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In this talk we briefly review a number of relevant EDA research direc-
tions participated by researchers of the Intelligent Systems Group in the period
2011-2024. These directions comprise: theoretical approaches, methodological
enhacenments and improvements to EDAs, probabilistc modeling in EDAs for
permutation-based representations, and challenges in the real-world applications
of EDAs.

Our approaches for a theoretical analysis of EDAs include a comprehensive
characterization of the behaviors of EDAs based on factorizations [9, 10] and
a mathematical analysis of EDAs with distance-based exponential models [38].
Also, the impact of problems such as symmetric problems on EDAs [24] and the
limits of effectiveness of EDAs have been investigated [11].

Among the methodological extensions and enhancements of EDAs are the
introduction of new sampling strategies [25, 30], the research and design of se-
lection strategies tailored for EDAs [31, 37], the extension to multi-objective
problems [19, 20, 44], the use of probabilistic models as surrogates [29], parallel
implementations [21], design of hard instances for EDAs [27, 44] and the in-
corporation of methods for dealing with constrained problems [35]. One recent
research direction is the use of deep neural networks to represent and sample
high fitness solutions. This includes the use of generative models [14, 8, 18] and
the investigation of sampling techniques especifically suited for neural networks
[12, 15].

Work on the proposal of new probabilistic models that allow EDAs to deal
with permutation-based optimization problems have considered a variety of mod-
els including several variants of Mallows models [4, 2, 3, 7, 1], Plackett-Luce [5],
doubly stochastic matrix models [33] and other alternative representations [17].
The work in this direction includes extensions to multi-objective problems [43,
42], and the proposal of a software library that implements permutation-based
EDAs [16].

Application of EDAs to real-world problems in diverse domains have been
proposed. They include problems from bioinformatics [28, 26], planning [41],
routing [40], optimization and design of quantum-based methods [23, 32], cryp-
tographic applications [22], compiler flag selection [13], the graph partitioning
problem [6], space trajectory optimization [34, 36] and, more recently, the prob-
lem of delineating site-specific management zones [39].
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