








Information Acquisition as a Search Metric

Exploration = sensor 

enabled robot traverses 

workspace recording 

sensor readings.

Exploitation=sensor 

enabled robot traces a 

curve of constant 

sensor reading.



Information Acquisition as a Search Metric

Level sets of constant sensor 

readings will be deemed to 

be interesting or not 

according to the metric



Information Acquisition as a Search Metric



Given two search sequences

we say that  dominates  if 



Optimal Random Reconnaissance 
Binary searches are optimal in many settings.  Information 

grows like log2n

Suitably randomized search strategies are nearly 

optimal in terms of the information metric. 





The Complexity of Monotone Structures 



Reconnaissance Heuristics 

Suitably randomized search strategies are nearly optimal in terms 

of the information metric, but these can benefit from heuristics. 

Gradient climbing

Gradient descending



Ascend & sample strategies lead to sequences of domain 

partitions, which we view as discrete probability distributions 

{Pk}.  As k becomes large, this defines a Cauchy sequence in 

terms of the Kullback-Leibler “distance:”

As D(Pk||Pk+1) becomes small, the 

newly acquired information becomes 

increasingly boring.



Index zero critical point

Index one critical point

Index two critical point



The Reconnaissance Game 

hip://www.youtube.com/watch?v=OwRMvpzioz4 



The Reconnaissance Game 

hip://www.youtube.com/watch?v=OwRMvpzioz4 



Definition: A random algebraic polynomial is

a function

pn(x, ω) =

n∑
k=0

ak(ω)xk,

where the coefficients ak(ω) are random variables.

A.T. Bharucha-Reid and M. Sambandham, Random Polynomials, 

Academic Press, 1986.



P0(Δ) = 1
2 − 1

12Δ2

P1(Δ) = 1
2 − 1

4Δ2

P2(Δ) = 1
3Δ2 .

Proposition: Suppose b and c are independent random
variables that are uniformly distributed on [−Δ, Δ] for
Δ ≥ 0). Let Pj(Δ) be the probability of finding j real
roots of the corresponding random polynomial s2 +bs+c

in [−1, 1]. If Δ ≥ 2, the probabilities are explicitly given
by



Theorem: (Kac, 1943) If the coefficients ak( ) 

are Gaussian random variables with zero mean 

and unit variance, the expected number of real 

roots in the interval [a,b] is∫ b

a

ρ(t) dt

where

ρ(t) =
1
π

√
1

(t2 − 1)2
− (n + 1)2t2n

(t2n+2 − 1)2



ρ(t) =
1
π

√
1

(t2 − 1)2
− (n + 1)2t2n

(t2n+2 − 1)2





Pk( ):

P0(3) ~ 0.446…, P1(3) ~ 0.4453…, P2(3) ~ 0.1068…, P3(3) ~ 0.0019…

p(s) = s3 + a2(ω)s2 + a1(ω)s + a0(ω)



Pk( ):

P0(3) ~ 0.3385…, P1(3) ~ 0.4458…, P2(3) ~ 0.1900…, 

P3(3) ~ 0.0243…, P4(3) ~ 0.0014…, P5(3) ~ 0, P6(3) ~ 0, P7(3) ~ 0.

Sample size = 10,000

p(s) = s7 + a6s
6 + a5s

5 + a4s
4 + a3s

3 + a2s
2 + a1s + a0



Sample size = 10,000

• Roots are more likely to occur near the end points.

• Cf. Kac density.















Throughout 18 trials, the click sequences tended to be 

sequential, from left to right – occasionally going back to 

fill in what was perceived to be a void.



Subject DH tended to greatly over-sample, but there was 

rapid learning that something approximating binary 

subdivision was a good strategy.



Subject XN used a strategy approximating binary subdivision. 

There was little or no over-sampling.  The subject said that 

intuition about numbers of roots lead to short sampling 

sequences.
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