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Abstract

This paper proposes a graph-enhanced spatiotemporal EEG-Deformer model to improve EEG-based emotion
recognition performance. The proposed model employs a graph-based spatiotemporal feature encoder to effectively
learn unified representations of temporal dynamics and spatial dependencies at the early stage. In addition, a
hierarchical coarse-to-fine transformer is introduced to capture features at multiple temporal resolutions, while an
adaptive dense information purification module suppresses irrelevant information and selectively emphasizes important
spatiotemporal features. The extracted features from each module are subsequently integrated and fed into a multilayer
perceptron for final emotion classification. Experimental results on three cognitive state datasets and four emotion
recognition datasets demonstrate that the proposed model consistently improves both accuracy and Fl-score compared
to existing methods. These results suggest that effectively integrating graph-based spatiotemporal feature learning,
hierarchical temporal modeling, and information purification and fusion improves performance.
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