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An Algorithm for Enumerating Maximal j-cored Connected k-Plexes
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A notion of k-Plexes has been originally introduced to define a class of pseudo-cliques with the property of
anti-monotonicity. By the anti-monotonicity, a simple enumeration algorithm can be designed just like a maximal
clique generator. However, sparse k-Plexes exist in general particularly for larger k. To restrict our consideration
to a subclass of more dense pseudo cliques, we consider additional constraints that k-Plex must be connected and
a j-core. A vertex set inducing j-cored connected k-Plex is called a (j,k)-PC. Although the class of (j,k)-PC
does not satisfy anti-monotonicity, we can present a branch-and-bound algorithm for enumerating all (3, k)-PC by
extending standard maximal k-Plex or clique enumerator. Particularly, the branch-and-bound control is used to
cut off hopeless vertex sets that cannot grow to some (7, k)-PC.
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