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Abstract—Decoding electroencephalography (EEG) signals
with deep learning remains challenging due to strong inter-
and intra-individual variability, low signal-to-noise ratio, and
the absence of an optimal architecture. While deep neural
networks have demonstrated promising performance for EEG
decoding, selecting an appropriate model architecture remains
a costly and subject-specific process. Neural architecture search
approaches partially address this issue but are computationally
prohibitive in practice. In this work, we investigate a growing
neural network strategy that adapts model expressivity during
training, only expanding the architecture when required by the
data. Building upon a lightweight convolutional neural network
(CNN) architecture commonly used for a recent Brain-Computer
Interface paradigm, code modulated visual evoked potential,
decoding, we propose to grow only the classification head with
two different growing modes, directed acyclic graph (DAG)
and growing linear layers (GLL). This design explicitly targets
subject-specific variability while preserving architectural priors
learned from the literature. We evaluate our approaches on a
five-class EEG dataset comprising 24 participants and compare
them against fixed CNN, Riemannian TS-LDA, and GREEN
architectures. Results show that the growing CNN significantly
outperforms fixed CNN by increasing the accuracy by 1% while
having 80% less neurons in the last layers. Our findings suggest
that selectively growing the final layers of a deep network
provides the capacity to adapt to subject-specific signatures, thus
addressing the inter-subject variability. Moreover, we find an
interesting trend where participants with better accuracy need
fewer additional neurons to optimize their performance.

Index Terms—Brain-computer interfaces, growing networks,
convolutional neural networks, EEG, multivariate time series

I. INTRODUCTION

Deep learning for time-series analysis remains a challenging
problem, as no single model architecture has demonstrated
consistent performance across the wide diversity of real-world
signals. This difficulty is particularly pronounced for elec-
troencephalography (EEG), where the recorded time series are
highly non-stationary, noisy, and have strong inter-individual
and intra-individual variability.

Inter-individual factors such as age, anatomy, neurophysio-
logical signatures, and environment, as well as intra-individual
states including fatigue, workload, and attentional engage-
ment, continuously modulate EEG activity [1]. These sources
of variability induce strong subject-specific signatures and
significantly complicate the decoding of brain signals. In
addition, the intrinsically low signal-to-noise ratio (SNR) of
EEG—despite its portability—further limits the robustness and
generalization capability of machine learning models for appli-
cations such as Brain-Computer Interface (BCI) that translates
neural activity into commands. These problems induce a
need to perform an often lengthy calibration, from 5 to 40
minutes, at every usage of the BCI. One promising approach,
known as the modulated code visual evoked potential (c-VEP),
involves toggling the stimulus pattern between black and white
according to an aperiodic binary code—a random sequence of
zeros and ones—that elicits a series of discrete visually evoked
potentials [2]. This approach is promising as it needs less data
to be trained and induces a more stable neural response than
usual BCI paradigms, meaning we can reduce the size and



the complexity of the classifier architecture [3], [4]. However,
the intra- and inter- variability is still present and induces the
need for repeated calibration and the search for an architecture
adapted to the participant’s EEG data.

Numerous deep learning architectures have been proposed
for EEG decoding, ranging from compact convolutional neural
networks to more complex hybrid and Riemannian-based
models [5]. Although the NeurIPS competition suggests that
deep architectures can achieve strong performance, no single
model has emerged as a reliable reference across tasks and
datasets [6]. As a result, identifying an appropriate architecture
remains a non-trivial and task-dependent process.

Finding the correct architecture for a brain decoding task is a
complex task, depending on the expected outcomes (accuracy,
robustness, embedding capability, etc.). Neural architecture
search (NAS) provides strong methods for identifying and
selecting the best architectures for a given task, at the expense
of high computational cost [7]. Certain one-shot techniques
have been proposed to reduce computational costs, for ex-
ample, training super-networks and searching for the most
fitting architecture within them [8], [9], thus following the
lottery ticket hypotheses [10]. The cost, however, as well
as the memory and data consumption, remains high. This
is problematic for EEG signals, as inter-subject variability
requires repeating the lengthy and costly search for each
subject. Moreover, in practical BCI settings, subject-specific
calibration must be performed quickly, with limited data
and computational resources. Methods that require extensive
architecture search or full network retraining are therefore
impractical. This drives computational costs too high for real-
world applications, especially for patients who cannot endure
hours of recordings.

Growing Neural Networks, an alternative to NAS, expand
the architecture over the course of training, searching for the
best architecture for a specific task without discrete search
phases or multiple model retrainings [11]–[13]. One of the
objectives of these methods is to acquire the best architecture
as fast as possible, which is also our goal. Based on this intent,
we will use the method of TINY [12]. The main criterion for
increasing or adding a layer is to detect that the expressivity
of the network is insufficient to fulfill the task. This approach
yields a trained network of the correct size at the end of the
training. It is possible to grow the complete architecture or
just a part of it. In the latter, this allows reusing existing
architecture choices.

In this work, we propose to build upon an existing archi-
tecture, a convolutional neural network (CNN) found in the
literature, expanding only the last layer (called the expres-
sivity layer). We evaluate this approach by applying either
growing linear layers or directed acyclic graph layers at
the end of a CNN and compare it against the fixed CNN,
which is, beforehand, compared against a Riemannian non-
deep model, Tangent Space Linear Discriminant Analysis
(TS-LDA) [14], and a complex deep model, Gabor Riemann
EEGNet (GREEN) [15]. Our results demonstrate that, by
adapting the expressivity layer to the subject-specific brain
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Fig. 1. Our method uses a fixed CNN backbone, based on the EEG2Code
model [16], but grows the classification head during training to find a subject-
specific architecture.

signal, our approach outperforms existing fixed-architecture
methods while reducing the number of parameters compared
to fully fixed or more flexible growing designs. These findings
highlight growing architectures as a computationally efficient
and principled solution to subject-specific EEG variability.

We will make our data and code available upon acceptance
of this paper.

II. METHODS

A. Pre-processing steps

The initial step in classifying EEG data involves applying a
pre-processing pipeline [17]. Below, we outline the sequential
procedures employed in this study.

In order to restrict ourselves to the frequency bands involved
during c-VEP neural processes, we apply a finite impulse
response filter between 1 Hz and 45 Hz. As the time between
two onsets of the flashes in a code exceeds 0.35 s, we create
an overlapping epoch of size 0.35 s every 1/500s. This gives
Ne = 15 ∗ (2.2 − 0.35) ∗ 500 = 13875 chunks of continuous
signals, referred to as epochs, per participant per class. Then,
to ensure comparable amplitude across participants, we nor-
malize the data by dividing it by the standard deviation of each
participant’s training set. To improve the SNR of the captured
event-related potential (ERP) response, which corresponds to
a response to a specific sensory, cognitive, or motor event, to
the flashes of the c-VEP, and improve the quality of the signal,
we add a spatial filtering step using the spatial filter xDAWN,
which enhances performance for ERP-based BCI [18]. For
xDAWN, we select the 4 highest-ranked components.
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Fig. 2. Fixed CNN backbone based on the EEG2Code model [16].

To allow preservation of the information contained in the
average target response, we create super epochs by combining
the average of the spatially filtered epoch with each spatially
filtered target response. Let EZ = 1

Ne

∑Ne

k=1 Zk be the evoked
response of the spatially filtered data where Ne is the number
of epochs and Zk is the kth epoch of the spatially filtered
target data. Zk ∈ RNc×Nt , where Nc is the number of
electrodes channels, and Nt 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}.
Combining 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 calibration data, and we concatenate it to all epochs,
including both the training and test sets.

To align the different participants onto the same feature
space and reduce the variability between the subjects, we apply
a Riemannian spatial alignment. For this purpose, we first use
the calibration phase of the participant as a training batch and
compute the associated covariance matrices with the Ledoit-
Wolf estimator [19]. Then, we measure the Riemannian mean
[20] of these matrices, and finally, we transport the samples
of the participant with this mean as follows:

Ẑ′
i = R̄− 1

2Z′
i ∀i ∈ [1, ...., Ne] (1)

where Z′
i ∈ RNc×Nt is an element of {Z′

i}i∈[1,....,Ne]
, R̄ is

the Riemannian mean of of the covariances matrices of the set
{Z′

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

set of the participant.

B. Description of the models

1) CNN: We use a variant [21] of the original EEG2Code
model [16] that was optimized for burst-c-VEP decoding [22].
The model is structured with three convolutional blocks. The
CNN backbone is displayed on figure 2, with Conv2D[k, d]
indicating a convolutional layer with kernel k and dilation d.
In this fixed version of CNN, the architecture is connected
to a 256-unit dense layer with a leaky ReLU followed by a
2-unit dense output layer with a softmax activation function.
The model has 28353 parameters and is optimized with Adam,
using a learning rate of 0.001.

2) TS-LDA: This model is a Riemannian machine learning
algorithm that is faster in computation time, has a smaller
number of parameters than the CNN (1050 parameters only),
and is used in BCI and attained 98% accuracy in [3]. It can be
summarized as a spatial filter combined with a classifier that
uses second-order statistics, that is, the covariance information.

The first layer spatially filters the EEG data with the xDAWN
filter. Covariances, estimated with Ledoit-Wolf [19] for each
of the xDAWN outputs components, are concatenated with the
target signal covariance to create a super-covariance matrix. To
be able to predict the label, the super-covariance matrices are
projected onto the tangent space, where a linear discriminant
analysis (LDA) classifier is applied on the tangent vectors.

3) GREEN: GREEN is an algorithm introduced in [15] to
detect novel neuro-markers applicable in a medical context. To
get temporal and frequency information from the EEG data
and to increase the quantity of usable information, GREEN
starts by performing a Gabor wavelet transform, followed by
a 1D convolutional layer. This classifier coupled with the pre-
processing steps succeed to counter the EEG variability [23].

In this paper, we choose to separate the signal into 22
frequency bands that are learned through training, all included
between 0 and 4.4 octaves. Then the wavelet data are trans-
formed in covariances matrices and go through an SPDNet
[24]. A fully connected layer with 2 hidden layers of size 20
and 10 units is processing the tangent space projection of the
latent space to make classification decisions. GREEN counts
a total of 5922 parameters.

4) Growing CNN: To allow the architecture to adapt to
the complexity of each participant, we adapt the previous
architecture by replacing the last 2 linear layers with growing
linear layers (GLL). The motivation to increase the size of the
layers is to augment the network’s expressivity and tackle each
specific subject more optimally. The objective is to acquire an
architecture just large enough to handle the complexity of the
task at hand. To accomplish that, we use the notion of expres-
sivity bottleneck described in [12], [25], [26]. Given a prede-
fined architecture A with parameterization θ, denoting the out-
put by fθ, we can define the tangent space TA of all possible
functions we can approximate using gradient descent, TA :={

∂fθ
∂θ δθ | δθ ∈ Θ

}
. By taking the curvature of the space into

account, we can compute a direction derived from the natural
gradient [12] that indicates the optimal update v∇(x) to
decrease loss L, when we are not constrained by the tangent
space, v∇(x) := ∇fθ(x)L(fθ(x), y). However, the best move
we can make with a fixed architecture is the projection of
this direction onto the tangent space, v∗ := ProjTA

(v∇). This
geometric explanation gives us an orthogonal triangle whose
hypotenuse is the desired direction, and the vertical defines
the inability of the architecture to completely express the
direction of the loss Ψ := argmin

v∗∈TA

E
(x,y)∼D

||v∇(x)− v∗(x)||2.

This expressivity bottleneck is what we try to minimize by
increasing the size of the classification head.

The most straightforward solution is to maintain the se-
quential nature of the last two layers and gradually increase
the size of their hidden state. In that case, every growth step
will increase the output dimension of the first layer and the
input dimension of the second layer, with the starting number
of hidden neurons being set at 10. The completion of the CNN
with these growing linear layers will be named GLL-CNN in
the rest of the paper.



Another design choice is to start with a single linear layer
and allow the classification head to grow freely, meaning that
it can add new layers parallel to the starting one. This creates
a directed acyclic graph (DAG) where every edge is a linear
layer, and every node is a hidden state. This free-form design
adds one more level of complexity, meaning that we have to
choose exactly how and where the DAG will grow, such as
by increasing the size of a hidden dimension, as we do in the
sequential case, adding a new edge, or adding a new node.
The completion of the CNN with these DAG layers will be
named DAG-CNN in the rest of the paper.

C. Training methods

For all architectures and each participant, we take the first
4/15 of the data for the training, 1/15 for the validation, and
10/15 for the testing set. For the non-growing architecture, we
adopt a classical training-validation-testing procedure where
we train for 300 epochs on the training set. The validation set
is used to fine-tune the hyperparameters of the pre-processing
steps. Then we calculate the best model’s performance on the
testing set.

For the growing architecture, we have different steps. These
steps are done for each individual to create a participant-
specific model. The growing schedule is set to alternate for 300
steps long between 4 training steps (normal training procedure)
and 1 growth step. A growth step is decomposed into several
actions. First, one needs to choose the layer to grow: we pick
the one with the most expressivity bottleneck. For GLL-CNN,
we constrain ourselves to the head’s first layer; for DAG-CNN,
it is constrained to be a part of the DAG (network head).
Second, we gather the necessary gradient-related statistics
that allow to design the possible new neurons. In practice
those combine into a matrix SN. Third, we compute the
optimal updates to perform. However, we are checking if the
eigenvalues of SN− 1

2 are greater than 0.01, a threshold that is
fine-tuned on the validation set. If not, no neurons are added.
If so, all neurons associated with an eigenvalue above 0.01
are added, up to a maximum of 10 neurons. New neurons
are initialized with weights chosen to minimize the loss (on
a subset of the training set). Finally, we apply the change to
the model and resetting the optimizer to take the changes into
account.

We first compare 3 non-growing neural networks, TS-LDA /
GREEN / CNN (Section III-B). We then compare the best non-
growing neural network (CNN) to its growing version, GLL-
CNN and DAG-CNN (Section III-C). Finally, we analyze how
the number of neurons that grew in the last layers correlates
with participant performance.

III. RESULTS

A. Experimental setup

1) Dataset: All the results presented in this study are based
on an already collected dataset called Ricker patch-based
StAR c-VEP (ISAE-SUPAERO Dataset [27]). The EEG data
were collected using a dry 8-electrode Enobio system, with a
sampling rate of 500 Hz to capture the surface brain activity.
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Fig. 3. Balanced accuracy for the 3 fixed architecture GREEN, TS-LDA,
CNN. The boxes correspond to the distribution between the first and third
quartiles. The mean is shown as a red square. Each point corresponds to
the performance of one participant. The stars indicate a significant difference
(***: p < 0.001)

The Nc = 8 electrodes were positioned over the occipital and
parieto-occipital sites, namely: 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)
performing a visual task where they were instructed to direct
their attention sequentially to five presented targets for 2.2
seconds each, which were cued in a random order for 0.5
seconds each. Each participant performed 15 runs, each of
which was composed of 5 trials of 2.2 seconds each. In other
words, we have a total of 75 trials, including 15 trials of 2.2
seconds per codes.

2) Statistical analysis and Evaluation metrics: To analyze
the results of III-B and III-C, we use the Wilcoxon signed rank
test. The Wilcoxon signed-rank test is chosen due to the non-
Gaussian distribution of subject-wise accuracies. The effect
size between two decoding models is measured via standard-
ized mean difference (SMD) estimated over the participants.

The performance of the model is evaluated with the classi-
fication balanced accuracy and the stability of the results.

B. Best classifier without growing
In Fig. 3 we compare three fixed architectures. The CNN

performs significantly better than the 2 other decoding models
(p < 0.001). The performance gain of the CNN over GREEN
and TS-LDA corresponds to a large effect size (SMD > 0.8),
indicating a practically meaningful improvement. CNN obtains
an average accuracy of 0.83, when GREEN obtains 0.807, and
TS-LDA has the worst performance with an accuracy of 0.789.
Moreover, CNN provides more stable results compared to the
other two architectures.

C. Growing vs non-growing
We can see in Fig. 4 the results of the CNN and two growing

versions of the CNN. The GLL-CNN performs significantly
better than the two other architectures (p < 0.001 for DAG-
CNN and p < 0.01 for the CNN). The CNN performs statisti-
cally better than the DAG-CNN (p < 0.001). The improvement
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Fig. 4. Balanced accuracy for the best fixed architecture CNN and two
growing architectures DAG-CNN and growing linear layer (GLL-CNN). The
boxes correspond to the distribution between the first and third quartiles. The
mean is shown as a red square. Each point corresponds to the performance of
one participant. The stars indicate a significant difference (***: p < 0.001,
**: p < 0.01).
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Fig. 5. Boxplot of the size of the hidden neurons in the growing layers of
the GLL-CNN. Balanced accuracy on the test set for each participant of the
CNN architecture. The participants are sorted in an ascending order of their
balanced accuracy. Accuracy starts at 0.5 as it corresponds to the chance level.

of GLL-CNN over the fixed CNN exhibits a medium effect
size (SMD = 0.82), confirming that the observed gains
are not only statistically significant but also substantial in
magnitude. The GLL-CNN obtains an average accuracy of
0.860, whereas DAG-CNN obtains only an average accuracy
of 0.824, and CNN obtains 0.853 as average accuracy.

D. Neurons size with performance

Figure 5 presents the number of hidden neurons in the grow-
ing layers of the GLL-CNN architecture for each participant.
We observe a trend: the number of neurons added decreases as
participant performance increases, reaching for all participants
less than in the fixed-sized CNN (up to 85% less). For most
of the participants with the worst accuracy, we observe that

the number of hidden neurons is saturated, which is due to an
insufficient number of epochs.

IV. DISCUSSION

A. Growing vs Not-growing

In this study, we investigate whether a growing network
outperforms static architectures. To establish a baseline, we
first select the optimal non-growing architecture from three
established models commonly employed in the BCI literature.
A non-deep Riemannian architecture (TS-LDA), a complex
deep architecture using wavelet transform (GREEN), and a
light CNN. The CNN is the architecture with the best and
most stable performance. This leads us to choose the CNN
to adapt it with growing layers. We construct the DAG-CNN
and GLL-CNN architectures and compare them. The growing
architecture GLL-CNN perform better than the CNN, showing
the effectiveness of this strategy for adapting to the subject-
specific brain signal. However, DAG-CNN perform worse
than the CNN and GLL-NN. Moreover, the GLL-CNN has,
on average, 200 fewer neurons than the DAG-CNN and the
CNN. The DAG-CNN goes from 80 to 600 hidden neurons
depending on the participants. This difference compared to the
GLL-CNN comes from the presence of an early stopping and
a threshold to stop the growing in the GLL-CNN which is
not present in the DAG-CNN. This will be added in future
researches. Therefore, we have shown that adding growing
layers as the expressivity layer allows us to efficiently adapt
the classifier to each participant’s brain signal.

In a BCI framework, we do not have enough data to
train really huge and complex models. This data scarcity
explains why a model with 200 fewer neurons (around 80%
less neurons) can have a better accuracy than a fixed model
with more neurons. A smaller size of parameters seems more
adapted to the quantity of data we have.

B. Number of hidden neurons with performance

In Section III-D, we observed an inverse relationship be-
tween the final number of hidden neurons in the CNN and
its classification performance. This trend may stem from
differences in data quality across participants: high-performing
individuals tend to exhibit more stable, less variable, and
less noisy EEG signals. Consequently, the classifier requires
fewer hidden neurons to extract relevant features from its data,
resulting in reduced network growth. Conversely, participants
with lower performance may exhibit greater intra-subject
variability or higher noise levels in their EEG data. In such
cases, the classifier must expand its capacity—by increasing
the number of hidden neurons—to effectively identify and
leverage discriminative features.

However, some of the worst participants do not reach the
saturation level. We could explain it as the fact that the data
of these participants are in a state where adding neurons does
not seem to help to improve the performance. In contrast,
if we look at the good performers, some participants reach
a smaller final number of hidden neurons despite having a
smaller accuracy. Some participants could have more complex



data and still have small variability and noise in the data. This
complexity in the data could induce variable growth in the
growing layers.

The question of the relationship between the performance
and the final number of hidden neurons remains open and
would imply to increase the number of growing steps, increase
the number of epochs, and decrease the threshold for the
eigenvalues of the extension.

V. CONCLUSION

In this paper, we investigate the use of growing neural
network architectures for subject-specific EEG decoding. We
first compare several fixed architectures commonly used in
the BCI literature and identify a lightweight CNN as the most
accurate and stable baseline. Building upon this model, we
introduce two growing variants that dynamically adapt their
classification capacity during training.

Our results demonstrate that selectively growing the final
classification layers significantly improves decoding perfor-
mance compared to fixed architectures, while maintaining a
reduced parameter count. Among the proposed designs, the
growing linear layer (GLL-CNN) achieves the best trade-
off between accuracy, stability, and model complexity. These
findings suggest that subject-specific variability in EEG signals
can be efficiently addressed by adapting only the expressivity
of the final layers, without modifying the shared feature
extraction backbone. Furthermore, the observed relationship
between the final number of hidden neurons and the baseline
decoding performance provides insight into how the growing
mechanisms reflect data complexity and signal variability be-
tween participants. This supports the interpretation of growing
layers as an implicit measure of task difficulty and subject-
specific signal structure.

Future work will focus on refining growth criteria, extending
training schedules, and exploring the growth thresholds to
better characterize the relationship between expressivity and
performance. Additionally, applying this framework to other
datasets, EEG tasks and modalities and online BCI settings
could further establish growing architectures as a practical
alternative to computationally expensive architecture search
methods. Furthermore, while evaluated on EEG data, the pro-
posed growing strategy is applicable to any subject-dependent
or non-stationary time-series classification problem where
computational efficiency and adaptive capacity are critical.
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