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Image-text sentiment analysis based on multi-layer

cross-modal attention fusion
CHEN Qiaohong » SUN Jiajin, SUN Qi, JIA Yubo
(School of Information Science and Technology, Zhejiang
Sci-Tech University, Hangzhou 310018, China)

Abstract: In view that the existing image-text sentiment analysis models only consider the relationship
between high-level features of image-text features with no consideration of the low-level features of image,
an image-text sentiment analysis model based on multi-layer cross-modal attention fusion (MCAF) was
proposed. The model was firstly connected the VGG13 network with a multi-layer convolution to obtain
different levels of image features, and then the text sentiment features were obtained using BERT word
embedding and bidirectional GRU network. Subsequently, the attention fusion was performed on the
extracted multi-layer image features and text features. Then, multiple sets of single-layer text-image
attention fusion features were obtained, which were used for weights allocation through the attention
network. Finally, the obtained multi-layer text-image attention fusion features were inputted into the full-
connection layer to get classification results. After the experiment on the public MVSA and Memotion-7k
datasets, the results revealed that compared with the image-text sentiment baseline analysis model, the
accuracy and F1 value of the image-text sentiment analysis model based on multi-layer cross-modal
attention fusion increased by 2. 61% and 3.56% on the MVSA datasets, respectively, and also increased
by 3.25% and 3. 63% on the Memosion-7k datasets, indicating that this model could effectively improve
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the performance of image-text sentiment classification.

Key words: image-text sentiment analysis; gated recurrent unit ( GRU) network; attention

mechanism; cross modal fusion; multi-layer image feature extraction
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