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ABSTRACT

Electroencephalogram (EEG) classification has gained prominence due to its ap-
plications in medical diagnostics and brain-computer interfaces. However, EEG
data is known to have a low signal-to-noise ratio, resulting in high variance in pre-
dictions across similar instances. To overcome this issue, we introduce RoGra, a
novel approach leveraging residual graph convolutional networks for robust EEG
classification. Our model incorporates dynamic time warping (DTW) to align tem-
poral information and capture meaningful neighborhood relationships, enhancing
robustness against artifacts. Experiments on three well-established EEG datasets
demonstrate that RoGra outperforms baseline methods by up to 25%, marking the
largest improvement in EEG classification accuracy since the introduction of the
seminal EEGNet. Our code is publically availabl

1 INTRODUCTION

Electroencephalogram (EEG) classification is a key task in time-series analysis, both from a theo-
retical and practical perspective, due to its inherent complexity and significant challenges (Parbat &
Chakrabortyl |2021; [Pan et al.} [2022)). One of the main problems is that the EEG sequences are often
contaminated by various artifacts, such as eye blinks, eye movements, and muscle activity (Kotte
& Dabbakuti, |2020; [Delorme, [2023), which can significantly degrade the quality of the recorded
data. These artifacts, which originate from sources other than brain activity, obscure relevant neural
signals and reduce the signal-to-noise ratio (Johnson, |2006), thereby impairing the performance of
downstream applications such as classification and clinical analysis.

Existing EEG classification approaches typically focus on denoising as a preprocessing step, aiming
to remove specific types of artifacts, as demonstrated in (Pan et al., 2022). However, the optimal
denoising strategy remains an open question. Recent findings by |Delorme| (2023)) suggest that au-
tomated denoising can, in fact, reduce classification performance, or at best, have no significant
impact, raising concerns about the efficacy of such preprocessing steps.

In this work, we model EEG sequences as a graph, where edges represent the relationships be-
tween different EEG instances, transforming the EEG classification task into a node classification
problem. We introduce a neural architecture for EEG classification, built on graph neural networks
(GNNSs) (Scarselli et al.| [2008; |[Bresson & Laurent, [2017; |[Kipf & Welling| [2022). Leveraging the
inherent denoising capabilities of GNNs, due to the smoothness properties of graph-based archi-
tectures (Ma et al.| 2021), we demonstrate that our approach is resilient to noise and enhances
classification accuracy. Our method, termed Robust EEG classification via Graph Neural Networks
(RoGra), integrates an InceptionTime (Ismail Fawaz et al., [2020) module to capture high-level tem-
poral features, which are further refined through a residual GNN layer (Bresson & Laurent, 2017
Liu et al.,[2021). This layer processes information from neighboring nodes using a similarity-based
adjacency matrix (Zha et al., 2022), treating each edge as a functional dependency between con-
nected nodes. To account for time shifts between different time series, we compute similarities of
data points with the help of Dynamic Time Warping (DTW) (Sakoe & Chiba, |1978). We argue that
the similarity-based adjacency matrix introduces a beneficial inductive bias, improving classifica-
tion performance for EEG data. Our method achieves a significant improvement of approximately
25% across various EEG datasets while maintaining stable performance. These results indicate that
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GNNss can effectively mitigate the impact of diverse artifacts without compromising the integrity of
the underlying neural signals.

Our contributions in this work are the following:

1. We introduce Robust EEG Classification via Graph Neural Networks, (RoGra), which
exploits similarity-based graph neural networks within the context of EEG classification.

2. We formulate the EEG classification task as an inductive node classification problem, where
weighted edges are constructed from the data matrix with the help of dynamic time warp-
ing.

3. We demonstrate the effectiveness of RoGra on both EEG classification and general time-
series classification tasks. Our model achieves up to a 25% improvement in accuracy across
three benchmark EEG datasets, representing the largest performance gain in EEG classifi-
cation since the introduction of EEGNet! Additionally, RoGra proves to be generalizable,
outperforming state-of-the-art time-series classification models by approximately 2% on
four multivariate non-EEG time-series datasets.

4. We empirically show that RoGra is especially robust to noise. By adding successively more
and more noise to the data, we show that RoGra is able to classify in highly noisy settings,
where RoGra is able to maintain its performance.

2 RELATED WORK

In the EEG literature, most models integrate various types of convolutions (spatial, temporal, and
hybrid), along with normalization, pooling, and a final linear layer. Some pioneering models include
EEGNet (Lawhern et al., 2018)) and ShallowConvNet (Schirrmeister et al., [2017), both of which
employ temporal convolutions and convolutional blocks. SCCNet (Wei et al., 2019) extends this
by incorporating spatiotemporal convolution to learn spectral filtering. FBCNet (Mane et al., [2021)
follows a similar approach to EEG-TCNet but incorporates spectral filtering in the initial stage.
EEG-TCNet (Ingolfsson et al.| [2020) utilizes causal convolutions, while TCNet-Fusion (Musallam
et al.l 2021)) enhances this and concatenates the outputs of the first and second layers before the
final classification step. MBEEGSE (Altuwaijri et al.| 2022) is one of the first transformers and uses
EEG blocks (Riyad et al.,2020) in combination with SE attention blocks (Altuwaijri & Muhammad,
2022). MAtt (Pan et al.| [2022) introduces a novel approach by utilizing manifold attention layers in
Riemann space instead of the standard Euclidean space. Furthermore, Burchert et al.|(2024)) propose
ResNet (Kachuee et al.l 2018)) and Inception (Ismail Fawaz et al., [2020) as robust baselines, along
with a different training protocol for joint subject training. One of the main challenges in EEG
classification literature is the large variance observed when training models on different subjects for
the same task. Additionally, model performance is highly dependent on the choice of architecture
and hyperparameters, leading to high standard deviations. As a result, it becomes difficult to identify
the most suitable models for a given task, as many results lack statistical significance.

Signals in EEG datasets inherently contain brain activity alongside various sources of noise and ar-
tifacts (Zhang et al.,|2021). Numerous studies have addressed these noise issues, originating from
sources such as ocular movements (Croft & Barry,|2000; Chan et al.,[2010) and muscle activity (Mc-
Menamin et al., 2010; Nekrasova et al.||2022). Traditional denoising techniques, such as regression
and linear filtering methods, have been widely used to mitigate noise in EEG signals (Lai et al.,
2018 |Grobbelaar et al., [2022). However, these approaches often risk removing or distorting im-
portant physiological information, thereby reducing classification performance (Lai et al.| 2018].
Advanced methods, including blind source separation (Taha & Abdel-Raheem), [2022]) and empirical
mode decomposition (Soler et al., 2020), have also been explored but struggle with non-linear or
overlapping artifacts. Furthermore, signal decomposition methods like Wavelet Transform (Borse,
20155 |Alyasseri et al.l 2019) have gained popularity, though they rely heavily on the selection of an
appropriate wavelet basis and thresholding, which can be challenging and may lead to the loss of
significant signal components (Lai et al.l 2018 |Grobbelaar et al.| [2022). Therefore, mitigating the
impact of diverse noise sources without compromising the integrity of the neural signals remains an
open question.

Graph neural networks (GNNs) capture dependencies in a graph by facilitating information ex-
change between nodes (Zhou et al., 2020). The problem of time series classification can be ap-
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proached from two distinct perspectives: as a graph classification task, referred to as Series-as-
Graph, or as a node classification task, referred to as Series-as-Node (Jin et al.,[2024)). In the Series-
as-Graph approach, time series classification was first explored by Time2Graph (Cheng et al.| |2020),
which extracts time-aware shapelets to build a shapelet-based graph for classification. This was ex-
tended to Time2Graph+ (Cheng et al., [2021)), introducing time-level attention to capture shapelet
evolution. MTS2Graph (Younis et al., 2024) combines CNNs and clustering to extract patterns and
build graphs for classification, while TodyNet (Liu et al.,|2024) avoids predefined graphs, using tem-
poral graph pooling to capture spatio-temporal dependencies. From the Series-as-Node perspective,
SimTSC (Zha et al.,|2022) represents each time series as a node in a graph, with edges weighted by
similarity. GNN operations generate node embeddings, which are then classified. In this work, we
formulate EEG classification task from a Series-as-Node perspective as in (Zha et al., [2022)) where
edges are constructed from the data matrix.

GNNs have recently gained attention for EEG classification, with various GNN architectures being
tailored to specific EEG tasks (Klepl et al.l [2024) such as emotion recognition (Song et al., 2018;
Zhou et al., 2023), epilepsy diagnosis (Wang et al., [2023), seizure detection (Ho & Armantfard,
2023} Tang et al., [2021), sleep staging (Eldele et al., 2021}, and motor imagery (Jin et al.l [2021).
Many state-of-the-art GNN-based approaches leverage pre-defined structural connectivity to repre-
sent the physical connections between EEG sensors (Zhong et al., 2020} [Lin et al., [2021)), and rely
on feature extraction techniques involving convolutional neural networks (CNNs) (Jia et al.,|2021),
long short-term memory (LSTM) (Hou et al., [2020), or multi-layer perceptrons (MLPs) (Sun et al.,
2022). These features are then fed into different GNN variants, such as simplified Graph Neural
Networks (GCNs) (Klepl et al.l 2022), first-order ChebConv (Raeisi et al.,|2022)), and Graph Atten-
tion Networks (GATs) (Priyasad et al.l [2022). However, current state-of-the-art graph-based EEG
classification methods have several limitations. First, they are only tailored to specific tasks, lack-
ing a generalizable framework for diverse EEG classification problems. Additionally, these models
typically construct graphs based on the physical locations of EEG sensors, which fails to capture
the functional dependencies between EEG signals. Furthermore, like other EEG-based approaches,
these models often show only moderate performance, as they struggle to fully leverage the complex
information inherent in EEG signals.

3 PRELIMINARIES

3.1 PROBLEM SETTING: EEG TIME SERIES CLASSIFICATION

Given a set of EEG recordings from a subject and their classification into distinct categories (e.g.,
by an expert), the objective is to classify new EEG recordings from this subject into these categories
based on patterns in the signals. Each EEG recording is represented by a time series X € RE*T,
where C' is the number of EEG channels (electrodes) and 7 the length of the recording in time steps,
each class label by a number y € {1,..., K}. Given N such labeled EEG recordings, i.e., pairs
(X1,91), .-, (Xn,yn) from an unknown distribution p (e.g., representing a subject), the task is to
find a model g that maps EEG signals X to the correct class (where X and its ground truth class y are
from the same distribution p). Correctness is measured simply by a loss function, typically accuracy
or for problems with imbalanced class distribution area under the curve (AUC; see Appendix [A.2)).
To achieve this goal, the model has to capture both spatial (across channels C') and temporal (across
time points 7") patterns.

We focus on the standard inductive problem setting, where the model must make predictions for
each test instance independently, without access to the features of other test instances. In contrast,
in the transductive setting, models have access to all test features collectively, providing additional
information. We emphasize this distinction to differentiate our work from transductive approaches
in the literature.

3.2 EEG TIME SERIES CLASSIFICATION AS NODE CLASSIFICATION

We represent EEG data as a graph from a novel perspective. Instead of using channels as nodes
and treating EEG time series classification as a graph classification task, we construct a graph
G = (V, E) where each node v; € V corresponds to a full EEG sequence X;. Edges F denote
relationships between these time series, based on a similarity matrix A. Each EEG sequence X; has
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Figure 1: Our proposed model RoGra

alabel y; € {1,2,..., K}, where K is the number of distinct classes representing different brain
states or conditions. The objective is to predict these labels y = (y1,y2,. .., yn) for all nodes in
the graph.

4 METHODOLOGY

While the vast majority of recent EEG classification models follow one common architecture, deep
convolutional neural networks, with many different layers and choices in detail (see sec. 2)), we are
interested in a model than can leverage both, a rich encoder of the EEG recording and a distance
measure d between such EEG recordings in an end-to-end learnable way in a graph neural network.
Here, the graph neural network is build not over a single instance, e.g., over the different channels,
but each EEG instance is a node. Let us have in the following a sequence of EEG training series
X = (X1,...,Xy) € (RE*TY)N_ RoGra contains the steps we discuss in the following. Tt is
depicted in Figure[T]and the training procedure is described in Algorithm [I]

1. DTW Distance and Graph Construction The EEG sequences X1, ..., X, denote the nodes
and the adjacency matrix (and therefore the edges) is constructed as follows. We are using dynamic
time warping (DTW; |[Sakoe & Chibal[1978)) to measure distances between two EEG recordings,
allowing to re-align patterns that slightly shifted in time between different instances:

Jul
d"™ (X, Xp) := min{) " d(Xmw, > Xnow,,) | w € ({1,...,T}?)* warping path}

=1

where a sequence w of index pairs is called a warping path if it starts at (1, 1), ends at (T, T) and in
each step each index increases by 1 or stays at its previous value. We convert distances into similarity
values used for edge weights in a weighted adjacency matrix A via an exponential decay (Zha et al |
2022):

A = exp(—a-d"™(X,,, Xp)), m,ne{l,...,N} (1)
where a@ > 0 controls how quickly the weights decay with increasing DTW distance; in all our
experiments we used o := 0.3. We sparsify the weighted adjacency matrix A by keeping only the

largest J values in every row and setting all others to zero, in effect dropping the edges between
these nodes.

2. Instance Encoding. We utilize InceptionTime (Ismail Fawaz et al., |2020) to extract temporal
features from each EEG recording X,,. It employs multi-scale convolutional layers with various
filter sizes k € {1,3,5} to capture temporal patterns at different resolutions and then concatenates
all of them to an initial latent representation:

7% := inception(X,,; ) € RF 2)
where F' € N is the latent feature dimension and §°" are the parameters of the inception encoder
(e.g., its kernel matrices). Z° now represents the initial latent embedding of instance X,.
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3. Information Fusion with Residual Graph Neural Networks. Once the temporal features
Z0 are extracted, we use Residual Graph Neural Networks (ResGNN; Bresson & Laurent2017}
Liu et al|[2021) to fuse the two types of information: the distance information in the graph G,
esp. its weighted adjacency matrix A, and the initial encodings Z° of the EEG recordings, used
as node features in the first GNN layer. Each layer performs one step of message passing between
nelig{lboring nodes, transforming the N x d' matrix Z' of all node features to a N x d'*! matrix
Z+

75 = (A Z'W) + Z' W] 3)
if the latent dimension changes (d; 11 # d;), and just with a residual link otherwise:
Z5H = (A Z'W) + 7! “4)

where W, W/ are trainable weight matrices. Here A’ = D=2 AD~% denotes the normalized adja-
cency matrix, where D is the weighted degree matrix, the diagonal matrix containing the row sums
of A, and ¢ an activation function. The output of the last, L-th layer we denote as

ResGNN(A, Z°; 9NNy .= 7L 6)

with parameters 0NN := (177, W) i=0:1—1-

4. Node Classification Head. We choose the number of classes as last embedding dimension
(dr = K) and finally apply softmax on the output of the last GNN layer (on top of its activation
function), to predict class probabilities:

Un := RoGra(X;0),, := softmax(Z,f) (6)

with parameters 6 := (6", §ONN),

5. Loss and Training Procedure. During training time, we infer the predicted labels with RoGra
and train with cross-entropy:

N
1
00; X, y) := N Z cross-entropy(yn, 9») Wwith § := RoGra(X; 0) @)

n=1

6. Inference for Test Examples. At inference, RoGra will build a separate graph for each test
instance X9". This is done by building a graph having the training examples and the particular
test example as nodes. We then apply RoGra, i.e., step 1 to 4 to (X1,..., Xy, X%") and use the
predictions for the test instance:

§(X™) := RoGra((X1, .., Xn, X); 0) 11

Equipped with this inference procedure RoGra is a fully inductive model that can predict each in-
stance separately. For performance reasons, we batch the training examples and compute the simi-
larity matrix only in the batch and apply RoGra batch wise. For inferring a test example, we sample
a batch of training instances X1, ..., Xp and compute RoGra((X7y, ..., X5, X1)).

7. Delineation from SimTSC and Kernel-based Methods. While RoGra shares some conceptual
similarities with SIimTSC (Zha et al., [2022)) in constructing the adjacency matrix, it introduces key
distinctions that set it apart. RoGra leverages an InceptionTime encoder to process time series data
or EEG recordings. It utilizes a ResGNN architecture to dynamically update node representations.
Unlike approaches that build a graph over channels, separately for each instance, RoGra constructs
a graph over all training instances and the test instance being predicted. For each test instance X",
a graph G(X ) is formed with nodes V(X ®) := {X,..., Xy, X%}, and edges are created based
on nearest neighbors according to the distance measure d. This setup differs from the transductive
inference approach used in SimTSC, where a single graph is built over both the training and several
test instances. It also contrasts with kernel-based models, as RoGra constructs its graph using only
the training predictors X,,, without incorporating the class labels y,,.
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Algorithm 1 RoGra Training

Require: Training dataset D™ = {(X1,%1),...,(Xx,yn)}, scaling factor «, batch size B < N,
number of epochs I
1: Initialize #°, 9NN randomly
2: for epoch¢ = 1to I do

3: Partition data D" in batches {(X\"), 4 )y—1.5 | 5 =1,...,[N/B]}

4 for each batch (X,Sj), ylgj))b:LB do

5: Agp < ComputeSimilarity (X, X)) Va,b e {1,...,B} > Equation (1)
6: AR inception(Xéj); ) vbe{l,...,B} > Equation (

7 ZL < ResGNN(4, Z0; 95NN > Equation (

8 g < softmax(Z}) Vbe{l,...,B} > Equation (6)
9: L+ & Zle cross-entropy(gjgj ), yéj )) > Equation (
10: Update parameters: e, GNN based on VL

return 6, §C

5 EXPERIMENTS

We compare our model RoGra in two settings, EEG classification and time-series classification
(TSC). For the application domain of EEG, we evaluate our method with the current state-of-the-art
models for EEG Classification including Inception and InceptionJoint (Burchert et al.| [2024), MAtt
(Pan et al.}2022), MBEEGSE (Altuwaijri et al.} 2022), FBCNet (Mane et al.,|2021), TCNet-Fusion
(Musallam et al.,2021), EEG-TCNet (Ingolfsson et al., [2020), SCCNet (Wei et al., 2019), EEGNet
(Lawhern et al., 2018)), and ShallowConvNet (Schirrmeister et al.| 2017)). Additionally, we analyze
RoGtra in the broader context of TSC on five multivariate UCR (Dau et al.,|2019) datasets. Here we
compare against SimTSC(Zha et al.| 2022), HIVE-COTE2 (Middlehurst et al., |2021), Hydra-MR
(Tan et al.||2022)), and H-InceptionTime (Ismail-Fawaz et al.| [2022).

5.1 DATASETS

For EEG classification, we experiment on the following three datasets representing three different
classification targets, motor imagery, visual stimuli, and error recognition, respectively.

MI - Motor Imagery (Brunner et al.l 2008). Originally released for the BCI Competition IV in
2008 as dataset BCIC-IV-2a, it is widely used in EEG-based studies and consists of recordings from
9 subjects. The EEG signals were collected using 22 Ag/AgCl electrodes placed over central and
surrounding scalp regions, with a sampling rate of 250 Hz. The motor imagery task in this dataset
includes four classes, where subjects were asked to imagine one of four movements: right hand,
left hand, feet, or tongue. Standard preprocessing procedures were applied to the 22-channel data,
which involved down-sampling the signals from 256 Hz to 128 Hz, followed by band-pass filtering
to retain frequencies between 4 Hz and 38 Hz. The signals were then segmented, beginning 0.5
seconds after the onset of the cue and continuing for 4 seconds, resulting in segments containing
438 time points.

SSVEP - Steady-State Visual Evoked Potentials (Nikolopoulos| [2021). Released 2016 by the
MAMEM project as dataset II, it includes EEG recordings from 11 subjects, using an EGI 300
Geodesic EEG System (GES 300). During the task, subjects focused on one of five visual stim-
uli flickering at specific frequencies (6.66, 7.50, 8.57, 10.00, and 12.00 Hz) for a duration of five
seconds. Preprocessing of the EEG signals involved applying a band-pass filter between 1 Hz and
50 Hz. Eight channels, located in the occipital region of the brain (PO7, PO3, PO, PO4, POS, O1,
Oz, and 02), where the visual cortex is situated, were selected for analysis. Each trial was divided
into four 1-second segments, starting 1 second after the cue onset and continuing for the next four
seconds. This produced a total of 500 trials of 1-second, 8-channel SSVEP signals for each subject,
with each segment consisting of 125 time points.
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Table 1: Performance comparison for the datasets BCIC-IV-2a (MI), MAMEM EEG SSVEP
(SSVEP) and the BCI challenge error-related negativity (ERN). We report the average accuracy
for MI and SSVEP and the AUC for ERN over 5 runs respectively. The best result is highlighted
in bold and the second best is underlined. Overall we achieve an average relative increase in perfor-
mance of 18.78% over the current state-of-the-art.

Model \ MI SSVEP ERN

ShallowConvNet | 61.84+6.39 56.93£6.97 71.86+2.64
EEGNet 57.43+6.25 53.72+7.23 74.28+2.47
SCCNet 71.95£5.05 62.11£7.70 70.93+£2.31
EEG-TCNet 67.09+4.66 55.45+7.66 77.05+2.46
TCNet-Fusion 56.52+3.07 45.00+£6.45 70.46+2.94
FBCNet 71.45+4.45 53.09+£5.67 60.47+£3.06
MBEEGSE 64.584+6.07 56.45+7.27 75.46£2.34
MAtt 74.71+£5.01 65.50£8.20 76.01+£2.28
Inception 62.85+£3.21 62.71£2.95 73.55+£5.08
InceptionJoint 61.38£1.57 66.00+0.36 76.13+0.95
RoGra (ours) 92.09+1.45 71.33£1.79 96.29+1.57

Increase in % \ 23.27 8.08 24.98

ERN - Error-Related Negativity (Margaux et al.l 2012). Released 2015 as part of the BCI Chal-
lenge NER 2015[2_1 it captures EEG data from 16 subjects from 56 Ag/AgCl electrodes. Subjects are
performing a P300-based BCI spelling task, a binary classification challenge, with an inherent class
imbalance due to more frequent correct inputs. Preprocessing involved down-sampling the signals
from 600 Hz to 128 Hz and applying a band-pass filter between 1 Hz and 40 Hz. After processing,
each trial was composed of 56 channels, with 160 time points per trial.

5.2 EXPERIMENTAL SETUP

We compare our model RoGra against the EEG Classification baselines for these three datasets. For
the MI and SSVEP datasets, accuracy is used as the performance metric, while AUC is employed
for ERN due to class imbalance. We split the data 80/20 uniform at random for training and testing
respectively. The baselines use a slightly different split, where for MI there is a fixed train/test split
by instances, and SSVEP as well as ERN are split time-wise by sessions. There is no significant
difference between the two protocols for model performance. We show this for SSVEP in the ap-
pendix in Table[0] where we apply our split for MAtt. We train RoGra for 500 epochs and we repeat
the training 5 times. For our model, we did no additional hyperparameter optimization for any of
the three datasets and used a learning rate of 1le~*, weight-decay of 4e~3, and dropout of 0.5 in the
inception backbone for all experiments. Additionally, we set the scaling factor « to 0.3 and assigned
each node 3 neighbors (J = 3). We use two layers of ResGNN in all of our experiments for fair
comparison. The results for the baselines were aggregated from (Burchert et al.| 2024) and (Pan
et al.,[2022).

5.3 EEG CLASSIFICATION RESULTS

In Table [1} we show the performance of RoGra compared to state-of-the-art EEG classification
methods. On the first dataset, MI, we achieve a significant 23.27% lift over the second-best model,
MATtt, as shown in Table@ For the second dataset, SSVEP, we also observe a performance increase
of 8.08% compared to the InceptionJoint model. However, this model employs a different evalua-
tion protocol, training all subjects jointly. We further compare performance for individual subjects
directly in Table [3] Notably, RoGra demonstrates consistent performance for challenging subjects;
for instance, in the case of subjects 4,5 and 8, where all other models are incapable of learning useful
patterns and default to random performance. For the last dataset, ERN, we again achieve a signifi-
cant lift of 24.98% over the second-best model, EEG-TCNet. The results for individual subjects for
ERN can be found in the Appendix in Table

“https://www.kaggle.com/c/inria-bci-challenge
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Table 2: Performance comparison for the MI dataset. The best result is highlighted in bold and the
second best is underlined. Overall we achieve an average increase in performance of 23.3% over the
current state-of-the-art for EEG classification models.

Subject | Inception MALtt RoGra

78.96 £1.82 86.94+1.36 94.83+2.18
4125 £2.63 56.00+327 77.06+1.02
82.09 £3.05 88.33+1.17 98.28+ 141
5243 £2.40 67.85+342 91.38+1.02
38.75+£3.74 6132+ 1.07 92.81+1.82
48.61 £1.78 67.00 +2.54 85.06 £ 2.38
75.99 £4.51 91.18+0.89 98.28 +0.86
7431 £3.28 83.06+£2.01 96.29 + 1.08
7326 £2.14 81.18 £ 1.06 94.83 + 1.28

OO0 JINWNPBA W=

Table 3: Performance comparison for the SSVEP dataset. The best result is highlighted in bold and
the second best is underlined. Overall we achieve an average increase in performance of 8.08% over
the current state-of-the-art for EEG classification models.

Subject | Inception MALtt RoGra

1 80.40 £2.06 81.60 +2.87 68.01 £+ 1.52
2 86.60 £ 1.62 8940+ 136 71.05+1.74
3 61.60 £3.07 5820+5.64 67.01+0.64
4 25.00 £4.00 20.60+3.88 66.12 £2.15
5 25.00£6.72 26.40+4.80 62.34 +3.51
6 79.20 £1.72  79.00 £ 2.68 81.24 +1.63
7 69.20 £ 1.72 66.00 =2.19 69.94 + 1.36
8 23.60 £1.74 23.80+271 61.28+1.28
9 79.40 £2.58 88.20 £2.04 74.62+1.78
10 68.60 £3.72 70.60 +=4.54 71.36 £+ 2.46
11 9120+£2.48 9020+1.47 91.74 +1.67

Overall RoGra performs 18.78% better on average than its competitors while also exhibiting strong
robustness. We use the same set of hyperparameters across all datasets, whereas the other methods
are highly susceptible to the choice of the hyperparameter search space. Furthermore, RoGra also
has a lower standard deviation compared to the other EEG classification models. A notable exception
is InceptionJoint, which employs a subject-conditional evaluation protocol. However, even with
the additional training data and static features containing subject information, our model performs
significantly better across all datasets.

5.4 TIME SERIES CLASSIFICATION RESULTS

Additionally, we evaluate RoGra in the broader domain of Time Series Classification on five mul-
tivariate UCR (Dau et al., [2019) datasets against five TSC baselines: SimTSC (Zha et al.| [2022),
HIVE-COTE2 (Middlehurst et al., 2021), Hydra-MR (Tan et al., [2022), and H-InceptionTime
(Ismail-Fawaz et al., [2022). Our model, RoGra, also outperforms all other baselines in four out of
the five datasets as shown in Table[d The improvements are statistically significant for the ECG5000
and Handwriting datasets, as determined by a t-test. While we achieve an average performance in-
crease of approximately 2%, the gains are much lower compared to the EEG datasets. Although
the addition of the DTW and residual GCN compared to the vanilla H-InceptionTime represents an
improvement, the encoding with DTW is especially valuable for noisy datasets, such as those in the
application of EEG.

5.5 RoGra: EMPIRICAL ANALYSIS

To further analyze the performance of RoGra, we conducted a series of experiements: (I) we inves-
tigated the impact of individual model components on overall performance, (II) we examined the
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Table 4: Performance comparison for multivariate TSC datasets. The best result is highlighted in
bold and the second best is underlined. Overall we achieve an average increase in performance of
2% over the current state-of-the-art for time series classification models.

Datasets | ECG5000 ElectricDevices CharTraj  Handwriting PhonemeSpectra
SimTSC 94.13 £ 0.2 7033 +£ 1.2 98.89 £0.1 56.65+1.3 30.54 £ 0.6
HIVE-COTE2 94.58 £ 0.2 74.70 £ 0.7 99.28 + 0.1 57.56 £ 0.6 3146 £ 1.1
Hydra-MR 94.60 + 0.1 7393 £ 0.5 99.194+02 56.09+0.9 31.93+£ 09
H-InceptionTime | 94.09 4+ 0.2 71.74 £ 1.0 9895+02 5650+£1.9 3201+ 1.0
RoGra (ours) 95.26 +0.3 75.08 + 0.7 99.09 £ 02 58.49 £ 0.6 32.72 + 0.7

Table 5: Ablation study for different similarity measures, backbones, and GNNs and their relative
impact on accuracy on the MI dataset.

Similarity Backbone GNN (MI) Performance Impact
DTW + Inception + ResGCN 92.09 + 1.45 RoGra
Euclidean  + Inception  + ResGCN 63.51 £ 7.53 -31.06%
Euclidean  + Inception  + GCN 52.36 & 8.46 -43.14%
DTW + ResNet + ResGCN 91.54 £ 2.81 -0.60%
DTW + ResNet + GCN 88.17 £ 2.87 -4.25%
DTW + INN + None 22.41+9.34 -75.67%
None + Inception  + None 65.56 = 5.12 -28.81%

robustness of RoGra compared to MA#t under noisy input conditions, and (III) we demonstrated the
denoising effect of the Graph Neural Network (GNN) through output smoothing.

For the first study, we compared the full RoGra architecture by systematically replacing its com-
ponents, including the similarity measure, backbone, and GNN. Our findings, reported in Table E],
indicate that the primary factor driving performance improvement is the use of the DTW similarity
measure. The model’s predictive capability significantly diminishes when this measure is replaced
with Euclidean distance. However, DTW alone is insufficient for accurate prediction, as demon-
strated by replacing the backbone and GCN with a simple 1-Nearest-Neighbor approach, which
causes accuracy to drop to near-random levels. DTW, when combined with ResNet and the GCN,
resembles the SImTSC architecture but uses the entire training set. However, we managed to outper-
form that with more than 4%. When comparing ResNet with Inception, the latter performs better in
EEQG classification tasks but, when used alone without additional components, also shows a decline
in model accuracy.

Table 6: Impact of noise on RoGra and MAtt for the MI Dataset. Below each model, we list the
degradation of performance in percent.

Model \ no Noise v =0.05 v=0.1 v =0.25 v=0.5

RoGra (ours) | 92.09 +1.45 9233+130 91.73£1.31 91.64+137 91.39+1.52
- -0.26% 0.39% 0.49% 0.76%

MALtt 7471 £5.01 7329+495 7092+534 66.82+573 61.79+ 15.30
- 1.90% 5.07% 10.56% 17.29%

Secondly, we demonstrate the robustness of RoGra. In this ablation, we evaluate the model’s per-
formance under varying levels of noise in the MI dataset and analyze the resulting degradation. We
have plotted the EEG sequences with the noise levels in Figure 2] and for higher values of  in Fig-
ure [3]in the Appendix. The noise is drawn from the following distribution and applied to the full
dataset in an additive fashion:

noise = A/(0, 1)std( D)

Where std(D'") represents the standard deviation of the training data, and ~y denotes the noise
level. The mean of the added noise is zero, simulating the behavior of EEG data, which typically
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Noise level: 0 ._Noise level: 0.05 R Noise level: 0.1 Noise level: 0.25 Noise level: 0.5

Figure 2: In this figure we show the effect of the additive noise on the EEG sequence for the first
channel of MI. We also show the moving average with a window size of 10 in red to highlight the
trend. The figure is best viewed in color.

Table 7: Ablation study for Kullback—Leibler divergence (KL) metric between instances within
same class in MI dataset in comparison to the best-performing baseline MALtt.

Model \ ClassI ClassII ClassIIl ClassIV

MALtt 0.0468  0.0994 0.0366 0.0246
RoGra | 0.0011 0.0010 0.0016 0.0008

has a mean of zero and oscillates around this point. For MI, the oscillation ranges approximately
from —50 to 50, with a standard deviation of 6. Thus, we modify the magnitude of the oscillations
and peaks in the data with additive noise. For a value of v = 0.5 the trend of the data is identifiable,
therefore a model should be able to extract meaningful features. As shown in Table [ our model,
RoGra, is an order of magnitude less sensitive to noisy data compared to MAtt, which performance
degrades significantly. This demonstrates that RoGra is still able to extract meaningful patterns even
when the peaks and valleys in the data are distorted. For EEG classification tasks, this high resistance
to noise is particularly valuable, as the data is inherently noisy due to ocular and myogenic artifacts,
as well as misaligned EEG sensors.

Lastly, we demonstrate that RoGra also generalizes effectively in the output space, as shown by the
Kullback-Leibler (KL) divergence analysis on the MI dataset. For this experiment, we compute the
KL divergence between the output distributions of instances within the same class, using the softmax
of the final model output. In Table[7} we compare the KL divergence values for each class between
RoGra and the best performing baseline, MAtt. RoGra exhibits significantly lower KL divergence
across all classes compared to MArt. This lower divergence indicates that the output distributions
produced by RoGra are much more similar within the same class, suggesting that the model achieves
more consistent and well-regularized predictions. As a result, the decision boundaries between
different classes are better defined, leading to improved classification performance on EEG data in
the MI dataset. Furthermore, we also compute the Shannon Divergence for the output distributions,
which can be found in Appendix (Table[I2). These results further support that RoGra effectively
minimizes uncertainty in its predictions, enhancing its robustness for EEG classification tasks.

6 CONCLUSION

In this paper, we introduce a novel approach to EEG classification by representing EEG sequences
as a graph, transforming the task into a node classification problem. Our proposed method, RoGra,
leverages the denoising capabilities of GNNs to improve classification accuracy and robustness in
noisy environments. By integrating an InceptionTime module for high-level temporal feature ex-
traction and refining these features through a residual GNN layer with a similarity-based adjacency
matrix, RoGra captures functional dependencies between EEG instances. This design introduces
a valuable inductive bias, enabling the model to perform consistently across various EEG datasets,
achieving up to a notable 25% performance improvement. Additionally, our method demonstrates
strong resilience to noise, maintaining classification accuracy even when the data contains signifi-
cant noise levels. These results underscore the potential of GNNs in enhancing EEG classification,
particularly in challenging real-world conditions where noise is prevalent.

10
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7 REPRODUCIBILITY STATEMENT

We are committed to ensuring the reproducibility of our model, RoGra. To support this, we provide
the source code, including pre-processing steps, model architecture, and training scripts, in the sup-
plementary material. Upon publication, the code will also be made publicly available on GitHub,
along with detailed documentation to guide experiment setup and execution. The datasets used in
our experiments are publicly available, and we additionally provide a link to the preprocessed data in
a cloud service for easy access. All hyperparameters and model configurations are detailed in both
the paper and the code repository to ensure easy replication. The computing environment, including
hardware specifications, software dependencies, and package versions, is fully documented, with a
“requirements.txt” file provided to facilitate seamless environment setup.

8 ETHICS STATEMENT

We are committed to contributing positively to society and human well-being, while respecting
the privacy of the subjects involved in our evaluation. Our experiments utilize three established
EEG datasets: MI, SSVEP, and ERN, which involve data from human subjects. These datasets are
fully anonymized and do not contain any personally identifiable information. Additionally, they are
publicly available and widely used within the machine learning community.
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A APPENDIX

A.1 INCEPTIONTIME

As our backbone for RoGra, we use the InceptionTime (Ismail Fawaz et al.| [2020) model, which
consists of multiple stacked InceptionTimeBlocks. In Algorithm [2| we show the layout of such a
block. Here, 1D convolutions are used with different kernel sizes to extract features and produce
latent embeddings at different resolutions. Afterwards, BatchNorm and ReLU, as non-linear ac-
tivation functions, are applied. Additionally, in Cy, InceptionTime applies MaxPooling to further
regularize the embeddings. In the final step of the InceptionTimeBlock, the latent embeddings are
concatenated and returned.

Algorithm 2 InceptionTime Block

1: Input: Input time series data X € RE*T

2: Output: Output feature map Z°

> C: number of channels, T": sequence length

3:
4. procedure INCEPTIONTIMEBLOCK(X)
5: (1 < ReLU(BatchNorm(Conv1D(X))) > Convolution with kernel size 1
6: Cy <+ ReLU(BatchNorm(Conv1D(X))) > Done twice with kernel size 1 and 3
7: C3 + ReLU(BatchNorm(Conv1D(X))) > Done twice with kernel size 1 and 5
8: C4 <+ ReLU(BatchNorm(Conv1D(MaxPool(X)))) > Convolution with kernel size 1
9: Z9% « Concatenate([C1, Ca, Cs, C4], axis=-1)

10: return Z°

A.2 EVALUATION METRICS

In addition to accuracy for the first two datasets, MI and SSVEP, we use Area Under the Curve
(AUQC) as the evaluation metric for the last dataset, ERN. This particular dataset is unbalanced, with
aratio of 70/30 for the positive and negative classes, respectively, which makes accuracy unsuitable;
therefore, AUC is applied. AUC measures how well a binary classification model can distinguish
between two classes. Ranging from O to 1, a higher AUC indicates better performance, with 0.5 rep-
resenting random guessing and 1 indicating perfect classification. The exact calculation is described
in the equation below.

AUC = / 1 TPR(z)d(FPR(x))
=0

where T'PR(x) is the True Positive Rate (sensitivity) at a given false positive rate F'PR(x).

A.3 ADDITIONAL RESULTS AND ABLATION STUDIES

Here we have compiled additional experimental results and further evidence for the ablation studies.
For the main results of this paper, we have included the performance for the ERN dataset in Table([§]
Here, our model, RoGra, achieves an impressive lift of 24.98% compared to the next best baseline.
We achieve very high performance for all subjects, with no noticeable decreases.

Furthermore, we compare two different splitting methods for the train and test data. Here, Inception
and MA1z split the dataset timewise, where the first 300 timesteps are used for training, the next 100
for validation, and the final 100 for testing. We adopt a different protocol by splitting not time-wise
by session, but instead using a split by instances. This protocol is utilized by MAtt Inst. and RoGra.
The results for this ablation are shown in Table [0} where there is no significant difference in the
performance of the two protocols. MAtt Inst. shows a higher standard deviation for some subjects,
but this is caused by a lower number of runs for this protocol. The original MA¢t has 8 runs, while
we used 3 as an approximation for this study.

We also test the resilience of RoGra and MAtt against noisy input data, which is common in the
domain of EEG classification. In Figure 3] we show the EEG sequences and the corresponding
factor y for the additive noise. For simplicity, we only plot the first channel of the EEG sequences as
a representative sample of the data. We also show the moving average with a sliding window of 10
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Table 8: Performance comparison for the ERN dataset. The best result is highlighted in bold and
the second best is underlined. Overall we achieve an average increase in performance of 24.98%
over the current state-of-the-art for EEG classification models.

Subject | Inception MALtt RoGra

2 74.03+3.37 81.86+2.56 97.64 + 1.34
6 88.404+2.67 68.34+1.76  94.58 + 1.08
7 85.45+7.05 69.28+1090 98.76 £ 1.12
11 55.274+9.19 70.50+2.66 95.44 +2.54
12 68.62+9.92 60.62+4.70  98.04 £ 1.52
13 51.15+4.16  62.9243.65 96.14 +2.13
14 75.22+3.17 70.42+4.80 97.46 £ 1.89
16 50.53+3.54  55.714+2.56 95.84 + 2.28
17 75.93+4.20 80.60+5.52 97.17 £ 1.64
18 72.30+1.39 75.114+1.42  97.67 +1.73
20 59.97+2.56  57.60+8.12  92.51 &+ 2.25
21 67.95+7.76  62.434+9.56 97.05 + 1.84
22 95.09+0.89 89.33+4.28 98.53 + 1.06
23 61.66+2.38 70.03+5.40  96.91 + 2.02
24 70.88+4.60 73.71+2.99 9781 £ 1.24
26 54.03+4.66 60.084+1.92  95.52 + 1.25

Table 9: Performance comparison for the SSVEP dataset. The best result is highlighted in bold and
the second best is underlined. Overall, we achieve an average increase in performance of 8.08% over
the current state-of-the-art for EEG classification models. Here, MAtt Inst. is using our train/test
split of splitting by instances instead of time.

Subject |  Inception MAtt MAtt Inst. RoGra

1 80.40 £2.06 81.60+2.87 75.00+£7.35 68.01 +1.52
2 86.60 £ 1.62 89.40+ 1.36 89.00£2.10 71.05+1.74
3 61.60 +£3.07 58.20+5.64 52.00+590 67.01+0.64
4 25.00 £4.00 20.60+3.88 26.40+5.57 66.12+ 2.15
5 2500 £6.72 2640 +4.80 27.204+4.79 62.34 +3.51
6 7920 £1.72  79.00 £2.68 85.80 +2.48 81.24 +1.63
7 69.20 £1.72  66.00 £2.19 73.60 +7.39 69.94 + 1.36
8 23.60 £1.74 23.80+2.71 22204+3.19 61.28 +1.28
9 79.40 £2.58 88.20 +£2.04 90.60 =496 74.62 +1.78
10 68.60 +3.72 70.60 +4.54 68.20+4.58 71.36 +£2.46
11 91.20+£2.48 90.20+1.47 84404+6.83 91.74 +1.67
Summary ‘ 62.71 63.09 63.13 71.34

in red to better visualize the trends in the data. For a noise level ranging from 0 to 0.5, the patterns,
while distorted, remain clearly identifiable, with the peaks and valleys largely unchanged. When
applying a v > 1, the signal begins to deteriorate until it is mostly noise in the case of v = 100.

Additionally, we present the impact of noise on the performance of each individual subject for MA##
in Table[I0]and RoGra in Table[T1] Here, the same trend of monotonically decreasing performance
for larger values of the noise-scaling factor « can be observed.

For the study of the output distribution of the softmax on the final latent representation of the model,
we also use the Jensen-Shannon Divergence. This metric is also based on the KL divergence which
takes the following form for two input distributions P and Q:

_ P(z)
KL(P||Q) = ;P(Cﬁ) 10%(%)
The Jensen-Shannon Divergence is defined as:
1 P 1 P
ss(plie) = Lerpl T D) P9,

In Table[I2]we show the Jensen-Shannon Divergence for each class for RoGra and MAtt respectively.
Like in the case of the KL divergence the Jensen-Shannon similarity measure shows that RoGra is
well regularized for the output space.
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Noise level: 0 Noise level: 0.05 Noise level: 0.1 Noise level: 0.25

Noise level: 100

Figure 3: In this figure we show the effect of the additive noise on the EEG sequence for the first
channel of MI. We also show the moving average with a window size of 10 in red to highlight the
trend. The figure is best viewed in color.

Table 10: Impact of noise on MALtt

Subject | 7 =0.05 7 =0.1 v =025 7=0.5
1 86.17 £1.67 8345+220 7731+£1.07 70.02+091
2 5781 £245 55.67+1.07 52.08£3.69 44.68+ 13.10
3 86.57 £1.00 80.67+0.16 78.59+1.61 76.62+2095
4 67.01 £1.01 6516338 57.87+£0.71 51.50 £ 2.09
5 57.52+193 5093 +£236 5139£0.57 49.19+£523
6 52890 £ 1.56 49.07+043 47.11 £257 45.144+0.98
7 88.77+£193 8785177 79.17+£255 6898 +4.05
8 82.06 £1.18 8391071 79.17+1.24 7338 +1.18
9 80.79 £1.56 81.60+130 78.70+0.16 76.62 % 1.56
Summary | 73.29 +4.95 7092 +5.34 66.82+573 6179 +15.30
Table 11: Impact of noise on RoGra
Subject | 4 =0.05 v =0.1 v=0.25 7=0.5
1 9456 £1.82 9424+£193 9421+£1.86 93.13£2.11
2 77.03 £1.17 7691 £1.08 7673 £1.14 7633+ 1.44
3 98.13 £ 147 98.02+£1.57 9793£145 97.67+1.38
4 9122 +1.31 91.04+1.17 91.01£123 90.89 £1.34
5 9251 £1.09 92.64+£181 9246=+£121 9233+1.48
6 84.92 £1.86 84.53+£2.13 84.51+£219 84471252
7 9791+£0.72 97.82+£0.78 9771 £0.83 9759 +1.04
8 96.15+1.06 96.01 £1.12 9592+ 1.15 95.84+£1.12
9 94.66 £1.23 9437+£131 9431 £134 9428+1.29
Summary \ 9233 +£1.30 91.73 £1.31 91.64 =137 91.39 +1.52

Table 12: Ablation study for Shannon Divergence metric between instances within the same class in
MI dataset in comparison to the best-performing baseline MAtt.

Model \ ClassI ClassII ClassIIl Class IV
MALtt 0.0221 0.0176 0.0113 0.0163
RoGra | 0.0062 0.0033 0.0042 0.0044
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