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Abstract Question answering over knowledge graph(KG-QA) systems map the natural language question to the (subject, predi-
cate,object) triple in the knowledge graph(KG) by semantic analysis of the given question,and infer the triple to get the answer
of the question. Due to the diversity of natural languages.a question may be expressed in multiple forms but the triples in KGs are
structured data in a standard form. It is challenging to map questions to triples in KGs. This paper proposes a novel Key-Value
relational memory network, starting from the perspective of KGs,and focusing on the relationship between the candidate answer
knowledge and the relationship between the knowledge in KGs and the question representations. In addition, the attention mecha-
nism is applied in the proposed model,so that it has better interpretability than other baseline models. We evaluate the method on
WebQuestions benchmark. Experiment results show that,compared with the best methods based on information extraction. the
F1 value of the proposed method increases by 5. 9% and is slightly higher than that of the optimal methods based on semantic
analysis, which verifies the effectiveness of the proposed method.
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