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The Classical Formulation (Tenney & Sandell, 1981)
X, X

é e X, arei.i.d.

Y =n(X) /Yn=yn(xn) ® Ho:X;~ Po, Hi: X;~Pq
Fusion center ® vy, € B e.g..v: R — {1’ . 7m}
0or 1 e minimize P (error) over {~;}

e Likelihood ratio quantizers are optimal
(compare Py (X;)/P1(X;) to thresholds)

e Optimal thresholds can be different
e Without (conditional) independence of X;: NP-hard (JNT+Athans, 85)

2



Asymptotics (INT, 1988)

minimize  P(error | Hy)
subjectto  P(error | Hp) < «

Po(’Y(X))]
P1(v(X))

KL divergence : I(v) =Eq [Iog

e Stein’s lemma:
P(error | Hy) ~exp{—(I(v1) + -+ 1(m))}
e Let v maximize I(v)

— all sensors use that same ~
— yields optimal exponent
— randomization does not help



Side Information and Censoring

e S;. side information (quality of measurement; quality of channel)
— i.i.d.
- Hj @ S5~ p;(t)

- Hj @ X; ~v;(- | 5;)
e Censoring decision ¢; € {0,1} (Rago et al., Veeravalli, et al.)
e £,(.S;): no cooperation £(S1,...,Sn): cooperation
e Transmission policy v; € I Message Y; = ~v;(X;, S;)

e Fusion center knows all the S;



Resource Constraints

e pn(S;,;): “consumption” of ~; under “conditions” S;

p(&ivi) = Eo|€(S1, -, Sn) p(Si, 7))

1 n
=1
e Examples:

- p(s,7) =1

- p(5,7) = Eo| (X, S)I | 8 = 5]



Randomization

e V random Strategy: m; : V — (&;, ;)

e Local 7;:

— ;@ Vi (&)

— V;  independent

- &5, —{0,1} (no cooperation)
e Stationarity

- V; iid.

— m; all the same

e Fusion center knows the V;



Neyman-Pearson Results

If all use same, local m = (&, ~): Pq(error) ~ exp{—nA(m)}

A(m) = Eo  log —<s>] + Eol¢($)1(S,7)]

dPg

I(s,y):]EO[Iogd (Y) )S_s] where Y = ~v(X, s)

o Pq(error) ~ exp{—nA*(c)}

A (c) = sup A(m)
s.t. Eg[€(S)p(S,v)] <c

e Need randomization between at most 2 deterministic policies



Neyman-Pearson Lower Bound

A* 1
— () < liminf —logPqi(error) < —X*(¢)

l—a & "7 n

e If = O: cooperation does not help
e w/0 cooperation within O(«) from optimal
e For fixed «, cooperation helps

e Example:
All “sleep” with probability «/2; declare H1
Saves fraction «/2 of resources
As if larger ¢ when “awake”



Discussion of Neyman-Pearson Case

sup Eq[§(S)I(S,v)]
Y

s.t. Eol€(S)p(S,7)] < c

1 .
(s,7) is small
p(s, )

e Censor at those s for which

e Randomization used to make the constraint tight



Bayesian Problem w/o Cooperation

n
Classical error exponent: >~ &®(m;)
i=1

d(r) = Sg?ci),nl] l0g E[Pi(Y)Pg—S(Y)}

minimize  ®d(w)
subjectto  p(xr) <c

e achieved with sensors divided into groups

— each group uses same deterministic policy

e Best possible w/o cooperation
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Cooperation Helps!

Use only n/4 sensors, on average

P(S;=0)=1/2: useless measurement X;
P(S;=1)=1/2: useful measurement X;

Cooperative strategy: Use n/4 “good” sensors:
Local strategy:

e n/2 sensors: sleep

e n/2 sensors: transmit if “good”

e N sensors transmitting, E[N] = n/4

® P(error) ~ E[e_NA] > G—E[N]A — e—n)\/4

exp{—n\/4}

11



Discussion

e Intractable problems w/o asymptotics

e Emphasis on error exponents yields:
— analytical solutions in simple settings
— computable solutions in various examples
— qualitative insights

e Curious dichotomy regarding “decentralization”:

— Neyman-Pearson: does not hurt
— Bayesian: it hurts

e Future: compare different architectures
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