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MATEDA: Characteristics of the program

Characteristics of the program

MATEDA features

@ Optimization of single and multi-objective problems

@ Highly modular implementation where each EDA
component is implemented as an independent program.

@ User can add new components to the program

@ Includes learning and sampling methods of undirected and
directed probabilistic graphical models

@ It can solve problems with discrete and continuous
variables
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MATEDA features

@ The knowledge extraction and visualization module can
extract, process, and display information from the data
generated by the EDA

@ It has a variety of seeding, local optimization, repairing,
selection and replacement methods

@ It includes statistical analysis of different measures of the
EDA evolution

@ It has an extended library of functions and testbed
problems
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Characteristics of the program

MATEDA modules

@ 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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Modular organization

A modular approach to EDAs

1 Sett <=0

2 Do

3 Ift =0

4 Generate an initial population Dy using a seeding method

5 If required, apply a repairing method to Dy

6 Evaluate (all the objectives of) population Dy using an evaluation method

7 If required, apply a local optimization method to Dy

8 Else

© Sample a Dsampled POPUlation using a sampling method

10 Evaluate (all the objectives of) population Dsampieg Using an evaluation method
11 If required, apply a repairing method to Dgampled

12 If required, apply a local optimization method to DSammed

13 Create Dy from populations Dy 3 and Dgampleq Using a replacement method
14 Select a set DtS of points from D; according to a selection method

15 Compute a probabilistic model of DtS using a learning method

16 t<=t+1
17 Until the evaluation of the termination criteria method is true

Table: MATEDA approach to EDAs
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Modular organization

Characteristics of the program

MATEDA components

@ Repairing methods are applied to constrained problems for
which sampled solutions are unfeasible

@ The evaluation method comprises the evaluation of the
solutions

@ Local optimization methods do some local search around
the current solution

@ Sampling methods are used to generate new solutions
from the learned probabilistic models
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Characteristics of the program

MATEDA components

@ Replacement methods combine the solutions visited in
previous generations with the current set of sampled
solutions

@ Selection methods identify the set of solutions that will be
modeled, which are usually the solutions with the best
fitness evaluation.

@ The learning method involves parametric or structural
learning, also known as model fitting and model selection,
respectively.

@ The termination criteria method determines the stopping
conditions for EDA evolution J
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Algorithms that can be implemented

Characteristics of the program

Probabilistic models that can be implemented

General factorizations
Bayesian networks
Gaussian networks

(]

)

9

@ Markov networks

@ Mixtures of distributions
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Algorithms that can be implemented

Characteristics of the program

EDAs that can be implemented

@ Univariate marginal distribution algorithm
@ Factorized distribution algorithm
@ EDAs based on trees and forests

@ EDAs based on Bayesian and Gaussian networks

@ Markov chain estimation of distribution algorithm
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Algorithms that can be implemented

Characteristics of the program

EDAs that can be implemented

@ EDAs based on univariate and multivariate Gaussian
distributions

@ EDAs based on mixtures of continuous distributions

@ Markov optimization algorithm

@ Affinity propagation EDA
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Algorithms that can be implemented
Steps in solving optimization problems

Par
Exampl

Program installation

Steps to install Mateda-2.0

Create a working directory TestMateda

Download Mateda program from
http://iwww.sc.ehu.es/ccwbayes/members/rsantana/software/matlab/MATEDA. html

b:] Unzip and untar file IntEDA.tar.gz and put the Mateda2.0 directory within the directory TestMateda
L) Download Bayes net toolbox for matlab http://code.google.com/p/bnt/
5 Unzip FullBNT-1.0.4.zip and put the directory FullBNT-1.0.4 within TestMateda

&) Download Structure Learning Package for Bayes Net Toolbox at
http://iww.mathworks.com/matlabcentral/fileexchange/13562-structure-learning-package-for-bayes-net-
toolbox
Unzip and untar the BNT-SL.tar.zip file, extract the directory BNT-SLP and put it within the directory
TestMateda

Set the path to the current BNT structure learning tool directory. This is done by modifying file add_SLP.m,
SLP_HOME = D : \TestMateda\BNT_SLP;

0 Open file InitEnvironment.m which is within Mateda2.0 and set
path_mateda = D : \ TestMateda\\Mateda2.0, path_FullBNT = D : \TestMateda\FullBNT 1.0.4 and
path_BNT_SLP = D : \TestMateda\BNT _SLP

@ cd TestMateda\Mateda and run InitEnvironment
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Steps to run an EDA in Mateda-2.0

© Create or define the file of the function to be optimized
Q Define the type of representation to be used

© Create the vector with the range of values (for the
continuous case) or the cardinality of the variables (for the
discrete case)

© Choose each EDA component, identify its corresponding
MATEDA implementation and determine the parameters to
be passed to each method

@ Execute RunEDA.m

-
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Steps in solving optimization problems
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Characteristics of the program

How to define the EDA components?

@ Type of variable representation (discrete or continuous)

@ Domain of definition for each variable (discrete problems
with high cardinality may not be treated using complex
models)

@ Existence of prior information about the problem (e.g.,
when a feasible factorization is known it can be employed)

@ Computational cost of the fitness function (should be taken
into account when setting the population size)
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Modular organization

jorithms that can be implemented

g optimization problems
Parameters of the program
Examples of application

Input parameters

Main parameters

@ PopSize: Population size
@ n: Number of variables
@ F: Name of the Matlab file that implements the (possibly multiobjective) function

@ Card: Cardinalities of the variables for the discrete problems or range of each
variable for the continuous problem

@ cache: A vector specifying which components of the algorithm will be stored

o

Cache parameters

0 Entire population

Q Selected population

Q Probabilistic model

Q Fitness values of the entire population
Q Fitness values of the selected population
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Modular organization
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Input parameters

How to define the EDA components?

@ edaparams: An array of cells specifying all the components and parameters
used by the EDA

@ Each row has the form {type_of_method,
name_of_implementation, implementation_parameters }

@ type_of_method defines an EDA component:

'seeding_pop_method’
'sampling_method’,
‘repairing_method’
'local_opt_method’
‘replacement_method’
'selection_method’
‘learning_method’
'statistics_method’
‘'verbose_method’
'stop_cond_method’

© 0060666666

Roberto Santana pproach to EDAs in Matlab



Examples of application

EDA implementation

EDA with parameters by default

@ Model: Tree

@ Learning method: LearnBN

@ Sampling method: SampleBN

@ Selection method: Truncation selection (T = 0.5)
@ Replacement method: Best elitism

9

Stopping criterion: Max. number of generations (50)
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MATEDA: Characteristics

EDA implementation

EDA with parameters by default: Onemax function

@ Problem: Define an EDA with default parameters for
solving the discrete OneMax function f(x) = Y, x; where
n=30andx € {0,1}

@ Open file DefaultEDA_OneMax.m in OptimizationScripts

directory
PopSi ze = 300;
1n = 30;
2F = '"sunm;
3 Card(1,:) = zeros(1,n);
4 Card(2,:) = 2xones(1,n);

5cache =[1,1,1,1,1];
6 edaparanms = {};
7 [Al'l Stat, Cache] = RunEDA( PopSi ze, n, F, Car d, cache, edapar ans) ;
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Modular organization
orithms that can be implemented

in solving optimization problems

Paramet of the program
Examples of application

EDA implementation output

EDA with parameters by default:Onemax function

kR, (Saneration 19 Frkktkktkktkk okt

Max objective values: 10

Sum of max objective values: 10

Mean objective values: 10

Sum of mean objective values: 10

Median objective values: 10

Sum of median objective values: 10

Min objective values: 10

Sum of min objective values: 10

Variance of the objective values: 0
Bestindividual: 1111111111

Number of different individuals: 1

Max values of the variables: 1111111111
Mean values of the variables: 1111111111
Median values of the variables: 1111111111
Min values of the variables: 1111111111
Variance of the variables: 0000000000
number of evaluations: 15000

Time: sampling 3.000000e-01, repairing 0, evaluation 0, local-opt 0, replacement 0, selection 0, learning
4.000000e-02, and total 3.400000e-01
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Examples of application

EDA implementation output

EDA with parameters by default:Onemax function

@ Populations of the first and tenth generations
image(Cache{1, 1} « 50), image(Cache{1,10} % 50),

@ Probabilistic model of the first and tenth generations:
Cache{3,1}, Cache{3,10}

Mean fitness value at each generation

for i=1:50,
1 meanval (i) = All Stat{i}(2)
2 end

3 pl ot (meanval )
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Examples of application

EDA implementation

EDA with parameters by default: Trapn function

@ Problem: Define an EDA with default parameters for
solving the discrete deceptive Trapn function
f(x) = >, x; where n = 45 and x; € {0, 1}

PopSi ze = 300;
1n = 45
2 F = 'eval functrapn’;
3 gl obal ntrapparam ntrapparam = 5; Card(1,:) = zeros(1,n);
4 Card(2,:) = 2xones(1,n);
5cache =[1,1,1,1,1];
6 edaparams = {}; MaxGen = 10;
7 stop_cond_paranms = {MaxGen};
8 edaparans{1} = {’'stop_cond_nethod’,’ maxgen’, stop_cond_par ans};
9 [All Stat, Cache] = RunEDA( PopSi ze, n, F, Car d, cache, edapar ans) ;

o
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Examples of application

EDA implementation

EDA with parameters by default:Trapn function

function[val ]=eval funct rapn(vector)
1 gl obal ntrapparam
2 NunmbVar = si ze(vector, 2);

3val = 0;

4 for i=1:ntrapparam NunbVar

5 val = val +Trapn(vector (i:i+ntrapparam 1), ntrapparan;
6 end
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EDA implementation

Implementation of a continuous Gaussian UMDA

@ Open file GaussianUMDA _ContSumFunction.m in
OptimizationScripts directory

PopSi ze = 500;

1n = 30;

2 F = "'"sum;

3 Card(1,:) = zeros(1,n);
4 Card(2,:) = 5*ones(1,n);

5 cache = [0,0,0,0,0];

6 edaparans{1} = {’'learning_nethod',’'LearnGussi anUni vModel ', {}};
7 edapar ans{ 2} {’ sanpl i ng_net hod’ , ’ Sanpl eGaussi anUni vibdel ' , { PopSi ze, 1
8 edapar ans{ 3} {"repl acenent _nmethod’,’elitism,h {1, fitness_ordering }}
9 edapar ans{ 4} {’sel ection_nethod’,’' prop_selection',{}};
10 [Al | St at, Cache] = RunEDA( PopSi ze, n, F, Card, cache, edapar ans) ;
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MATEDA

Parameters of the prog
Examples of application

EDA implementation

Tree-EDA for the optimization of the Ising

@ Open file BayesianTree_lsingModel.m in OptimizationScripts directory

gl obal lattice; % The lattice and the interactions
1 global inter; %are defined as gl obal variables
2 Pop- Si ze = 500;
3n = 64;
4 cache = [0,0,0,0,0];
5 Card = 2+xones(1,n);
6 F ='"Evallsing'; %Ising function
7 MaxGen = 150;
8 MaxVal = 86;
9lattice, inter= Loadlsing(n, 1); % The Ising instances is read
10 st op_cond_parans = {MaxGen, MaxVal }; % The al gorit hm st ops when
% opti mumis found or maxgen is reached
11 edaparans{1} = {’ stop_cond_net hod’,’' naxgen_naxval ', st op_cond_par a
12 edapar ans{2} = {’ sanpling_nethod’ ,’ Sanpl eMPE_BN , { PopSi ze}};
13 [Al | St at, Cache]=RunEDA( PopSi ze, n, F, Car d, cache, edapar ans) ;
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in solving optimization problems

Paramet of the program
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EDA implementation

Implementation of a discrete HP protein model

global InitConf; % This is the HP protein instance
1 % defined as a sequence of zeros and ones
2 InitConf = [zeros(1,12),1,0,1,0,1,1,0,0,1,1,0,0,1,1,0,1,1,0,0,1,1
3 ,001101,1001100,1,1,0,1,0,1, zeros(1,12)];
PopSi ze = 500;
4 NunbVar = size(lnitConf, 2);
5 cache = [0,0,0,0,0];
6 Card = 3xones(1, NunbVar);
7 maxgen = 100;
8 % The Markov chain nodel (Ciques) is constructed specifying the nunber of
9 % conditioned (previous) variables. In the exanple bel ow this nunmber is

10 % 1., i.e. p(x)=p(x0)p(x1|x0)...p(xn|xn — 1)
11 diques = Creat eMar kovhMbdel (NunbVar, 1) ;
12 F = ' Eval uateEnergy’; % HP protein eval uation function

13 edaparans{1} = {'learning_nethod’,’'LearnFDA , diques};

14 edapar ans{2} = {'sanpling_nethod’,’ Sanpl eFDA', PopSi ze};

15 % Repai ri ng nethod used to guarantee that solutions do not self-intersect
16 edaparans{3} = {'repairing_nethod ,’ HP_repairing' ,{}};

17 edapar ans{4} = {' stop_cond_net hod’,’ max_gen’, { maxgen}};

18 [Al | St at, Cache]=RunEDA( PopSi ze, NumbVar , F, Car d, cache, edapar ans)
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EDA implementation

Bayesian network based EDA for multi-objective 3-SA

gl obal Formul as; % G obal variable for SAT function

| oad TypeForm 1_Form 1. mat; % Mul tinodal SAT instance
n 20; % Nunber of vari abl es

m = 10; % Nunmber of objectives

¢ = 20; % Number of clauses

PopSi ze = 500;

NumbVar = n;
cache = [1,1,1,1,1];

Card = 2xones(1, NunbVar);

maxgen = 50;

10 F = * Eval uat eSAT’ ; % 3- SAT function

11 sel parans(1:2) = {0.5,’ Paret oRank_ordering’};

12 sanpl i ng_parans(1:3) = {PopSi ze, m Cbj _Card};

13 BN_parans(1:7) = {'k2',5,0.05," pearson’,’bayesian’,’ no’'};

14 edaparans{1} = {'learning_nethod’,’' LearnBN , BN parans};

15 edapar ans{ 2} {’ sanpl i ng_net hod’ , ’ Sanpl eBN , sanpl i ng_par ans} ;

16 edaparans{3} = {’'selection_nethod’,’truncation_selection’, sel parans};

17 edapar ans{ 4} ={" repl acenent _net hod’ ,’ best _elitisni, {’ Paret oRank_ordering'}};
18 edapar ans{5} = {'stop_cond_nethod’,’ max_gen’, { maxgen}};

19 [Al | Stat, Cache]=RunEDA( PopSi ze, NumbVar, F, Car d, cache, edapar ans) ;

O©O~NOOUAWNERE
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Examples of application

EDA implementation

Mixture of Gaussian distributions for a trajectory problem

gl obal MZADSMpr obl em % G obal variable for the space trajectory problem

1| oad EdEdJ; % The instance is read

2 NunbVar = 12;

3 PopSi ze = 5000;

4 F = 'Eval Saga’ ;

5 Card(1,:) = [7000,0,0,0,50,300,0.01,0.01, 1. 05, 8, - 1*pi , - 1*pi ] ;

6 Card(2,:) = [9100, 7,1, 1, 2000, 2000, 0. 90, 0. 90, 7. 00, 500, pi, pi ] ;

7 cache = [0,0,1,0,1];

8 | earning_params(1:5) = {'vars’,’'C usterPointsKnmeans’, 10, sqEucl i dean’, 1};

9 edaparans{1} = {'|earni ng_nethod’,’ LearnM xt ur eof Ful | Gaussi anMbdel s’ , | ear ni ng_par ans};
10 edaparans{2} = {'sanpling_nethod’,’ Sanpl eM xt ur eof Ful | Gaussi anModel s’ , { PopSi ze, 3}};
11 edaparans{3} = {'repl acement _method',’ best_elitisn,{ fitness_ordering’ }};

12 sel parans(1:2) = {0.1,'fitness_ordering’};

13 edapar ans{4} = {’'selection_nethod’,’truncation_selection’, sel parans};
14 edaparans{5} = {’'repairing_nethod’,’ SetWthi nBounds_repairing ,h{}};
15 edapar ans{6} = {’' stop_cond_nethod’,’ max_gen’, {5000}};

16 [Al | St at, Cache]=RunEDA( PopSi ze, NunbVar , F, Car d, cache, edapar ans)
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EDA implementation

Optimization of multi-objective decomposable functions

PopSi ze = 1000;
1n = 50;
2 cache = [1,1,1,1,1];
3 Card = 2+ones(1,n);
4 MaxGen = 30;
5 gl obal FunctionTabl es;
6 gl obal FunctionStructure;
7 gl obal FunctionAccCard;
8 gl obal Sel ect edObj ecti ves;
9 % The circular structure is created
10 FunctionStructure = CreatelListFactorsC rcul ar NK(n, 4);
11 % Val ues are read froma file
12 Functi onTabl es = ReadFuncti onsFronData(’'test NK fnt_N50_k4lnst_1.txt’,
13 FunctionStructure, Card);
14 FunctionAccCard = Fi ndLi st Card(FunctionStructure, Card);
15 Sel ect edObj ectives = [1:4:48]; % Only sone of the objectives are eval uated
16 F = ' Parti al Eval uat eGener al Function’;
17 sel parans(1: 2) ={0.5," ParetoRank_ordering’};
18 edapar ans{1} = {'sel ection_nethod’,’truncation_selection’, sel parans};
19 edapar ans{2} = {'repl acenent _nethod’',’ best_elitisni,{’ ParetoRank_ordering’ }};
20 edaparams{3} = {'stop_cond_nethod’,’' max_gen', { MaxGen}};
21 [Al | Stat, Cache]=RunEDA( PopSi ze, n, F, Car d, cache, edapar ans) ;
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