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1. INTRODUCTION

Genetic and evolutionary algorithms
(GAs-EAs) are heuristic modules based on the
fundamentals of natural population genetics.
Following these principles, GAs-EAs mimic
and simulate evolutionary processes found in
biological  organisms.  Research  works
dedicated to the field of evolutionary
optimization continoue to propose new aspects
of simulating artificial mechanisms and this
activity is driven due to the need of coping with
the large variety and nature complexity of
problems found in the engineering field. This is
the reason why new proposals in terms of
intelligent heuristic operators ought to be
adjusted to fit a certain problem's response. To
study the effects of various artificial agorithms
and heuristics such as GAs-EAs, researchers
frequently  utilize  several —mathematical
functions considered as benchamrks and,
through their implementation, GAs-EAs are
questioned  for their performance and
computational behavior, thus they are properly
adjusted in advance in order to be applied to

9™ 1QC June,

Heuristics,
Benchmark

Virus-Evolutionary ~ Genetic
Functions, Manufacturing

real world optimization problems later.
Reference  works on Genetic and
evolutionary algorithms are the works of
Goldberg [1] and Holland [2]. Towards the
identification of optimum control parameters
for GAs-EAs, Ahrari et al., [3] concentrated on
a study involving black-box optimization
problems. By adjusting the parameters of a
covariance matrix adaptation evolutionary
system, they utilized three benchmark functions
namely Griewank; Rastrigin and Schwefel to
test its performace metrics. Yavad and Ahmad
[4] focused on how different selection schemes
of typical genetic algorithms perform. They
worked on two selection strategies namely
roulette wheel and elitism [1,2]. Karaboga and
Basturk [5] tested an artificial bee colony
algorithm on Rastrigin's; Griewank's;
Rosenbrock's and Ackley's functions. Their
goal was to provide rerformance results to
compare with other heuristics in the area of
swarm intelligence and soft computing. Lim
and Haron [6] compared the performance of a
GA with several other heuristics having a set of
benchmark functions for optimization. They
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indicated that changes to the operational
parameters of GAs' genetic operators, i.e.
crossover and mutation, force the Genetic
Algorithm to converge to different outputs. Das
and Mishra [7] presented chemo-inspired
genetic algorithm for solving non-linear
optimization problems. An algorithm that
simulates the foraging behavior of E. Coli
bacterium undertook the minimization of a set
of benchmark functions.

2. BENCHMARK FUNCTIONS
2.1 Review

It is evident from the literature, that any
newly-developed intelligent approach for
global optimization should be validated against
existing results published so as to compare the
efficiency and behavior in terms of
convergence speed, quality of outputs and
computational load. It also appears that
standard mathematical functions  are
implemented to almost the entire body of
related research work towards the identification
of optimum parameters of heuristics in order to
tune up their performance and implement them
on real word's problems.

In the field of global optimization, the
most  popular  benchmark  mathematical
functions are that of Rastrigin's; Schwefel's
Ackley's; Rosenbrock's and Schubert's. These
functions hold different characteristics and their
properties constitute solution domains too
difficult to be optimized. Major goal of these
functions is to trap heuristics to local optima,
whilst; knowing the global optimum in
advance. Thereby, the comparison of that
solution to the global optimum reveals whether
the algorithm has been deemed capable of
covering a good distance close to the optimum;
or not.

Benchmark functions hold different
complexity degrees. Some functions are
unimodal (containing only one optimum),
whereas some others are multimodal
(containing many local optima, but one global
optimum) [8]. Most heuristics have difficulties
to converge to optima due to the low
probability of showing progress after a certain
number of generations has been tested.

The functions play the role of optimization
criterion  whereas their dimensions are
determined according the number of variables
and the constraints introduced for the

mathematical problem. The upper and lower
values for parameters formulate the solution
range.

2.2 Functions set

Five benchmark functions were employed
to test the algorithm proposed in this study.

The first function is that of Rastrigin's;
whose global minimum is 0 and its study
interval is -5.12<x<5.12. The function is highly
multimodal with regularly distributed local
minima. These properties impose a difficult
problem to be solved owing to the large search
space, demanding a very good exploration-
exploitation ratio by GAs-EAs [9]. Rastrigin's
function is given in Eq.1.

f (x)=10n+ Zn:[xf ~10cos(2zx) | (@)
i=1

The second function is that of
Rosenbrock's whose global minimum is 0 and
its study interval is -2.048<x<2.048. It is
unimodal and is also a popular function to test
gradient-based algorithms. Its global minimum
lies in a narrow parabolic valley which is easy
to find, yet; convergence to minimum is
difficult [5]. Rosenbrock's function is given in
Eq.2.

f(x)= E[lOO(xM -x2)+(1-%)] @

The third function is that of Schwefel's.
Initialization range to test the function is -
500<x<500 and its global minimum is
420.9867. Schwefel's function contains several
peaks and valleys representing a difficult
solution domain with multiple local optima.
Schwefel's function is given in Eq. 3.

F00 =21 % sin(yfx] ®

The forth function is that of Ackley's. Its
global minimum is 0 and its initialization range
is -32.768<x<32.768. The exponential term
"exp" that this function involves, produces
numerous local minima yielding thus a high
complexity to its solution. The function
contains a set of parameters; a, b and c. For the
study they wre determined as a=20; b=0.2 and
¢ = 2z. A GA should expand its searching
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envelope to analyze a wider region so as to
prevent convergence from trapping to a local
optimum. This is achived only by balancing
exploitation-exploration ratio. Ackley's
function is given in Eq.4.

f(x) =—axexp(-bx ,%Z": x2) - exp(%zn:cos(cx, ))+a+exp()
(4)

The fifth function is that of Shubert's. Its
global minimum is -186.7309 and its
initialization range is -5<x<5. Like the
aforementioned functions, it contains several
local minima and it a multi-modal function.
Shubert's function is given in Eq.5.

f(x)= —ii cos((i +1)x, +1)ZS:i cos((i +2)x, +1)
' ©)

3. VIRUS - EVOLUTIONARY
GENETIC ALGORITHM

GAs-EAs have a major drawback; that is
the premature convergence when finding a
local optima within the search space and
presenting it as the global one. The most
important reason why this premature local
convergence occurs in a population is that
proportional selection operators applied to the
mechanisms of GAs-EAs increase all schemata
(effective and ineffective) thus; making them
less efficient and reliable.

3.1 Architecture

The success of Virus-evolutionary Genetic
Algorithm lies on Transduction. Transduction
is the process of transporting DNA segments
across species. Hence, genetic changes
occurred to a bacterium’s DNA chain when a
becteriophage carries DNA segments from
another bacterium and locates them to its DNA
chain. Viruses have the ability to penetrate to
species’ genetic material (DNA chain) and
being transmitted directly from individuals of a
phylum to another. This ability of viruses to be
transmitted directly from one kind to another, is
known as horizontal propagation. The
incorporation of a host’s DNA segments into
effective viruses and subsequent transfer to
other cells is widely known. Besides, entire

virus genomes can be incorporated into germ
cells and transmitted from generation to
generation as “vertical Inheritance” [10]. The
natural mechanism of “vertical inheritance”
among genomes was successfully simulated by
Kubota et al, [11] through “reverse
transcription”  operator. ~ The  proposed
algorithm’s special features and operators
involve functions presenting host and virus
populations,  reverse  transcription  and
transduction operators. The rest of the functions
(selection, crossover and mutation) operate as
in conventional GAs - EAs.

As a standard procedure of GAs-EAs,
initialization process involves the random
generation of host population. As a parameter
representation scheme, binary encoding was
selected. Virus individuals are formulated as
substrings of host individuals through
transduction operation. In the original VEGA,
transduction operator randomly selects the
hosts from which substrings to formulate
viruses will be cut; whilst in the proposed
algorithm the initial virus population is created
partially from some of the best host individuals
and partially randomly. To increase effective
schemata through the virus evolution process,
reverse transcription operator is applied to
produce new substrings for viruses. The virus
population size for the proposed algorithm is
1/10 to that of the host population, to maintain
low computational time and high exploitation-
exploration rate. Each virus individual has a
variable string expanding every few generations
according to its infection capability whilst the
size of the hosts' chromosomes is maintaned
constant. In addition, an elitist scheme which
acts as a replacement mechanism; has been
introduced to remove low fitted individuals
from the population by replacing them with
those having better fitness values. For the
problems studied in this paper, individuals with
the highest fitness values are removed since
minimization is the performance metric. If none
of the infected hosts has a positive fitness then
the original host is preserved.

3.2 Infection parameters

A virus individual (virus “i”’) has a fitness
value (fitvirus (i)) which is calculated for its
effectiveness. The fitness of each virus is
determined as the sum of the fitness of each
infection caused by the current virus to the host
population.
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fitvirus(i) =) fitvirus(i, j) (6)

jes

The fitness of each infection is the
difference between the fitness value of the
original host (before its infection) and the
infected one. This is mathematically described
as follows:

fitvirus(i, j) = fit_inf(j)— fit_h(j) @)

Each virus has a measuring parameter for
its infection strength; that is fitvirus (i). It is
also assumed that fit_h (j) and fit_inf (;’) are
fitness values of a host “j” before and after its
infection, respectively. The indicator fitvirus
(i,j) denotes the difference between the fitness
values fit_h (j) and fit_inf (j°) which is equal to
the improvement value obtained through the
infection of a host individual. To the Equations
presented above, “i” denotes the virus number
and “2” symbolizes the set of the host
individuals infected by the virus “i”.

Infection rate (infrate (i)) controls the
number of infections caused by each virus. If a
virus has a positive fitness, the infection rate is
increased according to a constant “a”. In
contrast, if the virus has a negative value the
infection rate is decreased. Kubota et al. [11]
suggested that maximum infection rate to be
0.1 and initial infection rate to be 0.05. The
infection rate of each virus should satisfy 0<
infrate (i)<1.0 in order to perform a reverse
transcription operation to a given host
population. Infection rate operates differently
on a given search space, regarding the
searching ratio. That is, if inf rate is high, then
a local search through virus operators is
performed, otherwise global search through
traditional genetic operators is applied. The
matehematical expressions for these settings,
are given below [11]:

inf rate, ., = {(L+a)xinf rate, }, fitvirus(i) > 0
()
inf rate,,, = {(1—a)xinf rate,  }, fitvirus(i) <0

It is obvious that, the higher the infection
strength of a virus “i” (fitvirus (i)) is, the higher
its infection capability will be. A virus has also
an indicator for its performance (life) to dictate
its positive contribution to fitness.

life,

0 = P xlife  + fitvirus, )
Where, “r” is the life reduction rate, “t” is the
generation. If life is negative then the virus
individual transduces a new substring from a
random host. If life is positive the virus
individual transduces a partially new substring
from one of the infected host individuals for
evolving for itself. Hence, both populations
(hosts and viruses) co-evolve through the
implementation of genetic operators and virus
infection operators. Traditional operators found
in GAs-EAs (selection, crossover and mutation)
are still applied; should infection operators fail
to produce effective chromosome schemata.
For this GA, stochastic sampling with partial
replacement (roulette wheel selection), one-
point crossover and classic mutation (one-point
changing per individual) with 0.05 probability
were programmed. Due to the stochastic nature
of the proposed algorithm, the termination is
achieved after a predetermined number of
generations. Figure 1 shows the workflow of
the proposed algorithm.
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Figure 1 - Workflow of virus infection with
elitism.
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4. RESULTS AND DISCUSSION

A general multi-level full factorial design
was established to determine the factors and the
levels for the computational experiment. This
type of experimental design is suitable when
studied factors are less than 5 owing to the
large number of experimental runs that occur.
Four factors investigated namely number of
generations (Gen), population size (Pop),
maximum infection rate range (InfMax) and
minimum infection rate range (InfMin) having
three levels each.

The parameters mentioned above were
selected according the research interest of the
virus-evolutionary genetic algorithm (that is the
virus operators) and research results summoned
from published contributions related to the
topic [5,8]. According the literature, the number
of generations and population size dominate
against the rest of parameters determining
crossover and mutation percentages. Besides
the scheme which virus operators formulate to
exchange  binary  digits among the
chromosomes of hosts and virus individuals, is
a mixed result similar to that occured when
applying both crossover and mutation
operators. Table 1 shows the experimental
design.

Table 1 - Experimental design

Parameters Levels
1 2 3
Gen 75 125 250
Pop 10 25 40
InfMax 0.50 0.75 | 0.10
InfMin 0.05 0.20 | 0.45

For each benchmark function 81
experimental runs were performed and the
outputs were stored in separate archives for
further statistical processing. Statistical analysis
involved the generation of main effects for the
genetic  algorithm's  parameters and the
examination of analysis of variance (ANOVA)
- Table 2. For the total number of experimental
runs the minimum values reached for each test
function were kept to conduct to assess the
performance value found; expressed as a
percentage of the optimal one, achieved by the
visrus-evolutionary genetic algorithm across all
five of the test functions.

Table 2 - ANOVA results for benchmark
functions tested

Rastrigin's function

Source| DF | AdSS | AdMS F P
Gen 2 0.2 0.10 2.4 0.1
Pop 2 0.1 0.03 0.9 0.4

InfMin| 2 0.1 0.04 1.1 0.3

InfMax| 2 0.1 0.07 1.7 0.2

Rosenbrock's function

Source| DF | AdSS | AdMS F P
Gen 2 0.02 | 0.01 | 0.18 0.8
Pop 2 230 | 1.15 | 195 | 0.01

InfMin| 2 0.18 | 0.09 1.6 0.2

InfMax| 2 0.08 | 0.04 | 0.7 0.5

Schwefel's function

Source| DF | AdSS | AdMS F P
Gen 2 226 | 113.4| 30.8 | 0.01
Pop 2 75.4 | 37.7 | 10.2 | 0.01

InfMin| 2 5.16 2.6 0.7 0.5

InfMax| 2 6.8 3.4 0.9 0.4

Ackley's function

Source| DF | AdSS | AdMS F P
Gen 2 115 | 578 | 0.99 | 0.38
Pop 2 1028 | 514 | 8.8 0.01

InfMin| 2 11.3 5.6 0.97 | 0.39

InfMax| 2 0.9 0.5 0.08 | 0.92

Shubert's function

Source| DF | AdSS | AdMS F P
Gen 2 9.6 4.8 0.6 0.54
Pop 2 43 215 2.8 0.07

InfMin| 2 175 8.7 1.13 0.3

InfMax| 2 10.2 5 0.65 | 0.52

A general observation shown that the virus
operators hold great influence to almost all test
functions with defferent levels of detail. This
indicated that the genetic algorithm's structure
can sustain a ratio between local and global
search depending on the complexity of the test
environment.  Rastrigin's and  Shubert's
functions represented the most difficult test
environments since myltiple changes on the
search parth were occured towards the
convergence procedure, owing to their
numerous local optima. For these two
functions, minimum and maximum infection
rates were of great importance. The number of
generations dominated the most to the test
environments of Rastrigin's and Schwefel's
functions since they are the only functions
whose derection of search is not obvious
compared to the rest of the benchmarks, thus; a
good information for later generations'
individuals is needed.

9™ 1QC June, 2015 157




Gen Pop InfMin InfMax

(a) Rastrigin's function
rori -
(b)  Rosenbrock's function
s s He W
© Scinvefel's function

(dy Ackiey's function
s .

§lmberr 5funruon

\ /

d

Figure 2 - Main effects plots for benchmark
functions.

Ackley's and Shubert's functions contain
multiple local minima, yet; the genetic

variability obtained from early generations was
quite sufficient to adapt to environmental
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