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A Multimodal Chinese Sarcasm Detection Model Integrated
with Linguistic Features

HU Wenbin, CHEN Long, HAN Tianle, ZHONG Zhaoman, MA Changxia
(School of Computer Engineering , Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: In light of the disparity between graphic and text modes and insufficient attention to textual in-
formation, a multimodal Chinese sarcasm detection model integrated with linguistic features was pro-
posed. The Chi-square statistical method was used to extract words with sarcastic and non-sarcastic mean-
ings, forming the linguistic feature system. TextCNN was utilized to extract linguistic features, enhancing
the distinction between sarcastic and non-sarcastic characteristics. TextCNN and ResNet were employed
to extract text and image features, and a cross-attention mechanism was introduced. Residual connections
were used to fuse text and image features, to help preserve language characteristics. The effectiveness of
the proposed model was verified by using an emergency multimodal dataset containing sarcastic com-
ments. The results showed that the model outperformed the baseline model, and focusing on textual lin-
guistic features helped improve the efficiency of problem-solving.
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Figure 1 Process of constructing linguistic feature system
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Figure 2 A multimodal Chinese sarcasm detection model integrated with linguistic features
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Figure 3 Evaluation index results of linguistic features in different dimensions
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