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Image and text sentiment analysis based on attention mechanism
and contrastive learning

XU Qinchao

('School of Communications and Information Engineering, Nanjing University of Posts and
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Abstract; This paper proposes a method for multimodal sentiment analysis based on attention mechanism and contrastive learning to
address the insufficient integration and utilization of textual and visual information interaction. Firstly, the sample data is
reconstructed, and data augmentation is applied to the images. Then, the textual and visual data are processed separately using a
fusion of CNN-VIiT network and RoBerta network for feature extraction. The image—text contrastive loss function is calculated to
achieve feature alignment. Subsequently, cross—modal attention and multi —head attention are employed to accomplish feature
interaction and fusion across different modalities, followed by computing the contrastive learning loss function based on the fused
features. Finally, a Softmax classification network is utilized for sentiment prediction on the fused sequences. Comparative
experiments on the MVSA dataset demonstrate that the proposed multimodal sentiment analysis method outperforms commonly used
sentiment analysis methods in terms of performance.
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Fig. 1 Image—text sentiment analysis model based on attention mechanism and contrastive learning
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Table 1 Dataset details
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Table 2 Sentiment recognition results
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Table 3 Ablation experiment
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