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Heterogeneous Graph Neural Network Link Prediction Model
Based on Relational Embedding

LONG Wei'?*, ZHANG Minglan'?, HAN Min'"*
(1. School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu 610031, China;
2. Manufacturing Industry Chains Collaboration and Information Support Technology Key Laboratory of
Sichuan Province, Chengdu 610031, China)

Abstract: It is a challenge for predicting heterogeneous graph links. Heterogeneous graph neural networks (HGNNs)
are used to learn the representations of heterogeneous graph nodes, and to predict links based on the representations of the
nodes at the endpoints of those links. However, HGNNs based on meta paths often cannot adequately balance efficiency and
performance, and traditional relation-based heterogeneous graph models are difficult to process complex relations or to fully
learn and leverage the type information embedded in heterogeneous graphs. To address these limitations, a simple light-
weight HGNN link prediction model LightREGNN based on relation embedding is proposed, which utilizes learnable relation-
ship to embed heterogeneous type information in representation graph. The TTPP model is used to effectively alleviates the
model degradation. Moreover, the model incorporates innovative strategies such as jumping links and L2 normalization to
further enhance its performance. Reliable experiment shows that the proposed LightREGNN has notable advantages over the
classical heterogeneous graph models in the link prediction of heterogeneous graphs balancing the efficiency and performance
of the model, making it a suitable candidate for heterogeneous graph with an emphasis on link prediction tasks.
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