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ABSTRACT: Code-modulated visual evoked-potential
(c-VEP) based reactive brain-computer interfaces (BCIs)
deliver high information-transfer rates with minimal cal-
ibration, yet performance collapses when generalizing
across participants. Additionally, only few studies fo-
cus on understanding the neural mechanisms underlying
c-VEP, which remain poorly understood. In this paper,
we introduce the simulation based inference (SBI) frame-
work to the BCI field. SBI allows to offload calibration on
simulated synthetic data generated with parameters that
may represent a large cohort of different participants. We
assess SBI’s feasibility to provide competitive classifica-
tion performance on empirical data as well as inferring
response parameters, while being calibrated only on syn-
thetic data. We achieved 82% classification accuracy with
a within participant setup using a c-VEP based BCI, and a
mean squared error of 0.11 between the empirical visual
evoked potential and the inferred one. These results sug-
gest the feasibility of SBI for BCI, and could deepen our
understanding of the mechanisms underlying the c-VEP.
We present the current limitations of the SBI framework
and give future directions to address these.

INTRODUCTION

Among reactive brain-computer interfacing (BCI)
paradigms, a recent paradigm, known as the code-
modulated visual evoked potential (c-VEP), involves
using pseudo-random noise sequences for visual stimula-
tion. Such c-VEP based BCIs have gained more and more
attention due to their high information-transfer rates,
robustness, and reduced calibration requirements [1].
Despite these advantages, several challenges remain.
First, performances often decrease when generalizing be-
tween sessions or participants due to inter/intra-subject
variability in the EEG. This variability induces the need
for calibration in every usage of a BCI. Second, the gen-
erative mechanisms underlying the c-VEP, that is the for-
ward model, are still poorly understood, and studies typ-
ically rely on discriminative machine-learning models,
that is backward models, such as template matching [1]
or Riemannian methods associated with linear discrimi-
nant analysis [2]. In turn, explainability and physiologi-

cal modeling remain largely underexplored.
To address these challenges, a forward model, like recon-
volution [3] can be used to perform inference, recovering
response parameters given observed data. Such inference
is not trivial, as there can be an infinite number of combi-
nations of parameters that may have caused the observa-
tion, that is the problem is ill-defined.
A candidate solution is to use Bayesian methods such as
Markov chain Monte Carlo (MCMC) [4] or variational
inference [5]. Despite its robustness in arriving at good
solutions, such algorithms typically rely on explicit like-
lihood evaluations, which are computationally expensive
or even infeasible in a real-time system such as a BCI [6].
As an alternative to such iterative optimization strategies,
simulation-based inference (SBI) [7, 8] embraces a for-
ward model to generate a quasi infinite amount of labeled
training data over a wide range of potential parameters.
Then, an inverse model can be calibrated to recover these
parameters based on the generated synthetic data. If suc-
cessful, such an SBI framework yields a powerful inverse
model that can recover parameters from any arbitrary em-
pirical data, after an initial training period on synthetic
data. This so-called amortization could relieve a BCI
from its tedious calibration session.
SBI is a field within machine learning that is getting more
and more attention because of its wide range of applica-
tions, such as in astrophysics and particle physics, and
more recently in neuroscience [9–11].
SBI has not yet made its entry into the BCI field, despite
its potential to mitigate or even solve several of the large
challenges in the BCI field. Particularly, amortized infer-
ence could be useful in addressing the inter/intra-subject
variability. Additionally, SBI may provide interpretable
parameters improving the explainability of the EEG sig-
nal and understanding of underlying neural mechanisms.
However, SBI depends on several factors that could im-
pact its performance such as the simulation fidelity, the
nature of the inference, the nature of the embedding net
used before the inference, and the prior specification used
to create simulated data [8], which raises non-trivial chal-
lenges for EEG applications.
In this study, we investigate the feasibility of applying
SBI to c-VEP-based BCI decoding. Specifically, we
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showcase the potential of an SBI framework and iden-
tify key challenges along the way. Doing so, we analyze
both simulated-to-simulated and simulated-to-empirical
scenarios to assess the adequacy and generalization be-
havior of the model. Beyond performance evaluation, this
work explores the potential of SBI as a bridge between
decoding accuracy and neural interpretability in c-VEP
BCIs. This study does not aim to outperform existing c-
VEP classifiers. Instead, we evaluate whether SBI consti-
tutes a viable modeling framework for c-VEP responses
by jointly assessing classification performance, parame-
ter recovery, and model adequacy.

MATERIALS AND METHODS

Dataset: We used a previously collected empirical
dataset called Ricker patch-based StAR c-VEP (ISAE-
SUPAERO Dataset [12]), which received approval from
the ethics committee of the University of Toulouse (CER
approval number 2023-749) and was conducted in com-
pliance with the Declaration of Helsinki. The EEG data
were collected using a dry 8-electrode Enobio system,
with a sampling rate of 500 Hz, positioned over the oc-
cipital and parieto-occipital sites (PO7, O1, Oz, O2, PO8,
PO3, POz, PO4).
This dataset comprises 24 healthy individuals (4 women,
20 men, mean age = 29.3 years, SD = 7.5 years). Par-
ticipants were instructed to direct their gaze to one of
five disks indicated by a 0.5 s cue, after which the disks
flashed for 2.2 s according to unique pseudo-random
noise-codes. Each participant performed 15 runs, which
consisted of 5 trials, one for each of the disks in random
order. In summary, the dataset contains a total of 75 trials
of 2.2 s, including 15 trials of per class (N = 5).

Pre-processing: First, we apply a finite impulse re-
sponse bandpass filter between 1 Hz and 45 Hz. As the
stimulus-onset asynchrony of individual flashes within
the stimulus sequences exceeds 0.35 s, we create over-
lapping epochs of size 0.35 s every 1/500 s (the EEG
sampling rate). This gives E = 15∗ (2.2−0.35)∗500 =
13875 epochs per participant per class. Second, to en-
sure comparable amplitude over participants, we normal-
ize the data by dividing the data by the standard deviation
of each participant’s training set. Third, to improve the
signal-to-noise ratio (SNR) of the captured event-related
potential (ERP) response to flashes of the c-VEP, and im-
prove the quality of the signal, we add a spatial filtering
step using xDAWN [13]. We select the 4 highest-ranked
xDAWN components [14].
To align the different participants into the same fea-
ture space and reduce the variability between the sub-
jects, we apply a Riemannian spatial alignment, an ef-
fective method for cross-subject analysis [15]. How-
ever, to perform the alignment, we first need to create
super epochs by combining the average of the spatially
filtered epoch with each spatially filtered target response.
Let EZ = 1

E ∑
E
k=1 Zk be the evoked response of the spa-

tially filtered data where E is the number of epochs and

Zk is the kth epoch of the spatially filtered target data.
Zk ∈ RC×T , where C is the number of electrode chan-
nels, and T is the number of time samples in one epoch.
We create the super epochs where the kth sample will
be Z′

k = {Zk,1,Zk,2,Zk,3,Zk,4,EẐ,1,EẐ,2,EẐ,3,EẐ,4}. Com-
bining this preserved information with the application of
the spatial filter, intra-epoch variability is mitigated. We
compute the evoked response of the spatially filtered data
using the 22 s calibration data, and we concatenate it to
all epochs, including both the training and test sets.
Then, to perform the Riemannian spatial alignment, we
use the participant’s calibration phase as a training batch
and compute the associated covariance matrices with the
Ledoit-Wolf estimator [16]. Then, we measure the Rie-
mannian mean of these matrices, and finally, we transport
the samples of the participant with this mean as follows:

Ẑ′
i = R̄− 1

2 Z′
i ∀i ∈ [1, ....,E] (1)

where Z′
i ∈ RC×T is an element of {Z′

i}i∈[1,....,E], R̄ is
the Riemannian mean of the covariances matrices of the
set {Z′

1, ...,Z
′
A} and A is the number of samples in the

calibration set of the participant. As the forward model
presented in the next sections output data with only one
channel, we select, at the end, only the first components
of the preprocessed data.

Simulation-based inference: For SBI framework we
need to define three specific components (see Figure 1).
Firstly, we define a forward model that can generate c-
VEP responses given a stimulus sequence and a set of
VEP parameters. Secondly, we define a prior over the
VEP parameters to sample from and input to the forward
model and generate a synthetic dataset. Finally, we define
a backward model that can retrieve the VEP parameters
from any c-VEP data. This backward model composed
of an embedding net and a density estimator to retrieve
the parameters from the data.
To perform the training of the SBI framework, we first
create simulated trials, 15000 trials in our study, by sam-
pling the parameters from the prior and using the forward
model with a specific stimulus sequence to generate data.
This yields a synthetic dataset of c-VEP responses given
ground-truth VEP parameters. Subsequently, we train the
backward model (embedding net and density estimator)
on this synthetic dataset and its ground-truth labels.
Once trained, we evaluate the performance of the SBI
pipeline to regress the parameters given an unseen syn-
thetic dataset, and to classify the attended code sequence
given a hold-out empirical dataset.
The SBI framework was implemented using the sbi
Python library [17]. The following sections describe the
three components of the SBI framework in more detail.

SBI Forward Model: The forward model generates an
EEG response to a given c-VEP stimulus making use of
the reconvolution framework [3]. Specifically, we assume
that the c-VEP si(t) can be modeled as a convolution of
the i-th stimulus ci(t) and a temporal response function
r(t):

si(t) = ci(t)∗ r(t) (2)
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Figure 1: Schematic of the SBI framework. (a.) The training loop that samples parameters, generates data sing the forward model,
uses that to train a backwards model to regress these parameters. (b.) The classification procedure on empirical data to retrieve the
attended code sequence. N: Number of codes, T : number of timesteps, θ : parameters, x(t): EEG data, si(t): templates, y: labels, sim:
simulated, emp: empirical.

The stimulus sequence ci(t) is one of the 5 pseudo-
random binary noise-codes used during the experiment.
We model the temporal response function r(t), which
represents the flash-VEP, as the addition of 3 Gaussian
components, which ideally represent the N75, P100, and
N125 complex of a classical flash-VEP. Each Gaussian
component is modeled with 3 parameters: the ampli-
tude, mean and standard deviation of the Gaussian, corre-
sponding to the amplitude, latency and width of the peak.
Finally, we add measurement noise n(t)∼ N (0,σ) rep-
resented by a zero-mean Gaussian with variance σ = 0.1
to obtain the simulated data xsim(t):

xsim(t) = si(t)+n(t) (3)

Thus, the forward model is parameterized by a set of 9 pa-
rameters θsim characterizing the underlying VEP model
r(t). Given a set of 9 parameters θsim and a stimulus
code ci(t), the forward model outputs simulated c-VEP
source activity xsim(t) of size T , with T corresponding to
the number of time-points in our data.

SBI Backward Model: The backward model takes EEG
data and retrieves the VEP parameters. It is composed of
two components, an embedding net and a density estima-
tor. The aim of the embedding net is to reduce the dimen-
sionality of the input and to create features for the density
estimator. The embedding net is important as the density
estimator needs clear, informative and low-dimensional
features. The density estimator yields a posterior distri-
bution over the VEP parameters from the features created
by the embedding net.
As embedding net we used a recurrent neural network
(RNN) composed of one hidden layer with 128 units
followed by a linear layer with 20 units and a ReLU
activation layer. This was motivated by a preliminary

benchmark performed between four different embedding
nets: a handcrafted summary statistic function, a convo-
lutional neural network, the encoding part of a trained
auto-encoder, and the RNN. The RNN was selected as it
performed best on the simulated data when performing
the local classifier two-sample test (LC2ST) [18].
As density estimator we used the sequential neural pos-
terior estimator (SNPE) [19]. SNPE is the most widely
used density estimator for SBI and can learn the like-
lihood function from compressed representations of the
data. SNPE trains an inference network to directly ap-
proximate the posterior distribution p(θ |x), using sam-
ples (θ ,x) drawn from the joint distribution p(θ ,x). Un-
like methods that focus on predicting a single point esti-
mate of the parameters, SNPE trains the network to pre-
dict the parameters of a probability distribution over θ ,
conditioned on the observation sample. Such networks
are trained by minimizing the conditional negative log-
likelihood of simulated parameters under the neural pos-
terior estimator. Once the inference network is trained,
it can be used to infer θ from any new observed data
xobs(t), providing the approximate posterior distribution
p(θ ,xobs(t)).
A key advantage of this approach is that the network,
once trained, can perform inference efficiently for any
new observations, either synthetic or empirical, without
needing additional simulations or retraining. This amor-
tization feature makes SBI powerful for analyzing many
different observations from the same model. This gives
a special advantage compared to time-consuming algo-
rithms like MCMC sampling.

SBI Prior Parameters: The SBI framework requires
a prior distribution over the VEP parameters to generate
synthetic data used to train the backward model. Ideally,
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this prior distribution represents the expected range of pa-
rameters for the unknown target distribution, here the em-
pirical data.
We define the prior for each parameter as a uniform dis-
tribution, limited to a certain range. We informed the
lower and higher boundary of this range by analysing the
empirical data. That is, for each participant, we fit the
VEP model r(t) of the forward model on averaged target
epochs. From this fit, we retrieve the 9 parameters, and
proceed in one of the following two ways. First, to model
a prior across participants, we set the range to the small-
est and largest value found across participants, referred
to as the across-pp prior. Second, to model a prior per
individual participant, we apply a small range around the
best individual parameters (±0.02 for the latency, ±0.2
for the amplitude, ±0.001 for the width), referred to as
the within-pp prior.

Analysis: The SBI framework is trained by sampling
from the prior, generating synthetic data, and calibrating
the backward model using that synthetic data. After train-
ing, the SBI framework is evaluated in two ways.
First, we evaluate the regression of the VEP parameters
using an unseen simulated dataset. For this analysis, we
restrict to synthetic data, because we have access to the
ground truth parameters, which is not the case for the em-
pirical dataset. For this analysis, we report the root mean
squared error (RMSE).
Second, we evaluate the SBI framework by performing a
classification analysis. That is, we apply the backwards
model to retrieve VEP parameters and use these to gen-
erate template responses using the signal component of
the forward model s(t). Specifically, we apply the for-
ward model given each of the stimulus sequences ci, with
i ∈ [1, ...,5], and the predicted parameters θ , but refrain
from adding any noise n(t) to the signal s(t) to gener-
ate templates si(t). Then, we can perform a standard
template-matching classifier that maximizes the correla-
tion between data x(t) and templates si(t) to retrieve the
code index i:

ŷ = argmax
i

corr(x(t),si(t)) (4)

For each participants, the classification analysis was per-
formed for both prior on both an unseen synthetic dataset
of 100 trials, as well as the empirical dataset composed
of 75 trials, referred to as simulated-to-empirical and
simulated-to-simulated, respectively.

RESULTS

To assess the performance of retrieving the VEP param-
eters, we first compute the root mean squared error be-
tween the ground-truth parameters used to create the syn-
thetic data in the simulated-to-simulated mode for both
priors and the associated retrieved parameters. The re-
sults are described in Table 1. We see that within-pp
RMSE is lower that across-pp RMSE.
Secondly, we asses the performance of retrieving the
VEP parameters by computing the mean squared error

between the ground truth VEP response and the inferred
VEP response. For the simulated-to-simulated, we obtain
an average value of 0.08± 0.07 for the within-pp prior
and 0.29±0.26 for the across-pp prior. For the simulated-
to-empirical, we get an average value of 0.11± 0.06 for
the within-pp prior and 0.45 ± 0.17 for the across-pp
prior.
Figure 2a shows the VEPs from the simulated-to-
empirical analysis. We observed that the within-pp prior
fits the empirical VEP very well, even for participant P21
which showed the highest MSE value. However, we ob-
served that the VEP responses created with the param-
eters retrieved from the SBI pipeline trained with the
across-pp prior, are far from the empirical value and can
explain the low performance with the across-pp prior.
We further assessed the SBI performance by estimating
classification accuracy. Figure 3 shows the classification
accuracy of both priors in both synthetic to synthetic,
as well as synthetic to empirical modes. We observed
that the within-pp prior reached a significantly higher
accuracy than the across-pp prior (86.2% vs 33.8%,
p < .001). Moreover, the simulated-to-simulated per-
formance is significantly higher than the simulated-to-
empirical (36.8% vs 30.8% for the across-pp prior, p =
.037; 89.8% vs 82.6% for the within-pp prior, p = .028).

DISCUSSION

To the best of the authors’ knowledge, this study is the
first to apply simulation-based inference (SBI) in the field
of BCI, specifically to the c-VEP paradigm. SBI offers
the potential to eliminate the initial calibration step that is
typically required for classification models, since, within
this framework, training can be performed on a virtually
unlimited amount of simulated data.
In this feasibility study, we showed that satisfactory per-
formance can be achieved both in recovering the under-
lying response parameters and in application-level de-
coding accuracy, provided that the prior parameters are
chosen appropriately. Specifically, priors defined at the
individual-participant level yielded high classification ac-
curacy, whereas a universal across-participant prior led to
a substantial decrease in performance.
The lower accuracy observed with the across-participant
prior may be explained by several neurophysiological
factors, including inter-subject and intra-subject variabil-
ity [20]. In particular, the VEPs estimated from the em-
pirical data showed that not all participants exhibited the
canonical three-peak flash-VEP pattern, consisting of a
negative peak followed by a positive peak and then a
second negative peak [2, 12]. In addition, the latencies
of these peaks varied considerably across several partici-
pants. This variability may have made it difficult to define
a broad across-participant parameter range and also led to
overlap in the latency ranges of the three components.
While we aimed to evaluate the full SBI framework, at
two stages we relied on empirical data to estimate prop-
erties of the framework itself. This warrants caution in
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Figure 2: Regression performance of the SBI framework. (a) Displayed are the empirical visual evoked potential (VEP) (blue line),
predicted VEP using the within-participant prior (yellow line), and predicted VEP with the across-participant prior (green line). Two
participants are shown: on the top the participant with the lowest MSE and on the bottom the participant with the highest MSE. (b)
Shown is the MSE between the empirical VEP and the simulated VEP created from the parameters retrieved with the within-pp prior
(peach color) or with the across-pp prior (coral color). Each dot corresponds to the MSE of one participant. Line connect the points of
the same participant.
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Figure 3: Classification performance of the SBI frame-
work. Accuracy for the simulated-to-simulated (Sim2Sim)
and simulated-to-empirical (Sim2Emp) modes for the across-
participant and within-participant priors.

the interpretation of the results and limits the extent to
which the current framework can be generalized.
First, we simulated a single EEG component extracted
with xDAWN and applied Riemannian alignment. This
improved performance compared with modeling a single
channel. While it required calibration of xDAWN and the
Riemannian alignment using only 22 s of data, it violates
the amortization of SBI, being dependent on some empir-
ical data for the calibration process.
Second, also the prior distributions were inspired by
the empirical data, which under the true SBI framework
would not be fully known. Especially constraining to a
participant-specific prior considerably improved results.
Future work should improve the across-participant set-
ting, as well as test the generalization beyond the cur-
rently used dataset, EEG setup, and stimulus protocol.
To avoid contradictory information in the training of the

SBI framework, we used only one code when creating the
simulated dataset to train the SBI. However, when using
a broader prior like the across-participant one, the classi-
fication steps tend to classify the data as the same label as
the one used in for the training of the SBI, explaining the
low performance for the across-pp prior.
In a preliminary analysis, we used the across-pp prior and
trained the SBI using all 5 codes, which increased the
simulated-to-simulated accuracy to 81.3%, but the accu-
racy remained at 32% for the simulated-to-empirical. Fu-
ture work should integrate all stimulation codes into the
SBI training procedure to improve generalization across
codes in empirical data. In addition, it will be impor-
tant to investigate whether the SBI framework can be ex-
tended to other experimental protocols.
The forward model used in this study can be consider-
ably improved to reflect realistic EEG data. First, the
current model enforces a 3-peak flash-VEP, while some
participants showed fewer or more peaks, allowing fur-
ther finetuning. Second, the current model is fully lin-
ear, not modeling any non-linear dynamics like caused by
habituation. Third, the noise model considered measure-
ment noise only, ignoring known EEG properties like 1/ f
noise, potential artifacts such as eye blinks, etc. While the
current results already show feasibility, it is expected that
an improved forward model may further improve results.
In the backward model, we used an RNN for the embed-
ding net. We believe that this embedding net could be
improved by optimizing its hyperparameters or by devel-
oping a new embedding net that better captures features
for the density estimator in the c-VEP domain. Further-
more, future work should aim at making the backward
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Table 1: Root mean squared error. RMSE between predicted parameters and ground-truth used to create synthetic data in the
simulated-to-simulated mode for both priors.

Amplitude (a.u.) Latency (s) Width (a.u.)
N75 P100 N125 N75 P100 N125 N75 P100 N125

across-pp 3.9e-6 ±
3.6e-6

9.5e-6 ±
9.6e-6

5.6e-6 ±
3.6e-6

9.3e-2 ±
8.8e-2

7.2e-1 ±
4.1e-1

1.3e-1 ±
9.1e-2

1.8e-7 ±
1.4e-7

3.5e-8 ±
2.6e-8

4.1e-8 ±
3.4e-8

within-pp 1.3e-7 ±
8.9e-8

1.4e-7 ±
1.1e-7

2.2e-7 ±
9.7e-8

1.3e-3 ±
9.3e-4

1.5e-3 ±
9.8e-4

1.6e-3 ±
1.1e-3

1.0e-8 ±
4.6e-9

7.0e-9 ±
6.0e-9

8.1e-9 ±
6.8e-9

model invariant to the stimulus protocol.
While the across-participant setting showed poor perfor-
mance, the within-participant setting showed promising
results. An interesting future direction could be to start
the SBI with an uninformed prior for any new user. Sub-
sequently, the prior can be updated by using the predicted
parameters from empirical data of the current user. The
updated prior can then initiate the calibration of a new
SBI, more tailored to that current user. That is, we can
perform an active learning SBI framework that adapts in
real-time, ultimately improving its performance on un-
seen data.

CONCLUSION

This study is the first of its kind to demonstrate the fea-
sibility of applying the simulation based inference (SBI)
framework in c-VEP based BCI. We show good accuracy
in classification of empirical data while having trained the
framework on synthetic data. We observed that a prior
across participants decreased overall accuracy as com-
pared to a prior within participants, in line with substan-
tial inter-subject variability. We discussed several chal-
lenges and how to improve the SBI framework in future
work, paving the way for retrieving response parameters
and classification of empirical data, while offloading cal-
ibration to synthetic data.
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