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Semantic matching model based on BERTGAT-Contrastive

YUAN Jing—shu, LI Wu,ZHAO Xing-yu, YUAN Man
(School of Computer and Information Technology, Northeast Petroleum University ,Daqing 163318, China)

Abstract: Using only the information of the last layer of BERT for prediction can result in the loss of some
lexical, syntactic and semantic information of the text. Regarding this problem, this paper firstly puts
forward the BERTGAT model based on BERT and graph attention networks (GAT). By making use of
the hidden state matrices and attention matrices of multiple intermediate layers of BERT as the node feature
matrices and adjacency matrices of the corresponding number of GAT respectively, and adopting a
dynamic weighting strategy to weight different GAT layers, and then applying the activation function to
determine the similarity between sentences. Secondly, to enable the BERTGAT model to better acquire
the language representations between sentence pairs, the contrastive learning approach is introduced on the
basis of the BERTGAT model to propose the BERTGAT-Contrastive model, which enhancing the
model’s ability to recognize semantic similarities among texts. Finally, through experiments conducted on
the LCQMC and BQ datasets, the results indicate that the proposed model and its contrastive learning
method are highly effective, with notable improvements in accuracy and F, score.
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Fig.3 Training results of the model on LCQMC data set
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55 i R 3 BOR | 4% Lattice-CNN™" ([ERNIE |
BERT 5 £ 3k 22 5 1 32 ) #L i 45 & B2 B4
Bert+FastText+BiLSTM"" . GMN-BERT" HI
ICE"/ 2 6 A U 47 X L S0 0 R AJRR TR
SCHT AR ARG H AR R AR LCQMC e BQ % 4
L HEAT I VT BCAT 55 9 S g 4R
R4 FREEBEXCEERNAELCQMC I BQEIIEE X
KX R
Table 4 Experimental comparison effects of different

semantic matching models on LCQMC and

BQ data sets
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ACC F, ACC F,
Lattice-CNN 82.1 824 782 783
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Table 5 Ablation experiment results

LCQMC BQ
ACC F, ACC F,

BERTGAT-Contrastive 90.84 90.07 87.63 86.78
—Contrastive 89.81 89.52 85.92  85.59
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