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Short Text Matching Model Combined with Multi-Granularity Information

and External Knowledge
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[ Abstract] Chinese short text semantic matching generally uses worduséquences, rather than character sequences, to
achieve higher semantic-matching performance.However, Chinese word segmentation may be inaccurate or ambiguous,
and word segmentation errors can introduce noise andslead te error propagation, thus deteriorating the final matching
performance.Meanwhile, most Chinese words are characterized by polysemy.Short texts are more difficult to understand
than long texts due to lack of context, which presents aigreater challenge for the model to correctly capture semantic
information.To solve this problem, a short text matchingsmodel is proposed.This model uses the Lattice Long Short Term
Memory (Lattice LSTM) to integrate the) multisgranularity information of characters and character sequences,
introduces external knowledge HowNet to'selve the problem of polyonyms, and employs a soft-attention mechanism to
capture the interaction between twgoysentences. Furthermore, mean and maximum pooling algorithms are used to extract
sentence features and obtain semantic eneoding representations at the sentence level. Experiments on LCQMC and BQ
datasets show that the model ‘effectively improves the performance of Chinese short text semantic matching compared
with the ESIM , BIMPM, and, Lattice-CNN models.

[Key words] short text semantic matching; Lattice Long Short Term Memory (Lattice LSTM) ; multi-granularity
information ; external knowledge ; soft-attention mechanism
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Fig.1 Framework of the model in this paper
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Table 5 Prediction results’of sentence similarity based on Jieba and Lattice segmentation
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Table 6 Result of the ablation experiment under

LCQMC dataset %

g HIRTIES Fl{i
i1 B K Ak 83.35 83.41
B Al 83.49 83.61
A2 83.54 84.32
AR Z 78.04 78.33
ISR AR 83.54 84.32
GG BHR 83.01 83.31
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