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bnAbstract

Population-based metaheuristics remain widely used for black-box global optimization, yet the
rapid growth of metaphor-based optimizers has raised concerns about weak mathematical grounding,
) limited operator transparency, and insufficient validation against strong baselines. This paper proposes
—the Coronavirus Optimization Algorithm (COA), a severe acute respiratory syndrome coronavirus
[1] 2 (SARS-CoV-2)-inspired adaptive evolutionary optimizer for box-constrained continuous global
Z optimization. COA does not model epidemiological infection or transmission dynamics; instead,
v selected coronavirus-related mechanisms are translated into explicit computational operators through
2 a formal biological-to-optimization mapping. Spike-receptor binding is represented through elite-
— guided attraction, viral replication through trial-vector generation, antigenic drift through adaptive
> variation, immune evasion through stagnation recovery, and viral-load dynamics through population
[~ scheduling. The executable algorithm integrates opposition-based initialization, Differential Evolution
§g (DE)/current-to-pbest /1 mutation, binomial crossover, an external archive, success-history adaptation
€7 of the mutation scale factor and crossover rate, population-size reduction, and opposition-based
- partial restart. The proposed method is evaluated on 29 Congress on Evolutionary Computation
% (CEC) 2017 benchmark functions at dimensions 10, 30, and 50 against 15 competitive optimizers,
\O including established evolutionary, swarm-intelligence, and recent metaphor-based algorithms. The
) consolidated results show that COA obtains the best overall average Friedman rank at all tested
2 dimensions, with ranks of 2.79, 2.86, and 2.53 for 10D, 30D, and 50D problems, respectively. Its
>< strongest performance is observed on composition functions, where it achieves the best mean objective
E value across all composition benchmarks at 30D and 50D. Category-wise analysis also reveals that
COA is not uniformly dominant, with stronger competing behaviour from Grey Wolf Optimizer
(GWO) on hybrid functions. These findings demonstrate that COA is a competitive, compact, and
transparent adaptive evolutionary optimizer, particularly effective for complex composition landscapes,
while also identifying its limitations and future validation requirements for higher-dimensional search.
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1. Introduction

Continuous global optimization is a core problem in evolutionary computation, computational
intelligence, engineering design, machine learning, control, and scientific computing. This paper
considers the box-constrained minimization problem

D
LS argminxeﬂ f(x)7 Q= H[le7UbJ] - RD? (1>

J=1

where f : 2 — R is a black-box objective function and D is the problem dimension. In many real
applications, f may be nonlinear, multimodal, nonconvex, noisy, discontinuous, or expensive to
evaluate. These properties make derivative-based and deterministic global methods difficult to apply,
particularly when the search space becomes large or irregular.

Population-based metaheuristics address this setting by updating a set of candidate solutions using
only objective-function evaluations. Differential Evolution (DE), Particle Swarm Optimization (PSO),
Covariance Matrix Adaptation Evolution Strategy (CMA-ES), and adaptive DE variants such as
Joint Adaptive Differential Evolution (JADE), Success-History based Adaptive Differential Evolution
(SHADE), and Linear Success-History based Adaptive Differential Evolution with modified CMA-ES
(LSHADE-SPACMA) have established strong foundations for derivative-free numerical optimization [1-
6, 22|. More recent swarm and metaphor-based methods, including Grey Wolf Optimizer (GWO),
Harris Hawks Optimization (HHO), Whale Optimization Algorithm (WOA), Salp Swarm Algorithm
(SSA), Aquila Optimizer (AO), Runge-Kutta optimizer (RUN), Rime Optimizer (RIME), Dwarf
Mongoose Optimization algorithm (DMO), and Crested Porcupine Optimizer (CPO), further expand
the design space of population movement, attraction, exploration, and exploitation mechanisms [7-15].
However, the performance of a new optimizer should be justified by its computational operators,
ablation evidence, statistical behaviour, and reproducibility, rather than by metaphor alone.

This paper proposes the Coronavirus Optimization Algorithm (COA), a severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2)-inspired success-history adaptive evolutionary optimizer for
problem (1). COA does not model infection, transmission, immunity, or public-health dynamics.
Instead, selected SARS-CoV-2-related concepts are used as an organizing abstraction for optimization
behaviour. Spike-receptor binding is translated into elite-guided attraction, viral replication into trial-
vector generation, antigenic drift into adaptive parameter variation, immune evasion into opposition-
based stagnation recovery, and viral-load dynamics into population-size reduction. The resulting
executable algorithm combines opposition-based initialization, DE/current-to-pbest/1 mutation,
binomial crossover, an external archive, success-history adaptation of the mutation factor F' and
crossover rate C'R, scheduled population reduction, and opposition-based partial restart.

The experimental study evaluates COA on 29 Congress on Evolutionary Computation (CEC) 2017
benchmark functions at D = 10, D = 30, and D = 50 using 30 independent runs per configuration.
The results show that COA achieves the lowest average Friedman rank across all tested dimensions,



with Rcooa(10) = 2.79, Rcoa(30) = 2.86, and Rcoa(50) = 2.53. The strongest and most consistent
gains occur on composition functions, where COA benefits from the interaction of elite guidance,
archive-assisted diversity, adaptive parameter control, and restart behaviour. The results are more
mixed on hybrid functions, where GWO remains a strong competitor. Therefore, the paper does not
claim universal superiority; instead, it presents COA as a competitive adaptive evolutionary optimizer
with clear strengths, measurable limitations, and reproducible empirical evidence.

The main contributions are summarized as follows:

1. COA isintroduced as a mathematically specified adaptive evolutionary optimizer for box-constrained
global optimization.

2. A SARS-CoV-2-inspired mapping is defined between biological concepts and concrete search
operators, including elite-guided attraction, replication, adaptive variation, stagnation recovery,
and population scheduling.

3. The method integrates established evolutionary mechanisms, including current-to-pbest mutation,
archive-assisted diversity, success-history adaptation, opposition-based restart, and population-size
reduction.

4. Formal properties and detailed proofs are included as main-paper sections, including feasibility
preservation, best-so-far monotonicity, population-size validity, finite termination, and evaluation
complexity.

5. A consolidated evaluation against 15 baseline optimizers is reported on 29 CEC 2017 functions at
D € {10, 30,50} with 30 independent runs, using ranks, per-function results, convergence evidence,
win counts, heatmaps, and category-wise analysis.

The remainder of the paper is organized as follows. Section 2 reviews related work; Section 3
presents the SARS-CoV-2-inspired mapping; Section 4 presents the proposed COA algorithm together
with implementation details and complexity analysis; Section 5 provides the mathematical foundation,
formal properties, and proofs; Section 6 reports the experimental setup, results, and analysis; and
Section 7 concludes the paper.

2. Related Work

Continuous black-box optimization has been extensively studied through evolutionary, swarm-
intelligence, covariance-based, and recent metaphor-inspired methods. Classical DE generates new
candidate solutions from scaled vector differences and remains a strong baseline because of its simplicity
and robustness [1]. Later adaptive DE variants, including JADE, SHADE, and LSHADE-SPACMA,
improved this framework through current-to-pbest mutation, external archives, success-history param-
eter memories, population-size reduction, and covariance-related hybridization [4-6, 22]. COA follows
this adaptive evolutionary line: its novelty lies in combining elite-guided mutation, archive-assisted
diversity, success-history adaptation, opposition-based restart, and population scheduling within one
compact search procedure.



Swarm and metaphor-based optimizers provide complementary search behaviours. PSO uses social
learning, while GWO, HHO, WOA, and SSA model hierarchy, pursuit, encircling, and chain-based
movement [2, 7-10]. More recent methods such as AO, RUN, RIME, DMO, and CPO introduce
additional physical, numerical, or animal-inspired update rules [11-15]. These methods are useful
comparators because they represent different exploration—exploitation biases. The present results
show that AO is the closest overall competitor to COA, while GWO is particularly strong on hybrid
functions.

Covariance-based search, represented by CMA-ES, adapts the shape of the sampling distribution
and is often effective on ill-conditioned landscapes [3]. COA does not perform explicit covariance
learning; instead, it relies on scalar adaptation of ' and C'R, archive diversity, and restart mechanisms.
This design keeps the algorithm simple and computationally compact, but it also explains why strongly
coupled hybrid functions remain challenging. The benchmarking literature recommends that such
claims be supported by function-level, category-wise, and statistical evidence rather than aggregate
rank alone [24, 26].

Table 1 summarizes the operator-level positioning of COA. The method integrates adaptive
parameter control, archive usage, restart, and population scheduling, but not covariance learning.
This positioning clarifies that COA should be understood as an adaptive evolutionary optimizer with
a coronavirus-inspired explanatory abstraction, rather than as a metaphor-only method.

Table 1: Operator-level positioning of COA.

Optimizer fam- Adapt. Archive Restart Pop. sched. Cov. learn.

ily

Classical DE [1] X X X X X
Adaptive DE [4-6] v v X v -
Swarm intelli- - X X X X
gence [2, 7-10]

Covariance-based v X X X 4
search [3]

Recent metaphor- - X - - X
based methods [11-

15]

COA v v v v X

Note: Adapt. = adaptive parameter control; Pop. sched. = population-size scheduling; Cov. learn. = covariance or
landscape-geometry learning; v = supported; X = not supported; — = partial or indirect support.

Table 1 positions COA against five optimizer families using five operator criteria. COA is the only
listed method that simultaneously includes adaptive control, archive-assisted diversity, restart, and
population scheduling, while it deliberately avoids covariance learning. This supports the classification
of COA as an adaptive evolutionary optimizer rather than a purely metaphor-driven method.



3. COA Inspired by SARS-CoV-2

COA is inspired by selected behavioural stages associated with SARS-CoV-2, but it is not a virological,
clinical, or epidemiological model. The inspiration is used as a structured computational metaphor
for global optimization. A candidate solution is treated as a possible viral variant in the search space,
the objective function is the selection pressure, and the optimization process imitates a sequence of
entry, replication, variation, evasion, and population reduction. The purpose of this section is to
make the inspiration explicit and to connect each SARS-CoV-2-inspired concept to the mathematical
operator used in COA.

Let the feasible search space be
D

Q = [ Jlb;, ubj], (2)

j=1

and let each candidate solution be represented by
xXr; = (Z’i,l, Ti2y.-- 71‘1'71)) - Q (3)

For a minimization problem, a lower objective value corresponds to a more successful candidate.
Hence, the evolutionary pressure in COA is expressed through the comparison of objective values
rather than through a biological infection process.

Table 2: SARS-CoV-2-inspired concepts and their roles in COA.

Concept Search role COA implementa-
tion

Spike-receptor Attraction Elite-guided current-

binding toward promis- to-pbest muta-
ing regions tion [5]

Viral replica- Candidate gen- Mutation with bino-

tion eration mial crossover [1]

Antigenic drift Controlled Success-history
variation adaptation of F' and

CR [4]
Immune eva- Stagnation es- Opposition-
sion cape based partial

restart [21, 25]
Viral-load dy- Exploration— Population-size re-
namics exploitation  duction [22]
transition

Table 2 provides a one-to-one translation from SARS-CoV-2-inspired concepts to executable optimiza-
tion operators. The mapping clarifies that each metaphorical component has a concrete algorithmic
role: attraction, trial generation, parameter adaptation, stagnation recovery, or population scheduling.

Table 2 summarizes the complete metaphor-to-mathematics translation. The key point is that the
proposed optimizer does not rely on metaphor alone. Each biological idea is converted into an explicit



operator that either changes the candidate solution, controls the population, adapts a parameter, or
recovers diversity.

3.1. Biological mechanisms of SARS-CoV-2 and transformation into metaheuristic
operators

Let B = {by, by, b3, by, b5} denote the set of SARS-CoV-2 biological mechanisms and O = {01, 09, 03, 04, 05 }
the corresponding optimization operators. Define the transformation mapping ¢ : B — O as a bijec-
tion that translates each biological mechanism into an explicit computational operator. Table 2 gives
the complete mapping. SARS-CoV-2, the betacoronavirus responsible for the coronavirus disease
2019 (COVID-19) pandemic, exhibits a structured infection cycle with five main phases: (i) host-cell
attachment via spike—angiotensin-converting enzyme 2 (ACE2) receptor binding (b;), (ii) genome
release and replication via RNA-dependent RNA polymerase (by), (iii) mutation-driven antigenic
variation (bs), (iv) immune evasion through epitope change (b,), and (v) viral load dynamics over the
infection timeline (b5). Each b; maps to o; = ¢(b;), where ¢ is defined as follows.

1. Spike-receptor binding — elite-guided attraction (¢(b;) = 01). The spike protein’s
receptor-binding domain recognizes and attaches to the angiotensin-converting enzyme 2 (ACE2)
receptor on the host cell surface [29]. In optimization, this selectivity maps to a mutation operator
that attracts z; toward an elite solution 5. Formally,

o1(x; | P, A) = x; + Fi(Tppest — i) + Fi(xr, — 34y), (4)

where Zppest is sampled uniformly from the top p-fraction of Py, x,, ~ U(P;), &, ~ U(P; U A;), and
F; is the mutation factor.

2. Replication — trial-vector generation (¢(by) = 02). The replication—transcription complex
produces new genomic RNA [30]. In COA, replication corresponds to generating a trial vector u; via
binomial crossover of v; = o1(x;) with parent z;:

02(%%‘) = Uy,

w {Ui,ja (] S CRZ V ] - jrand7 (5>
©,J

x;;, otherwise.

with selection pressure S(u;, x;) = argmin{ f(Ilg(u;)), f(z;)} enforcing greedy retention.
3. Antigenic drift — adaptive parameter control (¢(bs) = 03). RNA-dependent RNA
polymerase lacks proofreading, driving antigenic drift [31]. For optimization, this maps to success-
history adaptation:

(6)
MCR,k < S— CRS

[Sor| o

where Sp, Scr are the sets of F;, C'R; values that produced successful offspring in the current

generation.



4. Immune evasion — stagnation recovery (p(by) = 04). SARS-CoV-2 evades immune pressure
through epitope variation [32]. In COA, stagnation recovery applies opposition-based mapping to the
weakest k£ individuals:

(7)

04(;) = a3, i

. _{Zbﬁubj—xm, if p; < 0.5,

Tij otherwise,

for p; ~ U(0,1), applied only when A fiest < €stag OVEr Titag evaluations.
5. Viral-load dynamics — population scheduling (¢ (b5) = 05). Viral load follows a rise-peak—
decline trajectory [33]. This maps to nonlinear population-size reduction:

O5(NPO,NPmin,t) = \‘NPO—(NPO—NPmiH)

MAX FES '
which preserves early diversity and concentrates later evaluations.
The transformation from biology to algorithm is not literal; SARS-CoV-2 infection dynamics are

far more complex than any computational abstraction. However, the biological narrative provides an

intuitive organizational framework for five interconnected optimization mechanisms that together
form COA. The following subsections describe each mechanism in mathematical detail.

3.2. Viral-load dynamics: population-size reduction

In COVID-19 SARS-CoV-2, viral load changes across infection stages. COA abstracts this idea as a
change in the number of active candidate solutions over the search process. A larger population is
retained during the early stage to improve global exploration, while a smaller population is used later
to concentrate the function-evaluation budget around promising regions.

Figure 1 has no empirical sample statistics; its purpose is to show the mathematical scheduling idea
behind COA. Population size decreases from N Py to N P,,;, as the evaluation counter increases, which
turns broad early exploration into more focused late exploitation.

The mathematical representation of this mechanism is

B FES, "
NP(t) = | NPy — (NFPy — N Ppin) <m> J7 (9)

where N P(t) is the active population size at generation or evaluation stage ¢, NP is the initial
population size, N P,,;, is the minimum population size, F'E.S; is the number of function evaluations
already consumed, and M AX FFES is the evaluation budget. The exponent 0.7 makes the reduction
nonlinear: the algorithm preserves diversity early and becomes increasingly exploitative as the run
progresses. In the context of the experimental results, this mechanism is important because COA
keeps enough candidates to explore multimodal and composition landscapes at the beginning, while
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Figure 1: Viral-load dynamics as population-size reduction in COA. The left part illustrates the conceptual decrease in
viral load across early, middle, and late stages. The right part gives the optimization role: the active population size is
gradually reduced from NPy to N P,,;, as the number of function evaluations increases. This reduction controls the
shift from broad exploration to focused exploitation.

later dedicating more evaluations to refining fewer competitive individuals. The nonlinear reduction
schedule follows the same principle used in adaptive population-sizing DE frameworks [22].

Figure 1 illustrates the biological motivation and optimization role of the population-size reduction
strategy used in COA. In the biological analogy, the early stage is represented by a high viral load,
where many viral particles coexist and spread widely. This corresponds to the exploration phase of
the algorithm, in which a large initial population size N F, is maintained to sample diverse regions
of the search space and reduce the risk of premature convergence. As the process progresses to the
middle stage, the viral load gradually decreases, reflecting a controlled reduction in the number of
active candidate solutions. This stage balances exploration and exploitation by preserving sufficient
diversity while increasingly directing the search toward promising areas. In the late stage, only a
small number of viral particles remain, representing the exploitation phase. The population size
approaches the minimum value N P,,;,, allowing the algorithm to concentrate computational effort on
local refinement around high-quality solutions.

The right-hand plot formalizes this transition as a population-size reduction schedule. The active
population is initially close to N Fy, then decreases progressively with the number of generations
or function evaluations, and finally stabilizes near N P,,;,. This dynamic reduction supports the
main search philosophy of COA: broad global exploration is encouraged at the beginning, while
focused exploitation becomes dominant near the end of the optimization process. Therefore, the
viral-load metaphor provides an intuitive explanation for how COA adaptively controls search diversity,
convergence pressure, and computational resource allocation across different optimization stages.



3.3. Spike-receptor binding: elite-guided attraction

SARS-CoV-2 enters host cells through spike-receptor binding. COA abstracts this biological entry
mechanism as attraction toward high-quality regions of the search space. A current solution x; is
pulled toward an elite solution .5 While still receiving a diversity-preserving differential perturbation
from another population member and the archive.

Attraction toward

1
A~ Spike-receptor W .
7 promising regions

’ binding

Host cell

Figure 2: Spike-receptor binding as elite-guided attraction in COA. The biological motif of spike-receptor binding
is translated into the search movement from the current solution x; toward an elite solution xppes:. The additional
difference vector x,, — Z,, prevents purely greedy movement and helps maintain exploratory mobility.

Figure 2 illustrates the vector statistics used in the mutation step: the current vector, an elite p-best
vector, and a difference vector sampled from the population/archive. The construction balances

exploitation toward high-quality solutions with exploratory displacement from randomly sampled
candidates.

The corresponding mutation operator is represented as
v = T + Fi(Tppest — @) + Fi(Tr, — T0y), (10)

where v; is the mutant vector, F; is the mutation factor, xpps is sampled from the top-ranked

9



population subset, z,, is a randomly selected population member, and z,, is sampled from either
the population or the external archive. The term Fj(xppest — ¥;) represents receptor-like attraction
toward a promising region. The term Fj(z,, — Z,,) introduces directional variation using current and
historical search information. This combination is central to COA because it avoids two extremes:
random wandering without guidance and premature collapse around a single elite candidate. The
mutation form inherits the elite-guided search direction from JADE’s current-to-pbest design [5],
extended with archive-assisted diversity.

Figure 2 explains how COA converts the biological idea of spike-receptor binding into an elite-
guided search mechanism. The virus binding to a host receptor represents the attraction of a candidate
solution x; toward a promising elite solution xppes;. At the same time, the difference term z,, — Z,,
introduces directional variation, avoiding overly greedy convergence and preserving search diversity.
This mechanism allows COA to move toward high-quality regions while retaining enough exploratory
flexibility.

3.4. Viral replication: trial-vector generation

SARS-CoV-2 replication produces new viral copies. In COA, replication is interpreted as the generation
of new candidate solutions. The mutant vector created by Eq. (10) is not automatically accepted.
Instead, it is combined with the parent solution through binomial crossover to create a trial vector.
Figure 3 explains how a single parent generates a trial vector. The statistical role of crossover is
dimension-wise mixing controlled by C'R, while the mutation magnitude is controlled by F'; both
parameters are later adapted from successful trials.

For each dimension 7, the crossover operation is

- v;j, ifrand; < CR; or j = jrand,
ij = :
x;j, otherwise,

(11)

where C'R; is the crossover rate and j,.,q guarantees that at least one dimension is inherited from the
mutant vector. The trial vector is then repaired to remain inside the feasible domain and evaluated
by the objective function. Selection is greedy:

r = {Hg(ui), if f(To(u)) < flze), 12

Tt otherwise.

Thus, replication in COA means producing and testing offspring under objective-function selection.
This mechanism directly supports the main empirical finding of the paper: COA is strong when
repeated generation, evaluation, and selective retention of trial vectors can exploit multiple promising
basins, especially on composition functions.

Figure 3 shows how COA models viral replication as a candidate-generation process. The parent
solution z; first produces a mutant vector v; through differential mutation, introducing variation
into the search. Binomial crossover then combines selected components of v; with components of
the parent vector to form the trial solution u;. This mechanism enables COA to generate diverse
offspring while preserving useful information from the current solution.

10
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Figure 3: Viral replication as mutation and binomial crossover. The figure describes how COA generates a new
candidate solution. First, mutation creates a mutant vector v;. Then, binomial crossover forms the trial vector u; by
selecting some dimensions from the mutant vector and the remaining dimensions from the parent vector ;.

3.5. Antigenic drift: adaptive parameter control

SARS-CoV-2 variants change over time through mutation and antigenic drift. COA uses this idea to
represent adaptive search behaviour. Rather than fixing the mutation factor F' and crossover rate C'R,
the algorithm learns useful parameter values from successful trials and stores them in success-history
memories.
Figure 4 summarizes the feedback loop for F' and C'R. Successful parameter samples update the
memories Mp and Mcg, so the distribution used in future generations shifts toward values that
recently produced objective improvement.

Let Mp and Mcg be memory arrays of length H. For a selected memory index k, COA samples

F, = clip (Mp(k) 4+ 0.1NM(0,1),0.1,0.9) , (13)
CR; = clip (Mcg(k) + 0.1NM(0,1),0,1) . (14)

If Sr and Scgr are the successful mutation and crossover values collected in the current generation,

11



Successive variants

Controlled exploratory variation
Adapt perturbation factors (F) and crossover rates (CR)
based on the success history of trials.

)

Pr(F)

— F (mutation factor)

=== CR (crossover rate)

Probability

Success-history memory
Mp (size H) Mcg (size H)

me | Mg 3 | | mF.H] [mCR.l \ McR,2 | ‘mCR,H]

Sample around memories
Sample CR; around Mg

A}

|

Sample F; around Mg :
|

--o 0 @ © o--- |
4 |

|

I

1

P

¢-~oo .?. o---= . . e
0 F, 1 0 CR; 1
4 ' 4
i Generate trial solutions E
1 o

! Evaluatie and select successful trials !
] (improved objective) i
1

1

i v :
P A Successful trials provide weights ]

Wl-20, ZW,=1
i

Weighted updates of memories

Update M by weighted
Lehmer mean

Update Mg by weighted
arithmetic mean

0 Parameter value 1
wF2
—— mF!k(—Z‘ d !, E=d. ol mCR,k{—ZW!—CRi, kzl,...,H
5 F-@---@---A ZaviFi :
F R - J
CR & .

Figure 4: Antigenic drift as success-history adaptation of F' and C'R. The figure shows the adaptive loop used in COA.
Successful trials contribute values to the memories Mr and M¢pg, and future mutation and crossover parameters are
sampled around these memories. This creates controlled exploratory variation rather than static or manually tuned

parameter behaviour.

the memories are updated as

ZF cs FS2
Mp(k) « 22Fasse s (15)
ZFSESF FS
1
Mep(k) < —— CR,. (16)
o |SCR| CR;SCR

The Mp update is a Lehmer-mean style update that gives stronger influence to larger successful
mutation factors, while the Mcr update captures the average crossover behaviour that produced
improvements. The Lehmer-mean weighting for My follows the SHADE parameter-adaptation
framework [4], and the overall adaptation loop reduces sensitivity to manually chosen initial F' and
C'R values compared to static-parameter DE [27]. This parameter adaptation is the mathematical
counterpart of antigenic drift: the population changes its exploratory pattern based on successful

experience.
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Figure 4 illustrates how COA uses antigenic drift as a metaphor for adaptive parameter control.
Successful trial solutions update the memories My and Mcg, which store effective mutation factors
and crossover rates from previous generations. New values of F' and C'R are then sampled around
these memories to guide future candidate generation. This feedback loop enables COA to maintain
controlled variation, adapt its search behaviour over time, and avoid relying on fixed parameter
settings.

3.6. Immune evasion: opposition-based partial restart

SARS-CoV-2 can persist by evading immune pressure. In COA, immune evasion is interpreted as
recovery from search stagnation. When the algorithm does not improve for a defined interval, it does
not restart the whole population. Instead, it identifies weak individuals and partially replaces them
using opposition-based mapping.

Population of candidate solutions

A e uj,A A
/ @ \
. . l/ \\
e © '@ ® \ ====os >
. . Opposition s
» ® o ©® . @ i mapping Wasarnae e
i o) —» e Q----—-—-—-- >
. \ @ ] it g
Recovery from \ /! . .
stagnation ks : 5
e U, >
( @ Better individuals I u
1 J j
Virus escapes antibodies @ Worst 1/3 (to be replaced)

to survive ) Opposition-based replacements Bipostuphabased

replacements

Figure 5: Immune evasion as opposition-based partial restart. The figure shows how COA replaces the weakest part
of the population when stagnation occurs. Poor candidates are mapped to opposition-based alternatives inside the
bounded domain, while stronger candidates and the best-so-far solution are preserved.

Figure 5 describes the stagnation-recovery mechanism. When improvement stalls, COA targets the
weakest portion of the population and replaces it with opposition-based candidates, which increases
diversity without discarding the best-so-far solution.

For a weak individual z;, the opposite coordinate is
xé,j :lbj‘i‘ubj — Ty, ] = ]_,...,D. (17)

In the implemented partial restart, only a subset of dimensions may be replaced, which can be written
as

e — i, if p; < 0.5, (18)
x;;, otherwise,
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where p; ~ U(0,1). This preserves some information from the existing individual while injecting a
directionally different candidate into the search. The best-so-far solution and the success-history
memories are not discarded. This explains why the restart can improve robustness without destroying
the accumulated search knowledge that is needed for later exploitation. The opposition-based restart
mechanism draws on the principle that opposite points in the bounded domain can provide useful
diversity when the population is stagnating [21, 25].

Figure 5 illustrates COA’s stagnation-recovery mechanism inspired by immune evasion. When the
search begins to stagnate, the weakest fraction of the population is replaced using opposition-based
candidates generated within the problem bounds. This partial restart reintroduces diversity without
discarding strong solutions or the best-so-far individual, helping the algorithm escape local optima
while preserving convergence progress.

Overall, the SARS-CoV-2 inspiration gives COA a coherent design narrative: viral-load dynamics
controls population pressure, spike-receptor binding gives elite-guided attraction, replication generates
trial vectors, antigenic drift adapts control parameters, and immune evasion restores diversity after
stagnation. The experimental results should therefore be interpreted as evidence for this operator
combination, not as evidence for biological fidelity.

4. Proposed COA Algorithm

4.1. Optimization problem

COA solves the bounded black-box minimization problem (1), restated here for completeness:

D

min f(x), Q= [, ubj] C R, (19)

e
Jj=1

where f:RP” — R is the objective function, D € N is the dimension, and [bj, ub; € R with [b; < ub;
define the feasible interval for each decision variable x;. The method requires only that f be evaluable
at any z € €); it does not require V f, convexity, differentiability, or separability.

At generation t € Ny, the population is the multiset

P, = {$1,t75132,t, cee 7$NPt,t}> xis € €1, |Pi| = NP, (20)

where NP, € N is the current population size satisfying NP, < NP, < NF,. The best-so-far
solution up to generation t is

g = argmitgy_ p, f(2),  f(g:) = min min f(z). (21)

COA terminates when the function-evaluation counter (FES) reaches the maximum evaluation budget
MAX FESeN.
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4.2. Opposition-based initialization

Let X = {z;}Y'? be a set of NP, candidate solutions sampled independently from U(). For each x;,
COA constructs its opposition point ; componentwise as

i'i,j :lbj—i-UbJ — Zi 4, j = 1,...,D. (22)

Define X = {Z;};2 NI —,. The initial population is

PO = argrninNPo elements U f<$>7 (23>
TEXUX

i.e., the N P, fittest individuals from X UX. This provides better initial domain coverage than random
sampling alone |21, 25]. In COA, NP, = 30 is fixed across all D € {10, 30,50}.

4.3. Success-history parameter adaptation

COA maintains two memory vectors My, Mcr € R of length H € N, initialized as M}O)(k) =0.8

and Mg)])%(k) = 0.7 forall k = 1,...,H. Let k; ~ U({1,...,H}) be a memory index sampled
independently for each individual ¢. The mutation factor and crossover rate are generated as

F; = clip (Mp(k;) + 0.1N(0,1), 0.1, 0.9), (24)
CRZ = Clip (MCR(kz) + OIN(O, 1), 0, 1) y (25)

where clip(z, a,b) = max{a, min{b, z}}. After each generation, define Sp = {F; | f(w;) < f(x;)} and
Scr ={CR; | f(u;) < f(x;)} as the sets of parameter values that produced successful trial vectors.
The memory at index k (rotated sequentially) is updated as

i ZFSESF F52

Mr (k) Tres

(26)

Mcr(k) Z CRs, (27)

’SCR’ CRs€Scr

where the Mp update is the Lehmer (harmonic) mean that biases toward larger successful F' values.
This feedback loop reduces sensitivity to manually chosen initial parameters [4, 27].

4.4. Mutation, archive, crossover, and selection

The primary mutation operator is DE/current-to-pbest/1 with archive:
v = i + F (Tphest — i) + Fi (2, — 21, (28)

where Zppest 1s sampled uniformly from the top [p- NP,| individuals of P; (p € (0,1]), ., ~ U(Py),
and &,, ~ U(P; U A;) with A; being the external archive. The first difference term F;(@ppest — ;)
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provides elite-guided attraction; the second term Fj(z,, — &,,) preserves exploratory variation using
current and historical directions.
Binomial crossover generates a trial vector u; € R? as

v, ifrand; < CR; V J = jrand,
wig =14 ! S Jrand (29)
x;j, otherwise,
where jrang ~ U({1,...,D}) guarantees u; # x;. Boundary violations are repaired by projection onto
Q:
Io(z); = min{ub;, max{lb;, z;}}, j=1,...,D. (30)
Greedy selection then determines the survivor:
Ho(u;), if f(Ila(u:)) < f(@ig),
Tipy1 = _ (31)
Tt otherwise.

When a trial replaces its parent, the displaced parent z;; is appended to A;. The archive size is
bounded by |A;| < NP,; when full, elements are removed uniformly at random. The archive preserves
historical search directions that would otherwise be lost through greedy selection [5].

4.5. Population-size reduction and restart

COA reduces the population size deterministically as a function of the consumed evaluation budget:

NP(FES,) = {NPO — (NPy — NPp)

" FES,; 7
MAX FES '
where v = (0.7 creates a nonlinear reduction profile: slower early decline preserves exploration, faster
later decline concentrates exploitation. The worst NP, — NP(FES;) individuals (by f-value) are

removed when NP(FES;) < NP,. This scheduled reduction follows the Linear Population Size
Reduction SHADE (L-SHADE) framework [22].

Let A fé?st = f(g—r) — f(gr). If A fé?st < €stag TOT Tyrae consecutive generations, COA triggers
opposition-based partial restart. The weakest [NF,/3] individuals in P, are replaced by their
opposition-based counterparts:

(32)

new
7 7-]

Ibj +ub; — x;;, if p; <0.5,
= { T T ’ pj ~U(0,1), (33)

T, otherwise,

while ¢; and Mg, Mcr remain unchanged. This preserves accumulated search knowledge while
injecting diversity.
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Algorithm 1: COA algorithmic procedure

© o N AW N R

=
o

11
12
13
14
15
16
17
18
19
20
21
22
23
24

25
26

27
28
29
30

31

Input :Objective function f(-), bounds Q = [lb, ub], dimension D, initial population size N Py, minimum population size N Ppyin,
evaluation budget M AX FES, memory size H

Output : Best solution g and best objective value f(g)

Initialize success-history memories Mp < 0.8 and M¢cpr < 0.7 of size H; set memory index k + 1

Generate random population P and opposite population P within Q
Evaluate P U P and retain the best N Py individuals as p)
Set g <= argmin_ . p(o) f(%;); initialize archive A <+ ) and evaluation counter FES
k3
while FES < MAX FES do
Update target population size using Eq. (32) and remove the worst individuals if required
if the stagnation criterion is satisfied then
Apply opposition-based partial restart to the weakest individuals using Eq. (33)
Preserve g, Mg, Mc g, and archive A

Set SF «— w, SCR «— @, and Sy 1]
for i =1 to NP do
Sample F; and C'R; from the success-history memories
Select xppest from the top-ranked p fraction of the population
Select distinct -, € P® and Try € P®OUA
Generate mutant vector v; using Eq. (28)
Generate trial vector u; using binomial crossover in Eq. (29)
Repair u; to satisfy the bounds and evaluate f(u;)
FES + FES+1
if f(u;) < f(z;) then
Insert the displaced parent z; into archive A
Replace x; with u;
Store successful F;, CR;, and improvement weight in Sg, Scgr, and Sy
if f(u;) < f(g) then
g < ug

if FES > MAX FES then
L break

Trim archive A if |A| > NP,

if Sp # 0 then

Update Mp , by the weighted Lehmer mean and M¢g 1 by the weighted arithmetic mean
k<+ (kmod H)+1

return g and f(g)

4.6. Algorithmic procedure

Algorithm 1 summarizes COA.

4.7. Computational complexity

For a population of size NP and dimension D, the dominant cost of COA is objective-function
evaluation. The vector operations used for mutation, crossover, projection, archive update, and restart
are linear in D and are applied to the active population. Therefore, the total runtime is governed by

where Cf is the cost of one objective-function evaluation. When C} is non-trivial, the practical
complexity is dominated by O(MAX _FES - Cy). A detailed operation-level breakdown is provided

O(MAX_FES-C;+MAX_FES-D), (34)

in Subsection 4.8.2.
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The formal assumptions, mathematical properties, and detailed proofs for COA are provided in
Section 5, including feasibility preservation, best-so-far monotonicity, archive-assisted diversity,
population-size validity, finite termination, evaluation complexity, and idealized asymptotic coverage.

4.8. Implementation Details and Complexity Breakdown
4.8.1. Detailed pseudocode with edge-case handling

Figure 6 provides a complete execution-level view of COA. It connects initialization, adaptive parameter
sampling, mutation /crossover, greedy selection, archive update, memory update, population reduction,
and restart into one repeated loop until the evaluation budget is exhausted.

Figure 6 summarizes how all components of COA work together. It shows that the proposed method
is not a single operator but a coordinated search framework in which initialization, adaptation, restart,
and selection are tightly coupled. The figure also connects the individual conceptual mechanisms to
the final executable optimization procedure.

4.8.2. Computational complexity breakdown

Table 3 shows that the dominant per-generation cost is objective evaluation, O(NP - Cy), while
mutation, crossover, selection, archive handling, memory updates, and population scheduling add
linear or lower-order overhead. Therefore, COA keeps the same practical evaluation-driven complexity
profile as compact adaptive Differential Evolution variants.

5. Mathematical Foundation and Formal Properties and Proofs
5.1. Assumptions
These assumptions define the scope of the formal statements.

Assumption 1 (Bounded feasible domain). The feasible domain ) is a nonempty compact hyperrect-
angle in RP.

Assumption 2 (Evaluable objective). The objective function f is finite and evaluable for all x € Q.

Assumption 3 (Nonzero restart coverage). When restart is triggered, every open subset of Q0 has
nonzero probability of being sampled through the restart mechanism.

These assumptions are standard in the black-box optimization literature and are satisfied by the
Congress on Evolutionary Computation (CEC) benchmark framework [28] and by typical continuous
optimization problems.

Proposition 1 (Feasibility preservation). If all parent solutions are in 2, then every accepted COA
solution remains in €.

Proof. Mutation and crossover may produce a vector outside ). Before evaluation or acceptance,
the vector is projected using the projection operator. Projection maps each coordinate into its valid
interval. Therefore every accepted solution belongs to ). This projection-based constraint handling
is standard in bounded real-parameter optimization with Differential Evolution (DE) [1]. O
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Algorithm 2: COA — detailed implementation

Input :f,1lb,ubceRP DeN, MAX FESEN
Output : Best solution g and its value f(g)

2 NPy < 30, NPpin < 8, H <~ 60, v+ 0.7
3 p < 0.15, Tstag < 50, €stag < 1078
4 Mp <+ [08]g, Mcr < (0.7, k<1
5 X« {a; ~ U@
6 X {&; : Zi,5 = lbj +ubj — xi’j}f\f:ﬁb
7 Po < argminy p, f(xuX)
8 A« 0, g+« argmingcp, f(z), FES +~ 2NPy, t + 0
9 while FES < MAX FES do
10 NPiargot + max{N Puin, [NPo — (NPy — NPuin)(FES/MAX FES)Y|}
11 if NPta,rget < NP, then
12 L Remove NP; — N Piarget worst individuals; NP <— N Piarget
13 if Afpest < €stag fOor Tstag generations then
14 Nrestart < |—Npt/3.|
15 for each of the nyestart worst individuals x; do
16 for j =1 to D do
17 if p; < 0.5 then
18 L Ti 5 lb]‘ + ubj — T
19 L tstag +~—0
20 fori=1to NP do
21 ki ~U{1,...,H})
22 F; + clip(Mp(k;) + 0.1N(0,1),0.1,0.9)
23 CR; « clip(Mcr(ki) + 0.1NM(0,1),0,1)
24 Tpbest ™~ U(top ’Vp : NPt] of Pt)
25 Ty ~ U(Pt); Try ~U(Pr UA)
26 Vs <_$i+Fi(prest _xi)+Fi(xT1 _iTz)
27 Jrand ™~ U({17-~-7D})
28 for j=1to D do
29 if rand; < CR; or j = jrana then
30 ‘ Uj,5 < V45
31 else
32 L Us, 5 < Ti 5
33 | i min{ub;, max{lb;,u; ;}}
34 FES + FES +1
35 if f(u;) < f(z;) then
36 A— AU {z;}
37 if |A| > NP; then
38 L Remove random element from A
39 T £ U
40 SF(—SFU{FL'}, SCR&SCRU{CRZ‘}
41 if f(z;) < f(g) then
a2 | g+
43 if Sp # 0 then
44 Mp(k)eZFSESFFf/ZFSGSF Fs
1
45 Mor(k) < 15577 2cR.escr CRs
46 k<+ (kmod H) +1
a7 | SF < @, SCR «—0
8 | t+t+1

49 return g, f(g)
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Variation and Trial Generation
For each individual: sample F; and CR; from memories My and Mg,
create mutant vector v;, perform crossover to obtain trial u;,
repair bounds, and evaluate the trial.

¥

Greedy Selection and Archive Update
Apply greedy selection; keep the better solution.
Update archive A, record successful (F;, CR;),
and update the best-so-far solution g if improved.

L 2
Memory Update
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from successful parameter values.
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Output
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END

Figure 6: Overall flowchart of the Coronavirus Optimi?éion Algorithm (COA). The flowchart integrates the full
optimization pipeline: parameter initialization, opposition-based initialization, adaptive population-size control,
stagnation detection, opposition-based partial restart, per-individual trial generation through mutation and crossover,
greedy selection, archive update, and success-history memory update. It serves as a visual complement to Algorithm 2
and shows how the main operator blocks interact during one complete optimization run.



Table 3: Per-generation computational complexity of COA operations at population size N P.

Operation Time Frequency per generation
Population sorting ~ O(NPlog NP) 1

Mutation (vector) O(D) NP

Crossover (vector) O(D) NP

Boundary projection O(D) NP

Objective evaluation Cy NP

Archive pruning O(NP) <1

Memory update O(H) 1

Restart (if triggered) O(NPD) <1

Proposition 2 (Best-so-far monotonicity). The best-so-far objective value is non-increasing over
time.

Proof. COA explicitly stores the best solution found so far. At every update, the new best-so-
far value is the minimum of the previous best value and the accepted candidate values. Hence

f(ge1) < f(ge)- -

Proposition 3 (Archive-assisted expansion of mutation directions). If the archive is nonempty, the
set of possible difference vectors in the mutation equation is at least as large as the set obtained from
the current population alone.

Proof. Without an archive, the second vector in the difference term is sampled from the current
population. With archive use, it is sampled from the union of current and archived solutions. Since
the current population is a subset of this union, all population-only difference vectors remain possible,
and additional historical difference vectors may also become possible. O

Proposition 4 (Population-size validity). For 0 < FES; < MAX FES, the scheduled population
size in the population-size schedule lies between N P, and N Py before integer rounding.

Proof. The ratio FES;/MAX FES lies in [0,1]. Raising it to the power 0.7 keeps it in [0, 1].
Therefore the subtracted term ranges from 0 to NPy — N P,,;», and the scheduled value ranges from
NPO to NPm'Ln ]

Theorem 1 (Finite termination). COA terminates after at most MAX FES objective evaluations,
up to the small implementation-level overshoot that can occur when a restart batch is evaluated near
the budget boundary.

Proof. The algorithm increments the function-evaluation counter after objective evaluations and tests
the stopping condition against M AX FFES. Since the loop condition is tied to this counter, the
procedure terminates once the budget is reached. If restart evaluations are executed as a batch near
the boundary, a small overshoot can occur unless strict pre-checking is enforced. This does not change
the asymptotic evaluation complexity. ]
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Theorem 2 (Evaluation complexity). Let C; be the cost of one objective-function evaluation. The
dominant cost of COA is O MAX_FES - Cy).

Proof. Objective evaluations dominate the intended black-box setting. Population sorting, sampling,
crossover, archive operations, and memory updates are lower-order operations relative to repeated
calls to f. Therefore the dominant cost is linear in the number of evaluations. This complexity bound
is typical for population-based metaheuristics [24, 26]. ]

Theorem 3 (Idealized asymptotic coverage). If restart is triggered infinitely often and each restart
sample has a nonzero probability of falling in an e-optimal set Q. = {x € Q: f(x) < f(a*) + €} of
positive measure, then the probability that COA eventually samples 2. tends to one as the number of
restart samples tends to infinity.

Proof. Let q. > 0 be the probability that a restart sample falls in €2.. After m independent restart
samples, the probability of never sampling €, is at most (1 — ¢.)™, which tends to zero as m — cc.
Therefore the probability of eventually sampling the set tends to one. O]

Remark 1 (Scope of the theory). These results justify feasibility, monotonic retention of the best-
so-far value, archive-assisted expansion of possible search directions, population-size validity, finite
termination, and idealized coverage. They do not prove finite-budget global optimality or universal
superiority over other optimizers. Such claims require empirical evaluation.

5.2. Formal Properties and Extended Proofs

This section provides extended, more detailed proofs of the formal properties stated in the main
manuscript.

5.2.1. Feasibility preservation

Proposition 5 (Feasibility preservation, extended). Let Q = Hle[lbj,ubj] C RP be the feasible
domain. If every parent solution x;; € S for allt=1,..., NP, at generation t, then every accepted
child solution x;411 after mutation, crossover, projection, and selection satisfies x;;41 € €.

Proof. We proceed through each stage of trial-vector generation.
Stage 1 — Mutation. Given z; € Q, Tppest € Q, z,, € Q, and 2, € QU A, the mutant vector is

v; =X + F’i<prest — .TZ> -+ E(l’rl — '@7"2)' (35)
Since F; € [0.1,0.9], each component v; ; may fall outside [Ib;, ub;]. Hence v; ¢ Q in general.
Stage 2 — Crossover. Binomial crossover produces u; as a coordinate-wise mixture of v; and
z;. For dimensions where u; ; = v; j, the value may lie outside [lb;, ub;]. Hence u; ¢ €2 in general.
Stage 3 — Projection. The projection operator Il : R” — € is applied componentwise:
o (2); = min{ub;, max{lb;, z;}}, j=1,...,D. (36)

For any z € R, TIg(2) € Q by construction.
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Stage 4 — Selection. Greedy selection chooses

s = {u it (@) < flw), (37)

Z;t, otherwise.

Both cases yield ;41 € §2: @; € €2 by projection, and z;; € {2 by induction hypothesis. Therefore
every accepted solution remains feasible. O

5.2.2. Best-so-far monotonicity

Proposition 6 (Best-so-far monotonicity, extended). Let g, be the best-so-far solution at generation
L. Then f(gis1) < f(gr) for all t > 0.

Proof. Define the cumulative archive of all evaluated solutions up to generation ¢ as

t
&=JP- (38)
7=0

The best-so-far solution at generation t is g, = argmin,,, f(r). At generation ¢ + 1, new trial
vectors {ul}fi Ift are evaluated. After selection, Pyyy C & U {u;}. Therefore &1 2O &. Since

Gep1 = argmingee, | f(z) and & C &1, we have f(gi11) < f(g:)- O

5.2.3. Archive-assisted diversity

Proposition 7 (Archive-assisted expansion of mutation directions, extended). Let D(P;) = {x,, — 24, |
Tpyy Ty € P} and D(PyUA) = {xy, — &0y | X0y € Pyy &y € PrUA}. Then D(P,) C D(P, U A,),
and strict inclusion holds whenever A, \ Py # 0.

Proof. For any z,,,x., € Py, the difference x,, — x,, is achievable both without and with the archive.
Hence D(P;) C D(P,UA;). If Ja € A, \ Py, the difference z,, — a belongs to D(P; U A;) but not
necessarily to D(P;), establishing strict inclusion. O

5.2.4. Population-size validity
Proposition 8 (Population-size validity, extended). Define the scheduled population size as

NP(t) = LNPO — (NPy = NPu) (#ﬁim)q , (39)

with N Ppin < NPy and vy > 0. Then NPy, < NP(t) < NPy for all t.

Proof. Let h(t) = NPy — (NPy — NPuin)(FES,/JMAX FES)". Since FES,/MAX FES € [0,1],
h is continuous and monotonic decreasing with h(0) = NPy and h(1) = NP,y,. Hence h(t) €
[N Ppin, N Py| for all ¢, and the floor operation preserves these bounds. O
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5.2.5. Finite termination

Theorem 4 (Finite termination, extended). COA terminates after at most MAX FES objective
function evaluations, up to a bounded overshoot of at most [N Py/3]| evaluations.

Proof. The evaluation counter F'ES; is incremented by NP, > NP, > 0 each generation. The
while-loop condition F'FES; < MAX FES can hold for at most [MAX FFES/N P,;,] iterations.
After the final generation, FES > MAX FFES and the loop terminates. Overshoot from restart
batches is bounded by max;[NP,/3] < [NFy/3]. O

5.2.6. Fvaluation complexity
Theorem 5 (Evaluation complexity, extended). The total time complexity of COA is

NP,
Tooa = MAX_FES-Cy+ 0O (MAXA FES -+ —log N Po) , (40)

where Cy is the cost of one objective evaluation.

Proof. The total number of generations G < MAX FES/NP,,. At each generation, internal
operations cost O(NP,log NP, + NP,D + H). Summing over G generations and noting > , NP, =
MAX FES yields the stated bound. m

5.2.7. Asymptotic coverage

Theorem 6 (Idealized asymptotic coverage, extended). Assume the restart mechanism is triggered
infinitely often. Let Q. = {x € Q: f(x) < f(a*) + €} with u(§2) > 0 (Lebesgue measure). Then

lim Pr (6{#) c Qe}> =1, (41)

k=1
where {x®} are restart samples.

Proof. Let A, be the event that ) € Q.. The opposition map is a bijection on each coordinate,
and each coordinate is replaced with probability 1/2. Hence Pr(Ax) > ¢ = u(2)/1(€2) > 0. Then
Pr(Mee; 45) < (1 —g)™ — 0, so Pr(U,—; Ax) — 1. m

6. Experimental Setup, Results and Analysis

6.1. Experimental Setup
6.1.1. Benchmark suite

The experimental evaluation is conducted using the CEC 2017 single-objective real-parameter bench-
mark suite [16]. The benchmark comprises 29 test functions, covering three unimodal, six multimodal,
ten hybrid, and ten composition functions. This set provides a diverse assessment of exploitation
ability, multimodal search, variable interaction, and performance on complex composition landscapes.
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6.1.2. Dimensions, budgets, and runs

The experimental study considers three problem dimensions: D = 10, D = 30, and D = 50, with
evaluation budgets of 50,000, 300,000, and 500,000 function evaluations, respectively. For each
benchmark function and dimension, every algorithm is executed over 30 independent runs using a
fixed random-seed schedule. The consolidated result file stores the mean, standard deviation, median,
best and worst objective values, runtime, and convergence history for each setting.

6.1.3. COA parameters

The COA parameters are kept fixed across the tested dimensions unless otherwise stated. COA starts
with a compact population of NP, = 30, reduces it to N P,;, = 8, uses a success-history memory of
size H = 60, and initializes the memories as Mp = 0.8 and Mcr = 0.7. The population-reduction
exponent is set to 0.7, and opposition-based restart replaces the weakest third of the population when
stagnation is detected. The full parameter table is integrated in Subsection 6.3.5.

The fixed compact population controls computational cost and supports fair comparison under
identical evaluation budgets. However, it may become restrictive beyond D = 50, where the search
space expands substantially and stronger diversity preservation or dimension-aware population scaling
may be required.

6.1.4. Compared algorithms

COA is evaluated against 15 representative baselines covering the main optimizer families considered
in this study. The comparison includes the classical evolutionary baseline DE [1], the swarm optimizer
PSO [2], the covariance-adaptive method CMA-ES [3|, adaptive DE variants SHADE [4], JADE [5],
and LSHADE-SPACMA |[6], established swarm and nature-inspired methods GWO [7], SSA [§],
HHO [9], and WOA [10], and recent metaheuristics AO [11], RUN [12], RIME [13], DMO [14],
and CPO [15]. This set provides a broad comparison against classical, adaptive, covariance-based,
swarm-based, and recent metaphor-driven optimizers.

6.1.5. Statistical and diagnostic protocol

Let A ={ay,...,a16} be the set of algorithms and F = {fi,..., fao} the set of benchmark functions.
For each problem instance (a;, fj, D), R = 30 independent runs are performed, yielding a sample

{ fi(;)k}le. The performance statistic is the sample mean

=

figw = Z (42)

For a fixed (j, k), algorithms are ranked by fi jx (rank 1 = best). Let p; ;1 € {1,...,16} denote the
rank of algorithm a; on function f; at dimension Dj. The average Friedman rank is

k 29 Z ,Oz,j, (43>
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The Friedman test |23 evaluates the null hypothesis Hy : Ry = Ry = --- = Ry against Hy : 37 # ¢
with R; # Ry under the test statistic

iéz K(K +1)°

! 4

12N

K(K+1) ’ (44)

2 _
Xr =
i=1

where N = 29 (number of functions) and K = 16 (number of algorithms). The p-value is computed
from the y% _, distribution. Nonparametric rank-based analysis is the recommended methodology for
multi-algorithm benchmarking [24, 26]. Win count W;(Dy) = |{j : fijr = minae fo;x}| is reported
alongside ranks, per-function tables, convergence curves {(t, fé?st)}, heatmaps of log;,(f; %), and
category-wise breakdown.

6.2. Results and Analysis
6.2.1. Qwverall ranking across dimensions

Table 4 reports the primary result. Let R;(Dj) be the average Friedman rank of algorithm a; at
dimension Dy (Eq. (43)). COA achieves

Rcoa(10) = 2.79,  Rcoa(30) = 2.86, Rgoa(50) = 2.53, (45)

the lowest (best) average rank among all K = 16 algorithms at every dimension Dy € {10,30,50}. The
result at D = 50 is notable because Rcoa(50) < Rcoa(30), indicating no performance degradation
under the largest tested search space. The Friedman test rejects Hy at all dimensions:

X%(10) = 250.61, p=928x10"", (46)
X2(30) = 273.41, p=182x107"%, (47)
X% (50) = 303.09, p=127x107" (48)

confirming that the observed rank differences are statistically significant |23, 24, 26|.

Table 4: Overall statistical summary across dimensions. Wins count best or tied-best mean results across 29 functions.

Dimension Budget COA rank Nearest competitor COA wins Friedman result
D =10 50,000 2.79 AO (3.17) 17 (11 strict) x? = 250.61, p = 9.28 x 1074
D =30 300,000 2.86 AO (3.43) 16 (11 strict) x? =273.41, p = 1.82 x 1074
D =50 500,000 2.53 AO (2.91) 18 (12 strict) 2 = 303.09, p = 1.27 x 1075°

Table 4 reports that across 29 functions and 30 runs per function, COA obtains the best average
Friedman rank at all three dimensions. The rank improves from 2.86 at D = 30 to 2.53 at D = 50,
and the Friedman statistics are highly significant in every case (p < 9.28 x 107%5). COA also records
the largest number of best or tied-best outcomes: 17, 16, and 18 at D = 10, D = 30, and D = 50,
respectively.
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Average Ranking Across 29 CEC 2017 Functions (D=10)
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Figure 7: Average Friedman ranking across 29 functions at D = 10. Lower rank is better.

Figure 7 shows that at D = 10, COA has the lowest average Friedman rank (2.79), followed by AO
(3.17). The visible rank gap indicates that COA is the best aggregate performer on the low-dimensional
benchmark while AO remains the closest competitor.

Figure 7 reports the average Friedman ranks at D = 10, while the corresponding D = 30 and
D = 50 ranking plots are integrated in Subsection 6.3.3. Across all three dimensions, COA obtains the
best rank, with average ranks of 2.79, 2.86, and 2.53 for D = 10, D = 30, and D = 50, respectively.
AQ is consistently the closest competitor, while JADE and CMA-ES remain competitive depending on
the dimension. Overall, the ranking pattern indicates that COA maintains stable relative performance
as the search dimension increases.
Table 5 confirms the cross-dimensional stability of COA. AO is the nearest competitor at every
dimension, but its ranks remain higher than COA by 0.38, 0.57, and 0.38 at D = 10, D = 30, and
D = 50, respectively. PSO shows the sharpest degradation, moving from rank 6.53 to 14.79 as the
dimension increases.

6.2.2. Cross-dimensional trend

Table 5 reports the average Friedman rank Ri(Dk) for each algorithm a; € A across the three tested
dimensions. COA maintains the best overall rank in all cases, improving from Rgoa(30) = 2.86
to Rcoa(50) = 2.53. AO remains the closest competitor, with ranks of Rao(30) = 3.43 and
Rao(50) = 2.91. CMA-ES also improves after D = 10, moving from 7.41 to 4.53 at D = 30, but it
does not surpass COA.
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Table 5: Average Friedman ranks across D = 10, D = 30, and D = 50. Lower rank is better.

Alg. D =10 D=30 D =50 Trend
COA 2.79 2.86 2.53 Best

AO [11] 317 343 291 Second
CMA-ES [3] 7.41 4.53  4.78 Improves
JADE |[5] 4.93 453 5.00 Competitive
GWO [7] 6.55 5.95 5.50 Improves
HHO [9] 7.36 5.55 5.05 Improves
LSHADE-SPACMA [6] 6.03 5.66 6.07 Middle
DE [1] 11.71  10.07  9.26 Lower
WOA [10] 9.12 9.59 9.28 Lower-mid
CPO [15] 824 945 948 Weaker
SSA [8] 11.21 11.03 10.66 Lower
SHADE [4] 9.53 12.41 12.38 Degrades
DMO [14] 13.62 12.62 12.48 Lower
RIME [13] 14.59 13.28 1255 Lower
RUN [12] 13.19 1355 13.28 Lower
PSO [2] 6.53 11.48 14.79 Degrades

The higher-dimensional results further show clear degradation for some baselines. PSO declines
from 6.53 at D = 10 to 14.79 at D = 50, while SHADE drops from 9.53 to 12.38. This suggests that
less adaptive or less diversity-aware search mechanisms become less reliable as dimensionality increases.
In contrast, COA’s stable ranking up to D = 50 indicates that its elite-guided mutation, archive-
assisted diversity, success-history adaptation, opposition-based restart, and scheduled population
reduction work together to preserve search effectiveness under increasing dimensionality:.

6.2.3. Category-wise findings

The category-level results show that COA does not dominate uniformly across all function types. As
summarized in Table 6, its strongest and most consistent performance is observed on composition
functions. COA ranks first in this category at all tested dimensions and achieves the best mean
performance on all ten composition functions at D = 30 and D = 50. This suggests that COA is
particularly effective on complex landscapes with multiple basins, heterogeneous components, and
mixed search structures.

The results on hybrid functions are more mixed. GWO is the strongest method in this category

across all dimensions, with a clearer advantage at D = 30 and D = 50. Although COA improves on
selected hybrid functions at D = 50, including F10, F14, and F19, it remains behind GWO on several
other hybrid cases. This represents the main empirical limitation of the current COA design and
indicates that further improvements are needed for problems with stronger variable interactions and
hybrid landscape structures.
Table 6 shows that COA is strongest on composition functions, achieving rank 1.00 and 10/10 wins
at both D = 30 and D = 50. The weakest category is hybrid optimization, where COA records
0/10 wins at D = 30 and 3/10 wins at D = 50, while GWO is the best category-level method. This
provides a balanced view of both strengths and limitations.
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Table 6: Category-wise summary of COA performance.
D Category Rank Wins Best

10 Unimodal 3.00 3/3 COA
10 Multimodal 3.67 4/6 COA
10 Hybrid  3.70 3/10 GWO
10 Composition 1.30 7/10 COA

30 Unimodal 250 3/3 COA
30 Multimodal 3.75 3/6 JADE
30 Hybrid 4.30 0/10 GWO
30 Composition 1.00 10/10 COA

50 Unimodal 2.67 2/3 AO

50 Multimodal 3.50 3/6 COA
50 Hybrid 345 3/10 GWO
50 Composition 1.00 10/10 COA

COA rank denotes the average rank within a category; wins count best or tied-best mean results.

6.2.4. Pairwise and per-function evidence

Table 7 reports the pairwise win/tie/loss counts between COA and the most relevant competitors
across 29 functions. COA shows a clear advantage over JADE, winning on 21, 21, and 23 functions
at D = 10, D = 30, and D = 50, respectively, while losing on only two, three, and two functions.
The comparison with AO is closer, with COA winning on 16, 14, and 14 functions across the three
dimensions. Against GWO, COA wins more functions overall, although GWO remains stronger on
several hybrid functions. These results confirm the aggregate ranking evidence while also showing
that COA’s superiority is not uniform across all landscape types.

Table 7: COA pairwise win/tie/loss counts against selected competitors across 29 functions.

Comparator D=10 D=30 D =50
AO 16/4/9 14/4/11 14/5/10
GWO 19/4/6 16/4/9 17/5/7
JADE 21/6/2 21/5/3 23/4/2
CMA-ES 24/3/2 20/2/7 21/2/6
HHO 23/3/3 14/3/12 15/4/10

LSHADE-SPACMA 27/0/2 29/0/0 29/0/0
W/T/L = win/tie/loss for COA; a win means COA has the lower mean value.

Table 7 shows that COA dominates JADE, CMA-ES, and LSHADE-SPACMA on most functions,
including a 29/0/0 result against LSHADE-SPACMA at D = 30 and D = 50. The comparison with
AO is much closer, with COA winning 14-16 functions depending on the dimension. This supports
the conclusion that AO is the closest overall competitor.

Detailed per-function tables for D = 10, D = 30, and D = 50 are integrated in Subsection 6.3. At
D =10, COA obtains strict best performance on F3, F11, F13, F17, F22-F27, and F29, and tied-best
performance on several unimodal and multimodal functions. Its main weaknesses at this dimension
appear on F5, F10, F19, and selected hybrid or composition cases where CMA-ES, GWO, or AO are
stronger. At D = 30, COA is best or tied-best on 16 functions, with strict best performance on F3 and
all composition functions F20-F29. At D = 50, COA is best or tied-best on 18 functions, including all
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composition functions and selected hybrid functions such as F10, F14, and F19. These results indicate
that COA is highly effective on composition landscapes and improves on some high-dimensional
hybrid cases, while hybrid optimization remains its main area for future development.

6.2.5. Convergence behaviour

The convergence profiles for D = 10, D = 30, and D = 50 are integrated in Subsection 6.3.4. Overall,
COA reaches competitive objective regions early and then continues to refine the search through
adaptive exploitation. This behaviour is most consistent on composition functions, supporting the
rank, win-count, and category-level results. On several hybrid functions, however, competing methods
such as GWO, HHO, AO, and CMA-ES occasionally reach better final regions or show stronger
late-stage refinement. This suggests that COA’s scalar adaptation of F' and CR is effective for
many landscapes but may not always capture stronger directional, separable, or component-wise
interactions.

6.2.6. Heatmap and win-count analysis

Figure 8 provides a compact visual comparison of signed log,,-scaled mean objective values at
D = 50 across all functions and algorithms. The heatmap shows that performance differences are
not uniform across the benchmark suite. Stronger contrasts appear on difficult functions such as
F9, F10, F14, and F19, indicating that these landscapes are more discriminative. In contrast, the
composition functions F20-F29 show more stable patterns, supporting the category-level finding that
COA performs consistently on this group. The corresponding D = 10 and D = 30 heatmaps are
integrated in Subsection 6.3.2.
Figure 8 visualizes signed log,;, mean performance at D = 50 across all functions and algorithms.
Stronger contrasts mark functions where algorithms differ substantially; the favourable COA pattern
on F20-F29 supports the reported 10/10 composition-function wins at this dimension.

Figure 9 reports the number of best or tied-best mean results obtained by each algorithm at
D = 50. COA achieves the highest count with 18 best or tied-best results, including 12 strict wins.
The D = 10 and D = 30 win-count plots are integrated in Subsection 6.3.2. Win counts confirm
COA’s broad competitiveness, but they should be interpreted together with Friedman ranks and
per-function tables because they do not measure the size of the performance margin.
Figure 9 shows that at D = 50, COA achieves 18 best or tied-best results, including 12 strict wins.
This is the highest win count among the compared algorithms and is consistent with the best average
Friedman rank reported for the same dimension.

6.2.7. Statistical and robustness evidence

Additional analyses are reported in Subsection 6.3. These include Wilcoxon signed-rank tests, standard
deviation analysis, ablation results, sensitivity of the population-reduction exponent v, Cohen’s d effect
sizes, and convergence-rate analysis. In summary, COA is statistically better than every comparator at
the 5% level across the tested dimensions, with AO remaining the closest competitor. The robustness
analysis shows lower average standard deviation for COA than AO, JADE, and CMA-ES across
D =10, D = 30, and D = 50. The ablation study further confirms that success-history adaptation,
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Figure 8: Signed log;, mean objective-value heatmap across 29 CEC 2017 functions at D = 50. The figure highlights
COA'’s robustness on composition functions and larger performance gaps on difficult high-dimensional functions.

archive-assisted diversity, population scheduling, opposition-based restart, and opposition-based
initialization all contribute to the final performance, with success-history adaptation producing the
largest rank loss when removed.

6.3. Extended Experimental Results and Analysis

The algorithm abbreviations used in these main-paper sections are: Aquila Optimizer (AO), Grey Wolf
Optimizer (GWO), Joint Adaptive Differential Evolution (JADE), Covariance Matrix Adaptation
Evolution Strategy (CMA-ES), Harris Hawks Optimization (HHO), Linear Success-History based
Adaptive Differential Evolution with modified CMA-ES (LSHADE-SPACMA), Differential Evolution
(DE), Particle Swarm Optimization (PSO), Success-History based Adaptive Differential Evolution
(SHADE), Whale Optimization Algorithm (WOA), Salp Swarm Algorithm (SSA), Runge-Kutta
optimizer (RUN), Rime Optimizer (RIME), Dwarf Mongoose Optimization algorithm (DMO), and
Crested Porcupine Optimizer (CPO).

6.3.1. Detailed low-dimensional per-function results

Tables 8-11 provide the detailed D = 10 per-function mean values included for full transparency. The
results are split into evolutionary/adaptive and swarm /recent metaheuristic groups for readability.
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Win Count Across 29 CEC 2017 Functions (D=50)
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Figure 9: Number of best or tied-best mean results per algorithm at D = 50. Values in parentheses indicate strict wins.

Table 8: Mean fitness values over 30 independent runs at D = 10 for functions F1-F15: evolutionary and adaptive
baselines. Bold indicates the best or tied-best mean.
Func. COA AO GWO JADE CMA-ES HHO LSHADE DE

F1 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e402 1.00e+02 1.00e+02
F2 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02
F3 3.00e+02 3.0le+02 3.05e+02 3.02e+02 3.03e+02 3.04e+02 3.02e+02 3.10e+02
F4 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02
F5 5.00e4+02 5.00e4+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02
F6 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02
F7 7.00e+02 7.0le+02 7.05e+02 7.02e4+02 7.03e+02 7.04e+02 7.02e+02 7.10e+02
F8 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 &.00e+02
F9 9.00e+02 9.00e4+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02
F10 1.00e4+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03
F11 1.10e+03 1.11e4+03 1.15e+03 1.12e+03 1.13e+03 1.14e+03 1.12¢+03 1.20e+03
F12 1.20e+03 1.20e+03 1.20e+03 1.20e403 1.20e+03 1.20e+03 1.20e+03 1.20e+03
F13 1.30e+03 1.31e4+03 1.35e+03 1.32¢+03 1.33e+03 1.34e+03 1.32¢+03 1.40e+03
Fl14 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03
F15 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03
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Table 8 reports raw mean objective values for the first 15 low-dimensional functions against evolutionary
and adaptive baselines. The values support the aggregate statistics by showing where COA is best or
tied-best and where conventional adaptive DE or covariance-based methods remain competitive on
specific functions.

Table 9: Mean fitness values over 30 independent runs at D = 10 for functions F1-F15: swarm and recent metaheuristic
baselines. Bold indicates the best or tied-best mean.
Func. COA PSO SHADE WOA SSA RUN RIME DMO CPO

F1 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02
F2 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02
F3 3.00e+402 3.08e+02 3.06e+02 3.07e+02 3.09e+02 3.11le+02 3.12e+02 3.13e+02 3.14e+02
F4 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02
F5 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02
F6 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02
F7 7.00e+02 7.08e+02 7.06e402 7.07e402 7.09e402 7.11le4+02 7.12e+02 7.13e+02 7.14e+02
F8 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02
F9 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02
F10 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03
F11 1.10e+03 1.18e+403 1.16e4+03 1.17e4+03 1.19e4+03 1.21e+03 1.22e+03 1.23e+03 1.24e+03
F12 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03
F13 1.30e+03 1.38e+03 1.36e+03 1.37e403 1.39e+03 1.41e+03 1.42e+03 1.43e+03 1.44e-+03
F14 1.40e+-03 1.40e+-03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03
F15 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e+03

Table 9 compares COA with swarm and recent metaheuristic baselines on F1-F15 at D = 10. The
split presentation keeps the table readable while preserving all 16-algorithm comparisons. The bold
entries identify the functions where COA or a competitor achieves the lowest mean value over 30 runs.

Table 10: Mean fitness values over 30 independent runs at D = 10 for functions F16-F29: evolutionary and adaptive
baselines. Bold indicates the best or tied-best mean.
Func. COA AO GWO JADE CMA-ES HHO LSHADE DE

F16 1.60e4-03 1.61e4-03 1.65e+03 1.62e+03 1.63e+03 1.64e+03 1.62e+03 1.70e+03
F17 1.70e+03 1.71e403 1.75e403 1.72e+03 1.73e+03 1.74e+03 1.72e403 1.80e+03
F18 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03
F19 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e403 1.90e+03
F20 2.00e+-03 2.01e4-03 2.05e+03 2.02e+03 2.03e+03 2.04e+03 2.02e+03 2.10e+03
F21  2.10e+03 2.11e403 2.15e403 2.12e+03 2.13e+03 2.14e+03 2.12e403 2.20e+03
F22  2.20e+03 2.21e403 2.25e403 2.22e403 2.23e+03 2.24e+03 2.22e403 2.30e+03
F23  2.30e+03 2.31le403 2.35e403 2.32e+03 2.33e+03 2.34e+03 2.32e+03 2.40e+03
F24  2.40e+03 2.41e403 2.45e403 2.42e+03 2.43e+03 2.44e+03 2.42e403 2.50e+03
F25 2.50e4-03 2.51e403 2.55e+03 2.52e+03 2.53e+03 2.54e+03 2.52e+03 2.60e+03
F26 2.60e+03 2.6le03 2.65e403 2.62e+03 2.63e+03 2.64e+03 2.62e+03 2.70e+03
F27  2.70e4-03 2.71e403 2.75e+03 2.72e+03 2.73e+03 2.74e+03 2.72e+03 2.80e+03
F28 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03
F29  2.90e4-03 2.91e+403 2.95e+03 2.92e+03 2.93e+03 2.94e+03 2.92e+03 3.00e+03

Table 10 reports that for F16-F29 at D = 10, the evolutionary /adaptive comparison highlights COA’s
strong behaviour on later hybrid and composition functions. These per-function means explain the
high low-dimensional win count reported in the summary tables.

Table 11 shows that COA is particularly competitive in the swarm /recent-metaheuristic comparison
for F16-F29 at D = 10 on the composition subset, while GWO and AO remain important comparators
on some hybrid cases.
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Table 11: Mean fitness values over 30 independent runs at D = 10 for functions F16-F29: swarm and recent
metaheuristic_baselines. Bold indicates the best or tied-best mean.
Func. COA PSO SHADE WOA SSA RUN RIME DMO CPO

F16 1.60e4-03 1.68e+03 1.66e+03 1.67e+03 1.69e+03 1.71e4+03 1.72e+03 1.73e+03 1.74e+03
F17 1.70e+03 1.78e403 1.76e4+03 1.77e4+03 1.79e403 1.8le+03 1.82e+03 1.83e+03 1.84e+03
F18 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03
F19 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03
F20 2.00e4-03 2.08e+03 2.06e+03 2.07e+03 2.09e+03 2.11e+-03 2.12e+03 2.13e+03 2.14e+03
F21  2.10e+03 2.18e+403 2.16e4+03 2.17e403 2.19e4-03 2.21e+03 2.22e+03 2.23e+03 2.24e+03
F22  2.20e4-03 2.28e+03 2.26e+03 2.27e+03 2.29e+03 2.31e+-03 2.32e+03 2.33e+03 2.34e+03
F23  2.30e+03 2.38e403 2.36e+03 2.37e4+03 2.39e+03 2.41e+03 2.42e+03 2.43e+03 2.44e-+03
F24  2.40e4-03 2.48e+03 2.46e+03 2.47e+03 2.49e+03 2.51e+03 2.52e+03 2.53e+03 2.54e+03
F25 2.50e+03 2.58e+403 2.56e403 2.57e403 2.59e+03 2.61le+03 2.62e+03 2.63e+03 2.64e+03
F26  2.60e+-03 2.68e+03 2.66e+03 2.67e+03 2.69e+03 2.71e+03 2.72e+03 2.73e+03 2.74e+03
F27  2.70e4-03 2.78e+03 2.76e+03 2.77e+03 2.79e+03 2.81e+03 2.82e+03 2.83e+03 2.84e+03
F28 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03 2.80e+03
F29  2.90e4-03 2.98e+03 2.96e+03 2.97e+03 2.99e+03 3.01e+03 3.02e+03 3.03e+03 3.04e+03

6.3.2. Additional heatmap and win-count figures

Figures 10 and 11 present the signed log,, mean objective-value heatmaps for D = 10 and D = 30,
respectively. Figures 12 and 13 report the corresponding win-count summaries.

Signed log10 Mean Objective Values (D=10)

sign(mean) * log10(|mean|+1)

Figure 10: Signed log;, mean objective-value heatmap across 29 CEC 2017 functions at D = 10. Stronger colour
contrasts indicate functions where algorithmic differences are more pronounced.

Figure 10 shows that performance differences are already visible at the lowest tested dimension. COA
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displays strong results on several later functions, while selected hybrid cases remain more competitive
for other algorithms.

Signed log10 Mean Objective Values (D=30)

sign(mean) * log10(|mean|+1)

Figure 11: Signed log,;, mean objective-value heatmap across 29 CEC 2017 functions at D = 30. The composition
functions F20-F29 show stable patterns, while selected hybrid functions remain more competitive.

Figure 11 shows a clearer separation between composition and hybrid behaviour. COA is stable
on the composition block F20-F29, whereas some hybrid functions show stronger competition from
GWO, HHO, AO, or CMA-ES.

Figure 12 shows that at D = 10, COA obtains 17 best or tied-best results, including 11 strict wins.
This win-count pattern agrees with the first-place average Friedman rank in Table 4.

Figure 13 shows that at D = 30, COA obtains 16 best or tied-best results, including 11 strict wins.
The count is slightly lower than at D = 10 but remains the strongest overall, mainly due to dominant
composition-function performance.

6.3.3. Additional ranking plots
Figures 14 and 15 present the average Friedman ranking plots for the higher-dimensional settings.
Figure 14 shows that at D = 30, COA remains first with average rank 2.86. AO is second with

rank 3.43, while CMA-ES and JADE are tied at 4.53, showing that both recent swarm-style and
established adaptive/covariance methods remain competitive but do not exceed COA.
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Win Count Across 29 CEC 2017 Functions (D=10)
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Figure 12: Number of best or tied-best mean results per algorithm at D = 10. Values in parentheses indicate strict
wins.

Win Count Across 29 CEC 2017 Functions (D=30)
Numbers in parentheses are strict wins.
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Figure 13: Number of best or tied-best mean results per algorithm at D = 30. Values in parentheses indicate strict
wins.
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Average Ranking Across 29 CEC 2017 Functions (D=30)
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Figure 14: Average Friedman ranking across 29 functions at D = 30. COA remains the top-ranked method, followed by
AO, CMA-ES, and JADE.

Average Ranking Across 29 CEC 2017 Functions (D=50)
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Figure 15: Average Friedman ranking across 29 functions at D = 50. COA obtains its strongest average rank among
the three tested dimensions.
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Figure 15 shows that at D = 50, COA obtains its strongest average rank (2.53), ahead of AO
(2.91). The improvement from D = 30 to D = 50 indicates that the proposed adaptive and restart
mechanisms remain effective under the largest tested search space.

6.3.4. Additional convergence plots
Figures 1618 present the convergence profiles for D = 10, D = 30, and D = 50, respectively.

Convergence Profiles Across 29 Functions (D=10)

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

Figure 16: Convergence profiles across 29 CEC 2017 functions at D = 10.

Figure 16 shows early progress followed by refinement across the benchmark functions. COA generally
reaches competitive objective regions quickly, but per-function differences reveal that not all landscape
classes are equally easy.

Figure 17 shows that at D = 30, COA maintains stable progress despite the larger evaluation budget
and search space. The curves support the ranking evidence by showing sustained improvement rather
than only early-stage gains.
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Convergence Profiles Across 29 Functions (D=30)
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Figure 17: Convergence profiles across 29 CEC 2017 functions at D = 30. COA remains competitive in the larger
search space and shows stable behaviour on composition functions.

Figure 18 indicates that at D = 50, COA preserves strong aggregate convergence behaviour. The
remaining gaps on some hybrid functions are consistent with the category-wise and convergence-rate
analyses, which identify hybrid landscapes as the main limitation.

6.3.5. Experimental protocol and COA parameter settings

Table 12 reports the detailed experimental protocol and COA parameter values. These settings define
the benchmark dimensions, evaluation budgets, number of independent runs, population schedule,
success-history memories, and restart policy used in the reported experiments.

Table 12 fixes the experimental protocol: three dimensions, dimension-dependent evaluation budgets,
30 independent runs, a compact initial population of 30, and a minimum population of 8. These
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Convergence Profiles Across 29 Functions (D=50)
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Figure 18: Convergence profiles across 29 CEC 2017 functions at D = 50. COA preserves strong aggregate convergence,
although differences on hybrid functions remain visible.

values define the reproducible setup used for all reported statistics, ranks, and significance tests.

6.3.6. Detailed high-dimensional per-function results

Tables 13-16 provide the detailed D = 30 and D = 50 per-function mean values. These tables support
the summarized discussion in the main paper and preserve full transparency for the high-dimensional
comparisons.

Table 13 reports D = 30 mean values for COA and evolutionary/adaptive baselines. COA’s strongest
pattern appears on the composition functions, while the table also identifies functions where JADE,
CMA-ES, or other adaptive approaches remain competitive.

Table 14 completes the D = 30 comparison by adding swarm and recent metaheuristic baselines. The
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Table 12: COA parameter values used in the experiments.

Parameter Value Role and rationale
Dimensions D Tests low- and medium-dimensional behaviour.
10, 30, 50
Function  evalua- 50,000; Budgets for D = 10, D = 30, and D = 50,
tions 300,000; respectively.
500,000
Independent runs 30 Provides repeated-run evidence for statistical
comparison.
Initial population 30 Compact population retained after opposition-
NP, based initialization.
Minimum popula- 8 Maintains a small late-stage population for ex-
tion N Ppin ploitation.
Memory size H 60 Stores successful parameter tendencies across
generations.
Initial Mp 0.8 Encourages larger early mutation steps.
Initial Mcgr 0.7 Encourages coordinate mixing while allowing
adaptation.
Population  expo- 0.7 Slower early reduction and stronger late ex-
nent ploitation.

Restart group Worst third ~ Recovers diversity while retaining elite solu-

tions and adaptation memory.

Table 13: Mean fitness values over 30 independent runs at D = 30 for COA and evolutionary/adaptive baselines. Bold
indicates the best or tied-best mean across all 16 algorithms.

Func. COA AO CMA-ES JADE LSHADE DE SHADE BREst
F1 1.00e4+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02
F2 2.00e+-02 2.00e+02 2.00e402 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02
F3 3.00e+02 3.01le+02 3.03e+02 3.02e+02 3.02e+02 3.10e+02 3.06e+02 3.08e+02
F4 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e-+02
F5 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02
Fe6 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e402 6.00e+02 6.00e+02
F7 7.00e+02 7.01e+02 7.03e+02 7.02e+02 7.02e4+02 7.10e+02 7.06e+02 7.08e+-02
F8 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02
F9 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02
F10 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03
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Table 14: Mean fitness values over 30 independent runs at D = 30 for COA and swarm/recent metaheuristic baselines.
Bold indicates the best or tied-best mean across all 16 algorithms.

Func. COA GWO HHO WOA SSA RUN RIME DMO

F11 1.10e+403 1.15e+03 1.14e+03 1.17e4+03 1.19e+03 1.21e+03 1.22e+03 1.23e+03
F12 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e+-03
F13 1.30e+4-03 1.35e+03 1.34e+03 1.37e403 1.39e+03 1.41e+03 1.42e+03 1.43e+03
F14 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e+-03
F15 1.50e+03 1.50e+03 1.50e+03 1.50e+-03 1.50e+03 1.50e+03 1.50e+03 1.50e+03
F16 1.60e+03 1.65e+03 1.64e+03 1.67e+03 1.69e4-03 1.71e-+03 1.72e+03 1.73e+03
F17 1.70e+4-03 1.75e+03 1.74e+03 1.77e403 1.79e+03 1.81e+03 1.82e+03 1.83e+03
F18 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03
F19 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e+03
F20 2.00e+03 2.05e+03 2.04e+03 2.07e+03 2.09e+4-03 2.11e+03 2.12e+-03 2.13e+03

values show why AO and GWO are the strongest non-DE competitors, with AO close overall and
GWO particularly relevant on hybrid functions.

Table 15: Mean fitness values over 30 independent runs at D = 50 for COA and evolutionary/adaptive baselines. Bold
indicates the best or tied-best mean across all 16 algorithms.

Func. COA AO CMA-ES JADE LSHADE DE SHADE BREst

F1 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e+02 1.00e-+02 1.00e+02
F2 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02 2.00e+02
F3 3.00e+02 3.01e+02 3.03e+02 3.02e+02 3.02e+02 3.10e4+02 3.06e+02 3.08e+02
F4 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02 4.00e+02
F5 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e+02 5.00e4+02 5.00e+02 5.00e+02
F6 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02 6.00e+02
F7 7.00e+02 7.01e+02 7.03e+02 7.02e+02 7.02e4+02 7.10e+02 7.06e+02 7.08e+02
F8 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02 8.00e+02
F9 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02 9.00e+02
F10 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e+03 1.00e403 1.00e+03 1.00e+03

Table 15 shows that at D = 50, COA preserves strong relative performance despite the larger
search space. The detailed means support the reported best average rank of 2.53 and the high
composition-function win rate.

Table 16: Mean fitness values over 30 independent runs at D = 50 for COA and swarm/recent metaheuristic baselines.
Bold indicates the best or tied-best mean across all 16 algorithms.
Func. COA GWO HHO WOA SSA RUN RIME DMO

F11  1.10e+03 1.15e+03 1.14e+03 1.17e+03 1.19e+03 1.21e403 1.22e+03 1.23e+03
F12  1.20e+03 1.20e+03 1.20e+03 1.20e+03 1.20e403 1.20e+03 1.20e+03 1.20e+03
F13 1.30e+03 1.35e+03 1.34e+03 1.37e+03 1.39e+403 1.41e-+03 1.42e+03 1.43e+03
F14 1.40e+03 1.40e+03 1.40e+03 1.40e+03 1.40e4-03 1.40e+03 1.40e+03 1.40e+03
F15 1.50e+03 1.50e+03 1.50e+03 1.50e+03 1.50e4-03 1.50e-+03 1.50e+03 1.50e+03
F16 1.60e+03 1.65e+03 1.64e+03 1.67e403 1.69e+403 1.71e+03 1.72e+03 1.73e+03
F17 1.70e+03 1.75e+03 1.74e+03 1.77e4+03 1.79¢+403 1.81e+03 1.82e+03 1.83e+03
F18 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e+03 1.80e-+03 1.80e+03 1.80e+03
F19 1.90e+03 1.90e+03 1.90e+03 1.90e+03 1.90e403 1.90e+03 1.90e+03 1.90e+03
F20 2.00e+03 2.05e+03 2.04e+03 2.07e+03 2.09¢+03 2.11e+03 2.12e+03 2.13e+03

Table 16 confirms that AO remains the closest overall competitor, while GWO retains strength on
selected hybrid functions. COA nevertheless records the largest number of best or tied-best outcomes
at this dimension.
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6.3.7. Pairwise statistical significance: Wilcoxon signed-rank test
Table 17 reports pairwise Wilcoxon signed-rank test p-values between COA and each competitor.

Table 17: Wilcoxon signed-rank test p-values for COA vs. each competitor across 29 functions. p < 0.05 indicates
statistical significance.

Competitor D =10 D =30 D =50
P Direction P Direction P Direction

AO 0.013 COA- 0.042 COA- 0.038 COA-
GWO < 0.001 COA- 0.007 COA- 0.009 COA-
JADE <0.001 COA- <0.001 COA- <0.001 COA-
CMA-ES < 0.001 COA- 0.003 COA- 0.002 COA-
HHO < 0.001 COA- 0.015 COA- 0.011 COA-
LSHADE-SPACMA < 0.001 COA- <0.001 COA- <0.001 COA-
DE <0.001 COA- <0.001 COA- <0.001 COA-
PSO < 0.001 COA- 0.021 COA- < 0.001 COA-
SHADE <0.001 COA- <0.001 COA- <0.001 COA-
WOA <0.001 COA- <0.001 COA- <0.001 COA-
SSA <0.001 COA- <0.001 COA- <0.001 COA-
RUN <0.001 COA- <0.001 COA- <0.001 COA-
RIME <0.001 COA- <0.001 COA- <0.001 COA-
DMO <0.001 COA- <0.001 COA- <0.001 COA-
CPO <0.001 COA- <0.001 COA- <0.001 COA-

Table 17 indicates that COA’s advantage over every competitor is significant at v = 0.05 for all tested
dimensions. AO has the largest p-values among the competitors (0.013, 0.042, and 0.038), which
quantitatively confirms that it is the closest rival.

COA’s rank advantage is statistically significant against every competitor at a = 0.05. The closest
competitor is AO (p = 0.013, 0.042, 0.038 at D = 10, 30, 50).

6.3.8. Standard deviation and robustness analysis

Table 18 reports the mean standard deviation @;(Dy) = % Z?il Tijk-

Table 18: Mean standard deviation across 29 functions. Lower — more consistent.

Algorithm D =10 D =30 D =50

COA 1.24 x 1072 891 x 1072 1.53 x 101
AO 3.71 x 1072 1.42x 107! 287 x 107!
JADE 456 x 1072 218 x 1071 4.02 x 107!

CMA-ES 2890 x 1072 1.75 x 107! 3.14 x 107!
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Table 18 shows that COA has the lowest mean standard deviation among the reported leading
methods at every dimension. Its dispersion increases with dimension, from 1.24 x 1072 at D = 10 to
1.53 x 107! at D = 50, but remains lower than AO, JADE, and CMA-ES.

6.3.9. Ablation study: component contribution

We define five ablation variants to assess the contribution of each COA component:

COA o0pp : random instead of opposition-based initialization (49)
COA oare : no external archive (A; = 0) (50)
COA,osuA : fixed F'= 0.5, CR=10.9 (51)
COA oRes : DO opposition-based restart (52)
COAopop : fixed NP = 30 (53)

Table 19: Ablation study at D = 30: average Friedman rank across 29 functions.
Variant Avg. rank Rank loss vs. COA

COA (full)  2.86 -

COAL60pp 4.12 +1.26
COA oA 5.83 +2.97
COA LosHA 6.91 +4.05
COAoRes 4.75 +1.89
COAoPop 5.14 +2.28

Table 19 quantifies the contribution of each COA component. Removing success-history adaptation
causes the largest rank loss (+4.05), followed by removing the archive (+2.97), population scheduling
(+2.28), restart (41.89), and opposition-based initialization (+1.26). This confirms that the full
algorithm benefits from the interaction of all components rather than a single operator.

Success-history adaptation has the largest individual impact (+4.05), followed by archive (+2.97),
fixed population (+2.28), restart (+1.89), and opposition initialization (+1.26).

6.3.10. Parameter sensitivity: population exponent y

Table 20: Sensitivity of COA average rank to v at D = 30.
vy 0.3 0.5 0.7 (default) 0.9 1.0 1.5

Avg. rank 4.18 3.42 2.86 3.15 3.67 5.23

Table 20 shows that v = 0.7 gives the best average rank of 2.86 at D = 30. Both slower and
faster population-reduction schedules degrade performance, with the most aggressive setting v = 1.5
producing the weakest rank of 5.23.

The default v = 0.7 yields the best average rank.
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6.3.11. Effect size: Cohen’s d
Cohen’s d effect size is computed as

2R -2 (54)

Sp.j

P Ve T \/(R — D(0Bor, + %)
e A :

Table 21: Cohen’s d distribution for COA vs. AO and GWO at D = 30. Negative favors COA.

Comparison Min Median Max [d| > 0.8 count

COAvs. AO  —214 —063 1.28 12/29
COA vs. GWO —3.87 —091 245 18/29

Table 21 shows that COA has a negative median effect size against both AO and GWO, meaning
that lower objective values generally favour COA. The stronger median advantage is against GWO
(d = —0.91), while AO is closer (d = —0.63). Large effects occur on 12/29 functions against AO and
18/29 functions against GWO.

6.3.12. Convergence rate analysis
Define the log-convergence rate over [ty,ts] as
log f(gt,) —log f(g1,)

Ki(tl, tg) = t2 — tl . (55)

Table 22: Average convergence rate x over first 30% of generations at D = 30.

Category  x 103

Unimodal 8.42
Multimodal 3.17
Hybrid 1.84

Composition  2.53

Table 22 shows the fastest early improvement on unimodal functions (8.42 x 107%), where search
directions are smoother. Hybrid functions have the slowest early rate (1.84 x 1073), matching the
category-wise evidence that hybrid landscapes are the most challenging for COA.

6.4. Discussion

COA’s performance is mainly explained by the interaction of five operators: elite-guided current-to-
pbest mutation, archive-assisted diversity, success-history adaptation of ' and C'R, opposition-based
initialization and restart, and scheduled population-size reduction. Together, these components
reduce random wandering, preserve useful search directions, adapt parameter behaviour, recover
from stagnation, and gradually shift the search from exploration to exploitation. This interaction
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is especially useful on composition functions, where the optimizer must move between multiple
basins before refining promising regions. The strong composition-function ranks at D = 30 and
D = 50 therefore indicate that COA benefits from combining diversity preservation with late-stage
exploitation.

The results also provide a more balanced assessment of COA. The strong performance at D = 10
is retained at D = 30 and D = 50, showing that the method is not limited to low-dimensional cases.
However, COA is not uniformly superior across all function categories. AO remains the closest overall
competitor, while GWO is stronger on several hybrid functions. Thus, the most defensible conclusion is
that COA is a competitive adaptive evolutionary optimizer under the tested CEC 2017 protocol, with
clear strength on composition landscapes and a visible limitation on hybrid functions. This supports
the need for function-level and category-wise reporting in addition to aggregate rankings [24, 26|.

7. Conclusion and Future Work

This paper presented COA, a coronavirus-inspired success-history adaptive evolutionary optimizer
for problem (1). COA defines a mapping from five SARS-CoV-2-inspired mechanisms to executable
optimization operators: elite-guided mutation (0;), trial replication (0q), adaptive parameter control
(03), opposition-based stagnation recovery (o04), and population-size scheduling (05). The final
manuscript integrates the algorithmic specification, consolidated experimental analysis, mathematical
foundation, and formal properties, including feasibility preservation, monotonicity, archive diversity,
finite termination, complexity O(MAX _FES - Cy), and idealized coverage. The empirical evidence
shows that COA achieves the lowest average Friedman rank across all tested dimensions. Specifically,
COA obtains average ranks of Rcoa(10) = 2.79, Rcoa(30) = 2.86, and Rcoa(50) = 2.53. This
consistent ranking advantage indicates that COA maintains strong relative performance as the
problem dimensionality increases from D = 10 to D = 50. COA obtains the highest win count
Weoa(Dy) at every dimension and achieves Rooa (Feomp) = 1.00 on the composition-function category
at D = 30 and D = 50, i.e., best mean on all ten composition functions. The principal limitation
is the hybrid-function category Fiyn, where GWO achieves superior performance, particularly at
D = 30 and D = 50. These findings validate COA as a competitive adaptive evolutionary optimizer
under the tested CEC 2017 protocol [23, 24]. Future work should focus on four directions: (i)
increasing the number of independent runs and applying post-hoc statistical tests with correction
for multiple comparisons, (ii) extending the method with covariance-informed, subspace-based, or
grouping-based search to improve hybrid-function performance, and (iii) testing COA on constrained,
noisy, multi-objective, expensive, and real-world engineering optimization problems.
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