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Abstract

This paper introduces the NEPHILA Optimization Algorithm (NOA), a bio-
inspired stochastic optimization framework motivated by the adaptive intercep-
tion behavior of orb-weaving spiders. Rather than reproducing a literal biological
model, NOA translates these dynamics into a learning-guided search architecture
integrating Brownian perturbations, exponentially decaying Lévy flights, fitness-
based adaptive pruning, elitist guidance, reinforcement-guided operator control,
and a non-parametric Gaussian radial basis function model for estimating spatial
solution quality.

The proposed framework was investigated through continuous and combina-
torial optimization experiments. Six standard continuous benchmark functions
were considered, with 30 independent runs per function and comparisons against
PSO, ACOR, FA, BA, GWO, and Differential Evolution. The results revealed
problem-dependent performance, with GWO obtaining the lowest mean error on
five functions and PSO performing best on Schwefel.

To investigate applicability to discrete optimization, a permutation-based
NEPHILA variant incorporating adaptive operator selection, edge-guided candi-
date selection, and bounded 2-opt improvement was evaluated on synthetic and
TSPLIB Traveling Salesman Problem instances. On a synthetic 100-city instance,
NEPHILA achieved the lowest mean tour length among the evaluated meth-
ods. However, comparisons with a GA-2opt baseline on four TSPLIB instances
showed that NEPHILA obtained a lower mean tour length on one instance, while
GA-20pt performed better on the remaining three.



Additional experiments demonstrated that increasing the evaluation budget from
15,030 to 60,000 reduced the mean tour length by approximately 29.69% on
kroA100. Ablation results further revealed that simplified operator configura-
tions could improve solution quality, although differences in local-search effort
prevented attributing these gains exclusively to individual operators.

Overall, the findings establish NEPHILA as a flexible learning-guided stochastic
optimization framework whose effectiveness depends on the objective landscape,
computational budget, and coordination of search mechanisms. Rather than
demonstrating universal superiority, the study identifies the conditions and algo-
rithmic components that influence performance and provides an empirical basis
for further refinement.

Keywords: Bio-inspired optimization, Adaptive interception dynamics,
Learning-guided search, Reinforcement learning, Machine learning-assisted
optimization, Stochastic search

MSC Classification: 90C26 , 90C59 , 68T05 , 68W20

1 Introduction

Orb-weaving spiders of the family Araneidae exhibit highly adaptive web-construction
behavior that responds to environmental conditions such as prey traffic, wind direction,
and energetic constraints [1, 2]. Species such as Araneus and Trichonephila contin-
uously modify web orientation, asymmetry, and spiral density in order to improve
prey interception while limiting silk expenditure [3]. Rather than actively pursuing
prey, these spiders reorganize the geometry of the web itself, concentrating struc-
tural investment in regions where prey interactions are more likely to occur. This
balance between adaptive resource allocation and probabilistic interception provides
an interesting perspective for the development of optimization methods.

The literature reports numerous bio-inspired optimization methods based on the
movement of agents toward candidate solutions through attraction, cooperation, or
stochastic exploration mechanisms [4]. Approaches such as Particle Swarm Opti-
mization (PSO), Ant Colony Optimization (ACO), and related swarm-intelligence
techniques have demonstrated strong performance in nonlinear and multimodal opti-
mization problems [5—7]|. However, biological systems in which search behavior can be
interpreted through the adaptive organization of interception structures, rather than
through direct pursuit or attraction mechanisms, remain comparatively less explored
as a source of optimization strategies.

Motivated by these observations, this work introduces the NEPHILA Optimiza-
tion Algorithm (NOA), a bio-inspired optimization method based on the adaptive
interception dynamics of orb-weaving spiders. The proposed approach combines prob-
abilistic prey-density fields, Brownian local refinement, Lévy-flight global exploration,
adaptive pruning, reinforcement-guided adaptation, and machine learning-based prey-
field estimation within a unified stochastic optimization framework. In contrast to
conventional swarm-based methods, NOA emphasizes adaptive spatial allocation over



direct agent attraction, allowing the search process to progressively concentrate
exploration around regions associated with higher expected utility.

The proposed method is evaluated on six standard continuous optimization
benchmarks—Sphere, Rosenbrock, Rastrigin, Ackley, Griewank, and Schwefel—
through comparisons with PSO, ACOR, FA, BA, GWO, and Differential Evolution.
Its applicability to combinatorial optimization is also examined through synthetic
and TSPLIB Traveling Salesman Problem instances. These experiments assess solu-
tion quality, robustness, and computational performance across different optimization
settings.

The main contribution of this work is a bio-inspired optimization framework that
combines adaptive interception dynamics with stochastic exploration, learned spatial
guidance, and reinforcement-guided search adaptation. The study further examines
the behavior of these mechanisms through comparative experiments, sensitivity anal-
ysis, and ablation studies, identifying both their potential and their limitations across
continuous and combinatorial optimization problems.

2 Literature Review

Nature-inspired optimization has become an established research area in computa-
tional intelligence, drawing on adaptive mechanisms observed in biological systems.
Methods such as Particle Swarm Optimization (PSO), Ant Colony Optimization
(ACO), the Firefly Algorithm, the Bat Algorithm, and the Grey Wolf Optimizer
translate social interactions, attraction, echolocation, and cooperative behavior into
computational search strategies [5, 6, 8-10]. The Dragonfly Algorithm, introduced by
Mirjalili [11], provides another example of bio-inspired optimization, modeling static
and dynamic swarming behaviors to regulate exploration and exploitation.

Most population-based approaches regulate exploration and exploitation through
candidate-solution movement, stochastic perturbations, or information exchange. An
alternative perspective is provided by orb-weaving spiders, whose prey-interception
strategies involve adaptive modifications of web geometry and spatial organization
rather than active pursuit. This behavior motivates optimization mechanisms based
on the adaptive allocation of search effort across regions of the solution space.

Spider-related optimization methods include Social Spider Optimization (SSO),
based on vibration-mediated cooperation [12]; Spider Monkey Optimization (SMO),
inspired by the social behavior of spider monkeys [13]; and the Spider Wasp Optimizer
(SWO), based on hunting, nesting, and mating behaviors [14]. Unlike these approaches,
NOA draws on adaptive orb-web organization and probabilistic prey interception,
integrating stochastic exploration, adaptive pruning, and learning-guided search to
allocate computational effort across promising regions of the solution space.

3 Adaptive Exploration Dynamics of NOA

The NEPHILA Optimization Algorithm (NOA) draws inspiration from the adap-
tive web-construction behavior of orb-weaving spiders, which adjust web geometry in
response to prey availability, environmental disturbances, and energetic constraints
[1-3, 15]. Rather than simulating web structures, NOA translates these behaviors into



adaptive allocation of search effort: local adjustments motivate short-range refine-
ment, broader reorganizations motivate global exploration, and reduced investment in
unproductive regions motivates fitness-based pruning.

The resulting population-based framework combines Brownian perturbations,
Lévy-flight exploration, adaptive pruning, reinforcement-guided operator control,
learned spatial guidance, and elitist information. These mechanisms operate on
candidate solutions through stochastic updates and objective-function evaluations,
providing a computational interpretation of adaptive interception dynamics.

3.1 Mathematical Formulation

NOA is formulated as a population-based stochastic optimization method for contin-
uous minimization problems. Let f : D C R — R denote the objective function to be
minimized over a bounded search domain D = [¢,u]¢, where ¢ < u denote the lower
and upper bounds applied componentwise to all decision variables.

At iteration ¢t € {0,1,...,T}, the algorithm maintains a population

Xt ={al,ah, .. 2y}, z! € D, (1)

: : ; t_ (.t ot t
where NV is the population size and each vector x; = ($i)1, Tiogy. - ,xi7d) represents

a candidate solution.
The corresponding objective-function values are

fi=f(h), i=1,...,N. (2)
Since the problems considered in this study are formulated as minimization
problems, the best-so-far objective value at iteration ¢ is defined as

t _ . . k
fhest = min, min f (z), (3)

and the associated best-so-far solution is

t - k
Thest € argogkgrtr’nlngigzvf (zF). (4)

To characterize the relative quality of the current population, NOA converts the
objective-function values into nonnegative normalized quality scores. Let

t : t
fmin = 121§nN i (5)
} > 0 denote a scale estimate computed from the current objective-

function values. The quality assigned to candidate z! is

o ft
¢! = exp | — max %,O . (6)
f

Thus, the best current candidate receives quality ¢! = 1, while candidates with
larger objective-function values receive progressively smaller quality scores. These
scores are used by the adaptive pruning mechanism and by the learned spatial quality
model introduced below.

and let s



All candidate updates are projected onto the admissible search domain through

IIp(z) = min {u, max {¢, 2} }, (7)
where the minimum and maximum operations are applied componentwise.

To provide data-driven spatial guidance, NOA constructs a spatial quality field
from an archive of previously evaluated candidate solutions. Let A; = {(zi, fi)} 124
denote the retained archive at iteration ¢, where M; is the number of archived solutions.
The quality scores ¢; are computed using Equation (6), with the minimum objective
value and normalization scale evaluated over the archived observations.

Using the resulting pairs (z;,¢;), NOA estimates the spatial quality field through
a Gaussian radial basis function model,

Zq exp |x _3%”

! 2h2

_ Mt 7
S (el
‘ 2h2

where h > 0 is the Gaussian kernel bandwidth and ¢ > 0 is a regularization
constant that prevents numerical instability when the kernel weights become very
small.

For the retained archive, let F} = { fi}f\itl denote the set of archived objective-
function values. The positive normalization scale is defined by

(®)

sy = max {1.4826 MAD(F}), Std(F;), 107"},

where MAD(F}) denotes the median absolute deviation from the median of the
archived objective-function values, and Std(F:) denotes their standard deviation.
Consequently, the archived quality scores satisfy ¢; € (0,1], with larger values
corresponding to better solutions.

The factor 1.4826 provides the conventional normal-consistency correction for the
median absolute deviation (MAD), since 1/®~1(0.75) ~ 1.4826, where ® ! denotes the
standard normal quantile function. This scaling does not assume normally distributed
objective values. Together with the standard deviation and a positive lower bound, it
ensures a stable normalization scale.

The gradient VP (z,t) provides auxiliary directional guidance during the search
and is rescaled to unit Euclidean norm whenever its norm exceeds one.

The learned field P(z) is not a probability density. It represents estimated solution
quality across the search domain, and its gradient guides the search toward regions
predicted to contain better solutions.

NOA does not introduce a separate biological energy model. Instead, search adapta-
tion is driven directly by the objective-function values and by a computational reward
associated with candidate improvement and movement cost.

For a candidate transition from x! to y!, the normalized improvement is defined
as I} = max(ff — f(y}),0)/ max(|ff|, s%,¢), where s} > 0 is the current fitness scale
and € > 0 prevents numerical instability. The normalized movement cost is C! =

lyf = {1/ (Vd(u = ) +¢).



The reinforcement signal used by the adaptive policy is then

Rf :Chp [ﬁ]-[f _ﬁCCfv_]-v]-] ) (9)
where 87 > 0 and B¢ > 0 regulate the relative contributions of objective improve-
ment and movement cost, respectively. Here, clip(z, a,b) = min{max{z,a}, b} denotes
the clipping operator, which bounds z to the interval [a, b].
The optimization problem addressed by NOA is

@” € argmin f(2), (10)

where x* denotes a global minimizer over the admissible domain D. NOA seeks
improved approximations through adaptive stochastic search.

Candidate solutions are generated by combining Brownian local refinement, Lévy-
flight global exploration, learned directional guidance, and elitist attraction, with
adaptively regulated contributions. Each candidate is projected onto D and accepted
only if it improves the current objective value. The stochastic operators and their
integration into the candidate-update rule are described in the following subsections.

Brownian increments are sampled independently from AB;; ~ N(0, 1), whereas
Lévy increments AL, ; are generated using Mantegna’s method with stability param-
eter = 1.5. The Lévy intensity decreases exponentially according to

oLt = 0r,0exp(—kt), (11)
where o7, o > 0 is the initial intensity and x > 0 is the decay rate.

Adaptive exploration is controlled by a stochastic Softmax policy with four search
modes: local refinement, balanced exploration, global exploration, and ML-guided
exploration. Let ¢ = (1, ..., ¢4) denote the policy logits. The probability of selecting
mode j is

o exp(¢;/7)
i =
> exp(¢n/7)
k=1

The Softmax temperature 7 > 0 controls the stochasticity of action selection,
with smaller values favoring higher-logit actions and larger values approaching uni-
form selection. In this implementation, 7 = 1, and actions are sampled as a’
Categorical(py, ..., ps). Each action specifies multipliers for the Brownian, Lévy, and
RBF-guidance components, whose values are reported in the experimental settings.

Following candidate evaluation, the policy logits are updated using the observed
reward and a moving-average baseline, allowing the selection frequencies of the four
exploration modes to adapt during optimization.

Adaptive pruning uses the previously defined quality scores ¢!, with a linearly
increasing pruning quantile level,

o J=1h 04

~

t
T-1’
where Nmin and Nmax are the initial and final pruning quantile levels, respectively.

Nt = Nmin + (nmax - nmin)



Let 7, denote the empirical n;-quantile of the current quality scores. Candidates
satisfying ¢! > 7, remain active, while an elite fraction p. is always preserved
independently of the pruning threshold.

Inactive candidates are regenerated around randomly selected elite solutions
according to

gttt =TIp (2l +6(u—0)l], el ~ N(0, 1),

where z! is the selected elite solution and § > 0 controls the perturbation
magnitude. The experimental values of p. and ¢ are reported in the experimental
settings.

The Softmax policy is updated after each evaluated action. Let p = (p1,...,p4)
denote the action probabilities and €at the unit vector corresponding to the selected
action. Using the moving-average reward baseline b;, the advantage is A! = R! — by,
and the logits are updated as

(b <~ Chp |:¢ + 77¢>Af (eaz - p) 7¢minu ¢maxj| 5 (12)
where 1 > 0 is the policy learning rate and clipping bounds the logits for numerical
stability. The reward baseline follows

bep1 = Ao + (1 — /\b)R§7
where Ay € [0, 1) is the smoothing coefficient. This update adjusts the probability
of each exploration mode according to its observed advantage.

3.2 Adaptive Stochastic Exploration Dynamics

NOA combines Brownian and Lévy perturbations to balance local refinement and
broader exploration. These stochastic mechanisms operate directly on candidate
solutions through discrete algorithmic iterations.

For each active candidate x, let 5% ~ N(0,1;). The Brownian perturbation is
defined as

Amft =mpgeopicp(u—1~_) aft,
where op; > 0 is the adaptive Brownian intensity, mp, > 0 is the multiplier
associated with the selected search mode, and cg > 0 scales the perturbation relative
to the domain width.
The Brownian intensity is adjusted according to the mean reward from the
preceding iteration:

UB,t - Chp [UB,O (1 + ’YRRt—l) aO'B,miny UB,max} ) (13)

where o is the reference intensity, Ry_4 is the preceding mean reward, yr con-

trols reward-based adaptation, and 0 g min and 0 g max specify the admissible intensity
bounds.

The Brownian component provides short-range stochastic perturbations for local

exploration, while Lévy flights introduce heavy-tailed increments that allow occa-

sional longer exploratory steps. The use of such exploration mechanisms is consistent



with the analysis of random search strategies developed by Viswanathan et al. [16],
who investigated the relationship between search efficiency and stochastic movement
patterns.

For each active candidate, the Lévy vector is generated componentwise using
Mantegna’s method [17]:

Us
L., = 7”
RN

where U;; ~ N(0,021;) and V;; ~ N(0,1;) are independent Gaussian random
vectors. The scale parameter is

__[_ra+psin(mp/2) 1"
C D+ B)/2) B2
where 8 € (0,2) is the stability parameter.
The Lévy contribution to the candidate displacement is

Awﬁt =mrqornicn (u—20) Ly,

where mp, o, > 0 is the multiplier associated with the selected search mode, ¢z, > 0 is
a domain-scaling coefficient, and o7y, ; is the iteration-dependent Lévy intensity defined
previously.

The increments generated by Mantegna’s method exhibit asymptotic heavy-tailed
behavior, p(s) ~ |s|717#,|s| — oo, where p(s) denotes the probability density of a
signed increment s and S € (0,2) is the stability parameter. This power-law decay
allows occasional large displacements, complementing the shorter-range Brownian
exploration mechanism.

For each active candidate z!, the stochastic displacement combines the Brownian
and Lévy contributions:

Az = A + Az,

where the relative contributions are controlled by the selected Softmax search
mode. The Lévy intensity decreases exponentially according to Equation (11).
The resulting stochastic displacement is subsequently combined with RBF-based
directional guidance and elitist attraction in the complete NOA update rule.

The Brownian exploration intensity is adjusted according to the mean reward from
the preceding iteration, as defined in Equation (13). The clipping operation ensures
that the intensity remains within the prescribed bounds.

4 Reinforcement Learning Framework

NOA employs a lightweight reinforcement-learning controller to adapt the selection of
its search modes according to observed rewards [18]. The controller does not use an
explicit state representation; instead, it maintains policy logits ¢ = (¢1,...,¢x) for
K available actions.

Action-selection probabilities follow the Softmax rule



Table 1 Action-dependent exploration multipliers

used in NOA.
Search mode MB.a M™MLa M™MM,a
Local refinement 1.35 0.55 0.80
Balanced exploration 1.00 1.00 1.00
Global exploration 0.65 1.45 0.75

ML-guided exploration  0.85 0.75 1.50

pj:M7 j=1,...,K, (14)

> exp(¢r/7)
k=1

where 7 > 0 is the temperature parameter. At each decision step, an action is
sampled from the categorical distribution p = (p1,...,pK)-

4.1 Action Selection and Policy Update

NOA employs four search modes: local refinement, balanced exploration, global explo-
ration, and ML-guided exploration. At each decision step, an action a! € A =

{a1,...,a4} is sampled according to the Softmax policy defined in Eq. (14):

al ~ Categorical(py, ..., p4).
Each action determines the multipliers applied to the Brownian, Lévy, and RBF-
guidance components, as reported in Table 1.
After evaluating the selected action, the policy logits are updated using the advan-
tage Al = R! — b, where R! is the observed reward and b is the moving reward
baseline:

& < clip |6+ 1y AL (Car =) Gumin Suna (15)
where 74 > 0 is the learning rate, e,: is the unit vector associated with the selected

action, and clipping bounds the logits for numerical stability. The baseline is updated
after each reward observation as

b b+ (1 —X\)RE, Ay € [0,1).
This update adapts action-selection probabilities according to their observed
advantages. The corresponding parameter ranges are summarized in Table 1.

5 Algorithmic Implementation

This section describes the computational implementation of NOA, integrating stochas-
tic exploration, learned RBF guidance, adaptive pruning, reinforcement-guided action
selection, elitist attraction, and greedy acceptance within a population-based opti-
mization framework.



5.1 General Optimization Procedure

Let D C R? be the search domain and X! = {x%,..., 2%} the population at iteration
t. NOA initializes and evaluates the population within D, retaining the best-so-far
solution throughout the optimization process.

At each iteration, the algorithm updates the learned RBF quality field and iden-
tifies active candidates through adaptive pruning. Trial solutions combine Brownian
perturbations with reward-adaptive intensity, Lévy perturbations with exponentially
decaying intensity, RBF guidance, and elitist attraction. The Softmax policy deter-
mines the search-mode multipliers. Each trial solution is projected onto D and
accepted only if it improves the current candidate. Experimental parameter values are
reported in the Experimental Settings section.

At each iteration, the RBF quality field is updated using previously evaluated
candidates, and adaptive pruning identifies active candidates. These candidates are
processed according to the selected search mode, while inactive candidates are regen-
erated around randomly selected elite solutions. The resulting rewards update the
Softmax policy and inform Brownian intensity adaptation in the next iteration. This
process continues for T iterations, preserving the best-so-far solution. The complete
pseudocode is provided in Appendix A.

6 Convergence and Complexity Analysis

This section establishes the best-so-far monotonicity property of NOA and examines
its computational complexity. Global convergence is not claimed without additional
assumptions.

6.1 Monotonicity of the Best-So-Far Objective Value

For the minimization problem, let ff = f(«!) denote the objective value of candidate
i at iteration ¢t. The best-so-far value is defined as

t : : k
+ = min min f:. 16
fbest nggtlgiSNfl ( )

Since NOA preserves the best solution found and updates its record only upon
improvement,
<l t=0,...,T—1. (17)
Hence, the best-so-far sequence is monotone non-increasing. The preservation of
the best-so-far solution establishes a fundamental monotonicity property of NOA,
formally

Proposition 1. For the minimization problems considered in this study, suppose
that NOA retains the best objective-function value observed during the search. Then,
the sequence {f{. . }t>0 is monotone non-increasing; that is,

é-c}:; S flt)est' (18)
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Proof Let & denote the set of candidate solutions evaluated during iteration ¢. By the best-
so-far preservation rule,

t+1 . t .
fbest = min {fbest7 min f(y)} .
yeE

Since the minimum cannot exceed either argument,

t+1 t
fbcst < fbest .

Hence, the sequence {fécst}tzo is monotone non-increasing. O

The monotonicity established in Proposition 1 also yields a convergence result
when the objective function is bounded below.

Corollary 1. Suppose that f is bounded below on D, such that f(x) > fint > —oo for
all z € D. Then the best-so-far sequence {f{ .} converges to a finite limit f > fins.

Proof By Proposition 1, { flt)est} is monotone non-increasing and bounded below by fiy¢.
Hence, by the monotone convergence theorem for real sequences, f‘tt)est — f for some finite

.]FZfinf~ U

The preceding result guarantees convergence of the best-so-far objective values to
a finite limit, but neither global optimality nor probabilistic convergence to a global
optimum is established for the implemented NOA.

6.2 Computational Complexity

Let N be the population size, T' the number of iterations, d the search-space dimension,
and M4 the maximum number of samples retained by the RBF model.

Brownian and Lévy perturbations, elitist attraction, projection, and greedy accep-
tance require O(d) operations per candidate. The Softmax controller adds constant
overhead because the number of actions is fixed. Evaluating the Gaussian RBF
guidance gradient requires O(M4d) operations per candidate.

Thus, assuming that RBF-model maintenance and adaptive pruning do not exceed
this cost, the overall search-update complexity is

O(T'NMud), (19)

excluding the problem-dependent cost of objective-function evaluations. Since the
RBF archive is bounded, the complexity is linear in 7', N, and d for fixed My.

Adaptive pruning reduces the number of candidates requiring full search updates.
Let NtaCtive < N denote the number of active candidates at iteration ¢. Their update
cost is O(N2“VeMd), while regenerating each inactive candidate requires O(d)
operations.

Defining the average active population as

T

N active = T Z ]Vtactlve7

t=1
the cumulative active-candidate update cost is

11



(@] (T Nactive MAd) . (20)
Thus, adaptive pruning can reduce computational effort without changing the
worst-case bound O(TNM 4d). Objective-function evaluation costs are excluded.
The computational savings depend on the average active-population size; therefore,
no fixed asymptotic improvement is guaranteed.

6.3 Optimization Accuracy and Convergence Metrics

For benchmark functions with known global optimum f*, optimization accuracy is
measured by the mean absolute error across R independent runs:

(21)

R
Trror — o () _ g
Error:RE‘beSt—f .

Here, fég;t denotes the final best objective value in run 7. For the benchmarks
considered, f* = 0. Lower errors indicate greater optimization accuracy.
Run-to-run variability is measured by the sample standard deviation:

LS~ 5 )
Sfr= ﬁ Z ( best — fbcst) ) (22)

where f . = R7! Zil égzt. Smaller values of s indicate greater consistency
across independent runs.

The error-based metrics quantify the proximity of the solutions to the known global
optimum, whereas sy characterizes the run-to-run variability of the final solutions.

6.4 Parameter Settings

Table 2 summarizes the parameter values used in the numerical experiments.
These settings govern stochastic exploration, RBF-based guidance, adaptive pruning,
reinforcement learning, reward computation, and elitist search.

The parameter values were selected through preliminary computational trials to
balance exploration, exploitation, and search stability. Brownian and Lévy settings
regulate local and global exploration, while adaptive pruning preserves population
diversity and the bounded RBF archive controls computational cost. Reinforcement-
learning parameters enable gradual policy adaptation. All settings were kept fixed
across the benchmark functions to ensure a consistent experimental configuration.

7 Experimental Evaluation

NOA was evaluated on six benchmark functions: Sphere, Rosenbrock, Rastrigin, Ack-
ley, Griewank, and Schwefel, representing unimodal and multimodal optimization
landscapes. Its performance was compared with Particle Swarm Optimization (PSO),
Ant Colony Optimization for Continuous Domains (ACOR), Firefly Algorithm (FA),
Bat Algorithm (BA), Grey Wolf Optimizer (GWO), and Differential Evolution (DE).

12



Table 2 Parameter settings used in the NOA experiments.

Parameter Description Value
N Population size 30
T Number of iterations 500
OB,0 Baseline Brownian exploration inten- 0.05
sity
0 B,min Minimum Brownian exploration inten- 0.01
sity
0 B,max Maximum Brownian exploration inten- 0.10
sity
L0 Initial Lévy exploration intensity 0.30
B Lévy stability index 1.5
K Lévy exploration decay coeflicient 0.01
YR Brownian reward-adaptation coeffi- 0.12
cient
AMm Learned RBF-guidance coefficient 0.20
"min Initial pruning quantile 0.15
Nmax Final pruning quantile 0.45
Pe Elite population fraction 0.20
N Policy learning rate 0.03
T Softmax temperature 1.0
Ap Moving-baseline decay coefficient 0.90
Br Reward weight for normalized improve- 1.0
ment
Bc Reward weight for normalized step cost 0.05
hy RBF bandwidth fraction 0.15
My Maximum RBF archive size 240
d Search-space dimensionality 30

All algorithms were evaluated in d = 30 dimensions using a population size of N =
30, T = 500 iterations, and R = 30 independent runs per benchmark. Optimization
accuracy was assessed through the mean error relative to the known global optimum
f*, while run-to-run variability was measured using the sample standard deviation sy,
as defined previously.

An ablation study examined the contributions of Brownian exploration, Lévy
flights, adaptive pruning, reinforcement-guided adaptation, and RBF-based guidance
by individually removing each component.

For run r, the best-so-far objective value at iteration ¢ is defined as

(r k,(r))
ft,bcst - Orgnligt f(xz . (23)
1<i<N

13



Table 3 Benchmark functions used in the experimental evaluation (d = 30).

Function Mathematical Expression Search fr
Range
Sphere [-100,100] 0
Rosenbrock f(z) = D2+ (@ [—30,30]" 0
Rastrigin [-5.12,5.12]Y 0
Ackley [—32,32]¢ 0
1 d d x
. 2 3
Griewank  f(z) =1+ 1000 2 i — 2_1_[1 cos (\%) [—600, 600]% 0
d
Schwefel ~ f(z) = 418.9820d — 3 ;sin (\/ |xi|) [-500,500]¢ 0

i=1

The mean best-so-far trajectory across the R independent runs is ft,best

R™! Zle 15(,71;)est' This trajectory is used only to describe the empirical evolution
of the best objective value during the search and does not constitute a theoretical
global-convergence guarantee.

Table 3 summarizes the six benchmark functions used in the experiments. The set
combines unimodal and multimodal problems with different landscape characteristics,

providing a diverse test of local refinement and global exploration capabilities.

7.1 Experimental Setup

Each benchmark function was evaluated over R = 30 independent runs with dimension
d = 30, population size N = 30, and T" = 500 iterations. NOA was compared with
PSO, ACOR, FA, BA, GWO, and DE.

Performance was assessed using the mean error relative to the known global
optimum and the sample standard deviation of the final best objective values. The
best-so-far objective value was also recorded during each run to describe the empirical
evolution of the search.

All numerical calculations were performed using double-precision floating-point
arithmetic. Table 4 summarizes the experimental configuration.

Table 5 reports the mean optimization error obtained by each algorithm. GWO
achieved the lowest error on Sphere, Rosenbrock, Rastrigin, Ackley, and Griewank,
whereas PSO performed best on Schwefel. NOA did not achieve the lowest error on
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Table 4 Experimental configuration used for benchmark evaluation.

Setting Value

Independent runs (R) 30

Population size (N) 30

Iterations (7T') 500

Search-space dimensionality (d) 30

Stopping condition Fixed number of iterations
Numerical precision Double precision

Evaluated algorithms NOA, PSO, ACOR, FA, BA, GWO, DE

Table 5 Mean optimization error over R = 30 independent runs. Lower values are better; the best
result is shown in bold.

Algorithm Sphere Rosenbrock Rastrigin Ackley Griewank Schwefel
PSO 1.000 x 10° 1.209 x 107 118.9 4.310 6.093 3773
ACOR 2.230 x 1072 222.7 231.2 4.202 x 1072 9.092 x 10~2 8271
FA 4.809 x 10713 34.86 27.06 11.38 5.908 x 1073 9836
BA 66.85 1417 232.9 19.33 1.596 5499
GWO 4.601 x 10731 27.20 1.895 x 1071° 1.856 x 10714 2216 x 1073 1.118 x 10*
DE 8.382 9287 137.9 2.539 0.4646 4907
NOA 0.6892 196.7 104.6 1.080 0.7773 4770

any benchmark under the current configuration, motivating the subsequent ablation
analysis to examine the contribution of its principal search mechanisms.

Figure 1 shows the mean best-so-far trajectories for Rastrigin and Ackley over
R = 30 independent runs, providing an empirical comparison of the search behavior
of the evaluated algorithms.

The convergence curves show that GWO reaches lower best-so-far values on both
Rastrigin and Ackley, whereas NOA improves more gradually and terminates at higher
error levels. This suggests that NOA’s search effectiveness depends on the optimization
landscape and the interaction among its adaptive components.

To incorporate data-driven spatial guidance into the stochastic search process, the
web-center update is formulated as

yf =1IIp xf + Amft + A:U{jt
_ (24)
+ mar g Anren (u — OV P(xh) + CETi ¢ (xtbest - mf) ] ,

where ﬁt denotes the learned RBF quality field, and Vﬁt(mﬁ) provides data-driven
directional guidance. The terms Axft and AxiL,t denote the Brownian and Lévy explo-
ration components, respectively, while mj; , modulates the contribution of the learned
guidance according to the search mode selected by the reinforcement-learning con-
troller. The final term introduces attraction toward the best solution identified during
the search.
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Fig. 1 Mean best-so-far objective trajectories obtained over R = 30 independent runs for the Ras-
trigin and Ackley benchmark functions. The figure compares the empirical convergence behavior of
NOA with representative competing algorithms under the common experimental configuration of
N = 30, d = 30, and T = 500. Lower objective values indicate better optimization performance. The
trajectories illustrate differences in convergence rate and final solution quality among the considered
methods without implying theoretical convergence to the global optimum.

The gradient VP, (x) guides the search toward regions of higher estimated solu-
tion quality, while the Brownian and Lévy components preserve local and long-range
stochastic exploration. Thus, the RBF model provides complementary data-driven
guidance rather than replacing the stochastic search mechanisms. Its contribution is
examined through the ablation experiments presented below.

From a biological perspective, this mechanism abstracts the adaptive use of accu-
mulated environmental information in orb-weaving behavior rather than attempting
to reproduce the underlying biological process literally.

Figure 2 summarizes the interaction among the principal adaptive mechanisms
of NOA, including stochastic exploration, adaptive pruning, reinforcement-guided
adaptation, and RBF-based search guidance.

These mechanisms operate jointly, and their contributions depend on the opti-
mization landscape. Their individual effects are examined through the ablation
analysis.

7.2 Ablation Study

An ablation study was conducted on Sphere, Rosenbrock, Rastrigin, Ackley, Griewank,
and Schwefel to evaluate the contribution of the main NOA components. The variants
remove Brownian exploration (NOA-noB), Lévy exploration (NOA-noL), adaptive
pruning (NOA-noP), reinforcement learning (NOA-noRL), or RBF-based guidance
(NOA-noML) from the complete algorithm (NOA-full).

Table 6 shows that the contribution of the different mechanisms is strongly
landscape dependent. NOA-full achieves the lowest mean error on Ackley, whereas
removing individual components produces better results on the other benchmark func-
tions. In particular, removing Brownian exploration substantially improves the results
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Fig. 2 Conceptual representation of the principal adaptive mechanisms of NOA. Brownian and Lévy
perturbations support local and long-range exploration, adaptive pruning concentrates search effort,
reinforcement learning adjusts the search behavior, and the RBF quality field provides data-driven
guidance.

Table 6 Mean optimization error for the NOA ablation variants over R = 30 independent runs.
Lower values are better.

Variant Sphere Rosenbrock Rastrigin Ackley Griewank Schwefel
NOA-full 0.7100 193.7 111.0 0.7120 0.7778 5070
NOA-noB 0.006467 391.0 100.1 1.971 0.03963 5226
NOA-noL 0.7401 514.0 100.3 2.772 0.7895 5659
NOA-noP 0.6997 173.4 98.39 4.644 0.7919 5812
NOA-noRL 1.029 241.1 108.4 0.9345 0.8591 4900
NOA-noML 0.7364 305.1 106.6 0.8003 0.7750 5068

Note: noB: without Brownian exploration; nol:: without Lévy exploration; noP: with-
out adaptive pruning; noRL: without reinforcement learning; noML: without RBF-based
guidance. Bold values indicate the best result for each benchmark.

on Sphere and Griewank, while removing adaptive pruning yields the lowest error on
Rastrigin. On Rosenbrock, NOA-noP also improves upon NOA-full, whereas on Schwe-
fel the best result is obtained by NOA-noRL. These results indicate that the interaction
among the NOA components is problem dependent and that no single mechanism
provides a uniformly beneficial contribution across all benchmark landscapes.

The ablation results reveal substantial differences in the usefulness of the individual
NOA mechanisms across optimization landscapes. Brownian exploration is beneficial
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on Rosenbrock, Ackley, and Schwefel, but its removal produces pronounced improve-
ments on Sphere and Griewank. Similarly, adaptive pruning improves performance on
Ackley and Schwefel, whereas its removal gives the best results on Rosenbrock and
Rastrigin. Reinforcement learning and RBF-based guidance also exhibit landscape-
dependent effects, with the removal of reinforcement learning producing the lowest
mean error on Schwefel. Overall, the results show that the contribution of the NOA
components is not uniformly additive and suggest that their effectiveness depends on
the current optimization landscape. This observation motivates the investigation of a
state-aware adaptive mechanism capable of adjusting the contribution of the search
components according to the observed search conditions.

8 Learning-Based Adaptive Exploration

NOA uses previously evaluated solutions to construct a local quality field that guides
the search toward promising regions. This learned guidance complements the stochas-
tic exploration mechanisms, with its effectiveness depending on the optimization
landscape.

8.1 RBF-Based Quality-Field Estimation

Let Dy = {(xs, fi)};+, denote the bounded archive of previously evaluated candi-
date solutions, Where fl = f(z;) and the archive retains the best available solutions
according to their objective values.

For a minimization problem, the archived objective values are transformed into
quality scores according to

U; = exp [— max (ffmn)o)] : (25)

max(sy, 10712
where fmin is the minimum objective value in the retained archive and sy is the
scale computed from its objective values. Consequently, U; € (0, 1], with larger values
corresponding to better solutions.
The spatial quality field is estimated using Gaussian radial basis functions,

12
$ o (L5l
iex _Hx_sz 10—127
P oz )t

where the bandwidth is defined as h = max{(u — £)ay, 10712}, with «y, denoting
the bandwidth fraction and [¢,u] the search interval.

The resulting field provides a smooth, data-driven estimate of solution quality
based on the retained search history. Its gradient is used to construct an auxil-
iary search direction, with the gradient vector rescaled whenever its Euclidean norm
exceeds one.

(26)
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8.2 Hybrid Predictive Exploration

The RBF-based quality field guides candidate updates through Eq. (24), complement-
ing the local Brownian and long-range Lévy perturbations. Its gradient directs the
search toward regions of higher estimated solution quality, although improvements
in the true objective function are not guaranteed because the estimate depends on
the evaluated-solution archive. The guidance strength is controlled by the action-
dependent multiplier myy 4, the coefficient Ay, the fixed scaling factor ¢y = 0.02, and
the domain width (u—¢), allowing its influence to vary with the selected search mode.

The update also includes elitist attraction toward the best-so-far solution, scaled by
cg = 0.10 and a random factor r; ; ~ U0, 1). This introduces a stochastic bias toward
the best-known position. Together, predictive guidance and stochastic perturbations
balance the exploitation of promising regions with exploration of alternative solutions.
Their effectiveness depends on the optimization landscape, as reflected in the ablation
results.

Biologically, this mechanism is inspired by adaptive search behavior in which accu-
mulated information influences subsequent decisions. It represents a computational
abstraction rather than a literal model of orb-weaving spider behavior.

The RBF-based quality field complements Brownian and Lévy exploration through
Eq. (24), directing candidate movements toward regions of higher estimated quality
without guaranteeing objective improvement. Its influence depends on the evaluated-
solution archive and is regulated by mas 4, Ay, car = 0.02, and the domain width
(u—{), according to the selected exploration mode. Elitist attraction toward the best-
so-far solution is controlled by cg = 0.10 and r;; ~ U0, 1), preserving stochastic
variability.

Together, these mechanisms combine predictive guidance, exploitation, and
stochastic exploration, with landscape-dependent effectiveness reflected in the ablation
results. Biologically, they represent a computational abstraction of adaptive search
informed by previous evaluations, rather than a literal model of orb-weaving spider
behavior.

8.3 Traveling Salesman Problem Application

The Traveling Salesman Problem (TSP) is a classical NP-hard combinatorial opti-
mization problem that consists of determining a minimum-length closed tour visiting
each city exactly once and returning to the initial city. Its mathematical structure pro-
vides a suitable framework for evaluating optimization algorithms designed to explore
permutation-based solution spaces.

Let G = (V, E) be a complete weighted graph, where V' = {1,2,...,n} denotes the
set of cities and E represents the set of edges connecting distinct pairs of cities. Each
edge (i,7) € E is associated with a nonnegative travel distance d;;. In the symmetric
Euclidean TSP considered in this study, d;; = d;; and ds = 0.

For each ordered pair of distinct cities, define the binary decision variable

1, if city j is visited immediately after city i,

/ {0, otherwise. (27)
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The TSP can then be formulated as

min iidijmija (28)

i=1 j=1
J#i
subject to
domy=1, i€V, (29)
j=1
J#i
inj =1, JEYV, (30)
i=1
1#]
DD @ <IS|-1, vScV, 2<[S|<n—1, (31)
i€S jes
i

The objective function (28) minimizes the total travel distance. Constraints (29)
and (30) impose exactly one outgoing and one incoming edge at each city, respec-
tively. Although these degree constraints ensure that every city is visited, they do not
exclude solutions consisting of multiple disconnected cycles. The subtour-elimination
constraints (31) prevent such configurations by prohibiting a closed cycle within any
proper subset of cities. Together with the binary restrictions (32), these conditions
characterize a single Hamiltonian tour.

NEPHILA-TSP 2.0 adapts the original optimization framework to the discrete
space of feasible city permutations. Unlike continuous representations that require
decoding into tours, each individual directly encodes a complete Hamiltonian cycle as
an ordered sequence of cities.

Let

™= (71,2, ..., Tn) € S, (33)
where S,, denotes the set of all permutations of n cities. The corresponding tour length
is

n—1
L(m) = Z ey, mipr T Ay - (34)
k=1
The resulting optimization problem is
7 € argmin L(7). (35)
TeES,

The 2-opt operator improves a tour by replacing two edges whenever the resulting
configuration reduces its total length. For a symmetric TSP, replacing edges (a, b) and
(¢,d) with (a,c) and (b, d) produces the distance change

AL = dye + dyg — dap — deg. (36)
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A move is accepted when AL < 0. Reversing the intermediate segment preserves
permutation feasibility while enabling local exploitation of promising solutions.

Operator selection is governed by an adaptive softmax policy based on information
accumulated during the search. Let A denote the available operators and qc(lt) their
adaptive preferences at iteration ¢. The probability of selecting operator a € A is

ox ( () )
p(qa’/T
b—-__ 7 a € A, (37)
@ (t)
Z exp (qb / 7')
beA
where 7 > 0 controls the concentration of the operator-selection probabilities.
The adaptive preferences are updated using a reward-based policy-gradient mech-
anism. Let a; denote the selected operator, R; its observed reward, and b; a moving
reward baseline. The advantage is defined as

A =R, — by (38)

The preference associated with each operator j € A is updated according to
(1) _ i |0, @A (e ®
q; = clip |q¢; +T {j=a}—p;"), 88, (39)

where a = 0.03 is the learning rate, 7 = 1 is the Softmax temperature, and I{j = a;}
is the indicator function of the selected operator.
The reward baseline is updated through

bt+1 = Ogbt + 0.1Rt, b() = 0 (40)

The reward combines the relative improvement in tour length with a penalty for
computational effort:

maX(Lold - anvwo) _ 0_05& —-1,11, (41>

Ry = cli
¢~ P Thax(Low, 10-12) 100°

where C} denotes the computational cost assigned to the selected operator.

NEPHILA-TSP 2.0 integrates candidate generation, solution evaluation, and adap-
tive operator selection. At each iteration, permutation-preserving operators generate
alternative tours, evaluated using the total distance in Eq. (34). Their observed per-
formance updates the adaptive selection preferences, allowing operator probabilities
to evolve rather than follow a fixed schedule. This feedback balances exploration
through larger tour modifications with exploitation through local improvement,
without imposing a predetermined operator sequence.

The algorithm preserves the best feasible tour identified throughout the search.
Whenever a candidate improves the best-known objective value, its permutation and
tour length are recorded, ensuring that the best-so-far solution cannot deteriorate. The
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Table 7 Comparative performance on the synthetic 100-city Euclidean TSP over 30 independent
runs. All algorithms were subject to a maximum budget of 15,030 objective-function evaluations
per run. Lower values indicate better performance.

Algorithm Mean Distance (km) Std. Dev. (km) Mean Runtime (s)
PSO 6291.25 386.94 -

ACOR 7933.10 666.37 -

FA 8606.01 76.85 -

BA 7982.58 369.16 -

GWO 4195.24 351.36 -

DE 7396.36 792.34 -
NEPHILA-TSP 2.0 3007.85 118.37 11.34

search terminates upon exhausting the computational budget or satisfying another
predefined stopping criterion, returning the shortest recorded tour.

NEPHILA-TSP 2.0 was evaluated on a synthetic 100-city Euclidean TSP instance
against six metaheuristics: PSO, ACOR, FA, BA, GWO, and DE. Each method was
executed 30 times with a population of 30 and a maximum of 15,030 objective-
function evaluations per run. Performance was assessed through tour length, execution
time, convergence behavior, and statistical significance. An ablation experiment also
examined the effect of disabling the 2-opt operator.

Table 7 shows that NEPHILA-TSP 2.0 achieved the lowest mean tour distance
(3007.85 km), outperforming GWO (4195.24 km) by approximately 28.3% and PSO
(6291.25 km). Its standard deviation (118.37 km) indicates relatively consistent
performance, although FA exhibited the lowest variability.

These findings support the effectiveness of the permutation-based approach on this
instance. However, NEPHILA-TSP 2.0 includes additional 2-opt neighborhood eval-
uations, whereas the competing methods employ continuous random-key encodings.
Thus, the observed performance differences cannot be attributed solely to the adaptive
search mechanism.

Statistical analysis revealed significant differences among the seven algorithms
(Friedman: x% = 163.40, p = 1.13 x 10732). Pairwise Mann—Whitney tests with Holm
correction confirmed significant differences between NEPHILA-TSP 2.0 and all com-
petitors (pagj = 1.81 x 10~19), supporting its superior observed solution quality on
this instance. However, the Friedman test assumes comparable experimental blocks.

A 30-run ablation study showed that disabling 2-opt increased the mean tour dis-
tance from 3007.85 km to 6655.18 km (121.26% deterioration; Mann—Whitney U = 0,
p = 3.02 x 10~ 1), while reducing mean runtime from 11.34 s to 7.25 s. This reveals a
substantial trade-off between solution quality and computational cost. Because remov-
ing 2-opt also changes the adaptive operator-selection probabilities, its individual
contribution cannot be isolated.

8.3.1 Ablation Study

An ablation study examined the contribution of 2-opt local search to NEPHILA-TSP
performance. This operator improves feasible TSP tours by replacing two nonadja-
cent edges and reversing the intermediate segment whenever the resulting tour is
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Table 8 Ablation analysis of NEPHILA-TSP on the 100-city
Euclidean TSP (R = 30).

Performance measure Complete Without 2-opt

Mean distance (km) 3007.85 6655.18
Standard deviation (km)  118.37 179.26
Best distance (km) 2745.13 6204.87
Worst distance (km) 3232.50 6924.23
Mean runtime (s) 11.34 7.25
Mean full evaluations 14979.5 14970.0
Mean 2-opt checks 108780.7 0

shorter. Repeated improvements eliminate unfavorable connections while preserving
the Hamiltonian cycle.

The complete algorithm was compared with a variant excluding 2-opt but retaining
all other permutation-based operators. Both configurations were evaluated on the same
100-city Euclidean TSP instance over 30 independent runs, with a maximum budget
of 15,030 complete objective-function evaluations per run.

Table 8 shows that disabling 2-opt increased the mean tour distance from 3007.85
km to 6655.18 km, an absolute difference of 3647.33 km (121.26%). Moreover, the worst
result with 2-opt (3232.50 km) was substantially better than the best result without
it (6204.87 km), indicating complete separation of the observed solution distributions.

The Mann-Whitney test confirmed this difference (U = 0, p = 3.02 x 10711),
with a rank-biserial effect size of 1.0. The complete algorithm also exhibited lower
variability, with a standard deviation of 118.37 km versus 179.26 km without 2-opt,
indicating improvements in both average solution quality and consistency.

These gains required additional computational effort. Mean runtime increased
from 7.25 s to 11.34 s (a ratio of approximately 1.56), while the complete algo-
rithm performed an average of 108780.7 additional 2-opt neighborhood checks per
run, compared with none in the reduced variant. Despite similar numbers of com-
plete objective-function evaluations, the computational workloads were therefore not
equivalent.

Overall, the results provide strong empirical evidence favoring the complete config-
uration on the investigated TSP instance. However, disabling 2-opt also redistributes
the adaptive selection probabilities among the remaining operators. Thus, the observed
improvement reflects the combined effects of 2-opt inclusion and policy adaptation,
rather than the isolated contribution of 2-opt under an unchanged selection policy.

8.4 Preliminary Comparison with a Discrete Genetic
Algorithm

A preliminary comparison was conducted on the eil51 TSPLIB instance, comprising
51 cities with a known optimal tour length of 426 distance units. NEPHILA-TSP 2.0
was compared against a permutation-based genetic algorithm (GA-2opt) employing
order crossover, inversion mutation, tournament selection, elitist replacement, and
bounded 2-opt local search.
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Both algorithms used a population of 30, the same random seed (20261008), and
a nominal budget of 15,030 complete objective-function evaluations. The number of
examined 2-opt moves was also controlled to facilitate comparison of local-search effort.

The experiments followed the original TSPLIB EUC_2D convention, preserving
integer edge weights and ensuring direct comparability with the published optimum.

Table 9 summarizes the results obtained from one independent execution of each
algorithm.

Table 9 Preliminary comparison of NEPHILA-TSP 2.0 and GA-2opt
on the TSPLIB eil51 instance.

Performance indicator NEPHILA-TSP 2.0 GA-2opt
Best tour length 486 499
Known optimal tour length 426 426
Optimality gap (%) 14.0845 17.1362
Complete objective evaluations 15,009 15,030
Examined 2-opt moves 132,056 132,056
Execution time (s) 12.874 7.221
Valid permutation Yes Yes

The optimality gap was computed as

Lag — L*

Gap(%) = 100 TR

(42)
where L., denotes the best tour length obtained by the corresponding algorithm and
L* represents the known optimal tour length.

NEPHILA-TSP 2.0 achieved a tour length of 486 (14.0845% optimality gap), com-
pared with 499 (17.1362%) for GA-2opt. This represents an improvement of 13 distance
units, or approximately 2.61% relative to GA-2opt. However, GA-2opt was faster,
requiring 7.221 s versus 12.874 s, revealing a trade-off between solution quality and
execution time.

Although both algorithms examined the same number of 2-opt moves, their
different candidate-generation and population-update mechanisms imply that their
computational workloads were not necessarily equivalent. Furthermore, NEPHILA-
TSP 2.0 stopped after 208 generations because the remaining evaluation budget was
insufficient, rather than reaching the configured maximum of 500 generations.

8.5 Statistical Comparison with GA-2opt on the TSPLIB
eil51 Instance

A statistical comparison of NEPHILA-TSP 2.0 and GA-2opt was conducted over
30 independent runs on the TSPLIB eil51 instance (51 cities; known optimum:
426 distance units). GA-2opt employs order-preserving crossover, inversion mutation,
tournament selection, elitist replacement, and bounded 2-opt local search.

Both algorithms used a population of 30, a nominal budget of 15,030 complete
objective-function evaluations, and the same set of 30 random seeds for reproducibility.
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The number of examined 2-opt moves was recorded to assess local-search effort. Tour
lengths were computed using the original TSPLIB EUC_2D convention with integer-
valued edge weights, ensuring comparability with the published optimum.

The optimality gap was calculated as

Gap(%) = 100 <ngLL) , (43)

where L., denotes the best tour length obtained by a given algorithm in an
individual execution, and L* represents the known optimal tour length.

Table 10 presents the descriptive statistics obtained from the 30 independent
executions of each algorithm.

Table 10 Statistical comparison of NEPHILA-TSP 2.0 and GA-2opt on
the TSPLIB eil51 instance over 30 independent runs.

Performance indicator NEPHILA-TSP 2.0 GA-2opt

Number of runs 30 30
Mean tour length 473.80 484.30
Standard deviation 8.54 15.74
Best tour length 458 457
Worst tour length 488 513
Mean optimality gap (%) 11.22 13.69
Mean execution time (s) 9.70 6.39
Mean objective evaluations 14,985 15,030
Mean 2-opt checks 130,760 132,056

Overall, Table 10 shows that NEPHILA-TSP 2.0 achieved better mean solution
quality, lower variability, and a smaller optimality gap than GA-2opt. Although GA-
20pt obtained a slightly better best tour and shorter execution times, NEPHILA-TSP
2.0 exhibited more consistent performance across the 30 runs. These results suggest a
trade-off between solution quality and computational efficiency.

8.6 Comparative Evaluation on TSPLIB Benchmarks

NEPHILA-TSP 2.0 was evaluated on four TSPLIB instances with different dimen-
sions and geometric configurations: ei151, berlin52, kroA100, and ch150, comprising
51, 52, 100, and 150 cities, respectively. The comparison employed GA-2opt, a
permutation-based genetic algorithm combining order-preserving crossover, inversion
mutation, tournament selection, elitist replacement, and bounded 2-opt local search.

Each algorithm was independently executed 30 times per instance (240 runs in
total), using a population of 30, a nominal budget of 15,030 complete objective-
function evaluations, and identical sequences of random seeds for reproducibility. The
number of examined 2-opt moves was also recorded. For berlin52, kroA100, and
ch150, the GA-2opt local-search budget was matched to the 2-opt checks performed
by NEPHILA-TSP 2.0 in each corresponding run; for eil51, a fixed limit of 132,056
checks was used.
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All instances followed the original TSPLIB EUC_2D convention with integer-valued
edge weights, ensuring direct comparability with their known optimal tour lengths.
The relative optimality gap was calculated as

L—-L*
L 7
where L is the obtained tour length and L* is the known optimum for each instance.
Table 11 reports the mean tour lengths and standard deviations over 30 indepen-
dent runs per algorithm.

Gap(%) = 100

(44)

Table 11 Solution-quality comparison between NEPHILA-TSP 2.0 and GA-2opt on
four TSPLIB benchmark instances. Results are reported as mean + standard deviation.

Instance Cities Optimum NEPHILA-TSP GA-2o0pt
eilbl 51 426 473.80 + 8.54 484.30 £ 15.74
berlinb2 52 7542 8785.10 £ 173.50 8619.47 + 309.93
kroA100 100 21282 4392223 £1763.29 40750.23 £ 1502.99
ch150 150 6528 19162.37 £ 605.46 16532.27 £+ 634.21

The results show landscape-dependent performance. On eil51, NEPHILA-TSP 2.0
achieved a lower mean tour length than GA-2opt (473.80 versus 484.30), representing
a 2.17% reduction, with lower variability.

For berlin52, GA-2opt achieved a better mean tour length (8619.47 versus
8785.10), although NEPHILA-TSP 2.0 showed lower variability. GA-2opt also out-
performed NEPHILA-TSP 2.0 on the larger instances: 40750.23 versus 43922.23 on
kroA100, and 16532.27 versus 19162.37 on ch150.

The results indicate that NEPHILA-TSP 2.0 did not maintain a consistent advan-
tage in solution quality across the benchmark instances. Table 12 reports the mean
optimality gaps and execution times.

Table 12 Mean optimality gaps and execution times over 30 independent runs. Gap
values are expressed as percentages, whereas execution times are reported in seconds.

Instance NEPHILA Gap GA Gap NEPHILA Time GA Time

eilbl 11.22 13.69 9.70 6.39
berlinb2 16.48 14.29 9.52 6.20
kroA100 106.38 91.48 10.24 5.92
ch150 193.54 153.25 11.11 5.78

Under the prescribed computational budget, both algorithms showed substan-
tial deterioration in solution quality on the larger instances. Mean optimality gaps
exceeded 90% on kroA100 and 150% on ch150 for both methods. Although GA-
20pt generally outperformed NEPHILA-TSP 2.0 on these instances, neither algorithm
approached the known optima under the experimental settings.
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GA-20pt also achieved shorter execution times across all four instances. This
suggests that the adaptive operator-selection and population-update mechanisms of
NEPHILA-TSP 2.0 may introduce computational overhead without corresponding
improvements in solution quality under the evaluated configuration.

8.6.1 Statistical Significance Analysis

Statistical differences in tour-length distributions were assessed independently for each
benchmark instance using a two-sided Mann—Whitney U test. Table 13 presents the
resulting statistics and p-values.

Table 13 Mann-Whitney U test results for the comparison between
NEPHILA-TSP 2.0 and GA-2opt.

Instance U statistic p-value Lower mean distance
eil51 252.5  3.562 x 107> NEPHILA-TSP
berlin52 651.0 3.034x 1073 GA-2opt

kroA100 819.0 5.092x 107® GA-2opt

ch150 900.0 3.020 x 1071 GA-20pt

All four comparisons were statistically significant at « = 0.01, even after applying
the Holm correction for multiple testing. These results provide statistical evidence of
differences between the tour-length distributions produced by NEPHILA-TSP 2.0 and
GA-20pt across all four benchmark instances.

However, the direction of these differences depends on the benchmark instance.
NEPHILA-TSP 2.0 achieved a lower mean tour length on eil51, whereas GA-2opt
performed better on the other three instances. Thus, the results do not establish the
general superiority of NEPHILA-TSP 2.0 over GA-2opt.

8.6.2 Discussion and Implications

The experimental findings highlight both the potential and the limitations of
NEPHILA-TSP 2.0. Its favorable performance on eil51 suggests that adaptive opera-
tor selection can be effective for certain problem configurations. However, the results on
berlinb2, kroA100, and ch150 show that this advantage does not necessarily extend
to other instances. One relevant factor is the fixed computational budget: although the
number of cities increased from 51 to 150, the nominal number of complete objective-
function evaluations remained approximately constant, limiting the available search
effort relative to the growing permutation space.

This constraint may partially explain the substantial optimality gaps observed
on larger instances, although the experiments do not establish insufficient evaluation
budget as their principal cause. Other potential factors include neighborhood-operator
effectiveness, the balance between exploration and exploitation, and the dynamics
of adaptive operator selection. Distinguishing their individual contributions requires
further investigation, particularly through systematic evaluation-budget sensitivity
analysis and operator-level experiments.
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Overall, these findings provide a transparent empirical assessment of NEPHILA-
TSP 2.0 while identifying specific opportunities for improvement. Accordingly,
subsequent experiments will examine convergence behavior, computational-budget
sensitivity, and the contributions of individual search operators, with particular
emphasis on the kroA100 instance.

8.7 Sensitivity to the Computational Budget

The sensitivity of NEPHILA-TSP 2.0 to computational effort was evaluated on the
TSPLIB kroA100 instance using three maximum budgets: 15,030, 30,000, and 60,000
complete objective-function evaluations. Each configuration was tested over 30 inde-
pendent runs with identical random seeds. Population size and algorithmic parameters
remained unchanged, while the maximum number of generations was increased to
2,500 to accommodate larger budgets.

Table 14 Budget sensitivity analysis of NEPHILA-TSP 2.0 on the
TSPLIB kroA100 instance.

Indicator 15,030 30,000 60,000
Mean tour length 43922.23 35801.30 30879.03
Standard deviation 1763.29 1336.43 935.80
Best tour length 40585 32396 28547
Mean optimality gap (%) 106.38 68.22 45.09
Mean runtime (s) 10.64 18.26 31.76
Mean generations 210.47 392.67 737.10

As shown in Table 14, increasing the evaluation budget substantially improved solu-
tion quality. The mean tour length decreased from 43922.23 to 30879.03 as the budget
increased from 15,030 to 60,000 evaluations, representing a reduction of approximately
29.69%.

The standard deviation decreased from 1763.29 to 935.80, indicating greater con-
sistency across independent runs. A strong negative association between evaluation
budget and final tour length was also observed (Spearman’s p = —0.94234), although
this descriptive correlation should be interpreted cautiously because identical ran-
dom seeds were used across budget configurations. These improvements increased
computational cost, with mean runtime rising from 10.64 to 31.76 seconds.

Although larger budgets substantially reduced the mean optimality gap, solutions
remained well above the known optimum. These findings suggest that limited com-
putational effort contributes to performance degradation, while further operator-level
analysis is needed to determine whether the remaining gap also reflects limitations in
exploration and exploitation.

8.8 Ablation Analysis

An ablation study on the TSPLIB kroA100 instance examined the contributions of
three components of NEPHILA-TSP 2.0: heavy-tailed inversion, segment relocation,
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and adaptive operator selection. Three variants were evaluated by removing each com-
ponent individually, with adaptive selection replaced by uniform random selection
in the third variant. Each configuration was tested over 30 independent runs with a
nominal budget of 15,030 objective-function evaluations.

Table 15 Ablation results on the TSPLIB kroA100 instance.

Configuration Mean Std. dev. Gap (%)
Full NEPHILA 43922.23 1763.29 106.38
Without heavy-tailed inversion 40952.17 1358.93 92.43
Without segment relocation 39790.43 1052.63 86.97
Without adaptive selection 40886.93 1457.01 92.12

As shown in Table 15, all three simplified variants achieved lower mean tour lengths
than the full algorithm. Removing segment relocation produced the best result, reduc-
ing the mean tour length by approximately 9.41%. This suggests that the current
combination of operators and adaptive selection may not provide the most effective
exploration—exploitation balance for this instance.

However, the simplified variants performed approximately 23-26% more 2-opt
neighborhood checks than the full algorithm. Therefore, the improvements cannot be
attributed solely to component removal, since local-search effort also changed. These
findings identify operator selection and computational-effort allocation as priorities
for further refinement of NEPHILA-TSP 2.0.

8.9 Overall Discussion, Limitations, and Scalability

The experimental results highlight both the capabilities and limitations of NEPHILA-
TSP 2.0, which integrates permutation-based operators, adaptive operator selection,
edge-guided candidate selection, and bounded local improvement within a stochastic
optimization framework. Its effectiveness depends on the problem instance, compu-
tational budget, and distribution of search effort. Across four TSPLIB benchmarks,
NEPHILA-TSP 2.0 achieved better average solution quality than GA-20opt on eil51,
whereas GA-2opt performed better on berlin52, kroA100, and ch150, while requiring
less execution time in all four cases. Thus, the proposed method did not demonstrate
a general performance advantage under the original computational budget.

The budget sensitivity analysis showed that increasing the evaluation budget from
15,030 to 60,000 on kroA100 reduced the mean tour length by approximately 29.69%
and the mean optimality gap from 106.38% to 45.09%. The accompanying reduction
in standard deviation indicated greater consistency, although at the expense of longer
execution times. Similarly, the ablation study revealed that removing selected compo-
nents could improve performance under the original budget. In particular, excluding
segment relocation reduced the mean tour length by approximately 9.41%. However,
the modified configurations performed more 2-opt neighborhood checks, preventing
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these improvements from being attributed exclusively to operator removal. These find-
ings emphasize the need to refine adaptive operator selection and the allocation of
computational effort.

Regarding scalability, NEPHILA-TSP 2.0 was successfully applied to instances
containing up to 150 cities. Nevertheless, the substantial optimality gaps on larger
instances do not support claims of superior scalability. Moreover, the evaluation cov-
ered only four benchmarks and a limited range of dimensions, preventing conclusions
about asymptotic computational behavior or performance on substantially larger
problems.

A further methodological limitation concerns computational-budget accounting.
Although the algorithms used similar numbers of complete objective-function evalu-
ations, their local-search neighborhood checks differed across configurations. Because
complete tour evaluations and incremental 2-opt checks involve distinct computa-
tional operations, future comparisons should employ more comprehensive measures of
computational effort.

Despite these limitations, the study establishes a reproducible experimental frame-
work for investigating adaptive operator selection in permutation-based optimization.
Future refinements should focus on calibrating operator probabilities, allocating local-
search effort, and improving stopping criteria. Overall, NEPHILA-TSP 2.0 represents
an experimentally evaluated framework with promising features and identifiable lim-
itations, providing a basis for further development without establishing superiority
over existing optimization methods.

9 Discussion and Potential Applications

The experimental results indicate that NEPHILA’s performance depends on the opti-
mization landscape and the interaction among its search mechanisms. Continuous
benchmarks and ablation experiments showed that individual components contribute
differently across problems, suggesting that NEPHILA’s principal contribution lies
in its adaptive architecture rather than universal superiority over established meta-
heuristics. This architecture combines Brownian perturbations, decaying Lévy flights,
adaptive pruning, reinforcement-guided adaptation, Gaussian RBF-based prey-field
estimation, and elitist guidance to integrate stochastic exploration with informa-
tion from previously evaluated solutions. However, its effectiveness remains problem
dependent.

The combinatorial extension, NEPHILA-TSP, operates directly on city permuta-
tions through adaptive operator selection and local improvement. On the 100-city
Euclidean Traveling Salesman Problem, it achieved the lowest mean tour distance
(3007.85 km), outperforming GWO (4195.24 km) and the remaining five competi-
tors. Removing 2-opt increased the mean distance to 6655.18 km, a deterioration
of 121.26%, while reducing execution time. These findings highlight the importance
of combining adaptive exploration with local intensification. Nevertheless, differ-
ences in solution representation, the competitors’ continuous random-key encodings,
and additional 2-opt neighborhood evaluations prevent attributing the improve-
ments exclusively to the adaptive architecture. Further validation on additional
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Table 16 Architectural comparison of the evaluated optimization algorithms.

Mechanism PSO ACOR FA BA GWO DE NEPHILA
Population-based search Yes Yes Yes  Yes Yes Yes Yes
Stochastic exploration Yes Yes Yes Yes Yes Yes Yes
Adaptive pruning No No No No No No Yes
Reinforcement-guided adaptation = No No No No No No Yes
RBF-based spatial learning No No No No No No Yes

TSP instances and comparisons with specialized discrete optimization methods are
therefore necessary.

Potential applications include logistics, vehicle routing, resource allocation, sensor
deployment, and autonomous multi-agent coordination. The continuous formulation
may also be explored for nonconvex optimization and hyperparameter tuning in
machine learning. However, these applications require problem-specific adaptations
and independent experimental validation.

Finally, Table 16 summarizes the main architectural differences between NEPHILA
and competing optimization methods, characterizing their implemented mechanisms
rather than establishing an intrinsic performance hierarchy. Overall, the findings sup-
port the potential of adaptive bio-inspired optimization while emphasizing the need
to select and configure search mechanisms according to each problem’s mathematical
structure.

The main limitations involve computational cost, parameter sensitivity, and gener-
alizability. RBF-based learning introduces additional overhead, while adaptive search
components exhibit problem-dependent effectiveness. Moreover, this TSP comparison
is limited to a single synthetic instance with differing solution representations among
competitors. Future work will address broader benchmark validation, self-adaptive
parameter control, and constrained, dynamic, and multi-objective optimization.

10 Conclusions

This study introduced NEPHILA, a bio-inspired stochastic optimization framework
based on adaptive interception dynamics, learning-guided search, and the coordi-
nated use of complementary exploration and exploitation mechanisms. Its continuous
formulation integrates Brownian perturbations, decaying Lévy flights, adaptive prun-
ing, reinforcement-guided operator selection, Gaussian RBF-based spatial learning,
and elitist guidance. The main methodological contribution lies in combining these
mechanisms within an adaptive architecture capable of responding to different search
conditions.

The continuous benchmark experiments demonstrated that NEPHILA’s perfor-
mance depends on the objective-function landscape and the interaction among its
components. Comparisons with established metaheuristics and the corresponding abla-
tion studies revealed that no single mechanism consistently dominates across all
problems. These findings emphasize the importance of adaptive coordination rather
than suggesting universal superiority over existing methods.
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The framework was further extended to discrete combinatorial optimization
through NEPHILA-TSP, which employs permutation-based operators, adaptive selec-
tion, and bounded 2-opt local improvement. On a synthetic 100-city Euclidean TSP
instance, the algorithm achieved the lowest mean tour distance of 3007.85 km, com-
pared with 4195.24 km for GWO. Disabling 2-opt increased the mean distance to
6655.18 km, demonstrating the importance of local intensification under the evaluated
configuration. Nevertheless, differences in solution representations and computational
effort limit direct attribution of these improvements to the adaptive architecture alone.

Further experiments with NEPHILA-TSP 2.0 on four TSPLIB instances revealed
heterogeneous performance relative to GA-2opt. The proposed method achieved bet-
ter average solution quality on one instance, whereas GA-2opt performed better on
the remaining three. Budget sensitivity analysis on kroA100 showed that increas-
ing the evaluation budget from 15,030 to 60,000 reduced the mean tour length by
approximately 29.69%. Ablation experiments also indicated that simplified opera-
tor configurations could improve performance, although changes in local-search effort
prevent attributing these gains exclusively to individual components.

Taken together, these results establish NEPHILA as a flexible research framework
for investigating adaptive stochastic optimization in continuous and discrete search
spaces. Its current limitations include problem-dependent performance, computational
overhead, parameter sensitivity, and the need for broader experimental validation.
Future research will address cost-aware operator selection, self-adaptive parameter
control, improved computational-budget allocation, and more effective coordina-
tion between exploration and exploitation. Additional directions include constrained,
dynamic, and multi-objective optimization, as well as applications in logistics, resource
allocation, autonomous systems, and machine learning.

Overall, NEPHILA’s contribution extends beyond the solution of a particular opti-
mization problem. It provides an adaptive methodological foundation for combining
stochastic search, learning-guided decisions, and problem-specific improvement oper-
ators. Although its present results do not establish universal superiority, they identify
promising mechanisms and concrete opportunities for developing more effective and
versatile optimization algorithms.

Appendix A

NEPHILA Optimization Algorithm (NOA) with Reinforcement-Guided
and RBF-Based Adaptive Exploration

1: Input: Objective function f, search domain D = [{,u
maximum iterations 7'

Initialize X° = {20}, uniformly in D

Evaluate f0 = f(29), i=1,....,N

Set Tpest = arg minzg fzQ and fpest = min; fio

Initialize bounded archive Ay = {(z?, fO)}¥,

Initialize Gaussian RBF prey-field estimator P(z)
Initialize stochastic Softmax policy g

Set previous mean reward R_; = 0

]¢, population size N,

® 3 S T kW
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9- fort=0toT —1do
10: Fit the RBF prey-field estimator using the current bounded archive A;
11: Compute adaptive Brownian intensity

0B (t) = Chp [UB,O (1 + ’YRRtfl) » 0 B,min> UB,max}
12: Compute decaying Lévy intensity

op(t) = UL,oef”t

13: Convert the current objective values into normalized quality scores
ft—ft.
¢! = exp | —max 0
5f
14: Compute the pruning quantile
t
Gt = Qmin + (Qmax - Qmin)ﬁ
15: Define the active population according to the corresponding quality threshold
16: Retain the elite fraction of the population as active regardless of the pruning
threshold
17: Freeze the current best position as z
18: fori=1to N do
19: if z! is pruned then
20: Select an elite anchor
21: Generate
y; =Ip [zl +0.02(u —0)ef] et ~ N(0,14)
22: else
23: Sample an exploration action
aj ~ my(a)

24: Obtain the corresponding multipliers (mpg,mp, mas)
25: Generate Brownian and Lévy perturbations

B! ~ N(0,1,), L! ~ Levy(pB)
26: Evaluate the learned spatial gradient

gl = VP(a})
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Compute the stochastic and learned steps

AP =mpop(t)0.02 (u — £)B!

AF = mpop(4)0.01 (u—€)L!

AM = mprAp0.02 (u — £) gt

[ [

Compute mild elitist attraction
AF =0.107! (zfe —2t), i~ U(0,1)
Generate candidate
yi =Mp [z} + AP + AF + AM + AF]

end if
Evaluate f, = f(y!)
if f, < f! then
Accept candidate: z/t = yt, fit! = f,
else
Retain current solution: xE‘H = xf, ff'H = ff
end if
if fy < fbest then
Update Thest = ¥ and frest = fy
end if

Compute normalized improvement

max(f! — f,,0)

It =
max(| f{], % €)

?

Compute normalized step cost

o _lwt=atl

CoVd(u—0) +¢
Compute reward

if z! is active then
Update the Softmax policy using R! and the sampled action af
end if
Add (y}, f,) to the search archive
end for
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48: Restrict the archive to the prescribed bounded memory size

49: Set
1 N
oD t
R, = N;Ri

50: Record fpest as the best-so-far value at iteration ¢ + 1
51: end for
52: return Thest, foest
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