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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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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.g.

parallelization, fitness approximation).

EDA+: It is not just an enhanced EDA. It adds other

functionalities (e.g. data mining, convergence prediction,

transfer learning).
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EDA+ implementations

What should a general EDA+ implementation provide?

Modular approach able to solve multi-objective and

dynamic functions.

Variety of local optimization algorithms.

PGM-based convergence analysis methods.

Automatic problem structure extraction methods.

PGM-based fitness estimation methods.

Potential for transfer learning.
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Questions and objectives

Questions

To what extent can these models be used as surrogates?

What kind of surrogates can be learned from EDAs?

How to evaluate the surrogates?

Objectives

Review results scattered in the literature

Conceptual analysis of alternative uses of probabilistic

models

Unified view of model-based surrogates
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Surrogate functions

Surrogates in EAs

Instance-based learning methods

Machine learning methods

Statistical learning methods

Previous work use of models

Diminish the number of evaluations for costly functions

Models of black box optimization problems for which an analytical expression of
the fitness function is not available

Unveil and extract problem information that is hidden in the original formulation of
the function or optimization problem

Design improved (local) optimization procedures based on the model structure
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Dt

Selection ρs
t (x)

Learning ρa
t (x)

Sampling

Dt+1

Figure : Joint probability distributions determined by the components

of an EDA. Dt , Dt+1: populations at generation t and t + 1; ρs
t (x),

ρa
t (x): Joint probability distributions determined by selection and the

probabilistic model approximation.
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MO-EDAs

Advanced MO-EDAs
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Model-based fitness surrogates

Types of model-based fitness surrogates

λ-error surrogate: Approximating the fitness function to a desired level of
accuracy λ.

α-ranking surrogate: Using surrogate values to rank solutions with a level of
accuracy α.

λ-error surrogate

f̂ (x) is a λ-error surrogate if |f (x)− f̂ (x)| < λ, ∀x

The λ-error surrogate defines a family of parametric functions that depend on λ.

α-ranking surrogate

f̂ (x) is an α-ranking surrogate if:

q
(

sign(f (x)− f (y)) = sign(f̂ (x)− f̂ (y))
)

≥ α (1)
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α-ranking surrogate

Boltzmann probability distribution

p̂(x) =
e

f (x)
T

∑

x′ e
f (x′)

T

,

where
∑

x′ e
f (x′)

T is the so-called partition function, and T is the temperature of the
system that can be used as a parameter to smooth the the probabilities.

the Boltzmann distribution is an 1-ranking surrogate model of f (x).
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Model-based surrogates

Methods to learn model-based surrogates

fitness-blind: Methods that do not use information about the fitness during
learning of the probabilistic model

fitness-aware: Methods use information about the fitness

Issues to evaluate model-based surrogates

1 The method for generating the solutions that are later used to evaluate the
models.

2 The measures for evaluating the models from the solutions and their associated
objective evaluations.
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Generation of the solutions

Methods for generating the solutions

The k solutions are randomly generated

The k solutions correspond to the best known values (for a

single objective) of the function or they are the selected

solutions

Solutions correspond to the k most probable configurations

(MPC) of the model
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Methods for evaluating the models

Methods

Correlation between the probabilities assigned by the

models to the solutions and their fitness values

Distance between the ranking of solutions induced by the

fitness functions and their models

Expected fitness value of the model, i.e.
∑

x p̂(x)f (x)

Entropy of the model

Sum of the probabilities assigned to the solutions
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Surrogate models for MO-EDAs

Approaches

1 Learning a single model of each objective function

2 Learning a joint model of all the objectives

3 Learning a model of the Pareto set

Results

Explicit modeling of variable dependencies

Joint clustering of variables and objectives

Objective-based mixture modeling of variables’ dependencies

Gaussian joint modeling of objectives and variables

Gaussian process (GP) models to predict objective values
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Conclusions

Conclusions

Analysis of critical issues related with the design and

application of fitness surrogates constructed from

probabilistic graphical models

Classification of model-based fitness surrogates according

to the type of approximation problem they can be used for

Analysis of methods for evaluating the quality of the

model-based surrogates

Review of work on the application of probabilistic modeling

beyond the scope of generating new solutions
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Further work

Further work

Conception of methods that extend the use of probabilistic

models to other EAs is a topic worth to research

Application of probabilistic modeling to problems with

representation other than binary and continuous (e.g.

permutations)

Theoretical work is needed to obtain effective learning

methods for model-based fitness surrogates for MOPs and

for providing a taxonomy of the different approximation

problems that arise in this domain
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