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Simile recognition based on contrastive learning

XU Jiacheng

(College of Computer Science and Technology, Guizhou University, Guiyang 550025, China)

Abstract: Simile recognition is an important component of research related to text data mining. Its tasks mainly include two sub
tasks. simile sentence judgment and simile component recognition. The judgment of simile sentences is easily affected by noise
statements such as non simile sentences with metaphorical words, resulting in model judgment errors and thus affecting recognition
rate. In order to solve this problem, current researchers hope to improve recognition performance by enhancing training data or
constructing complex large models, but the above solutions will incur significant manual annotation and computational costs. This
article proposes a simile recognition algorithm based on contrastive learning, which improves the recognition effect of simile sentences
without complex modeling and additional manual annotation costs. This model first introduces a contrastive learning algorithm,
constructs positive and negative example samples through specific data augmentation methods, trains a large number of easily obtained
unlabeled metaphorical sentences,optimizes sentence representation in high—dimensional space, and then transfers this representation to
downstream simile recognition tasks. Secondly, in downstream tasks, the BERT feature extractor’s word and sentence embedding are
concatenated to enhance the model s semantic understanding ability of simile sentences. The experimental results show that on the
publicly available Chinese simile dataset CSR, the proposed method outperforms the existing simile recognition SOTA in both small
sample training and long sentence recognition, and has good performance in simile sentence judgment tasks.
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Fig. 1 Architecture of simile recognition based on contrastive learning
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Fig. 2 Impact of contrastive learning training dataset size on

downstream tasks
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