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Abstract: Knowledge graph, iStan important tool for realizing chatbots. The lifecycle of constructing a question
answering system based on khowledge graph is a complex task. This paper summarizes a number of topics from the perspective
of building a knowledge graph-based question answering system. The topics include knowledge graph types, knowledge
graph construction and storage, language models used in knowledge graph dialogue, semantic matching and generation
in graph space. Furthermore, this paper summarizes commonly used methods and models in vertical areas of topics, and
analyzes the purpose and necessity of sub-modules. A method for quickly constructing a baseline model of a knowledge
graph based question answering system will be presented. The proposed method relies on the cutting-edge algorithms and
effectively guarantees scalability, accuracy and timeliness.
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Fig.1 The overall framework of knowledge mapping
question answering system
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Tab.1 Common methods of relation extraction
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5 HEFEZTE#EEF %X (Graph model based on
retrieval method)
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Tab.2 Graph embedding method\based on translating
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Tab.3 Graph embedding method based on Neural Network
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Fig.4 KEQA: Semantic space and graph space mapping
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Fig.5 Graph attention based on conversation generation

method in commonsense domain
6 FNIREIEEE R g RiEFE L5 (Implement of
QA framework based on knowledge graph)
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Fig.6 QA system based on knowledge graph
7 #5i8(Conclusion)
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