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Choosing the best parameters for method
of deformed stars in n-dimensional space

This paper is devoted to the problem of optimization of a function in n -dimensional space, which, in general case,
is polyextreme and undifferentiated. The new method of deformed stars in n-dimensional space was proposed. It is built
on the ideas and principles of the evolutionary paradigm. Method of deformed stars is based on the assumption of using
potential solutions groups. There by it allows to increase the rate of the accuracy and the convergence of the achieved
result. Populations of potential solutions are used to optimize the multivariable function. In contrast to the classical
method of deformed stars, we obtained a method that solves problems in n -dimensional space, where the population of
solutions consists of 3-, 4-, and 5-point groups. The advantages of the developed method over genetic algorithm, differ-
ential evolution and evolutionary strategy as the most typical evolutionary algorithms are shown. Also, experiments

were performed to investigate the best configuration of method of deformed stars parameters.
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INTRODUCTION

The large number of modern practical problems
belong to the class of constraint satisfaction prob-
lems (CSPs). Such algorithms, as stochastic search,
combinatorial optimization methods, and evolution-
ary algorithms are used to solve these tasks.

In artificial intelligence, the evolutionary algo-
rithm (or EA) is a subset of evolutionary computa-
tions [1]. It is general population-based metaheuris-
tic optimization algorithm. All evolutionary algo-
rithms have the basic provisions in the theory of
biological evolution - the processes of selection,
mutation and reproduction. The environment deter-
mines the behavior of elements in population. Such a
population evolves in accordance with the selection
rules in accordance with the objective function set
by the domain.

Thus, each individual in the population is as-
signed a value for its suitability in the do-main. Only
the most suitable species produce offspring. Various
types of mutation allow agents to change and adapt
to the domain. Thus, such algorithms are classified
as adaptive search engines.

PRACTICAL USE

As it is known, evolutionary algorithms are used
for problems such as functional optimization and can
be easily described with mathematical formulas. EA
are used in combinatorial optimization, particularly
in solving classical NP-complete problems such as
the traveling salesman problem (TSP) [2], number
splitting, knapsack packing problem [3], maximally
independent set, and graph sketching [4].

Also, other non-classical problems for which EA
are used include transportation problems, route cal-
culation, scheduling, planning, location, etc. Evolu-
tionary algorithms are also used to optimize struc-
tures and electronic circuits in economics and medi-
cine. In addition, evolutionary algorithms can be
used in music and they are being actively explored
in Austria, essentially when trying to simulate play-
ing musical instruments by popular people from
different years [5].

REVIEW OF EVOLUTIONARY METHODS
FOR FUNCTION OPTIMIZATION

As it was said earlier, evolutionary algorithms
can be used to solve optimization problems. The

© Antonevych M., Didyk A., Tmienova N., Snytyuk V., 2021


https://doi.org/10.17721/AIT.2021.03

CyuacHi iHdopmaningi TexHosorii, No 1 (1), 2021

most famous algorithms are genetic algorithm (GA),
evolutionary strategy (ES), evolutionary program-
ming (EP), genetic programming (GP), etc.

Evolutionary programming was introduced by
Lawrence J. Vogel [6]. Like ES and GA, EP has a
practical optimization technique when other tech-
niques such as gradient descent (GD) or direct ana-
Iytic discovery (DAD) are not plausible.

Combinatorial optimization and optimization of
functions with real values, in which the optimization
surface or fitness landscape is "hard to pass"”, with
many locally optimal solutions, are well suited for
evolutionary programming.

Classical EPs have been developed to evolve fi-
nite-state automata in such a way that they were
capable of solving time series prediction tasks and
more generally evolving learning machines [7].
Modern EPs have been applied to solve continuous
optimization problems using real-valued represent-
tations [7]. For example, to find the shortest path in
a TSP, each solution would be a path. The length of
the path (as example, from location a to location b)
can be expressed as a humber, which in turn would
serve as the fitness criteria for the solution [8].

John H. Holland created the genetic algorithm
[9]. A GA is a method for solving problems of both
constrained and unconstrained optimization, based
on the process of natural selection, which mimics
biological evolution. GA can be applied to solve
problems that are not well suited for standard opti-
mization algorithms, including problems in which
the objective function is non-differentiable, stochas-
tic, discontinuous or highly nonlinear.

Ingo Rechenberg and Hans-Paul Schwefel devel-
oped an evolutionary strategy approach [10-11].
Evolutionary strategy is a stochastic global optimi-
zation algorithm. Also, ESs can be applied in all
fields of optimization including continuous, discrete,
combinatorial search spaces without and with con-
straints as well as mixed search spaces. The ESs can
also be applied to a set of objective functions in
context of multi-objective optimization.

In the early nineties, a fourth stream appeared -
genetic programming. Genetic programming has
been successfully used as a tool for automatic pro-
gramming, automatic problem solving and machine
learning. This algorithm is especially useful in areas
where the exact shape of a solution is not known in
advance or an approximate solution is acceptable
(perhaps because it is very difficult to find an exact
solution).

Some of the GP applications include symbolic
regression, curve fitting, data modeling, classifica-
tion, feature selection, etc. John R. Koza mentions
76 cases where genetic programming could produce
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results that compete with results created by humans
(the so-called human-competitive results).

Since the 1990s, evolutionary computing has
largely become associated with the idea of swarm
intelligence [12], and nature-inspired algorithms
have become an increasingly significant part of this
trend. Swarm intelligence (SI) is concerned with the
design of intelligent multi-agent systems by taking
inspiration from the collective behavior of social
insects as well as from other animal societies [13].

Swarm intelligence methods have been very suc-
cessful in the area of optimization, which is of great
importance for industry and science [13]. Optimiza-
tion problems are of high importance both for the
industrial world as well as for the scientific world.

Examples of practical optimization problems:
train scheduling, timetabling, shape optimization,
problems from computational biology and tele-
communication network design. The research com-
munity has simplified many of these problems in
order to obtain scientific test cases such as the well-
known TSP [13].

PROBLEM FORMULATION

Let’s consider the problem of finding the mini-
mum value of the multivariable function:

f (X, X%,,...,X,) = min,
>_<=(xl,x2,...,xn),

xeDcR",

where n is the dimension of the search space, D is
some area.

The problem (1) is equivalent to the search
problem:

()

Argmin f (>_<), @)
X e D.
In addition, let some unknown point

X =(X,%,-...,X,) € D will be its solution.

Since the problem has an optimization character,
the No Free Lunch Theorem (NFL) is applicable to
it [14]. The meaning of this theorem is that there is
no single method that can find the best solution to
any optimization problem.

Thus, the use of evolutionary algorithms does not
require strict target functions constraints and does not
guarantee the finding of a global optimum. That is
why both the enlargement of optimization methods
and the research of their effectiveness continue.

Note that the function f can be undifferentiated,

polyextreme, besides it can be given tabularly or
algorithmically. Therefore, in such cases, the meth-
ods of classical optimization are ineffective. Hy-
pothesis is that there is a motion direction of the po-
tential solution of the problems (1), (2), which will
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allow with high probability and quickly finding the
optimal solution of the problem.

Moreover, there is an area in neighborhood of po-
tential solution to be investigated in more detail be-
cause it has solutions that are better than the parent’s
potential solution [15].

We propose to use the idea that underlies all evo-
lutionary algorithms, namely the population ap-
proach, which consists of solving problems (1), (2) by
evolution the population of potential solutions [16].

The key elements of the solution search for the
problems (1), (2) are special transformations like
compressions, and rotations of figures formed by
the connection of points, which are the potential
solutions.

In addition, these groups of points are called de-
formed stars. For this reason, it is necessary to use a
larger number of points grouped in a certain way and
to make a directional movement towards finding a
potential best solution with a detailed study of the
surrounding area.

That is an idea underlying the method of de-
formed stars [17]. In this paper, the method is further
developed by extending it into groups of 3, 4, and 5
potential solutions (3-, 4- and 5-point stars) [18].

THE PROPOSED ALGORITHM

Step 1. We initialize the parameters of the algo-
rithm, let t =0.

Step 2. Generate m potential solutions in do-
main D (population PB,).

Step 3. Form w figures (triangles, rectangles or
pentagons) Fi,izl,_vv.

Step 4. For each F, find the vertex in which the
function f takes the best value and consider it the
best vertex.

Step 5. For each figure F, find a compressed
figure T, in which the best point is transferred along

the line connecting the center of the figure and the
best point, and all the others are transferred to it
(Figure 1).

Fig. 1. Figure transformations
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Step 6. For each figure F, find a compressed
figure U, , in which all points are compressed to the

best vertex.
Step 7. For each figure F, find the figure Q,, ob-

tained by rotating F, around the best vertex (Figure 2).

D

Fig. 2. Figure transformations

Step 8. For each figure F, find the figure B, , ob-
tained by rotating F, around the center of the figure.

Step 9. For each figure F, find a modified figure
R

Step 10. Form a general population P,, which will
contain all the new points created in the previous
steps. Thus, R =P +T,+U, +Q + B, +R,,i=1w.
Step 11. For all potential solutions from P, find
the value of the function f and sort the potential

solutions from the best to the worst.
Step 12. Leave in P, only m best solutions and

check the fulfillment of the stop criterion.

Step 13. If the stop condition is not met, go to step
3. Otherwise, complete the algorithm and the best
element in the population will be considered the best
solution. Consider that the stop criterion may be:

e agiven number of iterations;

o the average value of fitness function in neigh-
boring populations is less than specified, etc;

e the worst value of fitness function in neigh-
boring populations is less than specified.

THE EXPERIMENTAL RESULTS

Figure 3 shows the experimental results for the
Schwefel 2.20 function in 10-dimensional space.
The comparative graph of results is presented in
Figure 4.

It shows how well-known methods and method
of deformed stars (MODS) found a solution during
the execution with the stop condition by iterations.
As we can see, MODS found a solution on the initial
iterations, in contrast to other known methods.
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Fig. 3. Comparison of the results of methods
under three conditions of completion
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Fig. 4. Convergence plots for the Schwefel 2.20 function,
the condition by iterations, coefficient = 2

CHOOOSING THE BEST
PARAMETERS FOR MODS

As we can see, first experiments were made with
the parameters, which are used to perform transfor-
mations in MODS populations, equal to 2, for all
stop conditions. Moreover, MODS with these pa-
rameters was used for comparison with well-known
methods in Figure 3.

To investigate the best configuration of the
MODS, it was decided to conduct testing, consider-
ing the different values of the input parameters of
the method. For the study, it was decided to set the
values of all parameters, which are used to perform
transformations in MODS populations, equal to 1.5.

After conducting experiments, it was found that
even with the change of parameters, MODS was
able to find the correct extremes of the tested func-
tions. Thus, we can say that when changing the pa-
rameters of the method, the solution will still be
found. However, it is important to note, that for co-
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efficients = 1.5 the method worked faster. Therefore,
the change in the value of the parameter affected the
speed of finding the result. The comparative graph
of results is presented in Figure 5. It shows how
well-known methods and MODS (but, in this case,
with parameters, that are equal to 1.5) found a solu-
tion with the execution of the stop condition by it-
erations.

Schwefel 2,20 Function
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Fig. 5. Convergence plots for the Schwefel 2.20 function,
the condition by iterations, coefficients = 1.5

CONCLUSION

The large number of modern practical problems
belong to the class of constraint satisfaction prob-
lems (CSPs). Such algorithms, as stochastic search,
combinatorial optimization methods, and evolution-
ary algorithms are used to solve these tasks.

We propose to use the idea that underlies all evo-
lutionary algorithms, namely the population ap-
proach, which consists of solving problems (1), (2)
by evolution the population of potential solutions.
The algorithm is called method of deformed stars.

The key elements of the solution search for the
problems (1), (2) are special transformations like com-
pressions, and rotations of figures formed by the con-
nection of points, which are the potential solutions. In
addition, these groups of points are called deformed
stars. MODS belongs to the class of evolutionary algo-
rithms and makes it possible to take into account the
surface of the function under study. Its advantages are
the speed of convergence and the accuracy of the result
compared to other evolutionary methods.

The obtained experimental results allow us to
conclude that the proposed method is applicable to
solve problems of finding optimal (suboptimal) val-
ues, including undifferentiated functions. In imple-
menting the method of deformed stars, significantly
fewer steps performed in the wrong direction, in
contrast to genetic algorithm, the method of differ-
ential evolution and evolutionary strategy as repre-
sentatives of classic evolutionary paradigm. The



Advanced Information Technology, Ne 1(1), 2021

accuracy of the obtained solutions is, on average,
higher than that of competing algorithms due to a
deeper study of the solution search area.

It is also important to note that in the course of
research it was found that when changing the pa-
rameters of the MODS solution will still be found.
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Bu6ip Hallkpawmx napameTpis
ansa mertoay AedopMoBaHMUX 3iPpOK y N-BUMIPHOMY NpocTopi

Jocniooiceno 3adauy onmumizayii QyHKYIL 6 N-6UMIPHOMY NPOCMOPI, KA, Y 3A2ANIbHOMY BUNAOKY, € NOTLEKCIMPEMAbHOIO
i HeOupepenyitiosaroro. 3anponoHoBaHo HOBUL Menod O0ehopMOBarux 3ipoK y N-6UMIpHOMY Hpocmopi. Yxazanuil memoo
noby0oeanull Ha i0esx i NPUHYUNAX e8OMOYIIHOI napaduemu i 3aCHOBANUIL HA NPUNYWEHHT GUKOPUCANHS HOMEHYIHUX 2PYN
possaskis. Lle 003601€ nioguwumu weUOKicnms MoYHOCHI ma 30i#CHOCMI 00CA2HYymoz2o pe3yaemamy. [na onmumizayii
@yHKYiT 8i0 6a2ambox 3MIHHUX BUKOPUCMOBYIOMbCA NONYIAYTT NoMeHyiliHuX piuterb. OmpuUMano mMemoo, AKUll 3acmoco8y-
10mb 0718 pO38'a3anHa 3a0ay 8 N-8UMIPHOMY HPOCMOPI, 0e CYKYNHICMb pO38 A3Ki6 ckiaoaemuvcs 3 3-, 4- ma 5-mouxosux epyn.
Tloxazano nepesazu po3poonenozo memooy neped 2eHemuyHUM an2OPUMMOM, OUPeperyiarbHOI0 eBONOYIEI0 ma eBomo-
YiliHoI0 cmpamezicio, AK HAUOITbW MUNOBUMU esotoyiiHuMy aneopummamy. Takod nposedeno exchepumenmu Ons 0o-
CniOJiceHHsl HauKpawoi Kongizypayii napamempis memooy 0eghopMosaHux 3ipox.

Knrouosi croea: mexuonozis, onmumizayis, Memoo, eKcnepumenn.
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