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Abstract—Cross-subject decoding in steady-state visual evoked
potential (SSVEP) brain—computer interfaces remains a signifi-
cant challenge due to pronounced inter-subject variability and the
scarcity of calibration data. Traditional spatial filtering methods
often experience severe performance degradation in this setting,
while existing deep learning models are prone to overfitting or
catastrophic forgetting under few-shot calibration conditions. To
address these challenges, this paper proposes FreqTrans-Meta,
a unified framework designed to reconcile high-dimensional
representation learning with data-efficient adaptation.

The proposed framework integrates three components, each
targeting a specific deficiency in current decoding pipelines.
First, to address the inherent spectral nature of SSVEP signals,
a Frequency-Domain Channel-wise Transformer backbone is
constructed. Unlike time-domain models, this backbone explicitly
encodes stimulus frequencies and harmonic structures in the
range of 5-45 Hz, capturing robust subject-invariant spectral
dependencies. Second, to resolve the conflict between model
capacity and data scarcity, a lightweight residual Subject Adapter
is introduced. This decouples individual variability from general
features, preventing overfitting by freezing the backbone param-
eters. Third, to enable rapid convergence with minimal data, a
Reptile-based meta-learning strategy is employed to optimize the
initialization of the adapter. This ensures the model can effectively
personalize using fewer than four calibration trials per class.

Extensive experiments on the BETA (70 subjects) and
Benchmark (35 subjects) datasets demonstrate that FreqTrans-
Meta achieves average classification accuracies of 85.04% and
87.51%, respectively. By logically integrating spectral modeling,
parameter-efficient adaptation, and meta-initialization, the pro-
posed method significantly outperforms state-of-the-art baselines
such as SSVEPformer and TDCA.

Index Terms—SSVEP, brain—-computer interface, cross-subject
decoding, Transformer, meta-learning, contrastive learning, few-
shot calibration

I. INTRODUCTION

Steady-state visual evoked potential (SSVEP) based brain—
computer interfaces (BCIs) are valued for their high infor-
mation transfer rate (ITR) and minimal training requirements
[1]- [6]. However, reliable cross-subject SSVEP decoding
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remains a fundamental bottleneck. Pronounced inter-subject
variability leads to significant domain shifts [32], [33], causing
models trained on source subjects to suffer severe performance
degradation when applied to unseen targets. While calibration
can mitigate this, collecting ample data is tedious and fatigues
the user. Thus, the core challenge lies in achieving high
performance with extremely limited calibration data (e.g.,
fewer than five trials).

Traditional methods like TRCA [12] and TDCA [14] often
struggle to capture complex non-linear inter-subject varia-
tions. Conversely, deep learning models (e.g., SSVEPformer
[19]) are data-hungry; directly fine-tuning high-dimensional
networks on a handful of calibration trials inevitably leads
to overfitting or catastrophic forgetting. Although transfer
learning [21]- [25] has been explored, existing techniques of-
ten lack explicit spectral modeling or require computationally
expensive adaptation processes.

To circumvent these limitations, we propose FreqTrans-
Meta, a cohesive framework designed to simultaneously ad-
dress explicit spectral modeling, parameter efficiency, and
rapid initialization:

1) Explicit Spectral Modeling: Generic time-series mod-
els often struggle to efficiently capture the strict har-
monic structures of SSVEP signals. We propose a
Frequency-Domain Channel-wise Transformer that
transforms signals into the frequency domain to explic-
itly encode harmonic dependencies and learn subject-
invariant spectral patterns.

2) Parameter-Efficient Adaptation: To prevent overfitting
during personalization, we introduce a lightweight Sub-
ject Adapter (SA). By freezing the shared backbone
and updating only this low-rank module, we decouple
general representation learning from individual adap-
tation, handling subject-specific shifts with a minimal
parameter set.

3) Rapid Initialization via Meta-Learning: Simply
adding an adapter does not guarantee convergence
with minimal data. We employ Reptile-based Meta-
Learning [29] to optimize the adapter’s initialization
to be highly sensitive to gradients, enabling the model



to rapidly adapt to new subjects using fewer than four
calibration trials.

The main contributions of this work are summarized as
follows:

e We propose a frequency-domain channel-wise Trans-
former that explicitly captures the harmonic structure and
spatial dependencies of SSVEP signals.

o We design a parameter-efficient Subject Adapter with a
Reptile-optimized initialization, specifically targeting the
instability of few-shot calibration.

o Extensive evaluations on large-scale public datasets
(BETA [13] and Benchmark [27]) under strict leave-one-
subject-out protocols demonstrate consistent improve-
ments over state-of-the-art methods.

II. RELATED WORK
A. Traditional SSVEP Decoding Methods

Early SSVEP-based BCIs primarily relied on correlation
analysis and spatial filtering techniques, such as canonical
correlation analysis (CCA), filter-bank CCA (FBCCA), task-
related component analysis (TRCA), and task-discriminant
component analysis (TDCA) [10]- [14]. These methods ef-
fectively exploit spectral peaks and harmonic information
of SSVEP signals and achieve competitive performance in
within-subject settings. However, their reliance on linear as-
sumptions and subject-specific calibration limits robustness
and scalability in cross-subject scenarios.

B. Deep Learning and Transformer-Based Approaches

With the advancement of deep learning, convolutional neu-
ral networks and Transformer-based models have been intro-
duced for SSVEP decoding to automatically learn discrimina-
tive representations from EEG signals [15]- [20]. Frequency-
domain modeling and self-attention mechanisms have demon-
strated improved robustness in short time-window and high-
target settings. Nevertheless, most deep learning approaches
involve large parameter spaces and remain sensitive to limited
training data, making them prone to overfitting under few-shot
calibration or online adaptation conditions. Moreover, many
existing studies focus on within-subject or weak cross-subject
settings, offering limited reduction in calibration cost.

C. Cross-Subject Adaptation and Meta-Learning

To alleviate inter-subject variability, transfer learning, do-
main adaptation, and meta-learning strategies have been ac-
tively explored [21]- [27]. Domain adaptation methods aim to
align feature distributions across subjects, while meta-learning
approaches, such as MAML and Reptile, learn model initial-
izations that can be rapidly adapted using a few calibration
trials. Despite these advances, existing methods often lack
explicit modeling of SSVEP spectral structures and channel-
wise dependencies. Furthermore, subject adaptation typically
requires fine-tuning high-dimensional model parameters, lead-
ing to instability and unreliable performance under extremely
limited calibration data.

In contrast, our method integrates frequency-domain priors,
channel-wise Transformer learning, and parameter-efficient
meta-learned subject adaptation within a unified framework,
enabling robust and data-efficient cross-subject SSVEP decod-
ing.

III. METHOD

A. Overall Framework

We propose a cross-subject SSVEP decoding framework
that integrates frequency-domain modeling, a channel-wise
Transformer backbone, and meta-learning-driven subject adap-
tation. As illustrated in Fig. 1, the framework consists of
four components: (i) a frequency-domain channel-wise Trans-
former (FreqTrans), (ii) a lightweight Subject Adapter (SA),
(iii) Reptile-based meta-learning for few-shot calibration, and
(iv) robust training and inference strategies, including super-
vised contrastive learning, Mixup, and test-time adaptation.

Given a multi-channel EEG trial

X e ROXT, (1)
the decoding objective is to learn a mapping
fo : ROT - R, 2)

where C' is the number of channels, 7" the temporal length,
and K the number of stimulus targets.

Each trial is standardized and transformed into the fre-
quency domain using FFT. Spectral components within 5-
45 Hz are retained, and real and imaginary parts are concate-
nated to form a frequency-domain representation F. Treating
channels as sequence elements, F is fed into the channel-
wise Transformer to learn a cross-subject shared representation
Hgpareq- A residual Subject Adapter then produces subject-
specific features, which are used for final classification. Meta-
learning is applied to optimize the adapter initialization for
stable few-shot adaptation. During inference, performance-safe
model selection, time-shift test-time augmentation, and en-
tropy minimization are jointly applied to enhance robustness.

B. Frequency-Domain Transformer Backbone

1) Frequency-Domain Feature Construction: SSVEP dis-
criminative information is mainly concentrated at stimulus
frequencies and their harmonics. After preprocessing, FFT is
applied to each channel:

Z. = FFT(x.), 3)

and frequency bins corresponding to 5—45 Hz are retained.
The complex spectrum is decomposed into real and imaginary
parts:

f. = [Re(Z.), Tm(Z.)] € R, @)
yielding the frequency-domain feature matrix

F = [f;...;fc] € RE*25, (5)
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2) Channel-wise Transformer and Classification: A
channel-combination module first linearly mixes spectral
features:

H®) = Dropout(¢(LN(Convy 1 (F)))). (6)

The features are then processed by a two-layer channel-wise
Transformer:

H; = H,_; + Dropout(MHA(LN(H,_1))), 7
H, = H; + FFN(LN(H))), (8)
producing the shared representation
Hharea = H®. ©)
The classification head outputs
p = Softmax(FC(Flatten(LN(Hghared))))- (10)

3) Supervised Contrastive Learning: A projection head
maps Hghared to a normalized embedding g. The training
objective combines cross-entropy and supervised contrastive
loss:

L= ['CE + AcSupCom (11

Frequency-consistent Mixup is applied to improve robustness.

Overall architecture of the proposed FreqTrans-Meta framework for cross-subject SSVEP decoding.
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Fig. 2. Internal structure of the proposed Subject Adapter (SA).

C. Subject Adapter and Meta-Learning

1) Residual Subject Adapter: To model inter-subject vari-
ability with limited calibration data, a parameter-efficient

residual Subject Adapter is introduced:
U= LN(Hshared)a (12)
AH = ¢(UW[ )W, (13)
Hsubject = Hshared + AH. (14)

2) Reptile-Based Few-Shot Calibration: Under the LOSO
protocol, only a few labeled trials are available for a new
subject. Reptile meta-learning is used to optimize the adapter
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initialization:

PR ) (15)

=

enabling rapid and stable few-shot adaptation.

D. Robust Inference

As shown in Fig. 4, robustness is further enhanced during
inference using three strategies. A performance-safe constraint
selects the calibrated model only when it outperforms the
baseline on the labeled calibration set of the target subject
(denoted as D.,)), i.e., Accsel(+) is computed using D, only:

Accsel(Mcal) > Accsel(Mbase)- (16)

Time-shift test-time augmentation averages predictions
across temporal offsets:

L

p— %Z (@),

=1

a7

while test-time entropy minimization minimizes prediction
uncertainty using only unlabeled test data without accessing
any ground-truth labels:

K
Lrent = Ex | — Zpk(x) log pr.(X) (18)
k=1

IV. EXPERIMENTS AND RESULTS

To verify the effectiveness of the proposed cross-subject
SSVEP decoding method based on a frequency-domain Trans-
former and meta-learning-driven subject-adaptive calibration,
we conducted systematic evaluations on two large-scale public
cross-subject SSVEP datasets.

A. Datasets and Evaluation Protocols

Experiments were conducted on two public large-scale
SSVEP benchmark datasets.

BETA Dataset [13]: This dataset contains EEG recordings
from 70 subjects performing SSVEP tasks with 40 stimulus
frequencies. Signals were acquired using a 64-channel EEG
cap at a sampling rate of 250 Hz.

Benchmark Dataset [27]: Released by Tsinghua Univer-
sity, this dataset includes EEG data from 35 healthy subjects
under 40 stimulus frequencies, with a collection configuration
similar to the BETA dataset and 64 EEG channels.

To balance steady-state response convergence and online
real-time performance, a unified windowing strategy was
adopted for both datasets. Specifically, a 2 s EEG segment
starting 0.5 s after stimulus onset was extracted as the model
input for all methods.

Evaluation Protocol: A strict leave-one-subject-out
(LOSO) protocol was employed to assess cross-subject
generalization. For the BETA dataset, 70-fold experiments
were conducted, each using one subject for testing and
the remaining 69 subjects for training. Similarly, 35-fold
experiments were performed for the Benchmark dataset.

Calibration and Test Split: In calibration experiments, up
to four trials per class are randomly selected as the labeled
calibration set for each test subject, while the remaining trials
are reserved for evaluation. The calibration set is used only
for subject-level adaptation and model selection; importantly,
no labels from the held-out evaluation trials are used at any
stage. To ensure determinism and reproducibility, we fix the
random seed and will release the split indices along with the
code upon acceptance.

B. Comparative Methods

To comprehensively evaluate performance, we selected rep-
resentative baselines from three categories. All methods were
evaluated under the same 2 s window and LOSO protocol.

1) Traditional Spectral Correlation and Spatial Filtering
Methods: CCA: Canonical Correlation Analysis classifies
stimuli by computing the correlation between EEG signals and
sine—cosine reference templates.

FBCCA: Filter Bank CCA introduces multi-band decom-
position and weighted fusion to enhance harmonic utilization.

TRCA: Task-Related Component Analysis learns spatial
filters by maximizing the reproducibility of same-class trials.

TDCA: Task-Discriminant Component Analysis incorpo-
rates discriminative information to jointly optimize spatial
filters and is regarded as a strong baseline for low-frequency
SSVEP decoding.



2) Deep Learning Baselines: EEGNet: A lightweight CNN
model using depth-wise separable convolutions to extract
spatiotemporal EEG features.

SSVEPformer: A Transformer-based SOTA model that
applies self-attention to complex spectral representations.

CNN Baseline: A 1D CNN implemented in this work
using time-domain convolutions, channel mixing, and a fully
connected classification head.

3) Proposed Method and Variants: To evaluate the contri-
bution of meta-learning, two variants were defined.

FreqTrans (w/o Meta): Includes the frequency-domain
Transformer backbone and Subject Adapter, trained with
cross-entropy, supervised contrastive learning, and Mixup.
Inference uses time-shift TTA without meta-learning, TENT,
or performance-safe selection.

FreqTrans-Meta (w/ Meta): Extends FreqTrans by intro-
ducing Reptile meta-learning for SA initialization, few-shot
calibration, TENT adaptation, and performance-safe model
selection. Unless otherwise specified, ”Our Method” refers to
FreqTrans-Meta.

Fair Comparison: All methods are evaluated under the
same preprocessing and the same 2 s windowing strategy, us-
ing the identical LOSO splits. For each baseline, we follow the
original paper and/or official implementations when available;
any necessary hyperparameters are determined using only the
training subjects (source domain) and are never tuned on the
held-out test subject.

C. Overall Cross-Subject Decoding Performance

Fig. 5 compares cross-subject decoding performance on the
BETA and Benchmark datasets.

On the BETA dataset, traditional spatial filtering methods
achieved accuracies between 43% and 64%, with large stan-
dard deviations, indicating strong sensitivity to inter-subject
variability. Deep learning baselines such as EEGNet and
SSVEPformer achieved accuracies of 71.50% and 81.10%,
respectively.

The proposed FreqTrans baseline achieved 83.41% =+
16.71%, demonstrating the superiority of the frequency-
domain Transformer backbone. After incorporating meta-
learning, TENT, and performance-safe calibration, FreqTrans-
Meta further improved accuracy to 85.04% on BETA and
87.51% on Benchmark, achieving state-of-the-art performance
on both datasets.

Notably, FreqTrans-Meta maintained lower standard devia-
tions compared with both traditional and deep learning base-
lines, indicating improved stability and robustness in cross-
subject scenarios.

D. Ablation Study

To analyze the contribution of individual components, seven
ablation configurations (A1-A7) were evaluated on the BETA
dataset. Only one factor was modified in each configuration,
while all other settings were kept consistent. The results are
summarized in Table I.

Note that in AS, the Subject Adapter is inserted but not
updated because no subject-specific calibration is performed
in the uncalibrated setting; thus its performance is expected
to remain close to A4. Improvements appear once the adapter
is calibrated with few-shot data (A6) and further enhanced by
meta-initialization (A7).

The ablation results demonstrate that the frequency-domain
Transformer backbone provides the primary performance gain,
while normalization and contrastive learning improve robust-
ness. The Subject Adapter enables effective individualized cor-
rection, and meta-learning combined with test-time adaptation
further enhances reliability under few-shot calibration.

E. Summary of Experiments

Overall, the experimental results demonstrate that the
proposed FreqTrans-Meta framework consistently outper-
forms traditional methods, CNN-based models, and existing
Transformer-based approaches in cross-subject SSVEP decod-
ing. The ablation study further confirms the complementary
contributions of frequency- domain modeling, subject-adaptive
calibration, and meta-learning-driven initialization.

V. CONCLUSION

This paper proposed FreqTrans-Meta, a cross-subject
SSVEP decoding framework that integrates frequency-domain
priors, a channel-wise Transformer backbone, and meta-
learning-driven subject adaptation. Extensive experiments on
the BETA and Benchmark datasets demonstrated that the pro-
posed method achieves state-of-the-art cross-subject decoding
accuracy while requiring only a small number of calibration
trials for new subjects.

The frequency-domain Transformer effectively captures
stimulus-related spectral and spatial dependencies, while the
Subject Adapter and Reptile-based meta-learning provide a
stable pathway for few-shot personalization. Robust training
and inference strategies further improve system reliability
under realistic conditions.

Future work will explore the extension of this framework
to asynchronous SSVEP, multimodal BCI paradigms, and real-
world closed-loop control tasks, as well as the integration of
more advanced meta-learning and self-supervised pre-training
strategies.

CODE AVAILABILITY

The source code is available at: https://github.com/z1z23w/
FreqTrans-Meta.git.
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TABLE I
ABLATION STUDY RESULTS ON THE BETA DATASET (MEAN =+ STD, %).

Configuration Description Uncalibrated Calibrated

Al Frequency Features + MLP 3331 +£19.23 3331 £ 19.23
A2 Frequency Features + CNN 74.80 + 18.50  74.80 4+ 18.50
A3 Frequency Features + Transformer  79.29 £ 19.85  79.29 + 19.85
A4 A3 + Normalization 83.55 £ 16.96  83.55 £+ 16.96
AS A4 + Subject Adapter 83.57 + 16.69  83.57 &+ 16.69
A6 AS + Few-shot Calibration 83.80 + 16.81  84.22 £ 1645
A7 Full Model (Ours) 84.10 + 16.50  85.04 + 16.37
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