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Motivation: one system, many noisy views
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Q: How did you sleep?

A: Woke up twice.

brain heart / lungs motion imaging genome / omics / text

each sensor / modality = a view y` ∈ Rp` of the same hidden state
different size, scale & noise ⇒ goal: recover the shared structure

GRAB-MDM in 4 steps
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grey: each of 5 views    color: view-average
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Bandwidth: per-view scale × one global knob

ε` = c · h`
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squared distance (5 noisy sensors)
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one global ε

h`: a percentile of view `’s distances — one
ε cannot fit all
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Theory, in pictures
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What does A learn?
Af ≈ consensus of views
+ ε·(mixed Laplacian terms)
views are transported to a common
view and averaged (Thm 4.2)

Why is noise harmless? high-dim noise ≈ a constant shift of all
distances; at high SNR the kernels barely change:
‖Anoisy −Aclean‖ . 1

SNR·c ⇒ leading eigenvectors stay (Thm 5.2, Prop 5.3)
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corr = 0.98

How to set c? too small: graph falls apart; pick c where the spectrum
is stable (bandwidth panel)

c

c too small:
graph falls apart

c = 0.01
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stable spectrum

c = 0.5

Real data 1: Daily & Sports Activities (UCI)

5 body-worn motion sensors = 5 views · 4 activities
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5-s segments of acceleration magnitude, 8 subjects  ·  each view: 63 features (mean, std, band powers of 9 motion channels)

Clean: comparable. Noisy: GRAB-MDMwins big

Real data 1: Daily & Sports •Lying •Walking •Running •Cycling
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Real data 2: Sleep-EDF 3 channels = 3 views, 4 stages
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view 1: EEG front view 2: EEG back view 3: EOG eyes
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each view: log power spectrum 1-30 Hz of 30-s epochs
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noise: 300 extra noise coordinates per view, view-dependent strength σ × (0.5, 1, 2, . . . );
all methods automatic


