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Abstract: Evolutionary algorithms adapt mainly through selection, recombination, and
mutation, which in changing environments forces costly re-optimization and slow recovery
after disruption. We present EpiSwarm, an evolutionary algorithm for dynamic industrial
UAV-swarm inspection in which each candidate solution carries a persistent genotype and
a fast-changing, partially heritable epigenotype. The genotype encodes mission structure;
the epigenotype is a decaying memory of recent environmental stress that modulates task
activation, route repair, operator intensity, and energy-aware reassignment. On a UAV-swarm
inspection benchmark (8 UAVs, 45 tasks, three volatility regimes, n = 10 replications)
EpiSwarm reduces mean replanning churn by about 60% (from 12–15 to 5–6 changes per
epoch) and improves mission utility by 10.7–14.2% over the best of four baselines—including
a memory-archive GA—with this advantage robust across four objective-weight specifications
(p between 0.009 and 0.052). A matched paired ablation (n = 20) shows that the benefit of
transgenerational inheritance is regime-dependent: it is significant at low volatility (p = 0.025)
and vanishes as disruptions accelerate. We show that this crossover is not incidental but
follows a closed-form memory-horizon condition, τepi ≲ τenv/g, that predicts a priori the
regime in which inherited memory ceases to be informative—a computational instance of
the established evolutionary-biology result that the value of transgenerational information is
set by environmental autocorrelation. The stress-driven update is directionally positive but
not statistically separable at this sample size, and is reported as such. EpiSwarm therefore
contributes a quantitatively predictable, low-churn regulatory mechanism for dynamic swarm
optimization rather than a universally beneficial add-on.

Keywords: evolutionary algorithms; epigenetic inheritance; dynamic optimization;
UAV swarm; industrial inspection; task allocation; resilience; changing environments

1. Introduction

Swarm intelligence and evolutionary computation remain central methodological
families for optimization under uncertainty, combinatorial complexity, incomplete
information, and nonlinearity. Their practical appeal is particularly strong in real-world
domains where explicit models are expensive, fragile, or unavailable. Dynamic and
uncertain environments, however, still pose a major challenge. When the objective
function, constraints, or operational context change over time, evolutionary algorithms
may lose useful structure, converge prematurely to outdated solutions, or spend too
much time rebuilding populations after disruption [1–3].

This problem is especially visible in dynamic multi-UAV coordination. Industrial
drone swarms used for infrastructure inspection, solar-farm surveillance, wind-turbine
monitoring, pipeline assessment, or large-plant observation must operate under task
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arrivals, shifting priorities, communication degradation, heterogeneous battery levels,
weather disturbances, and occasional unit failures. Recent surveys confirm that
dynamic multi-UAV task assignment is increasingly important and that adaptability,
robustness, and real-time reallocation remain open technical priorities [4–6].
Task-allocation and persistent-monitoring studies stress the importance of energy
awareness, resilience under limited communication, and adaptation to changing
mission conditions [7–9]. These observations make UAV-swarm inspection an
appropriate and demanding application domain for new evolutionary-computation
mechanisms.

At the same time, contemporary evolutionary biology suggests that mainstream
evolutionary computation still exploits only a restricted subset of biologically
relevant mechanisms. The dominant algorithmic focus remains on variation,
recombination, and selection, while mechanisms emphasized by the Extended
Evolutionary Synthesis (EES)—such as developmental bias, niche construction, and
epigenetic inheritance—are far less represented in the computational literature [10,11].
Yuen et al. explicitly identify epigenetic inheritance as an underexploited opportunity
for evolutionary computation and argue that much of the field remains genetically
centered despite broader biological evidence [12]. This gap is especially relevant
for dynamic optimization because epigenetic processes offer a conceptual model for
rapid, reversible, and partially heritable adaptation to environmental change without
requiring immediate structural genetic replacement.

The present work addresses this gap by proposing EpiSwarm: an epigenetically
regulated evolutionary algorithm for dynamic industrial UAV-swarm inspection. The
key contribution is a new synthesis in which a slow-changing genotype preserves
a durable mission structure, while a fast-changing, decaying epigenotype serves as
transgenerational regulatory memory. This memory captures recent environmental
stress and modulates how solutions are expressed and repaired under disruption,
thereby reconciling persistence with adaptability. Unlike prior epigenetic optimization
approaches [13, 14], EpiSwarm integrates individual-level heritable regulation
directly into the evolutionary cycle and evaluates it on a concrete multi-UAV
coordination benchmark against a broad set of baselines, including a memory-archive
GA specifically designed to represent the best of existing memory-based dynamic
optimization methods [1].

This paper makes five contributions:

1. A two-layer evolutionary representation combining a persistent genotype with
a fast-changing, partially heritable epigenotype, formalized for dynamic swarm
optimization;

2. An epigenetic update and inheritance mechanism driven by environmental stress
signals and controlled exponential forgetting;

3. A dynamic UAV-swarm inspection simulation benchmark across three volatility
regimes evaluated with n = 10 independent scenario replications;

4. An empirical evaluation against four baselines—including a memory-archive
GA comparator—with Mann–Whitney significance testing, demonstrating
statistically significant utility improvements in two of three volatility regimes;
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5. A matched paired ablation study (n = 20 per condition, Wilcoxon signed-rank)
that reveals regime-dependent mechanistic contributions: inheritance
significantly improves utility in low volatility, while stress-driven update
shows directionally positive but non-significant effects across regimes.

The practical contribution should be read primarily as the ≈60% reduction
in replanning churn, which holds across all three volatility regimes and all four
objective-weight specifications and is driven by a mechanism (gain-threshold
gating) that becomes more valuable on hardware, where each reassignment carries
real re-routing and coordination cost. The utility gains and the regime-dependent
inheritance effect are secondary, and the latter is accompanied by a closed-form
rule (Section 5.6) that tells a practitioner in advance when inheritance will help. We
are explicit throughout about what the simulation does and does not establish, and
Section 6.2 gives a staged hardware-validation protocol with an item-by-item transfer
assessment.

2. Related work

2.1. Dynamic evolutionary optimization
Dynamic optimization with evolutionary algorithms has been studied for

several decades. Branke [1] provides a foundational treatment of population-based
methods for changing environments, identifying memory, diversity maintenance,
and multi-population strategies as key mechanisms. The memory-archive
approach—maintaining a rolling archive of high-quality solutions from previous
epochs and reinjecting them into the current population—is one of the most studied of
these mechanisms and serves as a direct comparator in the present work. Nguyen et
al. [2] survey the state of the art in evolutionary dynamic optimization, categorizing
responses to change into re-initialization, diversity-preservation, memory, and
prediction-based approaches. A recent thirty-year retrospective [3] confirms that
adaptive memory and self-adaptive operator control remain active research frontiers.
Robust optimization over time, which estimates the robustness of promising regions
rather than tracking a single optimum, represents a complementary direction [15].

It is important to distinguish EpiSwarm from two superficially related paradigms.
Lamarckian evolution feeds phenotypic improvements acquired during an individual’s
lifetime directly back into the genotype [16]. EpiSwarm does not do this: the genotype
is never updated by phenotypic performance. Instead, environmental stress signals
update a separate epigenetic state vector that modulates expression without altering
genetic structure. Memetic algorithms combine population-based search with local
refinement operators applied to individual solutions [17]. EpiSwarm does not apply
local search to individual solutions; its epigenetic layer modulates operator intensities
and expression biases across the population as a regulatory signal. The key distinction
from both paradigms is that EpiSwarm’s heritable memory encodes stress context rather
than solution quality or local optima, and this memory is transmitted across generations
with controlled decay rather than being reset or accumulated indefinitely.

It is worth making this distinction concrete because the mechanisms are easily
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conflated. In Lamarckian evolution, the causal arrow runs phenotype → genotype: a
solution improved by lifetime learning writes that improvement back into its heritable
code, so acquired solution quality becomes permanent genetic content. In a memetic
algorithm, local search refines each individual’s solution, and the refined solution
(again, a quality improvement) is what is carried forward; the heritable object is still
the solution itself. EpiSwarm differs on three axes simultaneously.

1. What is stored. The epigenotype e stores a vector of environmental stress signals
(Section 3.3)—reassignment frequency, overload, communication loss, energy
deficit, infeasibility, failure rate—not a fitness value and not a refined assignment.
It is a description of what the environment is doing, not of how good a solution
is.

2. How it acts. The stored marks never overwrite the genotype; they bias expression
of an unchanged genotype through the four regulatory channels (task activation,
route repair, operator intensity, energy-aware reassignment) and decay once the
stress subsides. A Lamarckian or memetic update is, by contrast, a permanent or
quality-driven modification of the heritable solution.

3. How it is transmitted. The marks are inherited with fidelity-limited decay
(Equation (4)), so disruption-response patterns persist briefly in offspring
and then fade—whereas Lamarckian writes are permanent and memetic
refinements are reset or re-optimized each generation. Consequently, where
a memetic algorithm would invest computation in locally perfecting a single
assignment and a Lamarckian scheme would lock a past-good assignment into the
genome, EpiSwarm instead propagates a short-lived “the energy/communication
sub-space is currently under stress” signal that modulates how all individuals
are decoded and repaired. This is why the appropriate comparator from the
dynamic-optimization literature is the memory-archive GA (which stores past
solutions); the empirical contrast in Section 5 is precisely a test of whether storing
stress context outperforms storing solution quality.

2.2. Epigenetic mechanisms in optimization
Yuen et al. [12] provide the most direct motivation for the present work,

arguing that evolutionary computation has underused mechanisms from the Extended
Evolutionary Synthesis. In the dynamic multi-objective setting, epigenetic blocking
has been explored as a lightweight add-on mechanism [13]. Epigenetic approaches
have been applied to combinatorial problems such as the multidimensional knapsack
problem [14]. Recent dynamic multi-objective optimization studies have proposed
prediction-oriented [18] and diversity-preserving [19] strategies, while dynamic
Pareto-front tracking with reference directions has been advanced by Jiang and
Yang [20]. The relationship between biological plasticity and evolvability has been
explored in evolutionary reinforcement learning [21]. EpiSwarm differs from all these
approaches in three ways: the epigenetic layer is individual-level, inherited with decay
across generations, and its mechanistic contribution is empirically isolated through
ablation.
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2.3. Extended evolutionary synthesis and computational implications
The biological motivation for EpiSwarm draws on the Extended Evolutionary

Synthesis [10, 11], which extends the classical Modern Synthesis by incorporating
epigenetic inheritance, developmental bias, and niche construction as first-class
evolutionary processes. The EES predicts that phenotypic change can precede
genotypic change, and that environmentally induced, partially heritable regulatory
states can accelerate adaptation without permanent genetic modification. Jablonka and
Lamb’s foundational work on transgenerational epigenetic inheritance [22] provides
the biological grounding for the partial-inheritance model in Equation (4). A
recent integrated philosophical examination of the EES [23] confirms that this
framework remains scientifically productive. EpiSwarm translates these biological
principles directly into computational form: the epigenotype update (Equation (3))
mirrors the environmental induction of epigenetic marks, while the partial inheritance
(Equation (4)) mirrors the fidelity-limited transgenerational transmission documented
in biological systems.

2.4. Dynamic multi-UAV task allocation
The UAV coordination literature has developed a range of approaches for dynamic

task allocation under uncertainty [4–6]. Energy-aware and communication-resilient
allocation strategies have received increasing attention in persistent monitoring
scenarios [7,8]. Resilience-oriented frameworks emphasize that UAV swarms require
not only assignment quality but also continuity under repeated reconfiguration [9].
Networked evolutionary game-theoretic approaches address distributed dynamic
allocation [24]. Prediction-guided dynamic multi-objective methods handle
time-varying mission objectives [25]. However, all existing approaches react to
environmental change through replanning heuristics or adaptive parameter control [26],
without maintaining an explicit heritable regulatory memory across planning epochs.
EpiSwarm addresses this gap directly.

3. Materials and methods

3.1. Problem definition
We consider a dynamic industrial UAV-swarm inspection problem over a set of

spatially distributed assets. LetU = {u1, . . . , um} denote the heterogeneous UAV fleet
and let Tt = {τ1, . . . , τn} denote the active set of inspection tasks at decision epoch t ∈
{1, . . . , T}. Each task τk is defined by a tuple (ℓk, sk, dk, δk, pk) comprising location,
sensing type, expected service duration, deadline, and priority score. Each UAV ui is
characterized by battery level bi(t), sensing payload, cruising speed, communication
status ci(t) ∈ [0, 1], and operational restrictions (e.g., no-fly zones).

During execution, the environment evolves through a sequence of disturbances:
new tasks may appear, priorities may shift, temporary no-fly regions may emerge, wind
penaltiesmay change, communication qualitymay degrade, and one ormoreUAVsmay
fail. The objective is to continually generate robust task-allocation and route-adaptation
decisions that maximize useful inspection coverage while minimizing delay, energy
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cost, disruption risk, and workload imbalance. Table 1 summarizes the key notation
used throughout the paper.

Table 1. Summary of key notation.

Symbol Description

U ,m UAV fleet; number of UAVs
Tt, n Active task set at epoch t; number of tasks
g, e Genotype; epigenetic state vector
I = (g, e) Individual (candidate solution)
πt Phenotype expressed at epoch t
Φ(g, e, Et) Phenotype decoder
Et Environment state at epoch t
St Stress vector at epoch t
λ Epigenetic decay coefficient
α Regulatory sensitivity
ηt Bounded stochastic perturbation
ρ Transgenerational persistence coefficient
ξ Reset-noise vector
F Scalarized mission objective
Ccov Inspection coverage ratio
Etot Total energy expenditure
Tdelay Mission delay
Rrisk Disruption-related operational risk
Bimb Workload imbalance across UAVs

3.2. Epigenetically regulated representation
Each individual in the population is represented as

I = (g, e), (1)

where g ∈ G denotes the genotype and e ∈ RK denotes the epigenetic state vector
of dimension K = 4. The genotype encodes a task-assignment mapping over U × Tt
together with a sequencing template for each UAV route. The epigenotype e stores
K dynamic regulatory marks, each associated with a distinct stress signal (see Section
3.3).

The phenotype expressed at epoch t is obtained by a decoder

πt = Φ(g, e, Et), (2)

where Et is the current environment state. The genotype g determines the structural
search space, while e modulates phenotype expression through four regulatory
channels: (i) task activation: tasks suppressed by energy stress or communication
loss are reactivated when epigenetic marks decay below a threshold; (ii) route repair:
marks associated with repeated route infeasibility increase the probability of local
repair operators; (iii) operator intensity: the mutation rate applied to g is scaled by
the magnitude of stress-associated marks; and (iv) energy-aware reassignment: marks
tracking battery stress bias the decoder toward UAVs with higher residual charge.
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3.3. Environmental stress and epigenetic update
Let St ∈ RK denote a stress vector derived from K runtime signals: repeated

reassignment frequency, local overload indicator, communication loss fraction, energy
deficit ratio, route infeasibility count, and failed task execution rate. The epigenetic
state is updated according to

et+1 = (1− λ)et + αSt + ηt, (3)

where λ ∈ (0, 1] is the epigenetic decay coefficient, α > 0 controls regulatory
sensitivity, and ηt ∼ U(−ϵ, ϵ)K prevents deterministic lock-in. The three terms
implement distinct design principles: the decay term (1 − λ)et ensures stale
regulatory marks fade once environmental pressure subsides; the stress termαSt allows
disruptions to modify the regulatory layer more rapidly than the structural layer; and the
noise term ηt prevents epigenotypic collapse. The ablation condition α = 0 eliminates
stress-driven update while preserving inheritance, directly isolating its contribution.

The update is applied at the individual level: each member accumulates its
own stress history, maintaining epigenetic diversity alongside genetic diversity. This
distinguishes EpiSwarm from shared external memory archives [1].

3.4. Inheritance and variation
The genotype is recombined and mutated using order crossover for the assignment

mapping and inversion mutation for route templates. The epigenotype is inherited only
partially:

echild = ρ eparent + ξ, (4)

where ρ ∈ [0, 1] controls transgenerational persistence and ξ ∼ N (0, σ2
ξI) is a

Gaussian reset-noise vector. Here eparent denotes the epigenotype of the dominant
(first-selected) parent p1, consistent with Algorithm 1, line 12. This single-parent
transmission is a deliberate modelling choice rather than an inconsistency with the
two-parent genotype crossover (line 10): in biological systems, epigenetic marks are
propagated through a cell lineage rather than recombined like genetic loci, so blending
two parental epigenotypes has no clear biological analogue. The genotype, which
encodes recombinable structural assignments, is therefore produced by two-parent
crossover, whereas the epigenotype—a lineage-bound regulatory state—is inherited
from the parent that contributes the dominant structural template, with controlled
decay (ρ) and reset noise (ξ). We verified in preliminary experiments that averaging
the two parental epigenotypes produced no statistically distinguishable difference
in utility, so the simpler single-parent rule was retained. When ρ < 1, the
epigenotype decays toward zero over successive generations in the absence of stress.
The ablation condition ρ = 0 eliminates inheritance —the epigenotype is reset
each generation—while preserving the stress-update mechanism, directly isolating the
contribution of transgenerational transmission. This partial-inheritance model mirrors
the fidelity-limited transgenerational epigenetic transmission documented in biological
systems [22].
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Algorithm 1: EpiSwarm: Epigenetically Regulated Evolutionary Cycle

Require: Population P = {Ii = (gi, ei)}Ni=1, environment Et, budget B
Ensure: Updated population P ′, executed plan π∗

t

1: Observe Et; compute stress vector St from runtime signals
2: for each Ii ∈ P do
3: πi,t ← Φ(gi, ei, Et) ▷ Decode phenotype
4: fi ← F (πi,t) ▷ Evaluate mission objective
5: end for
6: π∗

t ← πi∗,t where i∗ = argmaxi fi
7: if ∆f > θgain and replanning budget allows then
8: Select parents by tournament selection
9: for each offspring slot do
10: gchild ← Crossover(gp1 , gp2)
11: gchild ← Mutate(gchild, µ0 + αµ∥ep1∥)
12: echild ← ρ ep1 + ξ, ξ ∼ N (0, σ2

ξI)

13: end for
14: ei ← (1− λ)ei + αSt + ηt for each survivor
15: Replace population while preserving top-k elites
16: end if
17: return P ′, π∗

t

Variation operates at two levels. Genetic variation explores durable structural
alternatives. Epigenetic variation modulates expression and local search: elevated
marks may increase mutation intensity in overloaded sectors, suppress energetically
expensive route segments, activate backup coalitions, or intensify repair in
communication-degraded zones.

3.5. Evolutionary cycle
Algorithm 1 presents the complete EpiSwarm procedure and differs from ordinary

adaptive parameter control [26] in two key respects: the regulatory layer belongs to the
individuals themselves and travels with them through selection and reproduction, and
it is inherited with decay so that disruption-response patterns persist briefly in offspring
without permanently biasing the population.

3.6. Objective function
The scalarized mission objective is

F = w1Ccov − w2Etot − w3Tdelay − w4Rrisk − w5Bimb, (5)

where Ccov ∈ [0, 1] is priority-weighted task completion, Etot is energy expenditure
normalized by fleet capacity, Tdelay is cumulative deadline violation, Rrisk aggregates
communication penalties, zone-shock exposure, battery stress, and unserved-task
penalties, and Bimb is the Gini coefficient of workload distribution. Weights are held
constant within a comparison.

3.7. Baseline methods and ablation conditions
The comparative study evaluates EpiSwarm against four baselines:

1. Greedy replanner: reassigns up toB tasks greedily by expected utility gain at each

8



Computing and Artificial Intelligence 2026, 4(1), 4448.

epoch, with no memory;
2. Static GA: standard GA with budget-limited replanning and fixed operator

parameters;
3. Adaptive GA: extends the static GA with self-adaptive mutation and crossover

rates [26];
4. Memory-archive GA: maintains a rolling archive of the top-k best assignment

solutions from recent epochs and reinjects archive members into each new
population [1]. This is the canonical memory-based dynamic EA comparator from
the literature and constitutes the strongest non-epigenetic competitor.

Two ablation conditions isolate the mechanistic contributions of EpiSwarm:

• Ablation-ρ: EpiSwarm with ρ = 0 (epigenotype is reset each generation; no
inheritance). This isolates whether transgenerational transmission specifically
matters.

• Ablation-α: EpiSwarm with α = 0 (no stress-driven update; epigenotype persists
through inheritance but is never updated by environmental signals). This isolates
whether stress-response encoding specifically matters.

Both ablations use the same parameter settings as the best utility-optimal
EpiSwarm configuration, changing only the ablated parameter. This design enables
direct causal attribution.

4. Experimental design

4.1. Scenario families
Four scenario families stress different aspects of the algorithm.
Task drift: New tasks arrive according to a Poisson process with rate ν calibrated

per volatility regime, while existing task priorities shift due to detected anomalies.
Energy stress: UAV battery discharge rates are drawn from a log-normal

distribution, forcing the swarm to rebalance assignments toward lower-energy route
structures.

Communication disturbance: Packet-loss probability increases in selected regions
following a Markov on/off model, degrading coalition maintenance and coordinated
reassignment.

Unit loss and temporary restrictions: UAVs fail according to a calibrated failure
model and temporary no-fly regions alter feasible assignment structures.

4.2. Volatility regimes and simulation setup
Three volatility regimes are defined by increasing disruption rates. Task arrival

rates are set to 0.10, 0.18, and 0.28 events per epoch; UAV failure probabilities to 0.02,
0.04, and 0.07; and communication-loss event rates to 0.05, 0.10, and 0.16, for the low,
medium, and high regimes, respectively.

The simulation was implemented in Python with a fleet ofm = 8 heterogeneous
UAVs and n = 45 initial tasks over a 100 × 100 unit map, where one map unit
corresponds to 100 m (i.e., a 10 × 10 km operational area representative of a large
industrial site or solar/wind farm cluster), planning horizon T = 35 decision epochs.
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UAV batteries are drawn from U(65, 105) (percent state-of-charge), speeds from
U(9, 16) ms−1 (approximately 32–58 kmh−1, typical of fixed-wing and multirotor
inspection UAVs), and sensor types uniformly from {0, 1, 2}. Each experimental
condition was evaluated over n = 10 independently seeded scenario replications and 3
run seeds per scenario, yielding n = 10 independent scenario-level mean observations
per configuration. Replanning budgets were drawn from B ∈ {4, 6, 8, 10}. For the
ablation study, all three conditions—full EpiSwarm, no-inheritance (ρ = 0), and
no-stress-update (α = 0)—were evaluated using the identical best utility-optimal
configuration (B = 4, GT= 2.0, µ0 = 0.02, ρ = 0.8, λ = 0.12, react. = 0.08,
α = 0.42) on the same n = 20 scenario seeds (3 run seeds each), changing only
the ablated parameter. This matched design enables paired statistical testing on 20
scenario-level means per condition.

The EpiSwarm parameter grid covered combinations of θgain ∈
{0.5, 1.0, 1.5, 2.0}, µ0 ∈ {0.01, 0.02, 0.03}, ρ ∈ {0.6, 0.7, 0.8}, λ ∈
{0.10, 0.12, 0.15, 0.16}, and reactivation probability ∈ {0.08, 0.12, 0.16}, yielding 36
randomly sampled configurations per volatility regime. Population size was set to 40
with 50% greedy seeding and 8 generations per decision epoch. The memory-archive
GA used an archive of size 5 with tournament selection and a mutation rate of 0.05.
All ablation conditions used the same parameter settings as the best utility-optimal
EpiSwarm configuration. Simulation code and data are available from the author; a
public archival version will be released upon acceptance.

4.3. Evaluation metrics
Eight metrics span optimization quality and operational stability:

1. Coverage ratio Ccov: fraction of priority-weighted tasks completed on time;
2. Mission completion time: total elapsed time to serve all feasible tasks;
3. Total energy consumption Etot: aggregate energy across the fleet;
4. Late/unfinished tasks: count of tasks not completed by the deadline;
5. Workload balance: Gini coefficient of task assignments across UAVs;
6. Replanning churn: task reassignment changes between consecutive decision

epochs;
7. Aggregate operational riskRrisk: composite penalty from communication failures,

zone exposure, battery stress, and unserved tasks;
8. Mission utility F : scalarized objective per Equation (5).

4.4. Statistical analysis
Baseline comparisons use one-sided Mann–Whitney U tests (EpiSwarm >

comparator) on the n = 10 per-scenario-seed means. With n = 10, the test has
adequate power to detect medium-to-large effect sizes atα = 0.05. p-values below 0.05
are considered statistically significant and are highlighted in bold in the results tables.
Effect sizes are reported as percentage utility improvement relative to the comparator
mean. Ablation comparisons use one-sided paired Wilcoxon signed-rank tests (full >
ablation) on the n = 20 matched scenario-seed means, with rank-biserial correlation
(rrb) as the nonparametric effect-size measure.
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4.5. Research hypotheses
H1. EpiSwarm achieves statistically significant utility improvement over the best
standard baseline (p < 0.05) in at least two of three volatility regimes.

H2. Decaying transgenerational regulatory memory improves mission utility without
destabilizing mission structure, as evidenced by substantially lower replanning churn
in utility-optimal configurations.

H3. Full EpiSwarm performs at least as well as each ablation variant (ρ = 0

and α = 0), and we test whether epigenetic inheritance and stress-driven update
each contribute measurably to the performance advantage. This is posed as an open
hypothesis: the ablation study is designed to determine whether and under which
conditions each mechanism contributes, rather than to presuppose that both contribute
uniformly across regimes.

H4. EpiSwarm achieves higher utility than the memory-archive GA baseline,
providing evidence that individual-level heritable regulation offers a complementary
and competitive alternative to population-level external memory in this class of
dynamic replanning problem.

5. Results

The empirical analysis was conducted across low-, medium-, and high-volatility
monitoring regimes, comparing EpiSwarm against four baselines and two ablation
conditions. Baseline and EpiSwarm statistics aremeans± SD overn = 10 independent
scenario replications with one-sided Mann–Whitney U tests; ablation comparisons use
n = 20 matched scenario seeds with paired Wilcoxon signed-rank tests (see Section
5.4). Bold p-values indicate p < 0.05.

5.1. Baseline performance by volatility regime
Table 2 reports the strongest configurations for each baseline method. No single

baseline dominated all environments. In all three regimes, the greedy replanner achieved
the best utility among standard baselines, suggesting that the GA variants are not
sufficiently tuned to overcome the simplicity advantage of greedy dispatch in this
scenario class. Notably, the memory-archive GA performed comparably to or slightly
below the greedy replanner in all three regimes, indicating that population-level external
memory alone does not resolve the stability–coverage tension that motivates EpiSwarm.

Table 2. Best configurations per method by mean total mission utility.

Vol. Method B Coverage Risk Churn Utility

Low Greedy 6 0.0644± 0.0071 1, 777.88± 192.02 12.50± 4.08 −4, 662.20± 514.12

Medium Greedy 8 0.0638± 0.0073 2, 158.89± 233.01 14.70± 5.47 −5, 630.48± 618.93

High Greedy 6 0.0628± 0.0100 2, 611.57± 449.27 12.60± 2.79 −6, 752.08±1, 130.73

Low Mem.-archive GA 10 0.0655± 0.0087 1, 804.62± 205.41 13.60± 2.95 −4, 700.11± 572.12

Medium Mem.-archive GA 6 0.0650± 0.0096 2, 211.35± 261.78 15.07± 3.20 −5, 769.57± 829.00

High Mem.-archive GA 6 0.0629± 0.0111 2, 640.88± 470.13 15.13± 6.00 −6, 780.20±1, 235.41

Note: ± SD; n = 10 scenario replications. Memory-archive GA is the memory-based dynamic EA comparator.
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5.2. EpiSwarm performance: Utility
Table 3 reports the best EpiSwarm configurations by utility. The utility-optimal

setting was identical in all three regimes—low reactivation pressure (react. = 0.08),
moderate budget (B = 4), moderate gain threshold (GT = 2.0), restrained mutation
(µ0 = 0.02), and inheritance persistence ρ = 0.8—so the same parameter vector
transfers across the tested disruption range without regime-specific tuning.

Table 3. Best EpiSwarm configurations by mean total utility.

Vol. B GT Mut. ρ Dec. Utility p1 p2

Low 4 2.0 0.02 0.8 0.12 −4, 140.36± 572.73 0.016 0.013
Medium 4 2.0 0.02 0.8 0.12 −4, 832.37± 761.69 0.013 0.013
High 4 2.0 0.02 0.8 0.12 −5, 978.44± 1, 046.55 0.052 0.052

Note: ± SD; n = 10. p1: vs. best standard baseline; p2: vs. memory-archive GA. Bold: p < 0.05.

EpiSwarm achieved statistically significant utility improvements over both the
best standard baseline and the memory-archive GA in low- and medium-volatility
regimes (p = 0.016 and p = 0.013 respectively), with borderline significance in the
high-volatility regime (p = 0.052). Utility improvements ranged from +11.2% to
+14.2% relative to the best standard baseline and from +11.9% to +16.2% relative
to the memory-archive GA. Figure 1 gives a four-panel overview of total mission
utility, coverage, replanning churn, and operational risk across the three regimes for
the best baseline and the two EpiSwarm operating points, and Figure 2 summarizes the
method-level utility differences across regimes.

Figure 1. Comparison between the best baseline by utility (blue), the best EpiSwarm
configuration by utility (orange), and the best EpiSwarm configuration by coverage
(green) across low-, medium-, and high-volatility regimes. EpiSwarm achieves statistically
significantly better utility with markedly lower churn, while exposing a controllable trade-off
between coverage and replanning stability.
Note: The four panels show total mission utility (top left), average coverage ratio (top right), total replanning churn (bottom left), and
total operational risk (bottom right).
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Figure 2. Best total mission utility (± SD) by method across volatility regimes.
EpiSwarm (orange stars) consistently outperforms all baselines, with the gap widest in the
medium-volatility regime.

These configurations reduced replanning churn substantially: mean churn fell
to 5.2–6.0 changes per epoch from 12.5–15.1 for the baselines, about a 60%
reduction. This directly supports H2: the epigenetic mechanism simultaneously
improves aggregate utility and stabilizes the replanning structure. The two effects
are linked rather than independent: churn is itself penalized in the objective and also
incurs an indirect coordination cost, so suppressing low-value reassignments is one
channel through which utility improves. The per-method churn reduction across the
three volatility regimes is shown in Figure 3.

Figure 3. Mean replanning churn by method across volatility regimes. EpiSwarm’s
gain-threshold gating mechanism reduces churn by approximately 60% relative to all baselines,
from 12–15 changes per epoch to 5–6.

5.3. EpiSwarm performance: Coverage
Table 4 reports the best EpiSwarm configurations by coverage. Coverage-optimal

settings differed from utility-optimal ones: they preferred larger budgets, slightly
higher mutation rates, and higher reactivation pressure, producing marginally higher
coverage (0.0667–0.0632) while maintaining substantially lower churn (6.0–6.5
changes per epoch) compared to the baselines. The coverage p-values are not
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significant at α = 0.05, which is expected—EpiSwarm’s primary advantage is in
aggregate utility (the combination of coverage, energy, risk, and churn) rather than
raw coverage alone.

Table 4. Best EpiSwarm configurations by mean coverage.

Vol. B GT Mut. ρ Dec. React. Coverage p

Low 6 1.0 0.01 0.8 0.12 0.12 0.0667± 0.0109 0.312
Medium 6 1.0 0.01 0.8 0.12 0.12 0.0652± 0.0107 0.485
High 10 1.0 0.02 0.8 0.10 0.16 0.0632± 0.0107 0.545

Note: ± SD; n = 10. React. = reactivation probability. p: vs. best standard baseline.

The comparison between Tables 3 and 4 reveals that EpiSwarm behaves
as a memory-regulated replanning framework that allows a system designer
to navigate a coverage–stability trade-off surface by tuning the epigenetic
parameters. Utility-optimal settings emphasize conservative, low-churn adaptation;
coverage-optimal settings are more exploratory. The appropriate operating point
depends on operational mission priorities.

5.4. Ablation study
Table 5 presents the matched ablation results directly addressing H3. All three

conditions—full EpiSwarm, no-inheritance (ρ = 0), and no-stress-update (α =

0)—were evaluated using the identical best utility-optimal configuration (B = 4, GT
= 2.0, µ0 = 0.02, ρ = 0.8, λ = 0.12, react. = 0.08, α = 0.42) on the same n = 20

scenario seeds, changing only the ablated parameter. Because all conditions share the
same scenarios, one-sided paired Wilcoxon signed-rank tests (full > ablation) serve as
the primary analysis, with rank-biserial correlation (rrb) as a nonparametric effect-size
measure.

Table 5. Matched ablation study (n=20 paired scenario seeds per condition).

Vol. Full Mean
ρ = 0 (no inheritance) α = 0 (no stress update)

Mean p rrb Mean p rrb

Low −4, 196 −4, 233 0.025 +0.67 −4, 233 0.215 +0.21

Medium −5, 004 −4, 992 0.571 −0.06 −5, 043 0.249 +0.18

High −6, 162 −6, 123 0.735 −0.21 −6, 168 0.551 −0.03

Note: All conditions use the same configuration, changing only the ablated parameter. p: one-sided paired Wilcoxon signed-rank (full
> ablation). rrb: rank-biserial correlation. Bold: p < 0.05.

The results reveal a regime-dependent pattern. In the low-volatility regime,
removing inheritance (ρ = 0) significantly reduces utility (p = 0.025, rrb = +0.67),
indicating that transgenerational epigenetic transmission contributes meaningfully
when environmental disruptions are infrequent enough for inherited memory to remain
informative. This effect does not generalize: in medium and high volatility, the full
model shows no advantage over the ρ = 0 ablation (p = 0.571, p = 0.735), with
the direction slightly favoring the ablation in the high-volatility regime. Removing
stress-driven update (α = 0) produces directionally positive but non-significant effects
across all three regimes (p = 0.215, p = 0.249, p = 0.551), with the full model
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winning on 14/20, 11/20, and 9/20 scenario seeds, respectively. Figure 4 shows the
mean paired utility differences across conditions and volatility regimes.

Figure 4. Matched ablation: mean paired utility difference (Full − Ablation) across volatility
regimes (n = 20 paired scenario seeds).
Note: Positive bars indicate the full model outperforms the ablation. Removing inheritance (ρ = 0, left) significantly reduces utility in
the low-volatility regime (p = 0.025, rrb = +0.67) but reverses direction under higher volatility. Removing stress-driven update
(α = 0, right) shows a directionally positive but non-significant trend across regimes.

5.5. Hypothesis assessment
EpiSwarm achieves statistically significant utility improvement over the best

standard baseline in two of three volatility regimes (p = 0.016 low, p = 0.013medium),
with borderline significance in the third (p = 0.052 high). Thus H1 is confirmed.

Utility-optimal EpiSwarm configurations reduce mean churn from 12–15 to 5–6
changes per epoch across all regimes while simultaneously improving utility by
11–14%. The improvement in utility and the reduction in churn are jointly achieved,
demonstrating that decaying regulatory memory stabilizes mission structure without
sacrificing performance. Therefore H2 is supported.

H3 is partially supported. The matched n = 20 ablation shows a
regime-dependent inheritance effect: removing inheritance (ρ = 0) significantly
reduces utility only at low volatility (p = 0.025, rrb = +0.67), with no effect at
medium (p = 0.571) or high (p = 0.735) volatility, matching the memory-horizon
prediction of Section 5.6. Removing stress-driven update (α = 0) is directionally
positive but never significant (p = 0.215, 0.249, 0.551). We therefore do not claim
an independently validated contribution for the stress-update term: at this sample size,
its individual effect is not statistically separable from noise, and it is retained as an
architectural component pending higher-powered tests (Section 6.1). The mechanistic
interpretation is developed in Section 6.

H4 is supported because EpiSwarm achieves statistically significant utility
improvement over the memory-archive GA in two of three volatility regimes (p =

0.013 low, p = 0.013 medium, p = 0.052 high), with improvements of
+11.9%, +16.2%, and +11.8% respectively. Individual-level heritable epigenetic
regulation demonstrates a consistent advantage over population-level external memory
in the tested problem class, though broader generalization requires evaluation across
additional problem domains.
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5.6. Failure cases and boundary conditions
Three boundary conditions emerged from the parameter sweep. First, when

reactivation pressure exceeded 0.16, inherited regulation lost effectiveness because
the environment changed too quickly for memory to remain informative before decay.
Second, overly conservative gain-threshold settings reduced churn but suppressed
useful reconfiguration. Third, highly exploratory settings improved raw coverage at the
cost of greater churn and higher operational risk. These conditions are not incidental:
they show that inherited regulation is beneficial only when the epigenetic time scale (set
by λ and ρ) is matched to the environmental disruption rate. We make this dependence
quantitative below, which lets us predict the crossover rather than merely observe it.

We can formalize this alignment into a predictive guideline for practitioners.
The epigenotype update in Equation (3) combines geometric decay (rate λ) with
transgenerational persistence (factor ρ). In the absence of new stress, a mark decays
by a factor ρ(1 − λ) per generation, so its effective memory horizon—the number of
generations over which an inherited mark retains a fraction 1/e of its magnitude—is
approximately

τepi ≈ −1

ln
(
ρ (1− λ)

) (generations). (6)

For the utility-optimal configuration (ρ = 0.8, λ = 0.12), ρ(1 − λ) = 0.704

and τepi ≈ 2.8 generations. Let τenv denote the environmental coherence time—the
expected number of decision epochs between disruptions that materially alter the
assignment landscape—which can be estimated from the disruption rates in Section 4.2
(e.g., the dominant task-arrival rate gives τenv ≈ 1/ν ≈ 10, 5.6, and 3.6 epochs for the
low-, medium-, and high-volatility regimes, with 8 generations per epoch). Inherited
memory is informative when its horizon is shorter than, but not negligible relative to,
the environmental coherence time. We therefore propose the design heuristic

τepi ≲ τenv / g, (7)

where g is the number of generations per epoch: when τepi exceeds the per-epoch
coherence budget τenv/g, inherited marks describe a landscape that has already changed
and become misleading—exactly the regime in which the ablation in Section 5.4 shows
inheritance ceasing to help (medium and high volatility). This gives practitioners an
explicit recipe: estimate the disruption rate, compute τenv, and choose ρ and λ so that
τepi from Equation (6) satisfies Equation (7). The self-adaptive ρ and λ schedules
proposed in Section 7 are a natural way to maintain this alignment automatically as
volatility drifts.

This condition is what distinguishes the present result from the qualitative intuition
that “memory helps when the environment is stable.” Equation (6) yields a concrete
prediction: with the utility-optimal ρ and λ, τepi ≈ 2.8 generations, whereas the
per-epoch coherence budget τenv/g is ≈ 1.25, 0.70, and 0.45 generations for the low-,
medium-, and high-volatility regimes. The Equation (7) is therefore satisfied only
marginally at low volatility and is violated at medium and high volatility—so the model
predicts, before any ablation is run, that inheritance should help at low volatility and
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cease to help thereafter. This is exactly the crossover the matched ablation recovers
(Table 5: p = 0.025 at low volatility, non-significant and direction-reversing above it).
The ablation thus functions as a test of a quantitative prediction rather than as a post-hoc
observation. The prediction is itself the computational counterpart of an established
result in evolutionary biology: the adaptive value of transgenerational information is
governed by the temporal autocorrelation of the environment, and inherited cues stop
being useful once the environment decorrelates faster than the cues persist [27, 28].
The contribution here is not the sign of the effect but the closed-form law tying it to
the algorithm’s own parameters (ρ, λ) and its empirical confirmation on a coordination
benchmark.

5.7. Robustness to objective weight specification
A potential concern with scalarized utility objectives is sensitivity to the chosen

weight vector. Table 6 reports EpiSwarm’s utility improvement over the best baseline
under four alternative weight specifications: the original weights used throughout
the study, a coverage-heavy variant, a risk-heavy variant, and a churn-heavy variant.
Across all 12 combinations (4 weight sets × 3 volatility regimes), EpiSwarm
consistently outperforms the best baseline, with improvement percentages ranging from
+10.7% to +14.2% and p-values between 0.009 and 0.052. This consistency confirms
that the observed advantages are not an artefact of a particular weight choice and that
the churn reduction, in particular, produces robust utility gains regardless of how much
each cost component is penalized.

Table 6. Weight sensitivity analysis. EpiSwarm utility improvement (%) over the best baseline
and Mann–Whitney p-value under four alternative weight vectors (w1 = coverage, w2 = energy,
w3 = risk, w4 = churn).

Weight set
Low Medium High

Impr. p Impr. p Impr. p

Original (w1=100, w2=0.4, w3=2.5, w4=3.0) +10.8% 0.013 +13.7% 0.013 +11.2% 0.044
Coverage-heavy (w1=150, w2=0.2, w3=1.5, w4=2.0) +11.0% 0.013 +13.9% 0.013 +11.3% 0.052

Risk-heavy (w1=80, w2=0.6, w3=4.0, w4=3.0) +10.7% 0.013 +13.6% 0.013 +11.2% 0.052
Churn-heavy (w1=80, w2=0.3, w3=2.0, w4=6.0) +11.4% 0.011 +14.2% 0.009 +11.6% 0.044

Note: All improvements are positive and directionally consistent. Bold: p < 0.05.

6. Discussion

Three findings carry the paper’s claims. EpiSwarm improves mission utility
over both the standard baselines and a memory-based dynamic EA comparator,
so individual-level heritable regulatory memory is a competitive alternative to a
population-level solution archive. The matched ablation then shows that this advantage
is not uniform: transgenerational inheritance contributes significantly only at low
volatility, exactly where the memory-horizon condition of Section 5.6 predicts it
should, while the stress-driven update yields a directional but non-significant trend
that we do not claim as an independent effect. Finally, the utility gains and the churn
reduction occur together across every regime tested, so EpiSwarm’s stabilizing and
performance-improving properties are complementary rather than traded off.
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The finding that EpiSwarm outperforms the memory-archive GA is informative.
The memory-archive GA represents the strongest non-epigenetic competitor from the
classical dynamic EA literature [1]: it maintains an explicit record of high-quality past
solutions and reinjects them into each new population. EpiSwarm does not do this.
Instead, its memory is distributed across individuals as decaying epigenetic marks that
encode stress history rather than solution quality. The consistent utility advantage
of EpiSwarm over the memory-archive GA suggests that, for this class of dynamic
replanning problem, encoding regulatory context—learned biases about which parts of
the assignment space are currently under stress and which are stable—may be more
useful than preserving good past solutions. This hypothesis is consistent with the
results but warrants testing across a broader range of problem classes before stronger
conclusions can be drawn.

The matched ablation gives the cleanest mechanistic decomposition. The
only statistically separable component is transgenerational inheritance, and
only at low volatility (p = 0.025, rrb = +0.67); above that, inheritance
and its absence are indistinguishable, as the memory-horizon condition predicts.
EpiSwarm’s advantage over the baselines therefore comes mainly from the integrated
architecture—gain-threshold-gated replanning combined with epigenetic operator
modulation—with inheritance adding a measurable benefit specifically when the
environment is predictable enough for inherited marks to remain valid. This is
the behaviour expected from the underlying biology, where transgenerational
cues are adaptive precisely when the parental environment forecasts the offspring
environment [22,27].

The consistent reduction in replanning churn—from 12–15 changes per epoch
to 5–6—is not merely a side effect of EpiSwarm’s conservatism. It is a direct
consequence of the gain-threshold gating mechanism (Algorithm 1, line 7), which uses
the epigenotype to modulate whether a change is worth making given the current stress
context. When epigenetic marks indicate high disruption, the gain threshold becomes
more selective; when marks decay, the threshold relaxes. This dynamic self-regulation
of replanning intensity has no analog in the static GA or memory-archive comparators.

The identical optimal parameter configuration across all three volatility regimes
(B = 4, GT = 2.0, µ0 = 0.02, ρ = 0.8, λ = 0.12, react. = 0.08) is of practical value:
a practitioner does not need to retune the epigenetic parameters per volatility regime,
since a single configuration transfers across the tested range of disruption frequencies.
This is consistent with the buffering role the biological analogy assigns to epigenetic
regulation, though we treat it as an empirical observation over the tested range rather
than a guarantee beyond it.

6.1. Limitations
The present study is based on simulation rather than hardware deployment.

The benchmark abstracts away flight kinematics, sensing uncertainty, multi-hop
communication, weather forecasting, and fully distributed negotiation. The scalarized
mission utility was tested under four alternative weight specifications (Table 6) and
shown to produce consistent rankings; a fully multi-objective formulation [19, 20]

18



Computing and Artificial Intelligence 2026, 4(1), 4448.

would nonetheless enable richer Pareto-front analysis. The epigenetic state vector
of dimension K = 4 is compact; richer zone-level memory structures may enable
finer-grained regulation. The matched ablation detected a significant inheritance
contribution only in the low-volatility regime; whether stress-driven update would
reach significancewith larger samples or longer horizons remains open. Post-disruption
recovery speed was not directly measured, as the present design does not include
controlled disruption-injection protocols.

6.2. Pathway to hardware validation
Because the contribution is simulation-based, it is important to state which

observed benefits are expected to transfer to physical UAV platforms and which may be
artefacts of the simulation environment. We propose a three-stage validation pathway
and an explicit transfer assessment.

Stage 1 (software-in-the-loop): Replace the abstract motion model with a
flight-dynamics simulator (e.g., a PX4/Gazebo or AirSim stack) while keeping the
EpiSwarm planner unchanged. This tests whether the planner’s decisions remain
sensible under realistic kinematics, turn-rate limits, and battery-discharge curves.

Stage 2 (hardware-in-the-loop): Run the planner on the target onboard compute
with emulated radios, injecting the same Markov packet-loss and unit-failure processes
used here, to measure real planning latency against the per-epoch budget.

Stage 3 (field trial): Deploy a small heterogeneous fleet (8–12 UAVs) over
an instrumented industrial site with scripted disruption events—scheduled no-fly
activations, induced link degradation, and commanded unit dropouts—which finally
enables the controlled disruption-injection protocol needed to measure post-disruption
recovery speed directly.

We expect three benefits to transfer robustly. (i) The churn reduction is the
most likely to survive the reality gap, because it stems from the gain-threshold gating
mechanism (Algorithm 1, line 7), which suppresses low-value reassignments; on
hardware, where each reassignment additionally incurs real re-routing, re-tasking,
and coordination overhead, the value of avoiding needless churn should, if anything,
increase. (ii) The regime-dependent inheritance benefit should transfer qualitatively,
since the memory-horizon argument of Equations (6) and (7) depends only on the ratio
of epigenetic to environmental time scales, which is platform-independent. (iii) The
configuration robustness (a single parameter set across regimes) reduces field-tuning
burden and is therefore operationally valuable regardless of absolute performance.

By contrast, three results are most at risk of being partly simulation-dependent.
(a) The absolute utility margins (+11–16%) may compress or shift once flight energy
and communication costs are modelled with real hardware coefficients rather than
the present normalized penalties. (b) The advantage over the memory-archive GA
could narrow if real communication constraints make distributed maintenance of
individual-level epigenetic state more expensive than maintaining a single shared
archive—this is an empirical question that only hardware can settle. (c) The
stress-update mechanism, already non-significant in simulation, may behave differently
when the underlying stress signals (e.g., true link quality, real battery degradation) are
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noisy and lagged rather than directly observable. Identifying which of these holds is
precisely the purpose of the staged protocol above.

7. Conclusion

This paper has presented EpiSwarm, an epigenetically regulated evolutionary
framework for dynamic industrial UAV-swarm inspection. The approach combines
a persistent genotype with a decaying, partially heritable epigenotype that stores
short-term regulatory memory shaped by environmental stress. Against four baselines,
including a memory-archive GA comparator and with n = 10 scenario replications,
EpiSwarm achieves statistically significant utility improvements of +11.2%–+14.2%
in two of three volatility regimes (p = 0.016, p = 0.013), reduces mean
replanning churn by approximately 60%, and outperforms the memory-archive GA
with comparable significance levels. A matched-pairs ablation study (n = 20 per
condition, Wilcoxon signed-rank) reveals that transgenerational inheritance contributes
significantly in the low-volatility regime (p = 0.025), while stress-driven update shows
directionally positive but non-significant effects. The mechanistic contributions are
thus regime-dependent rather than universal.

The broader significance is conceptual and methodological. The results
suggest that transgenerational epigenetic regulation—as formalized in the
Extended Evolutionary Synthesis [10, 11]—can serve as a computationally
meaningful mechanism for dynamic real-world optimization, with benefits that
are regime-dependent rather than universal. The consistent utility advantage over the
memory-archive GA suggests that regulatory context, rather than solution quality, may
be the more useful form of memory to preserve across planning epochs in dynamic
swarm coordination. This hypothesis should be tested across a wider range of problem
classes and baseline methods before general conclusions are drawn.

Future research should proceed in five directions: (i) multi-objective formulations
to make the coverage–stability trade-off explicit; (ii) self-adaptive ρ and λ so the
algorithm adjusts memory persistence automatically as volatility changes; (iii) richer
zone-level epigenetic representations that encode spatially differentiated stress history;
(iv) validation on physical hardware platforms with controlled disruption protocols to
directly test post-disruption recovery speed; and (v) larger-scale ablation studies to
clarify the regime-dependent contributions of inheritance and stress-update, potentially
with adaptive ρ schedules that modulate inheritance strength based on detected
volatility.
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