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Geometric Deep Learning to Generalize EEG Decoders

Across Days/Subjects
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Current electroencephalography (EEG) decoders typically require labeled calibration data for a new day or subject, limiting
their utility and scalability. Geometric deep learning offers a remedy via combining invariances of Riemannian manifolds with
neural nets to improve EEG decoder generalization across days and subjects with seamless adaptation in the background.
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