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Abstract—Electroencephalography (EEG) classification is a
versatile and portable technique for building non-invasive Brain-
computer Interfaces (BCI). However, the classifiers that decode
cognitive states from EEG brain data perform poorly when
tested on newer domains, such as tasks or individuals absent
during model training. Researchers have recently used complex
strategies like Model-agnostic meta-learning (MAML) for domain
adaptation. Nevertheless, there is a need for an evaluation
strategy to evaluate the fast adaptability of the models, as this
characteristic is essential for real-life BCI applications for quick
calibration. We used motor movement and imaginary signals as
input to Convolutional Neural Networks (CNN) based classifier
for the experiments. Datasets with EEG signals typically have
fewer examples and higher time resolution. Even though batch-
normalization is preferred for Convolutional Neural Networks
(CNN), we empirically show that layer-normalization can im-
prove the adaptability of CNN-based EEG classifiers with not
more than ten fine-tuning steps. In summary, the present work
(i) proposes a simple strategy to evaluate fast adaptability, and
(ii) empirically demonstrate fast adaptability across individuals
as well as across tasks with simple transfer learning as compared
to MAML approach.

Index Terms—Electroencephalography, Brain-computer Inter-
face, Convolutional Neural Network, Transfer Learning, Meta
Learning

I. INTRODUCTION

Brain-computer interface (BCI) systems provide an ap-
proach for devising efficient assistive technologies in rehabil-
itation and healthcare. Electroencephalography (EEG) being
the most versatile technique to non-invasively record brain
activity, makes it most suitable for building BCI systems.
The EEG technique records electrical signals in the brain by
placing electrodes on the human scalp. Due to its feasibility in
BCI systems, making efficient EEG classifiers is essential for
wide-scale applications. In the present work, we focus on EEG
classification with fast domain adaptation on signals for a well-
known BCI application i.e. while performing body movements
(motor movement) and imagining body movements (motor
imagery).

Researchers have widely used traditional machine-learning
approaches for EEG classification. However, these approaches
need extensive feature extraction. With advancements in deep
learning, deep neural networks (DNN) is being used widely
due to its capability of extracting features implicitly [1],
[2]. In this domain, convolutional neural networks (CNN)

have been the most widely used neural architecture for EEG
classification [1], [2].

The significant challenge in classifying EEG into corre-
sponding cognitive states is the smaller dataset size, and
variation in the signals across individuals. This variation leads
to a degradation in the performance of EEG classifiers [1], [3]
necessitating calibration or adaptation when applied to other
domains like newer individuals or task activities. However,
it is not feasible in real-time BCI applications to perform
substantial calibration for each task and individual. Therefore,
it is imperative to devise techniques for fast adaptability of
EEG classifiers.

Inspired by computer vision, most CNN-based EEG clas-
sifiers use batch-norm. However, EEG datasets are smaller,
necessitating a tradeoff between batch size and the number of
iterations per epoch. In addition, for fast calibration on new
individuals or tasks, collecting large samples is not feasible in
real-time applications, making batch-norm inappropriate for
fast adaptability. However, EEG signals are long sequences
in the time domain, which is enough to calculate statistics
for normalization, making layer-norm perfectly applicable for
such applications. We empirically show that layer-norm helps
adapt EEG classifiers notably faster than the classifiers with
batch-norm on new individuals as well as on new activities.

In summary, it is important that BCI systems take minimal
time for adaptation in practical applications when used for
newer individuals or activities with few samples. Therefore,
in this work:

1) We show that changes in normalization techniques fol-
lowing the characteristics of EEG signals can help
improve adaptability with vanilla transfer learning.

2) We propose an effective evaluation strategy where we
evaluate the fast adaptability of two popular training
strategies, MAML and transfer learning, by limiting the
fine-tuning iterations to ten, and we show that transfer
learning adapts much faster than MAML. Moreover, we
evaluate fast adaptability not only on newer individuals
but also on signals on newer task / activities.

II. RELATED WORK

To tackle the problem of variations in EEG signals, several
approaches have been proposed. In [4], authors proposed a
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Graph-based Convolutional Recurrent Attention Model (G-
CRAM) model where the authors used a graph structure to
represent the positioning of EEG electrodes and then used a
convolutional recurrent attention model to learn EEG features.
In [5], authors used the concept of weighted feature fusion
in CNN for motor imagery EEG decoding. Researchers have
also used feature extraction methods before using deep neural
networks. In [6], authors used a combination of common
spatial patterns and CNN to develop the decoding model.
In addition to generalizing EEG decoders across individuals,
researchers have also explored transfer-learning techniques
to improve the decoding performance [1], [7]. In [8], the
authors have introduced the inception module and residual
connection in their model architecture and pre-trained the
model on large data. The authors curated the dataset of 280
individuals by collecting the data from common electrodes
from multiple datasets. Researchers have also explored meta-
learning methods, which observe learning approaches on dif-
ferent tasks and then use this experience to solve a new task
faster [9]. One such meta-learning algorithm is model-agnostic
meta-learning (MAML) [10] which researchers have started
exploring recently [11]–[15]. For example, in [11], authors
assumed different individuals as a different classification tasks
and used MAML for adaptation to newer individuals.

III. METHODOLOGY

The principle idea of our work is to investigate the fast
adaptability of EEG decoding deep neural networks when
applied to the signals of newer individuals or signals recorded
while performing different activities. Hence, we can have two
adaptability tasks:

• Across individual: Introducing signals of newer individ-
uals, making it the same classification task but on signals
of different individuals (In the subsequent section, we
often use the term “subject” to refer to an individual).

• Across Task activity: Introducing signals recorded on
newer activities, changing the set of labels to classify,
making it a different classification task altogether.

A. Training strategies

To evaluate the fast adaptability, we compared two training
strategies by limiting the number of iterations in fine-tuning
to 10 and compared the classification performance. In this
section, we elaborate on our two training strategies used for
domain adaptation experiments for EEG classification.

Model-agnostic meta-learning (MAML) [10]. This strat-
egy is specifically applicable in the few-shot meta-learning
setup and is well adapted in the BCI domain [11]–[13]. Its
goal is to learn parameters so the model can adapt to new tasks
using only a few data points and iterations. In this work, we
have adapted MAML for EEG classification across subjects
as in [11]. Considering the model with parameters θ, the
algorithm first samples a batch of N subjects Si. For each
subject Si, the algorithm samples support set D = {xj ,yj}
and a query set D′ = {xj ,yj} representing an n-way k-
shot classification task and creates a copy of subject-specific

parameters θi. These parameters are learned for each subject
Si separately on the support set for one or more gradient
descent steps. For example, for a subject Si and one step of
gradient descent, the parameters would be updated as:

ϕ1
i = θ − α∇θLSi,D(θ) (1)

Finally, the model parameters are updated by evaluating
gradients of loss on query-set D′ using updated parameters
ϕn
i across subjects. For example, using gradient descent, the

model parameters are updated as:

θ = θ − β
1

N

N∑
i=1

∇θLSi,D′(ϕn
i )

= θ − β
1

N

N∑
i=1

∇ϕn
i
LSi,D′(ϕn

i )∇θϕ
n
i

(2)

Equation (2) is referred as meta-update. However, the term
∇θϕ

n
i involves higher-order derivatives:

∇θϕ
n
i =

n∏
m=1

∇ϕm−1
i

ϕm
i

=

n∏
m=1

(I − α∇2
ϕm−1
i

LSi,D(ϕ
m−1
i ))

(3)

The terms involving higher-order derivatives are costly to
compute. Therefore, we adapt the first-order approximation
of MAML where the algorithm ignores the terms involving
higher-order derivatives and eq. (2) reduces to:

θ = θ − β
1

N

N∑
i=1

∇ϕn
i
LSi,D′(ϕn

i ) (4)

However, the approximate algorithm is still computationally
expensive as it involves nested loops. The model is pre-trained
by repeating this process for multiple iterations. The process
is outlined in algorithm 1.

Algorithm 1 MAML adapted for EEG classification [10], [11]

Require: p(S): Distributions over subjects
Require: α, β: inner-loop and meta learning rate respectively

1: Randomly initialize model parameters, θ
2: while not done do
3: Sample batch of subjects Si ∼ p(S) of size N
4: for all Si do
5: Sample support data points D = {xj ,yj} from Si

6: Compute adapted parameters, ϕn
i , using n gradient

descent steps and loss function LSi,D(θ)
7: Sample query data points D′ = {xj ,yj} from Si

8: Compute loss LSi,D′(ϕn
i ) for meta-update

9: end for
10: Perform meta-update using eq. (4)
11: end while



TABLE I
MODEL ARCHITECTURE

Block Layer #filters Size Others

1

Conv2D 8 1,64 padding=same
LayerNorm
DepthWiseConv2D 16 64,1 padding=valid
LayerNorm
Elu Activation
AveragePool2D 1,4 strides=1,4
DropOut p=0.25

2

SeparableConv2D 16 1,16 padding=same
LayerNorm
Elu Activation
AveragePool2D 1,8
DropOut p=0.25
Flatten

3 Dense 160

Transfer learning. Research communities from different
domains have used this strategy for various purposes. Consid-
ering the example of the classification task, in transfer learn-
ing, we first train the model to perform n-way classification
on a large dataset, including samples from multiple subjects.
Given a new subject representing a new m-way classification
task, we fine-tune the pre-trained model on a new task for a
few iterations by updating all the parameters on samples of
the new subject.

B. Model architecture

We used a variant of EEGNet [16] architecture for our ex-
periments. EEGNet is a compact convolutional neural network
(CNN) for decoding EEG signals. We selected CNN as it has
been widely used for EEG classification [1], [2]. Nevertheless,
recent works have also used transformers-based models [17]–
[19], but it is not suitable when we have limited data, as in
our case.

Inspired by computer vision, most CNN-based EEG clas-
sifiers use batch-norm. However, EEG datasets are smaller,
necessitating a tradeoff between batch size and the number
of iterations per epoch. Batch-norm is not preferable for
low batch size. However, EEG signals are sequences with
long sizes, making it a perfect application of layer-norm.
Moreover, layer-norm is independent of batch size. Further-
more, as our objective is to adapt to newer tasks quickly, we
should refrain from using the statistics calculated during the
pre-training phase. We have used an architecture similar to
EEGNet; instead, we replaced batch-norm with layer-norm.
We empirically show that a model with layer-norm works
better than a model with batch-norm in our experiments. The
model architecture is described in Table I and remained fixed
in all the experiments.

IV. EXPERIMENTS

In this section, we discuss the effect of components of
the training pipeline, like normalization layers and training
approach on the adaptability of EEG classifiers. Our imple-
mentation is based on PyTorch [20] for Python. The MAML
implementation is highly inspired by the work of Long [21].
The code for experiments is available online 1.

1The code is available at github.com/anp-scp/fast bci/

A. Dataset and pre-processing

We used Physionet’s EEG Motor Movement/Imagery
Dataset [22] for our experiments. The dataset includes EEG
signals of 109 individuals recorded while performing the
following body activities (specified as Task in the dataset):

• Activity 1 (A1): Open and close left or right fist
• Activity 2 (A2): Imagine opening and closing left or right

fist
• Activity 3 (A3): Open and close both fists or both feet
• Activity 4 (A4): Imagine opening and closing both fists

or both feet
The signals were recorded using an EEG device with

64 electrodes returning 64 time-domain EEG signals with a
sampling frequency of 160 Hz. For pre-precessing, we used
MNE-python [23], a library for Python language for EEG
and MEG analysis. Moreover, the dataset is readily available
within the MNE-python library and can be directly used via the
interface available in the library. We performed the following
pre-processing steps:

1) We applied a “firwin” band-stop filter allowing frequen-
cies outside 7− 30 Hz following [24].

2) We segmented all the time domain signals such that each
segment starts 1 second before and ends 4 seconds after
stimulus onset.

3) Use the first 2 seconds of the segments, returning the
matrix of shape 64 × 321. Here, 64 represents each
channel, and 321 represents time points (samples with
time points less than 321 were dropped).

For all the experiments, we used the data of subjects 1−87
as the training set and 88− 98 as the validation set while pre-
training. We evaluated fast adaptability on the data of subjects
99− 109.

B. Batch-norm vs layer-norm

In this experiment, we investigated the fast adaptability of a
model trained using the transfer-learning strategy with batch-
norm vs layer-norm. For each model architecture (i.e., with
batch norm and layer norm), we performed binary classifi-
cation between feet and fist for activity 4 as described in
the section IV-A. For the hyperparameter search, we tried
learning rate [0.01, 0.001] and batch size [16, 32, 64], and we
selected the one with the best validation accuracy. For both
architectures, the learning rate was selected as 0.001 and the
batch size as 16. All the other hyperparameters remain fixed,
as described in the Table III.

C. Adaptability across individuals

In this experiment, we investigate the adaptability of models
on newer individuals. We compare two training strategies:
MAML and transfer learning. For MAML, we considered
data for each individual as a different task as in [11] and
performed binary classification for each activity separately.
For the hyperparameter search, we tried 5 and 10 adapt steps
for the inner loop in MAML and 0.01 and 0.001 for learning
rates, out of which we selected the one with the best validation

https://github.com/anp-scp/fast_bci/


TABLE II
BEST PRE-TRAINING HYPERPARAMETERS INVOLVING MAML FOR

EXPERIMENTS EVALUATING ADAPTABILITY ACROSS INDIVIDUALS AND
ACTIVITIES. THE VALUES INSIDE BRACKETS (TYPESET IN PINK) DENOTE

THE ACTIVITY. FOR EXAMPLE, 0.001 (A4) DENOTES THAT THE VALUE
0.001 IS FOR ACTIVITY 4

Parameter Value
Dropout 0.25
Number of samples per class in support set 10
Number of samples per class in query set 11
Number of subjects in a batch per epoch 4
Loss function Cross entropy loss
Optimizer in inner loop Gradient Descent
Meta-optimizer Adam
Inner loop learning rate 0.01 (A1, A2, A3), 0.001 (A4)
Meta-learning rate 0.001 (A1), 0.01 (A2, A3, A4)
Inner loop adapt steps 10 (A1, A2), 5 (A3, A4)

TABLE III
BEST PRE-TRAINING HYPERPARAMETERS INVOLVING TRANSFER

LEARNING FOR EXPERIMENTS EVALUATING ADAPTABILITY ACROSS
INDIVIDUALS AND ACTIVITIES. THE VALUES INSIDE BRACKETS (TYPESET

IN PINK) DENOTE THE ACTIVITY. FOR EXAMPLE, 0.001 (A4) DENOTES
THAT THE VALUE 0.001 IS FOR ACTIVITY 4

Parameter Value
Dropout 0.25
Number of samples per class 21
Loss function Cross entropy loss
Optimizer Adam
Learning rate 0.001 (A1, A2, A3, A4)
Batch size 32 (A1, A3), 16 (A2, A4)

accuracy. The best hyperparameters are reported in Table II
and Table III. We then fine-tune the pre-trained models on
the data of subjects 99 − 109 separately to evaluate the fast
adaptability of the models.

D. Adaptability across task activities

In this experiment, we investigate the adaptability of EEG
decoding models on signals of newer individuals recorded on
newer activities. For example, a model trained on data from
Activity 1 is adapted to the data from Activity 4. For this
experiment, we use the models pre-trained in the experiment
described in Section IV-C and fine-tuned them on the data
from another activity.

E. Evaluation metrics

We evaluated the adaptability of the models by fine-tuning
the pre-trained model on the data of subjects 99 − 109
separately. We don’t tune hyper-parameters while fine-tuning.

In the case of experiments involving vanilla transfer learn-
ing, we considered 10 samples per class during fine-tuning
and 11 per class to test the model for each subject. All the
model parameters were fine-tuned with a learning rate of 0.001
for 10 iterations optimized using the Adam optimizer. We
used a similar paradigm for evaluation in MAML experiments,
except that Gradient Descent was used to fine-tune the model
parameters. In the case of MAML, the learning rate was the
same as the inner loop learning rate during pre-training for ex-
periments evaluating adaptability across individuals and 0.001
for experiments evaluating adaptability across task activities.

For this, we iterated the inner loop without iterating over
the outer loop in algorithm 1, avoiding any meta-update. The
number of samples in the support set was set to 10 per class,
and the number of samples in the query set to 11.

Finally, we reported the accuracy on the test samples (query
set for MAML) averaged across subjects 99 − 109. As the
amount of data we had was small, we performed the fine-
tuning for 100 runs and reported the mean and standard
deviation of the accuracy.

V. RESULTS AND DISCUSSION

In this paper, we evaluated the fast adaptability of mo-
tor movement and imagery EEG decoding models from the
normalization technique and training strategy perspective. In
the upcoming subsection, we discuss the results of all the
experiments we performed.

A. Batch-norm vs layer-norm

We compared the performance of models with batch-norm
and layer-norm when adapted to the EEG signals of newer
individuals. Though batch-norm is widely used with CNN
models, we can observe in Figure 1 that the model with batch-
norm layer cannot adapt to the signals of newer individuals,
whereas the model with layer-norm layer adapts well within
10 iterations. Moreover, the training and testing accuracy
degrades as we continue fine-tuning the model with the batch-
norm. Such decline can be attributed to the problem of
variations in EEG signals across each individual or activity [1],
[3]. Hence, it is essential that we calculate data statistics for
normalization from the new data and not from the training
data. Even though the statistics change during the fine-tuning
phase, it is not favorable for fast adaptability, especially when
we have fewer samples. For practical applications, we cannot
have large samples for quick calibration, and these results
show that layer-norm is a better choice for normalization than
batch-norm for EEG classification in such scenarios.

B. Adaptability across individuals

We further compared the performance of models trained
with two popular knowledge transfer strategies, MAML and
transfer learning, when adapted to signals of newer individuals.
Even though MAML was developed for adaptation, our results
show that is not necessarily the case for EEG decoding. In
Figure 2, we can observe that as we fine-tune the models
on newer individuals, the model trained with transfer learning
adapts considerably faster than the model trained with MAML
for all the activities mentioned in Section IV-A. Notably, for
activity 2, the model trained with transfer learning attains its
maximum at iteration 2. Also, the model’s initial parameters
(at iteration 0 during fine-tuning) perform better when trained
with transfer learning than MAML. The results here are
opposite to the one reported by Li et al. [11], where MAML
was found to perform better. Moreover, our approach attains
similar performance without excluding a significant dataset
section, as in [11]. We also found that when models are
adapted to newer individuals for the same set of labels, the



(a) Trend of training accuracy during fine-tuning (b) Trend of testing accuracy during fine-tuning

Fig. 1. Performance analysis (in accuracy) of models with batch-norm and with layer-norm

(a) Trend of test accuracy during fine-tuning on activity 1 (b) Trend of test accuracy during fine-tuning on activity 2

(c) Trend of test accuracy during fine-tuning on activity 3 (d) Trend of test accuracy during fine-tuning on activity 4

Fig. 2. Performance analysis (in accuracy) of training strategies when adapted to newer individuals



(a) Adapting from Activity 1 to 2 (b) Adapting from Activity 1 to 3 (c) Adapting from Activity 1 to 4

(d) Adapting from Activity 2 to 1 (e) Adapting from Activity 2 to 3 (f) Adapting from Activity 2 to 4

(g) Adapting from Activity 3 to 1 (h) Adapting from Activity 3 to 2 (i) Adapting from Activity 3 to 4

(j) Adapting from Activity 4 to 1 (k) Adapting from Activity 4 to 2 (l) Adapting from Activity 4 to 3

Fig. 3. Performance analysis (test accuracy) of training strategies when model trained on one activity is adapted to other activities



TABLE IV
COMPARISON OF OUR PERFORMANCE (TEST ACCURACY) AND THE
PERFORMANCE REPORTED BY OTHER RECENT STATE-OF-THE-ART

APPROACHES ON PHYSIONET’S EEG MOTOR MOVEMENT/IMAGERY
DATASET [22]. CERTAIN CELLS ARE BLANK, AS THE CORRESPONDING

AUTHORS DID NOT REPORTED THEM.

Activity Model Before adaptation After adaptation
1 Ours 83.18 ± 0 85.88 ± 0.6

2

DG-CRAM [4] 74.71 ± 4.19 -
EEGSym [8] - 88.6 ± 9.0
Li et al. [11] - 80.6
s-CTrans [17] 83.31 -
Ours 85.91 ± 0 86.28 ± 0.63

3 Ours 72.73 ± 0 79.81 ± 1.07

4
Li et al. [11] - 79.7
Ours 67.73 ± 0 71.22 ± 1.2

model trained with transfer learning performs reasonably well
within 5 iterations, as evident in Figure 2.

Finally, in Table IV, we compare the performance of our
approach and the ones reported by other recent state-of-the-art
approaches. Few cells in the table are left blank as the authors
did not perform corresponding experiments. None except us
performed the experiments on Activity 1 and Activity 3.
For activity 2, our approach performed the best when tested
without adaptation. Moreover, after adaptation, our approach
performed slightly lower than EEGSym [8], even though the
amount of pre-training data for EEGSym [8] is notably higher
than our pre-training data. For activity 4, our approach per-
formed very close to Li et al.’s [11] approach without filtering
any samples. Li et al. [11] reached an accuracy of 79.7 after
filtering nearly 80% of samples. In summary, our approach
with a simple model and training strategy highly competes
with the existing state-of-the-art models on Physionet’s EEG
Motor Movement/Imagery Dataset [22] specifically in a low
data environment.

C. Adaptability across task activities

Figure 3 compares the models’ performance with MAML
and transfer learning when the model trained on signals of
activity i is fine-tuned to activity j (where i ̸= j ). We can
observe that in all the cases, the model trained with transfer
learning performs better. However, the performance is low
when the activities are not similar (The activity set 1,2 is
different from the activity set 3,4 as they involve different
body movements). Nevertheless, it is interesting that in such
cases, models trained with MAML either cannot cross the
50% chance level or remain very near the chance level, as
seen in fig. 3b, Figure 3c, Figure 3e, Figure 3f, Figure 3g and
Figure 3h. It is only in the case when the models trained on
activity 4 are adapted to other activities that the initial param-
eters of the model with MAML provide better performance far
from the chance level (Figure 3j and Figure 3k). However, as
we fine-tune the models for 10 steps, transfer learning adapts
quickly and beats MAML. The better adaptability of EEG
decoding models trained with transfer learning, as seen in our
experiments, shows that transfer learning remains the better

option for cross-individual, cross-activity motor movement and
imagery EEG decoding.

VI. CONCLUSION

This work provides insights on evaluating models and train-
ing strategies for fast adaptability for across-individual and
across-activity motor movement and imagery EEG decoding.
We also suggest an architectural change in the models for
better adaptability. Our proposed architecture i.e. CNN with
layer-norm and transfer learning shows faster adaptation than
recently proposed MAML approach, and thereby will be
suitable for fast calibration of real-time BCI systems.
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