can res-
ult in unbalanced training, potentially undermining
the effectiveness of transfer learning and alignment
approaches. Therefore, careful consideration of data
set characteristics and sizes is essential when apply-
ing the Sandwich framework to ensure optimal model
performance. In addition, another limitation of the
study is to test on a larger scale scalability of the tar-
get feature extraction branch. We tested with 5 and 15
subjects respectively, and the performance remained
stable and outperformed the baseline. However, how
the framework would perform on large-scale EEG
datasets with potentially hundreds of subjects needs
to be tested in future studies. Furthermore, the gen-
eralisation of our proposed models across broader
brainwave datasets other than EEG poses a future
direction. There also could be certain properties of
other data types that EEG could not cover, fMRI, for
example, is more similar to images instead of time
series [53], in which the feasibility of our method
needs to be tested and refined according to such spe-
cific domain when applied.

In conclusion, we introduced the Sandwich meta-
architecture, exemplified through the Inception-SD
and ShallowConv-SD models with transfer learn-
ing approaches. These implementations showcase a
federated deep transfer learning technique designed
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for cross-data sets and cross-task applications. Our
approach integrates privacy-preserving features with
deep transfer learning methodologies, leveraging
transfer learning approaches to enhance model per-
formance. The results demonstrate that the proposed
Sandwich framework, benefiting from both transfer
learning and privacy-preserving characteristics, out-
performs the baseline methods. This suggests that
our proposed methods have the potential to effect-
ively leverage larger, heterogeneous data sets encom-
passing diverse tasks for transfer learning. Notably,
the Sandwich meta-framework exhibits improved
privacy-preserving properties at the raw data level,
parameter level and inference level. This indicates a
promising avenue for advancing the application of
deep transfer learning techniques in real-life scenarios
with enhanced privacy considerations across borders.
Furthermore, our findings suggest that the Sandwich
framework holds promise as an architecture-agnostic
meta-framework, capable of integrating decoding
architectures and transfer learning approaches for
time series data. This versatility opens up possibilit-
ies for broader applications and encourages explor-
ation into how diverse decoding architectures could
be incorporated within the Sandwich framework to
improve the decoding of EEG and time series data.
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Appendix.

Table Al. MI data sets in BEETL.

MI Dataset  Subjects Channels Tasks

Cho2017 52 64 Left/Right hand

BNCI2014 9 22 Left/Right hand/Feet/Tongue
PhysionetMI 109 64 Left/Right hand/Feet/Both hands/Rest
Weibo2014 10 60 Left/Right hand/Feet/Rest
CybathlonIC 5 63 Left/Right hand/Feet/Rest
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Figure Al. t-SNE feature plot across data sets before (left) and after (right) the common transfer learning layers on
Inception-SD-MMD-1Cls.
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Figure A2. t-SNE feature plot across data sets before (left) and after (right) the common transfer learning layers on
Inception-SD-Deepset-MultiCls.
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Figure A3. Confusion matrices of the sandwich models on the full CybathlonIC and Weibo test set. The confusion matrices are
computed by comparing the 4-class prediction of sandwich models (before merging two classes into ‘other’ as in the BEETL
standard) with true labels of the CybathlonIC and Weibo Dataset.
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