
SSVEP-freeTUNE: Sample-wise Domain Gating
with Dual-Template Priors for Calibration-Free

SSVEP Decoding
Kaisong Hu1, Leilei Zhao1, Fengcheng Wu1, Yuxin Liu1, Zhiguo Zhang2, Zhenxi Song2∗

1School of Computer Science and Technology, Harbin Institute of Technology, Shenzhen, China
2School of Intelligence Science and Engineering, Harbin Institute of Technology, Shenzhen, China

Abstract—Calibration-free decoding is essential for cross-
subject use of steady-state visual evoked potential (SSVEP)-
based brain–computer interfaces (BCIs). However, generalization
is still constrained by inter-subject variability, likely reflecting
insufficient exploitation of the EEG’s multi-domain character-
istics. To address these challenges, we propose an adaptive
domain-gated dual-template neural entrainment framework for
calibration-free SSVEP decoding, termed SSVEP-freeTUNE. The
gating mechanism adaptively balances spectral, temporal, and
spatial representations. In parallel, neural entrainment priors
implemented with dual templates combine explicit harmonic
constraints and robust cross-subject response morphology, an-
choring the model with physiologically grounded cues. At the
decision level, frequency-locked correlation scores and fused
multi-domain features are jointly integrated, bridging model-
driven priors and data-driven representations. Experiments on
the Benchmark and BETA datasets under leave-one-subject-
out protocols demonstrate that SSVEP-freeTUNE achieves state-
of-the-art accuracy and information transfer rate, advancing
calibration-free SSVEP BCIs toward practical deployment.

Index Terms—BCI, SSVEP, cross-subject generalization, EEG,
adaptive learning

I. INTRODUCTION

Steady-state visual evoked potential (SSVEP)-based brain-
computer interfaces (BCIs) are a practical and widely used
paradigm for non-invasive neural communication, enabling
reliable communication and control of external devices from
EEG signals [1]–[4]. Compared with other BCI paradigms,
SSVEP-BCIs exhibit three key advantages: a high information
transfer rate (ITR) enabled by stable phase-locked responses to
periodic stimulation [5], [6], strong robustness to background
noise and common physiological artifacts, and low deploy-
ment complexity requiring only standard EEG equipment and
simple visual stimulation.

Owing to these advantages, SSVEP-BCIs have been suc-
cessfully applied in various scenarios, including high-speed
spelling systems for assistive communication [7]–[11], inter-
active entertainment and serious games for cognitive training
[12]–[15], and assistive device control systems for motor
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function restoration [16]–[18]. However, their usability in real-
world deployment critically depends on minimizing per-user
calibration effort.

Despite these advancements, the practical scalability of
SSVEP-BCIs is severely limited by inter-subject EEG vari-
ability. This variability may arise from differences in neu-
roanatomy and cortical topology, neural conduction proper-
ties, and cognitive states, leading to marked variations in
SSVEP response characteristics. Conventional systems thus
rely on time-consuming subject-specific calibration (repeated
data acquisition, individualized parameter tuning), hindering
rapid deployment and large-scale application—making high-
performance calibration-free decoding methods essential for
advancing practical SSVEP-BCIs.

Existing calibration-free decoders remain challenged by the
trade-off between low latency and cross-subject robustness.
Traditional linear approaches, such as canonical correlation
analysis (CCA) and filter bank CCA (FBCCA) [19]–[21], rely
on strict frequency priors and linear correlation assumptions.
Although inherently calibration-free, they typically require
long observation windows, limiting their suitability for low-
latency BCI systems. In contrast, deep learning methods can
model complex nonlinear neural responses within short time
windows [22]–[26], as demonstrated by representative mod-
els such as SSVEPformer, TFF-Former, SSVEP-BiMA, and
improved models for cross-subject generalization [27]–[31].
However, these models often exhibit limited cross-subject gen-
eralization and underexploit explicit topological cues (beyond
implicit channel mixing) reflecting cortical topology and inter-
regional coupling. Hybrid approaches (e.g., CCA-Net [32],
[33]) attempt to combine frequency priors with deep repre-
sentations, yet they primarily focus on temporal integration
and fail to fully exploit the multidimensional structure of EEG
signals. These gaps motivate a unified design that can balance
multi-domain evidence per trial and integrate physiologically
grounded priors in an interpretable calibration-free manner.
Key insight: Inter-subject variability can shift the relative
reliability of spectral, temporal, and spatial evidence, making
fixed fusion brittle in calibration-free settings. We therefore
design a framework that adaptively balances multi-domain
evidence per test sample, is anchored by physiologically
grounded entrainment priors, and integrates the two at the



Fig. 1. Overview of SSVEP-freeTUNE with three contribution-aligned components. (A) A sample-wise domain gate adaptively fuses spectral/temporal/spatial
representations to handle trial-level reliability shifts under cross-subject variability. (B) Dual-template entrainment priors (sin–cos harmonic constraints and
median morphology templates) provide frequency-locked, physiologically grounded scores without target calibration. (C) A decision-level bridge combines
normalized prior scores with deep logits, preserving interpretability while improving calibration-free decoding.

decision level for interpretability and robustness.
In this work, we propose SSVEP-freeTUNE, an adaptive

domain-gated dual-template neural entrainment framework
for calibration-free SSVEP decoding. It unifies sample-wise
multi-domain gating, dual-template entrainment priors, and
modular decision-level bridging between correlation scores
and learned features. Experiments on the Benchmark and
BETA datasets under leave-one-subject-out (LOSO) protocols
show state-of-the-art accuracy and ITR. The contributions
of this work are threefold: (1) Sample-wise multi-domain
gating over spectral, temporal, and spatial representations to
improve cross-subject robustness. (2) Dual-template entrain-
ment priors combining explicit harmonic constraints with
a robust cross-subject morphology template, without target-
subject calibration. (3) Modular decision-level bridging that
integrates correlation-based priors and deep representations for
calibration-free LOSO decoding.

II. RELATED WORK

Calibration-free SSVEP decoding has been advanced along
three main directions.

(1) Correlation-based methods exploit explicit frequency
priors without user calibration, where CCA-based recognition
[19], [20] and FBCCA [21] improve robustness via multi-
subband decomposition; however, their linear correlation as-
sumption and reliance on sufficiently long windows can limit
performance under short-window or low signal-to-noise ratio
(SNR) conditions.

(2) Deep models learn nonlinear representations to boost
short-window decoding, ranging from compact CNN back-
bones [22], [24], [26] and CNN-RNN variants [25] to Trans-
former designs [27], [28]. While effective, generalization to
unseen subjects remains challenging in practice, motivating
cross-subject transfer learning [30], [31] and feature-fusion
strategies explicitly targeting cross-subject robustness [28],
[29].

(3) Hybrid approaches [32], [33] begin to combine
frequency-locked scores with learned representations, yet it
remains underexplored how to (i) balance spectral, temporal,
and spatial evidence on a per-trial basis and (ii) integrate
complementary entrainment priors while preserving inter-
pretability. These gaps motivate our SSVEP-freeTUNE, which
jointly emphasizes sample-wise multi-domain balancing, ex-



plicit entrainment priors, and modular decision-level bridging
to improve zero-shot, calibration-free robustness, particularly
under short windows.

III. METHODOLOGY

A. Overview

The proposed SSVEP-freeTUNE framework (Fig. 1) com-
prises two parallel streams that are fused at the decision
level. The adaptive multi-domain stream encodes an EEG
segment X ∈ RB×C×T into spectral, temporal, and spatial
token sequences via domain-specific embedding and positional
encoding, followed by masked self-attention. A sample-wise
domain gate then outputs weights (λspec, λtemp, λspati) to
adaptively fuse the three domains into a unified representation
and produce deep classification scores. In parallel, the dual-
template stream instantiates neural entrainment priors by
computing frequency-locked correlation scores between EEG
signals and two complementary references (sine-cosine and
median-averaged templates) under a filter-bank CCA scheme.
Finally, the gated deep representation and the template-based
correlation scores are jointly integrated through a lightweight
fusion rule and an MLP head, yielding robust zero-calibration
SSVEP decoding across subjects.

B. Multi-domain representations

The adaptive multi-domain module models EEG signals in
spectral, temporal, and spatial latent spaces, each producing a
token sequence for downstream fusion.
Spectral space. Each EEG segment is transformed from
the time domain into the spectral domain via Fast Fourier
Transform (FFT). To achieve high spectral resolution, the FFT
length is set as NFFT = fs/∆f , where fs is the sampling
rate and ∆f = 0.2 Hz. Zero-padding is applied if necessary,
and the normalized complex spectral spectrum is computed.
The amplitude spectrum within [fmin, fmax] = [8, 64] Hz is
extracted as:

Mag =
√

Re(Xf )2 + Im(Xf )2 ∈ RB×C×T ′
(1)

where T ′ = (fmax − fmin)/∆f denotes the number of
frequency bins.
Temporal space. EEG segments are directly modeled as
one-dimensional time series, preserving waveform structure
without information loss from frequency transformation.
Spatial space. A Multi-Scale Spatial CNN with four paral-
lel branches captures topological dependencies across EEG
channels. For each branch j with kernel size 1 × kj (kj ∈
15, 25, 45, 50), we compute

Hj = σ(Conv1×kj
(X)), j = 1, 2, 3, 4 (2)

where σ(·) denotes the activation function. Branch outputs
are concatenated along the temporal dimension as H =
Concat(H1, H2, H3, H4). Subsequently, a batch normaliza-
tion layer and a C × 1 convolution are applied to cap-
ture global spatial dependencies across channels, yielding
ConvC×1(BN(H)).

Embedding and self-attention. Spectral, temporal, and spatial
features are each passed through domain-specific embedding
layers, consisting of a 1D convolution followed by normal-
ization, activation, and dropout. To retain sequential structure,
sinusoidal positional encodings are added. The enriched rep-
resentations are then processed by independent self-attention
modules to learn domain-specific tokens. For a domain input
X ∈ RN×T , queries, keys, and values are computed as:
Q = X⊤WQ, K = X⊤WK , and V = X⊤WV , where
WQ,WK ∈ RN×dk and WV ∈ RN×dv .
Row-mean masked self-attention. Given the attention logits
Score = QK⊤/

√
dk, we compute a row-wise threshold µi as

the mean of the i-th row of Score. This yields a query-adaptive
sparsification rule: for each query i, only keys with Scorei,j ≥
µi are retained, while the remaining entries are suppressed by
adding −∞ before Softmax. Formally, we define an additive
mask:

Maski,j =

{
0, if Scorei,j ≥ µi

−∞, if Scorei,j < µi

(3)

and compute

MaskAttn(Q,K, V ) = Softmax
(
QK⊤
√
dk

+ Mask
)
V (4)

This row-wise mean-based masking encourages selective at-
tention and reduces spurious low-confidence interactions in
noisy EEG token sequences. After these operations, the three
branches yield token sequences denoted as Xspectral, Xtemporal,
and Xspatial.

C. Sample-wise domain-gated fusion

To account for trial-level reliability shifts across domains
under inter-subject variability, we introduce a sample-wise
domain gate to adaptively fuse spectral, temporal, and spatial
evidence. We first concatenate the three token sequences and
apply mean pooling to form a global sample-level represen-
tation. This representation is fed into a gating network(MLP)
that outputs three weights λspec, λtemp, and λspati, subject
to λspec + λtemp + λspati = 1. A Softmax normalizes these
weights to achieve adaptive balance across domains. The fused
representation is computed as:

Xfused = λspec ·Xspectral+λtemp ·Xtemporal+λspati ·Xspatial (5)

Finally, Xfused is passed through an MLP to produce deep
classification scores Sfused.

D. Dual-template neural entrainment priors

Neural entrainment priors are modeled through a dual-
template strategy combined with FBCCA. FBCCA decom-
poses EEG into multiple sub-bands and performs canon-
ical correlation analysis with reference templates in each
sub-band, yielding correlation coefficients that are integrated
through weighted fusion. Across sub-bands, FBCCA correla-
tion coefficients are aggregated by a weighted fusion rule to
form frequency-locked evidence. The dual-template includes
sine–cosine templates, which enforce harmonic frequency



TABLE I
CLASSIFICATION ACCURACY (%) ON BENCHMARK UNDER THE LOSO PROTOCOL WITH SIGNAL LENGTHS FROM 0.5 S TO 1.0 S.

VALUES ARE MEAN±STD ACROSS TEST SUBJECTS. ASTERISKS INDICATE STATISTICAL SIGNIFICANCE OF OUR METHOD OVER THE BASELINES USING
PAIRED t-TESTS WITH FDR CORRECTION (*p < 0.05, **p < 0.01, ***p < 0.001).

Method 0.5 0.6 0.7 0.8 0.9 1.0

FBCCA 19.36±1.60*** 28.13±2.29*** 37.93±2.95*** 46.71±3.24*** 55.01±3.41*** 62.42±3.48***
TFF-Former 36.45±6.33*** 39.43±5.92*** 42.65±5.56*** 57.76±6.31*** 60.68±7.66*** 69.94±7.72***
SSVEP-BiMA 39.39±3.22** 47.89±3.63*** 67.43±3.70** 73.12±3.59*** 76.30±3.63*** 79.36±3.43**
SSVEPformer 50.29±8.64** 58.92±8.15** 67.85±8.77** 74.46±10.13** 79.37±10.27** 81.88±12.53**
CCA-Net 54.27±3.48* 62.52±3.59** 71.33±3.31* 76.99±3.22** 80.70±3.02* 84.02±2.88*
Ours 57.86±3.29 67.86±3.42 75.67±3.30 81.11±3.22 83.75±2.94 86.42±2.81

constraints, and median-averaged templates, which are more
robust to noise and outliers than the conventional mean,
providing a stable subject-specific representation. This strategy
preserves universal frequency priors while enhancing cross-
subject consistency, thereby enabling reliable calibration-free
decoding. In SSVEP-freeTUNE, we instantiate dual-template
entrainment priors: sine-cosine references enforce explicit har-
monic constraints, while median-averaged templates provide a
robust cross-subject response morphology that is less sensitive
to noise and outliers than mean templates. Together, they
preserve universal frequency priors while improving cross-
subject consistency under calibration-free decoding.
Filter bank. We design 10 sub-band filters covering 6–90 Hz,
with passband starts at [6, 14, 22, 30, 38, 46, 54, 62, 70, 78] Hz
and a unified cutoff at 90 Hz; the corresponding stopband starts
are [4, 10, 16, 24, 32, 40, 48, 56, 64, 72] Hz.
Sine–cosine templates. For each stimulus frequency fk, tem-
plates constructed from the first Nh harmonics are:

Yfk =


sin(2πfkt+ ϕk)
cos(2πfkt+ ϕk)

...
sin(2πNhfkt+Nhϕk)
cos(2πNhfkt+Nhϕk)

 , t =
[

1
fs
, 2
fs
, . . . , Ns

fs

]
(6)

where fs is the sampling rate, Ns is the number of sampling
points, and ϕk denotes the phase of the k-th stimulus.

TABLE II
DATASET SUMMARY OF BENCHMARK AND BETA.

Attribute Benchmark BETA

# Subjects 35 70
# Channels 64 64

Task 40-target
virtual keyboard

40-target
virtual keyboard

Stimulus frequencies 8–15.8 Hz (0.2 Hz step) 8–15.8 Hz (0.2 Hz step)
Phase shift 0.5π 0.5π
Blocks / subject 6 (40 trials / block) 4

Trial length 5 s 2 s (15 subj.)
3 s (55 subj.)

Mean latency 140 ms 130 ms

Recording setting Controlled lab
(higher SNR)

Naturalistic
(lower SNR)

Median-averaged templates. To obtain a robust morphology
template for each fk, we compute the median using only the
training subjects and their corresponding blocks in each leave-
one-subject-out (LOSO) fold, thereby excluding any data from
the held-out test subject:

Ỹfk(c, t) = median {Xs,k,b(c, t)} (7)

where Xs,k,b(c, t) is the EEG signal at channel c and time t
from subject s, frequency fk, and block b. Each channel is
standardized to mitigate inter-subject scale differences:

Ỹfk(c, :)←
Ỹfk(c, :)− µc

σc
(8)

where µc and σc are the mean and standard deviation of
channel c, respectively.

Applying FBCCA with sine–cosine and median-averaged
templates yields two correlation scores, rsin–cos and rmed-ave.

E. Modular decision-level bridging

We bridge model-driven priors and data-driven represen-
tations at the decision level to preserve interpretability while
improving robustness. Specifically, we min–max normalize the
two template-based scores and the deep classifier output, yield-
ing r̂sin–cos, r̂med-ave, and Ŝfused. The two template-based scores
are assigned equal weights because they play the same role
as complementary prior terms, while this simple formulation
avoids introducing additional weighting hyperparameters. The
final fused score is computed as:

Sfinal =
1
2

(
r̂sin–cos + r̂med-ave

)
+ Ŝfused (9)

The predicted class is then obtained by argmaxSfinal.
Unlike feature-level mixing, decision-level fusion keeps cor-

relation scores as explicit frequency-locked evidence, making
the contribution of priors transparent under calibration-free
evaluation.

IV. EXPERIMENTS AND RESULTS

A. Experimental setup

Datasets. We evaluate SSVEP-freeTUNE on two public
SSVEP benchmarks, Benchmark and BETA, both collected
under the Joint Frequency and Phase Modulation paradigm



TABLE III
CLASSIFICATION ACCURACY (%) ON BETA UNDER THE LOSO PROTOCOL WITH SIGNAL LENGTHS FROM 0.5 S TO 1.0 S.

VALUES ARE MEAN±STD ACROSS TEST SUBJECTS. ASTERISKS INDICATE STATISTICAL SIGNIFICANCE OF OUR METHOD OVER THE BASELINES USING
PAIRED t-TESTS WITH FDR CORRECTION (*p < 0.05, **p < 0.01, ***p < 0.001).

Method 0.5 0.6 0.7 0.8 0.9 1.0

FBCCA 21.29±1.28*** 29.15±1.63*** 36.96±2.01*** 44.04±2.24*** 49.83±2.34*** 55.92±2.45***
TFF-Former 34.43±4.71*** 37.67±5.52*** 40.48±4.48*** 49.13±6.13*** 50.64±6.32*** 56.74±6.51***
SSVEP-BiMA 38.57±2.19*** 44.77±2.47*** 56.35±2.58*** 60.32±2.60*** 63.61±2.59** 66.99±2.55***
SSVEPformer 51.56±6.52* 57.71±7.03* 63.84±7.10* 67.67±7.43* 71.83±8.96* 74.87±10.25*
CCA-Net 48.89±2.32** 55.76±2.41* 61.22±2.44** 65.33±2.37* 68.51±2.35* 72.01±2.20*
Ours 52.47±2.41 58.36±2.55 64.36±2.40 68.30±2.35 72.21±2.25 75.69±2.12

Fig. 2. ITR (bits/min) as a function of signal length (0.5–1.0 s) on (a) Benchmark and (b) BETA under the LOSO protocol. Error bars denote the standard
deviation across test subjects. Asterisks indicate statistical significance of our method over the strongest baseline (SSVEPformer) using paired t-tests with
FDR correction (*p < 0.05, **p < 0.01, ***p < 0.001).

to improve target separability and robustness. For a consistent
and widely used posterior montage, we report results using
nine occipital-parietal channels (Pz, PO3, PO5, PO4, PO6,
POz, O1, Oz, and O2), which are known to capture the
strongest SSVEP responses. Key dataset statistics are sum-
marized in Table II.
Training and evaluation protocol. To assess calibration-free
cross-subject generalization, we adopt a leave-one-subject-out
(LOSO) protocol: each fold holds out one subject for testing
and uses the remaining subjects for training, and results are
averaged across folds. We further evaluate multiple signal
lengths (0.5 s–1.0 s) to characterize robustness under short-
window decoding.
Optimization details. All deep models are trained with cross-
entropy loss using AdamW, with a cosine-annealed learning
rate from 1×10−3 to 1×10−5 and dropout set to 0.5. Unless
otherwise specified, training runs for 8 epochs on a single
NVIDIA RTX 3090 GPU.

B. Experimental results

Baselines and metrics. We compare against representa-
tive correlation-based, deep, and hybrid baselines, includ-

ing FBCCA, SSVEPformer, TFF-Former, SSVEP-BiMA, and
CCA-Net. We report both accuracy and ITR (bits/min) [34] to
characterize recognition quality and practical communication
efficiency, respectively. ITR jointly accounts for the number
of targets, the decision accuracy, and the time required per se-
lection, and is therefore more indicative of real-time usability
than accuracy alone. Following [34], ITR is computed as:

ITR =

(
log2 M+P log2 P+(1−P ) log2

1− P

M − 1

)
·60
T

(10)

where M is the number of targets, P is the classification
accuracy, and T (in seconds) is the time required to complete
one selection, including gaze and shift time. All results below
are reported under the LOSO protocol.
Comparative results under calibration-free LOSO. Tables I
and III report the classification accuracy on the Benchmark
and BETA datasets under signal lengths from 0.5 s to 1.0 s.
Fig. 2 summarizes the corresponding ITR results under the
same settings. As expected, longer windows generally improve
all methods by providing richer SSVEP evidence. Across
all window lengths and on both datasets, SSVEP-freeTUNE
achieves the best accuracy and ITR, demonstrating consistent



calibration-free robustness. The advantage is most pronounced
in short windows (0.5–0.7 s), where limited temporal evidence
and low SNR make cross-subject decoding particularly chal-
lenging.
Statistical significance. We assess significance using paired
t-tests with false discovery rate (FDR) correction. (*p < 0.05,
**p < 0.01, ***p < 0.001). As shown by the asterisks in Ta-
bles I, III, and Fig. 2, our method significantly outperforms the
strongest baseline (SSVEPformer) across most window lengths
on both datasets (*p < 0.05, **p < 0.01, ***p < 0.001),
confirming that the observed gains are reliable.

TABLE IV
COMPONENT-WISE ABLATION (ACCURACY, %) ON BENCHMARK UNDER

LOSO WITH A 1.0 S WINDOW, EVALUATING MULTI-DOMAIN
REPRESENTATIONS (SPEC/TEMP/SPA), SAMPLE-WISE GATING (AGM),

AND DUAL-TEMPLATE PRIORS (S-CT, M-AT).

SPEC TEMP SPA AGM S-CT M-AT Acc

✗ ✓ ✓ ✓ ✓ ✓ 80.83±3.25
✓ ✗ ✓ ✓ ✓ ✓ 83.84±3.12
✓ ✓ ✗ ✓ ✓ ✓ 81.74±3.14
✓ ✓ ✓ ✗ ✓ ✓ 82.48±3.20
✓ ✓ ✓ ✓ ✗ ✓ 84.14±3.27
✓ ✓ ✓ ✓ ✓ ✗ 84.16±3.24
✓ ✓ ✓ ✓ ✗ ✗ 73.49±3.94
✓ ✓ ✓ ✓ ✓ ✓ 86.42±2.81

Mapping results to our contributions. (1) The gains un-
der short windows support sample-wise multi-domain gat-
ing (Contribution 1), suggesting that re-weighting of spec-
tral/temporal/spatial evidence improves robustness under inter-
subject shift. (2) The consistent advantage over correlation-
only baselines and purely data-driven models highlights the
value of dual-template entrainment priors (Contribution 2),
which provide physiologically grounded anchors under LOSO,
especially on the lower-SNR BETA dataset. (3) The concurrent
improvements in accuracy and ITR validate modular decision-
level bridging (Contribution 3), indicating that combining
frequency-locked correlation scores with learned multi-domain
features is more effective than relying on either alone.
Ablation study. We further verify the role of each proposed
component on the Benchmark dataset with a 1.0 s window
(Table IV). Removing any of the three domain branches
(SPEC/TEMP/SPA) degrades performance, with the largest
drops observed when removing spectral or spatial represen-
tations, indicating that frequency-selective cues and explicit
topological evidence are particularly discriminative for SSVEP
decoding. Importantly, disabling the adaptive gating mecha-
nism (AGM) leads to a clear accuracy decrease, directly val-
idating Contribution 1 that sample-wise domain re-weighting
is critical beyond simply extracting multi-domain features.
In addition, removing either sine–cosine templates (S-CT) or
median-averaged templates (M-AT) consistently hurts perfor-
mance, while removing both priors causes the most severe
degradation (73.49±3.94%), which supports Contribution 2
that the two templates offer complementary entrainment cues
(explicit harmonic constraints vs. robust morphology). Finally,

the best result is achieved only when the full model integrates
the gated deep score with both template-based correlation
scores, evidencing Contribution 3 that decision-level bridging
is necessary to realize the complementarity between priors and
learned representations.

V. CONCLUSION

We presented SSVEP-freeTUNE, a calibration-free SSVEP
decoding framework designed for robust cross-subject de-
ployment under inter-subject variability. SSVEP-freeTUNE
couples three complementary ingredients: (i) a sample-wise
multi-domain gate that adaptively fuses spectral, temporal,
and spatial representations to handle trial-level reliability
shifts, (ii) dual-template neural entrainment priors that pro-
vide explicit frequency-locked evidence through harmonic-
constrained sine–cosine references and robust morphology
templates, and (iii) a modular decision-level bridging strategy
that integrates template-based correlation scores with learned
deep scores while preserving interpretability. Extensive LOSO
evaluations on the Benchmark and BETA datasets show that
SSVEP-freeTUNE consistently achieves state-of-the-art per-
formance in both accuracy and ITR, with particularly strong
gains under short time windows and in the lower-SNR BETA
setting. Ablation results further verify that each component
contributes meaningfully and that combining learned multi-
domain features with physiologically grounded priors is crit-
ical for reliable calibration-free decoding. Future work will
explore extending the framework to broader stimulus condi-
tions and more diverse recording setups, as well as lightweight
personalization that maintains the zero-calibration objective.
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