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A B S T R A C T

Social networks are one the main sources of information transmission nowadays. However, not all nodes in
social networks are equal: in fact, some nodes are more influential than others, i.e., their information tends to
spread more. Finding the most influential nodes in a network – the so-called Influence Maximization problem –
is an NP-hard problem with great social and economical implications. Here, we introduce a framework based
on Evolutionary Algorithms that includes various graph-aware techniques (spread approximations, domain-
specific operators, and node filtering) that facilitate the optimization process. The framework can be applied
straightforwardly to various social network datasets, e.g., those in the SNAP repository.
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Scope of the software

Social networks are used nowadays for various activities such as
reading news, searching for jobs, watching movies, or shopping. One
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Influence Maximization (IM) problem, where one wants to find the most
influential nodes in the network. This problem is typically addressed
by modeling probabilistically how influence propagates over the net-
work [1], starting from a group of seed nodes. Finding the optimal
(i.e., most influential) set of seed nodes is an NP-hard [1] problem, for
which various algorithms such as heuristics with provable guarantees
[2–4] or metaheuristics [5–10] have been proposed in the recent
literature. Both classes of methods provide good results, although their
runtime tends to increase with the network size. On the other hand,
IM is a crucial problem for a number of applications such as political
campaigns and marketing, therefore its implications are relevant.

Here, we present an open-source python framework, based on Evo-
lutionary Algorithms (EAs). In the EA, a candidate solution is modeled
as a fixed-size sequence of seed node identifiers, with smart initializers,
mutation and crossover operators generating candidate solutions to
form a new population. The fitness of a candidate solution can be
estimated by Monte-Carlo simulations of probabilistic spread models,
but the framework also includes advanced graph-aware techniques
(introduced in [11]) such as approximations of the spread models,
domain-specific initialization and mutations of candidate solutions, and
node filtering.

These techniques allow the EA to solve the IM problem in an
efficient way. As we have shown in [11], the proposed framework is
indeed able to find good sets of seed nodes in a comparably lower
time than existing techniques, which makes it especially appealing in
scenarios characterized by large network dimensionalities. As such, the
proposed framework can be of interest in a number of research projects
and practical applications.

The framework is publicly available on a GitHub repository1 and
contains the following main elements:

• the source code of the EA, which is based on the library in-
spyred2;

• modules related to the graph-aware features introduced in [11],
including an implementation of the UCB1 multi-armed bandit
algorithm [12] used for dynamic mutation selection;

• scripts to prepare the experimental setup and run the execution
pipeline (the latter loads the network data, runs the EA with
the appropriate hyperparameters and enabled elements, collects
outputs and logs);

• a cython wrapper of the influence propagation evaluation part
of the pipeline, and the related script to compile it;

• an example of a json configuration file (containing the hyperpa-
rameters of the EA) that can be used to run the full pipeline;

• implementations of various heuristics from literature (e.g., high-
degree [1] and CELF [2]), to provide baseline results for testing
the graph-aware EA;

• the raw data of the numerical results presented in [11], obtained
on various network data from the SNAP repository [13] (which
can be downloaded automatically using a script included in the
GitHub repository).

A more detailed description of the above elements can be found on the
README file available on our GitHub repository.

Impact overview

The EA algorithm provided with the framework achieved state-
of-the-art results (both in terms of improved influence and reduced
computing time) on various network data from the SNAP repository,
compared to some of the existing heuristics. Furthermore, the frame-
work has been used already to address a number of research questions
concerning the influence maximization problem, most notably the ef-
fect of the various graph-aware elements, discussed in [11], on the

1 https://github.com/tsume82/Influence-Maximization.
2 https://github.com/aarongarrett/inspyred.

optimization performance. There is no similar open-source software or
toolbox that we are aware of.

Nevertheless, the framework can be easily extended to pursue new
research questions. For instance, one possibility could be to include
other objectives into the problem formulation (e.g., minimizing the
time to propagation). Other options include (but are not limited to):
analyzing dynamic social networks; associating features to the nodes
in the network, then finding influential sets of seed nodes that also
maximize the feature-wise diversity of the influenced nodes; designing
and testing novel algorithmic elements to be included in the EA. In all
these cases, the EA included in the framework, as well as at least some
of its graph-aware mechanisms, can be reused.

Currently the framework is being used in several student projects
and research activities aimed at extending the results obtained in [11].
So far, the framework has been already used in a number of scholarly
publications. In particular, the original version of the framework, which
did not include any graph-aware mechanism, was used firstly in [14],
with a single-objective formulation of the IM problem, and later in [15–
17], with a multi-objective formulation aimed at maximizing influence
while minimizing the number of seed nodes. Eventually, the frame-
work has been consolidated as presented here, and extended with the
graph-aware mechanisms introduced in [11].
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