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Application of Distributed Semantic Framework
in Natural Language Understanding

LI Xiao-wen', ZHU Qi-liang”

1. School of Computer and Information Engineering, Shanxi Technology and Business College, Taiyuan 030006, China ;

2. School of Information Engineering, North China University of Water Resources and Electric Power , Zhengzhou 450045 , China

Abstract: In order to learn the embedded semantic correspondence between unstructured text and its corre-
sponding structured semantic knowledge, a distributed semantic vector learning framework has been pro-
posed in this paper for natural language understanding (NLU). The semantic framework, with long-term
memory, aims at encoding the input sequence to generate the text vector, and then at combining the inten-
tion tag, timeslot tag and timeslot value vector to generate the distributed semantic vector. By minimizing
the distance between the text output vector and the semantic framework vector, the semantic equivalency
vector is placed in the vector space, and finally uses the intention reconstruction and timeslot tag genera-
tion loss as the goal score is to learn the robust semantic vector. Experimental results show that the learn-
ed semantic vector contains semantic information, and the proposed semantic framework is better than the
NLU system in terms of NLU results rearrangement.

Key words: natural language understanding; distributed representation; semantic vector learning; semantic

framework reconstruction
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