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Abstract

A brain-computer interface (BCI) allows direct communica-
tion between the human brain and external devices. Despite
impressive performance, previous EEG decoding algorithms
still face several challenges: 1) how to shorten or eliminate
the calibration process in cross-subject BCI scenarios; 2) how
to capture more characteristic features from different scales in
EEG data; and 3) how to extract subject-independent EEG fea-
tures more effectively. To address these problems, we pro-
pose a cross-subject EEG decoding algorithm based on a mul-
tiscale convolutional neural network (MSCNN) and domain
adaptation for P300-based BCIs. The MSCNN was trained
on a large-scale EEG dataset to extract subject-independent
features. Subsequently, we fine-tune the MSCNN through ad-
versarial discriminative domain adaptation (ADDA) to reduce
the differences among cross-subject EEG data. In offline anal-
ysis, we achieved a cross-subject average accuracy exceed-
ing 83%, indicating that we successfully established a do-
main adaptation-based cross-subject EEG decoding algorithm,
which can eliminate the subject-specific calibration process for
new subjects.
Keywords: Brain-computer interface (BCI), P300, cross-
subject, multiple scale convolutional neural network, adversar-
ial discriminative domain adaptation

Introduction
A brain-computer interface (BCI) enables direct communi-
cation between the brain and an external device(He, Yuan,
Meng, & Gao, 2020). Electroencephalograms (EEGs), com-
monly used as signal sources in BCI technology, reflect brain
activity by putting electrodes on the scalp and measuring
their potential changes. However, the significant EEG dif-
ferences between individuals make it difficult to obtain a uni-
versal model applicable to all users(Jayaram, Alamgir, Al-
tun, Scholkopf, & Grosse-Wentrup, 2016). Traditional BCIs
usually require a time-consuming and inconvenient subject-
specific calibration phase before application to new users to
ensure its performance(Lotte et al., 2018). Therefore, propos-
ing a EEG decoding algorithm that can shorten or eliminate
the calibration time is particularly crucial.

In recent years, studies on EEG decoding algorithm
have shifted from traditional machine learning(Sha’Abani,
Fuad, Jamal, & Ismail, 2020) to advanced deep learning
techniques(Craik, He, & Contreras-Vidal, 2019). Cecotti et

al. first used CNNs as the feature extractor to detect P300
signals(Cecotti & Graser, 2010). Lawhern et al. designed
the generalized EEGNet to classify EEG signals across BCI
paradigms(Lawhern et al., 2018). While effective in within-
subject P300 detection, these algorithms have relatively sim-
ple feature extraction modules, making the extracted features
contain insufficient information for cross-subject classifica-
tion. A key challenge is how to improve the feature extractor
to obtain rich EEG information from different scales.

Recently, many studies have focused on using cross-
subject EEG decoding algorithm based on deep learning to
shorten or eliminate the BCI calibration process. Maddula et
al. used a DRCNN to better extract spatial and temporal fea-
tures for cross-subject P300 classification(Maddula, Stivers,
Mousavi, Ravindran, & de Sa, 2017). Mijani et al. fine-
tuned a pre-trained CNN model using transfer learning meth-
ods to improve cross-subject effects(Mijani, Einizade, Sham-
sollahi, & Beyglou, 2020). However, these algorithms still
required some labeled data from target subjects to train the
model, thus not achieving complete subject-independence ef-
fect. The difficulty lies in the inability to effectively extract
subject-independent EEG features, possibly due to the lack of
large-scale EEG data for model training(Gao et al., 2021).

To solve the problems above, we proposed a cross-subject
EEG decoding algorithm based on a multiscale convolutional
neural network (MSCNN) and adversarial discriminative do-
main adaptation (ADDA) for P300-based BCIs and trained
the model on a large-scale dataset, which achieved good
cross-subject effects without calibration process in offline ex-
periments. The contributions of this paper are as follows:

• We employ an adversarial training method (ADDA) to sig-
nificantly reduce the individual differences in the EEG fea-
tures among subjects, which does not require labeled data
from the target subjects, thus increasing the cross-subject
effects of the model.

• We adopt the MSCNN as the feature extractor, which
is equipped with small convolutional kernels of different
sizes and can extract multi-scale P300 features from EEG
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data at different scales. This allows the extracted features
to contain more contextual characteristic information.

• We propose utilizing a large amount of EEG data for model
training, enabling the feature extractor to effectively extract
subject-independent features to enhance cross-subject EEG
classification performance.

Methods
Equipment and P300 speller system
In this experiment, we used a 64-channel SynAmps2 ampli-
fier (Compumedis, Neuroscan, Inc., Australia) to collect EEG
signals at a 250 Hz sampling rate, employing a 30-channel
EEG cap (LT 37) following the extended 10-20 system, refer-
enced to the right mastoid. Electrode impedances were kept
below 5k when collecting the EEG data to ensure the data
reliability.

The P300 spelling system in our study can identify the
characters users intend to input by detecting the P300 compo-
nent in the human brain caused by the flash of corresponding
letters on the screen. The graphical user interface (GUI), as
shown in Fig. 1, displays a 4×10 matrix of character buttons
on the screen. When stimulus began, all 40 buttons flashed se-
quentially and randomly, with each flash lasting 100 ms and
a 30 ms interval between the start of two flashes. Each trial
consists of 10 rounds, with 40 flashes per round (each button
flashes once), so it requires 400 flashes (12070 ms) to identify
one character. Subjects are required to face the screen directly
and focus on one of the 40 buttons when the character button
matrix starts flashing to input a character(Gao et al., 2023).

Figure 1: GUI of the P300 speller.

Data acquisition and processing
Subjects This study, approved by the Ethics Committee of
Sichuan Provincial Rehabilitation Hospital, China, involved
130 healthy participants aged from 18 to 32 years who signed
informed consent forms. During experiment, participants
need to face the screen and focus on the flashing target char-
acter in each trial, mentally counting while their EEG signals
were recorded. Each participant spelled 120 randomly gener-
ated characters, corresponding to 120 trials, divided into four
sessions(Gao et al., 2021).

Data Partitions The collected EEG data were used for of-
fline analysis of cross-subject EEG decoding algorithms. We
constructed an EEG dataset of 130 participants, with 100 for
training and validation (denoted as “TV-100”) while the re-
maining 30 for independent testing (denoted as “Te-30”).

Algorithm description
The key components of our algorithm are the feature extrac-
tor MSCNN and the transfer learning method ADDA. The
MSCNN is used to extract features containing more contex-
tual characteristic information using multi-scale convolution,
while ADDA is used to reduce individual EEG differences
through adversarial training. The overall MSCNN-ADDA
structure is shown in Fig. 2. The input sample size is 78×30,
based on a 30-channel EEG cap with 78 sampling points per
channel. The specific details of the network are as follows.

MSCNN The feature extractor of this network employs a
multiscale convolutional neural network. MSCNNs are able
to learn features at different scales from different receptive
fields, thereby capturing more hidden information in EEG
signals(Kundu & Ari, 2019). The detailed framework of the
MSCNN, which consists of six layers, labeled L1 to L6, is
illustrated in Table 1.

Table 1: The detailed structure of the MSCNN feature extrac-
tor.

Layers Input Size Kernel/Operator Output Size

L1 1×78×30 20×1×30 20×78×1

L2 20×78×1
20×4×1
20×2×1

20×38×1
20×39×1

L3
20×38×1
20×39×1 Integration 20×77×1

L4 20×77×1 Pooling 20×38×1

L5 20×38×1 Flatten 760×1

L6 760×1 Fully Connected 300×1

L1—Spatial Convolution Layer: This layer uses a (1,30)
convolutional kernel with 20 channels and a stride of [1,1].
To improve the S/R and remove redundant spatial informa-
tion of the signal, we use weighted superposition averaging
as processing techniques. The calculation formula is as fol-
lowed:

x(1) = f (I × k(2)+b(2)) (1)

where I represents the data inputted into the network, b(2)

denotes the additive bias, k(2) means the convolutional kernel
matrix, and f means the activation function (tanh).

L2—Temporal Convolution Layer: This layer contains
two separate convolutional layers with kernel sizes of [(2, 1),
(4, 1)], each having 20 channels and a stride of [2, 1]. This
special structure helps in extracting more differentiated tem-
poral information(Pan, Cai, Huang, He, & Li, 2023). The
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Figure 2: The structure of the proposed MSCNN-ADDA.

formulas are as follows:

x(2,1) = f (x(1)× k(2,1)+b(2,1)) (2)

x(2,2) = f (x(1)× k(2,2)+b(2,2)) (3)

where x(2,1) and x(2,2) denote the feature matrix extracted
from different receptive field scales by two different kernels,
containing various EEG information. k(2,1) and k(2,2) repre-
sent the convolution kernel matrix for the two different ker-
nels, and b(2,1) and b(2,2) are the corresponding additive bi-
ases.

L3—Integration Layer: This layer integrates the two fea-
ture maps from L2. After concatenation, the features retain
local EEG characteristics and capture more global informa-
tion.

L4—Feature Pooling Layer: In this layer, we use a pool-
ing operation to reduce redundant information to avoid over-
fitting during training, and the size of pooling filter is (2,1).

L5—Flatten Layer: The flatten layer is used to transform
the input data from multi-dimensional to one-dimensional for
the next fully connected layer.

L6—Fully Connected Layer: The output of this layer
comprises all the extracted features from the input data. The
calculation process is as follows:

x(6) = f (x(5)× k(6)+b(6)) (4)

where k(6) is the convolution kernel matrix, f is the tanh acti-
vation function and b(6) is the bias. x(6) is the output feature
extracted by the MSCNN with dimensions of (300, 1), also
used for domain adaptation in the ADDA module.

ADDA The adversarial discriminative domain adaptation
(ADDA) is a domain adaptation method commonly applied
in transfer learning. ADDA can reduce the feature differences
between two different domains through adversarial training,
allowing the model trained in the source domain can be trans-
ferred for use to the target domain(Tzeng, Hoffman, Saenko,
& Darrell, 2017), which can address cross-subject issues in
the BCI field. In our study, the source domain represents EEG
data from existing subjects and the target domain represents
EEG data from new subjects. After adversarial training be-
tween the domain discriminator and the target domain feature
extractor, the domain discriminator cannot accurately distin-
guish between the source domain and the target domain, so
the feature differences between the two domains are reduced.
Therefore, the classification model trained on existing EEG
data can be transferred to new subjects’ EEG data to obtain
the desired results.

Model training and testing

The experiments were conducted on an NVIDIA GeForce
RTX 3090 GPU, with networks implemented in PyTorch 3.6.
The MSCNN-ADDA algorithm framework comprises three
parts: pre-training, adversarial adaptation, and testing. The
complete learning process is shown in Fig. 3.

Pre-training During pre-training, the source domain fea-
ture extractor and classifier are first trained on the data from
source domain. The loss is calculated as follows:

loss = E(Xs,Ys) (5)
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Figure 3: The learning steps of the proposed MSCNN-ADDA.

where E is the error function, Xs is the samples from source
domain, and Ys is the set of source domain labels. The loss
function used here is the cross-entropy loss.

Adversarial adaptation The proposed algorithm adopts an
adversarial approach for domain adaptation. Before adversar-
ial training, the parameters of target domain feature extractor
are initialized by the pre-trained source domain feature ex-
tractor. During the adversarial training between the target do-
main feature extractor and the domain discriminator, the data
distributions of the two domains are gradually approximated
through loss gradient transfer. The loss of this discriminator
can be defined as (binary cross-entropy loss):

loss = E(Xs,Xt ,Ms,Mt) (6)

where Xs is the samples from source domain, Xt is the samples
from target domain, Ms is the set of source domain features,
and Mt is the set of target domain features.

Testing After training the model on the large-scale dataset,
we use the target domain data (test set) to validate the cross-
subject classification performance. The testing is conducted
offline on the Te-30 test set. In this experiment, we adopt
character spelling accuracy (the number of correctly pre-
dicted characters to the total number of input characters) as
metric to evaluate the performance of the proposed algorithm.

Results and discussion
To eliminate the calibration process and improve P300 speller
accuracy, we propose the cross-subject EEG decoding algo-
rithm MSCNN-ADDA, achieving an 83.6% cross-subject av-
erage accuracy, with nearly half of the test participants reach-

ing an accuracy of 85%, demonstrating great cross-subject
performance. We validated the effectiveness of the MSCNN-
ADDA on the test set Te-30, and separately verified and ana-
lyzed the contributions of the following three modules of the
proposed algorithm: the feature extractor MSCNN, the large-
scale dataset, and the ADDA module.

Table 2: Comparison of cross-subject classification accuracy
(%) on a large-scale dataset.

Flashing rounds

Accuracy (%) Model

CNN-1-
ADDA

EEGNet-
ADDA

MSCNN-
ADDA

1 23.6±12.4 20.5±10.4 23.8±7.8
2 31.5±11.3 28.4±9.4 30.4±7.5
3 36.6±11.4 37.2±9.5 43.9±6.5
4 43.4±11.5 48.3±9.8 51.7±6.8
5 52.1±13.5 53.3±9.2 62.1±9.2
6 58.7±10.6 57.4±10.7 65.2±7.6
7 61.2±10.4 62.1±8.8 69.7±8.8
8 63.5±10.2 67.4±11.9 74.3±6.7
9 66.8±10.4 70.3±8.4 78.2±6.5

10 70.6±12.1 76.4±9.5 83.7±6.7
Average 50.8 52.1 58.3

Comparison with other algorithms
To verify the effectiveness of MSCNN as the feature extrac-
tor, we compared it with two other commonly used EEG
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decoding algorithms (CNN-1 (Cecotti & Graser, 2010) and
EEGNet (Lawhern et al., 2018)) on the same large-scale
dataset. Table 2 shows the cross-subject average accuracies
with standard deviations on Te-30 in ten flashing rounds when
using different feature extractors. MSCNN achieved the high-
est average accuracy of 83.7%, compared to 70.6% for CNN-
1 and 76.4% for EEGNet. As shown in Fig. 4, MSCNN
consistently performed the best across ten flashing rounds in
terms of average prediction accuracy.

Figure 4: The average classification accuracy with respect
to the number of flashing rounds obtained with different net-
works.

Results above show that using MSCNN as the feature ex-
tractor can achieve higher accuracy with fewer flash rounds.
It is because that compared to the single-scale convolutional
kernel used by the other two networks, the MSCNN em-
ploys two different convolutional kernels with the size of
[(4,1),(2,1)]. The multi-scale convolution helps the net-
work extract features containing more contextual characteris-
tic information, enhancing its representational capability, thus
improving the P300 classification performance(Han, Wang,
Yang, Xue, & Hu, 2020). However, selecting an appropri-
ate multiple-scale strategy is crucial, as too many kernels
can lead to redundant multi-scale features after concatena-
tion, thereby diminishing classification performance(Agrawal
& Mittal, 2020).

The effect of large-scale data
Unlike previous works, we trained our model on a large-scale
dataset with extensive subjects’ EEG data. To explore the cor-
relation between the size of training set and the cross-subject
classification performance, we trained the model on training
sets of different sizes and compared the cross-subject perfor-
mance on the same test set. As shown in Fig. 5, we find that
when the training set is relatively small, the classification ac-
curacy is also low but increases when the training set contains
more data from different subjects. When the training set in-
cluded 100 participants, the average spelling accuracy of the
test set reaches a relatively high level of 83.6%.

It can be observed that training the model on larger-scale
training sets can lead to higher classification accuracy. The
reason is that within a certain range, training the model on
larger-scale training sets can help in extracting more rep-
resentative subject-independent features from different sub-
jects’ EEG data and effectively enhancing the classifier per-
formance.

Figure 5: The trend of average accuracy with respect to the
size of the training set.

Ablation study for the ADDA module
The ADDA model is incorporated into the network to en-
hance cross-subject performance. We validated its contribu-
tion by an ablation study on a large-scale dataset. As shown
in Table 3, after adversarial training with ADDA, the aver-
age classification accuracy improved from 79.3% to 83.6%
(4.3%).

Table 3: Ablation study for the ADDA module.

Model Accuracy (%) Variations (%)

ADDA-removed 79.3±8.6 -4.3

MSCNN-ADDA 83.6±7.1 0.0

The results show that removing the ADDA module leads to
a decrease in the cross-subject classification accuracy of the
algorithm, indicating that the ADDA can effectively reduce
individual EEG differences by adversarial training, increasing
the cross-subject classification performance of the model.

Conclusion
In this paper, we proposed MSCNN-ADDA, a cross-subject
EEG decoding algorithm for P300-based BCIs. The contribu-
tions include a feature extractor (MSCNN), a domain adapta-
tion module (ADDA), and a large-scale dataset. MSCNN is
used to extract rich EEG information from multiple scales,
while the ADDA module and the large-scale dataset are used
to solve the problem of inconsistent EEG features across
subjects. The experimental results show that the MSCNN-
ADDA can eliminate the calibration phase for new users in
traditional BCIs and achieve high cross-subject classification
accuracy.
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