Disarnpiguation Protocols Based
o Risk Sirmulation, and Beyond



|. Setting and Background:
models and challenges.

Il. Simulated Risk Protocols:
new strategies, results, geometric structure

l1l. Future Directions
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Given starts and destinatisnn c
About each detection e

there is a risk region :

an open disk of fixed radius

We seek a continuous curve

from s tot in

of shortest achievable arclength ‘

...and we assume the ability to @
disambiguate detections from the

boundary of their risk regions.

the rest of the transversal...
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From one disambiguation point to another,
use avisibility graphto optimally navigate
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A disambiguation protocab a function

With a disambiguation protocol is associated a

random disambiguation patlwvhich is ars-ttraversal realized
by successively disambiguating where the protombates;

It is random because the results of the disambignatare random.



(COBRA data)

Protocol gives rise to the RDP

Length=707.97, prob=.89670 Length=1116.19, prob=3003



(COBRA data)

Protocol gives rise to the RDP

(superimposed composite)



RDP Problem: Given
find protocol  of minimum



Intractability proofs and discussion for problenmi&ats:

Stochastic Obstacle Scene Problem “SOSP”
Papadimitriou and Yannakakis (1989)

Canadian Travelers Problem “CTP”
Papadimitriou and Yannakakis (1989)
Bar-Noy and Schieber (1991)

Stochastic Shortest Paths with Recourse “SPR”
Andreatta and Romeo (1988)
Polychronopoulos and Tsitsiklis (1996)
Provan (2003)
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Q: What makes our problem “hard”?

*Non-discrete setting.

*Highly complex objective function, with both
continuous and discrete decision variables.
Discretizations (by way of approximation)
make the size of the problem grow rapidly,
according to the resolution of discretization.
*Even the discrete setting (e.g. on a graph) Is
“*hard”!! (We next provide a sense for why...)
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RDP can be modeled as a Markov Decision ProcessP'MD

“states” “actions” “reward function” “transition diskrutions”
e o o
e o o
At every stage you You choose The state you then transition to in the next

are in a particular state...an action stage has a probability distribution
dictated by previous state and chosen action

You also earn a reward
dictated by previous state and chosen action



RDP can be modeled as a Markov Decision Process “NH.

“states” “actions” “reward function” “transition diskutions”

Goal is to find golicy (rule for selecting actions given current state)
S0 as to maximize the expected value of sum of nesvaeceived
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RDP can be modeled as a Markov Decision Process “NH.

For RDP

Just “geographic locationT90O. @ Q
Must include true/false/ambiguous ”

status of all disks!
True? False? Ambiguous?
|.e. each location must be
a pair: a geographic point with
all-disk-status vector, of which there
exponentially many !!
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Risk Simulation Protocol:
For purpose of deciding next disambiguation paoir,briefly pretend
that ambiguous disks are riskily traversable...

& o
W@%

Is the usual Euclidean arclength of

IS thesurprise lengtlof ~ , which is the
negative logarithm of the probability that
IS traversable in actuality.
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Givenundesirability function
(henceforth, monotonically non-decreasing in iguanents)

and, say,

Def: The simulated risk protocol IS defined atading
that the next disambiguation be at the first ambigupoint of

traversal

(When realizing , after the new disamhigon you should
update and ,decrement , and setdiesnto be
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TheTangent Arc GrapliTAG) is the superimposition/subdivision
of all visibility graphs generated by all subséditslisks.

Foranyundesirability function

IS an path in TAG !

Even though it is the superimposition
of different visibility graphs, the numbasr
vertices and edges in TAG are just :
¢t and the number of operations to create TAG
IS just )

If islinear, then can thus be found
In operations (Dijkstraheap)!!!

Thus, if  is linear, then the RDP associated
with this simulated risk protocol can be realized
In just operations!!!!
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Conjecture: For any (and assuminigl mnd
generic conditions), there exists an undesiralilifyction
such that IS the overall optimal RDP.

Because of the efficiency in their realization, ave thus motivated to
study simulated risk protocols generated by lingatesirability functions
for a chosen parameter

As a further shorthand, denote such a protocol by



How (during the simulation of risk phasaj be effected by












may be seen as a measure of risk tolerance, ifeve willing to take risk!
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(COBRA data)

If nodisambiguation capability existed, then this wabddthe best traversal...
Compare 977.54 to 717.%i2 disambig available, cost of disambig negligible).



It would be nice to compare performance of simualate
risk disambiguation protocols and associated random
disambiguation paths to overall optimal protocoR&P

But, in continuous setting, overall optimal protb&RDP
not currently (practically) computable for nontal/data!

In discrete setting we can compute overall optimal
protocol & RDP for “small” problem sizes...

So,we next discretize the settirand then compare
SR protocol & RDP against overall optimal proto&dIRDP,
for small problem sizes.
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(COBRA data, discretized setting)

Overall optimal is ???

PROBLEM TOO BIG
STILL!

Simulated Risk Protocol & RDP are computed effeslg...



™

Runtime to find
overall optimal.
(SR-RDP runtime
negligible.)



Some Further Directions:

Memoryless Protocol in continuous setting, and aatapts.
How to find optimal  for linear undesirabilifynctions?
( should be a function of )

Explore nonlinear undesirability functions.
Allow for limited neutralization capability.
Possible objectives other than minimum Euclideagte.



tlons?



Tnangs!



