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Hierarchical Graph Neural Network Representation Method with
Integrated Positional Encoding

YAN Chenxi, WU Zhixue
(School of Artificial Intelligence , Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Temporal Knowledge Graph (TKG) reasoning aims to predict future facts based on observed ones. However, most existing methods
overlook the normalized positional information of nodes , which limits the ability of Graph Neural Networks (GNNs) to address challenges such
as isomorphic nodes and graph symmetry. To tackle these issues, we propose a Hierarchical Relational Graph Neural Network with Structural
and Positional Encodings (HGLS-PE) to enhance node representation. Specifically, to explicitly associate entities across different time-
stamps, we first convert the TKG into a global graph. The proposed model captures the semantic dependencies of concurrent facts within sub-
graphs at each timestamp and temporal dependencies between entities across timestamps in the global graph. Furthermore, during the learning
process at both subgraph and global graph levels, positional encodings are integrated into the message—passing mechanism of nodes. This inte-
gration effectively distinguishes the influence of nodes and relations at different timestamps on the target node representation , significantly im-
proving the model’ s discriminative and reasoning capabilities. Extensive experiments conducted on two public TKG datasets demonstrate the
effectiveness of HGLS-PE.
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Table 3 Performance comparison of the models on two datasets
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Table 4 The MRR metric results of entity prediction tasks in ablation

experiments
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Fig.2 Performance of HGLS-PE with different lengths of local PE
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