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Abstract Emotion analysis is a fundamental task of natural language processing(NLP) ,and the research on single mo-
dality (text modality) has been rather mature. However,for multi-modal contents such as videos which consist of three
modalities including text,visual and acoustic modalities,additional modal information makes emotion analysis more chal-
lenging. In order to improve the performance of emotion recognition on multi-modal emotion datasets, this paper
proposed a neural network approach based on multi-task learning. This approach simultaneously considers both intra-
modality and inter-modality dynamics among three modalities. Specifically, three kinds of modality information are first
preprocessed to extract the corresponding features. Secondly. private bidirectional LSTMs are constructed for each
modality to acquire the intra-modality dynamics. Then, shared bidirectional LSTMs are built for modeling inter-modality
dynamics, including bi-modal (text-visual, text-acoustic and visual-acoustic) and tri-modal interactions. Finally, the
intra-modality dynamics and inter-modality dynamics obtained in the network are fused to get the final emotion recogni-
tion results through fully-connected layers and the Sigmoid layer. In the experiment of uni-modal emotion recognition,
the proposed approach outperforms the state-of-the-art by 6. 25%,0. 75% and 2. 38% in terms of text, visual and a-
coustic on average respectively. In addition.this approach can achieve average 65. 67 % in accuracy in multi-modal emo-
tion recognition tasks,showing significant improvement compared with other baselines.
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Fig. 1 Overall architecture of multi-task fusion learning network
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Table 2 Distribution of positive samples in each emotion category
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Table 3 Number of training,valid and test samples for each

emotion category after under-sampling
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Table 4 Comparison between the proposed approach and other
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