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Abstract

Differential Evolution (DE) was very successful in solving the global continuous
optimization problem. It mainly uses the distance and direction information from
the current population to guide its further search. Estimation of Distribution Algo-
rithm (EDA) samples new solutions from a probability model which characterizes
the distribution of promising solutions. This paper proposes a combination of DE
and EDA (DE/EDA) for the global continuous optimization problem. DE/EDA
combines global information extracted by EDA with differential information ob-
tained by DE to create promising solutions. DE/EDA has been compared with the
best version of the DE algorithm and an EDA on several commonly utilized test
problems. Experimental results demonstrate that DE/EDA outperforms the DE al-
gorithm and the EDA. The effect of the parameters of DE/EDA to its performance
is investigated experimentally.

Key words: Differential Evolution, Estimation of Distribution Algorithm, Global
Continuous Optimization Problem

1 Introduction

The global optimization problem arises in almost every field of science, engi-
neering, and business. For example, engineers may want to design a car that
provides the best performance. To achieve this, the engineers need to optimize
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the parameters configuration of the car. The finding of the best parameter con-
figuration falls into the global optimization category. An enormous amount of
efforts have been devoted to solving the global continuous optimization (e.g.,
see [1][2][3]). The major challenge of the global continuous optimization is
that the problems to be optimized may have many local optima. Evolutionary
algorithms (EA)[16][17] have been proposed for solving the global continuous
optimization problem. Inspired by the natural evolution, EA analogizes the
evolution process of biological population which can adapt the changing envi-
ronments to the finding of the optimum of the optimization problem through
evolving a population of candidate solutions.

Differential Evolution (DE) [4][5] is one of the most successful EAs for the
global continuous optimization problem. In fact, it was the best EA-like algo-
rithm for the global continuous optimization problem in the first International
Contest on Evolutionary Optimization (ICEO). DE extracts the differential
information (i.e., distance and direction information) from the current popu-
lation of solutions to guide its further search. However, DE has no mechanism
to extract and use global information about the search space.

Estimation of Distribution Algorithm (EDA) [6]-[14] is a new class of EAs.
EDA directly extracts the global statistical information about the search space
from the search so far and builds a probability model of promising solutions.
New solutions are sampled from the model thus built. Several EDAs [11]-[14]
have been proposed for the global continuous optimization problem. These
algorithms are very promising, but much work needs to be done to improve
their performances.

An efficient evolutionary algorithm should make use of both the local infor-
mation of solutions found so far and the global information about the search
space. The local information of solutions found so far can be helpful for ex-
ploitation, while the global information can guide the search for exploring
promising areas. The search in EDAs is mainly based on the global informa-
tion, but DE on the distance and direction information which is a kind of local
information. Therefore, it is worthwhile investigating whether combining DE
with EDA could improve the performance of the DE algorithm and EDA.

This paper proposes an algorithm combining DE and EDA (DE/EDA). In
the DE/EDA offspring generation scheme, part of a new solution is gener-
ated in the DE way, but the other part is sampled from a probability model.
In such way, both the global information and local information are used to
guide the further search. DE/EDA is compared with the best version of the
DE algorithm [5] and the EDA on several commonly utilized test problems.
Experimental results demonstrate that DE/EDA outperforms both the DE
algorithm and the EDA. Furthermore, the effect of the parameters of the pro-
posed algorithm is also experimentally studied in this paper.



The rest of the paper is organized as follows. Section 2 defines the global con-
tinuous optimization problem. In section 3, the DE algorithm and EDA are
briefly introduced. Section 4 describes the proposed DE/EDA. The experi-
mental simulation results are reported in section 5. Section 6 concludes the

paper.

2 Problem Definition

We consider the following unconstrained global continuous optimization prob-
lem:

min f(x)

where f(z) is a continuous real-value function defined on X C R"™ and it
can be non-smooth. For constrained global continuous optimization problems,
we can transform them into unconstrained ones. Therefore, we will focus on
unconstrained global continuous optimization in this paper.

3 DE and EDA

3.1 Differential Evolution

In this section, we briefly review the DE algorithm. The DE algorithm has
several versions, we consider the best one proposed in [5]. This algorithm
maintains a population of N points in every generation, where each point is
a potential solution and N is a control parameter. The algorithm evolves and
improves the population iteratively. In each generation, a new population is
generated based on the current population. To generate offsprings for the new
population, the algorithm extracts distance and direction information from
the current population members and adds random deviation for diversity. If
an offspring has a lower objective function value than a predetermined popu-
lation member, it will replace this population member. This evolution process
continues until a stopping criterion is met (e.g., the current best objective
function value is smaller than a given value or the number of generations is
equal to a given maximum value). In generation k, we denote the population

members by z¥, 2% ... 2% . The DE algorithm is given as follows:

DE Algorithm



Step 1: Set k := 0, and randomly generate N points 2%, 29, -+, 2% from X
to form an initial population;

Step 2: For each point z¥(1 < i < N), execute the DE offspring generation
scheme to generate an offspring z¥*!;

Step 3: If the given stop criteria are not met, set k := k + 1, goto Step 2.

k+1

The DE offspring generation scheme for generating x; " is given as follows:

DE Offspring Generation Scheme

Step 1: Choose one point x4 randomly such that f(xg) < f(zF), another
two points xp, . randomly from the current population and a subset S =
{j1, -+, jm} of the index set {1,---,n}, while m < n and all j; mutually
different;

Step 2: Generate a trial point u = (uy, us, - -+, uy,) as follows:
Step 2.1: DE Mutation
Generate a temporary point z as follows:

2= (F+05)x 24 (F—0.5) x 2; + F x (z, — z,); (1)

where F'is a given control parameter;
Step 2.2: DE Crossover
For j € S, u; is chosen to be z;; for j ¢ S, u; is chosen to be (zF);;

Step 3: If f(u) < f(aF), set 25! := u; otherwise, set ™! := 2F,

Notice that Step 2.2 (DE Crossover) is actually implementing the well-known
uniform crossover [16] between z and z¥. Therefore, m or S is determined by
the probability of crossover which is a parameter of the DE algorithm.

It can be seen that the point z is generated by combing the current point x;
with a better point x4 which is randomly selected from the current population,
and a randomly sampled vector differentials (x, — x.). As argued in [5], the
utilization of the sampled vector differentials have several advantages. Firstly,
since the mean of the distribution of differentials is always zero, there is no
sampling bias. This is helpful for preserving the population diversity. Secondly,
the standard deviation of the differential’s distribution could change along
with the size and shape of the population in the search space which is valuable
for problems whose parameters exhibit vastly different ranges and sensitivities.






























