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Figure 1 Learning emotion representation model diagram
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Figure 5 A general framework for multiscale multimodal visual coding
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Multimodal and Multiscale Facial Expression Recognition Analysis for Learning Emotions

JI Lixia, REN Hanliang, WANG Wei, DU Yunlong, ZHOU Hongxin, FU Yuanzhong

(School of Cyber Science and Engineering , Zhengzhou University, Zhengzhou 450002, China)

Abstract; To address the challenges of capturing subtle features and the scarcity of data samples in learning emo-
tion recognition, a facial emotion recognition method based on a generative diffusion model and multimodal multi-
scale visual encoding was proposed. Firstly, a learning emotion dataset integrating multi-scale global and local de-
tailed features was constructed, and the generative diffusion model was used to augment scarce emotional samples,
thereby alleviating data constraints in few-shot learning scenarios. Secondly, a multimodal multiscale visual enco-
ding mechanism was designed, which achieved high-precision modeling and effective fusion of micro-expressions
and fine-grained emotional features by combining global features of facial images with local details from salient re-
gions. Finally, the experiments were conducted on various models, including CNNs, Vision Transformers, and hy-
brid architectures. The results showed that the proposed method achieved an overall recognition accuracy of
68. 10% , with an average improvement of 2. 98% and a maximum improvement of 5. 30% compared with existing
baseline methods. The ablation experiments further verified the effectiveness and synergistic contribution of the gen-
erative diffusion model and the multimodal multiscale fusion module in enhancing the model’ s capability to capture
micro-expression details and improving overall recognition robustness.

Keywords: learning emotions; facial expression recognition; artificial intelligence ; multimodal ; multiscale features





