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Abstract

Multi-Agent Systems (MAS) are increasingly employed in autonomous and distributed applications, yet
many continue to underperform in collaborative task execution. This study investigates whether
information flow architecture is a key determinant of MAS performance across five commonly used agent
interaction strategies. A Monte Carlo simulation consisting of 1,500 experimental runs was conducted in
a Python-based environment, in which 10 autonomous agents collaboratively mapped a bounded area
under three communication conditions: high, low, and no communication. Performance differences were
evaluated using regression and Risk Simulator diagnostics to assess the effect of information flow on a
composite of map coverage and steps to completion. Results demonstrate that communication
architecture significantly influences system performance, although the effects vary by coordination
strategy. Increased communication frequency substantially degraded performance in flocking and
consensus-based models (p < .001) but significantly improved task completion in the Artificial Bee
Colony framework. These findings suggest that communication intensity should be matched to the
underlying coordination algorithm rather than uniformly increased. The results provide empirical
guidance for configuring distributed autonomous systems under constrained communications and
establish a quantitative foundation for future live-flight unmanned aerial vehicle (UAV) teaming
experiments.

Keywords: Multi-Agent Systems, Information Flow, Monte Carlo Simulation, Autonomous Systems,
UAV Teaming, Swarm Intelligence, Artificial Bee Colony, Distributed Coordination
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1. INTRODUCTION

Hughes & Girrier (2018) and Kline (2017) note that naval warfare is transitioning from the missile age
to an information and robotics age. Groups of small unmanned aerial vehicles (UAVs) and unmanned
surface vessels (USVs) are part of the vision for a hybrid fleet that integrates autonomous vehicles with
traditional naval assets. This hybrid operational concept, developed by Kline (2017), is currently being
implemented in strategic naval initiatives. Autonomous machine groups interact similarly to general
machine groups but introduce additional complexity through factors such as goal-seeking, reasoning,
and machine learning, which can lead to extensive feedback loops and emergent behaviors. Russell
(2021) observes that contemporary autonomous systems struggle to interpret complex human intent
and often optimize assigned objective functions at the expense of secondary constraints or human
values. Arquilla (2000) notes that information flows are among the key factors to be explored in
understanding swarm technology, yet there is a critical lack of quantitative empirical studies examining
whether increasing the frequency of information flow universally benefits or actively degrades Multi-
Agent Systems (MAS) task performance across divergent algorithmic architectures. The intersection of
translating human goals to MAS and the role of information flows in MAS performance offers a promising
area of study, not only for the US Navy but also for companies like OpenAl or xAI pursuing LLM-based
MAS.

Problem Statement

The US Navy plans to deploy autonomous groups of UAVs and USVs in communications-restricted
environments, yet it lacks empirical frameworks to match algorithmic architectures to degraded network
conditions risking systemic failure if bandwidth-dependent models are deployed under contested
communications. This Navy problem is a direct reflection of a larger information systems problem that
plagues modern multi-agent LLM research. The problem is we do not understand how multi-agent
systems may be configured to accomplish human goals with minimal to no human intervention.

Purpose Statement/Study Proposal

This study examines how information flow affects MAS performance across several promising MAS
methodologies. This empirical investigation was conducted using custom Python-based simulation
models and Risk Simulator diagnostic analytics to evaluate agent performance across communication
tiers, laying the groundwork for upcoming live MAS UAV field experiments. This study will provide value
by demonstrating the impact of information flows on MAS performance across a variety of scenarios,
yielding generalizable knowledge. The results from each experiment type will be compared using
statistical analyses, including ANOVA, t-tests, and regression analysis.

2. LITERATURE REVIEW

Rizk et al. (2018) define Multi-Agent Systems (MAS) as networks of autonomous entities operating with
shared or conflicting goals based on distributed sensor data. Key to MAS is the coordination and
information flows that exist between agents (Wooldridge & Jennings, 1995). Tang (2021) notes over
80,000 articles on Google Scholar on this topic at the time of writing, with multiple theses and
dissertations existing on the topic and a vast number of approaches to coordination and information
flows. However, in terms of Navy applications Arquilla (2000) and Hughes & Girrier (2018) note a gap
in how information flows impact MAS for Naval warfare and Hughes & Girrier (2018) and Kline (2017)
note the importance of the use of UAVs in modern Naval warfare. Likewise, more generally in the field
Cao et al. (2024) notes that adaptive cognitive networking is necessary in dynamic environments. Yet,
Cattai et al. (2025) and Bayer & Faigl (2026) note that traditional approaches to UAV MAS rely on high
bandwidth ideal environments for group functioning which doesn’t align to reality where robots may be
bandwidth constrained and unable to pass data they have been designed to rely on, such as complex
3D mapping. Further, Katsiuba et al. (2025) notes the need for standard operational procedures and
algorithms that account for the dynamic needs of information flow protocols in dynamic drone
communication. On a similar note Garzén et al. (2025) and Dietz et al. (2023) point out that human
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designers show bias in selecting communication protocols for tasks rather than allowing optimization
techniques to provide dynamic selection logic for best fit protocols to the situation. The value of dynamic
information flow method shifts also extends to the advent of MAS LLM systems, notable recent
applications include Allmendinger et al. (2026) 5 layer Multi-agent Artificial Intelligence (MAAI) workflow
that dynamically selects appropriate agent communication for the task, and Kim et al. (2026) who
present an approximate linear threshold of 45% for when cognitive load of an agent is benefitted and
not hindered by multi-agent information flows.

Game theory and utility theory are classic fields dating back to at least Nash (1951) and Bentham
(1789), and unique solutions have been proposed that leverage quantified utility and Nash equilibrium
to develop optimal solutions for MAS coordination and information flow. Swarm technology is a subset
of MAS (Brambilla et al., 2013). Swarm systems typically follow an emergent, nature-based model, such
as modeling the behavior of birds (Reynolds, 1987), particles (Kennedy & Eberhart, 1995), bees
(Karaboga, 2005), and ants (Dorigo, 1992). Swarm systems also have more human-like information-
sharing and coordination algorithms that can be either highly decentralized or hierarchical (Arquilla &
Ronfeldt, 2000). Finally, more recent MAS studies examine LLM-based MAS and unique ways natural
language processing can be used to produce coordinated machine outcomes.

Utility Equations and Game Theory for MAS Coordination

Russell (2021) and others have noted that utility equations are a good angle for how to model complex
goals and values in machines. The philosophical foundations of utility theory trace back to Bentham's
(1789) ethical frameworks. In computational decision-making, modern utility theory originated with von
Neumann and Morgenstern (1944) and has evolved significantly alongside algorithmic complexity. Utility
theory seeks to value decisions mathematically to represent human goal seeking (Von Neumann &
Morgenstern, 1944). Unique solutions have been developed for MAS utility applications. Koutsoupias
and Papadimitriou (2009) suggest a framework for quantifying stability vs. anarchy (Price of Anarchy)
in a decision process. Radulescu et al. (2019) developed the Multiobjective multi-agent systems
(MOMAS) to value compromises in complex multi-goal scenarios where agents may be assigned unique
goals for the tasks they are assigned in the MAS. In review of a large range of MAS research Paccagnan
et al. (2022) notes the need to design and optimize utility values for individual agents for system-wide
benefit and Yang & Liu (2024) suggest viewing utility within a framework of an agentic needs hierarchy
developing trust and an understanding of other agents in the MAS to better coordinate for common
goals. Game theory covers complex interactions between autonomous agents and has been significantly
utilized in computer science models for machine interaction. Initially theorized by Von Neumann (1944)
and later modified by Nash (1951). Game theory offers a framework for making optimal decisions with
multiple agents with limited information (Paccagnan et al., 2022), often involving reaching an
equilibrium for minimizing the cost of a solution (Radulescu et al., 2019).

Swarm Coordination Methodologies

Swarms are a subset of MAS that operate cooperatively under the direction of a single operator-in-
charge through a common architecture (Price, 2025). Shahzad et al. (2023) note that a swarm requires
at least 3 agents, limited human control, and that its members must communicate and work
cooperatively. Many swarm methodologies draw inspiration from social animals (Brambilla et al., 2013;
Tan & Zheng, 2013), including particles, fish, birds, bees, and ants (Tang et al., 2021). These
methodologies solve complex problems such as pathfinding, reconnaissance, and search-and-rescue
(Brambilla et al., 2013). Other methodologies include decentralized and centralized control approaches,
in which one or more agents are responsible for the cooperative assignments and information-sharing
procedures for sub-agents (Kinnison et al., 2022). Gulosh (2018) notes remarkable improvements in
decentralized hierarchical drone performance in support of military operations, reducing casualties by
up to 50% compared to emergent solutions. Despite operational benefits, Kinnison et al. (2022) note
hierarchical solutions add operational complexity for human operators and recommend developing
autonomous task allocation techniques to reduce the cognitive burden.

LLM Agentic MAS Coordination

Agentic AI using LLMs is a unique modern solution in MAS, where the use of natural language and agent
identity enables novel agent communication and coordination (Schmidgall et al., 2024). Schmidgall et
al. (2024) & Xi et al. (2024) note the need to train agents in their roles to optimize performance. Li et
al. (2023) & Karten et al. (2025) suggest a voting framework in which the MAS follows a voting process,
and Li et al. (2023) note that improvements in performance on complex tasks correlate with adding
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more agents to the voting pool. These solutions are emerging and show promise in addressing issues
experienced with MAS to date (Zhu, Du, Hong et al., 2025).

Hypothesis for this Study

HA: Information flow frequency has a statistically significant impact on task performance across differing
MAS methodologies.

HO: Information flow frequency has no statistically significant impact on task performance across
differing MAS methodologies.

Further, we hypothesize that the direction and magnitude of information flow impact on task
performance are significantly dependent on the underlying MAS coordination methodology.

3. METHODOLOGY

For this analysis five methodologies were chosen based on common models utilized for MAS cooperation.
The MAS methodologies were adapted to cover a two-dimensional box, shown in Figure 1 below, and to
communicate with one another based on the information flow of each methodology. In figure 1 density
maps are shown of representative runs from high and low communications runs for each of the MAS
methodologies, comms represents the specific number of communications that took place as a function
of the steps taken, the communication frequency set, and the methodology being used. Each
methodology was tested at high communications, low communications, and no communications and a
Monte Carlo of 100 runs was performed for each combination of communications and MAS methodology,
resulting in 300 runs per MAS methodology and a total of 1500 runs.

The following five foundational swarm algorithms were implemented in Python, governed by their
respective mathematical behavioral rules:

1. Reynolds' Boids Model: One of the original MAS methodologies based on bird flocking
patterns (Reynolds, 1987).
Vo(t+1) =V,(t) + Wsfsep + Wafali + Wef con

2. Vicsek Model: Self-propelled models that move based on the average direction of
their neighbors (Hernandez-Lopez, 2010).

1
0,(t+1)=Arg (m z 1—51,) + A0
a

BEN,

3. Ant Colony Optimization (ACO): Ant pheromone trails are laid by leading ants,
providing direction, ideal for path search applications (Tang et al., 2021).
N

Ty(t+ 1) = (1= pry () + ) Al

a=1

4. Particle Swarm Optimization (PSO): Where particles change position based on
personal and global best solutions (Tang et al., 2021).

vit+ 1D =wv (@) + ¢y (p?ESt - Xi(t)) + cory (gbest - Xi(t))

5. Artificial Bee Colony (ABC) Algorithm: Where employed, onlooker, and scout bees
use dancing to draw other bees to ideal exploration paths (Tang et al., 2021)

Beand = Ba() + ¢ O (Palt) - B;(1))
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For the Python code used in this experiment, the communication frequency is unique to each chosen
MAS methodology. Tables 1a through 1e describe how information flow frequency (0.0 to 1.0) was
operationalized across each algorithm. Low communication runs were set to 0.01, high communication
runs were set to 0.8 and no communication runs were set to 0. The no-communication condition
(comm_freq = 0) disables the coordination channel for that algorithm and reduces every agent to an
independent random walk, and is included only as a no-coordination baseline against which low and
high communication are compared. Communication frequency levels were selected to bracket
operationally relevant extremes rather than to characterize a continuous dose-response relationship. A
low-communications condition (0.01) representing sparse, intermittent coordination consistent with
Navy Emissions Control (EMCON) or heavily degraded tactical networks, and a high-communications
condition (0.8) representing near-continuous connectivity while preserving a residual margin of
independent agent behavior to avoid conflating comms availability with the complete absence of
exploratory movement.

1. Boids

comm_freq Practical translation

0.8 Neighbor-awareness "ref_reshe_s" ~80% of moves; ~20% of the time agents have

no awareness of separation/alignment/cohesion.
0.01 Flocking behavior only ~1 in 5 steps.
0.0 Random walk baseline, no coordination.
Table 1a Boids Information Flow Levels for Simulation

2. Vicsek

comm_freq Practical translation

0.8 He_ading updates happ_en on 80% of moves; agent continues on last heading (plus
noise) the rest of the time.

0.01 Rare t_'e—alignment; agents bghave close to independent random walkers with
occasional consensus correction.

0.0 Random walk baseline, no coordination.

Table 2b Vicsek Information Flow Levels for Simulation

3. Ant Colony Optimization (ACO)
comm_freq Practical translation

0.8 Pheromone map is refreshed 80% of moves; evaporation and deposit both pause on
’ the other 20%, so the map is "frozen" intermittently rather than degrading gradually.
Environment-mediated communication is rare; the pheromone map barely changes, so
0.01 ; - \ .
agents get little benefit from others' recent exploration.
0.0 Random walk baseline, no coordination.

Table 3¢ ACO Information Flow Levels for Simulation

4. Particle Swarm Optimization (PSO)
comm_freq Practical translation

0.8 Global best is recomputed on 80% of moves; agents continue on last-known velocity
) vector 20% of the time.

0.01 Centralized reporting is sparse; agents rarely learn where the best-performing agent
’ is, so exploration looks much more like independent search.

0.0 Random walk baseline, no coordination.

Table 4d PSO Information Flow Levels for Simulation

5. Artificial Bee Colony (ABC)
comm_freq Practical translation

0.8 Both random-partner exploration and onlooker fitness-broadcast happen 80% of ticks;
’ agents idle the rest independently.
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comm_freq Practical translation
0.01 Hive-level information sharing is sparse.
0.0 Random walk baseline, no coordination.
Table Se ABC Information Flow Levels for Simulation

The following variables were used in this experiment:

Intervening variables (not changed)
e Number of Agents: 10
e Size of Map: 5 x 5 map
e Max Steps: 40000 (ACO) 100000 (PSO)

Runs ended when grid coverage reached 100 percent or when an algorithm-specific iteration bound was
met. ACO was bounded at 40,000 iterations, a window within which pheromone repulsion still reaches
full coverage. PSO was bounded at 100,000 iterations to test whether further steps would overcome
stagnation from attraction to the global best; high-communication runs still ended at that bound with
incomplete coverage. Boids, Vicsek, and ABC used the same coverage rule. Because each method used
one bound across its no, low, and high-communication runs, the within-method slopes are not an artifact
of the unequal ceilings. Of note the ceilings also do not produce the ABC high-communication advantage
since the cells nearest that result finished on the coverage break, and the censored ACO and PSO high-

communication cells remain well below it.

Independent Variables
e MAS Methodology

e Frequency of Communication: a number between 0 and 1 that represents a range of

communications

e Communication instances: The number of communications that take place in a scenario as
a function of the MAS methodology and the communication frequency set.

Dependent Variable

e Performance = ((mean steps taken for that methodology)/steps taken) x (% complete of
map). Weighted performance is that score multiplied by a method-specific constant

(1.7236 for ABC), not an average across methods.
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Figure 1: Sample Run from Each Run of the 2D Map Covered by Each MAS Methodology.
Cells are color-coded by Visit Count. Blue dots are the Final Locations of the Agents.

4. ANALYSIS AND DISCUSSION

Performance was regressed on the specific communications count in Risk Simulator, not on the assigned
frequency. Each additional message was associated with lower performance for Boids, Vicsek, PSO, and
ACO (t = —46.61 to —14.49) and higher performance for ABC (t = 35.08). All five coefficients and the
accompanying ANOVA tests were significant at p < .001. R2 ranged from 0.413 for PSO to 0.879 for
ACO. On weighted performance, low communication differed little from none for Boids (1.335 versus
1.303) and Vicsek (1.314 versus 1.281). Table 2 regresses unweighted performance on the message
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count. Table 3 and the ABC mean of 6.757 use weighted performance.

ACO declined from 1.300 with no communication to 1.209 at low communication and to 0.441 at high
communication. PSO declined at both steps, from 1.341 to 0.281 to 0.019. A Mann-Whitney check on
PSO confirmed that ordering: no communication (median 1.34) exceeded low communication (median
0.24), and low exceeded high (median 0.02), U =0, z = 12.22, p < .001 in both contrasts. Results of
this analysis are shown in Table 2. ABC, however, showed a significant increase in performance when
going from no to high communication. In terms of performance, ABC outperformed all other
methodologies and communication combinations when operating in high communication mode. Table 3
shows Games—-Howell comparisons of ABC high-communication performance (M = 6.757, SD = 1.057,
N = 100) against every other method-by-communication cell. A positive difference means ABC high
comms scored higher. All 14 contrasts are significant at p < .001. Figure 2 graphically represents
average performance score differences.

Boids and Vicsek held their performance when communication was removed. Low versus none was not
significant (p = .198 and p = .211). High communication reduced performance. They did not beat the
no-communication baseline. The ABC algorithm, however, exhibited a contrasting effect where high-
frequency, accurate information exchange dramatically increased performance, resulting in statistically
superior task completion compared to all other methodologies and communication combinations.

Methodology | Slope per | Per 1,000 | t (df 298) | p R2 ANOVA
message messages F
Boids —0.00001967 -0.020 -24.36 < .001 0.666 | 593.64
Vicsek —0.00001603 -0.016 -15.89 < .001 0.459 | 252.45
PSO —0.00001852 -0.019 —-14.49 < .001 0.413 | 209.93
ACO —0.00002073 -0.021 -46.61 < .001 0.879 | 2,172.07
ABC 0.001149 1.149 35.08 < .001 0.805 | 1,230.44
Table 2: Summary of Results
Model Input Sample 1 Sample 2 Test
Comparison Median Median Statistic (U) z-score p-value
PSO No Comms vs.
PSO Low Comms* 1.34 0.24 0 12.22 <0.001
PSO Low Comms vs.
PSO High Comms* 0.24 0.02 0 12.22 <0.001
Table 2a: Summary of Results, Mann-Whitney Follow Up for PSO
©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 8
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Figure 2: Comparison of Average Performance, ABC High Comms Significantly Performed
Far Better than Any other Method Comms Combination

Comparison Group Difference | t df P
group mean

ABC low comms | 1.252 5.506 51.29 105.3 < .001
ABC no comms 1.322 5.435 50.76 104.3 < .001
ACO high 0.441 6.316 59.76 99.1 < .001
comms

ACO low comms | 1.209 5.549 51.97 103.1 < .001
ACO no comms 1.3 5.458 50.88 105 < .001
Boids high 0.915 5.843 54.42 105.3 < .001
comms

Boids low 1.335 5.422 50.62 104.4 < .001
comms

Boids no comms | 1.303 5.454 50.94 104.2 < .001
PSO high 0.019 6.739 63.77 99 < .001
comms

PSO low comms | 0.281 6.477 61.08 100.3 < .001
PSO no comms 1.341 5.416 50.22 107.2 < .001
Vicsek high 1.005 5.752 53.82 103.5 < .001
comms

Vicsek low 1.314 5.444 50.69 105.5 < .001
comms

Vicsek no 1.281 5.477 51.06 105 < .001
comms

Table 3: Summary of Results, Games-Howell
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From these tests we can reject the null hypothesis that information-flow frequency has no statistically
significant association with task performance. In the separate linear regressions (Table 2), each slope
differs from zero at p < .001. The claim that the direction of that association depends on methodology
is supported by the slope signs: positive for ABC (t = 35.08) and negative for Boids, Vicsek, ACO, and
PSO (t from —14.49 to —46.61). Mann-Whitney tests (Table 2a) show the same PSO decline at both
steps, from no communication to low and from low to high (both p < .001). PSO often reached the
100,000-step ceiling, the near-zero variance in the high-communication cell indicates this is likely
because frequent global-best updates pulled agents onto the same reported location and collapsed
coverage into repeated visits rather than new cells. Games-Howell contrasts (Table 3) corroborate that
high-communication ABC exceeded every other method-by-communication cell by 5.42 to 6.74 points.

5. LIMITATIONS

Although the baseline algorithms were not highly optimized for spatial mapping, the use of standardized,
unconstrained behavioral rules enhances internal validity by isolating the inherent explanatory power of
communication frequency, free from the influence of algorithmic heuristics. However, this experiment
has limitations, as it focuses on a very specific task, which may favor certain methodologies over others,
thereby constraining the external validity of the findings. Additionally, the information flows in this
simulation are relatively simplistic and could benefit from a more comprehensive literature review on
best practices for each methodology.

6. CONCLUSIONS & FUTURE WORK

Within this 2D spatial-coverage simulation, information flow architecture impacts Multi-Agent System
(MAS) performance and its effects depended heavily on the underlying coordination algorithm. Results
from 1,500 Monte Carlo simulation runs indicate that increasing communication frequency does not
universally improve task performance. Instead, excessive information exchange significantly degraded
performance in flocking and consensus-based models, while substantially improving performance in the
Artificial Bee Colony (ABC) framework. These findings suggest that communication strategies should be
designed in conjunction with task allocation and coordination algorithms rather than treated as
independent design parameters. Consequently, effective MAS design requires a systems perspective
that aligns information flow, agent behavior, and mission objectives.

This work provides an empirical foundation for the next phase of research, which will extend simulation
results to live-flight unmanned aerial vehicle (UAV) experiments involving human-machine teaming
during search-and-rescue missions. Future studies will evaluate whether the relationships observed in
simulation persist in operational environments by testing the following hypotheses:

¢ HA1: Information flow architecture significantly affects autonomous team performance.

e HO1l: Information flow architecture does not significantly affect autonomous team
performance.

e HA2: Autonomous team performance significantly affects overall human-machine team
performance during a man-overboard search-and-rescue operation.

e HO02: Autonomous team performance does not significantly affect overall human-machine
team performance during a man-overboard search-and-rescue operation.

Validating these hypotheses in real-world operational environments will provide evidence to inform the
design of adaptive communication architectures that improve the effectiveness, robustness, and
scalability of autonomous and human-machine teams.
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