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Text Matching Method Based on Fine-grained Difference Features
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Abstract Text matching is one of the key technologies in the retrieval system. Aiming at the problem that the existing text ma-
tching models can’t capture the semantic differences of texts accurately, this paper proposes a text matching method based on
fine-grained difference features. Firstly.the pre-trained model is used as the basic model to extract the matching text semantics
and preliminarily match them. Then, the idea of adversarial learning is introduced in the embedding layer,and by constructing the
virtual confrontation samples artificially for training,the learning ability and generalization ability of the model are improved. Fi-
nally, by introducing the fine-grained difference feature of the text to correct the preliminary prediction results of the text ma-
tching, the capture ability of the model for fine-grained difference features is effectively improved,and then the performance of the
text matching model is improved. In this paper,two datasets are tested,and the experiment on LCQMC dataset shows that the
performance index of ACC is 88. 96 % ,which is better than the best known model.
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Fig. 2 Text matching model based on confrontation learning
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Table 4 Comparison results of transfer learning experiment
SECP
Model
SECP Fine-tune MultiSet
RoBERTa 83.97 84.35 87.02
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RoBERTa+FGM-+ DF 85.88"" 85.88"" 87.60 "
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