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Algorithm 1 GeneralGreedy(G, k)
Input : graph G = (V, E), k for the number of seeds to be selected
Qutput : the set .S that maximizes the influence spread
1. S=10
2: fori=1tokdo
3:  for each vertex v € V'\ S do
4 Sy, =0
5 fori=1to Rdo
6: sy +=|f(SU{v})|
7
8
9

end for
Sp=8,/R
end for
10:  S=SU{argmax,ci\s{sv}}
11: end for
12: return S
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Algorithm 2 DegreeDiscount Heuristic(G, k)
Input : graph G = (V, E), k for the number of seeds to be selected
Output : the set S that maximizes the influence spread
:S=0
: for each vertex v do
compute its degree d,
dd, = d,
end for
for:=1to k do
select u = arg max,{dd,|v € V\S}
S =SU{u}
for each neighbor v of w and v € V\'S do
dd, =dd, — 1
end for
: end for
: return S
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Algorithm 3 PageRank Heuristic(G,p.,k)
Input : Transition Matrix M, initial distribution
k for the number of seeds to be selected
Output : the set .S that maximizes the influence spread

S, restart probability p,

1 S=0

2: 7 = ?

3: repeat

40 T=Q0-p) -7 -M+p-§

5. until 77 converges

6: fori =1tok do

7. select u = arg max, {7 ,|v € V\S}
8: S=5U {u}

9: end for
10: return S
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Algorithm 4 Markov Clustering(G,r)

Input : normalized graph G = (V, E), inflation parameter r

1: M = M(G)

2: repeat

3 M= M?

4 fori € V do

5 for j € V do

6: MIi][5] = M[d][5]"
7: end for

8 for do

9: if M[i][j] < 6 then
10: MTil[j] =0
11: end if
12: end for
13: for j € V do -
14: M[i][j] = Zki\f/[lj]\[j[]i][k]
15: end for

16:  end for

17: until M converges

18: H = graphinducedbynon — zeroentriesof M

19: C = clusteringinducedbyconnectedcomponentsof H
20: return C
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Algorithm 5 AttractorDetection(G, r)
Input : normalized graph G = (V, E), inflation parameter r

1: M = M(G)

2: GrowingPhase = true
3: repeat

4 prevNNZ =nnz(M)
55 M= M?>

6: forv eV do

7 for j € V do

8 Mi][j] = MIi][j]"
9: end for

10 for do

11 if M[i][j] < 6 then
12: MIi][j] =0

13: end if

14 end for

15: for j € V do .
o=
17: end for

18:  end for
19:  if nnz(M) | prevNNZ then

20: GrowingPhase = false
21: AC <+ diag(M)

22:  end if

23: until GrowingPhase == true
24: AC =10

25: for : = 0toM .length do
26:  if M[i][i] ; ACIi] then

27 AC U1
28:  end if
29: end for

30: return AC
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Algorithm 6 MCL Heuristic(G, k,1)
Input : graph G = (V, E), k for the number of seeds to be selected,
inflation rate r
Output : the set S that maximizes the influence spread
1. S=0
2: AC = Attractor Detection(G, 1)
3: for i = 1tok do
4:  select u = arg max,{clusterSize(v)|v € AC\S}
5
6
7

S=SUu
: end for
: return S
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Algorithm 7 MCL. Greedy Heuristic(G,k,r)
Input : graph G = (V, E), k for the number of seeds to be selected,
inflation rate r
Output : the set .S that maximizes the influence spread
1. S=0
2: AC = AttractorDetection(G,r)
3: fori=1to kdo

4:  for each vertex v € AC\ S do
5: Sp =0

6: fori=1to Rdo

7: sy +=|f(SU{v})]

8: end for

9: Sy =8y / R

10:  end for

1: S =8U{argmax,ecac\s{s0}}
12: end for

13: return S
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Algorithm 8 MCI, Degree Discount Heuristic(G, k,r)
Input : graph G = (V, E), k for the number of seeds to be selected,
inflation rate r
Qutput : the set .S that maximizes the influence spread
. S =10
. AC = Attractor Detection(G, )
: fort=1to k do
select u = arg max,{dd,|v € AC\S}
S =SU{u}
for each neighbor v of w and v € AC\ S do
dd, = dd, — 1
end for
end for
return S
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Abstract

Influence Maximization Algorithm
Using Markov Clustering

Chungrim Kim
School of Computer Science & Engineering

The Graduate School

Seoul National University

Social Network Services are known as a effective marketing platform in that
the customers trust the advertisement provided by their friends and neigh-
bors. Viral Marketing is a marketing technique that uses the pre-constructed
social networks to perform maketing with small cost while maximizing the
spread. Therefore, which seed user to select is the primary concern in viral
marketing. Influence maximization problem is a well known problem to find
the top-k seed users who can maximize the spread of information in a social
network.

Since obtaining the global optimal solution for the influence maximiza-
tion problem is proven to be NP-Hard, many greedy as well as heuristic
approach has been researched. However, greedy approaches take to much
time to obtain the seed node, whereas the heuristic approaches show poor

performance.

47



To remedy such problems, we exploit the community structures in the
social network to enhance the performance of the heuristic approaches. We
perform markov clustering to find the natural communities in the social net-
work and consider the most influential user in the community as the candi-
date for the top-k seeds.

Also, we propose a novel attractor identification algorithm that finds
the influential nodes in the community with reduced runtime, and 3 new
hybrid approaches for influence maximization problem. Experiments show
that the proposed algorithms are more scalable than the greedy approaches,
whereas the influence spread obtained by those outperforms the heuristic

approaches.

Keywords : Influence Maximization, Graph Clustering, Markov Clustering

Student Number : 2010-23255
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