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‘5 Reverse Reachable Set (RR)



4: forj=1to N; do

5: Generate a random RR set R.
k

6: a(R)=1—(1—$)

7: ave = ave + a(R).

8 if ave/ N; >% then

9: return OPT = n.ave/2 - N;

10: return OPT =1.
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Algorithm 1 NodeSelection (G,S 4,k,0)

1: Initialize a set R=0.

2: Generate 8 random RR sets and insert them into R.

3: Initialize a node set Sk = @.

4: while S, < K.

5: Letarg max,(o(u) = fr{u}|Sy)for allu € V\S,).
6: Identify the node u that covers the most RR sets in R.
7: Add uinto Sk.

8: Remove from R all sets that are coverd by u.

9: return Sk.
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Algorithm 2 OPTEstimation (G, k)

l:fori =1to log,n—1do
2:  LetN; = (6llogn + 6log (log, n — 1)).2%.
3: Letave=0.
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