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Multimodal sentiment analysis based on memory iterative network
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Abstract; In the process of multimodal sentiment analysis, two key aspects need to be considered: one is the internal information
of each modality, and the other is the interaction information between each modality. Aiming at the problem of how to effectively
capture the above core information, a memory iterative network model is proposed. Each modal sequence data is input into its own
recurrent neural network and attention mechanism module respectively. After processing, all modal sequences are concatenated and
sent to the memory iteration module for iterative processing. After the iteration, the data is passed through the fully connected layer
and classified after reducing the dimension. Experiments on the public datasets CMU-MOSI, ICT-MMMO, and YouTube show
that both the accuracy and F1 value of the memory iterative network model are improved.
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Fig. 1 Two fragments in the MOSI dataset
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Fig. 2 Model of memory iterative network
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Table 1 Results of different models on CMU-MOSI

Models ACC F1
TFN 73.9 73.4
BC-LSTM 73.9 73.9
MARN 77.1 77.0
LMF 76.4 75.7
MFN 77. 4 71.3
MFM 78.1 78.1
Our Model 79.4 79.4
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Table 2 Results of different models on ICT-MMMO

Models ACC F1
TFN 72.5 72.6
MFN 73.8 73.1
MFM 81.3 79.2

Our Model 82.5 82.5
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Table 3 Results of different models on YouTube

Models ACC F1
MFN 51.7 51.6
MFM 53.3 52.4
Our Model 53.3 51.9
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