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Abstract

Convolutional neural networks (CNNs) are becoming increasingly
popular tools for decoding electroencephalographic (EEG) data. They
alleviate the need for domain expertise in a typical decoding pipeline
by being able to learn feature representations from raw input. How-
ever, the impact of new deep learning research ideas on EEG decoding
is yet to be fully explored. This bachelor thesis introduces the idea
of routing mechanisms in CNNs for EEG decoding. We present two
mechanisms: routing through optimization and routing through atten-
tion. Each mechanism is implemented within the first layer of a CNN
specifically designed to handle EEG data. Through our experimental
setup, we aim to answer the following question: What is the impact of
each routing mechanism on EEG decoding accuracies? To do so, we
look at our models’ learning process and test for statistically significant
differences in performance between our networks and a baseline imple-
menting regular convolution. Our experimental results show that both
mechanisms function effectively and our models reach at least 89% de-
coding accuracy. However, no statistically significant impact is found
for either mechanism. The work here presented sets a framework that
future research can build upon in order to create an efficient flow of
information through the network.
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1. INTRODUCTION

Machine learning (ML) methods play an impor-
tant role in the extraction of relevant features from
electroencephalographic (EEG) recordings within
typical brain-signal decoding pipelines [1, 2 [3].
These methods have been successfully applied on
rehabilitation after stroke [4], sleep stage classi-
fication [5], and operation of prosthetic devices
[6], among others. However, each new decod-
ing pipeline relies on application-specific signal
preprocessing, feature selection, and classification
stages [7,18,9]. Thus, it requires significant exper-
tise and prior knowledge about the EEG data to
be decoded [10].

Deep learning alleviates these requirements
by combining feature extraction and classification
stages within a single model used on minimally-
processed or raw data [11]. This method, known
as end-to-end learning, has proven to be successful
in domains such as computer vision [12, 13| and
natural language processing [14] [I5]. For exam-
ple, convolutional neural network (CNN) models
are recognized for their success in several challeng-
ing image classification tasks [16] 17, [I§].

Recent studies have explored the use of deep
learning techniques for EEG decoding. Specifi-
cally, different CNN models have been developed
for motor and imagery tasks [19] 20, 21], emotion
recognition [22], and seizure detection [23] 24],
among others. Some of these models incorpo-
rate domain-specific knowledge in their design and
reach performances at least as good as popular
ML feature extractors such as filter bank common
spatial patterns (FBCSP) [25]. Moreover, these
studies highlight the benefits of incorporating re-
cent advances in CNN research, such as batch nor-
malization [26] or exponential linear units [27], to
these models [19]. Hence, the relevance of new
deep learning ideas in the task of brain-signal de-
coding is a research area yet to be fully explored.

In this study, we introduce the idea of rout-
ing in convolutional neural networks for EEG de-
coding. Originally, routing is described in the
context of capsule networks [28], where units in
lower-level layers direct their output towards a sin-
gle higher-level unit through the use of routing
weights. These weights are updated iteratively,
depending on the level of agreement between the
representations at each layer. For further details
on capsule networks, see 28], 29].

In the context of CNNs, routing can be used
to constrict the information flow between increas-
ingly higher-level feature maps [30, BI]. As de-
scribed in detail in the Methods section, a routing
mechanism involves two consecutive convolutional
layers. A source element in the earlier layer (i.e., a
characteristic of its feature maps) is directed, via
a set of routing weights, towards a target char-
acteristic in the second layer. Routing provides
a way for the CNN to optimize the forward pass
of a (mini-)batch of input data, given the current
state of the network. Moreover, the flexibility in
designing a routing mechanism permits the use
of domain-specific knowledge to constrict the flow
of information in a way that is logical, given the
characteristics of the input data.

In light of this, we present two routing mecha-
nisms for the purpose of EEG decoding. The first
one, denoted routing through optimization directs
input EEG channels towards learned temporal fil-
ters. It updates the routing weights by optimizing
a mean squared error (MSE) loss within the ear-
lier layer. The second one, referred to as routing
through attention, directs a single time point in the
raw EEG input towards a single unit in the later
layer. It updates the routing weights by calculat-
ing the dot product between the earlier layer’s fea-
ture map and a top-down prediction, reminiscent
of the self-attention method introduced in [32].
Consequently, in this study, we address two key
questions:

e What is the impact of routing through opti-
mization on EEG decoding accuracies?

e What is the impact of routing through atten-
tion on EEG decoding accuracies?

To do so, we introduce a base CNN architecture
inspired by previous work [19, [16] and designed
specifically for handling raw EEG data. From this
base architecture, we stem two variants, denoted
OptimConvNet and AttConvNet, each implement-
ing a different routing mechanism within its first
layer. We first analyze the learning process for
each variant in order to ensure the mechanisms
work correctly. Then, to address whether the rout-
ing mechanisms have an impact in decoding ac-
curacies, we analyze the offline decoding perfor-
mance of each variant in a motor execution EEG
dataset (refer to section 2.1.2 for details). To con-
trol for implementational differences, we compare
these results with those obtained by a version of
each variant without routing.



In the following section, we introduce the prob-
lem tackled and data used in our analysis, as well
as the models we use and our experimental setup.
Section 3 presents the results of our analysis. We
discuss these results in Section 4, and present a
conclusion in Section 5.

2. METHODS

As a first step, we formally introduce the task of
EEG decoding as a multi-class classification prob-
lem and present the dataset used in this study.
Then, we describe the use of convolutional neu-
ral networks and routing mechanisms for EEG
decoding, including the architecture and variants
that we evaluated. Finally, our experimental
setup is described in detail, including the proto-
col, training procedure, and implementational de-
tails. The code used in this study is available
under https://github.com/diegogcerdas/routing-
Chn-eeg)

2.1. EEG Decoding
2.1.1. Problem Definition

The task of brain-signal decoding carried out in
this study is formally defined as a supervised
multi-class classification problem [19]. We assume
that, for each subject i, we are given a dataset
D' ={(X1,11), -, (Xn,,yn,)} where:

o X; ¢ RNe'Ne s a multivariate signal mea-
sured by N. EEG channels at N; discrete
time samples. It denotes the input matrix
of trial j, with 1 < j < N;.

e y; € L is the class label of trial j, where the
label space L = {0,1,...,(K — 1)} defines a
set of K class labels, with K > 1.

e N, is the number of recorded trials for sub-
ject 1.
A classifier f(X7;0) : RNe'Nt — [ parameterized
by weights 0, is trained to correctly assign the la-
bel y; to a given input trial X;. In this study, the
classifier is represented by a convolutional neural
network, as described in Section 2.2.

2.1.2. Dataset

This work uses the High Gamma Dataset (HGD)
[19], which contains recordings for 14 healthy sub-
jects (of which we only use 9 subjects in this study

due to limited computing power). It is based on
128 electrodes, out of which only 44 sensors cov-
ering the motor cortex are used. The dataset con-
sists of a motor execution task: at every trial, sub-
jects are instructed to execute one of four move-
ments: left hand, right hand, feet, and rest. Trials
consist of the four-second segment [-0.5, 3.5]s rela-
tive to cue. The data is originally sampled at 500
Hz, and further resampled to 250 Hz.

Given our problem definition, HGD thus pro-
vides input trials X; € R441000 with class labels
y; € {0,1,2,3}. The number of recorded trials
is on average 963 per subject (standard deviation
150.9).

2.2. Convolutional Neural Networks

In this section, we provide a basic description of
CNNs and routing mechanisms. Then, we intro-
duce our base architecture, from which we derive
the two variants used in our study.

2.2.1. CNN Basics

CNNs are neural network models designed to pro-
cess matrix data [I1]. Prototypical CNNs extract
features through three basic components:

1. Conwvolutional layer. Units in this layer are
organized in feature maps. Each unit’s re-
ceptive field comprises a set of neighboring
units in the previous layer, to which it is con-
nected through a set of weights called a ’ker-
nel’. Kernels are shared by all units within
the same feature map, but vary across fea-
ture maps. The result of each local weighted
sum can be passed through an element-wise
non-linearity [33].

2. Pooling layer. This layer reduces the res-
olution of its input feature maps in order
to merge semantically similar features into
a single one. To do so, a unit in this layer
typically preserves the average or maximum
value within its receptive field [34].

3. Fully-connected layer. This layer connects
all units from the previous layer to every sin-
gle unit in the current layer.

By stacking a series of convolutional and pooling
layers, CNNs extract increasingly higher-level fea-
ture representations. These in turn get passed to
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Figure 1: Base architecture. Raw EEG trials pass through a feature extractor block and a classifier block. Cuboids denote
feature maps; pink regions are convolution/pooling layers; blue rectangles are 1-D feature vectors. Sizes belong to the HGD
dataset. Note: proportions of feature maps and kernels are only approximate.

fully-connected layers in order to perform high-
level reasoning towards a goal (e.g., classification)
[17, 135].

A CNN is trained through backpropagation
[36] to minimize a loss function, according to the
type of problem it aims to solve. To do this, it
is common to employ an optimizer, such as Adam
[37] or SGD [38]. For more details on CNNs, see
111, 39).

2.2.2. Routing Mechanisms

A routing mechanism for CNNs is used to constrict
information flow through the network. It involves
two consecutive convolutional layers, [; and lo. A
given source characteristic of the feature maps in
[ is routed, via a set of routing weights R, towards
a target characteristic in lo. Routing weights get
updated throughout Ng iterations within a sin-
gle forward pass of the input data through the
network. This allows for the CNN to process a
(mini-) batch of data optimally, given the current
state of the network.

Therefore, the design of an effective routing
mechanism concerns three main choices:

1. Which characteristic of the feature maps in
l1 defines the routing source.

2. Which characteristic of the feature maps in
lo defines the routing target.

3. How to update the routing weights R.

The flexibility in defining these three design-
choices permits the use of domain-specific knowl-
edge, in order to provide a routing mechanism that
is useful given the characteristics of the input data.

2.2.3. Base Architecture

Our base architecture is illustrated in Figure 1.
It is a compact CNN architecture divided in two
blocks as follows:

1. Feature extractor. This part is based on the
Shallow ConvNet model proposed in [19].
The first convolutional layer operates along
the time axis, allowing the kernels to ex-
tract relevant frequencies of the input sig-

This layer uses F' kernels of size

(125,1), corresponding to a time duration of

0.5s. This size differs from the original im-

plementation in [19], as larger window sizes

led to increased accuracies in preliminary ex-
periments). Moreover, this layer implements
the different routing mechanisms explored
in this study (described in the next Section
2.2.4).

nals.

The second layer performs spatial convolu-
tion using kernels of size (1,N.). In contrast
to [19], we use Depthwise Convolution [40],
allowing the network to learn D spatial fil-
ters for each temporal filter. This choice
enables the extraction of frequency-specific
spatial filters [20].
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Figure 2: Routing through optimization. An EEG channel z; is routed via routing weights R; towards a single kernel. The
routed input is convolved with kernels BU to produce the layer's output. Through transposed convolution with weights T'D, a
prediction is calculated. The gradient of an MSE loss (between the prediction and the actual input) with respect to the routing
weights is used to update them via N, iterations of gradient descent. * (black) denotes convolution; * (red) denotes transposed
convolution. Red arrows denote the gradient descent process. Note: proportions, number of channels, and number of features

are only illustrative.

The network then performs batch normal-
ization and a squaring non-linearity. Fi-
nally, an average pooling layer with kernel
size (75,1) and stride (15,1) is followed by a
logarithmic activation function. This design
is inspired by the trial log-variance compu-
tation of the FBCSP algorithm [25].

2. Classifier. The feature representations are
flattened and passed through a block con-
taining a Dropout layer [41] with p=0.75, a
fully-connected (FC) layer that shrinks the
representation to F' x F' units, and a ReLU
activation [39]. A second block with the
same shape (Dropout + FC + ReLU) pre-
serves the F'x F' units. Finally, the features
are passed through a FC layer and LogSoft-
max activation that outputs K units. This
design is inspired by the classifier block in
AlexNet [16].

2.2.4. Variants

Two variants are derived from our base architec-
ture, each implementing a different routing mech-
anism within the first convolutional layer:

1. Routing through optimization. This mecha-
nism is illustrated in Figure 2. The rout-
ing sources are EEG channels in the input
trial, and the routing targets are the tem-
poral filters learned by the first layer. In

other words, this mechanism ensures that
the information from each one of the N,
EEG channels in the input trial ends up in
a single output feature map, out of F' pos-
sibilities. We use routing weights R; ; from
EEG channel ¢ to feature map j such that:

> Ri;j=1
j=1

This condition enforces the assumption that
only one feature map receives the full infor-
mation pertaining to EEG channel i, after
proper optimization of the routing weights.
In order to optimize the weights, the layer
performs top-down prediction by performing
transposed convolution on its output feature
maps (obtained by convolving the routed in-
put with the layer’s set of kernels BU) via
an additional set of weights T'D; an MSE
loss is calculated between the layer’s predic-
tion and its actual input; then, the gradient
of the loss with respect to R;; is used to
update the routing weights via gradient de-
scent (running for N, iterations and learning
rate Ir;,); when gradient descent ends, the
final output feature maps are calculated and
passed on to the next layer to continue the
forward pass.

e

This approach is inspired by previous at-
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Figure 3: Routing through attention. An timepoint t; in the recording of channel i is routed via routing weights Ry; 1)
towards a single candidate sliding block. The routed input is convolved with kernels BU to produce the layer’s output. Through
transposed convolution with weights T'D, a prediction is calculated. The dot product between the prediction and the actual
input is passed to a softmax function in order to set the routing weights. This procedure is repeated for N, iterations. Note:
we display a kernel of size (3,1) for illustrative purposes. Sizes and proportions are illustrative only.

tempts to extract optimal frequency com-
ponents from EEG data, in the context of
Brain-Computer Interfaces |42} 43, [44]. The
variant implementing this mechanism is de-
noted OptimConvNet-V,..

2. Routing through attention. As illustrated
in Figure 3, this mechanism routes a sin-
gle timepoint ¢;; from the recording of
EEG channel ¢ towards a single location
(at column ) in the output feature maps.
We use routing weights R(; 1) ; from time-
point #;; to candidate positions j. As de-
scribed for the previous mechanism, these
weights should sum up to 1 across all can-
didates. Candidate positions are the sliding
local blocks, unfolded from the input fea-
ture maps, that contain the timepoint #; .
In order to update the routing weights a
prediction is calculated in a similar man-
ner as in routing through optimization (i.e.,
through convolution of the routed input and
kernels BU, followed by transposed convo-
lution with weights T'D). As opposed to
that mechanism, routing weights are here
optimized by calculating the dot product be-
tween actual input and prediction, then ap-
plying softmax in order to ensure the sum-
to-1 condition. This process is repeated for
N, iterations.

This approach is reminiscent of the self-
attention mechanism [32] and inspired by
theory on capsule networks [28, 29]. This
variant is denoted AttConvNet-V,.

Implementational details for training the routing
weights R, kernels BU, and weights T'D for each
variant are described in Section 2.3.2.

2.3. Experimental Setup
2.3.1. Protocol and Statistical Testing

For each of the 9 subjects we analyzed, we train
four models (each model specifies N,., the num-
ber of inner iterations in the corresponding rout-
ing mechanism):

e OptimConvNet-0
e OptimConvNet-20
e AttConvNet-0

e AttConvNet-10

Note: the maximum number of iterations for each
routing mechanism is a hyperparameter in our
study (in preliminary experiments, these numbers
achieved a more stable and rapid convergence);
moreover, the first layer in models with zero itera-
tions is equivalent in a regular convolutional layer.
For each model, we qualitatively analyze the
learning process by looking at training and vali-
dation losses and accuracies across epochs.
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Figure 4: Learning process for OptimConvNet-20 and
AttConvNet-10 for Subject 1. Upper image displays his-
tory of NLL losses throughout epochs. Lower image dis-
plays history of decoding accuracies (%). Blue lines belong to
OptimConvNet-20 and orange lines belong to AttConvNet-10.
Training stage is displayed in solid lines, while validation stage
is in dashed lines.

We use the decoding accuracies for assessing
the performance of our models. To show a com-
plete picture of the decoding process, we also com-
pare the confusion matrices across subject-specific
models.

We use Wilcoxon signed rank tests [45] to
check for statistically significant differences in the
following contrasted conditions:

e OptimConvNet-0 and OptimConvNet-20
o AttConvNet-0 and AttConvNet-10

By doing so, we assess the impact in decoding
accuracies of each routing mechanism, while con-
trolling for implementational differences between
models.

2.3.2. Training and Hyperparameters

In order to perform within-subject classification,
we train each model separately on the data per-
taining to a single subject. Each model outputs
a subject-specific conditional distribution over the
four classes; hence we train the model to minimize
the negative log-likelihood (NLL) loss. The min-
imization of this loss is equivalent to minimizing
the cross entropy between the true distribution of
classes and the one defined by our model.

(A)
o MSE Loss

Loss

(B) w h ) Epoch

MSE Loss

0 Inner 20 0 Inner 20 0 Inner 20

iterations iterations iterations

Epoch

Figure 5: MSE loss history for Subject 1. (A) displays the
MSE loss optimized at every epoch. (B) shows an schematic
of the MSE loss history for the gradient descent process in
routing through optimization throughout epochs. This pro-
cess corresponds to the testing phase for Subject 1.

We use an Adam optimizer [37] with learning
rate of le-3 to train the kernels BU in the first
layer, as well as the parameters in the rest of the
network, in order to minimize the NLL loss.

We keep the separation into training, valida-
tion, and test sets as used in [19]. Every model is
trained for 200 epochs; we save the model weights
for the epoch that performs best on the validation
set and we use them to define our final model. All
models use D = 4 spatial filters for each of the
F = 8 temporal filters (see Section 2.2.3).

The remaining details on the training process
differ per variant:

o OptimConuvNet. We use a batch size of 16
trials. Moreover, we introduce an additional
Adam optimizer with learning rate of le-1
to train the weights T'D in the first layer,
in order to minimize an MSE loss (this is
possible because the network outputs an ad-
ditional tensor containing the final predic-
tion from the first layer). For the gradient
descent process within the first layer, we im-
plement gradient descent manually and use
a learning rate 1, of 1le+3 (we interpret this
high value as a consequence of the normal-
ization process in the layer).

o AttConuNet. We use a batch size of 8 tri-
als. As opposed to the first routing mech-
anism, here we optimize all weights in the
model (including weights T'D) jointly with
the same optimizer (described above).
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Figure 6: Confusion matrices for OptimConvNet-0 (A), OptimConvNet-20 (B), AttConvNet-0 (C), AttConvNet-10 (D). Matrices
show at entry (4,5) the sum across subjects of predictions for class j when the true label is class i. Each entry also contains the
proportion with respect to the total number of trials of the same class. (B) contains the p-values comparing entries between
OptimConvNet-20 and OptimConvNet-0 (computed through Wilcoxon signed-rank test). (D) contains the p-values comparing
entries between AttConvNet-10 and AttConvNet-0. Bold p-values indicate statistical significance (p < 0.05).

2.3.3. Implementational Details

The software and hardware used in our study are
as follows:

e Programming language: Python 3.8.

Deep learning framework: PyTorch.

e Preprocessing library: braindecode and MNE.

Hardware: We trained our models in Google Co-
lab, using an NVIDIA Tesla T4 GPU.

3. RESULTS

3.1. Learning Process

In order to verify that the models effectively
learn to classify input EEG trials, we look at
their learning process. Figure 4 displays the his-

tory of NLL losses throughout training epochs for
OptimConvNet-20 and AttConvNet-10 trained on
data from Subject 1. It also shows the history of
decoding accuracies per model.

Both models show convergence to a mini-
mum loss and a maximum accuracy during train-
ing.  OptimConvNet-20 achieves a maximum
training accuracy of 98.82%, while AttConvNet-10
achieves 96.86%. Validation loss and accuracy for
OptimConvNet-20 closely follow the training val-
ues, thus showing the results of regularization in
the network. During validation, OptimConvNet-
20 achieves a maximum accuracy of 96.87%. For
AttConvNet-10, we observe an irregular trend,
both for NLL losses and decoding accuracy. De-
spite this, both values increase throughout the



Subject | OptimConvNet-0 OptimConvNet-20 | AttConvNet-0 AttConvNet-10

1 88.125 91.25 85 87.5

2 88.75 92.5 87.5 87.5

3 92.5 91.875 87.5 86.875

4 90.625 92.5 90 90.625

5 85 92.5 89.375 90.625

6 92.5 88.125 88.125 91.25

7 91.25 86.875 89.375 87.5

8 92.5 91.25 92.5 93.125

9 91.25 89.375 86.875 88.125

Summary 90.28+2.4 90.69+£1.96 88.47+£2.02 89.24+2.08

p-value 0.859 0.159

Table 1: Accuracies (%) per subject achieved by each model. For each model, a summary is provided as (meanzstd) and
p-values are reported(comparing OptimConvNet-0 vs. OptimConvNet-20 and AttConvNet-0 vs. AttConvNet-10).

epochs. AttConvNet-10 achieves a maximum val-
idation accuracy of 95.31%.

In addition, we look at the MSE loss history for
OptimConvNet-20 in Figure 5. The MSE loss op-
timized at every epoch (see Section 2.3.2) rapidly
converges to a minimum (in about 10 epochs),
where it stays until the end of training. When
we look at the history of MSE losses optimized
within the first layer of OptimConvNet-20 during
a forward pass of test data, it can be observed
that the learning curve does not converge in the
initial epochs. However, in the final epoch, we can
observe a trend similar to that observed in the his-
tory of MSE loss optimized per epoch.

3.2. Comparison

Figure 6 shows the confusion matrices for each
of our models. At each position (i,5), we show
the total number of test trials predicted as class
7 when the true label is class ¢. This number is
computed as the sum across the 9 subjects we an-
alyzed. Each entry also contains the percentage
with respect to the total number of trials of the
same class.

The matrix corresponding to OptimConvNet-
20 shows, for each entry, the p-value obtained
from a Wilcoxon signed-rank test performed
between the entries for OptimConvNet-20 and
OptimConvNet-0. That is, we compared two sam-
ples of entries, each containing 9 elements. The

same information is displayed for the comparison
between AttConvNet-0 and AttConvNet-10.

We found only one statistically significant dif-
ference between the entries (p < 0.05). Specifi-
cally, the entry (Left Hand, Rest), with p = 0.025.
However, this entry corresponds to an incorrect
classification.

Table 1 displays the accuracies obtained by
each model for each of the 9 subjects ana-
lyzed.  OptimConvNet-20 shows an accuracy
across subjects of 90.69+£1.96% (mean+std), while
AttConvNet-10 achieved 89.24+2.08%. However,
no statistical significance was found for the differ-
ence in accuracies in any of the two routing mecha-
nisms (p = 0.859 for routing through optimization
and p = 0.159 for routing through attention).

4. DISCUSSION

The relevance of new ideas in deep learning re-
search for the task of brain-signal decoding is yet
to be fully explored. In this study, we introduced
one of these ideas: routing mechanisms for convo-
lutional neural networks. We designed two mech-
anisms, namely routing through optimization and
routing through attention, with the purpose of de-
coding EEG trials from a motor execution task.
We presented a base CNN architecture, in-
spired by the trial log-variance calculation in
FBCSP, that extracted temporal and spatial fil-

ters from its raw input. Two variants were de-



rived from this architecture: OptimConvNet-20
implemented routing through optimization using
20 inner iterations; and AttConvNet-10 performed
routing through attention using 10 inner itera-
tions.

When looking at the learning process for each
of these models, it is evident that the models con-
verge to an optimal state, achieving at least 96%
training accuracy and 95% validation accuracy.
From these observations, we can conclude that the
routing mechanisms are implemented effectively
and they do what was intended for each. How-
ever, they do not say anything about the impact
each routing mechanism has on EEG decoding ac-
curacies.

In order to assess this impact, we compared
each model with a baseline version performing zero
inner iterations. We tested the statistical signifi-
cance of the difference between entries in the con-
fusion matrix for each routing mechanism and the
decoding accuracies (both across 9 subjects). Our
results show no statistically significant impact of
the routing mechanisms described in this paper
for the decoding task we tackled.

It is worth mentioning that a potential benefit
of routing mechanisms in general for EEG decod-
ing must not be discarded. Rather, further work
could look into different mechanisms guided by
domain-knowledge. Potential tweaks to the mech-
anisms here presented include a different choice of
loss function for routing through optimization or a
different way of quantifying agreement in routing
through attention. Moreover, it can be beneficial
to inspect the temporal and spatial filters learned
by the network as described in [20, [19].

5. CONCLUSION

In conclusion, this bachelor thesis introduced the
idea of routing mechanisms in convolutional neu-
ral networks for EEG decoding. We presented
two mechanisms: routing through optimization
and routing through attention. By using a CNN
architecture specifically designed to handle EEG
data, we derived two variants: OptimConvNet
and AttConvNet, each implementing a different
routing mechanism within the first layer. We
analyzed their learning process and assessed the
impact on decoding performance of each routing
mechanism in a motor execution task. Our ex-
perimental results show that both routing mecha-

nisms function effectively, with each model reach-
ing at least 89% decoding accuracy. However,
no statistically significant impact of the proposed
routing mechanisms on EEG decoding accuracies
was found. Future studies must investigate dif-
ferent routing mechanism designs that are guided
by domain-knowledge of brain signals and inspect
the effect of routing on feature representations.
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