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Estimation of distribution algorithms

EDAs

Use a probabilistic model to represent the selected

population

Machine learning methods are used to learn and sample

the models

Some variants can deal with problems where variables

exhibit strong interactions

Probability theory as a solid theoretical fundation for the

design and study of EDAs

Other names

Probabilistic model-building GAs (PMBGAs)

Iterated density estimation of distribution algorithms (IDEA)
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Pseudocode of an EDA

Algorithm 1: Estimation of distribution algorithm

1 Set t ⇐ 0. Generate M points randomly

2 do {

3 Evaluate the points using the fitness function

4 Select a set DS
t of N ≤ M points according to a selec-

tion method

5 Calculate a probabilistic graphical model of DS
t

6 Generate M new points sampling from the distribution
represented in the model

7 t ⇐ t + 1

8 } until Termination criteria are met
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EDAs’ classification according to the model

Univariate models

Variables are independent

No interaction is modeled

Very efficient model

p(x) =
∏

i p(xi)

Multivariate models

Can represent variables

interactions

Variables are grouped into,

some time overlapping,

factors
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EDAs

Advanced EDAs

Bivariate marginal distribution algorithm (BMDA)

Bayesian optimization Algorithm (BOA), LFDA, EBNA

Estimation of Gaussian networks algorithm (EGNA),IDEA

Markov Network EDA (MN-EDA)

Markov Optimization Algorithm (MOA)



EDAs Message passing methods Markov network based EDAs Experiments

Markov network. Example

1 2 3

4

7 6 5

Figure : Undirected graph with 4 maximal cliques

A probability p(x) is called a Markov random field with respect to the neighborhood
system on a graph G if, p(xi |x \ xi ) = p(xi |bd(xi ))

p(x) = Φ1(x{1,2,6,7})Φ2(x{2,3})Φ3(x{5,6})Φ4(x{3,4,5})/Z
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Problem: How to sample in Markov network based

EDAs

Sampling algorithms

Probabilistic logic sampling on simplified model: Some

dependencies are lost. Computationally very efficient

Gibbs sampling: Allows to use information about

dependencies. Computationally costly

Alternative: Find the most probable configuration

Maximum a posteriori probability (MPA): The solution(s)

with the highest probability given the model

Methods for finding the MPA. Message passing algorithms
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Model transformation

Factor graph

A factor graph is a bipartite graph that can serve to

represent the factorized structure of a distribution

It has two types of nodes: variable nodes, and factor nodes

Variable nodes are indexed with letters starting with i .

Factor nodes with letters starting with a

An edge connecting variable node i to factor node a means

that xi is an argument of function fa
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Belief propagation (BP)

BP methods for inference

Inference method used to calculate the marginal probabilities of a probabilistic
model

Inference is done using message-passing between nodes. Each node sends and
receives messages until a stable situation is reached

Messages, locally calculated by each node, comprise statistical information
concerning neighbor nodes

Decimation strategies

Decimation strategies are used to solve constraint satisfaction problems

Work by repeatedly fixing variable values and simplifying the constraints
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Generation methods

Strategies for generating new solutions

Adding the most probable configuration

Using the most probable configuration as a template for crossover

Methods to compute the most probable configuration

Junction-tree-based method for computing exact MAP

Loopy belief propagation (LBP)

Decimation-based LBP for computing approximate MAP
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MN-FDA

Algorithm 2: MN-FDA

1 Set t ⇐ 0. Generate N ≫ 0 points randomly.

2 do {

3 Evaluate the points using the fitness function.

4 Select a set DS
t of k ≤ N points according to a selection method.

5 Learn an undirected graphical model from DS
t .

6 Generate the new population sampling from the model.

7 t ⇐ t + 1

8 } until Termination criteria are met

Algorithm 3: Model learning in MN-FDA

1 Learn an independence graph G using the G-test.

2 If necessary, refine the graph.

3 Find the set L of all the maximal cliques of G.

4 Construct a labeled JG from L.

5 Find the marginal probabilities for the cliques in the JG.
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Markovian optimization algorithm

Algorithm 4: MOA

1 Set t ⇐ 0. Generate M points randomly

2 do {

3 Evaluate the points using the fitness function

4 Select a set DS
t of N ≤ M points according to a selec-

tion method

5 Estimate the structure of a Markov network from DS
t

6 Estimate the local Markov conditional probabilities,
p(xi |Ni), for each variable Xi as defined by the undi-
rected structure

7 Generate M new points sampling from the Markov
network

8 t ⇐ t + 1
9 } until Termination criteria are met
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Insert-MAP

Algorithm 5: Insert-MAP

1 Learn the Markov network model MN.

2 Generate the set S of N − |E | − 1 solutions according to generation method.

3 Compute the factor graph FG.

4 Generate a MAP solution from FG.

5 Form the new population with S, E , and the MAP solution.

Algorithm 6: Template-MAP

1 Learn the Markov network model MN.

2 Compute the factor graph FG.

3 Obtain MAP solution from FG.

4 for i = 1 to N − |E |

5 Apply uniform crossover between solution x i and MAP solution.
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Experiments

Objectives and experimental framework

Compare the different sampling strategies

Compute critical population size for MN-FDA and MOA

Compare the algorithms for computing most probable

configurations

Evaluate on separable non-binary discrete
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Experiments

Objectives and experimental framework

Compare the Markov-network template crossover to other

sampling algorithms

Use MN-FDA and MOA for the experiments

Consider simple variants of algorithms for computing most

probable configurations.

Evaluate on separable non-binary discrete and

no-separable binary functions
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Methods for generating solutions

Methods

Insert-MAP (s1): Generate the new population using the

EDA’s original sampling method and inserting the

maximum a posteriori (MAP) solution computed from the

Markov network

Template-MAP (s2): Generate solutions using the EDA’s

original sampling and combine them with the MAP solution

Insert-MAP + Template-MAP (s3): Generate new

population using Template-MAP and add the MAP solution
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Message passing algorithms

Methods

1 NoMAP: No MAP is computed. Instead a solution

generated using PLS, GS, or template crossover is added

to the population.

2 Exact: Exact inference based on a junction tree

3 BP: Belief propagation

4 Dec-BP: Decimation BP



EDAs Message passing methods Markov network based EDAs Experiments

Objective functions

Separable ADFs defined on discrete non-binary variables

f c
deceptivek (x) =

n
k

∑

i=1

Fdec(xk·(i−1)+1 + xk·(i−1)+2 + · · ·+ xk·i , k , c)

Fdec(x1, . . . , xk , k , c) =



















k · (c − 1), for
k
∑

i=1

xi = k · (c − 1)

k · (c − 1)−
k
∑

i=1

xi − 1 otherwise
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Results

Problems Gen. Method MN-FDAG MOA

NoMAP Exact BP Dec-BP NoMAP Exact BP Dec-BP

n = 30, k = 3 s1 90 120 120 120 120 120 120 120
s2 90 0 0 0 120 0 0 0
s3 90 120 119 119 120 117 113 118

n = 32, k = 4 s1 60 90 90 90 56 57 57 58
s2 60 0 0 0 56 0 0 0
s3 60 85 88 88 54 30 30 30

n = 30, k = 5 s1 30 60 60 60 30 30 30 30
s2 30 0 0 0 30 0 0 0
s3 30 60 60 60 30 30 30 30
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Results
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Results

Results

As the size of the definition sets is increased the results of

all algorithms deteriorate

Insert-MAP is a marginally better strategy than

Insert-MAP+MAP-Template for MN-FDAG, and a better

strategy for MOA

For Insert-MAP, there are not important differences

between exact and approximate inference algorithms

MAP-Template is the worst generation strategy for all the

problems
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Conclusions

Conclusions

New strategies for generating solutions in EDAs based on

Markov networks

Evaluate exact and approximate inference strategies in the

context of EDAs

Study the impact of he inference procedure to reduce the

number of evaluations.

The sampling problem could be somewhat relaxed by

aiming at directly generating the solutions with highest

probabilities
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