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Abstract: In order to solve the problem that the existing graph attention mechanism tends to cause attention distribution
to certain relations with high frequency when performing link prediction related tasks, a new link prediction model based
on hierarchical attention mechanism was proposed. In the link prediction task, a hierarchical attention mechanism was
designed to give different attention to the relationships of different relationship types connected to a given entity in the
knowledge graph according to the relationship in the prediction task. While the characteristics of multi-hop neighbor enti-
ties were pay attention to, the relationship characteristics was pay more attention to find the relationship type that matches
the target relationship. Through comparison experiments with the mainstream models on multiple benchmark data sets,
the results show that the performance of the model is better than the mainstream models and has good robustness.
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