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bty matching in natural language processing, the long and short-term memory
network has multiple contr , which requires a certain amount of hardware computing power and computing time
cost during the training iming at these problems, this paper proposes an improved ESIM (Enhanced Sequential
Inference Model) text similarity matching model based on Bi-GRU. Based on the ESIM model of bidirectional LSTM (Long
Short-Term Memory), the proposed model is trained by Bi-GRU neural network to improve the training performance of the
model. The improved ESIM model is tested on QA corpus and LCQMC (Large-scale Chinese Question Matching Corpus)
respectively. Test results show that compared with the original model, the loss function values of most groups are lower than
the original model, and the accuracy values are higher than the original model.
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Fig.1 Skip—gram model
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Fig.3 GRU model
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Fig.4 ESIM model
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Tab.1 Experimental environment and configuration
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Tab.2 Comparison of model training time
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