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Abstract—Decentralized swarm autonomy requires agents to
coordinate under unreliable communication, partial observabil-
ity, and irreversible energy depletion. This paper presents a
modular, event-driven simulation framework for decentralized
drone swarms that enforces strict fog-of-war constraints: agents
operate exclusively on stale neighbor beliefs maintained in
local maps, with no access to global topology. The simulation
kernel implements a deterministic discrete event model with
independent random number streams, ensuring reproducible
execution. Inter-agent communication is modeled as a stochastic
Random Geometric Graph with Bernoulli packet drops. Three
distributed coordination algorithms—gossip-based consensus, lo-
calized Voronoi coverage, and auction-based task allocation—
execute solely on local information. A passive regime detection
layer classifies the environment into operational states, driving a
hybrid supervisor that proposes parameter adjustments. These
updates pass through a control pipeline utilizing a local bisection
search and exponential moving average smoothing. Stress testing
with 100 agents over 15 million discrete events demonstrates
sustained network connectivity, demonstrating quadratic per-
transmission energy scaling that empirically yields a stable,
linear aggregate decay trajectory under 50% node attrition,
and smooth adaptive parameter evolution with mean per-update
shifts empirically bounded below 0.04. The framework accurately
evaluates necessary local heuristic relaxations of classical control
theorems under severe communication constraints.'

I. INTRODUCTION

The expansion of multi-agent robotics has significantly
influenced the operational capabilities of autonomous systems
in contested environments. By eliminating single points of
failure, decentralized drone swarms offer a resilient approach
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to complex spatial operations [8], [23]. In modern cyber-
physical system (CPS) deployments, individual drones act as
independent nodes tasked with maintaining spatial coverage,
reaching consensus, and executing distributed task auctions
[1], [9]. However, the decentralized nature of these flows
introduces challenges regarding structural connectivity, energy
management, and behavioral stability when operating under
severe epistemic uncertainty [2].

Current multi-agent simulation frameworks often rely on
assumptions that do not fully reflect the constraints of physical
deployment [3], [22]. A notable gap in the existing literature
is the widespread reliance on continuous-time feedback loops
and zero-latency communication graphs. Furthermore, many
simulated environments inadvertently allow agents to access
global state arrays, violating strict “Fog-of-War” constraints.
When algorithms developed under these assumptions are de-
ployed onto physical hardware, they are susceptible to severe
failure modes triggered by unpredictable packet dropping and
topological fragmentation. Moreover, traditional frameworks
frequently abstract away thermodynamic energy constraints,
which can lead to inverse energy cascades as node depletion
forces surviving neighbors to expend exponentially more en-
ergy [22].

Addressing these vulnerabilities requires transitioning from
perfect-information models to discrete-event architectures that
enforce partial observability. As swarms rely on adaptive
heuristic parameters to navigate changing regimes, there is
a critical need to ensure that such mutations do not violate
the closed-loop stability of the network. Without mathemati-
cal bounds, unconstrained adaptation often induces kinematic
oscillations and network fracturing.

To bridge this gap, this paper introduces a Decentralized
Swarm Autonomy Framework designed as an engineering



testbed for contested cyber-physical environments. Rather
than claiming fundamental mathematical novelty, this ap-
proach emphasizes engineering realism: it tightly couples
thermodynamic energy constraints with epistemic Fog-of-
War limitations (RGG with stochastic packet drops), and
bounds the swarm’s behavioral adaptation using a local-
ized stability-constrained bisection search. By departing from
legacy continuous-time models and employing a deterministic
Discrete-Event Simulation (DES) environment, the framework
provides a highly realistic platform to evaluate how local-
ized heuristic relaxations of centralized control theorems can
maintain connectivity and avert catastrophic cascading failures
without centralized oversight.
The primary contributions are:

1) Enforced Fog-of-War: A simulation framework where
agents rely exclusively on stale, asynchronous neighbor
data to execute coverage, consensus, and sequential
single-item (SSI) auctions.

2) Passive Regime Detection: A distributed telemetry
buffer that allows agents to autonomously classify their
environmental state using locally computable proxy met-
rics.

3) Stability-Constrained Adaptation: A control pipeline
applying iterative bisection searches against local stabil-
ity boundaries to constrain heuristic adaptation, mitigat-
ing kinematic divergence.

4) Deterministic Reproducibility: A discrete-event archi-
tecture driven by independent random number streams,
enabling exact replay of stochastic failures.

To highlight the novelty of this approach, Table I compares
the proposed framework against archetypal methodologies in
multi-agent coordination.

TABLE I
COMPARISON OF MULTI-AGENT COORDINATION PARADIGMS

Methodology Fog-of- Epistemic Energy Safe
War Bound- Con- Adapta-
Model- ary straints tion
ing
Continuous Flocking [5] No No No No
Centralized Coverage [14] No No Yes No
Unconstrained RL Yes Yes Yes No
Proposed Framework Yes Yes Yes Yes

II. BACKGROUND AND RELATED WORK

In cyber-physical systems (CPS), achieving decentralized
autonomy improves the survivability and scalability of multi-
agent swarms. The engineering of such systems requires a
synthesis of distributed control theory, stochastic network
physics, and spectral graph analysis [1], [6]. To contextualize
our contributions, Table II compares our approach against
foundational methodologies across critical engineering con-
straints.

TABLE II
COMPARISON OF MULTI-AGENT FRAMEWORKS

Work Consensufnergy Packet Fog- DES Auctions
Loss of-
War
Olfati-Saber [1] v X X X X X
Cortés [2] X X X X X X
Yang [6] v X X X X X
SwarmFly [9] v v v Partial X X
This Work v v v v v v

A. Distributed Consensus & Multi-Agent Coordination

Consensus algorithms are fundamental to multi-agent co-
ordination [1], [5], [19]. Foundational work by Olfati-Saber
and Murray [1] establishes convergence for networks with
time-delays, while subsequent research has extended these
principles to asynchronous gossip protocols and quantized
communication [19]. Existing work typically assumes math-
ematically rigorous convergence under specific communica-
tion assumptions. In contrast, our work explicitly focuses on
engineering robustness under severe packet loss and strictly
localized information [12], [15], [17], accepting heuristic
relaxations to preserve operational stability in contested kill
webs [24].

B. Task Allocation and Voronoi Coverage

Distributing spatial coverage relies heavily on localized
geometric partitioning, extending Lloyd-descent algorithms
to adaptive and minimum-energy coverage paradigms [10],
[18]. To assign discrete tasks within these continuous terri-
tories, swarms leverage bidding mechanisms such as Sequen-
tial Single-Item (SSI) auctions and submodular optimization
[4], [21]. In communication-constrained environments, these
allocations must execute entirely over asynchronous gossip
protocols based on spatial risk and remaining energy margins
[11].

C. Connectivity Maintenance

Maintaining algebraic connectivity (\2) is critical for swarm
cohesion [6], [13]. Existing approaches estimate or preserve
algebraic connectivity using distributed eigenvalue estimation,
decentralized power iteration, or continuous gradient descent
[6], [13]. Our framework intentionally avoids these bandwidth-
intensive methods. Instead, it employs an empirical local
mixing proxy suitable for severe communication constraints.
Rather than claiming our method is strictly better, our design
makes a different engineering trade-off: trading exact global
estimation for low-latency, localized heuristic approximation.

D. UAV Swarm Energy Models

Energy depletion dictates the lifespan of a deployed swarm
[7], [22]. Prior work by Wu et al. [7] and others focuses
heavily on optimizing UAV trajectories and continuous com-
munication energy. Our simulator diverges by studying how
communication degradation and discrete energy depletion



jointly reshape swarm connectivity over time. We model
thermodynamic decay as a primary driver of topological
alterations, triggering inverse energy cascades as surviving
nodes compensate for attrition [16].

E. Swarm Simulation Platforms

Robotic simulation relies heavily on continuous-time plat-
forms such as ROS2, Gazebo, ARGoS, and specialized frame-
works like CrazySwarm or SwarmFly [9]. Existing simula-
tors provide high-fidelity continuous physics and kinematic
realism, but are computationally expensive for rapid, large-
scale algorithmic experimentation. Our lightweight Discrete-
Event Simulation (DES) framework emphasizes deterministic
reproducibility and communication-layer experimentation over
aerodynamic fidelity.

F. Research Gap

Existing work typically investigates consensus, connectivity
maintenance, energy-aware communication, and swarm simu-
lation independently. This work integrates these aspects within
a deterministic discrete-event framework operating under strict
local epistemic constraints, enabling reproducible evaluation of
decentralized swarm behaviors under severe communication
degradation.

III. DECENTRALIZED SYSTEM METHODOLOGY AND
SIMULATION

To translate this framework into a highly reproducible
execution environment, the system is engineered using a mod-
ular design. The architecture explicitly separates the physical
simulation physics from the decentralized agent logic, enabling
event-driven evaluation while ensuring interoperability with
embedded control systems.

A. Decentralized Agent Architecture

The system is partitioned to enforce a strict epistemic
boundary (“Fog-of-War”). As illustrated in Figure 1, the
architecture consists of two primary layers:

o Discrete-Event Simulation (DES) Environment: Acts
as the deterministic ground truth. It manages the global
coordinate space, evaluates the stochastic Random Geo-
metric Graph (RGG) communication physics, and com-
putes the monotonic thermodynamic energy decay for all
entities.

o Distributed Intelligence Subsystem: Encapsulates the
agent logic. It houses the Local Belief Buffer, the
Asynchronous Gossip Protocol handler, and the stability-
constrained bisection pipeline. This module has abso-
lutely zero access to the DES global state; it strictly
processes delayed telemetry received through simulated
network interfaces.

The control flow operates on a discrete pipeline. Surviving
telemetry packets flow into the agent’s Distributed Intelligence
Subsystem, updating the Local Belief Buffer. The Hybrid
Supervisor evaluates local metrics and proposes a heuristic
parameter mutation. Before execution, this raw proposal is
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Fig. 1. High-Level System Architecture detailing the discrete-event physics
layer and decentralized agent logic enforcing the epistemic boundary.

intercepted by the Local Stability Projector, which mathe-
matically bisects the vector against computed local stability
boundaries. The safe execution commands are then passed to
the DES Kernel to update physical reality.

B. Discrete-Event Physics Pipeline

To ensure reproducible evaluation of multi-agent dynamics,
the simulation framework adheres to a chronological execution
pipeline driven by a min-heap priority queue.

o Network Physics: At the onset of each simulation tick
(tx), connectivity is evaluated through RGG construction,
calculating Euclidean distances and signal-to-noise ratios.
The kernel simulates delayed and stochastic packet propa-
gation, filtering telemetry according to the RGG topology
before injecting surviving packets into the Local Belief
Buffers.

« Epistemic Processing: Agents conduct spatial task allo-
cation using Decentralized SSI auctions, bidding based on
immediate spatial risk and energy margins. Subsequently,
agents compute localized metrics, feeding into the Hybrid
Automaton which dictates autonomous regime shifts. To
prevent chattering (rapid oscillatory switching between
regimes), the supervisor strictly enforces a fixed Dwell
Time (14 = 5.0 ticks) before permitting subsequent
transitions.

« Physical Execution: Verified action commands are ex-
ecuted. The kernel updates kinematic positions and im-
mediately calculates thermodynamic energy updates, ap-
plying decay penalties associated with movement and
transmission power. Agents whose energy falls below the
critical threshold are culled from the simulation.

C. Computational Scalability

The architecture is designed to decouple the per-agent
operational logic from the macroscopic swarm size (/N). While
dynamically updating the RGG adjacency matrix evaluates
globally at O(N log N) using K-D Tree spatial partitioning,
all onboard intelligence layers scale locally. Distributed es-
timation, SSI auctions, and the Stability-Constrained Bisec-



tion Search execute in O(d) or O(1) time relative to the
local neighborhood degree d. This architectural approach sup-
ports scalable deployment on constrained hardware in dense
swarms.

IV. MATHEMATICAL FORMULATION AND ALGORITHMIC
FLow

The framework relies on a set of mathematical models
and localized algorithms executed exclusively using delayed,
asynchronous telemetry.

A. Algorithmic Workflow

Algorithm 1: Bounded Heuristic Clamping ensures that
behavioral mutations triggered by the Hybrid Supervisor un-
dergo an iterative bisection search, mitigating kinematic diver-
gence by clamping parameters to heuristic thresholds. The data
flow for this interception protocol is detailed in the sequence
diagram in Figure 2.

Algorithm 1: Bounded Heuristic Clamping

Input: Ty rrer (telemetry), 6., (current parameters), o
(EMA coefficient), 0,,ominqai (baseline parameters), Gpounds
(one-directional safety thresholds)

Precondition: enominal < 9bound5 < eprop

// Step 1: Epistemic State Classification

Hiocal < ComputeSmoothedAverages(Tpu f fer)

Regime <+ HybridSupervisor(ocai)

Oprop < MapRegimeToStrategy (Regime)

// Step 2: Bounded Heuristic Clamping Search

for each parameter £ in 6,,,, do

if Opr0p [k‘] > Ovounds [k‘] then

low < Onominal[k], high < Oproplk]

for step =11to 5 do

mid < (low + high)/2

if mid < Opounds|k] then low < mid else high + mid
end for

Osafelk] < low

else

Ouaselk] € OproplH]

end if

end for

// Step 3: EMA Kinematic Smoothing

onext < ecurr + a(osafe - acur'r)

Return 0,,.,:

Algorithm 2: Decentralized SSI Auction prioritizes thermo-
dynamic survivability and spatial efficiency while requiring
communication only with immediate neighbors.

Algorithm 2: Decentralized SSI Auction

Inmput: T',,,qs9na (unassigned tasks), p; (agent position), Fj;
(remaining energy), Aty (auction duration)

7; — {T S Tunasgnd | COSt(pi;pT) < Ez}

for each 7 € 7, do

bid; (1) < wallpi — prll2 + we (1/E)

end for

Ttarget <— arg min; bid;(7)

LocalBroadcast(bid; (T¢qrget))

ScheduleEvent(AUC_RESOLVE, ¢t + At gyc)

// On AUC_RESOLVE Event Triggered by DES:
Brirs < RetrieveBidsFromInbox (Tiqrget)

if bid;(Tiarger) < min(Byprs) then

Twon — Ttarget

UpdateBeliefMap(7¢qrget, CLAIMED_BY_ME)
end if

Return T,

Algorithm 3: Localized Voronoi Coverage restricts agents
to approximate their Voronoi centroid using numerical sam-
pling bounded exclusively by their immediate communication
radius, completely decoupled from global Voronoi diagrams.

Algorithm 3: Localized Voronoi Coverage
Input: p; (agent position), A; (stale neighbor positions), Ry,
(communication radius)

Glocal < GenerateGrid(p;, Ry.)

Vcell — (Z)

for each point g € Gjoeq; do

if |lg — pill2 < minjey; [lg — pjll2 then
Veett < Veeu U {g}

end if

end for

Clocal < Mean(vcell)

Vi < k- (Clocal - pz)

Return v;

B. Mathematical Formulation

Stochastic Random Geometric Graph (RGG) Adjacency.
Communication edges are contingent upon agents remaining
within a finite transmission radius, subject to environmental
attenuation (Weny ). Packet drop probability (pgop) is evaluated
probabilistically as an abstract heuristic modeling Signal-to-
Noise Ratio (SNR) fading, which decays quadratically with
distance according to the inverse-square law.

if pi(t) = pj(t)ll2 < Riz and U > parop
0, otherwise

) Q)
where Ry, = Ry — Weny and U ~ Uniform(0, 1).

Empirical Local Mixing Rate Proxy (;\271'). Because esti-
mating the global Fiedler value violates Fog-of-War, agents
track the decay ratio of local consensus variance r;(t) =
Var(t)/Var(t — 1) to extract an instantaneous mixing proxy.
This empirical formula intentionally accepts a mathematical
0/0 limit condition upon total consensus or fragmentation,
operating as a heuristic early-warning trigger rather than a
rigorous estimator. In the software implementation, an explicit
epsilon-guard (Var(t—1) < 10~°) prevents undefined division,
immediately returning a fully-fragmented proxy scalar:

Q 1-— T (t)
Aoalt) = — @)
where ¢ represents the consensus step size and At is the
discrete time interval.

Discrete Thermodynamic Energy Decay. The DES ker-
nel computes strict monotonic subtractions, incorporating
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Fig. 2. Sequence diagram mapping the data flow of the stability-constrained adaptation protocol. The local bisection projector acts as a heuristic saturation

filter intercepting unconstrained proposals.

quadratic physical transmission scaling (v, - R7,) to accurately
model thermodynamic energy cascades.

Ei (tk+1) = Ez (tk) - (’Ymdmov + PYCfoNmsg + ’%At) (3)

Here, ~,, and <. are the movement and transmission energy
cost coefficients respectively, d,,o, 18 the Euclidean distance
traveled, Vs, is the number of broadcasted messages, and
v, represents the baseline idle power consumption.

Local Bounded Heuristic Clamping. During bisection
search, parameter proposals (6,.p) are projected iteratively
against dynamically computed localized heuristic bounds:

esafe,k = BiseCt(9p7'op,k7 enominal,ka 9b0unds,k‘) (4)

Asynchronous State Consensus Update. Agents reach con-
sensus via asynchronous gossip updates. To mitigate oscil-
latory divergence caused by quantized communication and
severe packet losses [19], [20], the step size (¢) is bounded
using a local heuristic relaxation of Olfati-Saber’s delay theo-
rems [1]. Because € relies purely on the local degree d;, this
formulation mathematically achieves a weighted consensus
rather than a strict average consensus. This is an intentional
and acceptable engineering trade-off to preserve strict decen-
tralization, empirically observed to deviate from the true global
average by approximately 5% to 8% depending on network
fragmentation:

wilti) = mi(te) +€ > Aij (&t — i) — 2i(ti)) (5)
JEN;

where x; represents the agent’s local state vector, 7;; is the

asymmetric communication delay between agents j and ¢, and

the step size € < % prevents kinematic divergence
relative to the agent’s local neighbor degree d; and maximum
network delay 7,44

Exponential Moving Average (EMA) Parameter Smooth-
ing. Projected safe parameters (05, ¢.) are smoothed over time
using a tunable EMA coefficient (o).

eezec(tk-‘rl) - (1 - a)eemec(tk) + aesafe (6)
V. EXPERIMENTAL EVALUATION AND RESULTS

The implementation of the Decentralized Swarm Auton-
omy Framework is designed to maintain control in contested
environments without centralized oversight. The framework’s
performance was evaluated across Spectral Stability, Thermo-
dynamic Resilience, and Kinematic Safety.

A. Experimental Setup and Methodology

To provide a rigorous testbed, experiments were executed
using spatial environments supporting N = 100 autonomous
agents running for over 15 million discrete events. The tempo-
ral scale maps 1 discrete tick to 100 milliseconds of physical
elapsed time. The transmission radius (R;,) was subjected to
stochastic Gaussian attenuation and Bernoulli packet dropping
to simulate severe epistemological “Fog-of-War” constraints.

To ensure statistical significance and validate the robustness
of the architecture, all quantitative experiments were averaged
over 50 independent Monte Carlo runs utilizing randomized
initial PRNG seeds. We report the mean metrics alongside
95% confidence intervals. Table III provides a comprehensive
quantitative ablation against an Unconstrained RGG baseline
(which lacks our safety bounding) and a Centralized Oracle



(a theoretically perfect, global-information system serving as

an upper bound). The oracle exhibits a significantly tighter

confidence interval (£40 ticks) due to the variance-reducing
nature of global information.

TABLE III
QUANTITATIVE BASELINE COMPARISON (50 MONTE CARLO RUNS, 95%
CI)
Methodology Spectral Energy Mean
Connec- Decay Swarm
tivity (A2) Rate Survival
(units/tick) (ticks)
Unconstrained RGG 0.25 + 0.20 £ 527 £+ 30
0.02 0.01
Centralized Oracle (Static Bound) 0.29 £+ 0.05 £ 1999 £ 2
0.01 0.00
Proposed Framework 0.29 + 0.05 + 1999 + 2
0.01 0.00

As demonstrated in Table III, the Proposed Framework
perfectly matches the Centralized Oracle’s maximum swarm
survival (1999 ticks) and baseline energy decay rate (0.05
units/tick), vastly outperforming the Unconstrained RGG
which crashes at 527 ticks due to an exponential decay rate of
0.20. It is critical to note that the Proposed Framework does
not achieve this by possessing global information; rather, it
achieves it through thermodynamic braking. When the network
fractures, the Unconstrained swarm engages in rapid, erratic
“kinematic oscillation” based on blowing-up mathematical
errors, violently draining its battery. Conversely, the Proposed
Framework’s ©,,¢. bounded heuristic clamps the drones’
velocity to zero when it detects chaotic local variances. By
physically halting, the Proposed Framework eliminates its
kinetic energy consumption, dropping its total drain to the
baseline transmission cost (0.05 units/tick) to safely coast until
the network reconnects, mirroring the mathematically perfect
Oracle.

B. Spectral Stability Under Jamming

The framework is designed to maintain connectivity under
severe interference. Figure 3 demonstrates that as environ-
mental jamming increases to 100%, a standard non-adaptive
RGG framework experiences rapid topological fragmentation.
Conversely, the proposed architecture’s Hybrid Supervisor
autonomously triggers localized spatial clustering. However,
tracking the empirical local mixing proxy exhibits a critical
bias: it consistently overestimates the true global Fiedler value
(A2), empirically overestimating the true connectivity by an
average magnitude of +0.04 across the 50 Monte Carlo
runs (as visualized in Figure 3). This overestimation stems
from the “Disconnected Subgraph Paradox.” If a subset of
agents completely fragments from the main swarm, their local
consensus variance drops to zero, falsely generating a high
spectral proxy. Rather than hiding this bias, the architecture
explicitly mitigates it by requiring a triad of metrics (variance
decay, neighbor density, and staleness) to validate true connec-
tivity health. By fusing these metrics, the system successfully

stabilizes the network without centralized topology matrices,
despite the inherent proxy overestimation.

Spectral Stability Under Environmental Jamming
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Fig. 3. Spectral connectivity (A2) of the swarm under increasing envi-

ronmental jamming. Note the positive bias where the scaled local proxy
(A2) overestimates true global connectivity, an expected artifact of localized
observation.

C. Thermodynamic Energy Cascades

In resource-constrained deployments, the failure of heavily
burdened agents often triggers an inverse energy cascade. We
evaluated resilience against node attrition rates approaching
50%. Figure 4 contrasts our framework against an Uncon-
strained RGG baseline. Because the localized SSI auction
distributes tasks based on remaining energy margins and the
physics engine rigorously enforces quadratic path loss for
transmissions, the framework’s average energy decay rate
stabilized at approximately 0.05 units/tick. The performance
curve demonstrates a stable, linear decay trajectory, effectively
mitigating the accelerated, exponential cascading failures char-
acteristic of the unconstrained baseline topology.

Thermodynamic Decay and Node Attrition
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Fig. 4. Thermodynamic resilience. Compared to the accelerating failure of
the Unconstrained RGG baseline, the localized SSI auction ensures a stable,
linear energy decay trajectory (0.05 units/tick) even as node attrition reaches
50%.



D. Kinematic Stability within Local Bounds

The most critical vulnerability of adaptive swarms is kine-
matic instability induced by heuristic mutations. Figure 5
illustrates the kinematic variance during aggressive adaptation.
An unconstrained optimizer exhibits severe oscillations with
parameter variations exceeding +0.3. However, by intercept-
ing commands prior to physical execution, the bisection search
mechanism strictly bounded the parameter mutations to one-
directional heuristic thresholds, empirically yielding a mean
per-update parameter shift of Ay < 0.04 across the 50 Monte
Carlo runs. This mitigates kinematic divergence, preserving
operational stability while agents adapt to environmental
changes.

Kinematic Stability During Heuristic Adaptation

Unconstrained Heuristic
—— Stability-Constrained Bisection
-=--Local Stability Boundary

: 9
‘g
LS
)
i®
H-
i g
)
3
)
Qa

bstacle Avoidance Trigger

Maximum Kinematic Variance / Velocity (v)

0 25 50 75 100 125 150 200

Simulation Time (s)

175

Fig. 5. Kinematic variance (0'2) during aggressive adaptation. The bisection
projector strictly bounds parameter mutations to Ay < 0.04.

VI. CONCLUSIONS AND FUTURE SCOPE
A. Conclusions

This paper presented a decentralized framework for au-
tonomous swarm operations in contested cyber-physical en-
vironments. By adhering to localized, delayed belief buffers,
the framework mitigates halting behaviors associated with
epistemic constraints. The integration of a Hybrid Automaton
Supervisor and a localized bisection projector aims to maintain
kinematic stability and connectivity using heuristic relax-
ations of centralized optimization models. Evaluated through a
discrete-event simulation kernel, the architecture demonstrated
resilience against jamming and maintained stable energy de-
cay trajectories under high node attrition. Ultimately, this
framework provides a foundation for engineering scalable
intelligence designed to operate under the stochastic realities
of physical deployment.

B. Future Scope

While the DES kernel provides validation of the logical
architecture, the objective for future research is the physical
translation of this framework. Specifically, future work will
focus on:

+ Embedded Systems Deployment: Translating the decou-
pled intelligence and discrete-event physics kernel into
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memory-safe, compiled environments (e.g., Rust or C++)
to overcome Python’s Global Interpreter Lock (GIL) and
enable massive scaling (N > 10,000 agents) for direct
deployment on embedded UAV hardware.
Hardware-in-the-Loop (HITL) Validation: Transi-
tioning from synthetic RGG models to physical RF
transceiver testing to evaluate gossip protocols against
real-world multi-path fading.

Heterogeneous Swarm Topologies: Expanding the SSI
auction mechanics to support drone nodes with asymmet-
ric sensor payloads and energy capacities.
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Coding Exercise 16: Celsius to Fahrenheit
Coding Exercise 17: Area of a Rectangle
Coding Exercise 18: Distance covered by a Vehicle

Coding Exercise 19: Number of Rounds of Lift

Coding Exercise 20: Line Equation



