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Abstract: Cyber threats have evolved into more sophisticated forms of coordinated, autonomous multi-agent attacks. Those
are now termed as Al-Predator Swarms (APS), which are decentralized systems of autonomous, self-learning agents that
interact and organize their methods of attack to pursue the most desirable malicious goals without a central controller being
present (Vorobeychik& Kantarcioglu, 2018). Although conventional Al-derived cyber threats, which include automated
phishing and mutating malware, are merely the use of Al, APS is the actual body and practice of swarm intelligence, in
which behaviors of individual agents are harmonized to attain complex and adaptable patterns of attack (Wooldridge, 2009).
The paper describe Al-Predator Swarm threat model, discuss the principles of multi-agent reinforcement learning (MARL),
and propose a defenses model against such highly distributed and low-signal attacks that overcome conventional intrusion
detection systems (IDS) (Cui et al., 2023).
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I. INTRODUCTION

Cyber-attacks have evolved from manually coordinated operations to automated Al-driven exploits. The initial attacks driven
by Al were: Automated phishing generation, Malware mutation, Vulnerability scanning. With the recent developments in
distributed Al systems, the attacks are now coordinated among agents to exhibit emergent behavior. We define Al-Predator
Swarms (APS) as: A decentralized multi-agent Al system where autonomous agents collaboratively optimize a malicious
objective function through adaptive learning and dynamic coordination.

1 Contributions

Formal threat modelling of APS

Swarm architecture with lifecycle modelling
Mathematical characterization of swarm coordination
Swarm-aware detection framework
Simulation-based empirical evaluation
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Il. THREAT MODEL

An APS consists of a group of autonomous agentsis a group of autonomous units, i.e. S = {Al, A2, ..., An}; these units exist in
an environment, E = (S, A, T, R). In this case, S represents states, A represents actions that are available, T represents
probabilities of the state transitions, and R represents a reward function (Busoniu et al., 2008). The agents A; operate according
to their respective policies i, pursuing a shared objective of maximizing the total expected payoff, denoted by:

J = Z Ey, [R:]

N
i=1

The swarm balances the trade-off between attack impact (1) and detection probability (D) by optimizing the following objective
function
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max 5 (5- 5 came J).

Another important feature of a decentralized multi-agent system is the optimization of the local behavior of the agents, which
results in a global optimization of malicious behavior (Russell & Norvig, 2021). The capacity of the system to survive a
compromised agent is another important benefit since the system will not collapse when it is coordinated so that the actions of
the agents are governed by a rewarding feature but not by a central directive (Silver et al., 2016).

2.1 System Model

Let the swarm consist of:

S={A 1, A 2., AN}

where each agent A; operates independently but contributes to a global malicious objective J.
Each agent interacts with environment E, defined as:

E=(S5ATR)

Where:
S: State space
A: Action space
T: Transition probability
R: Reward function

2.2 Swarm Objective

The global objective function:

N
J = B[R]
i=1
where m; is the policy of agent 4;.
The swarm maximizes cumulative attack impact while minimizing detection probability:

max(al — D)
T
Where:
e [: Attack impact metric

e D: Detection likelihood

e q,f3: Optimization weights

3. Threat Model

1. SWARM ARCHITECTURE

The APS architecture consists of multiple agent types that perform specialized roles in parallel. Reconnaissance agents conduct
covert scanning operations to identify vulnerabilities. Exploitation agentsdeliver attack payloads and avoid detection by
adjusting to changes (Papernot et al., 2016). The coordination agents control the global policy in terms of local messages,
thereby enabling dynamic task allocation without a central controller. The three types of agents are inspired by natural swarm
systems, where the simple swarm agents interact on the local scale to produce complex collective behavior (Newman, 2010).

11 | www.spujstmr.in



SPU Journal of Science, Technology and Management Research (SPU-JSTMR) Special Issue-ICAICS-26
ISSN: 3049-1479(0nline)

3.1 High-Level Architecture Diagram
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Fig. 1: High-Level Architecture of Al Predator Swarms
3.2 Agent Roles

1. Reconnaissance Agents: Perform scanning and vulnerability enumeration.
2. Exploitation Agents: Launch payloads, execution exploits.
3. Coordination Agents: Facilitate decentralized policy alignment.

IV. ATTACK LIFECYCLE MODEL

The attack lifecycle of an APS can be modeled as a Markov Decision Process (MDP) consisting of four stages. Distributed
scanning is the first step, which uses target discovery. The second stage involves adaptive attack planning through policy
updates based on environmental feedback.

e = w4 V)
A coordinated action of synchronized exploits is the third step. The fourth phase focuses on maintaining persistence and evading
detection through behavioral adaptation. The APS agents dynamically adjust their roles and behaviors in response to
environmental feedback. As an example, an agent designed to run an exploit may switch to reconnaissance (based on
environment feedback). According to (Zhong et al., 2020), APS agents operate according to predefined learning rules while

exhibiting non-deterministic behavior.
This lifecycle is modelled as a Markov Decision Process (MDP):

P(St41 | Spap)

Agents update policies using:
me = w4+ V]

Where:
e 1: Learning rate

e VJ: Gradient of swarm objective

V. SWARM LEARNING MECHANISM

MARL supports the APS coordination where Q-values are updated in the form of
Q(s,@) = Qi(s,0) +v | + amax Qu(s', @) = Qi(s,@)]

as the Q-values updated by MARL (Busoniu et al., 2008). An effective swarm behavior requires reward shaping, where
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Ri = Rlocal + 6Rglobal

encourages local behaviors of agents to achieve global goals and does not involve direct communication. This enables emergent
coordination among agents, allowing synchronized multi-vector attacks without explicit centralized control (Silver et al., 2016).
Adversarial training also enables agents to become more resilient to defensive countermeasures, which creates an evolutionary
arms race in computer-assisted attacks and defense (Goodfellow et al., 2015).

Multi-Agent Reinforcement Learning (MARL)

Each agent updates Q-values:

0i(5,@) < Qils, @)+ [+ amax Qu(s', @) - Qs (s, )|
Where:
e y: Discount factor
e 1 Learning coefficient
e r:Immediate reward
e s Nextstate
e qa: Candidate action

Swarm coordination emerges via shared reward shaping:

R, = Ripeqs + 6Rglobal

VI. DETECTION CHALLENGES

The predictive model of the conventional IDS systems is D = f (signature, anomaly score), according to which it identifies high-
signal individual events (Barford et al., 2020). APS distributes attack activities across multiple agents such that each agent
generates only low-signal activity below a predefined detection threshold. This approach exploits the inability of traditional
anomaly detection systems to identify coordinated low-signal attacks, often referred to as a "death by a thousand cuts" strategy.
(Sengupta et al., 2020). Signature-based systems struggle to detect polymorphic attacks, while statistical anomaly detection
methods often produce high false-positive rates when evaluating individual agent behavior.

Traditional IDS assumes:

D = f(signature,anomaly_score)

For APS:
N
D= Z €;
i=1
Where each ¢;is low-signal activity.
Thus:
€, <0Vi
But collectively:
N
Z €>>0
i=1

Consequently, traditional IDS solutions often fail because they focus on isolated anomalies rather than coordinated and
distributed attack patterns.

VII. PROPOSED SWARM AWARE DEFENSE FRAMEWORK

The proposed defense framework focuses on identifying coordinated behavioral patterns rather than isolated anomalies using
Temporal Graph Neural Networks (TGNNSs) (Hu et al., 2023).Network activities are represented as dynamic graphs G, =
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(V, E;), where V,and E,denote the sets of nodes and edges at time ¢t, respectively. TGNNSs are trained to learn the embeddings of
nodes, Hi, which encapsulates the contextual behavior, and then compute the anomaly scores,

A(G) =o(W - H,)
When the anomaly score A(Gt) exceeds the threshold value t, the detection of the anomalies is made, as well as the detection of
clusters, which would not be detected using other methods (Cui et al., 2023). The framework also incorporates defensive Al
swarms, which autonomously isolate malicious nodes and generate deceptive signals to disrupt adversarial coordination (Wei et
al., 2021).

Network Telemetry Data

|

Temporal Graph Builder

!

Graph Neural Network

Collective Anomaly Det

!

Defensive Al Swarm

I

Fig 2: Architecture Diagram

7.1 Graph-Based Detection Model
Represent network as a dynamic graph:
G =Wy Ep)

Where:
e V. Nodes (devices/users/agents)

e E.: Interactions

Anomaly score:
A(G) =a(W - Hy)

Where:
e H,: Node embeddings from TGNN

e WW: Learnable weight matrix

Detection triggered if:
AG) >t

VIIl. DEFENSIVE SWARMALGORITHM
Pseudocode: Swarm-Aware Detection & Neutralization
Algorithm SwarmAwareDefense(G t, 1)
Input: Dynamic Graph G t, Threshold ©
Output: Neutralized Threat Agents
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1: H t « TemporalGraphEmbedding(G t)
2: A_score < AnomalyScore(H._t)

:if A_score> t then

S_detected «— IdentifyCoordinatedCluster(G _t)

for each node n in S_detected do
DeployDefensiveAgent(n)
IsolateNode(n)

end for

9: end if

10: UpdateDefensePolicy()

N hsWw

IX. EVALUATION METHODOLOGY

9.1 Simulation Environment

e  Multi-agent cyber-attack simulator(Barford et al., 2020).
e 1,000-5,000 autonomous agents
e Cloud + 10T hybrid environment

9.2 Metrics

1. Detection Latency:

L = tyetect — tattack

2. False Positive Rate:

FpP

FPR =25 5TN

Agentsneutralized
Totalggents

3. Swarm Neutralization Rate: SNR =

X. EXPERIMENTAL RESULTS

TABLE I:
EXPERIMENTAL RESULTS
Metric Traditional IDS Proposed Framework
Detection Latency 12.4 sec 7.8 sec
FPR 8.1% 4.6%
Neutralization Rate 61% 84%

Observations
e  37% reduction in detection latency
e 29% improvement in neutralization
e  Scales linearly up to 5,000 agents
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XI. CASE STUDIES

Case 1: Autonomous Phishing Swarm

In the phishing swarm, generative Al agents sent individually harmless emails but collectively formed a coordinated social
engineering attack. TGNNSs identified anomalous synchronization in send timing patterns, undetectable by email filters (Qin et
al., 2021).

Case 2: 10T Exploit Swarm
In the 10T exploit swarm scenario, attackers leveraged heterogeneous firmware vulnerabilities and polymorphic payloads to
compromise multiple devices.

XIl. ETHICAL, LEGAL, AND GOVERNANCE CONSIDERATIONS

Strict use of isolated simulation environments
Compliance with IEEE Code of Ethics (IEEE Global Initiative, 2019).
Dual-use awareness
Responsible disclosure

e  Alignment with emerging Al governance frameworks (Aly, 2018).
Research must prioritize defensive advancement and transparency.

XI. FUTURE RESEARCH DIRECTIONS

Federated cross-organizational swarm intelligence
Formal verification of adversarial multi-agent systems
Al-native zero-trust architectures (Sengupta et al., 2020).
Hardware-level detection mechanisms

Standardization frameworks for autonomous cyber threats

abrwnE

X1V.CONCLUSION

Al-Predator Swarms represent a paradigm shift in autonomous and adaptive cyber warfare, where the locus of the threat is the
decentralized coordination of the swarm rather than the centralized command structure of the adversary. Traditional security
frameworks, designed to counter centralized attack strategies, are increasingly ineffective against decentralized, low-signal
swarm-based threats. The proposed swarm-aware defense framework, which integrates temporal graph analytics and defensive
Al swarms, demonstrates significant improvements in attack detection and threat neutralization. Autonomous cyber warfare is a
rapidly evolving threat, and the paradigm of cybersecurity must shift to the use of collective intelligence to maintain digital
resilience in the face of Al-based warfare.
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