











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

i be interesting or not
according to the metric
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= D AWV logg A(VS).
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Information Acquisition as a Search Metric
Hy = — ) A(V})logy A(V}")

7=0

It Hpy1 — Hi > 1, continue exploiting.



Searching Potential Fields Defined on
2-dimensional Domains

H(Vg) = — Z A(Va) logy A(Va)
Va €EVi
Given two search sequences

V:Vv,C---CV,

ViViC---CV,

we say that V dominates Vif

H(T}k) < H(Vg) forall <k <n.



Optimal Random Reconnaissance

Binary searches are optimal in many settings. Information
grows like log,n

10 20 30 40 S(P

Suitably randomized search strategies are nearly
optimal in terms of the information metric.



The Complexity of Monotone Structures
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Fig. 5 In the case of the three potential functions considered in Examples 2,3 and 4 respectively,
the monotone search sequence associated with a uniform partition of the range defines a partition
of the domain that is made up of concentric annular regions. The area of each region depends on its
position in the sequential order in which the outermost is first and the innermost (disk) is last. This
dependence in each of the three cases is displayed above. The dependence is linear decreasing for
the cone, linear increasing for the hemisphere, and nonlinear decreasing for the Gaussian.



The Complexity of Monotone Structures
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Fig. 7 The figures display the monotonic increase in partition entropy and partitions go through
n successive refinements corresponding to the simple search chain and uniform twenty interval
partition of the range of the monotone fields associated with the functions in the table and depicted
in Fig. 6.



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




When is it time to switch from
exploitation to exploration

Ascend & sample strategies lead to sequences of domain
partitions, which we view as discrete probability distributions
{P,}. As k becomes large, this defines a Cauchy sequence in
terms of the Kullback-Leibler “distance:”

D(pllq) = ij log —

As D(P,IP,,,) becomes small, the
newly acquired information becomes
increasingly boring.




Critical Level Sets Are Essential Objects
in Potential Field Reconnaissance

@ [Index zero critical point

@ [ndex one critical point

. Index two critical point




The Reconnaissance Game

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



The Reconnaissance Game

Yo u Tu ha reconnaissanceGame Search

Home Videos Channels Shows

reconnaissanceGame (A

b =@ 0:09/2:33 «fi| () =B
% % % % % 1 ratings 14 views



Introduction to random polynomials

Definition: A random algebraic polynomial is
a function

n

pr(T,w) = Z ar(w)z",

k:

0
where the coefficients aj(w) are random variables.

A.T. Bharucha-Reid and M. Sambandham, Random Polynomials,
Academic Press, 1986.



Random quadratic polynomials

Proposition: Suppose b and c are independent random
variables that are uniformly distributed on [—A, A] for
A > 0). Let P;(A) be the probability of finding j real
roots of the corresponding random polynomial s*+bs+c
n |—1,1]. If A > 2, the probabilities are explicitly given

CTA
PO(A) — % 121A2

P(A) = -1 A\/”
1 2 4/A\? 1 A
Py(A) = 5. |




Expected number of roots in [-1,1]

Theorem: (Kac, 1943) If the coetficients a,(w)
are Gaussian random variables with zero mean
and unit variance, the expected number of real
roots 1n the interval [a,b] 1s




Expected number of roots in [-1,1]
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Expected number of roots in [-1,1]
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Expected Number of Roots in [-1,1]
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Polynomial Degree



Monte Carlo likelihood of numbers of roots

4000

o =
=
- k 3 2
2
p(s) = 5% 4+ az(w)s® + a1 (w)s + ag(w)

P,(A):
Py(3) ~0.446...,P,(3) ~0.4453..., P,(3) ~ 0.1068..., P;(3) ~ 0.0019...



Degree 7 probability of real roots in [-1,1]

Sample size = 10,000
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0 | 2 ‘E] 4
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p(s) =s' +ags” + ass’ + ags” + azs” + ass” + a8 + ag

Pk(A)-'
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.



Degree 21 distribution of real roots in [-1,1]

o Sample size = 10,000 |

300 H| (1]
200 |

100 |

* Roots are more likely to occur near the end points.
e Cf. Kac density.



Game screen

What's your name? I've had enough!

The game on the current page has been verified to work on IE 6/Windows XP, IE 7/Windows Vista, Firefox 3/Mac OS X, Firefox
2/Kubuntu 8, and Safari 4 Public Beta/Mac OS X. On Safari 4 Public Beta/Mac OS X, sporadically, the scaling on the game goes out of
the bounds shown by the red box. In this case, simply reload the current page and start the game to solve the problem.




Game play

Ive had enough

2 Welcome JohnBTest!
Clicked: (0.0,0.727)

y = f(x) = +0.727 -2.206 x +1.298
X +2.343 x -0.104 x" +1.982 x°
-1.038 x"+2.628 x +0.552 x -2.788
x -1.717 x"+1.089 x " -0.707 x" +1.
608 x" +0.87 x"+1.0 x"




Game play

've had enough

H-y Welcome JohnBTest!
Clicked: (0.755.1.267)

y = f(x) = +0.727 -2.206 x +1.298
X +2.343 x -0.104 x"+1.982 x’
-1.038 x"+2.628 x +0.552 x -2.788
x -1.717 x"+1.089 x -0.707 x " +1.
608 x" +0.87 x"+1.0 x"




The estimate

've had enough

Welcome JohnBTest!
Clicked: (0.755,1.267)

Enter number below: 'Y

What is your guess at number of roots?

1]

! Cancel |




Feedback to the player

Ive had enough

Welcome JohnBTest!

-y

Clicked: (0.755,1.267)

Result

Correct guess! Roots:-0.845
Starting new game... 5 {rl "?‘98
52 X
2 x -2.788
707 x " +1.




What people actually do...

Welcome JohnBTest!
Clicked: (0.877.-0.107)

y = f(x) = +0.64 -0.213 x-2.503 x'
+0.167 x +1.821 x' -0.54 x +1.0 x°




Subject EB

One root in [-1,1]

Two roots in [-1,1]

8 9 R ;
05 10 -

(a) (b)

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

A p,(x)

10 20

1.0

| 3 | | N_._&i—o—o—o—a——ﬂ-‘)\.\sm"

One root in [-1,1]

& One root in [-1,1] | * 2
(a) (b)

Subject DH tended to greatly over-sample, but there was
rapid learning that something approximating binary
subdivision was a good strategy.



Subject XN

A A
s/ Onerootin [-1,1] One root in [-1,1] 3 /

1.0

(a) (b)

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

SCJUCNCCES.



The Two-Person Version with Reward Feedback

en00

# games played: 1
Total earnings: $0.0
This game: $0.8

y = f(x) =-2.37 -1.62 x -2.54 x?
+1.44 x3 +1.7 x*+0.71 x*-1.9 x®
+0.27 x7-2.22 x¢-0.93 x*-2.23
x!.-1.97 xt*-2.62 x2 +0.63 x*
+1.89 x** +2 .81 x** +2.08 x'* +1.
17 x17-2.55 x'#-1.96 x'*+1.0 x*

Other player

Player List

~ # games played: 1
Total earnings: $0.0

This game: $0.9




The Two-Person Version with Game-play Feedback

Your Guess? I've had enough!

# games played: 1
Total earnings: $0.0
This game: $0.7

y =f(x) =+2.95 +1.52 x -1.08 x?
+2.94 x3-1.62 x*-0.28 x5 -1.63 x!
+0.72 x7-1.91 x*+0.13 x*+1.22
x?-0.73 x"*4+2.41 x242.13 x¥
+0.16 x**-2.32 x**-1.6 x**-1.04
x74+0.78 x* +0.73 x**-1.4 x** +1.
() x2!

Player List




How play style changes with feedback

Test 1: PLAYER A PLAYER B

St Single Multi  Single Mult

E 0.58 0.80 0.72 0.08
0.23 0.04 0.28 0.28

S 0.19 0.16 0.00 0.64



How play style changes with feedback

Test 2:

St
E

PLAYER A PLAYER B
Single Multi  Single Mult
0.92 1.00 0.00 0.00
0.04 000 016 0.24
0.04 0.00 0.84 0.76



How play style changes with feedback

Test 3:

St
E

PLAYER A PLAYER B
Single Multi  Single Mult
032 0.48 0.88 1.00
0.60 0.28 0.12 0.00
0.08 0.24 0.00 0.00



How play style changes with feedback

Test 4:

St
E

PLAYER A PLAYER B
Single Multi  Single Mult
0.16 0.08 0.00 0.00
0.80 0.84 0.21 0.20
0.04 0.08 0.79 0.80



Future Work

Associate game
performance with

measures of cognitive
function

Pupil diameter
Entropy

Pupil diameter
Entropy

/

/




Future Research

* |n what way is boredom a factor?

— |Is boredom associated with diminished acquisition of
information?

— |s boredom associated with predictable performance
in competitive game play?

— Pupilometry
e Are social factors detectable? (Competitive root-
finding — with machines and with other players)

— Share information regarding choices
— Share information regarding rewards



Conclusions

 There isn’t continuous variability in the ways people play
the root-finding game.

e Based on records of click sequences, there appear to be
three types of polynomial game players:

— Scanners — people who just evaluate the polynomials from left
to right, collecting excessive amounts of data,

— Early explorers — people who strategically evaluate the
polynomials in an effort to find zero-crossings,

— Late explorers — people who scan at first, and then start to
strategically sample.

e Differences in cognitive styles in search and reconnaissance
are apparent. Differences in what people regard as enough
detail (enough information) should be the goal of further
study.



Decision Dynamics in the Cooperative Control of Human/Robot
Teams — Project Goals

Overarching Goal: Design principles of organizational architecture and control algorithms to manage the
interplay of dynamical systems and decision theories with the aim of developing innovative synergistic
strategies for the design of control systems that enable radically enhanced capabilities for future Air

Force appliW

Decision ommunication

modeling

* Develop models of de-cisig
making tailored to human+in-
the-loop control of mixed
human/robot teams
e Evaluate alternative human
roles in interactions with|control
algorithms in mixed human/

* Develop models of
communication-through
shared-objective
cooperative control

e Develop methods of
explicit and implicit motion-
based com-munication {gr

obot teams teams of robots and imans
* Develop models of relevant * Develop motiop<€nabled
psychologicaldynamics thz » Optimized protocols communication protocols

partitioning---who decides, that are context-aware

robots or humans?

be integrated with the large
body of research supported by
the Dynamics and Control
Program of AFOSR





