FLAME: Fast Long-context Adaptive Memory for

Event-based Vision

Biswadeep Chakraborty, Saibal Mukhopadhyay
School of Electrical and Computer Engineering, Georgia Institute of Technology, Atlanta, Georgia, USA

Georgia
Tech.

Comparing FLAME variants with other State-of-the-Art (SOTA) models
Accuracy versus GFLOPs across various event-based vision datasets
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