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ABSTRACT: Brain-computer interfaces (BCI) based on
code-modulated visual evoked potential (c-VEP) provide
fast and robust control, but most high-performance sys-
tems still require user-specific calibration before use.
This work evaluates a zero-calibration decoding strategy
for a 16-command c-VEP speller encoded with binary
m-sequences, aiming to reduce preparation time while
preserving the possibility of online subject personaliza-
tion. The proposed model is based on the original EEG-
Inception implementation, with task-specific adaptations.
We also developed a novel adaptive strategy that simu-
lates online operation, in which high-confidence predic-
tions are converted into pseudo-labels to enable conserva-
tive unsupervised adaptation of the batch-normalization
layers and the classification head. We evaluated the per-
formance of our approach on 15 subjects using a leave-
one-subject-out protocol. Results showed that the zero-
calibration approach withour adaptation achieved a mean
command accuracy of 84.79% after 10 stimulation cycles
(5.25s). When two outlier subjects were excluded, this
value increased to 95.91%. The adaptive strategy further
improved performance, particularly during the early stim-
ulation cycles, with a mean improvement of 5.5%. These
findings support the feasibility of subject-independent c-
VEP decoding using deep learning and suggest that con-
servative test-time adaptation can improve robustness in
practical plug-and-play spelling scenarios.

INTRODUCTION

Brain—computer interfaces (BCIs) based on code-
modulated visual evoked potentials (c-VEP) are among
the most accurate and fastest non-invasive paradigms
for communication and control [1]. In these systems,
each command is encoded by a pseudo-random vi-
sual sequence, and the attended target is inferred from
the corresponding electroencephalographic (EEG) re-
sponse. In comparison with more classical evoked-
potential paradigms, c-VEPs provide a favorable com-
promise between number of commands, decoding speed,
and robustness, which has enabled spelling applications
with very high information transfer rates and reliable op-
eration in both healthy and motor-impaired users [2-5].
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However, despite these advances, most high-performance
c-VEP systems still depend on subject-specific calibra-
tion sessions to estimate user-adapted templates or train
subject-dependent decoders [1, 6].

This calibration requirement remains one of the main bar-
riers to the practical deployment of c-VEP-based BCls.
From a translational perspective, the need to record la-
beled data before each use increases setup time, reduces
usability, and limits the development of plug-and-play
systems. Moreover, calibration is especially problem-
atic in applications where rapid access, repeated sessions,
or user fatigue are relevant concerns. Consequently, re-
ducing the amount of subject-specific data required by
c-VEP decoders has become an important research ob-
jective in recent years [6-9]. Existing strategies include
transfer learning across subjects, multi-session training,
semi-supervised updates, and fully unsupervised cali-
bration procedures [6, 10-12]. Although these studies
have shown that calibration can be substantially reduced,
achieving robust subject-independent performance in un-
seen users remains challenging because of the marked
inter-subject variability of VEP responses.

In parallel with these advances, alternative decoding
frameworks have expanded the methodological landscape
of c-VEP BCIs. Besides classical template matching,
event-wise response modeling approaches have shown
that the stimulation pattern can be reconstructed directly
from short EEG epochs and later recombined to re-
cover the attended command [13]. This bit-wise re-
construction (BWR) approach decouples event classifi-
cation from the commands codebook, facilitating trans-
fer across stimulation schemes, and naturally lending it-
self to modern deep-learning architectures. For instance,
our previous work showed that EEG-Inception can ac-
curately reconstruct binary and non-binary stimulation
events from EEG under subject-specific calibration, of-
fering a competitive alternative to conventional c-VEP
decoding pipelines [14]. In principle, this framework is
also well suited to zero-calibration scenarios, as models
can be trained across subjects and transferred directly to
unseen users. However, studies exploring this possibil-
ity are still scarce, and the performance reported so far
remains well below that obtained with calibration [15].
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The goal of this study is twofold: (1) To evaluate the op-
erational feasibility of a zero-calibration c-VEP speller
driven by a cross-subject deep-learning mode; and (2) To
design, develop, and validate a novel adaptive strategy ca-
pable of enhancing decoding performance in real-time by
progressively integrating new online data through an un-
supervised mechanism. To this end, we combine a leave-
one-subject-out (LOSO) training strategy with conserva-
tive unsupervised test-time adaptation driven by high-
confidence pseudo-labels, enabling the model to be ap-
plied directly to unseen users and updated online without
supervised calibration. Beyond overall spelling perfor-
mance, the study also examines inter-subject variability
and the influence of outlier users, with the aim of better
characterizing the practical limitations of zero-calibration
c-VEP decoding.

MATERIALS AND METHODS

Dataset and experimental setting:

The experiments were conducted using the open-source
non-binary c-VEP database presented by Martinez-
Cagigal et al. [16]. This dataset includes several stimula-
tion conditions based on p-ary maximal-length sequences
and a 4 x 4 speller with 16 commands (letters A—P). In
this work, only the binary condition was considered, cor-
responding to the black—white stimulation setting. Al-
though the original database included 16 healthy par-
ticipants (28.8 4 5.0 years), the analyses reported here
were conducted on 15 subjects, as one participant was ex-
cluded due to the use of a different sampling rate during
the experiments. Each subject completed 30 calibration
trials of 10 stimulation cycles each with an m-sequence
of 63 bits and a monitor refresh rate of 120 Hz. The on-
line spelling phase comprised 32 trials per subject, with
10 stimulation cycles per trial. Specifically, participants
were tasked with selecting each of the 16 commands in
alphabetical order across two full iterations [16]. EEG
was recorded from 16 electrodes placed according to the
international 10-10 system: F3, Fz, F4, C3, Cz, C4, CPz,
P3, Pz, P4, PO7, POz, POS, Oz, I1, and 12. The ground
electrode was located at AFz and the reference at the
earlobe. All experiments were performed with the open
source "P-ary c-VEP Speller" application of MEDUSA
[17]. More information about the experimental protocol
can be found in [18].
Preprocessing and feature extraction:

The preprocessing parameters are described in our pre-
vious work [14]. EEG signals were filtered using a 7th-
order Butterworth band-pass filter between 1 and 60 Hz
and a 7th-order notch filter between 49 and 51 Hz. Sig-
nal epochs were extracted from O to 500 ms after each
stimulation event and resampled to 200 Hz, yielding 100
temporal samples per observation. Feature extraction fol-
lowed a bit-wise reconstruction approach, where each
stimulation event was segmented into an EEG epoch and
labeled according to its corresponding binary stimulation
value. Consequently, each stimulation cycle yielded 63
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epochs. In total, the calibration and test datasets con-
tained 18,900 (63x10x30) and 20,160 (63x10x32) ob-
servations per subject, respectively. The pipeline used z-
normalization within the analysis window and generated
event-wise samples that were later recombined at decod-
ing time to recover the attended command.

Deep learning model:

The classifier was a modified EEG-Inception architecture
specifically adapted for bit-wise c-VEP decoding [19].
The backbone started with a temporal inception block
composed of three parallel convolutional branches with
kernel sizes of 50, 25, and 15 samples, respectively, each
containing 12 filters to capture temporal patterns at differ-
ent scales. This stage was followed by a depthwise spa-
tial filtering block with a multiplier of 2, which learned
channel combinations while collapsing the spatial dimen-
sion. A second temporal stage then applied a dilated in-
ception block with four parallel branches, all using ker-
nel size 5 but with dilation rates of 1, 5, 10, and 15, re-
spectively, again with 12 filters per branch. The resulting
feature maps were progressively compressed by the out-
put block, and finally mapped to the binary classification
head. Batch normalization was applied after every con-
volutional layer throughout the network to stabilize inter-
nal activations and accelerate convergence. The network
used exponential linear unit (ELU) activations and stan-
dard dropout with rate 0.2. Overall, this design preserves
the main rationale of EEG-Inception [19] (i.e., multi-
scale temporal feature extraction, efficient spatial filter-
ing, and progressive feature compression) while adapting
it to the subject-independent, event-wise decoding prob-
lem considered here.

Zero-calibration approach:

The proposed framework follows a strictly subject-
independent training strategy based on leave-one-subject-
out (LOSO) cross-validation. For each fold, one partici-
pant was held out for testing and the model was trained
exclusively with the preprocessed calibration data from
the remaining subjects (i.e., 30 trials/subject). Therefore,
no labeled EEG data from the test user were available
during model training. Consequently, the evaluated sys-
tem simulates a zero-calibration approach from the user
perspective, since decoding starts without any supervised
subject-specific adjustment. The training stage for each
LOSO fold used a learning rate of 0.01, batch size of 256,
validation split of 0.1, early stopping with patience of 5
epochs, and a maximum of 100 epochs.

During testing, the network estimated the binary label of
each stimulation event independently [14]. These event-
wise predictions were then recombined to reconstruct the
stimulation sequence associated with each trial. Com-
mand decoding was finally performed by comparing the
reconstructed sequence with the 16 binary m-sequences
assigned to the speller commands and selecting the com-
mand with maximum Pearson correlation. This proce-
dure produced a command estimate after each stimula-
tion cycle, thus allowing performance to be analyzed as a
function of stimulation duration.
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Unsupervised online adaptation:

In addition to the zero-calibration baseline, we imple-
mented an unsupervised adaptive strategy that simulates
progressive online personalization. Starting from the
cross-subject model, adaptation was applied trial by trial
in causal order. After each prediction, the confidence
margin, defined as the difference between the highest
and second-highest command-correlation scores at the
last available stimulation cycle, was computed. When
this margin exceeded a threshold of 0.1, the trial was
deemed reliable and used to update the model via pseudo-
labeling: the predicted command was mapped back to its
event-wise binary sequence, and the corresponding EEG
epochs were added to an adaptation buffer.

Model updating was deliberately conservative. Only the
batch-normalization layers and the classification head
were fine-tuned, while the convolutional backbone re-
mained frozen, thereby mitigating overfitting and catas-
trophic forgetting while allowing the model to recalibrate
its feature normalization and decision boundaries to the
new user. Adaptation used a learning rate of 0.001, batch
size of 256, validation split of 0.2, early stopping with pa-
tience of 3 epochs, minimum improvement of 0.001, and
a maximum of 10 epochs per update

RESULTS

We compared our zero-calibration approach with and
without adaptation. Performance was assessed in terms
of command accuracy as a function of stimulation cycle,
which provides a direct measure of the speller’s speed—
accuracy trade-off.
Table 1 summarizes the results obtained with the subject-
independent model without adaptation. Mean accu-
racy increased progressively from 52.71% at cycle 1 to
84.79% at cycle 10. However, performance was strongly
affected by two outlier subjects (S10 and S11), whose ac-
curacies remained close to chance level across the whole
session. When these subjects were excluded, mean accu-
racy increased from 59.38% at cycle 1 to 95.91% at cycle
10, with a clear reduction in inter-subject variability.
Table 2 shows the results obtained with the unsupervised
adaptive strategy. In this case, mean accuracy improved
from 63.12% at cycle 1 to 87.50% at cycle 10 across all
subjects. After excluding the two outliers, performance
increased from 72.36% to 98.08%. Overall, the adaptive
approach yielded consistently higher accuracies than the
non-adaptive baseline across all stimulation cycles.
The magnitude of this improvement is displayed in Fig-
ure 1. Across all subjects, the adaptive strategy provided
a mean gain of 10.42% at cycle 1, with the benefit grad-
ually decreasing as more stimulation cycles were accu-
mulated, reaching 2.71% at cycle 10. On average, the
adaptive strategy improved accuracy by 5.50% across all
cycles.

Analysis of outlier subjects:
Given the marked inter-subject variability observed in our
experiments, a complementary analysis was conducted to
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better characterize the two outlier subjects (S10 and S11).
Interestingly, these subjects did not show atypical perfor-
mance in our previous within-subject frameworks, where
their accuracies fell within the normal range [14, 20]. In
contrast, in the present cross-subject setting they exhib-
ited substantially lower accuracies than the rest of the
cohort under both the baseline and adaptive conditions,
remaining close to chance level even after 10 stimula-
tion cycles. Their inclusion therefore had a pronounced
effect on the overall mean performance and variability
estimates, warranting a more detailed inspection of their
electrophysiological patterns.

As shown in Tables 1 and 2, the baseline model reached
only 18.75% and 6.25% accuracy at cycle 10 for S10 and
S11, respectively. With adaptation, S10 improved mod-
estly to 31.25%, whereas S11 remained at 6.25%. This
indicates that the adaptive strategy was not sufficient to
recover normal performance in these cases, although it
provided a limited benefit for one of the two subjects.

To further explore this finding, Fig. 2 compares the aver-
age evoked-response template at POZ and the spatial dis-
tribution of template root mean square (RMS) between
outlier and non-outlier subjects. The non-outlier group
show clearer evoked-response morphology and a more
marked posterior RMS maximum over occipital elec-
trodes, whereas the outlier group tends to exhibit lower
amplitudes and less distinctive spatial pattern. Although
these observations should be interpreted with caution,
they are compatible with the possibility that the outlier
subjects presented less typical c-VEP responses and elec-
trophysiological profiles, which may have limited the ef-
fectiveness of cross-subject transfer.

DISCUSSION

This study evaluated a zero-calibration binary c-VEP de-
coding framework based on subject-independent deep
learning and assessed whether a novel unsupervised on-
line adaptation strategy could improve performance dur-
ing use. Overall, the approach was feasible for most
subjects, with the baseline model reaching a mean accu-
racy of 84.79% after 10 stimulation cycles and the adap-
tive strategy increasing this value to 87.50%. When the
two outlier subjects were excluded, performance reached
95.91% and 98.08%, respectively. The main benefit of
adaptation was observed during the early stimulation cy-
cles, with mean gains of 10.42% and 8.12% at cycles 1
and 2, indicating that its primary effect was to acceler-
ate convergence toward a correct decision rather than to
substantially improve final performance. Taken together,
these results suggest that our decoding strategy may pro-
vide a useful basis for calibration-free c-VEP spelling,
while also highlighting the presence of inter-subject vari-
ability and the influence of a small number of difficult
cases.

A useful reference for contextualizing these results is our
previous within-subject study on the same database [14].
In that calibrated setting, the binary condition achieved
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Table 1: Accuracy per cycle (%) — Zero-Calibration (no adaptation)

10.3217/978-3-99161-093-9-072

Cycle 1 2 3 4 5 6 7 8 9 10
Stim. dur. (s) 0.53 1.05 1.58 2.10 2.62 3.15 3.68 4.20 4.73 5.25
SO 46.88 62.50 71.88 78.12 81.25 81.25 81.25 84.38 84.38 87.50
S1 56.25 75.00 81.25 87.50 96.88 96.88 100.00 100.00 100.00 100.00
S2 87.50 90.62 93.75 96.88 100.00 100.00 100.00 100.00 100.00 100.00
S3 68.75 87.50 93.75 93.75 96.88 96.88 96.88 100.00 100.00 96.88
S4 37.50 43.75 56.25 53.12 59.38 71.88 71.88 81.25 84.38 84.38
S5 62.50 81.25 81.25 84.38 90.62 90.62 93.75 93.75 100.00 100.00
S6 71.88 84.38 87.50 90.62 90.62 90.62 90.62 93.75 93.75 90.62
S7 59.38 65.62 75.00 81.25 87.50 87.50 96.88 96.88 100.00 93.75
S8 71.88 90.62 93.75 96.88 96.88 96.88 96.88 96.88 96.88 96.88
S9 62.50 81.25 93.75 100.00 100.00 100.00 100.00 100.00 100.00 100.00
s107 12.50 12.50 12.50 18.75 18.75 15.62 12.50 15.62 18.75 18.75
s11t 6.25 9.38 9.38 6.25 9.38 12.50 6.25 9.38 6.25 6.25
S12 71.88 90.62 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
S13 28.12 40.62 53.12 59.38 65.62 65.62 71.88 75.00 87.50 96.88
S14 46.88 56.25 78.12 84.38 87.50 93.75 96.88 96.88 100.00 100.00
Mean (all) 52.71 64.79 72.08 75.42 78.75 80.00 81.04 82.92 84.79 84.79
Std (all) 23.14 27.33 28.28 29.02 28.96 28.66 30.65 29.62 30.02 29.85
Mean (w/o outliers) 59.38 73.08 81.49 85.10 88.70 90.14 92.07 93.75 95.91 95.91
Std (w/o outliers) 16.19 17.70 14.63 14.67 13.04 11.04 10.33 8.27 6.30 5.32

Qutlier subjects (S10, S11).

Table 2: Accuracy per cycle (%) — Zero-Calibration with adaptive strategy
Cycle 1 2 3 4 5 6 7 8 9 10
Stim. dur. (s) 0.53 1.05 1.58 2.10 2.62 3.15 3.68 4.20 4.73 5.25
SO 65.62 87.50 87.50 90.62 96.88 93.75 96.88 96.88 96.88 96.88
S1 71.88 87.50 87.50 90.62 96.88 100.00 100.00 100.00 100.00 100.00
S2 96.88 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
S3 87.50 93.75 96.88 100.00 100.00 100.00 100.00 100.00 100.00 100.00
S4 40.62 46.88 68.75 81.25 78.12 81.25 87.50 93.75 96.88 96.88
S5 78.12 87.50 90.62 93.75 96.88 96.88 96.88 96.88 100.00 100.00
S6 87.50 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
S7 75.00 81.25 90.62 90.62 93.75 96.88 96.88 96.88 100.00 100.00
S8 93.75 96.88 96.88 96.88 96.88 96.88 96.88 96.88 96.88 96.88
S9 71.88 84.38 87.50 100.00 100.00 100.00 100.00 96.88 100.00 100.00
S10" 3.12 6.25 18.75 15.62 12.50 12.50 25.00 28.12 25.00 31.25
sitf 3.12 3.12 15.62 9.38 9.38 6.25 12.50 9.38 6.25 6.25
S12 84.38 96.88 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
S13 25.00 34.38 46.88 65.62 78.12 81.25 78.12 78.12 81.25 84.38
S14 62.50 87.50 96.88 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Mean (all) 63.12 72.92 78.96 82.29 83.96 84.38 86.04 86.25 86.88 87.50
Std (all) 30.94 33.36 28.73 29.85 30.52 31.12 28.07 28.17 29.53 28.59
Mean (w/o outliers) 72.36 83.41 88.46 93.03 95.19 95.91 96.39 96.63 97.84 98.08
Std (w/o outliers) 20.60 20.07 15.12 10.06 7.82 6.80 6.49 591 5.16 4.33

Qutlier subjects (S10, S11).

99.8% accuracy after 10 cycles, whereas the adap-
tive zero-calibration framework evaluated here reached
87.50%, increasing to 98.08% when the two outlier sub-
jects were excluded. Thus, although the adaptive subject-
independent approach did not reach the performance of
the calibrated within-subject framework in the full co-
hort, it approached that reference level for most subjects
while eliminating the calibration phase.

Two subjects showed markedly lower accuracies than the
rest of the cohort despite not being atypical in our pre-
vious within-subject framework [14, 20], suggesting re-
duced cross-subject transfer in these cases. Although
their descriptive characterization was inconclusive, some
features pointed to a potentially different neurophysio-
logical profile and less reliable c-VEP response. The lim-
ited effect of adaptation in these subjects is also consis-
tent with the fact that this strategy depends on sufficiently
reliable initial predictions. Overall, these results suggest
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that conservative unsupervised adaptation may be useful
as a refinement mechanism, but not always sufficient to
compensate for poor initial transfer.

Relative to the state of the art, the present work con-
tributes to the ongoing effort to reduce calibration re-
quirements in c-VEP BCIs. Previous studies, particu-
larly by Thielen et al. [12], have shown that calibration-
free or zero-training c-VEP decoding is feasible using
reconvolution and canonical correlation analysis (CCA)
formulations. Other studies have also reported adaptive
or training-reduction strategies in c-VEP systems, high-
lighting both the potential and the difficulty of maintain-
ing robust performance when subject-specific calibration
is limited [7, 10]. Although direct comparisons across
studies are difficult due to differences in datasets and de-
coding approaches, the present work presents, to the best
of our knowledge, the first unified framework combin-
ing subject-independent deep-learning-based c-VEP de-
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Accuracy improvement per subject and cycle (adaptive — baseline, %)
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Figure 1: Accuracy improvement per subject and stimulation cycle for the adaptive strategy relative to the zero-calibration baseline.
The upper panel shows the subject-wise difference in command accuracy (adaptive — baseline, percentage points) across stimulation
cycles, whereas the lower panel shows the corresponding mean improvement across subjects with standard deviation.

Evoked-response template and RMS topography
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Figure 2: Evoked-response template and RMS topography averaged across regular and outlier subjects. The left panel shows the c-VEP
template waveform at electrode POz for each subject (thin lines) together with the group mean (thick lines). The right panels display
the mean root mean square (RMS) scalp topography for regular and outlier subjects, with a shared colour scale.

coding with an unsupervised online adaptation strategy.

Several limitations should be considered. The subject
sample size was modest, which limits the interpretation
of the outlier analyses, and the observed inter-subject
variability may partly reflect the limited amount and di-
versity of data available for subject-independent training.
Crucially, the current approach has yet to be validated
within populations with severe motor disabilities, such as
individuals with spinal cord injury or amyotrophic lateral
sclerosis, whose neurophysiological profiles may differ

significantly from the current sample. In this regard, the
proposed processing pipeline is expected to benefit from
larger and more heterogeneous datasets, which should
improve cross-subject robustness and reduce the impact
of underrepresented response profiles. In addition, the
adaptive strategy was deliberately conservative, which fa-
vors stability but may also limit personalization in diffi-
cult cases. Future work should therefore explore more
flexible adaptation schemes.
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CONCLUSION

This paper presents the first zero-calibration deep-
learning framework for c-VEP spellers based on subject-
independent training and unsupervised online adaptation.
The proposed approach avoids supervised fine-tuning on
the test subject and achieves performance levels that, for
most users, approach those reported in conventional cali-
brated systems, thereby substantially reducing setup time
while preserving high-speed communication capabilities.
Nevertheless, a small subset of users remained challeng-
ing in the present study, highlighting the need for further
work to improve robustness and personalization for un-
derrepresented neurophysiological profiles.
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