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ABSTRACT

Influence maximization problem is to select seed
node set, which maximizes information spread in
social networks. Greedy algorithm shows an optimum
solution, but has a high computational cost. A few
heuristic algorithms were proposed to reduce the
complexity, but their performance in influence
maximization is limited. In this paper, we propose
general degree discount algorithm, and show that it
has better performance while keeping complexity

low.
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Algorithm 1
INPUT: A directed or undirected graph G = (V, E) with
propagation probabilities {p(u,v)}, and a seed set size k
OUTPUT: The most influential set S with k nodes

1. initialize S = ()

2: for each node v do

3. compute its out-degree d,

4 if G is directed graph

5: compute its general degree discount gdd,, by Eq. (2)
6: else

7. compute its general degree discount gdd,, by Eq. (4)
8: end for

9: for i =1to k& do
10:  select u = arg max {gdd,|v € V\S}

1. S=5u{u}

12:  for each out-neighbor v of u and v € V\S do
13 if G is directed graph

14: calculate new value of gdd, by Eq. (1)
15: else

16: calculate new value of gdd, by Eq. (3)
17 end for

18: end for

19: output .S
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Fig. 1. Influence Spread for PHY mode
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