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(College of Computer Science & Technology, Zhejiang University of Technology, Hangzhou, Zhejiang 310023, China)

Abstract: Complex multi-hop questions require knowledge reasoning to provide answers, which often involves inte-
gration of multiple pieces of knowledge to generate final answer. The existing knowledge graph (KG)-based multi-hop in-
telligent question answering methods often have complicated inference processes and do not consider structural and seman-
tic information embedded in relation paths. To solve this problem, this paper proposes a knowledge graph relation path net-
work for multi-hop intelligent question answering. It transforms the multi-hop intelligent question answering task into an
optimization task of finding optimal relation path from KG. In this network, both the KG and question are embedded into
low-dimensional vector spaces, and their unified vector representations are obtained. The topic entity and the question enti-
ty are combined to perform semantic scoring for generating candidate answers. Starting from the question entity and ending
with candidate answers, a set of relation paths relevant to the question from the KG is extracted. The relation paths are fur-
ther embedded into low-dimensional vector space to generate vector representations. By searching for the relation path with
the highest semantic matching degree to the question in the vector space, the answer to the multi-hop question is generated.
Experimental results on public datasets show that the proposed method has not only good performance but also good stabili-
ty compared to the existing methods, and the performance does not decrease with the increase of problem hops.
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