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Abstract

Efficient exploitation of evolutionary knowledge while preserving population diversity
remains a central challenge in optimization. Existing knowledge-learning evolutionary
algorithms primarily rely on successful experiences, overlooking structural information
embedded in failed search attempts. This asymmetric learning limits adaptability and may
cause premature convergence in high-dimensional landscapes. To address this issue, a
failure-aware bidirectional evolutionary knowledge assimilation framework is developed
within the honey badger optimization algorithm. Unsuccessful offspring are treated as
negative knowledge carriers and transformed through symmetric adversarial reflection,
enabling simultaneous extraction of positive and negative structural information. A time-
dependent regulation mechanism dynamically adjusts knowledge assimilation intensity
across evolutionary phases to balance exploration and exploitation. In addition, a contin-
uous mutation spectrum transition strategy adaptively integrates Cauchy and Gaussian
perturbations, facilitating smooth migration from global exploration to local refinement.
Comprehensive experiments conducted on the CEC 2017 benchmark suite across 10, 30,
and 50 dimensions validate the proposed framework, establishing a novel failure-aware
bidirectional evolutionary learning paradigm for knowledge-driven optimization. The
results demonstrate that our method achieves statistically significant and consistent perfor-
mance improvements over classical baseline algorithms. Furthermore, its robustness and
cross-domain adaptability are corroborated through successful application to a real-world
constrained engineering problem: welded beam design.
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tion problems are pervasive, spanning a diverse array of application domains. From the
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Nevertheless, conventional optimization techniques encounter numerous obstacles
when confronted with actual-world issues. To illustrate, the gradient descent method [1] is
a prevalent optimization algorithm that reduces the loss function by modifying the param-
eters in a manner that aligns with the negative gradient direction of the objective function.
However, gradient descent algorithms are prone to converging to local optimal solutions,
particularly when confronted with non-convex problems. In such cases, the gradient may
not be directly computable at specific points, rendering it challenging to identify the global
optimal solution. Furthermore, the sensitivity of gradient descent algorithms to the selec-
tion of the learning rate may result in slow or unstable convergence. Another traditional
optimization method is the exhaustive method [2], which can effectively circumvent the
issue of gradient computation. However, due to its reliance on traversing the solution space
to determine the optimal solution, the computational complexity increases exponentially
with the size of the solution space. This renders the algorithm impractical due to its high
time consumption.

To address these challenges, an increasing number of scholars are dedicated to devel-
oping optimization algorithms that do not rely on gradient and have low computational
complexity. In the 1950s, Metropolis et al. proposed the simulated annealing algorithm [3],
which constructs a stochastic search rule by simulating the annealing process of a solid
and is used to identify the global optimal solution within the solution space. The simulated
annealing algorithm has prompted considerable research by scholars, who have sought to
further study optimization algorithms based on the simulation of natural phenomena or
the intelligent behavior of groups. These collectively constitute what is known as intelligent
optimization algorithms [4]. Intelligent optimization algorithms are typically classified into
three categories, depending on the underlying mechanism they employ. These categories
include algorithms based on evolutionary mechanisms [5], group intelligence optimization
algorithms [6], and algorithms based on physical principles [7].

Intelligent optimization algorithms based on evolutionary mechanisms simulate the
biological evolution process for optimization search. Representative algorithms include
genetic algorithms [8] and differential evolution algorithms [9]. Group intelligent optimiza-
tion algorithms, on the other hand, perform a global search by simulating group behavior.
For example, the ant colony algorithm [10] simulates the foraging behavior of ants, and the
particle swarm optimization algorithm [11] simulates the group movement behavior of bird
flocks. These algorithms achieve global search through the collaborative and competitive
interactions among individuals. In contrast, intelligent optimization algorithms based on
physical principles optimize by simulating the behavior of physical systems, as exempli-
fied by the aforementioned simulated annealing algorithm. Despite the advantages of
intelligent optimization algorithms, including the ability to adapt to high-dimensional
complex spaces and the lack of reliance on gradient, they still face challenges in practical
applications. These include issues related to parameter setting, initial population selection,
local optimal traps, and convergence speed.

To address these issues, numerous scholars have put forth a variety of potential
enhancements, with a primary emphasis on parameter tuning [12-14], the introduction of
novel search strategies [15,16], the refinement of population initialization methods [17-20],
and the integration of these algorithms with other algorithms [21-25]. Nevertheless, few
scholars have considered the experiences generated by the algorithms during the iteration
process. Nevertheless, these experiences are crucial for the algorithms to more effectively
explore the optimal solution regions. It is therefore imperative to consider how these
experiences can be effectively learned and utilized within the optimization process, in order
to enhance the performance of intelligent optimization algorithms. The majority of current
research concentrates on the collection and utilization of historical success experiences
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of individuals, with minimal consideration given to the inherent differences between
individuals. The disparate locations of the solution space for different individuals may
render the success experiences of others ineffective for some, potentially leading them to
pursue suboptimal search paths.

Optimization algorithms can be viewed as adaptive dynamical systems evolving over
complex fitness landscapes. Traditional metaheuristics rely on stochastic operators and
population interactions to approximate global optima, yet their performance is funda-
mentally constrained by how efficiently information is extracted and reused during the
evolutionary process.

Recent advances in knowledge-learning evolutionary computation have introduced
supervised learning mechanisms into metaheuristic frameworks, enabling algorithms to
model historical successful experiences and guide individual updates accordingly. How-
ever, existing approaches exhibit two fundamental theoretical limitations:

1. Unidirectional knowledge acquisition—only successful evolutionary transitions are
modeled, while failed trajectories are discarded.

2. Static knowledge assimilation intensity—learning strength is typically controlled by
fixed parameters, ignoring phase-dependent search dynamics.

From an information-theoretic perspective, failed individuals contain implicit bound-
ary and gradient information about infeasible or suboptimal regions of the search space.
Discarding such information leads to incomplete landscape modeling and reduced struc-
tural awareness.

Therefore, a natural question arises:

Can failed evolutionary attempts be transformed into constructive knowledge to
improve adaptive search dynamics?

To address this issue, Jiang [26] et al. proposed the knowledge-learning evolutionary
computation (KLEC) paradigm, in which neural networks are trained using historical
successes and then used to customize the evolutionary direction for each individual,
thus preventing individuals from blindly relying on the historical experiences of others.
The experimental results demonstrate that the implementation of KLEC in differential
evolutionary algorithms and particle swarm optimization algorithms markedly enhances
the algorithms’ performance. However, KLEC'’s approach to knowledge acquisition is
limited to the learning of historical successful experiences, with minimal consideration
given to the potentially useful knowledge embedded within failure experiences. This may
result in the algorithms becoming trapped in local optima or exhibiting slow convergence.

This paper proposes a bidirectional evolutionary knowledge assimilation (BEKA)
paradigm to address the above question. Within this framework, successful trajectories
provide directional reinforcement information, while failed trajectories extract complemen-
tary structural information through a symmetric reflection mechanism. The intensity of
knowledge assimilation is dynamically regulated over time.

Unlike conventional hybrid improvement strategies, this study redefines the role of
“failure” in evolutionary optimization, elevating it from discarded noise to a structured
source of information.

By embedding this paradigm into the honey badger optimization mechanism [27],
a closed-loop system that integrates the following components is constructed: a population-
level stochastic search mechanism, an individual-level knowledge modeling mechanism,
a time-dependent learning regulation mechanism, and a distribution-adaptive mutation
spectrum control mechanism. This unified structure transforms the optimizer into a “par-
tially learnable dynamical system,” establishing a bridge between stochastic search the-
ory and data-driven evolutionary modeling. The main contributions are summarized
as follows:
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(@) A bidirectional knowledge evolution mechanism with synergistic positive-negative
experience learning is constructed. The traditional KLEC framework utilizes only suc-
cessful evolutionary samples for knowledge modeling, neglecting the latent structural
information contained in failed samples. In this work, failed individuals are treated,
for the first time, as “negative knowledge carriers.” Through an adversarial generation
mechanism, their dual structural representations are mapped and incorporated into
the learning process, enabling cooperative evolutionary learning from both positive
and negative experiences.

Theoretically, this mechanism expands the sample space of knowledge learning and
transforms knowledge updating from unilateral statistical learning into bidirectional struc-
tural inference learning, thereby improving the efficiency of information utilization in the
search space.

(b) A dynamic knowledge assimilation regulation model is proposed to achieve phase-
adaptive search control. Specifically, a time-varying learning parameter is designed
to evolve along the iteration process. This mechanism essentially establishes a time-
driven regulation model for knowledge assimilation intensity.

As a result, the algorithm emphasizes structural exploration in the early stage, main-
tains a balanced exploration—exploitation trade-off in the middle stage, and strengthens
knowledge-guided exploitation in the later stage. This forms a three-phase evolutionary
scheduling mechanism characterized by early exploration dominance, intermediate balance,
and late-stage knowledge reinforcement.

(c) A Cauchy-Gaussian fusion-based adaptive mutation spectrum modulation mecha-
nism is proposed. Unlike fixed-mutation-intensity strategies, this study constructs a
dual-distribution fusion mutation model regulated by sinusoidal weighting.

In the early stage, the heavy-tailed Cauchy distribution enhances global jump capability,
while in the later stage, the Gaussian distribution reinforces local convergence precision. This
mechanism constitutes a continuous mutation spectrum transition model, enabling smooth
migration from exploration-oriented perturbation to exploitation-oriented refinement.

(d) A novel optimization framework coupling knowledge-driven learning with swarm
intelligence mechanisms is constructed. Rather than simply superimposing a neural
network module onto the algorithm, this work achieves systematic coupling among
population behavior modeling, individual knowledge learning, dynamic regulation
mechanisms, and adversarial failure-based learning.

This integrated architecture provides a general paradigm for transforming metaheuris-
tic algorithms into “learnable optimizers.”

The remainder of this paper is organized as follows: Section 2 presents a review of
the literature on KLEC and honey badger optimization algorithms. Section 3 provides a
comprehensive description of the honey badger optimization algorithm based on evolu-
tionary knowledge learning, as proposed in this paper. Section 4 presents the experimental
results and their analysis. Section 5 presents the application of the KLEC-HBA to the design
problem of welded beams. Section 6 provides a summary of the work presented in this
paper and offers insights into potential avenues for future research.

2. Related Work
2.1. Honey Badger Algorithm

The honey badger algorithm (HBA) [27] is an intelligent optimization algorithm
inspired by the foraging behavior of an animal called the honey badger. Honey badger
foraging behavior is usually divided into two types: digging and nectar seeking. Digging
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behavior means that the honey badger estimates the approximate location of the prey
through its sense of smell and chooses a suitable place to dig and capture the prey after
arriving at a location close to the prey. Honey-seeking behavior refers to the honey badger’s
behavior of following the guidance of honey guide birds to find honey. As mentioned
above, the algorithm mimics the honey badger’s foraging behavior to find the optimal
solution to the optimization problem, which is divided into the “digging phase” and the
“honey phase”, as described below.

2.1.1. Digging Phase

During this phase, the honey badger is mainly influenced by the intensity of the
prey’s scent, the distance between itself and the prey, and the time-varying search factor
to determine the location of the prey and capture it. The following is a mathematical
expression for its foraging in this phase:

xmw:xp,gy—i—l-"xﬁxIxxp,gy—i—Fxrg,xocxdi o

X |cos(27try) x [1 — cos(27trs)]|

where Xy, indicates the new location of the honey badger and xyey is the location of the
prey, i.e., the best location found so far. B > 1 (default = 6) is the ability of the honey badger
to obtain food. I is the scent strength of the prey. r3, 74, and r5 are three different random
numbers between 0 and 1. F serves as a flag to change the direction of the search. « is
a density factor to control the time-varying randomization to ensure a smooth transition
from exploration to exploitation.

L=rmnx—
e 4md?
S = (% — xi11)”

d; = Xprey — Xi

where S is the source strength or concentration strength, d; is the distance between the prey
and the ith badger, and r; is a random number between 0 and 1.

1, te < 0.5

F= 3)
—1, else

a=Cxex (_—t) 4)

where T is the maximum number of iterations and C is a constant > 1 (default = 2).

2.1.2. Honey Phase

In contrast to the digging phase, in the honey phase the honey badger is guided to the
hive by a honey guide bird and searches for honey around the hive, eventually obtaining
honey to meet its energy needs. The above behavior can be expressed in a mathematical
formula as follows:

Xnew = Xprey + Fx B xryxd, ®)

where r7 is a random number between 0 and 1.
The step-by-step procedure of the HBA is presented in Algorithm 1.

2.2. Knowledge Learning of Algorithms

The knowledge-learning framework for evolutionary computation, as proposed by
Jiang [26] et al., comprises two stages: the initial stage, which involves learning knowledge
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from historical experience, and the subsequent stage, which utilizes the knowledge thus
acquired to guide individual evolution. The following section will provide a detailed
account of the process of algorithmic knowledge learning from these two stages.

Algorithm 1 Honey badger algorithm

: Input: Maximum iterations T, Population size N, Parameters 3, C

: Output: Best position Xprey

Set parameters T, N, 8, C

: Initialize population with random positions

: Evaluate the fitness of each honey badger position x; using the objective function,
and assign the fitness value to f;,i € [1,2,..., N]

6: Save the best position xprey and assign its fitness value to fprey

7: whilet < T do

8:  Update the decreasing factor a using Equation (4)

9: fori=1toNdo

S L S R S A

10: Calculate the intensity I; using Equation (2)

11: if r < 0.5 then

12: Update the position xpew using Equation (1)
13: else

14: Update the position xpew using Equation (5)
15: end if

16: Compute the objective function value fy,,

17: Select the best agent xprey

18:  end for
19: end while Stop criteria satisfied
20: return Xprey

2.2.1. Learning Knowledge

In each iteration of the update process, the algorithm generates new offspring individu-
als from parent individuals in accordance with the established updating rules. Subsequently,
the algorithm assesses whether the offspring individuals are superior to their parent coun-
terparts by comparing their fitness values before and after the update. Should an offspring
individual prove more successful than its parent, the algorithm records this as a successful
historical experience, which is then stored in the knowledge base. This process continues
until all successful historical experiences of the current iteration have been accumulated.
Subsequently, a neural network is employed for the purpose of learning from all of these
successful experiences. In particular, the neural network is trained using all successfully
evolved individuals and their corresponding successful evolutionary directions as training
samples. The parent individuals that underwent successful evolution serve as input for
the neural network training samples, while their corresponding successful evolutionary
directions represent the ideal outputs for the training samples. By training the neural
network in this manner, the parameters of the neural network are optimized and saved for
future utilization in the subsequent phase of “applying the knowledge acquired through
the algorithm”.

2.2.2. Utilizing Knowledge

In the preceding phase, the paper provided an analysis of the effective learning of
algorithmic successful experiences (see Figure 1). In this subsequent phase, the paper
will elaborate on the effective utilization of acquired knowledge. Typically, intelligent
optimization algorithms update individuals based solely on their corresponding learning
rules. However, in the context of algorithmic knowledge acquisition, a novel updating rule,
tailored to individuals, is devised and integrated into the existing updating mechanisms
of the algorithm. This rule employs the acquired algorithmic knowledge to establish a
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novel learning trajectory, tailored to the specific characteristics of each individual, thereby
facilitating the generation of new individuals along this trajectory. Specifically, the individ-
ual is introduced into the previously trained neural network as a testing sample, and the
neural network then outputs a learning direction that is tailored to that specific individual.
Subsequently, the aforementioned learning direction is employed for the generation of a
new individual. As the offspring is derived from the successful historical experiences of
the preceding generation, it is more likely to succeed than an offspring generated solely
by its inherent learning rules. The following section provides a detailed account of the
aforementioned process.

e —— )

Update each
individual using

the update rules of Collect Learn
the HBA.

............... - N e s
pmmmm——————————— N pmm—————————— N

( Positions \

A
1
1
1
1
1
1
1
7

o m————

kNeural II\Ietwork /

Y
1
1
1
1
1
1
II | 2R - .
--------------- ’ . .
/ \_ Directions /

K‘““'“*
R
>

Utilize knowledge to generate new offspring individuals
Figure 1. Algorithmic knowledge-learning framework diagram.

3. The Proposed Improved Honey Badger Algorithm
3.1. Algorithm Flowchart
The flowchart of the KLEC-HBA is shown in Figure 2 below.

3.2. Dynamic Learning Parameters

In the context of algorithmic knowledge acquisition, the learning parameter represents
a crucial element that influences the algorithm’s ability to integrate historical successful
experiences. In order to maintain equilibrium between the learning from experiences and
the algorithm’s inherent search strategies, Jiang et al. defined the range of the learning
parameter between 0 and 0.5. Through the sensitivity testing of parameters, the optimal
value for the learning parameter was determined to be 0.2. Nevertheless, in practical appli-
cations, the optimal value for the learning parameter is not a fixed constant. The optimal
numerical value of the learning parameter may require adjustment in light of the specific
characteristics of the datasets and types of problems under consideration. Accordingly,
this paper proposes the concept of dynamic learning parameters as a means to enhance
the algorithm’s learning efficacy regarding historical experiences. The purpose of these
dynamic learning parameters is to concentrate the algorithm’s efforts on optimizing its
search strategy during the initial stages of the search process. As the number of itera-
tions increases, the algorithm gradually shifts its focus towards reinforcing the learning
derived from historical experiences, thereby providing more effective guidance for the
problem-solving process. The precise formula is as follows:

t
LR=02+03x = 6)

where the variable ¢ represents the current number of iterations, whereas T denotes the
maximum number of iterations.
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Initialize parameters

Calculate the population fitness value

Find and store the Gbest and its fitness score

Update LR using Eq.(6)

Update position of Update position of D1=UtilizeKnowledge(NN, Xi)
Xnew using Eq.(1) Xnew using Eq.(5) Xnew=Xi +2xrandxD1

Calculate the Xnew fitness value

fitness(Xnew)< fitness(Xi)

XLost=Xnew
Update Xnew using Eq.(7)

Save Xi and successful evolution direction D=Xnew-Xi In Q

LearningKnowledge(NN, Q)

Clear the knowledge base experience list Q

Find Gbest and adaptively mutate it using Eq.(8)

Select Gbest for the new generation

Output Gbest

A

Figure 2. Flowchart of KLEC-HBA.

3.3. Collecting Success Stories of Potential Individuals

In the original framework of algorithmic knowledge acquisition, researchers concen-
trated exclusively on the collection of historical experiences from successful individuals
within the population, thereby overlooking the possibility of outstanding individuals
among those who had not succeeded. This may result in the loss of valuable knowl-
edge during the population evolution process. To address this issue, this paper employs
antagonistic learning on the offspring individuals that did not successfully evolve. Sub-
sequently, the newly generated offspring individuals are subjected to comparison with
the non-evolved parent individuals. Should this evolutionary process prove successful,
the experience will be collated in order to address the potential loss of useful knowledge
during population evolution. To address this issue, this paper employs antagonistic learn-
ing on the offspring individuals that did not successfully evolve. Let Xj,s; denote such an
offspring individual that fails to evolve.

t
Xnew = (]. — T) X (lb — ub) —m X Xlost (7)
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where /b and ub denote the lower and upper bounds, respectively; Xj,;; represents the
failed offspring individual; Xnew is the newly generated offspring; and m is a random
vector following a standard normal distribution.

If the fitness value of the new offspring individual X, produced after dyadic
learning, is superior to that of the unevolved parent individual X, the position of individual
X and its corresponding evolutionary direction D = X;;.;, — X is preserved as a successful
historical experience.

3.4. Adaptive Mutation Methods

This study incorporates adaptive mutation of the current global best solution in each
iteration, with the objective of preventing the algorithm from prematurely converging to
local optima during the search process. This approach differs from conventional mutation
strategies in that it effectively integrates characteristics of Gaussian mutation [28] and
Cauchy mutation [29], thereby offering a mutation method that is tailored to the current
environment and which is designed to yield the best contemporary solution globally.

In particular, Gaussian mutation typically features a relatively small standard devia-
tion, concentrating mutation values around the mean. In contrast, the Cauchy distribution
possesses a longer tail, resulting in a wider range of mutation amplitudes. Furthermore,
by adaptively adjusting weights, the algorithm autonomously tunes the mutation strategy,
promoting extensive exploration of the solution space in the early stages and fine-tuning
solution quality later on. This enhancement bolsters the algorithm’s global search capability
and local convergence potential.

bestpen, = (1 — sin(lt)) X K+sin(£t) x G (8)
2T 2T

Here, best .y represents the offspring global best individual generated through adap-
tive mutation of the parent global best individual. ¢ denotes the current iteration number,
and T signifies the maximum iteration count. K stands for the global best offspring in-
dividual produced by Cauchy mutation of the parent global best individual. G refers to
the global best offspring individual generated by Gaussian mutation of the parent global
best individual.

3.5. Algorithmic Pseudo-Code

The step-by-step procedure of the KLEC-HBA is presented in Algorithm 2. The knowl-
edge base Q is defined as a set of experience tuples, where each entry is represented
as (X, D), with X denoting the individual position and D = Xpew — X representing the
corresponding evolutionary direction.

3.6. Computational Complexity of KLEC-HBA

The computational complexity of the KLEC-HBA is primarily determined by its core
improvement modules. The time complexity of the bidirectional knowledge-learning mech-
anism (i.e., the training and inference of the lightweight neural network) in each iteration is
O(N x dim), and the complexity of the population update and fitness evaluation loop is
also O(N x dim). The overhead of operations such as dynamic learning rate adjustment
and adaptive mutation is relatively low. Considering the main operations of the algorithm
over T iterations, its overall time complexity is O(T x N x dim), where N, dim, and T
represent the population size, problem dimension, and maximum number of iterations,
respectively. The space complexity of the algorithm is O(N x dim), primarily used to
store the population positions and knowledge base experience. This analysis demonstrates
that despite the introduction of the knowledge-learning module, the KLEC-HBA main-
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tains computational and storage efficiency of the same order as classical population-based
metaheuristic algorithms.

Algorithm 2 KLEC-HBA

1: Input: Population P, Experience list Q, Neural network NN parameters, Maximum
iterations T
2: Output: Global best individual
3: Initialize P, Q, set NN parameters, T
: Calculate the population fitness value and save the global optimal individual and its
fitness value

'S

5. fort =1to T do
6:  Update LR using Equation (6)
7. for each individual X; do
8: if rand < LR then
9: S = UtilizeKnowledge(NN, X;)
10: Xnew = X;+2xrand % S
11: else
12: if rand < 0.5 then
13: Update position of Xpew using Equation (1)
14: else
15: Update position of Xpew using Equation (5)
16: end if
17: end if
18: if fitness(Xpew) < fitness(X;) then
19: Save the position of X; and successful evolution direction D = Xpew — X; in Q
20: X; = Xnew
21: else
22: Xiost = Xnew
23: Update position of Xpew using Equation (7)
24:; if fitness(Xnew) < fitness(X;) then
25: Save the position of X; and successful evolution direction D = Xpew — X; in
Q
26: Xi = Xnew
27 end if
28: end if

29:  end for

30:  LearningKnowledge(NN, Q);

31:  Clear the knowledge base experience list Q

32:  Find the current global best individual Gbest and adaptively mutate it using

Equation (8)
33 Select the globally best individual with higher fitness as Gbest for the new generation
34: end for

35: return Gbest

4. Experimental Results and Discussion

To assess the efficacy of the proposed algorithm, we conducted an empirical inves-
tigation by testing it on 29 functions from the CEC2017 test suite [30] and comparing
the outcomes with several established algorithms. All experiments were conducted on a
computer with a 1.7 GHz Intel i5-1240 CPU and 16.00 GB of RAM, using Matlab R2024a as
the computational platform.

4.1. Parameter Setting

The list of parameters and settings for each algorithm utilized in this study is presented
in Table 1.
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Table 1. Parameters and settings for each algorithm used in this study.

Algorithms Parameter Settings
THBA B=6.
HHO g=15.
HBA C=26=6.
PSO c1=2,¢=2,w=009.
WOA « decreases linearly from 2 to 0.
SSA c1 and ¢, are randomly distributed.
ABC ¢ is a random number between —1 and 1.
KLEC-HBA C =2, B=6,epoch =25, hidden number = 16.

4.2. Sensitivity Analysis

Given the utilization of two user-defined parameters epoch and hidden in the KLEC-
HBA, a meticulous selection of appropriate values becomes pivotal, as they exert a sub-
stantial influence on the performance of the KLEC-HBA. epoch denotes the number of
iterations for the neural network to update the network weights using the gradient descent
method, hidden denotes the number of neurons in the hidden layer of the neural network.
To evaluate the impact of these parameters, a sensitivity analysis is conducted on CEC
Composition Function 1 (population size = 30, iteration number = 1000). Figure 3 presents
the parameter sensitivity analysis of the proposed method on four representative functions
from the CEC2017 benchmark suite, namely, F1, F6, F15, and F25. These functions cover
diverse landscape characteristics, including unimodal, multimodal, and hybrid optimiza-
tion problems. The performance values are displayed in logarithmic scale to improve
visual discrimination.

Neural Network Parameter Sensitivity Analysis on CEC2017 Functions
CEC2017-F1 CEC2017-F6

2.64

2.59

4 8 12 16 20 24 4 8 12 16 20 24
Hidden Neurons Hidden Neurons

Figure 3. The parameters epoch and hidden tune the visualization.

From the overall observation, both the number of training epochs and hidden neurons
significantly affect the optimization performance. For F1 and F15, the performance exhibits
clear sensitivity to parameter settings, where moderate configurations tend to achieve
better results. In particular, the setting with 25 epochs and 16 hidden neurons consistently
yields competitive or optimal performance, indicating a good balance between training
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sufficiency and model complexity. For F6, the performance variation across different pa-
rameter settings is relatively small, suggesting that the problem is less sensitive to network
configuration and can be solved robustly under a wide range of settings. In contrast, F15
shows stronger fluctuations, implying that more careful parameter tuning is required for
complex landscapes. For F25, the performance remains almost unchanged across all config-
urations, indicating that the proposed method is highly robust on this type of problem and
less dependent on parameter selection.

Overall, the experimental results demonstrate that the configuration (epochs = 25,
hidden = 16) achieves stable and competitive performance across different types of opti-
mization problems, highlighting its strong generalization capability.

4.3. Experimental Description

This section presents a comparative analysis of the performance of the proposed algo-
rithm in this paper with other intelligent optimization algorithms, as well as an ablation
study on the CEC2017 test suite [30]. Both comparison experiments and ablation experi-
ments are conducted on the 10-dimensional, 30-dimensional, and 50-dimensional CEC2017
test suite. Each experiment is conducted 30 times independently. The experimental results
are then subjected to hypothesis testing using the Wilcoxon rank sum test and the Friedman
rank sum test, to illustrate the test performance of the proposed algorithm in this paper.
Furthermore, this paper employs a backpropagation (BP) neural network comprising two
hidden layers, with 16 neurons in each. The activation functions of the hidden layer and
the output layer are “tansig” and "purelin”, respectively. The BP neural network employs
gradient descent to train the weights throughout 25 iterations.

4.4. Experimental Results

The following table presents the mean rank, which represents the average of the ranks
derived from the Friedman rank sum test for each algorithm, and the total rank, which
denotes the overall performance ranking of each algorithm. The symbols “+”, “~", and “~"
indicate that the performance of the KLEC-HBA is superior, inferior, or comparable to
that of the comparison algorithms. The “p-value” indicates the statistically significant
result of the Wilcoxon rank sum test based on multiple problems. “R+/R—" denotes the
corresponding rank sum. When the p-values is less than 0.05, the KLEC-HBA outperforms

the other comparison algorithms.

4.4.1. Comparative Experiment

This subsection presents the findings of a comparison experiment between the KLEC-
HBA and seven other algorithms (ABC [31], PSO [11], SSA [32], WOA [33], HHO [34], the
HBA [27], and the IHBA [35]) on the CEC2017 test suite. This experiment aims to evaluate
the performance of the KLEC-HBA. The outcomes of the 10-dimensional examination
conducted on CEC2017 are illustrated in Table 2. Although the proposed method achieves
the best overall performance, it may not always outperform all competitors on highly
complex functions, such as multimodal or composition problems, where the landscape is
more irregular and difficult to explore. The results of the 30-dimensional CEC2017 test suite
are presented in Table 3. The p-values of the seven comparison algorithms are significantly
less than 0.001, and the average value of rank and the overall values are less favorable than
those of the KLEC-HBA, indicating that the KLEC-HBA's is relatively optimal. The results
of the 50-dimensional CEC2017 test suite, as presented in Table 4, demonstrate that the
KLEC-HBA exhibits superior performance compared with the six comparison algorithms
across all functions. The p-values of the seven comparison algorithms are notably low,
and the KLEC-HBA achieves the highest rank in terms of overall and average rank. Further-
more, as illustrated in Figure 4, the KLEC-HBA exhibits superior convergence speed and
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optimization finding performance on the majority of the tested functions in comparison

to the other evaluated algorithms. Due to space limitations, only representative functions

are presented. These functions are selected to cover different categories in the CEC2017

benchmark suite, including unimodal, multimodal, and composition functions.

Table 2. Experimental results of algorithm comparison on the 10-dimensional CEC2017 test suite.

Fun. Meas. KLEC-HBA HBA IHBA HHO SSA WOA ABC PSO

F1 Ave 24712 x 10>  3.6318 x 10° 24900 x 107  2.8619 x 105  1.6750 x 108  3.9352 x 10°  1.3045 x 10°  5.4889 x 10%

Std 1.2551 x 10°  3.8034 x 10°  4.7984 x 107  1.6591 x 10°  5.0553 x 108  5.6476 x 10°  3.5144 x 10  5.6508 x 108

3 Ave  1.0800 x 10~13 15348 x 1013 2.2025 x 10° 1.1469 7.3896 x 10713 6.8418 x 10>  1.6103 x 10*  3.9452 x 10°

Std 6.2556 x 10~ 13677 x 10713 2.1092 x 10° 44713 x 1071 3.8366 x 1071* 4.6279 x 10>  4.0452 x 10°  1.8193 x 10°

F4 Ave 39061 x 1072 6.3526 x 1071 5.3868 x 101 1.9443 x 101  1.2885 x 10!  2.6598 x 10!  1.0799 x 10>  4.7128 x 10!

Std 6.9991 x 102 44577 x 101 39847 x 10!  3.3233 x 10! 2.2355 x 10!  2.8237 x 101  2.9363 x 101  4.0463 x 10

F5 Ave 53573 x 101  1.6715 x 101 45399 x 10! 52043 x 10!  3.1500 x 101 52194 x 10!  5.1184 x 10  4.2108 x 10!
Std 2.4675 x 10! 6.1833 1.2687 x 10! 1.1255 x 10! 8.4489 1.5689 x 10! 49578 5.9094

Fé Ave 1.0422 x 100 25533 x 1071  1.6414 x 10  2.8250 x 10! 1.8946 25330 x 101 2.7663 x 101 1.8215 x 10!
Std 1.6691 x 101 8.0684 x 101 5.3346 1.3350 x 101 2.8554 1.3420 x 101 3.5895 2.7043

7 Ave 75736 x 101 3.0329 x 101  6.1245 x 10! 7.1798 x 10! 3.1090 x 10!  7.9023 x 10}  1.1129 x 102  9.9507 x 10

Std 2.2131 x 10! 6.4038 2.6426 x 101 2.0826 x 10! 8.0458 24554 x 10 9.9065 1.0098 x 10!

F8 Ave 32834 x 101 21292 x 101 3.0393 x 10! 3.3240 x 101 3.2949 x 10! = 4.2037 x 10  5.4323 x 101  4.8527 x 10!
Std 47137 6.3656 5.4872 6.7881 1.1652 x 10 1.5377 x 10! 6.0954 5.9331

F9 Ave 35041 x 102 1.7906 x 1072 1.3502 x 10> 52611 x 102 2.3098 x 10>  4.7266 x 10> 59174 x 102 1.9067 x 102

Std 3.1137 x 102 37748 x 1072 1.3018 x 10> 29106 x 10>  3.2951 x 10>  3.9347 x 102 1.6130 x 10>  4.7176 x 10

F10 Ave 6.0463 x 102 6.8334 x 102 1.0502 x 10°  9.6009 x 102  7.6026 x 10>  1.1888 x 10°  1.4695 x 10>  1.0945 x 103

Std 44440 x 102 39731 x 102 1.8321 x 10>  1.7419 x 102  2.7753 x 10>  1.8154 x 10>  7.1833 x 101  2.0426 x 102

Pl Ave 45211 15935 x 101 8.7185 x 10! 7.8794 x 101 9.4265 x 10!  1.1480 x 10>  3.2482 x 102 1.4706 x 102

Std 2.2238 1.4455 x 101 4.3358 x 101 6.4999 x 101 9.2174 x 10! 81004 x 10!  1.1599 x 102  9.5088 x 10!

F12 Ave 1.0625 x 10*  1.3455 x 10*  3.6627 x 10°  1.1703 x 10°®  1.3372 x 10°  2.2913 x 10°  3.1404 x 107  9.2610 x 10°

Std 1.0993 x 10*  1.7310 x 10*  5.0256 x 10°  1.1965 x 10°  2.8666 x 10°  2.5966 x 10°  1.2916 x 107  4.9932 x 106

F13 Ave 29366 x 102 6.5475 x 10°  1.5325 x 10*  1.4960 x 10*  6.2690 x 10°  1.6158 x 10* 52182 x 10*  3.2530 x 10*

Std 25530 x 102 1.0245 x 10*  1.4102 x 10*  1.1112 x 10*  7.0145 x 10°  1.1418 x 10* 23985 x 10*  2.6685 x 10*

Fl4 Ave 37218 x 101 9.1736 x 10! 1.1606 x 10>  1.1346 x 10>  7.8639 x 100  2.1369 x 10>  6.8415 x 10>  1.4104 x 10%

Std 1.9916 x 101 3.7920 x 10  3.7271 x 101 24647 x 101 3.2492 x 10!  1.8127 x 10>  6.6585 x 10>  4.0629 x 10!

Fi5 Ave 1.6172 x 101 85970 x 101 1.0089 x 10°  1.8205 x 10°  9.6152 x 102  3.5187 x 103  3.8436 x 103>  1.8956 x 10°

Std 25366 x 101 8.0287 x 101 1.1486 x 10> 15262 x 10° 25372 x 10°  5.0936 x 10°  2.2338 x 10°  1.9026 x 10°

Fl6 Ave 35372 x 102 5.6657 x 101 15230 x 102 21802 x 102 1.9905 x 10> 29872 x 102  2.1327 x 10>  9.5409 x 101

Std 6.7874 x 101 6.0834 x 101 1.1432 x 10>  1.8588 x 10>  1.7108 x 10>  1.5495 x 10>  6.2462 x 10  7.2891 x 101

17 Ave 37113 x 101 49375 x 101 6.9450 x 10!  6.4578 x 10! 8.0889 x 10!  9.0055 x 101  1.2071 x 102  8.6556 x 10

Std 21080 x 101 2.8775 x 101 3.2281 x 10! 2.6610 x 101  6.6972 x 10! 6.0715 x 10 1.2499 x 10!  2.9752 x 10!

Fi8 Ave 23260 x 10° 63085 x 10°  1.7704 x 10*  1.8023 x 10*  9.4007 x 10°  1.2028 x 10* 22437 x 10°  4.3292 x 10*

Std 1.9213 x 10° 50238 x 10° 15998 x 10*  1.3809 x 10*  1.2705 x 10*  9.8545 x 10°  2.0177 x 105  1.9469 x 10*

F19 Ave 20035 x 101 85859 x 101 22923 x 10*  1.2586 x 10*  9.4871 x 10!  1.6415 x 10* 45056 x 10°  6.8834 x 10°

Std 24216 x 101 6.3902 x 10!  3.0517 x 10* 84171 x 10 52162 x 10  1.7515 x 10*  4.8081 x 10°  1.2793 x 10*

20 Ave 15521 x 102 6.8049 x 101  1.4794 x 10>  1.8825 x 10>  4.8487 x 10!  1.6317 x 10>  1.1153 x 10>  7.8101 x 10!

Std 21366 x 101 6.7754 x 101 6.4163 x 101 7.2922 x 101 4.5742 x 101  1.0410 x 10>  1.5485 x 101  1.4538 x 10!

Bl Ave 1.4092 x 102 1.7443 x 102 1.3315 x 102 2.0715 x 102 2.1262 x 102  2.2841 x 10>  1.5340 x 10>  2.4382 x 10?2
Std 6.4054 x 101 6.3283 x 10!  4.6371 x 101 7.2661 x 10 39512 x 10!  6.7592 x 10  1.8180 x 10! 5.1120

B Ave 1.0217 x 102 1.0225 x 102 1.0774 x 10> 1.1585 x 10>  1.1219 x 102 1.1030 x 10>  2.5557 x 10>  2.6957 x 102

Std 7.0033 x 10~1  8.3940 x 101 4.2243 x 10’ 6.1962 1.9960 x 101 1.4630 x 10!  4.8221 x 10  3.1870 x 102

3 Ave 32115 x 102 3.2306 x 102 3.3466 x 10>  3.7630 x 102 32937 x 102  3.4599 x 102  3.4818 x 102  3.3678 x 10?
Std 2.7270 x 10! 7.2282 1.1937 x 10! 4.1011 x 10! 8.1281 2.2066 x 10 5.2873 9.1109

4 Ave 19765 x 102 35918 x 102 3.0204 x 102 3.8149 x 102 3.6730 x 102  3.6028 x 102  3.4439 x 102  3.6771 x 102
Std 1.2609 x 102 1.2612 x 10! 1.1151 x 102 1.0415 x 10? 8.4777 7.5941 x 100 4.9510 x 10! 6.5852
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Table 2. Cont.

Fun. Meas. KLEC-HBA HBA IHBA HHO SSA WOA ABC PSO
Ave 42199 x 102 4.2321 x 102 4.7667 x 10> 42324 x 102 42682 x 102 4.4005 x 102 5.0092 x 102  4.5947 x 10%

F25 Std 23937 x 101 2.7086 x 101 3.0529 x 10! 24651 x 101 21019 x 101  2.7269 x 101  1.5376 x 101  1.2752 x 10!
6 Ave 35707 x 102 4.0275 x 10> 52681 x 10> 7.0004 x 10>  3.9461 x 102  6.2748 x 102 6.1100 x 10>  5.1092 x 102
Std 1.9027 x 102 3.0870 x 10> 15229 x 102 57163 x 10>  9.0021 x 101  4.6460 x 10>  5.9939 x 10  1.8745 x 102
o7 Ave  4.0211 x 102 4.0231 x 10>  4.0780 x 10>  4.4504 x 10>  4.2604 x 10>  4.4924 x 102 4.0750 x 10>  4.1349 x 102
Std 26658 x 101 1.9559 x 101  1.4750 x 10!  3.2148 x 101  3.7068 x 10!  4.4026 x 101 2.3033 2.5304 x 101
08 Ave 49967 x 102 53382 x 10>  5.0559 x 102  6.1705 x 10> 59537 x 102  6.4111 x 102 5.3811 x 10>  5.8367 x 102
Std  51791x 107! 1.8245 x 10>  1.1683 x 10> 1.9289 x 100  1.3926 x 10>  1.7464 x 10> 45065 x 10!  1.4251 x 10?
09 Ave 29567 x 102 29572 x 10>  3.2899 x 10>  4.1525 x 10>  3.3856 x 102  4.2566 x 102  3.8363 x 10>  3.3409 x 102
Std 3.8329 x 101 4.7869 x 10! 54177 x 101 8.0072 x 101  7.7664 x 101 7.4123 x 101  3.2728 x 10!  7.4942 x 10!
30 Ave 35043 x 10*  1.8444 x 10° 57684 x 10°  1.3227 x 10°  4.6678 x 10°  2.2185 x 10°  2.3510 x 10°  7.2491 x 10°
Std 1.0655 x 10°  3.9483 x 10° 29630 x 10° 2.2517 x 10°  6.5064 x 105  3.6688 x 10°  1.0048 x 10°  1.3067 x 10°
+—I= - 22/7/0 22/7/0 26/3/0 23/6/0 27/2/0 26/3/0 25/4/0
R+/R— - 320/115 364/71 408/27 348/87 422/13 411/24 384/51
p-Values - 0.009 0.009 <0.001 0.003 <0.001 <0.001 <0.001
o« =0.05 - Yes Yes Yes Yes Yes Yes Yes
Mean Rank 2.10 2.24 421 545 3.69 6.03 6.62 5.66
Total Rank 1 2 4 5 3 7 8 6
Table 3. Experimental results of algorithm comparison on the 30-dimensional CEC2017 test suite.
Fun. Meas. KLEC-HBA HBA IHBA HHO SSA WOA ABC PSO
F1 Ave 72980 x 103  1.3739 x 107  4.3720 x 10°  1.3739 x 107  9.0295 x 10°  1.3529 x 108  3.8169 x 100  2.2206 x 1010
Std 6.8579 x 10°  3.1168 x 10°  4.4068 x 10°  3.1168 x 10°  7.1790 x 10°  7.4151 x 107  2.7755 x 10°  3.7228 x 10°
F3 Ave 32248 x 10°  1.6295 x 10*  4.9311 x 10*  1.6295 x 10*  1.0246 x 10° 2.2354 x 10°  1.8204 x 10°  1.3182 x 10°
Std 1.9539 x 10° 45914 x 10°  1.0964 x 10*  4.5914 x 103  4.7681 x 10* 59700 x 10*  2.6150 x 10*  3.6594 x 10*
4 Ave 95367 x 101 1.2255 x 102  1.0325 x 10°  1.2255 x 102  5.4010 x 102 22348 x 102  5.4476 x 10°  1.2234 x 103
Std 1.3767 x 101 3.0402 x 10! 52810 x 102 3.0402 x 10!  5.5785 x 102 8.3580 x 101  9.5305 x 10>  8.5814 x 102
B5 Ave 1.2650 x 102 2.3896 x 102 3.1275 x 102 2.3896 x 102  2.0899 x 102  2.9819 x 102  3.7936 x 10>  3.0908 x 102
Std 21663 x 101 3.1232 x 101 52974 x 10! 3.1232 x 101 3.0718 x 10}  4.6938 x 10  2.4075 x 101  1.9200 x 10!
F6 Ave 6.1644 64253 x 101 6.6186 x 101  6.4253 x 101 3.6544 x 101  7.3604 x 10!  7.5733 x 10 55267 x 10!
Std 3.9683 4.6040 1.1172 x 10* 4.6040 1.0883 x 10* 5.0456 8.2902 4.1248
. Ave 19161 x 102 55609 x 10>  4.6400 x 102 55609 x 102 3.9203 x 102  4.7641 x 102  1.1969 x 10>  9.2103 x 102
Std 49850 x 101 55394 x 10!  9.6715 x 10} 55394 x 100  1.0472 x 102  7.9548 x 101  8.2810 x 101  4.2212 x 10!
T8 Ave 1.0254 x 102 1.7847 x 10> 22047 x 102 1.7847 x 10>  1.9803 x 102  2.0151 x 10>  3.6436 x 10>  3.0045 x 102
Std 2.6056 x 101 2.3766 x 10! 21573 x 10}  2.3766 x 100  4.8279 x 100  5.1543 x 101  1.2830 x 101  1.8364 x 10!
F9 Ave 1.0298 x 10°  6.2758 x 10°  5.9830 x 10°  6.2758 x 103  5.5451 x 10>  9.3322 x 10>  1.3915 x 10*  8.2014 x 10°
Std 48145 x 102 1.1433 x 10> 8.4040 x 10>  1.1433 x 10°  2.4690 x 10°  5.0427 x 10°  9.1227 x 10>  2.2981 x 103
F10 Ave 45841 x 10° 47103 x 10° 57748 x 10>  4.7103 x 10>  4.1181 x 10°  5.8566 x 10°  7.4325 x 10°  7.1813 x 10°
Std 9.9296 x 102 6.2534 x 102 1.0007 x 10>  6.2534 x 102  6.8185 x 10>  8.3184 x 10>  4.2936 x 102 5.0753 x 102
Fl1 Ave 15477 x 102 1.7533 x 102 1.1531 x 10°  1.7533 x 102 57933 x 102  2.7118 x 103 9.4205 x 10°  2.2833 x 10°
Std 1.0339 x 102 2.2841 x 101 1.1497 x 10°  2.2841 x 10! 2.0158 x 102  2.2209 x 10°  1.9195 x 10°  5.3545 x 102
F12 Ave 1.3408 x 10°  1.2939 x 107  6.0674 x 108  1.2939 x 107  1.2757 x 10°  8.9692 x 107  3.4422 x 10°  1.0930 x 10°
Std 1.7041 x 10°  1.0509 x 107  3.7089 x 108  1.0509 x 107  1.8639 x 10°  7.1521 x 107  5.1071 x 108  3.1980 x 108
F13 Ave 22608 x 10*  4.0220 x 10°  6.7587 x 107  4.0220 x 10°  2.8593 x 108  2.1333 x 10°  1.2469 x 10°  2.7798 x 108
Std 21046 x 10*  1.4107 x 10°  7.8565 x 107  1.4107 x 10°  6.2596 x 108  1.1148 x 10°  4.6528 x 108  7.3760 x 107
Fl4 Ave 1.1935 x 10*  1.6314 x 10°  6.3745 x 10°  1.6314 x 10°  2.0802 x 105  1.1044 x 10°  1.4227 x 10° 25117 x 10°
Std 12950 x 10*  1.9656 x 10°  6.8325 x 10°  1.9656 x 10° 51729 x 10°  1.0981 x 10°  8.6142 x 10°  1.3888 x 10°
Fi5 Ave 57961 x 10°  5.0360 x 10*  4.5587 x 10°  5.0360 x 10* 59488 x 10*  1.6030 x 10°  1.8932 x 108  4.5655 x 107
Std 75264 x 10° 25772 x 10*  1.2989 x 107 25772 x 10*  6.0069 x 10* 94722 x 10*  5.1674 x 107 3.5553 x 107
Fl6 Ave 1.0392 x 10°  1.8117 x 10°  1.8447 x 10°  1.8117 x 10>  1.3767 x 10°  2.2616 x 103>  2.5277 x 10°>  1.9708 x 10°

Std 22020 x 102 53022 x 102 4.0396 x 10> 53022 x 102  3.3314 x 102  5.8853 x 102  1.1647 x 10>  3.2015 x 10%
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Table 3. Cont.
Fun. Meas. KLEC-HBA HBA IHBA HHO SSA WOA ABC PSO
F17 Ave  5.0567 x 102 1.0467 x 10°  7.5646 x 10>  1.0467 x 10°  8.2532 x 102 85569 x 102  1.2629 x 10°  9.9727 x 102
Std 27865 x 102 2.7530 x 102 21298 x 10>  2.7530 x 102  3.6604 x 102 2.9001 x 102  1.2019 x 102  2.6819 x 10%
Fi8 Ave 2.3444 x 10°  1.8728 x 10°  5.6214 x 10°  1.8728 x 10°  2.1246 x 10°®  5.7881 x 10°®  2.5194 x 107  5.2096 x 10°
Std 2.3333 x 10°  1.3356 x 10°  5.4946 x 10°  1.3356 x 10°  3.8791 x 10°  6.6532 x 10°  6.8697 x 10°  3.6498 x 10°
P19 Ave 1.6821 x 10*  3.7000 x 10°  8.4946 x 10  3.7000 x 10°  4.8701 x 10°  6.7706 x 10°  2.3135 x 10  9.2833 x 107
Std 1.7429 x 10* 22558 x 10°  9.4258 x 10°  2.2558 x 10°  7.2158 x 10°  6.8589 x 10°  6.6043 x 107  5.0972 x 107
20 Ave 6.1516 x 102 7.1874 x 10>  6.2339 x 10>  7.1874 x 10>  6.9538 x 102  8.7600 x 10>  8.9254 x 10>  7.2860 x 102
Std 1.8167 x 102 1.6813 x 102 1.6907 x 10>  1.6813 x 10>  2.0468 x 10>  1.8032 x 102  9.1918 x 10!  8.5689 x 10!
01 Ave 29654 x 102 4.5120 x 10>  4.5334 x 10> 45120 x 102 41778 x 10>  4.7880 x 102  5.4523 x 10>  4.7381 x 10%
Std 35123 x 101 4.4286 x 10!  5.6779 x 101  4.4286 x 101  6.7069 x 101  4.6449 x 101  1.0540 x 10  1.8422 x 10!
o Ave 15522 x 10° 32906 x 10° 14779 x 10°  3.2906 x 103  4.2172 x 103  4.4278 x 10>  6.2124 x 10>  4.9427 x 10°
Std 31562 x 103 2.2354 x 103 1.5694 x 10> 22354 x 10° 45500 x 102 22874 x 10°  5.5059 x 102  2.7902 x 103
3 Ave 48800 x 102 83357 x 102 6.8902 x 10>  8.3357 x 102 5.8856 x 10>  7.9130 x 10>  7.2894 x 102  7.4387 x 10?
Std 7.8847 x 101 1.3324 x 102 85036 x 101 1.3324 x 102 6.9208 x 10! 85472 x 101  1.4888 x 10!  9.8666 x 101
4 Ave 6.0373 x 102 9.6474 x 10> 7.3790 x 10>  9.6474 x 10>  6.4163 x 10>  7.5843 x 102 7.6368 x 10>  7.5712 x 102
Std 1.3970 x 102 1.2883 x 102  1.1092 x 102  1.2883 x 102  4.9256 x 101  1.1482 x 10> 22951 x 10  7.6578 x 10!
5 Ave 39512 x 102 4.1959 x 102  6.7386 x 10>  4.1959 x 102  7.3445 x 102 5.0079 x 102  3.3497 x 10®>  1.3502 x 103
Std 1.7268 x 101 21272 x 10! 14372 x 102 2.1272 x 10! 3.1356 x 102  4.6573 x 101  3.8495 x 102  2.0093 x 102
6 Ave 1.7565 x 10° 44311 x 10> 45856 x 10°  4.4311 x 10>  3.7494 x 10°  4.6455 x 10° 54188 x 10>  4.2580 x 10°
Std 11292 x 10° 15723 x 10° 11642 x 10°  1.5723 x 10>  5.9532 x 102  1.4817 x 10°  2.7483 x 10>  5.1866 x 102
7 Ave 6.9276 x 102 7.0819 x 102 6.9048 x 102  7.0819 x 10>  5.6134 x 102  6.7677 x 10>  7.7850 x 10>  6.8754 x 102
Std 1.5056 x 102 1.2880 x 10>  9.3186 x 101  1.2880 x 10>  3.2687 x 10  1.2870 x 10>  3.7375 x 101 1.0428 x 102
8 Ave 41933 x 102 4.6444 x 10> 7.3421 x 10>  4.6444 x 102 17417 x 10  5.7952 x 102 32178 x 10°  1.1312 x 103
Std 25533 x 101 2.8214 x 101  1.3310 x 10>  2.8214 x 10 9.1930 x 10>  2.6972 x 10"  3.0450 x 102  1.3870 x 102
29 Ave 1.1815 x 10° 15673 x 10°  1.9009 x 10°  1.5673 x 103>  1.2042 x 103  2.0417 x 103  2.6328 x 10°  1.4785 x 10°
Std 6.3447 x 102 29906 x 102  4.0212 x 10> 2.9906 x 10>  2.0928 x 102  3.8451 x 10>  1.8158 x 10>  2.9881 x 102
F30 Ave 22593 x 10*  1.9793 x 10° 59013 x 107 19793 x 10°  2.7760 x 10®  1.4958 x 107  1.8970 x 108  3.6704 x 107
Std 22984 x 10*  1.0139 x 106 59297 x 107  1.0139 x 10°  4.7537 x 10®  1.3560 x 107  2.4845 x 107  1.9579 x 107
+—I~ - 29/0/0 27/2/0 29/0/0 27/2/0 28/1/0 29/0/0 28/1/0
R+/R— - 435/0 430/5 435/0 410/25 434/1 435/0 434/1
p-Values - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
o« =0.05 - Yes Yes Yes Yes Yes Yes Yes
Mean Rank 1.21 3.78 476 3.78 3.59 545 7.76 5.69
Total Rank 1 3 5 3 2 6 8 7
Table 4. Experimental results of algorithm comparison on the 50-dimensional CEC2017 test suite.
Fun. Meas. KLEC-HBA HBA IHBA HHO SSA WOA ABC PSO
F1 Ave 51539 x 10° 16177 x 10*  1.3543 x 1010 7.7606 x 107  4.0124 x 100 12791 x 10° 1.1728 x 10'*  5.9501 x 100
Std 6.7184 x 10°  1.3106 x 10*  1.1687 x 1010 1.0225 x 10  1.7217 x 1010 56288 x 108  5.6023 x 10°  7.7900 x 10°
3 Ave 2.6597 x 10*  4.6334 x 10*  1.1154 x 10°  6.3561 x 10* 29828 x 10° 22167 x 10°  3.5247 x 10°  2.9147 x 10°
Std 8.8074 x 10° 99173 x 10°  2.0014 x 10*  1.2315 x 10*  7.3982 x 10*  7.2251 x 10*  3.8831 x 10*  4.6033 x 10*
F4 Ave 12341 x 102 1.2316 x 10> 25414 x 10° 29730 x 10>  3.4286 x 10° 89267 x 10>  2.6002 x 10*  5.9443 x 10°
Std 6.9654 x 101 6.5450 x 101  1.4938 x 10°  9.3079 x 101  1.8119 x 103  2.4506 x 102  4.4351 x 10>  1.4034 x 10°
F5 Ave 3.3461 x 102 22792 x 102 4.3592 x 10> 3.6770 x 102 4.7912 x 10>  4.7598 x 102 7.7672 x 10>  6.2418 x 102
Std 2.0480 x 10! 3.6141 x 10!  3.2593 x 10!  2.7779 x 10}  6.3322 x 101  8.8742 x 101  2.7828 x 101  2.3471 x 10!
F6 Ave 2.7579 x 101 2.0126 x 10!  7.8895 x 10!  7.2505 x 10  5.5409 x 10  8.8986 x 10  1.0619 x 10>  7.2802 x 10!
Std 3.6316 4.6266 4.2091 6.3935 9.7683 1.3825 x 10! 4.8434 6.1592
B Ave 32045 x 102 4.3773 x 102 1.0067 x 10®>  1.0999 x 10>  1.0750 x 10°  1.1300 x 10°  3.1972 x 10°  2.3024 x 103
Std 2.0818 x 102 9.7036 x 10!  1.2233 x 10>  8.6021 x 101  3.1010 x 102  8.6956 x 101  1.2596 x 10>  1.6389 x 102
F8 Ave 22097 x 102 2.2213 x 102  4.7994 x 10>  3.8414 x 10>  4.8558 x 102  4.8439 x 102  8.0310 x 10>  6.4126 x 10%
Std 3.0750 x 10! 4.2876 x 10! 52173 x 101  2.6335 x 101  1.0058 x 102  8.5808 x 101  2.5696 x 101  4.0558 x 10!
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Table 4. Cont.
Fun. Meas. KLEC-HBA HBA IHBA HHO SSA WOA ABC PSO
F9 Ave 1.0205 x 10*  5.6756 x 10>  1.8900 x 10*  2.4148 x 10*  2.0188 x 10*  3.0238 x 10*  4.8976 x 10*  2.5037 x 10*
Std 2.1538 x 10> 24815 x 10°  2.5000 x 10>  4.1827 x 10° 59816 x 10>  1.0395 x 10* 45430 x 10°>  4.1739 x 10°
F10 Ave 6.3731 x 10°  7.4086 x 103  1.0279 x 10*  8.0067 x 10>  7.4901 x 10>  9.9051 x 10>  1.4176 x 10*  1.3673 x 10*
Std 8.0175 x 102  1.8416 x 103>  1.1046 x 103>  7.4016 x 10>  8.6342 x 102  1.4592 x 10>  1.6223 x 10>  4.9917 x 102
F11 Ave 25737 x 102 2.9063 x 10>  3.9251 x 10°  3.9041 x 102  7.7119 x 10°  1.3865 x 10°  3.7431 x 10*  1.0941 x 10*
Std 7.0093 x 101 87993 x 101  2.0574 x 10°  8.6415 x 101  1.3688 x 10*  2.9900 x 102  5.3693 x 10>  3.2620 x 10°
FI2 Ave 75861 x 105  2.1760 x 10°  3.5603 x 10° 89213 x 107 89221 x 10°  7.1992 x 108  2.6742 x 101°  1.3505 x 100
Std 83321 x 10°  9.5019 x 10° 29673 x 10°  3.6366 x 107  5.8526 x 10°  4.0636 x 108  2.9490 x 10°  2.6185 x 10°
F13 Ave 15632 x 10+ 2.1539 x 10*  6.0070 x 103  5.7262 x 10°  2.5581 x 10°  1.5194 x 107  8.2333 x 10°  4.6522 x 10°
Std 9.8629 x 10°  1.4257 x 10*  4.3752 x 108 6.8766 x 10°  2.7861 x 10°  1.8263 x 107  1.8070 x 10°  2.6543 x 10°
Fl4 Ave 50368 x 10*  9.4355 x 10*  3.1077 x 10°  8.8073 x 105  2.3533 x 10®  1.9527 x 10° 15310 x 107  2.9956 x 10°
Std 46939 x 10*  6.5019 x 10*  1.8637 x 10°  6.2876 x 10°  3.8753 x 10®  1.0557 x 10°  4.7558 x 10°  1.5928 x 10°
Fi5 Ave 15357 x 104  3.5535 x 10*  4.3504 x 107  5.0346 x 10°  9.0902 x 107  3.8278 x 10°  2.1820 x 10°  5.8034 x 108
Std 87724 x 10° 39542 x 10*  7.5218 x 107  2.6379 x 10°  1.7402 x 108 54880 x 10°  6.0278 x 108  2.4626 x 108
F16 Ave 1.8047 x 10°  1.9970 x 10°  3.3062 x 10°  2.5792 x 103>  2.6980 x 103  3.5938 x 103  5.1114 x 10°  4.1046 x 10°
Std 33163 x 102 4.2447 x 10> 53332 x 102 62295 x 102  7.8164 x 102 49180 x 102  2.5448 x 102  3.9625 x 10?
F17 Ave 12341 x 10° 13316 x 10°  2.3403 x 10°  1.9890 x 103  2.2745 x 103>  2.3832 x 10>  5.1760 x 10>  3.8869 x 10°
Std 47166 x 102 5.1187 x 102 45552 x 102  6.1292 x 102 3.2451 x 10>  3.6772 x 10>  5.0865 x 102  5.1542 x 102
Fi8 Ave 46262 x 10° 53384 x 10°  1.5850 x 107  4.9735 x 10°  7.8286 x 10°  2.0334 x 107  9.1956 x 107  2.2967 x 107
Std 47805 x 10°  5.0778 x 10°  1.5755 x 107  4.3020 x 10°  1.0987 x 107  2.2646 x 10  3.9355 x 107  1.1785 x 107
F19 Ave 15060 x 10*  1.7821 x 10*  8.4431 x 107 12393 x 10°  1.2799 x 108  5.7535 x 10°  9.3660 x 108  3.3294 x 10%
Std 1.1295 x 10*  1.3398 x 10* 17561 x 108 87107 x 10°  3.9402 x 108  6.1485 x 10° 29793 x 10  1.6604 x 108
20 Ave 1.2043 x 10°  1.2342 x 10° 15544 x 10°  1.5267 x 10> 15177 x 10°  1.6778 x 10°  2.2248 x 10°  2.2375 x 10°
Std 30128 x 102 4.3781 x 102 2.7163 x 10> 29343 x 102 2.0557 x 10>  4.8109 x 10>  1.6505 x 102  2.0352 x 102
1 Ave 40067 x 102 41993 x 102  7.2212 x 10>  7.9565 x 102  6.5654 x 102  8.7656 x 102  9.5230 x 102  8.0939 x 102
Std 6.0917 x 101 4.5998 x 10! 7.5298 x 10  1.0029 x 10>  6.9249 x 10"  9.5192 x 101  3.7069 x 10!  3.0585 x 10!
o Ave 82424 x 10° 84832 x 10°  9.5816 x 10°  8.9498 x 10°  9.3460 x 10°  1.0932 x 10*  1.4407 x 10*  1.4279 x 10*
Std 6.9477 x 102 1.4739 x 10°  2.1497 x 10° 95511 x 102 1.2511 x 10°  1.5999 x 10°  5.3636 x 10>  4.5282 x 102
3 Ave 7.3278 x 102 7.6595 x 102 1.2666 x 103>  1.4665 x 103  9.9961 x 102  1.3865 x 10°>  1.2540 x 10°  1.3055 x 10°
Std 8.1820 x 101 6.7437 x 101 1.6609 x 10>  1.8328 x 102  1.8515 x 102  1.3817 x 102  8.4956 x 10!  1.6329 x 102
4 Ave 8.7134 x 102 8.7639 x 102  1.1647 x 10°  1.8439 x 10>  1.0291 x 10>  1.3967 x 10®>  1.2857 x 10°  1.3124 x 10°
Std 27359 x 102 2.5454 x 102  5.8138 x 10!  1.9814 x 102  9.5492 x 101  2.0414 x 102  1.6224 x 10  1.6390 x 10%
05 Ave 57235 x 102 58505 x 102 23005 x 103>  6.6497 x 102 1.9605 x 10> 1.0030 x 10>  1.8398 x 10*  5.0673 x 10°
Std 57866 x 101 35794 x 101  6.8961 x 10>  3.8412 x 10  1.1819 x 10°  9.3515 x 10! 29520 x 10°  7.6133 x 102
6 Ave 23095 x 10>  3.1879 x 10°  9.5933 x 10>  6.7757 x 10°  7.0849 x 10°  1.2457 x 10*  1.0813 x 10*  8.3570 x 10°
Std 32331 x 103 2.2422 x 10> 8.1490 x 10>  2.4541 x 10>  1.1135 x 10°  1.1111 x 10°  4.8498 x 102  7.6879 x 10%
27 Ave 50001 x 102 1.3397 x 10°  1.7620 x 10>  1.6120 x 10°  9.8154 x 10>  2.1149 x 10°  2.0177 x 10>  1.3138 x 10°
Std 53864 x107° 5.6414 x 102 3.7863 x 102  3.7125 x 10> 12628 x 102 52624 x 10>  1.1766 x 102  1.8783 x 102
8 Ave 49735 x 102 1.3298 x 103 29716 x 10°  6.7312 x 102 5.0233 x 10°  1.5480 x 10°  9.2954 x 10°  4.2780 x 103
Std 8.4096 25700 x 103 9.3126 x 10>  3.4942 x 10!  2.1493 x 10>  2.8732 x 102 9.5336 x 102  8.2609 x 102
29 Ave 12722 x 10° 19161 x 10°  3.9291 x 10°  2.8588 x 10°  2.8996 x 103>  4.9678 x 103  7.4549 x 10°  4.1295 x 10°
Std 2.6568 x 102 9.4159 x 10> 53168 x 10> 53530 x 102 1.0686 x 10°  1.0108 x 10°  1.5262 x 10°  4.2957 x 10?
F30 Ave 1.7115 x 10®  2.3148 x 10°  2.6155 x 108  3.4087 x 107  2.0281 x 108  2.3085 x 108  2.0035 x 10°  6.6872 x 108
Std 9.0876 x 10° 87511 x 10°  1.1868 x 108  1.1113 x 107  2.4869 x 108  8.8802 x 107  4.1545 x 108  2.5811 x 10®
+—I= - 25/4/0 29/0/0 29/0/0 29/0/0 29/0/0 29/0/0 29/0/0
R+/R— - 398/37 435/0 435/0 435/0 435/0 435/0 435/0
p-Values - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
a =0.05 - Yes Yes Yes Yes Yes Yes Yes
Mean Rank 1.14 1.97 497 3.69 4.62 548 7.66 6.48
Total Rank 1 2 5 3 4 6 8 7
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Figure 4. Convergence curves of the algorithm on comparative experiments. (a) Fun5-10dim.
(b) Fun16-10dim. (c) Fun26-10dim. (d) Fun10-30dim. (e) Fun27-30dim. (f) Fun10-50dim. (g) Fun16-
50dim. (h) Fun26-50dim.

4.4.2. Ablation Experiment

To ascertain the efficacy of each improvement to the KLEC-HBA, ablation experiments
are conducted in this section on 10-, 30-, and 50-dimensional CEC2017. Each experiment is
run independently 30 times. In this context, “KLEC-HBA-LR” denotes that it is identical
to the KLEC-HBA, except for the “learning rate LR = 0.2” parameter. Similarly, “KLEC-
HBA-LOS” denotes that the loser learning strategy has been removed from the KLEC-
HBA. Furthermore, “KLEC-HBA-M" denotes that the adaptive mutation strategy has
been removed from the KLEC-HBA. Furthermore, the experimental results were subjected
to a Friedman rank sum test to elucidate the relative merits and shortcomings of the
performance of the proposed algorithms.

Table 5 illustrates the outcomes of ablation experiments conducted on the 10-
dimensional CEC2017 test suite. Similarly, Tables 6 and 7 present the results of ablation
experiments on the 30-dimensional and 50-dimensional CEC2017 test suites, respectively.
As can be observed in Tables 5-7, the mean and overall values of the KLEC-HBA'’s rank
on the 10-dimensional, 30-dimensional, and 50-dimensional CEC2017 test suites are as
follows: the test suites are optimal, and the majority of the mean values of fitness on the
29 functions are relative to “KLEC-HBA-LR”, “KLEC-HBA-LOS” and “KLEC-HBA-M”,
indicating that each improvement to the algorithm proposed in this chapter is effective.
Furthermore, the efficacy of each enhancement made to the KLEC-HBA can be gauged by
referencing Figure 5.

Table 5. Results of ablation experiments on the 10-dimensional CEC2017 test suite.

Fun.

Meas.

KLEC-HBA-LR

KLEC-HBA

KLEC-HBA-LOS

KLEC-HBA-M

F1

Ave
Std

1.8203 x 103
1.5792 x 103

3.1559 x 10°
2.7500 x 103

1.8335 x 10°
1.5514 x 10°

3.5638 x 10°
3.9791 x 10°

F3

Ave
Std

7.1623 x 10713
1.2209 x 1012

3.0695 x 10713
1.8681 x 10713

3.0695 x 10~ 13
2.7438 x 10713

2.3874 x 1013
1.2323 x 10718
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Table 5. Cont.

Fun. Meas. KLEC-HBA-LR KLEC-HBA KLEC-HBA-LOS KLEC-HBA-M
” Ave 9.1716 x 1072 3.7333 x 1072 8.1877 x 1073 7.0311 x 1072
Std 1.1613 x 101 7.5935 x 1072 7.6050 x 1073 1.1063 x 101
r5 Ave 7.7009 x 10! 54918 x 10! 5.0543 x 10! 6.6960 x 10!
Std 54616 x 10 3.4870 x 10! 2.8189 x 10! 3.9989 x 10!
F6 Ave 2.6634 x 101 1.3020 x 101 2.2977 x 10! 3.8618 x 10!
Std 1.4189 x 10! 1.5499 x 10! 1.7364 x 10! 1.1611 x 10!
v Ave 8.5555 x 10! 7.0324 x 10! 4.4271 x 101 6.2290 x 10!
Std 1.7012 x 10! 3.7529 x 10! 2.7661 x 10! 3.1140 x 10!
F8 Ave 3.2038 x 101 3.2237 x 10! 3.5420 x 10! 25670 x 10!
Std 6.2294 5.1025 1.3349 6.4250
F9 Ave 4.5898 x 102 3.7687 x 102 4.3554 x 102 5.6557 x 102
Std 3.9628 x 102 2.6303 x 102 3.4306 x 102 4.3974 x 102
F10 Ave 7.3922 x 102 5.3335 x 102 8.7803 x 102 3.9646 x 102
Std 6.8557 x 10! 49396 x 102 2.5442 x 102 2.7179 x 102
Fi1 Ave 2.8447 x 10! 4.9625 3.7889 1.4272 x 10!
Std 5.0199 x 10! 9.7376 3.0130 2.2502 x 10!
F12 Ave 8.9925 x 10° 6.4094 x 103 6.7265 x 10° 5.8127 x 10°
Std 6.5167 x 10° 43040 x 103 5.1111 x 103 3.7434 x 10°
13 Ave 3.8071 x 102 4.6452 x 102 7.6082 x 102 8.2035 x 102
Std 2.6578 x 102 1.2938 x 102 6.2509 x 102 5.1097 x 102
Fl4 Ave 5.2383 x 10! 4.4235 x 10! 5.0276 x 10! 5.3599 x 10!
Std 2.2339 x 10! 2.7903 x 10! 1.9946 x 101 2.8696 x 10!
F15 Ave 4.1887 x 10! 3.8629 x 10! 5.2714 x 10! 4.6228 x 10!
Std 4.0849 x 10! 3.0408 x 10! 6.1523 x 10! 5.2871 x 10!
Fl6 Ave 3.8015 x 102 3.1692 x 102 3.6671 x 102 3.7325 x 102
Std 1.0152 x 102 1.1046 x 102 8.8550 x 10! 9.2425 x 10!
F17 Ave 4.6603 x 101 44151 x 10! 4.9229 x 101 5.8474 % 10!
Std 2.2107 x 10! 2.5820 x 10! 3.6392 x 10! 2.8283 x 10!
F18 Ave 7.3714 x 103 3.9155 x 103 6.5070 x 103 8.9575 x 102
Std 1.0853 x 10% 2.3170 x 10° 7.0051 x 10° 8.8734 x 102
F19 Ave 1.1505 x 10! 1.5589 x 101 2.5397 x 10! 5.3048 x 10!
Std 44746 1.1767 x 10! 24674 x 10! 42735 x 101
20 Ave 1.8189 x 102 1.5361 x 102 1.8328 x 102 1.6455 x 102
Std 41157 x 10! 7.0264 x 10! 3.1383 x 10! 2.0447 x 101
1 Ave 1.7319 x 102 1.7633 x 102 1.8231 x 102 1.4752 x 102
Std 6.5966 x 10! 6.9902 x 10! 7.3615 x 10! 6.5105 x 10!
22 Ave 1.0156 x 102 1.0200 x 102 1.0170 x 102 1.0116 x 102
Std 6.2500 x 101 8.5867 x 1071 5.2302 x 1071 5.4186 x 107!
3 Ave 3.1766 x 102 3.1474 x 102 3.4218 x 102 3.2147 x 10?
Std 5.3944 1.5341 x 10! 29891 x 10! 9.3365
Fou Ave 2.0174 x 102 2.4826 x 102 3.0287 x 102 2.7800 x 102
Std 1.3932 x 102 1.3535 x 102 1.1365 x 102 1.6869 x 102
Fo5 Ave 4.2573 x 102 4.2599 x 102 42572 x 10? 43483 x 102
Std 2.4706 x 10! 2.4108 x 10! 2.5550 x 10! 2.0756 x 101
26 Ave 2.5084 x 102 3.4409 x 102 5.9088 x 102 4.9500 x 102
Std 7.2213 x 10! 8.2287 x 102 6.6855 x 102 2.9882 x 102
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Table 5. Cont.

Fun. Meas. KLEC-HBA-LR KLEC-HBA KLEC-HBA-LOS KLEC-HBA-M
o7 Ave 3.9228 x 102 3.9879 x 102 3.9527 x 102 3.9270 x 102
Std 2.4562 9.2604 7.2670 3.2180
o8 Ave 49943 x 102 49912 x 102 5.3260 x 102 49982 x 102
Std 7.4425 x 101 7.8534 x 1071 1.3060 x 102 2.1066 x 1071
29 Ave 2.9509 x 102 2.8929 x 102 3.3130 x 102 3.0757 x 102
Std 3.8615 x 101 3.8219 x 10! 6.5885 x 10! 4.7770 x 101
F30 Ave 1.6231 x 103 1.1690 x 103 7.9007 x 102 1.8316 x 103
Std 2.1496 x 10° 4.4567 x 102 3.7130 x 102 1.9990 x 103
+H—I~ 19/10/0 - 19/9/1 20/9/0
Mean Rank 255 1.98 2.74 2.72
Total Rank 2 1 4 3

Table 6. Results of ablation experiments on the 30-dimensional CEC2017 test suite.

Fun. Meas. KLEC-HBA-LR KLEC-HBA KLEC-HBA-LOS KLEC-HBA-M
F1 Ave 6.4220 x 103 49761 x 108 42706 x 103 5.4101 x 103
Std 5.8702 x 10° 3.3086 x 10° 54120 x 10° 54818 x 10°
3 Ave 49015 x 102 1.6539 x 10! 8.7121 2.7835 x 102
Std 7.0915 x 102 1.8233 x 10! 8.0106 5.6325 x 102
- Ave 9.3162 x 10! 8.8849 x 10! 7.5528 x 10! 7.7177 x 10!
Std 52871 x 10! 1.0880 x 10! 3.8975 x 10! 3.6796 x 10!
F5 Ave 2.2282 x 102 1.9517 x 102 2.3043 x 102 2.2290 x 102
Std 6.2478 x 10! 54120 x 10! 55004 x 10! 3.6002 x 10!
F6 Ave 49791 x 10! 4.0714 x 10! 3.9870 x 10! 4.6278 x 10!
Std 5.0617 5.0428 1.3016 x 10! 8.8454
- Ave 2.4644 x 102 3.0004 x 102 3.6099 x 102 2.7747 x 102
Std 41360 x 10! 1.3162 x 102 1.0611 x 102 1.5402 x 102
F8 Ave 1.4785 x 102 1.5680 x 102 1.4646 x 102 1.6180 x 102
Std 2.0092 x 10! 2.7108 x 10! 2.1379 x 101 2.6804 x 101
- Ave 4.2850 x 10° 43984 x 10° 4.2398 x 10° 42135 x 10°
Std 1.6749 x 102 1.9432 x 102 1.5667 x 102 2.2874 x 102
F10 Ave 4.0630 x 10° 4.0389 x 10° 41905 x 10° 40846 x 10°
Std 2.6007 x 102 1.5240 x 102 1.2720 x 102 1.6496 x 102
11 Ave 1.4422 x 10? 1.2245 x 102 1.2247 x 102 8.0269 x 10!
Std 7.2644 x 10! 2.6398 x 10! 7.3484 % 10! 3.9725 x 101
Fp  Ave 33164 x 10* 42497 x 10* 4.8350 x 10* 40982 x 10*
Std 2.1060 x 10* 2.5596 x 10% 1.8589 x 10% 1.1251 x 10%
F13 Ave 42413 x 10* 1.4190 x 10% 2.6131 x 10* 23182 x 10%
Std 2.5687 x 10* 1.5540 x 10% 1.6960 x 10% 2.1305 x 10%
pla Ave 2.8949 x 10° 1.5099 x 103 2.0838 x 10° 3.6882 x 10°
Std 3.1707 x 10° 1.3350 x 103 2.5385 x 10° 6.0957 x 10°
F15 Ave 3.3073 x 10° 3.3053 x 10° 6.9196 x 10° 42014 x 10°
Std 3.5987 x 10° 3.0784 x 10° 6.3629 x 10° 5.0520 x 10°
Flg  Ave 1.1889 x 103 6.6950 x 102 9.3125 x 102 9.6064 x 102
Std 2.1696 x 102 7.9748 x 10! 3.6378 x 102 3.6596 x 102
py  Ave 4.0733 x 102 4.1903 x 102 44774 x 102 4.2388 x 102
Std 2.9986 x 102 1.4817 x 102 1.5898 x 102 1.2953 x 102
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Table 6. Cont.
Fun. Meas. KLEC-HBA-LR KLEC-HBA KLEC-HBA-LOS KLEC-HBA-M
Fi8 Ave 6.1096 x 10* 6.1531 x 10* 5.1560 x 10* 7.2356 x 10%
Std 3.1037 x 10* 3.3684 x 10* 2.4250 x 10* 40215 x 10*
Flg  Ave 43462 x 103 2.2561 x 10° 2.3613 x 10° 22617 x 103
Std 3.3475 x 10° 1.2253 x 103 1.2218 x 103 8.6012 x 102
mo  Ave 59647 x 102 4.8808 x 102 6.3206 x 102 5.1524 x 102
Std 2.4350 x 102 1.1106 x 102 1.9619 x 102 1.7279 x 102
mpy  Ave 3.1946 x 102 2.8222 x 102 42262 x 102 2.9354 x 102
Std 1.4136 x 102 3.2298 x 10! 6.6894 x 10! 7.7105 x 10!
py  Ave 1.0555 x 103 1.0077 x 103 3.8190 x 10° 1.1892 x 103
Std 2.1333 x 10° 2.0269 x 10° 2.1342 x 10° 2.2970 x 103
93 Ave 5.0208 x 102 4.8424 x 102 49789 x 102 4.4043 x 102
Std 43479 x 10! 3.9596 x 10! 3.8153 x 10! 3.6706 x 10!
My Ave 45815 x 102 5.9495 x 102 6.3960 x 102 5.1768 x 102
Std 2.0568 x 102 6.6514 x 10! 1.3556 x 102 2.5455 x 10!
o5 Ave 3.9502 x 102 3.8775 x 102 3.8671 x 102 3.8925 x 102
Std 2.1260 x 10! 4.6719 2.7585 7.7958
Fe  Ave 9.6258 x 102 2.8000 x 102 3.0000 x 102 49742 x 102
Std 1.5381 x 103 44721 x 10 3.7106 x 10~* 6.9581 x 102
py  Ave 5.0001 x 102 5.0001 x 102 5.3561 x 102 5.0001 x 102
Std 8.3430 x 10~° 8.9130 x 107> 2.6340 x 10! 7.0758 x 107>
pg  Ave 3.6217 x 102 3.8462 x 102 3.5962 x 102 43811 x 102
Std 9.0684 x 10! 5.1033 x 10* 7.8795 x 10! 6.5353 x 10!
29 Ave 7.9131 x 102 9.1186 x 102 8.8326 x 102 8.3565 x 102
Std 2.3716 x 102 2.1150 x 102 2.8548 x 102 2.0446 x 102
F30 Ave 1.3061 x 10% 1.0955 x 104 6.5056 x 10° 1.2051 x 10%
Std 1.6554 x 103 7.8790 x 103 1.4813 x 10% 9.8243 x 10°
I~ 19/9/1 - 18/11/1 20/8/1
Mean Rank 3.33 247 3.21 3.09
Total Rank 4 1 3 2
Table 7. Results of ablation experiments on the 50-dimensional CEC2017 test suite.
Fun. Meas. KLEC-HBA-LR KLEC-HBA KLEC-HBA-LOS KLEC-HBA-M
F1 Ave 6.7451 x 103 3.1394 x 108 7.8807 x 103 4.5539 x 103
Std 3.8730 x 10° 1.0304 x 10% 8.1994 x 10° 2.5422 x 10°
3 Ave 3.1278 x 10* 2.7833 x 10* 3.0661 x 10* 5.0589 x 10*
Std 7.9956 x 10° 8.9704 x 10° 7.3270 x 103 1.4143 x 10*
4 Ave 1.8467 x 102 8.3658 x 10! 1.4174 x 102 1.6345 x 102
Std 4.6560 x 10! 5.8719 x 10* 49326 x 101 5.1945 x 101
- Ave 3.5331 x 102 3.5769 x 102 3.4764 x 102 3.6236 x 102
Std 3.4804 x 10! 1.7198 x 101 2.6433 x 10! 1.7020 x 10!
F6 Ave 5.6315 x 10! 5.2391 x 10* 5.6049 x 101 5.4630 x 101
Std 6.1957 2.4335 6.3027 5.3508
7 Ave 8.4450 x 102 8.2205 x 102 8.0860 x 102 7.5503 x 102
Std 1.1859 x 102 1.2276 x 10? 1.9621 x 102 2.3436 x 102
- Ave 3.7238 x 102 3.7868 x 102 3.8743 x 102 3.8079 x 102
Std 1.4240 x 10! 2.8581 x 10* 1.6860 x 10! 45359 x 101
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Table 7. Cont.

Fun. Meas. KLEC-HBA-LR KLEC-HBA KLEC-HBA-LOS KLEC-HBA-M
F9 Ave 1.2197 x 104 1.2167 x 10% 1.2297 x 10% 1.2181 x 10%
Std 2.0648 x 102 1.8481 x 102 2.3388 x 102 2.2325 x 102
F10 Ave 6.3143 x 10° 6.0722 x 10° 6.3915 x 10° 6.6655 x 10°
Std 7.3498 x 102 7.8776 x 102 8.9703 x 102 5.8111 x 102
P11 Ave 2.1975 x 102 2.7219 x 102 2.7511 x 102 2.2034 x 102
Std 6.5423 x 10! 7.6254 x 10! 7.2566 x 10! 6.8842 x 10!
Fp  Ave 1.3183 x 10° 44202 x 10° 6.5461 x 10° 1.3696 x 10°
Std 1.3450 x 10° 1.9140 x 10° 51779 x 10° 1.0082 x 10°
F13 Ave 1.1952 x 104 1.4367 x 104 1.5342 x 10% 1.5809 x 10%
Std 8.3953 x 10° 1.2768 x 10% 53362 x 10° 1.1661 x 10%
Fla Ave 9.5108 x 10° 1.3536 x 104 45932 x 10* 3.5058 x 10%
Std 2.9250 x 10° 41747 x 10* 3.9052 x 10* 2.6873 x 10*
Fi5 Ave 7.6744 x 107 1.8585 x 104 1.4823 x 104 1.7460 x 10%
Std 2.4264 x 108 1.9094 x 108 6.8056 x 10° 43429 x 10°
Fl6 Ave 1.8765 x 103 1.4308 x 103 1.5485 x 103 1.4742 x 103
Std 6.7752 x 102 3.6547 x 102 43889 x 102 43405 x 102
p1y  Ave 1.1699 x 103 1.2678 x 103 1.4765 x 103 1.2146 x 103
Std 2.4208 x 102 3.4140 x 102 2.4021 x 102 3.2957 x 102
F18 Ave 3.2004 x 10° 2.0647 x 10° 3.6529 x 10° 3.0214 x 10°
Std 1.1165 x 10° 6.3321 x 10% 1.6173 x 10° 2.1860 x 10°
F19 Ave 2.2718 x 10* 1.9823 x 104 2.8837 x 10* 3.3508 x 10%
Std 1.6016 x 10* 1.2269 x 10% 1.3445 x 10% 1.5896 x 10%
mo  Ave 1.5432 x 103 1.5321 x 103 1.6541 x 103 1.6224 x 103
Std 2.0297 x 102 2.4922 x 102 1.4526 x 102 1.3707 x 102
mpy  Ave 5.1570 x 102 5.3064 x 102 5.3393 x 102 4.7145 x 102
Std 7.5917 x 10! 5.5542 x 10! 6.6308 x 10! 7.0605 x 10!
py  Ave 9.6272 x 10° 8.5476 x 10° 9.0288 x 10° 9.1518 x 10°
Std 1.0655 x 103 1.3920 x 103 7.6082 x 102 59770 x 102
3 Ave 7.3148 x 102 7.5163 x 102 7.2357 x 102 6.8910 x 102
Std 5.4037 x 10! 7.9353 x 10! 6.4455 x 10! 5.9416 x 10!
g Ave 8.7368 x 102 1.0356 x 103 8.3711 x 102 7.6560 x 102
Std 3.2088 x 102 49646 x 102 1.1680 x 102 2.3482 x 102
ps  Ave 6.0653 x 102 5.9346 x 102 5.6456 x 102 6.2270 x 102
Std 5.2638 x 10! 4.6313 x 10! 3.9344 x 101 2.3102 x 101
e Ave 1.2026 x 103 1.0517 x 103 3.9052 x 10° 2.1641 x 10°
Std 1.9864 x 103 2.3762 x 10° 3.8525 x 10° 3.0304 x 10°
py  Ave 5.0001 x 102 5.0001 x 102 8.3083 x 102 5.0001 x 102
Std 8.4022 x 107° 4.8001 x 10! 1.1851 x 102 8.9994 x 107°
pg  Ave 5.0346 x 102 5.0001 x 102 5.1282 x 102 5.0001 x 102
Std 1.0895 x 10! 9.6943 x 107> 1.4948 x 10! 7.4658 x 107>
99 Ave 1.4587 x 103 1.4156 x 103 1.3953 x 103 1.2019 x 103
Std 41734 x 102 3.5416 x 102 41788 x 102 3.8352 x 102
F30 Ave 1.2983 x 100 1.5119 x 106 1.3779 x 10° 1.6880 x 10°
Std 1.6910 x 10° 7.1042 x 10° 3.5065 x 10° 7.6298 x 10°
+H—I~ 19/9/1 - 21/8/0 19/8/2
Mean Rank 2.69 1.91 2.86 2.53
Total Rank 3 1 4 2

https://doi.org/10.3390/sym18060902


https://doi.org/10.3390/sym18060902

Symmetry 2026, 18, 902

22 of 26

2000

3500

160

- = KLEC-HBA-LR 1800 = = KLEC-HBA-LR = = KLEC-HBA-LR - = KLEC-HBA-LR
0 - KLEC-HBA s KLEC-HBA 3000 v KLEC-HBA o - KLEC-HBA
|====KLEC-HBA-BEAT 1600 =-=- KLEC-HBA-BEAT =-== KLEC-HBA-BEAT |====KLEC-HBA-BEAT
——KLEC-HBA-LOSER| 1400 ——KLEC-HBA-LOSER 2500 ——KLEC-HBA-LOSER| ——KLEC-HBA-LOSER|
L 120
120 2000
1000
a0 1500
600 1000 1§
400 LSV ‘3.'
LU O N
200l it —
0 > 0 0 %
0 100 200 300 400 500 600 700 800 900 1000 0 100 200 300 400 500 600 700 800 900 1000 0 100 200 300 400 500 600 700 800 900 1000 0 500 1000 1500
(@) (b) (0) (d)
3500 2210 25210
KLEC-HBA-LR = = IHBA-LR - = KLEC-HBA-LR - = IHBA-LR
000 KLEC-HBA 3000 2 v KLEC-HBA - IHBA
=-=- KLEC-HBA-BEAT |====KLEC-HBA-BEAT 2 - [HBA-BEAT
8000 ——KLEC-HBA-LOSER 2500 8 ——KLEC-HBA-LOSER ——IHBA-LOSER
16
7000 2000 '
6000 1500
1
5000 1000
a00f S00f
3000 0
0 500 1000 1500 0 500 1000 1500 500 1000 1500
(e) () (8 (h)

Figure 5. Convergence curves of the algorithm on ablation experiments. (a) Fun6-10dim. (b) Fun16-
10dim. (c) Fun26-10dim. (d) Fun6-30dim. (e) Fun10-30dim. (f) Fun20-30dim. (g) Funl10-50dim.
(h) Fun16-50dim.

5. Engineering Application

The objective of welded beam design [36] is to minimize its cost f(x) while satisfying
several constraints. These constraints include seven inequality constraints, e.g., shear
stresses (T), bending stresses of the beam (¢), buckling loads of the bars (P;), and deflection
at the end of the beams (9), and four design variables, namely, h(x1), [(x2), t(x3) and b(x4),
as illustrated in Figure 6.

Figure 6. Schematic diagram of welded beam structure.

The specific mathematical model is shown below:

Objective function:

minf(x) = 1.1047x3x; + 0.04811x3x4(14.0 + x2)

©)

https://doi.org/10.3390/sym18060902


https://doi.org/10.3390/sym18060902

Symmetry 2026, 18, 902 23 0f 26
Constraints:
§1(x) = 7(x) — Tmax <0,
82(x) = 0(x) = Omax <0,
g3(x) =x1 —x4 <0,
g4(x) = 0.1047x% 4 0.04811x3x4(14 + x,) — 5 < 0, (10)
g5(x) =0.125 —x1 <0,
86(x) = 0(x) — dmax <0,

gr(x Pe(x) <0.

P —
Relevant parameters and boundary constraints:

\/ 2 4 pptp 22 X2 +(T//>2/
2R
P

/ /! MR
_ ==
\/2X1X2 ]
2 2
X2 X5 X1+ X3
=P(L+—= R=4/-= —_— 1,
M=p(14 %), r=[Fe(212)
X3 x +x
= 2[V2rin {32 + (F52)7,
12 2
6PL 4PL
(o x) - T, (x - T’
X5X4 Ex3xy

4013E [x3%§ x3 [ E
Pex) = ==\ 36 (1 \/4G>
P=60001b, L=14in, E =30 x 10° psi,

G =12x10° psi, Tmax = 13600 psi,
Omax = 30000 psi, Jmax = 0.251n,
01<x1 <2, 01<x <10,
01<x3<10, 01<x4<2.

For the welded beam design problem, the maximum number of iterations and popula-
tion size were set to 100 and 30 respectively, and the experiment was run independently
10 times. The optimization results for the welded beam design problem are presented in
Table 8.

Table 8. Experimental results of algorithms for the welded beam design problem.

Algorithm h 1 t b Mean f(x)

KLEC-HBA 2.1357 x 10! 1.0000 x 10! 9.0368 2.0573 x 1071 47417 x 10°
HHO 2.3539 x 1071 9.9587 9.3015 2.0444 x 1071 7.9402 x 103
GWO 2.1473 x 107! 1.0000 x 10! 9.0469 2.0581 x 1071 47883 x 10°
BKA 2.1387 x 10! 1.0000 x 10! 9.0315 2.0618 x 1071 49193 x 10°
HBA 2.1354 x 107! 1.0000 x 10! 9.0321 2.0594 x 1071 4.9465 x 10°
DBO 2.1354 x 107! 1.0000 x 10! 9.0313 2.0597 x 1071 5.0693 x 10°

For this problem, the optimal function value of the KLEC-HBA is the best compared
to the optimal function values of the other algorithms. Figure 7 shows the convergence
curves of the KLEC-HBA and the five other comparative algorithms, including HBA [27],
HHO [34], GWO [37], DBO [38], and DKA [39], in finding the optimum. Figure 8 provides
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the boxplot comparison of the experimental results obtained by the six algorithms over
multiple independent runs. The boxplot is used to illustrate the distribution, median, and
dispersion of the obtained objective function values, thereby reflecting the robustness and
stability of each algorithm. Based on the graphs of the experimental results shown in
Figures 7 and 8, it can be seen that the KLEC-HBA is better than the other comparison
algorithms at finding the optimal results for this problem.
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Figure 7. Schematic convergence curve of the algorithm.
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Figure 8. Algorithms box line comparison chart.

6. Conclusions and Future Directions

This paper proposes a honey badger optimization algorithm based on an evolutionary
knowledge-learning strategy. The algorithm introduces adaptive learning parameters to
enhance its capacity to learn historical experiences based on the original evolutionary
knowledge-learning strategy. Additionally, this paper proposes an adversarial learning
strategy. The strategy is based on failure experience, to increase the accumulation of the
algorithm’s successful historical experience and increase the diversity of the population.
This is done to prevent the algorithm from falling into a local optimum. An adaptive
mutation mechanism is used to mutate the globally optimal individuals. The efficacy of the
proposed algorithm is validated through a comparative analysis and ablation experiments
conducted on the CEC2017 test suite. Subsequently, to assess the performance of the
KLEC-HBA in real-world scenarios, this study applies it to the welded beam engineering
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problem, and the experimental outcomes demonstrate the effectiveness of the KLEC-HBA
in addressing this challenge.

In the future, alternative strategies may be proposed or introduced to enhance the
search performance of the intelligent optimization algorithm. Furthermore, the potential
for extending the application of the algorithm to other fields, including feature selection,
optimization of model structure and parameters, path planning, image segmentation,
and equipment fault diagnosis, should be considered. Such an expansion will facilitate
further exploration of the algorithm’s scope of application, promote its effective utilization
in a range of practical problems, and provide a broader foundation for the advancement of
intelligent optimization algorithms.
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