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Abstract: In the task of multimodal sentiment analysis, there are cases where the overall multimodal and unimodal senti-
ment expressions are inconsistent in the case of missing modalities, and the sentiment will change due to missing modalities.
Existing methods ignore the potential specific semantic connotations and sentiment expressions of the missing modality,
resulting in degradation of sentiment analysis performance. To solve this problem, in this article we propose a multimodal
sentiment analysis model based on two-stage missing modality recovery. In our proposed model, the missing modal features
are first restored, by recovering the isomorphic information of the missing modality with the textual modality through the
invariant modal translation module, followed by recovering the heterogeneous information of the missing modality in the
visual dictionary through the similar modal translation module, and then the known modalities and the recovered missing
modalities are fused to achieve consistent sentiment analysis. Experiments on CMU-MOSI and IEMOCAP showed that the
model could effectively detect and recover missing modality semantic features, alleviate the problem of inconsistency be-
tween multimodal and unimodal sentiment expression, and provide significant performance advantages.
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