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We compared two floating-point-encoded evolutionary
algorithms (EA) — differential evolution (DE) and the
generalized generation gap (G3) — using a set of prob-
lems with different characteristics. G3 is reported to
offer superior performance with unimodal functions,
which are, however, often solved more efficiently us-
ing derivative-based optimization for example and it
is interesting to know, how these algorithms perform
in multimodal global optimization problems.

Our results suggest that G3 converges fast but is prone
to converge prematurely rather than finding the global
optimum in high-dimensional multimodal problems.
DE, in contrast, appears to handle multimodal prob-
lems better but cannot match convergence speed of G3
in unimodal problems.
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1. Introduction

A new real-parameter genetic algorithm called the gen-
eralized generation gap (G3) using the generic parent-
centric recombination (PCX) operator has been proposed
[4]. The PCX operator has been shown to outperform
previous unimodal normal distribution crossover and sim-
plex crossover operators. Empirical results from a com-
parison between the G3 algorithm and other optimiza-
tion algorithms, including differential evolution (DE) al-
gorithm, suggest that G3 has performance superior to
DE. The test setup was, however, rather limited, includ-
ing only three differentiable test functions, two of which
were unimodal. Real-world optimization problems are of -
ten high-dimensional, multimodal, and nonseparable, and
good performance in a unimodal case does not necessar-
ily guarantee good performance in more complex prob-
lems. The effect of different control parameter setupswas
not thoroughly studied, either, leaving a question as to
whether the results can be generalized to more demanding
multimodal functions and to what extend thisis possible.

We have added to the earlier investigation [4] by mak-
ing a more comprehensive comparison between G3 and
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DE algorithms using 12 different test functionsin conver-
gence speed and the algorithm’s ability to reach the global
optimum. We looked for a good control parameter setup
for each problem to make the comparison as objective as
possible and to determine the real potential of the algo-
rithms rather than fixing control parameters and favoring
one or the other with a more suitable control parameter
setup.

Our objective was to determine whether the algorithm
can reach the true global optimum, so tests were ran con-
siderably longer than typically needed for solving the
problem in question. It is considered to be same if the al-
gorithm converges prematurely in alocal optimum closer
to or further away from the global optimum. We kept the
dimensionality of problemslow to prevent running times
becoming intolerable.

The population is initialized so that the globa opti-
mum is within the initialized range because forcing the
algorithm to start outside of the rea search range would
needlessly complicate the search. It is usually possible
to expand the search range to definitely include the opti-
mum and thus avoid wrong initial guesses. The test set
also includes problems with a nonsymmetrical optimum
to eliminate the possibility of either algorithm benefiting
from symmetrical initialization. In addition, alimited test
setup was done using initialization that does not include
the global optimum to determine how significant the ef-
fect of skewed initialization on performance is expected
to be.

2. Differential Evolution

The DE algorithm [6, 8,10] was introduced by Storn
and Pricein 1995 [9]. DE design principlesare simplicity,
efficiency, and use of floating-point encoding instead of
binary numbers.

Asin atypical EA, theideain DE isto have arandom
initial population that is then improved using selection,
mutation, and crossover operations. Control parameters
for DE are crossover rate CR, mutation factor F, and the
population size NP. A stopping criterion is also needed.

In each generation G, DE goes through each D dimen-
sional objective vector X; g of the population and creates
a corresponding trial vector U . The used DE version,
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DE/rand/1/bin, is described as follows[8, p. 82]:

ri,ra,r3€{1,2,...,NP},

(randomly selected, except: r1 A, #r3#i)
jrand = int(rand;[0,1)-D) + 1
for(j=1j<D;j=j+1)

. o @
|f(randj[0, 1) <CRV j = jrand) @)
Ujie = Xjrs6 + F - (Xj 11,6 =X r,,6)
ese
Uji,c = Xj,i,G

}

Indices rq, rp, and r3 are mutualy different and drawn
from the set of population indices. Parameter CR, con-
trolling the crossover operation, represents the probability
that an element for the trial vector is chosen from alinear
combination of three randomly chosen vectors instead of
from old objective vector X . Parameter F is a scaling
factor for mutation and its valueistypically (0,1+).

The difference between two randomly chosen vectors
(%,.c — X,.c) defines the magnitude and direction of mu-
tation. When the difference is added to third randomly
chosen vector X, g, this corresponds mutation of thisthird
vector. The basic idea of DE is that mutation is self-
adaptive to the objective function space and to the current
population. At the beginning of generations, the magni-
tude of mutation islarge because vectorsin the population
are far away in the search space. As evolution proceeds
and the population converges, the magnitude of mutation
decreases. The self-adaptive mutation of DE enables a
global search.

After each mutation and crossover operation, trial vec-
tor Ui ¢ iscompared to old objective vector X . If thetrial
vector has equal or lower cost, it replaces the old vector,
so the average objective value of the population never in-
creases.

3. Modified Generalized Generation Gap
Model with Parent-Centric Recombination

One iteration of the modified G3 model with the PCX
schemeis described as follows [4]:

1. From the population of individuals, select the best
individual and i — 1 other individuals randomly to
be parents.

2. Generate A offspring from the chosen u parents us-
ing the PCX recombination scheme.

3. Select one individual X at random from the popu-
lation and combine this with A offspring to make a
subpopulation.

4. Select the best solution of the subpopulation and re-
place the selected individual X with this.
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In the PCX recombination scheme the offspring V is
calculated asfollows:
H _
i=1i#p

X, is the best individual from the current population (as

recommended in [4] for fast convergence), Jp isadirec-
tion vector from the mean of u parents to X,, D is an av-

erage of perpendicular distances to the line defined by Jp
from u — 1 other parents than X,, and & are u — 1 or-
thonormal bases that span the subspace perpendicular to
d,. Coefficients w, and wy, are zero-mean normally dis-
tributed variables with variances o7 and o7

PCX creates an offspring that has a greater probability
of being closer to parent X, than far from it. Parameters
o7 and a7 control how much offspring vary from %, in

the direction of d,, and the direction perpendicular to dj,.

Because D and length of ch depend on mutual distances
between selected u parents, PCX has the same property
of being self-adaptive as DE has.

4. DE versus G3 with PCX

In general, DE and G3 with PCX have many similar-
ities that makes their comparison interesting: Both are
real-coded EAswith aproperty of being self-adaptive and
both are capable for conducting a rotationally invariant
search.

Comparing  functional principles  of DE
(DE/rand/L/bin) and G3 with PCX shows that, G3
is greedier because it always uses the best individua of
the population for generating offspring. This increases
search speed but also increases the risk of premature
convergence.

The formulation of G3 with PCX is more complicated
and calculation of one offspring requires more operations
than DE does, athough overall complexity relative to the
size of the population for both methodsis ©(NP). G3 with
PCX has two control parameters more to set than DE has.

5. Test Arrangements

A set of test runs was conducted with different con-
trol parameter settings for both algorithms. With DE, all
combinations of 0.2, 0.5, and 0.9 were used for F and
CR to compare how the algorithm performs with small,
medium, and large values for both parametersin different
problems, while NP wasvaried. ValuesF =1andCR=1
were not tested because these may lead to stagnation [5].

For the G3 agorithm, the first test set was done by fix-
ing o; = 0.1 and 0, = 0.1, as suggested by the authors
[4]. For A, valuesof 2, 4, and 10 and for u, valuesof 3, 6,
and 10 were used. Because the algorithm could not solve
some of the problems with any of these combinations, a
second test set was conducted, fixing A =2 and 4 = 3,
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