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ABSTRACT
This research develops principled methods for enabling multi-agent
systems to operate effectively at swarm scale, motivated by ad-
versarial asset-protection scenarios. Existing studies either focus
on small-team tactical coordination, where joint-state spaces re-
main tractable, or on large-swarm homogeneous behaviours like
flocking. We bridge this gap by formalising structured coordina-
tion as a scalable alternative to end-to-end joint policy learning.
The framework constructs heterogeneous, scenario-conditioned
strategies using modular heuristics, evolutionary optimisation, and
game-theoretic principles, producing decentralised policies that are
robust to agent loss and environmental uncertainty. Offline design
shifts complexity away from execution, minimising communication
and computational overhead. The approach is validated in high-
performance simulations of defending teams against large attacking
swarms, demonstrating coordination at scales previously consid-
ered intractable. These results establish a generalisable methodol-
ogy for designing, evaluating, and deploying large-scale adversarial
multi-agent systems with interpretability, robustness, and resource-
aware strategic reasoning.
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1 INTRODUCTION
Coordinating large groups of autonomous agents remains a central
challenge in multi-agent systems. While cooperative and competi-
tive learning methods achieve notable success at small team sizes,
scalability becomes increasingly difficult as the number of agents
grows. Joint state–action spaces expand combinatorially [10, 21],
rendering exhaustive planning and naive learning intractable and
brittle under distributional shift or partial system failure [2, 22].

These limitations are particularly pronounced in adversarial
and high-stakes settings, such as pursuit–evasion and asset pro-
tection, where the penetration of even a single attacker can lead
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to global task failure [10, 11, 13]. Although reinforcement learning
and MARL show promise in small-scale cooperative and mixed
environments [7, 14], their effectiveness degrades with scale due to
non-stationarity, credit assignment challenges, sparse rewards, and
high sample complexity [9, 15]. Many learning-based approaches
remain practically limited to modest team sizes in continuous ad-
versarial domains [3, 20].

More broadly, scalability inMAS is frequently approached through
improved optimisation or architectural refinement, rather than as
a primary structural design objective for heterogeneous coordi-
nation. Existing literature is effectively bifurcated: sophisticated
tactical role differentiation is typically demonstrated in small teams
via joint optimisation, whereas large-swarm research emphasises
homogeneous navigation rules such as attraction–repulsion dy-
namics [17]. Approaches that maintain differentiated tactical roles
at substantial scale remain comparatively underexplored.

This research addresses this gap by proposing a staged factori-
sation paradigm in which scale is treated as a first-class design
constraint. Rather than relying on end-to-end joint policy learning,
the proposed framework adopts a Centralised Design, Decentralised
Execution (CDDE) methodology that decomposes coordination into
modular, reusable components discovered through offline optimisa-
tion. Evolutionary search and structured heuristic representations
provide interpretable, decentralised policies that are computation-
ally lightweight and robust to agent loss, enabling heterogeneous
tactical coordination at scales beyond those typically studied in
adversarial MARL [8, 16].

2 CURRENT RESEARCH
The trajectory of this research is guided by three principles: (i) scal-
able systems favour simple, composable components over mono-
lithic complexity; (ii) large coordination problems can be factorised
into sub-problems that admit tractable solutions; and (iii) in ad-
versarial, safety-critical domains, coordination mechanisms must
remain transparent and auditable. These principles are consistent
with observations from natural swarms and distributed systems,
where complex global behaviour emerges from structured com-
binations of simple local rules rather than tightly coupled global
control.

Together, these considerations motivate a staged factorisation
of multi-agent coordination treating scale as a primary design con-
straint. Complexity is shifted to an offline optimisation phase, pro-
ducing lightweight policies that execute in a decentralised manner.
Communication is treated as an optional enhancement rather than
a structural requirement, ensuring coordination remains robust
under bandwidth limitations, agent loss, or degraded connectivity.
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All studies are evaluated in a high-performance JAX simulation
environment enabling massively parallel adversarial swarm engage-
ments. Here, a defending team must intercept an attacking swarm
following nonlinear trajectories to protect a fixed asset.

2.1 Discovering Modular Building Blocks
The first study introduces LLM-guided Hierarchical Evolutionary
Learning with Permutation-invariant Surrogates (LLM-HELPS) [5].
Rather than learning end-to-end joint policies, large language mod-
els are used offline to propose interpretable low-level heuristics,
which are then composed hierarchically and optimised via evolu-
tionary search. A permutation-invariant surrogate fitness model
enables efficient team-level evaluation without full simulation for
every candidate, substantially reducing computational cost and
mitigating credit-assignment challenges common in MARL [9, 14].
This stage establishes a reusable library of behavioural primitives
and demonstrates coordinated defence at moderate scales.

2.2 Structural Scaling via Factorised Assembly
Building on these primitives, the second study [4] investigates how
small-team coordination can be systematically scaled. A hybrid
Genetic Algorithm–Dynamic Programming (GA–DP) framework
evolves effective strategies for small sub-engagements and assem-
bles them into large-scale formations through polynomial-time
decomposition. By treating entire small-team chromosomes as com-
positional units, the approach preserves higher-order behavioural
dependencies [8, 16]. This factorisation transforms an otherwise
combinatorial search into tractable optimisation, enabling coordi-
nated engagements at substantially larger scales than direct joint
optimisation permits.

2.3 Scenario-Conditioned Composition
The third study [6] extends static assembly into adaptive deploy-
ment. Instead of applying a fixed global strategy, scenario-conditioned
policy composition separates offline policy discovery from online al-
location. A geometric dispersionmetric characterises adversary con-
figurations, allowing dynamic programming to partition swarms
into spatially coherent sectors and assign appropriate sub-team
strategies in polynomial time. Empirical results demonstrate that
conditioning coordination on adversary structure improves robust-
ness and scalability as swarm size increases.

2.4 Ongoing Work: Adaptive re-partitioning
A natural extension is to allow defensive formations to recompose
when adversaries deliberately alter spatial configurations, similar
to receding-horizon re-partitioning [1, 18]. Current work integrates
these modular components into a unified neuro-symbolic controller
based on graph state-space models. A graph neural backbone cap-
tures relational structure within the swarm, while a state-space
module models temporal dynamics with linear scaling. Rather than
outputting raw control actions, the network selects among previ-
ously discovered heuristics, preserving interpretability while lever-
aging deep representation learning. This approach aims to unify
structured coordination and dynamic contextual recomposition
without reverting to monolithic joint policy optimisation.

3 FUTURE DIRECTIONS
The next phase of this research extends scalable coordination to-
ward higher-level strategic reasoning, building on the neuro-symbolic
Graph-SSM framework and scenario-conditioned recomposition
mechanisms. One focus is resource allocation across multiple assets,
where heterogeneous defenders must be efficiently deployed un-
der adversarial pressure. Game-theoretic principles will guide the
assignment of limited defensive resources, drawing on established
models of strategic security allocation such as Stackelberg security
games used in real-world infrastructure protection contexts [12, 19].

A second direction addresses robustness under environmental
and communication degradation. Future work will evaluate how
decentralised heuristics and adaptive recomposition maintain per-
formance under partial observability, low-bandwidth or delayed
communication, and sim-to-real discrepancies. Understanding these
dynamics is critical for deploying large-scale autonomous systems
in realistic operational conditions.

Finally, the research will explore generalisability beyond adver-
sarial defence. Planned applications include heterogeneous multi-
target protection and distributed disaster response, testing scenario-
conditioned decomposition and adaptive re-partitioning under dy-
namic, uncertain conditions. Together, these directions aim to ad-
vance adaptive, verifiable, and resource-aware multi-agent systems
while preserving the principle that scalability must be an explicit
design objective rather than an emergent by-product.

4 CONCLUSION AND IMPACT
This research addresses a central challenge in multi-agent systems:
enabling cooperative and competitive coordination at scales where
joint optimisation becomes impractical. Rather than extending
small-team methods beyond their intended regime, the work treats
scale as a primary architectural constraint, shaping how strategies
are represented, constructed, and deployed.

The completed studies demonstrate that staged factorisation -
combining modular heuristic discovery, structural assembly, and
scenario-conditioned composition - can support heterogeneous
coordination at substantially larger scales than conventional mono-
lithic learning approaches. By shifting complexity to offline design
and preserving lightweight decentralised execution, the framework
achieves scalability while maintaining interpretability and bounded
computational requirements.

Beyond adversarial defence, the broader contribution lies in ar-
ticulating design principles for large-scale MAS: favouring compo-
sitional simplicity over monolithic complexity, decomposing global
coordination into tractable substructures, and preserving trans-
parency in safety-critical settings. These principles contribute not
only algorithms, but an architectural perspective on how large-scale
multi-agent systems can remain scalable, auditable, and robust un-
der realistic operational constraints.
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