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Abstract Different from the previous studies with only text, this paper focuses on multimodal data (text and
audio) to perform emotion recognition. To simultaneously address the characteristics of multimodal data, we
propose a novel joint learning framework, which allows auxiliary task (multimodal sentiment classification) to help
the main task (multimodal emotion classification). Specifically, private neural layers are designed for text and
audio modalities from the main task to learn the uni-modal independent dynamics. Secondly, with the shared neural
layers from auxiliary task, we obtain the uni-modal representations of the auxiliary task and the auxiliary
representations of the main task. The uni-modal independent dynamics is combined with the auxiliary representa-
tions for each modality to acquire the uni-modal representations of the main task. Finally, in order to capture
multimodal interactive dynamics, we fuse the text and audio modalities’ representations for the main and auxiliary
tasks separately to obtain the final multimodal emotion and sentiment representations with the self attention
mechanism. Empirical results demonstrate the effectiveness of our approach to multimodal emotion classification
task as well as the sentiment classification task.
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Fig. 1 Overall architecture of joint multimodal emotion and sentiment learning network
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Table 2 Distributions of sentiment categories in MELD
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