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ARTICLE INFO ABSTRACT
Keywords: Deep learning has revolutionized EEG decoding, showcasing its ability to outperform traditional machine
Electroencephalography learning models. However, unlike other fields, EEG decoding lacks comprehensive open-source libraries
Neural decoding dedicated to neural networks. Existing tools (MOABB and braindecode) prevent the creation of robust and

Deep learning

. . complete decoding pipelines, as they lack support for hyperparameter search across the entire pipeline, and
Benchmarking toolkit

are sensitive to fluctuations in results due to network random initialization. Furthermore, the absence of
a standardized experimental protocol exacerbates the reproducibility crisis in the field. To address these
limitations, we introduce SpeechBrain-MOABB, a novel open-source toolkit carefully designed to facilitate
the development of a comprehensive EEG decoding pipeline based on deep learning. SpeechBrain-MOABB
incorporates a complete experimental protocol that standardizes critical phases, such as hyperparameter search
and model evaluation. It natively supports multi-step hyperparameter search for finding the optimal hyperpa-
rameters in a high-dimensional space defined by the entire pipeline, and multi-seed training and evaluation for
obtaining performance estimates robust to the variability caused by random initialization. SpeechBrain-MOABB
outperforms other libraries, including MOABB and braindecode, with accuracy improvements of 14.9% and
25.2% (on average), respectively. By enabling easy-to-use and easy-to-share decoding pipelines, our toolkit can
be exploited by neuroscientists for decoding EEG with neural networks in a replicable and trustworthy way.

1. Introduction time series to the classes of interest. In addition, deep neural networks
automatically learn the most meaningful neurophysiological features

Machine learning approaches provide powerful tools for analyzing contained in the input EEG for discriminating the contrasted brain
and decoding the brain activity, both invasively recorded, e.g., using

single-neuron recordings [1-4], and non-invasively recorded, e.g., us-
ing electroencephalographic (EEG) signals [5-7]. Most successful ap-
plications regard the design of accurate neural decoders for Brain—
Computer Interfaces (BCIs), for properly guiding actuators (e.g., a
neuroprosthesis) using directly the user’s brain activity [8,9]. The most
common BCIs rely on the detection of motor imagery, P300, and

states [14-31], without relying on signal characteristics defined a priori
(e.g., power-based features at specific EEG bands [6]). CNNs are the
most used deep neural networks in the literature, as pointed out in re-
cent reviews [7,11-13]. Indeed, CNNs significantly outperformed other
networks [7,11-13,23,30,32,33] - e.g., RNNs based on multi-layer long
short-term memories (LSTMs) or gated recurrent units (GRUs), and

steady-state visual evoked potential (SSVEP) neural responses [10]. hybrid convolutional-recurrent networks — when decoding the EEG

In the past years, deep learning solutions were proposed for EEG for BCI purposes. Remarkably, CNNs also won international scientific
decoding [7,11-13], such as convolutional neural networks (CNNs), competitions on EEG decoding [32,33], and proved to significantly
recurrent neural networks (RNNs), and hybrid convolutional-recurrent outperform traditional machine learning widely across BCI recording
neural networks. Differently from traditional machine learning paradigms, for example in motor imagery [14,15], P300 [15,19,32,34],

pipelines, that separate the extraction of handcrafted features [5] and SSVEP [24,35-37] decoding. Recently, transformer-based neural

from' t.heir. classificatior} (6], deep neural net.works solve t}?e addressed networks also proved to accurately decode EEG, similar to CNNs [38].
classification problem in an end-to-end fashion, from the input neural
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The widespread adoption of complex deep learning methods is con-
tributing significantly to the so-called ‘replicability crisis’ in artificial
intelligence [39], a concern particularly evident in EEG decoding [7].
Within EEG decoding, several factors exacerbate this issue:

i. Lack of common data. Similar to other applications of deep
learning, datasets play a crucial role in EEG decoding. A unique
challenge in EEG decoding lies in the high cost of collecting
data compared to other signals (e.g., speech waveforms). Con-
sequently, studies often rely on relatively small datasets, mostly
with 10°-10* examples (from approx. 10-20 participants) [7].
This leads to both inadequate performance and statistically bi-
ased, noisy, and highly variable performance evaluations, also
due to the high inter- and intra-subject variability in EEG sig-
nals [40]. Among the main EEG decoding studies, only approx.
half of them rely on public datasets (see Roy et al. [7] for a
review). Recently, the ‘mother of all BCI benchmarks’ (MOABB)
initiative [41] has taken remarkable steps in addressing this
issue by standardizing an extensive list of publicly available EEG
datasets under a single Python library.

ii. Lack of open-source libraries. The lack of open-source libraries
and toolkits in the neuroscience community working on EEG
decoding hinders replicability, reproducibility, and transparency
in research. Although initiatives like MOABB [41] contributed
to benchmarking traditional machine learning in a trustworthy
way, its support for deep learning techniques remains limited.
Indeed, in the literature of EEG decoding via deep neural net-
works, less than 15% of studies also release their code publicly
(see Roy et al. [7] for a review), for example exploiting the
braindecode Python library [14]. However, in these cases, the
lack of common programming standards and protocols makes
shared source code often challenging for other users to use
effectively, e.g., source code covering only part of the decoding
pipeline, such as only the neural network (for example in [15,32,
34,38]). Thus, establishing a widely adopted community-driven
open-source library is crucial for the neuroscience community.

iii. Lack of standardization. As emerges from the literature [7],
there is an absence of a standardized experimental protocol
in EEG decoding, affecting also the existing toolkits for EEG
decoding (MOABB and braindecode). Several critical aspects, if
not addressed, may result in imprecise and biased evaluations of
deep learning models.

Concerning the standardization of experimental protocols (i.e., the
last point), two crucial aspects have to be carefully considered for
improving replicability.

The first aspect regards hyperparameter search. Deep learning-based
decoding pipelines introduce many hyperparameters, e.g., for designing
data pre-processing (e.g., cut-off frequencies for band-pass filtering),
data augmentation (e.g., the time shift used for randomly shifting the
EEG in time), network architecture (e.g., the number of convolutional
kernels), and network training (e.g., the learning rate). Therefore, a
deep learning-based pipeline is characterized in general by a high-
dimensional hyperparameter space (i.e., defined by more than 10-20
hyperparameters [42]). Many state-of-the-art pipelines do not search
for optimal hyperparameters, leading to sub-optimal performance and
lacking in robustness (see Roy et al. [7] for a review). Other EEG
decoding studies [14,19,38,43,44] accompany their proposed decoding
pipelines with post-hoc hyperparameter evaluations (i.e., sensitivity
analyses on hyperparameters), analyzing the effect on the test set
performance when using different hyperparameter values respect to
baseline ones. Only a few studies consider pipelines including auto-
matic hyperparameter search by properly using a separate validation
set (different from the test set) [21,23,45-47]. However, here simplifi-
cations of the search space occur, searching for few architectural and
training hyperparameters only (6 on average, across prior studies [21,
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23,45-471), limiting the overall effectiveness and ignoring searching
important hyperparameters on data pre-processing and augmentation.
Additionally, relevant details that influence the final performance, such
as the number of hyperparameter search iterations, and the dataset
used for optimization (e.g., validation or test) are often omitted.

The second aspect regards the performance variability due to ran-
dom initialization. The literature neglects the influence of performance
fluctuations in deep neural networks due to random initialization [14-
27,32,35-38,43-48]. Indeed, as the networks are initialized randomly
in their parameters, the parameters learned after the training process
depend on the initialization point. Consequently, the final decoding
performance is affected by the random initialization. These fluctuations
should be carefully considered in EEG decoding, especially when the
datasets are small [49]. Current practices involve single training and
evaluation with a fixed random seed for initializing networks [14-
27,32,35-38,43-48], potentially biasing results. Indeed, practitioners
might achieve artificially inflated performance by selectively report-
ing the best results from multiple changes in random seeds, rather
than considering the average performance across the multiple random
seeds considered. This way, researchers performing experiments on
deep neural networks could report results biased towards a desirable
direction (e.g., significant improvements compared to a state-of-the-art
algorithm) just by changing the random seed of the random initializa-
tion until the desired effect is achieved. Of course, this needs to be
avoided.

In this study, we introduce SpeechBrain-MOABB, a novel user-
friendly Python library that aims to mitigate the replicability issues
of deep learning approaches applied to EEG, by addressing the critical
limitations presented above. Here we present our toolkit and describe
the use case scenarios in order to ease its use by neuroscientists.
Moreover, we provide a detailed guide for performing a complete
decoding experiment and we also compare the so-obtained decoding
performance with other existing EEG decoding toolkits (MOABB and
braindecode). The main novel contribution of our toolkit is the en-
hanced standardization of the experimental protocol, addressing the
challenges posed by searching the optimal hyperparameters in high-
dimensional search spaces and by the fluctuations of performance
estimates due to random initialization. Specifically, our toolkit includes
a fair and robust experimental protocol for EEG decoding, promoting
standardization by:

i. Suggesting a straightforward yet effective approach to conduct
hyperparameter search in multiple steps, for addressing the
search on high-dimensional search spaces, tuning hyperparam-
eters from data pre-processing, augmentation to network archi-
tecture and training (i.e., the hyperparameters characterizing the
entire decoding pipeline).

ii. Incorporating native support for multi-seed training and evalu-
ation, accounting for the statistical fluctuations in deep neural
network performance resulting from random parameter initial-
ization with different random seeds.

Moreover, as additional important contributions, SpeechBrain-
MOABB simplifies the design of complex decoding pipelines, by en-
abling easy integration of novel algorithms (e.g., a new deep learn-
ing model or a new data augmentation strategy) into state-of-the-art
EEG decoding pipelines, and facilitates their evaluation on MOABB-
supported datasets, spanning across different BCI recording paradigms
(e.g., motor imagery, P300, and SSVEP). Our library serves as a
comprehensive benchmarking tool for neuroscientists interested in
evaluating deep learning solutions with EEG datasets in a replicable
and trustworthy way.

2. Background
In this section we provide an overview on EEG decoding (that is,

single-trial EEG decoding), and on the existing decoding toolkits avail-
able in the state-of-the-art, presenting their strengths and limitations.
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2.1. Single-trial EEG decoding

Let us assume that EEG signals are recorded from many participants
across different recording sessions (performed on the same day or
different days) in a cue-based BCI recording paradigm. For each par-
ticipant and each session, an EEG dataset is formed by trials obtained
by epoching the continuous EEG recording with respect to an event of
interest (e.g., the presentation onset of a stimulus in a P300 oddball
paradigm, exploited in P300-based BCIs). Each trial is associated with
a specific cognitive response (e.g., ‘target’ response: brain response to
target stimuli in oddball paradigms, containing the P300 response)
or motor state (e.g., ‘left-hand imagined movement’ response: brain
response during the imagination of the left-hand movement), among
few states under investigation. The EEG trial can be arranged as a 2-D
representation with C scalp sites and T time samples along columns
and rows, respectively (€ R7*C).

The single-trial EEG (i.e., time-locked EEG activity) can be classified
into the associated brain state, by training a classifier that learns to as-
sociate the correct label to the input single-trial EEG. The classifier can
be implemented by using a deep neural network and it is parametrized
in its trainable parameters (to fit during training on a training set) and
in its hyperparameters (to optimize during hyperparameter search on
a validation set). For brevity, in this study we refer to single-trial EEG
decoding simply as ‘EEG decoding’.

2.2. Existing EEG decoding libraries: Strengths and pitfalls

In contrast to fields like computer vision, natural language process-
ing, and speech processing, EEG decoding lacks dedicated open-source
libraries for using deep learning approaches in a reproducible and
robust way. For example, for processing speech waveforms with deep
neural networks, SpeechBrain [50] is widely used. SpeechBrain is a
Python toolkit built on PyTorch [51], crafted for speech processing ap-
plications like speech recognition, enhancement, speaker recognition,
and various related tasks. Renowned for its flexibility and user-friendly
design, SpeechBrain stands as one of the most widely used open-source
tools in the realm of speech processing. Despite its original focus, its
adaptable and convenient structure allows it to be applied to diverse
sequence processing tasks, including EEG decoding. This work proposes
SpeechBrain-MOABB by extending SpeechBrain to accommodate EEG
decoding, providing the neuroscience community with an opportunity
to leverage its inherent flexibility and ease of use within this domain.

The most popular EEG decoding libraries, namely MOABB [41] and
braindecode [14], are described in the following.

i. MOABB [41]. MOABB represents a reference tool for neuro-
scientists, for benchmarking traditional machine learning on
public EEG datasets. Notably, MOABB supports a variety of
EEG datasets, spanning from motor imagery to P300 and SSVEP
datasets, and evaluation schemes, including leave-one-session-
out and leave-one-participant-out (see Section 3.2.2 for data
iterators). It achieves high replicability of machine learning
pipelines by encapsulating EEG datasets, state-of-the-art classi-
fiers, and evaluation schemes under the same library. It also
provides an easy and standardized way to share the classifier
with its main hyperparameters into a single YAML file (see the
pipelines/ folder in MOABB). MOABB supports hyperpa-
rameter search mainly of classifier hyperparameters (e.g., the
kernel in support vector machine). However, MOABB primar-
ily supports traditional machine learning algorithms, whereas
SpeechBrain-MOABB places a strong emphasis on deep learning.

ii. Braindecode [14]. Among EEG decoding libraries, it is worth
mentioning braindecode, a Python library based on PyTorch [51]
providing several state-of-the-art deep neural networks proposed
for EEG, together with relevant functions and classes for de-
coding EEG. This library, however, is not specifically designed
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to ensure high reproducibility and reliability. Indeed, brainde-
code does not support hyperparameter search within a high-
dimensional search space that encompasses the entire decoding
pipeline, including also aspects like data handling (data pre-
processing, and data augmentation). Additionally, braindecode
does not address the fluctuations of decoding performance due
to the network random initialization (i.e., lacks in robustness to
random seed variability). Even though MOABB offers classes and
functions to integrate neural networks defined with braindecode
(MOABB+braindecode combination), the previous limitations
continue affecting decoding reproducibility and reliability of
deep neural networks applied to EEG.

Despite the important contributions in the field of EEG decoding
introduced by MOABB and braindecode, the neuroscience community
is still awaiting for a comprehensive benchmarking tool for designing
and fairly comparing deep learning-based decoding pipelines applied to
EEG signals, recorded in various BCI recording paradigms (e.g., motor
imagery, P300, SSVEP paradigms).

SpeechBrain-MOABB aims at filling this gap, providing its novel
contribution to the field by overcoming the limitations of the previously
presented EEG decoding libraries, namely:

i. the lack of replicability of deep learning-based pipelines;

ii. the absence of hyperparameter search support on high-
dimensional search spaces, considering hyperparameters from
data pre-processing, augmentation to network architecture and
training;

iii. the high fluctuations of decoding performance estimates due to
random initialization.

Crucially, these important limitations concur to the ‘replicability
crisis’ in artificial intelligence within the neuroscience community.

SpeechBrain-MOABB addresses the previous limitations respectively
by (i) adopting a standardized experimental protocol for performing de-
coding experiments, (ii) supporting multi-step hyperparameter search
for dealing with high-dimensional search spaces, and (iii) introducing
multi-seed training and evaluation for providing performance estimates
robust to the variability caused by random initialization. We summa-
rize in Table 1 the key features of the existing toolkits (MOABB and
braindecode), comparing them with SpeechBrain-MOABB features.

In the following we present our toolkit, delineating its design prin-
ciples and describing in detail its key components, conceived for over-
coming the previous limitations currently affecting the open-source
EEG decoding libraries.

3. SpeechBrain-MOABB: Architecture and key features

In this section, we initially outline the design principles of
SpeechBrain-MOABB and then delve into the key elements and scripts
involved in the management of data pre-processing, data iteration,
data augmentation, neural network definition and training, and hy-
perparameter search. Finally, we illustrate the command-line inter-
face (CLI) for using the proposed toolkit. A high-level overview of
SpeechBrain-MOABB is depicted in Fig. 1, showcasing its main parts
and relevant scripts. Our toolkit is publicly released under the highly
permissive Apache 2.0 license, providing easy access and usability at
https://github.com/speechbrain/benchmarks/tree/main/benchmarks/
MOABB.

3.1. Design principles and strengths

SpeechBrain-MOABB is developed with the following goals:


https://github.com/speechbrain/benchmarks/tree/main/benchmarks/MOABB
https://github.com/speechbrain/benchmarks/tree/main/benchmarks/MOABB
https://github.com/speechbrain/benchmarks/tree/main/benchmarks/MOABB
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Table 1

Comparison between SpeechBrain-MOABB and the existing EEG decoding libraries. Here, ‘ML’ stands for machine learning, and ‘DL’ stands for deep learning. Note that with
‘complete hyperparameter search’ we indicate a complete search spanning from data pre-processing, augmentation, to network definition and training.

Python library Mainly Easy Easy replicability Support for a complete Robustness to random
used for to use of the decoding pipeline hyperparameter search seed variability

MOABB [41] ML v v X X
Braindecode [14] DL v X X X
SpeechBrain-MOABB DL v v v v

(L h0ABS EEG daase SpeechBrain

Hyperparameter search : M OA B B

ﬂcoding experiment \ \

Gata handling l \
[ Data pre-processing ] [ Data iterator ] [ Data augmentation ] \

utils/prepare.py utils/dataio_iterators.py

| Leave-one-participant-out

%M

Leave-one-session-out

speechbrain/augment
/augmenter.py

-
A A e AN, s s g A

Neural network architecture]

models/[model_name] .py

Training and evaluation ]

A
\ train.py

CLI:

run_experiments.sh

CLI: run_hparam optimization.sh

| Hyperparameters and hyperparameter
search space

hparams/[hparams_name] .yaml

Fig. 1. SpeechBrain-MOABB: high-level scheme. The core elements are the data pre-processing, iterator, and augmentation (data handling), together with the neural network
architecture, and the network training and evaluation loop. The basic decoding experiment runs a single cross-validation fold. To run the entire experimental setup, the script is
wrapped in a command-line interface (CLI) that supports different training/evaluation strategies and also multi-seed random initialization (run_experiments.sh). Finally, this
is augmented to run the multi-step hyperparameter search, using another CLI (run_hparam_optimization.sh). All the hyperparameters characterizing the entire decoding
pipeline, together with the hyperparameter search space, are conveniently defined in a single hyperparameter file (YAML file). In the figure, to ease the comprehension of the
fundamental processing steps, each step is accompanied by an illustration of its processing. The names of the relevant scripts are reported too (bold font).

i. Ease of use. We prioritize accessibility for neuroscientists, in- ii. Replicability. Besides encapsulating the entire decoding pipeline

cluding students and practitioners with varying levels of pro-
gramming expertise. A clear distinction exists between the hy-
perparameters and the training script. Through CLIs orchestrat-
ing training, evaluation and hyperparameter search, and hyper-
parameters fully exposed in a single YAML-formatted hyperpa-
rameter file, users can set up the entire deep learning-based
decoding pipeline simply by properly compiling one file (the
hyperparameter file). This design allows neuroscientists to invest
more time in experimenting and less in technical setup. To
further ease the toolkit’s use, we provide tutorials helping users
at various educational levels, from beginners to experienced
neuroscientists with deep learning expertise.

iii.

in a single hyperparameter file (thus, making it easily replica-
ble across research groups), our toolkit incorporates a robust
experimental protocol to mitigate the replicability crisis in EEG
decoding, that natively supports multi-seed random initialization
and multi-step hyperparameter search. This protocol comprehen-
sively manages all experiment settings, ensuring replicable and
trustworthy results.

Sharing of entire decoding pipelines. We have structured
SpeechBrain-MOABB to facilitate easy sharing of the decoding
pipeline (from data pre-processing and data augmentation to
network definition and network training) within the neuro-
science community. This design encourages neuroscientists to
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Fig. 2. Data pre-processing. Top-left and top-right panels show the power spectral density (PSD) and the amplitude over time of Cz electrode, respectively. In the lower panel
are reported the sets of EEG electrodes generated by the performed spatial sampling procedure, as a function of the hyperparameter C,,,, that defines the distance with respect
to the seed electrode (Cz in the figures) for selecting the electrodes. The main hyperparameters defining the pre-processing are highlighted with red (fy, f1, f9; 1, Cyep» and f)).
For these representations, BNCI2014-001 dataset [53] is used.

share their deep learning-based decoding approaches and finally
obtain replicable results, fostering progress in the field.

iv. Research. Our primary aim is to promote research in EEG de-

coding, facilitating interdisciplinary collaboration between deep
learning scientists and neuroscientists. By allowing deep learn-
ing experts to design novel EEG decoding pipelines without
requiring in-depth knowledge of neural signal processing intri-
cacies, SpeechBrain-MOABB encourages collaboration between
speech and EEG researchers. This synergy has the potential to
foster positive cross-contamination of ideas and methodologies.
Indeed, insights taken from the speech recognition domain, even
though appearing as a distant domain from EEG decoding, led to
exciting results in recent EEG studies [17,18,21,23,26,52].

3.2. Data handling

3.2.1.

Data pre-processing

SpeechBrain-MOABB is fully compatible with the MOABB [41] EEG
data structure, allowing users to leverage MOABB datasets. The signals
included in MOABB were collected during cue-based BCI recording
paradigms (see Section 2.1). In SpeechBrain-MOABB the EEG pre-
processing is performed with the script utils/prepare.py, by
leveraging on MNE [54] and MOABB [41] Python libraries, and it
is schematized in Fig. 2. Neural signals undergo a lightweight pre-
processing in the frequency, temporal, and spatial domains to prepare
them for decoding (see also Roy et al. [7]):

i.

iii.

iv.

Band-pass filtering. Signals are band-pass filtered within the
range [fy, f1] Hz, where f, and f, denote the low and high
cut-off frequencies (3dB-frequencies), respectively. Here, a 4th
order zero-phase infinite impulse response Butterworth filter is
employed.

. Epoching. EEG trials are obtained by epoching continuous sig-

nals within the range [t,,7,] s, where ¢, and 1, are the lower
and upper limits of the EEG trial, respectively, having indicated
with ¢ = 0 s the onset of the reference event used for epoching.
In motor imagery, P300, and SSVEP recording paradigms, the
reference events correspond to the onset of movement imagery,
standard/deviant stimulus, and SSVEP stimulus, respectively.

Electrode set selection. A spatial sampling procedure is em-
ployed to select the set of channels from the complete channel
set contained in each EEG trial. Beginning with a seed channel
(Cz by default, but can be changed by the user), the selected set
of channels includes adjacent channels within a distance of C,,,
channels from the seed channel. This spatial sampling procedure
ensures that the set of considered channels ranges from a small
subset (a few neighbors of the seed channel, Cy,, = 1) to the
entire channel set (Cy,,, = depending on the parameter
Cistep Cstepmax depends on the number of EEG channels per EEG

trial.

step,max )’

Downsampling. For computational efficiency, signals are down-
sampled to f.
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Of course, also other EEG pre-processing steps may be applied
to enhance the task-related brain activity. For example, channel re-
referencing and artifact removal via independent component analysis
are widely used for canonical EEG analyses [55]. However, when
moving from EEG analysis to EEG decoding via deep neural networks,
simpler pre-processing pipelines are exploited [14-25,38,48], as the
one used in our study. Our pre-processing pipeline takes inspiration
from prior studies on deep learning-based EEG decoding [14-25,38,48]
(see also Roy et al. [7] for a review). Here, the pre-processing is
kept as light as possible, leaving the learning system able to auto-
matically extract the most relevant features contained in the input
EEG for accurately discriminate the target brain states (e.g., motor
imagery conditions). Indeed, deep neural networks proved to be able
to automatically extract the most relevant brain-related activity from
such lightly pre-processed EEG [14-25,38], avoiding the use of a heav-
ier pre-processing pipeline that include additional steps (e.g., artifact
removal via independent component analysis). For example, in case a
peculiar spatial filtering is relevant for enhancing specific task-related
brain activity, a deep neural network is able of automatically learning
such processing by exploiting spatial convolution. In this convolu-
tion, spatial filters are learned and convoluted with the input time
series, enhancing the relevant spatial information for solving the EEG
decoding problem (i.e., discriminating different brain states). Thus,
this automatic EEG processing operated by deep neural networks is
considered like a replacement for pre-processing steps such as re-
referencing (e.g., common average referencing: computing the mean
across channels and removing it from each channel) and artifact re-
moval procedures (e.g., enhancing the contralateral brain activity over
the sensorimotor cortex in a motor task via independent component
analysis) [7].

The collection of the hyperparameters defining each pre-processing
step (i.e., fo, f1> t0> t1> Cyeps f5) constitutes the data pre-processing
hyperparameters that should be tuned together with the other hyper-
parameters of the decoding pipeline.

3.2.2. Data iterator

EEG datasets typically involve multiple participants, each recorded
across multiple recording sessions. Consequently, neural decoders can
be mainly trained as (see also Roy et al. [7]):

i. Participant-specific decoders, utilizing leave-one-session-out
cross-validation. For each participant, one recording session is
reserved as a test set (identified in red in Fig. 1), and the remain-
ing sessions constitute the training and validation sets (identified
in blue in Fig. 1). This results formally in a session-level cross-
validation scheme, where the number of cross-validation folds
is equal to the number of total sessions. A leave-one-session-
out strategy can be used for evaluating the performance of
participant-specific decoders, simulating a classic BCI recording
paradigm in which many recording sessions are acquired for
calibrating (i.e., training) decoders, and an online session is used
for testing the decoder.

ii. Cross-participant and participant-agnostic decoders, employing
leave-one-participant-out cross-validation. Here, one participant
(i.e., all the recorded sessions for that participant) is held out
as a test set (identified in red in Fig. 1), while the remaining
participants contribute to the training and validation sets (iden-
tified in blue in Fig. 1). This corresponds to a participant-level
cross-validation scheme, where the number of cross-validation
folds is equal to the number of total participants. A leave-one-
participant-out strategy can be used for evaluating the perfor-
mance of participant-agnostic decoders, simulating the applica-
tion, on a new user, of a decoder trained on other subjects,
i.e., simulating a calibration-free BCI system.
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Participant-specific decoders, as demonstrated in previous
studies [19,23,25], outperform cross-participant decoders, primarily
due to the high inter-participant variability in EEG signals
characterizing cross-participant training strategies. SpeechBrain-
MOABB accommodates both of these cross-validation approaches, pro-
viding the corresponding data iterators in the script
utils/dataio_iterators.py. These iterators mimic the MOABB
data iterator counterparts (namely, CrossSessionEvaluation and
CrossSubjectEvaluation classes), while being compliant with
SpeechBrain data handling.

3.2.3. Data augmentation

With SpeechBrain-MOABB, the EEG signals can be dynamically
augmented on the fly during training, meaning that each training
mini-batch undergoes a distinct augmentation. EEG augmentation adds
synthetic EEG to the training set (see Lashgari et al. [56] for a review)
and is achieved by:

i. Injecting noise with specific patterns (e.g., white Gaussian or
pink noise) in signals, with a specific signal-to-noise-ratio (SNR).
This augmenter introduces a spectral perturbation in the time
series, by adding frequency components to the spectrum.

ii. Dropping a frequency band from signals. Similar to the previous
augmenter, this one applies a perturbation to the spectrum of
the time series. However, in contrast to the previous augmenter,
here a range of frequencies is removed from the spectrum.

iii. Dropping chunks of the signals by zeroing portions of time series.
Here, the augmented time series will encode less information
in the time domain, simulating an EEG recording in which
less potential components are evident in the neural response
(e.g., removing the P300 component from the neural response).

iv. Dropping (i.e., zeroing) or swapping signals of few EEG chan-
nels. This augmenter forces the network to avoid relying on
a specific EEG channel (channel dropping) or specific spatial
combinations (channel swapping). For example, this augmenter
simulates EEG data in which an electrode is not available or it
is not reliable (e.g., due to electrode pop), so it is zeroed in the
EEG multi-variate activity.

v. Applying a perturbation to the signal amplitude, by multiplying
signal amplitude by a constant. Here, the augmenter increases
the variability of the EEG signal amplitude, simulating the phys-
iopathological modulations of the amplitude of potential com-
ponents [57] (e.g., due to inter- and inter-subject variability or
due to cognitive deficiencies). This is achieved by increasing
or decreasing the amplitude of existing signals (A) by a factor
SA. That is, the amplitude of augmented signals (4*) is A* =
(1+64) A.

vi. Applying a time shift 67 to the signals. Similar to the previous
augmenter, this one simulates the physiopathological modula-
tions of the latency of potential components [57] (e.g., due to
inter- and inter-subject variability or due to cognitive deficien-
cies) by anticipating or delaying the signal.

vii. Applying CutCat [58]. CutCat generates new EEG trials by cut-
ting existing trials into different segments (at least 2 segments)
and by randomly concatenating together segments belonging to
different EEG trials. In other words, just by exploiting the inter-
trial EEG variability, this augmenter generates new trials by
concatenating portions of different trials together.

The previous data augmenters generate new time series by work-
ing on the original time series in the frequency domain (points i.
and ii.) or in the time domain (from point iii. to point vii.). To
increase the variability in data augmentation, the hyperparameters
of data augmenters (e.g., the SNR used while injecting noise, the
amplitude perturbation §A4, the time shift 67, the number of segments
in CutCat, etc.) are randomly sampled within specified ranges dur-
ing input mini-batch processing. The parameters defining ranges for
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Fig. 3. Data augmentation: parallel and sequential augmentations. For these representations, a representative signal (Cz electrode) from BNCI2014-001 dataset [53] is used (4s-long
EEG trial sampled at 125 Hz). A set of three augmenters (dropping randomly chunks of the signal, applying a random amplitude perturbation, and applying a random time shift)
is used for illustrating how data augmentation works in SpeechBrain-MOABB. For each augmentation step, the original time series are reported (thin black lines) together with the

augmented time series (red lines).

sampling augmenters’ hyperparameters are hyperparameters them self,
and should be tuned during hyperparameter search together with the
other hyperparameters defining the decoding pipeline. Examples of
these parameters are the low (SNRj,) and high (SNRy,,) SNR
values used while injecting noise for sampling the SNR in the inter-
val [SNRy,,. SNRy,,;], the maximum absolute value of 54 (54,,,)
for sampling it in the interval [~§A,,,,.64,,,], the maximum abso-
lute value of &1 (6t,,,) for sampling it in the interval [—61,,,,, 84|,
and the maximum number of CutCat segments. The augmenters are
defined in the scripts speechbrain/augment/time_domain.py
and speechbrain/augment/freq_domain.py, respectively for
augmenters that works in the temporal and frequency domains.

In SpeechBrain-MOABB the augmentation techniques can be applied
either in parallel or sequentially, see Fig. 3 for a representative scheme,
respectively in the left and right panels. In parallel augmentations, mul-
tiple versions of the original signal are generated, each augmented with
a different augmentation technique (independent transformations). In
sequential augmentations, augmenters are applied one after the other
on the original signal, with shuffleable order (combined transforma-
tions). Sequential augmentations might introduce a higher variability
in the generated synthetic EEG signals compared to the original ones.
These might be preferred in applications in which different aspects
of the EEG (e.g., amplitude and latency) change simultaneously, for
example the reduced P300 amplitude and increased P300 latency in
auditory and visuo-spatial tasks known reflecting deficiencies in cog-
nitive, attentional, and working memory processes, when compared
to healthy subjects [21,59]. Additionally, we encourage neuroscien-
tists to consider sequential augmentations also from a computational
prospective, as they are less computational demanding than parallel
augmentations. This is an important aspect to consider, as data augmen-
tation contributes to increasing the computational cost. Indeed, data
augmentation for example increases the computational time of a single
decoding experiment by 40.4%, on average across 9 MOABB datasets
(see the experiments discussed in Section 4.4), with an increase ranging
from 4.9% to 59.7%. Here, we have quantified the impact of data aug-
mentation on the computational time by measuring the computational
time variation (in percentage) between switching off and turning on
data augmentation. To investigate more in detail data augmentations,
let us consider the augmentations illustrated in Fig. 3 performed on a
single EEG signal. Performing the augmentations in parallel requires
a wall-clock time of 0.0029 + 0.0006 s, while performing them in

sequence requires 0.0026 + 0.0004 s (mean + standard deviation
across 100 different runs of the random augmenters). Remarkably, the
difference between these computational times is statistically significant
(p < 0.001, pairwise Wilcoxon signed-rank test [60]). Moreover, as
concerning the GPU memory required for data augmentation, let us
denote with B the bytes occupied by the original input EEG trial on
GPU. The GPU memory footprint for running N data augmenters in
parallel is NB (for example 3B in Fig. 3-left panel, N = 3), as for
each augmenter a new synthetic EEG trial is generated. On the other
hand, the occupied GPU memory is always 2B in case of sequential aug-
mentations, as only one new synthetic EEG trial is generated in total.
Therefore, by using parallel augmentations the GPU memory footprint
scales up linearly depending on the number of data augmenters, leading
to higher GPU memory requirements than sequential augmentations
when N > 2 augmenters are included. From these considerations,
sequential augmentations are characterized by lower computational
times and by a GPU memory footprint independent of the number
of applied augmenters. Thus, we suggest neuroscientists to exploit
sequential augmentations in case of limited computational resources
available, for example limited computational time on high performing
computing clusters or limited GPU memory. On-the-fly augmentation
is applied to each mini-batch (i.e., no need for storing augmented data
on disk), with a random selection of desired augmenters, either in
parallel or sequence. The augmentation strategy is defined in the script
speechbrain/augment/augmenter.py.

3.3. Neural network

The neural network architecture can be easily defined in a Pythonic
way using PyTorch (see the code snippet in Fig. A.1 of Appendix).
Models are stored in the models/ folder as a separate Python file for
each neural network. SpeechBrain-MOABB natively includes popular
EEG models like EEGNet [15]. EEGNet is a prominent CNN for EEG
decoding, known for its effectiveness across various tasks such as motor
imagery, P300, and SSVEP decoding [17,19-24,32,33,48,61-66]. No-
tably, EEGNet-like architectures have consistently outperformed other
CNNs, deep neural networks, and traditional machine learning methods
in international scientific competitions [32,33]. The network’s imple-
mentation is available in models/EEGNet . py. Furthermore, we also
include ShallowConvNet [14] (in models/ShallowConvNet.py),
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one of the first successful CNNs proposed for motor imagery decod-
ing, and EEGConformer [38] (in models/EEGConformer.py), a
recent transformer proposed for motor imagery and emotion decoding.
Moreover, to facilitate the integration of SpeechBrain-MOABB with
CNNs designed for braindecode [14], we also provide a dedicated class
that enables the seamless integration and use of braindecode mod-
els within SpeechBrain-MOABB (in models/BraindecodeNN. py).
See also the dedicated tutorial in the SpeechBrain-MOABB repository.
Therefore, users have also the option to use braindecode models in
SpeechBrain-MOABB, with the advantage of benefiting from the robust
experimental protocol included in SpeechBrain-MOABB for ensuring a
highly replicable and trustworthy EEG decoding (see Section 2.2 for a
discussion on the strengths and pitfalls of the existing decoding tools).

Even though SpeechBrain-MOABB can be used with any network
architecture (as it is architecture-agnostic), in our toolkit we primarily
include models that reach state-of-the-art performance in the litera-
ture (see [7,11-13] for a review), to provide researchers the most
relevant and promising available networks. These are CNN-based and
transformer-based models. CNNs are included as they are considered a
natural starting point for designing powerful decoders of multi-variate
time series [67]. Moreover, CNNs are highly recommended over other
deep neural networks (e.g., RNNs and hybrid convolutional-recurrent
networks) for decoding the EEG recorded in the main BCI recording
paradigms (e.g., motor imagery, P300, and SSVEP) [11]. Indeed, from
the literature review presented in Section 1, CNNs are the most used
deep neural networks for EEG decoding, providing the most accurate
prediction compared to other deep neural networks [7,11-13,23,30,32,
33]. Finally, we include transformer-based networks as they represent
a recent advancement in the field of EEG decoding. Indeed, by includ-
ing the attention mechanism in the network architecture [68], these
networks accurately decode the EEG similar to CNNs [38].

Of course, many network hyperparameters define the network ar-
chitecture, for example the number of temporal convolutional kernels
of the first convolutional layer of EEGNet [15]. The collection of these
hyperparameters constitutes the network architecture hyperparameters
to tune during hyperparameter search, and depends on the specific
architecture adopted in the decoding pipeline.

3.4. Network training and evaluation

Neural networks are randomly initialized and trained using the
categorical cross-entropy as loss function. Here, the user can choose
among PyTorch optimizers, optionally applying learning rate sched-
ulers (e.g., cyclic learning rate [69]). Networks can be trained up to
the epoch with best validation performance (suitable for enabling early
stopping) or up to the last training epoch set (suitable for performing
hyperparameter search also of the number of training epochs). Polyak
averaging [70] is implemented, allowing the averaging of the network
parameters over past epochs instead of returning the parameters from
the final training epoch (temporal averaging of network parameters).
This helps addressing convergence problems due to the noisy training
process (characterizing mini-batch stochastic gradient descent), thus,
it provides a more stable optimization solution. All aspects defining
network training, such as the optimizer, the learning rate, the learning
rate scheduler, the number of epochs averaged in Polyak averaging,
etc., define the network training hyperparameters whose optimal values
are found during hyperparameter search.

Finally, once trained the networks, the performance measures on
the validation and test sets are returned. The training and evaluation
loops of one cross-validation fold are wrapped into a convenient script
models/train.py.

SpeechBrain-MOABB addresses the challenge posed by the statis-
tical fluctuations in deep neural network performance resulting from
random parameter initialization by exploiting multi-seed training and
evaluation. This procedure consists in training and evaluating multiple
times the decoding pipeline, each time using a different random seed
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for initializing the trainable parameters of the neural network. This
way, multiple performance estimates are obtained (on the validation
and test sets), each by using a different random seed while initial-
izing networks. The final decoding performance is then computed as
the average performance across the adopted random seeds. Here, we
recommend to run experiments with 10 different random seeds, for
obtaining stable decoding performance, with a performance variability
consistently less than 0.5%, on average across 9 MOABB datasets [53,
71-77] (see SpeechBrain-MOABB documentation for additional details
and results).

3.5. Hyperparameters

SpeechBrain-MOABB conveniently exposes all the main hyperpa-
rameters affecting the entire decoding pipeline in a single file con-
taining all hyperparameters. To do so, SpeechBrain-MOABB uses an
enhanced version of YAML called HyperPyYAML. The hyperparameter
file handles all the main operations of the decoding pipeline, including
hyperparameters for data pre-processing (e.g., the sampling frequency
during downsampling), data augmentation (e.g., the ranges used in data
augmenters), network architecture (e.g., the number of convolutional
kernels) and network training (e.g., the learning rate). It goes beyond
associating hyperparameters with standard data types, also allowing
the linkage to complex Python objects, such as the definition of the
target MOABB dataset to use (e.g., the widely used BNCI2014-001
dataset [53]) and of the neural network (e.g., EEGNet). In Fig. A.2
of Appendix we provide a snippet of a hyperparameter file, showing
a representative example for defining data pre-processing with the
BNCI2014-001 dataset [53] and for defining EEGNet as neural network.

Conveniently, in SpeechBrain-MOABB the YAML-file comments can
be used to identify the hyperparameters to be considered in hyperpa-
rameter search and to define their search space (see Section 3.6 for
further details about hyperparameter search).

For instance, to search for the optimal dropout rate the comment
could be set as follows:
dropout: 0.25 # Qorion_stepl: —-dropout ‘uniform(0.0, 0.5)’.

The comment should specify the step of the multi-step search
(‘orion_stepl’ for the first step), the hyperparameter name (‘dropout’),
the distribution for sampling values during optimization (‘uniform’
for using a uniform distribution), and the range for searching the
hyperparameter (‘(0.0, 0.5)"), with the syntax indicated in the previous
example. See later Section 3.6 for details about hyperparameter search.
The user can include as many optimization steps as desired by simply
using the tags ‘orion_step2’, ‘orion_step3’, etc. This approach allows
users to conveniently specify in a single file not only the hyperpa-
rameters of the entire decoding pipeline (at specific values or Python
objects, see Fig. A.2 of Appendix), but also to mark the ones to optimize
during hyperparameter search, defining their search space and the
optimization strategy (single-step or multi-step, see Section 3.6 for
further details). This ensures both replicability and simplicity — even of
advanced aspects like hyperparameter search settings — when address-
ing EEG decoding via deep learning-based pipelines. Moreover, this
strategy ensures an easy share of decoding pipelines, as neuroscientists
can simply share one single file with the scientific community, overall,
to fully cover the entire experimental decoding setup.

Remarkably, SpeechBrain-MOABB comes with a set of optimal hy-
perparameters (characterizing from data pre-processing, augmentation,
to network architecture and training) for decoding various EEG datasets
with different models. Specifically, we provide the optimal hyperpa-
rameters when using EEGNet [15], ShallowConvNet [14], and EEGCon-
former [38] for decoding the following MOABB datasets, recorded for
motor imagery, P300, and SSVEP BClIs: BNCI2014-001 [53], BNCI2014-
004 [71], BNCI2015-001 [72], Lee2019-MI [73], Zhou2016 [74],
BNCI2014-009 [75], EPFLP300 [76], BI2015a [77], and Lee2019-
SSVEP [73]. These optimal hyperparameters are obtained while pro-
cessing a total of 204 participants and 26 recording sessions. The
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optimal hyperparameter files (one per dataset and neural network)
are contained in the hparams/ folder, and are organized depending
on the nature of the BCI paradigm that was adopted for recording
EEG signals (i.e, motor imagery, P300, and SSVEP paradigms). These
files (containing the optimal hyperparameters for various BCI datasets)
resulted from computations performed on high-performance computing
clusters with an Intel Gold 6148 Skylake CPU (2.4 GHz), an NVIDIA
V100 GPU (16 GB of memory) and 12 GB RAM.

3.6. Hyperparameter search

The goal of hyperparameter search is to discover good hyperpa-
rameters for a decoding pipeline, yielding the best performance as
assessed on an independent validation set. SpeechBrain-MOABB relies
on the Orion library [78], an asynchronous framework for black-box
function optimization. In each iteration of the optimization procedure,
a different hyperparameter configuration is sampled and used to train
and evaluate the decoding pipeline. The validation performance to op-
timize is computed as the average validation performance across cross-
validation folds and across participants (in case of leave-one-session-out
iteration scheme).

Common search algorithms exploit a pre-defined rule to sample
hyperparameters, e.g., sampling each possible hyperparameter config-
uration (grid search) or randomly sampling a fixed number of hy-
perparameter configurations (random search [79]). On the contrary,
sequential model-based search algorithms [80] maintain a record of
past validation performance. They update a probabilistic model, such as
a tree-structured parzen estimator (TPE), to inform the selection of the
next hyperparameter configuration to try. SpeechBrain-MOABB sup-
ports all these search modalities, with sequential model-based search
algorithm (TPE-based) being the default choice due to its proven supe-
riority over grid search and random search [80,81]. In SpeechBrain-
MOABB we offer configuration files for properly setting the search
algorithm in the YAML files contained in the hparams/orion/ folder
(e.g., hparams_tpe.yaml for TPE).

As highlighted widely across Sections 3.2.1, 3.2.3, 3.3, and 3.4
while describing data pre-processing, data augmentation, network ar-
chitecture and training, the definition of a complete EEG decoding
pipeline requires to set many hyperparameter values. SpeechBrain-
MOABB addresses the challenge posed by searching hyperparameters
in high-dimensional search spaces (i.e., defined by more than 10-20
hyperparameters [42]) through its support for multi-step hyperparam-
eter search. This approach divides the search into sequential steps,
each operating on a low-dimensional sub-space sampled from the orig-
inal search space. Performing sequential searches on low-dimensional
sub-spaces of the entire search space instead of a single search on
it, should prevent finding sub-optimal hyperparameter values due to
the high-dimensionality of the entire search space [82]. Multi-step
hyperparameter search has proven to strike a favorable balance be-
tween performance and computational complexity. Specifically, we
recommend a 2-step process. During the first step, data pre-processing,
network architecture, and network training hyperparameters are opti-
mized, without performing data augmentation. In the second step, data
augmentation is enabled and only its hyperparameters are optimized.

Despite the aforementioned measures, hyperparameter search can
anyway be computationally expensive, especially for large datasets
with numerous participants and sessions. Indeed, for example when
using a leave-one-session-out iteration scheme, the validation perfor-
mance is extracted by leveraging on all the trained neural networks
across cross-validation folds (i.e., held-out sessions) and across par-
ticipants. To mitigate this issue, SpeechBrain-MOABB supports hyper-
parameter search on a subset of data (i.e., a subset of participants).
Surprisingly, optimizing hyperparameters only on 3-5 participants re-
sults in optimal hyperparameter values that perform well across other
participants. This is the default choice in SpeechBrain-MOABB, which
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makes it feasible to find a good set of hyperparameters with manage-
able computational costs, for example with a wall-clock time of approx.
2.3 days (using a subset of 3-5 participants) vs. 13.4 days (using all
participants), on average across 9 MOABB datasets [53,71-77] (see also
Section 4.4). To further speed up hyperparameter search, SpeechBrain-
MOABB conveniently caches datasets obtained with a specific data
pre-processing applied. Indeed, data pre-processing can require a few
minutes to be performed on large datasets for each search iteration
(e.g., on Lee2019-MI [73] MOABB dataset), thus affecting the overall
computational time required for hyperparameter search.

It is important to note that the key aspects of the proposed ex-
perimental protocol, such as the type of hyperparameter search al-
gorithm, number of hyperparameter optimization steps of multi-step
search, number of participants for hyperparameter search, and number
of random seeds to use for network initialization during multi-seed
training and evaluation (see Section 3.4), have been object of an
extensive experimental validation. This validation was performed on
9 MOABB datasets [53,71-77] recorded during motor imagery-based,
P300-based, and SSVEP-based BCI paradigms. For brevity, we present
experimental results covering the main aspects of the protocol, while
the full battery of experiments is available in the documentation of the
referenced SpeechBrain-MOABB repository.

3.7. Command-line interfaces (CLIs)

SpeechBrain-MOABB includes two scripts providing CLIs to users for
easily benchmarking neural networks. These CLIs are of central impor-
tance for users, as they interact directly with SpeechBrain-MOABB by
using them. In Table 2 we summarize the main properties and use case
scenarios of the CLIs, to ease their use by neuroscientists, and in the
following we describe them.

i. run_experiments.sh: This command executes a complete
EEG decoding experiment with assigned hyperparameters, sup-
porting multi-seed training and evaluation. It is suitable for
neuroscientists who desire to easily replicate existing state-of-
the-art pipelines, shared by another research group (e.g., repli-
cate a benchmark). The script performs multiple calls at the
train. py script depending on the selected data iterator (leave-
one-session-out or leave-one-participant-out), iterating over
cross-validation folds. The number of participants, sessions, and
the data iterator should be specified (options ‘nsbj’, ‘nsess’,
and ‘train_mode’, respectively). This CLI supports multi-seed
training and evaluation by setting the number of runs to perform
(option ‘nruns’), each by using a different seed for initializing
the trainable parameters of the neural network. For example,
assuming that a decoding pipeline is defined in the hyperpa-
rameter file hparams/sample_hparams.yaml, the user can
simply use this CLI as reported in Fig. 4a. Additionally, we also
provide a detailed dedicated tutorial in the SpeechBrain-MOABB
repository.

ii. run_hparam_optimization.sh: This command performs
multi-step hyperparameter search, supporting multi-seed train-
ing and evaluation. It is ideal for neuroscientists looking to
adapt a state-of-the-art pipeline from one decoding problem to
another (e.g., transposing a network proposed for P300 decod-
ing to SSVEP decoding) or for researchers aiming to design
and benchmark a novel decoding pipeline testing new algo-
rithms (e.g., a new neural network or a new data augmen-
tation strategy). This CLI introduces multi-step hyperparame-
ter search by performing multiple sequential hyperparameter
searches. Each search iteration is conducted by calling the com-
mand run_experiments. sh with a different hyperparameter
configuration. Therefore, most options are shared with the pre-
vious CLI. Additionally, the user should specify the options
related to hyperparameter search, such as the configuration file
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Table 2
SpeechBrain-MOABB command-line interfaces: main properties and use case scenarios for neuroscientists.
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Command-line interface Main properties

Neuroscientist use case

- Performs a complete EEG decoding experiment on
all subjects and sessions

— Exploits a fixed hyperparameter configuration (no
hyperparameter search)

- Supports multi-seed training and evaluation

run_experiments.sh

— Performs a complete EEG decoding experiment on
all subjects and sessions

- Performs multi-step hyperparameter search (the
optimal hyperparameters are searched within the
search space)

- Supports multi-seed training and evaluation during

run_hparam_optimization.sh

- Replicate existing state-of-the-art pipelines, shared
by another research group (e.g., replicate a
benchmark)

— Post-hoc hyperparameter evaluations, that is,
manually test variant hyperparameter configurations
by changing one hyperparameter at a time of a
baseline configuration (e.g., using a number of
convolutional kernels in the network different from
the one used by another research group)

— Adapt a state-of-the-art pipeline from one decoding
problem to another (e.g., adapting a network
proposed for P300 decoding to SSVEP decoding)

— Design and benchmark a novel decoding pipeline
testing new algorithms (e.g., a new neural network)

both hyperparameter search and the final training and
evaluation (using the optimal hyperparameters found)

(a)

(b)

Command-line interface 1: pipeline with known hyperparameters
supporting multi-seed training and evaluation

./run_experiments.sh --hparams 'hparams/sample_hparams.yaml' \
--data_folder '/path/to/data' \ # data folder

--cached_data_folder '/path/to/cache' \ # cache folder
--output_folder '/path/to/results' \ # results folder

--nsbj 9 --nsess 2 --nruns 10 --train_mode 'leave-one-session-out' \
--device 'cpu' # by default Tun on GPU

Command-line interface 2: pipeline integrating multi-step
hyperparameter search and multi-seed training and evaluation

./run_hparam_optimization.sh --hparams 'hparams/sample_hparams.yaml' \
--data_folder '/path/to/data' \ # data folder

--cached_data_folder '/path/to/cache' \ # cache folder
--output_folder '/path/to/results' \ # results folder

--nsbj 9 --nsess 2 --nruns 1 --train_mode 'leave-one-session-out' \
--device 'cpu' # by default run on GPU \

--config_file 'hparams/orion/hparams_tpe.yaml'

--nsbj_hpsearch 3 --nsess_hpsearch 2 \

'acc' \

--exp_max_trials 50 \

--nruns_eval 10

--eval_metric

Fig. 4. SpeechBrain-MOABB command-line interfaces (CLIs). Panel a — CLI for experiments involving a pipeline with known hyperparameters, supporting multi-seed training and
evaluation. Panel b — CLI for experiments involving a pipeline integrating multi-step hyperparameter search, and supporting multi-seed training and evaluation.

defining the search algorithm (option ‘config file’), the number
of participants and sessions to use (options ‘nsbj_hpsearch’ and
‘nsess_hpsearch’, respectively), the evaluation metric to optimize
(option ‘eval metric’, e.g., set to ‘acc’ for accuracy), and the
number of iterations to perform in each step of the multi-step
search (option ‘exp_max_trials’). Once the search is concluded,

example, assuming that a pipeline is defined in the hyperpa-
rameter file hparams/sample_hparams.yaml, containing
also the search space for the hyperparameters to tune, the user
can use this CLI as reported in Fig. 4b. Additionally, we also
provide a detailed dedicated tutorial in the SpeechBrain-MOABB
repository.

this CLI additionally performs a final training and evaluation
using the optimal hyperparameters found. Multi-seed random
initialization is supported. The user can specify how many times
train and evaluate the pipeline with a different random seed
at each iteration of the hyperparameter search (‘nruns’ option)
and how many times re-train and re-evaluate the pipeline using
the optimal hyperparameters found during the search in the
final training and evaluation stage (‘nruns_eval’ option). For

Of course, the second CLI - involving multi-step hyperparameter
search — requires more computational time to be executed, compared
to the first CLI. For example, the first CLI requires approx. 18 h to
complete an experiment on the BNCI2014-001 dataset [53] (10 random
seeds exploited in multi-seed training and evaluation). On the other
hand, the second CLI requires approx. 70 h to complete an experiment
on the same dataset (2-step hyperparameter search performed for 100

iterations, with 10 random seeds in multi-seed training and evaluation).
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In the following section, we show how conduct experiments with
SpeechBrain-MOABB on a representative EEG dataset, and we report
and discuss the main results obtained with the proposed toolkit.

4. Experimental results and discussion

Conducting a comprehensive EEG experiment with SpeechBrain-
MOABB requires a few steps, including (i) dataset and data handling
definitions, (ii) network architecture and training definitions, (iii) hy-
perparameter search space definition, (iv) running hyperparameter
search followed by final training and evaluation, and (v) analyzing
the performance. This section will go through each of these steps
for illustrating to neuroscientists how to perform them on one repre-
sentative EEG dataset. Additionally, a comparative analysis with the
results obtained using pipelines based on MOABB and braindecode
will be presented, to show the effective decoding potentialities of
our toolkit compared with the state-of-the-art libraries. Finally, as an
additional contribution, we report benchmark results obtained with
SpeechBrain-MOABB on 9 datasets with a total of 204 participants and
26 recording sessions, using different deep neural networks (EEGNet,
ShallowConvNet, and EEGConformer).

4.1. Experiment definition

4.1.1. Dataset and data handling

The initial step involves selecting a dataset from the available
options in MOABB. Here, we focus on decoding motor imagery from
the EEG using the BNCI2014-001 dataset [53], commonly known as
‘BCI IV2a’. Widely recognized in the literature as a primary benchmark
for assessing the efficacy of new neural networks in EEG applications,
this dataset has been extensively employed in previous studies [7]. The
BNCI2014-001 dataset comprises 22-channel EEG recordings from 9
healthy participants conducted over 2 recording sessions. Signals are
sampled at 250 Hz and band-pass filtered between 0.5 and 100 Hz.
Electrodes are placed according to the 10-10 international system at
Fz, FC3, FC1, FCz, FC2, FC4, C5, C3, C1, Cz, C2, C4, C6, CP3, CP1,
CPz, CP2, CP4, P1, Pz, P2, POz. The task involves the imagination of
four distinct movements for 4 seconds: left hand, right hand, feet, and
tongue. For each participant and each session, 288 trials were recorded,
ensuring a balanced distribution across classes. See also Section 4.4 for
further details about the main properties of this dataset.

The dataset is processed by applying the parametrized pre-
processing outlined in Section 3.2.1. Signals are downsampled to
125 Hz (i.e., this hyperparameter is not tuned in these experiments).
A leave-one-session-out data iterator is employed, extracting training
and validation sets using a 80%-20% ratio within each cross-validation
fold, see Section 3.2.2. Finally, the dataset is augmented by apply-
ing four data augmentation techniques among the ones presented in
Section 3.2.3: injection of white Gaussian noise and application of
amplitude perturbation, time shift, and CutCat.

4.1.2. Network architecture and training

The next step involves defining a model, as discussed in Section 3.3.
SpeechBrain-MOABB pipelines are crafted to be model-agnostic, en-
abling users to easily integrate their own model. Here we showcase the
toolkit’s capabilities by employing EEGNet [15], a widely recognized
model already pre-implemented in SpeechBrain-MOABB (please refer
to Lawhern et al. [15] for further details about this neural network).
After implementation, it is essential to incorporate the model as an
entry in the hyperparameter file, as described in Section 3.5. Moreover,
it is necessary to specify network training, as defined in Section 3.4.
Specifically, in these experiments we adopt Adam [83] as optimizer,
with cyclic learning rate annealing using a triangular function [69].
Finally, the target evaluation metrics need to be specified. Here, the ac-
curacy serves as the primary performance metric, as the BNCI2014-001
dataset [53] is class-balanced.
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4.1.3. Hyperparameter search space

The hyperparameter file not only specifies hyperparameters for
data pre-processing, data augmentation, network architecture, and net-
work training, but also marks the hyperparameters to tune during
hyperparameter search, defining their search space and optimization
strategy (e.g., 2-step search). This is accomplished using the notation
style detailed in Section 3.5. In the experiments reported here, we
search for the optimal values - in terms of validation accuracy — of
the hyperparameters listed in Table 3 (column ‘Hyperparameter’). The
adopted search space is outlined in Table 3 (columns ‘Search space’
and ‘Options’). It is crucial for users to define sufficiently large ranges
to enable hyperparameter search algorithms to sample a diverse set
of configurations. This step necessitates users to provide reasonable
ranges based on their prior knowledge of the problem (e.g., range of
cut-off frequencies for filtering EEG signals). In this case, we selected
the ranges for these hyperparameters by considering the values used in
prior studies (column ‘Related works’ of Table 3).

4.1.4. Hyperparameter search

After compiling the hyperparameter file — comprising the spec-
ification of the relevant hyperparameters and of the hyperparame-
ters to tune with their search space — users can run a comprehen-
sive experiment using the run_hparam_optimization.sh script
(SpeechBrain-MOABB CLI described in point (ii) of Section 3.7). This
script orchestrates all necessary steps to implement the proposed ex-
perimental protocol, including a multi-step hyperparameter search and
multi-seed final training and evaluation. Specifically, here we conduct
a 2-step search (with the final step focusing on data augmentation
hyperparameters), performing 50 iterations for each search step (100
iterations in total). The hyperparameter optimization is performed via
sequential model-based search using TPE as surrogate model.

The last column of Table 3 reports the results obtained with
SpeechBrain-MOABB after hyperparameter search (bold values in the
table). Specifically, it contains the optimal hyperparameter values for
decoding motor imagery, for the definition of data pre-processing, aug-
mentation, network architecture and network training. Interestingly,
among the identified optimal hyperparameters, the optimal EEG pre-
processing includes band-pass filtering between 0.13-46 Hz, utilizing
all time samples (from O to 4 s), and focusing on a subset of 16 neighbor
channels (corresponding to C,,,, = 2) around Cz (17 channels used in
total, refer to Fig. 2 for the channel subset corresponding to Cj,,, = 2
for the same dataset). The optimal decoding performance is achieved by
using fewer channels concentrated over the sensorimotor cortex, rather
than all available channels, and the entire epoch window with a spec-
tral content covering all EEG bands up to low-y. This approach contrasts
with the one adopted in Lawhern et al. [15] in which manually selected
hyperparameter values (sub-optimal hyperparameter configuration) for
preparing EEG signals were used with EEGNet, including band-pass
filtering between 4-40 Hz, time samples up to 2.5 s, and using all
22 channels. Notably, our optimal data pre-processing matches with
the recent literature about motor correlates, reporting that also EEG
frequencies other than « (8-12 Hz) and g (12-30 Hz) [93], such as 6 (up
to 4 Hz) and low-y (30-50 Hz), encode movement-related information
both in motor execution and motor imagery [17,23,94-96]. Thus, our
results support the current theories and results on the involvement
of slow and fast oscillations in movement imagery. Moreover, the
decoding pipeline used in SpeechBrain-MOABB exploited a subset of 17
electrodes over the sensorimotor cortex — as this set resulted the more
optimal one during hyperparameter search — vs. all available electrodes
(22 electrodes) used in Lawhern et al. [15]. Therefore, SpeechBrain-
MOABB addressed EEG decoding in a more parsimonious way in terms
of EEG setup required, that could be useful in prospective for helping
reducing user preparation times in EEG-based BCIs.

Once identified the optimal set of hyperparameters on the validation
set, the final training and evaluation is performed by re-training and
re-evaluating the decoding pipeline with the optimal hyperparameters
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Table 3

Overview of hyperparameters along with their search spaces, probability distributions, related works exploited for setting the search spaces, and optimal values achieved with
hyperparameter search. The search space for each hyperparameter is defined using square brackets for intervals and curly brackets for sets of accepted values. Uniform probability
distributions, sampling floating-point values, integer values (using the ‘int’ option), or a selection of values (using the ‘choice’ option) are considered. Note that, kernel and pool
sizes are indicated as tuples (with round brackets), as they are defined for 2-D operators.

Hyperparameter Search space Options Related works Optimal value
Data pre-proc. Low cut-off frequency (f,, Hz) [0.1, 5] uniform [14,15,17,62,63] 0.13
High cut-off frequency (f,, Hz) [20, 50] uniform [14,15,17,62,63] 46.0
Trial upper limit (7, s) [1, 4] uniform [14,15,17,62,63] 4.0
Spatial sampling distance (C,,,) [1, Cyrepmax =31 uniform, int [84-86] 2(C=17)
Data augm. Max. no. of CutCat segments [2, 6] uniform, int [58,87]1 3
Max. absolute amplitude perturbation (6A4,,,) [0, 0.5] uniform [56,88,89] 0.017
Max. absolute time shift (67, ) [0, 0.25] uniform [56,88] 0.010
White Gaussian noise low-end SNR (SNR,,,, dB) [0, 15] uniform [56,86,88-90] 15.0
White Gaussian noise high-end SNR (SN Ry, dB) SNR,,,+[5, 20] uniform [56,86,88-90] 34.1
EEGNet arch. No. of temporal conv. kernels (K;) [4, 64] uniform, int [15,17,19-24,32,33,48,61-66] 61
Temporal conv. kernel size ([24, 62], 1) uniform, int [15,17,19-24,32,33,48,61-66] (51, 1)
Spatial conv. depth multiplier (D,) [1, 4] uniform, int [15,17,19-24,32,33,48,61-66] 4
No. of temporal separable conv. kernels [1, 2K,D,] uniform, int [15,17,19-24,32,33,48,61-66] 428
Temporal separable conv. kernel size (3, 241, 1) uniform, int [15,17,19-24,32,33,48,61-66] (15, 1)
Temporal pooling size (after temporal separable conv.) ([1, 8], 1) uniform, int [15,17,19-24,32,33,48,61-66] (7, 1)
Dropout probability [0, 0.5] uniform [15,17,19-24,32,33,48,61-66] 0.008
Training Learning rate (max. value during annealing) {0.01, 0.005, 0.001, 0.0005, 0.0001} uniform, choice [15,17-24,32,33,48,61-66] 0.0001
Mini-batch size {16, 32, 64} uniform, choice [15,17-24,32,33,48,61-66] 16
No. of epochs [250, 1000] uniform [15,17-24,32,33,48,61-66] 862
No. of averaged models (Polyak averaging) [1, 15] uniform [70,91,92] 10
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Fig. 5. Decoding accuracy scored with a decoding pipeline based on EEGNet, as obtained with SpeechBrain-MOABB. Panel a — Participant-level accuracy values. Here, the test
accuracy is averaged across cross-validation folds (i.e., held-out sessions, 2 in total) and across the used random seeds during multi-seed training and evaluations (10 in total). The
horizontal black line denotes the mean accuracy across participants. Panel b — Validation accuracy dynamics during hyperparameter search. For each iteration, the best validation
performance reached up to that iteration is reported. The validation performance is displayed separately for a search conducted by using sequential model-based search (blue) or
random search (red) as hyperparameter search algorithm.

10 times, each time using a different random seed for the network and evaluation is reported. EEGNet achieves a decoding accuracy of
initialization (i.e., 10-seed final training and evaluation). For each 73.2 + 3.3% (mean =+ standard error of the mean across participants),
participant, the performance on the test set is computed for each well above the chance level (25%) for each participant. Additionally,
cross-validation fold. Then, the participant-level performance metric is users can also analyze the dynamics of the validation set performance
obtained by averaging metrics across the used random seeds, and across during the hyperparameter search (i.e., as a function of the iterations of
folds. hyperparameter search), which is shown in Fig. 5b (blue line). As can
be observed, the validation accuracy reaches higher values during the
4.2. Performance analysis second step (from iteration no. 51 to 100), in which data augmentation
is enabled and optimized in its hyperparameters, compared to the
After the completion of the experimental decoding protocol, users first step (from iteration no. 1 to 50), in which data augmentation is
can analyze the test set performance achieved by their decoding disabled. This is observed also by using a hyperparameter search algo-
pipelines. The performance achieved with EEGNet using SpeechBrain- rithm different from sequential model-based search (random search,
MOABB is presented in Fig. 5a, separately for each participant (ranked red line), suggesting a positive effect on the decoding performance
from the lowest to the highest). Here, the average accuracy across operated by data augmentation.

cross-validation folds and random seeds used during multi-seed training
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Fig. 6. Effect of different SpeechBrain-MOABB protocol’s key components and of different neural networks on the test accuracy. Panel a — Ablation tests on key components of
the protocol (grey distributions). We consider three variant protocols, defined by changing one component at a time as follows: (i) searching hyperparameters in the entire search
space at once (i.e., ‘1-step search’, without using a 2-step search); (ii) utilizing ‘random search’ instead of sequential model-based search; (iii) exploiting fixed hyperparameters,
without optimizing them (‘no hyperparameter search’). Here, we report the accuracy difference between each variant protocol and the proposed protocol (see Fig. 5a), adopting an
ablation procedure similar to prior studies [14,19,25,38]. Statistically significant (+ p < 0.05) differences are marked. Panel b — Performance comparison using decoding pipelines
based on different neural network architectures (red distributions) that reach state-of-the-art performance in the literature [7,11-13,32,33,38]. The results from the performed
statistical analysis are reported too (+ p < 0.05), by marking only the comparisons that resulted significant among all possible combinations of decoding pipelines. Distributions
are shown as violin plots; black dots indicate mean values and error bars represent standard errors of the mean, computed across participants.

For comparative analysis, in Fig. 6 we also include an ablation
analysis on the key settings of the proposed decoding protocol defining
hyperparameter search (see Section 3.6), and a comparative analysis
of the decoding accuracy scored with different network architectures.
As concerning the ablation analysis, in Fig. 6a we report the accuracy
difference between a variant protocol defined by changing one setting
of the proposed protocol at a time and the proposed protocol (char-
acterized by the performance distribution shown in Fig. 5a). A similar
procedure was exploited in prior EEG studies while conducting ablation
analyses for evaluating the impact on the decoding performance of
specific decoding choices [14,19,25,38]. We consider a variant protocol
that (i) searches hyperparameters in the entire search space at once
(1-step search, instead of 2-step search), (ii) searches hyperparameters
utilizing random search (instead of sequential model-based search),
and (iii) exploits fixed hyperparameters based on a prior study [15]
(no hyperparameter search). To compare the results, we perform a
pairwise Wilcoxon signed-rank tests [60], contrasting the performance
scored by each variant protocol with the proposed protocol. P-values
are corrected for multiple tests (a total of 3) using the Benjamini-
Hochberg procedure [97]. Our results reveal that the hyperparameter
search settings employed in our protocol provides higher accuracy than
variant protocols (significantly different in 2 out of 3 ablation tests,
p < 0.05). Indeed, searching hyperparameters without employing a
multi-step search or without exploiting sequential model-based search
worsened the performance by 3.2% and 5.7%, respectively, and switch-
ing off hyperparameter search (i.e., exploiting a fixed hyperparameter
configuration) worsened the performance by 18.8%. It is worth high-
lighting that the superiority of a sequential model-based search was
already evident from the results shown in Fig. 5b on the validation
set. Indeed, utilizing random search, the decoding protocol achieved
a lower validation accuracy than sequential model-based search within
each hyperparameter search step (step 1 and step 2). As concerning
the accuracy comparison with different network designs, we include in
Fig. 6b the results obtained with the networks that reach state-of-the-art
performance in the literature [7,11-13,32,33,38] (see also Sections 1
and 3.3). These are CNN-based (EEGNet and ShallowConvNet) and
transformer-based (EEGConformer) networks. ShallowConvNet-based
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and EEGConformer-based pipelines are designed by adopting an equiv-
alent decoding pipeline as the one illustrated above for EEGNet (from
Section 4.1.1 to Section 4.1.4) and only changing the network used
in the pipeline. To compare the different pipelines, we perform a
pairwise Wilcoxon signed-rank tests [60] testing all possible combina-
tions (i.e., EEGNet vs. ShallowConvNet, EEGNet vs. EEGConformer, and
ShallowConvNet vs. EEGConformer). P-values are corrected for multi-
ple tests (a total of 3) using the Benjamini-Hochberg procedure [97].
From Fig. 5b, our results reveal that EEGNet significantly outperforms
both other models (p < 0.05), including the recent model based on a
transformer. Moreover, in Section 4.4 we also report results obtained
while extending this benchmark obtained with SpeechBrain-MOABB on
the BNCI2014-001 dataset also on other 8 MOABB datasets — with a
total of 204 participants and 26 recording sessions — using EEGNet,
ShallowConvNet and EEGConformer. From our benchmark, EEGNet
is consistently superior than the other models across the different
datasets.

It is fair to note that a previous study on motor imagery decod-
ing [38] reported that EEGConformer achieves superior performance
than EEGNet and ShallowConvNet, contrasting our results. However,
the experimental protocol applied by the authors considered only one
fixed training-test split of the EEG dataset to estimate decoding per-
formance, did not involve hyperparameter search (i.e., they used one
fixed hyperparameter configuration, manually set), and performed net-
work trainings and evaluations with only one random seed. On the
other hand, in our robust experimental protocol we employed leave-
one-session-out cross-validation (thus, we averaged performance across
folds), we searched for the optimal hyperparameters characterizing the
entire decoding pipeline, and we trained and evaluated networks 10
times with different random seeds to address the fluctuations of the
performance estimates (thus, we averaged performance across the 10
different trained networks). As regarding the fluctuations in perfor-
mance estimates, in order to quantify them, in Fig. 7 we report the
accuracy variability obtained while training and evaluating networks
using only one random seed (as done in Song et al. [38]), separately
for each participant, cross-validation fold (i.e., held-out session), and
neural network (EEGNet, ShallowConvNet, and EEGConformer). In this
figure, we report the standard deviation of the accuracy across the 10
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Network training and evaluation using one random seed: accuracy variability
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Fig. 7. Variability of the decoding accuracy due to the random initialization of network parameters. Here, the standard deviation of the accuracy across the 10 random seeds
used during multi-seed training and evaluation is reported, separately for each participant, cross-validation fold (i.e., held-out session 1 and session 2, respectively reported in light
and dark grey), and neural network adopted in the decoding pipelines (EEGNet, ShallowConvNet, and EEGConformer, reported in different panels). The variability is displayed
as bar plots. The bar height represents the standard deviation of the decoding accuracy. When training and evaluating networks utilizing only one random seed, the maximum

performance variability is approx. 4.2%.

runs performed during multi-seed training and evaluation, each using a
different random seed. From these results, by exploiting only 1 random
seed, the maximum variability in the decoding accuracy is approx.
4.2%, overall. When performing multi-seed training and evaluation,
and considering the average accuracy across different random seeds
used during initialization, the performance variability reduces due
to the averaging procedure. Indeed, for example by considering the
average of the performance across 10 random seeds, in preliminary
experiments we found that the variability was consistently below 0.5%
(see the SpeechBrain-MOABB documentation). Therefore, the eventual
differences that can be found with prior literature — in this case com-
pared to Song et al. [38] but also to other machine learning studies [98,
99] - are primarily due to the different definition of the experimental
protocol, here defined with the aim of providing a more trustworthy,
transparent and replicable EEG decoding.

Crucially, users can replicate our results by running our decoding
protocol from scratch (hyperparameter search, final training, and eval-
uation) using the SpeechBrain-MOABB CLI described in point (ii) of
Section 3.7 (run_hparam_optimization.sh script), or by exe-
cuting training and evaluation with the optimal hyperparameter files
provided in the hparams/ folder using the CLI described in point (i) of
Section 3.7 (run_experiments. sh script). Alternatively, users have
the option to leverage our saved models, conveniently provided in our
repository.

4.3. Performance comparison with existing libraries

We now evaluate the performance of pipelines based on
SpeechBrain-MOABB against machine learning and deep learning
pipelines implemented with MOABB and braindecode on the same
dataset (BNCI2014-001 dataset [53]).
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The considered MOABB machine learning pipelines (6 in total)
include popular approaches like common spatial pattern and linear
discriminant analysis (CSP+LDA, and regCSP+shLDA) [100,101], Rie-
mannian geometry classifiers such as Fisher geodesic minimum dis-
tance to the mean (FgMDM) [102], minimum distance to the mean
(MDM) [103], and tangent space combined with logistic regression or
support vector machine (TS+LR, and TS+SVM) [104]. We also exploit a
pipeline in which the hyperparameters (SVM kernel and regularization
term) were determined via hyperparameter search performed via grid
search (TS+SVM).

As concerning deep learning pipelines, we combine MOABB with
braindecode (MOABB+braindecode condition) for performing a com-
prehensive comparison with existing deep learning-based solutions. We
include the following deep learning models (9 in total), spanning across
diverse network architectures:

- Convolutional neural networks. ShallowConvNet [14] — the first
successful CNNs proposed for decoding motor imagery — is in-
cluded in the comparison, together with EEGNet [15]. Remark-
ably, EEGNet-like architectures consistently outperformed other
deep neural networks (CNNs, RNNs and hybrid convolutional-
recurrent networks) during international scientific competitions
[32,33]. Additionally, we also use EEGInception [34] and EEGIT-
Net [31], two recent CNNs that exploit inception modules for
learning temporal features at multiple time scales (i.e., parallel
temporal convolutions).

Recurrent neural networks. As discussed in Sections 1 and 3.3,
RNNs are rarely adopted for decoding the EEG [7,11-13]. This
is primarily due to their low performance obtained in past
benchmarks [7,11-13,23,30,32,33], for example near to the
chance level in Chen et al. [30] on the same dataset used
here (BNCI2014-001 [53]). Even though RNNs do not represent
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the state-of-the-art for EEG decoding, in order to provide an
exhaustive comparative analysis spanning across diverse net-
work architectures, we also include RNNs in our comparative
analysis. Specifically, we use the 3-layer RNNs adopted at first
in Nakagome et al. [28] and then in Borra et al. [23]. We
consider both recurrent layers designed with LSTM and GRU
cells (StackedLSTM and StackedGRU, respectively).

Hybrid convolutional-recurrent neural networks. Hybrid designs
are used for improving the RNN performance, by including con-
volutions in the RNN architecture (i.e., ‘hybrid’ convolutional-
recurrent designs). In our analysis we include the network pro-
posed by Chen et al. [29], based on the combination between
EEGNet [15] and the sequence of two recurrent layers. Specifi-
cally, we consider both recurrent layers designed with LSTM and
GRU cells (EEGNetLSTM and EEGNetGRU, respectively).
Transformers. Finally, we include EEGConformer [38], a recent
innovative transformer designed for decoding the EEG activity
by focusing not only on local features, but also on long-term
relationships, by employing self-attention.

These MOABB and MOABB+braindecode pipelines are designed by
exploiting the dedicated YAML files available in the pipelines/
folder of MOABB [41], using the hyperparameters provided (replicating
the solutions proposed in the reference publications). Please refer to
the original publications, and to MOABB and braindecode for further
details about the contrasted decoders. The pipelines are trained and
evaluated in a leave-one-session-out cross-validation scheme, as done
with SpeechBrain-MOABB pipelines, to provide a fair evaluation.

The comparison is illustrated in Fig. 8, showcasing the performance
of pipelines based on MOABB (dark cyan), MOABB+braindecode (dark
orange), and SpeechBrain-MOABB (red). Please note that the distri-
butions obtained with SpeechBrain-MOABB are the same of Fig. 5b.
Pairwise Wilcoxon signed-rank tests [60] are performed to compare
the top-performing algorithm with each of the other algorithms. The
results from the statistical analysis are corrected for multiple tests (a
total of 17) using the Benjamini-Hochberg procedure [97]. For trans-
parency, we provide also a tutorial in the SpeechBrain-MOABB repos-
itory for replicating our results. As depicted in Fig. 8, SpeechBrain-
MOABB pipelines are the most accurate. The top-performing algorithm
(EEGNet-based pipeline using SpeechBrain-MOABB) significantly out-
performs other traditional machine learning pipelines designed in
MOABB (p < 0.01), even when including hyperparameter search via
grid search (TS+SVM pipeline), and other deep learning pipelines
designed in MOABB+braindecode (p < 0.05). Moreover, SpeechBrain-
MOABB pipelines are significantly more accurate than the counterpart
developed in MOABB-+braindecode (p = 0.0078, pairwise Wilcoxon
signed-rank test [60]) based on the same neural network (see EEG-
Net, ShallowConvNet, and EEGConformer distributions). Indeed, on
average across these pipelines, an accuracy increase of 10.2 + 3.3%
(mean + standard error of the mean across participants) is achieved
with SpeechBrain-MOABB, with improvements spanning from 3.5%
(ShallowConvNet-based pipeline) to 19.9% (EEGNet-based pipeline).
RNNs are the worst deep neural networks for decoding the EEG (see
StackedGRU-based and StackedLSTM-based pipelines), matching the
findings of past benchmark studies [7,11-13,23,30,32,33]. Indeed,
these models are almost at the chance level (25%), as also obtained
by Chen et al. on the same dataset [30]. Finally, another important
results is that pipelines based on EEGNet, ShallowConvNet, and EEG-
Conformer are the most accurate ones with the alternative toolkit for
deep learning-based EEG decoding (MOABB+braindecode). Thus, as
stated in Section 3.3, these networks represent the state-of-the-art for
EEG decoding, and these results further support our choice of relying on
these networks when validating SpeechBrain-MOABB. Overall, these re-
sults suggest that SpeechBrain-MOABB, with its experimental protocol,
is capable not only of providing a more trustworthy EEG decoding using
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deep neural networks, but also of significantly improving the decoding
performance compared to existing libraries.

4.4. Benchmark results

Finally, as an additional result, we accompany our toolkit with
benchmark results obtained when applying it with EEGNet, Shallow-
ConvNet, and EEGConformer on 9 MOABB datasets (including 204 par-
ticipants and 26 recording sessions, overall), covering motor imagery-
based BCIs (BNCI2014-001 [53], BNCI2014-004 [71], BNCI2015-001
[72], Lee2019-MI [73], Zhou2016 [74]), P300-based BCIs (BNCI2014-
009 [75], EPFLP300 [76], BI2015a [77]), and SSVEP-based BCIs
(Lee2019-SSVEP [73]). The main properties of these datasets are sum-
marized in Table 4 and the number of EEG trials are reported in Table 5.
A description of these public datasets is provided in the following.
Please refer to the original publications for further details about data
recording and acquisition.

i. BNCI2014-001 [53]. This dataset consists of 22-channel EEG
recorded from 9 healthy participants across 2 recording sessions.
Electrodes were placed according to 10-10 international system
at Fz, FC3, FC1, FCz, FC2, FC4, C5, C3, Cl1, Cz, C2, C4, C6,
CP3, CP1, CPz, CP2, CP4, P1, Pz, P2, POz. The task consisted
in the imagination of four movements for 4 s: left hand, right
hand, feet, and tongue. For each participant and each session,
288 trials were recorded, balanced across classes. EEG signals
were sampled at 250 Hz and band-pass filtered between 0.5 and
100 Hz. This dataset is also known as ‘dataset Ila’ from BCI
competition IV [53].

ii. BNCI2014-004 [71]. Here, 3-channel EEG was collected from

9 healthy participants across 5 recording sessions. Electrodes

were placed according to 10-20 international system at C3, Cz,

C4. The task consisted in the imagination of two movements

for 4.5 s: left hand, and right hand. For each participant and

each session, approx. 145 trials were recorded (on average across
participants and sessions), balanced across classes. EEG signals
were sampled at 250 Hz and band-pass filtered between 0.5 and

100 Hz. This dataset is also known as ‘dataset IIb’ from BCI

competition IV [53].

BNCI2015-001 [72]. This dataset consists of 13-channel EEG

recorded from 12 healthy participants across 2 recording ses-

sions. Electrodes were placed according to 10-10 international
system in correspondence of three Laplacian derivations at C3

(FC3, C5, CP3, C1), Cz (FCz, C1, CPz, C2), and C4 (FC4, C2, CP4,

C6). The task consisted in the imagination of two movements for

5 s: right hand, and feet. For each participant and each session,

200 trials were recorded, balanced across classes. EEG signals

were sampled at 250 Hz and band-pass filtered between 0.5 and

100 Hz.

Lee2019-MI [73]. In this dataset, 62-channel EEG was recorded

from 54 healthy participants across 2 recording sessions. Elec-

trodes were placed according to 10-10 international system. The

task consisted in the imagination of two movements for 4 s:

left hand-grasping, and right hand-grasping. For each participant

and each session, 100 trials were recorded, balanced across
classes. EEG signals were sampled at 1000 Hz.

v. Zhou2016 [74]. Here, 14-channel EEG was recorded from 4
healthy participants across 3 recording sessions. Electrodes were
placed according to 10-10 international system at Fp1, Fp2, FC3,
FCz, FC4, C3, Cz, C4, CP3, CPz, CP4, O1, Oz, O2. The task
consisted in the imagination of three movements for 5 s: left
hand, right hand, and feet. For each participant and each session,
approx. 150 trials were recorded (on average across participants
and sessions), balanced across classes. EEG signals were sampled
at 250 Hz and band-pass filtered between 0.1 and 100 Hz.

iii.

iv.
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MOABB vs. MOABB+braindecode vs. SpeechBrain-MOABB pipelines
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Fig. 8. Performance comparison between MOABB (dark cyan), MOABB+braindecode (dark orange), and SpeechBrain-MOABB (red) pipelines. The top panel displays the performance
distributions scored by decoders. The bottom panel displays the performance difference (4,,) from the top-performing decoder (EEGNet using SpeechBrain-MOABB), along with
results from statistical analysis (« p < 0.05, %+ p < 0.01). Distributions are shown as violin plots; black dots indicate mean values and error bars the standard errors of the mean,
computed across participants. For improving readability, pipelines are sorted from the least to the most accurate.

vi. BNCI2014-009 [75]. This dataset consists of 16-channel EEG vii. EPFLP300 [76]. Here, 32-channel EEG was collected from 9

recorded from 10 healthy participants across 3 recording ses-
sions. Electrodes were placed according to 10-10 international
system at Fz, FCz, Cz, CPz, Pz, Oz, F3, F4, C3, C4, CP3, CP4, P3,
P4, PO7, PO8. During the task, participants used a P300 speller
(6 x 6 matrix, 36 possible characters in total) organized as in
Farwell and Donchin [105]. After the presentation of a stimulus
(standard or target stimulus), the post-stimulus response was
recorded for 0.8 s. For each participant and each session, 576
trials were recorded, with a strong class unbalance between stan-
dard and target stimuli (5:1, having indicated standard:target),
by construction of the P300 speller paradigm. EEG signals were
sampled at 256 Hz and band-pass filtered between 0.1 and
20 Hz.
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participants across 4 recording sessions. Five out of nine partic-
ipants were disabled (suffering from amyotrophic lateral sclero-
sis), while the remaining four participants were healthy. Elec-
trodes were placed according to 10-10 international system.
During the task, participants used an interface to choose one out
of six images. In this six-choice P300 paradigm, the six different
images flashed in a random order, eliciting the P300 response on
the target image. After the presentation of a stimulus (standard
or target stimulus), the post-stimulus response was recorded for
1 s. For each participant and each session, approx. 822 trials
were recorded (on average across participants and sessions),
with a strong class unbalance between standard and target stim-
uli (5:1, having indicated standard:target), by construction of the
P300 recording paradigm. EEG signals were sampled at 2048 Hz.
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Datasets: general properties. Signal characteristics (e.g., the maximum trial length, the sampling frequency, and the applied band-pass filtering) are defined by the authors releasing
each dataset. Note that in case of P300 datasets, the class unbalance ratio corresponds to standard:target stimuli ratio.

Dataset No. of No. of No. of Max. trial Sampling Band-pass No. of Class
participants sessions channels length (s) frequency (Hz) filter (Hz) classes unbalance
BNCI2014-001 [53] 9 2 22 4 250 0.5-100 4 no
BNCI2014-004 [71] 9 5 3 4.5 250 0.5-100 2 no
BNCI2015-001 [72] 12 2 13 5 512 0.5-100 2 no
Lee2019-MI [73] 54 2 62 4 1000 None 2 no
Zhou2016 [74] 4 3 14 5 250 0.1-100 3 no
BNCI2014-009 [75] 10 3 16 0.8 256 0.1-20 2 5:1
EPFLP300 [76] 9 4 32 1 2048 None 2 5:1
BI2015a [77] 43 3 32 1 512 None 2 5:1
Lee2019-SSVEP [73] 54 2 62 4 1000 None 4 no

Table 5

Datasets: number of trials. For each dataset, this table lists the number of trials recorded during each recording session (on average across participants) and number of trials used
in the performed leave-one-session-out experiments for the training, validation and test sets (on average across participants and cross-validation folds).

Dataset No. of trials No. of No. of No. of
training trials valid. trials test trials
Session 1 Session 2 Session 3 Session 4 Session 5
BNCI2014-001 [53] 288 288 - - - 232 56 288
BNCI2014-004 [71] 124.4 124.4 160 155.6 160 463.6 115.9 144.9
BNCI2015-001 [72] 200 200 - - - 160 40 200
Lee2019-MI [73] 100 100 - - - 80 20 100
Zhou2016 [74] 153.5 146.5 150 - - 240 60 150
BNCI2014-009 [75] 576 576 576 - - 922 230 576
EPFLP300 [76] 813.5 827.9 826.4 821.8 - 1974 493.1 822.4
BI2015a [77] 558 561.8 542.6 - - 886.7 221.6 554.1
Lee2019-SSVEP [73] 100 100 - - - 80 20 100

viii. BI2015a [77]. This dataset consists of 32-channel EEG recorded
from 43 healthy participants across 3 recording sessions. Elec-
trodes were placed according to 10-10 international system.
During the task, participants played a videogame (Brain In-
vaders) by using a P300-based BCI. The interface exploited the
oddball paradigm using a grid of 36 symbols (organized in a
6 x 6 matrix), randomly flashing during the task to elicit the
P300 response. For each participant and each session, approx.
554 trials were recorded (on average across participants and
sessions), with a strong class unbalance between standard and
target stimuli (5:1, having indicated standard:target), by con-
struction of the P300 recording paradigm. EEG signals were
sampled at 512 Hz.

ix. Lee2019-SSVEP [73]. In this dataset, 62-channel EEG was
recorded from 54 healthy participants across 2 recording ses-
sions. Electrodes were placed according to 10-10 international
system. The paradigm was designed following a conventional
SSVEP-based control of BCI systems that require four-direction
movements. SSVEP stimuli were presented to the user for 4 s
at four different positions (down, right, left, up), flickering at
four different frequencies: 5.45, 6.67, 8.57, 12 Hz. For each
participant and each session, 100 trials were recorded, balanced
across classes. EEG signals were sampled at 1000 Hz.

The benchmark results obtained on these datasets are reported in
Table 6. The same experimental setup used in Section 4.1 is adopted
here. The results of EEGNet, ShallowConvNet, and EEGConformer on
BNCI2014-001 [53] reported in Table 6 are the same as those displayed
in Fig. 5b. The table reports the average performance across cross-
validation folds (i.e., held-out sessions) and the 10 random seeds used
during multi-seed training and evaluation, in its mean value and stan-
dard error of the mean across participants. ShallowConvNet and EEG-
Conformer results are provided for motor imagery as these networks
were mainly proposed and validated for motor imagery decoding [14,
38]. Indeed, ShallowConvNet design is specific for sensorimotor rhythm
decoding [14], learning power-related EEG features. On the other
hand, EEGNet was designed and applied for general EEG decoding
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on a variety of BCI recording paradigms [17,19-24,32,33,48,61-66],
thus we extended the application of EEGNet also to P300 and SSVEP
datasets. P300 decoding performance are quantified by means of the
Fl-score, as this decoding problem is inherently class unbalanced (see
Table 4), by construction of the P300 BCI paradigm. From our results
on motor imagery applications, an EEGNet-based decoding pipeline is
the most accurate one, consistently across most of the datasets (4 out
of the 5 motor imagery datasets tested). The experiments with this
pipeline take 321.8 h (13.4 days, computational time expressed as the
wall-clock time) on average across dataset, spanning from approx. 34 h
(Zhou2016 [74] dataset) to approx. 1300 h (BI2015a [77] dataset). The
high computational time required for the most time-demanding dataset
(BI2015a [77]), is due to the high number of participants (43) and
training trials recorded (approx. 887, on average across participants).
Importantly, as anticipated in Section 3.6, using less participants during
hyperparameter search reduces the computational time by 82.6% (2.3
days), on average across datasets, and by 95.2% in the most time-
demanding dataset. Here, we have reported the computational time
changes (in percentage) between using all participants and a subset
of 3-5 participants during hyperparameter search (as described in
Section 3.6).

4.5. Challenges, limitations and future directions

Our toolkit is designed for providing the neuroscience community
a robust and trustworthy benchmarking software for EEG decoding via
deep neural networks. In the following, we discuss the main challenges
that have been addressed during the development of SpeechBrain-
MOABB. This discussion could be useful for new users to better un-
derstand our toolkit, and for experienced researchers interested into
contributing to our toolkit.

i. Data. The first challenge regarded the selection of the datasets
to use in our toolkit. We aspired to use our toolkit with the
most relevant datasets adopted in the literature, recorded across
diverse BCI recording paradigms, e.g., motor imagery, P300, and
SSVEP. Besides the type of EEG recording, the datasets needed
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Benchmark results obtained with SpeechBrain-MOABB (mean value + standard error of the mean across participants) exploiting decoding pipelines based on EEGNet [15],
ShallowConvNet [14], and EEGConformer [38] on 9 MOABB [41] datasets. The experimental protocol is based on 2-step sequential model-based search (TPE-based) using 10-seed
final training and evaluation. Results are obtained with a leave-one-session-out cross-validation. For each participant, the decoding accuracy was averaged across cross-validation
folds (i.e., held-out sessions) and across the 10 runs performed in the 10-seed final training and evaluation. Bold values represent the most accurate metrics, across architectures.

Dataset Evaluation Architecture
metric
EEGNet ShallowConvNet EEGConformer
Motor imagery BNCI2014-001 [53] accuracy 0.732 + 0.033 0.696 + 0.036 0.676 + 0.026
BNCI2014-004 [71] accuracy 0.812 + 0.025 0.785 + 0.028 0.799 + 0.024
BNCI2015-001 [72] accuracy 0.811 + 0.026 0.829 + 0.025 0.752 + 0.031
Lee2019-MI [73] accuracy 0.694 + 0.015 0.658 + 0.015 0.651 + 0.014
Zhou2016 [74] accuracy 0.844 + 0.007 0.827 + 0.010 0.840 + 0.016
P300 BNCI2014-009 [75] F1-score 0.755 + 0.024 - -
EPFLP300 [76] Fl-score 0.635 + 0.040 - -
BI2015a [77] Fl-score 0.724 + 0.015 - -
SSVEP Lee2019-SSVEP [73] accuracy 0.916 + 0.017 - -

to satisfy the following requirements. Based on our design prin-
ciples (see Section 3.1), the datasets had to be public with no
need to sign data sharing agreements (as in Obeid et al. [106]),
for ensuring an easy replication of the results and facilitating
the use of the toolkit for new users (providing a ‘plug-and-play’
user experience). Of course, the data needed to be anonymized,
to avoid privacy concerns [107]. Moreover, datasets had to be
recorded by research groups in accordance with the Declaration
of Helsinki, with an informed consent collected from each re-
search participant, and with ethical approval obtained from their
local ethical committees [108]. This ensured that the data have
been collected while protecting the rights, safety, dignity, and
well-being of research participants (that is, avoiding ethical con-
cerns). Therefore, we relied on the datasets of MOABB [41], as it
conveniently collects EEG datasets that fit all these requirements.
ii. Usability and scalability. Our toolkit needed to be easy-to-use
and, at the same time, easy to be scaled to new datasets and mod-
els, for assisting and accelerating its spread in the neuroscience
community. This represented another important challenge that
has been addressed as follows. We conveniently exposed in a
single YAML file (the ‘hyperparameter file’) the hyperparame-
ters and the hyperparameter search settings, including complex
Python objects (e.g., the neural network Python class), for run-
ning the entire EEG decoding pipeline. See Fig. A.2 of Appendix
for the code snippet of a representative hyperparameter file.
A new model can be designed in a Pythonic way using Py-
Torch, and stored in a separate Python file in the dedicated
SpeechBrain-MOABB folder (see Section 3.3, and see the code
snippet in Fig. A.1 of Appendix for an example). A new EEG
dataset can be selected from the ones available in MOABB -
that continuously adds new datasets in a rolling release fashion
— matching all our data requirements (as discussed at point i.).
Both the new model and dataset can be easily added into the
hyperparameter file together with the other hyperparameters,
for being utilized in the experiments. This way, researchers can
just focus on: (a) the design of a new innovative model, (b) the
selection of a target MOABB EEG dataset, and (c) the writing of a
single file (hyperparameter file), listing all the relevant hyperpa-
rameters for controlling the entire EEG decoding pipeline. To the
best knowledge of the authors, no other existing software allows
this easy-to-use definition of complex deep learning-based EEG
decoding solutions, maintaining at the same time a high level of
scalability across new EEG applications (i.e., new datasets) and
new decoding models (see also Section 2.2 for a comparison with
existing toolkits).
Computational demand. The search of the optimal hyperpa-
rameters across the entire decoding pipeline, which is one of
the key novel aspects of SpeechBrain-MOABB (see Section 3.6),

iii.
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poses a high computational demand. Therefore, to introduce and
validate SpeechBrain-MOABB, we ran our comprehensive bat-
tery of experiments on high-computing clusters. However, even
though high-computing clusters were employed, we exploited
computational nodes equipped with an Intel Gold 6148 Skylake
CPU (2.4 GHz), an NVIDIA V100 GPU (16 GB of memory), and
12 GB of RAM, to be in line with the resources used in prior
EEG studies [14,15,17,19,20,23,38]. Overall, our experiments
took 7.61 months to complete (wall-clock time), across all the
considered datasets, neural networks, and ablation studies (see
Sections 4.2, 4.3, and 4.4). To the best knowledge of the authors,
our results represent a unique collection of robust and trustwor-
thy EEG decoding results. Despite our experiments took several
months to provide an exhaustive set of results, a single complete
experiment (i.e., one EEG dataset decoded with one neural net-
work) required 13.4 days (on average), which could be reduced
to 2.3 days (on average) by leveraging on less participants during
hyperparameter search (as discussed in Sections 3.6 and 4.4).
Therefore, neuroscientists can conveniently use SpeechBrain-
MOABB to obtain robust and trustworthy results within a few
days of computation, using computational resources similar to
ours. Of course, the computational time depends on the used
resources, thus, we recommend neuroscientists to consider their
resources in relation to ours while planning their experiments.
To better support researchers, future releases of our toolkit will
also include a comparative analysis of the computational time
on different GPUs and CPUs.

Even though SpeechBrain-MOABB is characterized by unique prop-
erties that ease the definition and benchmarking of novel deep learning-
based EEG decoding pipelines, the following limitations are currently
affecting our toolkit. First, SpeechBrain-MOABB lacks feature visual-
ization and network decision explanation functionalities. In the future,
these will be integrated, enabling a straightforward, reproducible, and
reliable understanding of the most relevant EEG neural signatures in
the spatial, temporal, and frequency domains. This will be addressed
by deriving representations based on explanation techniques, such as
layerwise relevance propagation (LRP) [109] and deep learning impor-
tant features (DeepLIFT) [110] — that resulted the most promising for
EEG in a recent benchmark study [111] - but also saliency maps [112],
local interpretable model-agnostic explanations (LIME) [113], gradient-
weighted class activation mapping (Grad-CAM) [114], and Shapeley
addictive explanations (SHAP) [115]. Second, SpeechBrain-MOABB fo-
cuses on supervised learning decoding pipelines only, and it does
not currently support pipelines based on self-supervised learning. Im-
portantly, self-supervised learning is gaining interest in the neuro-
science community [116], for training neural decoders on small labeled
datasets, exploiting the knowledge learned by learning systems on
large unlabeled datasets. Future versions of our toolkit will extend
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1 class EEGNet(torch.nn.Module):

2 def __init__(self):

3 super (EEGNet, self).__init__()

4 # Initialize your model components here
6 def forward(self, x):

7 """Forward pass of the EEGNet model.

8

9 Args:

10

11
Returns:

- torch.Tensor: Output tensor of the model.
win

# Perform your computations here

return x

Computers in Biology and Medicine 182 (2024) 109097

- z (torch.Tensor): Input tensor (batch size, EEG time samples, EEG channels, 1).

Fig. A.1. Model definition. In SpeechBrain-MOABB the model definition follows PyTorch standards, inheriting from torch.nn.Module. Users have to define initialization and

forward methods.

-

# Dataset and data pre-processing definition

2 dataset: !mew:moabb.datasets.BNCI2014001

3 # Cut-off frequencies for band-pass filters

4 fmin: 1. # Qorion_stepl: --fmin~"uniform(0.1, 5.0)"

5 fmax: 40. # Qorion_stepl: —--fmaz~"uniform(20.0, 50.0)"

6 # Time interval for defining EEG epochs

7 tmin: O.

8 tmax: 4.0 # @orion_stepl: —-tmaz~"uniform(1.0, 4.0)"

9 original_sample_rate: 250 # Original sampling rate (Hz)

10 sample_rate: 125 # Target sampling rate (Hz)

11 # Number of steps used for spatial sampling (starting from Cz by default)
12 n_steps_channel_selection: 2 # @orion_stepl: --n_steps_channel_selection~"uniform(1, 3,discrete=True)"
13 T: lapply:math.ceil

14 - l!ref <sample_rate> * (<tmax> - <tmin>)

C: 22 # Number of total channels

events_to_load: null # Use all events: ['left-hand’,
17
18
19 # Model definition
20
21
22
'new:models.EEGNet .EEGNet
[null, !'ref <T>,

cnn_temporal_kernels:

23 model:

24 input_shape: Iref <C>, null]

26

27 dropout: !ref <dropout>

28 dense_n_neurons: !ref <n_classes>

'right-hand’,
n_classes: 4 # Number of classes when using all events

!ref <cnn_temporal_kernels>

'feet', 'tongue']

cnn_temporal_kernels: 8 # Qorion_stepl: --cnn_temporal_kernels~"uniform(4, 64,discrete=True)"
cnn_temporal_kernelsize: 62 # Qorion_stepl: ——cnn_temporal_kernelsize~"untiform(24, 62,discrete=True)"
dropout: 0.25 # @orion_stepl: —-dropout~"uniform(0.0, 0.5)"

cnn_temporal_kernelsize: [!ref <cnn_temporal_kernelsize>, 1]

Fig. A.2. An excerpt of a YAML file (based on HyperPyYAML) defining the relevant hyperparameters for pre-processing a MOABB dataset (BNCI2014-001 [53]) and for defining
a state-of-the-art neural network for decoding motor imagery (EEGNet [15]). Here, the variables tmin, tmax, fmin, fmax, n_steps_channel_selection denote 1, 1, f;,
f1> Cyep» respectively. In addition, original_sample_rate and sample_rate represent the original sampling frequency and target sampling frequency (f,). The EEGNet
architectural hyperparameters introduced in this example are the number of temporal kernels of the first convolutional layer (cnn_temporal_kernels) and their kernel size

(cnn_temporal_kernelsize), and the dropout rate (dropout).

the SpeechBrain functionalities that support self-supervised learning
with speech waveforms, adapting them for working on EEG signals,
thus, providing neuroscientists the opportunity to design accurate deep
learning-based decoders on small labeled datasets. This could be useful
in BCI applications for reducing the time required for calibrating the
BCI on a new user. Third, SpeechBrain-MOABB includes common pre-
processing steps for preparing EEG signals for deep learning-based
pipelines (see Section 3.2.1), aimed at leaving the learning system the
ability of automatically learning the most relevant information con-
tained in the activity by itself. Future SpeechBrain-MOABB releases will
also enrich the possible EEG pre-processing steps, for example includ-
ing artifact removal via independent component analysis, providing
neuroscientists a wider range of possible data preparation steps.
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5. Conclusion

In this study, we introduced SpeechBrain-MOABB, a user-friendly
Python library for EEG decoding using deep neural networks. Our
toolkit is not intended as a replacement or competitor for existing
software. Instead, its strength lies in bridging existing tools specific
to EEG decoding (MOABB and braindecode) and speech decoding
(SpeechBrain) within a unified framework for benchmarking neural
networks applied to EEG data in a user-friendly and reliable manner.
Our experimental results demonstrated that SpeechBrain-MOABB out-
performs both MOABB and MOABB+braindecode pipelines, achieving
performance improvements of 14.9% and 25.2% (on average across all
pipelines), respectively.
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SpeechBrain-MOABB pipelines are designed to be comprehensive,
encompassing all necessary processing steps from raw data to final
decoding results (i.e., from data pre-processing, augmentation to net-
work architecture and training). SpeechBrain-MOABB not only focuses
on creating easy-to-use and easy-to-share decoding pipelines but also
implements a robust experimental protocol that manages crucial as-
pects of the pipeline, including multi-step hyperparameter search, for
handling hyperparameter search in high-dimensional search spaces,
and multi-seed training and evaluations, for addressing variability of
performance measures depending on the used random seed. This stan-
dardized protocol offers several advantages. Firstly, neuroscientists
using SpeechBrain-MOABB can transition from the trial-and-error selec-
tion of hyperparameters to an automated search for the most promising
ones, facilitated by our command-line interface and a well-structured
YAML file. Moreover, this transparent, trustworthy, and replicable
protocol enables fair comparisons across deep learning-based decod-
ing pipelines, crucial for properly benchmarking novel and existing
approaches working with EEG signals. In this way, we hope that our
efforts contribute to addressing the ‘replicability crisis’ currently faced
by the neuroscience community.
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Appendix. Additional code excerpts

In this section we present additional code excerpts. In Fig. A.1 we
present an example of code for defining a neural network by following
PyTorch convention. In Fig. A.2 we present an example of hyperpa-
rameter file (YAML file) defining the relevant hyperparameters for
pre-processing a MOABB dataset and for defining the neural network.
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