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Scientific context

Optimization with genetic algorithms

Genetic algorithms

@ Widely applied heuristic search algorithms used for
optimization and learning.

@ Applied to black-box optimization problems where exact
optimization algorithms can not be applied.

@ Difficulties to deal with problems where variables exhibit
complex patterns of interactions.

DA™



Scientific context

Probabilistic models in optimization

Estimation of distribution algorithms (EDAS)

@ Explicitly model the interactions between variables using
probabilistic graphical models (e.g. Bayesian networks).

@ Machine learning methods are used to learn the models.

@ Can deal with problems where variables exhibit strong
interactions.

@ Probability theory as solid theoretical foundation for the
study of EDAs.
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Scientific context

Probabilistic models in optimization

Optimization methods based on inference

@ A probabilistic graphical model is associated to the
function.

@ Inference is done using message-passing algorithms (e.g.
belief propagation).

@ Marginal probabilities or most probable configurations are
used to recover the optimal solutions.

@ Theoretical research on the convergence and dynamics of
these methods have achieved important results.
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Scientific context

Probabilistic models in optimization

Importance of using probabilistic modeling in
search

@ The problem is not just solved but also a model of it is
constructed.

@ Machine learning algorithms extract information from the
search space (data mining).

@ The models allow incorporating a priori information into the
search.

@ Hybridization with other optimization methods is possible.

@ There are different alternatives for parallelizing the
algorithms.
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Scientific context

Probabilistic models in optimization

Some open problems in probabilistic modeling in
optimization

@ For a given problem: Which class of model select?
Determine the theoretical properties of the model.

@ Relationship between fitness landscapes, fithess
distributions and search distributions.

@ Probabilistic modeling of practical problems (multiobjective,
constrained and problems with mixed variables).
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Contribution

Personal approach to research in EDAs

Personal approach to research in EDAs

@ Research of probabilistic modeling in EDAs (conception,
implementation and study of the models).

@ Enhancement of EDAs (improvement of the components,
combination with other algorithms,etc.).

@ Solution of practical problems (contrained problems,
protein folding, protein side chain placement,etc.).
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Contribution

Personal approach to research in EDAs

Probabilistic modeling

@ Introduction of mixtures of distributions in EDAs (mixtures
of trees) [GECCO-2001].

@ Study of probabilistic models based on undirected graphs
(Markov network factorized distribution
algorithms)[ECML-2003].

@ Proposal of invalid factorizations in EDAs (Kikuchi
approximations of the distribution)[Evol. Comp. 2005].

@ Mixtures of Kikuchi approximations [ECML-2006].
@ MATEDA: A suite of EDAs programs in MATLAB.




Contribution

Personal approach to research in EDAs

Enhancements to EDAs

@ Analysis of the sampling step [CEC-2002].

@ Modification of the EDA components (Selection methods)
[ESM-2003].

@ Combination with loopy belief propagation. [Phd. Diss.
2006, Submitted for pub.].

@ Combination with variable neighborhood search [Jour.
Heur. 2007. Accepted].
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Contribution

Personal approach to research in EDAs

Solution of practical problems

@ Finding typical testors [ISPR-2000].

@ Solution of problems defined on Turing machines
[GECCO-2000].

@ Protein folding in regular lattices [ISBMDA-2004,
Submitted for pub.].

@ Protein side chain placement using rotamer libraries [Al in
Med. 2007].

@ Minimization of protein contact potentials [EvoBio-2007].
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Contribution

Personal approach to research in EDAs

Ongoing work: Submitted papers

@ Protein folding in simplified models with estimation of distribution algorithms. R.
Santana, P. Larrafiaga and J. A. Lozano. IEEE Transactions on Evolutionary
Computation.

@ UMDA dynamics for parametric functions with unitation constraints. L.
Lozada-Chang and R. Santana. Information Sciences.

@ Optimization by max-propagation using Kikuchi approximations. R. Hoens,
R.Santana, P. Larrafiaga and J. A. Lozano. International Journal of Approximate
Reasoning.

@ A parallel framework for loopy belief propagation. A. Mendiburu, R. Santana, E.
Bengochea and J. A. Lozano. Workshop on Parallel Algorithms. Genetic and
Evolutionary Conference (GECCO-2007).

@ Exact Bayesian network learning in estimation of distribution algorithms. C.
Echegoyen, J. A. Lozano, R. Santana and P. Larrafiaga. Congress on
Evolutionary Computation (CEC-2007).




Contribution
Example: Side chain placement with EDAs

Backbone and side chain of the

protein
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Contribution

Example: Side chain placement with EDAs

EDA + Local Search

@ Problem reduction: Dead-end elimination (DEE) algorithm
(DeMaeyer et al:2000)

@ Global search: Estimation of distribution algorithm (e.g.
UMDA or Tree-EDA)

@ Solution refinement; Local optimization method (e.g.
variable neighborhood search (VNS))
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Contribution

Example: Side chain placement with EDAs

UMDA results

Results for protein  pdbld2e

Figure: Native backbone structure corresponding to the pdbld2e
protein and side chain configuration found by UMDA




Contribution
Example: Side chain placement with EDAs

Chain B

Chain A

discovered by Tree-EDA.

Figure: Protein pdbltki (a) Original structure. (b) Interactions

DA™



Impact

Impact of the contribution

@ Use of the software MATEDA.

@ Participation in conference committees.

@ Citations in scientific publications.




Impact

Impact of the contribution

More than dowloads.

Conference technical committees 2007

@ 7th European Conference on Evolutionary Computation in
Combinatorial Optimization (EvoCOP-2007).

@ Congress on Evolutionary Computation (CEC-2007).
@ Genetic and Evolutionary Computation (GECCO-2007).
@ European Conference on Machine Learning (ECML-2007).
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Impact

Impact of the contribution

@ Proteome informatics for cancer research: From molecules to clinic. V. Brusic, O. Marina, C. J. Wu and E.
Reinherz. Proteomics. Vol. 7. Numb. 6. Pp. 976-991. 2007.

(*] Incorporating a priori knowledge in probabilistic-model based optimization. S. Baluja. Scalable Optimization
via Probabilistic Modeling. From Algorithms to Applications. Studies in Computational Intelligence. 33.
Springer. Pp. 206-222. 2006.

@ The factorized distribution algorithm and the minimum relative entropy principle. H. Muehlenbein and R.
Hoens. Scalable Optimization via Probabilistic Modeling. From Algorithms to Applications. Studies in
Computational Intelligence. 33. Springer. Pp. 11-37. 2006.

Multi-objetive optimization with the Naive MIDEA. P. Bosman and D. Thierens. Towards a New Evolutionary
Computation: Advances on Estimation of Distribution Algorithms. Springer-Verlag. Pp. 123-157. 2006.

Markov Structure Random Sampler (MSRS) Algorithm from Unrestricted Discrete Graphic Markov Models.
E. Diaz, E. E. Ponce-de-Leon, Proceedings of MICAI conference. Pp. 199-206. 2006.

Extracted global structure makes local building block processing effective in XCS. M. V. Butz, M. Pelikan, X.
Llora and D. E. Goldberg. Proceedings of the 2005 conference on Genetic and Evolutionary Computation.
Pp.655-662. 2005.

(“ N learning classifier systems bibliography. T. Kovacs and P. L. Lanzi. Lecture notes in computer science.
Vol. 1813/2000. Springer. Pp. 321. 2004.
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Impact

Impact of the contribution

%] Algoritmos de estimacion de distribuciones en problemas de optimizacion combinatoria. P. Larrafiaga, J. A.
Lozano and H. Muhlenbein. Revista Iberoamericana de Inteligencia Artificial. Numb. 19. Pp. 149-168.
2003.

@ Random keys on ICE : Marginal product factorized probability distributions in permutation optimization P.
Bosman and D. Thierens. Utrecht University Technical Report UU-CS—2002-054. 2002.

@ Permutation optimization by iterated estimation of random keys marginal product factorizations. P. Bosman
and D. Thierens. Proceedings of the Parallel Problem Solving from Nature Conference (PPSN VII). Pp.
331-340. 2002.

Evolutionary optimization by distribution estimation with mixtures of factor analyzers. D. Y. Cho and B. T.
Zhang. Proceedings of the 2002 Conference on Evolutionary Optimization (CEC-2002). Pp. 1396. 2002.

Using a priori knowledge to create probabilistic models for optimization. S. Baluja. International Journal of
Approximate Reasoning. Vol. 31. Numb. 3. Pp. 193-220. 2002.

Tool for Evolutionary Computation. Kluwer Academic Publisher. Pp. 57-100. 2002.

A review of Estimation of Distribution Algorithms. R. Sagarna and P. Larrafiaga. Estimation of Distribution

(*)

*)

@ A review of Estimation of Distribution Algorithms. P. Larrafiaga. Estimation of Distribution Algorithms. A New

(*)
Algorithms. A New Tool for Evolutionary Computation. Kluwer Academic Publisher. Pp.195-210. 2002.

*)

Rule induction by Estimation of Distribution Algorithms. B. Sierra, E. A. Jimenez, I. Inza, P. Larrafiaga and J.
Muruzabal. Estimation of Distribution Algorithms. A New Tool for Evolutionary Computation. Kluwer
Academic Publisher. Pp. 313-322. 2002.
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Impact

Impact of the contribution

(*] Multi-Objective Mixture-based Iterated Density Estimation Evolutionary Algorithms. D. Thierens and P. A. N.
Bosman. Proceedings of the Genetic and Evolutionary Computation Conference GECCO-2001. Pp.
663-670. 2001.

@ How learning can guide evolution in hierarchical modular tasks. J. Wiles, B. Tonkes and J. R. Watson.
Proceedings of the 23rd Annual Conference of the Cognitive Science Society (CogScy-2001). Pp.
1130-1135. 2001.

(*) Globally Multimodal Problem Optimization Via an Estimation of Distribution Algorithm Based on
Unsupervised Learning of Bayesian Networks. J. M. Pefia, J. A. Lozano and P. Larrafiaga. Vol. 13. No. 1.
Pp. 43-66.

DEUM: A Framework for an Estimation of Distribution Algorithm based on Markov Random Fields. S.
Shakya. Ph. D. Dissertation. School of Computing. University of Aberdeen. 2006.

Parallel implementation of Estimation of Distribution Algorithms based on probabilistic graphical models.
Application to chemical calibration models. A. Mendiburu-Alberro. Ph. D. Dissertation. University of Basque
Contry. 2006.

Estimation of Distribution Algorithms and minimum relative entropy. R. Hoens. Ph. D. Dissertation.
University of Bonn. 2006.

Learning Bayesian networks from data with factorisation and classification purposes. Applications in
Biomedicine. R. Blanco. Ph. D. Dissertation. University of Basque Contry. 2005.
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Scientific project

Project Dolphin: Overall objectives

@ Analysis of the structure of a multi-objective problem.
@ Cooperation of optimization methods.

@ Parallel optimization methods.

@ Framework for parallel and distributed metaheuristics.

@ Validation: Telecommunications, transportation and
logistics, bioinformatics.
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Scientific project

Research project: Short-term objectives

Research project: Short-term objectives

@ Application of the available theoretical framework
developed for the use of probabilistic models in search to
the study of multiobjective problems.

@ Use of the available EDA software for protein optimization
and data mining problems.

@ Conception of cooperative optimization methods that
involve EDAs and message-passing algorithms.

@ Theoretical analysis and enhancement of EDAs.
@ Extension of the MATEDA software.
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Scientific project
Research project: Mid-term objectives

Research project: Mid-term objectives

@ Application of probabilistic modeling to other optimization
and data mining problems from bioinformatics.

@ Design of strategies for parallelization of optimization
methods that use probabilistic modeling.

@ Study of the relationship between the dominion of difficulty
of the problems and the EDA dynamics.
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Research project: Mid-term objectives

Scientific project
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