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Image-text sentiment analysis based on multi-modal
SUN Wenfei, ZHANG Yunhua

(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract; Today, with the rapid development of the Internet, people are more likely to combine words and pictures to publish their
comments, the accuracy of sentiment analysis of single mode is low, therefore, this paper proposes a BIGRU-ResNet image—text
multimodal sentiment analysis model for sentiment classification tasks. Firstly, BERT is used to embed the text into the word vector,
secondly, BiGRU is used and the attention layer is introduced to extract the features of the word vector of the upstream task, then,
the feature extraction of the image is completed by ResNet and more effective information is retained, finally, the attention
mechanism and tensor operation were used to achieve the purpose of gain in the text modality and image modality, and the fused
features were input into the classifier to obtain the sentiment classification of the review. Through experimental analysis and
comparison, it is found that multi-modal model can improve the accuracy of emotion classification tasks compared with single modal
model.
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Fig. 1 GRU neural network architecture
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Fig. 2 BiGRU model structure
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Fig. 4 BERT architecture
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Fig. 5 Attention mechanism
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Fig. 7 Text feature extraction architecture
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Fig. 8 Image feature extraction architecture
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Table 1 Parameter initialization
b 24 2R

1 Batch K/) 8

2 R le-5
3 Dropout 0.2

4 Epochs 10

5 R & Adam
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Table 2 Experimental comparison results

75 R KR PERTIE: 3 F11{E
1 GRU 0.603 4 0.591 8 0.595 2
2 ResNet 0.6150 0.601 7 0.611 6
3 BiGRU 0.628 8 0.634 3 0.633 1
4 ATT-BiGRU  0.649 3 0.641 7 0.645 9
5  BiGRU-ResNet 0.681 8 0.675 4 0.682 2
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