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ABSTRACT

1. INTRODUCTION

In the last 10 years, a vast amount of scientific literature has
studied the problem of influence maximization. Yet, only
very recently have scientists started considering the more
realistic case in which competing entities try to expand their
market and maximize their share via viral marketing. Goyal
and Kearns [STOC 2012] present a model for the diffusion
of two competing alternatives in a social network, which
consists of two phases: one for the activation, in which nodes
choose whether to adopt any of the two alternatives or none
of them, and one for the selection, which is for choosing
which of the two alternatives to adopt.
In this work we consider this two-phase model, by composing some of the most known dynamics (threshold, voter, and
logit models), and we ask the following questions: (1) How
is the stationary distribution of the composition of these dynamics related to those of the single composing dynamics?
(2) Does the number of adopters of one of the alternatives
increase in a monotone and submodular way with respect to
the set of initial adopters of that alternative? (3) To what
extent does the competition among alternatives affect the
total number of agents adopting one of the alternatives?

In many Multi-Agent Systems (MAS) agents usually interact with and are influenced by a small set of other agents.
Social networks, describing the interconnections among the
different components of the system, become in this way a
central tool for understanding how a multi-agent system
evolves and how we can influence this evolution.
One of the main research issues concerning social networks
is the analysis of how behavior propagates among the agents.
This underlies different well-studied problems, such as viral
marketing and opinion formation. Nowadays, viral marketing [16], which is the strategy of trying to reach as many
users for a product/service by a word-of-mouth promotion,
turns out to be an extremely prevalent topic because of the
boom of social media. In the setting of opinion formation,
the goal is to understand how an opinion diffuses in social
networks and how a single agent adapts its own beliefs in
response to the opinions of “friends.” Literature on this topics abounds both in AI [15, 17] and in CS at large [1, 3, 13],
as well as sociology, economics, physics, and epidemiology.
Many dynamics have been introduced in these works for
modeling the evolution of the behavior of agents in the network. Among these dynamics, there are some, such as the
general threshold model (GT) [11], the voter model (VOT)
[6], and the logit model (LOG) [4], which have attracted
the focus of a very large amount of literature. The typical
problem in this setting is the influence-maximization problem, which is the problem of choosing a set of initial nodes
in the network, called seed, whose action is fixed, such that
their influence on the remaining nodes is maximized (see,
for example, [11, 12, 7, 19]).
Very few works in the existing vast literature assume the
presence of different alternative products (different goods or
services or divergent opinions) competing over the network.
This competition raises questions of a game-theoretic nature. Indeed, we can model the competition as a game:
Players are the promoters of products, their strategies correspond to the possible choices for a set of seeds, and their
utility is given by the number of nodes adopting, at the end
of the evolution process, their good/service/opinion. Within
this game-theoretic framework, three main problems have
been considered: several works [5, 19, 8] focus on the problem of approximating the best-response strategies, that is
the set of seeds maximizing the adopters of the promoted
product given the other promoters’ seeds. Alon et al. [2]
and Tzoumas et al. [18] characterized the cases in which
these games admit a Nash Equilibrium. Finally, some recent
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works [18, 9, 10] evaluate the performance of these equilibria
with respect to the total number of active nodes.
Among these work, the one of Goyal and Kearns [9] is
particularly interesting, as it proposes a two-phase model
for competitive influence in social networks. This model
composes of two dynamics: one, called activation rule (AR),
models the activation of nodes, that is, how nodes decide
whether to adopt a product or not, whereas the other one,
named selection rule (SR), models the selection of one of the
alternatives. However, the two-phase model of [9] does not
consider any of the well-known dynamics described above.
Here we study whether the results of [9] continue to hold
when we compose the threshold, voter, and logit models.
Our Results. First, we study the convergence properties of
these composed dynamics. Specifically, we ask whether the
distribution to which the composed dynamics converges is
the product of the distributions to which the composing dynamics converge. We summarize our findings in Table 1(a).
Understanding where and how the dynamics converge is a
fundamental requirement for addressing more complex questions in the framework of competitive influence maximization. Within this framework, we first consider the issue of
computing and approximating the best response of a promoter. Very few algorithms are known for computing a seed
with bounded approximation guarantees with respect to the
number of final adopters. The greedy algorithm [14] is one
of these and it is known to work for any dynamics as long
as the (expected) number of adopters of some product is
a monotone and submodular function of the seed for that
product. Goyal and Kearns [9] proved that these properties
hold for the dynamics they considered. Here, we ask whether
the greedy algorithm works when the threshold, voter and
logit dynamics are composed; we summarize the results in
Table 1(b).
Finally, we ask whether the expected number of adopters
resulting from seeds placed by competing promoters is within
a constant factor from the expected number of adopters that
we should have if the seeds was optimally placed by a monopolist (i.e., we ask whether the price of anarchy is constant).
Goyal and Kearns [9] give a positive answer for their model.
Our results are summarized in Table 1(c).
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Table 1: Summary of results on (a) composability, (b) effectiveness of the greedy algorithm, and (c) constant price of
anarchy. (Refer to the text for the abbreviation meanings.)
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