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Abstract

This paper introduces a novel and efficient optimizer derived from differ-
ential evolution (DE): Competitive differential evolution with knowledge
inheritance (CDEKI). CDEKI is developed by introducing the competi-
tive mechanism and incorporates a novel DE/winner-to-best/1 mutation
strategy and a hybrid local search operation. Moreover, we emphasize
the significance of a commonly neglected component in DE: the repair
operation. We propose a novel repair operation with knowledge inher-
itance to accelerate optimization convergence, particularly when the
generated offspring exceeds the search domain. Through comprehensive
numerical experiments conducted on the CEC2020 benchmark func-
tions, competing against sixteen state-of-the-art optimizers and advanced
DE variants, our proposed CDEKI demonstrates significant superiority.
Additionally, the ablation experiments are conducted to independently
investigate the performance of the proposed strategies. Furthermore,
we extend the application of CDEKI to real-world human-powered air-
craft (HPA) design tasks, showcasing its extraordinary performance
in practical scenarios. As an effective and efficient optimizer, CDEKI
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2 Competitive Differential Evolution with Knowledge Inheritance

presents a compelling alternative evolutionary approach for address-
ing real-world applications across diverse domains. The source code
of CDEKI is available in https://github.com/RuiZhong961230/CDEKI.

Keywords: Competitive differential evolution (CDE), Novel mutation
operation Hybrid local search operation, Knowledge inheritance (KI),
Single-objective optimization, Human-powered aircraft (HPA) design

1 Introduction

Differential Evolution (DE) [1] stands as a powerful optimization algorithm
that belongs to the family of the evolutionary algorithm (EA). Being dif-
ferent from traditional mathematical optimization techniques that rely on
the gradient, DE is a stochastic optimization methodology motivated by the
principles of natural selection and evolution [2, 3]. Through the iteration of
crossover, mutation, and selection operations, DE refines the population of
candidate solutions to the specific problem and guides the population towards
increasingly optimal solutions [4].

Thanks to its simplicity, robustness, and efficiency in solving complex opti-
mization problems across various domains, DE is particularly well-suited for
problems where the objective function is non-linear, non-convex, noisy, or
lacks derivative information [5]. These remarkable characteristics make DE a
versatile tool for tackling real-world optimization challenges encountered in
engineering [6–8], finance [9, 10], machine learning [11, 12], and other fields
[13, 14]. Therefore, DE has gained widespread attention from researchers and
scholars. In the meantime, many variants of DE have been proposed to tackle
diverse optimization tasks, and we will briefly review the advancement of DE
in Section 2.2.

This paper concentrates on the design of a single-objective human-powered
aircraft (HPA) as detailed in [15], and proposes a novel competitive differen-
tial evolution with knowledge inheritance (CDEKI) approach. Specifically, we
incorporate a competitive mechanism into the DE algorithm and introduce a
DE/winner-to-best/1 mutation scheme to facilitate efficient global exploration.
Additionally, the crossover operation is designed to enhance DE’s exploitative
performance. Therefore, we fully utilize the knowledge from both the current
and the elite individuals to construct the offspring individual via the local
search operation. Furthermore, we address a crucial yet often neglected com-
ponent of DE: the repair operation. It is common for the constructed offspring
individual to fall outside the search domain. Most DE algorithms randomly re-
generate or clip values in specific dimensions when exceeding the search space.
However, such inefficient operations fail to adequately leverage domain knowl-
edge and past optimization experiences to generate high-quality solutions.
To address this limitation, we propose an effective repair operation based on

https://github.com/RuiZhong961230/CDEKI
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knowledge inheritance and integrate it into our proposed CDEKI. Specifically,
the main contributions of this paper can be summarized as follows:

• We propose a novel competitive differential evolution with knowledge
inheritance (CDEKI).

• The DE/winner-to-best/1 mutation scheme, the hybrid local search opera-
tion, and the repair operation based on knowledge inheritance are integrated
into CDEKI.

• We conduct comprehensive numerical experiments on CEC2020 benchmark
functions to evaluate the performance of CDEKI competing with state-of-
the-art optimizers.

• We conduct ablation experiments to independently investigate the perfor-
mance of the proposed strategies.

• We extend CDEKI to solve real-world single-objective HPA design and
achieve encouraging performance.

The remainder of this paper is organized as follows: Section 2 introduces the
related works including the basic DE and the mathematical model of the single-
objective human-powered aircraft design. Section 3 introduces our proposed
CDEKI in detail. Section 4 presents numerical experiments and statistical
analyses, and the performance analyses are discussed in Section 5. Finally,
Section 6 concludes this paper.

2 Related works

2.1 Basic DE

We begin the introduction of the basic DE by the definition of optimiza-
tion problems. Without loss of generality, the minimization problem is
mathematically defined by Eq. (1).

f(x∗) = min f(x), s.t.x ∈ RD (1)

where x = {x1, x2, ..., xD} is a solution vector with D dimensions. Opti-
mization algorithms aim to find optimum x∗ with a limited computational
budget.

Subsequently, we outline the four primary components of DE: initialization,
mutation, crossover, and selection. It is important to note that all explanations
are presented within the context of the minimization.
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Initialization: The first step of DE implementation is population initial-
ization, which is described in Eq. (2).

X =


x1

x2

x3

...
xN

 =


x11 x12 · · · x1D

x21 x22 · · · x2D

x31 x32 · · · x3D

...
...

. . .
...

xN1 xN2 · · · xND

 , xij = r · (ubj − lbj) + lbj (2)

where xi denotes the ith individual and xij represents the value in the jth

dimension of the xi. lbj and ubj are the lower and the upper bound of the jth

dimension, respectively, and r is a random number in (0, 1).
Mutation: When DE enters the main loop, the mutation operation is first

activated to construct the mutated vector, and the representative mutation
schemes are listed in Eq. (3).

DE/rand/1 : vg
i = xg

r1 + F · (xg
r2 − xg

r3)

DE/cur/1 : vg
i = xg

i + F · (xg
r1 − xg

r2)

DE/best/1 : vg
i = xg

best + F · (xg
r1 − xg

r2)

DE/cur-to-best/1 : vg
i = xg

i + F · (xg
best − xg

i ) + F · (xg
r1 − xg

r2)

DE/rand-to-best/1 : vg
i = xg

r1 + F · (xg
best − xg

r1) + F · (xg
r2 − xg

r3)

(3)

where xg
r1, x

g
r2, and xg

r3 are randomly selected individuals from the population
and mutually distinct in the gth iteration, xg

best denotes the best solution found
so far, and F is the scaling factor to control the amplification of differential
vector.

Crossover: Although many novel crossover strategies such as exponen-
tial crossover [16] and blending crossover [17] have been proposed, the most
commonly utilized binomial crossover is expressed in Eq. (4).

ug
i,j =

{
vg
i,j , if r ≤ Cr or j = jrand

xg
i,j , otherwise

(4)

Cr represents the crossover rate to control the probability of inherited genes
between the mutated vector ug

i,j and the parent individual xg
i,j . jrand is a

random integer in {1, 2, ..., D}.
Selection: The selection mechanism in basic DE ensures the survival of

elite individuals to the next iteration, as formulated in Eq. (5).

xg+1
i,j =

{
ug
i,j , if f(ug

i,j) ≤ f(xg
i,j)

xg
i,j , otherwise

(5)
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The one-to-one greedy selection mechanism in DE can survive the elites
while maintaining the population diversity. In summary, the pseudocode of the
basic DE is presented in Algorithm 1.

Algorithm 1 Basic DE

Require: Population size: N , Dimension: D, Maximum iteration: G
Ensure: Optimum: xg

best

1: X ← initial(N,D) # Population initialization
2: g = 0
3: xg

best ← best(X)
4: while g < G do
5: for i = 0 to N do
6: Construct the mutated vector using Eq. (3)
7: Crossover using Eq. (4)
8: Selection using Eq. (5)
9: end for

10: g ← g + 1
11: xg

best ← best(X)
12: end while
13: return xg

best

2.2 Single-Objective Human-Powered Aircraft Design

Similar to a bicycle, the human-powered aircraft (HPA) achieves propulsion
through the pilot pedaling to rotate a propeller. These aircraft typically boast
a wingspan ranging from 20 to 35 meters, comparable to that of conventional
passenger aircraft, yet their mass is relatively light, ranging from 25 to 35
kilograms. The wings of the HPA are commonly constructed from foam and
balsa wood, covered with heat-shrinkable film, and supported by frameworks
made of carbon fiber-reinforced plastic (CFRP) pipes.

A set of variables defines the main wing shape, which divides the right wing
into n segments, delineated by (n+1) cross-sections. Fig. 1 shows an instance
when n = 4. These real-coded variables contain:

• ai: the airfoil selection.
• bi: the segment length.
• ci: the chord length.
• αi: the angle of attack.
• di: the diameter of the CFRP pipe forming the main spar.
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Fig. 1 Variables in defining the main wing shape.

Eq. (6) defines the optimization problems in the HPA benchmark.

HPA101 :f(x) = D(x)

HPA102 :f(x) = P (x) = D(x)V (x)/η

HPA103 :f(x) = −V (x)

HPA131 :f(x) = D(x)

g1(x) = nmnsϵmax(x)/ϵu − 1

g2(x) = B(sin γ(x)− sin γu)/2

g3(x) = −δpark(x)
HPA142 :f(x) = P (x) = D(x)V (x)/η

g1(x) = nmnsϵmax(x)/ϵu − 1

g2(x) = 1− (V (x)/Vmin)
3

HPA143 :f(x) = −V (x)

g1(x) = nmnsϵmax(x)/ϵu − 1

g2(x) = B(sin γ(x)− sin γu)/2

g3(x) = −δpark(x)
g4(x) = P (x)− Pmax

(6)

The tasks of HPA101, HPA102, and HPA103 are the unconstrained ver-
sions of HPA131, HPA142, and HPA143. In this context, the functions P (·),
D(·), V (·), E(·), and B(·) represent the required power, drag, cruise speed,
wing efficiency, and wing span, respectively. The decision variables δ and δpark
indicate the wingtip displacement (positive upwards) during flight and parked
conditions, respectively, relative to the height of the wing root. ϵmax denotes
the maximum strain in CFRP pipes under both parked and flight conditions,
while γ represents the dihedral angle at the wingtip during the flight condition.
Moreover, the constants in the mathematical model definition are summarized
as follows:

• η = 0.85× 0.95: the product of propeller and drive-train efficiency.
• nm = 1.5, ns = 2, and ϵu = 0.0027: the load factor, the safety factor, and
the reference strain.
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• γu = 8: the maximum dihedral angle.
• Pmax = 400: the maximum required power.
• Vmin = 7.3: the minimum cruise speed.

Additionally, the HPA benchmark provided in https://github.com/
Nobuo-Namura/hpa contains different difficulty levels, and interested readers
can refer to [15] for more details about the HPA benchmark.

3 Competitive Differential Evolution with
Knowledge Inheritance (CDEKI)

This section provides a detailed introduction to the proposed CDEKI. Drawing
inspiration from the simple yet effective architecture of DE, the main flowchart
of CDEKI is depicted in Fig. 2. In the following sections, we introduce our
proposed competitive mutation strategy, the hybrid local search operations,
and a repair mechanism enhanced by knowledge inheritance.

Start

Population and 

parameters initialization 

Competitive mutation operation

Hybrid local search operation

Repair operation with 

Knowledge Inheritance

End

Termination

Yes

No

One-to-one greedy Selection

Fig. 2 The flowchart of CDEKI.

https://github.com/Nobuo-Namura/hpa
https://github.com/Nobuo-Namura/hpa
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3.1 Competitive mutation strategy

We introduce the competitive mechanism to the mutation scheme and propose
a novel DE/winner-to-best/1 operation, as formulated in Eq. (7).

vg
i =

{
xg
r1 + F1 · (xg

best − xg
r1) + F2 · (xg

r2 − xg
r3), if f(xg

r1) ≤ f(xg
i )

xg
i + F1 · (xg

best − xg
i ) + F2 · (xg

r2 − xg
r3), otherwise

(7)

where F1 and F2 are two random values following a normal distribution
N(0.5, 0.3) as recommended in [18]. Simply, the proposed DE/winner-to-best/1
strategy randomly selects a competitor individual xg

r1. If it has a better fitness
value, it will replace the current individual xg

i and act as the base vector to
construct the mutated vector vg

i using the DE/rand-to-best/1 scheme; other-
wise, the current individual xg

i will survive and the DE/cur-to-best/1 mutation
scheme is activated to construct the mutated vector vg

i .
The structure of the proposed DE/winner-to-best/1 strategy resembles a

fusion of the DE/cur-to-best/1 and DE/rand-to-best/1 strategies. However,
incorporating a competitive mechanism enables the automatic selection of the
most suitable mutation strategy, ensuring the utilization of superior knowl-
edge to construct the mutated vector. Furthermore, CDEKI can benefit from
the proposed DE/winner-to-best/1 mutation strategy from (i). Strengthened
convergence: By leveraging a superior base vector, the optimization process
experiences rapid convergence and contributes to accelerating the approach
to optimal solutions. (ii). The prevention of premature optimization: The
inclusion of the random differential vector F2 · (xg

r2 − xg
r3) serves to mitigate

premature optimization and promote the exploration of diverse search spaces.
(iii). Versatile scaling factor: The utilization of a simple yet effective random
generator-based scaling factor Fi facilitates the generation of differential vec-
tors with varying scales, thereby enhancing the adaptability and robustness of
the mutation strategy.

3.2 Hybrid local search operation

The crossover operation aims to strike a balance between exploration and
exploitation. Therefore, we substitute the conventional binomial crossover in
DE with the hybrid local search operation, as defined in Eq. (8).

ug
i,j =

{
vg
i,j + r · δj , if rand() ≤ Cr

xg
best,j + r · δj , otherwise

(8)

Here, Cr denotes the crossover rate, which follows a normal distribution
N(0.5, 0.3). δ is the differential vector constructed by the current ith individual
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xg
i and selected competitor individual xg

r1 using Eq. (9).

δ =

{
xg
i − xg

r1, if f(xg
i ) ≤ f(xg

r1)

xg
r1 − xg

i , otherwise
(9)

δ denotes the differential vector that starts from the worse solution to the bet-
ter one. If we ignore the component of r · δj in Eq. (8), this structure follows
the binomial crossover between the mutated vector vg

best,j and the current best

individual vg
i,j . Considering that frequent knowledge inheritance from the cur-

rent best individual vg
best,j may inadvertently guide the optimization towards

local optima and cause premature convergence. To augment the optimization,
we introduce a positive differential vector to construct the offspring individ-
ual, which corresponds to the perturbation within the local search operation.
This innovative hybrid local search operation not only maintains population
diversity throughout the optimization process but also significantly expedites
convergence. By iteratively integrating the superior knowledge derived from
elite individuals into the construction of offspring individuals, this method
displays considerable potential in improving the performance of our proposed
CDEKI.

3.3 Repair operation with knowledge inheritance

Most EAs adopt the repair operations described in Eqs. (10) and (11) when
the value of the specific dimension is outside the search domain.

Random re-initialization :if xg
i,j > ubj or xg

i,j < lbj

then xg
i,j = r · (ubj − lbj) + lbj

(10)

Clipping :if xg
i,j > ubj then xg

i,j = ubj

if xg
i,j < lbj then xg

i,j = lbj
(11)

While knowledge-free techniques in optimization algorithms can be efficient,
they often risk compromising the superior genetic information present in the
original solutions. Recognizing this challenge, we introduce an effective repair
operation with knowledge inheritance. In this operation, when a certain gene
exceeds the predefined search domain, there is a probability of inheriting the
superior gene from the current best solution xg

best. This ensures that valu-
able genetic information is preserved and utilized optimally. For a detailed
implementation, Algorithm 2 outlines the pseudocode of our proposed repair
operation.

In summary, the pseudocode of the proposed CDEKI is presented in
Algorithm 3.
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Algorithm 2 Repair operation with Knowledge Inheritance

Require: Individual xg
i , Dimension: D, Lower and upper bound: lb and ub,

Current best individual: xg
best

Ensure: Repaired individual xg
i

1: for j = 0 to D do
2: if xg

i,j > ubj or xg
i,j < lbj then

3: if rand() < 0.5 then
4: xg

i,j = r · (ubj − lbj) + lbj # Eq. (10)
5: else
6: xg

i,j = xg
best,j # Knowledge inheritance

7: end if
8: end if
9: end for

10: return xg
i

Algorithm 3 CDEKI

Require: Population size: N , Dimension: D, Maximum iteration: G
Ensure: Optimum: xg

best

1: Initialize the population X randomly
2: g ← 0
3: xg

best ← best(X)
4: while g < G do
5: for i = 0 to N do
6: Select a random competitor xg

r1

7: Construct the mutated vector vg
i using Eq. (7)

8: Construct the offspring individual ug
i using Eq. (8)

9: Repair the offspring individual ug
i using Algorithm (2)

10: Greedy selection using Eq. (5)
11: end for
12: xg

best ← best(X)
13: g ← g + 1
14: end while
15: return xg

best

4 Numerical experiments

To evaluate the performance of our proposed CDEKI, we conduct comprehen-
sive numerical experiments across a range of benchmark functions and apply
CDEKI to solve real-world HPA design problems. In the following sections, we
provide detailed insights into the experimental setup and outcomes. Section
4.1 outlines the experimental settings, including details on the experimental
environments and implementation, the benchmark functions, and competitor
algorithms and parameters. Section 4.2 presents the experimental results and
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statistical analyses, demonstrating the competitive efficacy of our proposed
CDEKI.

4.1 Experimental settings

4.1.1 Experimental environments and implementation

We conducted numerical experiments using Python 3.11 on a Lenovo Legion
R9000P laptop running Windows 11. The laptop features an AMD Ryzen 7
5800H processor with Radeon Graphics, operating at a clock speed of 3.20
GHz, and is equipped with 16GB of RAM. Providing this detailed information
about the experimental setup and implementation ensures the reproducibility
of our research

4.1.2 Benchmark functions

We adopted two well-known benchmarks and one real-world HPA suite to
investigate the performance of CDEKI comprehensively, which are summarized
as follows:

• 30-D and 50-D CEC2020 benchmark functions [19].
• HPA suite with variable level in {3, 4, 5} and difficulty level in {0, 1}.

4.1.3 Competitor algorithms and parameters

To comprehensively and fairly investigate the performance of our proposed
CDEKI, we carefully select four categories of EAs as competitor algorithms,
which are listed as follows:

• Classic EAs: genetic algorithm (GA) [20], particle swarm optimization
(PSO) [21], DE [1], and covariance matrix adaptation evolution strategy
(CMA-ES) [22].

• Well-known EAs: grey wolf optimizer (GWO) [23], whale optimization
algorithm (WOA) [24], golden jackal optimization (GJO) [25], and RIME
algorithm [26].

• Advanced variants of DE: SHADE [27], iL-SHADE [28], Hip-DE [29], and
gene-targeting DE (GTDE) [30].

• Advanced variants of PSO: chaotic PSO (CPSO) [31], comprehensive learn-
ing PSO (CLPSO) [32], CLPSO with local search (CLPSO-LS) [33], and
phasor PSO (PPSO) [34].

Additionally, the specific parameter settings of competitor algorithms are
summarized in Table 1. All competitor algorithms adhere to the recommended
parameter settings outlined in their respective papers. For CEC2020 bench-
mark functions, except for iL-SHADE, both the competitor algorithms and
CDEKI maintain a consistent population size of 100, while the maximum fit-
ness evaluations (FEs) for all algorithms are fixed at 1000 × D. In the HPA
design problems, the population size and maximum FEs for all optimizers
are standardized at 20 and 1000, as specified in [15]. To ensure robustness,
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Table 1 The parameters of competitor algorithms.

EAs Parameters Value

CDEKI
µF and σF 0.5 and 0.3
µCr and σCr 0.5 and 0.3

GA
crossover probability pc 0.9
mutation probability pm 0.01

selection tournament

PSO
inertia factor w 1

coefficients c1 and c2 2.05
max. and min. speed 2 and -2

DE
mutation strategy DE/cur-to-rand/1/bin
scaling factor F 0.8
crossover rate Cr 0.9

CMA-ES σ 1.3

GWO parameter-free

WOA constant b 1

GJO parameter-free

RIME parameter w 5

CPSO
inertia factor w 0.5+rand()/2

coefficients c1 and c2 2

CLPSO
local coefficient clocal 1.2
max. and min. weight 0.9 and 0.4

CLPSO-LS
local coefficient clocal 1.2
max. and min. weight 0.9 and 0.4
local search scheme BFGS method

PPSO Parameter-free

SHADE
mutation strategy DE/cur-to-pbest/1/bin

µF and µCr 0.5 and 0.5

iL-SHADE
initial population size 12 × D
mutation strategy DE/cur-to-pbest/1/bin

µF and µCr 0.5 and 0.8

Hip-DE
µF and σF 0.6 and 0.1
µCr and σCr 0.8 and 0.1

Fbest and Crbest 0.5 and 0.9

GTDE
µF and σF 0.7 and 0.5
µCr and σCr 0.5 and 0.5

each optimization task is independently executed 30 times in CEC2020 bench-
mark functions and 20 times in HPA design tasks to mitigate the impact of
randomness.

4.2 Experimental results and statistical analyses

This section presents the experimental results and statistical analyses. We
commence by showcasing the outcomes of comparison experiments conducted
on both the CEC2020 benchmark functions, as well as HPA design tasks.
To determine the significance between our proposed CDEKI and other com-
petitor algorithms, we employ the Mann–Whitney U test for each pair of
algorithms. Subsequently, the Holm multiple comparison test is applied to cor-
rect the p-values derived from the Mann–Whitney U test. The symbols +, ≈,
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and − indicate that CDEKI performs significantly better, shows no significant
difference, or performs significantly worse compared to the compared algo-
rithm, respectively. Additionally, the average rank metric is computed, with
the best-performing fitness value denoted in bold.

Performance on CEC2020 benchmark functions: Tables 2 and 3
present the experimental results and statistical analyses on CEC2020 bench-
mark functions, while the convergence curves of representative functions on
CEC2020 are shown in Fig. 3.

Fig. 3 Convergence curves of competitor algorithms in CEC2020 representative functions
(i.e., f1: Unimodal function; f2: Multimodal function; f6 and f7: Hybrid functions; f8 and
f10: Composite functions).

Ablation experiments on CEC2020: To quantitatively investigate the
proposed DE/winner-to-best/1 mutation operation, hybrid local search oper-
ation, and repair operation with knowledge inheritance independently, the
simple DE is employed as the basic optimizer, and each proposed strategy is
integrated with simple DE to construct a new variant. The variants are listed
as follows:

• CDE: simple DE + DE/winner-to-best/1 mutation operation.
• HDE: simple DE + hybrid local search operation.
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16 Competitive Differential Evolution with Knowledge Inheritance

• DEKI: simple DE + repair operation with knowledge inheritance.
• CDEKI: our complete proposal.

The simple DE adopts the DE/rand/1/bin strategy, while the scaling factor F
and crossover rate Cr are fixed at 0.8 and 0.8, respectively. Table 4 summarizes
the results of ablation experiments on 30-D CEC2020 benchmark functions.

Table 4 Ablation experiments on 30-D CEC2020 benchmark functions.

Func
DE CDE HDE DEKI CDEKI

mean std mean std mean std mean std mean std

f1 1.517e+10 2.101e+09 4.295e+03 − 3.927e+03 5.710e+09 − 1.341e+09 9.939e+09 − 1.090e+09 2.629e+03 − 3.214e+03

f2 1.536e+12 2.278e+11 6.697e+05 − 6.622e+05 5.026e+11 − 1.365e+11 1.097e+12 − 1.574e+11 5.838e+05 − 6.163e+05

f3 5.819e+11 8.297e+10 1.489e+05 − 2.211e+05 1.715e+11 − 4.425e+10 4.084e+11 − 5.079e+10 2.806e+05 − 2.966e+05

f4 7.402e+03 1.718e+03 1.921e+03 − 6.039e+00 2.156e+03 − 1.529e+02 4.887e+03 − 1.396e+03 1.917e+03 − 1.786e+00

f5 1.398e+07 4.647e+06 1.224e+05 − 5.537e+04 4.912e+06 − 2.177e+06 1.132e+07 − 4.163e+06 1.839e+05 − 8.722e+04

f6 1.477e+05 7.582e+04 4.418e+03 − 4.758e+03 4.217e+04 − 1.670e+04 4.231e+05 + 2.035e+05 4.138e+03 − 3.721e+03

f7 2.578e+07 9.071e+06 8.103e+04 − 4.825e+04 6.258e+06 − 2.696e+06 2.566e+07 ≈ 6.468e+06 2.126e+05 − 1.277e+05

f8 2.505e+03 1.057e+01 2.407e+03 − 1.415e+01 2.460e+03 − 1.228e+01 2.524e+03 + 1.125e+01 2.376e+03 − 9.237e+00

f9 9.635e+03 2.713e+02 2.622e+03 − 8.173e+01 7.284e+03 − 4.857e+02 9.572e+03 ≈ 6.059e+02 2.643e+03 − 1.107e+02

f10 3.654e+03 1.051e+02 2.938e+03 − 2.466e+01 3.152e+03 − 4.990e+01 3.588e+03 − 1.209e+02 2.922e+03 − 1.809e+00

+/≈/− - 0/0/10 0/0/10 2/2/6 0/0/10

Ave. rank 4.8 1.6 3.0 4.2 1.4

Performance on HPA design tasks: Considering that HPA131,
HPA142, and HPA143 in HPA design tasks contain constraints. In this situa-
tion, the conventional EA approaches including the proposed CDEKI cannot
solve the constrained optimization problems directly. Therefore, to investi-
gate the performance of CDEKI fairly, we equip all optimizers with the static
penalty function, as expressed in Eq. (12).

F (Ri) = f(Ri) + w ·
m∑
i=1

(max(0, gi(Ri))) (12)

where F (·) is the fitness function, f(·) is the objective function, and gi(·) is the
constraint function. w is a penalty coefficient set to 10e7 recommended in [35].

Tables 5 and 6 summarize the experimental results and statistical analy-
ses on unconstrained and constrained HPA design tasks, respectively. Fig. 4
presents the corresponding convergence curves on representative tasks.

5 Discussion

This section begins by providing the theoretical computational complexity
analysis of our proposed CDEKI. Subsequently, we analyze the performance of
CDEKI on CEC2020 benchmark functions including the ablation experiments.
Finally, we analyze the practical performance of CDEKI on diverse HPA design
tasks.
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Fig. 4 Convergence curves of competitor algorithms on representative HPA design tasks.

5.1 Computational complexity analysis

Through the pseudocode of CDEKI presented in Algorithm 2, we analyze the
computational complexity of CDEKI within one loop (i.e. from Algorithm 2
Line 5 to 13) initially. Supposing the population size is N , the dimension size
is D, and the maximum iteration is T , the computational complexity of each
component is summarized as follows:

• Select a random competitor xg
r1: O(1).

• Construct the mutated vector vg
i using Eq. (7): O(D).

• Construct the offspring individual ug
i using Eq. (8): O(2D).

• Repair the offspring individual ug
i using Algorithm (2): O(D).

• Greedy selection using Eq. (5): O(D).

Therefore, the computational complexity of the main loop is O · (N · T ·
(4D + 1)). Additionally, the population initialization has a complexity of O ·
(N · T ·D). In summary, the complete computational complexity of CDEKI is
O · (N · T · (4D + 2)) := O(N · T ·D), which is consistent with most EAs.
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5.2 Performance analysis on CEC2020 benchmark
functions

Since the CEC2022 benchmark suite contains test functions with various char-
acteristics such as unimodal, multimodal, hybrid, and composite, thus the
optimization in these test functions can fully reflect the performance of opti-
mizers and support us in investigating the features of involved algorithms
thoroughly.

Initially, CEC2020 f1 is an unimodal function, and the optimization in this
function allows the performance evaluation in the aspect of the exploitative
capacity. The superiority of CDEKI is apparent in CEC2020 f1 compared with
state-of-the-art optimizers, and this superiority is not affected as the dimension
of the problem increases. Therefore, we conclude that CDEKI has a remarkable
exploitation ability and robust performance across various problem domains.

Subsequently, f2 to f4 in CEC2020 are unimodal functions. These func-
tions contain more than one local optima and evaluate the performance of
optimizers in escaping from local optima and global convergence. Through
the experimental results and statistical analyses summarized in Section 4.2,
the competitiveness of our proposed CDEKI is observable. As state-of-the-art
optimizers and advanced variants, RIME, SHADE, and iL-SHADE perform
significantly better than CDEKI in some instances, the excellent performance
of CDEKI cannot be neglected. Overall, CDEKI has the best performance,
as evaluated by the average rank in CEC2020 across all tested dimensions,
and the capacities to escape from local optima and global convergence are
experimentally verified through the results.

Finally, the rest of the functions are hybrid and composite. These func-
tions have complex fitness landscapes and multiple optima, which challenges
the abilities of optimizers in balancing exploitation and exploration, avoiding
premature convergence, and achieving global optimization. Upon review of the
result summary, it becomes evident that CDEKI consistently demonstrates
superior performance across many test functions within this category, thereby
highlighting its efficacy in complex optimization environments.

5.3 Performance analysis on ablation experiments

Table 4 summarizes the results of ablation experiments. From these find-
ings, it becomes apparent that introducing three proposed strategies (i.e.,
the DE/winner-to-best/1 mutation operation, hybrid local search operation,
and repair operation with knowledge inheritance) effectively enhances the
performance of DE while simultaneously expediting optimization convergence.

While it is worth noting that the proposed repair operation with knowledge
inheritance may exhibit inefficiencies and occasional convergence stagnation
in specific instances, the overall performance of DEKI surpasses that of
standard DE as evaluated by the average rank metric. Furthermore, the
introduction of the competitive mechanism and the innovative design of
the DE/winner-to-best/1 mutation operation significantly contribute to the
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enhanced performance of DE, thus underscoring the success of our proposed
CDEKI.

Through the complete ablation experiment, each of the three pro-
posed strategies independently accelerates optimization. However, for optimal
improvements, we recommend the combined utilization of these strategies, as
they collectively yield superior enhancements in performance.

5.4 Performance analysis on HPA design tasks

The HPA design stands as a formidable real-world optimization challenge,
demanding sophisticated solutions from EAs to address the complexities inher-
ent in real-world scenarios. This study introduces CDEKI as a novel approach
tailored to tackle HPA design tasks effectively. Remarkably, our proposed
CDEKI outperforms all other methods across all HPA design instances, show-
casing its unparalleled performance in this domain. This success can be
attributed to several key factors: the innovative integration of a competitive
mechanism, meticulously designed search operators, and strategic incorpora-
tion of the knowledge inheritance scheme. These elements collectively empower
CDEKI to solve HPA design tasks with outstanding efficiency and effectiveness.

In summary, our proposed CDEKI emerges as a high-caliber optimizer,
demonstrating exceptional capabilities in addressing real-world challenges.
With its robust performance and versatile design, CDEKI holds immense
promise for tackling a wide range of real-world optimization tasks.

6 Conclusion

This paper introduces a straightforward yet highly effective optimization tech-
nique derived from DE as CDEKI. CDEKI introduces novel features such as
the DE/winner-to-best/1 mutation operation, hybrid local search operation,
and repair operation with knowledge inheritance. We conduct a comprehen-
sive performance evaluation of CDEKI on the CEC2020 benchmark functions
across various dimensions. The experimental results and statistical analyses
confirm the efficiency and effectiveness of our proposed CDEKI when compared
to state-of-the-art EAs. Additionally, the ablation experiments on CEC2020
confirm that each of the three proposed operations contributes to improv-
ing the performance and accelerating optimization convergence. Furthermore,
we extend the application of CDEKI to address a real-world challenge: HPA
design. The results demonstrate the practical efficiency of CDEKI across all
optimization instances in this domain.

In conclusion, our proposed CDEKI exhibits significant potential as a pow-
erful optimizer in real-world scenarios. In future research, we plan to further
develop CDEKI and leverage its capabilities to address complex tasks across
various application domains.
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