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Abstract

The cross-subject electroencephalography (EEG) classifica-
tion exhibits great challenges due to the diversity of cognitive
processes and physiological structures between different sub-
jects. Modern EEG models are based on neural networks, de-
manding a large amount of data to achieve high performance
and generalizability. However, privacy concerns associated
with EEG pose significant limitations to data sharing between
different hospitals and institutions, resulting in the lack of large
dataset for most EEG tasks. Federated learning (FL) enables
multiple decentralized clients to collaboratively train a global
model without direct communication of raw data, thus pre-
serving privacy. For the first time, we investigate the cross-
subject EEG classification in the FL setting. In this paper,
we propose a simple yet effective framework termed mixEEG.
Specifically, we tailor the vanilla mixup considering the unique
properties of the EEG modality. mixEEG shares the unlabeled
averaged data of the unseen subject rather than simply sharing
raw data under the domain adaptation setting, thus better pre-
serving privacy and offering an averaged label as pseudo-label.
Extensive experiments are conducted on an epilepsy detection
and an emotion recognition dataset. The experimental result
demonstrates that our mixEEG enhances the transferability of
global model for cross-subject EEG classification consistently
across different datasets and model architectures. Code is pub-
lished at: https://github.com/XuanhaoLiu/mixEEG.
Keywords: EEG; Federated Learning; mixup; Domain Gen-
eralization; Domain Adaptation

Introduction
Brain-Computer Interfaces (BCIs) based on electroen-
cephalography (EEG) signals have been significantly facil-
itating the health care of people in a wide range of areas,
encompassing cognitive research (Tan et al., 2024; Finley
et al., 2024; X.-H. Liu, Liu, et al., 2024), epilepsy detec-
tion (Shoeb & Guttag, 2010; Tasci et al., 2023), and emotion
recognition (Aggarwal & Chugh, 2022; Jiang, Liu, Zheng,
& Lu, 2023, 2024). A common but challenging practical re-
quirement of EEG BCI is training an EEG BCI that achieves
good performance on unseen subjects, which is also known
as cross-subject EEG classification. Due to the diversity of
cognitive processes and physiological structures, electroen-
cephalogram (EEG) data present significant individual dif-
ferences. Modern EEG BCIs are largely based on neural
networks (NN) and it is widely acknowledged that NN fol-
low the Scaling Law (Aghajanyan et al., 2023; Cherti et al.,
2023), i.e., the performance of NN improves when scaling
up the amount and quality of training data. However, due
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Figure 1: The problem setting of domain generalization fed-
erated learning (DG FL) and domain adaptation federated
learning (DA FL), which aims to learn a global model from
multiple decentralized source domains. The unlabeled shar-
ing data is sent to client only under the DA FL setting.

to the expensive collection costs and privacy concerns (X.-
H. Liu, Song, He, Lu, & Zheng, 2024), there is no public EEG
dataset that is large enough to train well generalizable EEG
BCIs. The majority of EEG data around the world is stored in
various medical hospitals or research institutes in the format
of small datasets. How can we leverage these dispersed data
resources to train more generalizable EEG BCIs?

Federated learning (FL) allows multiple decentralized
clients to collaboratively train a global model without di-
rect communication of raw data (R. Liu et al., 2024). For
instance, during each communication round of the FedAvg
(McMahan, Moore, Ramage, Hampson, & y Arcas, 2017),
the clients update its local model exclusively with their own
data, and upload the parameters of their local model to the
global server, where the global model is then updated through
the aggregation of parameters from these local models. Al-
though there are many studies adopted FL in EEG-based BCI
(Ju et al., 2020; Baghersalimi, Teijeiro, Atienza, & Aminifar,
2021; X. Chen, Niu, Zhao, & Qin, 2024; Chan, Zheng, Xu,
Wang, & Heng, 2024), these studies predominantly focused
on improving the performance of the global model on existing
subjects of each client, overlooking the practical requirement
of cross-subject EEG classification on unseen subjects.

Basically, there are two cross-subject settings: domain gen-
eralization (DG) and domain adaptation (DA). While DG re-
quires no data from unseen subjects, DA allows the trainer
to access the unlabeled data from unseen subjects. For the
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first time, we investigate these two settings in FL, i.e., the
DG FL setting and DA FL setting. Illustrated in Figure 1,
these two settings require training a global model on multi-
source domains while preserving the data privacy of each
source domain. With the strict prohibition of data communi-
cation among source domains, the DG FL and DA FL prob-
lems present heightened challenges compared to traditional
DG and DA settings, in which the global server can directly
access to all source domains data.

Inspired by mixup (H. Zhang, Cisse, Dauphin, & Lopez-
Paz, 2018), a simple yet surprisingly effective data augmen-
tation technique, we propose a novel FL framework called
mixEEG to tackle the two proposed problem settings. Specif-
ically, we tailor the vanilla mixup for EEG modality to un-
leash the potential of mixup for developing better cross-
subject EEG BCI. Solely through mixing up the local EEG
data of each client, our mixEEG already enhances the general-
izability of global models under the DG FL setting. By adopt-
ing the unlabeled data from the target domain, our mixEEG
achieves even better performance under the DA FL setting.

In summary, the contributions of this paper are as follows:

• New problem: We for the first time investigate two new
problem settings for cross-subject EEG FL: the DG FL set-
ting and the DA FL setting.

• New framework: We introduce a new FL framework
called mixEEG to improve the transferability of global
models trained by FL methods.

• New mixup: Beyond the vanilla mixup, which linearly in-
terpolates raw data, we specially design and investigate two
new mixup approaches for EEG data: the Channel Mixup
and the Frequency Mixup.

• Extensive Experiments: We conduct extensive exper-
iments on two public datasets and two common net-
work architectures to comprehensively investigate different
mixEEG with diverse tailored mixup.

Related Work
Cross-subject EEG Classification
The inter-subject variability of EEG signals has hindered the
promotion of EEG BCIs for a long period of time. Previ-
ous DG methods predominantly concentrated on traditional
supervised learning or unsupervised learning. The mixture-
of-experts are adopted to learn different brain regions rep-
resentations (X.-H. Liu, Jiang, Zheng, & Lu, 2024). Con-
trastive learning enables networks to learn the difference
among features, which is applied in both a graph-based multi-
task self-supervised learning (GMSS) (Li et al., 2022) and
a prototype contrastive domain generalization (PCDG) (Cai
& Pan, 2023). However, these methods cannot be directly
adopted for training a global model with multiple decentral-
ized clients, limiting its access to large amount of data. Our
mixEEG framework enables BCI developer to train a global
model with the collaboration of multiple decentralized clients
while preserving privacy.

EEG Federated Learning
Considering the privacy preservation of EEG, many previous
works introduced FL in EEG classification tasks. R. Liu et
al. proposed FLEEG to to surmount the challengings of the
heterogeneity of EEG devices among different clients (hospi-
tals and institutions) (R. Liu et al., 2024). FedEEG (Hang et
al., 2023) used an inter-subject structure matching-based FL
framework to extract the discriminative features for improv-
ing the performance of each clients. Mongardi and Pinoli
explored the potential of federated learning for the task of
emotion recognition from BCI data, focusing on performance
with respect to centralized approaches (Mongardi & Pinoli,
2024). Despite there are lots of research on the EEG FL, the
cross-subject issues are largely unexplored. Hence, we pro-
pose mixEEG to enhance the EEG FL for cross-subject EEG
classification.

Mixup
Mixup (H. Zhang et al., 2018) is a simple yet surprisingly ef-
fective data augmentation technique, which linearly interpo-
lates two data’s inputs and labels to generate a mixup data. By
adopting mixup strategy, centralized learning is able to train a
more robust model with the same training dataset. Recently,
lots of paper utilized mixup for fedreated learning in many re-
search fields, like medical image segmentation (Wicaksana et
al., 2022), vertical FL (Cheng et al., 2024), and image classi-
fication (Yoon, Shin, Hwang, & Yang, 2021).

Previous EEG classification work simply employed the
vanilla mixup (Zhou et al., 2024; Yao, Liu, Lu, Wu, & Li,
2024). To tailor the vanilla mixup for diverse data modality,
many works like mixing up data in the latent space (Verma et
al., 2019), detecting the saliency feature for images (Uddin,
Monira, Shin, Chung, & Bae, 2021), and mixup for natural
language (H. Chen, Han, Yang, & Poria, 2022) were pro-
posed. Taking the properties of EEG modality with multiple
channels and frequency bands into consideration, we natu-
rally propose Channel Mixup and Frequency Mixup for EEG
modality.

Method
Problem Statement
Let Ds “ tXs,Ysu and Dt “ tXt ,Ytu denote the source domain
dataset and the target domain dataset. There are two normal
cross-subject settings, domain generalization (DG) and do-
main adaptation (DA). Different from DG setting which re-
quires training DL models only using the source dataset Ds,
DA setting allows trainers to have additional access to the un-
labeled target data Xt .

Under the federated learning setting, there are K clients
whose datasets multiple sub-dataset Dk

s , where k P 1, ...,K.
For the purpose of privacy preservation, the direct data com-
munication between clients is strictly forbidden, i.e., each
client train their local model only using their own sub-dataset
Dk

s . The goal of DG FL is to train a global model that can
generalize to Dt .
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In contrast to DG FL, DA FL setting allows clients to ac-
cess the unlabeled data Xt from target domain, making the
cross-subject isssue easier but damaging the privacy of target
domain Dt . Hence, it is necessary to consider the trade-off
of the privacy preservation and the data sharing. We define a
sharing ratio of r P r0,1s, denoting the ratio of the number of
the shared data to the target domain data. When r “ 0, the DA
FL setting is equal to the DG FL setting. Larger r represents
more data communication but less privacy preservation.

Baseline: FedAvg
Federated Averaging (FedAvg) is the most commonly used
algorithm framework in FL (McMahan et al., 2017). For ev-
ery communication round t “ 0, ...,T ´ 1, a part of clients
train their own local models with their own sub-dataset Dk

s .
We denote the fraction of the number of clients participating
in the update to the total number of clients as φ. Under the
DA FL setting, each client also has the access to the unlabeled
shared data from target domain dataset Xt . Afterwards, client
k sends the model weight wk

t to the global server, which up-
date the parameters of global model by simply averaging the
client parameters received by:

wt “
1

φK

φK
ÿ

k“1

wk
t . (1)

The updated global model wt is sent back to clients for the
next round local training. The process will undergoes T times
or until the global model converges.

Tailored mixup
Mixup (H. Zhang et al., 2018) is a simple data augmentation
technique using a linear interpolation between two data-label
pairs pxi,yiq and px j,y jq to produce a mixup data-label pair

rx “ λxi ` p1 ´ λqx j, ry “ λyi ` p1 ´ λqy j, (2)

where λ P r0,1s is a hyperparameter. Through this elegant
augmentation, model gains better robustness and generaliza-
tion (L. Zhang & Deng, 2021; Carratino, Cissé, Jenatton,
& Vert, 2022). In this paper, we explore and validate three
mixup methods on DE features as shown in Figure 2. It is
worth noting that these tailored mixup might not always use-
ful as we are the first to explore them.

1) Linear Mixup: The same as the original mixup.

2) Channel Mixup: Channel mixup could help the model learn
localized spatial representations robust to inter-subject
variability in channel activations. There are C channels for
EEG data, we separate the whole C channels set into two
non-overlapping subsets C1 and C2. The mixup data is:

rx P RCˆF “ xi d MrpC1q ` x j d MrpC2q, (3)

where Mrpq P t0,1uCˆF denotes a binary mask. The rows
of MrpC1q corresponding to the channels in C1 are 1, and
other rows are 0.
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（a）Linear Mixup （b）Channel Mixup

（c）Frequency Mixup

Figure 2: Three EEG mixup methods: (a) Linear Mixup, (b)
Channel Mixup: an example that combines the left side and
the right side of two EEG signals, (c) Frequency Mixup: an
example that that combines the high frequency bands and the
low frequency bands of two EEG signals.

3) Frequency Mixup: Frequency mixup may enable captur-
ing discriminative features across multiple spectral bands,
which is known to be important for EEG analysis tasks.
There are F frequency bands for EEG data, we separate
the whole F frequency bands set into two non-overlapping
subsets F1 and F2. The mixup data is:

rx P RCˆF “ xi d McpF1q ` x j d McpF2q, (4)

where Mcpq P t0,1uCˆF denotes a binary mask. The
columns of McpF1q corresponding to the frequency bands
in F1 are 1, and other columns are 0.

mixEEG
For FedAvg algorithm framework, the local clients updates
the client model via stochastic gradient descent (SGD) for E
epochs:

wk
t`1,i`1 Ð wk

t`1,i ´ η∇Lp f pxk
i ;wt`1,iq,yk

i q, i “ 0, ...,E ´ 1.
(5)

Here, η is learning rate, L is loss function, and f px,wq is the
model output of the input x given model weight w.

Algorithm 1 mixEEG under the DA FL setting

1: Input: Dk
s “ Xk

s ,Yk
s for k “ 1, ...,N, Dt , sharing ratio

r P r0,1s, when r “ 0, this algorithm is FedAvg.
2: Initialize w0 for global model.
3: Xg Ð GetSharingDatapDt ,rq

4: for t “ 0, ...,T ´ 1 do
5: for k “ 1, ...,N do
6: wk

t`1 Ð LocalU pdatepk,wt ;Xgq

7: end for
8: wt Ð 1

N
řN

k“1 wk
t

9: end for
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Algorithm 2 Local Update for mixEEG
1: Input: k,wt ;Xg, when Xg “ ∅, L2 “ 0
2: w Ð wt
3: for e “ 0, ...,E ´ 1 do
4: for batchpX,Yq do
5: Select a sharing data xg from Xg
6: Xm Ð mixup X with xg
7: L1 Ð Lp f pXm;wq,Yq

8: L2 Ð
řn class

c“0 Lp f pXm;wq,Onepcqq

9: w Ð w ´ ηt`1∇pλL1 ` p1 ´ λqL2q

10: end for
11: end for
12: return w

The SGD algorithm for updating local models usually
leads these models to overfit their own subset, damaging the
global model’s generalizability and making the global model
hard to do cross-subject EEG classification. To this end, we
propose mixEEG, a simple but effective framework for en-
hancing the generalizability of the global EEG model learned
under the FL setting.

For the DG FL setting, mixEEG simply replacing the lo-
cal updating strategy of local clients from SGD with mixup,
i.e. using mixup technique to update the local model wk

t . We
validate several different mixup strategies to fully investigate
which type of mixup is suitable for EEG modality.

For the DA FL setting, local clients are able to see the
r ¨ |Dt | unlabeled data. Here are two questions: Q1: what
is the shared data? Q2: how do local clients leverage these
unlabeled data?

For question Q1, we argue that directly sharing the subset
of Xt definitely harm the privacy security of the target domain.
So instead, we propose to generate shared data by averaging
the target domain data Xt . Specifcally, we define a hyperpa-
rameter s P Z`, indicating the number of data used for aggre-
gating a single averaged data. We randomly shuffle the Xt ,
and linearly interpolating a number of s data from Xt to gen-
erate a single shared data by Eq 6. This process is repeated
r ¨ |Dt | times to get enough shared data.

rxt “
1
s

s
ÿ

i“1

xi
t . (6)

For question Q2, by assuming that the appearing probabil-
ity of each emotion in the target dataset is equal, we can gen-
erate a pseudo label for each shared data: ỹt “ 1

c r1,1, ...,1s P

Rc, where c is the number of emotion classes. After gener-
ating the shared data and correpsonding labels, mixEEG can
leverage these data from target dataset to improve the trans-
fer ability. Unlike the DG FL issue, where we mixup data
within a single batch, we mixup each data-label pairs pxi

s,y
i
sq

from Dk
s with the shared data. Decoding Onepq as the onehot

encoding, the corresponding mixup label is:

ry “ λOnepyi
sq ` p1 ´ λq

1
c

r1,1, ...,1s. (7)

Experiments
EEG Datasets
We exploit two datasets: an epilepsy detection dataset (Shoeb
& Guttag, 2010) and an emotion recognition dataset (Zheng
& Lu, 2015). Differential Entropy (DE) features (Duan, Zhu,
& Lu, 2013) are extracted for classification.

Epilepsy Detection (ED): CHB-MIT dataset is an epilepsy
dataset required from 23 patients. We cropped and resampled
the CHB-MIT dataset to build an ED dataset with four types
of EEG: ictal, preictal, postictal, and interictal phase EEG.

Emotion Recognition (ER): SEED dataset records the 62-
channels EEG data corresponding to 3 types of emotions from
15 subjects: positive, neutral, and negative.

Experimental Setup
Each subject is regarded as a decentralized source domain,
and the results under leave-one-subject-out (LOSO) settings
are reported. Specifically, we select n ´ 1 subjects as source
domains, train a global model using FL methods on the source
domains (the direct data communication among source do-
mains) and test the performance on the last remaining subject,
which is regarded as target domain.

The number of update round of the global server T “ 50,
for each client, the number of local update round E “ 5. We
use SGD as the optimizer, with its learning rate η “ 0.01. The
fraction φ is set to 0.2 for ER dataset, and 0.3 for ED dataset.
The sharing ratio r is 0.1 and aggregating hyperparameter s “

10 for DA FL setting.

EEG Models
There are many methods for the classification of EEG data.
We choose the following two type of models: 1) MLP: Multi-
Layer Perception, here we use an MLP with 2 hidden layers
of 128 and 64 neurons. 2) CNN: Convolutional Neural Net-
work, here we use a 3 layer CNN with kernal sizes of {(3,3),
(3,3), and (7,1)}. The activate function is the GELU function
and the dropout probability is 0.5 for all models.

EEG Mixup Appoaches
Basically, we evaluate three mixup ways, but there are more
implementation details to evaluate: 1) Linear Mixup: In the
origin paper, λ „ Betapα,αq,α P p0,`8q, we test two cases:
α “ 0.2 and α “ 5. 2) Channel Mixup: We test two cases:
(1) dividing the EEG channels into the left scalp and the right
scalp; (2) dividing the EEG channels equally into two sets
randomly. We set λ “ 0.5 for both cases. 3) Frequency
Mixup: For the DE features with five frequency bands (δ,
θ, α, β, and γ), we test two cases: (1) dividing the EEG fre-
quency bands into the tα,β,γu and tδ,θu; (2) dividing the
EEG frequency bands into the tδ,α,γu and tθ,βu. We set
λ “ 0.6 for both cases.

Results
DG FL Setting
Under DG FL settings, all clients can only access to their
own data. We compare our mixEEG with the baseline FedAvg
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Table 1: The DG FL setting: The accuracy, F1 score and Cohen’s Kappa score (%) under the DG FL setting. L, C, and F
indicate Linear, Channel, and Frequency mixup strategies, respectively.

Epilepsy Detection: CHB-MIT, 4-class Emotion Recognition: SEED, 3-class
Methods Accuracy F1 Score Cohen’s Kappa Accuracy F1 Score Cohen’s Kappa

M
L

P

FedAvg 43.676 ˘ 4.367 41.763 ˘ 4.349 27.376 ˘ 5.823 77.053 ˘7.824 76.826 ˘ 8.008 65.514 ˘ 11.768
L α = 0.2 47.618 ˘ 3.925 46.895 ˘ 3.532 30.158 ˘ 5.233 70.505 ˘ 4.987 69.946 ˘ 5.252 55.625 ˘ 7.551
L α = 5 47.679 ˘ 4.064 46.103 ˘ 3.303 30.238 ˘ 5.419 77.387 ˘ 8.216 76.856 ˘ 8.536 65.939 ˘ 12.409
C Binary 47.742 ˘ 3.863 45.766 ˘ 3.365 30.322 ˘ 5.151 86.082 ˘ 4.607 85.936 ˘ 4.753 79.062 ˘ 6.924
C Random 46.984 ˘ 3.907 44.888 ˘ 3.139 29.312 ˘ 5.209 86.306 ˘ 6.158 86.148 ˘ 6.246 79.419 ˘ 9.232
F tα,β,γu 47.359 ˘ 3.773 44.941 ˘ 3.353 29.812 ˘ 5.031 83.079 ˘ 3.562 82.910 ˘ 3.594 74.524 ˘ 5.383
F tδ,α,γu 45.863 ˘ 4.359 44.432 ˘ 3.612 27.818 ˘ 5.812 82.224 ˘ 4.200 82.037 ˘ 4.249 73.240 ˘ 6.276

C
N

N

FedAvg 45.142 ˘ 4.420 44.000 ˘ 4.732 26.857 ˘ 5.894 83.943 ˘ 7.437 83.843 ˘ 7.443 75.876 ˘ 11.143
L α = 0.2 48.606 ˘ 4.266 48.047 ˘ 4.017 31.474 ˘ 5.688 88.814 ˘ 4.928 88.759 ˘ 4.953 83.205 ˘ 7.396
L α = 5 46.698 ˘ 3.275 44.967 ˘ 2.530 28.931 ˘ 4.367 87.254 ˘ 5.789 87.118 ˘ 4.706 80.850 ˘ 8.694
C Binary 47.127 ˘ 4.147 45.587 ˘ 4.104 29.503 ˘ 5.530 84.486 ˘ 6.368 84.399 ˘ 6.384 76.718 ˘ 9.542
C Random 46.577 ˘ 3.782 43.526 ˘ 3.925 28.771 ˘ 5.042 85.989 ˘ 7.578 85.916 ˘ 7.598 79.007 ˘ 11.301
F tα,β,γu 46.246 ˘ 3.467 44.000 ˘ 3.358 28.328 ˘ 4.622 86.890 ˘ 5.445 86.818 ˘ 5.549 80.304 ˘ 8.180
F tδ,α,γu 45.338 ˘ 3.251 43.599 ˘ 2.942 27.118 ˘ 4.335 87.170 ˘ 5.045 87.075 ˘ 5.124 80.732 ˘ 7.571

method. The LOSO results are presented in Table 1. It can
be observed that simply updating the client models with lo-
cal mixup have already enhanced the transferability of global
model, as most results of mixEEG are higher than the results
of the baseline FedAvg. mixEEG improves the cross-subject
EEG classification from 77.0% to 86.3% for ER task, and
from 43.6% to 47.6% for ED task.

It can be seen that for MLP architecture, Linear Mixup is
the best for ED task, while Channel Mixup with Binary Split
is the best for ER task. However, for CNN architecture, Lin-
ear Mixup is always better across two datasets.

DA FL Setting
Under DA FL settings, there are r ¨ |Dt | unlabeled data from
target domain sharing to local clients. The results are pre-
sented in Table 2, it can been observed that mixEEG enhances
the performance from 46% to 49% for the ED task and from
90% to 93% for the ER task.

In this setting, the Channel Mixup method with Binary
Split outperforms other mixup strategies for MLP architec-
ture across two datasets. While for CNN architecture, the
Linear Mixup exhibits the best improvement on these two
tasks. However, we notice that the performance of Frequency
Mixup doesn’t work well under the DA FL setting, except
for MLP architecture on the ED dataset, Frequency Mixup al-
ways harms the generalizabitliy for other cases. Taking the
performance of the DG FL setting into consideration, we can
conclude that Frequency Mixup might not be suitable for EEG
modality.

Ablation Study
Linear Mixup Hyperparameter α Through the experi-
ments of the DG/DA FL settings, it can be found that the
performance of Linear Mixup are influenced by the hyperpa-
rameter α. Thus, we conduct an extra experiment to evaluate
the impact of α. We choose 14 values for α and exhibits the
performance of CNN model on the ED dataset, as shown in
Fig 3. It can be seen that in this case, the best performance

is achieved when α is around 0.3. When α is larger than 1.0,
the performances are similar.
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Figure 3: The accuracy, F1 score and Cohen’s Kappa score
of Linear Mixup with various α on the Epilepsy Detection
dataset. The network architecture is MLP.
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Figure 4: The accuracy of the global model trained with dif-
ferent training set sizes on the SEED dataset. We choose the
No.15 subject as the target domain, and adopt other 14 sub-
jects as the training set. The network architecture is CNN.

Training Set Size To investigate the Scaling Law in EEG
BCIs, we further train the global model with different num-
bers of source domain clients. As depicted in Fig 4, for
all mixup strategies, the performance fluctuates since the the
EEG data from different subjects vary significantly. But
despite the fluctuation, the performances increase when the

472



Table 2: The DA FL setting: The accuracy, F1 score and Cohen’s Kappa score (%) under the DA FL setting, where we set
r “ 0.1 in our experiment. L, C, and F indicate Linear, Channel, and Frequency mixup strategies, respectively.

Epilepsy Detection: CHB-MIT, 4-class Emotion Recognition: SEED, 3-class
Methods Accuracy F1 Score Cohen’s Kappa Accuracy F1 Score Cohen’s Kappa

M
L

P

FedAvg 46.806 ˘ 4.730 45.948 ˘ 4.989 30.742 ˘ 6.307 90.832 ˘ 6.181 90.769 ˘ 6.266 86.222 ˘ 9.290
L α = 0.2 48.572 ˘ 4.437 47.065 ˘ 4.331 31.429 ˘ 5.919 91.126 ˘ 5.376 91.007 ˘ 5.521 86.642 ˘ 8.099
L α = 5.0 47.543 ˘ 3.945 45.040 ˘ 4.008 30.058 ˘ 5.260 90.933 ˘ 5.808 90.906 ˘ 5.814 86.379 ˘ 8.714
C Binary 49.181 ˘ 4.558 47.936 ˘ 4.208 32.242 ˘ 6.077 93.077 ˘ 3.690 93.046 ˘ 3.702 89.594 ˘ 5.543
C Random 48.625 ˘ 4.103 47.649 ˘ 3.733 31.500 ˘ 5.471 89.770 ˘ 4.386 89.616 ˘ 4.535 84.624 ˘ 6.568
F tα,β,γu 48.305 ˘ 4.351 47.237 ˘ 4.053 31.074 ˘ 5.802 88.602 ˘ 4.656 88.466 ˘ 4.730 82.865 ˘ 6.996
F tδ,α,γu 47.533 ˘ 3.979 45.944 ˘ 3.614 30.045 ˘ 5.306 89.255 ˘ 5.929 89.174 ˘ 5.969 83.878 ˘ 8.868

C
N

N

FedAvg 48.431 ˘ 3.978 47.802 ˘ 3.496 31.242 ˘ 5.304 90.013 ˘ 4.722 89.997 ˘ 4.699 84.998 ˘ 7.086
L α = 0.2 48.484 ˘ 3.773 47.661 ˘ 3.473 31.313 ˘ 5.031 90.671 ˘ 5.113 90.654 ˘ 5.097 85.966 ˘ 7.689
L α = 5 47.686 ˘ 4.068 45.914 ˘ 3.357 30.248 ˘ 5.425 92.795 ˘ 4.469 92.733 ˘ 4.552 89.160 ˘ 6.734
C Binary 47.427 ˘ 4.277 46.233 ˘ 4.143 29.903 ˘ 5.702 88.784 ˘ 5.675 88.753 ˘ 5.701 83.142 ˘ 8.529
C Random 47.654 ˘ 3.497 46.588 ˘ 3.230 30.206 ˘ 4.662 89.796 ˘ 5.265 89.705 ˘ 5.346 84.675 ˘ 4.706
F tα,β,γu 47.529 ˘ 3.690 46.519 ˘ 3.145 30.038 ˘ 4.920 88.391 ˘ 6.627 88.272 ˘ 6.779 82.549 ˘ 9.952
F tδ,α,γu 47.330 ˘ 3.907 46.507 ˘ 3.654 29.774 ˘ 5.209 88.366 ˘ 8.192 88.261 ˘ 8.253 82.491 ˘ 12.334
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(b) Channel Mixup Binary

Figure 5: The 3D heatmap of the LOSO results on the SEED
dataset with different sharing ratio r and aggregating number
s. The network architecture is MLP.

training set get larger, demonstrating that larger training data
helps enhancing the generalizabitliy.

Sharing ratio and Aggregating number We conduct addi-
tional experiments to validate the effectiveness of the sharing
data by adjusting the sharing ratio r and the aggregating hy-
perparameter s. The range of r is from 0.01 to 0.1 and the
range of s is from 5 to 50 (step is 5). Since this experiment is
quite large (consists of 100 sets of hyperparameters), we only
run the global model for 10 epochs, i.e., T “ 10 in this case.
Displayed in Fig 5, it can be observed that the performances
increase when sharing ratio r increases, indicating that more
sharing data helps cross-subject EEG classification. We can
also see that though the performances fluctuates, larger ag-
gregation s achieves better results.

Representation Visualization
To better present the difference between each mixup strategies
and explore the reason why some mixup strategies are better
on learning transferable features, we adopt UMAP technique
(McInnes, Healy, & Melville, 2018) to visualize the outputs
of the global model’s last layer, i.e., the learned features of
the target domain’s data.

Demonstrated in Fig 6, where we plot the learned feature
of the MLP architechture on the SEED dataset. It can be seen

Raw data Linear =0.2 Cha random Freq { , , }

FedAvg Linear =5.0 Cha binary Freq { , , }

Figure 6: The UMAP visualization of learned feature on the
SEED dataset of each global model using different training
strategy under the DA FL setting. Purple, Green, and Pink
stands for the negative, neutral, and positive emotion.

that FedAvg’s feature has some chaotic distribution on the left
up side. Linear Mixup tends to learn more dispersed features,
thus may increase the generalizability in some cases. In this
case (MLP on ER task), the Channel Mixup with Binary is the
best, it can be seen that the learned feature are more distin-
guishable since the features of the same class are aggregated
more tightly. Frequency Mixup also enables the global model
to learn more tightly aggregated features, but the learning on
the boundaries between classes is relatively vague, leading to
suboptimal generalizabitliy.

Conclusion
In this paper, we investigate two new problem settings in
EEG-based BCI, the DG FL setting and the DA FL setting.
We propose a simple but effective framework mixEEG, and
investigate multiple tailored mixup strategies on two datasets.
We found that by sharing averaged data, mixEEG can lever-
age these unlabeled data to further improve the generaliz-
abitliy of global model. Extensive experiments validate the
efficacy of mixEEG and indicate that Linear Mixup (CNN
perfers) and Channel Mixup (MLP perfers) are useful for en-
hancing generalizability.
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