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Semantic similarity calculation of questions based on Transformer model
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Abstract: To solve the problem that the existing methods are not accurate and can not fully capture the deep semantic features of
sentences, a question similarity calculation method based on transformer encoder network was proposed. Before acquiring sen-
tence semantic features, interactive attention mechanism was introduced to compare the similarity of word granularity between
sentences. The attention matrix and sentence matrix were used to generate a new sentence representation matrix weighted by
each other’s attention. The new matrix was combined with the original matrix to enrich the sentence feature information. The
spliced sentence feature matrix was used as the input of the transformer encoder network, and the transformer encoder encoded
them in deep level to obtain the global semantic features of sentences. The feature weight was adjusted and the sentence similari-
ty was calculated through the full connection network and Softmax function. On the data set of Chinese medical and health ques-
tions, the accuracy of the model is 90. 2% , which is nearly 4. 2% higher than that of the comparative model. It is verified that
this method can effectively improve the semantic representation ability of sentences and the accuracy of semantic similarity.
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