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The Wearable Revolution & Its Processing Gap
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A Widening Chasm: Powerful Al vs Tiny Devices
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Algorithms for HW and HW for Algorithms
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The Next Frontier: From Specific to Universal Models
Heart Rate (ECG)

. ~ 10TBs (20k+ hours).
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How do we train on unlabeled data?

LLMs are often pretrained in an intuitive way.
The ocean was very calm and the waves crashed into the rocks

*

Next token prediction
-m- Masked token prediction

The was very and the waves into the rocks

We try to play a similar game in our biosignal pretraining.
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Other methods: Contrastive Learning
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CEReBrQO’s Alternating Attention to the Rescue
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Biosignal Cross-Modality Knowledge Transfer

CEReBrO model trained on EEG — Can we utilize it for more tasks? Swap Out

Can knowledge learned from EEG waveforms transfer effectively to
other biosignals, such as ECG and PPG, for tasks such as BP estimation?
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Cross-Modality knowledge Transfer brings SoA Results

VitalDB MIMIC-1II
U e e ST T
Pressure MAE Pressure MAE Pressure MAE Pressure MAE
ResUNet+Attention  2.95 4.64 ResUNet+Attention  1.13 4.55
CiGNN 2.79 4.15 ResNet+LSTM 2.23 4.12
Fusion+Attention 3.76 5.32 Conv-LSTM 3.29 4.30
Our CEReBrO 1.92 3.14 Our CEReBrO 1.57 2.72

Lower = better

SoA results = Cross Modality Best CEReBrO models quantized down to
Knowledge Transfer works! around 3.8 MB - Fits on edge devices
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Bringing Foundation Models to the Edge
—
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Cross-Modality and State-of-the-art Results

First EEG-based Foundation Model used for ECG/PPG usage
- Cross-Modality Knowledge Transfer

State-of-the-art accuracy diastolic BP (MAE 1.57 mmHg) and surpasses
by 1.5x the accuracy of prior works for systolic BP (MAE 2.72 mmHg).

Contact info
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Thank you!
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