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ABSTRACT
Based on the propagation of information in social networks,
social network services have been considered as an effective
viral marketing platform. To maximize the benefit of vi-
ral marketing in a social network, influence maximization is
introduced, and many researches have been proposed to ap-
proximate it efficiently in large networks. In this paper, we
approximate the influence maximization problem with the
following two steps: extracting candidates and finding ap-
proximated optimal seeds. For the first step, we investigate
how to remove unnecessary nodes for influence maximization
based on optimal seed’s local influence heuristics. For the
second step, we devise a new simulated annealing method
with a fast fitness function. In our experiments, we evaluate
our proposed method with real-life datasets, and compare it
with recent existing methods.
From our experimental results, the proposed method is at

least an order of magnitude faster than the existing methods
while achieving high accuracy. In addition, we demonstrate
that our candidate extraction method is very effective to
exclude uninfluential nodes, so it can be used to make any
algorithm for influence maximization much faster.

1. INTRODUCTION
Recently the various features of social networks have re-

ceived great attention from many researchers along with the
high popularity of online social network services such as
Facebook and Twitter. One of the features is the propa-
gation of information through social links between users on
a social network. Since the propagation can happen in on-
line social network services, such social network services are
naturally considered as a new viral marketing platform [3].
Thus it is natural to study how to maximize the effect of
viral marketing on social networks. For example, a mar-
keter wants to advertise a new item by viral marketing to
a social network. In viral marketing, a user recommends an

item that the user likes to the user’s friends with ”word-
of-mouth” communication. To perform the viral marketing,
the marketer selects seed users who recommend the item to
their friends firstly. Some of the friends like the item too
and recommend the item again to their friends. In this way,
the item can be propagated from the seed users to any node
on the network. To maximize the effect of such viral mar-
keting, the marketer should selects seed users who are likely
to maximize the propagation with the limit to the number
of the seed users. The limit to the size of such seed users
comes from the budget for marketing, and this problem is
called as influence maximization.

The influence maximization is, formulated first in [8], for a
parameter k, to find a k-user set which maximizes influence
spread in social networks. In this paper, social networks are
represented by a graph where a node represents an individ-
ual and an edge represents a relationship between two indi-
viduals such as friendship. From the marketer’s example, we
consider that user u influences user v when u recommends
an item to v and v recommends the item to the friends of v
again. Such influence can be propagated with the indepen-
dent cascade(IC) model which is one of probabilistic diffu-
sion models. In the IC model, user u has one-time chance to
independently influence each uninfluenced neighbor v with
a probability at time t+1 if u is influenced at time t. Thus
if u fails to influence v at t + 1, there is no further chance
to influence v by u anymore. However, when user w is influ-
enced at t+ 1 and there is an edge from w to v, w also has
one-time chance to independently influence v at time t+ 2.
Under the IC model, the influence spread is represented as
the expected number of influenced users on social networks,
and it is usually evaluated by Monte-Carlo simulations, be-
cause it is very expensive to compute the expected number
of influenced users exactly.

The influence maximization problem under the IC model
is proved as a NP-hard problem by the reduction from the
set cover problem in [8]. Since the influence maximization
problem is NP-hard, Kempe et al. show a hill-climbing
greedy approximation method based on the submodular-
ity of the objective function in the problem. This greedy
method provides a (1− 1/e)-approximation ratio where e is
the base of natural logarithm. However, even if the greedy
method has the good approximation ratio, it isn’t scalable
for large networks, because the method is quadratic in the
size of individuals of a network. Thus many researches pro-
pose approximation algorithms from the greedy algorithm
[14, 2, 16, 6], but they are still inadequate for approximat-
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ing the problem on large networks. In addition, greedy al-
gorithms have a fundamental drawback of the possibility of
being confined in local maxima. To avoid the confinement of
hill-climbing, Jiang et al. [7] present simulated annealing-
based approximation methods. Those methods have also
better scalability than the greedy method, but there can
be significant performance drop in the simulated annealing-
based methods due to the inefficient calculation of its fitness
function and the large number of iterations in its annealing
process.
Many researches which have been proposed to approxi-

mate influence maximization, but there are two big obstacles
which are not efficiently handled by the existing researches.
The first obstacle is the large size of the users in a network.
The number of users is usually very large in current online
social networks, but most existing approaches are strongly
affected by the number of users in terms of running time.
For example, the greedy algorithm is even quadratic in terms
of the number of users. In fact, even though there are lots
of users in online social networks, the number of users who
are likely not to be influential is still considerable. Thus
if we cut off such uninfluential users before running an ap-
proximation algorithm, the algorithm will be finished more
quickly with remaining users. Similarly, some researches fo-
cus on reducing the number of edges. Chen et al. propose
a new greedy algorithm which removes edges according to
the weight of each edge and computes reachable nodes from
an intermediate seed set per an iteration [2]. Cutting off
unnecessary nodes and edges must be helpful to reduce the
running time, but it is still possible to remove meaningful
nodes and edges. Thus, to handle the first obstacle effec-
tively, we need to determine whether a node is unnecessary
for influence maximization or not.
The second obstacle is the expensive cost of calculating

the influence spread of a seed set. Since it is #P-hard to
exactly calculate the influence spread under the IC model
[1], instead the influence spread is usually approximated by
Monte-Carlo simulations. However, the Monte-Carlo simu-
lations are still very expensive, because we need to traverse
a network per each simulation and the number of simula-
tion is usually large. Approximating the influence spread is
not only used to evaluate the quality of an algorithm, but
also even used to evaluate an intermediate solution inside
an algorithm. Since the usual number of Monte-Carlo sim-
ulations is 10K and there is a considerable traversing cost
per a simulation, it is inadequate to use the Monte-Carlo
simulations inside an algorithm. The greedy algorithm [8]
uses the Monte-Carlo simulations to evaluate the influence
spread of an intermediate seed set, so it is too slow to apply
a large network despite of its high accuracy. To relax the
expensive cost of the simulations, some researches focus on
an approximation for calculating influence spread of a seed
set [1, 7]. Qingye et al. propose a local approximation for
computing the influence spread of a seed set with looking
only neighbors of the seed set and demonstrates their local
approximation is effective to evaluate the influence spread.
In this paper, we propose a fast simulated annealing based

approximation method with candidate extraction. Our pro-
posed method consists of the two main steps: candidate
extraction and optimal seed set selection. In the candidate
extraction, our proposed method removes unnecessary nodes
in a network based on the Optimal Seed’s Local Influence
(OSLI) model. The OSLI model is motivated by the follow-

ing natural idea, if a user can influence many other users in
a network, the user is likely to influence its neighbors highly.
In other words, if a user isn’t likely to influence its neighbor
highly based on the OSLI model, we can conclude that the
user is unnecessary and should be filtered out because the
user doesn’t apparently influence many other users. In addi-
tion, under the OSLI model, our proposed method evaluates
the influence spread of a seed set with only local observa-
tions. The OSLI model needs only a linear space based on a
tree representation and a linear running time with respect to
the number users in a network. Based on the OSLI model,
our proposed method relaxes the first obstacle to approxi-
mating the influence maximization. After the candidate ex-
traction, our proposed method constructs a candidate graph
which consists of the remaining nodes and edges. Then, our
proposed method approximates an optimal seed set for in-
fluence maximization from the candidate graph. To get such
seed set, we use a simulated annealing-based method with
an efficient fitness function based on the local influences of
nodes.

In this work, we make the following contributions:

• To the best of our knowledge, for the influence maxi-
mization, our candidate extraction is the first approach
which focuses on filtering unnecessary nodes. We ex-
perimentally show that our candidate extraction effec-
tively filters out such unnecessary nodes, and it helps
to reduce the running time of our proposed method
seriously.

• We propose a New efficient Simulated Annealing-based
method (NSA) based on the OSLI model, which guar-
antees a better time complexity than SAEDV which
is one of simulated annealing-based methods in [7].
We demonstrate that the NSA is much faster than the
SAEDV with high accuracy on various datasets.

• By combining the candidate extraction and the NSA,
we construct a fast approximation to handle the two
big obstacles for approximating influence maximiza-
tion efficiently. We demonstrates that our proposed
method is the currently fastest method with generally
high accuracy to various real-life datasets. Comparing
to the SAEDV and PMIA which is proposed in [1],
our proposed method is up to two or three orders of
magnitude faster than PMIA and SAEDV.

The rest of this paper is organized as follows. In Sec-
tion 2, we review related works. We formulate the influence
maximization and IC model in Section 3. In Section 4, our
proposed method, which consists of the candidate extraction
and the new simulated annealing, is developed. We demon-
strate the effectiveness and the efficiency of our proposed
method through various experiments in Section 5. We make
conclusions and future works in Section 6.

2. RELATED WORKS
Maximizing the profit of viral marketing is studied as a

fundamental algorithmic problem by Domingos et al. [4]
with a probabilistic method based on modeling a social net-
work as a Markov Random Field. Based on the algorith-
mic problem in [4], Kempe et al. formulate the influence
maximization problem under basic diffusion models[8] and
show a hill-climbing greedy method. They show the high
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accuracy of the greedy algorithm, comparing with degree
centrality and distance centrality. However, their method is
not scalable for large social networks because of its quadratic
running time and the simulation cost.
To improve the scalability issue in the greedy algorithm,

many methods have been proposed from the greedy algo-
rithm. Leskovec et al. [14] improve the original greedy
method with Cost-Effective Lazy Forward (CELF) selection.
Leskovec et al. show that the CELF method is 700 times
faster than the greedy method. Goyal et al. present the
CELF++ method by improving the CELF greedy method
also with exploiting submodularity [6]. Chen et al. [2] pro-
pose a new greedy algorithm where the simulation cost is re-
duced with generating random graphs. Wang et al. [16] pro-
pose a CGA(Community-based Greedy Algorithm) based on
a heuristic that members in a community are more likely to
influence each other. Even though these algorithms improve
the greedy method very much, they are not scalable for large
social networks such as online social networks. Chen et al.
[2] present degree discount heuristics which improves a sim-
ple algorithm selecting k largest degree nodes as a result.
The degree discount heuristics-based algorithm is scalable
for large networks, but the accuracy of the algorithm is usu-
ally low. Chen et al. [1] also propose the maximum influence
arborescence(MIA) heuristic that seed nodes influences the
other nodes along with the maximum influence path from a
seed node to each node. Jiang et al. [7] present simulated
annealing-based methods which is used to escape the con-
finement problem of the greedy approach. In addition, they
propose a local fitness function to approximate the influ-
ence spread efficiently, but when the average number of the
neighbors of each possible seed set increases, their method
gets still slower. Moreover, Jiang et al. show the relation-
ship between the number of iterations to converge and k,
but they ignore that the number of iterations can get larger
when the number of nodes in a network is larger. The larger
number of nodes makes a solution space bigger, so we need
the larger number of iterations to converge. Since we will
use simulated annealing to find optimal seeds, our candi-
date extraction is a key to overcome the large number of
iterations.
Mathioudakis et al. propose a graph sparsification method

which makes an input network sparse with minimizing the
loss of quality [15]. Since most methods for influence max-
imization are affected by the average degree of a network
with respect to running time, sparsification can help to re-
duce the running time. Our proposed method is motivated
by this sparsification method, but we don’t compare our pro-
posed method with the sparsification method, because the
sparsification method is settled on another influence net-
work model based on a log of user’s historical action data.
Similarly, Goyal et al. propose the credit distribution model
which uses historical data to predict influence spread more
precisely [5]. They formulate influence maximization under
the credit distribution model, but it is beyond our focus.

3. PROBLEM DEFINITION

3.1 IC model and Influence Maximization
In this paper, we consider a social network as a directed

graph G = (V,E) where V is a set of nodes which represent
users and E is a set of directed edges which represent rela-
tionships between users. For every edge (u, v) ∈ E, (u, v)

has direct influence p(u, v) which is a probability that u in-
fluences v directly through the edge.

In this paper, influence is propagated from seed nodes ac-
cording to the IC model. To present influence spread under
the IC model, let S ⊆ V be a seed set such that, for every
s ∈ S, s is influenced initially at time 0. Let St ⊆ V be
a set of users who are influenced at time t by each node in
St−1. In the IC model, node u ∈ St has one-time chance to
independently influence each uninfluenced neighbor v ∈ V
with p(u, v) at time t+1. If v is influenced at time t+1, we
put v in St+1. From initial time 0 with S0 = S, this spread-
ing process runs iteratively until St′ = ∅ where t′ ≥ 0. The
influence spread from seed set S on G, which is denoted
as σG(S), is measured with the expected number of nodes
influenced by S.

The influence maximization problem under the IC model
asks, for parameter k, to find seed set S ⊆ V (|S| = k) which
maximizes σG(S). Kempe et al. show that the influence
maximization under the IC model is NP-hard [8].

In addition, it is very expensive to calculate exactly σG(S)
also. Chen et al. proves it is #P-hard under the IC model
[1]. Instead most approaches approximate σG(S) through
Monte-Carlo simulations. Thus we also simulate influence
spread R times and calculate σ∗

G(S), which is the average
number of influenced nodes in each simulation, as an ap-
proximation of σG(S).

3.2 Propagation Probability
For every edge (u, v) ∈ E, p(u, v) is a probability that

u influences v directly. p(u, v) doesn’t contain any indirect
influence through another path from u to v. Since a path
consists of multiple edges, the indirect influence on a path
can be considered as a series of direct influences of the edges
in the path. For every path in G, the indirect influence on
path P , denoted p(P ), is calculated as,

p(P ) =
∏

(u,v)∈P

p(u, v). (1)

By the definition of the indirect influence, the direct in-
fluence is a special case of the indirect influence where the
length is one.

We need the direct influences between nodes to find influ-
ential seeds and evaluate influence spread of them, but it is
beyond the influence maximization problem to determine di-
rect influences between nodes. That’s why most researches
related to influence maximization assume that the direct in-
fluences are given by several models. Therefore, we also
assume that such direct influences are given under several
propagation probabiblity models.

4. FILTERINGBASED APPROXIMATION

4.1 OSLI heuristics
Since evaluating the influence spread from a node to an

entire network is very hard[1], we focus on how to utilize the
local influence spread from a node to other nearby nodes.

Assumption for local influence spread. In this work,
we assume that the influence spread of a node is limited
within several hops θ when the direct influences are low (at
most 0.1) in a sparse graph. That is called Local Influence
Assumption. The Local Influence Assumption is reasonable,
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since the influence through a path from a node to another
node at 3 hops away is at most 0.001 and such small values
are ignorable if each direct influence is at most 0.1. Such
direct influence is usually very low in online social networks,
so the only problem against this assumption is the number
of pathes between two nodes. It means that this assumption
is reasonable when an input graph is sparse.

Computing local influence spread. For every node v ∈
V , a local region centered at v contains the nodes influenced
by v with high confidence. To represent such local region,
we define the following concepts.

Definition 4.1 (Local Influencing Tree). The local influ-
encing tree Tu = (Vu, Eu) is a rooted tree where node u is
the root of Tu. Vu consists of u and its children. Naturally,
Eu consists of edges from u to each child of u.

Definition 4.2 (Local Influenced Cover). The Local Influ-
enced Cover Cu is a set of nodes in Vu except u. By the
definition, node u can influence other nodes on the network
via the nodes in Cu. Based on the local influenced cover Cu,
we define the Extended local influenced cover C∗

u as,

C∗
u =

∪
c∈Cu

Cc − {u}. (2)

C∗
u specifies the region defined by the union of all the local

regions which are directly influenced by each node in Cu and
which are indirectly influenced by u. Based on C∗

u, we define
the extended local influenced region, V ∗

u = C∗
u

∪
Vu, which

represents the region influenced by u within two hops.

For every node u ∈ V , Cu is defined to specify the local
region influenced by u directly, while C∗

u is defined to specify
the local region influenced by u indirectly and each node in
Cu directly. Tu includes u as a root and the nodes in Cu as a
leaf, it represents the unit of a local region which influences
the nodes in G. Thus there are totally |V | local influencing
regions in G.

Definition 4.3 (Local Influence). The local influence δu of
node u ∈ V is the sum of the direct influences on Cu by u
in Tu. It is calculated as,

δu = 1 +
∑
c∈Cu

p(u, c), (3)

where p(u, c) is the probability that c is influenced by u.

If two pathes have same destination node and there is no
overlapped middle node except source and destination nodes
between the pathes, we define that they are independent.

Lemma 1. For every set Φ of pathes which have source u
and destination v, if they are independent each other, the
influence from u to v is,

1−
∏
P∈Φ

(1− p(P )). (4)

Proof. To get the probability that v is influenced when a
seed set is {u}, we compute the probability that each prede-
cessor of v is influenced and the probability that at least one
of the predecessors influences v. For every last edge (w, v) on
P ∈ Φ, the probability that w is influenced when a seed set
is {u} is p(P − {(w, v)}), since the pathes are independent.
Given the seed set {u}, the probability that u influences

v via w is p(P − {(w, v)})p(w, v) = p(P ). There are the
|Φ| predecessors of v, so the probability that u influences v
through at least one of the |Φ| predecessors is computed as
1−

∏
P∈Φ(1− p(P )).

For every pair (u, v) of nodes which are connected on G,
Φ(u, v) is a set of all the pathes from u to v. In addition,
Φ(u, v, d) is a set of all the pathes from u to v and the
length of each path in Φ(u, v, d) is d hops. Φ(u, v, 1) always
has only one element, which is the edge from u to v. Based
on Φ(u, v, d), Φ̂(u, v, d) is a set of all the pathes from u to v

within d hops. Thus, Φ̂(u, v, d) =
∪

1≤i≤d Φ(u, v, i).

Lemma 2. Under the Local Influence Assumption, for ev-
ery connected pair (u, v) where u, v ∈ V , the total influence
γ(u, v) from u to v is denoted as,

γ(u, v) = 1−
∏

P∈Φ̂(u,v,2)

(1− p(P )). (5)

Proof. By the Local Influence Assumption, we only consider
pathes in Φ̂(u, v, 2) from u to v. Obviously, the pathes are
independent each other, because there is only one middle
node in each path in Φ̂(u, v, 2) except u and v. By Lemma
1, the total influence from u to v under the Local Influence
Assumption is 1−

∏
P∈Φ̂(u,v,2)(1− p(P )).

Lemma 3. Under the Local Influence Assumption, the total
influence from u to nodes within two hops Γu is,

Γu =
∑

c∈Cu
∪

C∗
u

γ(u, v). (6)

Proof. By the definition, the nodes within two hops from u
are same with Cu

∪
C∗

u. In addition, the pathes from u to
the nodes within two hops are at most length 2. By Lemma
2, this lemma holds.

Theorem 1. Under the Local Influence Assumption, the
total influence from u to the nodes within two hops is ap-
proximated as,

Γu ≈
∑

c∈Cu
∪

C∗
u

∑
P∈Φ̂(u,c,2)

p(P ). (7)

Proof. Suppose θ be the average influence through pathes
from u to the nodes within two hops and d be |Φ̂(u, c, 2)|.
Then, for every connected pair (u, v) where u, v ∈ V , we can
approximate γ(u, v) as,

γ(u, v) ≈ 1−
∏

1≤i≤d

(1− θ) (8)

= 1− (1− θ)d (9)

≈ 1− (1− θ̂)d + d(1− θ̂)d−1(θ − θ̂) (10)

= dθ(∵ θ̂ = 0) (11)

=
∑

P∈Φ̂(u,v,2)

p(P ) (12)

Under the local influence assumption, direct influences be-
tween users are usually small, it means that θ is also small
and the standard deviation from θ is also small. That’s why
we approximate γ(u, v) as (8). From (9) to (10), we use lin-
ear approximation which states f(x) ≈ f(a) + f ′(a)(x − a)

by Taylor’s theorem. From (10) to (11), we set θ̂ as 0. It
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means that our linear approximation is close to (9) when θ
goes to 0. Because of the Local Influence Assumption, θ is
close to 0, so (11) is close to (10). By substituting γ(u, v) in
Γu with the approximation of γ(u, v) in (12), Theorem 1 is
proved.

Based on the local influences of the children of node u, we
can calculate again the local influence of node u to Cu and
C∗

u as a root in the local influence Tu.

Definition 4.4 (Local Influence Spread). The Local Influ-
ence Spread πu of node u means the sum of the influences
of u on the nodes of Cu and C∗

u in G. πu includes all local
influence region covered by the children of u.

Theorem 2. πu can be approximated under the Local In-
fluence Assumption as,

πu = 1 +
∑
c∈Cu

p(u, c)(δc − p(c, u)). (13)

Proof.

πu = 1 +
∑

c∈Cu
∪

C∗
u

(1−
∏

P∈Φ̂(u,c,2)

(1− p(P ))) (14)

≈ 1 +
∑

c∈Cu
∪

C∗
u

∑
P∈Φ(u,c)

p(P ) (15)

= 1 +
∑
c∈Cu

p(u, c) +
∑
c∈C∗

u

∑
P∈Φ(u,c)

p(P ) (16)

= 1 +
∑
c∈Cu

p(u, c) +
∑
c∈Cu

p(u, c)(
∑

d∈Cc−u

p(c, d)) (17)

= 1 +
∑
c∈Cu

p(u, c)(1 +
∑

d∈Cc−u

p(c, d)) (18)

= 1 +
∑
c∈Cu

p(u, c)(δc − p(c, u)). (19)

To compute the total influence of u under the assumption,
the influence of u on each node in Cu and C∗

u is calculated
based on Lemma 2, and we sum the influences of u on the
nodes with u itself. By the Theorem 1, each influence from u
to c in Cu

∪
C∗

u is approximated as the sum of the influences
over all the pathes from u to c as (15). From (15) to (16),
we divide the outer summation into two components. The
left component means the sum of all the influences from u
to the nodes which are at one hop from u, while the right
component means the sum of all the influences from u to
the nodes which are at two hops from u. By the definition,
for every pair (u, v) where v is in C∗

u, a path from u to
v can be divided into the partial path from u to a middle
node in Cu and the other partial path from the middle node
to v. Thus we can compute the influence from u to v by
multiplying the influences of the two partial pathes. Based
on this calculation, we can derive (16) from (17). From (16)
to (19), after the obvious procedure, we can get the final
solution approximating πu.

OSLI heuristics. There are |V | local influencing trees
given a graph G = (V,E). For every local influencing tree
Tu, u ∈ V , u has πu as an attribute and each leaf l of the
local influencing tree has δl also. We call these values, πu

and δl of each leaf l of Tu, the local influence values of Tu.
Then the Optimal Seed’s Local Influence heuristics (OSLI)
are following, for every node u in the optimal seed sets.

Table 1: Important notations adopted in this paper
Φ(u, v) a set of pathes from u to v
Φ(u, v, d) a set of pathes from u to v within d hops

p(P) indirect influence through path P
Tu local influencing tree of u
Cu local influenced cover of u
C∗

u extended influenced cover of u
V ∗
u the region influenced by u within two hops
δu local influence of u
πu local influence as a root of u

γ(u, v) total influence from u to v
Γu total influence from u to nodes within two hops

• Node u is likely to have high influence to the local
influenced cover Cu.

• Node u is likely to be one of the highest influential
nodes in the local influencing trees which include u.

For the first heuristic, by the definition, u should influence
each node in the local influenced cover Cu to influence many
other nodes in the network, since if none of Cu is influenced,
there is no further chance to influence the other nodes in the
networks. That’s why the first OSLI heuristic works. Based
on this heuristic, we can filter out unnecessary nodes such
that aren’t likely to be one of an optimal seed set when their
local influences are lower than threshold α.

For the second heuristic, we have |V | local regions repre-
sented by a local influencing tree. For every local influencing
tree Tu, u ∈ V , we define the representative influential(RI)
node riu which makes the highest influence on the nodes in
Tu and C∗

u. To find riu in Tu, we compare the local influence
values of Tu. As a result, there are the two cases of results.

• case 1 (riu = u) In this case, u is the highest influen-
tial node in Tu. Thus it is the best strategy to choose
u as only one seed node to influence the nodes in V ∗

u

as much as possible.

• case 2 (riu ̸= u) In this case, u isn’t the highest influ-
ential node in Tu, but there is another node ri∗u which
makes the highest influence. In other words, if we want
to influence the region represented by V ∗

u with only one
seed node as much as possible, choosing u is not the
best strategy. Instead, we should choose ri∗u.

For every node u ∈ V , u has 1+dinu chances to be the RI
node of a local influencing tree. There is only one chance to
be the RI node of Tu, and there are dinu chances to be the
RI node of the local influencing trees where u participates
as a leaf. If node u misses all the chances and we filter out
u from our candidate list for the optimal seed set, there is
always another node which makes better influence on each
local influence region including u. Thus, we can expect that
the error caused by filtering out u from the candidate list
must be small. That’s why the second OLSI heuristic holds.

In the worst case for the second OLSI heuristics, there
is no nodes filtered out by the heuristic, so our candidate
list contains all the nodes in |V |. This situation happens
in a graph where all nodes have the same number of out-
bounding edges with an uniform direct influence. For ex-
ample, for every node v in a grid network with an uniform
direct influence, the highest influential node of Tu is always
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u. In fact, these cases are not real. If such network really
exists, any choice for a seed set always makes a same influ-
ence spread obviously. To demonstrate the OSLI heuristics,
we experiment with various real datasets and show the ro-
bustness of OSLI heuristics in the real datasets.

4.2 Treebased Candidate Extraction

Algorithm 1: findHighestNode(u)

input : u: A node
output : max: The local influence of the highest

influential node
maxNode: The highest influential node in Tu

1 begin
2 max = 0;
3 maxNode = NULL;
4 for (s, d) ∈ Edgesin(u) do
5 s.curr = u

6 for (s, d) ∈ Edgesout(u) do
7 δ = d.δ;
8 if d.curr = u then
9 δ = δ − p(d, u);

10 π = π + p(s, d)δ;

11 π = π + 1;
12 maxNode = argmax(s,d)∈Edgesout(u) d.δ;

13 max = maxNode.δ;
14 if max < π then
15 max = π;
16 maxNode = u;

17 return max, maxNode;

Based on our OSLI heuristics, our proposed method ex-
tracts candidates likely to be an optimal seed node. This
candidate extraction procedure consists of the following two
steps. The first step is to filter out unnecessary nodes where
the local influence is lower than α. This is based on the first
of the OSLI heuristics. Next, our proposed method finds
the highest influential nodes over the local influencing trees
based on the second of the OSLI heuristics.
Algoritm 2 shows the candidate extraction procedure in

our proposed method. Firstly, our proposed method calcu-
lates the local influence per each node in V from line 3 to 7.
Then, our proposed method applies the nodes in V to the
OSLI heuristics from line 8 to 12. Our proposed method fil-
ters out unnecessary nodes which makes lower local influence
than α on line 9. If a node isn’t considered as unnecessary,
our proposed method finds the highest influential node in
the local influencing tree at the node on line 10.
Finding the highest influential node in a local influencing

node is described at Algorithm 1. In this algorithm, when
the extended local influence of an input node is calculated
from line 4 to 11 where Ein(u) is , our proposed method ad-
justs the local influences of the children of an input node on
line 9 because we should exclude the influence from the chil-
dren to the input node. In addition, our proposed methods
efficiently determines whether there is the edge from a child
to the input node through line 4-5 and 8. After calculating
the extended local influence of the input node, our proposed
method finds the highest influential child and the local in-
fluence of it on line 12. Then, by comparing the extended
local influence of the input node with the local influence of
the highest influential child, our proposed method finds the

Algorithm 2: extractCandidates(G = (V,E))

input : G: An input graph
output : G∗ : Candidate graph

1 begin
2 V ∗ = {} ;
3 for u ∈ V do
4 δ=0;
5 for (s, d) ∈ Edgesout(u) do
6 δ+=p(s, d) ;

7 u.δ=δ ;

8 for u ∈ V do
9 if u.δ ≥ α then

10 max,maxNode = findHighestNode(u);
11 V ∗.insert(maxNode);

12 E∗ = {(s, d)|s ∈ V ∗ and d ∈ V ∗};
13 G∗ = (V ∗, E∗);
14 return G∗;

highest influential node of the local influencing tree at the
input node.

After finding the highest influential nodes over all the
nodes in V , we consider the highest influential nodes as a
set of candidates for being one of the optimal seed set. We
define such candidates set as V ∗. In Algorithm 2, our pro-
posed method makes a new set E∗ of edges where all source
and target nodes are included in V ∗ , constructs new graph
G∗ = (V ∗, E∗) and returns it from 13 to 15. With the graph
G∗ reduced from G∗, we can apply any algorithm approxi-
mating influence maximization to graph G∗ to make a final
output.

Time and space complexity. Even though influence
maximization is NP-hard and many approximations for in-
fluence maximization still require expensive costs, our pro-
posed guarantees the linear running time asymptotically.
In Algorithmr̃efalgo:osli1-1, our proposed method uses only
O(d) time where d is an average out-degree to compute the
extended local influence of an input nodes and find the high-
est influential node. Without line 4-5 and 8, we need to
naively enumerate the in-edges of an input node per each
child to check there is edge from the child to the input node,
and it causes O(d2) time. In Algorithm 2, our proposed
method uses O(nd) time where n is |V | to compute the lo-
cal influence per each node in V . In addition, our proposed
method users O(nd) time to find the highest influential node
per each local influencing tree, since Algorithmr̃efalgo:osli1-
1 takes O(d) time. To construct a candidate graph, we need
only O(n∗d) time where n∗ is |V ∗|.

Similarly, our proposed method also takes efficient space
complexity. For Algorithm 1, we need only two additional
attributes on a node. It leads to take O(n) space. For
Algorithm 2, we need also one additional attribute on a node
and candidate graph. As we mentioned, such additional
attribute on a node takes only O(n) space, but for candidate
graph we need space to save the candidate graph. Thus it
leads to take O(n∗ +m∗) where m∗ is |E∗|. Usually, n∗ and
m∗ are much smaller than |V | and |E| respectively.
Threshold α. In the candidate extraction, we have one
threshold α to control how many nodes are filtered out. In
Algorithm 2, α is used to skip local influencing trees where
the local influence of a root is too low to guarantee that the
influence of a highest influential node to a tree where the
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node participates as a root or leaf is higher than α. Thus
there can be lots of candidates including uninfluential nodes
with low α, while there is relatively a few of candidates
with high α. Since the candidate extraction removes some
nodes in a network, the candidate extraction seems to just
reduce the running time only. However, if we can find the
proper value of α, it makes the accuracy of our proposed
method higher because a proper α makes a solution space
much smaller by removing unnecessary nodes for influence
maximization. In this work, we experimentally shows what
value of α is most suitable for each dataset in the experi-
ments.

4.3 New Simulated Annealing
Simulated Annealing (SA) is a probabilistic metaheuris-

tic algorithm to approximate optimization problems such as
the traveling salesman problem. It was developed in 1983 by
Kirkpatrick et al. [9] and has been used in many researches.
SA is based on the annealing process for hardening metals
by heating and cooling. The annealing leads the metals to
crystalline state with low energy. The metals in the crys-
talline state means the optimal solution of an optimization
problem.
The general scheme of SA is as follows. Let Si be the so-

lution of the i-th iteration. S0 is an initial solution and it is
randomly selected. In the greedy heuristic, the best is chosen
always with current state, but SA makes random neighbor
solution S′ as a candidate of the next solution. In our prob-
lem, influence maximization, a solution is a set of seed nodes
and we can get the neighbor solution by randomly selecting
an element of the current solution and replacing it with ran-
dom node in V . If S′ is better than the current solution with
the respect to fitness function f , SA accepts the neighbor
solution. Otherwise, SA accepts the neighbor solution with
some probability. The probability decreases exponentially
with the difference between f(S) and f(S′). In addition,
the probability decreases also with i, the number of exe-
cuted iterations. If SA accepts S′, then Si+1 = S′ and SA
moves to the i+1-th iteration. Otherwise, Si+1 = Si. After
large number of iterations, SA will be converged to some
solution which is the final output.
Qingye et al. propose the SA method for influence maxi-

mization and prove that their basic SA method converses to
global optimum for influence maximization[7]. In their basic
SA method, the fitness function is the expected number of
influenced users by a seed set S ∈ V . As we mentioned, com-
puting the expected number of influenced users is #P-hard
problem, so they propose an approximated fitness function
EDV (S) based on local observation to neighbors of S. Their
approximated fitness function EDV (S) is,

EDV (S) = k +
∑

n∈NB(S)−S

1− (1− p)r(n), (20)

where NB(S) is the neighbors of S, r(n) is the number
of the seed nodes which are neighbors of n and p is a small
uniform direct influence. Since they assume that the direct
influences are uniform as small p in their work, it is inade-
quate for handling the various models for direct influence.
Since EDV (S) computes only the influence to the neigh-

bors of current solution S, the SA method can efficiently
approximate the quality of the current solution, but the ac-
curacy of their fitness function is actually low. In addition,

even if their SA method is based on the local observation,
it is still slow when the number of iterations should be large
to be converged. The time complexity of their algorithm is
O(Tkd̄) where T is the number of iterations and d̄ is the
average number of indegree of the network.

New simulated annealing. We propose a new simu-
lated annealing method based on extended local influences
of nodes. In the candidate extraction step, our proposed
method already calculated each extended local influence of
all nodes. So, after the candidate extraction step, we can
easily use extended local influences to calculate a fitness
function.

As the fitness function of Qingye et al. computes the influ-
ence spread on the neighbors of S, our new fitness function
fπ(S) is also based on observing the influence spread on lo-
cal regions of S. To minimize the cost for observing such
local regions, we use the extended local influence of each
node in S.

Definition 4.5 (Influence Probability). Given seed set S ⊆
V , for every node u ∈ V , we define Influence Probability
from S to u, denoted as p(S, u), is the probability that u is
influenced by one of S. In addition, we define pc(S, c) as the
probability that u is influenced by S through only c which
is one of the predecessors of u. Under the IC model, it is
computed as,

pc(S, u) = p(S, c)p(c, u). (21)

Lemma 4. Given seed set S ⊆ V , for every u ∈ V , c is
one of the predecessors of u, then under the local influence
assumption pc(S, u) is approximated as,

pc(S, u) = (1−
∏
s∈S

(1− p(s, c)))p(c, u) (22)

≈ (1−
∏
s∈S

(1− p(s, c)p(c, u))). (23)

(23) means also that we can assume that all 2-hops pathes
from one of S to u via c are independent with low error
under the local influence assumption.

Proof. (22) easily comes from the definition pc(S, u). In this
proof, let p∗c(S, u) be our approximation for pc(S, u), ωs be
p(s, c), and β be p(c, u) for abbreviation. Since p(P ) =
p(s, c)p(c, u) where P is the 2-hops path from s to u via
c, p∗c(S, u) is computed by assuming that all 2-hops pathes
from one of S to u via c are independent. The error of
p∗c(S, u), is close to 0 when direct influences between users
are usually small as,

lim
ωs,β→0

(1−
∏
s∈S

(1− ωs))β − (1−
∏
s∈S

(1− ωsβ)) = 0. (24)

Therefore, Lemma 4 holds by the local influence assumption.

Lemma 5. Given seed set S ⊆ V , for u ∈ V , under the
local influence assumption, p(S, u) is approximated as,

p(S, u) ≈ 1−
∏
s∈S

(1− (1−
∏

P∈Φ̂(s,u,2)

(1− p(P )))) (25)

Proof. By the local influence assumption, the only nodes
we have to see to calculate p(S, u) are the nodes within
two hops from each node in S. Thus, if the pathes in
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∪
s∈S Φ̂(s, u, 2) are independent, Lemma 5 actually provides

the exact expression for p(P, s) with the same reason in
Lemma 1. Under the local influence assumption, all 1-
hops or 2-hops pathes from S to u are independent ex-
cept the pathes in

∪
s∈S Φs, u, 2. However, by Lemma 4,

we can assume that the pathes in
∪

s∈S Φs, u, 2 are indepen-
dent under the local influence assumption, then all pathes
in

∪
s∈S Φ̂(s, u, 2) can be considered as independent. As we

proved in Lemma 4, since the error caused by the assumption
is close to 0 under the local influence assumption. Therefore,
Lemma 5 holds.

Lemma 6. For every seed node u ∈ S, if there is no path
from another seed node to the descendants of u, the descen-
dants can be influenced only by u under the IC model.

Proof. By the definition, an influenced node is never influ-
enced again under the IC model. So, since u is initially
influenced, u will not be influenced again. It means that
there is no second chance to influence the descendants of
u. In other words, the influence from another seed to the
descendants of u is prevented by u. Therefore, this lemma
holds.

Theorem 3. Let θ be the average influence on pathes from
S within two hops and du is the number of pathes from S
to u ∈ V . For every seed set S ⊆ V , the influence spread of
S under the Local Influence Assumption, denoted as π(S),
is approximated as,

π(S) ≈
∑
s∈S

πs −
∑
s∈S

∑
s′∈S

∩
Cs

p(s, s′)δs′ − ε, (26)

where ε =
∑

s∈S

∑
c∈Cs−S

∑
d∈Cc

∩
S p(s, c)p(c, d).

Proof.

π(S) ≈
∑
u∈V

(1−
∏
s∈S

(1− (1−
∏

P∈Φ̂(s,u,2)

(1− p(P ))))) (27)

≈ k +
∑

u∈V −S

(1−
∏
s∈S

∏
P∈Φ̂(s,u)

(1− θ)) (28)

= k +
∑

u∈V −S

(1− (1− θ)duk) (29)

≈ k +
∑

u∈V −S

dkθ (30)

= k +
∑
s∈S

∑
u∈V −S

∑
P∈Φ(s,u)

p(P ) (31)

= k +
∑
s∈S

∑
c∈Cs−S

p(s, c)(1 +
∑

d∈Cc−S

p(c, d)) (32)

= k +
∑
s∈S

∑
c∈Cs−S

p(s, c)(δc − p(c, s))− ε (33)

=
∑
s∈S

πs −
∑
s∈S

∑
s′∈S

∩
Cs

p(s, s′)δs′ − ε. (34)

By Lemma 5, π(S) can be approximated as (27). As we
mentioned to derive (8), the direct influences are small un-
der the local influence assumption, then θ is very small and
the standard deviation from θ is small. Thus we approx-
imate (27) with substituting p(P ) with θ as (28). Next,

we approximate (1 − (1 − θ)duk) in (29) with using linear
approximation based on Taylor’s theorem as,

(1− (1− θ̂)duk + duk(1− θ̂)duk−1(θ − θ̂)), (35)

and then we can get (30) from (35) with θ̂ = 0. It means
that (30) is close to (29) when θ is close to 0 by the linear
approximation. Under the local influence assumption, θ is
close to 0, so our approximation is valid. (32) is derived,

since θ =
∑

s∈S

∑
P∈Φ(s,u) p(P )

dk
by the definition. Under the

local influence assumption, we only count nodes within two
hops from each seed in S, so we can derive (32) easily with
the same reason of the proof for (18). Therefore, we can
approximate (33) as (34), then Theorem 3 is proved.

For our simulated annealing, we use π(S) as a fitness func-
tion to evaluate solutions. Based on π(S), our new simulated
annealing is described in Algorithm 3. After initiating from
line 2-3, our method generate an initial solution A randomly
on line 4. In the for-loop on line 5-8, we calculate i.π̂ for
each seed i of A. The sum of i.π̂ for each seed i of A is same
with the last term in (34). Based on Theorem 3, we calcu-
late πS on line 9. We execute simulated annealing on line
10-27. From T0 which is an initial temperature, we repeat
lines 11 to 27 until a current temperature is larger than Tf .
In the while-loop in the algorithm, firstly our method picks
up node w1 in A randomly and node w2 in V −A randomly
also. Then our method makes new neighbor solution A′ on
line 13 and update i.π̂ for each seed i of A′. Again, our
method evaluate A′ and compare πA′ with πA. If πA′ is
larger than πA, then A is replaced with A′. Otherwise, our
method replace A with A′ with the exponential probability
on line 20. If our method fails to replace, our method restore
i.π̂ for each seed i of A on line 23. After all iterations end
on line 10-27, our method returns A as an output.

Time complexity. The initiation part on line 2-3 can
be executed with O(nd) where n = |V | and d is the av-
erage degree of each node in V . In addition, the for-loop
on line 5-8 takes only O(kd). For the while-loop on line
10-28, let T be the number of the iteration of the loop.
Since Algorithm 4 obviously takes O(d) time, and Algo-
rithm 5 takes O(k) time, the while-loop takes O((k + d)T )
time. Therefore, our new simulated annealing method to-
tally takes O(nd+kd+(k+d)T ) = O((k+d)T ) when T ≥ n.
It is more efficient than the time complexity of SAEDV in
[7], O(d∗T ), where d∗ is the average number of neighbors of
a seed set of size k. If we combine the candidate extraction
step with this simulated annealing, we don’t need to calcu-
late again the local influence and extended local influence of
each node in V on line 2. In addition, the candidate extrac-
tion step takes O(nd) in the worst case, so the total time
complexity of our proposed method is O((k + d)T ) when
T ≥ n. Since there is no exact calculation for computing
T to be converged, experimentally T is usually larger than
n. Even if n is larger than T , because the computations
for the local influence and extended local influence of each
node in V are not complex, our proposed method has good
scalability for large social networks in the experiments.

5. EXPERIMENTS
We conduct various experiments with several comparison

methods and real datasets. In these experiments, first we
focus on how many unnecessary nodes are effectively and
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Algorithm 3: New Simulated Annealing(G = (V,E), k)

input : G: An input graph, k:size of a seed set
output : S∗ : Output seed set

1 begin
2 Evaluate v.δ, v.π for each v ∈ V ;
3 v.π̂ = 0 for each v ∈ V , t = T0;
4 generate random seed set A, where A ⊆ V, |A| = k;
5 for a ∈ A do
6 for i ∈ a.out do
7 if i belongs to A then
8 i.π̂ = i.π̂ + p(a, i)δi;

9 else
10 i.π̂ = i.π̂ + p(a, i);

11 πA = Evaluate(A);
12 while t < Tf do
13 w1 = select a node in A randomly;
14 w2 = select a node in V −A randomly;
15 A′ = (A− {w1}) ∪ {w2};
16 Update(A′, w2, w1);
17 πA′ = Evaluate(A′);
18 if πA < πA′ then
19 A = A′,πA = πA′ ;

20 else
21 generate random value ϵ ∈ [0, 1];

22 if ϵ > e
π
A′−πA

Kt then
23 A = A′,πA = πA′ ;

24 else
25 Update(A,w1, w2);

26 c = c+ 1;
27 if c > TQ then
28 t = t− TD, c = 0;

29 return S∗ = A;

Algorithm 4: Update(A, a+, a−)

input : A: a set of seed nodes
a+: An added seed
a−: A deleted seed

1 begin
2 for i ∈ a+.out do
3 if i belongs to A then
4 i.π̂ = i.π̂ + p(a+, i)i.δ;

5 else
6 i.π̂ = i.π̂ + p(a+, i);

7 for i ∈ a−.out do
8 if i belongs to A then
9 i.π̂ = i.π̂ − p(a−, i)i.δ;

10 else
11 i.π̂ = i.π̂ − p(a−, i);

12 a−.π̂ = 0, a+.π̂ = 0;

13 for i ∈ a+.in do
14 if i belongs to A then
15 a+.π̂ = a+.π̂ + p(i, a+)a+.δ;

16 else
17 a+.π̂ = a+.π̂ + p(i, a+)i.π̂;

Algorithm 5: Evaluate(A, isF irst)

input : A: a set of seed nodes
output : πA

1 begin
2 πA = 0;
3 for a ∈ A do
4 πA = πA + a.π − a.π̂;

5 return πA;

efficiently removed by our candidate extraction, and the ef-
ficiency and the quality of our new simulated annealing. Fi-
nally, we aim at showing the scalability of our proposed
method combining the candidate extraction and the simu-
lated annealing with various real datasets.

5.1 Experiment Environment
Comparison methods. In this experiments, we denote
our new simulated annealing as NSA, and NSA with the can-
didate extraction is denoted as, OSLI+NSA. The OSLI+NSA
is our final proposed method. In addition, the uniform prob-
ability model and the weighted cascade model are denoted
as, UP and WC respectively. In addition, we use the follow-
ing five comparison methods.

• CELF is the improved greedy algorithm with lazy for-
ward optimization [6].

• SAEDV is the fastest simulated annealing method of
simulated annealing-based method introduced in [7].
For SAEDV, we tune parameters in SAEDV ourselves,
since we cannot simply apply the setting in [7] for our
various datasets.

• PMIA is a greedy heuristic algorithm based on max-
imum influence paths between nodes[1]. We assign
same values to θ, which determines the maximum length
of influence paths, for corresponding datasets in [1].
For datasets which aren’t introduced in [1], we deter-
mine θ experimentally.

• DegreeDiscountIC is proposed in [2] and it is based on
the degree of each node. For DegreeDiscountIC, we
use an uniform direct influence of p = 0.01 which is
same in [2].

• Random picks a seed set randomly.

Table 2: Statistics of our datasets
Dataset Wiki-Vote Epinion Slashdot Amazon
Node 7.1K 75.8K 77.4K 262.1K
Edge 103.6K 508.8K 905.5K 1,234.9K
Degree 29.2 13.4 23.4 9.4
Avg. CC 0.21 0.23 0.06 0.42

Datasets. To demonstrate the performance of our proposed
method, we uses four real datasets, which are Wiki-Vote,
Epinion, Slashdot and Amazon. They are published online
by Jure Leskovec. Wiki-Vote is based on the elections for
promoting adminship, then there is an edge from u to v
when user u voted on user v in Wiki-Vote[13]. Epinions is
a who-trust-whom online social network [11] and Slashdot
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Table 3: T0 for Each Datasets and Each Influence
Model(NSA,SA)

Dataset Wiki-Vote Epinion Slashdot Amazon
WC 61K 235K 217K 300K
UP 43K 200K 130K

Table 4: T0 for Each Datasets and Each Influence
Model(OSLI+NSA)

Dataset Wiki-Vote Epinion Slashdot Amazon
WC 10K 80K 80K 10K
UP 10K 130K 80K

is a technology-related news website where there are friend
relationships between users[12]. Amazon is co-purchasing
network where there is an edge from u to v when u and v are
co-purchased frequently [10]. Table 2 illustrates the statis-
tics of the four datasets. To test the effectiveness of our
candidate extraction with CELF, we use Wiki-Vote which is
relatively small dataset. Since the average degree of Slash-
dot is almost two times larger than Epinions’s average de-
gree, we can test the robustness of our proposed method to
a dense graph. To test scalability to the number of nodes,
we use also Amazon dataset which has a number of nodes.
In Table 2, Avg. CC means the average of the number of
connected components.

Direct influence model. To model direct influence, which
is the probability that a user influences another user, we
use the following two models:uniform probability model and
weighted cascade model. Kempe et al. introduces the uni-
form probability model and the weighted cascade model in
[8]. The uniform probability model says that all direct in-
fluences are equal to value p (0 ≤ p ≤ 1). In the uniform
probability model, high out-degree nodes have a chance to
influence many neighbors and high in-degree nodes have a
chance to be influenced by many neighbors who were already
influenced. The weighted cascade model says that direct in-
fluences from each neighbor of node v to v are equal to
1/(doutv + dinv) where doutv is out-degree of v and dinv is
in-degree of v. Qingye et al. consider only the uniform prob-
ability model [7], while Chen et al. consider the weighted
cascade model and the uniform probability model [2]. In
this work, we also use the uniform probability model and
the weighted probability model as a direct influence model.

Parameters for simulated annealing. In the experi-
ments for the four datasets, NSA and SAEDV share same
values for the parameters determining the number of itera-
tions to compare the cost required per each iteration of the
annealing process. However we use different values for deter-
mining the number of iterations through the four datasets,
since the best numbers of iterations for the datasets are dif-
ferent. We select such values experimentally for each dataset
to make NSA and SAEDV generally produce good results.
Meanwhile, NSA and OSLI+NSA don’t share the values re-
lated to the number of iterations because, the input graph
changes after the candidate extraction.
To make the simulated annealing to be converged, we need

to set K as an appropriate value. Firstly, we experimentally
determine K for a dataset when k is 10 and 50. For the
remaining cases of the dataset, where k = 20, 30, 40, we set
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Figure 1: Influence spread and running time vs.
number of iterations for Epinion set where k=50

Kk∗ = (K50−K10
4

)( k−10
10

)+K10 where Kk∗ is the value of K
with k = k∗. We set Tf = 1000, TD = 1000, TQ = 1000 and
variate T0 only for each dataset and each direct influence
model. We show the values for T0 on Table 3 and Table 4.

5.2 Experiment Results
Convergence tests.

Since our proposed method is based on the simulated an-
nealing, we need to check the number of iterations to make
the influence spread generated by our proposed method con-
verge. In this work, we empirically test the proper number
of iterations for each dataset as seen Figure 1. In Figure 1(a)
and Figure 1(c), OSLI+NSA needs even shorter time to
converge than NSA and SA, since the candidate extraction
makes a solution space much smaller. The running time of a
simulated annealing-based method is linearly affected by the
number of iterations. Thus reducing the number of iteration
to converge is very important to make efficient simulated
annealing-based methods. In this perspective, the candidate
extraction works successfully. Figure 1(b) and Figure 1(d)
also show that even if the running time of SAEDV is linear
to the number iterations, the gradient of SAEDV is larger
than the gradients of NSA and OSLI+NSA. It verifies that
our analysis for the asymptotical time complexity of each
simulated annealing-based method.

Tests for threshold α.
In the candidate extraction, determining proper α doesn’t

help to reduce the running time of our proposed method, but
also sometimes improve its accuracy. Figure 2 shows that
the effects of the threshold α on influence spread and run-
ning time. Since the higher value of α cuts off more nodes,
the running time is shorter as α is higher in Figure 2. How-
ever, when the number of remaining nodes after the candi-
date extraction is close to k, the the running time doesn’t
decrease any more. If the number of such remaining nodes
is closer to k, the cost for selecting a next solution in the
simulated annealing is higher because the number of trials
to select randomly a node to make a next solution until the
new selected node isn’t one of current seed nodes is larger
also. Meanwhile, even if some nodes are removed after the
candidate extraction, it helps to increase the accuracy of our
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Figure 2: Influence spread and running time vs. the
threshold α for Epinion set where k=50

Table 5: α for each dataset and each influence mod-
els

Dataset Wiki-Vote Epinion Slashdot Amazon
WC 1.1 3.4 2.9 2.9
UP 1.4 1.2 2.9
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Figure 4: Running Time of the Algorithms with k =
10 and k = 50

proposed method. In Figure 2(a), the influence spread with
α = 1.2 is largest. The influence spreads with α ≥ 1.1 are
similar, but higher than the influence spread with α = 1.
However, because the α of a high value can make the accu-
racy decrease as seen in Figure 2(a), we carefully determine
a proper value of α with considering the influence spread and
the running time. In the following experiments, we assign
different values to α for each dataset and influence model to
maximize the accuracy, and we get those values experimen-
tally. We show the values for α for the different datasets
and the influence models on Table 5.

Approximation with various datasets.
Figure 3 shows that the influence spreads of different algo-

rithms for the four datasets. Based on our convergence tests,

we use the different number of iterations of OSLI+NSA,
NSA and SAEDV for each dataset. To compare NSA with
SAEDV fairly, NSA shares the same numbers of iterations
with SAEDV. In fact, since most users in Amazon share a
same degree, we cannot apply the UP model to Amazon.

In Figure 3(a), PMIA makes the best influence spreads
from k = 10 to k = 50, but they are almost same with
the results of OSLI+NSA. However, the running time of
OSLI+NSA is about 17 times faster than PMIA when k =
50. Even if the influence spread of NSA is little less than
SA, but OSLI+NSA is better than SAEDV and DDIC re-
spectively. This result demonstrates that the candidate ex-
traction based on the OSLI model can be helpful to make
better influence spread by reducing unnecessary nodes. Fig-
ure 3(b) also shows that OSLI+NSA makes the better influ-
ence spreads than NSA. In Epinion under the weighted cas-
cade model, OSLI+NSA outperforms the other comparisons
with a large margin in terms of the influence spread. The
influence spreads of OSLI+NSA are usually higher than the
influence spreads of PMIA. OSLI+NSA is 26% and 83% bet-
ter than SAEDV and DDIC respectively. Even though we
compare OSLI+NSA with comparisons whose similar the in-
fluence spreads with OSLI+NSA, OSLI+NSA is much faster
than them as seen in Figure 4. Comparing to SAEDV when
k = 50 in Epinion set, OSLI+NSA is about 1040 times faster
in the WC model, and OSLI+NSA is 14 times faster than
PMIA. In addition, NSA is 31.8 times faster than SAEDV
when k = 50 in the WC model, and this result represents
well our analysis for the time complexities for the two meth-
ods.

Figure 3(c) and Figure 3(d) show the experiment results in
Slashdot. In Slashdot, PMIA and OSLI+NSA make similar
influence spreads and they are better than any other method
under the UP model. For the WC model, OSLI+NSA still
makes the best influence spread. In this time, the difference
between OSLI+NSA and PMIA is bigger than the differ-
ences in the other datasets. Our proposed method, PMIA
and SAEDV use local observation-based heuristics, so when
the density of a network higher, the accuracy of each method
will decrease. However, even if the avg. degree of Slash-
dot is two times bigger than the avg. degree of Epinion,
OSLI+NSA shows the best influence spread under the WC
model. In addition, OSLI+NSA is much faster than PMIA
and SAEDV also. OSLI+NSA is 39, 90 times faster than
PMIA in the UP, WC model respectively. OSLI+NSA is
1242, 1065 times faster than SAEDV in the UP, WC model.

Even if Wiki-Vote is a dataset whose the highest density
in the four datasets, so the influence spread of NSA is similar
with CELF. Since there are only 7K nodes in Wiki-Vote, the
effect of the candidate extraction is relatively small. That’s
why the difference between the running times of OSLI+NSA
and NSA is also small. However, OSLI+NSA and NSA are
still much faster than SA. In this experiment, we can see that
OSLI+NSA has lower influence spreads than NSA, SAEDV
and PMIA, but errors are at most 7% between OSLI+NSA
and NSA in Wiki-Vote set. Instead, OSLI+NSA is usually
one order of magnitude faster than NSA and PMIA in Wiki-
Vote set.

Amazon is a dataset whose the lowest density in the four
datasets. Since Amazon is very sparse and most nodes in
Amazon have similar a degree, DDIC, which is a degree-
based heuristic, makes lower influence spread than even Ran-
dom. In addition, the fitness function of SAEDV is the in-
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(b) Epinion - WC model
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(c) Slashdot - UP model
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(d) Slashdot - WC model
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Figure 3: Influence Spreads on the four datasets

fluence to the children of a seed set, however the number
of children is mostly same in Amazon. It means the fitness
function makes always similar value, then SAEDV gener-
ates randomly selected solution. That’s why SAEDV runs
as like Random. In this situation, our proposed methods,
OSLI+NSA, NSA and PMIA, make high influence spread.
OSLI+NSA has similar influence spreads with the influence
spreads of PMIA, but OSLI+NSA is two orders of mag-
nitude faster than PMIA. Even NSA is much faster than
PMIA.

6. CONCLUSIONS
In this paper, we study how to approximate the local in-

fluence of an influential node and propose the effective can-
didate extraction and the new simulated annealing method
based on the OSLI heuristics. The candidate extraction is
the first approach which focuses on filtering unnecessary
nodes before approximating influence maximization. The
new efficient simulated annealing method based on the OSLI
model, which guarantees better time complexity than the
SAEDV [7]. By combining the candidate extraction and the
new simulated annealing method, we construct a fast algo-
rithm to approximate influence maximization.
We experimentally demonstrate that the candidate ex-

traction can effectively filter out unnecessary nodes and our
proposed method is at most three orders of magnitude faster
than the SAEDV, and two orders of magnitude faster than
the PMIA with high accuracy.

7. FUTURE WORKS
Our candidate extraction focus on removing nodes of a

graph, it causes to remove too many edges. As the perspec-
tive of graph sparsification, we can consider removing un-
necessary edges instead. If we filter out unnecessary edges
of a graph which doesn’t function as an important role for
influence spread, we can expect the sparsified graph will be
processed fast with high accuracy.
There are several problems which extend the influence

maximization problem. We expect that the techniques in-
troduced in this paper can be useful to approximate the ex-
tended problems. Therefore, we make some new extended
problem or apply the techniques to other problems.
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