2024 |IEEE International Conference on Robotics and Automation (ICRA 2024)

May 13-17, 2024. Yokohama, Japan

DyHGDAT: Dynamic Hypergraph Dual Attention Network for multi-agent
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Abstract— Modeling the interactions among agents based
on their historical trajectories is key to precise multi-agent
trajectory prediction. Hypergraph Convolutional Networks
(HGCN) have become a proper choice for capturing high-
order interactions among agents in this field. However, most
existing works only consider static hypergraphs, and ignore
that in a hypergraph, the power of influence varies between
vertices (or hyperedges). Therefore, we propose DyHGDAT,
a dynamic hypergraph dual attention network to capture the
high-order interactions among agents, which not only models
the evolution of hypergraph over time but also highlights
the vertices and hyperedges with larger impacts. We apply
DyHGDAT to a CVAE-based prediction system for predicting
plausible trajectories. To validate the effectiveness of prediction,
we evaluate our proposed method on two well-established
trajectory prediction datasets: the ETH/UCY datasets and the
Stanford Drone Dataset (SDD). The experimental results show
that with DyHGDAT, the CVAE-based prediction system out-
performs state-of-the-art methods by 12.5%/5.3% in ADE/FDE
on ETH/UCY, and the improvement on SDD is 6.4%/7.4%.

I. INTRODUCTION

Multi-agent trajectory prediction aims to predict future
trajectories of agents based on historical trajectories, which is
crucial in many applications, such as multi-agent automatic
driving, robotics, and surveillance systems. However, multi-
agent trajectory prediction is challenging due to the complex
social interactions among agents. Each agent affects other
agents because of its latent intent and is also affected by
other agents. To accurately predict the trajectories, we need
to model the complex social interactions among agents.

There are many works attempt to model social interactions
between agents, such as social pooling mechanism [1], [2],
attention mechanism [3]-[6], and graph neural network [7]-
[11]. Despite their success, there are several key challenges in
modeling social interactions: (1) Most Previous works focus
only on pair-wise interactions between agents, which are not
always sufficient since there is a lot of group behavior in the
real world, such as swarm behavior, cooperative hunting by
wolves, and migration of migrating birds, etc. These group
behaviors are seldom accurately modeled. Although Xu et al.
[12] apply hypergraph to model the high-order interactions
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Fig. 1: An example of DyHGDAT captures high-order inter-
actions among agents at each time step. The right side of
Fig. 1 shows the group behaviors among agents at T' = ¢,
enclosed areas of different colors refer to the different group
behaviors. In a hypergraph, the group behaviors will change
over time, and the power of influence varies between vertices
(or hyperedges).

among agents and represent the group behavior with hyper-
edges, they ignore the evolution of hypergraph over time,
i.e., the evolution of the group behavior is ignored. (2) while
propagating and aggregating the vertex embedding within a
hypergraph, some vertices may be dominant in a hyperedge
while other vertices are not; Moreover, hyperedges may have
different impacts on a vertex. To better represent learning,
a key challenge is to highlight the dominant vertices and
emphasize the hyperedges with larger impacts.

To tackle the aforementioned problems, we put efforts
into two aspects: modeling the evolution of hypergraphs and
enhancing hypergraph representation capability. To model
the evolution of hypergraphs, we extend static hypergraphs
to dynamic hypergraphs by constructing a hypergraph and
inferring its topology at each time step. To enhance the
representation capability of hypergraph, we propose a dual
attention mechanism and design a hypergraph dual-attention
paradigm, which enables the hypergraph to adaptively high-
light the vertices and hyperedges with larger impacts.

Overall, we integrate these two designs and propose Dy-
HGDAT, a Dynamic Hypergraph Dual Attention Network
to capture more comprehensive high-order interactions. The
main contributions of this paper are summarized as follows:

« We extend static hypergraphs to dynamic hypergraphs
to model the evolution of the hypergraph structure
over time, which enables our model to capture more
comprehensive high-order interactions among agents.

o« We propose DyHGDAT based on the dual attention
mechanism to explicitly emphasize the hyperedges and
vertices with larger impacts, which enhance the repre-
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sentation capability of hypergraph neural networks.

o We conduct full experiments on the ETH/UCY dataset
and the SDD, the experimental result shows that our
method significantly improves the SOTA on well-
established multi-agent trajectory prediction datasets.

II. RELATED WORK
A. Mutli-agent trajectory prediction

Most existing works formulate multi-agent trajectory pre-
diction as a sequential prediction problem. Traditional ap-
proaches predict trajectories with handcrafted rules and en-
ergy functions [13]-[15], which tend to capture only simple
interactions (e.g., repulsion and attractions) and might fail to
generalize for complex settings. Thanks to the great advances
in deep learning, sequential models such as GRU [16] and
LSTM [17] are used to extract the temporal dependence of
the trajectory sequence. Recent works focus on modeling
social interactions between agents, early works [1], [2] merge
agents’ latent state by a pooling mechanism to consider the
spatial interactions; and the attention mechanism [3]-[6] are
also applied to capture spatial-temporal dependencies; Some
recent works [7]-[11] explicitly model social interactions
between agents base on graph convolutional network. All of
these works focus only on modeling pair-wise interactions
and ignoring the group behavior’s influence on agents, while
some studies [2], [18]-[20] begin to model the group behav-
iors among agents, most of these works rely on predefined
annotations and fail to take into account the evolution of
group behavior over time, which lead to the suboptimal
modeling results. In this work, we extend static hypergraphs
to dynamic hypergraphs to model the group behaviors among
agents and learn the topology of hypergraphs in a data-driven
way to capture the evolution of hypergraphs to capture more
comprehensive high-order interactions.

B. Hypergraph learning

Hypergraph is a mathematical structure that extends the
concept of simple graph to include the hyperedges that
can connect more than two vertices. Zhou et al. [21] first
introduce hypergraph learning to model the high-order rela-
tions among vertices; Li et al. [22] define the notion of p-
Laplacians and derive corresponding nodal domain theorems
and k-way Cheeger inequalities; Feng et al. [23] introduce
the first hypergraph deep learning method, and Bai et al. [24]
apply hypergraph attention to the hypergraph neural networks
to enhance the representation capacity of hypergraph, but
such attention mechanism focuses only on modeling the re-
lationship between vertices and predefined hyperedges, thus
failing to highlight the vertices which have a larger impact
on hyperedges. Recently, hypergraphs have gained a lot of
attention in the field of machine learning for capturing high-
order relationships and dependencies. Xu et al. [12] relational
reasoning about group behaviors of agents using multiscale
hypergraphs; Jiang et al. [26] use hypergraph convolution
to encode high-order data relations and dynamically update
hypergraph structure on each layer. However, most previous
works ignore that some vertices may be dominant within a

hyperedge while other vertices are not, and hyperedges may
have different impacts on a vertex. Consider the case where
the hyperedges are homologous to the vertices, we propose
the DyHGDAT based on the dual attention mechanism which
can highlight the dominant vertices as well as hyperedges
with larger impacts.

III. PROBLEM FORMULATION

Given a set of N agents in a scene, we formulate the
task of multi-agent trajectory prediction as generating a
distribution of future trajectories for all agents based on
their historical trajectory. Mathematically, we donate current
timestep ast = 0, for observed timesteps, we represent the
historical trajectories of all N agents as X € RTovsXNx2
and the 2D coordinates of all agents at past time ¢ are defined
as X! = [zt 2%,... 2] € RN*2. Similarly, the future
trajectories of agents are donated as Y € RTpreaxNx2
and the 2D coordinates of all agents at future time ¢ are
represented as Y' = [y, v, ... y%] € RN*2 In addi-
tion, for hypergraphs at each time step ¢, we define it as
Gt = (V,E,H), where V and & refer to the set of vertices
(agents) and hyperedges (group behaviors) respectively, H
is the topology of hypergraph which store the connectivity
between hyperedges and vertices. Our goal is to learn a deep
generative model Py (Y| X) where 6 are trainable parameters.

IV. METHODOLOGY

The goal of DyHGDAT is to learn a hypergraph at each
time step, where hyperedges represent group behaviors and
vertices refer to agents, thus modeling the evolution of
hypergraph to capture comprehensive interactions and apply
the dual attention mechanism to adaptively emphasize the
vertices and hyperedges with larger impacts to learn more
accurate embedding of vertices.

A. Dynamic hypergraph topology inference

To capture more comprehensive high-order interactions,
we consider constructing a hypergraph and inferring its
topology at each time step to model the evolution of the
hypergraph over time, as is shown in Fig. 2. Specifically,
based on the historical trajectory embedding of agents, we
calculate the degree of connectivity between vertices (agents)
with the self-attention mechanism [27] as well as asymmetric
convolution, and take it as a metric to group agents thus
obtaining the topology of the hypergraph.

1) Feature extraction: We first extract the feature embed-
ding of the agent’s raw trajectory X and model the temporal
dependency, which is formulated as follows:

E=MLP(X,0,Wp) (1)

where M LPs(-,-,-) donates the Multi-Layer Perceptron,
o and Wpg refer to the activation function and trainable
parameter respectively, then we adopt Gate Recurrent Unit
(GRU) to model the temporal dependency as follow:

Ey = GRU (E"") 2
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Fig. 2: Overall architecture of the DyHGDAT, which has two stages: dynamic hypergraph topology inference and the
hypergraph dual attention layers, where infer the hypergraph topologies at each time step to model the evolution of hypergraph,
and adaptively highlight the vertices and hyperedges with larger impacts to capture the high-order interactions, respectively.

where Ef,o € RN*4 is temporal feature embedding of agents
at timestep tg (1 < tg < T), and d is the dimension
of embedding. And we denote the temporal dependency
embedding over all time steps as Ey = [E}, ED, ..., EL].

2) Connectivity modeling: Given the temporal feature
embedding Fy,, we donate the self-attention mechanism to
calculate the attention score matrix as follows:

Ey, = 0 (Ey, Wy,) 3)
E, = [bq (Ey, Wy) 4)
_ Do B )

Vdy

where 0, (-, -) and (, (-, -) denote linear transformation, Wy,
and W, are weights of the linear transformations. dj, is the
scaled factor, and A € RV*¥ is the asymmetric attention
matrix to reflect the directed interactions between vertices,
in which A; ; refers to the influence of vertex i to vertex j.
The rows and columns in A represent initiative and passive
relations, the initiative relations refer to the influence a vertex
exerts on other vertices, while the passive relations refer to
the influence exerted by other vertices that a vertex endures.
We consider a combination of these two relations and apply
asymmetric convolution on A to get high-order interaction
score to reflect the degree of connectivity among vertices,
which can be formulated as:

le"ow = Conv (Ml_17K:(1><S)) (6)
M, = Conv (M'™', K(sx1)) (7)
M'=o (M, +M,,)+ M0 (8)

where K1 s) and K(gy1) are the asymmetric convolution
kernels, o refers to the activation function, and we set M©? =
A. Tt is worth noting that all convolution operations are
padded with zeros to keep the matrix size constant. Finally,
we get the connectivity degree score matrix Mcon, = M,
k is the number of the layers of asymmetric convolution.
The elements in M¢,n,, represent the degree of connection
between vertices and groups, and the vertices will next be
grouped based on M¢ony,.

N | 1}
Asymmetric Conv .==- Attentior

N
\
| B matrix
I 1]
I L]
1 KNN | Threshold
1

Fig. 3: Architecture of hypergraph topology inference mod-
ule, which outputs topology of hypergraph.

[ [}
1x3 Conv I

3) Topology inference: we take Mcoopn, as metric to
group agents to infer the topology of a hypergraph, highly
correlated groups will be considered as hyperedges. As is
shown in Fig. 3, we use the k-nearest neighborhood selection
(KNN) strategy and the element-wise threshold on the rows
of Mconn to obtain two grouping results as Hpyy, and
Hrna, respectively, both of which are 0-1 matrices. The final
grouping result is calculated as follows:

H = Hinn © Hrha )

and we take H as the topology of hypergraph. Compared
to [12], [19], [20], our approach is novel from two aspects.
First, we adopt the attention mechanism and asymmetric con-
volution to explicitly compute the degree of connectivity to
achieve more accurate topological inference, while previous
work used a fixed fully connected topology or obtained the
topology through the similarity of agent embedding. Second,
we model the evolution of the hypergraph by inferring
the hypergraph topology at each time step, while previous
approaches come with static hypergraph assumptions and
ignore the evolution of the hypergraph over time.

B. Hypergraph dual attention network

With the hypergraph topology, we want to learn the
embedding of vertices (agents) considering the correlations
among vertices defined by different hyperedges (group be-
haviors). As mentioned earlier, our goal is to emphasize
the hyperedges and vertices with larger impacts. We argue
that in our task, the vertex set and the hyperedge set are
from the same homogeneous domain, which enables us to
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Fig. 4: The message passing paradigm for the hypergraph dual attention.

exert an attention learning module on topology matrix H to
highlight the more impactful vertices and hyperedges. In the
following, we introduce a novel hypergraph dual attention
mechanism that applies the attention mechanism to learn
the attention score matrix in the Vertex-to-Hyperedge phase
and Hyperedge-to-Vertex phase, respectively. In addition, we
design a message-passing paradigm for the hypergraph dual
attention mechanism, as is shown in Fig. 4.

1) Vertex-to-Hyperedge phase: In hypergraph, informa-
tion can propagate among vertices via hyperedge, which
is the key factor for hypergraph representation learning.
Since no predefined hyperedges are embedding, we obtain
the intermediate hyperedges embedding by aggregating the
vertices embedding using the topology matrix H as follows:

E;. = Oge (softmaz (H) ® E,, W) (10)

where softmax is used for normalization and all zero-
inputs of softmax are masked to let the model attend to
the vertices connected to hyperedges. Then we apply the
attention mechanism to enable the network to adaptively
focus on those dominant vertices. We first calculate the
attention score by intermediate hyperedges embedding and
vertices embedding, and subsequently aggregate vertices
embedding to corresponding hyperedges by Hy _, g which
can be formulated as:

. T
Hose = Saﬁnmx[(ﬁ%jif”><)ﬂ] (11)

Ee = we (Hv—w & EU7 We) (12)

where ® denotes the element-wise multiplication.

2) Hyperedge-to-Vertex phase: To update the embedding
for vertices, we aggregate the embedding from all its con-
nected hyperedges. Similarly, we perform attention learning
to model the difference in the degree of influence that
hyperedges have on a vertex to emphasize the hyperedges
that have a larger impact, which can be formulated as:

E, @ ET

jze)@ﬂﬂ (13)
k

E':) = (Z)'u (He—)v & Ee7 Wv)

where H._,, is the attention score matrix for the hyperedge-
to-vertex phase, and we update the vertices embedding using
the residual connection:

E,=E +E,

Hesy = Softmax [(

(14)

15)
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Fig. 5: Overall architecture of prediction system with dy-
namic hypergraph dual attention network (DyHGDAT), Dy-
HGDAT are used as encoder in CVAEs.

Compared to [12], [23], our method is novel. We note that
some vertices and hyperedges may have greater influence
while others don’t, and propose a novel hypergraph dual
attention mechanism to explicitly emphasize the hyperedges
and vertices with larger impacts, while all previous works
have neglected to model the discrepancy.

C. Prediction System with DyHGDAT

We apply DyHGDAT into a simple CVAEs [33], as is
shown in Fig. 5, to generate stochasticity and multimodality
trajectory. CVAEs can model multiple modes in the condi-
tional distribution of output variables Y given input X, mak-
ing CVAEs suitable for modeling one-to-many mapping. The
future trajectory distribution of agents can be reformulated
by introducing the latent variable Z, as follows:

p(Y[X) = / p(Y|Z.X)p(Z|X)dZ  (16)

where p (Y| X) is posterior distribution, p (Z|X) is prior dis-
tribution of Z and p (Y'|Z, X) refer to conditional likelihood
distribution. Similar to previous work, we use the negative
evidence lower bound (ELBO) as our loss function to train
the network:

Lewo = — Egz)y,x) [logp (YZ, X)) a7

+ KL (p(Z1X)llg (Z]Y, X))
where ¢ (Z|Y, X) refer to approximate posterior distribution,
and KL (- || -) denotes the KL divergence. To generate more
diverse and plausible trajectories, we adopt DLow [25] to
CVAEs. CVAEs consist of an encoder and decoder, and we
will introduce its module as follows.
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Fig. 6: Visualization of trajectory, (a),(b),(c),(d) are in the ETH/UCY, and (e),(f) are in the SDD.

Methods | Social-LSTM [1] Sophie [3] SGCN [10] PECNet [28]  S-STAGE [29]  GroupNet [12]  Social-VAE [30]  Agentformer [6] ~ Graph-TERN [11] CVAE DyHGDAT
CVPR 2016 CVPR 2019  CVPR 2021 ECCV 2020 ICRA 2021 CVPR 2022 ECCV 2022 ICCV 2021 AAAI 2023 Our
ETH 1.09/2.41 0.70/1.43 0.63/1.03 0.65/1.13 0.44/0.77 0.46/0.73 0.47/0.76 0.45/0.75 0.42/0.58 0.47/0.80 0.41/0.61
HOTEL 0.86/1.91 0.76/1.67 0.32/0.55 0.18/0.24 0.28/0.50 0.15/0.25 0.14/0.22 0.14/0.22 0.14/0.23 0.17/0.31 0.13/0.20
UNIV 0.61/1.31 0.54/1.24 0.37/0.70 0.35/0.60 0.40/0.77 0.26/0.49 0.25/0.47 0.25/0.45 0.26/0.45 0.28/0.52 0.22/0.42
ZARAOL 0.41/0.88 0.30/0.63 0.29/0.53 0.22/0.39 0.30/0.56 0.21/0.39 0.20/0.37 0.18/0.30 0.21/0.37 0.25/0.49 0.17/0.32
ZARA02 0.52/1.11 0.38/0.78 0.25/0.45 0.17/0.30 0.20/0.37 0.17/0.33 0.14/0.28 0.14/0.24 0.17/0.29 0.21/0.40  0.13/0.24
AVG 0.70/1.52 0.54/1.15 0.37/0.65 0.29/0.48 0.32/0.59 0.25/0.44 0.24/0.42 0.23/0.40 0.24/0.38 0.28/0.50  0.21/0.36

TABLE I: Comparison to SOTA models on ETH/UCY datasets, the ‘AVG’ means the average result over 5 subsets.

Methods | Social-GAN [2]  PECNet [3] _ GroupNel [12] MANTRA [31] PCCSNet [32] _ Social-VAE [30] _ Graph-TERN [11] CVAE DyHGDAT
CVPR 2018  ECCV 2020  CVPR 2022 CVPR 2020 ICCV 2021 ECCV 2022 AAAI 2023 Our
ADE/FDE 27.23/A1.44 9.96/15.88 93171611 8.96/17.76 8.62/16.16 8.88/14.81 3.42/14.26 10.22/18.18 _ 7.88/13.21

DyHGN HTI HGDAT | ETH/UCY SDD
- - - 0.24/0.42 8.89/15.09
v - - 0.23/0.39 8.41/14.37
v v - 0.22/0.38 8.02/13.56
v v v 0.21/0.36 | 7.88/13.21

(future trajectory), and we use the “’leave-one-out” strategy
to train and test our model.
2) Metrics: We use average displacement error (ADE)

TABLE II: Comparison to SOTA models on SDD dataset.

TABLE III: Ablation Studies on ETH/UCY and SDD. The
ETH/UCY column reports the *AVG’ result.

1) Encoder: CVAE has two encoders, past encoder FINV,,
and future encoder E'Ny, each of which consists of a
DyHGDAT. Past encoder NN, is used to encode multi-
agent historical trajectory X to generate the prior distribution
p(Z|X), while future encoder EN is used to encode
multi-agent future trajectories Y to generate the approximate
posterior distribution ¢ (Z]Y, X). It is worth noting that the
future encoder is only activated in the training phase.

2) Decoder: As is shown in Fig. 5, our decoder is
autoregressive, outputting only one prediction at a time, then
the current output will concatenate with latent variable Z and
feed back into the model to produce the trajectories of the
next timestep, we can obtain the predicted trajectory by:

t
gi=yl+ > df

7=0
where d € R? is the output of future decoder which is the

relative displacement of ith agent at t = 7, and y? is the last
spatial coordinate of ith agent in the past trajectory X, .

(18)

V. EXPERIMENT
A. Experimental setup

1) Datasets: To validate the efficacy of our proposed
method, we conduct experiments on two well-established
trajectory prediction datasets: the ETH/UCY datasets [35],
[36] and the Stanford Drone Dataset [37]. Following the
experimental setup of Social-GAN [2], we take the first 8
steps as a historical trajectory to predict the next 12 steps

and final displacement error (FDE) as evaluation metrics,
and we calculate the ADE and FDE using best-of-20 pre-
dictions. ADE measures the average L-2 distance between
the predicted trajectories and the ground-truth in terms of
the whole trajectories, while FDE the measures L-2 distance
between predicted endpoints to the ground-truth endpoints.

3) Implementation details: We train our model with
Adam optimizer, the initial learning rate is 0.0005. The di-
mension of latent code z is 32, and the number of asymmetric
convolution layers is set to 3 with kernel size S = 3. The
number of agents differs in different frames, so we set the
number of hyperedges in the hypergraph equal to the agents’
number, and the size of the hyperedge and k in KNN strategy
is equal to the half of agents’ number. The threshold in
hypergraph topology inference is a trainable parameter with
an initial value of 0.2. Our proposed model is implemented
using PyTorch on a server running Ubuntu 18.04, with a
single RTX 3080 GPU.

B. Quantitative Evaluation

1) Accuracy: We compare our method in ETH/UCY and
SDD with several state-of-the-art methods, as shown in
Table I and Table II. DyHGDAT with CVAE framework
outperforms all the previous models. In ETH/UCY, the
improvement of DyHGDAT over Grapg-TERN is 12.5%
and 5.3% on average ADE and FDE, respectively. In SDD,
DyHGDAT reaches a new state-of-the-art and outperforming
the Graph-TERN by 6.4% in ADE and 7.4% in FDE. It is
worth noting that our method performs well in the scenes
with higher crowd density (UNIV), we argue that it is
because DyHGDAT can capture comprehensive and accurate
high-order interactions among agents in dense scenarios thus
generating accurate future trajectories.
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Fig. 8: Visualization of the dual attention mechanism. The left side of the figure shows the attention matrix for the Vertex-
to-Hyperedge phase, while the right side of the figure shows the attention matrix for the Hyperedge-to-Vertex phase.

2) Ablation studies: Our DyHGDAT has three key com-
ponents: dynamic hypergraph network (DyHGN), hyper-
graph topology inference (HTI), and the hypergraph dual
attention mechanism. We conduct extensive ablation studies
at ETH/UCY and SDD, and the results are shown in Tab
III. For reference, the first row of the table shows the
performance of CVAEs without any components (To be
fair, Dlow is applied). Each component’s contribution to our
model, With all three components, DyHGDAT outperforms
the baseline model in the ETH/UCY datasets by 12.5% and
14.3% on ADE and FDE respectively, while in SDD the
improvement is 11.4% on ADE and 12.5% on FDE.

C. Quantitative Evaluation

1) Visualization of trajectory: Fig. 6 shows our predic-
tions in the ETH/UCY and SDD, the observed trajectories
appear in orange, while the ground-truth trajectories appear
in red, and our method predictions appear in bright green.
Our method can produce the most accurate predictions.

2) Visualization of hypergraph evolution: Fig. 7 shows an
example of hypergraph evolution that DyHGDAT captures.
The matrix at the top of the picture is the topology matrix
DyHGDAT obtained by topology inference, which reveals
the connections between vertices and hyperedges. It can be
seen that as the relative positions among agents change, the
vertices connected by the hyperedge are also changing. For
example, when 7" = t3 our model establishes a hyperedge
that connects agent 1 and agent 2 as the distance be-
tween them gradually decreases. Compared with the previous
works, our approaches can model the dynamic evolution of
hypergraph over time, thus allowing our model to capture
more comprehensive high-order interactions among agents.

3) Visualization of hypergraph attention: Fig. 8 shows
the attention matrix calculated by our DyHGDAT. It can
be seen that different vertices connected by a hyperedge
are explicitly assigned different attention weights on the
left side of Fig. 8, which enables the model to be able to
highlight the dominant agents within a hyperedge. Similarly,
the left side of Fig. 8 shows that different hyperedges have
different degrees of impact on a vertex, and our model can
emphasize the hyperedges with larger impacts. The dual
attention mechanism enhances the ability of hypergraph for
representation learning, which contributes significantly to the
improvement of our prediction accuracy.

VI. CONCLUSION

This paper proposes DyHGDAT, a Dynamic Hypergraph
Dual Attention Network for multi-agent trajectory prediction,
which can capture comprehensive and accurate high-order
interactions from two aspects: i) it extends static hypergraphs
to dynamic hypergraphs to capture more comprehensive
high-order interactions among agents. ii) it proposes a hyper-
graph dual attention mechanism to highlight the vertices and
hyperedges with larger impacts to enhance the hypergraph for
representation capability. We conduct extensive experiments
on two well-established datasets, and the experimental results
show that our approach outperforms a range of previous
methods, which demonstrates the effectiveness of DyHGDAT
in extracting high-order interactions among agents.
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