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Abstract

Coordinating multi-agent unmanned aerial vehicle (UAV) swarms is challenging in disaster
scenarios where communications are dynamic, unreliable, and subject to UAV losses. While
distributed artificial intelligence has enabled unprecedented levels of autonomous multi-
agent coordination, most methods implicitly take communication topology as a given,
not accounting for its limited maintenance in such scenarios. As a result, communication
fragmentation can undermine autonomous mission progress during highly dynamic com-
munications conditions. This paper proposes the Adaptive k-Truss-Constrained Agentic
AI Framework (ATAC), an AI-based decentralized coordination framework for multi-agent
UAV systems, which explicitly factors in graph-theoretic structural considerations during
decision-making. The swarm is modeled as a graph, where an adaptive k-truss backbone is
maintained during dynamic communication conditions to preserve triangle-based redun-
dancy. Each agent acts as a graph-aware AI entity which bases its decentralized decisions
on local information and descriptors of the communication backbone. A closed-loop evolu-
tionary process is used to rebuild the backbone after significant communication link losses
while UAVs make mission progress decisions based on information from the current back-
bone, enabling continuous adaption of the swarm structure to the communication state. The
efficacy of the proposed framework is demonstrated through a comprehensive simulation
campaign which includes communication link losses, UAV failures, adaptive truss selection,
ablation studies, reward sensitivity analysis, and computational performance assessments.
ATAC is compared to alternative graph-aware coordination approaches, showing consistent
improvements in maintaining communication, preserving backbone structure, enabling
triangle-based connectivity, and overall structural recovery while still achieving high-levels
of mission progress during dynamic disaster response scenarios. The results highlight the
effectiveness of explicitly tying AI-driven decentralized decision-making to maintenance of
a graph-theoretic backbone structure for resilient UAV swarm coordination.

Keywords: agentic AI; artificial intelligence; graph-aware coordination; adaptive k-truss;
decentralized decision-making; UAV swarms; disaster response; network resilience

1. Introduction
Natural disasters (e.g., earthquakes, floods, wildfire) are large-scale, dynamic, uncer-

tain, partially observable, and disruptive events. A disaster response can be viewed from
a systems and control point of view as a dynamic stochastic networked system in which
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sensing, communication and decision-making operations need to be executed on the system
in a timely and reliable manner [1,2]. In such settings, the capability of quickly gathering
information, staying connected, and ensuring a coordinated action of distributed agents
is paramount to reduce human and economic damage. Recent advances in autonomous
agents and agentic artificial intelligence have expanded the capabilities of distributed
decision-making systems, enabling perception, reasoning, planning, and adaptive action
selection in complex dynamic environments [3,4].

Unmanned aerial vehicle (UAV) swarms have been recognized as a key enabling
technology in disaster management, emergency communications, and large-scale environ-
mental monitoring applications [5,6]. In the environment where it is impossible or unsafe
to go to with human responders, UAV swarms can be used to support distributed sensing,
cooperative exploration, and real-time (or near-real time) communication services [1,7].
Swarm systems can become robust by utilizing redundancy and parallelism by using decen-
tralized systems. But the benefits are high complexity in coordination and communication,
particularly in the case of dynamic topologies where the topology is constantly changing
and the reliability is not guaranteed.

Disaster scenarios can be formally modeled as a decentralized multi-agent decision
problem over a time evolving interaction graph Gt = (Vt, Et), the nodes in which corre-
spond to the agents and the edges to the communication links. When the agents interact
with each other and when they must adapt to environmental changes, each agent has to
make decisions based on incomplete information. The goal is to optimize a global reward
function representing mission objectives (e.g., coverage, search efficiency, resource allo-
cation). Non-stationarity and stochasticity of the environment pose many difficulties in
achieving convergence, stability, and scalability among decentralized policies [8,9].

In the past few years, decentralized coordination problems have been tackled using
multi-agent reinforcement learning (MARL). In MARL, policies are learned from interacting
with the environment, allowing for adaptive behavior in uncertain environments. We follow
the idea of agentic AI which are autonomous agents with perception, reasoning and action
selection abilities within an shared environment. Formally, the decentralized decision
policy of each agent i is

πi(ai | oi, Gt),

where oi denotes the local observation of agent i and Gt represents the current commu-
nication graph. In the present implementation, this policy is not learned through neural-
network training or policy-gradient optimization; rather, it is a graph-aware decision policy
that uses local observations together with graph-derived structural information for decen-
tralized action selection. This formulation enables a team of agents to work autonomously
and focus on local tasks to meet global goals [10–12].

Although decentralized multi-agent coordination has seen tremendous success, most
such methods have focused on optimizing task level objectives, such as coverage, routing,
or energy consumption while only indirectly accounting for communication topologies as
implicit structures. In particular, it is common for communication to only be considered
as a binary function of distance with no notion of maintenance or reliability. Connectivity
is typically assumed to be perfect or implicitly controlled through positioning, which can
lead to policies that perform poorly in the presence of realistic communication disruptions.
In a theoretical sense, this restriction may be explained by analysing the interaction graph
Gt. It is important to note that, connectivity only really captures the extent to which Gt is
connected, and this is not sufficient for robust coordination—redundancy or fault tolerance
is also necessary. More specifically, if the network is fragmented due to the loss of a few
nodes or links, there will be a substantial disruption of coordination and information
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transmission. Therefore a more developed idea of network cohesion is needed to ensure
resilience in dynamic environments.

The task of capturing such structural properties requires the development of a princi-
pled model based on graphs, which is provided by the models of cohesive subgraphs. In
these, the k-truss is a very interesting model as it detects highly connected sub-cliques by
triangle support. A k-truss is a maximal subgraph such that all its edges are involved in
at least k− 2 triangles, which provides multiple alternative paths for local reinforcement
of the subgraph [13]. Unlike the k-core decomposition that is based only on the degrees
of nodes, k-truss is able of capturing more complex connectivity patterns and offers more
guarantees of robustness under edge/node failure [14,15].

Much effort has gone into efficient computation of k-truss subgraphs in large scale
graphs. Early efforts featured the scalable decomposition scheme with support-based edge
peeling [13] and later, parallelization and data structure optimization [14]. Further exten-
sions are the weighted k-truss models [16] and the truss-based optimization problems [17]
as well as applications for community detection. Recently, the dynamic k-truss maintenance
for evolving graphs has been investigated, such as the batch update algorithms in [18]
and fully dynamic maintenance frameworks in [19] and probabilistic models for uncertain
graphs in [20].

But despite these developments, the current approaches to k-truss are mostly for
analysing structures and not to be used in real-time decision-making systems. In par-
ticular, they do not provide any direct support for the type or functioning of the agents
acting on the network and hence do not play a direct role in coordination strategies. In
contrast, the policies derived from the AI-based swarm coordination methods are not
guaranteed to be robust and do not take into account structural cohesion in the policies’
optimization objective.

Although dramatic advances have been made in both graph-theoretic network re-
silience and AI-enabled decentralized coordination, the two research areas were previously
disjointed. Namely, graph-based approaches typically provide rigorous performance guar-
antees but offer little flexibility in terms of autonomous behaviors, while AI-based methods
allow decentralized UAVs to devise their own behaviors but typically do not formally
account for network topology structure and its resulting implications on communication
performance. The challenge, therefore, is to develop a unified framework that builds upon
graph-theoretical structural resilience while also introducing decentralized AI coordination
mechanisms, thus enabling both communication robustness and emergent autonomous
decision-making capabilities.

The narrow areas mentioned above drive the need for a common framework that can
jointly ensure structural resilience and decentralized, yet adaptive control in the case of
dynamic UAV swarms. Specifically, it is essential that resilient coordination in disaster-
response environments not only involve intelligent decision-making but also continuously
maintain reliable communication structures under uncertainty, mobility and link failures.

To mitigate these problems in this paper, a graph-constrained agentic coordination
framework is proposed for resilient UAV swarm. The proposed method puts together
dynamic graph modeling, adaptive k-truss backbone maintenance and graph-aware decen-
tralized decision-making into a closed loop architecture. The framework proposed here
is different in that the topology management and agent coordination issues are explicitly
coupled with adaptive multi-agent behavior, unlike current approaches which handle
them independently.

The main contributions of this work are listed below.
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• We formulate robust UAV swarm coordination as a dynamic graph-constrained AI
coordination problem where communication topology and decentralized decisions
are mutually adaptive.

• We propose an adaptive backbone maintenance mechanism that ensures dynamicity
of k-truss supported communication redundancy.

• We introduce a graph-aware AI coordination policy where each UAV makes decentral-
ized decisions by combining local observations with graph descriptors.

• We develop a closed-loop graph evolution framework involving topology adaption,
backbone restructuring and decentralized coordination.

• We evaluate the framework in a comprehensive simulation campaign involving com-
munication outages, UAV failures, adaptive truss selection, reward sensitivity analysis,
ablation studies, and scalability benchmarking.

The remainder of this paper is organized as follows: Section 2 reviews the related
works. Section 3 introduces preliminaries and the graph-theoretic concepts to be used in this
study. Section 4 presents the motivating scenario and the overall problem setting. Section 5
formally defines the resilient coordination problem. Section 6 describes the Adaptive
k-Truss-Constrained Agentic AI framework for resilient coordination. Section 7 reports the
simulation-based evaluation and performance analysis. Finally, Section 8 concludes this
paper and presents suggestions for future work.

2. Related Work
The problem of resilient coordination in multi-agent UAV swarms in uncertain and

dynamic environments has gained ever growing interest from various fields of research
such as graph-theoretic, distributed systems and artificial intelligence. If viewed from a
mathematical perspective, such systems can be described as evolving graphs Gt = (Vt, Et),
where nodes are agents and edges are links of communication or cooperation among
agents. The main challenges to achieving robustness in these systems involve keeping
them connected, and ensuring that the higher-order attributes of connectivity, such as
redundancy, fault tolerance and local cohesion are maintained. Cohesive subgraph models,
especially k-truss, have proven to be useful tools that capture triangle-based connectivity
and structural resilience [13–16] in this context.

Meanwhile, the progress of multi-agent reinforcement learning (MARL) and dis-
tributed AI led to the development of scalable and adaptive coordination strategies for
UAV swarms with uncertainty and partial observability [8,9,11,12]. These methods treat
each agent as an independent decision maker that is able to learn policies from interact-
ing with the environment and other agents. In spite of the success, most of the existing
approaches are only concerned with the communication graph being implicit part of the
system without imposing any explicit structural guarantees. This introduces a fundamental
discrepancy between graph-theoretic robustness and AI-driven coordination, a gap that
remains largely unexplored in the literature.

2.1. k-Truss and Cohesive Subgraph Models

The cohesive subgraph discovery problem is a basic graph mining problem that seeks
to find coherent subgraphs that model significant structure or function of a graph. The
traditional models, like cliques, give excellent guarantees but are not scalable to large
networks in computation time, and relaxed models, like k-core, are scalable but lack
precision in structure. The k-truss model is an intermediate option between these extremes,
required adding triangle-based edge support and captured the higher-order connectivity
without hurting the time efficiency [13].
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Following this work, Wang and Cheng [13] proposed efficient algorithms for decom-
posing a truss to build on their work with the “peeling” method based on support. In fact,
Conte et al. [14] later presented scalable and parallel algorithm that significantly boosts
performance on large-scale graphs. These works are the foundation for making the k-truss
a practical tool to analyze large networks. However, they are mostly concerned with static
graphs and ignore the dynamic/real-time aspects.

These have been extended further to make k-truss models more expressive. By adding tri-
angle graph representations for improving computational efficiency, Rezvani and Rezvani [15]
improved the computational efficiency, while Zheng et al. [16] added weighted k-truss mod-
els for considering the heterogeneity of edge importance. For communication networks,
which often have link quality that changes at different times, these extensions are very
relevant. However, the above methods are still analytical in nature and not incorporated
into the decision-making framework.

In addition to analysis of structures, k-truss has also been applied to the research
of the robustness and vulnerability of the network. Zhu et al. [17] explored the k-truss
minimization problem and found edges in the graph that are crucial for eroding the graph’s
cohesion. The problems highlighted in this line of work are of relevance to resilience as a
proxy for k-truss. Such approaches are normally employed offline, and do not tackle the
issues of real-time influence and guidance of autonomous agents through the use of such
structural properties.

2.2. Dynamic k-Truss and Evolving Graphs

Real networks, such as UAV communication networks, are dynamic in nature, as their
topology evolves as result of the mobility of the participating UAVs, environment and
failures. This has inspired the creation of adaptive k-truss algorithms that preserve the
structure after an update in the graph. Luo et al. [18] presented batch-update approaches to
efficiently maintain trusses, which showed that only incremental updates can dramatically
save computation cost compared with computing the truss from scratch. This was later
extended to fully dynamic graphs, where both the edges are inserted and deleted by
Luo et al. [19].

This latter aspect has been pursued in more realistic settings in recent studies. Giving
consideration to unreliable or intermittent edges, Sun et al. [20] applied the probabilistic
k-truss decomposition to uncertain graph. This is especially useful for UAV networks
deployed in disaster scenarios, where communications links are inherently fragile. Dis-
tributed implementations of truss maintenance have been explored in other works, allowing
scalability of truss maintenance in large and decentralized systems.

Although many advances have been made, dynamic k-truss techniques are still largely
concerned with structure correctness, rather than intelligent coordination. They treat
the graph as an entity that is evolving outside the control of agents in particular. The
topology is, however, directly affected by agents’ decisions in UAV swarms, including
agent movement and communication strategy. So, one of the main drawbacks of the
current dynamic k-truss methods is that they have not yet been able to be integrated within
decision-making processes.

Furthermore, existing dynamic graph algorithms focus on minimizing the computation
time and do not align with system-level goals like system resilience, adaptability or mission
success. This gap between the aims of the algorithms and the application requirements is
not conducive to immediate use in a disaster response context, where timely and adequate
coordination is paramount.
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2.3. Resilient UAV Swarm Coordination

Maintaining resilient coordination in UAV swarms has emerged as a critical chal-
lenge due to the increasing complexity of disaster-response, surveillance, and emergency
communication missions. Unlike conventional mobile networks, UAV swarms operate in
highly dynamic environments where topology changes continuously as a result of mobility,
environmental conditions, communication disruptions, and node failures.

Recent research has investigated a variety of resilience-oriented coordination strategies,
including communication-aware trajectory planning, distributed task allocation, adaptive
relay deployment, and topology-preserving mobility control. These approaches aim to
maintain connectivity and mission continuity despite adverse operating conditions.

For example, Ning et al. [21] studied trajectory optimization under dynamic com-
munication constraints, demonstrating the importance of jointly considering mobility
and networking decisions. Similarly, Hazarika et al. [22] proposed intelligent coor-
dination mechanisms for disaster-response UAV swarms operating under uncertain
environmental conditions.

Recent graph-aware and transformer-based UAV swarm architectures have also demon-
strated improved adaptability and scalability in large-scale multi-agent systems [10,23]. These
methods exploit structural information during decision-making and have shown promising
results in dynamic and partially observable environments.

Despite these advances, most existing approaches primarily focus on mission opti-
mization and adaptive decision-making. Explicit preservation of higher-order structural
cohesion remains largely unexplored. Consequently, many existing UAV coordination
frameworks may preserve basic connectivity while failing to maintain robust triangle-
supported communication structures capable of tolerating multiple simultaneous failures.

This limitation motivates the integration of graph-theoretic cohesion mechanisms
directly into the coordination process, enabling UAV swarms to maintain both operational
effectiveness and structural resilience.

2.4. AI-Based Coordination for UAV Swarms

AI-based approaches, particularly multi-agent reinforcement learning, have become
the dominant paradigm for UAV swarm coordination. These methods enable decentral-
ized agents to learn adaptive policies through interaction with the environment, making
them well-suited for dynamic and uncertain scenarios [8,9]. Applications include routing
optimization, task allocation, trajectory planning, and communication management [11,21].

Recent work has incorporated graph-based representations into learning frameworks.
In graph-aware reinforcement learning, interactions among agents are modeled explicitly
through communication graphs, enabling policies to exploit topological information during
decentralized decision-making [22,24]. The emergence of graph foundation models has
further demonstrated the potential of exploiting structural priors for scalable learning
and decision-making in large dynamic networks [25,26]. By encoding communication
relationships into graph representations, these approaches improve information propa-
gation and facilitate more scalable coordination among distributed UAVs operating in
dynamic environments. Such methods represent an important step toward integrating
graph-theoretic and artificial intelligence within autonomous swarm systems.

In parallel, transformer-based coordination architectures have emerged as promising
solutions for modeling long-range dependencies and complex interaction patterns within
large-scale UAV swarms. Recent studies have demonstrated that transformer-based mech-
anisms can improve adaptability, task allocation efficiency, and coordination robustness
under dynamic operating conditions [10,23]. These developments highlight the growing
convergence between modern AI architectures and network-aware swarm intelligence,
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enabling UAV teams to coordinate more effectively in environments characterized by
dynamic topologies, partial observability, and uncertain communication conditions.

Despite these advances, a fundamental limitation remains: the graph is typically
treated as an informational feature rather than as a constrained structural object. While
agents may learn from graph representations, they are generally not required to preserve
explicit topological properties such as triangle-supported cohesion or k-truss connectivity.
Consequently, communication robustness emerges only indirectly through the learning
process and is not explicitly guaranteed. Under severe communication disruptions, learned
policies may therefore fail to maintain structurally resilient communication backbones.

Furthermore, many MARL-based coordination strategies exhibit scalability, conver-
gence, and stability challenges in highly dynamic environments, particularly when commu-
nication links are intermittent or unreliable. Because communication topology often evolves
as a consequence of agent actions, failures in the underlying network may propagate to
the decision-making process itself. These limitations are especially problematic in disaster-
response scenarios, where maintaining both operational effectiveness and communication
resilience is critical. Such observations motivate the need for coordination frameworks that
jointly consider adaptive decision-making and explicit structural robustness.

2.5. Comparative Analysis and Research Gap

Although substantial progress has been achieved in graph-theoretic resilience anal-
ysis and AI-driven UAV swarm coordination, the two research directions have largely
evolved independently.

Graph-theoretic approaches focus on discovering, maintaining, and analyzing struc-
turally cohesive communication patterns. These methods provide strong guarantees regard-
ing robustness, redundancy, and higher-order connectivity, but typically do not influence
the behavior of autonomous agents during mission execution.

To facilitate a systematic comparison of representative graph-theoretic approaches,
Table 1 summarizes key developments in structural cohesion modeling and dynamic
k-truss maintenance.

Table 1. Representative graph-theoretic approaches related to structural cohesion and dynamic
k-truss maintenance. ✔: supported, ✗: not supported.

Reference Dynamic k-Truss Weighted Probabilistic

Wang and Cheng [13] ✗ ✔ ✗ ✗
Conte et al. [14] ✗ ✔ ✗ ✗
Rezvani and Rezvani [15] ✗ ✔ ✗ ✗
Zheng et al. [16] ✗ ✔ ✔ ✗
Zhu et al. [17] ✗ ✔ ✗ ✗
Luo et al. [18] ✔ ✔ ✗ ✗
Luo et al. [19] ✔ ✔ ✗ ✗
Sun et al. [20] ✔ ✔ ✗ ✔
Proposed ✔ ✔ ✔ ✔

As shown in Table 1, substantial progress has been achieved in efficient k-truss compu-
tation, weighted cohesion analysis, and dynamic maintenance of evolving graph structures.
However, these methods remain primarily analytical and are generally not integrated into
autonomous decision-making frameworks. As a result, structural cohesion is treated as an
observed property rather than a control objective.

In parallel, significant advances have been achieved in UAV swarm coordination
through artificial intelligence, multi-agent learning, and graph-aware decision-making.
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Table 2 summarizes representative coordination approaches and highlights their capabilities
with respect to resilience and disaster-response applications.

Table 2. Representative UAV swarm coordination approaches and comparison with the proposed
framework. ✔: supported; ✗: not supported, ∆: partially supported.

Reference UAV Swarm AI-Based Graph-Aware Resilience-Oriented Disaster Scenario

Wang et al. [11] ✔ ✔ ✗ ✗ ∆
Ning et al. [21] ✔ ✔ ✗ ✔ ✔
Peng et al. [24] ✔ ✔ ✔ ∆ ∆
Hazarika et al. [22] ✔ ✔ ✔ ✔ ✔
Alam et al. [10] ✔ ✔ ✔ ∆ ∆
López-Villegas et al. [23] ✔ ✔ ✔ ∆ ✔
Proposed Approach ✔ ✔ ✔ ✔ ✔

The comparison presented in Table 2 reveals that recent UAV coordination frameworks
increasingly incorporate graph-aware representations and adaptive learning mechanisms.
Nevertheless, these approaches generally treat topology as an informational feature rather
than as a constrained structural object. Consequently, explicit guarantees regarding struc-
tural cohesion and communication robustness are rarely provided.

The comparative analysis highlights a persistent disconnect between structural graph
analytics and intelligent swarm coordination. Existing k-truss and dynamic graph ap-
proaches provide effective mechanisms for characterizing and maintaining network cohe-
sion, yet they remain largely external to the decision-making process. Conversely, AI-driven
UAV coordination frameworks focus on adaptive behavior and mission optimization but
rarely incorporate explicit mechanisms for preserving structural robustness.

As a result, current solutions are generally capable of achieving either adaptability
or resilience, but seldom both simultaneously. This limitation becomes particularly pro-
nounced in disaster-response scenarios, where communication reliability directly affects
task execution, information sharing, and overall mission success.

To the best of our knowledge, no existing framework jointly integrates dynamic k-
truss cohesion maintenance, agent-driven graph evolution, and decentralized AI-based
coordination within a unified decision-making architecture for UAV swarms. Existing
studies either treat structural cohesion as an offline analytical property or employ graph
information solely as an auxiliary feature for learning.

The present work addresses this gap by embedding adaptive k-truss preservation
directly into the coordination process. Rather than merely observing the communication
graph, agents actively consider structural cohesion when selecting actions, thereby coupling
network resilience and mission execution within a single optimization framework.

The proposed framework therefore represents a shift from passive graph-aware coor-
dination toward structure-aware coordination, in which communication topology is not
only observed but actively maintained as a first-class component of the decision-making
process. This perspective provides a principled mechanism for improving robustness in
dynamic and failure-prone UAV environments.

2.6. Positioning of the Proposed Approach

The proposed framework occupies a distinct position at the intersection of graph-
theoretic resilience analysis and AI-driven UAV swarm coordination. Unlike tradi-
tional k-truss methods, which primarily focus on identifying or maintaining cohe-
sive subgraphs, the proposed approach integrates structural cohesion directly into the
decision-making process.
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Similarly, unlike existing AI-based coordination frameworks that use graph informa-
tion primarily as an input for learning or optimization, the proposed framework treats
structural cohesion as an explicit operational objective. Adaptive k-truss preservation
therefore becomes an active component of swarm coordination rather than a passive
network property.

By coupling dynamic graph evolution, decentralized agentic decision-making, and
adaptive backbone maintenance, the proposed framework enables UAV swarms to si-
multaneously pursue mission objectives and communication resilience. This positioning
distinguishes the approach from existing graph-analytic methods and contemporary AI-
based coordination strategies.

3. Theoretical Foundations and Preliminaries
This section establishes the theoretical foundations of the proposed framework by

integrating concepts from graph-theoretic, dynamic network analysis, and intelligent multi-
agent systems. In recent years, the convergence of graph-based modeling and artificial
intelligence has led to the emergence of graph intelligence [25,26], where structural properties
of networks are explicitly leveraged to enhance learning and decision-making processes [27].
This paradigm is particularly relevant for UAV swarm systems, where agents interact over
dynamic communication topologies and must maintain coordination under uncertainty
and failures.

From a systems perspective, resilience in swarm coordination is fundamentally linked
to the structural properties of the underlying communication graph. Traditional connectiv-
ity measures are insufficient to capture robustness in dynamic environments, as they fail
to account for redundancy and higher-order interactions. Recent studies emphasize the
importance of graph-based representations and learning mechanisms for achieving scalable
and adaptive coordination in swarm systems [23,28]. In this context, cohesive subgraph
models provide a principled way to characterize structural robustness, motivating the
adoption of k-truss-based formulations in this work.

3.1. Graph-Theoretic Modeling of Swarm Systems

We model the swarm as a time-evolving graph Gt = (Vt, Et), where nodes represent
UAVs and edges represent communication links. The topology evolves due to agent
mobility, environmental constraints, and link failures.

Graph-based representations have become central in modern swarm intelligence
frameworks, enabling the integration of perception, communication, and control into
a unified mathematical structure [29]. Moreover, recent works demonstrate that graph
neural networks (GNNs) and graph-based reinforcement learning significantly improve
coordination efficiency in multi-agent systems by exploiting relational inductive biases [30].

3.2. Triangle-Based Cohesion and Structural Redundancy

A key limitation of traditional graph metrics is their inability to capture higher-order
interactions. Triangle-based structures provide a natural measure of local redundancy, as
they encode multiple alternative communication paths.

For an edge (u, v), the triangle support is defined as

support(u, v) = |N (u) ∩N (v)|.

Figure 1 illustrates this concept for an edge (u, v) with two common neighbors, w1 and
w2, yielding support(u, v) = 2. This measure reflects the robustness of a communication
link: edges embedded in multiple triangles are less vulnerable to failure. Recent studies
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in network resilience highlight that triangle-rich structures significantly improve fault
tolerance and information diffusion stability [31].

u v

w1

w2

support(u, v) = 2

Figure 1. Triangle support as a measure of local redundancy in communication graphs.

3.3. k-Truss Cohesion as a Structural Resilience Model

Let G = (V, E) be an undirected communication graph. For an edge e = (u, v) ∈ E,
its triangle support in a subgraph H ⊆ G is defined as

suppH(u, v) = |NH(u) ∩ NH(v)|, (1)

where NH(u) denotes the neighbors of u in H. The subscript H is essential because triangle
support must be evaluated with respect to the subgraph currently under consideration,
rather than permanently with respect to the original graph.

Definition 1 (k-truss). A subgraph H ⊆ G is a k-truss if every edge e ∈ E(H) satisfies

suppH(e) ≥ k− 2. (2)

The condition in Equation (2) provides a local redundancy requirement. Every retained
communication edge belongs to at least k− 2 triangles inside the retained subgraph. Each
such triangle contains an alternative two-hop route between the endpoints of the edge.
This does not constitute a global guarantee against arbitrary simultaneous failures, but it
ensures that every retained edge is embedded in a minimum number of locally redundant
communication patterns. The family of trusses is nested as follows:

Tk+1(G) ⊆ Tk(G). (3)

Consequently, increasing k strengthens the minimum triangle-support requirement
while generally reducing the number of retained nodes and edges. This monotonic relation
gives rise to the resilience–coverage trade-off used throughout the proposed framework:
larger values of k favor stronger local redundancy, whereas smaller values preserve a
broader communication backbone.

Proposition 1 (Local redundancy and backbone monotonicity). For every edge e ∈ Tk(G),
suppTk(G)(e) ≥ k− 2. Moreover, Tk+1(G) ⊆ Tk(G). Therefore, increasing k cannot decrease the
minimum support required of a retained edge, but it cannot increase the feasible backbone edge set.

Proof. The first statement follows directly from the definition of a k-truss. For the second
statement, every edge satisfying the (k + 1)-truss condition has support at least k− 1, and
therefore also satisfies the weaker k-truss requirement of support at least k − 2. Hence,
every (k + 1)-truss is contained in a k-truss.
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Proposition 1 establishes the graph-theoretic basis of the adaptive selection mechanism
introduced later. The parameter k does not directly guarantee mission success or global
network stability. Instead, it controls the minimum local redundancy of the communication
backbone, which in turn influences the structural features supplied to the decentralized AI
decision process.

3.4. Dynamic Graphs and Structural Adaptation

In real-world swarm systems, the communication graph evolves continuously. This
introduces significant challenges for maintaining structural properties such as cohesion
and connectivity.

Recent works on dynamic graph intelligence emphasize the need for adaptive mecha-
nisms that update structural representations in real time [27]. In UAV swarms, topology
changes may result from mobility, environmental obstacles, or node failures, requiring
continuous adaptation.

3.5. From Structural Robustness to Intelligent Coordination

The integration of structural graph properties with AI-based decision-making is an
emerging research direction. Modern approaches combine graph representations with
learning-based policies to achieve adaptive and scalable coordination [28,30].

However, existing methods typically treat the graph as an input feature rather than
enforcing structural constraints. This limits their ability to guarantee robustness under
adverse conditions.

3.6. AI-Enabled Structure-Aware Swarm Coordination

The proposed framework leverages a graph-theoretic communication infrastructure
and decentralized AI decision-making to enable robust UAV swarm coordination during
dynamic operations. The communication graph is used to encode structural information
about the network’s operation, while individual UAVs make tactical decisions based on
their observations and the graph descriptors derived from it. Figure 2 provides an overview
of the interaction between these components.

In this work, we use the term Agentic AI to refer to a specific set of engineering
capabilities. In particular, each UAV in the swarm is an agent that makes decisions about its
own operation, based on the information about the communications structure available to
it. The agents operate without central coordination, dynamically evaluating their options
and adapting their behavior. This work’s key contributions are the coordinated use of these
AI capabilities in concert with decentralized graph maintenance procedures. Specifically,
the proposed framework has two interacting components:

• The procedure to build a dynamic communication graph and maintain its k-truss
backbone, which ensures the presence of locally redundant communication paths;

• The set of graph-aware AI coordination procedures, which make it possible to incor-
porate the structural information into the decision making of individual agents.

The interaction between these two processes takes the form of the enhanced closed-
loop coordination mechanism described in the following sections. In particular, after the
agents perform coordination actions, the communication graph is updated, its backbone is
rebuilt, and the descriptors updated, allowing the agents to incorporate latest information
into their decision making. In this way, the graph structure becomes a critical consideration
in the agents’ operations, which are not optimized around static constraints, but instead
dynamically adapted.
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Agentic k-Truss Drone Swarm Coordination

w12

p23

Dynamic Graph

Gt = (Vt, Ec
t , Eτ

t , Pt, Wt)

Triangle Support

∆t(u, v) = |N (u) ∩N (v)|
k-Truss Cohesion

Tk(Gt) : ∆t(u, v) ≥ k− 2

p12(t)

Topology Dynamics

Gt → Gt+1, ∆Et, ∆Wt, ∆Pt

Structural Maintenance

τ(e), wuv, puv, U (Gt)

Resilient Backbone

Bt ⊆ Tk(Gt)

Agentic AI

{|Et|, Wt, Pt} ∆t(u, v) ≥ k− 2

Gt 7→ Gt+1

∆Et, ∆Pt Tk(Gt)

|κt|, ∆Et

πi(ai | oi, Gt)

communication node task node shared/neutral node k-truss backbone node

weighted communication edge wuv task-coupling edge probabilistic edge puv

Figure 2. Multi-layer graph-based view of the proposed agentic k-truss framework. The top row
extracts triangle-supported cohesion from the dynamic swarm graph, while the bottom row captures
topology evolution, structure maintenance, and backbone formation. Agentic AI operates on graph
state, edge weights, and uncertainty to preserve a resilient communication-task backbone.

4. Motivating Example
Motivating Example: Toward Resilient and Adaptive Drone Swarms

Natural disaster environments, such as large-scale floods, earthquakes, or wildfires, are
characterized by high uncertainty, rapidly evolving conditions, and limited communication
infrastructure. In such scenarios, unmanned aerial vehicle (UAV) swarms offer a promising
solution due to their mobility, scalability, and ability to operate without centralized control.

We consider a disaster-response scenario in which a swarm of N UAVs is deployed
to perform multiple cooperative tasks, including victim localization, environmental moni-
toring, and communication relaying. Each UAV operates autonomously while interacting
with neighboring agents through wireless communication links. These interactions form a
dynamic network whose structure directly impacts the effectiveness of coordination.

At any given time t, the swarm can be represented as a graph:

Gt = (Vt, Ec
t , Eτ

t ), (4)

where Vt is the set of UAVs, Ec
t represents communication links, and Eτ

t encodes task-
related interactions. This abstraction provides a unified view of both communication and
collaboration within the swarm.

However, unlike idealized network models, the communication graph in disaster
environments is inherently unstable. Obstacles, interference, and environmental hazards
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may cause links to degrade or disappear entirely. As a result, the topology of Gt evolves
continuously, often in unpredictable ways.

A critical consequence of this instability is the potential fragmentation of the swarm.
For example, if a communication link (i, j) fails and no alternative paths exist between
the corresponding agents, the swarm may split into disconnected components. Such
fragmentation can severely degrade coordination, leading to delays in task execution or
even mission failure.

This observation highlights a fundamental limitation of traditional connectivity-based
models: ensuring mere connectivity is insufficient to guarantee robustness. Instead, what
is needed is a notion of redundant connectivity, where communication links are supported
by multiple alternative paths.

To capture this redundancy, we consider the concept of triangle-based connectivity.
Let Nt(i) denote the set of neighbors of node i in the communication graph. The support
of an edge (i, j) is defined as

st(i, j) = |Nt(i) ∩Nt(j)|, (5)

which counts the number of common neighbors shared by i and j. Each such neighbor
forms a triangle with (i, j), providing an alternative two-hop communication path.

Edges with higher support are inherently more resilient, as the failure of a single link
can be compensated by alternative routes through shared neighbors. This motivates the use
of k-truss cohesion, which enforces that every edge is supported by at least (k− 2) triangles.

While this structural constraint significantly enhances robustness, it does not fully
solve the coordination problem. Indeed, maintaining a k-truss structure in a dynamic
environment requires continuous adaptation. UAVs must reposition themselves, establish
new links, or abandon unreliable ones in response to environmental changes.

This introduces a second layer of complexity: decision-making. Each UAV must
determine its actions based on partial observations, local interactions, and the current state
of the communication graph. Importantly, these actions do not merely affect individual
agents—they reshape the entire network topology.

Consequently, the swarm coordination problem is inherently coupled: the graph
structure constrains agent decisions, while agent decisions, in turn, modify the graph. This
bidirectional dependency renders both purely structural approaches and purely learning-
based approaches insufficient.

The key insight emerging from this example is that resilient swarm coordination
requires a unified framework that integrates

• Structural robustness, ensured by k-truss-based constraints, and
• Adaptive decision-making, achieved through decentralized agentic policies.

As illustrated in Figure 3, the disaster-response scenario induces a dynamic
communication–task graph Gt, where UAVs (agents) must simultaneously maintain re-
liable connectivity and execute heterogeneous tasks under uncertain and time-varying
conditions. In such environments, communication links are inherently unstable due to
obstacles, interference, and node mobility, leading to intermittent or failed connections,
while task demands evolve dynamically as new missions (e.g., victim rescue, medical
delivery, and relay support) emerge. This results in a tightly coupled interplay between the
communication topology and task allocation structure, captured by the time-varying graph
Gt = (Vt, Ec

t , Eτ
t , Pt, Wt).
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Figure 3. Motivating example: Graph-constrained agentic coordination for disaster-response UAV
swarms. (1) Real scenario: A dynamic disaster environment induces a time-varying communication–
task graph Gt. UAVs must maintain connectivity while executing heterogeneous tasks such as
rescue, medical delivery, and relay support. (2) Limitations of existing approaches: Learning-based
methods adapt to tasks but lack structural guarantees, while graph-based methods ensure cohesion
but fail to adapt to dynamic conditions. (3) Proposed framework: The graph-constrained agentic
approach jointly enforces structural resilience via a k-truss backbone Bt ⊆ Tk(Gt) and adaptive
decentralized decision-making through graph-aware policies πi(at

i | ot
i , Gt), with consistent graph

evolution Gt+1 = F (Gt, At, ξt).

However, existing approaches remain fundamentally limited. Learning-based coor-
dination strategies can adapt to task dynamics but often neglect structural guarantees,
making the communication graph prone to fragmentation. Conversely, structure-driven
methods (e.g., graph-theoretic or connectivity-preserving approaches) ensure robustness
but lack the flexibility required to respond to dynamic tasks and environmental uncer-
tainties. This dichotomy highlights a critical gap: adaptivity without guarantees versus
guarantees without adaptivity.

To address this challenge, we propose a graph-constrained agentic framework that
unifies both aspects. Specifically, the approach enforces structural resilience by maintaining
a k-truss backbone Bt ⊆ Tk(Gt) while enabling decentralized and adaptive decision-making
through graph-aware policies πi(at

i | ot
i , Gt). The system further accounts for environmental

uncertainty via a consistent graph evolution process Gt+1 = F (Gt, At, ξt), ensuring that
topology adaptation and agent actions remain jointly optimized over time. The motivating
example thus demonstrates the bidirectional interaction between communication structure
and decentralized AI-enabled coordination. The communication graph restricts the set of
feasible actions for the UAVs, while UAV mobility, task allocation, and relay decisions, in
turn, modify the communication graph. The proposed framework decouples this coupled
problem into a closed-loop coordination process in which a communication graph is
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constructed, an adaptive k-truss backbone is extracted, graph-based structural descriptors
are computed, decentralized graph-aware actions are executed, and the communication
graph is updated. This closed-loop process is detailed in the following.

5. Problem Formulation
The motivating example in Figure 3 highlights a fundamental characteristic of disaster-

response UAV swarms: coordination emerges from a continuous interplay between com-
munication constraints and task execution in a dynamic and uncertain environment. As
UAVs navigate a disrupted landscape, communication links fluctuate due to obstacles and
interference, while mission objectives evolve as new tasks appear and existing ones change
in priority. Consequently, the swarm cannot be adequately described by static models or
decoupled formulations. Instead, it must be understood as a time-evolving system in which
connectivity, coordination, and decision-making are intrinsically intertwined.

This observation naturally leads to a central question: how can a distributed swarm
maintain reliable coordination while adapting to continuously changing conditions? Addressing
this question requires a formulation that captures not only the structure of interactions
among agents but also the dynamics that govern their evolution. In what follows, we
develop such a formulation by progressively integrating communication topology, task
allocation, and decentralized decision-making into a unified mathematical framework.

5.1. A Unified Graph Representation of Communication and Tasks

To faithfully capture the structure of the system, we model the swarm at time t as a
dynamic communication–task graph:

Gt = (Vt, Ec
t , Eτ

t , Pt, Wt). (6)

This representation extends beyond conventional graph models by explicitly incorpo-
rating both communication and task-related interactions within a single structure. Each
component of Gt plays a distinct and complementary role.

The set Vt = {u1, . . . , un} denotes the UAV agents, each acting as an autonomous
decision-making entity. The communication edges Ec

t ⊆ Vt × Vt define which pairs of
agents can exchange information at time t. These links are inherently unreliable and evolve
continuously due to mobility, environmental obstacles, and signal degradation.

In parallel, the task-assignment edges Eτ
t ⊆ Vt × Pt connect agents to tasks, where

Pt = {T1, . . . , Tm} represents the set of active missions. This layer captures how responsi-
bilities are distributed across the swarm, reflecting the operational objectives of the system.
The weight set Wt further enriches the model by encoding quantitative attributes such as
communication reliability, bandwidth, or cost.

Viewed holistically, Gt can be interpreted as a multi-layer structure: a communication
layer governing information flow, and a task layer governing mission execution. Crucially,
these layers are not independent. Communication constraints directly affect coordination
capabilities, while task-driven movements reshape the communication topology. This
mutual dependence is at the heart of the system’s complexity.

Moreover, the graph evolves over time as a result of several interacting factors, includ-
ing UAV mobility, environmental disturbances, and the dynamic nature of tasks. This leads
to a sequence {Gt}T

t=0 of time-indexed graphs, capturing the continuous transformation of
the swarm.
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5.2. Agent State Representation

Although coordination is performed in a decentralized manner, each UAV must
maintain an internal representation of its local operational context. We therefore associate
each agent ui with a state vector

st
i =

(
xt

i , et
i ,N t

i , T t
i , τt

i
)
, (7)

where xt
i denotes the current position of the UAV, et

i represents its remaining energy, N t
i

denotes the set of neighboring agents within communication range, T t
i represents locally

observable tasks, and τt
i characterizes the structural support associated with the agent’s

communication links.
The state representation combines operational, communication, and structural infor-

mation, enabling agents to reason simultaneously about mission objectives and network
resilience. This information forms the basis of the observation model used during decen-
tralized decision making.

5.3. Ensuring Structural Resilience Through k-Truss Cohesion

While connectivity is necessary for coordination, it is far from sufficient in disaster
scenarios. A network that is merely connected may still be fragile, as the failure of a small
number of links can disrupt global communication. What is required instead is a form of
structural resilience, where connectivity is supported by redundancy.

To formalize this notion, we adopt the concept of k-truss, a graph-theoretic structure
that enforces local cohesiveness.

Definition 2 (k-Truss). A subgraph H ⊆ Gt is said to be a k-truss if every edge in H participates
in at least (k− 2) triangles within H.

Connectivity alone does not ensure the level of redundancy necessary for disas-
ter scenarios. A connected graph can have bridges or other lightly supported edges
whose removal disconnects the swarm. We therefore define the resilient communication
backbone as:

Bt ⊆ Tkt(G
c
t ), (8)

where Gc
t = (Vt, Ec

t ) is the communication layer and kt is the truss parameter selected at
time t. For every edge e ∈ E(Bt),

suppBt
(e) ≥ kt − 2. (9)

Equation (9) ensures that every retained backbone edge is supported by a minimum
number of common-neighbor communication patterns inside the backbone itself. The
value of kt defines a structural trade-off. Too high, and we exclude lightly supported
UAVs or links; too low, and we fail to enforce a stringent minimum support condition for
the backbone edges. The adaptive selector introduced in Section 6.2 therefore identifies
the maximum truss level for which the backbone achieves a minimum coverage. The
structural backbone is not an end in itself. The membership counts, incident support,
retained edge ratios, and local connectivity properties are all fed into descriptors that
influence the decentralized AI decision rule described in Section 5.4.

5.4. Decentralized Graph-Aware AI Decision Rule

Each UAV acts from locally available information. For UAV ui, the operational
observation is

ot
i =

(
st

i , {st
j : j ∈ Nt

i }
)

, (10)
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where st
i contains the UAV state, locally visible tasks, residual energy, and communication-

quality measurements. To expose the structural role of the UAV, we define the local
graph-aware descriptor.

zt
i =

[
dt

i , q̄t
i , τ̄t

i , bt
i , ρt

i , ℓ
t
i
]
, (11)

where:

• dt
i = |Nt

i | is the local communication degree;
• q̄t

i is the mean quality of incident communication links;
• τ̄t

i is the mean triangle support of incident backbone edges;
• bt

i ∈ {0, 1} indicates whether ui belongs to Bt;
• ρt

i is the fraction of incident communication edges retained in Bt;
• ℓt

i is the normalized size of the connected component containing ui.

The complete graph-aware input is

ht
i = Φ

(
ot

i , zt
i
)
, (12)

where Φ denotes feature concatenation and normalization in the current implementa-
tion. No centralized global graph embedding is required; each UAV uses only locally
available neighborhood and backbone information. The decentralized AI decision rule
is deterministic:

µi(ot
i , zt

i) = arg max
a∈At

i

Ut
i (a), (13)

where At
i is the feasible action set and Ut

i (a) is the local multi-objective utility defined in
Equation (27). Thus, the AI contribution of the current framework lies in graph-aware
autonomous action evaluation and selection, rather than in a newly proposed reinforcement-
learning training procedure. The joint action is

At =
(
at

1, . . . , at
n
)
. (14)

5.5. Closed-Loop Interaction Between Actions and Structure

A defining feature of the system is the bidirectional relationship between agent ac-
tions and graph structure. Actions taken by agents—such as moving closer to a task or
repositioning to maintain connectivity—directly influence the communication topology. In
turn, the resulting topology shapes the decisions that agents can make in the future.

We capture this interaction through the graph evolution equation:

Gt+1 = F (Gt, At, ξt), (15)

where F represents the transition dynamics and ξt models stochastic disturbances.
This formulation reveals the inherently sequential nature of the problem. The swarm

operates in a closed loop:

current graph → agent decisions
↑ ↓

future decisions ← updated graph

As a result, coordination must be understood not as a static optimization problem but
as a dynamic process unfolding over time.

5.6. Resilience-Aware Multi-Objective Optimization

The ultimate objective of the proposed framework is to enable UAV swarms to
accomplish mission objectives efficiently while preserving communication resilience and
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structural robustness in the presence of dynamic environmental changes, communication
failures, and evolving task demands.

Achieving this objective requires balancing several potentially conflicting require-
ments. Agents should prioritize mission execution, maintain communication connectiv-
ity, preserve structurally cohesive network configurations, and avoid excessive resource
consumption. Consequently, the coordination problem is naturally formulated as a multi-
objective optimization problem.

To capture these requirements, the instantaneous reward at time t is defined as

Rt = λ1St + λ2Ct + λ3Tt − λ4Et, (16)

where

• St denotes the task-performance component,
• Ct denotes the communication-connectivity component,
• Tt denotes the structural-cohesion component,
• Et denotes the energy-consumption penalty.

The coefficients λ1, λ2, λ3, λ4 ≥ 0 control the relative importance of mission effec-
tiveness, communication resilience, structural robustness, and operational efficiency. The
coefficients λ1, λ2, λ3, λ4 are mission-level design parameters that are fixed during each
simulation episode. By keeping the reward weights fixed during an episode, the effect
of graph evolution, adaptive backbone reconstruction, and decentralized graph-aware
decision-making are isolated. Since the four reward components are normalized, the
weights satisfy

λ1 + λ2 + λ3 + λ4 = 1, λr ≥ 0, (17)

thereby ensuring a consistent interpretation of the relative importance of mission effective-
ness, communication robustness, structural integrity and energy efficiency. The impact of
different weights are analyzed in the reward-weight sensitivity analysis in Section 7.9. The
task-performance component is defined as

St =
∑p∈Pt wpcp

∑p∈Pt wp
, (18)

where Pt denotes the set of active tasks, wp represents the priority weight associated with
task p, and cp ∈ {0, 1} indicates whether the task has been successfully completed.

This term rewards successful completion of mission objectives while giving greater
importance to high-priority disaster-response tasks.

The communication-connectivity component is defined as

Ct =
|LCCt|
|Vt|

, (19)

where |LCCt| denotes the size of the largest connected component of the communication
graph at time t and |Vt| is the total number of active UAVs.

This term encourages preservation of global communication connectivity and penal-
izes network fragmentation.

The structural-cohesion component is derived from the adaptive k-truss backbone and
is defined as

Tt =
|V(Bt)|
|Vt|

, (20)

where Bt denotes the current resilient backbone maintained within the communica-
tion graph.
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This term explicitly rewards the preservation of structurally cohesive communication
patterns and promotes triangle-supported redundancy throughout the network.

Finally, the resource-consumption penalty is defined as

Et =
1
|Vt|

|Vt |

∑
i=1

eused
i , (21)

where eused
i represents the energy consumed by UAV ui during the current time step. This

penalty discourages excessive mobility and communication overhead, thereby improving
operational efficiency and mission endurance.

The multi-objective criterion used to evaluate candidate actions at each coordination
step is defined by the preceding components. In the ATAC controller, each drone uses
its current local observations and structural information from the graph to perform a
constrained utility maximization in a single step. For drone ui at coordination step t, let
At

i be the set of feasible actions given the current constraints of mobility, communication,
task, safety, and structure. The local utility associated with the candidate action a ∈ At

i is
denoted as follows:

Ut
i (a) = λ1St

i (a) + λ2Ct
i (a) + λ3Tt

i (a)− λ4Et
i (a), (22)

where the four terms represent the action-dependent counterparts of the task-performance,
communication-connectivity, structural-cohesion, and resource-consumption components
defined above. The implemented decentralized decision rule is therefore

at,∗
i = arg max

a∈At
i

Ut
i (a). (23)

Equation (23) defines a one-step constrained optimization rather than an explicit
optimization of an expected cumulative discounted return. Once the selected actions are
executed, the UAV states and communication topology are updated, the adaptive k-truss
backbone and graph-derived descriptors are recomputed, and the decision rule is applied
again at the next coordination step. The controller is therefore myopic with respect to its
optimization horizon, but closed-loop and adaptive with respect to the evolving mission
and communication state. This formulation is adopted to preserve decentralized online
tractability. Explicit multi-step optimization over future joint swarm trajectories would
require a predictive transition model and reasoning over the coupled future actions of
multiple UAVs, as well as future topology changes, failures, and task evolution. These
mechanisms are not assumed in the present implementation. Accordingly, the implemented
decision rule is not claimed to solve, or to provide a formal approximation guarantee for, a
separate cumulative discounted-return optimization problem. The coefficients λ1, λ2, λ3, λ4

are thus mission-design parameters of the online multi-objective utility rather than learned
policy parameters. Their influence on the resulting mission–structure–resource operating
point is evaluated empirically in the reward-weight sensitivity analysis in Section 7.9.

5.7. Formal Problem Statement

The preceding formulation establishes a unified view of UAV swarm coordination as a
dynamic graph optimization problem in which communication structure and agent behav-
ior evolve jointly over time. The objective is not only to maximize mission effectiveness but
also to preserve the structural resilience required for sustained coordination under adverse
operating conditions.

Accordingly, the problem addressed in this work can be stated as follows:
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Problem Statement. Given the communication–task graph Gt at coordination step t, its
adaptive k-truss backbone Bt, the locally available state of each UAV, and the corresponding
feasible action set At

i , determine for each active UAV ui the decentralized action

at,∗
i = arg max

a∈At
i

Ut
i (a), (24)

while

1. Maintaining an adaptive k-truss-supported communication backbone under the cur-
rent topology;

2. Supporting efficient execution of dynamically evolving mission tasks;
3. Preserving useful communication connectivity under stochastic link and UAV failures;
4. Balancing mission effectiveness, structural cohesion, and resource consumption.

The selected actions modify UAV positions, task states, and potentially the communi-
cation topology. The graph is therefore updated after each coordination step, after which
the backbone and graph-derived descriptors are recomputed and the decision process is
repeated. The resulting formulation is a repeated closed-loop decision process rather than
a single optimization over the complete mission horizon.

This problem statement provides the foundation for the adaptive graph-constrained
coordination framework presented in the following section.

6. Proposed Approach: Graph-Constrained Agentic Coordination
The formulation developed in Section 5 establishes UAV swarm coordination as

a closed-loop dynamic graph decision problem in which communication structure and
decentralized actions evolve jointly over time. In disaster-response environments, commu-
nication links are continuously affected by mobility, environmental obstacles, interference,
and failures, while mission requirements change as new tasks emerge and operational
priorities evolve. Consequently, effective coordination requires both responsive decen-
tralized decision-making and preservation of the structural properties that support reli-
able information exchange across the swarm. To address this challenge, we propose a
resilience-aware graph-constrained agentic coordination framework that integrates struc-
tural cohesion preservation directly into the decision-making process. Unlike conventional
approaches that treat communication topology as a passive support mechanism, the pro-
posed framework explicitly maintains an adaptive k-truss backbone that serves as a resilient
communication core while simultaneously guiding decentralized agent actions. In this way,
mission execution and communication resilience become tightly coupled objectives rather
than independent optimization goals.

The framework consists of four interacting components: (i) dynamic communication–
task graph construction, (ii) adaptive k-truss backbone extraction, (iii) graph-aware agentic
decision-making, and (iv) closed-loop graph evolution. Together, these components es-
tablish a continuous feedback process in which graph structure influences agent behavior,
while agent actions actively reshape and preserve the underlying communication topology.

Figure 4 illustrates the proposed framework in a representative disaster-response
scenario. The following subsections describe each component in detail and present the
algorithms that implement the proposed coordination strategy.
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Figure 4. Overview of the proposed resilience-aware graph-constrained agentic coordination frame-
work in a representative disaster-response scenario. UAVs perform mission tasks while maintaining
an adaptive k-truss communication backbone that preserves structural resilience under dynamic
topology changes, communication disruptions, and environmental constraints.

The scenario illustrated in Figure 4 captures the central principle of the proposed
approach: communication structure and agent behavior evolve jointly and must therefore
be managed within a unified coordination framework. UAVs operate in a dynamic disaster
environment characterized by evolving tasks, communication disruptions, environmen-
tal obstacles, and potential node failures. To maintain mission continuity under such
conditions, the swarm continuously constructs a communication–task graph, extracts a
resilient adaptive k-truss backbone, and generates graph-aware decisions that balance task
execution with communication resilience.

This closed-loop interaction enables the swarm to preserve triangle-supported com-
munication structures while adapting to changing operational requirements. The following
subsections describe the four core components of the framework and the algorithms that
realize this coordination process.

6.1. Dynamic Communication–Task Graph Construction

The first component transforms the physical disaster-response environment into the
graph representation required by the proposed framework. This step is essential because
UAV positions, communication conditions, and task locations evolve over time; therefore,
the graph cannot be assumed static or fixed.

At each time step t, the swarm is represented by Gt = (Vt, Ec
t , Eτ

t , Pt, Wt). The com-
munication layer Ec

t captures feasible UAV-to-UAV links, while the task layer Eτ
t connects

UAVs to active tasks in Pt. The weights Wt encode link quality, reliability, cost, or other
communication attributes relevant to coordination.

Algorithm 1 summarizes this construction process.
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Algorithm 1 Dynamic Communication–Task Graph Construction

Require: UAV states, task set Pt, communication thresholds
Ensure: Dynamic graph Gt

1: Initialize Vt, Ec
t ← ∅, Eτ

t ← ∅
2: for each pair of UAVs (ui, uj) do
3: if communication feasibility condition is satisfied then
4: Add (ui, uj) to Ec

t
5: Assign edge weight wt

ij
6: end if
7: end for
8: for each UAV ui and task Tk ∈ Pt do
9: if task-assignment condition is satisfied then

10: Add (ui, Tk) to Eτ
t

11: end if
12: end for
13: return Gt = (Vt, Ec

t , Eτ
t , Pt, Wt)

This graph becomes the input to the structural-resilience layer. However, the con-
structed graph may still contain fragile links; therefore, a second step is required to extract
a robust communication backbone.

6.2. Structural Backbone Extraction via k-Truss Cohesion

Once Gt is constructed, the next objective is to identify the part of the communication
graph that is structurally reliable. Simple connectivity is not enough in disaster environ-
ments because a connected graph may still fragment after a small number of link failures.

To overcome this weakness, we extract a k-truss backbone Bt ⊆ Tk(Gt). This backbone
retains edges that have sufficient triangle support, meaning that each retained link is
reinforced by alternative local paths. Figure 5 illustrates this pruning process before
Algorithm 2 formalizes it.

Gt

=⇒

Bt ⊆ Tk(Gt)

Figure 5. Illustration of k-truss backbone extraction. Weak edges with insufficient triangle support
are removed, leaving a structurally cohesive backbone Bt.

Algorithm 2 evaluates and updates support with respect to the current residual graph
B. When an edge is removed, every triangle containing that edge is destroyed, and the
support of the two remaining triangle edges is decremented. Consequently, when the
queue becomes empty,

suppBt
(e) ≥ kt − 2, ∀e ∈ E(Bt), (25)

and the returned backbone satisfies the standard k-truss definition. Algorithm 2 is a
support-based extraction procedure, not a newly proposed incremental truss-maintenance
algorithm. Dynamic adaptation occurs at the framework level: mobility, link formation,
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link loss, and UAV failures change Gc
t , after which the backbone is recomputed from the

updated graph. Existing incremental or fully dynamic truss-maintenance procedures could
replace this extraction step in future large-scale implementations without changing the
surrounding AI coordination architecture.

Algorithm 2 k-Truss Backbone Extraction on the Current Graph

Require: Communication graph Gc
t = (Vt, Ec

t ); truss parameter kt
Ensure: Valid backbone Bt ⊆ Tkt(G

c
t )

1: B← Gc
t

2: for all e = (u, v) ∈ E(B) do
3: suppB(e)← |NB(u) ∩ NB(v)|
4: end for
5: Q ← {e ∈ E(B) : suppB(e) < kt − 2}
6: while Q ̸= ∅ do
7: Remove an edge e = (u, v) from Q
8: if e /∈ E(B) then
9: continue

10: end if
11: W ← NB(u) ∩ NB(v)
12: Remove e from B
13: for all w ∈ W do
14: for all e′ ∈ {(u, w), (v, w)} ∩ E(B) do
15: suppB(e

′)← suppB(e
′)− 1

16: if suppB(e
′) < kt − 2 then

17: Insert e′ into Q
18: end if
19: end for
20: end for
21: end while
22: Remove isolated vertices from B
23: Bt ← B
24:
25: return Bt

Adaptive Selection of the Truss Parameter

Let the set of candidates be K = {kmin, . . . , kmax}. At each coordination cycle, ATAC
selects the strongest feasible truss level whose node coverage remains above a prescribed
threshold η ∈ (0, 1]:

addedk∗t = max
{

k ∈ K :
|V(Tk(Gc

t ))|
|Vt|

≥ η

}
. (26)

If no candidate satisfies the coverage condition, the selector uses kmin. Equation (26)
operationalizes the The trade-off is stated in Proposition 1. Under A topology that is well
supported would then allow a larger value of k∗t to be chosen. After severe edge or node
loss, the selector may temporarily decrease. To keep adequate backbone coverage, we
should use k∗t .

6.3. Graph-Aware Agentic Decision-Making

After the resilient backbone has been identified, each UAV must choose actions that
serve the mission while preserving the communication structure. This is where the agentic
component enters: agents do not merely react to local observations but reason over the
graph context.
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For each UAV ui, the decision policy is conditioned on its local observation ot
i and the

graph state. In practice, the agent uses information from both Gt and Bt to infer whether its
movement or task selection may strengthen or weaken the swarm structure.

Figure 6 summarizes this decision module.

Local observation
ot

i

Graph context
Gt, Bt

Encoding
ht

i = Φ(ot
i , Gt, Bt)

Policy
πi

Action
at

i

Figure 6. Graph-aware agentic decision module. Each UAV combines local observations with
graph and backbone information to generate an action that supports both task execution and
structural resilience.

Algorithm 3 implements the per-step constrained utility maximization in Equation (23).
It is therefore the online decision rule of the closed-loop ATAC controller, rather than a
solver or approximation algorithm for a separate cumulative discounted-return objective.

Algorithm 3 Graph-Aware Decentralized AI Action Selection

Require: UAV ui; local observation ot
i ; graph Gc

t ; backbone Bt; feasible action set At
i

Ensure: Selected action at
i

1: Compute local degree dt
i

2: Compute mean incident-link quality q̄t
i

3: Compute mean incident-edge support τ̄t
i

4: Determine backbone membership bt
i

5: Compute retained-edge ratio ρt
i

6: Compute normalized local-component size ℓt
i

7: zt
i ← [dt

i , q̄t
i , τ̄t

i , bt
i , ρt

i , ℓ
t
i ]

8: ht
i ← Φ(ot

i , zt
i)

9: for all a ∈ At
i do

10: Predict the local effect of a on task progress, connectivity, structural support, and
energy

11: Evaluate Ut
i (a) using Equation (27)

12: end for
13: at

i ← arg maxa∈At
i
Ut

i (a)
14:
15: return at

i

Algorithm 3 is the artificial intelligence (AI) decision-making component of ATAC.
It is autonomous and “graph aware”, though in a completely deterministic way in the
current implementation—the algorithm does not involve policy-gradient updates, replay-
buffer sampling, actor-critic networks, or other common machine learning tools. In other
words, the name AI-enabled is used here in the sense of decentralized decision making
via graph-aware local rules. The graph awareness is built in by design, via the explicitly
defined bonus zt

i in the action preference mask. For instance, a higher structural score can
be expected for a relay-positioning action, if it creates new incident triangle supports or
reconnects a UAV to the backbone. Symmetrically, a task-directed movement might be
penalized as it could disconnect a critical backbone edge, thus isolating one or more UAVs.
In this way, the local processing of each UAV is linked to the global properties of a k-truss.

6.4. Resilience-Aware Decision Utility

To ensure that decentralized decisions remain aligned with the global coordination
objective, each agent evaluates candidate actions through a resilience-aware utility function.

For an agent ui, the utility of an action at
i is defined as

Ui(at
i) = αSt

i + βCt
i + γTt

i − δEt
i , (27)
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where

• St
i quantifies task-related benefit;

• Ct
i quantifies local connectivity preservation;

• Tt
i quantifies contribution to k-truss backbone stability;

• Et
i quantifies energy expenditure.

The coefficients α, β, γ, δ control the relative importance of mission accomplishment,
communication resilience, structural cohesion, and resource efficiency. The policy therefore
favors actions that improve mission performance while preserving the integrity of the
resilient communication backbone. This mechanism creates a direct link between local
decision-making and global structural robustness.

6.5. Closed-Loop Graph-Constrained Coordination

The previous components now come together into a closed-loop coordination process.
At each time step, the graph is reconstructed, the resilient backbone is updated, agents
select graph-aware actions, and the environment evolves.

This final step is essential because the system is dynamic: actions affect future connec-
tivity, task allocation, and resilience. The method therefore does not solve a one-time graph
problem; it continuously maintains a resilient and adaptive swarm.

Algorithm 4 summarizes the full proposed framework.

Algorithm 4 Closed-Loop ATAC Coordination Framework

Require: Initial environment state; candidate set K; coverage threshold η; horizon T
Ensure: Joint-action sequence {At}T

t=0
1: Initialize G0
2: for t = 0 to T do
3: Observe UAV states, active tasks, link quality, and failures
4: Identify topology changes

∆Gt = (∆E+
t , ∆E−t , ∆V−t )

5: Construct the current graph Gt using Algorithm 1
6: Select k∗t using Equation (26)
7: Extract Bt using Algorithm 2
8: for all ui ∈ Vt do
9: Compute at

i using Algorithm 3
10: end for
11: Form At = (at

1, . . . , at
n)

12: Execute At
13: Update Gt+1 = F (Gt, At, ξt)
14: end for
15:
16: return {At}T

t=0

6.6. Computational Complexity Analysis

The computational cost of the proposed framework arises primarily from three operations:
graph construction, k-truss backbone maintenance, and decentralized decision generation.

For a swarm containing n UAVs and m communication edges, graph construction
requires evaluating pairwise communication feasibility and therefore incurs a worst-case
complexity of

O(n2). (28)
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The k-truss extraction procedure iteratively evaluates triangle support for commu-
nication edges. Using standard support-based maintenance methods, the worst-case
complexity is

O(m1.5), (29)

although practical performance is significantly lower for sparse UAV communication
networks.

For decentralized decision-making, each UAV performs local graph-aware reasoning
using information obtained from neighboring agents. Assuming bounded neighborhood
size, the resulting complexity scales approximately linearly with the swarm size:

O(n). (30)

Consequently, the overall complexity of each coordination cycle is dominated by graph
maintenance operations, yielding

O(n2 + m1.5). (31)

This complexity remains practical for medium- and large-scale UAV swarms and is
further mitigated by the decentralized nature of the decision process.

6.7. Communication Overhead Analysis

Communication efficiency is an important consideration for UAV swarm coordination
because excessive message exchange may increase latency, energy consumption, and
network congestion.

In the proposed framework, each UAV exchanges information only with agents located
within its communication neighborhood. Let dt

i denote the degree of UAV ui at time t. The
communication cost associated with local information sharing is therefore

O

(
n

∑
i=1

dt
i

)
= O(m). (32)

Because coordination decisions rely primarily on local graph information and back-
bone membership indicators, the framework avoids global network broadcasts and central-
ized aggregation procedures.

As a result, communication overhead grows proportionally to the number of active
communication links rather than the size of the global state space, making the approach
suitable for dynamic and bandwidth-limited disaster-response environments.

Overall, the proposed framework operationalizes the central premise of this work:
resilient UAV swarm coordination requires the joint consideration of structural robustness
and adaptive decision-making. The dynamic communication–task graph provides a uni-
fied representation of the evolving operational environment, while the adaptive k-truss
backbone preserves structurally cohesive communication patterns capable of tolerating
disruptions and link failures.

At the decision level, graph-aware agentic policies exploit both local observations
and structural context to generate actions that balance mission effectiveness, connectivity
preservation, and resource efficiency. The resulting closed-loop interaction between graph
evolution and decentralized decision-making enables the swarm to adapt continuously to
changing conditions while maintaining communication resilience.
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The next section evaluates the proposed framework through a comprehensive simula-
tion campaign designed to assess mission performance, structural robustness, scalability,
and fault tolerance under realistic disaster-response conditions.

7. Simulation-Based Evaluation
This section provides an evaluation of the proposed Adaptive k-Truss-Constrained

Agentic AI Coordination framework (ATAC) through a series of simulation studies. Each
simulation study is designed to evaluate a particular claim made in the problem formulation
or methodology. ll results are obtained using a custom simulation environment. As
such, this section uses the terms simulation study, simulation scenario, and simulation run
interchangeably. The current evaluation does not involve real-flight tests or hardware-
in-the-loop simulations. The simulation campaign is organized around the following
research questions:

• RQ1: Does adaptive k-truss backbone reconstruction reduce communication fragmen-
tation and preserve local structural redundancy under stochastic communication-link
failures?

• RQ2: Does the closed-loop graph evolution mechanism reduce structural recovery
time after UAV failures?

• RQ3: How does the truss parameter k affect the resilience–coverage trade-off, and does
adaptive selection provide a more balanced operating point than fixed-k alternatives?

• RQ4: Which components of the proposed framework are responsible for the observed
structural and mission-level effects?

• RQ5: How does the computational cost evolve with the swarm size within the evalu-
ated simulation range?

• RQ6: How sensitive is the framework to the mission-level reward weights under
different disaster intensities?

7.1. Simulation Environment and Setup

All simulation runs were carried out in the custom simulation framework implemented
for this work, which encodes the communication–task graph formulation of Section 5 along
with Algorithms 1–4. It captures the time evolution of the UAV communication graph,
adaptive k-truss backbone extraction, graph-aware agentic decision making, and closed-
loop graph updates in the presence of stochastic mission disturbances. The simulated
environment consists of a two-dimensional disaster area of size 200× 200 m2. UAVs are
initialized uniformly at random over the environment in order to simulate distributed
search and rescue operations; a more centralized formation would be at odds with realistic
settings. Communication links are formed between any two UAVs whose distance is below
the communication radius chosen for the simulator. Tasks are placed randomly in the envi-
ronment and considered complete when a UAV spends the required dwell time inside the
task’s region. The simulation faithfully tracks UAV movements, communication-link forma-
tion and breakage, task allocation and completion, graph updates, and adaptive backbone
maintenance in response to link failures, random UAV losses, and energy consumption.
The communication graph is reworked after each coordination step; the adaptive k-truss
backbone is then extracted and graph-aware decisions are made for the next step. Unless
otherwise noted, all experiments were run using multiple random seeds and report mean
values across independent runs. The same simulator code was used to generate all results
in this section. The experimental campaign comprises six studies: (i) communication-link
failures, (ii) UAV node failures, (iii) adaptive k selection, (iv) ablation, (v) computational
scalability, and (vi) reward-weight sensitivity. They jointly evaluate the efficacy of the
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proposed approach in terms of mission performance, communication robustness, and
computational complexity. Table 3 summarises the main simulation parameters.

Table 3. Main simulation parameters.

Parameter Symbol Value

Arena size L 200× 200 m2

Communication range rc 50 m
UAV maximum speed vmax 3.0 m/step
Task service radius rt 6 m
Initial number of tasks |P0| 20
Maximum active tasks |P|max 60
Task spawning probability pspawn 0.085
Simulation horizon T 100 steps
Default swarm size n 50 UAVs
Scalability range – 20–90 UAVs
Initial energy E0 100 units
Movement energy cost – 0.045 units/step
Communication energy cost – 0.007 units/message
Default k k 3
Adaptive k – Enabled (k ∈ {3, 4, 5})
Minimum backbone coverage η 50%
Failure injection step t f 25
Default link failure probability pfail 0.15
Default node failure probability pnode 0.00 (experiment dependent)
Random seed – Experiment dependent

Figure 7 illustrates representative snapshots of the simulated environment: the healthy
swarm at t = 0, the communication graph immediately after a node failure event, and
the same swarm after ATAC has had time to restore triangle- supported backbone edges.
Figure 8 illustrates the k-truss backbone extraction procedure described in Algorithm 2.

Figure 7. Simulation environment snapshots. (a) Healthy swarm at t = 0: all UAVs active, backbone
edges (red) and regular communication edges (light blue) visible. (b) Immediately after a node-failure
event ( f = 0.25): failed UAVs marked with crosses, triangle support reduced. (c) After ATAC
recovery (t = 60): backbone edges partially restored by repositioning surviving UAVs. Blue nodes:
regular UAVs; red nodes: backbone UAVs; grey crosses: failed UAVs.
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Figure 8. k-truss backbone extraction (Algorithm 2) applied to a 22-node communication graph.
(a) Full communication graph Gt; (b) 3-truss backbone: edges with triangle support ≥ 1 retained;
(c) 4-truss backbone: stricter triangle requirement further prunes fragile edges. Red edges and nodes
belong to the backbone; grey elements are excluded.

7.2. Compared Methods

To benchmark our approach, we evaluated several alternative coordination strategies.
We mapped each baseline directly to the core components of our adaptive framework,
establishing a structured and interpretable basis for the ablation study presented in the
Section 7.7.

• GTA (Greedy Task Allocation): Actions maximise the task-performance term St
i in

Equation (27) alone; no connectivity or structural terms. Equivalent to setting
λ2 = λ3 = 0 in Equation (16).

• CPC (Connectivity-Preserving Coordination): Augments GTA with a connectivity penalty
(λ2 > 0, λ3 = 0). Preserves the Ct term in Equation (19) but does not enforce triangle-
supported cohesion.

• GAC (Graph-Aware Coordination): Conditions agent policies on the local graph state Gt

but does not extract or maintain the k-truss backbone Bt. Structurally equivalent to
ATAC with Algorithm 2 removed.

• ATAC-Fixed: The complete framework with the truss parameter fixed at k = 3
throughout each episode. Uses Algorithms 1–4 but does not adapt k.

• ATAC (proposed): The full framework combining dynamic graph construction
(Algorithm 1), adaptive k-truss backbone extraction (Algorithm 2), graph-aware agen-
tic decision-making (Algorithm 3), and closed-loop graph evolution (Algorithm 4),
with the multi-objective reward Rt (Equation (16)).

7.3. Evaluation Metrics

To provide a comprehensive assessment of the proposed ATAC framework, the
evaluation metrics are selected so that each one measures a specific component of the
optimization objective defined in Equation (16). Rather than relying on a single performance
indicator, the metrics jointly evaluate mission effectiveness, structural resilience, and
computational efficiency.

7.4. RQ1: Resilience Under Communication-Link Failures

RQ1 examines how the evaluated coordination strategies respond when inter-UAV
communication becomes progressively less reliable. This condition is particularly relevant
to disaster-response operations, where mobility, obstruction, interference, and infrastruc-
ture damage can make communication intermittent even when the UAVs themselves
remain operational. The purpose of this simulation study is not to reproduce a particular
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disaster or wireless propagation environment but to provide a controlled assessment of
how the coordination strategies respond to increasing communication degradation.

We consider five communication-link failure probabilities,

pfail ∈ {0.05, 0.12, 0.18, 0.24, 0.32},

and compare GTA, CPC, GAC, ATAC-Fixed, and the proposed adaptive ATAC. Each
method–failure combination is evaluated using 10 independent random seeds and 270
coordination steps. To characterize established swarm behavior rather than the initial
transient, the reported statistics are computed over the final 25% of each simulation. For
each seed, a metric is first averaged over this interval, after which the mean and standard
deviation are calculated across the independent runs. The evaluation metrics used in the
simulation are summarized in Table 4.

Table 4. Evaluation metrics used to assess mission effectiveness, communication resilience, structural
robustness, recovery capability, and computational efficiency.

Category Metric Definition Purpose

Mission
Performance

Task Completion
Rate (TCR) TCR = Ncompleted/|P|

Measures mission success (St,
Equation (18)). Higher values
indicate better task
accomplishment.

Weighted Task Success (WTS) WTS = ∑
p∈P

wp I(p completed),

Measures mission effectiveness
while accounting for task priorities.
Higher values indicate that the
coordination strategy successfully
completes more important tasks.

Structural
Resilience

Largest Connected Component
Ratio (LCC) LCC = |LCCt|/|Vt|

Measures global communication
connectivity (Ct, Equation (19)).
Higher is better.

Fragmentation Ratio (FR) FR = (Ct − 1)/(|Vt| − 1)
Quantifies network partitioning.
Lower values indicate higher
resilience.

Average Triangle Support (ATS) ATSt =
1

|E(Bt)| ∑
e∈E(Bt)

suppBt
(e).

Measures local structural redundancy
within the extracted backbone.
Higher ATS indicates that retained
backbone edges participate in more
triangle-supported alternative
communication paths.

Backbone Retention Ratio (BRR) BRRt =
|E(Bt)|
|Ec

t |

Measures the proportion of
communication edges retained in the
extracted k-truss backbone. BRR
quantifies backbone coverage and
should be interpreted jointly with
ATS, since stricter truss constraints
may reduce backbone size while
increasing structural redundancy.

Efficiency

Energy Consumption (EC) Total energy consumed during one
mission.

Measures the energy term Et
(Equation (21)). Lower is better.

Execution Time per Coordination
Cycle (ET)

Average computation time required
to execute one coordination cycle.

Evaluates computational scalability
and practical real-time applicability.

Table 5 summarizes the aggregate results over the complete failure sweep. A first
observation is that no method dominates all evaluation metrics. Instead, the results reveal
a trade-off between mission execution and preservation of global graph properties. This
distinction is important for interpreting ATAC because the adaptive k-truss mechanism
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is intended to provide a structurally supported substrate for decentralized coordination
rather than simply maximize the number or density of communication links.

Table 5. Communication-link failure results (RQ1). Values are mean ± standard deviation across the
five tested link-failure probabilities and 10 independent seeds, computed over the final 25% of each
simulation. Arrows indicate the preferred direction. BRR is reported descriptively and is not ranked
across methods.

Method TCR ↑ LCC ↑ FR ↓ ATS ↑ BRR

GTA 0.839 ± 0.070 0.855 ± 0.121 0.020 ± 0.013 24.141 ± 8.357 1.000 ± 0.001
CPC 0.761 ± 0.073 0.796 ± 0.137 0.022 ± 0.016 21.175 ± 7.393 1.000 ± 0.001
GAC 0.723 ± 0.094 0.865 ± 0.153 0.022 ± 0.016 28.159 ± 8.298 1.000 ± 0.000
ATAC-Fixed 0.879 ± 0.052 0.716 ± 0.158 0.041 ± 0.019 11.276 ± 4.127 0.995 ± 0.004
ATAC 0.871 ± 0.058 0.747 ± 0.134 0.037 ± 0.014 11.940 ± 4.141 0.941 ± 0.041

The task completion results favor the two truss-aware configurations. ATAC-Fixed
achieves the highest aggregate TCR, 0.879± 0.052, closely followed by adaptive ATAC at
0.871± 0.058. GTA obtains 0.839± 0.070, while CPC and GAC obtain 0.761± 0.073 and
0.723± 0.094, respectively. Relative to the non-truss baselines, adaptive ATAC improves
aggregate TCR by approximately 3.8% over GTA, 14.5% over CPC, and 20.5% over GAC.
ATAC-Fixed remains slightly higher than adaptive ATAC, with an absolute difference
of 0.008, or 0.8 percentage points. This small difference should not be interpreted as
evidence that adaptive k universally improves task completion. Rather, it shows that online
adjustment of the structural constraint retains mission performance close to the strongest
fixed-k configuration.

The behavior of adaptive ATAC across individual failure levels provides a comple-
mentary view. Its mean TCR is 0.877, 0.867, 0.863, 0.881, and 0.868 for pfail = 0.05, 0.12,
0.18, 0.24, and 0.32, respectively. Thus, increasing the link-failure probability from 0.05 to
0.32 changes mean TCR from 0.877 to 0.868, an absolute reduction of only 0.009. Although
the response is not strictly monotonic across the intermediate conditions, task completion
remains comparatively stable throughout the tested range.

Figure 9 also resolves an important limitation of the earlier evaluation, in which task
completion was saturated and therefore provided little discrimination between methods.
Under the regenerated failure conditions, the methods exhibit distinct TCR values, while
adaptive ATAC remains close to the strongest fixed-k configuration across the tested
failure range.

The graph-level results show a different ordering. GAC obtains the highest aggregate
LCC, 0.865± 0.153, followed closely by GTA at 0.855± 0.121. GAC also achieves the highest
ATS, 28.159± 8.298, whereas GTA obtains the lowest fragmentation rate, 0.020± 0.013.
Adaptive ATAC therefore does not dominate the baselines on every structural metric.

This result is informative rather than contradictory. LCC and ATS describe properties
of the communication graph, but neither metric alone measures whether the available
communication structure is being used effectively for task execution. GAC, for example,
maintains the highest aggregate LCC and ATS while obtaining the lowest aggregate TCR
among the five evaluated methods. Conversely, the two ATAC configurations obtain the
highest aggregate task completion rates despite operating with lower LCC and ATS values.
The results therefore caution against treating raw graph density, component size, or triangle
support as standalone surrogates for mission effectiveness.
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Figure 9. Task-completion rate (TCR) under increasing communication-link failure probability.
Curves show the mean over 10 independent seeds, while shaded regions indicate ±1 standard
deviation. Adaptive ATAC maintains comparatively stable task completion across the tested
communication-degradation conditions.

Figures 10–12 make this distinction visible across the complete failure sweep. The
methods that preserve the largest or most triangle-supported communication graph are not
necessarily those that achieve the highest task completion rate. This supports evaluating
mission-level and structural metrics jointly rather than interpreting any single graph
statistic as a complete measure of resilience.

Figure 10. Largest connected component ratio (LCC) under increasing communication-link failure
probability. Curves show the mean over 10 independent seeds, while shaded regions indicate ±1
standard deviation.

The comparison between ATAC-Fixed and adaptive ATAC provides a more direct
assessment of the adaptive mechanism. Relative to ATAC-Fixed, adaptive ATAC increases
aggregate LCC from 0.716 to 0.747 and ATS from 11.276 to 11.940 while reducing fragmen-
tation from 0.041 to 0.037. These changes correspond to an approximately 4.3% increase
in LCC, 5.9% increase in ATS, and 9.8% reduction in fragmentation, while aggregate TCR
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decreases by only 0.008. These differences are descriptive and are not claimed to be sta-
tistically significant in the absence of a dedicated paired significance test. Nevertheless,
they show that adaptive k changes the operating point of the truss-aware policy rather than
merely reproducing the behavior of the fixed-k configuration.

Figure 11. Fragmentation ratio (FR) under increasing communication-link failure probability. Curves
show the mean over 10 independent seeds, while shaded regions indicate ±1 standard deviation.
Lower values indicate less fragmentation of the communication graph.

Figure 12. Average triangle support (ATS) under increasing communication-link failure probability.
Curves show the mean over 10 independent seeds, while shaded regions indicate ±1 standard
deviation.

The BRR values require additional care in interpretation. GTA, CPC, and GAC exhibit
BRR values close to unity, while adaptive ATAC obtains 0.941± 0.041. BRR should not,
however, be interpreted as a direct cross-method performance ranking. For the truss-
aware policies, the backbone is deliberately a selective subgraph of the instantaneous
communication graph, and adaptive selection of k can remove edges that do not satisfy the
selected structural requirement. A smaller retained fraction can therefore reflect a more
selective backbone rather than simply a loss of communication capability. For this reason,
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BRR is reported descriptively in Table 5 and is interpreted together with task completion,
connectivity, fragmentation, and triangle support.

Most importantly, the selected truss level changes systematically as communication
conditions deteriorate. At pfail = 0.05, ATAC selects k = 5 throughout the observed
trajectory. At pfail = 0.12, approximately 98.7% of the selections remain at k = 5. This
proportion decreases to approximately 94.3% at pfail = 0.18 and 86.0% at pfail = 0.24. Under
the most severe tested condition, pfail = 0.32, approximately 73.4% of the selections use
k = 5, 23.4% use k = 4, and 3.2% use k = 3. Correspondingly, the mean selected truss level
decreases from approximately 5.00 at the lowest failure probability to approximately 4.70
at the highest.

Figure 13 makes the adaptation mechanism explicit. The distribution of the selected
truss level progressively shifts toward lower values as communication degradation in-
creases, rather than remaining concentrated at one fixed value of k. The direction of this
change is consistent with the intended role of adaptive truss selection. When sufficient
triangle-supported connectivity is available, ATAC can maintain a stronger structural
requirement. As communication links are lost and stronger requirements become more
difficult to sustain, lower values of k are selected more frequently.

Figure 13. Adaptive truss-level selection under increasing communication-link failure probability.
Lower truss levels are selected increasingly often as communication degradation becomes more
severe. At pfail = 0.32, approximately 73.4% of the selections use k = 5, 23.4% use k = 4, and 3.2%
use k = 3.

The observed change therefore provides direct evidence that the adaptive mechanism
responds systematically to changes in the evolving communication topology rather than
behaving as an effectively fixed truss policy. Importantly, this interpretation does not
require adaptive ATAC to maximize every individual graph metric. Its role is to modify the
structural constraint online as the conditions under which coordination takes place change.

This behavior is particularly relevant to the disaster-response setting that motivates
the framework. During a mission, the communication structure available to a UAV swarm
may change because of mobility, obstruction, interference, or infrastructure disruption. A
coordination strategy that assumes that the same structural requirement remains appropri-
ate throughout the mission may therefore become unnecessarily restrictive as conditions
deteriorate. Within the controlled simulation considered here, adaptive ATAC instead
modifies the truss requirement as the available topology changes.
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Taken together, the RQ1 results reveal a more informative resilience trade-off than
a single-metric ranking. Adaptive ATAC achieves the second-highest aggregate TCR
(0.871± 0.058), only 0.008 below ATAC-Fixed, while outperforming GTA, CPC, and GAC
in aggregate task completion. Relative to ATAC-Fixed, adaptation also improves LCC
and ATS and reduces fragmentation. At the same time, the selected truss level changes
systematically as communication conditions deteriorate, with lower values of k occurring
increasingly often at higher link-failure probabilities.

RQ1 therefore supports the intended role of adaptive k: not to maximize every graph
metric independently, but to adjust the structural constraint as communication conditions
change while retaining strong mission-level performance. Within the tested conditions,
ATAC provides a mechanism for changing the balance between task execution and struc-
tural connectivity rather than assuming that a single fixed connectivity requirement remains
appropriate throughout the mission.

7.5. RQ2: Resilience Under UAV Node Failures

RQ2 examines how the coordination strategies respond when individual UAVs become
unavailable during an ongoing mission. Unlike RQ1, where the UAVs remain operational
but communication links are intermittently removed, node failures directly reduce the
number of agents available for sensing, task execution, and communication. This provides
a complementary resilience test that is particularly relevant to disaster-response opera-
tions, where UAVs may become unavailable because of battery depletion, hardware faults,
collision, environmental exposure, emergency landing, or loss of control.

We consider four node-failure probabilities,

pnode ∈ {0, 0.0008, 0.0016, 0.0028},

and evaluate GTA, CPC, GAC, ATAC-Fixed, and adaptive ATAC. Each method–failure
combination is evaluated using 10 independent random seeds and 260 coordination steps.
As in RQ1, the reported statistics are computed over the final 25% of each simulation. For
each seed, a metric is first averaged over this late-mission interval, after which the mean
and standard deviation are calculated across the independent runs.

Table 6 summarizes the aggregate results over the complete node-failure sweep. As
in the communication-link failure experiment, no single method dominates every metric.
Instead, the results distinguish between mission completion, preservation of global graph
properties, and resource expenditure.

Table 6. UAV node-failure results (RQ2). Values are mean ± standard deviation across the four tested
node-failure probabilities and 10 independent seeds, computed over the final 25% of each simulation.
Arrows indicate the preferred direction.

Method TCR ↑ WTS ↑ LCC ↑ FR ↓ ATS↑ Energy ↓
GTA 0.843 ± 0.063 0.886 ± 0.051 0.864 ± 0.139 0.027 ± 0.025 18.886 ± 7.467 21.361 ± 3.475
CPC 0.738 ± 0.096 0.795 ± 0.083 0.764 ± 0.142 0.040 ± 0.028 15.624 ± 5.586 14.821 ± 2.085
GAC 0.737 ± 0.091 0.797 ± 0.084 0.835 ± 0.143 0.030 ± 0.021 21.080 ± 8.832 15.917 ± 2.502
ATAC-Fixed 0.868 ± 0.058 0.875 ± 0.073 0.686 ± 0.131 0.059 ± 0.022 7.510 ± 3.531 5.631 ± 0.601
ATAC 0.857 ± 0.059 0.857 ± 0.075 0.729 ± 0.148 0.049 ± 0.022 9.391 ± 3.347 5.770 ± 0.442

The mission-level results favor the two truss-aware configurations. ATAC-Fixed
achieves the highest aggregate TCR, 0.868± 0.058, followed closely by adaptive ATAC at
0.857± 0.059. GTA obtains 0.843± 0.063, whereas CPC and GAC obtain 0.738± 0.096 and
0.737± 0.091, respectively. Relative to the non-truss baselines, adaptive ATAC improves
aggregate TCR by approximately 1.7% over GTA, 16.1% over CPC, and 16.3% over GAC.
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The difference between ATAC and ATAC-Fixed is only 0.011 in absolute TCR. Accordingly,
these results do not suggest that adaptation simply maximizes task completion; rather,
they indicate that adaptive ATAC retains mission performance close to the strongest fixed
configuration while modifying the structural operating point as UAVs are lost. Figure 14
illustrates the TCR trends across the tested UAV node-failure probabilities.

Figure 14. Task- completion rate (TCR) under increasing UAV node-failure probability. Curves show
the mean over 10 independent seeds, while shaded regions indicate ±1 standard deviation.

The graph-level results show a different ordering. GTA achieves the highest aggregate
LCC (0.864± 0.139) and the lowest fragmentation rate (0.027± 0.025), while GAC achieves
the highest ATS (21.080± 8.832). Adaptive ATAC therefore does not maximize every global
graph statistic. This mirrors the result observed in RQ1: preserving the largest or most
triangle-rich full communication graph is not equivalent to maximizing task completion. In
particular, GAC exhibits substantially higher ATS than adaptive ATAC but a considerably
lower aggregate TCR (0.737 versus 0.857).

The comparison between adaptive ATAC and ATAC-Fixed provides the most direct
evidence about the effect of adaptive truss selection. Relative to the fixed configuration,
adaptive ATAC increases aggregate LCC from 0.686 to 0.729 and ATS from 7.510 to 9.391,
while reducing fragmentation from 0.059 to 0.049. These correspond to an approximately
6.3% increase in LCC, 25.0% increase in ATS, and 16.9% reduction in fragmentation. These
structural changes are obtained while aggregate TCR decreases by only 0.011.

The difference becomes particularly visible at the most severe tested node-failure
condition, pnode = 0.0028. Under this condition, adaptive ATAC obtains an LCC of
approximately 0.759, compared with approximately 0.660 for ATAC-Fixed, corresponding
to an increase of about 15.0%. Fragmentation decreases from approximately 0.0817 to
0.0567, a reduction of about 30.6%, while ATS increases from approximately 4.521 to
6.917, or about 53.0%. These differences are reported descriptively and are not claimed
to be statistically significant in the absence of a dedicated paired significance test. They
nevertheless show that the effect of adaptation becomes more pronounced when node
degradation is strongest. The corresponding LCC and fragmentation trends across the
tested node-failure probabilities are shown in Figures 15 and 16, respectively.
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Figure 15. Largest connected component ratio (LCC) under increasing UAV node-failure probability.
Curves show the mean over 10 independent seeds, while shaded regions indicate ±1 standard
deviation.

Figure 16. Fragmentation ratio (FR) under increasing UAV node-failure probability. Curves show
the mean over 10 independent seeds, while shaded regions indicate ±1 standard deviation. Lower
values indicate less fragmentation.

Resource expenditure provides another important dimension of the comparison. Adap-
tive ATAC uses 5.770± 0.442 simulator energy units, compared with 21.361± 3.475 for
GTA, 14.821 ± 2.085 for CPC, and 15.917 ± 2.502 for GAC. Relative to these non-truss
baselines, this corresponds to reductions in modeled energy expenditure of approximately
73.0%, 61.1%, and 63.8%, respectively. ATAC-Fixed is slightly lower at 5.631± 0.601. These
values are specific to the energy model used in the simulator and should therefore not
be interpreted directly as physical flight time or battery endurance. Within the common
simulation model, however, the results show that the high task completion performance of
the truss-aware strategies is not obtained through greater modeled energy expenditure.

A central question in RQ2 is whether adaptive k actually responds to the progressive
loss of UAVs. The observed selection frequencies show a systematic change. With no node
failures, pnode = 0, approximately 94.9% of ATAC selections use k = 5 and 5.1% use k = 4.
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At pnode = 0.0008, the corresponding proportions are approximately 94.0% and 6.0%. At
pnode = 0.0016, the share of k = 5 decreases to approximately 91.5%, while k = 4 increases
to 8.3% and k = 3 appears in approximately 0.1% of the selections.

The shift becomes clearer under the strongest tested node degradation. At pnode = 0.0028,
the share of k = 5 decreases to approximately 80.8%, while k = 4 rises to 18.7% and k = 3
accounts for approximately 0.5% of the selections.

Figure 17 makes this response explicit. The adaptive mechanism does not remain con-
centrated at a single value of k as UAV losses increase. Instead, stronger node degradation is
associated with progressively more frequent selection of lower truss levels. This result com-
plements RQ1, where the same qualitative shift was observed under communication-link
failures. The two experiments therefore show that adaptive k responds systematically under
two distinct forms of degradation: loss of communication links and loss of UAV nodes.

Figure 17. Distribution of the truss level selected by adaptive ATAC under increasing UAV node-
failure probability. As node degradation increases, the share of k = 5 decreases and lower truss levels
are selected more frequently, showing that the structural requirement is adjusted as the surviving
communication topology changes.

This behavior has a direct interpretation in the disaster-response setting considered in
this work. When a UAV becomes unavailable, the effect is not limited to the loss of one
sensing or task-execution resource; its incident communication links are also removed,
changing the topology available to the remaining swarm. Maintaining an unchanged
structural requirement may therefore become increasingly restrictive as additional UAVs
are lost. Adaptive ATAC instead allows the required truss level to relax when the surviving
topology provides less structural support. The node-failure experiment should be viewed
as a controlled abstraction of this resource degradation rather than as a physical model of
any specific UAV failure mechanism.

Taken together, RQ2 shows that adaptive ATAC maintains strong mission-level per-
formance under progressive UAV loss while changing its structural operating point as the
surviving network deteriorates. Adaptive ATAC achieves the second-highest aggregate
TCR (0.857± 0.059), only 0.011 below ATAC-Fixed, and outperforms the three non-truss
baselines in aggregate task completion. Relative to ATAC-Fixed, it increases LCC and
ATS and reduces fragmentation, with the largest descriptive differences occurring at the
highest tested node-failure probability. It also retains substantially lower modeled energy
expenditure than GTA, CPC, and GAC.
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RQ2 therefore supports the intended role of adaptive k as a mechanism for adjusting
the structural requirement when the set of available UAVs changes during a mission.
Together with RQ1, the results indicate that ATAC does not require one fixed structural
operating point across different degradation conditions. Instead, it can relax the truss
requirement as either communication links or UAV nodes are lost while retaining high task
completion performance.

7.6. RQ3: Sensitivity to the Truss Level

RQ3 examines how the choice of the truss level k affects ATAC and whether a single
fixed value provides a consistently preferable operating point. We compare fixed configu-
rations with k ∈ {3, 4, 5} against adaptive ATAC under the same communication condition,
pfail = 0.18, with no node failures. Each configuration is evaluated with 10 independent
seeds and 260 coordination steps. As in RQ1 and RQ2, the reported statistics are computed
over the late-mission evaluation window.

Table 7 shows that the choice of k materially affects the operating point. ATAC-k4
achieves the highest TCR (0.911± 0.049) and the lowest fragmentation (0.031± 0.016),
whereas ATAC-k5 provides the highest LCC (0.786 ± 0.147) and ATS (12.542 ± 3.370).
ATAC-k3, in turn, has the lowest modeled energy expenditure. Thus, no fixed value is
uniformly preferable across all of the reported criteria.

Table 7. Sensitivity to fixed and adaptive truss-level selection (RQ3) under pfail = 0.18. Values are
mean ± standard deviation across 10 independent seeds over the late-mission evaluation window.
Arrows indicate the preferred direction. BRR is reported descriptively because it depends directly on
the selected truss requirement.

Configuration TCR ↑ LCC ↑ FR ↓ ATS ↑ BRR Energy ↓
ATAC-k3 0.892 ± 0.044 0.691 ± 0.176 0.042 ± 0.022 9.350 ± 2.849 0.996 ± 0.003 5.448 ± 0.497
ATAC-k4 0.911 ± 0.049 0.761 ± 0.158 0.031 ± 0.016 11.373 ± 2.981 0.982 ± 0.008 5.523 ± 0.402
ATAC-k5 0.876 ± 0.065 0.786 ± 0.147 0.032 ± 0.014 12.542 ± 3.370 0.953 ± 0.015 5.949 ± 0.736
ATAC-Adaptive 0.862 ± 0.074 0.715 ± 0.157 0.036 ± 0.014 11.330 ± 2.696 0.939 ± 0.019 5.937 ± 0.523

The structural effect of k is also substantial. Increasing k from 3 to 5 raises LCC
from 0.691 to 0.786 and ATS from 9.350 to 12.542, corresponding to improvements of
approximately 13.7% and 34.1%, respectively. However, the highest TCR occurs at k = 4,
rather than at the strongest tested truss level. This illustrates why k should be viewed as a
structural control parameter rather than as a neutral implementation constant.

Figure 18 makes this trade-off more apparent. A stronger truss requirement improves
some structural properties but does not necessarily improve task completion. This is the
main motivation for allowing the structural requirement to change when the network
conditions themselves change.

Under the stationary condition used in RQ3, adaptive ATAC selects k = 5 for approxi-
mately 94.1% of all trajectory observations and k = 4 for the remaining 5.9%. During the
late-mission evaluation window, all adaptive runs settle at k = 5.

The behavior in Figure 19 is useful when read together with RQ1 and RQ2. Adaptation
does not imply that k must continually change. When the topology continues to support a
stronger truss requirement, the controller can remain at that level. In contrast, RQ1 and
RQ2 showed that lower values of k are selected more frequently as link or node degradation
becomes more severe.
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Figure 18. Sensitivity of ATAC to the truss level under pfail = 0.18. Points show the mean across
10 independent seeds over the late-mission evaluation window, with error bars indicating±1 standard
deviation. Different values of k favor different mission and structural metrics.

Figure 19. Evolution of the truss level selected by adaptive ATAC in RQ3. The curves show the
proportion of the 10 runs selecting each value of k at every coordination step. Under this stationary
condition, the controller progressively settles on k = 5.

RQ3 therefore does not show that adaptive ATAC always outperforms the best fixed k
under a stationary condition; indeed, k = 4 performs better on TCR in this simulation study.
Rather, it shows that different values of k lead to different mission–structure trade-offs.
Together with the adaptive behavior observed under the changing conditions of RQ1 and
RQ2, this supports using k as an online structural control variable instead of prescribing
one fixed value for the entire mission.

7.7. RQ4: Ablation Analysis

RQ4 examines how the main components of the proposed framework affect mission
and structural performance. We compare GTA, GAC, ATAC-Fixed, and the complete
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adaptive ATAC configuration under the same communication condition, pfail = 0.24, with
N = 50 UAVs and no node failures. Each configuration is evaluated using 12 independent
seeds and 280 coordination steps. The reported values are computed over the late-mission
evaluation window.

Table 8 shows that the different components produce distinct operating points rather
than a single uniformly dominant configuration. ATAC-Fixed achieves the highest aggre-
gate TCR (0.887± 0.062), while adaptive ATAC remains close at 0.869± 0.033. Both truss-
aware configurations outperform GTA and GAC in task completion under this condition.

Table 8. Ablation results for RQ4. Values are mean ± standard deviation across 12 independent seeds
over the late-mission evaluation window. Arrows indicate the preferred direction.

Method TCR↑ LCC ↑ FR ↓ ATS ↑ Energy ↓ RT/Step (s) ↓
GTA 0.808 ± 0.071 0.848 ± 0.094 0.025 ± 0.015 21.055 ± 3.956 25.454 ± 2.218 0.971 ± 0.195
GAC 0.705 ± 0.080 0.900 ± 0.152 0.021 ± 0.016 28.579 ± 7.564 21.048 ± 2.182 1.322 ± 0.310
ATAC-Fixed 0.887 ± 0.062 0.658 ± 0.135 0.047 ± 0.016 8.648 ± 2.196 6.254 ± 0.516 0.532 ± 0.139
ATAC 0.869 ± 0.033 0.739 ± 0.199 0.037 ± 0.013 10.157 ± 2.916 6.552 ± 0.522 0.624 ± 0.125

The comparison between ATAC and ATAC-Fixed is particularly informative. Adap-
tive selection increases LCC from 0.658 to 0.739, corresponding to an improvement of
approximately 12.3%. It also reduces fragmentation from 0.047 to 0.037, a reduction of
approximately 21.4%, and increases ATS from 8.648 to 10.157, or about 17.5%. These struc-
tural gains are obtained with a relatively small reduction in aggregate TCR of about 2.0%
relative to ATAC-Fixed.

Figure 20 highlights the same trade-off. GAC preserves the strongest global graph
structure, whereas the two truss-aware variants achieve higher task completion. Adaptive
ATAC occupies an intermediate structural operating point, improving LCC, fragmentation,
and ATS relative to ATAC-Fixed without a large loss in mission completion.

Figure 20. Ablation comparison of GTA, GAC, ATAC-Fixed, and adaptive ATAC under pfail = 0.24.
Bars show mean TCR, LCC, and fragmentation rate across 12 independent seeds; error bars indicate
±1 standard deviation.

The resource results also support the usefulness of the truss-aware design. Adaptive
ATAC uses 6.552± 0.522 modeled energy units, compared with 25.454± 2.218 for GTA and
21.048± 2.182 for GAC. This corresponds to reductions of approximately 74.3% and 68.9%,
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respectively. Its runtime per coordination step is also lower than GTA and GAC, although
ATAC-Fixed remains the fastest of the two truss-aware variants.

Overall, RQ4 shows that the complete adaptive mechanism does not simply maximize
one metric. Instead, it modifies the balance between mission completion, structural cohe-
sion, and resource cost. Relative to the fixed-k configuration, adaptive ATAC sacrifices only
a small amount of TCR while improving all three reported structural indicators. This sup-
ports the role of adaptive truss selection as a mechanism for changing the mission–structure
operating point when communication conditions evolve.

7.8. RQ5: Scalability with Swarm Size

RQ5 evaluates how ATAC behaves as the swarm size increases. We consider
N ∈ {20, 32, 50, 70, 90} UAVs under the same communication condition, pfail = 0.17,
with no node failures. ATAC is compared with GAC, the graph-aware baseline, using six
independent seeds for each swarm size. Each run contains 190 coordination steps, and the
reported performance statistics are computed over the final 25% of the run.

Table 9 shows that ATAC remains operational across the full tested range, but the
effect of swarm size is not uniform across all metrics. ATAC achieves a higher TCR than
GAC for N = 20, 32, and 50, reaching its highest value at N = 50 (0.837). At N = 70 and
90, GAC obtains the higher TCR. This suggests that increasing the number of UAVs beyond
a certain point does not automatically translate into higher task completion for ATAC.

Table 9. Scalability results for GAC and ATAC. Values are means across six independent seeds over
the late-mission evaluation window. ↑ indicates that a higher value is preferred, whereas ↓ indicates
that a lower value is preferred.

N Method TCR ↑ LCC ↑ FR ↓ ATS ↑ Energy ↓ RT/Step (s) ↓

20 GAC 0.514 0.686 0.105 8.662 15.022 0.126
ATAC 0.634 0.509 0.132 3.151 11.332 0.069

32 GAC 0.653 0.683 0.043 13.997 14.707 0.311
ATAC 0.666 0.747 0.055 7.303 8.708 0.214

50 GAC 0.802 0.694 0.031 21.972 14.468 0.809
ATAC 0.837 0.733 0.039 9.191 5.896 0.504

70 GAC 0.799 0.760 0.021 31.169 14.421 2.095
ATAC 0.785 0.851 0.015 11.681 4.881 1.036

90 GAC 0.841 0.647 0.024 34.838 12.912 2.712
ATAC 0.781 0.926 0.009 14.946 4.733 1.893

The structural results show a different trend. ATAC’s LCC increases from 0.509
at N = 20 to 0.926 at N = 90, while its fragmentation rate falls from 0.132 to 0.009.
At N = 90, ATAC therefore maintains a substantially larger connected component than
GAC (0.926 versus 0.647) and less fragmentation (0.009 versus 0.024). The larger swarm
provides more opportunities for the truss-aware mechanism to form triangle-supported
communication structures.

Figure 21 also illustrates that scalability should not be interpreted only in terms
of task completion. ATAC performs well at small and medium swarm sizes, but the
TCR advantage over GAC does not persist at the two largest tested configurations. This
result indicates a trade-off between mission execution and the increasingly structured
coordination maintained by ATAC.
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Figure 21. Task completion rate as swarm size increases. Points show the mean across six independent
seeds and error bars indicate ±1 standard deviation.

As expected, the computational cost increases with swarm size (Figure 22). For ATAC,
the mean runtime per coordination step increases from 0.069 s at N = 20 to 1.893 s at
N = 90. GAC increases from 0.126 s to 2.712 s over the same range. Thus, although neither
method exhibits constant computational cost, ATAC remains faster than GAC at every
swarm size evaluated.

Figure 22. Runtime per coordination step as a function of swarm size for GAC and ATAC. Points
show the mean across six independent seeds and error bars indicate ±1 standard deviation.

The energy results follow a similarly favorable trend for ATAC. At N = 90, its
modeled energy expenditure is 4.733 units, compared with 12.912 for GAC, a reduction of
approximately 63.3%. As in the previous experiments, these values are simulator-specific
and should not be interpreted directly as physical flight endurance.

Overall, RQ5 shows that ATAC can be executed for swarms of up to 90 UAVs in
the tested simulation while maintaining strong structural connectivity and lower com-
putational and modeled energy costs than GAC. The results do not establish scalability
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beyond this range, nor do they show that increasing swarm size always improves task
completion. Instead, they define the tested operating range and show that ATAC remains
computationally tractable while preserving its structural coordination properties as the
swarm grows.

7.9. RQ6: Reward-Weight Sensitivity Analysis

The final simulation study evaluates the sensitivity of ATAC to the mission-level
reward weights used by the graph-aware decision policy. The goal is to understand if the
framework favors a specific configuration and how it balances the trade-offs between the
considered mission objectives. The five reward profiles include balanced, task-oriented,
connectivity-oriented, resilience-oriented, and energy-aware. The balanced configuration
was used as a reference, where all four mission objectives (task completion, connectivity,
structural resilience, and energy) were given equal weights. The other profiles had higher
weights on a specific objective compared to the balanced configuration. All configurations
were tested under three disaster-intensity levels: mild, moderate, and severe. The latter
were implemented by varying the probabilities of communication-link and UAV-node
failures. Each configuration was evaluated using the same simulation environment and
independent random seeds.

Table 10 shows that varying the reward weights leads to distinct operating behaviors
of ATAC. In particular, the task-oriented configuration had the best mission performance,
yielding the highest mean task completion rate (TCR) of 0.879 and weighted task success
(WTS) of 0.864. Surprisingly, it also had the highest mean largest connected component ratio
(LCC) of 0.818 and the lowest fragmentation ratio (FR) of 0.040 among all configurations.
This suggests that, within the tested range of weights, prioritizing the task execution did
not hurt the global connectivity performance. The connectivity-oriented configuration had
a similar performance in terms of LCC (0.810) and FR (0.042) but a lower TCR (0.781) than
the task-oriented configuration. This implies that an extreme emphasis on connectivity
can limit the task progress by constraining the UAV motion. In turn, the energy-aware
configuration was able to reduce the energy consumption while having a moderate impact
on the mission performance. In particular, it had the lowest mean energy consumption of
4.060, a TCR of 0.851, and a WTS of 0.858. This suggests that energy-aware moderation can
be an effective way to limit the mobility costs without introducing large degradation in
the mission performance. Finally, the resilience-oriented configuration was not superior
in any of the considered performance metrics. Its mean TCR, LCC, and FR were 0.776,
0.648, and 0.063, respectively. This indicates that, within the tested range of weights, an
increased emphasis on the structural resilience did not yield any significant benefits in
terms of mission performance. This result is particularly interesting because it shows that
the reward weights shaping the structural term should not be increased independently
of other terms. In particular, an extreme emphasis on structural resilience can limit the
task progress and disrupt the global connectivity, which ultimately degrades the LCC and
increases the FR. Thus, the reward weights shaping different aspects of the UAV motion
should be viewed as interacting control variables. Figure 23 provides additional insight
into the reward-weight sensitivity by showing how the performance metrics vary with
the disaster intensity. In particular, while the performance of most configurations was
lower under higher disaster intensity, the relative trends remained similar. For example,
the task-oriented configuration still had the best TCR across all disaster levels. At the
same time, the energy-aware configuration provided the best energy-performance trade-off
under moderate and severe disaster conditions.
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Table 10. Reward-weight sensitivity of ATAC (RQ6), averaged across the three disaster-intensity
levels and independent simulation seeds. Arrows indicate the preferred direction of each metric.

Reward Profile TCR ↑ WTS ↑ LCC ↑ FR ↓ Energy Used ↓
Balanced 0.830 0.830 0.724 0.055 5.292
Task-oriented 0.879 0.864 0.818 0.040 4.466
Connectivity-oriented 0.781 0.779 0.810 0.042 4.654
Resilience-oriented 0.776 0.786 0.648 0.063 6.135
Energy-aware 0.851 0.858 0.790 0.043 4.060

Figure 23. Sensitivity of ATAC task completion performance to the mission-level reward weights
under mild, moderate, and severe disaster conditions. Points report the mean Task Completion Rate
(TCR) across independent simulation seeds, and error bars indicate one standard deviation.

Overall, the reward-weight sensitivity analysis demonstrated that ATAC was not
biased toward a particular reward configuration but had multi-objective trade-offs between
the considered mission metrics. In particular, the task-oriented configuration was the most
beneficial in terms of mission performance, while the energy-aware configuration was
the most beneficial in terms of energy reduction. These results also show that increasing
a particular reward component does not necessarily improve the corresponding system
metric due to the complex interactions between different aspects of the UAV motion.

7.10. Overall Discussion

Taken together, the six simulation studies provide a more nuanced picture of ATAC
than a claim of uniform superiority across all metrics. The main result is that adaptive k-
truss coordination changes the operating point between mission execution, communication
structure, and resource expenditure as the swarm and its communication topology evolve.

RQ1 and RQ2 provide the main evidence under communication and UAV degrada-
tion. Under link failures, adaptive ATAC maintains a high aggregate TCR (0.871± 0.058),
outperforming GTA, CPC, and GAC, while remaining close to ATAC-Fixed (0.879± 0.052).
A similar pattern is observed under UAV node failures, where adaptive ATAC achieves
0.857± 0.059 TCR compared with 0.868± 0.058 for ATAC-Fixed. More importantly, in both
studies the selected truss level changes as the topology deteriorates. Lower values of k are
used more frequently under stronger degradation, showing that the framework does not
impose the same structural requirement throughout changing network conditions.
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RQ3 clarifies why this adaptation is relevant. No fixed value of k is uniformly prefer-
able across the evaluated metrics. Under the tested stationary condition, k = 4 provides
the highest TCR and lowest fragmentation, whereas k = 5 provides the highest LCC and
average triangle support. Adaptive ATAC is therefore not claimed to outperform the best
retrospectively selected fixed k in every static scenario. Rather, the fixed-k sensitivity study
shows that k controls a real mission–structure trade-off, while RQ1 and RQ2 show that
ATAC can modify this operating point when conditions change.

The ablation results in RQ4 further support this interpretation. Relative to ATAC-
Fixed, adaptive ATAC improves LCC, fragmentation, and ATS, while incurring a small
reduction in aggregate TCR. At the same time, GTA and GAC remain preferable on some
individual graph or runtime measures. The contribution of ATAC should therefore be
understood as the joint use of graph-aware coordination, truss-based structural constraints,
and adaptive structural selection, rather than as universal dominance on every metric.

RQ5 bounds the scalability claim to the range that was actually tested. ATAC was
evaluated with swarms from 20 to 90 UAVs. Runtime increases with swarm size, but ATAC
remains computationally executable throughout this range and has lower measured run-
time per coordination step than GAC at each tested swarm size. At the largest configuration,
ATAC also maintains strong connectivity and low fragmentation. These results support
scalability within the evaluated range; they do not establish performance for substantially
larger swarms or different hardware and network conditions.

Finally, RQ6 shows that the reported behavior is not tied to a single reward-weight
vector. Changing the task, connectivity, structural, and energy weights produces distinct
operating points across mission performance, topology, and resource consumption. In
particular, the task-oriented profile provides the highest aggregate task completion perfor-
mance, whereas the energy-aware profile gives the lowest modeled energy expenditure.
The results also show that increasing one reward weight does not necessarily maximize the
corresponding system-level metric, reflecting the coupling between mobility, task execution,
and communication topology.

Overall, the simulation evidence supports ATAC as an adaptive coordination frame-
work for situations in which mission execution and communication resilience must be
considered jointly. Its main advantage is not that it maximizes every metric, but that it
can modify the structural requirement as network conditions change while maintaining
competitive mission performance and comparatively low modeled resource expenditure.
This property is particularly relevant to disaster-response missions, where communication
quality and UAV availability may vary during deployment. The conclusions remain limited
to the simulated conditions considered here; correlated wireless failures, heterogeneous
UAV capabilities, hardware effects, and real-flight validation remain important directions
for future work.

7.11. Limitations and Future Research Directions

Although the simulation results provide evidence for the usefulness of adaptive k-truss
coordination, several limitations define the scope within which the present conclusions
should be interpreted.

First, the evaluation is entirely simulation-based. The communication, mobility, en-
ergy, and failure models provide controlled conditions for comparing the coordination
strategies, but they do not capture all of the effects encountered by physical UAV plat-
forms. In particular, the reported energy values are simulator-specific and should not be
interpreted directly as physical battery endurance or flight time. Hardware-in-the-loop
(HIL) evaluation and experiments with real UAVs are therefore necessary before drawing
conclusions about field deployment.
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Second, communication-link failures are modeled as independent stochastic events.
This abstraction is useful for controlling the severity of communication degradation, but
real disaster environments may produce spatially and temporally correlated failures due to
obstruction, multipath fading, interference, congestion, or common infrastructure loss. The
present study also does not consider adversarial communication attacks such as jamming
or intentional link disruption. Extending the evaluation to correlated wireless failures and
adversarial conditions is therefore an important direction for future work.

Third, the current simulations assume a homogeneous UAV swarm. Agents share the
same basic mobility, communication, and resource model, whereas operational disaster-
response teams may contain heterogeneous platforms with different sensing capabilities,
communication ranges, battery capacities, payloads, and mobility constraints. Future
work should investigate whether the adaptive structural policy remains effective when the
available agents have substantially different capabilities.

Fourth, the current implementation reconstructs the selected k-truss backbone from
the updated communication graph rather than maintaining it incrementally after individual
edge insertions and deletions. This design simplifies the closed-loop implementation and
ensures that the backbone is computed from the current topology, but its computational
cost may become restrictive for substantially larger or more rapidly changing networks.
Incremental or fully dynamic k-truss maintenance is therefore a natural extension of the
present framework.

Fifth, the reward coefficients are fixed during each simulation run. RQ6 shows that
changing these coefficients produces different operating points across task completion,
connectivity, structural behavior, and modeled energy consumption; however, the current
framework does not adapt the reward priorities online. The online adaptation investigated
in this work concerns the graph state and the selected truss level k, not the reward coeffi-
cients themselves. Future work could examine mission-aware or context-dependent reward
adaptation while preserving the structural constraints of the framework.

Finally, the scalability conclusions are limited to the swarm sizes actually evaluated in
RQ5, namely 20–90 UAVs. Although ATAC remains computationally executable throughout
this range, these results do not establish scalability to substantially larger swarms, denser
communication graphs, or resource-constrained onboard processors. Future validation
should therefore combine larger-scale simulations with hardware-in-the-loop tests and
real multi-UAV experiments to evaluate computational latency, communication overhead,
energy consumption, and structural adaptation under realistic disaster-response conditions.

These limitations indicate that the present results should be viewed as simulation-
based evidence for the proposed coordination mechanism rather than as a complete val-
idation of operational deployment. Future work will focus particularly on incremental
backbone maintenance, correlated and adversarial communication failures, heterogeneous
UAV teams, context-dependent reward design, and HIL and real-flight validation.

8. Conclusions
This paper presented ATAC, an Adaptive k-Truss-Constrained Agentic Coordination

framework for resilient multi-agent UAV swarm coordination in dynamic disaster environ-
ments. The framework models the swarm as a dynamic communication–task graph and
integrates adaptive k-truss backbone selection with graph-aware decentralized coordina-
tion. Rather than treating communication topology as a passive constraint, ATAC allows
structural information from the evolving graph to influence local UAV decisions.

The simulation results show that the main benefit of ATAC lies in the balance be-
tween mission execution and communication structure, rather than in universal superiority
on every individual metric. Under communication-link failures (RQ1), adaptive ATAC
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achieves an aggregate TCR of 0.871± 0.058, outperforming GTA, CPC, and GAC while
remaining close to ATAC-Fixed. Under UAV node failures (RQ2), it similarly maintains
a high aggregate TCR of 0.857± 0.059. In both cases, the selected truss level changes as
degradation becomes more severe, with lower values of k used more frequently when the
communication topology can no longer support the stronger structural requirement.

The fixed-k sensitivity analysis (RQ3) further shows that no single truss level is uni-
formly preferable. Different values of k favor different mission and structural metrics,
which supports treating k as a structural control variable rather than as a universally fixed
parameter. The ablation study (RQ4) provides complementary evidence: relative to ATAC-
Fixed, adaptive ATAC improves LCC, fragmentation, and average triangle support, with
only a small reduction in aggregate TCR. These results characterize adaptation as a change
in the mission–structure operating point rather than as a mechanism that maximizes every
metric simultaneously.

The scalability study (RQ5) shows that ATAC remains computationally executable
over the evaluated range of 20–90 UAVs. Runtime increases with swarm size, as expected,
but remains below that of the graph-aware GAC baseline at every tested swarm size. Finally,
the reward-sensitivity study (RQ6) shows that the observed behavior is not restricted to a
single reward-weight vector. Different reward profiles produce distinct operating points
across task completion, connectivity, structural behavior, and modeled energy expenditure.

Taken together, these results support ATAC as a graph-aware decentralized coordina-
tion framework for disaster-response settings in which mission progress, communication
structure, and resource use must be considered jointly. The contribution is therefore not
a claim that adaptive ATAC dominates every baseline or fixed-k configuration under all
conditions. Rather, ATAC provides a mechanism for adjusting the structural requirement of
the swarm as the communication topology changes, while maintaining competitive mission
performance within the tested conditions.

The present evidence remains simulation-based and is limited to the failure models,
swarm sizes, and system assumptions considered in this study. As discussed in Section 7.11,
future work will extend the framework toward correlated and adversarial communica-
tion failures, heterogeneous UAV teams, incremental k-truss maintenance, larger-scale
deployments, and hardware-in-the-loop and real-UAV validation.
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