Frequency-Aware Class-Incremental Learning for
SSVEP-Based Brain—Computer Interfaces

Jiayu An, Huanyu Wu and Dongrui Wu, Fellow, IEEE

Abstract—Steady-state visual evoked potential (SSVEP)-based
brain—-computer interfaces (BCIs) have achieved significant
progress in recent years. However, most existing SSVEP classifica-
tion methods are designed under offline settings with a fixed set of
stimulus frequencies, limiting their flexibility in practical applica-
tions, where SSVEP systems are gradually extended from a small
set of stimulus frequencies to denser multi-frequency paradigms.
To address this limitation, this paper focuses on class-incremental
learning (CIL) for SSVEP-based BCIs and proposes a unified
framework to alleviate catastrophic forgetting. Specifically, we
propose a frequency-aware rehearsal strategy that exploits the
periodic structure of SSVEP signals to improve replay efficiency
under limited memory, and feature compactness regularization
that enforces intra-class feature consistency across incremental
learning stages. Extensive experiments on two public SSVEP
datasets demonstrated that the proposed method consistently
outperforms representative baselines and effectively mitigates
catastrophic forgetting.

Index Terms—class-incremental learning, EEG, SSVEP, BCI

I. INTRODUCTION

A brain—computer interface (BCI) measures and processes
neural activities and translates them into commands for ex-
ternal device control [1]. Steady-state visual evoked potential
(SSVEP) [2] has attracted considerable attention due to its
high information transfer rate and signal-to-noise ratio. SSVEP
signals are elicited when a subject focuses on visual stimuli
flickering at specific frequencies, producing neural responses
that are strongly correlated with the stimulation frequency.
This frequency-locked characteristic enables reliable and ef-
ficient decoding, making SSVEP widely applied in text input
[3], [4], phone dialing [5], [6], and robot control [7], [8].

Existing SSVEP classification methods can be broadly
divided into traditional signal processing approaches and
deep learning—based methods. Benefiting from the frequency-
specific nature of SSVEP, several calibration-free methods
have been proposed, such as canonical correlation analysis
(CCA) [2] and filter bank CCA (FBCCA) [9]. Methods
requiring calibration, including task-related component anal-
ysis (TRCA) [10] and task-discriminant component analy-
sis (TDCA) [11], further improve performance by learning
subject-specific spatial filters. However, these traditional meth-
ods rely heavily on manual features and prior assumptions,
and their performance degrades when only short Electroen-
cephalography (EEG) segments are available. To address these
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Fig. 1. Comparison between offline learning and CIL.

limitations, deep learning methods have been introduced to
perform end-to-end SSVEP decoding [12]. More recent studies
further combine SSVEP decoding with recurrent architectures
[13] or transformer-based models [14], achieving improved
representation capability.

Despite their effectiveness, existing SSVEP classification
methods are primarily designed for offline training with a
fixed set of stimulus frequencies, as illustrated in Fig. 1
(top). In practical BCI applications, SSVEP systems often
need to continuously accommodate new stimulus frequen-
cies. For example, early SSVEP-based devices typically adopt
paradigms with a small number of well-separated frequencies
to ensure reliable discrimination, while more advanced sys-
tems gradually expand to denser multi-frequency stimulation
paradigms to support richer commands and higher information
throughput. Since many stimulus frequencies are shared across
different devices and paradigms, the ability to incrementally
incorporate new frequencies is critical for improving device
scalability and general applicability.

Therefore, this paper focuses on class-incremental learning
(CIL) [15] in SSVEP-based BCls, as shown in Fig. 1 (bottom).
CIL aims to enable models to continuously learn new classes
while preserving performance on previously learned ones,
which is challenging due to catastrophic forgetting [16]. In
SSVEP-based BCIs, calibration-free methods partially alle-
viate this issue by constructing new templates according to
newly occurred stimulus frequencies, without modifying previ-



ously learned representations. In contrast, deep learning—based
SSVEP methods rely on updating model parameters when new
classes are added, which interferes with existing knowledge
and leads to severe performance degradation on previously
learned classes. Existing CIL methods mainly address catas-
trophic forgetting based on regularization, rehearsal, and pa-
rameter isolation [17]. However, they are not designed for
the frequency-specific characteristics of SSVEP signals, and
directly applying them to SSVEP-based BClIs is suboptimal.

To address the above challenges, we propose a CIL frame-
work for SSVEP-based BClIs, which considers the frequency-
specific characteristics of SSVEP signals and mitigates catas-
trophic forgetting. Specifically, we propose a frequency-aware
rehearsal (FAR) strategy that augments replay samples by
exploiting the periodic structure of SSVEP signals, thereby
enhancing the diversity and stability of previously learned
frequency representations. In addition, we propose feature
compactness regularization (FCR) to encourage intra-class
feature consistency across incremental learning stages, further
alleviating representation drift.

Our main contributions are:

o We introduce CIL into SSVEP-based BClIs and establish
a unified evaluation protocol that enables systematic com-
parison between traditional SSVEP methods and deep
learning—based CIL methods.

o We propose FAR and FCR, which explicitly exploit the
frequency-specific characteristics of SSVEP from both
data and feature perspectives.

« Extensive experiments on two public SSVEP datasets
demonstrated that the proposed method consistently out-
performs existing approaches under the CIL setting.

II. RELATED WORKS

This section provides a brief overview of SSVEP classifi-
cation and CIL methods.

A. SSVEP Classification Methods

Existing SSVEP classification methods can be broadly
categorized into traditional signal processing—based and deep
learning—based methods.

Traditional SSVEP classification methods mainly exploit the
frequency-locked characteristics of SSVEP signals. CCA [2]
computes the correlation between EEG signals and predefined
sinusoidal reference signals at stimulus frequencies and has
been widely adopted due to its simplicity and calibration-free
nature. Several CCA variants have been further proposed to
enhance performance [18]-[20]. To further enhance perfor-
mance, FBCCA [9] decomposes EEG signals into multiple
sub-bands and combines correlation scores across frequency
bands, improving robustness and accuracy. Beyond calibration-
free approaches, spatial filtering—based methods have been
proposed to leverage subject-specific information. TRCA [10]
learns spatial filters by maximizing the reproducibility of
SSVEP responses across trials, while TDCA [11] further incor-
porates discriminative information among different stimulus
frequencies. Despite their effectiveness, traditional SSVEP

methods rely heavily on handcrafted features and their per-
formance often degrades when the signal duration is short.

Deep learning—based methods have been introduced for end-
to-end SSVEP decoding. Convolutional neural network (CNN)
architectures, such as EEGNet [21] and compact CNN vari-
ants [12], [22], automatically learn spatial-temporal features
directly from raw EEG signals. More advanced models further
incorporate recurrent neural networks, such as long short-term
memory (LSTM), to capture temporal dependencies in SSVEP
signals [13]. Recently, transformer-based models have also
been explored to model long-range dependencies and global
temporal patterns [14], demonstrating improved representation
capability. While deep learning methods generally achieve
superior performance and stronger feature learning capacity,
they typically require offline training with a fixed set of stim-
ulus frequencies, which limits their applicability in dynamic
SSVEP scenarios.

More recently, EEG foundation models pre-trained on large-
scale EEG datasets have been explored to improve representa-
tion learning and generalization across tasks [23]. While deep
learning and foundation model-based approaches generally
achieve superior performance and stronger feature learning
capacity, they are still predominantly designed for offline
training with a fixed set of stimulus frequencies, which limits
their applicability in dynamic SSVEP scenarios.

B. CIL methods

Current CIL approaches that alleviate catastrophic forgetting
can be broadly classified into three categories.

Regularization-based approaches mitigate forgetting by in-
troducing additional constraints to restrict updates of pa-
rameters that are important for previously learned classes.
Elastic Weight Consolidation (EWC) [24] estimates parameter
importance using the Fisher information matrix and penal-
izes changes to critical parameters. Memory Aware Synapses
(MAS) [25] evaluates parameter importance based on the
sensitivity of model outputs to parameter variations. Learning
Without Forgetting (LwF) [26] preserves prior knowledge by
constraining the discrepancy between outputs of the old and
updated models through knowledge distillation.

Rehearsal-based approaches explicitly store samples from
previously learned classes or generate pseudo-samples and
replay them during training on new classes. Experience Replay
(ER) [27] maintains a memory buffer to jointly train on old and
new data. Incremental Classifier and Representation Learning
(iCaRL) [28] selects representative exemplars via herding
and performs classification using class prototypes. Gradient
Episodic Memory (GEM) [29] constrains gradient updates to
ensure that the loss on stored samples does not increase.

Parameter isolation—based approaches alleviate forgetting
by allocating separate model parameters or subnetworks to
different tasks or class groups, thereby reducing interference
among learned representations. Despite their success, existing
CIL methods are not tailored to the frequency-specific charac-
teristics of SSVEP signals, leading to suboptimal performance
in practical incremental learning settings.
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Fig. 2. Overview of our proposed framework for SSVEP-based CIL, which includes a feature extractor and classifier optimized by classification, distillation
and FCR loss. FAR exploits the periodic structure of SSVEP signals to augment replay samples via period-level rolling. FCR encourages compact intra-class
distributions by minimizing the distance between individual samples and their respective class centers.

III. METHOD

This section introduces our CIL framework for SSVEP-
based BCIs, which aims to mitigate catastrophic forgetting
under incremental frequency expansion by exploiting the
frequency-specific characteristics of SSVEP signals.

As illustrated in Fig. 2, the proposed method adopts a
rehearsal-based CIL pipeline and consists of two key com-
ponents. FAR improves replay efficiency by leveraging the
periodic structure of SSVEP signals, while FCR is employed
to stabilize feature representations by enforcing intra-class
consistency across incremental learning stages. The details are
presented in the following subsections.

A. Problem Setting

Consider CIL for SSVEP-based BCI, where a sequence
of T tasks is provided. For the ¢-th task, a dataset D; =
{(x, yt)}f\ﬁl is available, where x; € X and y; € ) denote the
input sample and its corresponding label, respectively. Across
all tasks, there are C classes in total. Each task introduces a
disjoint class set C;, such that C = {J;_, C; and C; N C; = 0
for i # j.

Unlike offline training, where all data are accessible, CIL
assumes that only a limited memory buffer M = {(xz;,y;)} fvzl
containing samples from previous tasks can be stored. At
t = 1, the model is trained using D;. For ¢t > 1, training
is performed on D, U M. The goal is to correctly classify
newly introduced classes C; while maintaining satisfactory
performance on previously learned classes C; for ¢ < t.

B. Unified CIL Framework

Our framework follows the standard CIL paradigm and
is inspired by iCaRL [28]. At each incremental stage, the
learning process mainly consists of two steps: training on the
new task and sample rehearsal.

Specifically, when a new task ¢ arrives, the model is trained
using the union of the current task data D; and a memory
buffer M that stores a limited number of samples from
previously learned classes. The training objective combines
a classification loss and a distillation loss to mitigate catas-
trophic forgetting:

L = Lcg + Lais, (D

where Lcg denotes the cross-entropy loss for classifying new
classes and the distillation loss is defined as

£dist = Z ||fold($) - fnew(w)H%a (2)

(z,y)eEM

where f(-) denotes the output logits of the model and it con-
strains the outputs of the current model f,, to be consistent
with the outputs of the previous model foq.

After training on task ¢, a subset of representative samples
from the current task is selected and added to the memory
buffer M under a fixed memory budget. Following iCaRL,
we adopt herding [30] to select representative samples for each
class.

During inference, instead of using the parametric clas-
sification head, we perform classification based on nearest
class prototypes [31] in the feature space, where each class



prototype is computed as the mean feature representation of
its stored samples.

C. FAR

Standard rehearsal strategies typically replay a limited num-
ber of stored samples from previous classes. In SSVEP-based
BClIs, EEG signals exhibit strong frequency-locked periodic
structures, which provide additional exploitable information
beyond raw time-series samples. Leveraging this property en-
ables more effective use of a small memory buffer, thereby im-
proving rehearsal efficiency under strict memory constraints.

We propose FAR strategy that exploits the periodic structure
of SSVEP signals to generate augmented replay samples.
Given an SSVEP sample x corresponding to a stimulus
frequency f, the fundamental period length is computed as
P = F,/f, where Fy denotes the sampling rate. The signal is
then segmented according to this period length.

Based on the period-wise representation, FAR performs
period-level rolling augmentation. Given an augmentation
number K, K augmented samples are generated by circularly
shifting the signal at the period level: the k-th augmented
sample is obtained by moving the first £ periods to the end of
the signal, for £k = 1,..., K. All augmented samples preserve
the original temporal order within each period and inherit the
same class label.

By exploiting the intrinsic periodicity of SSVEP signals,
FAR enables a small number of stored samples to produce
diverse and frequency-consistent replay data. This improves
the effectiveness of rehearsal and enhances knowledge reten-
tion for previously learned SSVEP classes during incremental
learning.

D. FCR

In practical SSVEP-based BCI systems, stimulus frequen-
cies are typically designed to be well separated at the initial
stage to ensure high inter-class discriminability. As new classes
are introduced, however, their corresponding frequencies are
often interpolated between existing ones, leading to reduced
inter-class margins across incremental tasks. Although classes
within the same task may remain well separated, the reduced
discriminability across tasks can aggravate representation drift
and catastrophic forgetting.

To address this issue, we propose FCR, which enforces
intra-class feature consistency during training. Let ¢(-) denote
the feature extractor. At each training epoch, we compute the
feature center for each class c using the samples of that class
in the current training set Dy U M as

1
He= 5] > o), 3)

(z,y)E€S.

where S. = {(x,y) | y = ¢} denotes the set of samples

belonging to class c.

Algorithm 1: Class-Incremental Learning for SSVEP
with FAR and FCR
Input: Task sequence {D;, Ds, ..., Dr}; memory
buffer | M|; sampling rate F; backbone
network f(-); loss weights .
Output: The classification model with class
prototypes.
Initialize model parameters 6;
Initialize memory buffer M < 0;
fort < 1to T do
Construct training set 7; < Dy U M;
for each epoch do
// FAR
Generate augmented replay samples from M
by period-level rolling;
// FCR
Compute class centers {bmpu.} using samples
in T
// Model update
Update 6 by minimizing
L = Lcr + Ldist + ALrcR;

end

// Memory update

Select representative samples from D, through
herding under the fixed budget;

Update memory buffer M;

Calculate class prototypes using the memory buffer
M

end

Based on the class centers, FCR introduces an /5 reg-
ularization term to encourage features to be close to their
corresponding class centers:

>

(z,y) €D UM

Lecr = [(x) — pyll3- “)

The proposed regularization is jointly optimized with the
classification and distillation objectives during training, pro-
moting compact intra-class feature distributions and reducing
representation drift across incremental learning stages.

Algorithm 1 summarizes the overall training procedure of
the proposed CIL framework for SSVEP-based BClIs.

IV. EXPERIMENTS

This section performs experiments to demonstrate the ef-
fectiveness of the proposed method.

A. Datasets

We conducted experiments on two public SSVEP datasets,
Benchmark [32] and BETA [33].

The Benchmark dataset contains EEG recordings from 35
healthy subjects. In each block, subjects were presented with
a 5 x 8 matrix of 40 visual targets flickering at different
frequencies ranging from 8 to 15.8 Hz with a step of 0.2 Hz.
EEG signals were recorded using 64 channels. Each trial



consists of a visual cue followed by a stimulus period and
a short rest interval.

The BETA dataset follows a similar experimental paradigm
but includes EEG data from 70 healthy subjects collected in
more realistic environments. Visual stimuli were presented in
a keyboard-like layout. Compared with Benchmark, BETA
exhibits lower signal-to-noise ratios due to unconstrained
acquisition conditions, making classification more challenging.

For both datasets, we reorganized the original data into CIL
setting with five sequential tasks, where each task introduces
a disjoint subset of SSVEP classes. The classes were assigned
to tasks following the original frequency label order provided
by the datasets, such that new stimulus frequencies are incre-
mentally introduced as learning progresses. EEG segments of
2 seconds were extracted for classification, while the initial
cue-related period is discarded, resulting in slightly shorter
effective signal durations.

B. Experimental Setup

We adopted SSVEPNet [13] as the backbone network for
all experiments. The model was trained using the Adam
optimizer with an initial learning rate of 0.001 and a weight
decay of 0.001. For each dataset, K-fold cross-validation was
performed according to the number of available blocks. Nine
occipital EEG channels were used. To construct the memory
buffer, we store 5% of samples for each class under a fixed
memory budget, resulting in approximately 8 stored samples
per class in experiments. A was set to 0.1.

We evaluated CIL performance using the average accuracy
Ay after learning task ¢ and backward transfer (BWT) after
learning all tasks, defined as

t
1
Ay = n Zat,j7 ()
j=1
1 T-1
BWT = ﬁ ; (aT)j — am) , (6)

where a;; € [0, 1] denotes the classification accuracy on the
test set of task j after the model has completed training on
task ¢.

C. Baselines

We compared the proposed method with a diverse set of
baselines, covering offline training, traditional SSVEP meth-
ods, and representative CIL methods.

o Upper bound and lower bound. Joint training trains a
single model using data from all tasks simultaneously and
serves as an upper bound. Finetune sequentially trains the
model on new tasks and serves as a lower bound.

o Representative calibration-free and calibration-based
SSVEP methods, including CCA [2], FBCCA [9], TRCA
[10], and TDCA [11], which are widely used in SSVEP
classification.

o Representative CIL methods. Regularization-based meth-
ods include EWC [24], MAS [25], and LwF [26], which

TABLE I
EXPERIMENT RESULTS ON BENCHMARK.

After Learning Task

Method BWT
1 2 3 4 5

Joint 90.12 89.79 88.89 89.05 88.25 -3.48
Finetune 88.27 45.83 30.59 23.08 18.54 -72.81
CCA 7256 7199 71.09 6931 69.14 0.48
FBCCA 8387 7896 7679 75.64 74.7 -4.38

TRCA 6542 69.38 69.56 6942 68.77 2.5
EWC 88.27 46.4 3093 2326 18.68 -73.38
MAS 88.27 56.16 39.88 3022 2377 -67091
LWF 88.27 4583 30.59 23.08 1854 -72.81
TDCA 72.2 38.66 28.05 2497 2093 -54.04
A-GEM  88.27 59.07 3149 2424 20.92 -71.1
ER 90.12 7047 60.14 58.05 5424 -39.19
BiC 87.74  73.51 66.8 53.85 54.01 -25.77
iCaRL 88.33 83.75 80.69 7892 77.76 -6.81
Ours 87.38 8494 83.02 80.71 79.44 -4.12

constrain parameter updates to preserve previous knowl-
edge. Replay-based methods include ER [27], BiC [34],
A-GEM [35] and iCaRL [28], which mitigate forgetting
by replaying stored samples or constraining gradient
updates.

D. Main Results

Tables I and II summarize the overall CIL performance on
the Benchmark and BETA datasets. Observe that:

o Traditional SSVEP methods exhibit relatively stable per-
formance across incremental tasks. However, calibration-
free methods such as CCA and FBCCA perform poorly
when only short EEG segments are available, as their
correlation-based matching relies on sufficient temporal
information for reliable frequency estimation. In addition,
CIL incrementally introduces classes while aggregating
data from all subjects, rather than performing subject-
wise incremental learning. Filter-based methods such
as TRCA suffer from degraded filter estimation, and
TDCA further experiences performance drops due to its
sequential filter construction, which differs significantly
from the scenario where all classes are jointly observed.

o Representative CIL methods alleviate catastrophic forget-
ting to some extent, but forgetting remains substantial as
tasks progress. In several cases, their performance is even
inferior to traditional SSVEP methods.

o The proposed method consistently achieves superior per-
formance across almost all incremental tasks on both
datasets. By explicitly exploiting the frequency-specific
characteristics of SSVEP signals and enforcing feature
compactness during training, our approach effectively
mitigates catastrophic forgetting and maintains strong
performance as new classes are continuously introduced.



TABLE II
EXPERIMENT RESULTS ON BETA.

After Learning Task

Method BWT
1 2 3 4 5
Joint 78.66 7094 6832 64.63 63.6 -6.54
Finetune  76.65 36.11 25.16 18.35 15.62 -59.55
CCA 56.34 5426 5149 49.76 47.43 0.7
FBCCA 729 67.3 60.22 5728 5459 -14.82
TRCA 64.87 61.01 5622 5242 49.88 0.2
EWC 76.07 35.62 2548 18.08 14.82 -59.21
MAS 76.07 3641 2491 1644 1343 -57.36
LWF 76.07 3641 2531 17.87 15.18 -59.26
TDCA 4241 18.55 1243 6.48 5.67 -16.67
A-GEM  76.07 39.82 25.82 17.9 1477  -58.98
ER 7817 5022 41.88 36.34 30.83 -45
BiC 77.01 3739 33.06 30.16 29.95 3.21
iCaRL 76.25 66.61 60.79 5589 5299 -13.18
Ours 76.3 6721 62.69 5842 55.84 -6.94
TABLE III

ABLATION STUDY RESULTS ON THE BENCHMARK DATASET.

After Learning Task

FAR FCR BWT
1 2 3 4 5
88.33 8375 80.69 7892 7776 -6.81
v 88.15 84.41 82.4  80.59  78.55 -4.7
v 8738 8479 8223 79.86 7834 -7.15
v v 87.38 8494 83.02 80.71 79.44 -4.12

E. Ablation Studies

We conducted ablation studies to evaluate the effectiveness
of each proposed component, as reported in Table III.

The results show that incorporating either FAR or FCR
individually leads to improved performance compared to the
baseline CIL framework, indicating that both components con-
tribute to alleviating catastrophic forgetting. FAR consistently
enhances performance by improving the effectiveness of replay
under limited memory, while preserving previously learned
frequency information. Although FCR improves overall clas-
sification accuracy by enforcing more compact intra-class
feature distributions, it may introduce increased forgetting
when applied alone. This is because FCR encourages strong
feature clustering based on the current training data, which can
bias the representation toward new classes in the absence of
sufficiently diverse replay samples. As a result, representations
of previously learned classes may drift when replay is limited.

When FAR and FCR are combined, the complementary
strengths of the two components effectively improve the
performance and mitigate catastrophic forgetting.

F. Effect of FAR

We investigated the effectiveness of FAR from two comple-
mentary perspectives.

First, we integrated FAR into existing replay-based CIL
methods and evaluated its impact on overall performance. As
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proposed FAR across different replay-based CIL methods. (a) Benchmark;
and (b) BETA.

shown in Fig. 3, incorporating FAR consistently improves
performance across different replay-based CIL methods, in-
dicating that FAR is a general and effective enhancement for
SSVEP.

Second, we compared FAR with several commonly used
EEG data augmentation methods, including:

o None, where no data augmentation is applied;

o Alter, which replaces a randomly selected channel with

the channel-wise average signal;

o Shuffle, which randomly permutes EEG channels;

o Scaling, which scales randomly selected channels using

a factor o sampled from a normal distribution A/(1,1)
and clipped to 0.1 < a < 2.
The results were reported in Table IV.

The results show that Noise and Alter provide limited per-
formance gains, while Shuffle and Scaling may even degrade
performance due to disruption of spatial channel structures.
Unlike these common augmentations that introduce stochastic
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Fig. 4. t-SNE visualization of feature representations (a) without and (b) with FCR.

TABLE IV
COMPARISON OF DIFFERENT DATA AUGMENTATION METHODS.

After Learning Task

Method BWT
1 2 3 4 5

None 88.33 8375 80.69 7892 77.76 -6.81
Noise 87.38 8452 8232 7991 78.67 -6.98
Alter 87.38 84.88 82 80.18 78.5 -6.56
Shuffle 87.38 83.57 7996 7561 7053 -13.67
Scaling 87.38 84.47 81.61 78.2 7471  -10.69
FAR (Ours) 87.38 84.94 83.02 80.71 79.44 -4.12

perturbations, FAR is a domain-knowledge-driven strategy
that preserves the intrinsic periodicity and phase-coherence
of SSVEP signals. FAR consistently achieves the best per-
formance among all augmentation strategies, demonstrating
its effectiveness and robustness by explicitly exploiting the
frequency-specific characteristics of SSVEP signals.

G. Effect of FCR

We analyzed the effect of FCR through feature visualization.
Fig. 4 presents ¢-SNE projections of the learned feature
representations without and with FCR.

Without FCR, feature distributions of different classes ex-
hibit noticeable overlap, indicating less compact intra-class
representations and unclear inter-class boundaries. In contrast,
introducing FCR leads to more compact intra-class clusters
and clearer separation between different classes. This visu-
alization result demonstrates that FCR effectively enhances
feature compactness and discriminability, which is beneficial
for reducing representation drift in CIL.

H. Effect of Replay Samples

We analyzed the impact of the number of replay samples
stored per class on CIL performance. Specifically, we varied
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Fig. 5. Performance comparison under different numbers of replay samples
per class.

the number of stored samples per class among {1, 3,5,8,10}
and compared the proposed method with representative base-
line approaches, as shown in Fig. 5.

The results show that increasing the number of replay
samples generally leads to improved performance for all
methods, indicating that larger memory buffers help miti-
gate catastrophic forgetting. However, the proposed method
consistently outperforms baseline methods under all memory
settings. Notably, even when only one sample per class is
stored, our method achieves strong performance.

V. CONCLUSION

This paper proposes a CIL framework for SSVEP-based
BCIs to address the limitation of fixed-class offline training.
By explicitly considering the frequency-specific characteris-
tics of SSVEP signals, we propose FAR to enhance replay



efficiency and FCR to stabilize feature representations dur-
ing incremental learning. Experimental results on two public
datasets demonstrate that the proposed method consistently
outperforms existing approaches and effectively alleviates
catastrophic forgetting. This paper provides a first step toward
continuous and adaptive SSVEP-based BClIs, and future work
will explore more challenging incremental scenarios and real-
world online applications.
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