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Abstract

Abstract

Knowledge Graphs (KGs) are a crucial structured knowledge database designed
to assist computer systems in better understanding and reasoning human knowl-
edge. Knowledge graphs help machines understand the semantic information of
knowledge, which are widely applied as core data foundations in the field of ar-
tificial intelligence, such as semantic searching, question-answering systems, and
more. Currently, knowledge graphs have become one of the main technical means
to address the hallucination problem in large language models, holding significant
research value. In recent years, Knowledge Graph Representation Learning (KRL)
has been a research hotspot in the field of artificial intelligence. It aims to better cap-
ture semantic correlations by learning embeddings of entities and relations. Knowl-
edge graph representation learning plays an important role in promoting semantic
understanding, reasoning ability, cross-modal correlations, domain specialization,
personalized services, and more, making it one of the key drivers of the continuous

development of artificial intelligence technology.

This thesis mainly focuses on the research of knowledge graph representation
learning. Currently, Graph Attention Networks (GATs) have been proven to be an

effective model for graph learning. However, such models only consider utilizing
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local features within entity neighborhoods. It requires deep exploration of global
context information for knowledge representation learning. There is still a need to

explore more efficient methods for integrating global information.

To address this issue, this thesis focuses on considering how to reasonably in-
tegrate global information into local attention in knowledge graph representation
learning. Based on this idea, a new graph neural network model called Entity Importance-
aware Graph Attention Networks (EIGAT) is proposed, which incorporates global
entity importance into the local attention mechanism to learn effective knowledge
graph representations. Specifically, by using a global random walk algorithm to
estimate entity importance (EI) across the entire graph structure, this paper allows
for the effective utilization of global information within the graph neural network
model. Finally, it conducted extensive experiments on various types of knowledge
graphs, comparing EIGAT with baseline models in entity relation prediction, which
fully demonstrate that EIGAT successfully integrates global information into local

attention to improve the effectiveness of knowledge representation learning.

Keywords: Knowledge Graph, Knowledge Representation Learning, Graph Neural

Networks
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