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PREFACE

In recent years, with the in — depth research of Internet and Web
2.0 techniques, social network, serving as an important medium for com-
munication, knowledge sharing and information spreading, has been
widely used for bridging the human world. Influence maximization, as
one of the key issues in the filed of social network analysis, has been ex-
tensively applied to many crucial scenarios, such as viral marketing, ad-
vertisement publishing, public sentiment warning, water quality and epi-
demic monitoring, which shows substantial research and application im-
portance.

Currently, many researchers in academia and industry work on the
influence maximization problem, and propose lots of greedy algorithms
and heuristics, which fairly improve the efficiency of influence maximiza-
tion algorithms. Nevertheless, modern social networks are mostly large —
scale, highly complicated and essentially dynamic, which pose serious
challenges to the high efficient processing of influential user identifica-
tion. Most existing algorithms suffer the following problems:

First, existing algorithms only focus on designing algorithms with low
computation complexity, while ignoring the parallelism of influence
spread computation. They also take no advantage of existing heterogene-
ous parallel computing frameworks, such as CPU + GPU, for accelera-
tion. In fact, the influence spread computation of many nodes in social
network can be performed in parallel to overlap the running time and thus

the efficiency can be dramatically improved. Second, they take no con-
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sideration of the node distribution characteristics in social network. Exist-
ing works mainly focus on computing the exact influence spread, leading
to low computational efficiency and limiting their application to real —
world social networks. Third, previous studies overlook the dynamic
characteristics exhibited during the evolution of real — world social net-
works. Most of them are proposed to deal with static social network.
While, as a matter of fact, real — world social networks keep evolving
over time. When confronting dynamic social networks, existing works will
suffer from computing from scratch.

To well address the above challenges, this book systematically in-
vestigates some key issues of influence maximization in large — scale so-
cial networks, especially on the high efficient processing techniques. The
research mainly focuses on the following aspects.

For parallel computation of influence spread, this book in — depth
investigates the dependency relationship among nodes in social networks.
To improve the parallelism and reduce the complexity of existing algo-
rithms, we propose a bottom — up traversal algorithm with inherent paral-
lelism. On the one hand, BUTA can greatly reduce the time complexity
through DAG conversion and bottom — up traversal. On the other hand,
BUTA is designed with sufficient parallelism and can be mapped to mod-
ern heterogeneous parallel computing frameworks. For this reason, we
map BUTA to GPU to exploit the parallel processing capability of GPU,
thus further reducing the execution time. To best fit BUTA with the GPU
architecture , we further develop an adaptive K — Level combination meth-
od to maximize the parallelism and reorganize the influence graph to min-
imize the potential divergence.

In this book , we also exploit Monte — Carlo estimation to significant-
ly improve the efficiency at only negligible cost of precision. We first an-

alyze the node distribution characteristics in social network. To address
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the key bottleneck of influence spread computation for nodes with large
degree,, we design a power — law exponent supervised Monte — Carlo esti-
mation method, named ESMCE. ESMCE exploits the power — law expo-
nent of the social network to guide the initial sampling. Then, based on
the disparity of estimation error and precision requirement, ESMCE utili-
zes the grey forecasting method to forecast the number of child nodes nee-
ded in further iteration. Multiple iterative steps run until the precision re-
quirement is finally achieved.

To deal with the influence maximization problem in dynamic social
networks, we investigate the dynamic characteristics of social networks
and observe from real — world traces that the evolution of social network
follows the preferential attachment rule and the influential nodes are
mainly selected from high — degree nodes. Such observations shed light
on the design of IncInf, an incremental approach that can efficiently lo-
cate the top — K influential individuals based on previous information in-
stead of calculation from scratch. In particular, IncInf quantitatively ana-
lyzes the influence spread changes of nodes by localizing the impact of to-
pology evolution to only local regions, and a pruning strategy is proposed
to effectively narrow the search space into nodes experiencing major in-
creases or with high degrees.

None of previous content distribution methods comprehensively ex-
ploits the valuable social information of social network, such as social re-
lationship and user geographic information. In this book, we propose
SCORE, a social — aware content distribution method based on influence
maximization problem. SCORE fast locates the contents that are potential
to trigger large cascades. Then SCORE leverages the social relationship
and geographic information, and selects target servers by K — MEANS
clustering algorithm and weighted spherical mean calculation. Through
this, SCORE effectively pushes selected content to geo — located servers
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before potential users actually request the content so as to reduce user la-
tency, improve quality of experience, and alleviate network traffic pres-
sure.

To summarize, our works present solutions to several essential issues
of influence maximization which are key requirements in social networks.
Comprehensive experiments demonstrate that proposed algorithms can

properly achieve their design goals.
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