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Wearables Health Monitors
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Wearables at Scale

Ubiquity of wearables




Wearables at Scale

Ubiquity of wearables

Unlabeled sensor data
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Scaling Laws
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Do scaling laws apply to models
trained on wearable sensor data?



Methods



Data for Large Sensor Models

40M Hours of wearable sensor data from 165K subjects
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Data for Large Sensor Models

Sensors

[1] 0.05 0.20 X X v/ X X X v/
[2] 141 400 4 4 X X X X X
[3] 100 15,700 X X X X X X X
LSM 165 40,000 X v/ v/ v v 4 4

[1] Adaimi et al. “Advancing location-invariant and device agnostic motion activity recognition on wearable devices.” (2024)

[2] Abbaspourazad et al. “Large-scale training of foundation models for wearable biosignals.” (2023)

[3] Yuan et al. “Self-supervised learning for human activity recognition using 700,000 persondays of wearable data.” (2024)




Training Large Sensor Models
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Training Large Sensor Models

Masked
Sensor input Patched Input
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Training Large Sensor Models

Sensor input

ﬁ'.n

J

Patching

[

Masked
Patched Input

L
T - i
UERIATE i -l-—l-
lalll dadoln, I ol

Enc.

ONONONO,



Training Large Sensor Models
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Evaluating Large Sensor Models
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Scaling
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Scaling: Compute
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Scaling: Model Size
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Generative Task: Signal Level Reconstructions

Example 1 Example 2 Example 3
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Generative Task: Image Level Reconstructions
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Generative Task: Comparison to Baseline
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Generative Task: The Effect of Scaling

(a) Data Scaling Across Model Sizes
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Generative Task: The Effect of Scaling

(A) Compute Scaling
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Discriminative Task: Label Efficient Learner

Few-Shot Activity Recognition
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Discriminative Task: Comparison to Baseline
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Discriminative Task: The Effect of Scaling
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Discriminative Task: The Effect of Scaling

Data in Pretraining:

49K Hrs. (1K People)

6.6M Hrs.(132K People)
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Conclusion



Summary of Contributions

1. Large Sensor Model (LSM)
o  First multimodal wearable sensor foundation model [ timodaiwearablesensor ata. [ rning
2. Largest wearable modeling study to date
o Pretrained on 40M hours of data = S K
3. Prove scaling in the wearable sensor domain g & =t B

A\

4. lllustrate the downstream capabilities of LSM ;..\

o Generative: imputation and forecasting
o Discriminative: exercise, activity, mood, health related

demographics
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