i Tomas Bata University in Zlin
Library

Impact of boundary control methods on bound-
constrained optimization benchmarking

Citation

KADAVY, Tomas$, Adam VIKTORIN, Anezka KAZIKOVA, Michal PLUHACEK, and Roman SENKERIK.
Impact of boundary control methods on bound-constrained optimization benchmarking. IEEE
Transactions on Evolutionary Computation [online]. vol. 26, iss. 6, Institute of Electrical and
Electronics Engineers, 2022, p. 1271 - 1280 [cit. 2024-02-01]. ISSN 1089-778X. Available at
https://ieeexplore.ieee.org/document/9878135

DOI

https://doi.org/10.1109/TEVC.2022.3204412

Permanent link

https://publikace.k.utb.cz/handle/10563/1011139

This document is the Accepted Manuscipt version of the
article that can be shared via institutional repository.

TBU Publications

M . Repository of TBU Publications

publikace.k.utb.cz



https://ieeexplore.ieee.org/document/9878135
https://doi.org/10.1109/TEVC.2022.3204412
https://publikace.k.utb.cz/handle/10563/1011139
https://publikace.k.utb.cz/

Impact of Boundary Control Methods on Bound-constrained
Optimization Benchmarking

Tomas Kadavy, Adam Viktorin, Anezka Kazikova, Michal Pluhacek, Member, IEEE, and Roman
Senkerik, Member, IEEE

Faculty of Applied Informatics, Tomas Bata University in Zlin, nam. T. G. Masaryka 5555, Zlin 76001,
Czech Republic {kadavy, aviktorin, kazikova, pluhacek, senkerik} @utb.cz

Abstract

Benchmarking various metaheuristics and their new enhancements, strategies, and adaptation
mechanisms has become standard in computational intelligence research. Recently, many challenges
and issues regarding fair comparisons and recommendations towards good practices for benchmarking
of metaheuristic algorithms, have been identified. This paper is aimed at an important issues in
metaheuristics design and benchmarking, which are boundary strategies or boundary control methods
(BCM). This work aims to investigate whether the choice of a BCM could significantly influence the
performance of competitive algorithms. The experiments encompass the top three performing
algorithms from IEEE CEC competitions 2017 and 2020 with six different boundary control methods.
We provide extensive statistical analysis and rankings resulting in conclusions and recommendations
for metaheuristics researchers and possibly also for the future direction of benchmark definitions. We
conclude that the BCM should be considered another vital metaheuristics input variable for
unambiguous reproducibility of results in benchmarking and for a better understanding of population
dynamics, since the BCM setting could impact the optimization method performance.

Index Terms—Evolutionary computation, computational intelligence, performance evaluation,
benchmark testing, boundary control method, optimization.

l. Introduction

In recent decades, metaheuristic algorithms have become popular and frequently used tools for
solving optimization tasks of various levels of complexity in both real and discrete domains. Ongoing
research in metaheuristic [1] is undoubtedly focused on expanding the theories, hybridizations [2],
hyperparameters tuning [3], implementing new learning and adaptive mechanisms, and of course,
benchmarking [4].

Any newly introduced improvements or new strategies of metaheuristic algorithms typically prove
their efficiency and robustness on a set of test problems with various characteristics. Popular official
benchmarking testbeds are IEEE CEC benchmarks® [5] and COCO? platform [6] BBOB testbed. The
results of benchmarking competitions impact the design, comparisons, and modifications direction of
metaheuristic algorithms in the next few years.

Recently, challenges and questions have been raised regarding good practices for benchmarking of
metaheuristic algorithms [7], and fair comparisons with more in-depth insights into statistics [8].

1https://github.com/P-N-Suganthan

2https://coco.gforge.inria.fr/



Best practices in benchmarking represent a significant open issue nowadays when metaheuristic
algorithms are used for increasingly more complex optimization problems, and it is beneficial to
improve the comprehensibility of the results and resulting recommendations. That is why researchers,
independently and with the support of an IEEE professional organization, have recently set up a
benchmarking network® and taskforce®.

This paper aims at an important matter in metaheuristics design and benchmarking, which are the
boundary control methods (BCM). We provide extensive analysis resulting in conclusions and
recommendations for metaheuristics researchers and possibly also for the future direction of
benchmark testbeds profiling.

Regardless of the origin of the optimization task, one of the common attributes is that the optimized
parameters are subject to certain limits (bounds). The specified parameter bounds are often caused
by real-world limitations or the test function(s) definition. Because of the inherent presence of
randomness in metaheuristic algorithms, a trial solution could arise outside of the set parameter
boundaries. Such a situation may represent a significant hurdle for solving a particular optimization
task. The straightforward approach to handle box constraints lies in the checking of each newly
generated solution if such a solution still meets the criteria of parameter bounds. In case that the newly
created parameters are located outside the space of feasible solutions, specific corrections have to be
made.

The motivation for this research is based on the findings in several of the authors’ papers [9], [10], [11]
(details are given later in this section), where the influence of BCMs on the performance of selected
basic versions of metaheuristic algorithms was examined. Thus, a research question arose as to
whether the choice of a BCM could significantly influence other competitive algorithms, especially the
CEC competition winners. Furthermore, it was motivating to find out whether just changing the BCM
can help achieve even better results for the top three performing algorithms from a given year of the
competition, possibly changing their final order. The results presented here showed that the impact
on the empirical performance of the top 3 algorithms from CEC17 is affected by choice of BCMs.

It is our intention for the boundary control methods to be considered as one of the hyperparameters
of metaheuristics, which must not only be carefully optimized and selected but must also be included
in the description of the algorithm for unambiguous reproducibility of benchmarking results and a
better understanding of population dynamics of metaheuristics.

The problem of BCMs is covered in a number of research publications with different levels of problem
coverage. For the Particle Swarm Optimization (PSO) algorithms, the experimental analysis of bound
handling techniques written by Helwig, Branke, and Mostaghim in 2012 [12] compare several BCMs
used for the PSO algorithm and concluded that such methods can have a major impact on the algorithm
performance and may introduce a significant search bias. The comparison also took into account
various aspects of PSO, such as the velocity of individual particles and the variables of the best position.
Oldewage, Engelbrecht, and Cleghorn published a similar extensive study of BCMs aimed at PSO
algorithm in 2018 [13]. The study concluded that the bestperforming method was hyperbolic (the
method uses one of the main characteristics of PSO, the velocity vector), which is, however, limited
only to PSO. Another, slightly less detailed, research done by Clerc in 2006 [14] represents the BCMs
as "confinements” in PSO and describes and tests several of them on a limited data set. A similar study,
but with a different set of compared methods was done in 2004 by Zhang et al. [15].

3https.//sites.google.com/view/benchmarking-network/home

4https://cmte.ieee.org/cis-benchmarking/



Michalewicz and Koziel published the comprehensive study on parameter bounds, mixed with
constrained numerical optimization for Genetic Algorithms (GA) in [16], [17]. The paper by Mostaghim
etal.in 2006 [18] is focused on a multiobjective version of PSO, and although the main focus is devoted
to objective function constraints, part of the work summarizes the BCMs of a previous work, which
was focused primarily on objective function constraints. Four boundary handling techniques were also
discussed in the tutorial paper for the Covariance Matrix Adaptation Evolution Strategy algorithm
(CMA-ES) by Hansen [19]. However, the influence of these methods on the performance of CMA-ES
was not part of the tutorial paper. A recent study [20] investigated the BCM for CMA-ES more
thoroughly. The article by Ronkkonen et al. [21] concerning the DE algorithm describes a BCM where
the trial solution is reflected from the bound by the amount of the violation. A similar technique is
used in papers by Brest et al. [22], [23] by Price and Storn, in [24] by Guo et al., and in [25] by Zhang et
al. More detailed work on a structural bias (mainly caused by boundary constraints) with detailed
results and discussion was done by Caraffini et al. in [26]. A detailed study about BCM for DE can be
found in the recent paper [27].

Obtained results and suggestions from the collected works imply that the boundary control methods
might have a direct impact on the overall performance of a metaheuristic algorithm; however, many
newly introduced algorithms, tutorials, or overviews omitted or neglected this fact. Just to mention a
few: a tutorial for PSO [28], general paper for Evolutionary Algorithms (EA) [29], articles focused on
the Firefly Algorithm (FA) [30], [31], publication on the Cuckoo Algorithm [32], or the paper that
introduced new mechanics for Differential Evolution (DE) [33].

The following quote comes from an article on experimental analysis of BCMs in Particle Swarm
Optimization by Helwig et al. [12]:

”As was shown, the bound handling technique has a huge impact on the performance of PSO, especially
if the number of dimensions of the search space is high, as this dramatically increases the probability
of a particle leaving the feasible area.”

Alongside the researched articles, the authors own previous work also confirms the described general
conclusion. A study published in 2017 [9] concluded that a selection of used BCMs affects the
performance of an algorithm. The study compared Clipping, Random, Periodic, and Soft methods on
the generic version of PSO and the more advanced variant called Attractive and Repulsive PSO (ARPSO)
[34]. A paper from 2018 [10] compared Clipping, Random, Reflection, and Periodic methods on the
FireFly Algorithm (FA) and on a hybrid of FA and PSO, called FFPSO [35]. The experiments were
performed on CEC 2017 benchmark set [36]. A recent study published in 2019 [11] examined the
influence of BCM on SOMA All-To-One and All-To-All. The study compared Clipping, Random,
Reflection, and Periodic methods on the CEC 2017 benchmark set and concluded that for both tested
versions of SOMA, the BCMs Random and Periodic achieved better results than other two BCMs.

To conclude the introduction, the motivation behind the paper is to establish if the BCM can influence
the algorithm performance from the competition results point of view. Thus, raise awareness about
the need for careful selection of the BCM, similar to other hyperparameters of the metaheuristic
algorithms. The presented results confirm that ill-selected BCM can negatively influence the
algorithm's overall performance.



Il. Boundary Control Methods

This section contains summarized list of commonly used boundary control methods (BCM). The list
consists of strategies that can be applied to a generic metaheuristic algorithm; therefore, it is not a
complete overview of all existing strategies. The selected BCMs are frequently used among the
algorithms submitted for studied competitions (CEC17 and CEC20).

The following list contains mathematical representations of BCMs; hence, the recapitulation and
meaning of the variables used in individual equations are included here. One individual solution X =
{x1,x2, --+ ,xp} is a vector of real-valued parameters of length D, which stands for the dimensionality
of the search space. Each parameter x; (dimension) has defined bounds, which delimit the space of
feasible solutions. The parameter bounds are defined as X]L < x < X]H, where X]L is the lower bound
and x/" is the upper bound for j-th dimension.

1) Clipping: The first listed method is rather simple in principle, as well as quite easy to implement and
probably often one of the first choices. Each individual solution x cannot cross the given boundaries in
any dimension; the individuals are instead "'clipped” to the given parameter bounds. The equation
describing the clipping method is given in (1).

;l‘f Jif (Li” i ;1‘::-{]

ritt = 1; Jif (2F; < z7) (1)
T3 i , otherwise

TABLE IlI: Friedman ranks for CEC17. The values in each BCM column represent the Friedman rank in a particular row; the
lower the value, the better rank of the algorithm. The p-values are accompanied by the symbol representing different
significance levels: * = 0.1, = 0.05, ** = 0.01, *** = 0.001. The last column CD stands for Nemenyi Critical Difference -if
two BCM ranks differ more than CD value, they are significantly different.

Default Clipping Random Periodic Reflection Halving p-value CD
10D 348E+00 3.67E+00 341E+00  312E+00 343E+00 3.88E+00 6.17E-01
30D 343E+00  3.64E+00  3.52E+00  347E+00  3TIE+00  3.24E+00 0.39E-01
EBOwithCMAR 50D 345E+00  3.55E+00  3.62E+00  338E+00  3.55E+00  3.45E+00 9.97E-01 1.40E+00
100D 3.64E+00  4.00E+00  343E+00 4.16E+00  2.53E+00  3.16E+00 | 5.83E-03**
Mean  3.50E+00  3.74E+00  350E+00  3.53E+00  331E+00 343E+00

10D 3.64E+00  ZBIE+00  Z88E+00 Z2.6ZE+00  3.05E+00 1 TIE-0IF
30D 3.22E+00  2.84E+00  3.16E+00  2.97E+00  2.81E+00 T.73E-01
jS0 50D Halving 331E+00  2.66E+00  3.38E+00  276E+00  2.90E+00 2.18E-01 L.13E+00
100D 3.07E+00  2.83E+00  3.60E+00  231E+00  3.10E+00 1.52E-02F
Mean 331E+00  2.78E+00  3.28E+00  2.66E+00  297E+00
10D 3.83E+00 238E+00  2.17E+00  328E+00  3.34E+00 | O.14E-07#%*
30D 348E+00  2.59E+00  2.60E+00  3.21E+00  3.03E+00 1.17E-01
LSHADE-cnEpSin 50D Halving 3.66E+00  2.62E+00  2.55E+00  3.10E+00  3.07E+00 3.40E-027 L.13E+00
100D 341E+00  2.62E+00  2.97E+00  2.97E+00  3.03E+00 3.94E-01

Mean J60E+00  2.55E+00  2.59E+00  3.14E+00  3.12E+00




TABLE IV: Friedman ranks for CEC20. The values in each BCM column represent the Friedman rank in a particular row; the
lower the value, the better rank of the algorithm. The p-values are accompanied by the symbol representing different
significance levels: * = 0.1, += 0.05, ™" = 0.01, *** = 0.001. The last column CD stands for Nemenyi Critical Difference -if two

BCM ranks differ more than CD value, they are significantly different.

Default Clipping Random Periodic Reflection Halving p-value CD
5D 325E+00 4.05E+00  345E+00  375E+00 340E+00  310E+00 | 4.60E-01
10D 340E+00  3.20E+00 3.60E+00  3.70E+00  3.10E+00  4.00E+00 | 8.63E-01
IMODE 15D 3.95E+00  3.65E+00  2.85E+00  3.35E+00  3.55E+00  3.65E+00 | 7.44E-01 2.38E+00
20D 390E+00  3.60E+00  340E+00  3.90E+00  2.80E+00  3.40E+00 | 7.19E-01
Mean  363E+00  3.62E+00  3.32E+00  3.68E+00  3.21E+00  3.54E+00
5D 360E+00  3.10E+00  3.00E+00  3.15E+00  2.15E+00 | 9.27E-02*
10D 390E+00  230E+00  2.80E+00  2.70E+00  3.30E+00 1.45E-01
AGSK 15D Halving 345E+00  2.55E+00  3.25E+00  2.90E+00  2.85E+00 | 4.84E-01 1.93E+00
20D 3.80E+00  245E+00  3.35E+00  2.55E+00  2.85E+00 1.27TE-01
Mean J69E+00 2.60E+00  310E+00  2.82E+00  2.79E+00
5D ITOE+00  2.70E+00  2.90E+00  3.00E+00  2.70E+00 | 5.11E-01
10D JTOE+00  1.T0E+00  3.30E+00  2.90E+00  3.40E+00 | 1.98E-027%
j2020 15D Periodic 3.80E+00  2.20E+00  3.45E+00  2.65E+00  2.00E+00 | 9.56E-02*  1.93E+00
20D 3T0E+00  2.80E+00  3.35E+00  2.70E+00  2.45E+00 | 3.32E-01
Mean ATIE+00  2.35E+00  325E+00  2.81E+00  2.86E+00

The Xi'f]“ is the i-th individual in j-th dimension in k + 1 calculation step, and the pair X]H and X]L
represents the parameter bounds, maximum and minimum respectively.

2) Random: If a trial solution violates the boundary in any dimension, the position for this individual
in a particular dimension is reinitialized inside the lower and upper bounds (with a pseudo-random

number generator using uniform distribution - U). Again, this technique is simple to implement, as
the equation (2) shows.

Tk o H : iy H e L
U(zh,zi) L if (27 > z; DB xy < xk)
. otherwise

(2)

3) Reflection: As the name suggests, the reflection method reflects the individual back to the feasible
space of solution if it tries to violate the defined borders. This technique resembles the reflection
characteristic of a mirror. The correction of a position of an individual in the violated dimension is
computed as (3).

SH (ko H ook o H
[ (e m ) i (e > a5
Tii =4 T+ ;I?{ —:t‘-z-_j)  if (:t‘-,i_j < ;rj-} (3)
T , otherwise

4) Periodic: This possible solution to prevent the infeasibility takes advantages of an infinite space of
solution (infinite copies of the optimized hyper-space). This method involves only mapping the
individual back to the space of available solutions using the modulo function.

ri‘jl =] + [{;rf_j — ;r?} MOD (2 —2F)) @

J J



5) Halving the Distance: The principle of this method is to halve the distance between the original
position and the crossed bound. The implementation is slightly more complicated than previous
techniques because the algorithm must keep track of the starting position of an individual X{f]'l.

Pt (2 — kY 2 i (aF ;}1';{)

J' J 3 J
k+1 .ik l k ~
T, = +( —x7) /2 if(a i_j{_:t;f) (5)
-.1':,-_ i , otherwise
TABLE I: CEC17 - Algorithm overview
Algorithm BCM Mentioned
EBOwithCMAR [41] Halving, Clipping No
LSHADE-cnEpSin [42] Halving No
150 [43] Halving Partially
DES [44] Penalization Yes
DYYPO [45] - No
IDEbestNsize [46] Reflection Partially
LSHADE_SPACMA [47] - No
MM_OED [48] - No
MOS-CEC2013 [49] - No
MOS-SOC02011 [49] - No
PPS0O [50] Random bounce Yes
RB-IPOP-CMA-ES [51] - No
TLBO-FL [532] Clipping Yes

Ill. Experiment setup

Since 2005 [37], a new benchmark set for single-objective optimization for continuous problem domain
as a special session in IEEE Congress on Evolutionary Computation (CEC) is announced regularly. The
composition of included test functions is periodically updated over the years. The series of CEC
benchmark, therefore, represents a substantial pool of the most suitable test functions. Recent CEC
benchmark test suites [5] encompass four groups of test functions: unimodal, multimodal, hybrid, and
composition functions. An advantageous feature of the CEC benchmark is the fact that all incorporated
test functions are defined with equal and static (same values across all dimensions) search range for
all parameters. The original implementation also supports a shift of the global optimum and rotation

of each function.

One exception among the CEC benchmarks is the CEC19 [38] , which consists of 10 test functions, each

of a different search range of parameters.

This paper is focused on the three top ranking participants of two recent benchmark competitions:

CEC17 [36], and CEC20 [39]. The goals for both testbeds are to:

o determine which BCM was used by the three winning algorithms,
e examine if there is a better choice of a BCM for a particular algorithm,
e if the algorithms used a different BCM, could it have changed the final order?



The description of each benchmark is summarized in the following subsections alongside the
descriptions of the three top ranking algorithms of each benchmark.

A. CEC17

The testbed CEC17 published in 2016 [36] encompasses 30 test functions for dimension sizes of 10, 30,
50, and 100. The following subsections briefly describe the top three performing algorithms according
to the official results [40]. Table | contains a list of all participants, including the used boundary control
method, and if the BCM was mentioned in the accompanying paper.

1) EBOwithCMAR: An algorithm originally proposed for the CEC17 benchmark and successfully
obtained the first position among 11 competitors. The hybrid algorithm is based on the Effective
Butterfly Optimizer (EBO) and Covariance Matrix Adapted Retreat phase (CMAR), which improves the
local search capability of EBO. The paper [41] does not specify any used BCM; however the analysis of
the code of the algorithm showed that EBOwWithCMAR uses two BCMs, Halving for EBO and Clipping
for CMAR.

TABLE Il: CEC20 - Algorithm overview

Algorithm BCM Mentioned
IMODE [56] Random, Halving No
AGSK [57] Halving No
12020 [58] Periodic Yes
Cssin [39] - No

MP-EEH [60)] Clamping Yes
RASP-SHADE [61] Halving Yes
DISH-XX [62] Halving No
J1DE100e [63] - No
OLSHADE |64] Clipping, Halving Yes
mpmL-SHADE [65] Halving Yes
SOMA-CL [66] Random No

2) jSO: The jSO [43] represents an improved variant of the iL-SHADE algorithm [53] and ranked in
second place. The improvement lies predominantly in the new version of the mutation strategy. The
jSO uses Halving BCM, which is referred in the paper as a “repeat mechanism” without any detailed
description or citation.

3) LSHADE-cnEpSin: The third algorithm used in this study represents extension to the LSHADE-EpSin
[54], which was ranked as the joint winner in competition IEEE CEC 2016. The enhancement lies in the
ensemble of sinusoidal approaches and covariance matrix learning for the crossover operator. The
LSHADE-cnEpSin [42] ranked third in the CEC17 competition and uses Halving BCM, which is
unfortunately not mentioned in the paper by the authors.

B. CEC20

The CEC20 benchmark [39] introduced in 2019 includes 10 test functions for dimension sizes of 5, 10,
15, and 20. Again, the following subsections briefly describe the top three performing algorithms
according to the official results [55], and Table Il contains a list of all participants, what boundary
control method they used, and if the BCM was mentioned in the related paper.



1) IMODE: This Differential Evolution (DE) based algorithm ranked as the winner in the CEC20
competition. IMODE [56] benefits from multiple differential evolution operators, with more emphasis
placed on the best-performing operator. The algorithm employ two BCMs: Clipping and Halving,
selected randomly each time it is used. Unfortunately, BCMs are not mentioned in the paper.

2) AGSK: The AGSK is the second-best performing algorithm in the CEC20 competition. AGSK [57] is the
enhanced version of the Gaining Sharing Knowledge-based algorithm (GSK) [67], which uses adaptive
settings to its control parameters. The algorithm utilizes Halving BCM; however, this is not specified by
the authors.

3) j2020: The algorithm [58] ranked third place in the competition and it is based on the two self-
adaptive DE algorithms jDE [68], and jDE100 [69]. The used BCM is Periodic, which is mentioned in the
paper.

The source codes of the three top ranking algorithms of both CEC competitions were provided by the
organizer of the competitions via GitHub®.

It was found out that algorithms implemented in the programming platform Matlab and belonging
mainly to the DE family of algorithms used the same, or similar, library for BCM, which contains the
implementation of the Halving BCM. This probably encourages the researchers to use it, as it is already
prepared.

IV. Results

This section presents the results of both experiments performed for benchmarks CEC17 and CEC20.
Each test scenario used a different number of independent runs as defined by the used benchmark.
CEC 17 testbed defines 51 independent runs, while CEC20 testbed requires 30 independent runs.

This section is divided into three subsections. Each subsection describes one used methodology:
Friedman rank test, CEC scoring system, and selection of the best performing BCM variant for the
algorithms.

A. Friedman rank test

As a first step, each algorithm was tested and evaluated while using different BCMs. The evaluation
was performed by Friedman rank test [70] and the results are presented in Table lll for CEC17 and
Table IV for CEC20. The values in cells are the rankings for each algorithm for particular dimension size.
The columns indicate the tested BCM. If the algorithm used different BCM than the selected (Clipping,
Random, Periodic, Reflection, Halving), the column Default was used. Otherwise, this column states
the name of the used BCM of the algorithm. The last column contains p-values of the Friedman rank
test. The tested significance levels are 0.1, 0.05, 0.01, and 0.001. Each level corresponds to a certain
symbol: *, t, **, and *** respectively. Therefore, a symbol represents the significance level of the
result. The last row of each algorithm also contains the mean rank (given in bold) across the dimension
sizes for a particular BCM. The last column CD stands for Nemenyi Critical Difference - if the difference
between a pair of BCMs’ ranks is higher than CD value, they are significantly different. For example, in
Table Ill, the Periodic BCM in LSHADE-cnEpSin in 10D is significantly different (better according to rank)
from Clipping BCM. But the same Periodic BCM is not significantly different from Random BCM.



Table Il contains higher number of results with statistically significant difference than Table IV. The
likely reasons are that: the CEC20 benchmark contains only 10 test functions, lower dimensionality
might cause a lower number of BCM use (see [12] - low dimensionality leads to a lower probability of
creation of an infeasible trial solution), and the top ranking algorithms in the competition are robust
and similar in the performance.

B. CEC scoring systém

The second step was to use the scoring system employed by the CEC competitions. The motivation for
this test was to determine if a change of BCM may cause a change in the order of the algorithms. The
CEC scoring system is in detail provided in the technical reports accompanying the CEC benchmarks
[36], [39].

The algorithms are sorted by the final score value, and the higher this Score is, the better the
performance of the algorithm. This Score is a sum of two partial scores, Score 1 and Score 2. Score 2 is
based on the weighted rank values, and Score 1 is computed from the normalized error values for
CEC20 or mean (not normalized) error values for CEC17. Score 1 is computed using equations (6) and

(7).

29 29

SE =101 Z efiop +0.2- Zﬂfmﬂ

i=1 i=1

20 29 (6)
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Where e f is the mean error value for certain dimension size and SE ni» is the minimal sum of errors
among all algorithms. The Score 2 is then computed based on equations equations (8) and (9).

20 20
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The final score is then defined as (10).

(10)

Seore = Scorel + Score2

The equations (6) - (10) describes the computation of the score for CEC17. The CEC20 score is
computed by the same equations but uses a different dimension sizes.

Tables V(a) - V(f) contain the Score and rank of BCMs used for a particular algorithm. The default BCM
is in bold. From the given results, not once did the default BCM ranked as the best performing variant;
therefore, potentially better results for the algorithm may be achieved using the BCM with the highest
Score. The parentheses under the score display percentual contribution of each dimensional setting to
the score. The significant disproportion in values of Score 1 for dimension size 50 for CEC17 was caused
by the last test function f30, Since this disproportion is observed across all tested algorithms and their
BCMs, the obtained results are still comparable, however further investigation is needed to find the
cause of such behavior.

Friedman ranks suggest that higher dimension size has a more significant impact on the final score, as
can be seen in Table V.

TABLE V: Score and rank of BCMs used for a particular algorithm. The rank is based on the final Score, which is a sum of
partial scores 1 and 2. The default BCM of the algorithm is in bold. The parentheses under the score display percentual
contribution of each dimensional setting to the score (CEC17 - {10D, 30D, 50D, 100D}, CEC20 - {5D, 10D, 15D, 20D}).

(a) CECI17 — EBOwithCMAR (b) CEC17 - jSO

Rank BCM Score | Score 2 Score Rank BCM Score 1 Score 2 Score
T Reflection 4 BTE+DT 5.00E+DT 9.BTE+DT 1 Reflection 5.00E+01 3.00E+01 10.0E+01
(04, 1.1,92.6,59) (108, 23.4, 337, 32) (04, 1.1, 90.5, 7.9y (101, 22.8. 31.7, 35.4)
2 Random 4.98E+01 4.52E+01 9.49E+01 2 Random 5.00E+01 4.69E+01 9.69E+01
0.4, 1.1, 921, 63) (97,201, 31, 39.2) (0.4, 1.2, 89.9, 85)  (10.1, 20.5, 287, 40.7)
3 Halving 471E+01 475E+01 9 46F+01 3 Halving 4.8TE+01 4.38E+01 0.25E+01
(0.4, 1.1,927,59)  (11.6, 195, 31, 37.9) 0.4, 11,905 8)  (10.2, 189, 29.2, 41.7)
4 Periodic 5.00E+01 430E+01 9.30E+01 14 Clipping 4.80E+01 4.04E+01 8.83E+01
04, 12,02, 64) (8.5, 188, 275, 45.2) (27, 1.1, 88.7,7.5) (113,20, 30.8, 38)
5 Default 4.78E+01 4.49E+01 9.27E+01 5 Periodic 4.981+01 3.82E+01 8.80E+01
(0d, 11,924, 6.) (9.9, 19.5, 294, 41.3) (04, 1.2, 898, 8.6) (84,185, 297, 433)
6 Clipping 4.62E+01 4.17E+01 8.79E+01
(48, 1., 884.58)  (9.7.192,28.1, 43.1)
(c) CEC17 — LSHADE-cnEpSin (d) CEC20 - IMODE
Rank BCM Score 2 Score Rank BCM Score 1 Score 2 Score
1 Random 5.00E+01 1.00E+02 1 Reflection 5.00E+01 5.00E+01 1.ODE+02
(1.4, 109, 34,5, 53.2)  (l10.8, 19.7, 33.9, 35.6)
2 Periodic 9.71E+0 2 Halving 4.95E+01 4 41E+01 9.36E+01
(8. 19.9, 283, 43.8) (2.4, 111, 324, 54.1) (8.7, 22.4, 307, 38.1)
3 Reflection 4.60E+01 4.20E+01 8.79E+01 3 Random 4.47E+01 4.79E+01 9.27E+01
(0.5, 1.1,925, 59 (106, 20.8, 30.2, 38.4) (4.4, 10.3, 32.7, 52.6) (10.5, 22., 26.1, 41.5)
4 Halving 4.44F+01 4.21E+01 8.65E+01 4 Periodic 4.35E+01 4.27E+01 8.63E+01
(37, 1.1, 80.7, 5.5 (109, 19.7, 20,9, 30.5) (5.5.7.9, 395, 47.) (10.2, 2001, 27.3, 42.4)
5 Clipping 4. 43E+01 3.66E+01 8.08E+01 5 Default 4.3TE+01 4.19E+01 E5TE+01
T (04, 11,927.58)  (10.8, 19.7, 31., 38.6) (4.3, 159, 29.9, 49.8) (8.7, 18.1, 316, 41.6)
[ Clipping 4. 14E+01 4.30E+01 8.53E+01
(4.1, 8.9, 27.4, 50.6) (113, 17.9, 30.6, 40.2)
(e) CEC20 — AGSK (f) CEC20 — j2020
Rank BCM Score T Score 2 Score Rank BCM Score | Score 2 Score
T Reflection L O0E+01 J58E+0T O 48E+01 1 Halving 5.00E+01 4.2TE+01 9.2TE+01
0.4,5.,292 654) (115,197,317, 31.2) (0.5, 0.5, 42.1, 56.8) (9.6, 24.3, 31.1, 35.)
2 Halving 4.38E+01 9.38E+01 2 Random 4. 19E+01 5.00E+01 9. 19E+01
.1, .6, (7.5, 23., 29.8, 39.7) (0., 5., 352, 59.7) (11.3, 14.2, 27.6, 46.9)
3 Random 4.36E+01 5.00E+01 9.36E+01 3 Reflection 4.35E+01 4.34E+01 8.69E+01
(0.4, 47, 38., 56.9) (12.3, 18.3, 30,4, 39) (0. 5.6, 431, 51.4) (109, 21.1, 289, 39.2)
4 Periodic 4.60E+01 3.96E+01 8.56E+01 4 Periodic 3.62E+01 359E+01 T.22E+01
(0., 42,319, 63.9) (94, 176,307, 42.2) (0., 4.3, 33.1, 62.6) (8.7, 19.8, 311, 40.3)
5 Clipping 4.67E+01 3. 40E+01 8.07E<01 5 Clipping 3.68E+01 3.20E+01 6.88E+01

(0., 4.7. 30.1, 65.2)

(97, 21.1, 28, 41.1)

(0., 6., 14, 80,

(9.9, 19.8, 30.6, 30.7)




TABLE VI: CEC17 - Score - Default BCM

Rank Algorithm Score 1 Score 2 Score
1 EBOwithCMAR 5.00E+01  5.00E+01  1L.OOE+02
2 150 497E+01  433E+01  9.30E+01
3 LSHADE-cnEpSin 4.68E+01 447E+01  9.15E+01
4 LSHADE_SPACMA  4.64E+01 447E+01  O.11E+01
5 DES 459E+01  4.12E+01  871E+01
6 MM_OED 4.60E+01 3.62E+01  8.22E+01
7 IDEbestNsize 2.98E+01  263E+01  5.61E+01
8 MOS-CEC2013 1.8OE+01  1.74E+01  3.63E+01
9 EB-IPOP-CMA-ES  379E+00 321E+01  3.59E+01
10 MOS-SOCO2011 LLITE+01  1.92E+01  3.03E+01
11 PPSO 3.93E+00 173E+01  2.12E+01
12 DYYPO 5.93E-01 1.71E+01  1.77E+01
13 TLBO-FL 28TE-02  1.64E+01  1.64E+01

TABLE VII: CEC17 - Score — EBOWithCMAR

Rank Algorithm Score 1 Score 2 Score
1 (1) EBOwithCMAR 5.00E+01  5.00E+01  1.00E+02
2(2) JS0 496E+01 4.55E+01 9.51E+01
RNEY LSHADE_SPACMA  4.66E+01 4.83E+01 9.49E+01
4 (3 LSHADE-cnEpSin 478E+01  4.25E+01  9.03E+01
5(3) DES 461E+01  423E+01  8.84E+01
6 (6) MM_OED 4.62E+01  3.74E+01  8.35E+01
T(7) [DEbestNsize 3.00E+01  2.69E+01  5.69E+01
81(9) RB-IPOP-CMA-ES  381E+00 3.32E+01 3.70E+01
9 (8) MOS-CEC2013 1.OOE+01  1.78E+01  3.68E+01
10 (10) MOS-SOC0O2011 LI11E+01  1.97E+01  3.08E+01
11 (11) PPSO 304E+00  L77E+O01  2.17E+01
12 (12) DYYPO 596E-01  1.76E+01  1.82E+01
13 (13) TLBO-FL 2.80E-02 1.68E+01 1.68E+01

However, the higher impact of higher dimension sizes is also implicit due to the weighting of dimension

parts of the score computation in (6) and (8).

C. Selection of the BCM

The third and the last step was to implement the best performing BCM variant for the algorithms and
check if the final order of the competition will be different. Table VI and Table X contain the Score and
rank if the algorithms used their default BCMs. Unfortunately, the complete results of all competitors
are available for the CEC17 benchmark only; therefore the Table X encompasses only the three top
ranking algorithms of the CEC20 competition. The best BCM for each algorithm was selected according

to the ranks in Tables Va -Vf.



TABLE VIII: CEC17 - Score — jSO

Rank Algorithm Score 1 Score 2 Score
1 (1) EBOwithCMAR 4 89E+01  5.00E+01  9.89E+01
2(2) 150 5.00E+01  476E+01  9.76E+01
34 LSHADE_SPACMA  4.60E+01 487E+01 9.47E+01
43 LSHADE-cnEpSin 4 T1E+01  435E+01  9.06E+01
5(5) DES 455E+01  433E+01  8.88E+01
6 (6) MM_OED 455E+01  381E+01  8.36E+01
T(D IDEbestNsize 296E+01  276E+01  5.72E+01
8 RB-IPOP-CMA-ES  3.76E+00 338E+01 3.76E+01
Y (8) MOS-CEC2013 1.88E+01  1.82E+01  3.7T0E+01
10 (10) MOS-SOCO2011 1.10E+01  2.01E+01  3.11E+01
11 (11) PPS0O 3.89E+00 1 81E+01  2.20E+01
12 (12) DYYPO 5.88E-01 1.79E+01  1.85E+01
13 (13) TLBO-FL 284E-02  171E+01  1.72E+01
TABLE IX: CEC17 - Score - LSHADE-cnEpSin
Rank Algorithm Score 1 Score 2 Score
1(3) LSHADE-cnEpSin 5.00E+01  5.00E+01  1.00E+02
2(D EBOwithCMAR 4 73E+01  492E+01  9.66E+01
3(2) 150 4T73E+01  4.62E+01  9.35E+01
4(4) LSHADE_SPACMA  445E+01 481E+01 9.26E+01
5(5 DES 440E+01  434E+01  8.74E+01
6 (6) MM_OED 4 40E+01  3T79E+01  8.19E+01
7D IDEbestNsize 2.86E+01  275E+01  5.61E+01
89 RB-IPOP-CMA-ES  3.63E+00 337E+01 3.73E+01
9 (8) MOS-CEC2013 1.81E+01  1.83E+01  3.64E+01
10 (10) MOS-SOCO2011 1.06E+01  2.02E+01  3.00E+01
11 (1) PPSO 376E+00  1.82E+01  2.20E+01
12 (12) DYYPO 5.68E-01 1.80E+01  1.86E+01
13 (13) TLBO-FL 275E-02 1.72E+01  1.73E+01
TABLE X: CEC20 - Score - Default BCM
Rank  Algorithm Score 1 Score 2 Score
1 j2020 S5.00E+0T  456E+01  9.56E+01
2 IMODE 2. 14E+01  5.00E+01  7.14E+01
3 AGSK 231E+01  456E+01  6.88E+01
TABLE XI: CEC20 - Score — IMODE
Rank  Algorithm Score 1 Score 2 Score
1 (1) 12020 S.00E+01  451E+401  9.51E+01
2(2) IMODE 234E+01  5.00E+01  7.34E+01
303 AGSK 230E+01  447E+01  6.77TE+01




TABLE XII: CEC20 - Score — AGSK

Rank  Algorithm Score 1 Score 2 Score

1(1) 12020 S00E+01  452E+01  9.52E+01
2(2) IMODE 2.14E+01  5.00E+01  T.14E+01
3(3) AGSK 225E+01  443E+01  6.68E+01

TABLE XIIlI: CEC20 - Score -j2020

Rank  Algorithm Score 1 Score 2 Score

1l 12020 S.00E+0T  436E+01  9.36E+01
2102) IMODE 286E+01  5.00E+01  7.86E+01
3(3) AGSK 3.06E+01  445E+01  7.51E+01

TABLE XIV: CEC17 — Score

Rank Algorithm Score 1 Score 2 Score
113 LSHADE-cnEpSm 5.00E+01  5.00E+01  1.00E+02
21 EBOwithCMAR 47TTE+01  5.00E+01  9.76E+01
32 150 484E+01  4.58E+01  9.42E+01
4(4) LSHADE SPACMA  445E+01 4.78E+01  9.23E+01
5(5) DES 440E+01  430E+01  8.T0E+D1
6 (6) MM_OED 440E+01  381E+01  8.21E+401
T7(7) [DEbestNsize 286E+01  276E+01  5.62E+01
8(9) RE-TPOP-CMA-ES  363E+00 337E+01  3.73E401
9 (8) MOS-CEC2013 LSIE+01  1.82E+01  3.64E+01
10 (10} MOS-50C02011 LOGE+01  2.02E+01  3.08E+01
11 (11) PPSO 376E+00  1.82E+01  2.20E+01
12 (12) DYYPO 5.68E-01  1.80E+01  1.86E+01
13 (13) TLBO-FL 275E-02  1.72E+01  1.73E+01

TABLE XV: CEC20 — Score

Rank  Algorithm Score 1 Score 2 Score

1 (1) j2020 S.00E+01  4.19E+01  9.19E+01
2(2) IMODE J14E+01  S5.00E+01  8.14E+01
303) AGSK 2.06E+01 4.53E+01 7.49E+01

For the CEC17, tables VII, VIII, and IX represent the situations when only one algorithm selects its best
variant of the BCM. If the rank is changed against Table VI, the original rank is shown in parentheses.
The most noticeable difference is in Table IX, where the LSHADE-cnEpSin obtained the first rank. Table
XIV then contains the ranks accomplished if all three algorithms had used the best performing variant
of the BCM, and again, the LSHADE-cnEpSin would have achieved the first position.



For the CEC20, the process is the same as for CEC17. The results are presented in Table X - XV and no
change in the algorithms order was observed.

V. Conclusion

While the boundary control methods (BCM) are often an overlooked part of the experiment design in
metaheuristics benchmarking, our work aims to highlight the importance of understanding the
boundary control method as necessary input for results reproducibility.

Further, we bring to the attention the possibility of performance improvement by the use of alternate
boundary control methods, as presented in the results of CEC17 benchmark participants, where:

e The LSHADE-cnEpSin algorithm would have won the CEC17 competition, if it did employ the
random boundary control method.

e According to the scores as defined by the CEC17 benchmark, none of the three tested
algorithms achieved best results with the original BCM. In other words, it was possible to
improve the results of any of these algorithms by using a different BCM.

e Only five of the 12 participants reported on the employed BCM in the papers (albeit in two
cases only partially, see Table I). Moreover, the results of the two best performing algorithms
would be irreproducible without a detailed study of the source code.

The results of the second experiment, using the CEC20 benchmark seem to be less conclusive, as only
three scenarios show statistically significant difference in performance (see Table IV). However, the
scoring (Tables V(d), V(e) and V(f)) seems to indicate not only a difference in performance, but a
possible benefit of using other than default BCM.

While the seemingly lower impact of BCM selection in the case of CEC20 might be related to the lower
dimensionality of the problems (in accordance with the findings of Helwig et al. in [12]), more data and
evaluation will be needed to confirm this in the future.

The authors of this paper would like to express their regret that their own proposed algorithms (DISH-
XX and SOMA-CL) are among the algorithms with non-specified BCM at the CEC20 competition. Due to
this unfortunate error, the number of algorithms with specified BCM in the CEC20 competition was
five out of 11.

The examined algorithms and their results are available at A.l.Lab GitHub page ®.

To conclude, according to our findings, many competition entries lack the information about used
BCM, leading to poor reproducibility of the results. Further, the designers of competitive
metaheuristics should take advantage of the possible performance improvements, by moving their
attention towards BCMs.

The importance of future research of BCMs lies in their universal applicability and impact on the whole
field of metaheuristic optimizers in bound-constrained scenarios.

bhttps.//github.com/TBU-AlLab/ResourceFiles_TEVC2021
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