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Experiment for the total size constraint
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A function f is k-submodular if and only if f satisfies @ & @

Equivalent to the diminishing return property

fS+e)=f(S)=f(T+e)—f(T)
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Influence spread o(s)
Expected # vertices who eventually get active
In one of the k diffusion processes

Goal: max g(s) s.t. supp(S) < B

Total size constraint

Given: a monotone k-submodular function f & an integer B <n
Goal: max f(x) s.t. |[supp(x)| < B
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More complex situations
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H(S) = — Xscdom s Prls] log Pr[s]
H(Q|S)=HQ) — H(S) measures uncertainty of () after observing §
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Experimental evaluations

Influence maximization with k topics
Sensor placement with k kinds of measures

Individual size constraint

Given: a monotone k-submodular function f & k integers By, ..., B
Goal: max f(x) s.t. |supp;(x)| < B; (1 <i<k)
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Environment: Intel Xeon E5-2690 2.90GHz CPU with 256GB memory
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