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Context

Bayesian Networks (BNs) are graphical models which allow us to express a joint probability distribution over a set of random variables by exploiting conditional independence between variables
to decompose the distribution.
The problem of Bayesian Network Structure Learning consists in finding a Bayesian Network with maximum likelihood given a set of observations over discrete random variables. This
problem has several applications including gene regulation networks [ACADG+ 13], risk analysis
[TCRG08] and image processing [LSS05]. Unfortunately it is a computationally challenging problem, as it involves exploring the space of all directed acyclic graphs, which is superexponential in
the number of random variables. In terms of computational complexity, it is NP-hard [CHM04],
meaning that it is unlikely that it can be solved in polynomial time.
Some recent progress in solving this problem in practice has been achieved by limiting the
number of parents of each random variables, that is, by limiting the number of other variables on
which it is immediately dependent. Several approaches have proved successful, based on integer
programming [BC17], dynamic programming [FY15] and constraint programming [vBH15]. This
progress also relies on a range of techniques that improve local inference.
The SaAB team of MIAT has previously worked on this problem as well as its applications on
reconstruction of gene regulatory networks [ACADG+ 13]. A previous thesis explored incomplete
methods for this using biological data in a genetical genomic context [VMdG12]. Additionally,
the team has extensive experience in the development of practical methods for combinatorial optimization, in particular in the context of cost function networks (CFNs) [HOA+ 16].
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Thesis project

The objective of the thesis is to develop a set of techniques for solving the Bayesian Network
Structure Learning problem as a Cost Function Network optimization problem. CFNs offer a
flexible framework for expressing optimization problems. The TOULBAR 2 solver developed by the
SaAB team has proved extremely successful as a black box solver. In this project we will go beyond
that and develop new optimization techniques, both general and specific for the BNSL problem. We
will build on the results of a previous internship in this direction and develop a propagator for the
weighted acyclicity constraint. We will incorporate symmetry breaking and dominance constraints
developed in the context of a constraint programming approach [vBH15], as well as cut generation
methods developed for an integer programming approach [BC17], following our previous work
in the same direction [dGK17]. Additionally, we will expand the existing component caching
facilities of the TOULBAR 2 solver to handle components that do not arise from decomposition.
Finally, we will extend the solver to handle implictly defined exponentially larger variable domains,
1

in order to handle BNSL problems with no bound on the arity of the parent sets. In a more
general direction, we will augment the branching heuristics of the solver to take into account the
information produced by the dual bounds, building on existing work [HSS18] and the results of a
previous internship with the team.
The techniques that we develop will be evaluated on both existing datasets as well as real
biological data from the SUNRISE project. The implementation will be incorporated into the
open source TOULBAR 2 C++ solver, with special provisions for handling BNSL problems directly,
without forcing the user to perform conversion to CFN manually. The scientific results will be
published in top conferences and journals on Artificial Intelligence and Bioinformatics, as is the
normal practice of the SaAB team.
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