
Computing and Informatics, Vol. 45, 2026, 410–438, doi: 10.31577/cai 2026 2 410

FEDERATED GRAPH LEARNING
VIA STRUCTURAL KNOWLEDGE SHARING
FOR HYBRID BRAIN-COMPUTER INTERFACE

KaiZheng Li, HongFei Ji∗

Translational Research Center
Shanghai Yangzhi Rehabilitation Hospital
(Shanghai Sunshine Rehabilitation Center)
&
School of Computer Science and Technology
Tongji University, Shanghai 201804, China
e-mail: likaizheng@tongji.edu.cn, jhf@tongji.edu.cn

Wei Yang

College of Economics and Management
Shanghai Ocean University, Shanghai 201306, China
e-mail: wyang@shou.edu.cn

Jie Li

Translational Research Center
Shanghai Yangzhi Rehabilitation Hospital
(Shanghai Sunshine Rehabilitation Center)
&
School of Computer Science and Technology
Tongji University, Shanghai 201804, China
e-mail: nijanice@163.com

Abstract. Deep Learning-based electroencephalogram (EEG) decoding in brain-
computer interface (BCI) faces many challenges: First, EEG has low spatial reso-
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lution, which makes it difficult to accurately identify specific brain regions; Second,
deep learning requires large amounts of data, while EEG datasets are typically
small. Merging small datasets raises privacy concerns because EEG signals con-
tain a wealth of personal information. Finally, while federated learning (FL) offers
a potential solution for addressing the issues of limited data and privacy, it faces
the challenge of non-independent and identically distributed (non-IID) data, as the
local data on the client is often derived from datasets of different tasks or subjects.
To solve these problems, this paper proposes a novel Federated Graph Learning
(FGL) framework based on Electroencephalogram and Electromyography (EEG-
EMG), named FSDFGL. During the construction of the graph data, EMG data
is incorporated into EEG data through SPMI, as EMG signals provide distinct
features of muscle activity. In the local Graph Neural Network (GNN) process,
the structural information is decoupled from the node features. Then, the struc-
ture encoder is used to capture the structural information and share it globally
during FL. This allows FSDFGL to capture more commonly shared structural in-
formation while avoiding degradation of local model performance due to sharing
heterogeneous features. The framework was evaluated on the TAN dataset, and ex-
perimental results demonstrate the superiority of FSDFGL in identifying complex
motion intentions.

Keywords: Brain-computer interface, graph neural network, federated learning,
non-independent and identically distributed

1 INTRODUCTION

Motor imagery (MI) refers to the mental process of envisioning movement without
actually physically executing it [1, 2, 3, 4, 5]. BCIs based on motor imagination
have become one of the hottest topics in the field of rehabilitation medicine [6,
7]. Through motor imagination training, the motor network of the brain can be
activated [8] to promote brain plasticity.

Studies have shown that specific EEG patterns are generated in different brain
regions during specific movement imagination, and these patterns can be analyzed to
capture movement intentions. Patients can control external devices or virtual scenes
through EEG-based MI to achieve better rehabilitation outcomes [9]. However, the
spatial resolution of EEG signals is relatively low, and EEG signals cannot provide
enough information to accurately identify complex motor intentions [10].

EMG signals have a higher spatial resolution than EEG. They can capture rapid
changes in muscle activity, provide more detailed movement features, and enable
more precise identification of movement intentions [11, 12, 13, 14, 15]. Therefore,
identifying complex motor intentions based on EEG and EMG signals by placing
electrodes on the scalp and skin surface is a more comprehensive and persuasive
biological approach. In recent years, complex motor intention recognition based on
multi-source signals has attracted a lot of attention; some studies utilize EEG to
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detect motor intentions and then analyze the actual execution using EMG [16, 17].
Others aim to improve classification accuracy by integrating EEG and EMG models
at the model level [18, 19]. There are also studies that use EMG to remove motion
artefacts from EEG, improving signal quality for better classification [20].

GNN is a deep learning model used to process graph-structured data. EEG-
EMG data can be viewed as a graph structure, where each node represents an elec-
trode or brain region, and edges represent connections between electrodes. GNN
effectively captures and models the connections and interactions between these elec-
trodes to better understand and analyze the information in EEG-EMG data. The
application of GNNs in the field of BCI is increasing [21]. Complex graph-structured
data is often difficult to analyze using traditional methods; however, it can be effi-
ciently processed by GNNs. Demir et al. [22] demonstrated the superiority of the
GNN model in modeling functional neural connections. Aung et al. [23] proposed
the EEG Graph Lottery Ticket (EEG GLT) algorithm to optimize the construc-
tion of EEG channel adjacency matrices, achieving a performance improvement of
13.39% over the PCC method.

GNNs based on EEG and EMG have been widely used in BCI systems. How-
ever, a large-scale dataset is highly needed to achieve good generalization and per-
formance before constructing a deep learning model. Due to the expensive data
collection process, EEG-BCI data is often available as multiple small datasets that
are widely distributed. Additionally, privacy concerns make it challenging to create
a sufficiently large dataset by aggregating these small datasets. As EEG signals
contain individuals’ electroencephalographic activity, which may involve personal
privacy, according to privacy regulations such as GDPR [24], EEG data should be
de-identified or anonymized before sharing to protect personal identity and privacy
information. Motivated by the privacy-preserving characteristics of FL [25], it al-
lows for model training on local devices without transmitting raw data to a central
server. Therefore, FGL is constructed based on the FL framework to realize the
co-training of the GNN model.

One of the biggest challenges in FL is the non-IID problem; each participant
may possess datasets related to different tasks or subjects, which exhibit distinct fea-
ture distributions. For example, people with neurological diseases such as epilepsy,
Parkinson’s disease, or Alzheimer’s disease, will have different electrical activity in
their brains compared to normal individuals. In addition, different cognitive or
motor tasks activate different regions of the brain, resulting in differences in EEG
features. However, traditional FL methods like Fed-Avg still rely on feature-based
message passing schemes for communication and aggregation. In FGL procedures,
feature heterogeneity may lead to conflict or incompatibility of model parameters
of different participants during aggregation, ultimately leading to a degradation of
the model’s performance on the overall data. Therefore, addressing the non-IID
problem while ensuring data security is a worthwhile research topic.

Although non-IID data distributions are inevitable in FL, there are indeed some
general structural properties in EEG and EMG signals [26, 27, 28], such as small-
world properties, degree distributions of nodes, and centrality features. These char-



FGL via Structural Knowledge Sharing for Hybrid Brain-Computer Interface 413

acteristics inspire us to exploit a model relying on structure-based message passing
schemes. As shown in Figure 1 b), graphs generated by different subjects have high
structural similarity among each other, while graphs generated by different tasks
also show some similarity compared to random graphs. Therefore, a novel FGL
framework is proposed based on structural knowledge sharing. It is called FSDFGL
for motor intentions recognition. Our goal is to improve the performance of local
clients by extracting and sharing universal knowledge across multiple clients while
preserving data privacy.

The main contributions of this article can be summarized as follows:

1. By combining EEG and EMG signals, we address the limitations of EEG sig-
nals in spatial resolution. Extensive experiments on the TAN dataset [30] were
conducted to compare the performance of single-source and multi-source signals.
The results show that using EEG and EMG improves the average accuracy by
11.6% compared to EEG alone and by 16.3% compared to EMG alone.

2. We extracted node degree and PageRank (PR) from graph structure data to
enhance node understanding and provide structured information for FL. Exten-
sive experiments on the TAN dataset showed that models using either degree,
PR, or both features, outperformed those with none, with the model using both
achieving the highest average accuracy.

3. We designed a dual-channel GNN with Graph Convolutional Network (GCN)
for node structural understanding and Graph Isomorphism Network (GIN) for
node features. GCN parameters are used in FL to avoid sharing heterogeneous
information, while the hidden embeddings from the previous GCN layer and
the GIN layer serve as inputs for the next GIN layer, enriching the feature
representation. Extensive experiments show that the dual-channel GNN achieves
2.24% higher accuracy on the TAN dataset compared to the single-channel
GNN, demonstrating the effectiveness of our approach.

4. We propose a novel FGL framework that exploits structural knowledge sharing to
improve model accuracy while preserving data privacy. To verify the robustness
of our method in the non-IID scenario of the EEG-EMG domain, we conduct
comprehensive experiments on the TAN and DEAP [31] datasets. The results
show that FSDFGL significantly outperforms the baseline methods.

2 PRELIMINARIES

2.1 Graph Neural Networks for BCIs

GNNs have received a lot of attention in recent years due to their ability to cap-
ture complex relationships and dependencies in many domains, such as natural
language processing, social networks, and biological research. Recently researchers
have started using GNNs on BCI. Many GNN models map EEG electrodes to nodes
in a graph, with node features representing the signal samples collected from EEG
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Fig. 2 The specific process of dual-channel GNN
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Fig.3 Heatmaps of Jensen-Shannon divergence of degree
distributions for seven subject datasets from TAN, one subject
dataset from DEAP, and random graphs. The random graphs
are generated using the Erdős–Rényi model [41].
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Figure 1. a) The specific process of dual-channel GNN, b) Heatmaps of Jensen-Shannon
divergence of degree distributions for seven subject datasets from TAN, one subject dataset
from DEAP, and random graphs. The random graphs are generated using the Erdős-Rényi
model [29]
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channels. The connections between nodes are defined according to strategies de-
signed by neuroscientists, typically based on the functional correlation or signal
synchrony between electrodes. Through this graph structure, GNNs can effectively
capture the complex connectivity patterns between brain regions, thereby enhanc-
ing the classification performance of motor intention and cognitive tasks, surpassing
traditional deep learning methods. For example, Ding et al. [32] successfully de-
veloped the Local-Global-Graph network by incorporating prior knowledge from
neuroscience into neural network design. Massa et al. [33] applied GNNs to high-
density EMG data to recognize action intentions and achieved a low classification
error rate of only 8.75% in 65 gestures. Li et al. [34] applied dynamic GNN and
attention mechanism to single-channel EEG signals to identify epileptic seizures,
and the average accuracy reached 99.83%.

2.2 Federated Learning for BCI

FL is an emerging machine learning approach that can be combined with deep
learning to achieve the goal of powerful model training and learning on large-scale
distributed data while preserving data privacy. Wei and Faisal [35] proposed MF-
SCSN, combining privacy protection and deep transfer learning, achieving a 3%
performance improvement over the baseline decode. Liu et al. [36] proposed a hier-
archical personalized Federated Learning EEG decoding (FLEEG) framework, which
improved overall performance in MI classification tasks using nine EEG datasets col-
lected from different devices. However, the main challenge faced by FL is non-IID.
Different subjects or tasks usually have different feature distributions. This means
that when using FL, we need to think about how to handle heterogeneity and ensure
the robustness of the model.

2.3 Federated Graph Learning

FGL is a method that combines FL with GNN, which aims to deal with the prob-
lem of privacy protection and distributed processing of graph data. Currently, the
research on FGL can be divided into three main directions: inter-graph FGL, intra-
graph FGL, and graph-structured FGL. In inter-graph FGL, each client holds a set
of graph data and jointly participates in model training through FGL to improve
the modeling ability of local data. In intra-graph FGL, where each client owns only
a subset of the graph, the aim is to solve the problem of missing connections or
discovering communities [37]. On the other hand, graph-structured FGL considers
the topological relationship between different clients and uses graph neural networks
to aggregate local models, which is mainly applied in fields such as federal traffic
flow prediction [38].

Although there is no research on applying FGL to BCI, EEG and EMG data
can be naturally represented as graph structures, and faced with the challenges of
small data volume and privacy protection, so FGL has significant potential in the
application of EEG and EMG-based BCI. FGL also faces the non-IID problem in
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BCI, that is, there may be heterogeneity in graph structure and node features under
different subjects or tasks, which makes the effect of the global model less than
expected. Therefore, how to balance the performance of global and local models in
this scenario of inconsistent data distribution has become a key research direction
of FGL in BCI. Tang et al. (2024) [39] applied the personalized Federated Graph
Learning Framework (PEARL) to the electronic health record (EHR), proposing
an effective solution for non-IID data to improve the performance of the client model
through self-supervised learning and local fine-tuning schemes. This study shows
that even when dealing with non-IID data, FGL can achieve significant results as
long as appropriate strategies are adopted. This paper focuses on inter-graph FGL
methods. The aim is to protect data privacy while training better local models for
EEG and EMG-based BCI.

3 METHODS

3.1 Overall Framework

This paper presents a study based on an FGL architecture designed to recognize
complex motion intentions. The overall framework of the proposed FSDFGL is
shown in Figure 2. As shown in the flowchart, on the left side of client M shows
the construction of the graph, which includes the EEG-EMG heterogeneous graph
as well as the EEG graph. First, the EEG signal and EMG signal were aligned to
ensure synchronization and timeliness. After alignment, the signal is sliced at a rate
of once per second to provide a finer temporal resolution. Finally, to construct the
graph data, PSD is used to extract node features, and then SPMI is used to obtain
edges between nodes. In the middle of client M , the structural information of the
graph is extracted, and it is fed into the two-channel GNN at the same time as the
node features. The channels used to process the structure information will not only
share knowledge through FL, but also supplement the channels used to process the
feature information, so that the global structure information and local node features
can be used to better capture the characteristics of the graph. On the right side of
client M , the outputs of these two channels are merged together and then fed into
the classifier for the final classification task.

3.2 EEG-EMG Heterogeneous Graphs Construction

The functional connectivity of the brain can reveal the coordination and commu-
nication mode between different brain regions during the generation and execution
of motor intention. Graph data provides an effective way to represent and study
the functional connectivity of the brain, helping us to gain a deep understanding of
the complex structure and function of the brain, as well as the role of the brain in
cognition and behavior.

Traditional BCI typically focus on analyzing graph data constructed from EEG.
However, in recognizing complex motor intentions, traditional EEG-based methods
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Figure 2. Overall framework of FSDFGL. The raw data is input for constructing graph-
structured data, where SPMI is used to calculate the coherence between nodes. Then,
structural embeddings and node features are separately extracted and fed into a dual-
channel GNN, with the parameters of the structural encoder shared through federated
learning. The graph-level features obtained through the readout function are used for
final classification.
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may exhibit limitations. To address this issue, researchers have introduced EMG sig-
nals as supplementary inputs, constructing EEG-EMG heterogeneous graphs. This
approach allows for a more comprehensive understanding of the coordination mech-
anisms between the brain and muscles, thereby improving the accuracy of motor
intention recognition.

Let G = (V,E) be a graph consisting of a set of nodes V and a set of edges E
connecting these nodes. Each node v ∈ V represents the channel of EEG and EMG.
Each e ∈ E represents the degree of correlation between channels.

PSD is used to calculate the node features. Although both EEG and EMG
signals are time series signals, the frequency components related to the physiological
activity of interest can be extracted after proper preprocessing and filtering. To
extract features in the frequency domain, the PSD of different frequency bands can
be calculated, and then node numbers can be added as position encoding to these
features. The relevant physiological states and movement intentions can then be
inferred from the features and changes in these frequencies.

SPMI is used to construct the edges of graphs. It is a nonlinear measure of
functional connectivity that was initially developed to describe the coherence be-
tween two EEG signal channels during anesthesia, thereby assessing communication
between cortical regions. TAN et al. found significant discontinuities in the α/β co-
herence distribution between EMG and EMG electrodes. However, the distribution
of SPMI among all electrode pairs shows a smooth and continuous feature. There-
fore, SPMI is suitable for quantifying the coherence between EEG and EMG signals
to effectively assess the functional connectivity between different brain regions or
muscle regions.

In order to calculate the coherence between signals, the permutation entropy of
the two channel vectors X and Y of the signal first needs to be calculated.

PEX = −
k!∑︂
i=1

PX(i) log(PX(i)), (1)

where PX(i) is the permutation probability of X and k is the dimension of X.

PE(X,Y ) = −
k!∑︂
i=1

k!∑︂
j=1

PXY (i, j) log(PXY (i, j)), (2)

where PXY (i, j) is the joint probability of permutation of X and Y . Finally, how to
calculate SPMI is described as follows:

SPMI(X,Y ) =
(PEX + PEY − PE(X,Y ))

PE(X,Y )

. (3)

SPMI values range from 0 to 1. By comparing the SPMI values with a predefined
threshold, channels exhibiting a degree of correlation above the threshold can be
identified. These channels can be connected to form the edge of the graph.
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Figure 3. a) Contribution comparison of different novel parts in improving performance.
b) Average accuracies comparison of the proposed method with other different methods
on motor intention classification tasks for each subject in TAN dataset.
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3.3 Structure Embedding Initialization

In the non-IID FGL scenario, datasets from different clients usually involve different
subjects or tasks, leading to feature heterogeneity and making it difficult to share
useful information among clients. There are some general structural properties in
EEG and EMG signals, but in GNNs, structural information is implicitly encoded
to nodes along with feature information through the feature aggregation process,
making it potentially difficult for local models to distinguish and extract this infor-
mation during training and inference. To address this issue, we propose a strategy
that encodes structural information separately as structural embeddings and uses
structural embeddings instead of features for message-passing and aggregation dur-
ing FL.

To extract structural information from the graph, we use Degree Structural
Encoding (DSE) and PR to capture local and global knowledge, respectively. DSE
is represented using one-hot encoding. For a given node v, its DSE is represented
as follows:

sDSE
v = [I(dv = 1), I(dv = 2), . . . , I(dv ≥ k1)] ∈ Rk1 , (4)

where dv represents the degree of the node, I represents the identity function, and
k represents the dimension. Using DSE to represent local structural knowledge
has the following advantages: firstly, the degree distribution of a node is a funda-
mental graph property that can be obtained through simple computations, without
requiring complex preprocessing or computational resources. Secondly, in brain
networks, the degree distribution typically follows a power-law distribution, where
a few nodes with a large number of connections are referred to as hub nodes. By
capturing anomalies in these hub nodes, it is possible to identify various neurological
diseases.

Meanwhile, PR is used to capture global structural knowledge. The algorithm
is based on a random walk model and determines the relative importance of each
node by calculating the link relationships between nodes in the network. The PR
value of node v is represented as follows:

sPR
v =

(1− q)

N
+ q

∑︂
j∈B(V )

PR(j)

L(j)
, (5)

where sPR
v represents the PR value of electrode vi. The term 1 − q denotes the

probability that a random walker jumps to any electrode, q is the damping factor,
and N is the total number of electrodes. B(V ) represents the set of all electrodes
connected to v, which influence vi through electrical activity signals. L(j) denotes
the connection count of electrode v, indicating the number of outgoing electrical
signals from j. PR evaluates the relative importance of different brain regions by
calculating the probability of a walker staying in the network for a long time to
determine the ranking of nodes. This analysis is able to reveal information flow pat-
terns in functional brain networks, identify key brain regions, and help understand
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the role of these brain regions in cognitive tasks. Unlike node degree, which only
provides a simple measure of the number of connections between nodes, PR takes
into account the global structure of the graph and the link relationship between
nodes through iterative calculation.

sv = concat
[︁
sDSE
v , sPR

v

]︁
. (6)

Finally, the results of the DSE and PR were aggregated to obtain a structural en-
coder that provides a richer and more comprehensive representation of the structure.

Figure 4. t-SNE visualizations of FSDFGL and FedAvg methods for tasks 17, 18, and 19.
a) FSDFGL method, b) FedAvg method.

3.4 Local Dual-Channel GNN

When performing FGL, a single-channel GNN is usually used. However, when
the datasets of clients come from different subjects or tasks, there may be dif-
ferences in feature distributions and data characteristics. In such cases, directly
using a single-channel GNN to build and share feature encoders may impact person-
alization performance due to inconsistencies in feature representation space. Even
if the model performs well on one client, it may not generalize effectively to other
clients. Additionally, although structural embeddings containing shared structural
knowledge have been obtained, single-channel GNNs cannot simultaneously handle
structural and feature information. To address these issues, a dual-channel GNN is
adopted.

In this module, the graph structure data is used as the original input. For a given
node, we extract the structural embedding and the node feature. Since these two



422 K. Li, H. Ji, W. Yang, J. Li

vectors may have different dimensions, we use two parallel linear layers fh(0) and
fg(0) to convert them into vectors with a consistent dimension.

Then, as shown in Figure 1 a), the structural embeddings are fed into the GCN
with L layers. In the L-layer GCN, only the hidden structure embeddings of the
previous layer are accepted as input, which enables the structure encoder to focus
on learning structural knowledge and avoid the adverse effects of heterogeneous fea-
tures on other client structure encoders when messages are shared. Choosing GCN
to process structure embedding has the following advantages: first, the model struc-
ture of GCN is relatively simple, and the calculation process is more efficient than
some complex GNN models. Second, GCN updates the representation of a node by
aggregating the features of the node and its neighbors. This method can effectively
capture local structure information, so that the model can adapt to different graph
structures and have better generalization ability.

H(l+1) = σ
(︂
D− 1

2 ÃD− 1
2H(l)W (l)

)︂
, (7)

where D represents the diagonal node degree matrix of the graph, A represents
the adjacency matrix, H(l) represents the node feature matrix of the lth layer, W (l)

represents the weight matrix of the lth layer, D̃ represents the normalized diagonal
node degree matrix, Ã represents the normalized adjacency matrix, and σ represents
the activation function.

As shown in Figure 1 a), the feature embeddings are fed into GIN with L lay-
ers. In GIN with l layers, the concatenation of hidden structure embeddings and
hidden feature embeddings from the previous layer is used as input, which enables
the feature encoder to make full use of the global structure knowledge learned by
the structure encoder to supplement. GIN is chosen to handle feature embedding
because it can effectively model graph isomorphism through complex feature ag-
gregation operations and multi-layer perceptron (MLP), thus generating rich global
feature representations.

h(k)
v = MLPk

⎛⎝(︁
1 + ϵ(k)

)︁
· h(k−1)

v +
∑︂

u∈N(v)

h(k−1)
u

⎞⎠ , (8)

where MLP represents a Multi-Layer Perceptron, h
(k)
v represents the feature repre-

sentation of node v at the kth layer, and ϵ(k) represents a learnable parameter.

hG = concat
(︁
readout

(︁
{h(k)

v |v ∈ G}
)︁
|k = 0, 1, . . . , K

)︁
, (9)

ω∗
(h,m) = arg min

ω(h,m),ω(g,m)

Lm (ωm;Dm) . (10)

In the last layer, the hidden structure embeddings output by GCN and the hidden
feature embeddings output by GIN are concatenated together as input to the read
function. Through this function, these concatenated embeddings are transformed
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into graph-level features to support subsequent classification tasks. Finally, the
cross-entropy loss function Lm is used to optimize the local model, and the param-
eters of the structure encoder ω(h,m) and feature encoder ω(g,m) are updated during
the training process.

3.5 Federated Learning Layer

EEG and EMG datasets are usually small in size and involve sensitive, privacy-
related information. In addition, these datasets often come from different subjects
and tasks, which makes the data characteristics heterogeneous and negatively im-
pacts the model’s performance. To address these challenges, a FL approach has been
proposed that focuses on sharing the parameters of local structural encoders to share
universal structural knowledge. Since FL only shares structural encoder model pa-
rameters, it can leverage distributed data for model training and improvement while
preserving data privacy.

In this approach, the central server aggregates these local structure encoder
parameters to construct a global model using the following aggregation formula:

ω̄g =
M∑︂

m=1

|Dm|
N

ω(g,m). (11)

Here, ωg represents the global model parameters, ω(g,m) denotes the parameters of
the local structure encoder at client m, |Dm| is the data size of client m, and N

is the total data size across all clients. |Dm|
N

represents the proportion of data size
|Dm| of each client m relative to the total data size N . The aim is to ensure that
each client’s contribution to the global model is proportional to the amount of data
it has. Doing so helps balance the contributions of each client and allows for a
fairer aggregation of global model parameters, especially when the data is unevenly
distributed.

Then, ω̄g is sent back to all clients to update the local structural encoder model
parameters and initiate the next round of local training. By only sharing the pa-
rameters of the structural encoder, this approach effectively protects data privacy.
Additionally, the structural encoder focuses on processing structural information
and performs message aggregation on the server side, allowing FSDFGL to more
accurately capture the universally shared structural knowledge in EEG and EMG
data. This method can also effectively improve the performance of local models,
even in experimental settings involving cross-subjects or tasks.

4 EXPERIMENT RESULTS AND ANALYSIS

In this section, first, two publicly well-known datasets, namely TAN and DEAP are
introduced. These datasets are used to record physiologically based signals. Ex-
periments conducted on these two datasets will be described in detail, including
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(a) (b)

Fig. 5 Test accuracy curves of FSDFGL and FedAvg methods over communication rounds. (a) Cross-subject experimental settings, (b) Cross-
task experimental settings.
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Fig. 5 Test accuracy curves of FSDFGL and FedAvg methods over communication rounds. (a) Cross-subject experimental settings, (b) Cross-
task experimental settings.

b)

Figure 5. Test accuracy curves of FSDFGL and FedAvg methods over communication
rounds. a) Cross-subject experimental settings, b) cross-task experimental settings.
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hyperparameter settings and network architectures. Finally, the experimental re-
sults are displayed and analyzed in multiple dimensions to verify the performance
of the proposed framework.

4.1 Datasets

In our experiments, TAN and DEAP are used. TAN is a motion intention dataset,
while DEAP is an emotion recognition dataset.

1. TAN: The TAN dataset is a multimodal dataset containing EEG-EMG signals.
The dataset included five healthy volunteers and two stroke patients. Each
participant performed static movements of equal length, such as pushing and
pulling, lasting 3 seconds. The dataset contained a total of 516 trials of healthy
individuals and 174 trials of stroke patients. For EEG, 32 electrodes were placed
for recording using the international 10-10 system with a sampling rate of 500Hz.
At the same time, eight EMG electrodes were placed on the arm, each at the
following locations:

(a) flexor digitorum superficialis (FDS),

(b) flexor carpi ulnaris (FCU),

(c) flexor carpi radialis (FCR),

(d) extensor carpi ulnaris (ECU),

(e) extensor carpi radialis longus (ECRL),

(f) biceps brachii short head (BBS),

(g) triceps brachii long head (TBL) and

(h) lateral deltoid (LD).

The sampling rate of EMG data is 1 000Hz. In this article, EMG data was down
sampled to 500Hz and aligned with EEG data. The EEG and EMG signals were
then bandpass filtered at 10–200Hz and noise was removed using independent
component analysis (ICA) methods.

2. DEAP: The DEAP dataset is a publicly available dataset for the study of emo-
tion analysis and emotion recognition. The dataset collected both EEG and
physiological signal data. In the DEAP dataset, an international 10-20 system
was used for electrode placement, where the first 32 channels were used to collect
EEG signals and the rest were used to collect other physiological signals. The
sampling frequency of EEG data was 512Hz. The emotional data in the DEAP
dataset was obtained by having subjects watch 40 music video clips. Partici-
pants were asked to rate the video clips based on their subjective experience on
four dimensions (1-9): valence, arousal, dominance, and arousal. In this paper,
The EEG data was down sampled to 128Hz, and the first 32 channels were
selected to remove other irrelevant artifacts, such as EOG. Each data trial was
63 seconds long, including a baseline time of 3 seconds.
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4.2 Experiments Setup

In this paper, our main focus is on the data heterogeneity scenario that exists in
FL. To simulate this scenario, two non-IID settings are performed:

1. a cross-dataset setting based on different experimental paradigms and

2. a same-dataset setting based on different subjects.

In each setting, the data is split into an 80% training set and a 20% test set. In
our experiment, the Adam optimizer was used with a learning rate of 0.005 and
a dropout rate of 0.5. The dimensions of both DSE and PR are set to four. For
the N-layer local dual-channel GNN, a three-layer GCN was used as the structure
encoder. Additionally, a three-layer GIN was used as the feature encoder, with
a hidden layer size of 64. In all experimental settings based on FL, the num-
ber of local training rounds was set to 3, the batch size was set to 128, and a
total of 500 federated shares were executed. In the non-federated experimental set-
ting, local training consisted of 300 rounds with a batch size of 128. All methods
were implemented in PyTorch, and the experiments were conducted on an NVIDIA
RTX5000.

To evaluate the performance of the trained local model, the label of each sub-
action is predicted, and the score is added according to the quality of the action.
After completing a set of actions, the action with the highest score is selected as the
final predicted label, and then compared with the actual label.

4.3 Experiments Results

The proposed FSDFGL contains four innovative parts: integrating EMG into EEG
signals through SPMI, extracting structural information using DSE and PR, using a
dual-channel GNN to process structure embedding and node features, respectively,
and realizing FL based on structural knowledge sharing. To evaluate the contribu-
tion of each innovation part, four frameworks were designed by removing part of the
components and compared with the proposed framework.

1. FSDFGL-1: The framework uses only EEG data as input, without utilizing
SPMI to integrate EMG signals.

2. FSDFGL-2: The framework uses an all-ones vector to represent structural em-
bedding.

3. FSDFGL-3: The framework uses a single-channel GNN that receives both node
feature and structure embedding as input.

4. FSDFGL-4: The model without federated layers for sharing structural knowl-
edge.
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In Figure 3 a), the average classification accuracy histograms of various vari-
ant frameworks and the proposed framework compared on the TAN dataset are
shown. It is observed that different innovative parts contribute differently to the
classification accuracy. Specifically, FSDFGL has the highest classification accuracy
improvement compared with FSDFGL-1, reaching 11.17%. This verifies that by
incorporating EMG signals into EEG signals using SPMI, more comprehensive and
rich information can be obtained, thus improving the classification accuracy. Addi-
tionally, FSDFGL increased by 7.42%, 2.24%, and 3.20% compared to FSDFGL-2,
FSDFGL-3, and FSDFGL-4, respectively. This verifies that classification accuracy
can be improved to some extent by extracting structural and feature information
separately. By putting this information into a dual-channel GNN and utilizing FL
to share structural knowledge, further improvements can be achieved. Taken to-
gether, the proposed framework integrates the advantages of each innovative part
and achieves better classification accuracy.

Method 2 4 14 15 17 18 19 Mean

LOCAL 64.62 70.87 67.14 79.23 93.60 99.57 75.58 78.66
FedAvg 70.00 70.43 70.48 73.08 94.40 98.70 80.00 79.58
Ours 66.15 73.48 67.62 87.69 96.00 100.00 82.08 81.86

Table 1. Accuracy comparison of different federated learning methods in cross-subject
experimental settings on the TAN dataset

Method 2 4 14 15 17 18 19 Mean

LOCAL 64.62 70.87 67.14 79.23 93.60 99.57 75.58 78.66
FedAvg 63.85 61.74 56.19 46.15 86.40 83.04 71.67 67.01
Ours 66.92 71.30 69.52 77.69 98.80 99.57 83.33 81.02

Table 2. Accuracy comparison of different federated learning methods in cross-task ex-
perimental settings on the TAN dataset

Signal 2 4 14 15 17 18 19 Mean

EEG 49.57 50.43 66.67 71.54 86.40 84.78 85.42 70.69
EMG 61.54 76.09 56.19 65.38 72.80 67.39 66.67 65.58
EEG+ EMG 66.15 73.48 67.62 87.69 96.00 100.00 82.08 81.86

Table 3. Accuracy comparison of single-source and multi-source signals

To further verify the superiority of FSDFGL, the local model of FSDFGL will be
compared with traditional machine learning and deep learning models on the TAN
dataset, as shown in Figure 3 b). This comparison involved benchmark methods
like SVM + CSP and EEGNet. Additionally, two GNN models, GIN and ResGat-
edGraph, and a standard FL model, FedAvg, were evaluated. It can be observed
that the local model significantly outperforms CSP+SVM on subjects 4, 14, 15, 17,
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18, and 19. This is because CSP + SVM relies on manual feature engineering and
cannot automatically extract complex patterns and relationships from the data. At
the same time, the local model is better than EEGNet on subjects 2, 4, 14, 17, 18,
and 19. Although EEGNet can automatically extract features, its network struc-
ture is designed for processing EEG data and may not effectively capture the specific
patterns and characteristics of EMG data, resulting in some limitations when pro-
cessing multimodal data. Meanwhile, while the other two GNN methods perform
better compared to CSP + SVM and EEGNet, they almost completely underper-
form when compared to local models. This proves that GNN can better learn and
analyze the topological relationships in the graph structure and capture the infor-
mation transfer and interaction in the brain network. However, single-channel GNN
models can only process node characteristics and structural information through
a single network channel, which limits their performance in capturing and fusing
these two types of information. At the same time, these models lack the advantages
of FL and cannot utilize distributed data for model training while protecting data
privacy.

In addition, in order to verify the effectiveness of structure sharing FL, FSDFGL
is compared with the traditional FL method FedAvg, as well as the local model, as
shown in Tables 1 and 2. Although in Table 1 the average accuracy of FedAvg
is higher than the local method, in Table 2, the accuracy of all subjects is lower
than the local model. Specifically, the average accuracy is 11.65% lower than the
local method. Despite FedAvg performing well in cross-subject experiments, its
performance declines when dealing with more complex cross-task experiments. This
indicates the limitations of FedAvg in dealing with the effects of non-IID, is easily
affected by the heterogeneity of traditional EEG-EMG datasets. On the contrary,
FSDFGL outperforms the local model and FedAvg in both cross-subject experimen-
tal Settings and cross-task experimental subjects. This indicates that in traditional
FL, due to the heterogeneous characteristics and distribution of data among different
clients, it may lead to different degrees of interference when the model is trained lo-
cally. Structure-based FL methods have better ability to deal with non-independent
and identical distributions. By sharing structural knowledge, it can better avoid
the influence of heterogeneous features on the local model and improve the overall
learning effect.

As shown in Figure 4, we compared the performance of the two methods under
t-SNE by selecting data from three high-performing subjects (17, 18, and 19) in the
cross-task experimental paradigm. The upper three plots represent the results of
FSDFGL, while the lower three plots correspond to FedAvg. The results indicate
that our model achieves a clearer separation between the two categories, demonstrat-
ing more distinct differentiation. In contrast, FedAvg shows more overlap between
the two colors, with less defined category boundaries. Furthermore, our method
excels in latent space alignment by suppressing dataset or subject-specific features,
allowing the model to focus more on task-related common features. This results
in better generalization across different datasets or subjects and clearer category
separation.
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5 DISCUSSION

5.1 Effects of EEG-EMG Signal Fusion

As shown in Figure 3 a), EEG-EMG data significantly improves the accuracy of
movement intention recognition by more than 11%. To verify its superiority over
a single signal, the signals were divided into three groups: EEG, EMG, and EEG+
EMG. These experiments were carried out under the same configuration. The results
are shown in Table 3, where the model with EEG-EMG achieves the best average
accuracy.

In the experiments, data from five subjects 2, 14, 15, 17 and 18 were analyzed,
and the EEG-EMG fusion signal significantly outperformed EEG or EMG signals
alone. Meanwhile, in the data of subjects 4 and 19, although the EEG-EMG fusion
signal is slightly lower than the single EEG or EMG signal, it still provides a rela-
tively reliable recognition result. This indicates that EEG-EMG multi-source signal
fusion can provide more comprehensive information and has significant advantages
for movement intention recognition.

In addition, the results also showed that EMG signals alone performed poorly
in stroke patients, which may be due to the fact that EMG signals in stroke patients
are usually weaker. Therefore, EEG-EMG signal fusion shows more robustness and
accuracy in these cases, which can better compensate for the deficiency of a single
signal and thus provide more reliable movement intention recognition results.

5.2 Effects of Decoupling and Sharing Mechanisms

As detailed in Section 3.5, message sharing mechanisms in FL are worth discussing,
in particular the impact of different message sharing mechanisms on local models and
which mechanism performs best in enhancing local model performance. The message
sharing mechanisms are feature-based, structure-based and shared-all parameter.
All experiments were performed using the same local model, and the results are
shown in Tables 4 and 5, and are discussed for the two non-IID experimental setups
across subjects and tasks.

In the experimental results in Tables 4 and 5, the structure-based message shar-
ing mechanism is significantly better than other mechanisms, and the accuracy
is improved by more than 2% compared with the local model. This shows that
the structure-based message mechanism can effectively avoid the influence of non-
independent and identical distributions on the local model and can share useful
structural knowledge.

While the feature-based message sharing mechanism also performed well
in the cross-subject experimental setup, with better results than the local model,
it significantly lagged behind the local model in the cross-task experimental
setup. This means that the feature-based message sharing mechanism is more
suitable for datasets with similar feature distributions, but in scenarios with
less similar features, the extracted feature information cannot adapt well to the
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Method 2 4 14 15 17 18 19 Mean

None 64.62 70.87 67.14 79.23 93.60 99.57 75.58 78.66
Fe 65.38 69.13 69.05 79.23 97.20 99.57 75.83 79.34
ALL 63.08 67.83 65.71 73.85 96.80 99.57 78.33 77.88
Stru (Ours) 66.15 73.48 67.62 87.69 96.00 100.00 82.08 81.86

Table 4. Effects of different decoupling and sharing mechanisms in cross-subject experi-
mental settings

Method 2 4 14 15 17 18 19 Mean

None 64.62 70.87 67.14 79.23 93.60 99.57 75.58 78.66
Fe 60.77 57.83 58.57 66.92 83.60 94.35 64.58 69.52
ALL 52.31 52.17 48.57 54.62 66.40 76.96 68.33 59.91
Stru (Ours) 66.92 71.30 69.52 77.69 98.80 99.57 83.33 81.02

Table 5. Effects of different decoupling and sharing mechanisms in cross-task experimental
settings

dataset clients with heterogeneous features due to the existence of heterogeneous
features.

In contrast, the message passing mechanism with full parameter sharing lags
behind the local model in both cross-task and cross-subject experimental Settings.
This suggests that too much sharing of model parameters may introduce noise
and irrelevant information, adversely affecting the performance of the local model.
Although full parameter sharing attempts to comprehensively integrate the infor-
mation of all participants, due to the heterogeneity of the data distribution, this
approach is prone to model overfitting or bias, thus reducing the overall perfor-
mance.

5.3 Convergence Analysis

Figure 5 illustrates the performance of the proposed framework and the baseline
method as a function of the number of communication rounds, and Figures 5 a)
and 5 b) correspond to the experimental Settings across subjects and tasks, respec-
tively. It can be observed that compared with FSDFGL, FedAvg usually converges
faster, but has lower accuracy and less stability. FedAvg adopts a simple model
parameter averaging method and synchronously updates the model parameters of
all clients in each round of communication, which makes the global model reflect
the data distribution of all clients immediately after each round, so as to achieve
fast overall convergence. However, when there is a significant difference in data dis-
tribution across clients, updates from different clients may conflict with each other,
which will impair the overall model performance. In addition, FedAvg does not
have a special mechanism to deal with the data heterogeneity between clients (non-
IID), which makes the model difficult to adapt to the data characteristics of all
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clients when the data distribution is different, resulting in low accuracy and poor
stability.

In contrast, FSDFGL uses a structured knowledge sharing mechanism to capture
widely shared structural knowledge, so as to effectively deal with the problem of
dataset feature heterogeneity, improve the accuracy and enhance the stability of the
model.

5.4 Effects of Different Structure Embeddings

As shown in Figure 3 a), extracting structural knowledge effectively improves the
accuracy of motion intention recognition. However, the composition of the node
structure deserves to be explored in depth, whether all components are beneficial to
the recognitioon results. The components of the node structure are the DSE, the
PR, the DSE and the PR (DSE+ PR), and the all-one vector (none) as a contrast.
All experiments were performed using the same model, and the results are listed
in Tables 6 and 7. Two non-IID experimental setups across subjects and tasks are
discussed. In Tables 6 and 7, the combination of DSE and PR comprehensively
outperforms none and other single component node structures, which indicates that
PR and DSE as components of nodes can significantly improve the accuracy of the
model.

In Tables 6 and 7, the average accuracy of PR in Table 6 shows a significant im-
provement compared to “none”, while in Table 7, the accuracy improvement of DSE
is more pronounced. PR evaluates the importance of nodes through random walks,
which better handles the heterogeneity of cross-subject data. On the other hand,
DSE reflects local structural features through node degrees and is more adaptable
to task variations (such as in cross-task experiments). The combination of DSE
and PR outperforms “none” and other single-component node structures, indicat-
ing that they complement each other in different data scenarios and jointly enhance
the model’s accuracy. This further validates that DSE and PR, as components of
nodes, can significantly improve the classification performance of the model. Al-
though the average accuracy of the structure composed of only DSE and PR has
achieved a good improvement, the effect lags behind none in some subjects. This is
attributed to the fact that DSE only considers the degree of nodes, while PR obtains
information based on the random walk path between nodes. Both of these methods
only capture local information or certain structural properties, and may not cover
all key information. In some subjects, this local information may not be sufficient
to fully describe the complex structure or characteristics of the data, resulting in
poor performance.

5.5 Varying Local Epochs

The setting of local rounds has been a deeply concerned issue in FL. Properly set
local rounds directly determine the contribution of each client to the global model
and the degree of performance improvement during training. If the local rounds are
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DSE PR 2 4 14 15 17 18 19 Mean

× × 64.62 73.04 67.14 57.69 95.60 97.83 65.00 74.42
× ✓ 63.85 71.30 65.71 77.69 95.60 98.70 75.83 78.38
✓ × 66.92 71.74 64.76 80.00 95.60 100.00 82.50 80.22
✓ ✓ 66.15 73.48 67.62 87.69 96.00 100.00 82.08 81.86

Table 6. Effects of different structure embeddings in cross-subject experimental settings

DSE PR 2 4 14 15 17 18 19 Mean

× × 62.31 70.43 64.29 69.23 96.00 98.26 78.33 76.98
× ✓ 65.38 70.87 63.33 76.15 94.00 98.26 80.42 78.35
✓ × 63.08 70.00 61.64 69.23 97.60 100.00 80.42 77.42
✓ ✓ 66.92 71.30 69.52 77.69 98.80 99.57 83.33 81.02

Table 7. Effects of different structure embeddings in cross-task experimental settings

set too few, the local model of the client may not be able to fully utilize its local data
characteristics, thus failing to significantly improve the performance of the global
model. On the contrary, too many local rounds may increase the computational cost
and communication overhead, and even lead to model overfitting or performance
degradation. Furthermore, given the heterogeneity of data per client, some clients
may have more or more complex data distributions, and thus may need more local
rounds to learn and update the model efficiently.

EPOCHS 1 2 3 4

FedAvg 79.58 81.04 80.16 81.70
Ours 80.56 79.35 81.86 79.28

Table 8. The performance on cross-subject experimental settings with varying local
epochs

To explore these issues, we set different number of local rounds (1, 2, 3, 4) on
the two methods FSDFGL and FedAvg. All experiments use the same model and
conduct in-depth analysis under two non-IID experimental settings: cross-subject
and cross-task. No obvious rule is observed from the experimental results in Tables 8
and 9 indicating that more local rounds have a greater impact on the local model.

In Table 8, in the cross-subject experimental setup, FedAvg outperforms FSD-
FGL when the local rounds are 2 and 4. However, in Table 9, the overall performance
of FSDFGL is better than FedAvg in the experimental setup across tasks. This in-
dicates that the feature-based message sharing mechanism is not the cause of the
performance degradation of the local model due to inadequate training.

5.6 Varying Batch Size

To test the most appropriate Batch Size, we set the number of client samples to
32, 64, 128 and 256 for both methods, FSDFGL and FedAvg, and conducted an
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EPOCHS 1 2 3 4

FedAvg 67.01 65.94 65.51 65.54
Ours 80.56 81.25 81.02 80.65

Table 9. The performance on cross-task experimental settings with varying local epochs

in-depth analysis under two non-IID experimental settings: cross-subject and cross-
task. The experimental results in Tables 10 and 11 show that the model performs
best when the Batch Size is set to 128.

BATCH SIZE 32 64 128 256

FedAvg 77.88 79.34 80.16 78.66
Ours 79.35 81.02 81.86 79.28

Table 10. The performance on cross-subject experimental settings with varying batch size

BATCH SIZE 32 64 128 256

FedAvg 63.85 64.62 65.51 63.08
Ours 78.35 79.34 81.02 80.65

Table 11. The performance on cross-task experimental settings with varying batch size

6 CONCLUSION

This paper proposes a novel FGL framework for hybrid brain-computer interfaces,
named FSDFGL. The framework aims to address the limitations of EEG in spatial
resolution and the challenges of complex motor intention recognition due to the lack
of large datasets. Through an effective structured knowledge-sharing method, FS-
DFGL successfully solves the non-IID problem in FL when the local client data sets
come from different subjects and tasks. To evaluate the performance of the proposed
method under non-IID scenarios, experiments were conducted on two publicly avail-
able datasets. The performance of the proposed method was assessed using various
metrics and compared with baseline methods. The results indicate that FSDFGL
achieved accuracies of 81.86% and 81.02% in cross-subject and cross-task settings,
respectively, significantly outperforming the baseline methods. Additionally, exten-
sive ablation studies were performed, demonstrating the superiority of the model.
The model shows potential in recognizing complex motor intentions and effectively
addresses the performance limitations of traditional brain-computer interfaces re-
lated to the spatial resolution of EEG and the scarcity of large EEG datasets.
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[28] Egúıluz, V.M.—Chialvo, D.R.—Cecchi, G.A.—Baliki, M.—
Apkarian, A.V.: Scale-Free Brain Functional Networks. Physical Review
Letters, Vol. 94, 2005, Art. No. 018102, doi: 10.1103/physrevlett.94.018102.
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