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Abstract GNN(Graph neural network)-based representation learning methods have been a subject of intense
research activities on network representation learning in recent years because of its significant contribution to
the extraction of network structure information. Compared with the widely studied homogeneous information
network, however, the networks in the real world are often HIN (heterogeneous information networks)
composed of different types of objects interconnected by complex relationships. The complex structural
information and rich semantic information bring great challenges for network representation learning for HIN.
Exploiting the higher-order structural patterns is an effective way of learning the representation for the complex
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network, the traditional GCNs are not directly applied to the higher-order heterogeneous network. The motifs
have been recognized the most common way for understanding and exploring the complex networks, which can
both describe complex semantic information and preserve high-order neighbor structures in the network. We
leverage the high-order network patterns in the form of motifs to transform the heterogeneous network into
multiple hypergraphs, and then model multiple hypergraphs to learn node representations in a unified way.
Compared with the traditional heterogeneous network, the advantages of heterogeneous hypergraph network are
that the heterogeneous properties can be fully expressed by introducing high-order structural information and
fusing the different types of semantic hyperedges based on various motifs. Therefore, in order to overcome the
deficiency that homogeneous network can only describe the pairwise relationship, we proposed a heterogeneous
MHGCN (Motif-based HyperGraph Convolutional Network) to model the recurring high-order network
patterns as hyperedges formed by multiple related nodes, and transform the entire heterogeneous information
network into multiple hypergraphs that composed of different hyperedges. In a homogeneous network, the GCN
relies on localized first- order approximations of spectral graph convolutions. However, for a heterogeneous
network, the convolutional operation on the motif-based hypegraph should be redefined for preserving all the
relevant node features. As convolution operations on hypergraph can be conducted using the basic properties of
hypergraph and spectral graph theory, to overcome the issue that the motif-based sampling strategy can not
cover all nodes, we integrate multiple hypergraph networks and the original network structural information into
hypergraph convolutional network to ensures that all nodes can be aggregated and updated in the process of
propagating node features. Inspired by the attention mechanism, we exploit the hypergraph attention network to
dynamically aggregate node features based on their importance and semantic roles. Specifically, we conduct
two levels of attention networks with a hierarchical structure, namely a hyperedge-level attention to learn the
importance among different types of nodes, while a comprehensive semantic-level attention to capture the
importance of different types of motif structures. Owing to the proposed MHGCN is in an end to end fashion, it
can learn to get the labels of the nodes eventually. The proposed MHGCN improves the micro-F1 by
0.56%-3.51%, improves the macro-F1 by 0.54%-4.37% on two real-world datasets of DBLP-P and DBLP-A in
semi-supervised node classification task against the state-of-the-art methods, which also verifies the
effectiveness of aggregating different types of nodes based on hyperedge-level attention and comprehensive
semantic-level attention.
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T2 AEDEFGZEM micro-F1 Fll macro-F1

Datasets Metrics Training-size LINE MetaGNN  GCN HAN ~ MHGCN-noAtt MHGCN

20% 0.7059 0.7649 0.7252  0.6684 0.7713 0.7815

micro-F1 40% 0.7297 0.7723 0.7345  0.6495 0.7675 0.7918

60% 0.7509 0.7765 0.7431  0.6520 0.7809 0.7931

DBLP-P 80% 0.7605 0.7819 0.7697  0.6754 0.7683 0.8017
20% 0.6602 0.6907 0.6642  0.4527 0.7201 0.7288

macro-F1 40% 0.6805 0.7171 0.6792  0.4390 0.7309 0.7456

60% 0.6957 0.7286 0.6826  0.4491 0.7421 0.7449

80% 0.7109 0.7315 0.7115  0.4601 0.7014 0.7574

20% 0.8472 0.8532 0.8589  0.8742 0.8921 0.9143

micro-F1 40% 0.8805 0.8914 0.8927 0.8915 0.9115 0.9258
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Background

This paper focuses on heterogeneous information
network analysis and applications. Compared to homogeneous
information network, the heterogeneous information network
can effectively fuse more information and contain richer
semantics in objects and links, and thus it forms a new
development of data mining. Driven by the success of deep
learning, researchers have borrowed ideas from convolution
networks to design the architecture of graph neural networks.
Recall that heterogeneous networks have multiple classes of
nodes or edges, the analysis of heterogeneous information
network still has challenges, especially for network
representation.

The metapath-based methods have been applied in
heterogeneous graph mining in recent years because it can
describe semantic information in the network. The latest motif
patterns can both describe complex semantic relationships and
preserve high-order neighbor structure in heterogenous
information network. This paper model the recurring high-order
network patterns as hyperedges formed by multiple related
nodes, and transform the entire heterogeneous information
network into a hypergraph that composed of different
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hyperedges. which can conduct convolution operations on
hypergraph using the basic properties of hypergraph and
spectral graph theory. This paper chiefly solves the following
two problems: (1)Using the motifs and hyperedges to solve the
problem of homogenous network can only describe the
pairwise relationship; (2)proposed hyperedge self-attention
mechanism aggregate different types of nodes come from
different projection space, so as to generate the labels of nodes
effectively and apply to sem-supervised node classification
task.
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