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Sensor scheduling problem
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Choose k out of n sensors such that
the expected distortion between W and W is minimized

Athans - Automatica 1972 Mo, Ambrosino & Sinopoli - Automatica 2011
Joshi & Boyd - I[EEE TSP 2009 Moon & Basar - [EEE TSP 2017



Body area networks

System coupling sensors on people and wireless networks
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Design challenges

1. Data heterogeneity Diagnosis

2. Communication constraints or
Feedback

3. Energy constraints



Observations
(X1, X2) ~ f(x1,22)
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Simplest case: two Sensors
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Observations

(X1, X2) ~ f(z1,22)

Decision
variable

U e{1,2}

Problem

Simplest case: two Sensors
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Simplest case: two sensors
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“Dimensionality reduction”

or

“Subset selection”

Roweis and Saul - Science 2000



Notions of optimality

Global optimality Person-by-person optimality

JUE) S TUEY), UeU
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Unfortunately, finding globally optimal solutions is very difficult

Finding person-by-person optimal solutions is often much easier”

*depending on the statistics of the data
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Arbitrary joint density
(X1, X2) ~ f(x1,x2)

B TUE) =E (X1 - %)+ (X — X»)?

The optimal estimator is the conditional mean



Optimal estimator
(X1, X2) ~ f(x1,72)

<u,§?é%x1@ JU,E) =E (X1 — X1)* + (X — X»)?
The optimal estimator is the conditional mean
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Generalized Nearest Neighbor Condition

Assuming that

j(Z/{,S) = [R (SUQ — 772(5131))21(2/{(331,332) — 1)f(5131,5132)d5131d£€2

+/R2 (1 — m(22)) 1 (U (1, 22) = 2) f (1, 72) dw1dT>

True for any joint PDF!
Vasconcelos & Mitra (IEEE TCNS 2019)



Problem 1

Optimization problem
(X1, X2) ~ f(x1,x2)

Generalized nearest neighbor condition

Z/{g(ibl,ibg) = 1] <— (5131 — 771(562))2 > (iEQ — 772(5171))2

Infinite dimensional nonconvex optimization

T (n1,m2) = E{min{(Xl - 771(X2))27 (X1 - nQ(Xl))Q}]
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Arbitrary joint density
(X1, X2) ~ f(x1,x2)

Generalized nearest neighbor condition

Z/{;(CC]_,:CQ) =1 <«— (5131 — 771(%2))2 > (CEQ — 772(5171))2

m(x) = wixr + wae _ ]
() Affine estimators
N2 () = w3x + wy

Finite dimensional nonconvex optimization

Problem?2 J(w)=E {min{(Xl — (w1 Xs + w2)>2, (Xz — (w3 X1 + ZU4))2H

w:[wl Wo W3 ’LU4]
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Arbitrary joint density
(X1, X2) ~ f(x1,x2)

Generalized nearest neighbor condition

Z/{;(CC]_,:CQ) =1 <«— (5131 — 771($2))2 > (CEQ — 772(5171))2

m(x) = wixr + wae _ ]
() Affine estimators
N2 () = w3x + wy

Finite dimensional difference-of-convex optimization

J(w)=E {(Xl — (w1 Xz +wn))” + (X2 — (w3 Xy + w4))2}

—E {maX{(Xl — (w1 X2 + w2))27 (X2 — (ws Xy + w4))2H
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Difference-of-Convex (DoC) decomposition

J(w)

E {min{(Xl — (w1 Xo + w2))2’ (X2 — (w3 X1 + w4))2H

E {max{(Xl — (w1X2 + w2>)2’ (X2 — (w3X1 + w4))2H

-
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convex
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Convex-concave procedure

Heuristics to find local minimizers

W(k) i < gafﬁne(w; W(k)) — g(w(k)) =+ g(w(k))T(W o W(k))

v

® W(]H_1> — arg min {F(W) — gafﬁne(w; W(k))}

convex

Yuille & Rangarajan - NIPS (2002)
Lipp & Boyd - Optim. Eng. (2016)

subgradient of G

converges
to a local minimum
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Convex-concave procedure

AwFHD = g(wk)) 4 b

E[X;] 0 0 ] E[X; X)]
1 0 0 b—o. | EXi
0 E[X? E[X] E[X; X)]
0 E[Xj] 1 - E[X]



Step size
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gw)=-2-E

Convex-concave procedure

AwFHD = g(wk)) 4 b

computational bottleneck

X1 —wi Xo — wa

X1 —wi Xo — wa

( )1(
( )1(

X]_(X2 — ’UJ3X1 — w4)1( X1 — w1X2 — W9
( )1(

X1 —wi Xo — wa

we will deal with this later...

AVARR LY,
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Xo — w3 X1 —wy
Xg —w3X1 — W4y
Xo — w3 X1 —wy

Xo —w3 X1 —wy
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Relationship with subgradient methods

minimize J(w)

wk ) = wk) _ o i)

AN

subgradient of J

technical conditions
needed for convergence

AwlFTD) — g(w(k)) +b < > wlFTD) — (k) _ A_lj(w(k))

guaranteed to converge!
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Sp02 &
Motion sensor
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“In practice we don’t know the joint distribution”

ECG &
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Unknown density

(X1, X5) ~ 7
Cannot compute expectations

Data: D:{@ﬂm@ﬂmyk:L~wN}

Replace expectations by the empirical mean

1
F(w) = N Z (5’71 — Wix2 — w2)2 T (562 — W31 — w4)2

(':Cl 7332)61)
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Approximate convex-concave procedure

A AN

J(w) = F(w) —G(w) empirical risk

wk) o > Gatiine(W; W) = G(w®) + G(w) T (w — w®)
A ® \

\4

° W(k+1) — arg min {ﬁ(W(k)) — gAafﬁne(Wv W(k))}

W

subgradient of é

a local minimum of
the empirical risk

r1 — WiTo — Wo To — W3TL1 — Wy 24

[ 2o — Wi — wz)l( T1 — W1Ty — Wo| > |To — W3T1 — Wy )
G(w) = —2 1 Z (x1 — wrxe — wz)l( T1 — W1To — W2| = [Ty — W3T1 — Wy ) : easy
21 (72 — w3ws — wy)1(|T1 — WiT2 — Wa| < |T2 — W3T1 — Wy) O compute
( )1( < )




Learning the optimal scheduler

;[I::ta M samples
M > N
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(Gaussian data

1 5 1.7748

(X1, X2) ~ N 2| [1.7748 7

Exact CCP

J* = 1.9704

(0.1691 !
. 0.6638 |
0.2043 10T
11.8152 |

15 —
10

...it takes a long time to compute

10
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(Gaussian mixture data
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(Gaussian mixture data

training

N = 10,000 samples
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Data-driven scheduler
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Summary

Fundamentals of data-driven scheduling for sensors

with unknown probabilistic models

Combined ideas from:

1. Quantization theory (nearest neighbor condition)

2. Nonconvex optimization (DoC, CCP)

Our algorithm:

Is guaranteed to converge

works with data samples drawn from any joint PDF
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Future work

1. Approximate the optimal estimators using Neural Networks

Can we find NNs such that the

2. Online learning of optimal data-driven schedulers

data samples arrive one at a time

3. Distributionally robust data-driven optimal scheduling

min{ max j(w)}

w | fxell(D)

Shalev-Shwartz - Found. Trends in ML 2012
Delage & Ye - Op. Res. 2010
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Thank you!

mvasconc@usc.edu
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