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Motivation and objectives

Research motivation

Current state

@ Better knowledge about EDAs is available.

@ Theoretical results that explain EDA dynamics have been
proved.

@ Increasing number of publications.
@ New enhancement techniques have been proposed.

@ If we compare with GAs, EDA applications to real world
optimization problems are still limited.

@ What is missing for further EDA applicability?

Roberto Santana EDAs: From Available Implementations to Potential Developm



Motivation and objectives

Research motivation

Research on EDA software is required

(*)

Relevant questions

- ~

(*)
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Thesis: More research on EDA implementations (software
development) is needed.

Which EDA implementations are currently available?

What do EDA implementations provide to potential users?
What is missing from available EDA implementations?
How can this gap be filled?

How to improve and extend the range of EDA applications?

How new computational paradigms and programming techniques should be
taken into account?
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Motivation and objectives

Research objectives

How to address the relevant questions?

@ Review and compare available EDA implementations.
@ Propose a classification useful for users and developers.

@ Propose two alternative strategies for EDA software
development.

@ Identify and analyze new domains of application for EDAs.

-
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Available EDA software

Some obstacles for EDA software availability

What makes EDA software implementation difficult?

@ Programming EDAs requires knowledge about probabilistic
graphical models (PGMSs).

@ PGM learning and sampling algorithms are not as intuitive
as traditional genetic operators.

@ PGMs may require more computational resources (time
and memory).
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Available EDA software

Survey of EDA software

Available EDA implementations

Identifier Reference Language
MBOA, AMBOA [49, 48] C++
BOA [53, 51, 52] C++
Tree-EDA [58] C++
RM-EDA [84] C++,M
Hybrid-EDA [83] C++,M
MATEDA-2.0 [65, 67] M
ECGA [34, 35, 69, 70] | C++M
LiO [40] Java
Evoptool [79] C++
AMALGAM 7 c
ParadiseO [112, 77] C++
gtEDA [29] M
Table: Description of surveyed EDA software implemented in C, C++,
Matlab (M) and Java [Only software available online was considered].
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Available EDA software

EDA software

What most EDA software provides?

@ Solution to single-objective functions.

Continuous OR discrete (mainly binary) problems.
Choice between different PGMs.

Different selection and replacement methods.
Basic statistics about the algorithm behavior.
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Some few implementations may contain one or two
enhancement techniques.

Roberto Santana EDAs: From Available Implementations to Potential Developm



Available EDA software

A classification of EDA software according to code

organization

Classes of EDA software
@ Implementation of a single EDA.
@ Independent implementation of multiple EDAs.
@ Common modular implementation of multiple EDAs.
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Available EDA software

A classification of EDA software

Implementation of a single EDA

@ Test a new EDA or extend its current scope of application.
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Available EDA software

A classification of EDA software

Implementation of a single EDA

@ Test a new EDA or extend its current scope of application.

Independent implementation of multiple EDAs

@ Provide independent implementations of different EDAs
@ Other EAs are usually implemented.
@ None or few common code is shared between implementations.
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Available EDA software

A classification of EDA software

Implementation of a single EDA

@ Test a new EDA or extend its current scope of application.

Independent implementation of multiple EDAs

@ Provide independent implementations of different EDAs
@ Other EAs are usually implemented.

@ None or few common code is shared between implementations.
. ot

Common modular implementation of multiple EDAs

@ Take advantage of the modular structure shared by most of EDAs.
@ EDA components (e.g. learning methods) are encapsulated in modules.
@ An EDA is as a particular combination of modules.

A\
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Extending the functionalities of EDA implementations

How to extend EDAs functionalities?

Improve efficiency
@ Self-adjusting the EDA parameters.
@ Parallel implementations.
@ Hybrid strategies.

Improve information analysis

@ Support for statistical analysis of experimental results.
@ Advanced visualization of the EDA evolutionary path.
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Extending the functionalities of EDA implementations

Extended functionalities

Self-adjusting the EDA parameters
@ PGM-based methods to estimate the population size.
o Predicting the time of convergence for the algorithm and adjusting number of generations.

%] Adding PGM priors (probabilistic mutation).
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Extended functionalities

Self-adjusting the EDA parameters

@ PGM-based methods to estimate the population size.
o Predicting the time of convergence for the algorithm and adjusting number of generations.

%] Adding PGM priors (probabilistic mutation).

Parallelization

@ Parallel fitness evaluation.

@ island models of populations.

o Migration of individuals and probabilistic models.
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Extending the functionalities of EDA implementations

Extended functionalities

Self-adjusting the EDA parameters

@ PGM-based methods to estimate the population size.
o Predicting the time of convergence for the algorithm and adjusting number of generations.

%] Adding PGM priors (probabilistic mutation).

Parallelization

@ Parallel fitness evaluation.
@ island models of populations.

o Migration of individuals and probabilistic models.

Hybrid strategies

| \

Adding local optimization methods.
Combination of EDAs and GAs.
Restart strategies based on different search situations.

© 606 ¢

Adaptively selecting between different probabilistic models.

A\
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Extending the functionalities of EDA implementations

How to extend EDAs functionalities?

Enhancing EDA implementations

@ Even basic enhancements are rarely incorporated to
available software.

@ How to incorporate them?

Two approaches to EDA software development

© Tailor-made EDA applications for specialized domains.
@ General and flexible libraries.
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Extending the functionalities of EDA implementations

Two approaches to EDA software development

Scenario 1: Tailor-made applications

@ Able to incorporate problem domain information.
@ Combination with other optimization methods possible.
@ Intuitive for users from other areas.

@ Added to specific domain libraries (e.g. software packages
for Bioinformatics, Design, etc.).
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Extending the functionalities of EDA implementations

Tailor-made applications

Figure: Components of a brain computer interface.

Ongoing work: Adding optimization to brain computer interfa ces (BCls)

@ BClIs: Communication systems that enable users to send commands to
computers only by means of brain activity.

@ OpenViBE: Developed at INRIA. Enables to design, test and use BCls.
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Extending the functionalities of EDA implementations

Tailor-made applications
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Extending the functionalities of EDA implementations

Two approaches to EDA software development

Second Scenario: General and flexible EDA libraries
@ General algorithms easy to adapt to different domains.
@ Fitness function is implemented by the user.
@ New EDA functionalities can be added by the user.

Roberto Santana EDAs: From Available Implementations to Potential Developm



Extending the functionalities of EDA implementations

Second Scenario: General and flexible libraries

MATEDA: A suite of EDA programs in Matlab

@ Optimization module: Implements different EDAs for single
and multi-objective problems

@ Data analysis and visualization module: Extracts and
visualizes the structures of the models learned during the
evolution

@ Function approximation module: Creates and validates
models of the functions based on the probabilistic models
learned by EDAS
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Extending the functionalities of EDA implementations

Two approaches to EDA software development

Going beyond current EDA applications.
@ Increasing efficiency is not enough.
@ How to go beyond current use of EDAs?
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Expanding the range of applications: From EDAs to EDAs+

EDA+ implementations

EDA vs EDA+

@ EDA: It solves an optimization problem using a PGM.

@ Enhanced EDA: It solves the optimization problem more
efficiently by means of enhancement-techniques (e.qg.
parallelization, fithess approximation).

@ EDA+: Itis not just an enhanced EDA. It adds other

functionalities (e.g. data mining, model synthesis, transfer
learning).
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Expanding the range of applications: From EDAs to EDAs+

EDA+ implementations

What should a general EDA+ implementation provide?

@ Modular approach able to solve multi-objective and
dynamic functions.

@ Automatic problem structure extraction methods.
@ PGM-based fitness estimation methods.

@ Potential for transfer learning.
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Expanding the range of applications: From EDAs to EDAs+

EDA+ implementations

Sing a priori in
(Santana, Lozano and Larrafiaga:2007): Side chain placement using estimation of distribution algorithms.
Atrtificial Intelligence in Medicine.

(Santana, Lozano and Larrafiaga:2007): Combining variable neighborhood search and estimation of
distribution algorithms in the protein side chain placement problem. Journal of Heuristics.

(Santana, Lozano and Larrafiaga:2008): Protein folding in simplified models with estimation of distribution
algorithms. IEEE Transactions on Evolutionary Computation.

(Santana et al: 2009): Mining probabilistic models learned by EDAs in the optimization of multi-objective
problems. GECCO-2009.

(Santana et al: 2010): Multi-marker tagging SNP selection using estimation of distribution algorithms.
Atrtificial Intelligence in Medicine.

(Santana, Bielza and Larrafiaga:2010): Using probabilistic dependencies improves the search of
conductance-based compartmental neuron models. EVOBIO-2010.
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(Santana et al: 2011): Network theoretic measures for structural modeling and information extraction in
evolutionary algorithms. Submmited to publication.
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Expanding the range of applications: From EDAs to EDAs+

EDA+ example

\-transformation
. §
¢-transformation
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Expanding the range of applications: From EDAs to EDAs+

EDA+ implementations

Going beyond optimization

@ Conjecture: Optimization may not be the primary task of a new class of EDAs.

Task 1. Dynamic model generation and structural mining

@ Evolving sets of solutions but focusing on the evolution of the learned models.
@ Optimization used to bias model construction, as a means and not as an end.

@ Other criteria may be used to guide the generation of the models.
. ot

Task 2. Hypothesis validation about problem structure

@ The probabilitic structure of the model is fixed a priori (as a structural
hypothesis).

@ EDA evolution is used to study the hypothesis implications.

\
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Other possible developments in EDA software

Possible developments

Where to find EDA+ applications?

@ In real word problems (RWP).
@ How to make EDA+ applications available to RWP solvers?

Four promising research directions

0 Use numerical and stastistical software to implement EDAs.
9 Create EDA implementations using popular scripting programming languages.

e Investigate the feasibility of implementing EDAs in PDIs, mobile telephones and
other portable devices.

0 Study potential applications of EDA implementations in virtual environments.
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Other possible developments in EDA software

A case for statistical software

R and Matlab

@ Intended primarily for statistical and in general numerical computing.
@ Provide a programming language and software environment.
@ Easy implementation of independent scripts and modules.

o
Opportunities for EDAs

@ Sophisticated implementations of probabilistic modeling and machine learning
methods (e.g. copula functions, Cauchy distributions, Gibb sampling).

@ Can be used to ease the conception and validation of different EDA approaches.
@ Several functions benchmarks for EAs are available.

Challenges

@ Scalability of the algorithms with the number of variables.
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Other possible developments in EDA software

A case for scripting languages

Perl and Python

@ Serve to interface a variety of applications allowing to address diverse
optimization problems, possibly implemented in different languages.

@ The languages of choice for many scientific communities.

Opportunities for EDAs

| A\

@ Several (potential EDA usable) modules are already implemented

@ EDASs programs could be tested in a wide variety of real-world optimization
problems.

| \

Challenges

@ Conceiving appropriate data structures for PGMs and EAs.
@ Keep the efficiency of current fast EDA implementations.

\
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Other possible developments in EDA software

A case for scripting languages

Some initial EDA implementations in Python
@ pymmeda: Python Library for EDAs (UMDA,PBIL,cGA).

Available machine learning libraries in Python

@ PyBrain: Modular Machine Learning Library for Python.
@ PBNT: Python Bayesian network toolbox.
@ pymc: Markov chain Monte Carlo for Python.

@ Shogun: A Large Scale Machine Learning Toolbox (C++ with Python interface)

Available evolutionary algorithms libraries in Python

@ pygene: A simple python genetic algorithms/programming library.

@ PyLEA: A framework for evolutionary algorithms.

@ deap: Distributed Evolutionary Algorithms in Python.

@ Pyevolve: A complete python genetic algorithm framework. )
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Other possible developments in EDA software

A case for new computational platforms

New platforms

@ Consumer-lever graphical cards (GPUSs).
@ Cell broadband engines (Used in playstations).

Opportunities

| A\

@ Parallel EDA implementations.

@ Using vector (instead of scalar) operations.

@ Solving large and costly real-world problems.

@ UMDA implementations in cell broadband engines [60].

Challenges

| A\

@ How to adapt EDA implementations to constraints in the GPU architectures?

@ Distributing PGM learning is not always possible and straightforward.

\
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Other possible developments in EDA software

A case for new computational platforms

New platforms

@ Mobile computing devices: mobile phones, PDIs and other portable devices.

@ Human interaction: Evolutionary design, games, and evolutionary art
applications.

@ Social networks: Opportunities for collaborative interactive evolution.
@ Portability: Probabilistic modeling of human-based fitness functions.

@ Geographic information: Simultaneous optimization and modeling of solutions.
o

Challenges

@ Implementating EDAs in Androids or similar languages is required. GA
implementations already exist [20].

@ Trade-off between model complexity and model efficiency plays a critical role.

Roberto Santana wvailable Implementations to Potential Developm



Other possible developments in EDA software

A case for virtual environments

Virtual environments and online virtual words

@ Realistic three-dimensional simulations facilitating social interactions (e.g.
SecondLife).

Opportunities

@ EDA components (e.g. PGMs) can be embodied within bots and avatar.

@ Procedural language (e.g. LSL) allows EDA implementations.

@ An excelent ground for investigating genetic based machine learning algorithms.
@ Human-machine interactions.

| \

Challenges

@ Limits in the computational power provided by the virtual environments.
@ Limited number of prims for modeling.

A\
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Other possible developments in EDA software

A case for virtual environments

zing a solution in a virtual environment

Avatar HP protein conf. Virtual conf. Optimization
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Other possible developments in EDA software

A case for virtual environments

Linden Scripting Language

@ A state-event driven scripting language,

@ Scripts can change most aspects of the state of the object and communicate
with other objects and agents.

@ Multiple scripts may be placed inside an object, where they all execute
simultaneously.

. o
HP approach in SL

@ Each solution is a chain of HP residues.

@ Solutions can be rearranged by avatars.

@ Each solution computes and displays its fitness function.

@ Models are embodied within an object (carpets) that contains the solutions.
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Conclusions

Conclusions

@ Available EDA implementations should incorporate theoretical achievements and
make them available to the users.

@ Developing EDA programs in different computational platforms and languages
should contribute to expand their applications.

@ The application of EDA can go beyond the optimization domain to reach other
areas in machine learning.
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Conclusions
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