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Abstract

Electroencephalogram (EEG), which directly re-
flects the emotional activity of the brain, has been
increasingly utilized for emotion recognition. Most
works exploit the spatial and temporal dependen-
cies in EEG to learn emotional feature representa-
tions, but they still have two limitations to reach
their full potential. First, prior knowledge is
rarely used to capture the spatial dependency of
brain regions. Second, the cross temporal depen-
dency between consecutive time slices for different
brain regions is ignored. To address these limita-
tions, in this paper, we propose Variational Spa-
tial and Gaussian Temporal (VSGT) graph mod-
els to investigate the spatial and temporal depen-
dencies for EEG-based emotion recognition. The
VSGT has two key components: Variational Spa-
tial Encoder (VSE) and Gaussian Temporal En-
coder (GTE). The VSE identifies the dynamic spa-
tial dependency based on prior knowledge using
the variational Bayesian method. Besides, the
GTE exploits the conditional Gaussian graph trans-
form that computes comprehensive temporal de-
pendency between consecutive time slices. Finally,
the VSGT utilizes a recurrent structure to calculate
the spatial and temporal dependencies for all time
slices. Extensive experiments show the superiority
of VSGT over state-of-the-art methods on multiple
EEG datasets.

1 Introduction

Emotion recognition aims to identify the emotional state of
an individual as a way to study the effect of emotions on hu-
man cognition. Compared with the behavioral clues of emo-
tions, such as body language [Coulson, 2004], voice [Zeng
et al., 2007], and expression [Zhu er al., 2017], the elec-
troencephalogram (EEG) is thought to be the outcome of syn-
chronized neuronal activity and signal transmission that can
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Figure 1: Spatial and temporal dependencies of emotional EEG. (a)
Spatial dependency represents spatial correlations between different
brain regions within the same time slice, e.g., nodes v~ and v{l
within the time slice ¢ — 1. (b) Existing methods do not consider
prior knowledge, e.g., the edge distribution between nodes. Tem-
poral dependency includes two parts: (c) Temporal correlations of
corresponding brain regions at different time slices, e.g., nodes v’iil
and v? at time slices ¢ — 1 and ¢; and (d) Temporal correlations of dif-
ferent brain regions across time slices, e.g., nodes véfl and v}. Such
temporal correlations indicate the delay in the temporal dimension
of the interactions of brain regions but are often ignored by existing
methods.

directly reflect genuine emotion, which makes EEG widely
used in emotion recognition. The EEG signals are collected
from multiple electrodes placed over different brain regions
and exhibit various structural characteristics, including spa-
tial correlations among brain regions within a time slice and
temporal correlations between time slices, as shown in Fig-
ure 1. These spatial and temporal dependencies are specifi-
cally critical for recognizing emotional states, and thus, ex-
ploiting such dependencies in EEG-based emotion recogni-
tion has recently become mainstream [Zhou et al., 2023;
Liu et al., 2024].

Despite much progress made by existing emotion recog-
nition methods [Jia et al., 2021; Li et al., 2018], there are
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still two deficiencies in terms of spatial and temporal de-
pendencies that limit the performance of emotion recogni-
tion. First, prior knowledge is rarely used to capture the
spatial dependency of brain regions. The prior knowledge
refers to the established physiological paradigms that can de-
pict the dynamics and stability of fundamental connectiv-
ity patterns of brain regions [Gonzalez-Castillo et al., 2015;
Braun et al., 2015]. It contributes to the deep exploitation
of emotional states. Unfortunately, very few emotion recog-
nition methods take prior knowledge into account to capture
the spatial dependency.

Second, the cross temporal dependency between consecu-
tive time slices for different brain regions is ignored. Stud-
ies have shown that emotion persistence involves the asyn-
chronous activity in brain regions, which represents the tem-
poral delay in the response of other brain regions to the cur-
rent brain region activity [Lewis, 2005] (e.g., the correlation
between U2T ~1 and vl in Figure 1). Neglecting this cross
temporal dependency may fail to describe the critical de-
layed response in brain regions for emotional states. How-
ever, for the temporal dependency between consecutive time
slices, existing works [Feng et al., 2022; Li et al., 2019;
Li et al., 2021b] only consider the correlations in the same
brain region, ignoring those between different brain regions.

To solve the above limitations, we draw inspiration from
neuroscience to better guide the utilization of spatial and tem-
poral dependencies and propose variational spatial and Gaus-
sian temporal (VSGT) graph models for emotion recognition.
We first design a spatial and temporal EEG-to-graph (S&T-
E2G) block to transform the EEG data into a time-serial graph
structure. To leverage the prior knowledge to facilitate the
learning of emotion recognition models, we introduce the
neural field theory to model the prior distribution of spatial
dependency and present a variational spatial encoder (VSE)
to compute a derivable posterior distribution to approximate
the prior distribution, through which the spatial dependency
can be captured with the variational Bayesian method. To
capture the cross temporal dependency between consecutive
time slices for different brain regions, we propose a Gaussian
temporal encoder (GTE), in which a conditional Gaussian
graph transform is used to calculate comprehensive temporal
dependency between consecutive time slices. Finally, we use
a graph convolutional network (GCN) to recurrently learn ef-
fective feature representations from the spatial and temporal
dependencies for emotion recognition.

The contributions of the paper are summarized as follows.

* We introduce the prior knowledge i.e., neural field the-
ory, to the spatial dependency and propose a variational
spatial encoder (VSE) to capture the spatial dependency.

e We analyze the importance of cross temporal depen-
dency for emotion recognition and propose a Gaussian
temporal encoder (GTE) to capture the cross temporal
dependency.

* We designed a recurrent spatial and temporal module
(RST) to learn the spatial-temporal feature representa-
tions for time-serial graph structure.
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2 Related Work

Currently, more and more researchers are devoted to ana-
lyzing EEG-based emotion recognition based on spatial or
spatio-temporal dependency in graph modeling. For spa-
tial dependency modeling, existing methods are divided
into predetermined and dynamic dependencies. Predeter-
mined dependency indicates that spatial dependency is built
on certain physiological paradigms. Based on ‘the decay of
brain region correlations with physical distance’ [Salvador
et al., 2005], [Zhong et al., 2020; Xu et al., 2023] apply
spatial coordinates of electrodes to calculate spatial depen-
dency related to physical distance; Based on ‘the Interna-
tional 10-20 EEG Electrode Standard’, [Deng er al., 2021]
set spatial dependency based on fixed 2D electrode connec-
tion graph; Based on ‘the asymmetry of neural activity in the
left and right hemispheres during emotional states’ [Schmidt
and Trainor, 20011, [Du et al., 2022; Ding et al., 2024] select
specific cross-hemisphere electrode pairs to set spatial depen-
dency. Dynamic dependency indicates that the spatial depen-
dency can be updated during training. [Song et al., 2018;
Zhang et al., 2019] utilize a parameter matrix to represent
spatial dependency, which can be updated through the loss
function; [Li et al., 2021a; Ye et al., 2022] calculates the
phase difference between electrode signals as the spatial de-
pendency; [Zeng et al., 2022; Jin et al., 2021] apply an at-
tention mechanism that computes the adjacency matrix with
model parameters.

Although predetermined dependency conforms to prior
physiological paradigms, implementing prior constraints re-
sults in their inability to be continually updated, thus limiting
the model’s adaptability to different data. Although dynamic
dependency can be continuously updated, it lacks physiologi-
cal plausibility since it is not constrained by prior knowledge.

For temporal dependency modeling, graph-based meth-
ods in EEG-based emotion recognition typically combine
GNN and temporal encoders. [Feng et al., 2022; Li et al.,
2019; Li et al., 2021b] learn the spatial dependency within
each time slice independently using GNN and then concate-
nated the feature representations of all time slices together to
learn temporal dependencies between time slices via LSTM.
Similarly, [Peng er al., 2022; Ding and Guan, 2023] utilize
this structure, with the difference being the use of Trans-
former encoders as temporal encoders. In addition, [Jia er
al., 2021; Liu ef al., ] forms a series of graphs from spatial
dependencies of all time slices and uses the Gate Recurrent
Unit (GRU) to infer the temporal dependencies between time
slices. Also, [Li ef al., 2021a] averages the spatial dependen-
cies of all time slices as the final spatial dependency of the
emotional EEG.

For the aforementioned methods, despite differences in the
choice of the temporal encoder, all apply a two-step process
that captures spatial dependency within time slices indepen-
dently and then utilizes a temporal encoder to capture tem-
poral dependency across time slices. However, this temporal
dependency ignores the correlations between different brain
regions across time slices, which is a significant part of the
temporal dependency of emotional EEG. As a result, the tem-
poral dependency that fails to describe the critical delayed re-
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Figure 2: Overall structure of our VSGT graph model.

sponse of brain regions is incomplete, which in turn restricts
the model performance.

3 Methodology

3.1 Overall Structure

The proposed model processes emotional EEG signals in time
series and outputs a predicted emotion label. Given emotional
EEG signal X € R¢*" with C the EEG channels and N the
number of samples, the emotion recognition task is defined as
learning a model F'(-), which maps X into the corresponding
emotion label Y = F'(X).

EEG signals are derived from different brain regions and
exhibit dynamic changes in connectivity patterns between
brain regions over time. According to such characteristics,
we first model the EEG data as time-serial graphs, then cap-
ture the spatial and temporal dependencies in EEG graphs,
and finally adopt a graph convolutional network (GCN) to
extract feature representations for emotion recognition.

Figure 2 shows the overall structure of our variational spa-
tial and Gaussian temporal graph models (VSGT), which con-
sists of recurrent spatial and temporal modules (RSTs) and a
classifier. Each RST contains a spatial&temporal EEG-to-
graph (S&T-E2G) block, a variational spatial encoder (VSE),
and a Gaussian temporal encoder (GTE).

S&T-E2G To process the EEG data in a graph space, we
devise an S-E2G block and a T-E2G block to transform the
EEG signals into a time-serial graph structure, in which the
nodes represent the brain regions (i.e., EEG channels) and
the edges represent the connections between different brain
regions. The resulting EEG graphs will be further processed
by VSE and GTE to characterize dependencies. See Section
3.2 for the details of S&T-E2G.
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VSE The VSE aims to capture the spatial dependency of an
EEG graph in the current time slice by leveraging the prior
knowledge of neural field theory. The reason we use neural
field theory is as follows. The neural field theory defines the
brain activity produced by emotional stimuli as a superposi-
tion of traveling waves generated by neurons. The traveling
wave represents the propagation of the electrical signal from
one neuron to the whole neural system, and such a propaga-
tion route measures the spatial dependency between that neu-
ron and all the neurons connected to it. So, it is reasonable to
integrate neural field theory into the modeling of dependency
relations between graph nodes. The details of applying neural
field theory to spatial dependency are in Section 3.3.

GTE The GTE tries to capture the temporal dependency be-
tween consecutive time slices. The temporal dependency not
only contains the traditional temporal dependency in the same
brain region but also contains the cross temporal dependency
ignored by existing works. The cross temporal dependency
is analyzed based on the response delay phenomenon in brain
regions [Lewis, 2005]. See Section 3.4 for capturing the cross
temporal dependency.

RST The spatial dependency and temporal dependency
produced by VSE and GTE are merged and fed into a GCN
to extract node embeddings. The VSE and GTE only process
two consecutive time slices. To tackle the whole EEG data
with 7" time slices, we use a recurrent structure, i.e., RST,
which updates all time slices sequentially and retains the in-
formation from the previous time slice to infer the temporal
and spatial dependencies of the current time slice. This en-
sures that all spatial dependencies can follow prior knowl-
edge and also allows modeling the correlations of different
brain regions at different time slices. The RST and the final
classifier constitute the VSGT graph model, whose optimiza-
tion objective is detailed in Section 3.5.
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3.2 Spatial & Temporal Node-to-Graph
(S&T-E2G)

The S&T-E2G block can be considered a preprocessing for
follow-up dependency analysis and feature extracting. The
EEG data X are first cut into 7" time slices {X¢|t € [1,7T]}
(32 samples for each time slice). For the ¢ time slice X7,
we employ the same setup as in [Jia er al., 2021] to extract
the node embedding v! € RY, where i is the node index and
d is the embedding dimension. All the v{ in a graph consti-
tute a node set V¢. Then we concatenate every two nodes
and use Convld h(-) and Linear layer f(-) to generate edge
embeddings as follows:

Ey= > f(h(v},v) (1)
i,j7€[1,C]

Ep= > f(h(}0fh) )
4,j€[1,C]

where h(, -, ) denotes a Convld function, f denotes a linear
layer, C is the node number (i.e., channel number), and Eg
and E'. are the sets of spatial edge embeddings and temporal
edge embeddings for the t*" time slice. Note that the Conv1d
and Linear layers in T-E2G and S-E2G are different.

3.3 Variational Spatial Encoder (VSE)

To better leverage the prior knowledge, the regularities of
prior knowledge first need to be characterized. As discussed
in Section 3.1, emotional brain activity is a superposition of
traveling waves generated by innumerable neurons. Accord-
ing to Thermodynamic Limit, when the number of neurons
tends to infinity, the coupling of an infinite number of trav-
eling waves provides an infinite approximation to the actual
spatial dependency of the brain. We define this approxima-
tion as a Binomial distribution:

Pl(ei;) ~ lim B(n,pi ;) 3)

pi,;—0

where P(e; ;) represents the overall edge distribution be-
tween two nodes v; and v;, p; ; denotes the probability of
edge existence within each traveling wave, and B(-) is the Bi-
nomial distribution. n — oo corresponds to infinite neurons,
and thus, the number of edges tends to infinity, which is uti-
lized to simulate the infinite potential neuronal connections
in the brain. p; ; — 0 indicates that single neural activity is
physiologically slight and unobservable.

We assume the prior distribution as the distribution of the
spatial dependency in the ¢ — 1*" time slice:

P(ES) ~ B(n,p5 ™) 4)

where ps ' € RNe (N, = C(C — 1) is the number of edges)
is computed from Ets_1 by the linear layer f.

We also assume the distribution of spatial dependency in
the current time slice matches such a prior distribution. In-
spired by VRNN [Chung et al., 2015], an RNN encoder is
applied to estimate the parameters of the approximate poste-
rior distribution. However, the posterior distribution of spa-
tial dependency cannot be computed like [Chung ef al., 2015]
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due to the presence of infinite n. According to the De Moivre-
Laplace Theorem, as n tends to infinity, the binomial distri-
bution B(n,p; ;) can be approximated by a Gaussian distri-
bution N (np; ;, np; j(1 — p; ;)). Based on this, we calculate
a Gaussian distribution proxy to void the direct parameteriza-
tion of both the infinite parameter n and the near-zero param-
eter p; ;.

Given a Gaussian distribution N (i5,052), where pg €
RMe and 05 € RV are computed from EY and letting p15 <
%, we define the posterior Gaussian distribution as

P(E%) ~ N(m,m(1 —m)), )
where m denotes the mean of the Gaussian approximation of
the binomial distribution and is defined as

m71+2)\052—\/1+4>\2054 (6)
= 5 ,

where ) is an approximation used to prevent explosions in the
calculation, and it is defined as

_ 1
S 1 2us

where ¢ is a very small hyperparameter (Set to 1le — 2) and
¢(+) is a softplus function.

The P(EY) is a Gaussian proxy to the Binomial distri-
bution. Therefore, the P(EY) approximates the prior distri-
bution while also allowing the use of the reparameterization
trick [Kingma and Welling, 2013], which allows this distribu-
tion to be derived. We draw samples from such a distribution
as the spatial dependency of the current time slice:

Gs=+y/m(l—m)xe+m (8)

where € is a random variable sampled from Standard Normal
distribution. Gg € R™Me indicates the spatial dependency of
current time slice.

3.4 Gaussian Temporal Encoder (GTE)

GTE infers the temporal dependency of the current time slice.
It takes temporal edge embedding E*. and spatial dependency
Gg of the current time slice as inputs and outputs the tempo-
ral dependency Gr of the current time slice. The spatial and
temporal dependencies of the current time slice could be re-
garded as weighting each edge of spatial dependency with a
Gaussian variable. We define such Gaussian variables as the
temporal dependency between time slices ¢ and t — 1. We
further assume such Gaussian variables to be conditioned on
spatial dependency as:

~ ((ps) +e, @)

P(E%|Gs) =N (Gs - pr. Gs - o1°) 9)

We refer to the above operation as the conditional Gaus-
sian graph transform. (g is the spatial dependency of time
slice ¢ from Eq. (8). N'(ur,or?) is a Gaussian distribution
generated from EY.. The purpose of conditional probability is
that the delayed response between brain regions is based on
the existence of interactions between brain regions. There-
fore, we conditioned spatial dependency samples to indicate
the presence of interactions between brain regions that are
likely to form a delayed response. The temporal dependency
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of time slice ¢ is defined as samples from such a conditional
distribution:

Gr = V/Gs - or X ¢ +Gs - pr (10)
where € is a random variable sampled from Standard Normal
distribution. Gz € R™e indicates the temporal dependency
between time slices ¢ and ¢ — 1.

3.5 Learning of VSGT

The loss function of VSGT contains two parts: the difference
between the prediction and the ground truth labels and the
Kullback-Leibler Divergence (KLD) between the prior and
posterior distributions in VSE. The significance of the sec-
ond part is to constrain the spatial dependency distribution of
the current time slice by the spatial dependency distribution
of the previous time slice that conforms to prior knowledge,
which further ensures the stability of all spatial dependen-
cies, i.e., they all conform to the fundamental connectivity
patterns. The loss function L is as follows:

T
L=BCE{Y,Y}+w- > KLD{P(ES ")||P(E5)} (11)
t=1
where w is loss weight (Set to 0.1). While BCE{-} is easy
to compute, the KLD part of £ cannot be computed directly
because the prior probability P(E%5 ') is a Binomial distri-
bution B(n,p’s ") with an infinite parameter n. Since mini-
mizing the KLD part can also be regarded as minimizing the
upper bound, the second part of L is defined as:

KLD{P(E5™)|[P(EL)}
=KLD{B(n, pls )|V (m,m(1 — m))}

m+e 1—m+m?/2+¢
<mlog ——— + (1 —m)log 5
Pg  Te€ L—pt+p /246
(12)

4 Experiment

Datasets We examine our method on two different
datasets: DEAP [Koelstra ef al., 2011] and DREAMER [So-
leymani et al., 2011]. They are both EEG signal datasets
tailored for human emotion analysis. Subjects will watch
videos and record their emotional responses characterized by
valence (high/low) and arousal (high/low). They evaluate the
valence and arousal on a scale from 1 to 9. We adopt the
general EEG-based emotion recognition paradigm in which
valence and arousal scores are divided into two categories
bounded by 5. Separate experiments were conducted in each
subject and averaged as the final result of the dataset. We
present the result on value and arousal separately in our ex-
periment results.

Training Paradigm  We adopt the k-fold cross-validation
paradigm to divide the training and testing sets. For each
subject, the data is divided into 10 folds, where one fold is
the testing set, and the remaining are used to train. The data
used for training is divided into 8 : 1, where one fold is the
validation set, and the remaining is the training set.
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Cropping Strategy To expand the data volume, we used
a cropped strategy ([Schirrmeister e al., 2017]), which crops
the data of each trail into 4s non-overlapping segments. The
cropping is done strictly after splitting the training, valida-
tion, and testing sets, which prevents data leakage. We make
all baselines follow the same cropping strategy to prevent ab-
normally high accuracy and F1 scores.

Baseline and Hyperparameters We compared VSGT
with three types of baselines. One category is the non-graph
methods; another is the graph-based methods; and the last one
is the methods combining GNN and temporal encoders. By
comparing with these baselines, we hope to demonstrate that
the VSGT can make full use of spatio-temporal dependencies
to improve the accuracy of EEG-based emotion recognition.
We set up a shared environment for all baselines to ensure
consistency except for hyperparameters.

4.1 Comparison with Prior Art

The accuracy and F1 scores of the test results are shown in
Table 1. Compared to non-graph methods, VSGT achieves
a significant improvement in performance on two datasets.
MM-ResLSTM [Ma et al., 2019] and ACRNN [Tao et al.,
2020] utilize a temporal encoder to capture the temporal de-
pendency of emotional EEG. TSception [Ding er al., 2022]
and SST-EmotionNet [Jia er al., 2020] both apply convolu-
tion in the spatial and temporal dimensions of the signal to
learn spatial and temporal dependencies. The combination
of spatio-temporal dependencies allowed TSception and SST-
EmotionNet to achieve better results. But essentially, the
above baselines’ temporal dependency inference process is
still performed independently, which ignores the correlations
between different brain regions across time slices and thus
performs worse than VSGT.

Compared to graph-based methods, VSGT still demon-
strated superior performance. RGNN [Zhong et al., 2020]
and LGGNet [Ding et al., 2023] both introduce specific prior
knowledge as the spatial dependency. The prior knowledge
used by RGNN to define spatial dependency is that correla-
tions between brain regions show regular decay with physi-
cal distance. Therefore, RGNN calculates spatial distances
from the 3D coordinates of the electrodes and uses this as
the spatial dependency. LGGNet relies on prior knowledge
of existing correlations between functional brain regions and
emotions. Connections between electrodes were predefined
based on specific brain region divisions. However, since
the prior knowledge is fixed, the spatial dependency cannot
be adjusted during training. Instead of using prior knowl-
edge, both DGCNN [Song ef al., 2018] and MTGNN [Wu
et al., 2020] parameterize the spatial dependency as part of
the model, which is updated by loss. All of the above meth-
ods transform the time series signals into frequency-domain
features and, therefore, do not include temporal dependency.
Also, not implementing the use of prior knowledge to capture
spatial dependency further limits their performance.

Compared to methods combining GNN and temporal en-
coders, VSGT benefits from better results due to more com-
prehensive spatial and temporal dependencies. HetEmotion-
Net [Jia et al., 2021], ASTG-LSTM [Li et al., 2021b], ST-
GCLSTM [Feng et al., 2022] and EmoGT [Jiang et al., 2023]



Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

DEAP DREAMER
Baseline Arousal Valence Arousal Valence
Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score
MM-ResLSTM [Ma et al., 20191  70.84 +948 68.07 £1081 70.89 £701 6421 £7.12 | 68.43 £725 63.77 731 7134 +672 70.63 £539
ACRNN [Tao et al., 2020] 69.71 £841 6548 £804 68.82+623 69.33 £7.09 | 70.24 +926 6578 £954 65.23 £511  60.27 £6.99
TSception [Ding er al., 2022] 74.38 +£8.18  76.21 +984 68.94 +725 72.04 +694 | 69.77 656 69.27 +943 68.16 £7.12  65.06 +6.71
SST-EmotionNet [Jia et al., 20201 73.49 +661 76.84 +1072 7094 £621 69.87 +699 | 71.54 £843 69.83 +871 70.39 £703 68.1 £527
DGCNN [Song et al., 2018] 64.89 £873 66.17 + 1016 68.14 +672 72.89 +644 | 68.56 +851 67.85 +9.55 68 + 651 63.95 +7.11
RGNN [Zhong et al., 2020] 60.55 +£531 6249 +7.14  61.37 £693 60.75 +6.16 | 6248 +503 61.07 £647 6198 £587 61.11 +537
MTGNN [Wu et al., 2020] 7098 +737 6845 +998 69.14 +612 68.97 £6.19 | 71.24 +726 69.87 £953 67.07 +593 68.07 +£831
LGGNet [Ding et al., 2023] 7231 £838 7328 £878 68.53 £779 69.15+£759 | 70.49 +884 6894 £847 68.69 £608 66.12 £3.14
HetEmotionNet [Jia et al., 2021]  74.36 +736  75.71 £1082  72.08 £566 71.15+61 | 70.58 £763 69.24 +492 70.03 +664 67.49 +638
ASTG-LSTM [Li et al., 2021b] 72.85 648 73.18 + 1101  71.96 £648 70.8 £726 | 70.23 +843 69.14 £534 68.76 £676 68.94 + 549
ST-GCLSTM [Feng er al., 2022]  76.68 +737  71.34 £985 71.81 £672 70.36 +9.14 | 69.29 +621 69.43 +593 70.49 £598 70.23 +584
EmoGT [Jiang er al., 2023] 70.82 +694 70.14 +947 68.43 £716 70.63 £797 | 68.54 +732 67.39 £621 69.03 £586 68.71 +627
Our VSGT 7895 +689 78.65 £824 7415 +te641 7405 +643 | 7519 +687 7298 £754 73.41 +e636 72.73 £571

Table 1: Performance comparison of all baselines in terms of accuracy and f1 score (in %) for classification tasks (the greater, the better) on

DEAP and DREAMER. The best results are bolded.
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Figure 3: Visualization of spatial dependency. We visualized five time slices. For readability considerations, we only showed 50 edges
between 21 electrodes. For positive emotion, high correlations were concentrated at electrodes F'3, F'4, F'pl, and Fp2. For negative

emotion, high correlations were concentrated at electrodes C'3, C'4.

utilize the same spatial and temporal dependency inference
process: model the spatial dependency within each time slice
using GNNs, and apply a temporal encoder to infer the tem-
poral dependency of all time slices. The difference is that
HetEmotionNet uses Gated Recurrent Units, ASTG-LSTM
and ST-GCLSTM use LSTM, and EmoGT uses a transformer
encoder. Due to the introduction of temporal dependency and
the construction of more comprehensive spatial dependency
via GNNs, the above approach achieves better results than
the other two types of approaches. However, the spatial and
temporal dependencies inference approach they used was un-
able to establish correlations between different brain regions
across time slices, hence the better results achieved by VSGT.

4.2 Interpreting Spatial Dependency

We further verified the interpretability of the spatial depen-
dency inferred by VSGT on DEAP in Figure 3. For readabil-
ity reasons, we only show part of the dependencies between
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21 electrodes. The spatial dependency can be summarized
as follows: For positive emotions, electrodes F'3, F'4, F'pl,
and F'p2 showed high correlations at different time slices; for
negative emotions, electrodes C'3 and C'4 showed high corre-
lations at different time slices. This phenomenon is consistent
with [Min et al., 2022]’s conclusion that the brain’s frontal
lobe (F'pl, F'p2) and frontal cortex (£'3, F'4) show a high
correlation under positive emotion; under negative emotion,
the central sulcus (C'3, C'4) showed a high correlation. There-
fore, the spatial dependency maintains stability (i.e., the high
correlation region is the same for different time stamps) and
also maintains dynamics (the high correlation shows a certain
degree of fluctuation).

4.3 Interpreting Temporal Dependency

We visualized several sets of signals from different channels
with high correlation in continuous time slices in Figure 4. In
Figure 4 (a), Signal 2 has an amplitude decrease at the time
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Figure 4: Temporal dependencies of emotional EEG.

slice ¢ — 2 and an amplitude increase at the time slice ¢, while
signal 1 has an amplitude decrease only at the time slice ¢ — 1
and an amplitude increase at the time slice ¢ + 1. This sug-
gests that the VSGT noticed that there was a significant delay
in the response time of Signal 1, even though both Signal 1
and Signal 2 appeared similarly trough. In Figure 4 (b), Sig-
nal 4 appears to have successive peaks at the time slices t — 1
and ¢ 4 1, whereas similar successive peaks for signal 3 oc-
cur at the time slices ¢ and ¢ — 2. This similarly suggests that
there is a response delay in the brain regions corresponding
to these two signals. In Figure 4 (c), the similar troughs of
Signal 1 and Signal 2 begin at the same time slice while the
signal 2 reaches its lowest point one time slice later than the
signal 1. In Figure 4 (4), Signal 3 and Signal 4 all show a
significant amplitude decrease, but the decrease of Signal 4
starts later and lasts longer. We suggest that these correla-
tions between different brain regions across time slices con-
tain important temporal dependency information. For exam-
ple, from the physiological perspective, this delay responds
to asynchronous activity between brain regions; from the sig-
nal processing perspective, the channel in which the first re-
sponse occurs may be closer to the center of activity in the
brain. Thus, the time dependency captured by the VSGT is
physiologically plausible.

4.4 Ablation Study

We performed ablation studies to assess the impact of VSE
and GTE and their core components. Figure 5 illustrates the
results for the four cases. 1) Without VSE: Removing the
VSE brings the least impact on the model because the tempo-
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Figure 5: Ablation Study results.

ral dependency inferred by the GTE is built on two neighbor-
ing time slices, which also contain a certain degree of spatial
dependency information. 2) Without GTE: Removing GTE
has the greatest impact on the model because when there is
no GTE, the KLD part of Loss makes the spatial dependency
of each time slice converge to the same, and this same spatial
dependency is directly used to update the node embedding.
3) Without Condition: Not using the temporal dependency
distribution as the conditional probability distribution of the
spatial dependency results in the temporal dependency distri-
bution behaving randomly when some samples of the spatial
dependency converge to zero. 4) Without KLD: Removing
the KLD part loss makes the VSE a simple linear module, and
the spatial dependency of the current time slice can neither be
correlated with the previous time slice nor be constrained by
prior knowledge, so the result is relatively close to the direct
removal of the VSE.

5 Conclusion

We propose the VSGT for EEG-based emotion recognition.
Through VSE, VSGT realizes spatial dependency that is
based on prior knowledge and can be updated. With GTE,
VSGT captures the correlation of different brain regions
across time slices in the temporal dependency of emotional
EEG, which has been neglected in the past. RSTs integrate
spatial-temporal dependencies with a recurrent structure and
update the representation of each time slice. The experimen-
tal results show that the comprehensive spatial-temporal de-
pendencies of EEG can be learned and utilized to improve
the accuracy of EEG-based emotion recognition. In addition,
interpretability experiments showed that the spatial and tem-
poral dependencies inferred by the VSGT are consistent with
existing physiological phenomena, which further explains the
underlying working mechanism of the model.
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