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An Enhanced Multi Granularity Feature Fusion
Model for Semantic Matching

SHANG Fu-hua,JIANG Yi-wen" ,CAO Mao—jun
(School of Computer and Information Technology ,Northeast Petroleum University , Daqing 163318, China)

Abstract; As an important part of natural language processing tasks, semantic matching directly restricts the efficiency of question
answering system,information retrieval and other tasks. Most of the existing semantic models only take words as the basic semantic unit
for attention interaction,and less take into account the problem of language granularity ignoring the overall modeling caused by the fuzzy
word boundary and insufficient acquisition of character information in Chinese. Therefore,an enhanced multi granularity feature fusion
semantic matching model EMGFM is proposed. Firstly,the BERT model and word2vec are combined to obtain the enhanced character
vector representation, then the attention interaction is carried out from the three granularity of words, phrases and sentences, and the
interaction results are weighted fused to highlight the contribution of different interaction information to the overall modeling. In order to
reduce the information loss in the interactive process, the interactive information is enhanced by constructing differences. Finally, the final
semantic representation of the text is obtained by maximum pooling and average pooling to calculate the matching degree. The model
achieves 87% accuracy on the Chinese data set of CCKS question matching competition. Compared with some classical models of
semantic matching, the accuracy is improved. It proves that the proposed method can effectively improve the accuracy of question
semantic matching.
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