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Abstract The sentence embeddings using Siamese BERT-Networks pre-trained language model has two
shortcomings in its presentation layer for text matching, that is, (1) two queried texts are directly computed
after they are represented in vectors by the BERT Encoder, (2) such computation does not consider the needs to
refine the granular representation of the two queried texts. As such presented semantics could be deviated and
it is also difficult to assess the importance of single words in text matching. This paper proposes an improved
text similarity matching model SBMAA based on SBERT pre-trained language model. Firstly, the hidden
layer vectors of the two queries passing through the SBERT model are obtained, and then the similarity matrix
between the two is calculated. The attention mechanism is used to encode the tokens in the two sentences again
to obtain interactive features and pool them. Finally, the fully connected layer is connected for prediction. This
method introduces the multi-head attention alignment mechanism, which is a common way of interactive text
matching algorithm, and strengthens the correlation degree between similar texts, so that the model can achieve
more accurate matching effect. The experimental results on ATEC 2018 NLP data set and CCKS 2018 Webank
Customer Question Matching dataset show that compared with the five popular text similarity matching
models ESIM, ConSERT, BERT-whitening, SimCSE and Baseline model SBERT, The proposed SBMAA
model achieves 84.7% and 90.4% in F, evaluation index, 18.6% and 8.7% higher than Baseline, respectively.
It also shows good effect in accuracy and recall rate, and has certain robustness.

Keywords text matching; Sentence-BERT; Multiple attention alignment mechanisms
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Fig.2 Schematic diagram of interactive matching models
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