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Methods

Introduction
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Neurological disorders diagnostics face a Large Brain Model 1. Encoding/Decoding architecture
critical challenge: a global shortage of - Segment decomposition into patches

neurologists causes delayed diagnosis and - Transformer architecture

2. Self-supervised pretraining
Learns representation without labels
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clinical precision and helps uncovering novel [ 1 Som———— 3. Downstream tasks
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By leveraging self-supervised learning, our iSRRG : — Neri il
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technology deciphers the complex patterns i | test , - ackground / Seizure

inherent in EEG data, with the goal of
creating an efficient ecosystem that
accelerates the development of powerful
and resource-efficient Al EEG analysis
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Example seizure detection
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