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Emotional Interaction Design in Artificial Intelligence Context

YAN Hong', LIU Jia-hui', QIN Jing-yan®
(1.Hainan University, Haikou 570228, China; 2.University of Science and Technology Beijing, Beijing 100083, China)

ABSTRACT: The work aims to study the important emerging trends in the design of emotional interaction systems, and
explore the human-oriented emotional interaction design and the practical application of artificial intelligence technology
in its field. In the emotional interaction design, the machine was required to capture the user’s key information in real
time, identify the user’s emotional state, and use a variety of clues to finally determine the appropriate user model.
Therefore, by analyzing the classification advantages of artificial intelligence technology in human emotion recognition,
how to make the machine recognize human emotions more accurately with the multi-modal user features such as facial
expressions, limb movements, language, heartbeat, and breathing was explored. Then, by analyzing classic mathematical
models of emotional states, and key elements such as emotional expression and interaction optimization, a natural, rea-
sonable, and friendly response was made to the user’s emotions. Finally, the feasibility of the design and modular con-
struction of emotional interaction system was discussed. A modular design of emotional interaction system based on arti-
ficial intelligence technology is proposed.
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Fig.1 Emotion classification based on human facial expression
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Fig.2 Comparison of emotion estimation between deep learning and traditional machine learning
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Fig.3 Framework of multimodal emotional data fusion
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