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ABSTRACT Along with the increasing number of nature-inspired algorithms, more and more benchmark
functions were also involved in the initial verification experiments. The benchmark functions were introduced to verify the capability of algorithms in optimization, but not all of them could be optimized, because
they were different from each other in dimensionality, separability, scalability, and modality et.al.. In this
paper, we introduced another property called symmetry or non-symmetry, which should be another embedded characteristic of functions affecting the capability of algorithms in optimization. 67 non-symmetric
benchmark functions were collected and 9 popular capability-verified algorithms were introduced in four
types of simulation experiments. Experimental results show that most of the non-symmetric algorithms could
not be optimized. And none of the algorithms involved could optimize them all. Efforts remain in need of
new methods and improvements of nature-inspired algorithms.
INDEX TERMS Nature-inspired algorithm, optimization algorithms, benchmark functions, non-symmetry.
I. INTRODUCTION

Along with the development of computer science and technology, we could describe the problems in our real world with
more and more thorough details. And consequently when the
problems were formulated in mathematics, they would be
more complicated. More parameters might be introduced to
balance the detailed influence, and therefore, the dimensionality would be increased. On the other hand, the relationship
between the parameters would be more complicated than
before, which would result in another aspect of complications: modality. Most of these problems might be unable to
solve with the traditional deterministic methods.
The deterministic algorithms could not solve the complicated problems, therefore, another kind of method called
the stochastic methods was developed [1]. Among all of
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the stochastic algorithms, the nature-inspired algorithms [2]
became very popular and came to be a hot spot in literature.
The nature-inspired algorithms were developed from the
genetic algorithm (GA) [3]. The GA was inspired by the
Darwinian evolutionary theory. It soon became popular and
was applied in every field the researchers found, and better
results were obtained. The better performance initiates the
researches and soon, the ant colony optimization (ACO) algorithm [4], the particle swarm optimization (PSO) algorithm,
and so on, were proposed. Literally speaking, there have been
proposed more than one hundred algorithms [5]. They were
classified into four types regarding their inspiration: the evolutionary algorithms, the physics-based, the human-based,
and the swarm-based algorithms [6], as shown in Table 1.
At the beginning, more attention was paid to the algorithms
themselves. Only a few simulation experiments were carried out to verify their capability. Along with the increased
number of algorithms, more simulation experiments were
carried out. The proposers need to verify the capability with
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TABLE 1. Classification and examples of nature-inspired algorithms.

FIGURE 1. Profiles and convergent curves for Wayburn Seader 3 function.

FIGURE 2. Profiles and convergent curves for Zettl function.

more than two dozens of functions and several engineering
problems in the real world. Noticeably, in the PSO algorithm, the author only described the calculation equations [7].
In the bat algorithm (BA) [8], only five benchmark functions
were involved to verify its better performance in comparison
experiments. While in recent researches, more and more
simulation experiments were introduced to show their superiority. For instance, 27 functions were involved in the barebones improvement [9], and 29 functions and 5 real-world
106318

applications were included in the arithmetic optimization
algorithm (AOA) [10]. However, in our unpublished drafts,
we found that not all of the benchmark functions could be
optimized. The better performance in literature might be
a choice of them for convincing and publishing. Attention
had been paid to the benchmark functions, 175 benchmark
functions had been collected [11], and all of them are mathematically analyzed based on the modality, dimensionality, scalability, separability, and differentiability. However,
VOLUME 9, 2021
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FIGURE 3. Profiles and convergent curves for Himmelblau function.

FIGURE 4. Profiles and convergent curves for Leon function.

FIGURE 5. Profiles and convergent curves for McCormick’s function.

VOLUME 9, 2021

106319

Z.-M. Gao et al.: Challenge for Nature-Inspired Global Optimization Algorithms

FIGURE 6. Profiles and convergent curves for Rosenbrock modified function.

FIGURE 7. Profiles and convergent curves for S3 function.

FIGURE 8. Profiles and convergent curves for Zirilli or Aluffi-Pentini’s function.
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FIGURE 9. Profiles and convergent curves for Mishra 3 function.

FIGURE 10. Profiles and convergent curves for Mishra 4 function.

FIGURE 11. Profiles and convergent curves for Mishra 5 function.

we still could not find a way to tell whether it could be solved
by an algorithm or not with a glance at its three-dimensional
landscape, or equations. During experiments, we found that
VOLUME 9, 2021

some of the algorithms could be capable of optimizing functions whose global optima being at the Cartesian Origin (0,
0, · · · , 0), so, if the global optima were not at the Origin,
106321
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FIGURE 12. Profiles and convergent curves for Mishra 6 function.

FIGURE 13. Profiles and convergent curves for Mineshaft 3 function.

FIGURE 14. Profiles and convergent curves for peaks function.
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FIGURE 15. Profiles and convergent curves for Scahffer 3 function.

FIGURE 16. Profiles and convergent curves for Scahffer 4 function.

most of them would fail, if such situation met, defects would
be claimed [12]. During our wandering around the natureinspired algorithms, we found that most of the benchmark
functions located their global optima away from the Origin,
we called it non-symmetry property [13], and they were
indeed difficult to optimize. In this paper, we would report
these interesting points.
The rest of this paper would be arranged as follows: In
section 2, we would introduce the definition of non-symmetry
property, and 9 algorithms would be briefly described in
section 3. Simulation experiments would be carried out in
section 4. Discussions would be made and conclusions would
be drawn in section 5.
II. NON-SYMMETRIC BENCHMARK FUNCTIONS

The benchmark functions are series of classical functions
formulated by scientists and engineers during our human’s
procedure of exploration and exploitation of nature. Literature survey of the benchmark functions for global optimization had been made [11], and the benchmark functions were
VOLUME 9, 2021

classified with characteristics of modality, basins/valleys,
separability, and dimensionality. In this section, a new characteristic called symmetry would be introduced based on the
experienced study.
A. THE SYMMETRY VS. NON-SYMMETRY
CHARACTERISTIC

Traditionally, symmetry could be divided into two forms:
axial symmetry and spherical symmetry. If something is
axially symmetric, then its values would be equal when the
points on the other side are at the same distance to the axis.
While for the spherical symmetry, the values might be equal
when the surrounding points are at the same distance to the
Origin. If such situations are not met, then we called it nonsymmetric.
The non-symmetry characteristic would be introduced
to describe the situations either the global optima of the
functions are located away from the Origin at the Cartesian coordinate system, or the domains for each parameter are not symmetric in space. Due to the fact that
106323
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FIGURE 17. Profiles and convergent curves for Trefethen function.

FIGURE 18. Profiles and convergent curves for Ursem 1 function.

FIGURE 19. Profiles and convergent curves for Ursem-Waves function.
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FIGURE 20. Scalability experiments for Moved-Axis parallel Hyper-Ellipsoid function.

FIGURE 21. Scalability experiments for Schwefel 2.4 function.

FIGURE 22. Scalability experiments for Schwefel 2.25 function.

the domains could be defined and revised by the users
themselves, the benchmark functions with global optima
being away from the Origin would be focused on in this
paper.
VOLUME 9, 2021

Simulation experiments verified that the capabilities of
optimization algorithms applied in finding the global optima
for benchmark functions would be changed according to the
modality, dimensionality, valleys, or basins in their profiles.
106325
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FIGURE 23. Scalability experiments for Step 2 function.

FIGURE 24. Scalability experiments for generalized Dixon price Rosenbrock function.

FIGURE 25. Scalability experiments for generalized Rosenbrock valley Or banana Or DeJong 2 function.
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FIGURE 26. Scalability experiments for Rosenbrock modified function.

FIGURE 27. Scalability experiments for Rosenbrock function.

FIGURE 28. Scalability experiments for Mishra 1 function.
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FIGURE 29. Scalability experiments for Mishra 2 function.

FIGURE 30. Scalability experiments for Ackley 4 function.

Therefore, the non-symmetric benchmark functions would be
also classified with these characteristics [13].

non-scalable benchmark functions, as affiliated in Table 8Table 13.

B. DESCRIPTIONS AND CLASSIFICATIONS OF THE
NON-SYMMETRIC BENCHMARK FUNCTIONS

III. A BRIEF REVIEW ON NATURE-INSPIRED
ALGORITHMS IN THE LITERATURE

For simplicity, only those benchmark functions that have
single optima all over their domains would be involved in
this study. Experiments showed that most of the benchmark
functions would be symmetric if their global Optima were
at the Origin in the Cartesian coordinate system. On the
contrary, if their global optima are not at the Origin, they
would be non-symmetric, their values would be different
when the points are at the same distance to the coordinate
axes. Literal researches had proved that the difficulties to
find the global optima would be varied regarding the modality, scalability, complication of profiles, and so on [11].
We have collected 67 benchmark functions in literature, and
all of them are non-symmetric. There are 2 normal unimodal,
13 unimodal with basins, 22 unimodal with valleys, 3 unimodal with planes, 8 multimodal scalable, and 19 multimodal

Along with the development of science and technology,
we humans met more and more complicated problems. The
parameters involved became larger in numbers, and formulations became more complex in forms, and consequently
the solutions became harder to find. The best solution might
be to find easily with deterministic algorithms such as the
gradient descent algorithm [14], the least square method at
the beginning. However, these deterministic methods would
fail for some complicated problems, and the stochastic algorithms, especially the nature-inspired algorithms were developed soon to conquer such disadvantages.
The nature-inspired algorithms could be divided into
four types, evolutionary, human-based, swarm-based, and
physics-based algorithms [6]. Simulation experiments had
verified that most of them are capable to find the best

106328
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FIGURE 31. Scalability experiments for Alpine 2 function.
TABLE 2. Statistical analysis for normal non-symmetric unimodal benchmark functions.

solutions for most unimodal benchmark functions [7]. However, some of them would fail to find the solutions for
multimodal benchmark functions [15]. Meanwhile, literal
researches had proved that if the benchmark functions are
non-symmetric, some of them such as the grey wolf optimization(GWO) algorithm would show their defects and
incapability [12]. And that is also the reason why we
VOLUME 9, 2021

collect the non-symmetric benchmark functions and try to
find the nature-inspired algorithms which were capable of
optimization.
A. THE GREY WOLF OPTIMIZATION (GWO) ALGORITHM

The GWO algorithm was proposed in 2014 [16], it was
the first algorithm that introduced the social hierarchy into
106329
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TABLE 3. Statistical analysis for non-symmetric unimodal benchmark functions with basins.

the construction of mathematical interpretation of swarms’
behavior, although the original GWO algorithm treated the
individuals equally in participation [15]. The grey wolves
were classified into alpha, beta, delta, and others. The alpha,
beta, and delta wolves were the top three heads of the swarms
and the alpha wolf was always the top best. For the rest of the
swarms, their positions Xt would be guided and updated with
the averaged positions of the top three wolves:
Xα + Xβ + Xδ
(1)
3
where, Xα , Xβ , and Xδ are functionalized of the positions of
the alpha, beta, and delta wolves, and they are all controlled
by a linearly declined parameter and two random numbers
with Gauss distribution.

where, F, G are two controlling parameters constructed
according to the formulations of the physical solution. And
λ is a random number in Gauss distribution.
C. THE ANT LION OPTIMIZATION (ALO) ALGORITHM

The ALO algorithm was inspired by the behavior of ant
lions [1]. In this algorithm, the individuals would search the
space with a roulette wheel and random walk around their
elite:

Xt =

Xi =

RA + RE
2

(3)

where, RA represents the random walk around a selected
antlion by the roulette wheel, and RE represents the random
walk around the elite.

B. THE EQUILIBRIUM OPTIMIZATION (EO) ALGORITHM

D. THE HARRIS HAWK OPTIMIZATION (HHO) ALGORITHM

The EO algorithm was inspired by the solution to a wellmixed dynamic balance on a control volume [17]. The EO
algorithm was a physics-based swarm algorithm, the individuals in the swarms would update their positions Ci according
to their current positions and a random selected candidate
from the equilibrium pool Ceqs :

The HHO algorithm was inspired by the searching and
hunting behavior of Harris hawks, which were claimed
to be the most intelligent swarms in creatures except
humans [18]. This algorithm opened the mind of scientists and engineers that the swarm-based algorithms could
follow multiple ways in updating [19]. In this algorithm,
the individuals would take different options in different
situations.


G
Ci = Ceqs + Ceqs − Ci · F + (1 − F)
λ
106330

(2)
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FIGURE 32. Scalability experiments for defected corrugated spring function.

FIGURE 33. Scalability experiments for egg holder function.

1) EXPLORING PROCEDURE

At the early stage of exploration, Harris hawks would carry
on searches with more randomness:
X (t + 1)
(
Xrand (t)−r1 |Xrand (t)−2r2 X (t)| ,
q ≥ 0.5
=
Xrabbit (t)−Xm (t)−r3 [lb+r4 (ub − lb)] , q < 0.5
(4)
where, X (t + 1) and X (t) represent the positions of Harris
hawks in the next and current iterations of t. Xrand (t) is the
position of a randomly selected candidate, and Xrabbit (t) is
the target position. r1 , r2 , r3 , r4 and q are random numbers in
Gauss distribution. The domain of the given problem is [lb,
ub]. Xm (t) is the mean position of all of the candidates.
2) SOFT BESIEGE

During the exploration, Harris hawk would carry on some
smart operations according to the situations of rabbits. When
|E| ≥ 0.5 and r ≥ 0.5, the Harris hawk would think that
VOLUME 9, 2021

rabbits would have so much energy that they would not catch
it at the current stage, so they circle them softly:
X (t + 1) = Xrabbit (t) − X (t) − E |J · Xrabbit (t) − X (t)|
(5)
where J is a control parameter with randomness.
3) SOFT BESIEGE WITH PROGRESSIVE RAPID DIVES

When |E| < 0.5 and r < 0.5, Harris hawks would take some
dives to frighten the rabbits to make it more exhausted:
X (t + 1)

Q = Xrabbit (t)−E |J · Xrabbit (t) − X (t)|




f (Q) < f (P)
=

P
=
Y
+
S
× LF (D)



f (Q) > f (P)

(6)

where, LF (D) represents the Levy flight with dimensions,
and S is a D-dimensional random vector.
106331
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TABLE 4. Statistical analysis for non-symmetric unimodal benchmark functions with valleys.

4) HARD BESIEGE

When |E| < 0.5 and r ≥ 0.5, Harris hawk find that the rabbit
is exhausted and try to encircle and catch the rabbit:
X (t + 1) = Xrabbit (t) − E |1X (t)|

(7)

5) HARD BESIEGE WITH PROGRESSIVE RAPID DIVES

When |E| < 0.5 and r < 0.5, Harris hawks would carry on
rapid dives to kill the rabbit:
X (t + 1)


f (Q) < f (P)
 Q = Xrabbit (t) ,
= −E |J · Xrabbit (t) − Xm (t)|


P = Y + S × LF (D) ,
f (Q) > f (P)

(8)

During the exploration and exploitation, Harris hawks
would carry on several operations, and equations (4)-(8)
would be followed with random control parameters.

equations, which would be guide and based on comparisons
of their fitness values f (Xt ) to their historical best trajectories
f (Xh,t ):
X (t+ 1)

 X (t) + g · v (t) ,
f (Xt ) > f Xh,t



2

+a1 e−βrmf [X (t) − Y (t)]
=


 X (t) + g · v (t) 

 +c X − X (t) +c (X −X (t)) , f (X ) < f X 
1
h,i
2
b
t
h,t
(9)
where, v (t) represents the current velocity, g is a linearly declined control parameter, a1 , a2 , β are three constant
parameters involved. rp and rg are the Cartesian distances
between the current individuals and their historical best trajectories, global best candidate respectively. Xb represents the
position of the best candidate.

E. THE MAYFLY OPTIMIZATION (MO) ALGORITHM

The MO algorithm might be a combination of the genetic
algorithm (GA) and the particle swarm optimization (PSO)
algorithm [20]. In the MO algorithm, individuals were split
into male mayflies Y and female ones X . The individuals
in swarms would update their positons with two different
106332

F. THE SLIME MOULD (SM) ALGORITHM

The SM algorithm also have multiple updating ways for
individuals [21], The individuals would be reinitialized with
a small proportional number z, and during the iterations,
the positions would be updated according to their random
VOLUME 9, 2021
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TABLE 5. Statistical analysis for non-scalable multimodal benchmark functions.

TABLE 6. p-values of nonparametric Wilcoxon Ranksum test.

weighted current positions and the best candidate:
X (t + 1)


r2 < z
 r1 .(ub − lb) + lb,
= Xb + vb · [W · XA (t) − XB (t)], r3 < p


vc · X (t),
p ≤ r3 ≤ 1
VOLUME 9, 2021

(10)

where W is a matrix functionalized to the fitness values and p is a control parameter. XA (t) and XB (t)
are positions of two randomly selected candidates.
vb and vc are two control parameters declined linearly and relevant to random numbers in uniform
distributions.
106333
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FIGURE 34. Scalability experiments for generalized Schwefel’s 2.26 function.

FIGURE 35. Scalability experiments for generalized sinusoidal function.

G. THE SINE COSINE (SC) ALGORITHM

The SC algorithm was very simple, individuals in this swarms
would update their positions with a random selection of sine
or cosine function:
X (t + 1)
(
X (t) + v · sin (r1 ) |r2 Xb − X (t)| , r3 < 0.5
=
(11)
X (t) + v · cos (r1 ) |r2 Xb − X (t)| , r3 > 0.5
H. THE WHALE OPTIMIZATION (WO) ALGORITHM

The individuals in the WO algorithm also have multiple
updating ways. A random parameter p and declined linearly
control parameter A are used to guide the individuals to
choose and follow the ways:
X (t + 1)


p < 0.5, |A| < 1
 Xb −A |C · Xb −X (t)| ,
= Xrand (t)−A |C · Xrand (t)−X (t)| , p < 0.5, |A| ≥ 1


|Xb − X (t)| ebl cos (2πl) + Xb ,
p ≥ 0.5
(12)
106334

where b is a constant to define the shape of the logarithmic
spiral, and l is a random number in the domain [−1, 1].
I. THE PARTICLE SWARM OPTIMIZATION (PSO)
ALGORITHM

The PSO algorithm was raised in the 1990s, it had been very
popular for many years and applied in almost every field. The
unique property for this algorithm might be the best historical
trajectories pb :
(
vi (t + 1) = w · vi (t) + c1 r1 (pb − xi ) + c2 r2 (xb − xi )
(13)
xi (t + 1) = xi (t) + vi (t + 1)
IV. SIMULATION EXPERIMENTS

In this section, we would carry on simulation experiments on
the selected algorithms with those affiliated non-symmetric
benchmark functions. Considering all of the algorithms were
including random numbers, the Monte Carlo method would
be introduced and all of the experiments would be carried out
for 100 times, the final results would be their averages.
VOLUME 9, 2021
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TABLE 7. Capability of optimization for non-symmetric benchmark functions involved.

FIGURE 36. Scalability experiments for generalized trigonometric 2 function.

FIGURE 37. Scalability experiments for generalized Xin-she Yang 7 function.

Regarding the population size of swarms, a constant
value of 40 for sections IV.A, IV.B, and IV.C, and 100 for
section IV.D would be followed. And all of the rest of the
parameters were set up with the values recommended by the
inventors.
A. STATISTICAL ANALYSIS

To find the capabilities of the selected algorithm optimizing
non-symmetric benchmark functions, we would carry on 100
VOLUME 9, 2021

Monte Carlo simulations and analyze the best results after
100 iterations of exploration and exploitation statistically.
Results were listed in Table 2∼Table 5.
Results in Table 2 showed that all of the algorithms
involved might be unable to find the global optimum of
Hosaki function. The best algorithm might be the PSO algorithm, however, the statistical results showed that it was still
far away from the goal. On the contrary, another unimodal
benchmark function named Schwefel 2.6 might be a little
106335
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TABLE 8. Normal non-symmetric unimodal benchmark functions.

TABLE 9. Non-symmetric unimodal benchmark functions with basins.

easy to optimize. We could know that the profile of Hosaki
function was more complicated than that of Schwefel 2.6. But
the large fitness values were so far away from the destination,
therefore, we could draw a conclusion that none of them was
capable in the optimization of Hosaki function.
All of the benchmark functions involved in Table 3 have
basins in their profiles, which means that when the individuals of swarms are approaching the global optima, and fall
into the basins, they could gain rare information towards the
optima, and consequently it might be a little more difficult for
the individuals in swarms to find the global optima. Results
in Table 3 showed that most of the values either the best,
worst, mean, or standard deviation, are quite large except one
(labeled bold blue fonts in Table 3). We can conclude that
all of the algorithms involved might be unable to optimize
them.
Some representatives of unimodal benchmark functions
in Table 4 were unique in their profiles because of the
valleys. Changes of one parameter might lead to a small
change for function values while others might change a lot.
In such circumstances, the individuals might be unable to
approach the global optima along the valley. However, results
in Table 3 showed promising results sometimes. Even though
the overall performance was not convinced. The algorithms
involved could only find the best solution occasionally.
Benchmark functions in Table 5 were all multimodal, and
theoretically speaking, the individuals in swarms could be
trapped in local optima and consequently most of the algorithms would perform worse in their optimization than that
for unimodal benchmark functions. Results in Table 5 showed
that although sometimes some algorithms could find a better
solution, the overall performance for all of the algorithms
involved in this paper was not promising, and all of them
failed for Chen Bird function.
106336

We can see from Table 2 to Table 5 that most of the algorithms would fail to optimize the non-symmetric benchmark
functions, while some of them might be OK sometimes. Large
mean and deviation values proved that all of them perform
worse for the non-symmetric benchmark functions.
B. HYPOTHESIS TEST FOR THE WORSE PERFORMANCE

We might draw a conclusion that all of the algorithms
involved in this paper were not capable of optimization for
non-symmetric algorithms based on the results of the first
type of experiments in this paper. This hypothesis must be
tested for sure. We would then carry on another type of
experiment and verified other benchmark functions and test
them. In this paper, the nonparametric Wilcoxon rank-sum
test [22] would be introduced to do so, the p-values were
listed in Table 6, and all of them were calculated based
on a series of 10 Monte Carlo test for each non-symmetric
benchmark functions involved.
Results in Table 6 verified that almost all of the algorithms
involved cannot show their significant superiority over the
majority of the cases. More detailed reviews on the original results also demonstrated that although the p-values for
El-Attar-Vidyasagar-Dutta function were larger, the solutions
were far away from the best location and changed a lot in
numbers and quantity. The results in this experiment were
more disappointing than those in the first type of experiments.
C. TOUR ON CONVERGENCE CURVES

The results in section 4.1 showed that some of the algorithms would obtain acceptable results sometimes, while
results in section 4.2 opposed the hypothesis. Further
experiments would be carried out and results were shown
in Figure 1∼Figure 19.
VOLUME 9, 2021
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TABLE 10. Non-symmetric unimodal benchmark functions with valleys.

TABLE 11. Non-symmetric unimodal benchmark functions with planes.

We can find that almost half of the non-symmetric benchmark functions could not be optimized for acceptable results.
The results of these experiments could be listed as follows
in Table 7.
We can see from Table 7 that although some of the
algorithms such as the ALO, EOA, MOA could perform
well in optimization for some non-symmetric benchmark
functions, however, none of them could be capable for all,
and almost half of the non-symmetric benchmark functions
involved could not be optimized by anyone of them. Such
conclusions demand further new algorithms for these kinds of
problems.
D. SCALABILITY TEST

Further experiments on scalability would be carried out in
this section. Based on literal research results on optimization of benchmark functions, the higher the dimensionality
is, the more difficult it to optimize. Therefore, we would
define a higher population number for this kind of experiment
and the scalable non-symmetric benchmark functions would
be involved. All of the results were also averaged with the
Monte Carlo method over 100 times. Results were shown
in Figure 21∼Figures 37.
Apparently, when the dimensionality was increased,
the benchmark functions would be more difficult to optimize, meanwhile, we could also confirm that none of the
VOLUME 9, 2021

algorithms could optimize them all. In addition, the capability
of algorithms for optimization would not only be relevant
to the modality, basins/valleys, separability, the symmetry
characteristic should be also relevant to.
V. CONCLUSION

In the latest section, we carried out simulation experiments on
the selected 67 non-symmetric benchmark functions. Some
of them could not be optimized by the 9 popular algorithms
involved in this paper, while some could be optimized.
A. ON THE BENCHMARK FUNCTIONS

During the experiments, we found that some of the benchmark functions could be easily optimized, some of them could
not. Modality would not be the only reason. During the experiments, we found that the unimodal Schwefel 2.26 benchmark
function was not well solved, while the multimodal Mishra 4,
5 were well optimized. Apparently, modality might affect
the capability for optimization, but it would not be the only
reason.
Unique profiles might increase the difficulty to optimize. Some of the non-symmetric benchmark functions have
unique profiles such as basins, valleys, or plates. Some
of them could not be optimized such as the basin-like
Step 2 function, the valley-like McCormick’s function, and
the plate-like Leon function.
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TABLE 12. Non-symmetric scalable multimodal benchmark functions.

TABLE 13. Non-symmetric non-scalable multimodal benchmark functions.

ACKNOWLEDGMENT

We could further find that some of the benchmark functions with other attributes would also be difficult to optimize. Therefore, efforts remain in need for developing new
algorithms.

The authors are grateful to Mao-Fu Liu at Wuhan University
of Science and Technology for the initial round of revisions
and read-proofs.

B. ON THE ALGORITHMS

See Tables 8–13.

There were 9 popular algorithms involved in this paper, some
of them were raised dozens of years ago, some of them were
just proposed recently. During the optimization, we found
that some of the algorithms perform well, some of them not.
Meanwhile, we found that some of the algorithms perform
better on some benchmark functions, they would perform
worse on others. Therefore, functions might need specific
methods, which means that there would not exist the need
to find a universal algorithm that could be capable for all.
Due to the variety of benchmark functions, we should develop
algorithms for specific problems or specific needs.
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