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Abstract As a research hotspot in the field of emotion analysis, Russian multimodal sentiment analysis technology can automati-
cally analyze and identify emotions through rich information such as text,voice and image, which is helpful to timely understand
the public opinion hotspots in Russian speaking countries and areas. However.,there are only a few multimodal emotion corpora in
Russian, which limits the further development of Russian emotion analysis technology. Based on the analysis of the related re-
search and emotion classification methods of multimodal emotion corpus, this paper develops a scientific and complete tagging
system,which includes 11 items of information in utterance,space-time and emotion. In the whole process of corpus construction
and quality control, this paper follows the principle of emotional subject and emotional continuity,formulates a strong operational
annotation specification and constructs a large-scale Russian emotional corpus. Finally,it discusses the application of corpus in the
analysis of emotional expression characteristics, the analysis of personality characteristics and the construction of emotion recog-
nition model.
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Table 3 Statistical information of corpus
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Fig. 2 Proportion of various emotional corpus
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Fig. 4 Emotional proportion of speaker’s utterances
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