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Abstract

Early sentiment analysis relies on neural networks to do sentiment analysis in individual modali-
ties such as text, image or audio, and although there have been good results in each modality, it is not
possible to fully express people’s emotions by only doing sentiment analysis in a single modality, so
this paper combines information from multiple modalities to apply to the field of sentiment analy-
sis. The Self-MM model in this field has had good experimental results, but the model has room for im-
provement at the optimizer level. This paper continues to do research on this basis using the more
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advanced AdamW optimizer, and validates it in the public data set CMU-MOS]I, and the experimen-
tal results have an improvement of 0.12% and 0.43% in the classification accuracy of Acc-7 and Acc-2,
respectively.
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Figure 1. Early integration methods
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Figure 2. Decision-making period integration methods
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Figure 3. Hybrid integration methods
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Figure 4. Self-MM model diagram
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Figure 5. Self-MM model diagram
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Figure 6. Data set distribution map
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Table 1. Comparison experiments of different optimizers
= 1. NEMEA R LRI

it Acc-7 Acc-2 MAE Corr
Lion 40.85 80.06 0.829 0.735
Adan 43.93 84.18 0.739 0.782
Adam 45.63 84.35 0.720 0.785
Adamw 45.75 84.78 0.721 0.791

Table 2. Model comparison results on the CMU-MOSI dataset
F 2. CMU-MOSI ##E5E ERRBIRLLEER

R Acc-7 Acc-2 MAE Corr
EF-LSTM 35.39 78.48 0.948 0.669
LF-LSTM 34.52 78.63 0.954 0.658

GRAPH_MFN 34.64 78.35 0.955 0.648
MULT 36.91 80.98 0.879 0.702

MISA 41.37 83.54 0.776 0.778
Self-MM 45.63 84.35 0.720 0.785

Ours 45.75 84.78 0.721 0.791
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