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ABSTRACT: A brain—computer interface (BCI) typically
requires a calibration period to train a decoding model,
which is a tedious and time-consuming process. Previous
studies have shown high performance of calibration-free
decoding approaches, like adaptive reconvolution canon-
ical correlation analysis (rCCA). rCCA can operate in
an instantaneous mode, classifying trials independently
without prior information, but can be improved by cumu-
latively learning from previously classified trials. Such
cumulative strategy, however, relies on potentially un-
reliable pseudo-labels. In this study, two extensions to
unsupervised rCCA are introduced. First, confidence-
weighting ensures that model updates are driven primar-
ily by high-confidence trials. Second, a post hoc re-
analysis allows misclassifications to be corrected using
a later, more accurate model. Four rCCA variants were
evaluated on an existing code-modulated visual evoked
potential (c-VEP) dataset, showing no significant effect
of confidence-weighting, but a significant improvement
of post hoc re-analysis. These findings pave the way for
robust and fully calibration-free c-VEP BCI systems.

INTRODUCTION

Brain—computer interfaces (BCIs) based on code-
modulated visual evoked potentials (c-VEPs) are among
the fastest non-invasive systems using electroencephalog-
raphy (EEG) [1]. In contrast to BCIs using the frequency-
tagging stimulus protocol, which evoke narrow-band
steady-state visual evoked potentials (SSVEPs), c-VEP
BClIs use a noise-tagging protocol that evokes broadband
neural responses [2]. This broadband nature enables high
information transfer rates and robust decoding.

Beyond advances in stimulus design aimed at improving
efficiency, usability and comfort [3, 4], substantial effort
has been devoted to improving decoding for c-VEP BCls.
A limitation of many systems is their reliance on session-
specific calibration data acquired during time-consuming
passive training sessions [1]. Such calibration require-
ments hinder immediate use and reduce the practicality
of BCls in real-world applications.

To address this challenge, several strategies have been
proposed that can work with small datasets [5]. For in-
stance, the signal-to-noise ratio can be increased through
optimized stimulation paradigms, like the noise-tagging
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stimulus protocol [1]. Or, prior knowledge can be in-
corporated into the decoding via careful regularization,
like the reconvolution approach [6]. Furthermore, un-
supervised methods may eliminate explicit calibration
altogether, commonly referred to as zero-training or
calibration-free approaches, such as unsupervised adap-
tive reconvolution [7].

Within the c-VEP domain, multiple calibration-free de-
coding methods have been explored. Relying on a circu-
larly shifted m-sequence for stimulation, Turi et al. pro-
posed estimating relative temporal lags between unclas-
sified trials combined with a language model [8]. Thielen
et al. introduced an adaptive reconvolution embedded in a
canonical correlation analysis (CCA), which decodes by
directly optimizing model fit [7]. Zheng et al. proposed
narrow-band random stimulus sequences combined with
filterbank CCA [9]. Finally, Santamaria-Vazquez et al.
as well as Behboodi et al. investigated cross-participant
transfer learning and foundation models for calibration-
free decoding, optionally with fine-tuning [10, 11].

The present study builds on the calibration-free recon-
volution CCA (rCCA) framework as proposed by Thie-
len et al. [7]. Recent work demonstrated that rCCA can
operate in two unsupervised modes: instantaneous and
cumulative [12, 13]. In the instantaneous mode, each
trial is decoded independently using only that trial’s data,
making it computationally lightweight and robust to non-
stationary data. While this mode is attractive for its sim-
plicity and adaptability, its performance can be improved
by allowing the model to learn from previously classified
trials, yielding the cumulative variant [12, 13].

In earlier benchmarks, rCCA was evaluated not only on
c-VEP data but also on a P300 event-related potential
(ERP) dataset to assess its generalization capabilities be-
yond c-VEP [12, 13]. Additionally, rtCCA was compared
to unsupervised mean-difference maximization (UMM),
a state-of-the-art method originating from the ERP do-
main [14]. Surprisingly, rCCA remained competitive
with UMM even outside its original domain [12, 13].
This finding was notable because UMM incorpo-
rates several sophisticated mechanisms, like confidence-
weighting. That is, in the cumulative mode, both rCCA
and UMM rely on pseudo-labels, meaning that previously
classified trials are used for learning, assuming that their
predicted labels are correct. UMM explicitly accounts for
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the uncertainty of pseudo-labels by applying confidence
weighting, such that trials classified with higher confi-
dence have a stronger influence on model adaptation, sub-
stantially improving its performance in a calibration-free
scenario [14]. In contrast, rCCA treats all pseudo-labeled
trials equally, but still performed on par with UMM on
both ¢-VEP [12] and ERP [13] data.

Finally, when using a cumulative adaptive classifier, it is
implicitly assumed that the model improves as more data
are incorporated. Under this assumption, early unreliable
pseudo-labels may be corrected by reanalyzing previ-
ously classified trials using a later, more accurate model.
Similar post hoc re-analysis strategies have been shown
to be beneficial in other unsupervised classification set-
tings, including approaches based on expectation maxi-
mization [15] and learning from label proportions [16].
Motivated by these observations, the present study pro-
vides a first attempt to extend vanilla tCCA with a
confidence-weighting and a post hoc re-analysis mecha-
nism. The performance of these two extensions is sys-
tematically compared against the vanilla instantaneous
and cumulative variants, with the aim to further improve
calibration-free rCCA. All methods are evaluated on one
existing open-access c-VEP dataset.

MATERIALS AND METHODS

Dataset: An open-access c-VEP dataset [17] was used

as recorded by Thielen et al. [7]. From this dataset, only
the offline part was used, in which 30 participants per-
formed a copy-spelling task. EEG was recorded from
eight electrodes positioned according to the 1010 sys-
tem (Fz, T7, T8, POz, O1, Oz, O2, 1z), using a Biosemi
ActiveTwo amplifier at a sampling rate of 512 Hz.
Participants interacted with a 4 x 5 matrix speller dis-
played on a 12.9-inch iPad Pro with 60 Hz refresh rate
and 1920 x 1080 resolution. Each key was modulated by
a unique pseudo-random binary sequence derived from
optimized modulated Gold codes [6], presented at full
contrast (white for 1, black for 0). These sequences con-
tained two flash durations (16.67 ms and 33.33 ms) and
had a cycle length of 126 bits (2.1 s per cycle at 60 Hz).
Each participant completed five runs, each containing one
trial per key in randomized order. Trials began with a 1's
green cue highlighting the target key, followed by 31.5s
of simultaneous flashing of all keys (i.e., 15 cycles), dur-
ing which participants fixated on the target key. No feed-
back was provided. In total, each participant contributed
100 trials, containing 5 repetitions per key.
The EEG data were preprocessed as follows. First, a
band-pass filter between 6-30 Hz was applied, as found
optimal in previous work [12]. Second, the data were
segmented into trials from -0.5 s to 32.0 s relative to stim-
ulus onset. Third, the epochs were downsampled to
120Hz. Finally, the initial and final 0.5s of each trial
were removed to mitigate filtering artefacts while main-
taining accurate marker alignment, resulting in 31.5 s tri-
als aligned with stimulation onset.
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Algorithm 1 Instantaneous rCCA

Require: stimulus structure matrices {M; }Y ,
1: fortrial j=1to K do
2:  for stimulusi=1to N do

3 w;,r; < argmax corr(w; X, r M;)
Wi L
4: pi < corr(w; X, 1 M;)

5. end for
6:  ¥j < argmax p;
i

7: end for

rCCA classification: The current j-th trial is repre-
sented by X; € RE*T  where C = 8 denotes the number of
EEG channels and T the number of EEG temporal sam-
ples. The objective of reconvolution canonical correla-
tion analysis (rCCA) is to identify the attended target key
¥, for trial j by maximizing the Pearson’s correlation:

$; = argmax corr(w; X;,r, M) (1)
1

Here, w; e R€is a spatial filter and r; € RZ is the evoked
response of length L samples, both associated with the i-
th stimulus. The matrix M; € RE*T is a Toeplitz represen-
tation of the stimulus sequence, encoding the onset, dura-
tion, and possible overlap of evoked responses [6]. Simi-
lar to previous work [7, 12], a 300 ms response to a short
flash, a 300 ms response to a long flash, and a 300 ms
response to the onset of stimulation at the start of a trial
were modeled at 120 Hz, such that L =3-0.3-120 = 108.
All unsupervised adaptive rCCA classifiers considered in
this work use Equation 1 for decoding. They differ only
in how the spatial filter w; and temporal response r; are
learned and updated, potentially using previously classi-
fied trials.

Instantaneous rCCA: The instantaneous rCCA (Algo-
rithm 1) does not use information from previous trials and
thus treats each trial independently. For a given trial j, it
estimates sequence-specific spatial filters w; and evoked
responses r; for each of the N = 20 candidate stimulus
sequences i € 1,...,N, using only the current trial X;:

2

W;,I; = argmax corr(w;er,rlTM,-)
Wi L
Consequently, both the parameter estimation in Equa-
tion 2 and the prediction in Equation 1 are performed on
the same data X, once for each candidate stimulus. Ef-
fectively, classification is done by selecting the stimulus
that yields the highest model fit to the observed EEG.
Cumulative rCCA: The cumulative rCCA (Algo-
rithm 2) incorporates information from previous trials
and can therefore improve classification performance
over time as more data become available. That us, for
a given trial j, it estimates sequence-specific spatial fil-
ters w; and evoked responses r; for each of the N = 20
candidate stimulus sequences i € 1,...,N, using all data
observed up to and including the current trial X;.
This setting introduces a key challenge: rCCA is inher-
ently supervised and requires labeled training data for

CC BY 4.0 - https://creativecommons.org/licenses/by/4.0/
This CC license does not apply to third-party material and content noted otherwise.



Proceedings of the

10th Graz Brain-Computer Interface Conference 2026

10.3217/978-3-99161-093-9-004

Algorithm 2 Cumulative rCCA

Algorithm 3 Confidence-weighted cumulative rCCA

Require: stimulus structure matrices {M;}Y ,
1: fortrial j=1to K do
2:  for stimulusi=1to N do
3 Sj(*[X(),...,Xj]
4. D; + [Myo,...,Myjil,Mi}
5 w;,r; < argmax corr(w; S;, r/ D))
Wi,
pi < corr(w; X, 1 M;)
7:  end for
8:  §j ¢ argmax p;
1

a

9: end for

calibration. In the absence of ground-truth labels in
a calibration-free setting, a pseudo-labeling approach is
used, where the predicted labels from previous trials are
treated as true labels. The cumulative learning objective
is then given by:

w;,r; = argmax corr(w; S;,r; D;) 3)
Wi.r;
Here, S; = [Xo,...,X|]| denotes the concatenation of

all EEG trials up to the current trial j, and D; =
Mg, .. My, ,M;] is the corresponding concatenation
of stimulus structure matrices, using pseudo-labels y; for
k < j and the current candidate i.

By definition, the first trial is still processed using instan-
taneous rCCA (Equation 2) as no previous trials are avail-
able. From the second trial onward, the model progres-
sively accumulates training data and updates its parame-
ters accordingly (Equation 3). Importantly, prediction for
each trial is always performed using Equation 1, which
considers only the current trial data, while learning lever-
ages the full history.

Confidence-weighted cumulative rCCA: The cumula-
tive rCCA uniformly aggregates data from all previous
trials to update its parameters, implicitly assuming that
all pseudo-labels are correct. In practice, this assumption
may be violated. Pseudo-labels may be unreliable due
to noise in the EEG signals, even with a well-specified
model. Or, pseudo-labels may be unreliable due to model
inaccuracies even when the EEG data is of good quality,
for instance when too little data are available.

To reduce the impact of unreliable pseudo-labels,
confidence-weighted cumulative rCCA (Algorithm 3) is
introduced using a confidence-weighting mechanism like
used in UMM [14]. The key idea is to assign greater in-
fluence to trials that are classified with high confidence
and to downweight trials with low confidence during pa-
rameter updates.

The confidence c; of trial j is defined as the normalized
correlation margin between the highest winning correla-
tion p,, and the second-highest runner-up correlation p,,
similar to the margin dynamic stopping method used by
Thielen et al. [6]:

_pw*pr
Cj= pn s

“4)

19

Require: stimulus structure matrices {M;}Y |
1: for trial j = 1to K do
2:  for stimulus i = 1to N do

3 w;,r; < argmax corr(w; X;, r; M;)
Wi, I

4 pi corr(w;'—Xj, r'M;)
5:  end for

6: cj (pw—pr)/O

7 for stimulus i = 1 to N do
8 Sj(—[C()Xo,...,Cij]

9

D; [COM}’?O, SN 7Cj71M7j,1 7CJ'M,'}
10: w;,I; < argmax corr(w; S;, r/ D;)
Wi,Ij
11: pi corr(w;'—Xj, r'M;)

12 end for
13 §; < argmax p;
i

14: end for

Here, o is the standard deviation of all N correlations
except the highest winning correlation p,,. Thus, ¢; in-
creases when the winning candidate is well separated
from the runner-up, and when the overall non-maximum
correlation distribution is narrow, both indicating higher
classification confidence.

These confidence values are used as linear weights in the
cumulative learning process. Specifically, the accumu-
lated data matrices in Equation 3 are redefined as §; =
[C()XQ, . 7C‘ij] and D,' = [COMfoa e aCj—lM)?j,l 7C‘jM,’]7
such that high-confidence trials contribute more strongly
to the parameter estimation.

Since the confidence c; of the current trial must be avail-
able prior to model updating, confidence values for all
trials are obtained using an instantaneous rCCA. The re-
sulting correlation scores are then used to compute c;,
after which the model is updated accordingly with confi-
dence weighting (Equation 3).

Confidence-weighted cumulative rCCA with post hoc
re-analysis: Confidence-weighted cumulative rCCA re-
duces the influence of unreliable pseudo-labels by down-
weighting low-confidence trials. Still, even with reduced
weights, such trials still contribute to learning and may
introduce errors if their pseudo-labels are incorrect.

By construction, cumulative rCCA learns incrementally
across trials, such that the model is expected to improve
over time. This opens the possibility of correcting earlier
mistakes by reclassifying past trials using a later, presum-
ably more accurate model, a process referred to as post
hoc re-analysis [15, 16]. In principle, this strategy can
rectify early misclassifications and improve the reliabil-
ity of subsequent updates, since later model adaptations
are then based on more accurate pseudo-labels.

In confidence-weighted cumulative rCCA with post hoc
re-analysis (Algorithm 4), after classifying the current j-
th trial and updating the model, all previous trials are re-
classified by applying the updated model via Equation 1,
and their pseudo-labels are replaced accordingly, affect-
ing model updates for subsequent trials.
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Algorithm 4 Confidence-weighted cumulative rCCA
with post hoc re-analysis

Require: stimulus structure matrices {M;}} |
1: for trial j =1to K do
2:  for stimulusi=1to N do

3: w;,I; < argmax corr(w; X;, r; M;)
Wi, T

4: pi < corr(w; X;, r/ M)

5:  end for

6: cj (pw—pr)/O

7. for stimulusi=1to N do

8: Sj%[CoXo,...,Cij]

9: D; [COMﬁov . 7ijlM)A'j,1 7C‘]‘Mi}

10: w;,I; < argmax corr(w; S;, r/ D;)
Wi, I

11: pi + corr(w; X, r/ M)

12:  end for

13:  Jj < argmax p;

14:  W,r+ w;_/,r;,j

15: fortrialk=1to j—1do

16: $x < argmax corr(w' Xy, r' M;)

l

17:  end for
18: end for

Please note that the confidence values c; are not affected
by this post hoc re-analysis, because they are generally
estimated via an instantaneous rCCA.

Analysis:  This study systematically compared the
performance of four calibration-free decoding methods
based on an unsupervised adaptive rCCA: instantaneous
rCCA (rcca_i), cumulative rCCA (rcca_c), confidence-
weighted cumulative rCCA (rcca_cw), and confidence-
weighted cumulative rCCA with post hoc re-analysis
(rcca_cwp). All methods were evaluated on an exist-
ing c-VEP dataset, with trials processed in their origi-
nal chronological order to simulate an online decoding
scenario and retaining any non-stationarity present in the
data.

Performance was quantified using decoding curves, de-
fined as classification accuracy as a function of trial du-
ration. Classification accuracy was evaluated at sixteen
trial durations: from 1.05s to 8.4 s in steps of 1.05 s, from
10.5s to 16.8 s in steps of 2.1's, and from 18.9s to 31.5s
in steps of 4.2 s.

Statistical significance of paired differences between
methods at a particular trial duration was assessed using
a one-sided Wilcoxon signed-rank test.

RESULTS

For all four methods, the classification accuracy as a
function of decoding time, referred to as the decoding
curve, is shown in Figure 1. In addition, Table 1 reports
the earliest decoding time at which a given grand-average
accuracy level is reached, and Table 2 summarizes the
grand-average accuracy at selected decoding times.

Overall, all methods show a clear and monotonic im-
provement in performance with increasing decoding
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Table 1: Grand average decoding time. Listed are the trial du-
rations in seconds to reach a certain grand average classification
accuracy.

0.70 0.80 0.85 0.90 0.95
reeca_i 6.30 840 1050 14.70 27.30
reca_c 3.15 3.15 3.15 5.25 7.35
reca_cw 3.15 3.15 4.20 4.20 6.30
rcca_cwp 3.15 3.15 4.20 4.20 6.30

Table 2: Grand average classification accuracy. Listed are
the grand average classification accuracy reached at distinct trial
durations in seconds.

1.05 210 420 1050 31.50
reca_i 0.07 027 0.60 0.87 0.96
reca_c 0.25 054 0.87 097 0.97
reca_cw 0.22 055 091 097 0.97
rcca_cwp 0.24 059 093 097 097

time, indicating that access to longer EEG segments con-
sistently enhances classification accuracy.

A first prominent observation is that instantaneous rCCA
(rcca_i) yields lower performance than each of the cu-
mulative variants. In particular, its decoding accuracy is
significantly lower than that of cumulative rCCA (rcca_c)
up to and including 23.1s (p < .05). At longer decoding
times (27.3s and 31.55s), the differences are no longer
statistically significant (p = .199 and p = .463, respec-
tively), meaning that instantaneous rCCA can reach equal
ceiling performance with sufficiently long single-trials.
Interestingly, no statistically significant differences
are observed between confidence-weighted cumulative
rCCA (rcca_cw) and cumulative rCCA (rcca_c) at any
decoding time. While rcca_cw shows a small abso-
lute improvements over rcca_c at some time points (2.1's
and 4.2-6.3 s) and slightly worse performance at others
(1.05s and 3.15s), these effects are minor and disappear
for decoding times of 7.35 s and longer, after which both
methods yield essentially identical performance.

In contrast, improvements are observed for confidence-
weighted cumulative rCCA with post hoc re-analysis
(rcca_cwp). Compared to rcca_c, rcca_cwp achieves sig-
nificantly higher accuracy at 4.2s (0.93 vs. 0.87, p =
.010) and 6.30s (0.96 vs. 0.94, p = .043), with no sig-
nificant differences at other time points (p > .05). Impor-
tantly, rcca_c is never significantly better than rcca_cwp.
Similarly, when compared to rcca_cw, the post hoc re-
labeled variant performs significantly better from 2.1 s to
5.25 and 7.35sto 8.4 s (p < .05), while no significant dif-
ferences are observed at other decoding times. Again, at
no time point does rcca_cw outperform rcca_cwp.

DISCUSSION

In this study, an extension of adaptive rCCA was pro-
posed that incorporates confidence-weighted model up-
dates and post hoc re-analysis. Using an existing c-
VEP dataset, four calibration-free decoding strategies
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Figure 1: Grand average decoding curve. The mean calibration-free classification accuracy and its standard error are shown across
varying single-trial durations from 1.05s to 31.5s. Curves indicate performances for instantaneous rCCA (rcca_i), cumulative rCCA
(rcca_c), confidence-weighted cumulative rCCA (rcca_cw), and confidence-weighted cumulative rCCA with post hoc re-analysis
(rcca_cwp). The dashed gray line denotes the theoretical chance level (0.05 %).

were evaluated: instantaneous rCCA, cumulative rCCA,
confidence-weighted cumulative rCCA, and confidence-
weighted cumulative rCCA with post hoc re-analysis.
These methods differ in how, and to what extent, previ-
ously classified data are exploited for model adaptation.

An important observation is that, while in general yield-
ing lower performance than its cumulative alternatives,
instantaneous rCCA ultimately reaches a similar ceiling
performance as cumulative rCCA, given sufficient data.
Because instantaneous rCCA relies exclusively on the
current trial, it does not benefit from cross-trial learn-
ing. This makes instantaneous rCCA the simplest and
most robust variant with respect to non-stationarities, as
it adapts solely to local signal statistics.

Consistent with earlier findings [12, 13], cumulative
rCCA significantly outperforms instantaneous rCCA.
This confirms that learning from previously classified tri-
als substantially improves model performance. However,
cumulative rCCA relies on pseudo-labels, assuming that
previously predicted labels are correct, which introduces
the risk that unreliable labels degrade model estimates.

To mitigate this issue, the confidence-weighted cumu-
lative rCCA was introduced, which downweights low-
confidence trials and emphasizes high-confidence ones
during model updates. Contrary to expectations and to
earlier results with UMM [14], this confidence-weighting
did not yield significant performance gains over vanilla
cumulative rCCA. Although rCCA and UMM are struc-
turally similar, differences in the confidence metric and
in how weighting is applied (e.g., on averages or also co-
variance estimates) may explain this discrepancy.

While confidence-weighting reduces the influence of un-
reliable trials, such trials may still carry incorrect pseudo-
labels. Therefor, post hoc re-analysis was introduced,
which reconsiders previously classified trials after each
model update. It is assumed that a more informed
model produces more accurate pseudo-labels. Indeed,
confidence-weighted cumulative tCCA with post hoc
re-analysis significantly outperformed both vanilla and
confidence-weighted cumulative rCCA at shorter trial du-
rations, indicating that iterative correction can meaning-
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fully improve calibration-free decoding, in line with other
studies showing such improvement [15, 16].

It is worth noting that the instantaneous and cumulative
rCCA results reported here are slightly higher than those
in earlier work [12], despite using the same dataset and
methods. The only difference lies in the downsampling
rate: 120Hz in the present study versus 180 Hz previ-
ously. The lower sampling rate may have reduced model
capacity and the risk of overfitting, leading to marginally
improved performance.

Although the proposed extensions demonstrate the feasi-
bility of confidence-weighting and post hoc re-analysis
for calibration-free rCCA, several open questions re-
main. First, the confidence metric used here, the nor-
malized correlation margin, was inspired by earlier dy-
namic stopping work [6] and by UMM [14]. While it
clearly separated correct from incorrect predictions, its
lack of impact on performance suggests that alternative
confidence measures may be more effective. Further-
more, the confidence-weighting was applied at the trial-
level decoding in this work. Instead, UMM applies the
confidence-weighting at the epoch-level which may in-
fluence the impact it has on the decoding process [14].
Second, confidence values were estimated using instanta-
neous rCCA to ensure availability for the current trial. An
alternative is to derive confidence from the most recent
cumulative model, although preliminary experiments in
this study did not show improvements.

Third, post hoc re-analysis was limited to updating
pseudo-labels only. If confidence values were estimated
using cumulative rCCA, these too could be re-estimated,
potentially yielding additional benefits.

Fourth, the cumulative variants maintain a complete his-
tory of all previous trials. This is memory-intensive and
may become impractical in long sessions. Moreover,
retaining all past data may be suboptimal under non-
stationary conditions. Future work could explore sliding
windows like first-in—first-out buffers, or exponential for-
getting mechanisms to balance memory constraints, ro-
bustness as well as adaptability.

Finally, both this and previous studies benchmark
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calibration-free methods using offline datasets [12, 13].
While this enables controlled comparisons, generaliza-
tion to real-world use must ultimately be validated in
online experiments, as demonstrated in earlier work [7].
In such calibration-free online scenario, decoding curves
cannot be estimated, and static stopping times cannot be
pre-calibrated. Instead, dynamic stopping strategies are
required, ideally also in a calibration-free manner. The
normalized correlation margin used here could serve this
purpose, although it requires a predefined threshold [6].
Alternative dynamic stopping approaches that avoid ex-
plicit calibration [7] warrant further investigation.

CONCLUSION

This study evaluated calibration-free adaptive decoding
for c-VEP BCIs by extending reconvolution canonical
correlation analysis (rCCA) with confidence-weighted
updates and post hoc re-analysis. Four variants were
compared: instantaneous rCCA, cumulative rCCA,
confidence-weighted cumulative rCCA, and confidence-
weighted cumulative rCCA with post hoc re-analysis.
The results confirm that cumulative learning substan-
tially improves decoding performance over instantaneous
classification. Furthermore, while confidence-weighting
alone did not significantly outperform vanilla cumula-
tive rCCA, the addition of post hoc re-analysis yielded
consistent improvements, demonstrating that iterative
correction of pseudo-labels is an effective strategy in
calibration-free settings.

Overall, these findings show that adaptive rCCA can be
made more robust by explicitly addressing pseudo-label
uncertainty, thereby further reducing the need for calibra-
tion and advancing practical plug-and-play c-VEP BCls.
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