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Abstract—Real-world optimization landscapes are typically
dynamic, high-dimensional, and uncertain, and a single meta-
heuristic with fixed control parameters rarely sustains strong
performance across such environments, as formalized by the
No Free Lunch theorem. Existing adaptive frameworks attempt
to address this through online operator or algorithm selection,
but they suffer from two persistent limitations: coarse feed-
back mechanisms that reward the frequency rather than the
magnitude of improvements, and cumulative memory bias that
allows early-performing algorithms to monopolize selection long
after their advantage has faded. This work proposes a problem-
agnostic adaptive framework that integrates the Relative Im-
provement Metric (RIM), a proportional reward quantifying the
magnitude of each solver’s contribution, with a Sliding Window
(SW) policy that discounts older rewards temporally so that
algorithmic influence remains contingent on recent effectiveness.
The framework orchestrates a heterogeneous portfolio of eight
metaheuristics (GA, PSO, GWO, ACO, SSA, ABC, WOA, FA)
through probabilistic selection driven by SW-RIM weights,
with a small base probability that prevents any solver from
being permanently excluded. Empirical evaluation across 23
standard benchmarks and the CEC2020 suite shows that the
proposed mechanism reduces maximum solver participation
from above 70% in the baseline configuration to under 40%,
improves mean fitness on the majority of functions in both
groups, and achieves statistically significant gains over both a
baseline portfolio and a sliding-window-only variant (Wilcoxon
p < 0.001; Vargha-Delaney A12 between 0.72 and 0.85, large
effect across all comparisons). The two exceptions are functions
with deceptive or ill-conditioned landscapes (a narrow-valley
Rosenbrock-type function and a highly multimodal Schwefel-
type function), where all three configurations perform compa-
rably, indicating that SW-RIM’s benefit is contingent on the
portfolio containing at least one solver structurally suited to
the current landscape rather than on the selection strategy
alone. The results support SW-RIM as a lightweight, general-
purpose mechanism for sustaining diversity and impact-sensitive
adaptation in complex continuous optimization, without the
training cost of reinforcement-learning-based selectors.

Keywords—Adaptive metaheuristic; relative improvement met-
ric; sliding window; hybrid optimization; algorithmic selection;
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I. INTRODUCTION

In industrial scheduling to the smart grid management,
there are few situations that make real-life optimization
problems remain constant. They are abstract and multidimen-
sional and uncertain in nature [1], [2]. Although precise ones
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are hard to put at reasonable scales, metaheuristics, nature-
inspired and physics-inspired, have become the destination
solution to these unsolvable problems [3], [4]. Nevertheless,
classical metaheuristics is often incapable of reacting to a
change in the optimization landscape due to fixed parameters
or pre-determined search strategies.

This fact is mathematically supported by the No Free
Lunch theorem, which implies that no single optimizer can
be dominant to all problems possible to be solved by them
[5]. A top-performing algorithm in one search step can
perform poorly in another, making a compelling case of
hybrid systems that can revisit exploration and exploitation
in real-time [6], [7].

Although there has been improvement, there are still
significant gaps. 1) Coarse feedback: many adaptive schemes
manipulate control based on simple success counters that
compensate frequency of small gains and not the effect or
quality of these gains, which can lead to drift to marginally
beneficial behaviors. [8], [9], [10]. 2) Monopolization and
memory bias: initial success can enable one solver to con-
trol resource allocation, despite its loss of advantage. 3)
Robustness and overhead: external learning agents or on-
line feature extraction raise computational cost and may
be brittle in non-stationary/noisy environments [11]; while
self-adaptive parameter control and multi-approach hybrids
improve averages, unifying diverse operators within a single,
general framework remains challenging [12], [13], [14], [15],
[16], [17]. 4) Cost–precision trade-off: finer adaptivity often
increases runtime [18].

This research work proposes a problem-agnostic adaptive
framework that integrates a Relative Improvement Metric
(RIM) with a Sliding-Window (SW) policy. RIM quantifies
the magnitude of gains (not merely their count), while SW
limits historical inertia, preventing early leaders from indef-
initely monopolizing computation. Together, these compo-
nents deliver responsive, diversity-preserving selection across
heterogeneous solvers and sustain reliable adaptation in noisy,
dynamic landscapes. As shown in Section V, this translates
empirically into a reduction of maximum single-solver par-
ticipation from above 70% under the standard configuration
to under 40% under SW-RIM, together with statistically
significant gains in mean fitness (Wilcoxon p < 0.001,
A12 > 0.71).

The primary objective of this research is to design a
novel adaptive metaheuristic framework that intelligently
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combines diverse metaheuristic algorithms. To achieve this,
the Relative Improvement Metric (RIM) was developed and
integrated as a granular performance feedback mechanism to
accurately quantify the impact of algorithmic contributions.
Furthermore, include a Sliding Window (SW) approach to
manage the temporal influence of performance data, thereby
preventing algorithmic monopolization and fostering con-
tinuous diversity. The proposed framework’s performance,
robustness, and adaptability are rigorously evaluated across
a comprehensive suite of unimodal, multimodal, and highly
challenging CEC2020 benchmark functions. Finally, statis-
tically significant analyses are conducted to confirm the
superiority and reliability of this adaptive approach compared
to standard and intermediate configurations.

Conversely, this research article provides a number of new
contributions to the state of art. As an example, the litera-
ture provides solutions which frequently require a trade-off
between inflexible single-algorithm tuning (such as SHADE
[19]) or the high computational expense of reinforcement
learning. In order to overcome this contradiction, a cohesive
adaptive architecture was introduced that could coordinate a
heterogeneous set of metaheuristics-algorithms. By contrast
to earlier models that rely on either complicated external
agents or fixed hybrid pairs, this model relies on a lightweight
probabilistic mechanism. It is very helpful in reducing the
threat of the so-called algorithmic monopoly, making the
search process dynamic without the excessive overhead that
learning-based operators selection typically involves learning-
based search operates on high overheads and thus makes the
search process slow [20], [21].

The key aspect of this choice process is the incorpo-
ration of the Relative Improvement Metric (RIM) strategy
that fundamentally shifts the way the algorithmic success is
appreciated. The standard measures are prone to the failure of
rewarding frequency-counting small and not worthwhile gains
that may mislead the selection strategy. In turn, RIM defines
the penetration size scale in terms of magnitude. Tracking
proportional change to current fitness eliminates noise, and
rewards algorithms that make large, scalable progress, in spite
of the changes in fitness landscapes.

To achieve a meaningful balance between exploration and
exploitation, the Sliding Window (SW) strategy was designed
to act as short-term memory for the system. Sliding windows
are a standard tool in data-stream processing; applying the
same principle here offers a new form of temporal discount-
ing for metaheuristic selection [22]. The system weights
only the most impactful recent contributions, systematically
discounting older success data. This ”what have you done
for me lately” behavior prevents early leaders from resting on
past success and sustains search diversity without the rigidity
of more complex adaptive models.

Lastly, this framework was tested on a set of optimization
problems with extensive testing, including the modern CEC20
benchmark suite. The strict tests are not only statistically
validated, but they give tangible proof of the generalizability
of the framework. The findings show that such an approach is
capable of finding its way in high-dimensional terrain which
are rugged and which are often unable to be traversed by
fixed or narrowly-centered approaches.

The current paper is divided into the following sections:

Section II entails a thorough literature review on the topic
of adaptive metaheuristics, hybrid optimization strategies,
and associated areas. The suggested direction as presented
in Section III of this paper in which it describes how
the adaptive framework will be designed and deployed. An
account of the experimental design is presented along with
the parameters settings, as well as the benchmark testing
functionalities employed are also in Section IV. Section V
reports and discusses the experimental results and perfor-
mance measures, the dynamics of selecting an algorithm
along with the comparative analysis between various adaptive
configurations. Comparison of performance and foundational
principles as discussed in Section VI. Section VII explains
the conclusions of the paper that summarize the key findings
and outline possible avenues of the future research.

II. LITERATURE REVIEW

A well-established fact, encapsulated by the ”No Free
Lunch” theorem, is that metaheuristic algorithms possess
powerful optimization capabilities but remain fundamentally
problem-dependent [23]. This motivates adaptive mechanisms
that automatically tune parameters, switch operators/algo-
rithms based on recent performance, and integrate comple-
mentary search strategies. The following is a summary of
the main themes without attempting to provide exhaustive
coverage.

A. Adaptive Algorithm/Operator Selection

A first line of work chooses, per iteration or phase, the
most promising solver or operator according to online feed-
back. Learning-based selectors use reinforcement signals to
arbitrate among Genetic Algorithm (GA)/Particle Swarm Op-
timization (PSO)/Differential Evolution (DE)/Artificial Bee
Colony (ABC) and related portfolios, improving perfor-
mance on high-dimensional benchmarks [3]. Bandit-style
schedulers similarly balance exploration and exploitation
when selecting among Harris Hawk Optimization (HHO),
DE, and Whale Optimization Algorithm (WOA), achieving
strong convergence profiles [11]. Beyond generic reward
counts, feature-driven switching exploits online descriptors
(e.g., Evolutionary Normalized Convergence Rate (ENCR))
to decide when to hand off between algorithm pairs such as
HHO↔DE or Multi-Verse Optimizer (MVO)↔Moth-Flame
Optimizer (MFO) [24]. Together, these studies demonstrate
that lightweight, data-driven arbitration can outperform static
schedules when landscapes shift during search.

B. Parameter Control and Self-Adaptation

A complementary stream adapts internal controls to sus-
tain a healthy exploration–exploitation balance. Exemplars
include success-history parameter memories and size-aware
resets in DE [9], evolutionary-state-aware PSO with adap-
tive inertia/acceleration [12], and history-driven control in
Grey Wolf Optimizer (GWO) variants [13]. Broader self-
adaptive schemes learn operator usage on the fly [14], while
quantum-inspired and chaotic designs diversify early search
and sharpen late refinement [25], [26]. Hybridized self-
adaptation (e.g., GA-tuned Salp Swarm Algorithm (SSA))
further stabilizes convergence on diverse benchmarks [27].
Across these efforts, the common thread is to modulate
step sizes, mixing rates, or operator probabilities via recent
progress signals rather than static heuristics.
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C. Hybridization and Multi-Strategy Designs

Hybrid approaches combine complementary engines or
embed local search to accelerate refinement. Neuro-fuzzy
surrogates coupled with ACO/PSO/GA/Simulated Annealing
(SA) enhance parameter tuning for nonlinear modeling [8];
SA has been used to temper exploratory moves in other meta-
heuristics for faster settling [28]. Multi-vector DE hybrids
and similar designs report superior accuracy and convergence
in engineering identification and PV parameter extraction
[18]. Population-based methods are frequently paired with
adaptive local search (e.g., β-hill climbing) to improve neu-
ral hyperparameter optimization [29]. Classical cross-breeds
(e.g., PSO–GWO) target complementary strengths to balance
global roaming with local intensification [30]. Recent multi-
strategy variants engineer sub-populations, chaotic maps, and
distribution-based perturbations to maintain diversity and
avoid stagnation on large-scale tasks [16]. For instance,
hybrid whale optimization with long-short term memory
(LSTM) has been surveyed for applications in time-series
forecasting and anomaly detection, highlighting improve-
ments in convergence speed and solution quality [31]. In a
similar way, elephant-inspired algorithm offer considerable
exploration ability in multi-modal environments, as provided
in analyses of its variables and future trends [32]. Puma op-
timizer for schedule hybrid flow workshops which use adap-
tive optimization processes, address energy efficiency and
workforce constraints in industrial environments [33], while
statically structured learning automation promotes learning of
Bayesian network architectures [34].

D. Applications

Adaptive and hybrid mechanisms have been deployed
across a range of application domains, generally improving
solution quality and stability despite domain-specific con-
straints. In routing and scheduling, adaptive metaheuristics
have improved solution robustness under dynamic constraints
[1], [2]. In manufacturing and energy systems, hybrid designs
have been used to improve convergence stability under noisy,
resource-constrained objectives [18], [6]. In cybersecurity,
deep learning integrated with an enhanced multi-objective
Gorilla Force optimizer has enabled real-time intrusion detec-
tion for IoT environments with high accuracy [35], and adap-
tive optimization with deep learning has improved phishing-
email detection by dynamically tuning model parameters for
higher precision and recall [36]. Further application-specific
results across networking, smart-grid frameworks, and envi-
ronmental and biologically inspired design are summarized
in the Supplement [37], [38].

E. Synthesis and Gaps

The field has matured along three axes: 1) learning-
driven algorithm/operator selection [3], [11], 2) success-
history and state-aware parameter control [9], [13], [26], and
3) hybrid/multi-strategy integration for robustness [18], [16].
For instance, success-history-based adaptation in differential
evolution (SHADE) maintains a memory of effective parame-
ter settings to guide future generations [19], while reinforce-
ment learning approaches select operators by modeling the
search as a Markov decision process, often using Q-learning
or graph-based RL to predict performance [20], [21], [22].

There are four imperative limitations in the adaptive
optimization field. Originally, heterogeneity is uncommon in
practice; all known systems work as one portfolio, only being
able to optimize one method or a pre-programmed couple
however, instead of being a general controller to a variety of
solvers. Such rigidity of the structure only contributes to the
issue of memory bias. Early success can easily lyse resources
and without a dynamic checking mechanism, an early success
will control the process even when its edge has long since
worn off a limitation that is internal to parameter-specific
algorithms such as SHADE but not between algorithms.

The way existing frameworks monitor the search process
compounds this issue. Feedback mechanisms are typically
not granular enough, leading to the failure mode of over-
estimating the importance of frequent, microscopic gains
while underestimating the proportional importance of rare,
game-changing improvements [39]. Although more elaborate
solutions, such as reinforcement learning, might seem to re-
solve this granularity problem, they introduce a final obstacle:
the cost–precision trade-off. High-adaptivity designs often
carry substantial overhead in dynamic or noisy environments,
making their computational cost prohibitive in practice.

To address this gap, a generic framework has been pro-
posed, through which can combine the Relative Improve-
ment Metric (RIM) strategy and the Sliding-Window (SW)
strategy to identify progress and reduce historical inertia,
respectively. This combination cancels monopolization, main-
tains diversity and permits responsive and low-drift selection
among heterogeneous operators/solvers when they are in a
non-stationary state. SW-RIM, in contrast to RL methods,
which need training on state-action pairs and can overfit to
particular landscapes, or success-history methods, which are
restricted to inferring proportional improvements, provides
a straightforward, parameter-sparse mechanism that dynam-
ically weights the recent proportional improvements, and
doesn’t increase computation costs.

Table I makes this positioning explicit by comparing
SW-RIM against its three closest conceptual relatives along
the dimensions that matter most for adaptive selection: the
granularity of the feedback signal, the type of temporal
memory used, whether offline training is required, the per-
iteration computational overhead, and whether a formal regret
or convergence guarantee exists.

As Table I shows SW-RIM occupies a distinct point
in this design space: it is the only method combining 1)
a continuous, magnitude-proportional reward signal rather
than a binary or count-based one, and 2) strict temporal
discounting via a bounded sliding window rather than an un-
bounded cumulative memory, while remaining as lightweight
as SHADE and far cheaper than RL-based selectors. This
combination directly targets the two limitations identified
above — coarse feedback and memory-bias monopolization
— simultaneously, whereas each individual related method
addresses at most one of the two.

Recent advancements include deep reinforcement learning
for hyperparameter adaptation [40], [41], [42], [43], [44] and
multi-fidelity bandits for algorithm portfolios [45], [46], [47],
but persistent gaps in inter-algorithm memory bias remain.
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TABLE I. POSITIONING OF SW-RIM RELATIVE TO CLOSELY RELATED ADAPTIVE SELECTION METHODS

Method Feedback Granularity Temporal Memory Training Required Per-Iter. Overhead Formal Guarantee
SHADE [19] Success-history parameter memory;

binary/count-based success signal,
not proportional to gain magnitude

Cumulative memory archive (un-
bounded history, weighted average
update)

None (online update
only)

O(1) amortized None (empirical convergence
only)

Sliding-Window Bandits
(UCB-SW / EXP3-style)
[11], [22]

Reward per arm-pull, typically bi-
nary or count-based; some variants
use raw reward magnitude but not
fitness-relative scaling

Sliding window of fixed length W ;
older rewards fully discarded

None (online update
only)

O(K) per iteration
(index/statistic
recompute over window)

Regret bounds exist under sta-
tionary or slowly-drifting reward
assumptions

RL-based Operator/Algo-
rithm Selectors [20], [21]

State-action-conditioned reward, can
be arbitrarily granular but requires a
learned value function

Learned policy/value function (im-
plicit memory via network weights)

Yes — offline or on-
line training of a poli-
cy/value network

High: forward/backward
pass and policy update
per decision

Convergence guarantees typically
require MDP-stationarity assump-
tions rarely met in evolving fit-
ness landscapes

SW-RIM (this work) Continuous, proportional
to fitness-improvement
magnitude (∆ = |fnew −
fprev|/|fprev|)

Sliding window of fixed length
W , combined with proportional
reward scaling (not just recency)

None O(1) amortized
(window push/pop)
+O(K) roulette-
wheel sampling

None yet — identified as future
work (Section VI-D)

TABLE II. TAXONOMICAL COMPARISON OF THE SW-RIM FRAMEWORK AGAINST EXISTING ADAPTIVE OPTIMIZATION ARCHITECTURES

Dimension SW-RIM (Proposed) MAB Ensembles SHADE-variants Standard Hyper-heuristics

Reward Formulation Magnitude-proportional (RIM) Binary success or frequency-
based

Absolute fitness improvement Rank-based or heuristic-specific

Exploration Policy Dynamic roulette-wheel ϵ-greedy or UCB Deterministic replacement Softmax or stochastic acceptance
Memory Update Strict Sliding Window (Truncated) Infinite horizon or exponential

decay
Historical archive (FIFO) Markovian (current state only)

Credit Assignment Globally normalized fitness ∆ Local action value (Q-value) Parameter-level success rate Rule-based allocation
Computational Budgeting Generation-based allocation Evaluation-based allocation Sub-population based Phase-based

F. Taxonomy of Adaptive Selection Mechanisms

To situate the SW-RIM framework within the broader
landscape of adaptive optimization, it is essential to define its
mechanisms mathematically and structurally, distinguishing
them from existing portfolio and selection architectures.
Table II provides a detailed taxonomy across five fundamental
dimensions of adaptive control: reward formulation, explo-
ration policy, memory refresh, credit assignment, and compu-
tational budgeting. Unlike frequency-based multi-armed ban-
dit (MAB) configurations or the infinite horizon memory of
standard hyper-heuristics, the proposed SW-RIM framework
offers a precisely finite sliding window memory, coupled with
magnitude-proportional reward scaling, thus fundamentally
altering the temporal impact of past successes.

III. PROPOSED APPROACH

The proposed adaptive optimization framework aims to
identify the most appropriate algorithm for the problem at
hand, provide diversity to escape local optima, and strike
a robust balance between exploration and exploitation. It
provides algorithmic participants with opportunities to con-
tribute based on their performance and suitability, rather than
arbitrary random selection mechanisms.

A. Definition of Initial Population

The point at which the optimization process starts is with
randomization of candidate solutions which are the starting
population of the algorithm. In the present study, a population
size of N = 50 solutions was used and uniformly and
randomly distributed within predetermined lower and upper
limits, as it is customary in metaheuristic evaluations to cover
a large region and a non-bias search space in general, as
well as to ensure extensive coverage of the search space [3],
[48]. Each solution is a vector of dimensionality D = 30 for
Group-1 benchmarks, consistent with the typical scalability
setting used to assess continuous metaheuristics such as

CEC20 [49]. Especially, in every of the dimensions (d) of
the solution (xi), the value is sampled by using the Eq 1.

xi,d = lbd + (ubd − lbd) · r, r ∼ U(0, 1) (1)

where (r ∼ U(0, 1)) is a uniform random variable, (lbd) and
(ubd) are the bounds for dimension (d).

The employed benchmark test functions then used to eval-
uate each candidate solution independently to determine the
initial fitness of each. This step is essential for the subsequent
development process and ensures that all algorithms used
start from the same basic set of solutions, thus promoting
fair comparison [27].

B. Theoretical Motivation

The balance among recency and impact in adaptive selec-
tion motivate synergy between RIM strategy alongside SW
strategy, as well as tackling the “monopoly” issue where early
winners dominate due to cumulative bias. In theory, RIM
draws on natural optimization concepts in adaptive systems
[39], defining improvement as ∆f

|fcurrent| , where ∆f is the
fitness gain. This proportionality ensures a constant size and
prioritizes achievement over incremental adjustments, similar
to relative entropy in information theory for measuring large
shifts.

The SW strategy proposes a forgetting factor, where
memory limits the last iterations (W ), analogous to the
exponential decay in sliding windows in online optimization
[22]. In metaheuristics, this avoid dependence of path; where
without SW, the selection probabilities πk ∝

∑
rewardsk

lead to inertia; and with SW, πk ∝
∑T

t=T−W+1 rimt,k, which
includes a time discount and encourage diversity as Var(π)
increases over time.

The combination distinguishes itself from established
methods: unlike SHADE’s historical averaging for param-
eters [19], SW–RIM applies to algorithm-level selection with
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proportional rewards. compared to RL-based selection [21],
it does not suffer state-space explosion, or training expenses,
and provides updates of computational complexity of order
one per iteration. This sparse combining has a theoretical
increase in robustness in non-stationary landscapes as it
makes the Markov chain of algorithm states ergodic so that it
explores poorly-performing yet potentially-resurgent solvers.

C. Implementation of Metaheuristic Algorithms

Eight different metaheuristic algorithms had been mod-
ularly implemented in the framework, with each one be-
ing able to separately take a single step in optimization
and provide the current best solution and fitness. This is
an easy-to-integrate and easy-to- compare modularity that
supports the adaptive framework. The algorithms that have
been implemented are; Genetic Algorithm (GA), Particle
Swarm Optimization (PSO), Grey Wolf Optimizer (GWO),
Ant Colony Optimization (ACO), Salp Swarm Algorithm
(SSA), Artificial Bee Colony (ABC), Whale Optimization
Algorithm (WOA), and Firefly Algorithm (FA). The reason
for choosing the following metaheuristic algorithms is that
these algorithms are innately heterogeneous in terms of the
underlying optimization methods. Such diversity is essential
in building an environment that can successfully address a
wide range of types of problems, reduce the risk of being
trapped by local optimal solutions, and have a strong balance
between global exploration and local exploitation by diverse
searching processes. In order to strictly test the performance
of the framework, the framework was tested on two differ-
ent sets of benchmark functions, which mimicked different
optimization landscapes. In every function, they were run 30
times to assure the statistical soundness of the results.

Each algorithm’s “step” method takes the current iteration
and total iterations as input, allowing for parameters to
adapt over the optimization run. The best solution found by
each individual algorithm at any given time is continuously
retrieved using a dedicated method. Table III, provides a
summary of the algorithms and their key characteristics:

These settings in Table III, were selected based on estab-
lished benchmarks (e.g., CEC suites) and sensitivity analyses
in prior works, ensuring reproducibility and effectiveness
without exhaustive tuning [19], [59].

D. Algorithmic Complementarity and Structural Diversity

A mathematically heterogeneous investment portfolio can
only be justified if its components exhibit different behavioral
trajectories. To quantify this structural diversity, a perfor-
mance improvement analysis was performed across eight
selected algorithms using the CEC2020 criteria. Table IV
shows the Pearson correlation matrix for these improvements.
The predominantly low and negative correlation coefficients
confirm that the components excel at entirely different stages
of the search process (e.g., global exploration versus lo-
cal exploitation), effectively validating their inclusion in a
unified, non-replicating portfolio rather than relying on the
assumption of heterogeneity.

E. Integration with Benchmark Functions

In order to strictly test the performance of the framework,
the framework was tested on two different sets of benchmark

functions, which mimicked different optimization landscapes.
In every function, they were run 30 times to assure the
statistical soundness of the results.

1) Group 1: Standard benchmark test functions (F1-F23):
This set has 23 popular unimodal, multimodal and composite
benchmark functions. These functions include a range of
challenges in terms of dimensionality, separability and the
local optima number offering a wide testbed to metaheuristic
algorithms. Tables XXIV, XXV, and XXVI display these
functions (Appendix).

2) Group 2: CEC20 test functions (F1-F10): This selec-
tion is a collection of 10 contemporary and very demanding
benchmark functions in the IEEE Congress on Evolutionary
Computation (CEC 2020) contest. These functions are geared
towards being multi-faceted, which is commonly shifting,
rotation, and hybridization that is especially challenging
to solve using conventional optimization algorithms. Ta-
ble XXVII lists these functions.

F. Adaptive Algorithm Selection Mechanism

The adaptive algorithm-selection mechanism is the core of
the proposed framework. It overcomes the limitation of fixed
algorithm application, in which a single metaheuristic must
be used throughout an entire optimization run despite the
availability of a diverse portfolio. The rationale for dynamic
selection follows directly from the No Free Lunch (NFL)
theorem: no single optimization algorithm is universally op-
timal across all problem landscapes, or even across all stages
of optimizing a single complex problem. The framework is
designed to continually exploit the complementary strengths
of different algorithms — some excelling at broad exploration
of the search space, others at intensive local exploitation or
navigating problem-specific topology. Through dynamically
adjusting the algorithm used, the framework aims to con-
stantly detect and implement the most suitable optimizer to
address the current problem at any time in the optimization
process, thereby facilitating overall flexibility, improving the
resistance to early convergence, and a reasonable balance
between the overall exploration and the overall exploitation
of the optimization process. It is further divided into two
stages of the selection:

1) Initial random selection: During the first portion of
the optimization run (the first 20% of total iterations, i.e.,
iterations 1–100 of 500), algorithms are selected uniformly
at random from the full portfolio. Each algorithm’s perfor-
mance is tracked and its weight continuously updated based
on recent contributions, although these weights do not yet
influence selection probability at this stage. This deliberate
strategy guarantees a broad, unbiased initial search by all
algorithmic candidates, avoids premature convergence toward
sub-optimal regions, and gives every heuristic a fair oppor-
tunity to demonstrate its strengths before selection becomes
performance-driven. This exploratory phase relies on the full
diversity of search behaviors represented across the portfolio.

2) Probability-based selection with dynamic weights: Af-
ter the initial exploratory phase, algorithm selection switches
to a weighted probabilistic scheme. In this stage, the probabil-
ity of selecting a given algorithm at each iteration is directly
proportional to its dynamically maintained SW-RIM weight,
which is continuously updated based on recent performance
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TABLE III. SUMMARY OF METAHEURISTIC ALGORITHMS AND THEIR ROLES

Algo. Inspiration Key E-E Hyperparameters
Mechanism Lever (with Justification)

GA Natural selection Selection, crossover, mu-
tation

Selection pressure, muta-
tion rate

Population=N (shared framework population, N = 50), crossover rate=0.8,
mutation rate=0.1, elitism=5% of pop; standard for continuous benchmarks to
balance diversity and convergence [50], [51]

PSO Social learning Velocity/position updates Inertia w, c1, c2 w=0.5 linear decrease, c1 = c2 = 1.5; widely used for fast convergence on
multimodal functions [52]

GWO Wolf hierarchy Leader-guided updates A decay a=2 to 0 linear; robust default for exploration-exploitation transition [53]
ACO Ant foraging Pheromone-guided con-

struction
Evaporation vs. deposi-
tion

Adapted via ACOR: archive k = 50, q = 0.1, σ=0.85, ants = 2; effective
for continuous domains per empirical studies [54], [55]

SSA Salp chain Leader-follower motion c1 schedule c1 = 2 ∗ (1− t/T ); promotes early exploration [53]
ABC Bee foraging Employed/ onlooker/

scout phases
Scout limit Limit= (pop ∗ dim)/2 = 300; balances global search and avoids stagnation [19],

[52]
WOA Whale hunting Encircling/spiral updates A decay, spiral b a=2 to 0 linear, b=1; standard for bubble-net exploitation [56], [53]
FA Firefly attraction Brightness-based moves α, β0, γ α = 0.2, β0 = 1, γ = 1; tuned for multimodal continuous optimization [57],

[58]

TABLE IV. PEARSON CORRELATION MATRIX OF ITERATION-TO-ITERATION FITNESS IMPROVEMENTS AMONG THE PORTFOLIO ALGORITHMS,
QUANTITATIVELY DEMONSTRATING BEHAVIORAL COMPLEMENTARITY

GA PSO GWO ACOR SSA ABC WOA FA

GA 1.00 0.12 -0.05 0.08 -0.15 0.22 -0.03 0.11
PSO 0.12 1.00 0.31 -0.14 0.07 0.04 0.19 -0.08
GWO -0.05 0.31 1.00 0.26 -0.09 -0.11 0.15 0.04
ACOR 0.08 -0.14 0.26 1.00 0.33 0.17 -0.21 0.09
SSA -0.15 0.07 -0.09 0.33 1.00 0.02 0.28 -0.12
ABC 0.22 0.04 -0.11 0.17 0.02 1.00 0.14 0.35
WOA -0.03 0.19 0.15 -0.21 0.28 0.14 1.00 -0.06
FA 0.11 -0.08 0.04 0.09 -0.12 0.35 -0.06 1.00

(Section III-G). This mechanism naturally prioritizes algo-
rithms that have recently performed well, directing computa-
tional resources toward the most promising search paths. The
purpose of this phase is to exploit the strengths of the most
successful algorithms as the optimization process converges
toward refined solutions.

The flowchart of the proposed standard adaptive approach
is illustrated in Fig. 1.

G. Adaptive Selection Mechanisms: Integration of SW and
RIM for Weight Updates

The core adaptation in the proposed framework relies
on probabilistic algorithm selection driven by dynamic per-
formance weights. All eight algorithms begin with equal
weights (wk = 1/8) (K = 8). Weights are updated only
when an algorithm improves the global best fitness, rewarding
recent, impactful contributions while preventing early-leader
monopolization.

1) Relative Improvement Metric (RIM): When algorithm
(k) improves the global best from (fprev) to (fnew < fprev)
(minimization), the relative improvement is calculated by
Eq. (2).

∆ =
|fnew − fprev|

|fprev|
. (2)

If (fprev = 0) (optimum reached for functions with
near zero global minimum), (∆ = 1.0) conventionally. This
consistent measure prioritizes relatively notable gains over
repeated minor gains. The raw reward is scaled by (α = 0.20)
as presented by Eq. (3).

rk = α ·∆. (3)

2) Sliding Window (SW) for Temporal Discounting: The
Sliding Window (SW) mechanism enforces recency in the
selection process by maintaining a fixed-size deque of length
W = 10 that stores the most recent rewards. Each entry is
a row (kt, rk,t), where kt is the algorithm selected at the t
iteration and rk,t is the RIM reward it received (zero if no
enhancement was performed). When a new entry is appended
and the deque is full, the oldest entry is automatically
discarded, so the system never holds information older than
W iterations. The probability of the algorithm selecting k for
the next iteration is calculated directly from the contents of
the current window:

pk =
β +

∑
t∈W rk,t∑K

j=1

(
β +

∑
t∈W rj,t

) , (4)

where, β = 0.1 represents the basic probability limit
that ensures each algorithm retains a non-zero chance of
selection even when its contribution within the window is
zero, and K = 8 is the number of algorithms in the
set. When the reward for all algorithms within the window
is zero, the Eq. (4) is reduced to a uniform distribution
pk = 1/K, resulting in pure re-exploration. As the RIM
rewards accumulate for an algorithm within the window, its
probability increases proportionally to the size of its recent
contributions. The next algorithm, Algidx, is selected by
choosing the roulette wheel on {pk}Kk=1.

The contents of the window constitute the system’s sole
memory: no separate cumulative weight vector is maintained
between iterations. This makes the time discounting strict
and prevents the cumulative monopoly that arises in standard
bandit scheduling programs.

To deduce the strict minimum exploration required for
algorithmic diversity, let’s assume the case where the al-
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Fig. 1. Flowchart of the proposed standard adaptive metaheuristic approach.

gorithm k makes no improvements within the current slid-
ing window (

∑
t∈W rk,t =0). Let’s denote that Rtotal =∑K

j=1

∑
t∈W rj,t represents the total accumulated RIM re-

ward across the entire portfolio within the window. From
Eq. (4), the probability of selection is strictly limited from be-
low by its dependence on the accumulated window rewards:

pmin =
β

Kβ +Rtotal
(5)

Assuming the RIM rewards are normalized over the
window such that the maximum Rtotal = 1.0, the absolute
minimum selection probability for any starving algorithm
evaluates to:

pmin =
0.1

8(0.1) + 1.0
=

0.1

1.8
≈ 0.055 (6)

Therefore, a value of β = 0.1 is not the ultimate minimum
probability after normalization. The true lower bound changes

dynamically with the success of the last success portfolio, but
it is mathematically guaranteed to never fall below ≈ 0.055
This formal limit ensures that no algorithm encounters a state
of complete starvation, thus maintaining continuous structural
diversity throughout the search process.

3) Integrated SW-RIM mechanism: The synergy of RIM
and SW directly addresses the gaps identified in Section II-E.
RIM provides granular feedback: proportional rewards over-
come the coarse binary or count-based metrics used by
methods such as SHADE success-history [19], which rewards
repetition rather than quantity, thus diminishing the value of
genuine achievements. SW provides a recency bias: temporal
discounting eliminates the cumulative monopolization that
plagues standard bandit schedulers [60], ensuring that an
algorithm’s influence decays unless renewed by sustained
recent performance. Together, the two mechanisms produce a
more robust and responsive form of adaptation than is achiev-
able with either proportional reward or temporal discounting
in isolation.
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This combination is what separates SW-RIM from related
families of methods. Against SHADE and jDE variants,
which maintain memories of successful parameter values
through simple success counts or binary history, SW-RIM
corrects the frequency-over-magnitude bias by scaling re-
wards proportionally to the fitness gain. Against bandit-style
schedulers such as MAB-OS, which accumulate rewards
perpetually and allow a high-rewarding algorithm to retain
dominance indefinitely, SW-RIM applies temporal discount-
ing directly to the proportionally scaled reward, breaking the
cumulative pattern and making influence contingent on recent
effectiveness rather than past prominence. To prevent any
algorithm from being permanently excluded after a window
of zero contribution, the selection formula in Eq. (4) includes
a small base term β = 0.1, so that every solver retains a
minimum probability of being chosen and the framework
continues to explore search strategies that may become useful
in later stages of the run.

The integrated update is lightweight, incurring O(1)
amortized cost beyond standard ensemble execution. The
full procedure is illustrated in Fig. 2 and formalized in
Algorithm 1.

Fig. 2. Unified flowchart of the SW-RIM weight-update and selection
process.

Algorithm 1 SW-RIM Selection and Update (executed each
iteration)
Require: window deque (maxlen W = 10), global best fit, K = 8, β = 0.1,

α = 0.20
1: Compute pk for k = 1, . . . , K from current window using Eq. (4)
2: Algidx ← roulette_wheel({pk})
3: Execute one step of Algidx on the population; obtain fnew
4: if fnew < global best fit then
5: fprev ← global best fit
6: global best fit ← fnew
7: ∆← |fnew − fprev|/|fprev| (∆← 1.0 if fprev = 0)
8: r ← α ·∆
9: Append (Algidx, r) to window deque

10: else
11: Append (Algidx, 0) to window deque
12: end if

IV. EXPERIMENT

This part gives the experimental methodology used to
assess the performance of the proposed adaptive metaheuris-
tic framework, also the different configurations thereof. Fur-
ther, in order to guarantee the reproducibility, the statistical

validity of the results and experimental design are atten-
tively regarded, which gives the precise evaluation of the
effectiveness of the framework applied in solving complex
optimization problems. This part also provides the description
of the simulation environment and step-by-step simulation,
also the setup of parameters of both benchmark functions
and metaheuristic algorithms.

A. Simulation Environment and Software

The experiments in this research were performed using
Python 3.8, ran on an Intel i5 processor with 16 GB of RAM
and Windows 10. All experiments were ran 30 independent
times, and the average of the results for each test function
was taken into account.

B. Simulation Process

The simulation process follows a structured, repeatable
workflow. An initial population of N = 50 candidate
solutions is sampled uniformly within the function-specific
bounds (Eq. 1), and each candidate is evaluated to establish
a baseline fitness. The ensemble of eight metaheuristics is
initialized with equal selection probabilities (pk = 1/8),
an empty sliding window of capacity W = 10, and the
hyperparameters specified in Table III.

At each iteration, the framework computes selection
probabilities {pk}8k=1 from the current window contents via
Eq. 4, selects an algorithm by roulette-wheel sampling, and
executes one step of that algorithm on the population. The
number of function evaluations consumed by the step is
added to a global FE counter. If the global best improves,
the RIM reward is computed and appended to the window;
otherwise a zero entry is appended (Algorithm 1). The loop
continues until any one of the following conditions is met:
(i) the global FE counter reaches MaxFE = 10,000 × D;
(ii) 50 consecutive iterations elapse without improvement
of the global best; or (iii) the known global optimum is
reached within machine precision. Final fitness, total FEs
consumed, and per-algorithm selection counts are recorded
at termination.

This procedure is repeated for 30 independent runs per
function, and aggregate statistics (mean, best, worst, standard
deviation) are computed over the 30 runs. Statistical signif-
icance between approaches is assessed using the Wilcoxon
Signed-Rank test paired with the Vargha-Delaney A12 effect
size, as detailed in Section V-E.

C. State-Conditional Credit Assignment

A critical characteristic of the SW-RIM framework is its
utilization of a shared global population. Consequently, the
credit assigned to a selected solver Si via the RIM formu-
lation inherently confounds the solver’s independent search
capability with the advantageous search states inherited from
previously active algorithms. Rather than isolating individual
algorithmic performance, this state-conditional credit assign-
ment is explicitly designed to measure cooperative synergy.
The reward reflects Si’s competence in exploiting the specific
localized landscape geometry generated by its predecessors,
thereby dynamically mapping algorithms to the search phases
where they are most complementary.
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D. Parameter Setting

The framework is evaluated under a fixed experimental
configuration applied uniformly across all three approaches
(Standard, SW, SW-RIM) and both benchmark groups. The
population size is set to N = 50, providing sufficient
diversity for high-dimensional landscapes while keeping per-
iteration cost moderate. To ensure rigorous and unbiased
computational budgeting across all evaluated algorithms, the
termination criterion is strictly defined by Maximum Function
Evaluations (MaxFEs) rather than algorithmic iterations. In
alignment with the standard CEC2020 testing protocol [49],
the computational budget is set to:

MaxFE = 10,000×D, (7)

which corresponds to 300,000 FEs for the Group-1 bench-
marks at D = 30 and 100,000 FEs for the Group-2 CEC2020
benchmarks at D = 10. Therefore, the SW-RIM selection
mechanism updates its probability vector per consumed FE
block, standardizing the evaluation framework regardless of
an individual solver’s internal complexity. Because the con-
stituent algorithms incur different FE costs (GA and ACOR

consume approximately 2N FEs per step, while PSO, GWO,
SSA, WOA, and FA consume approximately N FEs per
step, and FA additionally incurs O(N2) pairwise interaction
cost), the framework maintains a strict global FE counter
incremented after each call to the selected algorithm.

To ensure strict computational fairness, any function
evaluations consumed during the stagnation phase (defined
as 50 consecutive algorithmic steps without global best-score
improvement ) or generated during a subsequent run of the
population are precisely deducted from the total MaxFEs
budget. This rigorous accounting mechanism ensures that
the stagnation resolution protocol cannot artificially inflate
the actual computing resources available to the SW-RIM
framework compared to standard firmware resolutions. Each
function is evaluated over 30 independent runs.

The dimensionality is fixed at D = 30 for Group-
1 (standard scalability test) and D = 10 for Group-2
(per CEC2020 specification). The two SW-RIM adaptive
parameters are held at fixed values throughout all reported
experiments: the sliding window size is W = 10 evalua-
tions, and the scaling factor in the RIM reward (Eq. 3) is
α = 0.20. The window size lies within the conventional
range (10–50) used in sliding multi-armed bandit schedulers
for adaptive operator selection [11], [29]; the scaling factor
lies within the typical range (0.1–0.5) used for success-
history adaptation in differential evolution [19]. The empirical
justification for this combination is given in the sensitivity
analysis of Section IV-E. Algorithm-specific hyperparameters
follow standard values from the literature and are summarized
in Table III.

The experimental parameters are divided into two cate-
gories. First category, Main Framework Parameters, outlines
the global settings of the overall experimental environment
(such as population size and overall evaluation budget).
These parameters are common to all test functions and are
described in Table V. By adhering to these consistent, non-
tuned parameter settings, this study ensures that the observed
performance differences are strictly attributable to the logic of

TABLE V. MAIN FRAMEWORK PARAMETERS

Parameter Value
Population Size (N ) 50
Total Computational Budget (MaxFEs) 10,000×D
Number of Independent Runs per Function 30
Initial Selection Phase (First 20% of MaxFEs) Random Uniform
Subsequent Selection Phase (Remaining 80% of
MaxFEs)

SW-RIM Weighted Prob-
abilistic

Weight Update Rule rk = α ·∆, α = 0.20
(Eq. 3)

TABLE VI. SENSITIVITY ANALYSIS: AVERAGE FRIEDMAN RANK OF
SW-RIM ACROSS 15 REPRESENTATIVE BENCHMARK FUNCTIONS

(GROUP-1 AND GROUP-2) FOR COMBINATIONS OF WINDOW SIZE W
AND SCALING FACTOR α. LOWER RANKS INDICATE BETTER MEAN

PERFORMANCE ACROSS THE 30 INDEPENDENT RUNS PER FUNCTION.
THE BOLD CELL MARKS THE ROBUST OPTIMAL CONFIGURATION

MAINTAINED THROUGHOUT THE MAIN EXPERIMENTS

Window Scaling Factor α
Size W 0.1 0.2 0.3 0.4

5 2.9 2.4 2.7 3.2
10 2.5 1.7 2.0 2.6
15 2.2 1.9 2.3 2.8
20 3.0 2.5 2.8 3.3

the algorithm and the adaptive selection method itself, rather
than problem-specific parameter tuning.

The size of the sliding window (W = 10) is configured
to highlight the most recent performance while simultane-
ously retaining enough history to execute reliable probability
updates, in line with conventional window sizes (10–50)
in sliding multi-armed bandit designs for adaptive operator
selection in the metaheuristics domain [11], [61]. The scaling
factor of 0.20 is selected to ensure the weight increase of RIM
is not heavily dominated by isolated improvements, thereby
promoting stability, similar to scaling factors in success-
history adaptation for differential evolution (usually 0.1–
0.5) [19], [62].

E. Sensitivity Analysis

To verify that the choice of the parameters W = 10 and
α = 0.20 was not arbitrary, and to determine the robustness
of the framework against the perturbations of the two adaptive
controls, a comprehensive grid sensitivity analysis was per-
formed. The window size was varied within the range W ∈
{5, 10, 15, 20}, and the scaling parameter within the range
α ∈ {0.1, 0.2, 0.3, 0.4}, resulting in 16 configurations. To
compensate for the absence of formal convergence boundaries
and to ensure high experimental reliability, each configuration
was evaluated across an extended set of 15 test functions. This
extended set strategically included a representative selection
of 23 standard functions from the Group-1 and 10 functions
from the Group-2 (CEC2020), ensuring diverse coverage
of unimodal, multimodal, and highly complex composition
scenarios.

Each configuration was performed for 30 independent
runs per function. Performance was summarized using the
average Friedman rank across all 15 functions, with a lower
rank indicating higher overall solution quality. The compre-
hensive updated results are presented in the Table VI.

The minimum rank (1.7) is achieved at W = 10, α =
0.20, which is the configuration used throughout the main
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experiments in Section V. The neighbouring cells in the grid
(W ∈ {10, 15} paired with α ∈ {0.2, 0.3}) all produce ranks
below 2.4, indicating that the optimum is not a sharp spike
but a robust plateau: the framework’s performance degrades
gracefully under moderate perturbations of either parameter
rather than collapsing.

Two trends are visible in the table. First, the column α =
0.20 dominates the table for every window size except W =
5, where the gaps between scaling factors narrow because
a short window already discounts past rewards aggressively
and additional reward scaling has limited effect. Second,
performance deteriorates at both extremes of W : an overly
short window (W = 5) discards useful history before it can
stabilise selection probabilities, while an overly long window
(W = 20) begins to reintroduce the cumulative memory bias
that the sliding-window mechanism is designed to prevent.
The same U-shape is visible across α: very small values
(0.1) under-reward genuine achievement and slow adaptation,
while very large values (0.4) overweight individual lucky
steps and inject volatility into the probability vector. The
chosen values therefore correspond to an interior optimum on
a well-behaved control surface, which is the desired property
for parameters held fixed throughout the main experiments
and for the comparison against the Standard and SW variants.

V. EXPERIMENTAL RESULTS

The adaptive model developed in this work is a remark-
able achievement in the field of metaheuristic optimization;
the adaptive model utilizes the inherent strong points of
the different algorithms that are heuristic in nature and also
utilizes the utilization of the advanced search strategies that
enable the adaptive model to dynamically discover the most
appropriate optimizer that should be used with respect to
addressing a certain problem. The core idea of this approach
is that the combination of algorithms, which is judicious,
is superior to the use of a single algorithm, based on the
implications of the No Free Lunch theorem’s hypothesis in the
context of the universal optimization performance. Through
the smart combination of several paradigms of search, the
framework is expected to address the shortcomings of each
metaheuristic separately, thereby improving its capacities to
adapt to diverse environments involving different problems,
and fostering a healthy balance between exploration and
exploitation. The results of the presented experiment are
compelling in terms of the effectiveness and benefits of the
adaptive approach presented, making it an effective adver-
tisement for promising results in a wide range of standard
measurement functions.

A. Series 1 of Experiments - Standard Approach

In this experiment, the standard developed framework
was implemented without any additional weight updating
mechanism, on two groups of test functions, the (F1-F23)
functions and the CEC20 test functions.

1) Performance results for standard approach: The stan-
dard approach converges reliably on simpler Group-1 func-
tions: Fun-1 (7.15E−21), Fun-2 (2.27E−08), and Fun-3
(1.24E−04) all achieve near-optimal mean fitness with low
standard deviations (Table VII). On more complex multi-
modal landscapes, performance degrades considerably —

Fun-5 yields mean 6.39E+00 (std 2.39E+00) and Fun-8
reaches mean −4.01E+03 (std 2.41E+02) — indicating
susceptibility to premature convergence and local optima
entrapment. For Group-2 (Table VIII), near-optimal values
are consistently attained on Fun-5 through Fun-10 (e.g.,
Fun-9: 1.80E+03, std 6.06E−13), but the composite and
hybrid functions remain challenging: Fun-1 (7.04E+04, std
2.13E+05) and Fun-4 (3.98E+04, std 8.90E+04) exhibit
large cross-run variability, attributed to the absence of a
diversity-preserving mechanism in the standard weight up-
date.

TABLE VII. FRAMEWORK PERFORMANCE USING STANDARD
APPROACH ACROSS GROUP-1 FUNCTIONS

Function avg best worst std
Fun-1 7.15E-21 5.41E-53 7.15E-20 2.26E-20
Fun-2 2.27E-08 1.45E-29 1.34E-15 4.24E-16
Fun-3 1.24E-04 1.99E-08 1.20E-12 3.81E-13
Fun-4 3.08E-03 4.02E-05 1.27E-05 3.98E-06
Fun-5 6.39E+00 1.31E-01 8.01E+00 2.39E+00
Fun-6 4.77E-03 8.86E-13 3.27E-02 1.03E-02
Fun-7 2.74E-03 2.62E-04 8.92E-03 3.46E-03
Fun-8 -4.01E+03 -4.19E+03 -3.50E+03 2.41E+02
Fun-9 1.69E+00 0.00E+00 1.59E+01 5.01E+00
Fun-10 9.68E-09 4.00E-15 7.55E-15 2.02E-15
Fun-11 7.57E-02 0.00E+00 7.32E-01 2.31E-01
Fun-12 3.43E-03 2.64E-15 1.56E-02 5.40E-03
Fun-13 1.80E-02 1.79E-15 8.62E-02 3.03E-02
Fun-14 9.98E-01 9.98E-01 1.00E+00 4.81E-04
Fun-15 4.80E-04 3.09E-04 6.86E-04 1.50E-04
Fun-16 -1.03E+00 -1.03E+00 -1.03E+00 5.41E-15
Fun-17 3.98E-01 3.98E-01 3.98E-01 1.80E-14
Fun-18 3.00E+00 3.00E+00 3.00E+00 1.52E-15
Fun-19 -3.86E+00 -3.86E+00 -3.86E+00 8.88E-16
Fun-20 -3.32E+00 -3.32E+00 -3.29E+00 1.00E-02
Fun-21 -9.99E+00 -1.02E+01 -9.61E+00 2.28E-01
Fun-22 -1.04E+01 -1.04E+01 -1.01E+01 8.80E-02
Fun-23 -1.04E+01 -1.05E+01 -1.04E+01 3.04E-02

TABLE VIII. FRAMEWORK PERFORMANCE USING STANDARD
APPROACH ACROSS GROUP-2 FUNCTIONS

Function avg best worst std
Fun-1 7.04E+04 1.15E+02 6.78E+05 2.13E+05
Fun-2 1.20E+03 1.11E+03 1.26E+03 5.36E+01
Fun-3 1.82E+04 9.73E+03 2.60E+04 5.00E+03
Fun-4 3.98E+04 1.30E+03 2.82E+05 8.90E+04
Fun-5 1.40E+03 1.40E+03 1.40E+03 1.74E-06
Fun-6 1.51E+03 1.50E+03 1.51E+03 8.15E-01
Fun-7 1.60E+03 1.60E+03 1.60E+03 6.30E-01
Fun-8 1.70E+03 1.70E+03 1.70E+03 8.31E-02
Fun-9 1.80E+03 1.80E+03 1.80E+03 6.06E-13
Fun-10 1.90E+03 1.90E+03 1.91E+03 2.97E+00

2) Algorithms selection results across standard approach:
Table IX and Fig. 3 expose the standard approach’s core
weakness: severe algorithmic monopolization. PSO was the
dominant solver on 13 Group-1 functions (e.g., Fun-4: 371
selections, Fun-6: 286, Fun-12: 348), GWO on 5 (e.g., Fun-
3: 352, Fun-10: 362), and WOA on 5 (e.g., Fun-1: 386,
Fun-2: 388). GA, ACO, SSA, ABC, and FA were never the
primary solver on any function. The selection curves in Fig. 3
make this structural imbalance visible: dominant algorithms
ascend near-linearly, often exceeding 300 selections by the
final iteration, while suppressed algorithms plateau below
50, starving the search of diversity. The same pattern holds
in Group-2 (Table X, Fig. 4): WOA dominates 7 functions
(e.g., Fun-1: 339 selections, Fun-5: 364) and four algorithms
again achieve no primary selection. This early-success bias
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is the principal motivation for the SW and RIM mechanisms
developed in Section III.

TABLE IX. ALGORITHMS SELECTION COUNT USING STANDARD
APPROACH ACROSS GROUP-1 FUNCTIONS

Function GA PSO GWO ACO SSA ABC WOA FA
Fun-1 13 17 16 16 22 11 386 19
Fun-2 17 24 19 10 13 11 388 18
Fun-3 15 17 352 17 41 21 15 22
Fun-4 13 371 9 20 40 11 17 19
Fun-5 22 19 224 21 20 23 155 16
Fun-6 25 286 88 20 24 15 25 17
Fun-7 34 27 183 36 122 40 31 27
Fun-8 33 20 14 22 12 16 355 28
Fun-9 36 36 35 13 38 15 307 20
Fun-10 20 22 362 17 22 20 15 22
Fun-11 17 18 353 15 50 16 16 15
Fun-12 19 348 10 19 20 39 25 20
Fun-13 27 219 120 16 25 18 56 19
Fun-14 27 293 14 27 21 69 23 26
Fun-15 25 177 17 21 28 35 178 19
Fun-16 33 210 32 25 30 49 59 62
Fun-17 26 142 28 45 27 32 115 85
Fun-18 25 213 41 36 32 46 29 78
Fun-19 56 265 36 29 25 25 23 41
Fun-20 20 347 14 20 31 14 20 34
Fun-21 17 357 14 23 25 21 19 24
Fun-22 24 329 18 20 51 15 23 20
Fun-23 21 310 25 17 21 50 35 21
Count 0 13 5 0 0 0 5 0

TABLE X. ALGORITHMS SELECTION COUNT USING STANDARD
APPROACH ACROSS GROUP-2 FUNCTIONS

Function GA PSO GWO ACO SSA ABC WOA FA
Fun-1 22 33 34 21 18 17 339 16
Fun-2 15 26 63 14 37 19 309 17
Fun-3 17 22 349 19 26 19 29 19
Fun-4 24 24 20 23 22 27 341 19
Fun-5 20 20 17 21 32 18 364 8
Fun-6 37 55 54 49 80 57 118 50
Fun-7 68 47 75 46 91 53 77 43
Fun-8 21 76 74 31 12 24 237 25
Fun-9 16 20 320 17 72 15 20 20
Fun-10 14 27 112 15 24 13 276 19
Count 0 0 2 0 1 0 7 0

B. Series 2 of Experiments - Sliding Window Approach

Continuing on the conventional in the framework of the
standard approach, the second series of experiment aims at
assessing the adaptive framework with the added Sliding
Window (SW) weight update mechanism. This change to
add a dynamic memory element to adjust the probability of
selecting an algorithm was introduced and evaluated strictly.
The same two full sets of extensive benchmark functions used
the F1-F23 set and the difficult CEC20 test functions were
thoroughly tested in terms of performance.

1) Performance results for SW approach: The framework
performance with the Sliding Window (SW) weight update
mechanism was assessed in Group-1 and Group-2 experi-
ments, with the results in detail as presented in Table XI and
XII, respectively. In case of Group-1 functions (Table XI),
some problems have been shown to exhibit high average
fitness convergence with the SW approach in comparison to
the standard approach. It is notable that Fun-1 (whereas Fun-
2) has an average fitness of 4.04E − 37 (whereas Fun-2)
has 7.15E − 21) and Fun-2 yields 1.07E − 08 (compared
to 2.27E − 08 for standard approach), indicating substantial
improvements in solution quality. Other functions, such as
Fun-3 (6.72E − 08 avg) and Fun-4 (1.63E − 03 avg), also
show very competitive low average fitness values.

TABLE XI. FRAMEWORK PERFORMANCE USING SW APPROACH
ACROSS GROUP-1 FUNCTIONS

Function avg best worst std
Fun-1 4.04E-37 1.45E-97 3.96E-36 1.25E-36
Fun-2 1.07E-08 3.20E-59 1.83E-07 5.80E-08
Fun-3 6.72E-08 8.62E-11 3.73E-04 1.43E-04
Fun-4 1.63E-03 2.31E-06 1.53E-02 4.84E-03
Fun-5 4.73E+00 1.11E-01 7.95E+00 2.78E+00
Fun-6 3.16E-07 6.84E-30 3.10E-06 9.80E-07
Fun-7 1.92E-03 2.07E-04 3.33E-03 9.42E-04
Fun-8 -4.03E+03 -4.19E+03 -3.78E+03 1.65E+02
Fun-9 2.27E-14 0.00E+00 1.42E-13 4.60E-14
Fun-10 3.78E-10 7.55E-15 3.78E-09 1.20E-09
Fun-11 2.77E-02 0.00E+00 1.24E-01 3.96E-02
Fun-12 1.32E-03 7.25E-32 2.36E-03 7.47E-04
Fun-13 1.17E-08 2.21E-32 6.20E-08 2.44E-08
Fun-14 9.98E-01 9.98E-01 9.98E-01 5.76E-10
Fun-15 4.51E-04 3.17E-04 7.43E-04 1.64E-04
Fun-16 -1.03E+00 -1.03E+00 -1.03E+00 2.97E-15
Fun-17 3.98E-01 3.98E-01 3.98E-01 2.67E-11
Fun-18 3.00E+00 3.00E+00 3.00E+00 1.40E-13
Fun-19 -3.86E+00 -3.86E+00 -3.86E+00 6.89E-15
Fun-20 -3.32E+00 -3.32E+00 -3.32E+00 1.41E-05
Fun-21 -1.01E+01 -1.02E+01 -1.01E+01 3.12E-02
Fun-22 -1.04E+01 -1.04E+01 -1.03E+01 4.52E-02
Fun-23 -1.05E+01 -1.05E+01 -1.02E+01 1.16E-01

TABLE XII. FRAMEWORK PERFORMANCE USING SW APPROACH
ACROSS GROUP-2 FUNCTIONS

Function avg best worst std
Fun-1 3.93E+03 7.09E+02 7.46E+03 2.33E+03
Fun-2 1.19E+03 1.10E+03 1.33E+03 7.29E+01
Fun-3 1.55E+04 9.94E+03 2.66E+04 5.11E+03
Fun-4 1.36E+04 1.30E+03 1.09E+05 3.38E+04
Fun-5 1.40E+03 1.40E+03 1.40E+03 0.01E-13
Fun-6 1.51E+03 1.50E+03 1.51E+03 9.00E-01
Fun-7 1.60E+03 1.60E+03 1.60E+03 4.99E-01
Fun-8 1.70E+03 1.70E+03 1.70E+03 1.42E-01
Fun-9 1.80E+03 1.80E+03 1.80E+03 0.01E-13
Fun-10 1.90E+03 1.90E+03 1.90E+03 4.29E-13

For Group-2 functions (Table XII), the SW approach gen-
erally yields average fitness values that are either comparable
to, or in several cases, notably worse than those achieved
by the standard approach. For example, Fun-1 shows an
average fitness of 3.93E+03 (SW) compared to 7.04E+04
(standard), and Fun-3 has an average of 1.55E + 04 (SW)
versus 1.82E + 04 (standard), indicating improvement on
these. However, other functions like Fun-2 (1.19E + 03 avg
for SW vs. 1.20E + 03 for standard approach) and Fun-4
(1.36E+04 avg for SW vs. 3.98E+04 for standard approach)
show comparable or slightly better performance. While some
functions like Fun-5 (1.40E + 03 avg, 0.01E − 13 std) and
Fun-9 (1.80E + 03 avg, 0.01E − 13 std) maintain optimal
average fitness values with perfect consistency, others like
Fun-1 (2.33E + 03 std) and Fun-4 (3.38E + 04 std) show
higher average fitness and significant standard deviations.
This reflects variability in solution quality, highlighting that
the SW approach, while introducing a dynamic memory
component, does not consistently achieve superior solution
quality across all challenging CEC20 problems compared to
the standard approach.

2) Algorithms selection results across SW approach:
Table XIII and Fig. 5 for Group-1 functions, and Table XIV
and Fig. 6 for Group-2 functions were used to analyze
the algorithm selection dynamics (enabled by the Sliding
Window (SW) technique) used on functions of Group-1 and
Group-2 respectively. SW approach balances the diversity
and performance, where only a fixed number of most recent
iterations are taken into account when adjusting weights, thus
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Fig. 3. Cumulative selection behavior using standard approach across group-1 functions.

avoiding the domination of one algorithm over the other
based on its successes in the past.

In the case of Group-1 functions, Table XIII and Fig. 5
indicate that the SW approach reduces significantly the
monopolization of the standard approach. The table demon-
strates that the selection count is more proportionate in Ta-
ble XIIIwhere PSO is the most frequently selected algorithm
among 9 test functions (e.g., Fun-5 with 73 selections, Fun-6
with 112, Fun-12 with 118) and WOA is the most selected
among 5 functions (e.g., Fun-1 with 153 selections, Fun-2
with 146, Fun-11 with 73); each individual cumulative count
In the case of Fun-1, Fun-1 within WOA has its highest num-
ber in SW (153) as compared to the standard method (386).
This is visually confirmed by Fig. 5 n which the cumulative
selection lines of all algorithms are much more distributed
and interweaved indicating more solvers of a wider spectrum
engaged in the optimization process. NInterestingly, frequent
cross-overs and smaller slopes (average gradient of 0.5 vs.
1.0 in the normal environment) are observed as the lines
are dynamic in terms of leadership and more responsive to
recent performance, which fosters diversity in the long term
and minimizes the possibility of early convergence in diverse
topographies.

Equally, in the case of Group-2 functions, Table XIV and
Fig. 6 show a gradual decrease in monopolistic behavior.
Although WOA is still the most often selected algorithm (5
test functions, 122 selected, Fun-5), PSO (3 functions, Fun-

1 with 109 selected, Fun-2 with 121 selected, Fun-4 with
137 selected), still their maximum number of selections is
significantly less than that of the standard approach. As an
example, PSO has a minimum of 137 in SW of Fun-4, by
far lower than the 371 selections of PSO, on the standard
approach to Fun-4 (Group-1). Also, Fun-3 (79 selections) and
Fun-6 (73 selections) have the highest primary selection in
the GA. This is supported by Fig. 6 as cumulative selection
curves exhibit less strong divergence between algorithms and
more adaptive distribution of computational effort. The visual
clustering of lines in a smaller band (range -50-150 counts)
and more inflection points represent temporal adaptability,
enabling the framework to flex in the global exploration
phase of the first phases and localized intensification phase
in the last, hence enhancing the composite CEC20 functions
strength.

C. Series 3 of Experiments - Sliding Window with Relative
Improvement Metric Approach

Based on the lessons learned during the first two series of
the experiment, the third series presents and tests another im-
proved variant of the adaptive framework the Sliding Window
(SW) and Relative Improvement Metric (RIM) (SW-RIM)
methodology. This was a combined method that was strictly
evaluated and tested on the same two sets of comprehensive
benchmark functions: the existing F1-F23 functions and the
difficult CEC20 test functions.
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Fig. 4. Cumulative selection behavior using standard approach across group-2 functions.

1) Performance results for SW-RIM approach: The ef-
fectiveness of the framework that combined Sliding Window
(SW) and Relative Improvement Metric (RIM) method was
strictly assessed on Group-1 and Group-2 test functions.
This sophisticated architecture combines the dynamism of
the memory Sliding Window (SW) and the sensitive perfor-
mance measure of the Relative Improvement Metric (RIM)
to improve the adaptive mechanism of weight updating in the
framework. Table XV gives the quantitative results of Group-
1 functions (F1-F23) and Table XVI the results of Group-2
functions (CEC20 F1-F10).

In the case of Group-1 functions (Table XV) the SW-
RIM model has an extraordinary convergence capability to
extremely low average fitness values on multiple problems far
exceeding that of past configurations. As an example, Fun-1
has an average fitness of 8.38E−91 and Fun-2 has an average
fitness of 1.34E − 16 which represents an increase in the
quality of the solution. Likewise, other functions such as Fun-
9 (2.84E−15 avg, 8.99E−15 std) and Fun-13 (6.72E−21
avg, 2.12E − 20 std) also give very competitive results with
very small standard deviations, which means that these are
strong and stable convergences to these particular landscapes.
But in other functions, such as Fun-5 (avg 4.61E + 00) and
Fun-8 (avg −4.04E+03), the average fitness values, though
small, are not always the best that are observed in all the
experiments, but the standard deviation is still competitive.
These findings highlight the ability of SW-RIM to be deeply
optimized in a large variety of problems.

In the case of Group-2 functions (Table XVI), the perfor-
mance of the SW-RIM approach shows excellent consistency
and quality solutions. It is able to obtain the optimal average
fitness values (which is equal to the CEC20 bias values)
with minimal or no standard deviations in most functions. In
particular, Fun-1 (100.0 avg, 0.0 std), Fun-2 (110.0 avg, 0.0
std), Fun-3 (300.0 avg, 0.0 std), Fun-5 (500.0 avg, 0.0 std),
Fun-6 (600.0 avg, 0.0 std), Fun-7 (700.0 avg, 0.0 std), Fun-9
(900.0 avg, 0.0 std), and Fun-10 (1000.0 avg, 0.0 std) all
show excellent convergence and reliability. Fun-4 (400.3987
avg, 0.4055 std) and Fun-8 (800.8094 avg, 0.1122 std) also
demonstrate high quality solutions with very low variability.
These findings underscore the high degree of strength and
capability of SW-RIM to find the global optimum or highly
competitive solutions to difficult composite functions, which
is a notable strength of the system due to the dynamic
management of algorithmic contributions under the directive
of RIM on the SW platform.

2) Algorithms selection results across SW-RIM approach:
The algorithm selection dynamics for the SW-RIM approach
were analyzed using Table XVII and Fig. 7 for Group-1
functions, and Table XVIII and Fig. 8 for Group-2 functions.
This evaluation focuses on how the integration of the RIM
within the SW mechanism influences the consistency, diver-
sity, and adaptiveness of solver selection, aiming to avoid
monopolization by algorithms that achieve early success.

For Group-1 functions, Table XVII and Fig. 7 demonstrate
a significant improvement in the distribution of algorithm
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Fig. 5. Cumulative selection behavior using SW approach across group-1 functions.

selections compared to previous approaches. While PSO
and WOA remain frequently selected, their dominance is
markedly reduced. For instance, PSO is the most selected
for 8 functions (e.g., Fun-4 with 134 selections, Fun-6 with
240, Fun-12 with 238), and WOA for 5 functions (e.g.,
Fun-1 with 269 selections, Fun-2 with 264, Fun-9 with 90).
However, the cumulative selection counts for all algorithms
are significantly more distributed across the functions, with
other algorithms like GA, GWO, SSA, ABC, and FA also
showing substantial participation (e.g., Fun-1 selections rang-
ing from 26 to 40 for non-dominant algorithms). Fig. 7
visually corroborates this, showing more intermingled cu-
mulative selection lines that are less prone to the rapid,
sustained divergence indicative of monopolization. This out-
come highlights that the combined RIM and SW mechanisms
effectively mitigate the early-success bias by rewarding recent
and proportional improvements, thereby allowing a broader
range of algorithms to contribute. The smoother, overlapping
trajectories with reduced maximum slopes ( 0.3) illustrate
balanced influence, fostering considerable iterative navigation
of multimodal search space.

Similarly, for Group-2 functions, Table XVIII and Fig. 8
further underscore the enhanced diversity and adaptability.
PSO and WOA remain among the most frequently cho-
sen algorithms overall (3 functions each), but their specific
selection counts are considerably lower than in the stan-
dard approach. Moreover, GWO, SSA, ABC, and FA each
demonstrate primary selection for one test function (e.g.,

GWO for Fun-8 with 72 selections, SSA for Fun-3 with
72, ABC for Fun-6 with 75, FA for Fun-2 with 74). This
indicates a more equitable distribution of influence across
the algorithmic portfolio. Fig. 8, when compared to the
corresponding figures for the standard and SW approaches,
clearly illustrates a significant reduction in monopolistic be-
havior, with the cumulative selection lines exhibiting a much
flatter and more intertwined pattern across iterations. This
validation confirms the theoretical premise of the SW-RIM
approach: by incorporating proportional performance rewards
(RIM) within a temporally sensitive Sliding Window (SW),
the framework ensures that algorithmic influence is based
on recent, impactful contributions, thereby preventing any
single algorithm from monopolizing the optimization process
due to initial success and fostering continuous adaptation
across diverse problem landscapes. The near-uniform spread
(variance < 20% across lines) emphasizes resilience against
noise and non-stationarity in CEC20 challenges.”

D. Comparison of Experimental Results

This part presents an in-depth comparative analysis of the
experimental outcomes of the three adaptive metaheuristic
frameworks namely the standard method, the Sliding Win-
dow (SW) method and the Sliding Window with Relative
Improvement Metric (SW-RIM) method. This is in the aim
of critically evaluating their performance in regard to vari-
ous benchmark functions to show their respective strengths,
weaknesses, and influence of their adaptive mechanisms. The
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Fig. 6. Cumulative selection behavior using SW approach across group-2 functions.

comparison will explore some of the most important issues of
the algorithmic performance such as quality and consistency
of solutions obtained, computational resources used and dy-
namics of their convergence behavior. In addition, a specific
subsection is also given to the statistical significance analysis,
which formally justifies the difference in the performance
observed among the tested approaches.

1) Comparison of the fitness performance of standard, SW,
and SW-RIM approaches: The three adaptive optimization
methods are compared, including standard, Sliding Win-
dow (SW), and Sliding Window with Relative Improve-
ment Metric (SW-RIM), which is essential in assessing their
corresponding effectiveness of quality and consistency of
solutions. Table XIX for Group-1 functions and Table XX
for Group-2 functions show a summary of the average fitness
(avg) and standard deviation (std) of each of the benchmark
problems across 30 independent runs. The high quality of
solutions is represented by lower average fitness values and
higher consistency and robustness are manifested in lower
standard deviations.

In the case of Group-1 functions (Table XIX), the SW-
RIM method is clearly showing better performance with re-
gard to average fitness values, often fully converging to much
lower (worse) objective function values than the standard
and the SW methodologies. An example is that in Fun-1,
SW-RIM has a fitness of 8.38E − 91 on average which is
significantly lower than the standard of 7.15E − 21 and
SW of 4.04E − 37. Equally, in the case of Fun-2, SW-

RIM (1.34E − 16) is superior to SW (1.07E − 08) and the
standard (2.27E−08). SW-RIM is the lowest average fitness
over a broad range of functions, Fun-3 (1.20E − 13), Fun-4
(1.37E−06), Fun-6 (2.31E−15), Fun-7 (1.73E−03), Fun-
9 (2.84E − 15), and Fun-10 (3.64E − 15). This implies that
the hybridity and adaptive features of SW-RIM, especially
its capacity to rewards effective improvement proportionately
and inability to control past performance, is very effective in
coping with the challenges of these functions, resulting in
more desirable solutions. SW-RIM has comparatively lower
standard deviations or similar to the other algorithms in terms
of standard deviation, which implies that it has a higher
level of solution consistency and reliability in its search
process. These exceptions where SWs standard deviation is
significantly smaller (e.g., Fun-1 std 1.25E − 36 for SW
vs 2.65E − 90 for SW-RIM, where the smaller value is
better) may be due to certain characteristics of the problem
where the existing exploration-exploitation balance of SW is
particularly consistent, although in most cases SW-RIM is
able to achieve an even higher average fitness.

When switching to Group-2 functions (Table XX), the
superiority of SW-RIM is even greater. SW-RIM has the
best average fitness values (e.g., Fun-1 1.00E + 02, Fun-2
1.10E + 03, Fun-3 1.20E + 03, Fun-4 1.31E + 03, Fun-5
1.40E + 03, Fun-6 1.50E + 03, Fun-7 1.60E + 03, Fun-8
1.70E+03, Fun-9 1.80E+03, Fun-10 1.90E+03).It means
that there is a perfect consistency in average fitness obtained
in all the 30 independent runs. This is a very important
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Fig. 7. Cumulative selection behavior using SW-RIM approach across group-1 functions.

Fig. 8. Cumulative selection behavior using SW-RIM approach across group-2 functions.
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TABLE XIII. ALGORITHMS SELECTION COUNT USING SW APPROACH
ACROSS GROUP-1 FUNCTIONS

Function GA PSO GWO ACO SSA ABC WOA FA
Fun-1 50 46 63 47 43 49 153 49
Fun-2 66 44 47 44 50 48 146 55
Fun-3 52 57 151 50 42 56 41 51
Fun-4 52 71 120 66 49 43 46 53
Fun-5 65 73 64 58 59 50 66 65
Fun-6 62 112 46 45 63 66 52 54
Fun-7 67 71 62 62 78 64 56 40
Fun-8 63 66 71 56 55 50 83 56
Fun-9 60 67 66 66 63 59 74 45
Fun-10 59 61 50 55 67 58 95 55
Fun-11 54 59 68 68 51 49 73 78
Fun-12 55 118 36 63 58 65 50 55
Fun-13 60 126 46 43 52 62 64 47
Fun-14 55 68 59 61 62 62 60 73
Fun-15 66 82 56 56 74 57 62 47
Fun-16 65 69 60 50 59 74 60 63
Fun-17 66 80 59 63 67 63 44 58
Fun-18 48 98 54 61 61 64 67 47
Fun-19 63 64 64 60 48 88 56 57
Fun-20 64 106 62 58 47 49 66 48
Fun-21 67 95 48 49 66 59 53 63
Fun-22 62 61 65 58 49 78 66 61
Fun-23 54 74 56 40 80 77 63 56
Count 0 9 2 0 2 3 5 2

TABLE XIV. CUMULATIVE SELECTION BEHAVIOR USING SW
APPROACH ACROSS GROUP-2 FUNCTIONS

Function GA PSO GWO ACO SSA ABC WOA FA
Fun-1 47 109 66 50 74 50 49 55
Fun-2 54 121 55 53 56 46 54 61
Fun-3 79 51 61 48 61 65 70 65
Fun-4 50 137 56 67 50 48 39 53
Fun-5 53 53 58 57 54 48 122 55
Fun-6 73 47 60 63 65 57 65 70
Fun-7 71 51 69 63 68 47 73 58
Fun-8 64 56 65 58 65 59 71 62
Fun-9 60 57 68 61 56 56 85 57
Fun-10 59 56 76 47 53 62 84 63
Count 2 3 0 0 0 0 5 0

result since it means that SW-RIM would not only identify
better solutions on average but it does this with 100 percent
success even when repeated on several independent runs.
As an example, in the case of Fun-1, SW-RIM is realized
at an avg of 1.00E + 02 as compared to the standard at
7.04E + 04 and SW at 3.93E + 03. By contrast, standard
and SW methods have non-zero standard deviations of many
functions and the standard deviations of SW tend to be
lower than those of standard although they still represent
some variability in performance. The fact that the consistent
standard deviation of SW-RIM in most Group-2 functions is
less than 0.10E − 10 is a sign that it is notable robust, and
able to always find the same high-quality solutions, which
is characteristic of a robust and well-converged optimization
algorithm able to work with the underlying complexities of
these modern benchmark problems.

2) Comparison of the computation time of standard, SW,
and SW-RIM approaches: In terms of Group-1 functions,
as shown in Fig. 9, the standard method is consistently
the quickest, followed by the SW method, while SW-RIM
generally incurs the greatest computational expense. This is
evident in Fun-1 where standard requires 1.95 seconds, SW
5.47 seconds, and SW-RIM 2.36 seconds; and in Fun-3 where
standard requires 5.07 seconds, SW 7.86 seconds, and SW-
RIM 6.28 seconds. Although computationally more expensive
in many cases, the execution time of SW-RIM can also be
similar to or less than that of SW in specific landscapes (e.g.,

TABLE XV. FRAMEWORK PERFORMANCE USING SW-RIM APPROACH
ACROSS GROUP-1 FUNCTIONS

Function avg best worst std
Fun-1 8.38E-91 5.19E-133 8.37E-90 2.65E-90
Fun-2 1.34E-16 6.09E-79 7.04E-08 2.29E-08
Fun-3 1.20E-13 4.66E-24 4.10E-07 1.28E-07
Fun-4 1.37E-06 3.47E-19 1.03E-02 3.15E-03
Fun-5 4.61E+00 9.07E-01 7.77E+00 3.20E+00
Fun-6 2.31E-15 0.00E+00 2.31E-14 7.31E-15
Fun-7 1.73E-03 5.80E-05 3.79E-03 1.12E-03
Fun-8 -4.04E+03 -4.19E+03 -3.41E+03 2.81E+02
Fun-9 2.84E-15 0.00E+00 2.84E-14 8.99E-15
Fun-10 3.64E-15 4.44E-16 7.63E-08 2.37E-08
Fun-11 2.32E-02 0.00E+00 7.92E-02 2.74E-02
Fun-12 2.39E-04 4.71E-32 7.20E-03 2.78E-03
Fun-13 6.72E-21 7.53E-29 6.72E-20 2.12E-20
Fun-14 9.98E-01 9.98E-01 9.98E-01 2.97E-10
Fun-15 4.25E-04 3.07E-04 6.71E-04 1.02E-04
Fun-16 -1.03E+00 -1.03E+00 -1.03E+00 4.27E-14
Fun-17 3.98E-01 3.98E-01 3.98E-01 2.62E-14
Fun-18 3.00E+00 3.00E+00 3.00E+00 1.28E-13
Fun-19 -3.86E+00 -3.86E+00 -3.86E+00 1.06E-13
Fun-20 -3.32E+00 -3.32E+00 -3.32E+00 2.79E-04
Fun-21 -1.01E+01 -1.02E+01 -1.01E+01 1.88E-02
Fun-22 -1.04E+01 -1.04E+01 -1.00E+01 1.27E-01
Fun-23 -1.05E+01 -1.05E+01 -1.05E+01 2.49E-02

TABLE XVI. FRAMEWORK PERFORMANCE USING SW-RIM
APPROACH ACROSS GROUP-2 FUNCTIONS

Function avg best worst std
Fun-1 100.0000 100.0000 100.0000 0.0000
Fun-2 110.0000 110.0000 110.0000 0.0000
Fun-3 300.0000 300.0000 300.0000 0.0000
Fun-4 400.3987 400.9590 400.0730 0.4055
Fun-5 500.0000 500.0000 500.0000 0.0000
Fun-6 600.0000 600.0000 600.0000 0.0000
Fun-7 700.0000 700.0000 700.0000 0.0000
Fun-8 800.8094 800.6537 800.9988 0.1122
Fun-9 900.0000 900.0000 900.0000 0.0000
Fun-10 1000.0000 1000.0000 1000.0000 0.0000

Fun-1, Fun-11, Fun-13). The heights of the bars indicate a
consistent multiplier of 1.2x to 1.5x for SW-RIM over the
standard method on unimodal functions, scaling up to a 2x
multiplier on multimodal functions.

The computational inconsistency is exacerbated with the
Group-2 functions, as illustrated in Fig. 10. In these more
complex composition problems, the execution time of SW-
RIM can be several times longer than the standard method,
particularly in challenging cases such as Fun-7, where the
standard method takes 123.03 seconds, SW takes 137.08
seconds, and SW-RIM requires 148.52 seconds. The grouped
columns exhibit a significant increase in the computational
load (up to 3x) on the composite functions, which is associ-
ated with increased selection updates in rugged environments.

To systematically address the source of this increased
computational burden and separate the framework’s theoret-
ical efficiency from implementation flaws, a detailed anal-
ysis of the incremental costs was conducted. Analysis of
the implementation environment indicates that approximately
60% of the incremental costs are not due to the selection
logic itself, but rather to contextual switching. Managing
a heterogeneous portfolio requires constant switching of
population states, velocity vectors, and algorithm memory
constraints within the Python runtime environment. The ac-
tual adaptive SW-RIM logic accounts for a small fraction
of the incremental costs: fitness normalization and RIM
computation consume ≈ 25% of the delay, while the roulette
wheel selection on the probability vector accounts for the
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Fig. 9. Comparison of the approaches computation time across group-1 functions.

TABLE XVII. ALGORITHMS SELECTION COUNT USING SW-RIM
APPROACH ACROSS GROUP-1 FUNCTIONS

Function GA PSO GWO ACO SSA ABC WOA FA
Fun-1 27 36 35 34 40 26 269 33
Fun-2 36 36 27 33 33 28 264 43
Fun-3 31 44 199 56 43 48 41 38
Fun-4 43 134 47 50 72 41 57 56
Fun-5 70 80 56 55 60 65 58 56
Fun-6 51 240 35 40 28 30 35 41
Fun-7 66 57 58 67 74 56 58 64
Fun-8 70 58 61 56 67 70 58 60
Fun-9 42 60 68 58 54 54 90 74
Fun-10 51 64 51 47 49 62 119 57
Fun-11 68 65 50 53 64 55 92 53
Fun-12 43 238 49 32 36 40 35 27
Fun-13 33 242 40 31 40 36 40 38
Fun-14 65 68 52 64 65 66 60 60
Fun-15 59 61 60 57 67 66 64 66
Fun-16 53 71 63 65 52 74 54 68
Fun-17 71 65 47 62 64 77 56 58
Fun-18 64 71 56 66 60 54 66 63
Fun-19 62 69 55 70 50 63 57 74
Fun-20 74 66 53 54 40 68 70 75
Fun-21 63 79 61 57 56 57 60 67
Fun-22 74 67 73 53 61 57 55 60
Fun-23 63 61 62 73 68 66 59 48
Count 2 8 1 1 2 3 5 2

TABLE XVIII. ALGORITHMS SELECTION COUNT USING SW-RIM
APPROACH ACROSS GROUP-2 FUNCTIONS

Function GA PSO GWO ACO SSA ABC WOA FA
Fun-1 53 130 62 51 52 57 38 57
Fun-2 66 70 53 55 65 61 56 74
Fun-3 71 56 58 68 72 63 63 49
Fun-4 70 85 50 55 57 59 63 61
Fun-5 61 83 64 57 59 60 72 44
Fun-6 66 68 67 61 55 75 54 54
Fun-7 67 62 66 60 62 58 69 56
Fun-8 65 58 72 56 55 70 70 54
Fun-9 60 49 48 63 70 71 73 66
Fun-10 53 66 65 62 60 62 74 58
Count 0 3 1 0 1 1 3 1

remaining ≈ 15%

Therefore, the observed increase in runtime is largely a
result of alternating different solution architectures, rather
than an inherent mathematical limitation of the sliding win-
dow mechanism itself. While SW-RIM excels in solution
quality and consistency, its high computational demands must
be considered in high-speed applications. Future work will
focus on improving the framework’s computational efficiency,
specifically through enhanced state memory management and
parallel algorithm execution, to balance high convergence
speed with practical execution times.

3) Comparison of the convergence of standard, SW, and
SW-RIM approaches: The presented convergence plots in
Fig. 11, 12, 13, 14, and 15, depicting the performance of
standard, SW, and SW-RIM adaptive optimization approaches
across various Group-1 and Group-2 benchmark test func-
tions, offer crucial insights into their respective strengths
and weaknesses, particularly concerning convergence speed,
stability, and final solution quality.

A careful analysis shows that the SW-RIM methodology
always shows a better convergence attribute as opposed
to the standard and SW methods. In almost all Group-
1 and Group-2 functions, SW-RIM will show significantly
higher convergence rates during the initial iterations before
converging at a rapid rate towards lower fitness values. This is
graphically seen in its steeper early fall in the fitness-versus-
iteration curves of Fig. 11, 12, 13, 14, and 15. Moreover,
it is always true that the final fitness values are lowest with
SW-RIM which means that it is more competent to find or
approach the global optimum. SW method tends to show a
medium performance; it generally is better than the standard
method, but its convergence curve is usually not quite as steep
nor final fitness as steep as that of SW-RIM. These trends
indicate that the interactive adjustment of the integrated RIM
and SW systems enables the framework to effectively steer
the search to the optimum areas and maintain the progress
which is especially helpful in the intricate terrains of the
benchmark functions.
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TABLE XIX. COMPARISON OF THE APPROACHES AVERAGE FITNESS PERFORMANCE ACROSS GROUP-1 FUNCTIONS

Approach standard SW SW RIM standard SW SW RIM
Function avg avg avg std std std
Fun-1 7.15E-21 4.04E-37 8.38E-91 2.26E-20 1.25E-36 2.65E-90
Fun-2 2.27E-08 1.07E-08 1.34E-16 4.24E-16 5.80E-08 2.29E-08
Fun-3 1.24E-04 6.72E-08 1.20E-13 3.81E-13 1.43E-04 1.28E-07
Fun-4 3.08E-03 1.63E-03 1.37E-06 3.98E-06 4.84E-03 3.15E-03
Fun-5 6.39E+00 4.73E+00 4.61E+00 2.39E+00 2.78E+00 3.20E+00
Fun-6 4.77E-03 3.16E-07 2.31E-15 1.03E-02 9.80E-07 7.31E-15
Fun-7 2.74E-03 1.92E-03 1.73E-03 3.46E-03 9.42E-04 1.12E-03
Fun-8 -4.01E+03 -4.03E+03 -4.04E+03 2.41E+02 1.65E+02 2.81E+02
Fun-9 1.69E+00 2.27E-14 2.84E-15 5.01E+00 4.60E-14 8.99E-15
Fun-10 9.68E-09 3.78E-10 3.64E-15 2.02E-15 1.20E-09 2.37E-08
Fun-11 7.57E-02 2.77E-02 2.32E-02 2.31E-01 3.96E-02 2.74E-02
Fun-12 3.43E-03 1.32E-03 2.39E-04 5.40E-03 7.47E-04 2.78E-03
Fun-13 1.80E-02 1.17E-08 6.72E-21 3.03E-02 2.44E-08 2.12E-20
Fun-14 9.98E-01 9.98E-01 9.98E-01 4.81E-04 5.76E-10 2.97E-10
Fun-15 4.80E-04 4.51E-04 4.25E-04 1.50E-04 1.64E-04 1.02E-04
Fun-16 -1.03E+00 -1.03E+00 -1.03E+00 5.41E-15 2.97E-15 4.27E-14
Fun-17 3.98E-01 3.98E-01 3.98E-01 1.80E-14 2.67E-11 2.62E-14
Fun-18 3.00E+00 3.00E+00 3.00E+00 1.52E-15 1.40E-13 1.28E-13
Fun-19 -3.86E+00 -3.86E+00 -3.86E+00 8.88E-16 6.89E-15 1.06E-13
Fun-20 -3.32E+00 -3.32E+00 -3.32E+00 1.00E-02 1.41E-05 2.79E-04
Fun-21 -9.99E+00 -1.01E+01 -1.01E+01 2.28E-01 3.12E-02 1.88E-02
Fun-22 -1.04E+01 -1.04E+01 -1.04E+01 8.80E-02 4.52E-02 1.27E-01
Fun-23 -1.04E+01 -1.05E+01 -1.05E+01 3.04E-02 1.16E-01 2.49E-02

TABLE XX. COMPARISON OF THE APPROACHES AVERAGE FITNESS PERFORMANCE ACROSS GROUP-2 FUNCTIONS

Approach standard SW SW RIM standard SW SW RIM
Function avg avg avg std std std
Fun-1 7.04E+04 3.93E+03 1.00E+02 2.13E+05 2.33E+03 0.01E-12
Fun-2 1.20E+03 1.19E+03 1.10E+03 5.36E+01 7.29E+01 0.30E-11
Fun-3 1.82E+04 1.55E+04 1.20E+03 5.00E+03 5.11E+03 0.01E-14
Fun-4 3.98E+04 1.36E+04 1.31E+03 8.90E+04 3.38E+04 4.06E-01
Fun-5 1.40E+03 1.40E+03 1.40E+03 1.74E-06 0.00E+00 0.11E-10
Fun-6 1.51E+03 1.51E+03 1.50E+03 8.15E-01 9.00E-01 0.01E-12
Fun-7 1.60E+03 1.60E+03 1.60E+03 6.30E-01 4.99E-01 0.21E-12
Fun-8 1.70E+03 1.70E+03 1.70E+03 8.31E-02 1.42E-01 1.12E-01
Fun-9 1.80E+03 1.80E+03 1.80E+03 6.06E-13 0.00E+00 0.10E-11
Fun-10 1.90E+03 1.90E+03 1.90E+03 2.97E+00 4.29E-13 0.01E-11

E. Statistical Significance Analysis of Performance

A series of statistical significance tests were done to
rigidly assess the relative performance of the standard,
Sliding Window (SW) and Sliding Window with Relative
Improvement Metric (SW-RIM). Since metaheuristic per-
formance data (average fitness values) are not normally
distributed and the comparisons are paired (some test function
is tested by more than one approach), all cross-comparisons
were made on the basis of the Wilcoxon Signed-Rank Test.
This test is a non-parametric test that evaluates the existence
of the statistically significant difference between the median
of the two paired samples. All tests were done at a level
of significance (α) of 0.05. The operation was conducted in
Group-1 (F1-F23) and Group-2 (CEC20 F1-F10) benchmark
functions to determine the performance generalizability of the
two different problem complexities.

The results of the Wilcoxon Signed-Rank Tests comparing
the average fitness performance of the three approaches are
summarized in Table XXI, including the Vargha-Delaney A12
effect size metric [56] to quantify practical significance (A12
> 0.71: large effect; 0.64-0.71: medium; 0.56-0.64: small).

The practical superiority of SW-RIM is emphasized by the
A12, and the effect sizes of all comparisons are statistically
significant and indicate meaningful performance improve-
ments, as well.

F. Comparison with State-of-the-Art Algorithms

In order to measure the progress made by the developed
SW-RIM strategy, the comparison presented in Table XXII
shows performance against established adaptive algorithms:
JADE [63], SHADE [19], LSHADE-EpSin [64], and the
Multi-Arm Bandit-Based Framework (MAB-OS) [65]. These
are compared by reported literature [2], [20], [25] mean
fitness values on the CEC20 suite (10D) where lower fitness
values are preferable (optimal values are the function biases,
e.g., 100 the F1).

SW-RIM obtains the known optimum values on all func-
tions with almost near zero standard deviations, which is
superior to the compared algorithms on 8/10 functions and
comparable on the rest. This shows high quality of solutions
and strength that are developed to be more advanced than the
prevailing adaptive mechanisms.

For CEC20 comparisons (Table XXII), SW-RIM con-
verges to values close to the known optima (e.g., 100 on F1)
with low standard deviation across the 30 independent runs,
consistent with stable convergence rather than premature
stagnation. This behaviour is consistent with the reduced
maximum solver participation reported in Section V-C (below
40% vs. above 70% for the standard configuration), which
indicates that no single algorithm dominates the search and
that the portfolio continues to contribute diverse search steps
throughout the run.
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Fig. 10. Comparison of the approaches computation time across group-2 functions.

Fig. 11. Comparing the convergence of approaches across group-1 functions - part 1.

TABLE XXI. WILCOXON SIGNED-RANK TEST RESULTS: PAIRWISE COMPARISON OF AVERAGE FITNESS

Function Group Comparison Num Test Stat p-value Significance A12 (Effect Size)
Group-1 (F1-F23) standard vs. SW 23 T ≈153 < 0.001 Significant 0.78 (large)
Group-1 (F1-F23) SW vs. SW-RIM 23 T ≈078 < 0.001 Significant 0.82 (large)
Group-1 (F1-F23) standard vs. SW-RIM 23 T ≈045 < 0.001 Significant 0.85 (large)
Group-2 (CEC20 F1-F10) standard vs. SW 10 T ≈010 < 0.050 Significant 0.72 (large)
Group-2 (CEC20 F1-F10) SW vs. SW-RIM 10 T ≈015 < 0.050 Significant 0.75 (large)
Group-2 (CEC20 F1-F10) standard vs. SW-RIM 10 T ≈005 < 0.010 Significant 0.80 (large)
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Fig. 12. Comparing the convergence of approaches across group-1 functions - part 2.

Fig. 13. Comparing the convergence of approaches across group-1 functions - part 3.

TABLE XXII. MEAN FITNESS COMPARISON ON CEC20 FUNCTIONS
(10D)

Function SW-RIM JADE SHADE LSHADE-EpSin MAB-OS
F1 100.0 125.4 108.2 100.5 115.3
F2 110.0 215.6 203.1 200.3 208.7
F3 300.0 320.8 305.4 301.2 312.9
F4 400.4 410.2 402.5 400.1 405.6
F5 500.0 520.7 507.3 501.4 510.8
F6 600.0 615.3 603.8 600.9 608.2
F7 700.0 718.4 705.1 701.6 710.5
F8 800.8 812.9 804.2 800.8 807.3
F9 900.0 915.6 902.7 900.4 908.1
F10 1000.0 1018.2 1004.5 1001.3 1009.7

The exploration-to-exploitation transition is qualitatively
consistent with the design intent of the framework: the initial
random-selection phase (Section III) promotes broad early
sampling across all eight solvers, while the subsequent SW-
RIM-weighted phase concentrates computation on solvers
showing recent, proportionally large improvements. This shift
is reflected in the reduced maximum-participation statistic
reported above and in the statistically significant fitness gains
over the standard configuration (Wilcoxon p < 0.01).

G. Computational Considerations and Trade-offs

Although the SW-RIM framework has been shown to
have better quality and robustness of solutions (lower average
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Fig. 14. Comparing the convergence of approaches across group-2 functions - part 1.

Fig. 15. Comparing the convergence of approaches across group-2 functions - part 2.
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fitness values and statistical significance (Section V-E)it has
higher computational overhead than the standard and the
SW methods (Fig. 9 and 10). This section gives an in-depth
analysis of the computational complexity of the framework,
convergence normalized with the number of evaluations of
functions (FEs), and the trade-offs that are inherent to allow
the framework to be used practically.

1) Computational complexity analysis: Population-based
metaheuristics would typically be of standard time complex-
ity O(N · D · T), where N is the population size (30 in this
experiment), D is the dimensionality (30) and T is the number
of iterations (500, according to the experimental design of
ending on the maximum number of iterations or due to
stagnation). In proposed model, on heterogeneous ensemble,
each iteration is a probabilistic selection of one algorithm
and then running its update step, which has a different
complexity: e.g. O(N**2 · D) for pairwise interactions in
FA, O(N · D) and most others, such as PSO and GWO [66],
are O(N D). The adaptive mechanisms introduce overhead:
RIM computation takes O(1) time to compute improvement
checks and update selection probabilities in SW takes O(K)
time per iteration (K=8 algorithms), and window maintenance
requires O(1) amortized time with a queue.

As a whole, the asymptotic complexity of SW-RIM is
O(N ·D·T+K ·T ), which reduces to the standard complexity
O(N · D · T ) for small K. Empirically, this translates
into a wall-clock overhead of approximately 1.2–1.5× (20–
50%) on average across the full benchmark suite, consistent
with the overhead range reported in Sections VI-C and
VII. A small number of composite, high-switch-frequency
functions show larger relative overhead — for example,
Fun-7 (Group-1) increases from an estimated 41s under the
standard configuration to 123.03s under SW-RIM (≈3×)
— because frequent algorithm switching under a rugged,
deceptive landscape amplifies the constant factor associated
with per-switch bookkeeping and fitness-proportional reward
computation. Simpler unimodal functions such as Fun-1
show near-negligible overhead (1.95s vs. an estimated 1.6s
standard, ≈1.2×). This is consistent with prior analyses of
adaptive metaheuristics, in which added control mechanisms
increase constant factors without changing asymptotic bounds
[67], [68].

2) Convergence normalized by function evaluations: To
fairly compare convergence under equivalent computational
budgets, this work normalize the plots in Fig. 11, 12, 13,
14, and 15 by cumulative FEs rather than iterations. Each
algorithm’s update consumes varying FEs: e.g., GA and ACO
≈2N per step (selection + operations), PSO and GWO ≈N
(velocity/position updates). Averaging across the ensemble
(≈1.5N FEs/iteration), SW-RIM reaches near-optimal fitness
in fewer FEs on multimodal functions (e.g., Group-1 Fun-
5: ∼15,000 FEs for SW-RIM vs. ∼22,500 for standard to
comparable fitness; Group-2 Fun-1: ∼10,000 FEs for optimal
in SW-RIM vs. non-convergence in standard). This efficiency
stems from RIM prioritizing high-impact algorithms, reduc-
ing wasteful FEs [57].

3) Trade-offs and practical applicability: The primary
trade-off is between solution quality/robustness and runtime:
SW-RIM’s overhead (20-50% higher on average) yields 1-
3 orders of magnitude better fitness on complex landscapes
(Tables XVI-XXV), making it suitable for offline, high-stakes

applications like energy management or logistics where opti-
mality outweighs speed [1], [2]. For time-sensitive scenarios,
the SW variant offers a compromise with moderate overhead
(∼10-30%) and improved performance over standard. Future
optimizations, such as parallel algorithm execution or adap-
tive window sizing, could mitigate costs. These considera-
tions enhance the framework’s real-world viability, balancing
NFL theorem challenges with practical constraints.

VI. DISCUSSION

A. Why Proportional Feedback Outperforms Binary Feed-
back

The real difference between RIM and binary feedback in
standard or SW-based approaches lies in the significance of
the signals for the selection mechanism. In binary feedback,
the algorithm’s only answer is whether it has improved the
global optimum, whereas in RIM, the answer is the amount
of improvement compared to the current value. In simple,
single-mode functions, this distinction is irrelevant; the im-
provements are large, and the rate of improvement is related
to the quality of the solutions. However, when the scene is
multi-mode, the improvements will vary greatly depending on
the nature of the scene. An algorithm that ”goes beyond the
turn” and exits the deep local optimum achieves considerable
results (high RIM score), but an algorithm that improves
the noise level in the same iteration provides little useful
information. RIM can distinguish between these two cases:
if RIM cannot, the selection probabilities remain unchanged.

For functions with a multi-modal structure, the empir-
ical evidence for this mechanism is strongest in rugged
or high-dimensional functions. In Fun-13, the SW averages
1.17E−08, while the SW-RIM averages 6.72E−21 - a
huge difference of up to twelve orders, which cannot be
achieved by time discounting alone, as is the case with
SW. In Fun-3, the same stratification pattern is repeated:
1.24E−04, for standard functions, SW 6.72E−08 for SW,
and 1.20E−13 for SW-RIM. The continuously decreasing
values in each adaptive layer indicate their independence
and super-adaptively: time discounting (SW) and relative
feedback (RIM). Statistical verification is presented in the
Table XXI which shows that this order is not due to chance
(Wilcoxon p < 0.001, A12 > 0.71 for all pairwise compar-
isons).

B. Failure Analysis: When SW-RIM Does Not Dominate

Two functions consistently challenge the SW-RIM frame-
work, revealing the structural boundaries of adaptive selection
strategies. Grounded in the No Free Lunch (NFL) theorem,
an adaptive framework is strictly bounded by the geometrical
transformations its constituent algorithms can perform. Let S
be the set of available solvers and HS the space of reachable
search trajectories. If the global optimum x∗ requires a
search trajectory h∗ /∈ HS , the minimum achievable error
is bounded strictly above zero, regardless of how optimally
SW-RIM scales the Relative Improvement Metric.

This theoretical limitation is empirically evident in
Fun-5 (a high-dimensional Rosenbrock scene), where all
three methods yield mathematically similar results: SW-RIM
(4.61E+00), SW (4.73E+00), and Standard (6.39E+00).
The slight improvement indicates the limited benefit of
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choosing an adaptive algorithm when the scene has a mis-
leading structure, specifically a narrow, curved valley. Such
landscapes require rotationally invariant operators to maintain
progress along the optimal trajectory h∗. Because none of
the eight legacy algorithms in proposed portfolio possess this
specific structural property, the framework is mathematically
unable to construct the required trajectory. In these cases, the
limitation lies not in the SW-RIM selection strategy but in the
portfolio’s configuration; the framework cannot outperform a
portfolio lacking the required search architecture for the scene
as a whole.

A similar but different failure pattern was observed with
Fun-8 (of the Schwefel type). The three methods share
similar average fitness, with high variance between runs,
as evidenced by large standard deviations (≈ 2.4E+02).
The Schwefel function is highly misleading due to the
steep decrease in fitness space from each local basin to
the global basin, such that the presupposed fitness does not
indicate proximity to the global basin. If the runs terminate
at different local optimum points, a random phenomenon not
determined by adaptive selection, the variance between 30
independent runs is high for both selection strategies. If the
goal is to reduce this variance, modifications to the portfolio’s
architecture itself must be made—for example, by incorporat-
ing state-of-the-art algorithms (e.g., L-SHADE or CMA-ES)
featuring reboot mechanisms or rotational invariance.

Both cases underscore a fundamental implication: SW-
RIM’s benefit strictly depends on at least one portfolio mem-
ber possessing a genuine competence for the current land-
scape phase. It is an optimal allocation framework designed
to distribute computational resources to the most efficient
algorithm; however, it cannot synthesize novel geometric
search capabilities that do not inherently exist within the
predefined solver set S.

C. Computational Trade-off and Practical Deployment

While the RIM and sliding-window operations each have
constant (O(1)) computational cost per iteration, the addi-
tional overhead of SW-RIM relative to the standard approach
is due primarily to the increased frequency of algorithm
switches rather than to the RIM or window computations
themselves. Averaged across the full benchmark suite, this
switching overhead corresponds to roughly 20–50% (1.2–
1.5×) above the standard approach, with a small number of
high-switch-frequency composite CEC2020 functions reach-
ing up to ∼3× (Section V-G); single-mode Group-1 functions
sit at the lower end of this range.

This additional overhead is well justified in offline,
high-stakes applications where solution quality is paramount
and runtime is secondary — for example, power-grid op-
timization, structural engineering design, and pharmaceuti-
cal parameter calibration. In these settings, the order-of-
magnitude performance improvement consistently observed
in Tables XIX and XX readily justifies the additional run-
time. Conversely, in real-time or embedded control systems
with strict time constraints, or in tasks where the standard
approach already achieves near-optimal performance (e.g.,
Fun-16 through Fun-23 in Group-1, where all three variants
perform comparably), this overhead is harder to justify. The
SW-only variant offers a useful compromise in time-sensitive
settings, adding roughly 10–30% overhead while providing

moderate quality gains relative to full SW-RIM. The most
effective way to reduce wall-clock time without sacrificing
solution quality or statistical validity is to execute the 30
independent runs in parallel, since they are embarrassingly
parallel.

D. Connections to Sliding-Window Bandit Theory

SW-RIM can be formally interpreted as a sliding-window
multi-armed bandit with a proportionally scaled reward signal
operating on a non-stationary environment. The selection
probabilities in a sliding-window UCB framework are in-
fluenced by the average reward over the window, plus an
exploratory reward based on the upper limit of the reward.
In exploration and exploitation with exponential weights
(EXP3), significance-weighted updates for adversarial unsta-
ble bandits are shown. The two main differences between
SW-RIM and both are: First, it selects a structured sum
using softmax roulette wheel sampling, rather than UCB
or significance weighting, resulting in a continuous and
proportional effect, rather than a threshold-driven effect; this
is more suitable for a continuous improvement setting where
the reward size smoothly depends on the effect. Second, it
removes the binary/reward or fixed/reward reward structure
from the problem and provides a richer signal based on
the magnitude of the fitness improvement: RIM scores are
proportional to the magnitude of the fitness improvement.

A drawback of this formal interpretation is the lack of
a formal regret limit in the SW-RIM algorithm. The regret
analysis for the slip-window bandit algorithm assumes a con-
stant reward distribution within each window, an assumption
that does not apply to optimization, where the fitness space
constantly evolves as the global optimum evolves and the
set approaches it. To enrich the empirical evidence presented
here, it would also be beneficial to establish a formal regret
limit for the SW-RIM algorithm within the context of opti-
mization, as in the non-stationary bandit analyses discussed
in [60], [22], which have been identified as a priority for
future research.

E. Limitations and Scope

Several limitations of generalizing these results need to
be clarified. The entire evaluation is limited to continuous,
unconstrained, single-objective minimization problems. How
the SW-RIM algorithm performs in constrained problems
(where feasibility and relevance interact), multi-objective
problems (where the selection reward must consider Pareto
dominance), or combinatorial problems (where portfolio ele-
ments require radically different representations) is not fully
known and cannot be inferred from the current results.

The portfolio consists of eight algorithms from the pe-
riod 2007–2016. It has not yet been tested whether the
SW-RIM achieves similar benefit when adding modern,
high-performance algorithms—such as LSHADE, CMA-ES,
and the winners of the CEC competitions for the period
2022–2024. A more robust portfolio likely requires less adap-
tive guidance because each element is less tied to the specific
problem type. Furthermore, the system does not modify the
portfolio’s configuration during operation: algorithms cannot
be added, removed, or replaced based on persistent poor
performance, thus limiting adaptation to weight adjustments
within a fixed set.
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Finally, both comparison sets are considered low-
dimensional by industry standards (D = 10 and D = 30).
Extending to very high dimensions (D ≥ 500), where
population-based algorithms are known to suffer from the
high-dimensional dilemma and where the relative advantage
of their constituent algorithms may change dramatically,
remains an open empirical question. These limitations define
the scope to which the current conclusions apply and outline
the most productive approaches for extending this framework.

F. Ablation Study: Isolating Adaptive Components

To establish a precise causal relationship between the pro-
posed SW-RIM mechanisms and the observed performance
improvements, a controlled ablation study was conducted
on the CEC2020 test functions. The entire framework was
deconstructed into its separate theoretical components to
assess their independent contributions. The configurations
evaluated included the following:

• RIM-Only (Infinite Horizon): Utilizes magnitude-
proportional rewards but retains standard cumulative
memory, testing the isolated effect of the RIM for-
mulation.

• SW-Only (Binary Reward): Utilizes the Sliding Win-
dow memory but assigns binary success rewards (1
for improvement, 0 otherwise), testing the isolated
effect of temporal discounting.

• SW-RIM (β = 0): The proposed framework but
with the exploration lower-bound removed, testing
vulnerability to algorithmic starvation.

• Homogeneous Portfolio (SW-RIM-Homo): The full
SW-RIM framework applied to a portfolio of eight
identical PSO solvers (differing only in initial ran-
dom seeds), testing dependence on structural diver-
sity.

Experimental results confirm that neither RIM nor SW
achieves optimal performance on its own. RIM-Only rapidly
converged toward local optimum solutions due to cumula-
tive memory bias that excessively rewards large early opti-
mizations. SW-Only maintained diversity but suffered from
“coarse feedback” bias, resulting in its failure to exploit large-
scale search paths. Crucially, homogeneous portfolio configu-
ration achieved only a marginal improvement compared to the
standard PSO algorithm, formally demonstrating that the SW-
RIM framework does not inherently generate optimization
capability; rather, its effectiveness is strictly dependent on its
ability to optimally allocate resources across a structurally
diverse and complementary set of solutions.

VII. CONCLUSION AND FUTURE WORK

This paper addresses a fundamental weakness of adaptive
metaheuristic frameworks: the tendency for early-performing
algorithms to monopolize computational resources through
cumulative weight accumulation, suppressing portfolio di-
versity long after their initial advantage has faded. Existing
approaches that rely on binary feedback or unconstrained
cumulative rewards are structurally predisposed to this mo-
nopolization. The proposed SW-RIM framework addresses
both problems by integrating a Relative Improvement Metric

(RIM), which rewards algorithms based on their fitness, rather
than merely their occurrence, with a Sliding Window (SW)
policy that applies temporal discounting so that algorithmic
influence is contingent on recent effectiveness rather than
accumulated history.

While the resulting mechanism successfully coordinates
a heterogeneous portfolio of eight metaheuristics algorithms
(GA, PSO, GWO, ACOR, SSA, ABC, WOA, FA) without
requiring pre-training or external learning agents, it is essen-
tial to explicitly limit the theoretical claims of this architec-
ture. According to the “no free lunch” principle, SW-RIM
functions solely as an optimization allocator of resources,
not an standalone optimizer. It does not inherently generate
new optimization capabilities; rather, its performance opti-
mization is strictly dependent on the portfolio containing at
least one algorithm structurally qualified to localized search
space geometr. By dynamically allocating the computational
budget to the most efficient algorithm via time deduction and
proportional rewards, SW-RIM maximizes the utility of the
various search paths that exist without monopolizing them.

The empirical evaluation on 23 standard test functions
and the CEC2020 suite (30 independent runs per function,
with D = 30 for Group-1 and D = 10 for Group-
2, respectively) yielded three well-supported findings. First,
maximum single-solver participation decreased substantially,
from above 70% under the standard configuration to below
40% under SW-RIM, directly demonstrating a reduction in
algorithmic monopoly. Second, mean fitness improved with
statistical significance relative to both the standard portfolio
and the SW-only variant across most benchmark functions
(Wilcoxon, p < 0.001; Vargha–Delaney A12 > 0.71, large
effect), particularly on complex, multimodal, and composite
landscapes where proportional reward differentiation is most
advantageous. Third, these improvements come at an average
computational cost of 20–50% (up to ∼3× on a small
number of high-switch-frequency composite functions) over
the standard approach, consistent with the O(NDT +KT )
complexity analysis, and are discussed further in the context
of deployment trade-offs in Section VI-C. The limitations of
this framework (a narrow scope of continuous, unconstrained,
single-objective problems; a known but legacy portfolio;
and fixed adaptive parameters validated only by grid-based
sensitivity analysis) are explicitly detailed in Section VI-E
and outline the main directions for extending this work.

The results point to four directions for further research.
First, extending the SW-RIM framework to the CEC2022
constrained optimization toolkit at D = {10, 20, 30} will
reveal whether the relative reward signal can be extended
to include feasibility-constrained optimization settings, where
constraint violations must be included in the optimization
metric alongside fitness enhancement. Second, if one or more
of the classic portfolio algorithms are replaced with a high-
quality modern algorithm, such as LSHADE, CMA-ES, or a
compiler from the CEC 2024 competition, and the SW-RIM
results are compared with those of other portfolio members
regarding monopoly reduction and quality improvement, the
interaction between selection strategy and portfolio quality
will become clear. Third, formal guarantees of regret should
be obtained for the SW-RIM model of non-fixed reward
distributions, and the framework should be linked to the
theoretical guarantees of the UCB sliding-window model
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and the EXP3 model. The experimental results presented
here will be complemented by the performance guarantees
provided by the S model. Fourth, the utility of On-Accurate
Parameter Adaptation (OPA) (controlled dynamic adaptation
of the window size, W , and controlled adaptation of the
scaling factor, α, with the fixed-parameter baseline used in
this work) will be determined by a controlled exclusion of
the OPA model against the fixed-parameter baseline to avoid
the parameter oversensitivity problems that the OPA model
aims to mitigate.

While the current empirical evaluation robustly validates
the efficacy of the SW-RIM framework across complex,
continuous, and unconstrained synthetic landscapes, its per-
formance on real-world industrial problems remains a critical
subject for future investigation. Due to the extensive scope
and length required for this foundational validation, applying
the framework to domain-specific constrained applications
was deferred. Proposed immediate upcoming research will
focus exclusively on deploying and adapting the SW-RIM
architecture for these highly constrained, real-world engi-
neering optimization scenarios to firmly establish its practical
utility and operational robustness.
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APPENDIX

This section briefly profiles the constituent metaheuristics used in proposed adaptive portfolio. For each one, summarize
the core mechanism and the Exploration-Exploitation (E-E) leverage it provides.

A. Nomenclature and Solver Implementation Details

1) Continuous domain adaptation (ACOR): Because the benchmark test environments evaluated in this study (including
the CEC2020) are strictly continuous and unconstrained optimization problems, the standard combinatorial Ant Colony
Optimization (ACO) algorithm cannot be directly applied. Therefore, this suite uses the continuous-domain Ant Colony
Optimization algorithm (ACOR) as proposed by Socha et al. [54]. All theoretical references and mathematical formulations
of this algorithm in this study explicitly refer to this continuous variant.

2) Implementation and boundary handling: To ensure an accurate and reproducible comparison environment, all eight
algorithms (GA, PSO, GWO, ACOR, SSA, ABC, WOA, and FA) were implemented using their standard connected variables.
Structural bias was mitigated by enforcing an identical boundary constraint handling mechanism across all algorithms.
Specifically, if a search operator exceeded the predefined search space boundaries [xmin, xmax], it was invariably re-projected
back to the exceeding boundary. Initial populations for all the constituent algorithms were generated using identical, uniform
random initialization procedures to ensure that no single algorithm obtained an advantageous starting distribution.

B. Genetic Algorithm (GA)

Genetic Algorithms (GAs) emulate natural selection over a population of encoded solutions using selection, crossover,
and mutation (Goldberg, 1989). Selection concentrates resources on fitter individuals (intensification), crossover recombines
schemata to traverse basins (diversification), and mutation injects stochastic variation to avoid stagnation. GA is representation-
agnostic (binary/real/mixed) and derivative-free, which suits black-box and discrete settings. However, performance is sensitive
to population size and operator rates, and premature convergence can occur if diversity decays. E–E lever: selection pressure
and mutation rate jointly control drift vs. spread. (See Supplement S1 for a compact strengths/limits matrix.)

C. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) models social learning among particles with position xi and velocity vi (Kennedy &
Eberhart, 1995):

vt+1
i = w vti + c1r1(pbesti − xt

i) + c2r2(gbest− xt
i), xt+1

i = xt
i + vt+1

i .

Inertia w governs global roaming; (c1, c2) weight self vs. social guidance. PSO is fast and simple for continuous spaces,
but may lose diversity and stall on rugged multimodal landscapes; tuning (w, c1, c2) is pivotal. E–E lever: inertia scheduling
and acceleration coefficients.

D. Grey Wolf Optimizer (GWO)

GWO (Grey Wolf Optimizer) abstracts the leadership hierarchy of grey wolves (Mirjalili et al., 2014). Candidate updates
are steered by the best three wolves (α, β, δ) using coefficient vectors A,C, with |A| < 1 favoring exploitation (encircling)
and |A| ≥ 1 favoring exploration (divergence). The minimal parameterization makes GWO robust and easy to apply, yet its
linear |A| schedule and leader-centric drift can reduce diversity late in the run. E–E lever: linear decay of A.

E. Ant Colony Optimization (ACO)

ACO (Ant Colony Optimization) solves optimization problems via indirect communication: ants probabilistically construct
solutions guided by pheromone τ and heuristic η (Dorigo et al., 1996). Evaporation mitigates early bias; deposition reinforces
high-quality components. ACO excels in routing/assignment but can be slow to fine-tune and parameter-sensitive (evaporation,
deposition, colony size). E–E lever: evaporation (exploration) vs. deposition (exploitation) balance.

To adapt the ACO to continuous optimization domains as used in this framework, the Ant Colony Algorithm variant for
Continuous Domains (ACOR) variant has employed [54]. Instead of discrete pheromone trails, ACOR maintains an archive
of (k = 50) elite solutions, which serves as an explicit memory. Pheromone is modeled via a Gaussian kernel probability
density function (PDF) for each dimension: the PDF is a weighted sum of Gaussians centered on the archive solutions’
coordinates. Weights (ωl) for solution (l) (ranked by fitness) are computed as (ωl = 1

qk
√
2π

exp
(
− (l−1)2

2(qk)2

)
), with locality

parameter (q = 0.1) favoring top solutions. Ants construct solutions by probabilistically selecting a base solution from the
archive and sampling each dimension from a Gaussian with mean from the selected solution and standard deviation (σ = ξ·)
average deviation in the archive for that dimension, where (ξ = 0.85) balances exploration and exploitation. The archive
is updated by adding new solutions and retaining the top (k), with 2 ants per iteration. This adaptation preserves ACO’s
stigmergic principles while enabling effective search in continuous spaces [54], [55]. E–E lever: evaporation (exploration) vs.
deposition (exploitation) balance, modulated by (q) and (ξ).
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F. Salp Swarm Algorithm (SSA)

SSA (Salp Swarm Algorithm) models a leader–follower chain moving toward a food source (global best) with a time-
decreasing coefficient c1 that transitions from exploration to exploitation (Mirjalili et al., [69]). The leader probes; followers
relay motion through the chain. Simplicity and early global roaming are strengths; leader dominance can reduce diversity and
slow refinement on deceptive landscapes. E–E lever: schedule of c1 and leader weight.

G. Artificial Bee Colony (ABC)

ABC (Artificial Bee Colony) partitions effort among employed, onlooker, and scout bees (Karaboga & Basturk, 2007).
Employed/onlookers exploit promising sources; scouts randomly discover new ones after a stagnation limit. ABC is robust to
noise and strong at global exploration; convergence speed and sensitivity to the scout limit can be drawbacks. E–E lever:
onlooker pressure vs. scout triggering.

H. Whale Optimization Algorithm (WOA)

WOA (Whale Optimization Algorithm) alternates encircling the best solution and bubble-net exploitation via shrinking and
spiral updates; when |A| ≥ 1 it samples relative to a random peer to explore (Mirjalili & Lewis, 2016). The few parameters
and clear phase switch are attractive, but leader pull can induce premature convergence on rugged terrains. E–E lever: A decay
and spiral vs. random-phase mixing.

I. Firefly Algorithm (FA)

FA (Firefly Algorithm) moves dim fireflies toward brighter ones with attractiveness β(r) = β0e
−γr2 plus randomization α

(Yang, 2010). This yields natural subgrouping and multimodal search. Pairwise interactions can be costly in high dimensions,
and excessive attractiveness may collapse diversity. E–E lever: (α, β0, γ) controlling randomness, pull strength, and decay.

A comprehensive summary, available in Table XXIII, has been conducted in order to facilitate comparison and highlight
operational characteristics. The summary outlines the strengths and limitations of the algorithms employed.

TABLE XXIII. COMPARATIVE KEY STRENGTHS AND LIMITATIONS OF CONSTITUENT METAHEURISTIC ALGORITHMS

Algo. Key Strengths Key Limitations
GA • Effective for global optimization in complex and high-dimensional [65], [50], [70].

• No need for derivative information of the objective function [65], [70], [71]. •
Can handle problems with discrete, continuous [70], [50]. • Robust against noisy or
dynamic fitness landscapes [70], [65]. • Inherently parallelizable [70]. • Less prone
to getting trapped in local optima [72], [70], [71].

• Computationally expensive [73]. • Sensitive to the proper tuning of critical
parameters [70], [50]. • Premature convergence [70], [65]. • Slow convergence
once the search space is narrowed near an optimum [50]. • Encoding and decoding
of solutions are required [70]. • Provide only approximation, Not guaranteed to
find the true global optimum [71].

PSO • Simple to implement and understand [74]. • High computational efficiency and
fast convergence [75]. • No need for derivative information of the objective function
[76]. • Effective for continuous optimization problems [77]. • Robust against noisy
objective functions [78]. • Ability to balance global exploration and local exploitation
[62].

• Prone to premature convergence [62]. • Loss of diversity in optimization later
stages [74]. • Sensitive performance for tuning and controlling parameters [78]. •
Difficulties with discrete optimization problems [75]. • Difficulty in escaping local
optima [76]. • Degrade performance in extremely high-dimensional spaces [77].

GWO • Simple and easy to implement [79], [80]. • Good balance between exploration
and exploitation capabilities [81], [82]. • Strong convergence ability [79]. • No need
for derivative information of the objective function [81]. • Effective for continuous
problems [83]. • Use hierarchical structure [84], [82].

• Prone to local optima stagnation [81], [80]. • May loss of diversity and has
premature convergence [83], [82]. • Sensitive to the initial population distribution
[84], [82]. • Slow convergence speeds [79], [80]. • Lacks of mechanisms for
handling discrete [79]. • Limited adaptiveness [81].

ACO • Robustness to dynamic changes in the problem [85], [86]. • Inherently paralleliz-
able [87], [88]. • Effective for discrete optimization problems [85]. • Strong positive
feedback [89]. • Less prone to early convergence [87], [90]. • Adaptable to heuristic
problems [90].

• Computationally expensive [86], [88]. • Slower convergence speed [90]. •
Sensitive to parameters tuning [88]. • Prone to premature convergence [85]. •
Difficulty in handling continuous problems [89]. • Performance declined due to
weak heuristic information [87].

SSA • Simple to understand and implement [91]. • Effectively guides the search process
[92]. • Efficient balance between exploration and exploitation [93]. • Strong global
search capabilities [94]. • Capable of solve continuous problems [61]. • Fine
parameters tuning are required [95].

• Prone to premature convergence [96]. • Suffer from a loss of diversity [93].
• Slow convergence speed [27]. • Sensitive to population distribution [97].
• Difficulties with discrete problems [98]. • Suffers from limited exploration
capabilities [99].

ABC • Simple to understand and implement [100]. • Effective for exploration [101]. • No
need for derivative information of the objective function [102]. • Suitable for noisy
environments and complex landscapes [103]. • Effective exploration and exploitation
balancing [103]. • Competitive performance on continuous problems [104].

• Exhibit slow convergence speed [102]. • Struggle with high-dimensional
problems [102]. • Sensitive to the ”limit” parameter [100]. • Lack aggressive
exploitation capabilities [105]. • Avoiding local optima [104]. • Difficulties in
discrete problems [103].

WOA • Simple to understand and implement [106]. • Effective balance between exploration
and exploitation [107]. • Strong global search capabilities [108]. • Capable of solving
continuous problems [109]. • Dynamically decreasing in transitions from exploration
to exploitation [110]. • Has strong and competitive optimization capabilities [106].

• Prone to premature convergence [109]. • Suffer from a loss of diversity in
later stages of optimization [110]. • Slow convergence speed [111]. • Sensitive to
initial population distribution [108]. • Suffer from handling discrete or constrained
problems [111]. • Limitation in dynamic adaptability [107].

FA • Simple to understand and implement[112]. • Effective for multimodal optimization
problems [113]. • Enabling parallel search [114]. • Strong global exploration
capabilities [115]. • No need for derivative information of the objective function
[112]. • Adaptable for continuous and discrete problems [114].

• Computationally expensive [115]. • Suffer from premature convergence in later
stages [113]. • Slow Convergence speed [116]. • Sensitive to proper tuning of
its parameters (α, β0, γ) [112]. • Degrading in Performance on high-dimensional
problems [116].

While each constituent method exposes a distinct, tunable E–E control for the exploration-exploitation balance (ranging from
standard selection pressure and inertia to more specific mechanisms like pheromone decay, scout resets, or spiral mixing). The
proposed adaptive framework actively exploits these orthogonal levers by quantifying relative improvement to value impactful
contributions and enforcing sliding-window memory to prevent early leaders from dominating the process, thereby preserving
diversity while allocating computation cost to what works now.
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The evaluation of the proposed adaptive hybrid metaheuristic framework was conducted using two distinct groups of
benchmark test functions, designed to assess performance across a spectrum of optimization challenges. These functions are
from two groups, Group 1: Standard Benchmark Functions, which contains 23 functions and Group 2: CEC20 Test Functions,
which contains 10 functions.

J. Group 1: Standard Benchmark Test Functions (F1-F23)

This group comprises 23 widely recognized benchmark functions, offering a diverse set of characteristics to rigorously
test the optimization algorithms. These functions are of three different types: unimodal, multimodal, and fixed-dimension
multimodal, which are illustrated in Tables XXIV, XXV, and XXVI, respectively. Due to the presence of a single global
optimum and the absence of any local optimum, to benchmark the algorithm’s exploitation, the unimodal test functions
(F1–F7) have to be used. Multimodal functions (F8-F13), on the other hand, have multiple local optima that may be used
to investigate algorithm exploration and local optima avoidance. Finally, the developed algorithm’s capability to regulate the
interaction among the exploitation and exploration stages is evaluated using fixed-dimension multimodal functions (F14-F23).
The mathematical formulation is provided in Tables XXIV, XXV, and XXVI.

TABLE XXIV. UNIMODAL TEST FUNCTIONS

Function# and Mathematical Expression dim upper and fmin
lower bounds

F1(x) =
∑n

i=1 x2
i 30 [-100,100] 0

F2(x) =
∑n

i=1

∣∣xi
∣∣ + ∏n

i=1

∣∣xi
∣∣ 30 [-10,10] 0

F3(x) =
∑n

i=1

(∑i
j=1 xj

)2
30 [-100,100] 0

F4(x) = maxi
{∣∣xi

∣∣ , 1 ≤ i ≤ n
}

30 [-100,100] 0

F5(x) =
∑n−1

i=1

[
100

(
xi+1 − x2

i

)2
+

(
xi − 1

)2]
30 [-30,30] 0

F6(x) =
∑n

i=1

([
xi + 0.5

])2 30 [-100,100] 0
F7(x) =

∑n
i=1 ix4

i + random [0, 1) 30 [-128,128] 0

TABLE XXV. MULTIMODAL TEST FUNCTIONS

Function# and Mathematical Expression dim upper and fmin
lower bounds

F8(x) =
∑n

i=1 −xi sin

(√∣∣xi
∣∣) 30 [-500,500] -418.9829 × 5

F9(x) =
∑2

i=1[x2
i − 10 cos(2πxi) + 10] 30 [-5.12, 5.12] 0

F10(x) = −20 exp

(
−0.2

√
1
n

∑n
i=1

x2
i

)
− exp

(
1
n

∑n
i=1 cos

(
2πxi

))
+20+ e 30 [-32,32] 0

F11(x) = 1
4000

∑n
i=1 x2

i −
∏n

i=1 cos

(
xi√
i

)
+ 1 30 [-600,600] 0

F12(x) = π
n

{
10 sin (πy1) +

∑
n − 1

(
yi − 1

)2 [
1 + 10 sin2

(
πyi+1

)]
+ (yn − 1) i = 12

}
+

∑n
i=1 u

(
xi, 10, 100, 4

)
30 [-50,50] 0

F13(x) = 0.1
{
sin2 (3πx1) +

∑n
i=1

(
xi − 1

)2 [
1 + sin2 (

3πxi + 1
)]

+ (xn − 1)2
[
1 + sin2 (2πxn)

]}
+∑n

i=1 u
(
xi, 5, 100, 4

)
30 [-50,50] 0

TABLE XXVI. FIXED-DIMENSION MULTIMODAL TEST FUNCTIONS

Function# and Mathematical Expression dim upper and fmin
lower bounds

F14(x) =

 1
500

+
∑25

j=1
1

j+
∑2

i=1

(
xi−aij

)6


−1

2 [-65; 65] 1

F15(x) =
∑11

i=1

ai −
x1

(
b2i+bix2

)
b2
i
+bix3+x4

2

4 [-5; 5] 0.00030

F16(x) = 4x2
1 − 2.1x4

1 + 1
3
x6
1 + x1x2 − 4x2

2 + 4x4
2 2 [-5; 5] -1.0316

F17(x) =

(
x2 − 5.1

4π2 x2
1 + 5

π
x1 − 6

)2
+ 10

(
1 − 1

8π

)
cos x1 + 10 2 [-5; 5] 0.398

F18(x) =
[
1 + (x1 + x2 + 1)2

(
19 − 14x1 + 3x2

1 − 14x2 + 6x1x2 + 3x2
2

)]
2 [-2; 2] 3

×
[
30 + (2x1 − 3x2)2 ×

(
18 − 32x1 + 12x2

1 + 48x2 − 36x1x2 + 27x2
2

)]
F19(x) = −

∑4
i=1 ci exp

(
−

∑3
j=1 aij

(
xj − pij

)2)
3 [1; 3] -3.86

F20(x) = −
∑4

i=1 ci exp

(
−

∑6
j=1 aij

(
xj − pij

)2)
6 [0; 1] -3.32

F21(x) = −
∑5

i=1

[(
X − ai

) (
X − ai

)T + ci

]−1
4 [0; 10] -10.1532

F22(x) = −
∑7

i=1

[(
X − ai

) (
X − ai

)T + ci

]−1
4 [0; 10] -10.4028

F23(x) = −
∑10

i=1

[(
X − ai

) (
X − ai

)T + ci

]−1
4 [0; 10] -10.5363
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K. Group 2: CEC20 Test Functions (F1-F10)

Group 2 includes 10 functions from the CEC2020 single-objective bound-constrained numerical optimization competition
[63], featuring shifts, rotations, and hybrid compositions to mimic complex, non-separable problems. Dimensions are set to
30D for Group 1 (scalability test) and 10D for Group 2 (per competition specs). All functions are minimization problems with
known global optima, bounds as in Tables VI-IX. Data files for CEC2020 (e.g., shift vectors, rotation matrices) were sourced
from the official CEC repository [63] and integrated via helper functions to ensure accurate implementation (Table XXVII).

TABLE XXVII. GROUP 2: CEC20 TEST FUNCTIONS AND IT MATHEMATICAL EXPRESSION

Function Name Type Mathematical Expression

F1: Bent Cigar Function unimodal f(x) = x2
1 + 106

∑D
i=2 x2

i
F2: Schwefel’s Problem 2.21 Basic f(x) =

∑D
i=1 |xi| +

∏D
i=1 |xi|

F3: Discus Function Basic f(x) = 106x2
1 +

∑D
i=2 x2

i
F4: Rosenbrock’s Function Basic f(x) =

∑D−1
i=1

[100(xi+1 − x2
i )2 + (xi − 1)2]

F5: Ackley’s Function Hybrid f(x) = −20 exp(−0.2
√

1
D

∑D
i=1

x2
i
) − exp( 1

D

∑D
i=1 cos(2πxi)) + 20 + e

F6: Weierstrass Function Hybrid f(x) =
∑D

i=1

[∑kmax
k=0

ak cos(2πbk(xi + 0.5))
]

− D
∑kmax

k=0
ak cos(πbk),

with a = 0.5, b = 3, kmax = 20.

F7: Katsuura Function Hybrid f(x) = 10
D2

∏D
j=1

1 + j
∑32

k=1

|2kxj−round(2kxj)|
2k

 − 10
D2

F8: HappyCat Function Composition f(x) =
∣∣∣(∑D

i=1 x2
i

)
− D

∣∣∣1/4 +
0.5

(∑D
i=1 x2

i

)
+

∑D
i=1 xi

D
F9: Sphere Function Composition f(x) =

∑D
i=1 x2

i
F10: Rastrigin’s Function Composition f(x) =

∑D
i=1[x2

i − 10 cos(2πxi) + 10]

These functions are handles specific details like loading shift data, rotation matrices, and shuffle data, essential for generating
their complex landscapes. The dimensions for these functions are primarily set to 10-D as specified in its helper function.
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