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A multimodal Chinese sarcasm detection model for emergencies

based on cross attention
HU Wenbin"’, CHEN Long', HUANG Xianbo', CHEN Chen', ZHONG Zhaoman'*

(1. School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China; 2. Jiangsu Institute of Marine Re-
sources Development, Lianyungang 222005, China)

Abstract: Internet users often use sarcasm when discussing emergencies on social media, which complicates emotional
analysis. In addition, there is a lack of research on multimodal comments, particularly those in Chinese, and their use of
sarcasm on social media platforms. Therefore, it is necessary to delve deeper into sarcasm detection in multimodal
Chinese content, specifically within images and text. To address this need, we propose a multimodal Chinese sarcasm
detection model called the fuse cross-attention model (FCAM). This model incorporates a cross-attention mechanism to
identify inconsistencies between modes. The text convolutional neural network (TextCNN) is used to extract basic fea-
tures of Chinese text, while the deep residential network (ResNet) is used to extract image features. The cross-attention
mechanism is used to obtain attention features from the text and image layers. The residual method is employed to estab-
lish a connection between the basic text features and the text layer’s attention features, as well as a link between the im-
age features and the image layer’s attention features. These two feature representations are fused using the attention
mechanism, resulting in the sarcasm classification results through the classification layer. We have constructed a mul-
timodal Chinese sarcasm data set based on Weibo comment data related to the COVID-19 pandemic in a specific region.
Experimental testing on this data set confirms that FCAM holds certain advantages over the benchmark model.

Keywords: emergency; social media; multimodal comment; Chinese sarcasm detection; Chinese sarcasm dataset; cross-

attention mechanism; attention mechanism; sentiment analysis
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Fig.2 Framework diagram of Multimodal Chinese sarcasm detection model for emergencies based on cross attention
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Table 2 Comparison results of model parameters
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