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Differential Evolution (DE) is an effective meta-heuristic algorithm for numerical optimization. However,
it suffers from persistent limitations such as sensitivity to parameter settings and premature convergence
tendencies. This paper presents a novel Local and Global Parameter Adaptation (LGP) mechanism to mitigate
these deficiencies through two key innovations. First, we develop a dual historical memory strategy that
dynamically classifies successful control parameters into local or global historical record based on the Euclidean
distance between parent-offspring vector pairs, the local and global historical memory are updated accordingly
at each generation. Second, we introduce a parameter adaptation strategy that adaptively selects elements
from appropriate historical memory for the generation of new control parameters to maintain exploitation-
exploration balance. Extensive experimental validation demonstrates LGP’s effectiveness. When integrated with
four DE variants, LGP consistently improves their performance, and the LGP-enhanced algorithm demonstrates
remarkable performance compared with seven State-of-the-Art DE algorithms. Results confirm that LGP

improves solution accuracy and prevents premature convergence simultaneously.

1. Introduction

Evolutionary algorithms (EAs) have emerged as powerful optimiza-
tion tools for complex global optimization problems [1], particularly for
problems with large-scale dimensionality, multi-modal solution land-
scapes and highly nonlinear objective functions [2]. Among various
EAs, differential evolution (DE) [3], introduced by Storn and Price, has
gained prominence due to its conceptual simplicity, robust performance
and remarkable convergence characteristics [4-6], and has been widely
applied in various domains, including chemical engineering, artificial
intelligence, neural networks and image processing [7-10].

The canonical DE operates through three fundamental operations:
mutation, crossover and selection. Among these components, the mu-
tation strategy and control parameters (particularly the scaling factor
F and crossover rate CR) predominantly determine the algorithm’s
search behavior. Although DE has demonstrated remarkable success
across various applications, its conventional implementation suffers
from a well-documented limitation: the algorithm’s performance ex-
hibits strong dependence on parameter configuration. These critical
parameters demonstrate problem-dependent variability and evolution-
ary stage-specific dynamics, thus necessitating effective adaptation
schemes. This stands in contrast to traditional DE where parame-
ters remain fixed throughout evolution or adjusted through heuristic
rules [4].

* Corresponding authors.

In response to this challenge, researchers have increasingly fo-
cused on developing advanced parameter control methods [11], leading
to substantial improvements in DE’s optimization performance. This
research thrust has yielded numerous advanced DE variants. One ap-
proach involves the random combination of multiple parameter settings
to improve the algorithm’s robustness and global search capability,
as exemplified by CoDE (Composite DE) [12] and EPSDE (Ensemble
of Mutation Strategies and Parameters in DE) [13]. Another strat-
egy employs multi-modal distribution or multi-stage parameter tun-
ing to dynamically regulate parameters within an appropriate range,
such as CoBiDE (DE based on Covariance Matrix Learning and Bi-
modal Distribution Parameter Setting) [14] and DE-NPS (DE with
a Novel Perturbation Strategy) [15]. Adaptive parameter adjustment
mechanisms, which typically leverage historical evolutionary infor-
mation to enhance adaptability, have also gained prominence. No-
table examples include SaDE (Self-adaptive DE) [16], JADE (Adaptive
DE) [17], SHADE (Success-history based Adaptive DE) [18], and DISH
(Distance based Parameter Adaptation for SHADE) [19], along with
other advanced techniques [20-22]. Several State-of-the-Art DE vari-
ants have achieved outstanding performance in the IEEE Congress on
Evolutionary Computation (CEC) competitions, including jSO (Single-
objective Optimization Algorithm) [23], LSHADE-cnEpSin (Ensemble
Sinusoidal Differential Covariance Matrix Adaptation with Euclidean

E-mail addresses: zhangsx@jnu.edu.cn (S.X. Zhang), Imzheng@jnu.edu.cn (L.M. Zheng).

https://doi.org/10.1016/j.swevo.2025.102125

Received 19 May 2025; Received in revised form 3 August 2025; Accepted 8 August 2025

Available online 28 August 2025

2210-6502/© 2025 Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://www.elsevier.com/locate/swevo
https://www.elsevier.com/locate/swevo
https://orcid.org/0000-0003-1719-0341
mailto:zhangsx@jnu.edu.cn
mailto:lmzheng@jnu.edu.cn
https://doi.org/10.1016/j.swevo.2025.102125
https://doi.org/10.1016/j.swevo.2025.102125

X.L. Jin et al.

Neighborhood for LSHADE (SHADE using Linear Population Size Re-
duction)) [24], and L-SRTDE (Success Rate-based Adaptive DE) [25]. In
addition, the rapid advancement of machine learning has opened new
avenues for the design and application of meta-heuristic algorithms.
Driven by this trend, many research has adopted reinforcement learn-
ing techniques to achieve parameter adaptation, providing innovative
solutions for DE [26-28].

While the above mentioned DE variants have made significant
strides in enhancing optimization performance, critical limitations still
persist. First, suboptimal parameter configuration often disrupts the
crucial balance between exploitation and exploration [29], particularly
in complex optimization problems. Second, as problem dimensionality
increases and solution landscapes become more complex, some DE
variants frequently exhibit insufficient capability to escape local optima
and premature convergence tendencies [6]. These observed limitations
motivate our development of a novel parameter adaptation mechanism
specifically designed to maintain exploitation-exploration equilibrium
throughout the evolutionary process. In response, this paper proposes
a Local and Global Parameter Adaptation (LGP) mechanism with three
key contributions:

(a) A dual historical memory strategy is proposed. Successful param-
eters F and CR are stored in local or global historical record
based on the Euclidean distance between parent vector and
offspring vector. In each generation, the weighted Lehmer mean
of local and global historical record are stored in local and
global historical memory respectively, which stores successful
exploitation and exploration historical information.

(b) A parameter adaptation strategy is proposed to select elements

from local or global historical memory adaptively for the gener-

ation of new F and CR, further improving the balance between
local exploitation and global exploration capabilities.

The efficacy of the LGP mechanism is evaluated through compre-

hensive experimental studies. First, we assess the generalizabil-

ity of LGP by integrating it with four DE variants and conducting
comparative studies against their baseline counterparts. Second,
we develop an enhanced algorithm that incorporates LGP, and
performing extensive comparisons with seven State-of-the-Art

DE algorithms. The experimental results consistently demon-

strate that our LGP mechanism exhibits remarkable optimization

capability.

(c

—

The remainder of this paper is organized as follows: Section 2
reviews the basic process of DE and some related works. Section 3
introduces the details of the proposed LGP mechanism. In Section 4, the
experimental results and analysis of the LGP mechanism are presented.
Finally, Section 5 concludes this paper.

2. Background

This section is divided into two main parts: First, we present a
step-by-step explanation of the classical DE algorithm’s operational
procedures, including initialization, mutation, crossover and selection;
Second, a review of adaptive parameter control method for DE is
performed.

2.1. Differential evolution

Differential evolution (DE) iteratively searches for the optimal so-
lution through initialization and repeated application of three genetic
operations: mutation, crossover and selection, until the termination
criterion is met.
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2.1.1. Initialization

The initial population P at generation G = 0 consists of NP D-
dimensional individuals randomly sampled in the searching space. The
lower and upper bounds of each dimension are defined as:

Xnin = {xl,min’x2,min’ ’xD,min} (1)

Xmax = {xl,max’ x2,max’ tees xD,max} (2)

The j-th (j € 1, 2, ..., D) dimension of the i-th (i € 1, 2, ..., NP)
individual, also called target vector, is generated as follows:

Xji0 = Xjmin +rand; ;[0, 1] (X} max = X min) 3)

where rand, [0, 1] is a uniformly distributed random number within [0,
1].

2.1.2. Mutation
Mutation is performed by perturbing a base vector through the
addition of one or more differential vectors, thereby generating a
mutant vector. Some widely used mutation strategies are as follows:
DE/rand/1:

Vic =X, 6T F - (szA,G - Xr3,G) 4
DE/rand/2:

Vig =%, 6+t F &, 6-X,6)+F X, 6-%X,¢) (5)
DE/best/1:

Vi6 = Xpestc T F - (X 6 =X, 6) Q)

DE/current-to-best/1:

Vi =Xt F Ky =X 6)+ F- (X, 6 —X,,6) )
DE/current-to-pbest/1 (with archive):

Vig =%Xig+F Kppeyrg —Xi6)+ F - %, 6 =%, 6) (8)

Here, the indices r, r,, r3, r, and rs are mutually different integers
that randomly chosen from {1,2,..., NP} and distinct from the index
iy Xpesr,g aNd X, ¢ Tepresent the best individual and one of the top
100p% (p € (0, 1]) fittest individuals in the G-th generation respectively,
and X,, ; is randomly chosen from the union of the current population
and the archive. F is a scaling factor constrained to the interval (0, 1].

2.1.3. Crossover

The target vector x; ; (parent) and the mutant vector v; ; undergo
recombination of dimensions to produce the trial vector u, ;; (offspring).
The classical DE algorithm provides two crossover strategies: expo-
nential crossover and binomial crossover, with the latter being more
prevalent in practice. The binomial crossover operation is defined as
follows:
- {v/.’,._yG, if rand;; (0,1) < CR OF j = jeang ©

X; ;G- Otherwise.

where rand, ;(0, 1) is a uniformly distributed random number within (0,
1), j.anq is an integer randomly selected from {1,2,..., D} to ensure that
at least one variable inherits from the mutant vector. CR is a crossover
rate within [0, 1].

2.1.4. Selection

The selection operation determines the next generation by retaining
the fitter one between the trial vector u; ; and the target vector x; s, as
expressed in the following equation:

~ {ui,G’ if f(u;6) < f(x;6)
XiG+1 =

. (10)
X;g. Otherwise.

where f(-) denotes the fitness function that is to be minimized.
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2.2. Parameter adaptation for DE

It is well-established that the effectiveness of DE is critically de-
pendent on its control parameters (scaling factor F and crossover rate
CR). F controls the magnitude of differential vector’s perturbation to
the base vector during mutation. When F assumes smaller values, it
promotes localized refinement of solutions, though this may result in
premature convergence to suboptimal solutions. Conversely, larger F
values enhance the algorithm’s ability to escape local optima and tra-
verse the search space, albeit at the potential cost of search stability and
convergence precision. Regarding CR, this parameter determines the
expected proportion of components inherited from the mutant vector.
Lower CR values preserve more parental characteristics, favoring in-
tensive local search (exploitation), whereas higher CR values increase
genetic diversity in offspring, thereby expanding the exploration of
novel regions in the search space.

The conventional parameter control method in DE relies on fixed
values determined by trial-and-error experimentation, maintaining un-
changed throughout the optimization process [3]. While this method
offers implementation simplicity, its effectiveness is heavily dependent
on the chosen parameter values, lacking adaptability across different
problem domains [30], and the requirement for extensive preliminary
parameter tuning imposes significant computational overhead.

In contrast to the fixed parameter approach, deterministic param-
eter control method enables parameters change dynamically governed
by predefined rules during algorithm execution, effectively mitigating
premature convergence issues associated with fixed parameter con-
figurations. Draa et al. [31] developed an enhanced DE variant that
employs novel sinusoidal formulas to dynamically adjust the values of
F and CR. This approach effectively maintains a good balance between
exploitation and exploration.

However, the deterministic parameter approach exhibits fundamen-
tal limitations due to its undirected nature, where arbitrarily gener-
ated parameters often prove inadequate for addressing distinct search
requirements across different optimization problems. These inherent
limitations have led to the development of more sophisticated adaptive
parameter control method, enabling parameters to be adjusted dynam-
ically based on the search feedback during the evolutionary process.
Over the past twenty years, substantial advancements have been made
in enhancing DE’s performance through the development of adaptive
parameter control method. These approaches can be classified into the
following categories.

2.2.1. Fitness-based adaptation

This category encompasses parameter adaptation methods guided
by fitness-based evaluations at either individual or population level.
Yu et al. [32] proposed a two-level adaptive parameter control scheme
that simultaneously optimizes parameters at both population and in-
dividual levels, enabling dynamic adjustment according to the overall
state of the population and the characteristics of individuals. Sarker
et al. [33] introduced a novel parameter selection mechanism that
dynamically identifies optimal combination of parameters (F, CR and
N P) by recording the success rate of each random parameter combina-
tion throughout different evolutionary stages for diverse optimization
problems. Tang et al. [34] proposed an individual-dependent param-
eter setting method where the parameters are dynamically assigned
to each individual based on the differences in their fitness values.
Gupta and Su [35] proposed a fitness-based adaptive parameter control
method by analyzing the evolutionary states of individuals involved
during the generation of trial vectors, effectively maintaining an ap-
propriate balance between population diversity and convergence speed.
Yu et al. [36] incorporated a fitness-independent parameter adapta-
tion mechanism into the framework of surrogate-assisted DE as an
efficient parameter adaptation method to search for optimum within
local regions. Ren et al. [37] proposed a fitness-based weighting strat-
egy by employing a novel method which utilizes fitness information
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to avoid premature convergence and stagnation. Adalja et al. [38]
developed a weighted average algorithm that computes weighted av-
erage based on top-performing candidates (defined by fitness values)
to guide population movement, aiming to improve solution quality.
Aljaidi et al. [39] proposed a multi-objective RIME algorithm that
incorporates a Hard-Rime puncture mechanism for exploitation, with
solution updates guided by normalized fitness-based selection probabil-
ities, which effectively guides the agents toward high-quality solutions.
Zhang et al. [40] designed a fully informed fuzzy logic system (FLS) to
improve DE’s performance in noisy environment, which dynamically
adjusts DE’s control parameters using normalized noisy fitness ranks
and diversity ranks as inputs, generating a superiority indicator to guide
adaptation.

2.2.2. Success-history-based adaptation

This category of adaptive methods maintain a historical record
of parameters that generate successful offspring vectors, subsequently
leveraging historical information to guide the generation of future
parameters. A typical example is the adaptive method proposed by
Zhang and Sanderson [17], where F;, and CR; for each individual x;
is independently generated via the following equations:

F; = randc;(up,0.1) an

CR; = randn;(pcg,0.1) 12)

where randc; (s, 0.1) and randn;(ucg,0.1) are the Cauchy and normal
distribution with mean values of u, and ucp and variances of 0.1,
respectively. up and ucy are updated at the end of each generation
as:

up =1 =c)- pp +c-mean;(Sg) 13)

per =1 —=c¢) - ucgp +c-mean,(Scg) 14)

where S and Scp are the set of all successful F; and CR; at the current
generation, respectively. ¢ is a constant belongs to [0, 1], mean 4(-) is the
arithmetic mean and mean; (-) is the Lehmer mean defined as:

ZFESF F?
ZFGSF F

Tanabe and Fukunaga [18] proposed an improved version of [17]
named success-history-based parameter adaptation, the mean values
used for the generation of new F and CR are randomly selected from
historical memory M and My (each with LP entries), respectively.
My and My are generated by the weighted Lehmer mean of Sy
(meany, ; (SF)) and weighted mean of Sy (meany, 4(Scr)) respectively.
Success-History based Adaptive DE (SHADE) [18,41,42] uses different
parameter adaptation mechanisms based on this success-history-based
parameter adaptation. Tanabe and Fukunaga [43] proposed L-SHADE
by integrating the Linear Population Size Reduction (LPSR) rule into
SHADE 1.1 [42], the latest version of SHADE which uses weighted
Lehmer mean instead of weighted mean for the generation of My,
won the competition in CEC2014. Subsequently, researchers developed
enhanced parameter adaptive mechanisms derived from SHADE 1.1.
Stanovov et al. [44] introduced a linear bias adjustment for F and
CR, enabling diverse methods for mean calculation. Chen et al. [45]
introduced a data fusion-based parameter adaptation technique for CR
to enhance the reliability of adaptation. In addition, Song et al. [15] de-
veloped a bi-stage parameter adaptation for F which employs a tripuls
function to dynamically regulate F within an appropriate range during
the initial evolutionary stage. Xu and Meng [22] proposed a multi-stage
parameter adaptation scheme incorporating a progressive weighting
strategy for historical memory updates. Specifically, F follows an im-
proved Mexican hat wavelet basis function, Laplace distribution and
Cauchy distribution in the first, second and third stage, respectively.

mean; (Sp) = (15)
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Concurrently, CR follows a Gaussian distribution that adjusted accord-
ing to different stages of evolution. Zhong et al. [46] introduced an
independent success history adaptation scheme based on the skeleton
of efficient optimizer Competitive DE (CDE) for F, aiming to accelerate
optimization. Khishe et al. [47] employed the hierarchical population-
based DE for parameter generation. Specifically, the ordinary layer
utilizes semi-fixed Cauchy and Gaussian distribution for F and CR
respectively, whereas the elite layer employs wavelet-based function
and Gaussian-based method for F and CR to enhance the algorithm’s
local exploitation capability, respectively. Aljaidi et al. [48] introduced
a fitness-independent parameter control approach to improve effective-
ness, which divides the population into K groups with F following a
semi-fixed Cauchy distribution, and dynamically updates the group’s
probabilities through a success-failure counting strategy.

2.2.3. Reinforcement learning-based adaptation

Beyond the aforementioned approaches, recent studies have ex-
plored reinforcement learning-based methods for parameter adapta-
tion. Huynh et al. [49] integrated the reinforcement learning Q-learning
model into DE as an adaptive parameter controller, which dynam-
ically adjusts the control parameters during execution by leverag-
ing historical optimization information from preceding iterations. Sun
et al. [27] modeled the parameter control problem as a finite-horizon
Markov decision process, and applied a reinforcement learning algo-
rithm named policy gradient to provide control parameters adaptively
during the search procedure. Tan et al. [50] implemented a rein-
forcement learning-based algorithm to select parameters adaptively
during evolution, effectively balancing population convergence with
diversity maintenance. Gradient-based parameter adaptation with line
search (GPALS) is a method for online parameter adaptation based
on dynamic performance estimation of the population [51], Tatsis
and Parsopoulos [28] proposed an enhanced version of [51], which
dynamically tunes the tuner’s parameters by using the reinforcement
learning paradigm. Alkhalidy et al. [52] proposed a hybrid DE al-
gorithm that dynamically adjusts parameters via reinforcement learn-
ing agent (combining Q-learning and policy gradient methods) using
real-time vehicular data, improving task distribution and decryption
efficiency. Wang et al. [53] proposed a DE framework that employs Q-
learning from reinforcement learning technique to dynamically adjust
control parameters and select mutation strategies, thereby enhancing
algorithmic adaptability and overall performance.

3. Proposed method
3.1. Motivation

As described above, the representative success-history-based param-
eter adaptation (SHA) uses the parameter adaptation strategy based
on the historical record of successful parameters, S and Scg, the
mean values of S and Sy at each generation are stored in historical
memory M and M, respectively. However, all successful parame-
ters F and CR are stored in historical record without distinguishing
between exploitation and exploration capabilities, leading to under-
utilization of local exploitation and global exploration information.
Moreover, the elements in historical memory are randomly selected for
the generation of new F and CR, without the capability to adaptively
choose appropriate elements according to search requirements.

In order to further improve the SHA’s optimization searching ability,
allowing the algorithm preserves effective exploitation and exploration
information during the evolutionary process, we propose Local and
Global Parameter Adaptation (LGP) mechanism in this paper, an im-
proved version of SHA which incorporates a dual historical memory
strategy and a parameter adaptation strategy. In the LGP mechanism,
successful parameters F and CR are stored either in local historical
record Sk, Sk, or global historical record S$, S&, based on the
Euclidean distance between parent vector and offspring vector. The
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mean values of S# and SéR at each generation are stored in local
historical memory M7 and M‘,, respectively; Similarly, the mean
values of SS and S¢, are stored in global historical memory Mg
and MgR, respectively. The generation of new F and CR utilizes this
information adaptively. This will further improve the balance between
local exploitation and global exploration capabilities.

In this section, we first elaborate on the generation of local and
global historical record and memory, which store successful exploita-
tion and exploration historical information in the dual historical mem-
ory strategy (Section 3.2). Subsequently, we detail the parameter adap-
tation strategy employed in the LGP mechanism in Section 3.3. The
complete LGP mechanism is then described in Section 3.4, followed by
an analysis of its novelty in Section 3.5.

3.2. Dual historical memory strategy

In each generation, the scaling factor F;; and the crossover rate
CR, ; for each individual x; are generated via the following equations:

F; g = randc;(Mp,.,0.1) (16)

CR; g =randn;(Mcg,,,0.1) a7)

where r; is an index randomly selected from 1 to the history length
H; randc;(M,,,0.1) and randn;(Mcg,,,0.1) are the Cauchy and normal
distribution with mean values of M, and Mcg, and variances of
0.1, respectively. My, and Mcpg,, are selected from local historical
memory M}, Mk, or global historical memory Mg, MS, adaptively.
In generation G, the k’-th element in local historical memory and the
k%-th element in global historical memory are updated as follows:

. meany, ; (SE) if SE#0 18)
FkLG+1 — ) pmL . otherwise.
FkL.G
. meany, ; (SE.) if SE, # 0
Mg G = ML otherwise (19
CRKL.G ’
meany,; (S9) if SG # ¢
Me, - {MG wi(S9) F 7 20
kG, S5 otherwise.
e 3 meany, ; (SS,) if S&, # 0 @n
CRAG.G+1 ~— ) MG otherwise.
CRKG.G

where Sﬁ and SéR are local historical record which stores successful
local control parameters F,; and CR, g, respectively; Similarly, the
successful global control parameters are stored in global historical
record S$ and S§,, with which the offspring u, is fitter than the
parent x; . kL and k% (kL. kS € [1, H)) are the indices for updating
the local and global historical memory, respectively. The weighted
Lehmer mean meany,; (S*) and meany,; (SY) are calculated as follows
(S* refers to either S& or S&.; S refers to either S or SgR):

ISEl Lo QLy2
ket Wi (S)

meany, ; (ST) = (22)
ISE L. oL
k=1 Wi Sk
1SS G . gGy2
1wy (S0
meany,; (SG) = Sk=L_k kT (23)
ISG1 G . §G
k=1 Yk " Pk
A
wh= — STk 24
* 156l
=1 A
A
kG = Gfk 25
IS¢l
I=1 fi

where the fitness improvement Af, = |f(u; ) — f(X;.c)l-

We utilize the Euclidean distance between parent vector x;, and
offspring vector u; ; to determine whether to store successful parame-
ters F;; and CR,; into local or global historical record. First, at each
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generation G, calculate the Euclidean distance between x; ; and u, ; for
i=1,2,..., NP by the following equation:

D

Z(ui,j,G - Xi,j_(;)2 (26)

j=1

d(ug,X; ) =

where D is the dimensionality of the target problem. Subsequently,
sort d(u; G, X; ) for i = 1,2,..., NP in ascending order and assign the
Euclidean distance ranking Rank; ; from 1 to N P. In order to eliminate
the effect of magnitude and make the features comparable, we finally
normalize the Euclidean distance ranking by dividing by the population
size N P:

dist; g = Rank; /NP 27)

Under the circumstances of u; fitter than x;;, we introduce a
distance threshold value ¢, € [0,1] for proximity determination. If
dist; g (dist; € [0,1]) less than or equal to t,, means there are po-
tentially superior solutions for regions closer to x; ; in the context of a
continuous landscape, then we should strengthen the local exploitation
capability to achieve a steady improvements for promising areas, F; s
and CR, ; with the ability to produce close u; ; will be stored in local
historical record Sﬁ and Sé o respectively. Otherwise, the regions away
from x;; have potentially superior solutions, the global exploration
capability should be strengthened to encourage exploration to new
searching areas, F; ; and CR, ; with the ability to generate distant u; ;
will be stored in global historical record S¢ and SS,, respectively.

3.3. Parameter adaptation strategy

In SHA, the mean values My, and Mcg,, in Egs. (16) and (17)
are randomly selected from M and M, respectively. Apparently, the
major challenge in LGP is how to determine My, and Mg, from local
historical memory ML, ML, or global historical memory M, MS,.
Generally, if the CR values in generation G are universally smaller,
means fewer exchange of dimensions happened between the parent
and mutant vector, the offspring vector retains more variables from the
parent vector, suggesting that there is a possibility of searching for a
superior solution in the localized region of the parent vector, therefore
we should select M, and Mcg, from local historical memory to
encourage local exploitation capability for the generation of F, ;,; and
CR; 1. In contrast, there is a greater likelihood of searching for a
superior solution in the region far from the parent vector, the selection
of Mg, and Mcg,, from global historical memory can help strengthen
the global exploration capability, avoiding algorithm falling into lo-
cal optimal. With this principle, we propose a parameter adaptation
strategy to select My, and Mcp,, automatically, as follows:

If rand(0,1) < t; — mean(CR)

Mg, = M), Mcg,, = MEg(r);
Else

Mg, = M, Mcg,, = MgR(r,-);
End If

where rand(0, 1) is a uniformly distributed random number within (0,
1) and 7, is a threshold value belongs to [1, 2]. According to this
parameter adaptation strategy, the smaller the mean value of CR in
generation G, the higher the probability of using the local historical
memory, while in the situation of larger mean value of CR, the choice
of M Fory and M. Ry, are likely to utilize the global historical memory.

3.4. The complete LGP mechanism

As shown in Fig. 1, the LGP mechanism maintains a local historical
memory (M ; and MéR) and a global historical memory (M;7 and
Mg r)> each with H entries in the dual historical memory strategy,
which updated based on local historical record (Sﬁ and SéR) and
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global historical record (S¢, SgR), respectively. The parameter adap-
tation strategy is applied to select M, and Mcr,, adaptively for the
generation of new F and CR.

Algorithm 1 shows the overall pseudo-code of benchmark DE which
uses the current-to-pbest/1/bin strategy incorporating the LGP mech-
anism (LGP-based), which consists of two components, i.e. the dual
historical memory strategy and the parameter adaptation strategy as
displayed in Fig. 1. In each generation, the DE control parameters F; ;
and CR; ; for each individual x; are generated based on the parameter
adaptation strategy (lines 12-20). After mutation and crossover, dist; ;
is calculated according to the Euclidean distance between x; ; and u;
fori=1,2,..., NP (line 23), then for F,; and CR;; which make u,;
fitter than x;, store them in local or global historical record based
on dist; ; (lines 30-37). Finally, line 40 updates the local and global
historical memory (Algorithm 2). This process is repeated until the
termination criterion is achieved.

Algorithm 1 LGP-based DE algorithm

Initialization
G=0;
: Initialize population Py = (X, ¢, ..., Xy p ) randomly;
: Initialize CR value for each individual to 0.5;
: Set all values in local memory M FL, M CLR to 0.5; Set all values in
global memory M, MS, to 0.5;
5: Archive A = ¢;
6: Index counter of local and global memory k' = 1 and k¢ = 1;
History length H = 5;
7: Threshold values ¢, = 1.5, t, = 0.8;
Main loop
8: while The termination criteria are not met do
9 SE=0,St,=0,S=¢and SS, =0;
10: fori=1:NPdo

AW N R

11: r; = Select from [1, H] randomly;
12: if rand(0,1) < 1, — mean(CR) then
13: My, = ME(r);

14: Mcg,, = MLp(r);

15: else

16: My, = MS(r);

17: Mg, = M (r);

18: end if

19: F g =randc(Mp,, .0.1);

20: CR; g = randn;(Mcg,,,0.1);

21: Generate trial vector u, ; by current-to-pbest/1/bin;

22: end for
23: Calculate dist; ; according to Eq. (27);
24: fori=1: NP do

25: if f(u;) < f(x;) then

26: Xig+l = UG

27: else

28 X6+l = XiG

29: end if

30: if f(u; ) < f(x;) then

3L X, ¢ = A

32: if dist; g <t, then

33: Fig— SE,CR g — St
34: else

35: Fg— S? , CR g — SgR;
36: end if

37: end if

38: end for

39: If necessary, delete randomly selected individuals from the

archive such that the archive size is |A|;
40: Update memories M £, M é oM g and M g « (Algorithm 2);
41: G=G+1;
42: end while
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Fic =randcy(Mg,,0.1)
CRi = randn;(Mcg,,, 0.1)

Dual historical memory strategy &

Fic = Sk
L
CRi = Scr
Store F; g and CR; ¢ in local historical record

Fig — S¢
CRig = Sér
Store F;g and CR; ¢ in global historical record

y

Index k" 1 [ 2 [-] H-1 H Index k© 1 2 [~] H-1 H
L L L L G G G G
Mé MF,I MI",Z MF,H—l MF,H Mg MF,l MF,Z MF,H—l MF,H
L L L L G G G G
Mg Mg, Mgra | | Méru-1 | Mcrn Mér Mg, Mgrp | | Mcgru-1 | Mcru
Update the k%-th element in local historical memory in generation G Update the kC-th element in global historical memory in generation G
G=G+1 G=G+1

Parameter adaptation strategy

rand(0,1) < t; — mean(CR)

Fig. 1. The flow diagram of LGP mechanism.

Algorithm 2 Memory update in LGP-based DE

1: if Sé + ¢ and SCLR # ¢ then
: Update M ng according to Eq. (18);

L
Update ML
CR,
kL= kb4 1;
if kL' > H then

2

3 according to Eq. (19);
4

5

6: kL« 1

7

8

9

kL

: end if

: end if

s if Sg + ¢ and SgR # ¢ then
10: Update Mgkc according to Eq. (20);
11:  Update MgR’
122 k9=k%+1;
13:  if k% > H then

4G according to Eq. (21);

14: k9 < 1;
15: end if
16: end if

3.5. Novelty of LGP

Based on the aforementioned descriptions, we highlight the novelty
of the proposed LGP mechanism.

(a) The dual historical memory strategy in LGP categorizes success-
ful parameters F and CR into either local or global historical
record by evaluating the Euclidean distance between parent-
offspring vector pairs. This approach effectively leverages both
exploitation and exploration information embedded in the pa-
rameters, mitigating a critical limitation prevalent in current
parameter adaptation methodologies.

The SHADE-based algorithm randomly selects elements from
historical memory for generating new F and CR. In contrast,
LGP employs an adaptive parameter adaptation strategy that

(b

=

intelligently chooses appropriate elements from either local or
global historical memory based on current search requirements,
further enhancing the exploitation-exploration equilibrium.

(c) The selection of successful parameters stored in either local
or global historical record is governed by distance measures
within the LGP mechanism, effectively balancing exploitation
and exploration. While previous parameter adaptation meth-
ods [19,54,55] have also incorporated the Euclidean distance
between parent and offspring vectors, LGP owns significant dif-
ferences. In [54], M candidates are first generated for each cur-
rent solution independently. Subsequently, the final candidate
is determined by a Euclidean distance-based similarity selection
rule. The approach in [19] employs a distance-based parameter
adaptation method, which utilizes weighted means for F and
CR adaptation, with weights derived from the Euclidean dis-
tance between parent-offspring vector pairs instead of fitness
improvements, thereby promoting more intensive search space
exploration. In [55], this concept is further advanced by intro-
ducing squared Euclidean distance in the update formulae for
F and CR, amplifying the distance’s influence on parameter
adaptation. However, these existing methods treat all parameters
uniformly, lacking LGP’s critical differentiation between local
and global parameter storage.

4. Simulation

To validate the effectiveness of the proposed LGP mechanism, com-
prehensive experiments are conducted using the CEC2017 benchmark
suite [56]. The 29 functions can be classified into four types based
on their mathematical characteristics, where F1 and F3 are unimodal
functions, F4 — F10 are simple multimodal functions, F11 — F20 are
hybrid functions and F21 — F30 are composition functions. It is im-
portant to notice that F2 has been removed from CEC2017 due to its
unstable behavior in high-dimensional cases. The performance of the
compared algorithms is evaluated by the solution error value defined as
F(x)—F(x*), where F(x) is the smallest fitness for minimization problem
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50-D
L-SHADE-LGP

100-D
L-SHADE

100-D
L-SHADE-LGP

0.00e+0 (0.00e+0)
0.00e+0 (0.00e+0)
6.33e+1 (5.05e+1)
1.31e+1 (2.38e+0)
4.23e-8 (1.26e-7)
6.63e+1 (2.69e+0)
1.43e+1 (2.34e+0)
0.00e+0 (0.00e+0)
3.26e+3 (2.85e+2)
2.90e+1 (4.33e+0)
1.92e+3 (4.81e+2)
4.12e+1 (2.40e+1)
2.72e+1 (2.56e+0)
2.44e+1 (3.96e+0)
4.12e+2 (1.56e+2)
2.52e+2 (7.98e+1)
2.53e+1 (2.25e+0)
1.40e+1 (2.92e+0)
1.96e+2 (8.30e+1)
2.14e+2 (3.49e+0)
2.60e+3 (1.72e+3)
4.32e+2 (5.99e+0)
5.08e+2 (5.30e+0)
4.81e+2 (3.57e+0)
1.13e+3 (4.94e+1)
5.20e+2 (1.30e+1)
4.59e+2 (1.60e—-13)
3.57e+2 (1.16e+1)
6.25e+5 (5.64e+4)

0.00e+0 (0.00e+0) ~

9.34e-7 (1.19e-6) —

1.97e+2 (1.60e+1) ~
3.75e+1 (5.02e+0) ~
6.91e-3 (5.02e-3) +

1.42e+2 (4.76e+0) —

3.79%e+1 (5.29e+0) ~
5.41e-1 (4.99e-1) +
1.04e+4 (5.17e+2) ~
4.36e+2 (1.05e+2) +
2.27e+4 (8.30e+3) +
4.03e+2 (1.55e+2) +
2.53e+2 (2.99e+1) +
2.47e+2 (5.34e+1) +

1.69e+3 (2.58e+2) —
1.11e+3 (1.97e+2) —

2.16e+2 (5.63e+1) ~
1.78e+2 (2.63e+1) +
1.56e+3 (1.92e+2) ~
2.60e+2 (5.46e+0) ~

1.13e+4 (4.75e+2) —

5.69e+2 (9.35e+0) +
9.10e+2 (7.51e+0) +
7.48e+2 (3.18e+1) +
3.30e+3 (7.60e+1) +
6.27e+2 (1.96e+1) +
5.24e+2 (2.30e+1) ~
1.29e+3 (1.69e+2) »~
2.39%e+3 (1.29e+2) +

0.00e+0 (0.00e+0)
1.28e-3 (1.24e-3)
2.00e+2 (8.80e+0)
3.78e+1 (5.40e+0)
7.11e-4 (8.76e-4)
1.43e+2 (5.88e+0)
3.61e+1 (6.28e+0)
7.02e-3 (2.43e-2)
1.05e+4 (4.65e+2)
1.10e+2 (4.12e+1)
1.38e+4 (5.08e+3)
1.45e+2 (4.23e+1)
6.11e+1 (1.03e+1)
1.98e+2 (5.13e+1)
1.80e+3 (2.90e+2)
1.19e+3 (2.05e+2)
2.09e+2 (3.68e+1)
1.26e+2 (2.48e+1)
1.61e+3 (2.57e+2)
2.60e+2 (5.86e+0)
1.16e+4 (5.60e+2)
5.58e+2 (9.31e+0)
9.00e+2 (7.60e+0)
7.31e+2 (4.19e+1)
3.17e+3 (6.81e+1)
6.07e+2 (2.26e+1)
5.31e+2 (2.52e+1)
1.30e+3 (1.92e+2)
2.31e+3 (1.13e+2)

Table 1
Performance comparison with L-SHADE on 30-D, 50-D and 100-D CEC2017 functions.

D 30-D 30-D 50-D

Problem L-SHADE L-SHADE-LGP L-SHADE

F1 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~
F3 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~
F4 5.86e+1 (2.54e-14) ~ 5.86e+1 (2.69e—14) 7.36e+1 (4.72e+1) ~
F5 6.73e+0 (1.30e+0) — 7.59e+0 (2.44e+0) 1.21e+1 (2.01e+0) —
F6 1.07e-8 (3.72e-8) » 3.35e-9 (1.97e-8) 2.06e-5 (1.46e—4) +
F7 3.72e+1 (1.34e+0) — 3.87e+1 (1.79e+0) 6.34e+1 (1.95e+0) —
F8 7.18e+0 (1.57e+0) — 8.81e+0 (2.73e+0) 1.21e+1 (2.31e+0) —
F9 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~
F10 1.47e+3 (1.56e+2) ~ 1.42e+3 (2.44e+2) 3.15e+3 (3.05e+2) ~
F11 2.43e+1 (2.72e+1) + 1.55e+1 (2.37e+1) 4.83e+1 (7.94e+0) +
F12 9.32e+2 (3.41e+2) + 3.08e+2 (1.78e+2) 2.12e+3 (4.3%e+2) +
F13 1.78e+1 (1.13e+1) ~ 1.73e+1 (5.34e+0) 6.27e+1 (3.09e+1) +
F14 2.18e+1 (1.35e+0) — 2.22e+1 (6.02e+0) 2.97e+1 (3.34e+0) +
F15 3.00e+0 (2.06e+0) + 2.55e+0 (1.25e+0) 3.99e+1 (8.31e+0) +
F16 4.71e+1 (4.49e+1) ~ 6.55e+1 (6.92e+1) 4.09e+2 (1.32e+2) ~
F17 3.22e+1 (4.89e+0) ~ 3.16e+1 (7.23e+0) 2.43e+2 (7.33e+1) ~
F18 2.19e+1 (1.26e+0) + 2.03e+1 (3.98e+0) 3.99e+1 (1.37e+1) +
F19 4.81e+0 (1.40e+0) ~ 5.10e+0 (1.49e+0) 2.42e+1 (7.22e+0) +
F20 3.10e+1 (6.24e+0) + 2.89e+1 (6.14e+0) 1.36e+2 (4.55e+1) —
F21 2.07e+2 (1.48e+0) — 2.09e+2 (2.47e+0) 2.13e+2 (2.14e+0) ~
F22 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.44e-14) 2.31e+3 (1.76e+3) ~
F23 3.50e+2 (2.64e+0) — 3.52e+2 (3.70e+0) 4.30e+2 (3.60e+0) ~
F24 4.26e+2 (1.77e+0) — 4.28e+2 (3.13e+0) 5.07e+2 (2.79e+0) ~
F25 3.87e+2 (2.23e-2) + 3.87e+2 (9.29e-3) 4.84e+2 (1.21e+1) +
F26 9.25e+2 (3.89%e+1) ~ 9.41e+2 (5.3%e+1) 1.13e+3 (4.61e+1) ~
F27 5.04e+2 (5.47e+0) + 4.98e+2 (8.24e+0) 5.33e+2 (1.38e+1) +
F28 3.35e+2 (5.36e+1) ~ 3.26e+2 (4.70e+1) 4.68e+2 (1.93e+1) +
F29 4.33e+2 (7.01e+0) ~ 4.35e+2 (1.52e+1) 3.51e+2 (1.27e+1) —
F30 1.99e+3 (6.70e+1) = 1.97e+3 (2.77e+1) 6.86e+5 (1.15e+5) +
+/ -/~ 7/7/15 12/5/12

14/5/10

obtained after 10000 - D function evaluations and F(x*) is the fitness of
the global optimal x*, the solution error value is considered as zero if it
is smaller than 1078. For each test function, the number of dimensions
D = 30,50,100 and the search range is [-100, 100]”, 51 independent
runs are performed, while the mean and standard deviation of the solu-
tion error values are reported. In order to draw statistical conclusions,
Wilcoxon rank-sum test [57] with 5% significance level is applied to
compare the performance. The symbols “+”, “~” and “-” represent
that the algorithm incorporating LGP performs significantly better than,
similar to or worse than the compared algorithm, respectively.

4.1. Effectiveness of the LGP mechanism

The proposed LGP mechanism is first integrated with the follow-
ing four DE algorithms to verify its effectiveness, performance of the
resulting variants, L-SHADE-LGP, jSO-LGP, DTDE-LGP and ODF-SCSS-
jSO-LGP are compared with the baseline algorithms, respectively.

L-SHADE [43]: An improved version of SHADE algorithm with
linear population size reduction.

jSO [23]: An improved version of iL-SHADE [58] algorithm that
introduces a new weighted mutation strategy.

DTDE [59]: An improved SCSS-L-SHADE algorithm with domain
transform methodology.

ODF-SCSS-jSO [60]: An improved jSO algorithm based on the feed-
back of objective and dimension.

All parameter configurations in the aforementioned algorithms strictly
follow the specifications provided in their original publications, guar-
anteeing a fair comparison. In addition, the threshold values ¢#; = 1.5
and 1, = 0.8 are adopted in the LGP mechanism, which are based
on the experimental findings given later in Section 4.4. Tables 1,
2, 3 and 4 present the comparisons of L-SHADE, jSO, DTDE and
ODF-SCSS-jSO with their corresponding variants on the 30-D, 50-D
and 100-D CEC2017 benchmark suite, respectively. The entries which
are significantly better are marked in bold-face. Table 5 shows the
summary comparison results of them.

As observed from Table 5, in higher dimensions (50-D and 100-D),
the LGP mechanism achieves notable gains over the competing algo-
rithms, but its performance remains average in 30-D. Out of the 232
cases in 50-D and 100-D, LGP variant wins in 101 (=12+12+11+11+
14+14+16+11) and loses in 22 (=5+1+3+1+5+1+3+3), while for
the 116 cases in 30-D, LGP variant wins in 22 (=7+6+5+4) and
loses in 16 (=7+1+4+4). In detail, from Table 1, the LGP mechanism
improves the performance of L-SHADE on 7, 12 and 14 functions and
is inferior on 7, 5 and 5 functions in the cases of 30-D, 50-D and
100-D, respectively. According to Table 2, jSO-LGP outperforms jSO on
6, 12 and 14 functions in 30-D, 50-D and 100-D cases, respectively,
while being outperformed on just 1 function in each dimensional case.
Compared with DTDE, DTDE-LGP wins 5, 11 and 16 functions but
loses 4, 3 and 3 functions in the cases of 30-D, 50-D and 100-D from
Table 3, respectively. As shown in Table 4, our ODF-SCSS-jSO-LGP
exhibits superior performance compared with the original ODF-SCSS-
jSO, achieving better results on 4 (30-D), 11 (50-D) and 11 (100-D)
functions, whereas the baseline algorithm succeeds in only 4, 1 and 3
functions for the respective dimensions.

Furthermore, Fig. 2 presents the overall performance ranking of
the four baseline algorithms and their corresponding LGP-integrated
variants based on Friedman’s test [61]. The results demonstrate that
all LGP-integrated versions outperform their corresponding original
counterparts, achieving substantially higher rankings. Notably, ODF-
SCSS-jSO-LGP attains the highest ranking (3.45) among all evaluated
methods.

Apart from the single-problem comparison, Table 6 reports the
comparison results according to the multi-problem Wilcoxon signed-
rank test [61]. From this table, L-SHADE-LGP, jSO-LGP, DTDE-LGP and
ODF-SCSS-jSO-LGP achieve a much larger R+ than R— when compared
with their baseline algorithms, and the significant difference between
LGP-integrated variants and their original counterparts can be observed
at the significant level of 5% except for L-SHADE-LGP, indicating that
the superiority of LGP is essentially significant.

The experimental results demonstrate that the LGP mechanism gen-
erates meaningful performance enhancements across different algo-
rithm architectures, with especially significant improvements observed
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Performance comparison with jSO on 30-D, 50-D and 100-D CEC2017 functions.

Swarm and Evolutionary Computation 98 (2025) 102125

D
Problem

30-D
e

30-D
jSO-LGP

50-D

jso

50-D
jSO-LGP

100-D
jso

100-D
jSO-LGP

F1
F3
F4
F5
Fé6
F7
F8
F9
F10
F11
F12
F13
F14
F15
F16
F17
F18
F19
F20
F21
F22
F23
F24
F25
F26
F27
F28
F29
F30
+/ -/~

0.00e+0 (0.00e+0) ~
0.00e+0 (0.00e+0) ~

5.86e+1 (2.60e-14) ~

8.91e+0 (1.61e+0)
1.54e-8 (5.31e-8)
3.87e+1 (1.53e+0)
8.69e+0 (1.68e+0)
0.00e+0 (0.00e+0)
1.46e+3 (2.68e+2)
1.00e+1 (1.90e+1)
2.26e+2 (1.35e+2)
1.65e+1 (5.11e+0)
2.17e+1 (1.51e+0) ~
1.16e+0 (7.43e-1) +

R+ R+

6.03e+1 (7.27e+1) —

3.25e+1 (7.72e+0) ~
2.08e+1 (4.43e-1) ~
4.64e+0 (1.82e+0) ~
3.00e+1 (4.94e+0) ~
2.09e+2 (1.76e+0) +

1.00e+2 (1.44e-14) ~

3.53e+2 (4.15e+0) ~
4.29e+2 (2.78e+0) +
3.87e+2 (7.26e-3) ~
9.58e+2 (4.77e+1) +
5.00e+2 (5.69e+0) ~
3.13e+2 (3.54e+1) ~
4.3%+2 (1.03e+1) ~
1.97e+3 (2.6%e+1) ~
6/1/22

0.00e+0 (0.00e+0)
0.00e+0 (0.00e+0)
5.86e+1 (2.13e—14)
8.05e+0 (1.85e+0)
1.62e-8 (5.52e-8)
3.79e+1 (1.62e+0)
8.02e+0 (1.63e+0)
0.00e+0 (0.00e+0)
1.54e+3 (2.05e+2)
4.51e+0 (8.30e+0)
1.15e+2 (8.77e+1)
1.54e+1 (4.92e+0)
2.17e+1 (1.22e+0)
9.21e-1 (7.08e-1)
7.27e+1 (6.87e+1)
3.45e+1 (7.07e+0)
2.08e+1 (2.82e-1)
3.92e+0 (1.21e+0)
3.19e+1 (4.68e+0)
2.08e+2 (1.65e+0)
1.00e+2 (6.39e—14)
3.53e+2 (4.25e+0)
4.28e+2 (2.05e+0)
3.87e+2 (6.99e-3)
9.42e+2 (3.45e+1)
5.01e+2 (6.00e+0)
3.13e+2 (3.60e+1)
4.41e+2 (1.32e+1)
1.97e+3 (2.62e+1)

0.00e+0 (0.00e+0)
0.00e+0 (0.00e+0
6.03e+1 (4.96e+1
1.58e+1 (2.74e+0
6.15e—-7 (1.38e-6) ~
6.67e+1 (3.39e+0) +
1.66e+1 (2.85e+0) +
0.00e+0 (0.00e+0) ~
3.11e+3 (4.24e+2) ~
2.71e+1 (3.04e+0) +
1.77e+3 (4.67e+2) +
3.69e+1 (2.08e+1) +
2.40e+1 (2.08e+0) ~
2.35e+1 (2.46e+0) +
4.3%e+2 (1.21e+2) ~
2.70e+2 (1.08e+2) ~
2.47e+1 (1.99e+0) +
1.38e+1 (2.39e+0) +

)
)
)

R+ R

1.19e+2 (6.25e+1) —

2.18e+2 (2.75e+0) +
1.38e+3 (1.76e+3) +
4.35e+2 (4.30e+0) ~
5.13e+2 (4.04e+0) +
4.82e+2 (4.03e+0) ~
1.18e+3 (4.77e+1) ~
5.13e+2 (7.99e+0) ~

4.5%+2 (2.05e-13) ~

3.54e+2 (1.53e+1) ~
6.16e+5 (3.22e+4) ~
12/1/16

0.00e+0 (0.00e+0)
0.00e+0 (0.00e+0)
6.37e+1 (4.68e+1)
1.37e+1 (2.60e+0)
4.73e-7 (1.72e-6)
6.38e+1 (1.98e+0)
1.45e+1 (2.29e+0)
0.00e+0 (0.00e+0)
3.08e+3 (2.93e+2)
2.58e+1 (3.14e+0)
1.48e+3 (4.02e+2)
2.83e+1 (1.84e+1)
2.43e+1 (2.32e+0)
2.11e+1 (2.21e+0)
4.29e+2 (1.19e+2)
2.96e+2 (8.3%¢+1)
2.26e+1 (1.30e+0)
1.26e+1 (2.98e+0)
1.39e+2 (5.90e+1)
2.15e+2 (3.18e+0)
8.72e+2 (1.47e+3)
4.34e+2 (4.96e+0)
5.11e+2 (3.10e+0)
4.81e+2 (2.27e+0)
1.18e+3 (5.06e+1)
5.19e+2 (1.56e+1)
4.64e+2 (1.47e+1)
3.62e+2 (1.60e+1)
6.13e+5 (4.57e+4)

0.00e+0 (0.00e+0) ~

6.28e—7 (6.55e-7) —

2.00e+2 (9.24e+0) ~
3.85e+1 (6.50e+0) +
9.41e-5 (3.15e-4) ~
1.42e+2 (7.54e+0) +
3.64e+1 (6.00e+0) +
1.94e-2 (6.86e—2) +
9.72e+3 (6.93e+2) +
1.08e+2 (2.53e+1) +
1.76e+4 (7.73e+3) +
1.69e+2 (5.08e+1) +
6.37e+1 (9.71e+0) +
1.69e+2 (3.54e+1) +
1.75e+3 (3.01le+2) ~
1.27e+3 (2.22e+2) ~
1.93e+2 (3.95e+1) +
1.17e+2 (2.25e+1) +
1.31e+3 (2.88e+2) ~
2.61e+2 (8.07e+0) +
1.03e+4 (6.17e+2)
5.60e+2 (1.09e+1)
9.19e+2 (9.66e+0)
7.37e+2 (3.19e+1)
3.36e+3 (9.88e+1)
5.96e+2 (1.67e+1)
5.31le+2 (2.40e+1)
1.35e+3 (1.93e+2)
2.33e+3 (1.43e+2)
14/1/14

2 traaraue

0.00e+0 (0.00e+0)
3.34e-6 (5.57e-6)
1.99e+2 (9.86e+0)
3.14e+1 (5.02e+0)
2.92e-5 (2.33e-5)
1.32e+2 (3.32e+0)
2.96e+1 (4.98e+0)
1.76e-3 (1.25e-2)
9.44e+3 (5.64e+2)
6.81e+1 (2.38e+1)
1.16e+4 (5.49e+3)
1.18e+2 (3.49e+1)
4.23e+1 (5.87e+0)
1.07e+2 (3.78e+1)
1.72e+3 (3.52e+2)
1.23e+3 (1.80e+2)
1.13e+2 (3.06e+1)
5.76e+1 (7.62e+0)
1.40e+3 (1.70e+2)
2.58e+2 (5.12e+0)
1.01le+4 (5.60e+2)
5.60e+2 (9.61e+0)
9.19e+2 (8.21e+0)
7.31e+2 (3.74e+1)
3.36e+3 (1.23e+2)
5.91e+2 (1.88e+1)
5.16e+2 (1.86e+1)
1.36e+3 (1.70e+2)
2.33e+3 (1.32e+2)

Table 3

Performance comparison with DTDE on 30-D, 50-D and 100-D CEC2017 functions.

D
Problem

30-D
DTDE

30-D
DTDE-LGP

50-D
DTDE

50-D
DTDE-LGP

100-D
DTDE

100-D
DTDE-LGP

F1
F3
F4
F5
Fé6
F7
F8
F9
F10
F11
F12
F13
F14
F15
F16
F17
F18
F19
F20
F21
F22
F23
F24
F25
F26
F27
F28
F29
F30
+/- /=

0.00e+0 (0.00e+0) ~
0.00e+0 (0.00e+0) ~
5.86e+1 (2.41e-14)
1.44e+0 (1.20e+0) ~

2.68e-9 (1.92e-8) —

3.36e+1 (8.79e-1)
1.72e+0 (1.20e+0)
0.00e+0 (0.00e+0)
3.38e+1 (6.83e+1)
2.21e+1 (2.66e+1)
5.91e+2 (2.28e+2)
1.87e+1 (5.24e+0)
2.23e+1 (5.65e+0)
5.53e+0 (2.12e+0
1.41e+1 (1.45e+0
2.12e+1 (4.90e+0
2.63e+1 (3.25e+0
5.23e+0 (1.65e+0
1.74e+1 (8.40e+0
2.02e+2 (1.74e+0)
1.00e+2 (1.44e-14
3.47e+2 (3.29e+0)
4.24e+2 (1.14e+0) ~
3.87e+2 (1.74e-2) +
8.90e+2 (4.29e+1) +
5.02e+2 (6.71e+0) +

)
)
)
)
)
)

22222t ruwear

=

R

3.17e+2 (4.04e+1) —

4.12e+2 (6.79e+0) +
1.97e+3 (3.23e+1) =~
5/4/20

0.00e+0 (0.00e+0)
0.00e+0 (0.00e+0)
5.86e+1 (2.87e-14)
1.64e+0 (1.22e+0)
4.71e-8 (2.14e-7)
3.41e+1 (8.21e-1)
1.62e+0 (1.26e+0)
0.00e+0 (0.00e+0)
6.43e+1 (1.07e+2)
2.03e+1 (2.62e+1)
2.58e+2 (1.35e+2)
1.91e+1 (4.85e+0)
2.27e+1 (6.52e+0)
5.38e+0 (2.04e+0)
1.40e+1 (1.91e+0)
1.99e+1 (6.54e+0)
2.73e+1 (6.12e+0)
5.15e+0 (1.88e+0)
1.47e+1 (9.73e+0)
2.03e+2 (1.55e+0)
1.00e+2 (2.22e-13)
3.47e+2 (3.28e+0)
4.23e+2 (1.43e+0)
3.87e+2 (7.91e-3)
8.40e+2 (6.51e+1)
4.98e+2 (6.64e+0)
3.21e+2 (4.36e+1)
4.10e+2 (6.86e+0)
1.97e+3 (2.53e+1)

0.00e+0 (0.00e+0) ~
0.00e+0 (0.00e+0) ~
8.17e+1 (5.14e+1) ~

1.72e+0 (1.44e+0) —
1.14e-8 (2.31e-8) —

5.67e+1 (1.00e+0) ~
1.68e+0 (1.25e+0) ~
0.00e+0 (0.00e+0) ~
1.95e+2 (1.31e+2) +
3.18e+1 (4.91e+0) +
1.99e+3 (4.35e+2) +
5.03e+1 (3.19e+1) +
2.57e+1 (1.93e+0) ~
2.63e+1 (4.11e+0) +
1.40e+2 (4.25e+1) =~
5.03e+1 (6.33e+1) ~

3.42e+1 (6.81e+0) —

1.04e+1 (2.70e+0) +
2.30e+1 (3.38e+0) ~
2.03e+2 (2.42e+0)
3.45e+2 (1.38e+2) »~
4.21e+2 (7.96e+0) +
5.01e+2 (2.13e+0) +
4.81e+2 (3.48e+0) +
1.03e+3 (5.08e+1) +
5.27e+2 (1.47e+1) +
4.63e+2 (1.33e+1) »~
3.03e+2 (8.09e+0) ~
6.55e+5 (6.56e+4) ~
11/3/15

2

R

0.00e+0 (0.00e+0)
5.53e—10 (2.82e-9)
6.93e+1 (5.21e+1)
2.36e+0 (1.38e+0)
1.45e-7 (1.99e-7)
5.68e+1 (1.13e+0)
2.24e+0 (1.56e+0)
0.00e+0 (0.00e+0)
1.60e+2 (8.15e+1)
2.48e+1 (2.95e+0)
1.64e+3 (4.77e+2)
4.05e+1 (2.15e+1)
2.46e+1 (5.31e+0)
2.27e+1 (2.32e+0)
1.40e+2 (4.15e+1)
6.05e+1 (7.15e+1)
3.81e+1 (7.34e+0)
8.02e+0 (2.30e+0)
2.42e+1 (3.45e+0)
2.03e+2 (2.12e+0)
3.48e+2 (1.80e+2)
4.18e+2 (6.02e+0)
4.98e+2 (2.49e+0)
4.81e+2 (3.19e+0)
9.53e+2 (7.33e+1)
5.19e+2 (1.19e+1)
4.61e+2 (9.58e+0)
3.02e+2 (8.74e+0)
6.40e+5 (6.36e+4)

0.00e+0 (0.00e+0) —
1.17e—-4 (1.35e—4) —

1.97e+2 (1.16e+1) =
5.33e+0 (2.26e+0) +
2.02e—-3 (1.58e-3) +

1.11e+2 (1.33e+0) —

4.57e+0 (2.26e+0) +
9.38e-2 (1.62e-1) +
3.92e+2 (2.41e+2) »~
1.67e+2 (4.28e+1) +
1.50e+4 (5.62e+3) =~
1.66e+2 (3.85e+1) +
7.69e+1 (1.62e+1) +
2.57e+2 (4.86e+1) +
2.29e+2 (1.18e+2) ~
9.40e+1 (9.94e+1) ~
2.11e+2 (4.49e+1) +
1.66e+2 (2.69e+1) +
1.83e+2 (6.42e+1) ~
2.27e+2 (3.95e+0) +
1.05e+3 (3.40e+2) ~
5.49e+2 (8.82e+0) +
8.96e+2 (7.35e+0) +
7.37e+2 (3.88e+1) ~
3.14e+3 (8.66e+1) +
6.16e+2 (1.56e+1) +
5.33e+2 (2.79e+1) ~
8.26e+2 (1.48e+2) +
2.37e+3 (1.21e+2) ~
16/3/10

4.56e-9 (1.55e-8)
1.90e—1 (1.80e-1)
1.99e+2 (1.26e+1)
3.73e+0 (1.66e+0)
2.88e—4 (5.70e-4)
1.13e+2 (1.60e+0)
3.32e+0 (2.01e+0)
7.02e-3 (2.43e-2)
3.61e+2 (2.68e+2)
1.29e+2 (5.74e+1)
1.56e+4 (7.19e+3)
1.11e+2 (3.45e+1)
3.84e+1 (4.90e+0)
1.37e+2 (3.71e+1)
2.29e+2 (1.42e+2)
6.12e+1 (5.70e+1)
1.79e+2 (4.16e+1)
5.61e+1 (1.38e+1)
1.75e+2 (5.60e+1)
2.25e+2 (2.69e+0)
1.02e+3 (3.49e+2)
5.38e+2 (7.37e+0)
8.83e+2 (5.11e+0)
7.38e+2 (3.92e+1)
2.93e+3 (9.36e+1)
5.99e+2 (1.75e+1)
5.23e+2 (2.17e+1)
7.75e+2 (1.10e+2)
2.44e+3 (2.3%e+2)
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Table 4

Performance comparison with ODF-SCSS-jSO on 30-D, 50-D and 100-D CEC2017 functions.
D 30-D 30-D 50-D 50-D 100-D 100-D
Problem ODF-SCSS-jSO ODEF-SCSS-jSO-LGP ODEF-SCSS-jSO ODF-SCSS-jSO-LGP ODF-SCSS-jSO ODF-SCSS-jSO-LGP
F1 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0)
F3 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) 2.76e-8 (3.29e-8) — 1.49e—6 (2.86e—-6)
F4 5.86e+1 (1.80e-14) ~ 5.86e+1 (1.14e—14) 4.37e+1 (3.66e+1) + 3.54e+1 (3.39e+1) 2.04e+2 (9.73e+0) ~ 2.04e+2 (9.85e+0)
F5 4.79e+0 (1.44e+0) ~ 4.61e+0 (2.03e+0) 8.02e+0 (1.98e+0) + 6.09e+0 (2.35e+0) 1.31e+1 (3.72e+0) — 1.52e+1 (4.11e+0)
Fo6 1.25e-7 (6.26e-7) ~ 7.55e—8 (1.95e-7) 1.73e-6 (2.47e-6) ~ 2.71e—6 (3.93e-6) 7.46e—6 (2.62e—6) — 6.66e—5 (3.11e-5)
F7 3.55e+1 (1.15e+0) = 3.56e+1 (1.19e+0) 5.93e+1 (1.54e+0) ~ 5.93e+1 (1.23e+0) 1.17e+2 (2.30e+0) = 1.18e+2 (2.28e+0)
F8 5.50e+0 (1.70e+0) + 4.19e+0 (1.69e+0) 8.06e+0 (2.46e+0) + 6.07e+0 (2.45e+0) 1.38e+1 (2.96e+0) ~ 1.51e+1 (4.04e+0)
Fo 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0)
F10 1.47e+3 (2.03e+2) =~ 1.48e+3 (1.93e+2) 2.91e+3 (3.29¢+2) ~ 3.06e+3 (3.13e+2) 8.66e+3 (5.51e+2) ~ 8.78e+3 (5.86e+2)
F11 2.27e+1 (2.83e+1) + 1.09e+1 (2.16e+1) 2.46e+1 (3.73e+0) ~ 2.38e+1 (3.68e+0) 3.5%+1 (2.71e+1) + 2.93e+1 (2.42e+1)
F12 1.78e+2 (1.31e+2) + 1.37e+2 (1.09e+2) 1.25e+3 (3.88e+2) + 9.60e+2 (3.68e+2) 1.22e+4 (3.66e+3) + 1.10e+4 (5.43e+3)
F13 1.80e+1 (3.67e+0) ~ 1.71e+1 (3.13e+0) 2.55e+1 (1.53e+1) ~ 2.25e+1 (1.61e+1) 1.10e+2 (4.72e+1) + 5.74e+1 (2.40e+1)
F14 2.06e+1 (7.36e-1) — 2.05e+1 (2.92e+0) 2.28e+1 (1.47e+0) ~ 2.28e+1 (1.45e+0) 3.63e+1 (4.07e+0) + 3.26e+1 (2.83e+0)
F15 5.58e—1 (3.91e-1) »~ 6.13e—1 (4.40e-1) 1.96e+1 (1.56e+0) ~ 1.91e+1 (1.02e+0) 6.77e+1 (3.47e+1) + 4.55e+1 (3.07e+1)
F16 3.99e+1 (5.24e+1) =~ 2.90e+1 (2.26e+1) 3.75e+2 (1.20e+2) + 3.05e+2 (1.31e+2) 1.39e+3 (2.90e+2) + 1.21e+3 (3.84e+2)
F17 3.23e+1 (5.50e+0) =~ 3.43e+1 (5.37e+0) 2.24e+2 (6.28e+1) ~ 2.18e+2 (8.31e+1) 9.25e+2 (2.28e+2) ~ 9.20e+2 (2.42e+2)
F18 2.03e+1 (2.84e+0) 2.07e+1 (2.89e-1) 2.26e+1 (1.50e+0) + 2.19e+1 (1.10e+0) 7.87e+1 (2.66e+1) + 5.88e+1 (1.65e+1)
F19 4.08e+0 (1.40e+0) ~ 3.70e+0 (1.35e+0) 1.08e+1 (2.51e+0) + 9.25e+0 (2.01e+0) 4.77e+1 (6.53e+0) + 3.76e+1 (4.00e+0)
F20 3.18e+1 (4.55e+0) — 3.50e+1 (7.14e+0) 1.22e+2 (5.51e+1) ~ 1.22e+2 (5.34e+1) 1.15e+3 (1.66e+2) ~ 1.13e+3 (1.78e+2)
F21 2.06e+2 (1.61e+0) ~ 2.06e+2 (1.41e+0) 2.11e+2 (2.31e+0) + 2.09e+2 (2.48e+0) 2.43e+2 (3.26e+0) ~ 2.44e+2 (4.97e+0)
F22 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.44e-14) 1.42e+3 (1.65e+3) ~ 1.51e+3 (1.63e+3) 8.62e+3 (1.20e+3) ~ 8.75e+3 (6.58e+2)
F23 3.52e+2 (3.07e+0) + 3.50e+2 (3.09e+0) 4.32e+2 (5.19e+0) — 4.35e+2 (7.06e+0) 5.68e+2 (8.50e+0) ~ 5.68e+2 (8.89e+0)
F24 4.26e+2 (1.72e+0) ~ 4.26e+2 (1.66e+0) 5.10e+2 (2.68e+0) ~ 5.10e+2 (2.66e+0) 9.08e+2 (6.80e+0) ~ 9.09e+2 (6.09e+0)
F25 3.87e+2 (9.12e-3) = 3.87e+2 (7.12e-3) 4.80e+2 (1.62e+0) + 4.80e+2 (1.62e+0) 7.47e+2 (3.46e+1) + 7.24e+2 (4.67e+1)
F26 9.36e+2 (3.75e+1) — 9.58e+2 (4.07e+1) 1.15e+3 (4.62e+1) ~ 1.17e+3 (5.84e+1) 3.25e+3 (8.14e+1) = 3.22e+3 (8.79e+1)
F27 5.02e+2 (4.8%e+0) ~ 5.04e+2 (4.74e+0) 5.15e+2 (7.17e+0) + 5.11e+2 (7.38e+0) 5.86e+2 (1.46e+1) + 5.77e+2 (1.24e+1)
F28 3.13e+2 (3.54e+1) ~ 3.04e+2 (2.23e+1) 4.5%+2 (2.59e-13) + 4.59e+2 (2.00e-13) 5.20e+2 (1.08e+1) =~ 5.16e+2 (1.02e+1)
F29 4.35e+2 (6.80e+0) ~ 4.39e+2 (7.68e+0) 3.56e+2 (1.26e+1) ~ 3.56e+2 (1.11e+1) 1.16e+3 (1.71e+2) = 1.16e+3 (1.33e+2)
F30 1.98e+3 (3.25e+1) ~ 1.98e+3 (3.81e+1) 5.92e+5 (1.74e+4) ~ 5.98e+5 (2.43e+4) 2.42e+3 (1.36e+2) + 2.35e+3 (1.03e+2)
+/ -]~ 4/4/21 11/1/17 11/3/15

Table 5 7

Summary performance comparisons of LGP-integrated variants with L-SHADE, jSO, il

DTDE and ODF-SCSS-jSO on 30-D, 50-D and 100-D CEC2017 functions according to 64

single-problem Wilcoxon rank-sum test. w 528 538
+/ -/~ 30-D 50-D 100-D Z 5 478
L-SHADE 7/7/15 12/5/12 14/5/10 % 555
jso 6/1/22 12/1/16 14/1/14 £ 347 S S48
DTDE 5/4/20 11/3/15 16/3/10 E
ODF-SCSS-jSO 4/4/21 11/1/17 11/3/15 £ 34

2
-~

Table 6
Comparison results with the corresponding baseline algorithms on CEC2017 functions
according to multi-problem Wilcoxon signed-rank test.

Algorithm V.S. R+ R- p-value
L-SHADE-LGP L-SHADE 2224.0 1517.0 0.1274
jSO-LGP jSO 2379.0 1362.0 0.0284
DTDE-LGP DTDE 2763.5 977.5 0.0001
ODF-SCSS-jSO-LGP ODF-SCSS-jSO 2376.5 1364.5 0.0292

in high-dimensional scenarios. The consistent performance improve-
ment across diverse testing conditions demonstrates the robustness and
versatility of the LGP mechanism.

4.2. Comparisons with state-of-the-art DEs

To further assess the performance of ODF-SCSS-jSO-LGP, we use the
following seven State-of-the-Art DE algorithms for comparison.

EJADE [62]: An adaptive DE algorithm with ensembling operators.

SCSS-L-SHADE [54]: A variant of L-SHADE algorithm based on a
similarity selection rule.

DISH [19]: An improved jSO algorithm utilizing a novel distance
based parameter adaptation mechanism.

L-SHADE-cnEpSin [24]: Shorten as “CnEpSin”. An enhanced L-SHADE
algorithm with an ensemble of sinusoidal approaches based on per-
formance adaptation and covariance matrix learning for the crossover
operator.

= B =) B = B o B

a Q * Q a Q 2 Q

= 3 - 3 g 2 & 3
-] & & ¢

% 2 2 a 4] 2

= < = = 7 g
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Fig. 2. Overall performance ranking of the four algorithms and their variants.

L-SHADE-RSP [63]: Shorten as “RSP”. An improved jSO algorithm
with a rank-based selective pressure strategy for mutation.

ESADE [64]: An adaptive DE algorithm based on evolutionary scale
adaptation.

CELDE [65]: An adaptive DE algorithm based on collective ensem-
ble learning paradigm.

For convenience, ODF-SCSS-jSO-LGP is written as LGPDE in the
following text. The parameter settings for the aforementioned seven
algorithms are meticulously maintained according to their source ref-
erences to ensure equitable evaluation. Tables 7-9 present the compar-
isons of LGPDE with other DE algorithms on the 30-D, 50-D and 100-D
CEC2017 benchmark suite respectively, where the best performance
(smallest mean error value) for each function is highlighted with a gray
background. Furthermore, Table 10 shows the summary comparison
results of them.
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Table 7
Performance comparison of LGPDE with State-of-the-Art DEs on 30-D CEC2017 functions.
Problem EJADE SCSS-L-SHADE DISH CnEpSin RSP ESADE CELDE LGPDE
F1 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0)
F3 7.35e-5 (4.26e—4) + 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0)
F4 5.07e+1 (2.13e+1) ~ 5.86e+1 (2.90e-14) + 5.86e+1 (2.54e-14) + 4.08e+1 (3.42e+0) — 5.86e+1 (1.97e-14) ~ 5.02e+1 (1.93e+0) — 4.41e+1 (8.80e+0) — 5.86e+1 (1.14e-14)
F5 1.92e+1 (5.19e+0) + 6.52¢+0 (1.52e+0) + 7.65e+0 (2.11e+0) + 1.17e+1 (2.37e+0) + 6.96e+0 (2.04e+0) + 7.32e+0 (1.23e+0) + 7.89e+0 (2.16e+0) + 4.61e+0 (2.03e+0)
F6 0.00e+0 (0.00e+0) — 0.00e+0 (0.00e+0) — 1.41e-8 (3.76e-8) ~ 1.75e-8 (4.48e-8) ~ 5.37e-9 (2.68e-8) — 1.22e-7 (2.35¢-7) ~ 0.00e+0 (0.00e+0) — 7.55¢-8 (1.95¢~7)
F7 4.91e+1 (4.91e+0) + 3.82e+1 (1.74e+0) + 3.93e+1 (1.90e+0) + 4.31e+1 (2.11e+0) + 3.85e+1 (1.72e40) + 3.82e+1 (1.63e+0) + 3.94e+1 (1.88e+0) + 3.56e+1 (1.19e+0)
F8 2.05e+1 (4.73e+0) + 7.57e+0 (1.78e+0) + 7.54e+0 (2.11e+0) + 1.26e+1 (2.28e+0) + 7.49e+0 (2.13e40) + 7.59%+0 (1.70e+0) + 8.68¢+0 (1.99e+0) + 4.19e+0 (1.69¢+0)
F9 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0)
F10 1.59e+3 (4.27e+2) ~ 1.44e+3 (2.22e42) ~ 1.65e+3 (2.80e+2) + 1.4le+3 (2.16e42) ~ 1.58e+3 (2.46e+2) + 1.52e+3 (2.41e+2) ~ 1.49+3 (2.61e+2) ~ 1.48e+3 (1.93e+2)
F11 1.34e+1 (2.13e+1) + 2.30e+1 (2.66e+1) + 4.03e+0 (8.40e+0) + 1.74e+1 (2.22e+1) + 9.56e+0 (1.90e+1) + 1.16e+1 (2.00e+1) + 4.73e+0 (1.04e+1) = 1.09e+1 (2.16e+1)
F12 1.31e+3 (1.84e+3) + 5.40e+2 (2.72e+2) + 1.00e+2 (7.51e+1) — 3.90e+2 (2.29e+2) + 1.34e+2 (9.26e+1) ~ 1.08e+2 (8.48e+1) ~ 1.5le+2 (1.20e42) ~ 1.37e+2 (1.09e+2)
F13 2.21e+1 (1.02e+1) + 1.47e+1 (5.98e+0) ~ 2.06e+1 (3.86e+0) + 1.6le+1 (9.64e+0) ~ 1.86e+1 (3.92e40) + 1.71e+1 (5.65e+0) + 1.78e+1 (4.06e+0) + 1.7le+1 (3.13e+0)
Fl4 1.13e+1 (8.54e+0) — 2.19e+1 (2.77e+0) + 2.18e+1 (1.24e+0) + 2.06e+1 (4.62e+0) + 2.14e+1 (1.17e+0) + 1.91e+1 (5.47e+0) ~ 1.90e+1 (6.44e+0) ~ 2.05e+1 (2.92e+0)
F15 5.47e+0 (2.90e+0) + 1.86e+0 (1.07e+0) + 2.14e+0 (1.25e+0) + 2.82e+0 (1.64e+0) + 1.03e+0 (6.69e-1) + 2.47e+0 (2.06e+0) + 1.19e+0 (1.14e+0) + 6.13e-1 (4.40e-1)
F16 2.60e+2 (1.63e+2) + 5.10e+1 (5.12e+1) + 2.88e+1 (4.05e+1) — 2.29e+1 (3.13e+1) — 2.03e+1 (1.93e+1) — 1.96e+1 (1.75e+1) — 2.18e+1 (3.51e+1) — 2.90e+1 (2.26e+1)
F17 1.53e+1 (9.27e+0) — 3.46e+1 (5.36e+0) ~ 3.75e+1 (6.74e+0) + 2.82e+1 (6.59%+0) — 3.32e+1 (7.08e40) ~ 3.51e+1 (5.15e+0) ~ 3.24e+1 (5.69+0) ~ 3.43e+1 (5.37e+0)
F18 2.49%+1 (1.51e+1) + 2.09e+1 (5.36e-1) — 2.08e+1 (2.04e-1) + 2.13e+1 (9.68e-1) ~ 2.08e+1 (2.6le-1) ~ 1.98e+1 (3.94e+0) — 1.99e+1 (3.98e+0) — 2.07e+1 (2.89e-1)
F19 5.45e+0 (2.20e+0) + 5.00e+0 (1.76e+0) + 4.54e+0 (1.31e+0) + 5.65¢+0 (1.50e+0) + 3.41e+0 (7.34e-1) ~ 5.72e+0 (1.00e+0) + 4.88e+0 (1.72e+0) + 3.70e+0 (1.35e+0)
F20 2.44e+1 (4.36e+1) — 2.97e+1 (5.03e+0) — 3.33e+1 (8.40e+0) ~ 3.07e+1 (5.36e+0) — 3.23e+1 (5.21e+0) ~ 3.29e+1 (4.55e+0) ~ 3.0le+1 (4.75e+0) — 3.50e+1 (7.14e+0)
F21 2.22e+2 (4.86e+0) + 2.08e+2 (1.50e+0) + 2.08e+2 (1.98e+0) + 2.13e+2 (2.37e+0) + 2.07e+2 (2.49e+0) + 2.08e+2 (1.33e+0) + 2.09e+2 (1.84e+0) + 2.06e+2 (1.41e+0)
F22 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.24e-13) + 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.08e-13) ~ 1.00e+2 (1.44e-14) ~ 1.00e+2 (1.44e-14)
F23 3.69e+2 (6.48¢+0) + 3.50e+2 (2.54e+0) ~ 3.51e+2 (3.73e+0) ~ 3.55e+2 (3.26e+0) + 3.51e+2 (3.47e+0) + 3.50e+2 (3.28e+0) ~ 3.50e+2 (3.01e+0) ~ 3.50e+2 (3.09e+0)
F24 4.37e+2 (5.88e+0) + 4.26e+2 (1.68e+0) =~ 4.27e+2 (3.71e+0) ~ 4.28e+2 (3.07e+0) + 4.27e+2 (1.94e+0) ~ 4.26e+2 (1.72e+0) ~ 4.25e+2 (1.84e+0) — 4.26e+2 (1.66e+0)
F25 3.87e+2 (8.64e-2) + 3.87e+2 (1.48e-2) + 3.87e+2 (6.5%-3) ~ 3.87e+2 (7.73e-3) — 3.87e+2 (5.70e-3) ~ 3.87e+2 (6.66e-3) — 3.87e+2 (9.34e-3) — 3.87e+2 (7.12e-3)
F26 1.10e+3 (6.50e+1) + 9.23e+2 (3.38e+1) — 9.29e+2 (4.34e+1) — 9.43e+2 (5.81e+1) ~ 9.34e+2 (3.8%+1) — 8.88e+2 (4.48e+1) — 8.94e+2 (3.95e+1) — 9.58e+2 (4.07e+1)
F27 5.01e+2 (7.44e+0) ~ 5.0le+2 (5.32e+0) =~ 4.96e+2 (7.43e+0) — 5.05e+2 (5.35¢+0) w~ 5.00e+2 (6.55e+0) — 5.00e+2 (6.58e+0) — 5.00e+2 (6.66e+0) — 5.04e+2 (4.74e+0)
F28 3.34e+2 (5.16e+1) ~ 3.10e+2 (3.56e+1) ~ 3.00e+2 (2.36e-13) + 3.13e+2 (3.54e+1) ~ 3.02e+2 (1.45e+1) ~ 3.17e+2 (4.04e+1) ~ 3.15e+2 (3.86e+1) ~ 3.04e+2 (2.23e+1)
F29 4.14e+2 (1.29e+1) — 4.38e+2 (1.33e+1) ~ 4.46e+2 (1.61e+1) + 4.34e+2 (1.18e+1) — 4.46e+2 (1.19e+1) + 4.37e+2 (9.77e+0) ~ 4.36e+2 (8.97e+0) ~ 4.39e+2 (7.68e+0)
F30 2.01e+3 (1.04e+2) + 1.98e+3 (4.10e+1) ~ 1.97e+3 (9.76e+0) ~ 1.98e+3 (4.65e+1) ~ 1.97e+3 (1.76e+1) ~ 1.97e+3 (1.13e+1) ~ 1.97e+3 (3.46e+1) ~ 1.98e+3 (3.8le+1)
+/ -/~ 17/5/7 12/4/13 16/4/9 11/6/12 11/4/14 8/6/15 7/9/13
Table 8
Performance comparison of LGPDE with State-of-the-Art DEs on 50-D CEC2017 functions.
Problem EJADE SCSS-L-SHADE DISH CnEpSin RSP ESADE CELDE LGPDE
F1 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0)
F3 1.57e+2 (4.66e+2) + 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) w~ 0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) = 0.00e+0 (0.00e+0)
F4 4.78e+1 (4.63e+1) ~ 7.83e+1 (5.21e+1) + 5.03e+1 (4.48e+1) + 5.31le+l (4.71e+1) ~ 4.19+1 (4.16e+1) + 5.91e+1 (5.0le+1) ~ 4.48e+1 (4.05e+1) ~ 3.54e+1 (3.3%+1)
F5 4.18e+1 (7.68e+0) + 1.17e+1 (2.21e40) + 1.3le+1 (3.38e+0) + 2.46e+1 (6.06e+0) + 1.28e+1 (4.23e+0) + 1.25e+1 (2.29e+0) + 1.54e+1 (3.26e+0) + 6.09e+0 (2.35e+0)
F6 6.07e-7 (2.13e-6) — 6.86e-8 (2.35e-7) — 1.73e-7 (3.0le-7) — 7.54e-7 (7.63e-7) — 8.63e-8 (1.62e-7) — 1.27e-6 (1.47e-6) ~ 5.88e-9 (1.56e-8) — 2.71e—6 (3.93e—6)
F7 8.80e+1 (7.83e+0) + 6.37e+1 (2.20e+0) + 6.84e+1 (3.62e+0) + 7.81e+1 (7.15e+0) + 6.6le+1 (3.65e+0) + 6.38e+1 (2.15e+0) + 6.67e+1 (3.28¢+0) + 5.93e+1 (1.23e+0)
F8 4.31e+1 (8.85¢+0) + 1.12e+1 (2.36e+0) + 1.29e+1 (3.67e+0) + 2.72e+1 (6.95¢+0) + 1.34e+1 (3.08e+0) + 1.32e+1 (2.21e+0) + 1.52e+1 (3.62e+0) + 6.07e+0 (2.45e+0)
F9 5.03e-1 (6.34e-1) + 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0) =~ 0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) ~ 0.00e+0 (0.00e+0)
F10 3.22e43 (6.19e+2) ~ 3.19e+3 (2.79%+2) + 3.61e+3 (4.07e+2) + 3.17e+3 (3.01e+2) + 3.40e+3 (3.99e+2) + 3.09e+3 (3.77e+2) ~ 3.25e+3 (3.99e+2) + 3.06e+3 (3.13e+2)
F11 4.42e+1 (1.01e+1) + 3.25e+1 (4.27e+0) + 2.32e+1 (3.54e+0) ~ 2.17e+1 (2.14e+0) — 2.40e+1 (3.66e+0) ~ 2.16e+1 (2.25e+0) — 2.09e+1 (3.12e40) — 2.38e+1 (3.68e+0)
F12 8.52e+3 (8.71e+3) + 1.97e+3 (5.52e+2) + 1.41e+3 (4.16e+2) + 1.31e+3 (3.57e+2) + 1.63e+3 (3.87e+2) + 9.38e+2 (3.04e+2) ~ 9.31e+2 (3.3%+2) ~ 9.60e+2 (3.68¢+2)
F13 7.70e+1 (5.93e+1) + 4.24e+1 (2.8%+1) + 3.15e+1 (2.55e+1) + 6.79%+1 (4.20e+1) + 2.47e+1 (1.67e+1) + 5.34e+1 (3.42e+1) + 3.77e+1 (2.53e+1) + 2.25e+1 (1.61e+1)
F14 5.26e+1 (2.46e+1) + 2.57e+1 (1.91e+0) + 2.42e+1 (2.41e+0) + 2.65e+1 (2.18e+0) + 2.29e+1 (2.04e+0) ~ 2.36e+1 (1.25e+0) + 2.41e+1 (1.81e+0) + 2.28e+1 (1.45e+0)
F15 6.60e+1 (6.54e+1) + 2.79e+1 (4.73e+0) + 2.11e+1 (2.06e+0) + 2.55e+1 (3.28e+0) + 2.05e+1 (1.68e+0) + 1.97e+1 (1.25e+0) + 1.90e+1 (1.28e+0) ~ 1.91e+1 (1.02e+0)
F16 7.03e+2 (2.83e+2) + 3.50e+2 (1.29e+2) ~ 3.93e+2 (1.55e+2) + 2.62e+2 (1.05e+2) ~ 3.51e+2 (1.66e+2) ~ 3.19e+2 (1.02e42) ~ 2.74e+2 (1.08e+2) ~ 3.05e+2 (1.31e+2)
F17 4.61e+2 (1.8%+2) + 2.36e+2 (8.54e+1) ~ 2.84e+2 (1.18e+2) + 2.31e+2 (6.36e+1) ~ 2.26e42 (9.47e+1) ~ 2.08¢+2 (857e+1) &  2.12e+2 (6.95e+1) ~ 2.18e+2 (8.31e+1)
F18 1.18e+2 (1.06e+2) + 2.72e+1 (3.32e40) + 2.27e+1 (1.28e+0) + 2.46e+1 (2.07e+0) + 2.27e+1 (1.14e+0) + 2.24e+1 (1.17e+0) + 2.22e+1 (1.29e+0) =~ 2.19e+1 (1.10e+0)
F19 3.58e+1 (3.66e+1) + 1.5le+1 (2.96e+0) + 1.16e+1 (2.51e+0) + 1.69e+1 (2.40e+0) + 1.06e+1 (2.18e+0) + 1.27e+1 (2.03e+0) + 1.14e+1 (2.67e+0) + 9.25e+0 (2.01e+0)
F20 3.60e+2 (1.83e+2) + 1.69e+2 (7.55e+1) + 1.63e+2 (9.65e+1) ~ 1.10e+2 (2.12e+1) ~ 1.32e+2 (5.55e+1) =~ 1.05e+2 (3.19e+1) — 1.03e+2 (3.80e+1) — 1.22e+2 (5.34e+1)
F21 2.43e+2 (9.03e+0) + 2.13e+2 (2.54e+0) + 2.15e+2 (3.82e+0) + 2.26e+2 (6.98¢+0) + 2.13e+2 (3.98¢+0) + 2.15e+2 (2.58e+0) + 2.17e+2 (3.41e+0) + 2.09e+2 (2.48e+0)
F22 3.19e+3 (1.64e+3) + 2.64e+3 (1.62e+3) + 1.40e+3 (1.88e+3) + 1.28e+3 (1.61e+3) ~ 1.82e+3 (1.86e+3) + 2.19e+3 (1.77e+3) + 1.95e+3 (1.79e+3) + 1.51e+3 (1.63e+3)
F23 4.65e+2 (1.21e+1) + 4.27e+2 (4.21e+0) — 4.31e+2 (6.64e+0) — 4.39%e+2 (7.43e+0) + 4.33e42 (5.70e+0) ~ 4.27e+2 (4.26e+0) — 4.30e+2 (5.06e+0) — 4.35e+2 (7.06e+0)
F24 5.30e+2 (1.07e+1) + 5.06e+2 (2.96e+0) — 5.08e+2 (3.66e+0) — 5.13e+2 (5.91e+0) ~ 5.08¢+2 (3.74e+0) — 5.07e+2 (3.06e+0) — 5.06e+2 (3.35¢+0) — 5.10e+2 (2.66e+0)
F25 5.18e+2 (3.31e+1) + 4.82e+2 (4.56e+0) + 4.80e+2 (1.24e-2) — 4.81e+2 (2.68¢+0) — 4.81e+2 (2.36e+0) — 4.80e+2 (8.71e-1) — 4.81e+2 (2.37e+0) — 4.80e+2 (1.62e+0)
F26 1.45e+3 (1.15e+2) + 1.12e43 (5.49e+1) — 1.12e+3 (5.18e+1) — 1.21e+3 (9.61e+1) + 1.13e+3 (4.37e+1) — 1.08e+3 (5.20e+1) — 1.08e+3 (4.65e+1) — 1.17e+3 (5.84e+1)
F27 5.26e+2 (1.83e+1) + 5.29e+2 (1.55e+1) + 5.07e+2 (9.43e+0) — 5.30e+2 (1.52e+1) + 5.14e+2 (9.03e+0) ~ 5.19e+2 (1.37e+1) + 5.18e+2 (7.21e+0) + 5.11e+2 (7.38e+0)
F28 4.86e+2 (2.26e+1) + 4.64e+2 (1.51e+1) ~  4.5%+2 (1.84e-13) — 4.58e+2 (9.55¢+0) — 4.59e+2 (1.92e-13) —  4.58e+2 (2.12e-1) - 4.58e+2 (9.61e+0) — 4.59e+2 (2.00e-13)
F29 3.41e+2 (5.74e+1) — 3.59e+2 (1.33e+1) ~ 3.74e+2 (1.62e+1) + 3.54e+2 (9.81e+0) ~ 3.66e+2 (1.5%+1) + 3.58e+2 (1.34e+1) ~ 3.61e+2 (1.35e+1) + 3.56e+2 (1.11e+1)
F30 6.01e+5 (2.54e+4) ~ 6.41e+5 (5.64e+4) + 6.01e+5 (2.66e+4) ~ 6.53e+5 (7.55e+4) + 6.08e+5 (3.62e+4) ~ 6.46e+5 (7.34e+4) + 6.07e+5 (4.02e+4) ~ 5.98e+5 (2.43e+4)
-/~ 23/2/4 18/4/7 16/7/6 15/4/10 13/5/11 12/7/10 11/8/10

Table 10 demonstrates that LGPDE achieves competitive or superior
performance relative to other algorithms across most test functions.
The 30-D evaluation reveals favorable performance, with “+/-" metrics
of 17/5 (v.s. EJADE), 12/4 (v.s. SCSS-L-SHADE), 16/4 (v.s. DISH),
11/6 (v.s. CnEpSin), 11/4 (v.s. RSP), 8/6 (v.s. ESADE) and 7/9 (v.s.
CELDE). The advantage of LGPDE becomes particularly pronounced
in higher-dimensional scenarios. For 50-D cases, it achieves “+/-”
metric of 23/2 against EJADE, 18/4 against SCSS-L-SHADE, and 13/5
against RSP. This superiority further escalates in 100-D tests, with
metrics reaching 26/1 (v.s. EJADE), 22/2 (v.s. SCSS-L-SHADE) and
16/5 (v.s. RSP). These results collectively indicate that LGPDE main-
tains robust performance across dimensional scales, with particularly
outstanding results in high-dimensional optimization. Furthermore, the
type-specific functional analysis yields additional insights:

(a) Unimodal Functions: LGPDE achieves competitive performance
with other algorithms on F1 across all dimensions and F3 in
30-D and 50-D cases. However, its performance on F3 in 100-D
is suboptimal, where CnEpSin emerges as the top performer.
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(b) Simple Multimodal Functions: LGPDE demonstrates consistently
strong results, matching or exceeding the performance of com-
petitors. Specifically, LGPDE achieves the best performance com-
pared with other algorithms on 4 (30-D), 6 (50-D) and 5 (100-
D) functions. Particularly noteworthy is its sustained excellent
performance on F5 and F7-F9 across all dimensional scenarios.
Hybrid Functions: LGPDE shows superior performance on 1
(F15, 30-D), 4 (F13,F14,F18 and F19, 50-D), and 2 (F11 and
F17, 100-D) functions, with its most dominant performance
observed in the 50-D cases.

Composition Functions: For functions F21-F30, LGPDE achieves
better results than competitors on 3 (30-D), 2 (50-D) and 2 (100-
D) functions. Notably, LGPDE maintains optimal performance on
F21 consistently across all dimensions.

(©

Y]

Fig. 3 provides a detailed description of the convergence curves
of LGPDE and the compared DE algorithms on eight selected repre-
sentative functions in the run with the median error value. On 100-D
F6, CELDE achieves the best result, for the remaining seven functions,
LGPDE achieves either optimal or competitive performance, including
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Table 9
Performance comparison of LGPDE with State-of-the-Art DEs on 100-D CEC2017 functions.
Problem EJADE SCSS-L-SHADE DISH CnEpSin RSP ESADE CELDE LGPDE
F1 0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) ~  3.60e-8 (6.0le-8) +  0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0) ~  0.00e+0 (0.00e+0)
F3 3.48e+3 (4.24e+3) +  1.04e—4 (1.32e-4) +  4.5le-5 (6.07e-5) +  0.00e+0 (0.00e+0) =  2.76e-7 (5.66e-7) —  1.22e-7 (1.27e-7) —  1.06e-7 (1.32e-7) —  1.49e—6 (2.86e—6)
F4 3.93e+1 (5.94e+1) =  1.95e+2 (1.56e+1) ~  1.99%e+2 (1.0le+1) »  1.99e+2 (8.35e+0) —  2.00e+2 (9.72e+0) —  1.98e+2 (L.4detl) —  1.96e+2 (9.95e+0) —  2.04e+2 (9.85e+0)
F5 1.22e+2 (1.63e+1) +  2.84e+l (4.73e+0) +  2.54e+l (9.93e40) +  5.49+1 (7.51e+0) +  3.10e+l (7.75e+0) +  2.67e+1l (4.39e+0) +  3.14e+1 (6.48e+0) +  1:52e41 (4.11e40)
F6 6.41e-2 (4.42e-2) +  156e-3 (1.56e-3) +  6.30e-6 (5.56e—6) —  6.08e-5 (1.90e-5) ~  1.6d4e-5 (1.16e-5) —  1.90e-5 (9.74e-6) —  5.92e=7 (5.88¢=7) =  6.66e-5 (3.11e-5)
F7 2.17e+2 (1.34e+1) +  1.3le+2 (3.13e+0) +  1.38e+2 (9.41e+0) +  1.62e+2 (5.47e+0) +  1.38e+2 (8.21e+0) +  1.28e+2 (2.94e+0) +  1.30e+2 (6.23e+0) +  L.18e+2 (2:28e+0)
F8 1.14e+2 (2.00e+1) +  2.74e+l (3.73e+0) +  2.45e+1 (8.76e+0) +  5.36e+l (5.92e+0) +  2.7%+1 (9.17e+0) +  2.69%+1 (3.46e+0) +  3.13e+1 (5.65e+0) +  L.5le+l (4.04e+0)
F9 2.42e+1 (1.62e+1) +  1.38e-1 (2.28e-1) +  0.00e+0 (0.00e+0) &  0.00e+0 (0.00e40) &  3.51e-3 (1.76e-2) ~  0.00e+0 (0.00e+0) &  0.00e+0 (0.00e40) &  0.00e+0 (0.00e+0)
F10 1.0le+4 (1.34e43) +  9.82e+3 (4.94e+2) +  lllet+d (6.25e+2) +  1.03e+4 (4.62e+2) +  1.08e+4 (7.56e+2) +  9.03e+3 (4.83e+2) +  9.42e+3 (6.34e+2) +  8.78e+3 (5.86e+2)
F11 4.82e+2 (3.5%+2) +  1.74e+2 (4.23e+1) +  6.09%+1 (3.0le+1) +  6.1le+l (3.95e+1) +  8.17e+1l (3.40e+1) +  6.14e+l (4.3%+1) +  3.37e+l (3.42e+1) +  2.93e+l (2.42e+1)
F12 3.70e+4 (2.50e+4) +  1.68e+4 (6.78e+3) +  1.19e+4 (4.62e+3) ~  4.60e+3 (6.06e+2) =  1.12e+4 (4.28e+3) ~  5.33e+3 (1.09e+3) —  6.45e+3 (2.55e+3) —  1.10e+4 (5.43e+3)
F13 4.98e+2 (6.91e+2) +  1.80e+2 (6.82e+1) +  1.16e+2 (3.48e+1) +  1.07e+2 (3.42e+1) +  1.35e+2 (4.13e+1) +  7.54e+1 (2.52e+1) +  3.71etl (1.35e+1) =  5.74e+1 (2.40e+1)
F14 3.35e+2 (2.16e+2) +  8.59e+1 (1.83e+1) +  3.8le+l (3.88¢+0) +  5.2le+l (7.51e+0) +  4.42e+1 (5.30e+0) +  3.67e+1 (3.64e+0) +  3.19%+1 (3.83e+0) ~  3.26e+1 (2.83e+0)
F15 4.26e+2 (4.02¢42) +  2.50e+2 (5.57e+1) +  1.15e+2 (3.63e+1) +  9.49%+1 (3.19e+1) +  1.27e+2 (3.69e+1) +  7.42e+1 (3.37e+1) +  4.34etl (3.02e+1) ~  4.55e+1 (3.07e+1)
F16 1.96e+3 (4.91e+2) +  1.47e+3 (2.8le+2) +  1.7le+3 (3.36e+2) +  1.21e+3 (1.91e42) &  1.46e+3 (3.37e+2) +  1.37e+3 (2.67e+2) »  1l.4let3 (279%+2) +  1.2le+3 (3.84e+2)
F17 1.62e+3 (4.57e+2) +  1.03e+3 (1.98e+2) +  1.3le+3 (2.88e+2) +  9.52e+2 (1.59e+2) ~  1.15e+3 (2.90e+2) +  1.02e+3 (1.86e+2) +  1.00e+3 (2.1le+2) +  9.20e42 (2.42e+2)
F18 4.60e+3 (4.48e+3) +  2.1le+2 (49le+1) +  1.07e+2 (2.54e+1) +  7.0le+1l (1.68e+1) +  1.65e+2 (3.55e+1) +  5.63e+l (1.54e+1) ~  4.69%+1 (1.78e+1) =  5.88e+1 (1.65e+1)
F19 1.74e+2 (6.40e+1) +  1.63e+2 (1.92e+1) +  5.86e+l (8.04e+0) +  5.55e+1 (5.67e+0) +  6.49e+1 (1.07e+1) +  4.90e+1 (4.50e+0) +  3.63e+l (4.24e40) ~  3.76e+1 (4.00e+0)
F20 1.65e+3 (4.50e+2) +  1.47e+3 (2.02e+2) +  1.55e+3 (3.25e+2) +  1.17e+3 (1.58e+2) ~  1.37e+3 (2.5le+2) +  1.13e+3 (1.65e+2) ¥  1.15e+3 (1.55e+2) ~  1.13e+3 (1.78e+2)
F21 3.35e+2 (1.64e+1) +  2.52e+2 (5.08e+0) +  2.46e+2 (7.38e+0) ~  2.77e+2 (1.12e+1) +  2.5le+2 (7.90e+0) +  2.50e+2 (3.97e+0) +  2.55e+2 (5.92e+0) +  2.44e+2 (4.97e+0)
F22 1.12e+4 (1.35e+3) +  1.09e+4 (6.14e+2) +  1.17e+4 (7.40e+2) +  1.07e+4 (5.60e+2) +  1.12e+4 (7.07e+2) +  9.74e+3 (4.97e+2) +  1.00e+4 (6.48e+2) +  8.75e+3 (6.58e+2)
F23 6.26e+2 (1.90e+1) +  5.60e+2 (9.11e+0) —  5.64e+2 (1.06e+1) —  5.98e+2 (1.0le+l) +  5.67e+2 (1.0le+1) ~ 55242 (8.48e+0) —  5.54e+2 (7.92e+0) —  5.68e+2 (8.89%+0)
F24 9.89¢+2 (2.48e+1) +  9.03e+2 (7.32e+0) —  8.94e42 (6.78¢+0) =  9.19e+2 (1.50e+1) +  9.00e+2 (7.67e+0) —  8.98e+2 (6.21e+0) —  8.97e+2 (6.41e+0) —  9.09e+2 (6.09e+0)
F25 7.54e+2 (4.77e+1) +  7.3le+2 (3.86e+1) ~  7.07e+2 (4.28e+1) —  6.90e+2 (4.20e+1) —  7.20e+2 (4.97e+1) ~  6.71e42 (4.07e+1) =  7.00e+2 (4.69e+1) —  7.24e+2 (4.67e+1)
F26 4.21e43 (2.59%+2) +  3.22e+43 (8.78e+1) ~»  3.1le+3 (8.13e+1) — 307643 (1.15e42) =  3.15e+3 (9.45e+1) —  3.09e+3 (7.97e+1) —  3.08e+3 (7.40e+1) —  3.22e+3 (8.79%+1)
F27 6.52e+2 (2.48e+1) +  6.24e+2 (L.64e+1) +  5.76e+2 (1.43e+1) ¥  591e+2 (1.84e+1) +  58le+2 (1.94e+1) ~  573e+2 (1.88e+1) —  5.80e+2 (1.65e+1) ~  5.77e+2 (1.24e+1)
F28 5.20e+2 (5.26e+1) ~  5.36e+2 (240e+1) +  526e+2 (2.24e+1) + 51242 (1.91e41) =  5.24e+2 (270e+1) +  5.16e+2 (2.7%+1) ¥  5.24e+2 (232e+1) ~  5.16e+2 (1.02e+1)
F29 1.66e+3 (3.75e+2) +  1.27e+3 (1.57e+2) +  1.25e+3 (1.68e+2) +  Llde+3 (1.09e+2) 1.22e+3 (1.83e+2) ~  1.16e+3 (1.74e+2) ~  1.16e+3 (1.42e+2) ~  1.16e+3 (1.33e+2)
F30 2.50e+3 (2.14e+2) +  2.33e+3 (1.24e+2) ~  2.33e+3 (1.30e+2) »  2.38e+3 (1.8le+2) ~  2.34e+3 (1.6le+2) ~  2.30e+3 (1.38e+2) —  2.29e+3 (1.73e42) =  2.35e+3 (1.03e+2)
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Fig. 3. Convergence curves of the compared DE algorithms on eight selected functions.
Table 10 algorithms. The subsequent rankings show ESADE following closely be-

Summary performance comparisons of LGPDE with State-of-the-Art DEs on 30-D, 50-D
and 100-D CEC2017 functions according to single-problem Wilcoxon rank-sum test.

/=)~ 30-D 50-D 100-D
EJADE 17/5/7 23/2/4 26/1/2
SCSS-L-SHADE 12/4/13 18/4/7 22/2/5
DISH 16/4/9 16/7/6 18/5/6
CnEpSin 11/6/12 15/4/10 15/6/8
RSP 11/4/14 13/5/11 16/5/8
ESADE 8/6/15 12/7/10 12/10/7
CELDE 7/9/13 11/8/10 9/11/9

30-D F7, 30-D F21, 50-D F5, 50-D F13, 50-D F26, 100-D F8 and
100-D F21. Notably, while LGPDE exhibits relatively slower initial
convergence compared with some competitors, it demonstrates superior
global search capability by effectively avoiding premature convergence
to local optima, this trend is especially pronounced in 50-D F13 and
100-D F8 cases.

Furthermore, the overall performance ranking of the compared DE
algorithms is depicted in Fig. 4. Following comprehensive examination,
it is conspicuous that LGPDE achieves an impressive ranking of 3.37,
demonstrating near-equivalent performance to the top-ranked CELDE
(3.31), with only a marginal 0.06 difference separating the two leading

11

hind, with RSP, DISH, CnEpSin, SCSS-L-SHADE and EJADE completing
the competitive field. In addition, to validate the statistical significance
of performance differences, we perform multi-problem statistical analy-
sis employing multiple testing procedures (Bonferroni, Holm, Hochberg
and Hommel) through the KEEL software. As presented in Table 11,
LGPDE performs comparably to CELDE with the adjusted p-values
(Ppony is derived from Friedman’s test with Bonferroni correction for
family-wise error rate control) larger than 0.05, while CELDE performs
significantly better than EJADE, SCSS-L-SHADE, DISH, CnEpSin and
RSP.

Moreover, the statistical comparisons between LGPDE and the com-
pared DE algorithms are further validated through the multi-problem
Wilcoxon signed-rank test. As presented in Table 12, where R+ and R—
denote the rank sums for cases where LGPDE outperforms and under-
performs its competitors respectively, LGPDE obtains higher R+ than
R— across all test cases, and performs comparably to both ESADE and
CELDE (p > 0.05), while showing statistically superior results relative
to all other algorithms in the comparison (p < 0.05). Both ESADE
and CELDE demonstrate promising performance due to their strategies
for combining the strengths of two competing algorithms, jSO and
CnEpSin. ESADE employs an effective evolutionary scale adaptation
mechanism that combines the strengths of jSO and CnEpSin, thereby
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Fig. 4. Overall performance ranking of the compared DE algorithms.
Table 11

Overall performance comparisons of the DE algorithms on CEC2017 functions according
to Bonferroni, Holm, Hochberg and Hommel procedures with CELDE as the control
method.

V.S, Unadjusted p pg,,, PHolm PHochberg PHommel
EJADE <le-6 <le-6 <le-6 <le-6 <le-6
SCSS-L-SHADE ~ 0.000005 0.000035 0.000030 0.000030 0.000030
DISH 0.000311 0.002180 0.001246 0.001246 0.001246
CnEpSin 0.000034 0.000236 0.000168 0.000168 0.000168
RSP 0.001359 0.009512 0.004077 0.004077  0.004077
ESADE 0.733524 5.134669  1.467048  0.889236  0.889236
LGPDE 0.889236 6.224649 1.467048 0.889236 0.889236
Table 12

Comparison results of LGPDE with the compared DE algorithms on CEC2017 functions
according to multi-problem Wilcoxon signed-rank test.

V.S, R+ R— p-value
EJADE 3503.0 238.0 <le-6
SCSS-L-SHADE 3080.0 661.0 <le-6
DISH 2696.5 1131.5 0.0009
CnEpSin 2690.0 1051.0 0.0004
RSP 2874.5 953.5 0.0000
ESADE 2170.0 1571.0 0.1964
CELDE 1985.0 1756.0 0.6205

meeting the search requirements at different evolutionary stages. Mean-
while, CELDE utilizes a collective ensemble learning paradigm to inte-
grate the advantages of jSO and CnEpSin, within a single individual for
offspring generation.

4.3. Effectiveness of the components in LGP mechanism

To explicitly assess the contribution of each component in LGP
mechanism, we develop the following three distinct L-SHADE-LGP
variants:

Variant-I: This variant is developed to evaluate the efficacy of
the dual historical memory strategy (The upper part in Fig. 1). The
generation of local and global historical record follows an opposing
approach.

Variant-II: This variant is designed to assess the effectiveness of the
parameter adaptation strategy (The lower part in Fig. 1). My, and
Mcpg,, are exclusively selected from local historical memory M ; and
M, respectively.

Variant-III: This variant is also designed to assess the effectiveness
of the parameter adaptation strategy. Both My, and M¢y,, are drawn
solely from global historical memory Mg and MgR, respectively.

Aside from the aforementioned differences, all other experimental
settings remain identical to those in L-SHADE-LGP. Fig. 5 presents
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Fig. 5. Overall performance ranking of L-SHADE-LGP and its variant algorithms.

Table 13
Comparison results of L-SHADE-LGP with different threshold value settings for 7, on
50-D CEC2017 functions according to single-problem Wilcoxon rank-sum test.

I 1.0 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

+ 21 18 14 12 4 / 8 12 17 21 19

- 2 2 4 4 2 / 0 1 1 1 2

5 6 9 11 13 23 / 21 16 11 7 8
Table 14

Comparison results of L-SHADE-LGP with different threshold value settings for 1,
50-D CEC2017 functions according to single-problem Wilcoxon rank-sum test.

on

t, 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
+ 25 24 23 23 22 19 8 / 1 18
- 1 2 2 1 2 2 2 / 1 1

~ 3 3 4 5 5 8 19 / 27 10

the overall performance ranking of L-SHADE-LGP and its three vari-
ant algorithms. As evident from the results, L-SHADE-LGP achieves
the highest performance ranking with an outstanding score of 1.86,
followed by Variant-I (2.16), Variant-II (2.84) and Variant-III (3.15).
The performance advantage of L-SHADE-LGP over Variant-I validates
the efficacy of the dual historical memory strategy. Furthermore, when
comparing L-SHADE-LGP with Variant-II and III separately, the effec-
tiveness of the novel parameter adaptation strategy becomes clearly
apparent.

Additionally, Fig. 6 illustrates the convergence curves of L-SHADE-
LGP and its variant algorithms on four selected functions, 30-D F15,
50-D F4, 50-D F26 and 100-D F13. The results demonstrate that
L-SHADE-LGP achieves significantly faster convergence and higher so-
lution accuracy compared with the three variants.

4.4. Parameter sensitivity analysis

The threshold values ¢, and ¢, are critical to the parameter adap-
tation strategy and the dual historical memory strategy, respectively.
To analyze the performance sensitivity to ¢, and ¢,, this subsection
examines ten discrete values of ¢, (ranging from 1.0 to 2.0 in 0.1
increments) and nine discrete values of 7, (ranging from 0.1 to 1.0
in 0.1 increments) based on algorithm L-SHADE-LGP. For the 50-D
CEC2017 benchmark suite, we evaluate L-SHADE-LGP’s performance
by comparing the results under each threshold setting with the standard
parameter configuration where ¢, = 1.5 and #, = 0.8 using the Wilcoxon
rank-sum test, the experimental results are illustrated in Tables 13 and
14, respectively.

The analysis reveals that the algorithm’s performance significantly
degrades when ¢, deviates substantially from its standard value (1.5),
particularly at extreme settings (1.0, 1.1, 1.9 and 2.0). Similarly, lower
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Table 15
Performance ranking and pp,,, of different settings for 7, according to Friedman’s test with Bonferroni correction.
1 1.0 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0
Ranking 8.02 7.09 5.81 5.19 4.17 3.71* 4.84 5.64 6.98 7.64 6.91
PBonf 0.0000 0.0010 0.1573 0.8868 5.9302 / 1.9139 0.2662 0.0017 0.0001 0.0023
Table 16
Performance ranking and pp,,, of different settings for ¢, according to Friedman’s test with Bonferroni correction.
t, 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Ranking 8.71 8.02 7.57 6.53 5.74 4.50 3.09 3.02* 3.05 4.78
PBons 0.0000 0.0000 0.0000 0.0001 0.0055 0.5598 8.3779 / 8.6887 0.2428
values of ¢, (0.1-0.5) demonstrate notably worse performance com- Table 17

pared with the standard setting (0.8). This occurs because improper
settings of ¢, and ¢, disrupt the balance between local exploitation
and global exploration, causing either premature convergence to local
optima or diminished exploitation capability in promising regions.

To further evaluate the performance of different threshold value
configurations, we conduct Friedman’s test with Bonferroni correction,
analyzing both performance ranking of each setting and statistical sig-
nificance relative to the top-ranked setting. The comprehensive results
of this analysis for 7; and 7, are presented in Tables 15 and 16 respec-
tively, where the top-ranked setting is marked with %, bold adjusted
Ppony indicates that the null hypothesis is rejected with 5% significance
level. The analysis demonstrates that the standard configuration (1.5
for #; and 0.8 for 7,) yields optimal performance, attaining the highest
ranking in their respective categories.

4.5. Time complexity analysis

To assess whether the LGP mechanism increases the algorithm’s
computational complexity, we evaluate the complexity of L-SHADE and
L-SHADE-LGP using the index (T2 —T1)/T0 following the methodology
established in [56]. Where T0 denotes the execution time of a reference
test program described below:

for i =1 : 1000000
x = 0.55+ (double)i;x = x + x;x =x/2;x = X * X;
x= \/;;x =log(x);x = exp(x); x = x/(x + 2);
end

T1 represents the time required for 200,000 evaluations of 30-D F18
optimization problem; and 72 is the average runtime of the algorithm
over five independent optimizations under the same condition as T'1.
d2-T 1)/T0 serves as a complexity indicator: smaller values corre-
spond to lower algorithmic complexity. The experiments are conducted
using MATLAB R2024a on a PC equipped with an Intel(R) Core(TM)
i7-14700 @2.10 GHz CPU and Windows 11 24H2 OS.

As illustrated in Table 17, L-SHADE-LGP maintains comparable
computational complexity to L-SHADE, though with a marginally higher
time complexity, demonstrating that the incorporation of the LGP
mechanism enhances the performance of the original algorithm without
significantly increasing its computational overhead.

When dealing with different optimization problems, assuming the
evaluation time is m times that of 30-D F18 (i.e., m - T'1), the runtime

13

Comparison of time complexity between L-SHADE and L-SHADE-LGP (70, T'1 and T2
in seconds).

Algorithm TO Tl T2 (T2-T1)/TO

L-SHADE 0.6324 6.6535

L-SHADE-LGP 0.0482 0.3117 0.6763 7.5643
Table 18

Summary of LGPDE’s performance compared with State-of-the-Art DEs on CEC2011
problems.

EJADE SCSS-L-SHADE DISH CnEpSin RSP ESADE CELDE
+ 11 8 9 11 9 6 11
- 2 4 2 2 2 4 2
~ 9 10 11 9 11 12 9

of the algorithm under the same condition would be 72 = T1+m - T1.
We define the runtime ratio between L-SHADE-LGP and L-SHADE as n
(e, n =Ti_syape-rop/Ti—suapg)- When m = 10, n equals 1.0128;
when m = 100, n becomes 1.0014. The closer n is to 1, the lower
the additional computational overhead introduced by LGP. Therefore,
when optimizing problems with longer evaluation times, LGP does not
incur significant extra computational costs.

4.6. Real-world applications

To evaluate the performance of LGPDE on real-world optimization
problems, we conduct experiments using the 22 problems (P1-P22)
from the CEC2011 test suite [66]. Each problem is evaluated with a
maximum of 150,000 function evaluations, and the statistical results
(mean, standard deviation, best and worst objective function values)
are reported over 25 independent runs. The comparative analysis be-
tween LGPDE and the seven State-of-the-Art competitors is presented
in Table 18, with detailed experimental results for P1-P13 provided in
Table 19 and P14-P22 provided in Table 20.

The experimental results demonstrate LGPDE’s remarkable compet-
itiveness. As shown in Table 18, LGPDE outperforms its competitors
on the majority of test problems, achieving superior results on 11,
8,9, 11, 9, 6 and 11 problems against EJADE, SCSS-L-SHADE, DISH,
CnEpSin, RSP, ESADE and CELDE respectively, while exhibiting inferior
performance on only 2, 4, 2, 2, 2, 4 and 2 problems, highlighting its
stability and generalization capability.
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Table 19
Performance comparison of LGPDE with State-of-the-Art DEs on CEC2011 problems (P1-P13).
Problem Algorithm
EJADE SCSS-L-SHADE DISH CnEpSin RSP ESADE CELDE LGPDE
Mean 0.0000e+00 1.9191e-10 0.0000e+00 4.4829e-01 1.2201e+00 4.0670e-01 0.0000e+00 1.8475e-06
STD 0.0000e+00 9.5931e-10 0.0000e+00 2.2415e+00 3.3722e+00 2.0335e+00 0.0000e+00 8.9690e-06
- Best 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
Worst 0.0000e+00 4.7966e-09 0.0000e+00 1.1207e+01 1.0167e+01 1.0167e+01 0.0000e+00 4.4880e-05
+/-/= ~ ~ ~ ~ ~ ~ ~ /
p-value 1.6151e-01 1.6151e~01 1.6151e-01 6.0413e-01 5.7616e-01 6.0413e-01 1.6151e-01 /
Mean ~2.3067e+01 ~2.6391e+01 —2.3484e+01 —2.6008e+01 —2.4459e+01 —2.6308e+01 —2.6089e+01 —2.6262e+01
STD 1.7174e+00 7.1654e—01 1.6179e+00 5.5630e-01 9.2648e—01 4.3412e—01 4.3512e—01 4.7971e—01
. Best ~2.7426€+01 ~2.8121e+01 ~2.6342e+01 —2.7321e+01 —2.6747e+01 ~2.7308e+01 ~2.7004e+01 —2.7265e+01
Worst ~2.0738e+01 ~2.5118e+01 ~2.0295e+01 ~2.5046e+01 —2.2270e+01 —2.5330e+01 ~2.5230e+01 ~2.5161e+01
+/ -/~ + ~ + ~ + ~ ~ /
p-value 2.1801e-04 2.7646e-01 3.6663e-04 6.8977e-01 2.7468e-03 8.6526e-01 8.2737e-02 /
Mean 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05
STD 1.2633e-19 3.1438e-19 1.0393e-19 2.8267e-19 1.5170e-19 1.5170e-19 1.5170e-19 1.5170e-19
P3 Best 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05
Worst 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05 1.1515e-05
+/-/= ~ + + + ~ ~ ~ /
p-value 8.0715e-02 4.8013e-05 3.1849e-03 2.5657e-08 1.0000e+00 1.0000e+00 1.0000e+00 /
Mean 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
STD 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
P4 Best 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
Worst 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
+/ =/~ ~ ~ ~ ~ ~ ~ ~ /
p-value 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 /
Mean —3.4713e+01 —3.6070e+01 —3.4407e+01 —3.6295e+01 —3.5061e+01 —3.5837e+01 —3.5918e+01 —3.5921e+01
STD 8.6444e—01 7.5113e-01 1.1724e+00 6.2036e—01 8.8250e—01 8.7805e—01 8.3867e—01 9.9846e—01
Ps Best ~3.6788e+01 ~3.6838e+01 ~3.5872e+01 ~3.6801e+01 -3.6688e+01 ~3.6869e+01 -3.6845e+01 -3.6831e+01
Worst ~3.3769e+01 ~3.4554e+01 -3.1366e+01 -3.4363e+01 ~3.3965e+01 ~3.4434e+01 ~3.4342e+01 -3.4295e+01
+/ -/~ + ~ + ~ + ~ ~ /
p-value 8.7263e-04 9.3666e-02 8.6433e-04 4.1379e-01 2.4146e-04 9.7365e-02 9.7635e-01 /
Mean —2.8346e+01 —2.9163e+01 —2.7971e+01 —2.9079e+01 —2.8458e+01 —2.9091e+01 —2.9159%e+01 —2.9091e+01
STD 7.8149e-01 1.9071e-03 1.6883e+00 3.4520e-01 1.2979e+00 3.4655e-01 6.2730e-03 3.4686e—01
P6 Best —2.9166e+01 —2.9166e+01 —2.9157e+01 —2.9163e+01 —2.9152e+01 —2.9165e+01 —2.9166e+01 —2.9165e+01
Worst —2.6270e+01 —2.9158e+01 —2.2923e+01 —2.7424e+01 —2.3001e+01 —2.7429e+01 —2.9137e+01 —2.7426e+01
+/ -/~ + ~ + ~ + ~ ~ /
p-value 6.2782e-03 3.2783e-01 7.3266e-05 1.5368e-01 2.3652e-04 6.5275e-01 1.6353e~01 /
Mean 7.4849e-01 1.1490e+00 1.1525e+00 9.1391e-01 1.1263e+00 1.0434e+00 5.0000e—01 1.1609¢+00
STD 2.2133e-01 8.1883e-02 1.0853e—-01 2.4239e-01 1.2727e-01 8.5495e-02 0.0000e+00 8.8838e-02
P7 Best 5.0000e-01 9.6419e-01 9.0392e-01 5.0000e—01 8.7848e-01 8.8524e-01 5.0000e—01 9.8972e-01
Worst 1.3661e+00 1.3069e+00 1.3546e+00 1.1398e+00 1.3800e+00 1.2013e+00 5.0000e-01 1.2652e+00
+/-/= - ~ ~ - ~ - - /
p-value 4.1024e-07 3.3198e-01 4.6093e-01 3.1529e-06 4.3768e-01 7.5523e-05 9.7285e-11 /
Mean 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02
STD 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00 0.0000e+00
s Best 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02
Worst 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02 2.2000e+02
+/ =/~ ~ ~ ~ ~ ~ ~ ~ /
p-value 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 1.0000e+00 /
Mean 2.0761e+03 2.5143e+03 2.6033e+03 3.3184e+03 2.1349e+03 2.4395e+03 6.7843e+03 1.4629e+03
STD 5.4504e+02 5.4113e+02 6.7649e+02 2.2965e+03 4.9077e+02 7.9101e+02 2.7959e+03 3.3466e+02
Po Best 1.1300e+03 1.5474e+03 1.3289e+03 1.4108e+03 1.3043e+03 1.1596e+03 3.2115e+03 8.8439%+02
Worst 3.7651e+03 3.5716e+03 4.7637e+03 1.3630e+04 3.1132e+03 4.1249e+03 1.5775e+04 1.9932e+03
+/-/= + + + + + + + /
p-value 1.8026e-05 5.8547e-09 3.2057e-08 1.4648¢-08 2.9240e-06 5.6183¢-06 1.4157e-09 /
Mean —2.1652e+01 —2.1660e+01 —2.1668e+01 —2.1638e+01 —2.1662e+01 —2.1644e+01 —2.1638e+01 —2.1638e+01
STD 3.8961e-02 5.4956e-02 6.5735e-02 8.6212e-02 7.5668e-02 3.7442e-04 8.6222e-02 8.6212e-02
P10 Best —2.1839e+01 —2.1843e+01 —2.1843e+01 —2.1843e+01 —2.1843e+01 —2.1645e+01 —2.1843e+01 —2.1843e+01
Worst —2.1644e+01 —2.1644e+01 —2.1644e+01 —2.1439e+01 —2.1480e+01 —2.1644e+01 —2.1439e+01 —2.1439e+01
+/ -/ = ~ ~ ~ ~ ~ ~ ~ /
p-value 5.8767e-01 2.1106e-01 3.4212e-01 5.3879¢-01 6.6122e-01 8.5112e-01 9.3761e-01 /
Mean 5.2000e+04 5.1866e+04 5.2196e+04 5.2301e+04 5.2027e+04 5.1978e+04 5.2910e+04 5.2052e+04
STD 4.6235e+02 4.6244e+02 5.2645e+02 5.1957e+02 5.1640e+02 7.1066e+02 5.6516e+02 4.2872e+02
P11 Best 5.0811e+04 5.0918e+04 5.1327e+04 5.1106e+04 5.0826e+04 5.0663e+04 5.1878e+04 5.1257e+04
Worst 5.2765e+04 5.2941e+04 5.3486e+04 5.3005e+04 5.3215e+04 5.3409e+04 5.4198e+04 5.3027e+04
+/-/= ~ ~ ~ ~ ~ ~ + /
p-value 6.8367e—01 1.5106e—-01 4.4922e-01 5.7239e-02 7.7102e-01 7.5622e-01 1.9973e-06 /
Mean 1.0723e+06 1.0708e+06 1.0722e+06 1.0751e+06 1.0719e+06 1.0726e+06 1.0764e+06 1.0719e+06
STD 1.6765e+03 1.1965e+03 1.7122e+03 4.2330e+03 8.7064e+02 1.3628e+03 1.8905e+03 8.0738e+02
P2 Best 1.0679e+06 1.0692e+06 1.0689¢+06 1.0712e+06 1.0701e+06 1.0699e+06 1.0730e+06 1.0705e+06
Worst 1.0750e+06 1.0734e+06 1.0757e+06 1.0895¢+06 1.0740e+06 1.0751e+06 1.0798e+06 1.0733e+06
+/ -/~ ~ - R + ~ + + /
p-value 9.1402e-02 8.4600e-04 3.2240e-01 1.3564e-06 9.5358e-01 2.5659e—02 1.8002e-09 /
Mean 1.5445e+04 1.5444e+04 1.5444e+04 1.5445e+04 1.5444e+04 1.5445e+04 1.5445e+04 1.5444e+04
STD 6.2513e+00 8.7932e-01 1.1119e-06 5.8989e-01 9.9854e-07 6.4682e+00 6.4682e+00 8.6342e+00
P13 Best 1.5444e+04 1.5444e+04 1.5444e+04 1.5444e+04 1.5444e+04 1.5444e+04 1.5444e+04 1.5444e+04
? Worst 1.5475e+04 1.5448e+04 1.5444e+04 1.5446e+04 1.5444e+04 1.5476e+04 1.5476e+04 1.5475e+04
+/-/= + + ~ + ~ ~ + /
p-value 3.4438e-02 7.8561e-03 9.8452e-01 3.8987e-05 9.1402e-02 1.1160e-01 9.0701e-04 /

5. Conclusion

This paper proposes a novel Local and Global Parameter Adaptation
(LGP) mechanism to mitigate the persistent deficiencies of maintain-
ing exploitation-exploration balance in existing parameter adaptation
methods. The LGP mechanism introduces a dual historical memory
strategy that classifies successful F and CR into either local or global
historical record based on the Euclidean distance between parent and
offspring vectors, the corresponding local and global historical mem-
ory are updated at the end of each generation. Meanwhile, adaptive
selection of My, and Mcpg, from appropriate historical memory

is achieved by the proposed parameter adaptation strategy. To vali-
date the generalizability and effectiveness of LGP, we first integrate
it with four representative DE variants for performance evaluation,
then develop LGPDE by incorporating LGP into the ODF-SCSS-jSO
algorithm and conduct comprehensive comparisons with seven State-
of-the-Art DE algorithms on the CEC2011 and CEC2017 benchmark
suites. Our experimental results reveal that (1) LGP consistently en-
hances algorithmic performance across different architectures, con-
firming its robustness and versatility; (2) LGPDE exhibits remarkable
performance, particularly excelling in high-dimensional problems; and
(3) LGP achieves significantly improved convergence rate and solution
precision without substantial computational overhead.

14



X.L. Jin et al. Swarm and Evolutionary Computation 98 (2025) 102125

Table 20
Performance comparison of LGPDE with State-of-the-Art DEs on CEC2011 problems (P14-P22).
Problem Algorithm
EJADE SCSS-L-SHADE DISH CnEpSin RSP ESADE CELDE LGPDE
Mean 1.8236e+04 1.8092e+04 1.8096e+04 1.8139e+04 1.8097e+04 1.8086e+04 1.8105e+04 1.8095e+04
STD 2.5876e+02 3.1125e+01 2.3310e+01 3.2980e+01 2.5875e+01 1.5787e+01 4.0293e+01 3.6322e+01
Pl4 Best 1.8019e+04 1.8075e+04 1.8076e+04 1.8075e+04 1.8075e+04 1.8075e+04 1.8035e+04 1.8019e+04
Worst 1.8882e+04 1.8184e+04 1.8166e+04 1.8201e+04 1.8186e+04 1.8128e+04 1.8194e+04 1.8187e+04
+/ -/~ ~ ~ ~ + ~ ~ ~ /
p-value 8.2341e-01 6.2502e-02 2.6043e-01 2.4528e—-04 6.6947e—-01 6.5283e-02 7.4244e—-02 /
Mean 3.2827e+04 3.2740e+04 3.2741e+04 3.2883e+04 3.2741e+04 3.2741e+04 3.2744e+04 3.2742e+04
STD 5.1354e+01 2.9701e-01 4.5431e-01 1.6046e+01 3.8658e-01 2.6027e-01 4.0816e+00 1.4983e+00
P15 Best 3.2743e+04 3.2740e+04 3.2740e+04 3.2850e+04 3.2740e+04 3.2740e+04 3.2741e+04 3.2740e+04
Worst 3.2928e+04 3.2742e+04 3.2742e+04 3.2910e+04 3.2742e+04 3.2741e+04 3.2761e+04 3.2746e+04
+/ -/~ + - - + - - + /
p-value 6.5743e—09 6.1473e—07 9.7208e—-04 1.4157e-09 4.6094e—-05 2.5489e-05 4.0837e-03 /
Mean 1.3378e+05 1.2355e+05 1.2370e+05 1.2650e+05 1.2396e+05 1.2351e+05 1.2443e+05 1.2399e+05
STD 5.3323e+03 4.6926e+02 4.2244e+02 2.5437e+03 6.1044e+02 4.1520e+02 6.7958e+02 5.2170e+02
P16 Best 1.2466e+05 1.2268e+05 1.2303e+05 1.2309e+05 1.2267e+05 1.2280e+05 1.2273e+05 1.2308e+05
Worst 1.4282e+05 1.2445e+05 1.2459e+05 1.3105e+05 1.2504e+05 1.2431e+05 1.2526e+05 1.2504e+05
+/ -/~ + - ~ + ~ - + /
p-value 2.2857e-09  3.3915e—03 5.9826e—02  3.8768e—06  9.0732e—01  2.0352e—03  5.2059e—03  /
Mean 2.0042e+06 1.8629e+06 1.8614e+06 1.8691e+06 1.8587e+06 1.8468e+06 1.8858e+06 1.8318e+06
STD 1.0677e+05 1.3357e+04 1.4285e+04 1.1707e+04 1.0569e+04 9.8207e+03 1.1235e+04 1.0629e+04
P17 Best 1.8596e+06 1.8263e+06 1.8399e+06 1.8467e+06 1.8366e+06 1.8238e+06 1.8691e+06 1.8150e+06
Worst 2.2622e+06 1.8934e+06 1.8951e+06 1.8952e+06 1.8745e+06 1.8744e+06 1.9060e+06 1.8608e+06
+/-/= + + + + + + + /
p-value 1.5967e—09  3.5800e—08 2.5677e-08  3.6690e—09  2.5677e-08  1.0605¢—05  1.4157e-09  /
Mean 9.6263e+05 9.3270e+05 9.3375e+05 9.3683e+05 9.3238e+05 9.3390e+05 9.3745e+05 9.3101e+05
STD 6.6808e+04 2.0414e+03 1.6935e+03 1.8063e+03 1.7508e+03 1.5476e+03 2.2533e+03 1.2422e+03
PIg Best 9.3298e+05 9.2942e+05 9.3101e+05 9.3327e+05 9.2884e+05 9.3077e+05 9.3342e+05 9.2882e+05
Worst 1.2442e+06 9.3730e+05 9.3760e+05 9.4051e+05 9.3582e+05 9.3795e+05 9.4207e+05 9.3308e+05
+/-/= + + + + + + + /
p-value 1.8002e-09 1.9063e-03 4.5414e-07 1.4157e-09 4.6140e-03 8.5468e-08 1.4157e-09 /
Mean 1.0751e+06 9.4067e+05 9.4114e+05 9.4217e+05 9.4002e+05 9.4080e+05 9.4297e+05 9.3881e+05
STD 2.9837e+05 1.3397e+03 9.3777e+02 1.4296e+03 1.1190e+03 1.4904e+03 1.8703e+03 1.0350e+03
P19 Best 9.4009e+05 9.3861e+05 9.3964e+05 9.4018e+05 9.3776e+05 9.3820e+05 9.3801e+05 9.3645e+05
Worst 2.0320e+06 9.4361e+05 9.4327e+05 9.4717e+05 9.4211e+05 9.4390e+05 9.4630e+05 9.4070e+05
+/-/= + + + + + + + /
p-value 2.0288e-09 6.7488e—-06 2.5677e—08 5.2120e—-09 3.8418e-04 6.7488e—06 2.5677e—-08 /
Mean 9.9324e+05 9.3285e+05 9.3332e+05 9.3692e+05 9.3246e+05 9.3426e+05 9.3858e+05 9.3078e+05
STD 1.2536e+05 1.1780e+03 1.4014e+03 1.4231e+03 1.3586e+03 1.3760e+03 2.0409e+03 1.2189e+03
P20 Best 9.3421e+05 9.3078e+05 9.3140e+05 9.3368e+05 9.3034e+05 9.3152e+05 9.3477e+05 9.2911e+05
Worst 1.3728e+06 9.3478e+05 9.3577e+05 9.3954e+05 9.3547e+05 9.3652e+05 9.4243e+05 9.3351e+05
+/-/= + + + + + + + /
p-value 1.4157e-09  2.6597e—06 4.1024e-07  1.4157e-09  7.5523e—05  1.4648e-08  1.4157e—-09  /
Mean 1.5001e+01 1.6456e+01 1.5649e+01 1.4379e+01 1.5974e+01 1.5755e+01 1.6003e+01 1.5283e+01
STD 9.3963e-01 5.8186e-01 7.5733e-01 1.7699e+00 6.2875e-01 7.1195e-01 9.4226e-01 8.3350e—-01
P2l Best 1.2954e+01 1.5380e+01 1.3853e+01 1.0395e+01 1.3629e+01 1.4292e+01 1.3415e+01 1.3277e+01
Worst 1.6333e+01 1.8030e+01 1.6643e+01 1.6842e+01 1.6994e+01 1.7109e+01 1.8016e+01 1.6317e+01
+/ -/~ ~ + ~ ~ + ~ + /
p-value 3.7211e-01 6.7951e-07 6.8172e—02 8.7738e—02 3.0746e-04 6.5289e-02 6.2228e—03 /
Mean 1.5365e+01 1.3546e+01 1.5415e+01 1.3721e+01 1.5330e+01 1.3689e+01 1.3631e+01 1.7350e+01
STD 2.3023e+00 2.3505e+00 1.5858e+00 1.3510e+00 1.6531e+00 1.4183e+00 1.4015e+00 2.0904e+00
P22 Best 9.7890e+00 8.6167e+00 1.2755e+01 1.1832e+01 1.2755e+01 1.1832e+01 1.1832e+01 1.2755e+01
Worst 1.8940e+01 1.7009e+01 1.8146e+01 1.7486e+01 1.8603e+01 1.7486e+01 1.7486e+01 2.1243e+01
+ -/~ - - - - - - - /
p-value 1.9063e—03  5.6183e—06 7.3522e-04  6.1473e—07  2.2732e—04  9.1194e—07  5.0097e—07  /
This research establishes a novel paradigm for historical parameter CRediT authorship contribution statement
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