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Research on attribute mapping method in question answering

system based on knowledge graph
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Abstract: In the intelligent question answering system based on knowledge graph, the error
propagation of the result of attribute mapping module can lead to the inability to get the correct
answer ultimately, hence an attribute mapping method based on multi-attention and multi-
dimensional text came to the rescue. Firstly, the multi-dimensional text representation was
obtained by splitting the question text and combining the attribute information; secondly, the
long-term and short-term memory (long-short-term memory, LSTM) networks were used to
generate their respective hidden layer representations, and then the multi-attention mechanism
layer was input to improve the relationship and semantic information between questions and
attributes, and the interactive information between attributes and various angles were used to

enhance the understanding of semantic information of questions; finally, local features were
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extracted by virtue of convolution neural network (convolutional neural networks, CNN) and
attribute mapping was realized with the aid of softmax classifier. The experimental results show
that on the open source data set provided by the knowledge base question and answer (KBQA)
task in the natural language processing and Chinese computing conference (NLPCC 2018), the
performance of this method is significantly improved compared with the mainstream attribute
mapping model, with the accuracy up to 6. 62% higher. This model can make up for the
deficiency of single text representation and attention mechanism and effectively solve the
problem of semantic ambiguity in attribute mapping module, which is conducive to improving
the overall performance of intelligent question answering system.

Keywords: intelligent question answering; attribute mapping; multi-attention; multi-dimensional

text; knowledge graph
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Fig.1 Flow chart of knowledge graph question answering system based on extraction method
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Fig. 2 Structure of attribute mapping model based on multi-attention and multi-dimension text
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