Adaptive Submodularity:
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and Stochastic Optimization
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(FYI, a powerpoint version of these slides is available on Daniel Go | o websiie.%
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Submodularity

Discrete diminishing returns property for set functions.

“Playing an action at an earlier stage
only increases its marginal benefit"

marginal benefit is
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Submodularity implies y > =.
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The Greedy Algorithm

[ Problem: Find S* = argmax{f(S) : |[S| < k} ]

4 Initialize Sg = () A
For:=1,2,...,k
e; = arg max, f(S;_1 U {e})
S; =85;_1 U {61}

\_ Select e; )
~N

(Theorem [INemhauseretal 6 7 8 ]
Given a monotone submodular function f, f(()) =0,

the greedy algorithm selects a set Sgreedy such that

. F(Siseeay) > (1= 1/e) max (S) )




Stochastic Max K-Cover

Bayesian: Known failure distribution.
Adaptive: Deploy a sensor and see what you get. Repeat K times.
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Asadpour & Saberl ( 08) (1-1/e)-approx if sensors | \_ T
(independently) either work perfectly or fail completely.
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