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pan 1g the role of selection in EDAs

EDAs

Motivation and take-away message

@ EDAs are increasingly applied to many problems
@ There is a lot of potential in the use of EDAs

o

Take-away messages

@ EDAs are not only a different type of EAs but a different
way to look at EAs

@ The theory of probabilistic graphical models (PGMs) is
more appropriate to understand and analyze EDAs than
the schema-theory

@ Traditional GA operators (e.g., Selection) can assume
different roles in EDAs )
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Organization

@ What is a paradigm, a paradigm-shift, and which are the
characteristics of a good theory?

@ Schema theory as a paradigm in EAs.

@ The different ways that led to EDAs.

@ Which is the right theory to look at EDAS?
@ PGMs as a paradigm-shift in EAs?

@ Consequences of a paradigm shift?
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Paradigm concept

A paradigm is a world view that controls the way we understand the world in which we
live. A paradigm shift occurs when the dominant paradigm is replaced by a new
paradigm.
@ Paradigm: Universally recognized scientific achievements that, for a time,
provide model problems and solutions for a community of researchers.

@ Paradigm shift: A change in the basic assumptions, or paradigms, within the
ruling theory of science.

| \

Examples of paradigm shifts
@ Geocentrism to Heliocentrism
@ Creation to Evolution
@ Catastrophism? to Gradualism

1 The geological features of the Earth were the result of many catastrophic events, one of which was the worldwide
flood in the days of Noah.

>
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Paradigm concept

Influence of the paradigm in a scientific field

© What is to be observed and scrutinized?

@ The kind of questions that are supposed to be asked and
probed for answers in relation to this subject.

© How these questions are to be structured?

© How the results of scientific investigations should be
interpreted?

© How is an experiment to be?
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Characteristics of a good scientific theory

Simplicity: A theory should be simple, bringing order to phenomena that in its absence would be individually
isolated and, as a set, confused.

Broad scope: A theory’s consequences should extend far beyond the particular observations, laws, or
subtheories it was initially designed to explain.

g Fruitfulness: A theory should be fruitful for new research findings. It should disclose new phenomena or
previously unnoted relationships among those already known.
Accuracy: A theory should be accurate within its domain, that is, consequences deducible from a theory
should be in demonstrated agreement with the results of existing experiments and observations.

Q Consistency: A theory should be consistent, not only internally or with itself, but also with other currently
accepted theories applicable to related aspects of nature.
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Pseudocode of a GA

Algorithm 1: Genetic algorithm
1 Sett < 0. Generate M individuals randomly.

2 do{

3 Evaluate the individuals using the fitness function.

4 Select a mating pool DtS of N < M individuals accord-
ing to a selection method

5 Recombine the individuals with a probability p. using
a crossover operator to produce M new points

6 Apply a mutation operator to the new individuals with

probability pm
7 t<=t+1
8 } until Termination criteria are met.
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Schema-based paradigm and GAs

Schemata and building blocks

@ A schema is simply a hyperplane in the search space.
@ Building blocks are defined as short, low-order schemata.

@ GAs’ success is explained by the building block hypothesis: GAs work by
combining short low-order schemata to form better solutions.

EDAs
Expanding the role of selection in EDAs

@ The schema theorem quantitatively describes the increase of schemata in terms
of the parameters related to the crossover and mutation operators

\

@ The building block hypothesis has been implicitly or explicitly considered for the
design of effective crossover operators.

@ It has supported a conceptual framework sufficient to provide answers to many
questions in GAs.

@ Nevertheless, the accuracy and consistency of the schema-based paradigm
have been questioned by a number of researchers.

-
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Foundational work

Some previous GA work that led to EDAs
@ Bit-based simulated crossover (BSC) (Syswerda 1991)
@ Population-based incremental learning (Baluja et al:1993)
@ Breeder genetic algorithm (Muhlenbein and Schlierkamp-Voosen:1993)
@ Linkage learning studies

B G. Syswerda,

Simulated crossover in genetic algorithms.

Foundations of Genetic Algorithms, Pp. 239-295. Morgan Kaufmann. 1993.
Ij S. Baluja and R. Caruana,

Removing the genetics from the standard genetic algorithm.

Research Report CMU-CS-95-141, Carnegie-Mellon University. 1995
Ij H. Miihlenbein and D. Schlierkamp-Voosen,

The science of breeding and its application to the breeder genetic algorithm (BGA),
Evolutionary Computation, Vol. 1, No. 4, Pp. 335-360. 1993
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While to remove genetics from standard GA?

It can be seen as an abstraction of GA
Simpler, both computationally and theoretically than GA
Faster and more effective than GA

Most of the power of the GA may derive from the statistics implicitly maintained
in the population

© ¢ ¢ ¢

~
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Breeder genetic algorithm

@ Basic concepts: response to selection, selection intensity, and heritability

The genotype frequencies are in Robbins proportions if p(x,t) = [T"_; pi(Xi,t)

@ Gene pool recombination: Genes are randomly picked from the gene pool
defined by the selected parents

@ Univariate marginal distribution algorithms keep gene frequencies in linkage

equilibrium
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How to solve the linkage problem

@ In biology: The level of association in inheritance of two or more non-allelic gens
that is higher than to be expected from independent assortment.

@ Holland: Genetic operators which can learn linkage information for recombining
alleles are necessary for optimization success
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Pseudocode of an EDA

Algorithm 2: Estimation of distribution algorithm

Sett < 0. Generate M points randomly.
do {
Evaluate the points using the fitness function.
Select a set DtS of N < M points according to a selec-
tion method
Calculate a probabilistic model of DY .
6 Generate M new points sampling from the distribution
represented in the model
7 t<=t+1
} until Termination criteria are met.

(63} A W DN P
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Figure: Joint probability distributions determined by the components
of an EDA. Dy, Di+1: populations at generation t and t + 1; pi(x),
p2(x): Joint probability distributions determined by selection and the
probabilistic model approximation.
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Schema-based paradigm and EDAs

Limitations of the paradigm

O It lacks an explicit treatment of probability distributions.

@ Inadequacy of its terms, concepts and theorems to model
the behavior of EDAs.

© Lack of consistency of the conceptual framework with other
related research fields.
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A new paradigm for EDAs

Requirements

@ Terms, concepts, and theorems based on (dynamic)
probabilistic distributions and factorizations

Possibilities
@ Novel applications beyond optimization [Information extraction, Transfer learning,
Hypothesis testing]
@ Different way to look at EAs

@ Cross-fertilization with other domains [Inference algorithms as new sampling
methods for EDASs]

@ New avenues for theoretical developments
@ New questions and open problems

@ Redefinition of the role played by the operators [e.g., Expanding the role of
selection]

~
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Probabilistic modeling

Possibilities
@ PGMs describe the interactions between the problem variables
@ Characteristic patterns of different search areas are captured by the models
@ A priori knowledge of the problem can be added to the search
@ Previously unknown problem information can be extracted from the models
@ Learning problem decomposition using EDAs
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Figure: Top: Frequency matrices of the BNs learned from the GA selected populations using k-NN (left) and
naive Bayes (right) fitness functions. Bottom: Frequency matrices learned by EBNA using k-NN (left) and naive
Bayes (right).
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EDA+ example

Information extraction for
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Transfer learning in EDAS

Alternatives

@ Transfer of solutions: The modification or reuse of a solution to the domain
optimization problem in the target problem.

@ Structural transfer: The use of a structural description of the domain problem as
an approximate structural description of the target problem.

@ Behavioral or algorithmic transfer: The reuse of the algorithm behavior in the
domain problem as a way to bias the behavior of the algorithm in target domain.

@ Combined transfer: Any combination of the previous three alternatives.
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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, 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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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.

Task 2. Hypothesis validation about problem structure

@ The probabilistic 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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Information extraction, Transfer learning, Hypothesis

testing
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Selection in EDAs

Role of selection in GAs

© Select parents for recombination [Idea of mating pools
used in GAs].

@ Identify promising areas of the search space.
@ Identify regularities between the good solutions
© A way to consider the fitness values for the search process.
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Selection in EDAs

Role of selection in GAs

© Select parents for recombination [Idea of mating pools
used in GAs].

@ Identify promising areas of the search space.
@ Identify regularities between the good solutions
© A way to consider the fitness values for the search process.

Role of selection in GAs

@ 2,3,4 idem to GA.

@ Provide the right information to learn an accurate model of
the promising areas

o
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Selection in EDAs

The utopia of a perfect selection

Select solutions in such a way that:

@ Solutions with higher fitness have a higher probability of
being selected.

@ Selected solutions good enough for an accurate model to
be learned [Interacting variables in the problem could be
identified as dependent in the model].

@ Selection strength can be parametrically controlled.
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Selection in EDAs

The myth (or panacea) of the Boltzmann distribution
The Boltzmann probability distribution pg(x) is defined as

9(x)

Pe(x) = < ®

!

. . o . ')
where g(x) is a given objective function,and Z =3, e’ and
T is the system temperature.

o
Some properties

@ The optimal solution has the highest probability.

@ i two variables belong to the same definition set of a function they are independent given the rest of
variables.

@ Limitations: Partition function is needed but to compute it is unfeasible.

>
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Boltzmann selection

Additive function

f(X) = hy(x1, X2, X3) + h2(X4, X5, Xe), @)

Factorized distribution

p(x) = p(X1, X2, X3)P(X4, X5, Xg), (3)

Factors and factorization
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Bivariate marginal probability

i

Bivariate configurations

Figure: Boltzmann distribution modellng of the S|Ient neurons.
(A) Bivariate marginal distribution of all possible bivariate
configurations for the 28 pairs of variables. (B) Mutual information
computed from the Boltzmann distribution. Color of pair (gi, gj)
represents the mutual information between variables X; and X;. Red
points correspond to variable pairs with the highest mutual
information. (C) Absolute values of the correlations between the
conductance variables computed from the Boltzmann distribution.
Values above (respectlvely below) the main diagonal represent
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Information extraction

Protein models
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Information extraction

Protein models

Table: Marginal probability distributions for (X3, X4, Xs) calculated
from the Boltzmann distributions for HP and the functional model
protein for sequence HHHPHPPPPPH

PP (X3, X4, X5) Prp (X3, X4, X5)
g O== l== Z==|[0== id== Z==
—00 0.000 0.057 0.069 0.000 0.091 0.151
—01 0.035 0.036 0.038 0.009 0.029 0.033
—02 0.035 0.036 0.035 0.009 0.029 0.026
—10 0.029 0.034 0.035 0.021 0.026 0.027
—11 0.038 0.040 0.038 0.033 0.034 0.033
—12 0.035 0.034 0.029 0.027 0.025 0.021
—20 0.035 0.036 0.035 0.026 0.026 0.009
—21 0.038 0.036 0.035 0.034 0.030 0.009
—22 0.069 0.057 0.000 0.151 0.091 0.000

Roberto Santana Selection in estimation of distribution algorithms



Role of selection
Boltzmann selection
Alternative selection methods in EDAs

Expanding the role of selection in EDAs

Boltzmann selection: a naive approach

@ Learn an approximate Boltzmann distribution from the complete population
@ Sample Boltzmann distribution to select points

@ Apply statistical tests to learn graph of interactions

@ Learn the model from the graph

@ Sample the new generation from the model

Drawbacks

@ Approximate Boltzmann is usually far from the exact Boltzmann distribution
@ How to determine statistical dependencies from data?
@ Model may have cycles and be difficult to sample
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How to improve model learning using selection?

Use partial fitness information to learn the model

@ Evolutionary computation based on Bayesian classifiers (EBCOA)
@ Joint Gaussian Bayesian network EDA (JGB-EDA)

Use full fitness information to learn the model

@ Learn probabilistic model straight from probability of selection
@ Use asignment functions based on the fitness in the construction of the models

Learn model structure and model parameters from different subsets of solutions

@ Differential selection (Ongoing work)
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Cl&SSlflC&tlon approaCh JGBN'EDA Karshenas et al., 2011

Initialization

1) Select best solutions
2) Form extended solutions, appending objectives to variables
3) Normalize and standardize data

Selection

1) Learn regularized CM
2) Build a joint GBN

Model
Learning

Model
Sampling

1) Sample GBN, using also objective values
2) Rescale and evaluate offspring
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Classification approach
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Selection without selected population

Parametric learning

@ When Proportional schemes are applied to FDAs it is possible to avoid the step
of selecting a set of individuals.

@ Marginal probabilities can be calculated straight from the selection probability
distribution determined by the selection method.

@ If parametric learning is used the model learning process finishes once the
marginals have been calculated.

Xla Zp (XI

4)
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Selection without selected population

Structural learning

@ For structural learning a compact population can be used

Population Compact Selection
’ Population Probability
10100 10100 0.3
10110 10110 0.1
10100 00100 0.2
00100 01001 0.1
01001 11000 0.2
11000 01010 0.1
01010
11000
10100
00100

Table: Construction of a compact population

i
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Direct approach
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Selection in practice

Questions

@ How to adapt Boltzmann selection to the finite case?

@ How selection translates interactions into probabilistic
dependencies?

@ How selection strength affects probabilistic modeling?

@ How to deal with interactions and dependencies in
constrained spaces?
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Selection in constrained spaces

@ Two classes of pairwise interaction (class € {1, 2}) are: class = 1, when
variables belong to the same definition set; class = 2, when they are located in
different definition sets.

@ Hciass(Xi, Xj) denotes a schema where variables (x;, xj) belong to the class class
@ 9(Hy,Hy) = MI(H1(xi,Xj)) — MI(Hz(xi, X)) for the region Q defined as

Qu = [5,12], where n € [6,9, 12, 15].
@ 09(Hy,Hy) must be positive if the interactions between variables that belong to

the same definition set are stronger than interactions between variables that
belong to different unitation sets.
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Dependencies in constrained spaces
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Conclusions

Take-away messages

@ EDAs are not only a different type of EAs but a different
way to look at EAs

@ The theory of probabilistic graphical models (PGMs) is
more appropriate to understand and analyze EDAs than
the schema-theory

@ Traditional GA operators (e.g., Selection) can assume
different roles in EDAs

@ EDA+ for information extraction, hypothesis testing, and
transfer learning.
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