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Abstract

Contemporary LLM-based orchestration platforms such as LangGraph and CrewAI enable
rapid composition of agent pipelines, but share three architectural weaknesses. They lack
a persistent record of peer performance across runs, expose no formal model of agent
capabilities and task constraints, and treat compliance and ethics as ad hoc concerns
rather than first-class design primitives. Consequently, allocation quality does not improve
with experience and pipelines cannot demonstrate structural or regulatory correctness, a
limitation made urgent by emerging regulatory regimes such as the EU AI Act and the
NIST AI Risk Management Framework, which codify binding and de facto expectations
for transparency and human oversight in high-risk AI deployments.

This thesis presents a stigmergy-driven Multi-Agent framework for intelligent task
orchestration that addresses all three limitations within a single integrated design. Coor-
dination is mediated by digital pheromone markers deposited on a shared semantic knowl-
edge graph, where a Pheromone Engine reinforces successful assignment patterns while
allowing stale ones to decay, so that experience accumulates in the environment rather
than in any individual agent and emergent optimisation arises without direct inter-agent
communication. Task allocation builds on an Improved Contract Net Protocol whose bid
scoring is augmented with this accumulated pheromone history. Structural integrity is
enforced by a semantic validation layer, while an Ethics-Check Agent provides a domain-
agnostic safety gate that screens all pipeline outputs for hallucinated data, unfair bias,
sensitive-data leakage, and unsafe approvals before execution proceeds.

An extensive controlled evaluation in a commercial warehouse brokerage scenario sup-
ports all five hypotheses. The pheromone engine substantially improves task allocation
accuracy as experience accumulates, the dual-layer governance achieves near-complete
recall of ground-truth violations at a low false-positive rate, and the full framework out-
performs an uncoordinated baseline by a substantial margin at modest latency and token
overhead. A user perception survey with domain experts and technical evaluators in-
dicates that the system is regarded as suitable for internal first-draft generation, with
mandatory human review required before external use.

This work demonstrates how swarm intelligence, the Semantic Web, and modern AI
orchestration can be fused to create a Multi-Agent platform that is adaptive, auditable,
and governance-aware by design. The full implementation is publicly available at https:
//github.com/evaveli/agentcy.
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1. Introduction

The rapid expansion of artificial intelligence into enterprise operations has shifted the
task-management problem from single-model pipelines to populations of specialised au-
tonomous agents. Distributed AI systems are increasingly required to decompose complex
objectives, allocate subtasks to heterogeneous agents with non-overlapping capabilities,
and enforce domain-specific constraints. They must also adapt their behaviour over time
without delegating authority to a monolithic central controller, and with full auditability
of every decision. Multi-Agent Systems (MAS) [16] provide the natural computational
substrate for this kind of collaborative decomposition, and the recent integration of Large
Language Models into agent architectures [17] has opened new possibilities for flexible,
natural language driven coordination. Yet the deployment of LLM-based MAS in pro-
duction environments exposes a set of recurring architectural limitations that motivate
the work presented in this thesis.

Modern orchestration frameworks, including LangGraph [18], CrewAI [19], Auto-
Gen [20], and others, have substantially lowered the barrier to composing chains of LLM-
powered agents. Although these frameworks differ in abstraction level and coordination
philosophy, and several offer meaningful within-run or session-level persistence such as
LangGraph’s checkpointed state and CrewAI’s long-term memory layers, they share a
deeper architectural limitation. Coordination is stateless with respect to agent perfor-
mance history across pipeline runs. No framework maintains a structured record of which
agents have historically performed well on which task types, nor does any expose a formal
ontological model of capabilities and constraints, or a principled mechanism for encoding
and enforcing domain-specific rules (e.g. regulatory constraints) and cross-cutting safety
concerns (e.g. hallucinated data, unfair bias, sensitive-data leakage, and unsafe approvals).
The consequence is a system that can execute a workflow but cannot improve its alloca-
tion decisions over successive runs, and that offers no structural or regulatory correctness
guarantees. LangGraph and CrewAI are adopted throughout this thesis as representative
case studies because they occupy complementary positions in the current design space,
with LangGraph exemplifying graph-centric stateful control and CrewAI embodying role-
based collaboration, and together they expose the full spectrum of limitations common
to the broader class of orchestration platforms. A detailed justification of this selection
is provided in Chapter 3.

The urgency of addressing these limitations is compounded by converging pressures
from industry and regulation. Enterprise adoption of autonomous AI agents is constrained
by legitimate concerns about auditability, regulatory compliance, and operational risk.
The EU AI Act (Regulation EU 2024/1689) [2] establishes binding legal requirements
for transparency, contestability, and human oversight in high-risk AI deployments. The
NIST AI Risk Management Framework [8] reinforces these expectations as a voluntary
but widely adopted governance standard.

An orchestration framework that cannot explain its allocation decisions, enforce do-
main constraints by design, or demonstrate that its behaviour improves predictably over
time will not meet these standards. The gap between current framework capabilities and
regulatory expectations therefore constitutes not merely a theoretical shortcoming but
a concrete barrier to responsible industrial deployment. The specific regulatory require-
ments and the architectural elements of the proposed framework that address them are
discussed in detail in Chapters 4 and 7.

Three interdependent architectural limitations emerge from this analysis. Crucially,

1



these limitations are rooted in the core design of existing orchestration frameworks rather
than in specific implementation choices. No amount of plugin development or configura-
tion can supply coordination primitives that the underlying architecture omits.

First, existing frameworks are architecturally stateless. They treat each pipeline ex-
ecution as independent, discarding accumulated performance evidence after every run.
Swarm intelligence research has long demonstrated that stigmergic coordination, that is,
indirect communication through shared environmental markers, enables emergent, adap-
tive collective behaviour [15], a property that arises because agents influence one another
solely through the environment rather than through direct peer-to-peer messaging. Ap-
plying stigmergy to LLM-based MAS [17, 21] in a formally grounded way has not been
systematically explored.

Second, the architectures of current frameworks provide no formal capability model.
Agent capabilities, task requirements, and domain constraints are instead encoded as un-
structured prompts or opaque JSON schemas, precluding automated constraint checking,
semantic interoperability, and provenance tracking. The Semantic Web [22] stack offers
a machine-interpretable alternative validated in domains requiring explainability and au-
ditability, with OWL and RDF for ontological modelling, SHACL for structural constraint
validation, and SPARQL for querying [22].

Third, existing frameworks provide no first-class architectural primitives for compli-
ance checking or ethics screening. Governance is addressed only through ad hoc logging
rather than as a structural property of the system.

Taken together, these three gaps define the problem space that this work addresses.
The proposed Stigmergy-Driven Multi-Agent Framework for Intelligent Task
Orchestration is a domain-agnostic architecture that resolves all three limitations within
a single integrated design. The framework introduces a stigmergic coordination medium [15]
in which agents post stig:AffordanceMarkers and stig:ReservationMarkers, which serve as
digital pheromones, to a shared OWL/RDF knowledge graph. A Pheromone Engine
continuously decays and reinforces marker intensities so that successful assignment pat-
terns accumulate over time, enabling the system to improve its allocation quality across
successive pipeline runs. Task allocation is managed through Improved Contract Net Pro-
tocol (ICNP) [5], which augments the classical Contract Net Protocol [1] bid scoring with
pheromone-weighted history, producing a self-correcting market mechanism. Structural
integrity of generated plans is enforced by a SHACL validation layer, an Ethics-Check
Gate screens agent outputs against safety and fairness criteria [8, 23] before execution,
and the architecture exposes a pluggable validation hook through which domain-specific
business rules can be enforced at a complementary abstraction level, enabling a defence-
in-depth governance pattern. The entire framework is deployed as a suite of cloud-native
microservices communicating via an Advanced Message Queuing Protocol message broker
and persisting state in a document store, with per-run isolation, idempotent execution,
and structured audit logging built into the infrastructure from the outset. The coordina-
tion mechanisms are expressed over abstract ontological primitives and carry no domain-
specific semantics. Domain knowledge resides exclusively in pluggable agent implemen-
tations and SHACL constraint shapes. The full prototype is released as an open-source
artefact at https://github.com/evaveli/agentcy.

The thesis is motivated by the following central research question.

RQ. To what extent can the integration of stigmergic coordination, formal on-
tological modelling, and layered governance mechanisms into an LLM-based
Multi-Agent framework overcome the stateless coordination of agent perfor-
mance history, the absence of a formal capability model, and the lack of com-
pliance enforcement that are inherent in current orchestration platforms?

2
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This question is addressed through both design and empirical evaluation. The design con-
tribution (Chapter 4) proposes an integrated architecture that fuses stigmergic pheromone
markers, an Improved Contract Net Protocol with pheromone-weighted bidding, an OWL/
RDF ontological substrate, SHACL structural validation, an Ethics-Check Gate, and a
multi-tier failure recovery stack. The empirical contribution (Chapter 6) tests whether
each coordination mechanism delivers its predicted benefit through five hypotheses opera-
tionalised across six complementary experiments. These experiments comprise a 790-run
ablation study spanning nine framework configurations, a pheromone convergence experi-
ment tracking adaptive learning over successive runs, a priority-based estimator selection
analysis, a validation layer interaction analysis examining the complementarity of SHACL
and domain-specific checks, a failure recovery evaluation measuring tiered self-healing be-
haviour, and a user perception survey with N = 19 domain expert and technical evalua-
tors. The framework is instantiated and evaluated in a commercial warehouse brokerage
scenario, chosen because it exhibits the coordination challenges (heterogeneous agent ca-
pabilities, dynamic re-planning, regulatory constraints, and consequential decisions) that
are representative of the broader class of problems the framework targets.

The thesis pursues six objectives.
• O1. To design a stigmergic coordination mechanism that enables LLM-based agents

to learn collectively from accumulated task-allocation history without requiring di-
rect inter-agent communication.

• O2. To integrate the Improved Contract Net Protocol (ICNP) with pheromone-
weighted bid scoring within the stigmergic coordination medium, producing adap-
tive, history-informed task allocation.

• O3. To construct a formal OWL/RDF ontology and SPARQL audit infrastructure
that provides a machine-interpretable, provenance-preserving knowledge substrate
for a Multi-Agent task pipeline.

• O4. To design a governance mechanism that enforces structural constraints and
domain-agnostic safety guarantees by design, while providing an extensible pipeline
for domain-specific validation agents, achieving governance-by-default rather than
governance by afterthought.

• O5. To design a multi-tier failure recovery architecture that combines bounded re-
tries, LLM-driven strategic replanning, and pheromone-based re-weighting to achieve
adaptive resilience without mandatory human intervention.

• O6. To implement and empirically evaluate a cloud-native prototype of the full
framework, quantifying the individual and combined contribution of each coordina-
tion mechanism to system quality and measuring the associated overhead costs.

These six objectives are formalised as the five design goals of the framework in Sec-
tion 4.1, which also specifies how each goal maps to the experimental hypotheses evaluated
in Chapter 6.

The principal contributions of this thesis are as follows. (1) A novel stigmergic coordi-
nation architecture for LLM-based Multi-Agent Systems, in which agents negotiate task
assignments indirectly through AffordanceMarkers and ReservationMarkers posted to a
shared knowledge graph, enabling emergent adaptive optimisation. (2) A pheromone-
weighted ICNP in which bid scoring incorporates accumulated historical markers, pro-
ducing a self-improving allocation mechanism. Together, these two mechanisms yield
an accuracy gain from approximately 10% to 96% over 14 convergence runs (∆ = +86
percentage points). (3) A formal OWL/RDF ontology covering the full task-pipeline life-
cycle, encompassing submission, allocation, validation, execution, and outcome recording,
together with SPARQL, queryable audit infrastructure for provenance and traceability.
(4) A governance architecture combining SHACL structural validation with a domain-
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agnostic Ethics-Check Gate, and an extensible pipeline that supports domain-specific val-
idation agents, providing defence-in-depth coverage across complementary failure classes.
Empirically, SHACL and the Compliance Agent exhibit zero detection overlap (6/6 struc-
tural defects caught by SHACL alone, 3/3 domain defects caught by the Compliance
Agent alone), and the Compliance Agent achieves TPR = 1.000, FPR = 0.011, and
F1 = 0.992 as a standalone classifier over 300 evaluated client-warehouse pairings. (5) A
fully operational cloud-native prototype evaluated across 790 controlled pipeline runs,
demonstrating a +48 percentage point accuracy advantage of the full framework over a
coordination-free baseline at a measured cost of only +6.6% additional latency and +9.7%
additional token consumption.

The remainder of this thesis is organised as follows. Chapter 2 introduces the concep-
tual and technical background, covering Multi-Agent Systems and coordination theory,
the Contract Net Protocol, LLM-based agents with tools and memory, the Semantic Web
stack, stigmergy, cloud-native orchestration patterns, and representative task-assignment
policies. Chapter 3 surveys the state of the art, providing an in-depth analysis of Lang-
Graph and CrewAI and mapping their limitations against the three gaps addressed in
this work. Chapter 4 presents the proposed framework in full, covering design goals,
agent registration, task normalisation, the ICNP bidding mechanism, plan generation,
SHACL validation, DAG construction, human-in-the-loop routing, the Pheromone En-
gine, the LLM Strategist, the Ethics-Check Gate, failure handling, and audit traceability.
Chapter 5 describes the cloud-native prototype implementation. Chapter 6 reports the
experimental evaluation, covering the hypotheses, experimental setup, quantitative abla-
tion and convergence results, statistical analysis, and a qualitative user perception study.
Chapter 7 analyses sustainability and ethical implications. Chapter 8 concludes the thesis
and outlines directions for future research.
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2. Background

This chapter introduces the conceptual and technical foundations that this work builds
on. It begins with classical Multi-Agent Systems (MAS) [16], outlining their core prop-
erties, historical development, and coordination mechanisms, including the Contract Net
Protocol [1]. It then turns to LLM-based Multi-Agent Systems [17], where large language
models act as agents equipped with tools, memory, and human-in-the-loop oversight.
Next, key ideas from the Semantic Web [22] that provide a shared, machine-interpretable
substrate for representing knowledge, constraints, and provenance. Stigmergy [15] is also
discussed as a principle of indirect, environment-mediated coordination, related to dis-
tributed, self-organising behaviour. Building on this, cloud-native orchestration patterns
are summarised, such as message-driven microservices, DAG-based workflows, fault tol-
erance, and transactional consistency, that inform scalable agent execution. Finally, the
representative assignment policies used to allocate tasks to agents are reviewed, rang-
ing from simple First-Come, First-Served rules to improved Contract Net variants and
utility-based scoring schemes.

2.1 Multi-Agent Systems
A Multi-Agent System is a system composed of multiple intelligent agents (either software
or hardware entities) that interact to collectively solve problems, which would be difficult
or impossible for a single agent or a purely centralised system to solve [16, 24]. Within a
MAS, each agent operates autonomously, perceiving its environment and making decisions
based on its own goals and rules. Unlike a traditional system with one central controller
directing every action, a MAS consists of many semi-independent agents working within a
common environment. They may collaborate or compete with one another, but together
they aim to achieve overarching system goals. In essence, the power of a MAS comes from
the decentralization of intelligence. Instead of one entity handling everything, multiple
entities contribute their specialised capabilities.

To illustrate these principles in practice, Figure 1 presents a typical MAS architec-
ture. It includes a central message bus (based on a publish/subscribe model [25]) that
mediates communication among autonomous agents. These agents follow a Perception
→ Reasoning → Action loop [26] and share situational state via a shared world model
or blackboard [27]. They persist learned or observed knowledge in a knowledge base,
interact with an environment or simulator, integrate with external services, and generate
monitoring and logging data. The architecture also allows for interaction with an opera-
tor dashboard and optionally a coordinator, supporting decoupled coordination, scalable
messaging, and shared situational awareness.

Key characteristics of Multi-Agent Systems include [24]:

• Autonomy: Each agent acts independently without direct external control. Agents
make decisions based on their own state, perceived environment, and predefined
objectives.

• Decentralization: There is no single point of control, decision-making is dis-
tributed among agents. This peer-to-peer architecture avoids a central bottleneck
and improves fault tolerance.
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• Interaction and Coordination: Agents communicate and coordinate their ac-
tions to work towards common goals. Effective communication protocols allow the
team of agents to solve problems collaboratively, often more efficiently than isolated
actors.

• Emergent behaviour: Complex, higher-level behaviours or solutions can emerge
from the local interactions of many simple agents. The collective intelligence of
the group can solve problems in dynamic ways that no single agent was explicitly
programmed to handle.

Figure 1: Architectural overview of a Multi-Agent System.

By distributing intelligence and work among multiple agents, MAS offer significant
advantages over traditional single-agent systems. They are more scalable and adaptable.
A MAS can handle growing complexity by simply adding more agents, or by having
agents dynamically adjust their strategies. They are also inherently more robust. If one
agent fails or is suboptimal, others can compensate, preventing a total system failure. In
fact, Multi-Agent architectures have demonstrated robust adaptability, fault tolerance,
and the capacity for solving complex problems in dynamic settings far beyond what a
single, monolithic system could achieve [24]. Furthermore, MAS are modular by design,
each agent can be specialised for a particular task or domain. This modularity makes
it easier to integrate heterogeneous components or legacy systems by assigning interface
agents to each component. Overall, the collaborative and decentralised nature of MAS
directly addresses the bottlenecks of traditional systems, instead of one agent trying to
do everything, many agents can divide and conquer the problem space.

2.1.1 History of Multi-Agent Systems
The concept of Multi-Agent Systems is not new. It traces back to early research in Dis-
tributed Artificial Intelligence (DAI) [28] in the 1970s and 1980s. Researchers realised
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that framing complex, distributed problems as interactions among multiple autonomous
“agents” (rather than one giant program) could yield more scalable and resilient solu-
tions. Early work in the late 1970s explored distributed problem-solving networks and
blackboard systems, where independent programs communicated through a common data
space. In 1980, Reid G. Smith introduced the Contract Net Protocol [1] for decentralised
task allocation among agents (more in Subsection 2.1.3). Through the 1980s, foundational
theories for MAS communication and cooperation were developed, including formal agent
communication languages and negotiation mechanisms for conflict resolution [24].

Figure 2: Timeline of MAS evolution from the 1970s to the 2020s.

By the 1990s, MAS had become an established research area. Notable milestones in-
cluded the Belief–Desire–Intention (BDI) agent architecture [29] (formalising an agent’s
mental state and decision process), and standardised frameworks such as the Knowledge
Query Manipulation Language (KQML) [30] and later the FIPA Agent Communication
Language (ACL) [31]. These provided common protocols for agents to exchange messages
and understand each other’s queries or assertions. Dedicated conferences and journals
emerged, bringing MAS into the AI mainstream. In the late 1990s and early 2000s, toolk-
its like JADE [32] (Java Agent DEvelopment Framework) provided practical platforms to
implement MAS, and the FIPA standards organisation published interoperability specs,
enabling Multi-Agent platforms to share common communication and ontology defini-
tions.

MAS research and applications continued to expand through the 2000s and 2010s.
Multi-Agent Systems were applied in robotics (teams of robots/drones coordinating), dis-
tributed sensing (sensor networks), logistics and manufacturing, simulation of social or
economic systems, and more [24]. Advances in machine learning also influenced MAS,
for example, Multi-Agent reinforcement learning [33] allowed agents to learn optimal be-
haviours through trial-and-error in shared environments. By the 2010s, MAS techniques
were used in complex domains like smart grids (agents controlling distributed energy re-
sources), traffic control, and collaborative multi-robot exploration. Figure 2 illustrates a
rough timeline of MAS evolution from the 1970s to today, highlighting these key devel-
opments.

Today, interest in MAS is resurging thanks to new possibilities with AI agents (dis-
cussed in Section 2.2). Modern MAS implementations range from swarms of simple de-
vices to sophisticated ensembles of AI services in enterprises. The continued importance
of MAS lies in their ability to handle the complexity and interconnectedness of real-world
problems. By breaking a problem into parts and assigning them to diverse agents, MAS
avoid the brittleness of monolithic approaches.
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2.1.2 Coordination in Multi-Agent Systems
Because a MAS involves multiple autonomous agents, a central challenge is coordina-
tion, which concerns how to ensure agents work together coherently toward system goals.
Agents must share information, divide tasks, and avoid interfering with each other.
Broadly, coordination in MAS can be achieved through two modes: direct communication
and indirect coordination [24].

In direct communication, agents send messages to one another (peer-to-peer or via
an arbitrator) to negotiate and synchronise [24]. For example, one agent might request
help from another, or they might exchange state updates. This requires a common lan-
guage/protocol (such as FIPA ACL messages or a custom schema) so that agents interpret
messages correctly. Direct communication is akin to how a team of humans might talk or
email to coordinate tasks.

In indirect coordination, agents coordinate by acting on a shared environment or data
repository that all can observe. This is often called a blackboard [27]. Instead of sending
Agent B a message, Agent A might post an “alert” or leave a marker in the environment
that any interested agent can detect and respond to. This decouples agents in time and
space. They need not be connected, nor know each other’s identities, provided they can
read from and write to the shared medium.

Many MAS use a combination of these approaches. A common pattern is a shared
message bus or publish/subscribe system [25], where agents publish events or task an-
nouncements to a broker and other agents subscribed to those topics receive them. This
behaves like a digital blackboard where messages are the chalk marks. Another pattern
is an explicit coordinator agent that collects inputs and assigns tasks (a bit more cen-
tralised, sometimes called orchestrator). Alternatively, fully distributed protocols allow
agents to reach consensus or contracts without any central authority [24] (e.g. via voting
or distributed constraint solving).

2.1.3 Contract Net Protocol (CNP)
One of the earliest and most influential MAS coordination mechanisms is the Contract Net
Protocol (CNP) [1], introduced by Smith. CNP is a decentralised protocol for dynamically
assigning tasks to agents through a negotiation process.

It follows an auction-like call for bids model, often explained in terms of managers and
contractors.

• Call for Proposals (CFP): As depicted in step (a) of Figure 3, the manager
agent broadcasts a task announcement to potential contractors. The CFP speci-
fies the task requirements and any bid constraints such as deadlines or capability
prerequisites.

• Bid submission: In step (b), contractors evaluate the CFP. Those willing and able
to perform the task respond with a proposal, while others issue a refusal (also shown
in Figure 3). Proposals typically include estimates such as expected cost, duration,
or quality.

• Awarding the contract: After the bidding deadline, the manager compares the
received proposals, represented by the branching logic in step (c) of Figure 3. It
selects the most suitable proposal and sends an acceptance message to the chosen
contractor, and sends rejection messages to the remaining bidders.
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Figure 3: The Contract Net Protocol sequence diagram (reproduced from [34]).

• Execution and confirmation: Finally, as shown in Figure 3(d), the selected
contractor carries out the task and returns either a success inform message or a
failure notification, closing the contract instance.

CNP is a systematic way to achieve distributed task allocation. Rather than a central
scheduler assigning tasks blindly, CNP lets the agents themselves signal their own suit-
ability or availability for a task by bidding. This is useful in systems where agents have
different capabilities or loads, the bidding process yields a natural selection of the most
appropriate agent for each job. It is analogous to a subcontracting process in human
teams or an auction in a marketplace. Importantly, CNP is a peer-to-peer protocol. This
means that any agent can play the role of manager for tasks it needs done, and agents
can be contractors for each other. This supports a very flexible, decentralised workflow.

However, CNP introduces some communication overhead. It requires multiple message
exchanges (CFP, potentially multiple bids, then award and confirmations). In settings
with many agents or tasks, a naive implementation could flood the network with CFPs
and bids. Smith’s original paper discussed strategies to mitigate this, for example, limit
the CFP to relevant agents only, keep messages short, or skip the bidding if the manager
already knows a suitable contractor. Modern MAS often use such optimisations.

2.2 LLM-Based Multi-Agent Systems
In recent years, Large Language Models (LLMs), such as GPT-style transformers capable
of understanding and generating human-like text, have fundamentally changed the design
of Multi-Agent Systems. LLM-based Multi-Agent Systems refer to MAS in which one or
more agents are powered by large language models [17]. This represents a convergence of
natural language AI with Multi-Agent architectures, enabling novel forms of collaboration
and problem-solving. LLMs have shifted from passive text generators to autonomous
agents that perceive, reason, plan, and act, all through the medium of language [35].
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One of the biggest changes in LLM-based MAS is how agents communicate and reason.
Traditional MAS often used fixed protocols or structured messages for agent communi-
cation (as discussed in Subsection 2.1.2). In an LLM-based MAS, agents can use natural
language to interact. This means agents can flexibly exchange information, ask each other
questions, explain their reasoning, and coordinate plans in a very human-like conversa-
tional manner. Such rich language-based coordination enables unprecedented flexibility,
agents can negotiate roles or adjust strategies on the fly by literally “talking it out” in
English (or another language), which is something rigid APIs struggle with. Early ex-
periments have demonstrated emergent behaviours, where two LLM agents adopting the
roles of developer and evaluator can iteratively refine code solutions through dialogue,
mirroring a human pair programming session [36]. The collective intelligence emerging
from multiple LLM agents working together can surpass what a single model could achieve
alone [37].

This trend gained rapid momentum around 2023. Projects like CAMEL (Communica-
tive Agents for “Mind” Exploration of LLM Society) demonstrated that two ChatGPT-
based agents could brainstorm together to solve tasks, with one agent taking the user
role and another the assistant role, refining solutions through dialog [37]. Other work
explored “self-reflection” [38] where an LLM splits into a reasoner and a checker to im-
prove its answers. By 2024, frameworks such as Microsoft’s Jarvis (HuggingGPT) [39,
40] and Significant-Gravitas’s AutoGPT [41] and others popularised the idea of an LLM
orchestrating other specialist models or tools, effectively an agent society. Researchers
have formalised these into Multi-Agent simulations (e.g. generative agents that simulate
communities of LLM characters [42]) and Multi-Agent collaboration setups for tasks like
coding, where different agents take on roles like Writer, Tester, Debugger. The indus-
try is also embracing this shift, with enterprise AI solutions moving away from a single
monolithic chatbot toward collections of specialised LLM agents coordinated by an or-
chestrator, analogous to a human team managed by a designated leader [43]. One agent
might focus on retrieving information, another on performing calculations or API calls,
another on composing final reports, etc., with a central agent delegating and integrat-
ing their outputs. This design avoids the pitfalls of trying to have one giant model do
everything, and leverages the principle of “division of labour” for AI.

2.2.1 Agents, Tools, Memory, and Human-in-the-Loop
In an LLM-based MAS, each agent is typically built around an LLM “brain” augmented
with additional capabilities. A single LLM on its own is limited by context window and
lack of persistent memory or real-world actuation, so recent agent frameworks extend
them with tools and memory [35]:

• Tools - LLM agents can be equipped with external tools such as search engines,
calculators, databases, or APIs for specific functions. For example, an LLM agent
may call a web search API to gather information, use a code execution sandbox to
run computations, or query a knowledge base. Incorporating tools allows agents to
affect the environment and get up-to-date information beyond their training data.

• Memory - Large language models have a context length limitation, they cannot
remember arbitrarily long histories of interaction. To mitigate this, LLM agents are
given auxiliary memory systems [42]. This might be a vector database of relevant
facts they can retrieve, a long-term knowledge store of what has happened in the
conversation/task so far, or scratchpad notes. By storing and recalling past infor-
mation, agents avoid repeating mistakes and maintain consistency. For instance,
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an agent can recall earlier subtasks completed or decisions made, even if that was
thousands of tokens ago, by retrieving from an external memory and feeding it back
into the prompt.

• Autonomy with safe boundaries - Each LLM agent runs autonomously in its
role, but a human-in-the-loop (HITL) is retained for oversight when needed. Human
oversight can be invoked in critical scenarios, for example, if agents reach a decision
that violates certain constraints or if they deadlock. Designing hooks for HITL is
important for safety [44]. In practice, this could mean a human supervisor gets
notified and can intervene (approve, modify, or cancel actions) or simply that the
system keeps a human-readable log for audit. Many critical applications (finance,
healthcare) mandate human oversight on AI decisions.

Figure 4: Diagram of an LLM Multi-Agent System where agents consult prompt context, memory, and
tools to transform a user question into an answer.

In sum, wrapping an LLM with tools, external memory, and human-in-the-loop safe-
guards turns a stateless text model into a dependable, task-conditioned service. Tools let
agents observe and act on the world, memory supplies durable context beyond the token
window and HITL checkpoints provide oversight, escalation, and auditability. Together
with the structured prompt context shown in Figure 4, these elements align behaviour
with goals and constraints, reduce mistakes and drift, enable safe retries and recovery,
and make agent decisions reproducible and explainable within the larger MAS.

2.3 Semantic Web
The Semantic Web [22] corresponds to a stream of work in AI and Web technologies that
aims to make data on the web and within organisations, not only human readable, but
machine interpretable through explicit, shared semantics. Instead of treating informa-
tion as isolated documents or opaque JSON structures, the Semantic Web stack mod-
els knowledge as a labelled graph of entities and relations, expressed primarily through
the Resource Description Framework (RDF) [11], where statements are encoded as sub-
ject–predicate–object triples. On top of this, schema and ontology languages such as
RDFS and OWL [9] enable the definition of controlled vocabularies, class hierarchies, and
logical constraints, providing a formally grounded way to describe domain concepts (e.g.
tasks, agents, resources, regulations, datasets) and their interdependencies. This logical
layer is not merely descriptive. It supports automated reasoning (e.g. subsumption, con-
sistency checking, classification), typically based on Description Logics [45] and the open
world assumption, allowing systems to infer implicit facts from explicitly asserted ones and
to validate whether data and behaviours comply with modeled constraints. SPARQL [14]
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offers a standard query language for retrieving and integrating this distributed graph-
structured knowledge, while Linked Data principles [46] and the use of Internationalized
Resource Identifiers (IRIs) [6] as global identifiers make it possible to interconnect inde-
pendently maintained datasets into larger, interoperable knowledge graphs. Over time,
this ecosystem has been extended with complementary standards and profiles (such as
SKOS [47] for concept schemes, PROV-O [10] for provenance, and SHACL [13] for con-
straint validation), and has been widely adopted in domains like life sciences, digital
libraries, geospatial systems, enterprise integration, and policy/contract modelling, where
explainability, interoperability, and long-term maintainability are critical [22].

PROV-O (the W3C Provenance Ontology) provides a formal vocabulary of entities,
activities, and agents for representing and exchanging provenance (that is, the origins,
context, and lineage of data or artefacts across systems), enabling consistent capture
of how data was produced or transformed and supporting reasoning about trust and
reproducibility [10]. SHACL (Shapes Constraint Language) is a W3C recommendation for
defining and validating structural constraints over RDF graphs, where ontology engineers
specify expected shapes that are expressed in RDF and used to automatically check
conformance, ensuring data integrity and consistency with the ontology [13]. By providing
a formal mechanism to impose closed world style constraints on an open-world data model,
SHACL complements the expressive power of RDF/OWL with a practical means of data
validation.

For autonomous systems and Multi-Agent settings in particular, the Semantic Web
provides a common semantic substrate in which environment state, roles, objectives,
norms, and interaction protocols can be represented in a uniform, technology agnostic
manner. Heterogeneous agents can interpret shared structures consistently, discover rel-
evant resources or services via their semantic descriptions, and align their local decision-
making with global constraints encoded in ontologies, rather than relying solely on hard
coded interfaces or ad hoc conventions. In this sense, the Semantic Web can be seen
as one of the key engines driving contemporary efforts to combine symbolic knowledge
representation with data-driven AI and distributed coordination. It supplies the formal
scaffolding for meaning, policy, and provenance on top of which learning-based and agent-
based techniques can operate in a more transparent, verifiable, and composable way [22,
21].

2.4 Stigmergy
In stigmergic coordination, individuals do not communicate peer-to-peer. Instead, they
communicate through the environment by leaving and detecting signals. Whenever an
individual carries out an action, it modifies the environment in some way (for example,
depositing a substance, altering a physical structure, or updating a shared data reposi-
tory). These modifications serve as cues that influence the subsequent behaviour of other
individuals. Crucially, the communicating individuals need not be present at the same
time or place, the persisting trace in the environment bridges that gap. The environment
effectively functions as a shared memory or bulletin board where information is posted and
read by many participants. This allows a form of asynchronous, distributed collaboration,
where each member of the system responds to the state of the environment, and through
these local responses, a coherent global pattern of activity emerges. There is no need
for any central controller or explicit messaging between each pair of agents, coordination
results implicitly from each one following the cues available in the environment [15, 48].

While ants and termites are classic natural examples, stigmergy is a domain-agnostic
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principle. Any system in which agents leave state changes that influence others can exhibit
stigmergic coordination. For instance, bacteria can coordinate via chemical secretions in
their environment to form complex colonies or biofilms [49]. Even humans make use of
stigmergy in certain contexts. Consider collaborative platforms like Wikipedia [50], where
users indirectly coordinate their edits, each edit or contribution leaves an information trace
that others later read and react to, gradually producing a well-organised article without
a centralised plan. In all these cases, the hallmark of stigmergy is that coordination
arises from the trail of work itself. The pattern of activity is guided by the accumulated
modifications in the shared medium, enabling individuals to build on each other’s actions
even if they are not concurrently interacting.

2.4.1 Key Characteristics and Benefits
Stigmergy provides several important characteristics and advantages as a coordination
mechanism [15, 51]:

• Indirect Communication via Environment - Instead of direct messages be-
tween individuals, information is exchanged by altering the environment. This de-
couples the sender and receiver of information in space and time. An individual
simply responds to whatever traces are present in the environment, without need-
ing to know who left them or to coordinate a meeting. This greatly simplifies com-
munication in large groups, as participants do not require complex communication
networks, the environment is the medium that everyone observes and influences.

• Shared Persistent Memory - The traces left in stigmergic systems often persist
for some time, effectively creating a shared memory that outlives the initial action.
For example, an ant’s pheromone trail remains on the ground for a while, guiding
other ants even after the original ant has gone. This persistence means the system
has a form of memory of past actions, which can inform future actions. In contrast,
direct signals (like one-to-one messages) are fleeting. The lingering environmental
markers ensure that useful information (e.g. the path to food or progress on a task)
remains available to the whole group as a point of reference.

• Self-Organisation and Emergent Order - Stigmergy naturally gives rise to
self-organising behaviour, requiring neither a central coordinator nor a global plan.
Instead, complex and organised structures emerge from the accumulation of many
simple local interactions between agents and their shared environment. Each agent
follows basic rules (e.g. follow stronger pheromone scent, add pheromone when you
find food), and yet the aggregate outcome can be highly structured and adaptive.
This emergent order is both robust and flexible. When conditions change, such as a
food source becoming exhausted or an obstacle appearing, the collective behaviour
adapts naturally as new traces are laid and old ones fade, without any agent explic-
itly re-planning the system as a whole. In essence, stigmergy allows global coherence
to arise from local responses, yielding intelligent group behaviour from the bottom
up.

• Scalability and Robustness - Because communication is indirect and decen-
tralised, stigmergic systems tend to scale well as the number of participants grows.
There is not a combinatorial explosion of message exchanges, each agent only in-
teracts with the environment, no matter how many others are in the system. This
reduces overhead and avoids the need for each agent to manage many connections.
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The mechanism is robust to the loss or addition of individuals, if one agent is re-
moved, the remaining traces in the environment still guide the others. Similarly,
new agents can join and immediately pick up the cues from the environment. The
system can also adapt dynamically, for example, pheromone trails evaporate over
time, which allows outdated paths to weaken and new, more fruitful paths to emerge.
Such features make stigmergy-driven coordination highly adaptive and scalable in
complex, changing environments.

2.5 Cloud-Native Orchestration
In cloud-native architectures, distributed services are often decoupled through message-
oriented microservices. Instead of direct calls, independent microservices communicate
asynchronously via message brokers (e.g. RabbitMQ, Apache Kafka), which queue and
forward messages. This messaging model decouples producers and consumers, allowing
each service to operate at its own pace without blocking. Asynchronous queues thereby
improve fault tolerance and scalability, where producers can send messages and continue
operating, while consumers retrieve and process messages when ready. This loose coupling
enables services to be developed, deployed, and scaled independently, making the overall
system more resilient to changes or partial failures [52, 53, 54].

Another fundamental concept is DAG-based execution for orchestrating multi-step
workflows. A directed acyclic graph (DAG) represents a workflow as a set of tasks (nodes)
with directed edges defining their execution order and dependency constraints. By con-
struction, a DAG has no cycles, so each task executes only once and only after its pre-
requisites have completed. This structure enforces a clear, one way progression of steps,
preventing circular waits and ensuring correct sequencing. It also enables parallelism be-
cause independent tasks (with no mutual dependencies) can run concurrently, improving
efficiency. Modern orchestration frameworks such as Apache Airflow adopt DAG based
scheduling, where users define workflows as DAGs of tasks [55], and cloud services like
AWS Step Functions [56] use state machine models that similarly enforce acyclic execution
flows. The DAG approach thus helps manage complex workflows by making dependencies
explicit and execution order deterministic.

To support running many workflows reliably, orchestration systems provide per-run
(per workflow) isolation of resources. Each workflow execution is logically partitioned,
with its own message queues, logs, and state, so that concurrent runs do not interfere
with one another [56, 57]. In practice, an “isolated” workflow context consists of dedi-
cated channels (e.g. separate queue names or topics) and separate logs or history for that
particular run. This isolation ensures safe parallel execution, where one workflow’s mes-
sages or intermediate data never get mixed into another’s, and errors or crashes in one
run remain contained. By partitioning runtime state per-run (often using unique work-
flow IDs or namespaces), the orchestrator prevents race conditions between workflows
and provides fault isolation, improving the robustness of multi-tenant or multi-instance
systems.

Achieving fault tolerance further requires idempotence and deduplication in distributed
workflows. Idempotence means that performing the same operation multiple times has
the same effect as doing it once. In other words, an idempotent service or task pro-
duces a stable, correct outcome even if it receives a duplicate message or retries an action
multiple times. This property is crucial because in distributed systems, duplicate events
or repeated requests are common (for example, due to network retries or at-least-once
delivery guarantees) [58, 59]. Deduplication mechanisms complement idempotence by
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detecting and eliminating duplicates so that each unique message or job is processed
only once. Together these techniques prevent unintended side effects such as double-
processing or inconsistent state updates. In practice, systems implement idempotence by
various strategies. For instance, a client may attach a unique idempotency key to each
request, the service records keys it has seen and ignores any subsequent request with the
same key, ensuring no duplicate action occurs [60]. Similarly, database operations can be
made idempotent by using “upsert” (update or insert) logic or unique constraints, so if
the same operation is executed twice, the second execution simply updates the existing
record and does not create a duplicate. Consumers of message queues often keep track of
processed message IDs in a log, if a message with an already seen ID arrives again, it can
be safely skipped. By designing every step to tolerate repeats in this way, orchestrated
workflows can safely retry tasks after failures and handle at-least-once delivery without
corrupting the overall process.

Finally, cloud orchestration must maintain transactional state and consistency through-
out a workflow’s steps. Each step often involves updating shared state or databases, and
it is vital that these state transitions occur reliably despite failures. Traditional ACID
(Atomicity, Consistency, Isolation, and Durability) [61, 62] transaction principles are ap-
plied so that operations are atomic (all or nothing) and consistent in effect. This means
a step’s set of state updates either completes entirely or, if an error occurs mid process,
has no effect at all (the system rolls back to the prior state). Ensuring atomicity prevents
partial updates that could leave data in an inconsistent state. Thus, if a workflow was
internally consistent before a transaction, it remains consistent afterward, with no inter-
mediate corruption. Within a single service, this is achieved using database transactions
or other atomic operations (for example, a commit that moves the system from one con-
sistent state to the next, or a compare and swap on a shared variable). In distributed
multi-service workflows, maintaining consistency requires additional patterns because a
single global transaction (spanning multiple services or databases) is often infeasible. In-
stead, cloud orchestration relies on approaches like the saga pattern [63], which breaks
a cross service operation into a sequence of local transactions with compensating actions
for rollbacks, or the transactional outbox pattern [64], which atomically couples database
changes with message publication. These patterns ensure that updates and interservice
notifications go hand in hand. For example, if a workflow step involves writing to a
database and sending an event, the system will do both in one atomic unit, so either both
the database update and the event emission succeed or both are aborted on failure. This
guarantees that other services never observe a partial outcome (such as an event about a
change that was never committed, or a database change without the corresponding noti-
fication). By using such transaction management techniques, cloud native orchestrators
uphold strong consistency and reliable state transitions across the entire workflow, despite
the distributed nature of the system.

From a MAS perspective, cloud-native architectures are a natural fit because they
already decompose functionality into loosely coupled, independently deployable services
that resemble distributed agents. Each microservice or agent encapsulates its own logic
and state, communicates via messages, and can be scaled or upgraded without central
coordination. Cloud-native orchestration provides the substrate for coordinating these
agents at scale, where message brokers implement the communication fabric, DAG- or
state-machine-based workflow engines define and enforce interaction protocols, and per-
run isolation together with transactional guarantees ensure that agent interactions remain
robust and consistent even under failures. This tight alignment between MAS principles
and cloud-native patterns motivates adopting cloud-native orchestration as the execution
backbone for complex, agent-based workflows.

15



2.6 Assignment Policies
Assignment policies in Multi-Agent Systems define how tasks are mapped to agents under
constraints of time, capability, communication cost, and uncertainty. They can be viewed
along a spectrum from simple deterministic rules to adaptive, market and score based
mechanisms. This chapter outlines three representative, inclusive classes of policies that
are frequently used as conceptual and algorithmic baselines [65, 66, 67].

2.6.1 First-Come, First-Served (FCFS) Assignment
First-Come, First-Served (FCFS) [68] is a basic assignment policy and a common baseline
in Multi-Agent coordination. Tasks are placed in order of arrival, and when an agent
becomes available, it receives the earliest pending eligible task. The three advantages of
FCFS are that it is simple to implement, it has low computational cost, and it is perceived
as “time-fair” because earlier requests are not passed over without reason.

FCFS can work adequately in homogeneous or lightly loaded settings, where agents
have similar capabilities and tasks have comparable complexity [68]. However, once het-
erogeneity, deadlines, or priority differences are present, its weaknesses become clear.
FCFS ignores agent capabilities, current workload, reliability, and spatial or operational
context. As a result, an early, poorly matched, or unusually difficult task can tie up
valuable agents, while later tasks that are more urgent or better aligned are delayed.
This dynamic reduces resource utilization, increases completion times, and creates a gap
between local assignment decisions and overall system objectives.

2.6.2 Improved Contract Net Protocol
The Contract Net Protocol (CNP), as discussed earlier, introduces a structured, market-
like assignment process. However, classical CNP can incur significant communication
overhead and redundant negotiation in large or dynamic systems due to broad task an-
nouncements, repeated bidding, and limited use of historical trust or performance infor-
mation, which may also result in selecting agents that are eligible but not globally efficient
or reliable. Improved Contract Net Protocols (ICNP) [5] refine this framework using ant
colony inspired response thresholds and pheromone models to achieve selective, adaptive
participation and more efficient coordination. Tasks are encoded as task pheromones with
attributes such as priority, stimulus, and reward, while agents emit bidding pheromones
that include capability, estimated completion time, current load, and a dynamic response
threshold shaped by past successes, failures, and trust. An agent bids only when the
task stimulus exceeds its threshold, filtering out overloaded or unsuitable candidates and
reducing unnecessary communication. As agents complete tasks successfully, their thresh-
olds adjust to reinforce appropriate task types. Repeated failures increase thresholds and
suppress unsuitable bids. Coupled with mechanisms for monitoring execution and reas-
signing tasks when contractors overrun or fail, ICNP style schemes reduce traffic and run
time, improve task completion rates, and promote more rational, self organizing, and ro-
bust task allocation while preserving the distributed negotiation structure of the original
protocol [5].

2.6.3 Score-Based
Score-based assignment policies allocate tasks by computing an explicit score or utility for
each possible agent–task pairing. Each pairing is evaluated on criteria such as capability
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match, expected completion time, execution and communication cost, current and pro-
jected load, historical reliability or trust, task priority and deadlines, and relevant risk,
energy, or other resource constraints. A centralised or distributed mechanism then chooses
allocations that maximise total utility or equivalently minimise a global cost, subject to
resource limits, precedence constraints, and service level objectives [65, 66].

Classical bidding schemes can be viewed as a special case that uses simple scores (for
example, selecting the lowest cost bid), whereas more advanced approaches use weighted
combinations of features or learned estimators to represent system objectives more accu-
rately. These policies also support fairness and transparency, where fairness terms can
be added to reduce starvation or persistent overload of particular agents, and the factors
driving each decision can be reconstructed from the logged utility components. In the
Multi-Agent literature, utility driven methods therefore constitute a flexible and prin-
cipled family of policies that make the trade-offs in agent task matching explicit and
tunable [66, 67].

2.7 Summary
This chapter has introduced the conceptual and technical foundations that underpin the
proposed framework. It began with classical Multi-Agent Systems and their coordination
mechanisms, where the Contract Net Protocol illustrated how decentralised task allo-
cation can be achieved through structured negotiation. The discussion then moved to
LLM-based Multi-Agent Systems, where natural language driven agents enriched with
tools, memory, and human-in-the-loop oversight extend the classical paradigm with new
flexibility but also introduce new fragilities. The Semantic Web stack was presented as a
machine-interpretable substrate for representing knowledge, constraints, and provenance,
providing the formal grounding required for auditable coordination. Stigmergy was intro-
duced as a principle of indirect, environment-mediated coordination that enables adaptive
and self-organising collective behaviour without central control. Cloud-native orchestra-
tion patterns were then summarised as the execution substrate that makes Multi-Agent
coordination practically realisable at scale, and the chapter closed with a review of rep-
resentative task-assignment policies that anchor the design space in which the proposed
framework is positioned.

Together, these foundations supply the vocabulary and the conceptual tools needed to
characterise the limitations of current orchestration platforms and to motivate the archi-
tectural choices that follow. In the following chapter, the state of the art in LLM-based
orchestration is examined in depth, focusing on LangGraph and CrewAI as representative
case studies, in order to map their architectural limitations against the three gaps that
the proposed framework addresses.
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3. State of the Art

As large language models have improved at reasoning, developers have started building
frameworks that let multiple AI agents work together to tackle complex, multi-step prob-
lems. Early projects such as AutoGPT [41] and BabyAGI [69] demonstrated the potential
of chaining autonomous agents across extended task horizons, but these systems were pri-
marily experimental and exposed significant challenges in reliability, controllability, and
evaluation, as surveys of LLM-based Multi-Agent Systems confirm [17]. In response,
more structured orchestration frameworks have emerged in both industry and research,
including LangGraph [18], CrewAI [19], and AutoGen [20], each supporting Multi-Agent
workflows through different architectural philosophies. More specialised platforms such
as ChatDev [70], MetaGPT [71], and HuggingGPT [40] explore domain-specific forms of
agent collaboration, but remain oriented toward experimentation rather than standardised
production deployment.

This chapter provides an in-depth analysis of LangGraph and CrewAI, which represent
two mature, complementary points in the current design space. LangGraph exemplifies
graph and state-centric orchestration with strong guarantees around control, observabil-
ity, and persistence, while CrewAI embodies a role-based, crew-oriented approach that
emphasises developer ergonomics and collaborative agent workflows. Both are actively
maintained, well documented, and used in non-trivial applications, making them repre-
sentative case studies for analysing orchestration trade-offs. Other systems such as Auto-
Gen, ChatDev, MetaGPT, and HuggingGPT are therefore treated as important reference
points rather than primary objects of study, as they either target narrower domains, re-
main more exploratory in nature, or currently offer less comprehensive operational and
governance capabilities.

3.1 LangGraph
This section details LangGraph using three main viewpoints: Architecture, Coordination,
and Runtime. Architecture covers the main components and overall design of the frame-
work. Coordination describes how tasks are divided among agents and how their work
is synchronised or communicated. Runtime refers to how execution is scheduled, for in-
stance, whether the system runs agents concurrently or in sequence, and how it manages
long-running processes or failures.

3.1.1 Architecture
LangGraph uses a graph-based architecture where workflows are represented as directed
graphs of nodes and edges. Each node is a single step in the agent’s workflow, for example,
calling an LLM, using a tool, or running custom code. Edges between nodes define how
control moves from one step to the next, and these transitions can be fixed or conditional
on the current state. This means the workflow is not constrained to a single fixed sequence,
as its path can instead be determined dynamically at runtime [72].

LangGraph keeps a central shared state that all nodes can access. Because the graphs
are stateful, each node can read from and write to this shared state, letting the agent
remember intermediate results and context across the whole workflow. Workflows can
also include cycles (loops), not just one-way flows, which allows for iterative behaviour
when needed.

18



Overall, the architecture is built from three primitives, nodes as actions, edges as
transitions, and shared state, giving developers fine-grained control over how an agent’s
process is structured.

3.1.2 Coordination
By modelling Multi-Agent or multi-step workflows as a single graph with shared state,
LangGraph makes it easier to tightly coordinate specialised agents and sub-tasks. Its
graph model naturally supports parallel work, branching, and synchronisation.

Because the same node can have multiple successors, a workflow can fan out into
parallel branches. For example, if two sub-tasks are independent, the graph can have two
outgoing edges from one node so that both tasks run at the same time. The runtime
handles synchronisation by ensuring that any node depending on several previous nodes
waits until all of them have finished before it begins execution [73, 74]. This enforces
explicit join semantics and reduces coordination hazards, ensuring that parallel branches
synchronise in a controlled manner.

LangGraph also supports dynamic decision-making through conditional edges. An
edge can look at the current state and choose the next node based on some condition (for
example, taking one path if an intermediate result meets a threshold, and another path
otherwise). This allows the agent to break down or redirect tasks on the fly.

In addition, the graph can express loops by connecting an edge back to an earlier
node, enabling iterative refinement. In more advanced setups, developers can implement
patterns like an orchestrator–worker model within the graph, for instance, having one
node act as an orchestrator that spawns several worker nodes to handle sub-tasks in
parallel, using LangGraph’s APIs for dynamic node creation.

3.1.3 Runtime
LangGraph uses a stepwise execution model inspired by graph processing frameworks like
Pregel [73, 74] and dataflow systems. When an agent’s graph is invoked, the runtime
starts at a special START node and determines which nodes are ready to run based on
the current state and edge conditions. In each iteration (often called a “superstep”), all
eligible nodes (for example, the START node or any whose predecessors have finished)
are executed, possibly in parallel if there are multiple active nodes. The scheduler can
therefore run several node functions at the same time, then wait for all of them to com-
plete.

After each batch of executions, LangGraph updates the shared global state with the
outputs from those nodes and creates a checkpoint of the entire state [75]. This check-
pointing is important because it provides durability and fault tolerance, allowing the
workflow to resume from the latest state after a failure instead of starting over. It also
supports pausing an agent mid-execution (for example, to wait for human input) and
resuming later, since the exact workflow state is preserved.

The scheduler then plans the next step by checking which edges were activated by
the recent outputs, which determines the next set of nodes to run. This plan → execute
→ update cycle repeats until no further nodes are triggered. In this way, LangGraph’s
runtime enforces a controlled and deterministic progression through the graph, where
nodes execute only when their preconditions are satisfied as defined by the graph structure
and the current state.

Developers also have fine-grained control over scheduling. They can insert human-in-
the-loop steps, add custom synchronisation points, or tune persistence settings, making

19



LangGraph suitable for long-running or interactive agent sessions. The trade-off is that
using the runtime effectively requires some understanding of concurrency and state man-
agement, since the execution flow is a coordinated graph traversal rather than a simple
linear script.

3.2 CrewAI
CrewAI is analysed next through the same three viewpoints of architecture, coordination,
and runtime.

3.2.1 Architecture
CrewAI uses a role-based Multi-Agent architecture, organising an AI system as a “crew”
of specialised agents. Each agent is assigned a specific role, a persona with defined skills
and responsibilities, and operates semi-autonomously. For example, a Researcher agent
focuses on information gathering, while a Writer agent synthesises findings into a report.
Agents can also be equipped with role-appropriate tools or APIs (e.g. a database search
tool for the Researcher). This combination of specialisation and tool access aligns with
ReAct’s task-specific grounding and supports more focused, interpretable, and reliable
behaviour. More broadly, findings on role-based prompting and expert-persona framing
suggest that LLM performance improves when the assigned roles are well aligned with
the task’s demands [35].

In CrewAI, tasks are first-class objects. A Task defines a unit of work with a de-
scription, an expected output, and an assigned agent that will carry it out. A group of
agents and their tasks are organised into a Crew, which represents the overall collabora-
tive workflow targeting a higher-level goal. The crew is managed by a Process, which acts
as the orchestrator or project manager for the group. The Process decides how tasks are
scheduled, assigned, and executed according to a chosen strategy.

These components form a simple hierarchy in which the Crew contains agents working
on tasks, while the Process coordinates and monitors their collective activity.

Each agent also maintains its own memory and context tuned to its role. CrewAI
supports several memory layers, including short-term memory for a single task or con-
versation, long-term memory that persists across sessions, and entity-specific memory
for tracking information about particular people or concepts. This allows, for instance,
the Researcher agent to accumulate facts over time, while the Writer agent builds up
knowledge about style and previous content, both working toward the same overall ob-
jective [19].

3.2.2 Coordination
In CrewAI, coordination is centred on dividing work by roles and managing hand-offs
between agents. Instead of a single chain of actions, CrewAI encourages a division of
labour, where each agent handles the part of the problem that matches its role. Tasks
are typically assigned to the agent best suited for that subtask, as in the common pattern
where a Researcher agent works first and a Writer agent follows. The framework ensures
that these tasks run in the right order and stay properly synchronised.

A Process (either an implicit controller or an explicit manager agent) is responsible for
sequencing tasks and enforcing dependencies. For example, if the Writer’s task depends
on the Researcher’s findings, the Process will not start the writing task until the research
task is complete and its results are available.
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CrewAI natively supports both sequential and parallel workflows. You can define
tasks that run one after another, or launch multiple tasks at the same time if they are
independent. To scale up, developers can even create multiple agents with the same role
to work in parallel on different parts of a problem. The framework then synchronises their
outputs and aggregates results as needed.

Agents in a crew can also communicate and delegate among themselves, which is
central to CrewAI’s coordination model. They can ask each other questions or pass
intermediate results through shared context, much like coworkers consulting one another.
For instance, an agent might call a tool or function exposed by another agent to tap
into its expertise. CrewAI supports this by maintaining a global context (or “contextual
memory”) shared across the crew, so that information discovered by one agent can inform
the others.

CrewAI also makes it easy to include human oversight in the loop. Tasks can be con-
figured to require human approval or input before continuing (for example, reviewing the
Researcher’s notes before the Writer proceeds). The system pauses at these checkpoints,
lets a human operator intervene, then resumes the workflow, helping ensure that agents
stay aligned with both their roles and the user’s intent [19, 76].

3.2.3 Runtime
CrewAI’s runtime executes agent tasks using a managed, hierarchical scheduling model.
When a crew is launched, the framework may internally create a manager agent (or use
a defined Process) that controls the overall execution. The manager plans the overall
strategy, deciding which task to initiate first, when to trigger follow-up tasks, and how
to distribute work among agents. In a simple sequential setup, the manager runs the
first task, waits for it to finish, and then passes its output to the next agent. For tasks
that can run in parallel, CrewAI can schedule multiple tasks concurrently when tasks are
independent [76]. The runtime tracks each task’s state (pending, in progress, done) and
collects their results when they complete.

CrewAI introduces Flows to give developers finer control over scheduling and triggers.
A Flow is an event-driven pipeline that can run alongside a crew or on its own. It lets
you define explicit execution paths with conditions, loops, and branches, similar to a
traditional workflow engine. For example, a Flow attached to a Crew could express logic
such that if a particular data condition is met, two agents are notified in parallel and the
system waits for both to complete, whereas otherwise execution loops back to another
agent for a further attempt. Under the hood, Flows manage state transitions and event
triggers so that the right agent is invoked at the right time, adding a layer of deterministic
control on top of autonomous agent behaviour [76].

At runtime, CrewAI supports asynchronous operation by allowing crews to run non-
blockingly, and multiple crew instances can execute concurrently, enabling parallel oper-
ation patterns [19, 76]. Throughout execution, the scheduler ensures agents stay within
their roles, while the manager or Process intercepts outputs and routes them to the ap-
propriate next step. When an agent finishes its task, the scheduler either advances to the
next task or waits for all parallel tasks to complete before triggering aggregation or sub-
sequent steps. This hierarchical control, an overseeing manager coordinating autonomous
agents, is designed to keep the team aligned with the overall goal. While CrewAI’s default
scheduling is more implicit than LangGraph’s graph-based runtime, the introduction of
Flows allows similarly fine-grained control when needed [19, 76].
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3.3 Comparisons
Both LangGraph and CrewAI enable complex multi-LLM applications, but they differ
significantly in philosophy and ideal use cases.

3.3.1 Control and Abstraction
LangGraph offers explicit control over execution because workflows are defined as graphs
of nodes and transitions over shared state. Developers explicitly define every node and
transition, yielding full visibility into each agent step and fine-grained control over deci-
sions. This makes it possible to intervene or debug at any point in the workflow, which
is critical for long-running or safety-critical deployments. CrewAI, by contrast, provides
a higher-level abstraction, where one describes agent roles and overall process, and the
framework handles the low-level sequencing. This leads to faster development cycles and
more concise definitions, at the cost of some direct control over intermediate steps. In
CrewAI, much of the control over what happens next is managed implicitly by the agents’
interactions or the preset process logic, whereas in LangGraph nothing is implicit, every
transition must be encoded. The introduction of Flow constructs in CrewAI has narrowed
this gap by allowing developers to insert explicit routing logic within a crew, but gen-
erally LangGraph is well suited when maximum determinism and customisability of the
workflow are required [72, 19].

3.3.2 Information Flow and State Management
Another contrast is how each handles the flow of information between steps. LangGraph
uses an explicit persistent state object that accumulates and carries data through the
graph. This makes complex context management straightforward, as the state can be
checkpointed, inspected, or modified at any point and persists even when the process
pauses or retries [75]. It natively supports branching and looping, meaning an agent can
dynamically choose a different path or repeat a step based on the state [72]. CrewAI relies
on a shared context (often the conversation history or shared memory) to maintain conti-
nuity between agents [19]. This is sufficient for many collaborative tasks, but deep state
or long-term memory is less central. If an agent needs to preserve information, it typically
appends it to the shared context in natural language form. LangGraph’s approach is thus
better suited for workflows that require robust stateful behaviour (for example, iterative
problem-solving where each iteration’s outcome informs the next). CrewAI’s approach
is best suited to tasks that can be broken into well-defined chunks without extensive
backtracking. It allows some parallelism and tends to be more linear in execution, aside
from any branching logic encoded via flows [76]. LangGraph is well suited for adaptive
or non-linear processes where the workflow might revisit earlier steps or handle unpre-
dictable paths, whereas CrewAI is a strong fit for structured pipelines or role-based teams
following a planned strategy [72, 19].

3.3.3 Strengths and Trade-offs
LangGraph’s strength lies in its expressiveness and reliability for complex scenarios. It
can model a wide range of workflow topologies and provide precise control over execution,
including error handling, timeouts, and human-review points. It also naturally facilitates
transparency, since one can log the entire state and path of execution for analysis. The
trade-off is higher complexity and a steeper learning curve, building a LangGraph workflow
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requires more engineering effort and understanding of the graph paradigm. On the other
hand, CrewAI’s strength is developer productivity and clarity. The concept of a crew of
agents with roles is easy to grasp, and one can leverage the built-in patterns (sequential
flows, manager oversight, etc.) to get a Multi-Agent System working without delving into
low-level logic. This makes CrewAI well suited for rapid prototyping or use cases where
the structure of collaboration is more important than fine-tuned control of each step. Its
role-based design also maps well to certain real-world team structures, making it intuitive
to assign, for instance, a “Planner” agent and an “Executor” agent and let them interact.
The downside is that extremely complex coordination logic might be harder to implement
if it doesn’t fit one of the provided paradigms. For example, achieving the same level
of dynamic looping or conditional branching as LangGraph might require creative use of
flows or might simply be more cumbersome. In summary, CrewAI trades some power for
simplicity, whereas LangGraph trades simplicity for power [72, 19].

3.3.4 Ethics and Trustworthy AI
A critical dimension where both frameworks offer limited built-in support is ethics and
trustworthy AI. Although each allows developers to insert human-in-the-loop steps, nei-
ther provides standardised governance primitives such as mandatory policy gates, struc-
tured risk routing, provenance-by-default, or enforceable constraints as first-class orches-
tration constructs. Instead, developers must implement such safeguards manually when
required. This retrofit approach can lead to inconsistent protections, where some teams
may introduce comprehensive logging, bias checks, and approval workflows while others
omit them entirely. In production AI systems handling sensitive data or consequential
decisions, such variability introduces significant ethical and governance risks [8, 23].

Moreover, even when safeguards are added, aspects of the underlying design can in-
crease the burden of enforcing them correctly. LangGraph’s shared state model increases
the burden on developers to implement strict context isolation between clients or work-
flows. CrewAI’s reliance on shared conversational context similarly creates potential
information-leakage risks if session boundaries and memory handling are not carefully
controlled [23]. The limitations described above are not failures of capability but reflect
orchestration primitives that prioritise flexibility and developer convenience over gover-
nance guarantees.

As regulatory frameworks such as the EU AI Act [2] introduce obligations related to
risk management, transparency, and human oversight, the absence of governance-aware
orchestration primitives becomes a growing concern for teams deploying Multi-Agent AI
systems in regulated environments.

3.3.5 Limitations
Despite the advances offered by LangGraph and CrewAI, there are clear limitations that
motivate new orchestration strategies. LangGraph, while powerful, can be onerous to
implement and maintain for large graphs, and its low-level nature may overburden devel-
opers when rapid changes or experimentation are needed. CrewAI, conversely, provides
an easier starting point but sacrifices some control and transparency. Developers may
find it challenging to debug nuanced issues or enforce certain execution orderings because
of the framework’s higher-level abstraction [72, 19]. More generally, existing frameworks
tend to focus either on strict structure or on maximal flexibility, but few offer both simul-
taneously. This opens an opportunity for a new orchestration framework that combines
the precise control of a graph-based approach with the modular clarity and ease of use
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of a Multi-Agent crew model. The next chapter introduces a framework built around
a directed acyclic graph (DAG) paradigm that seeks to unify these strengths while ad-
dressing the shortcomings of current solutions. The goal is to enable developers to design
LLM-driven workflows that are both highly controllable and readily extensible, closing
the gap between LangGraph’s robustness and CrewAI’s user-friendly modularity. Criti-
cally, the proposed framework treats ethics as a first-class architectural concern. Fairness
constraints, decision provenance, human-in-the-loop triggers, and input sanitisation are
orchestration primitives, not optional add-ons. Developers using this approach obtain
ethical guarantees by default, whereas with LangGraph or CrewAI they must explicitly
take care of these considerations themselves [8, 2].
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4. Proposed Method and Framework

This chapter presents the design of the proposed Multi-Agent coordination framework,
grounded in stigmergy as a principle of indirect coordination through signals left in a
shared environment [77, 15]. The chapter begins by stating the design goals that guided
the framework, then describes its overall architecture and details each major component.
Throughout, formal ontology-driven concepts are used, such as stig:TaskSpec for task
templates, stig:Slot for required roles, and various stig:Stigma marker subtypes, to define
the coordination model. The emphasis of this chapter is on what the framework pro-
poses and why, covering its conceptual mechanisms, formal procedures, and algorithmic
contributions.

4.1 Design Goals
The framework is driven by five core design goals, each addressing a limitation identified
in the analysis of existing Multi-Agent orchestration platforms (Chapter 3). Together
they operationalise the thesis objectives (O1–O6, Chapter 1) and serve as the evaluation
criteria against which the prototype is assessed in Chapter 6:

1. Decentralised coordination through competitive task allocation and shared
environmental signals.
Agents must coordinate through both competitive bidding via the Improved Con-
tract Net Protocol (ICNP) and shared environmental signals (affordance markers),
rather than through direct peer-to-peer messaging or a centralised scheduler [15, 77].
ICNP ensures that task assignments reflect agent capability and availability, while
affordance markers carry accumulated performance history across pipeline runs, en-
abling the system to reinforce successful allocation patterns over time. Together,
these mechanisms ensure that the system scales gracefully with the number of agents
and tasks and that no single component becomes a coordination bottleneck. This
goal corresponds to objectives O1 and O2.

2. Formal ontological knowledge substrate.
All core entities, including tasks, agents, capabilities, plans, and coordination mark-
ers, must be defined via a formal OWL/RDF ontology using the stig: namespace.
This enables machine-readable specifications, automated constraint validation, and
semantic interoperability across heterogeneous agent populations [9, 22]. This goal
corresponds to objective O3.

3. Safety and human oversight.
The framework must embed safety mechanisms as first-class architectural concerns,
not optional add-ons. This includes mandatory content filtering at intake, risk-
based routing to human approval workflows, ethical review gates before execution,
and structured escalation paths for runtime failures [8, 2]. This goal corresponds to
objective O4.

4. End-to-end audit traceability.
Every decision, state transition, and agent action must be captured in a structured
audit trail with end-to-end correlation identifiers. This supports post-hoc analysis,
compliance verification, and explainability of system behaviour [10, 2]. This goal
corresponds to objectives O3 and O4.

5. Adaptive failure recovery and strategic replanning.
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The framework must respond to runtime failures and changing conditions through
self-healing mechanisms (bounded retries, pheromone-driven re-weighting) [78, 61]
and LLM-assisted strategic replanning, escalating to human operators only when
automated recovery is insufficient. This goal corresponds to objective O5. The
empirical evaluation of this and all other design goals is covered by objective O6.

These goals inform every architectural decision described in the remainder of this
chapter and serve as evaluation criteria for the experimental evaluation in Chapter 6.
Their measurable impact is tested through the targeted ablation experiments reported in
Section 6.2, where each design goal is mapped to one or more experimental hypotheses.

4.2 System Architecture Overview
Figure 5 illustrates the high-level architecture of the proposed framework. The system
processes a request through a pipeline of five major phases, preceded by a one-time Agent
Registration step, for a total of six steps.

1. Agent Registration – autonomous agents register their identities and capabilities
in a shared registry (Section 4.3).

2. Task Input and Normalisation – user-submitted tasks are validated, filtered,
and transformed into structured TaskSpec objects (Section 4.4).

3. Stigmergic Task Assignment (ICNP) – agents bid on tasks through an Im-
proved Contract Net Protocol [5] mediated by stigmergic markers (Section 4.5).

4. Plan Generation and Constraint Validation – bids are synthesised into an
execution graph, validated against formal constraints, and transformed into an ex-
ecutable DAG (Section 4.6).

5. Human Validation and Approval – risk-based routing ensures human oversight
for high-risk plans (Section 4.7).

6. Execution, Adaptation and Failure Handling – the plan is executed under the
supervision of an LLM-based strategist and a pheromone engine that enable adaptive
coordination, with structured escalation for persistent failures (Sections 4.8–4.9).

A cross-cutting Audit & Traceability layer (Section 4.10) captures structured records
from every phase, providing end-to-end observability.

4.3 Agent Registration and Capability Model
Before any task can be processed, participating agents must register their presence and
capabilities with the system (Step (a) in Figure 5). Agents and their capabilities are
modelled using the ontology as follows:

• Each agent is identified by a unique URI [79] and is an instance of stig:Agent.
• Each agent declares a set of stig:Capability instances, representing discrete skills

or services it can perform (e.g. stig:ImageOCR, stig:RoutePlanning).
• Each agent carries stigmergy tags (quantitative metadata modelled as stig:Stigma

markers) that encode domain expertise, historical performance, and operational
state. The tag values are intensities analogous to pheromone concentrations [77].

The Agent Registry acts as the initial stigmergic medium [15], serving as the shared
environment that task-assignment processes later query. To maintain currency, the frame-
work applies a decay function to agent tags over time. If an agent has not been active for
a period ∆t, its tag intensities are reduced by a decay factor λ:

I(t + ∆t) = I(t) · e−λ∆t (1)
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Figure 5: High-level architecture of the proposed Multi-Agent coordination framework. Phases (a)–(g)
are described in Sections 4.3–4.10.

where I(t) is the tag intensity at time t and λ > 0 is the decay rate. This mechanism en-
sures that stale agent information fades, analogous to pheromone evaporation in biological
systems [77, 80], and that the registry reflects the current operational landscape at any
given time. When a task specification declares a required capability for a stig:Slot (via
stig:requiresCapability), the system queries the registry to identify candidate agents
whose capabilities match the requirement and whose tag intensities exceed a minimum
threshold.

4.4 Task Normalisation: From Unstructured Input
to TaskSpec

The Task Input and Normalisation subsystem (Step (b) in Figure 5) transforms hetero-
geneous user-submitted task descriptions into well-formed stig:TaskSpec objects suit-
able for downstream processing. A three-stage normalisation procedure is defined (Algo-
rithm 1).
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Algorithm 1 Task Normalisation Procedure
Require: User input payload P
Ensure: Validated TaskSpec object T or rejection

Stage 1: Reception and Metadata Extraction
1: M ← ExtractMetadata(P )
2: if M is missing required fields then
3: return Reject(“Missing required metadata”)
4: end if

Stage 2: Content Filtering
5: filterResult← ContentFilter(P )
6: if filterResult = Blocked then
7: return Reject(“Content policy violation”)
8: end if

Stage 3: Structuring
9: if P contains a well-formed TaskSpec then

10: T ← ParseTaskSpec(P )
11: else if LLM provider is available then
12: prompt← BuildSchemaPrompt(P, M)
13: response← LLM.Generate(prompt)
14: T ← ParseJSON(response)
15: if T is not valid then
16: T ← HeuristicExtract(P ) ▷ Fallback
17: end if
18: else
19: T ← HeuristicExtract(P )
20: end if
21: Persist(T , graphStore)
22: return T

4.4.1 Stage 1: Reception and Metadata Extraction
The system accepts task descriptions in multiple formats, including natural language text,
structured JSON, or hybrid payloads. At this stage, the system extracts and validates
required contextual metadata (pipeline identifiers, user context). The absence of required
metadata results in immediate rejection with a structured error response.

4.4.2 Stage 2: Content Filtering and Safety Gate
Before any further processing, the input passes through a content filter that enforces
organisational policies and ethical guidelines. Tasks that fail content filtering (e.g. con-
taining harmful, prohibited, or policy-violating content) are rejected immediately [23].
This gate ensures that the coordination pipeline never processes inappropriate requests,
serving as the first safety checkpoint in accordance with Design Goal 3 (Section 4.1).

4.4.3 Stage 3: LLM-Assisted Structuring
If the input does not already conform to the TaskSpec schema, a Supervisor Agent invokes
a Large Language Model (LLM) to extract and structure task information from the natural
language description. The LLM is prompted to produce a JSON object conforming to the
TaskSpec schema, which includes the fields shown in Table 1.
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If the LLM fails to produce valid output, or if no LLM provider is configured, the
system falls back to a rule-based heuristic approach that extracts available information
from the payload fields. The resulting TaskSpec objects are persisted to the graph marker
store for downstream consumption.

Field Type Description

task_id URI Unique task identifier
description String Human-readable task description
required_
capabilities

List⟨stig:Capability⟩ Capabilities needed to fulfill the task

tags List⟨String⟩ Domain and classification tags
risk_level Enum{low, medium,

high}
Risk classification

priority Enum{low, medium,
high, critical}

Risk classification

requires_human_
approval

Boolean Whether human sign-off is mandatory

Table 1: Core fields of a stig:TaskSpec object.

4.5 Stigmergic Task Assignment via Improved Con-
tract Net Protocol

The task assignment phase (Step (c) in Figure 5) matches validated TaskSpec objects with
registered agents through a decentralised bidding mechanism. The Improved Contract Net
Protocol (ICNP) introduced by Zhang et al. [5] is adopted as the conceptual basis for task
assignment, integrated with the stigmergic marker infrastructure to create a coordination
mechanism that is both autonomous and observable. The framework retains Zhang’s
core mechanism, namely a stimulus-threshold admission model with dynamic threshold
updates driven by success history. The closed-form expressions used in this work are
reformulated. The admission gate (Eq. 2) folds agent load into the stimulus score rather
than the bid score. The threshold update (Eq. 3) replaces Zhang’s task-difficulty terms
with a single learning-rate adjustment against the system-wide success mean. The bid
score (Eq. 5) replaces Zhang’s history factor Y with an explicit capability-match and
trust decomposition. Two further additions, the exponential decay of Eq. 1 and the
clamped reinforcement of Eq. 6, integrate Zhang’s mechanism with the broader ACO-
derived stigmergic substrate of Dorigo and Stützle [80].

4.5.1 Rationale for ICNP
Section 2.6 surveyed three representative assignment policy classes, namely FCFS, score-
based, and ICNP, each occupying a distinct position in the autonomy-optimality trade-off
space. The choice among them is governed by the framework’s design goals as outlined
in Section 4.1.

• FCFS is incompatible with Design Goal 1 (Decentralised Coordination) because,
while nominally distributed, it ignores agent capabilities and environmental signals,
producing assignments that degrade under heterogeneous workloads as discussed in
Subsection 2.6.1.

29



• Score-based allocation (Subsection 2.6.3) can yield globally optimal assignments,
but its reliance on a central coordinator conflicts with Design Goal 1 and introduces
a single point of failure that undermines Design Goal 5 (Adaptive Resilience).

• ICNP (Subsection 2.6.2), by contrast, is decentralised by construction, as agents bid
autonomously based on local evaluation of task stimuli, the system selects winners
through multi-criteria ranking, and pheromone-driven threshold adaptation provides
the self-organising dynamics required by Design Goal 5.

Beyond these alignment properties, ICNP offers two additional advantages for the
proposed framework. First, each bidding round produces explicit, machine-readable bid
records that feed directly into the Audit and Traceability layer (Design Goal 4). Second,
the protocol’s affordance markers integrate naturally with the stigmergic coordination
medium described in Section 4.3, allowing bidding outcomes to persist as environmental
signals that inform downstream plan generation. These properties make ICNP the ap-
propriate coordination mechanism for the framework, as it satisfies all five design goals
without requiring a centralised authority.

4.5.2 Call for Proposals (CFP)
For each validated TaskSpec τ , the system issues a Call for Proposals containing:

• Required capabilities: τ.required_capabilities
• Priority level: τ.priority
• Stimulus intensity: s0 (initial attractiveness of the task)
• Reward value: r (value proposition for participating agents)
• Time-to-live: TTL (validity window for bids)
If no agents respond within the TTL, the system initiates a new round with increased

stimulus intensity: sk+1 = sk · (1 + α), where α > 0 is the stimulus amplification fac-
tor. This ensures that tasks that initially fail to attract bids become progressively more
attractive.

4.5.3 Agent Evaluation and Response Threshold
Each registered agent ai evaluates open CFPs by computing a stimulus score that captures
how well positioned the agent is to accept additional work:

S(ai, τ) = wurg · u(τ) + wavail ·
(

1− load(ai)
maxLoad(ai)

)
(2)

where u(τ) ∈ [0, 1] is the task’s urgency derived from its stimulus intensity and priority,
and load(ai)/maxLoad(ai) ∈ [0, 1] is the agent’s current occupancy fraction. The weights
satisfy wurg + wavail = 1. The stimulus score answers whether the agent can take on this
task, whereas the bid score B defined in Eq. 5 of Subsection 4.5.4 answers whether the
agent is the best fit among those who can. Keeping the two separate prevents fit signals
from dominating the admission decision and conversely prevents load from distorting fit
comparisons among admitted bidders.

Each agent maintains an individual response threshold θi that determines whether it
submits a bid at all, as a bid is issued only when S(ai, τ) > θi. The threshold is dynamic.

θ
(t+1)
i = θ

(t)
i + β · (successRatei − s̄) (3)

where β is a learning rate and s̄ is the system-wide average success rate. Agents with
above-average success raise their thresholds and become more selective, while underper-
forming agents lower theirs and become more willing to bid, producing a self-regulating
population dynamic [51].
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4.5.4 Bid Generation and Selection
When the admission condition S(ai, τ) > θi is satisfied, the agent generates a bid whose
composite bid score combines three fit primitives that characterise the agent-task pair.
The first is the capability match capMatch(ai, τ) ∈ [0, 1], given by the fraction of required
capabilities the agent possesses.

capMatch(ai, τ) = |ai.caps ∩ τ.requiredCaps|
|τ.requiredCaps| (4)

where ai.caps denotes the set of capabilities possessed by agent ai and τ.requiredCaps the
set of capabilities required by task τ . The second primitive is trust trust(ai) ∈ [0, 1], which
reflects the agent’s historical task success rate over a sliding window and is reinforced
through the marker feedback loop discussed later in this section. The third primitive
is cost(ai, τ), the agent’s estimated resource expenditure for task τ . Together, these
primitives form the inputs to the bid score.

B(ai, τ) = γ1 · capMatch(ai, τ) + γ2 · trust(ai) + γ3 ·
(

1− cost(ai, τ)
maxCost

)
(5)

where γ1, γ2, γ3 are scoring weights with γ1 + γ2 + γ3 = 1. Load does not appear here
because it has already been enforced upstream by the admission gate in Eq. 2, so B is
a pure fit score over capability, trust, and cost-effectiveness. The prototype described
in Subsection 5.4.3 extends Eq. 5 with additional runtime signals, including a histori-
cal success-rate bonus, a speed-against-baseline bonus, a failure-surface penalty, and a
learned bandit-exploration term, which sharpen ranking without changing the underlying
decision structure. Pheromone intensity enters the bid score indirectly through threshold
adaptation in Eq. 3 and through the trust signal fed back from marker reinforcement.

The system collects all bids for each task, ranks them by B, and selects the top-ranked
bid (or multiple bids when redundancy is desired). Successful bids produce affordance
markers, stig:AffordanceMarker instances in the graph store, which encode agent-task
pairings together with their bid scores. These markers are the stigmergic traces [15] that
guide subsequent plan generation.

Affordance markers come in two kinds. Exploratory traces, produced by path seeding
and in-flight bidding feedback, undergo continuous exponential decay I(t + ∆t) = I(t) ·
e−λ∆t, implementing the forgetting of stale preferences so the system can adapt to chang-
ing conditions. Committed assignment markers, created when a successful (task, agent)
pairing completes execution, and are exempt from time-based decay but remain modifi-
able by failure feedback and by human or system-level plan adjustments. This two-tier
lifecycle preserves stigmergy’s adaptive properties while giving validated assignments the
stability needed for downstream planning and audit.

Algorithm 2 presents the complete ICNP bidding procedure. One implementation
detail is worth highlighting. The eligibility check capMatch(ai, τ) > 0 on line 9 does not
use the strict set-intersection form of Eq. 4. Instead, it applies a semantically expanded
notion of capability matching (for example, an agent declaring python is considered to
match a task requiring programming), so that viable specialists are not excluded on purely
lexical grounds. The strict form is reserved for computing the capMatch value that feeds
into the bid score B on line 10, where exact matches should carry more weight than loose
semantic overlaps.
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Algorithm 2 Improved Contract Net Protocol (ICNP) Bidding
Require: Set of validated tasks T , set of registered agents A, max rounds K
Ensure: Set of affordance markers M (agent-task assignments)

1: M← ∅
2: for each task τ ∈ T do
3: s← s0(τ) ▷ Initial stimulus intensity
4: for k = 1 to K do
5: cfp ← IssueCFP(τ, s)
6: bids ← ∅
7: for each agent ai ∈ A do
8: Si ← ComputeStimulus(ai, τ) ▷ Eq. 2
9: if Si > θi and capMatch(ai, τ) > 0 then

10: Bi ← ComputeBidScore(ai, τ) ▷ Eq. 5
11: bids ← bids ∪ {(ai, Bi)}
12: end if
13: end for
14: if bids ̸= ∅ then
15: ranked ← SortDescending(bids)
16: a∗ ← ranked[0].agent ▷ Best bidder
17: m← CreateAffordanceMarker(τ, a∗, ranked[0].B)
18: M←M∪ {m}
19: break ▷ Task assigned, proceed to next task
20: else
21: s← s · (1 + α) ▷ Increase stimulus for next round
22: end if
23: end for
24: end for
25: return M

4.6 Plan Generation, Constraint Validation, and DAG
Construction

The Plan Generation and Validation phase (Step (d) in Figure 5) synthesizes task spec-
ifications and bidding results into a coherent execution plan, validates the plan against
formal constraints, and transforms it into an executable directed acyclic graph (DAG)
ready for human review and runtime orchestration.

4.6.1 Graph-Based Plan Representation
Execution plans are represented as directed graphs G = (V, E, ϕ) where:

• V is a set of task nodes, each annotated with its assigned agent (from the ICNP
results), required capabilities, bid score, and metadata.

• E ⊆ V × V is a set of directed edges representing execution dependencies (task vi

must complete before task vj begins).
• ϕ is an optional domain-specific ontology that captures additional semantic rela-

tionships and constraints among tasks and agents.
A Graph Builder Agent constructs G by incorporating the affordance markers from the

bidding phase, creating a task node with the assigned agent and capability annotations for
each marker, and adding dependency edges based on the task decomposition. The agent

32



also creates contract award records and reservation markers that formally bind agents to
their assigned tasks.

4.6.2 SHACL Constraint Validation
To ensure plan correctness, SHACL constraint validation is employed [13], based on the
W3C Shapes Constraint Language for validating RDF graphs [11] against structural and
semantic constraints. Four categories of constraints are defined, each targeting a specific
class of plan defects:

4.6.2.1 C1 - Structural Completeness

Every task node must have an assigned agent, a non-empty description, and at least one
required capability specified. Formally, the shape constraint requires:

stig:TaskNodeShape a sh:NodeShape ;
sh:targetClass stig:TaskNode ;
sh:property [

sh:path stig:assignedAgent ;
sh:minCount 1 ;
sh:maxCount 1 ;

] ;
sh:property [

sh:path stig:description ;
sh:minCount 1 ;
sh:datatype xsd:string ;

] ;
sh:property [

sh:path stig:requiresCapability ;
sh:minCount 1 ;

] .

4.6.2.2 C2 - Graph Integrity

All dependency edges must reference valid task nodes (no dangling references), and the
graph must be acyclic. The acyclicity constraint ensures that there exists a valid topo-
logical ordering for execution. This is validated using cycle detection (e.g. Kahn’s algo-
rithm [81, 82]).

stig:EdgeShape a sh:NodeShape ;
sh:targetClass stig:DependencyEdge ;
sh:property [

sh:path stig:fromTask ;
sh:minCount 1 ;
sh:maxCount 1 ;
sh:class stig:TaskNode ;
sh:nodeKind sh:IRI ;

] ;
sh:property [

sh:path stig:toTask ;
sh:minCount 1 ;
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sh:maxCount 1 ;
sh:class stig:TaskNode ;
sh:nodeKind sh:IRI ;

] .

The acyclicity property is verified programmatically as part of the validation pipeline (see
Algorithm 3).

Algorithm 3 Plan Validation with SHACL-Inspired Constraints
Require: Execution graph G = (V, E, ϕ), constraint shapes S, max iterations N
Ensure: Validated graph G∗ or validation failure

1: for n = 1 to N do
2: report ← ∅

C1: Structural Completeness
3: for each task node v ∈ V do
4: if v.agent = null or v.capabilities = ∅ then
5: report.Add(“StructuralViolation”, v)
6: end if
7: end for

C2: Graph Integrity
8: for each edge (vi, vj) ∈ E do
9: if vi /∈ V or vj /∈ V then

10: report.Add(“DanglingEdge”, (vi, vj))
11: end if
12: end for
13: hasCycle ← DetectCycle(G) ▷ Kahn’s algorithm
14: if hasCycle then
15: report.Add(“CyclicDependency”, G)
16: end if

C3: Capability Alignment
17: for each task node v ∈ V do
18: for each c ∈ v.requiredCapabilities do
19: if c /∈ v.agent.capabilities then
20: report.Add(“CapabilityMismatch”, v, c)
21: end if
22: end for
23: end for

C4: Ontology Conformance
24: report ← report ∪ValidateOntology(G, ϕ)
25: if report = ∅ then
26: return G ▷ All constraints satisfied
27: else
28: G← GraphBuilder.Refine(G, report) ▷ Iterative refinement
29: end if
30: end for
31: return ValidationFailure(report)

4.6.2.3 C3 - Capability Alignment

For each task node, the assigned agent must possess all capabilities required by the task.
This constraint ensures that the ICNP assignment results are semantically valid [14]:
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stig:CapabilityAlignmentShape a sh:NodeShape ;
sh:targetClass stig:TaskNode ;
sh:sparql [

sh:message "Agent lacks required capability" ;
sh:select """

SELECT $this
WHERE {

$this stig:requiresCapability ?cap .
$this stig:assignedAgent ?agent .
FILTER NOT EXISTS {

?agent stig:hasCapability ?cap .
}

}
""" ;

] .

4.6.2.4 C4 - Ontology Conformance

Task types, tags, and inter-task relationships must conform to domain-specific ontological
constraints [9, 45]. For example, a task tagged as “data-processing” must not depend on a
task tagged as “user-facing” without an intermediate validation step, or certain capability
combinations may be mutually exclusive within a single agent assignment.

The validation process generates a structured validation report documenting any con-
straint violations, their locations within the graph, and the specific constraint that was
violated. If violations are detected, the system loops back to the Graph Builder Agent
for iterative refinement, up to a configurable maximum number of iterations.

4.6.3 DAG Construction and Execution Ordering
Once a validated plan graph G = (V, E, ϕ) has passed all constraint checks, it must be
transformed into an execution-ready DAG optimised for the runtime orchestrator. This
transformation has two goals: (1) ensure that the graph is a true DAG with a well-
defined topological ordering, and (2) expose structural properties, parallel task groups,
fan-out/fan-in patterns, and the critical path, that guide efficient and adaptive execution.

Kahn’s algorithm [81, 82] is applied to compute a topological ordering σ of V . The
algorithm proceeds by iteratively removing nodes with zero in-degree. If all nodes are
eventually removed, the graph is confirmed acyclic and the removal sequence defines σ.
Each node v is assigned a topological depth d(v) ∈ N with

d(v) =
0 if v has no predecessors

1 + max(u,v)∈E d(u) otherwise.

Tasks sharing the same topological depth form a parallel execution phase. Formally, phase
Φk is defined as:

Φk = {v ∈ V | d(v) = k}.

Tasks within the same phase have no mutual dependencies and can execute concurrently.
The critical path is the longest directed path from any root node to any leaf node,

measured in task count (or weighted by estimated task duration). It determines the
minimum possible execution time for the entire plan. Formally, for each node v, the
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critical path length cp(v) is:

cp(v) =
1 if v has no predecessors

1 + max(u,v)∈E cp(u) otherwise

The critical path C ⊆ V consists of nodes on any path achieving the maximum cp value.
Tasks on C must be prioritised during execution because delays to any critical-path task
directly increase overall execution time.

Algorithm 4 DAG Construction and Execution Ordering
Require: Validated plan graph G = (V, E)
Ensure: Execution DAG with phases {Φk}, critical path C, and node annotations

Step 1: Topological Sort (Kahn’s Algorithm)
1: indegree[v]← |{(u, v) ∈ E}| for all v ∈ V
2: queue ← {v | indegree[v] = 0}
3: σ ← [], depth[v]← 0 for all v ∈ V
4: while queue ̸= ∅ do
5: v ← Dequeue(queue)
6: σ.Append(v)
7: for each (v, w) ∈ E do
8: indegree[w]← indegree[w]− 1
9: depth[w]← max(depth[w], depth[v] + 1)

10: if indegree[w] = 0 then
11: queue.Enqueue(w)
12: end if
13: end for
14: end while
15: if |σ| ≠ |V | then
16: return Fail(“Cycle detected”) ▷ Residual nodes indicate a cycle
17: end if

Step 2: Phase Assignment
18: for each v ∈ V do
19: Φdepth[v].Add(v)
20: end for

Step 3: Critical Path
21: cp[v]← 1 for all v ∈ V
22: for each v ∈ σ do
23: for each (v, w) ∈ E do
24: cp[w]← max(cp[w], cp[v] + 1)
25: end for
26: end for
27: C ← BacktrackCriticalPath(cp, E)

Step 4: Structural Annotation
28: for each v ∈ V do
29: Annotate v as fan-out / fan-in / root / leaf based on E
30: end for
31: return (σ, {Φk}, C, annotations)

The DAG construction also annotates nodes with their structural roles:
• Fan-out nodes: v with |{(v, w) ∈ E}| > 1 - these trigger parallel branches and

may require resource pre-allocation.
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• Fan-in (join) nodes: v with |{(u, v) ∈ E}| > 1 - these synchronise multiple
upstream branches and must wait for all predecessors before proceeding.

• Root nodes: v with |{(u, v) ∈ E}| = 0 - these initiate execution phases.
• Leaf nodes: v with |{(v, w) ∈ E}| = 0 - these produce final outputs.
Algorithm 4 formalises the complete DAG construction procedure. Its output, com-

prising execution phases, the critical path, and structural annotations, is persisted to the
coordination store and passed to both the Human Validation phase and, upon approval,
the runtime execution layer. This formally defined DAG serves as the authoritative exe-
cution contract for all downstream components.

4.7 Human Validation and Approval
The Human Validation and Approval phase (Step (f) in Figure 5) ensures that human
oversight is applied proportionally to plan risk, fulfilling Design Goal 3 (Safety and human
oversight) [44, 8]. A risk-based routing mechanism determines the approval workflow for
each plan.

4.7.1 Risk-Based Routing
When a validated plan reaches this phase, the system evaluates its aggregate risk level
by examining the risk classifications of all constituent tasks. A plan is routed to the
mandatory human sign-off workflow if any of the following conditions hold:

• Any task τ ∈ G.V has τ.risk_level = high.
• Any task τ ∈ G.V has τ.requires_human_approval = true.
Plans that meet neither condition proceed directly to user plan validation, where

the user reviews and may refine the plan before execution (see Subsection 4.7.3). This
deterministic routing ensures consistent and predictable approval workflows, where high-
impact operations always receive mandatory human review while standard operations can
proceed efficiently [2].

4.7.2 Human Sign-off for High-Risk Plans
For plans routed to mandatory sign-off, the system presents the complete plan details, task
assignments, agent selections, dependency structure, and risk factors, to an authorised
approver. The approver must explicitly approve or reject the plan. The sign-off decision
is recorded as a structured audit record containing:

• Approver identity and authorisation level
• Decision timestamp
• Decision outcome (approved/rejected)
• Optional rationale text
Rejected plans are blocked from execution and may be routed back to earlier phases

for revision.

4.7.3 User Plan Validation and Iterative Refinement
All plans (whether after mandatory sign-off or direct routing) are presented to users for
validation. Users review the plan’s graph structure, agent-task assignments, and execution
flow. If modifications are needed, users can alter agent-task assignments, dependency
edges, or task parameters. The system applies these modifications and routes the updated
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plan back to the Graph Builder Agent for reconstruction and re-validation, creating an
iterative refinement loop:

G0
user mods−−−−−→ G1

rebuild−−−−→ G′
1

validate−−−−→

approved if user accepts
G′

1
user mods−−−−−→ G2 → · · · otherwise

All modification decisions and resulting plan changes are logged to the audit trail,
preserving a complete record of plan evolution and the rationale for each change.

4.8 Stigmergic Execution and Adaptive Strategy
The Execution phase (Steps (e) and (g) in Figure 5) transforms validated plans into
running task workflows. Two components provide the key research contributions of this
phase: the Pheromone Engine and the LLM Strategist Agent.

4.8.1 Pheromone Engine
The Pheromone Engine manages the stigmergic information infrastructure that underlies
all coordination decisions. It maintains affordance markers, stig:AffordanceMarker
instances, with intensity values I ∈ [Imin, Imax] that encode the strength of agent-task
associations.

The engine operates in two modes:
1. Initialization - The engine seeds the marker landscape with baseline intensities

derived from the ICNP bidding results. A Path Seeder component creates prelim-
inary markers for candidate agents based on capability alignment, establishing the
initial coordination landscape before execution begins.

2. Runtime Maintenance - As tasks execute, the engine updates marker intensities
based on feedback:

I ′(ai, τ) =
min(I(ai, τ) + δ+, Imax) if τ succeeded with ai

max(I(ai, τ)− δ−, Imin) if τ failed with ai

(6)

where δ+ and δ− are reinforcement and penalty magnitudes. Concurrent decay
(Eq. 1) ensures that markers not refreshed by recent activity gradually weaken.

This feedback-driven mechanism enables the system to learn from execution outcomes.
Successful agent-task pairings are reinforced, while problematic associations are weakened,
steering future assignments toward more reliable configurations [51].

4.8.2 LLM Strategist Agent
The LLM Strategist Agent provides adaptive, runtime replanning by observing the evolv-
ing execution state and proposing validated modifications to the plan graph.

The strategist first computes a deterministic baseline using the DAG phases and crit-
ical path produced by Algorithm 4, where execution phases group tasks that can run in
parallel and the critical path identifies the longest dependency chain, which determines
the minimum execution time [82].

When the strategist detects problems during execution, such as repeated failures on a
critical path, emerging bottlenecks, or degraded agent performance, it formulates candi-
date remedies as graph deltas, which are proposed edits to the plan graph’s tasks, edges,
or assignments. These deltas may include:
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• Re-routing - reassigning a failed task to an alternative agent with compatible
capabilities.

• Re-phasing - reorganizing task phases to expose more parallelism or bypass blocked
paths.

• Bypassing - temporarily skipping non-critical tasks to maintain progress on the
critical path.

The LLM analyses the current task graph, execution history, and pheromone landscape
to generate and prioritize these adaptations. Crucially, all proposed deltas are validated
before application, as the system verifies that each delta preserves acyclicity, respects
dependencies, and maintains exactly one assignment per task. Only validated deltas are
committed to the coordination graph store.

The resulting execution strategy evolves over time and comprises a textual summary
of the execution approach, organised phases for parallel and sequential execution, the
critical path, and any applied graph deltas together with their justifications. This dynamic
strategy guides the orchestration of task launches and provides full visibility into both
the initial plan and its runtime adjustments.

Algorithm 5 outlines the adaptive strategy process.

Algorithm 5 LLM Strategist: Adaptive Runtime Replanning
Require: Execution graph G = (V, E), execution state σ
Ensure: Updated strategy Π and (optionally) modified graph G′

1: phases ← TopologicalSort(G) ▷ Group parallel tasks into phases
2: critPath ← CriticalPath(G) ▷ Longest dependency chain
3: Π← BuildBaselineStrategy(phases, critPath)
4: while execution is active do
5: σ ← ObserveExecutionState ▷ Task outcomes, delays, failures
6: if σ contains failures or anomalies then
7: ∆← LLM.ProposeDeltas(G, σ, critPath)
8: for each delta δ ∈ ∆ do
9: G′ ← ApplyDelta(G, δ)

10: if IsAcyclic(G′) and AllTasksAssigned(G′) then
11: G← G′ ▷ Accept validated delta
12: Π← UpdateStrategy(Π, δ)
13: LogToAudit(δ, “accepted”)
14: else
15: LogToAudit(δ, “rejected: constraint violation”)
16: end if
17: end for
18: end if
19: end while
20: return Π, G

4.8.3 Ethics-Check Gate
Before execution, an Ethics-Check Agent performs a final safety review. The agent re-
ceives the complete plan context and uses LLM-based reasoning to identify potential
ethical concerns, safety issues, or policy violations [2]. Unlike domain-specific validation
agents (e.g. a compliance agent that enforces business rules for a particular industry), the
Ethics-Check Agent is domain-agnostic. It enforces universal safety guarantees that apply
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regardless of the application domain. Concretely, the Ethics-Check Agent post-validates
the outputs of all other agents in the pipeline and enforces a set of high-level guarantees:

• No hallucinated data - the agent flags outputs that make unverifiable factual
claims or that contradict information already present in the plan context.

• No unfair bias - the agent checks for discriminatory patterns in decisions or
recommendations against protected groups.

• No sensitive-data leakage - the agent inspects outputs for personal data, con-
fidential business information, or other sensitive content that should not leave the
system boundary.

• No unsafe approvals - before authorising any high-risk action, the agent verifies
that it has passed the required human-approval and risk-based checks [8].

If any of these checks fail, the Ethics-Check Agent can veto execution or request re-
evaluation, for example by sending the plan back to the LLM Strategist (Subsection 4.8.2)
or to a human reviewer. All ethics decisions, including vetoes and manual overrides, are
recorded in the audit trail along with their underlying rationales. This enables post-hoc
review of the framework’s ethical evaluation process.

4.9 Failure Handling and Escalation
The framework treats failures not as terminal events but as signals that trigger a struc-
tured, multi-tier recovery process. This design fulfills Design Goal 5 (Adaptive failure
recovery and strategic replanning).

4.9.1 Tier 1: Bounded Local Retries
At each critical execution point, operations are wrapped with configurable retry policies
specifying maximum attempts, backoff curves (e.g. exponential), and abort-vs-degrade
behaviour [54, 61]. This tier absorbs transient faults such as network glitches, temporary
service unavailability, and intermittent timeouts, without escalation. When retries succeed
within bounds, the failure remains observable to the rest of the system.

4.9.2 Tier 2: Adaptive Replanning
When local retries are exhausted and the failure remains unresolved, the LLM Strategist
(Section 4.8) treats them as signals to reconsider the execution strategy, before escalat-
ing further. The strategist may propose graph deltas such as re-routing failed tasks to
alternative agents or re-phasing execution to bypass bottlenecks. Simultaneously, the
Pheromone Engine reduces marker intensities for problematic agent-task pairings (Eq. 6),
steering future assignments away from unreliable configurations.

4.9.3 Tier 3: Structured Escalation
When failures exhaust the configured retry budget and adaptive replanning has not re-
solved the issue, the system raises a structured escalation event. The escalation record
captures:

• Run and plan identifiers
• Machine-readable failure reason (e.g. “retries exhausted”)
• Severity level (derived from the plan’s risk classification)
• Recent execution summaries (per-task outcomes, success rates, timing)
• Indicator that automated recovery has been exhausted
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These records are consumed by monitoring dashboards, alerting systems, or higher-
level agents that coordinate human intervention. The escalation payload provides suffi-
cient context for human operators to quickly assess the situation and decide on corrective
actions.

4.9.4 Knowledge Capture and Learning
After human-assisted resolution, the system persists a structured description of the fail-
ure, its root cause, and the applied remediation into a knowledge base. Over time, this
knowledge base accumulates failure patterns that the system can leverage in future runs,
for example by penalising agents that frequently participate in escalated failures during
the bidding phase, or by enriching the LLM Strategist’s context with historical failure
patterns when proposing runtime adaptations.

Algorithm 6 summarises the multi-tier failure handling process.

Algorithm 6 Multi-Tier Failure Handling and Escalation
Require: Failed task τ , execution context σ, retry config (maxRetries, backoff )
Ensure: Recovery outcome or escalation record

Tier 1: Bounded Local Retries
1: for k ← 1 to maxRetries do
2: Wait(backoff (k))
3: result ← RetryTask(τ)
4: if result = Success then
5: PheromoneEngine.Reinforce(τ.agent, τ)
6: return Recovered
7: end if
8: end for

Tier 2: Adaptive Replanning
9: ∆← Strategist.ProposeAdaptation(τ, σ)

10: if ∆ ̸= ∅ and ApplyAndValidate(∆) then
11: PheromoneEngine.Penalize(τ.agent, τ)
12: return Replanned
13: end if

Tier 3: Structured Escalation
14: record ← CreateEscalationRecord(τ, σ, "retries exhausted")
15: NotifyHumanOperator(record)
16: PersistToKnowledgeBase(record, τ.rootCause)
17: return Escalated(record)

4.10 Audit and Traceability
The Audit and Traceability layer is a cross-cutting concern that spans all phases of the
framework, fulfilling Design Goal 4 (End-to-end audit traceability). Rather than a stan-
dalone phase, it is an integral fabric that ties all system events into coherent, queryable
narratives.
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4.10.1 End-to-End Correlation Model
The system assigns stable correlation identifiers [83] to each pipeline and run, and prop-
agates them through all phases and components. Every event, including task intake,
bidding outcomes, plan generation, human approvals, ethics checks, execution outcomes,
failure escalations, and pheromone updates, is annotated with these identifiers. This en-
ables reconstruction of complete task lifecycles, tracing each pipeline from the initial user
request through validation, bidding, planning, approval, execution, and resolution.

4.10.2 Structured Audit Records
All critical decisions and state transitions are captured as structured records (not unstruc-
tured text logs). Each record contains at minimum what happened, when it occurred,
which pipeline or run it relates to, and which component initiated the change. Where
relevant, records also capture input/output summaries while avoiding storage of sensitive
raw content. Because all subsystems write into a common audit stream using a shared
schema, downstream tools can query, filter, and aggregate audit data across phases.

4.10.3 Traceability Scoring
Building on the unified audit stream, the system computes traceability scores that quan-
tify governance coverage for each run. Runs that have undergone validated planning,
human approval, ethics review, completed execution, and resolved escalation (if applica-
ble) receive higher scores. These metrics enable policy-driven requirements (e.g. enforcing
minimum traceability scores for regulated environments [8, 2]) and highlight areas where
additional controls may be needed.

4.10.4 Supporting Explanation and Continuous Learning
The accumulated audit data supports two forward-looking capabilities:

1. Decision Explanation - when the LLM Strategist proposes a runtime adapta-
tion, the system can link that decision to the specific failures, human interventions,
or escalation records that motivated it, providing rich explanations of system be-
haviour [84].

2. Continuous Learning - over time, trace data feeds into the system’s knowledge
base, informing updates to validation rules, bidding heuristics, runtime adaptation
policies, and failure handling strategies. The audit layer thus actively enables system
improvement, not just passive record-keeping.

4.11 Summary
This chapter has presented the design of the proposed Multi-Agent coordination frame-
work as an integrated response to the three architectural gaps identified earlier. Five
design goals, namely decentralised coordination, formal ontological grounding, embedded
safety, end-to-end traceability, and adaptive resilience, established the criteria against
which every architectural choice was justified. The framework was then described as a
six-step pipeline spanning agent registration, task normalisation, stigmergic task assign-
ment through ICNP, plan generation and SHACL validation, risk-based human approval,
and adaptive execution, with audit and traceability operating as a cross-cutting fabric
throughout. The Pheromone Engine, the LLM Strategist, and the Ethics-Check Gate
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together provide the adaptive learning, runtime replanning, and domain-agnostic safety
guarantees that distinguish this framework from current orchestration platforms, while a
multi-tier failure handling mechanism delivers self-healing behaviour without mandatory
human intervention.

In the next chapter, the focus shifts from design to realisation, describing how each
conceptual component is instantiated in a cloud-native prototype and how the technology
choices and infrastructure of the implementation support the architectural properties
claimed here.
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5. Prototype Development

This chapter describes the implementation of the Multi-Agent coordination framework
proposed in Chapter 4. The prototype translates the conceptual model, task normal-
isation, ICNP bidding, constraint-validated plan graphs, DAG-based execution, human
approval workflows, adaptive execution, and failure handling, into a working system built
on cloud-native infrastructure. This chapter details the technology choices, component im-
plementations, data flows, and storage strategies that realise each element of the proposed
framework. Table 2 provides a high-level mapping between the framework’s theoretical
components and their prototype counterparts.

Framework Component Prototype Module
Agent Registration & Capability Model Agent Registry Store, Agent Seeder Service
Task Normalisation (3-stage) Task Intake Pipeline, Supervisor Agent
ICNP Bidding Blueprint Bidder Agent, CFP Publisher
Plan Generation & Constraint Valida-
tion

Graph Builder Agent, Plan Validator

DAG Construction & Execution Order-
ing

DAG Relation Builder

Human Validation & Approval Approval Router, Plan Review UI
Pheromone Engine Pheromone Engine Service (sidecar)
LLM Strategist LLM Strategist Agent
Ethics-Check Gate Ethics-Check Agent
Failure Handling & Escalation Retry Middleware, Escalation Agent
Audit & Traceability Audit Logger, Correlation Middleware, Open-

Telemetry

Table 2: Mapping between proposed framework components (Chapter 4) and prototype implementation
modules.

5.1 Technology Stack and Cloud-Native Infrastruc-
ture

The prototype is built as an event-driven, microservice-oriented system [52] deployed
as containerised services under helm charts, with cloud-native deployability as a design
constraint. Each logical component runs as an independent containerised service, commu-
nicating exclusively through the message broker and the shared document store. Table 3
summarises the key technology choices.

5.1.1 Message Broker: RabbitMQ
All inter-service communication is mediated by RabbitMQ [53, 54], an AMQP-based
message broker. Components publish typed messages (e.g. start-task, task-completed,
escalation-raised, cfp-issued) to named exchanges, while consumers subscribe to
queues bound to the relevant routing keys. The aio-pika client provides non-blocking
publish and consume operations within each service’s asyncio event loop. RabbitMQ
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decouples producers from consumers, allows per-phase horizontal scaling, and provides
durable queues so that messages survive broker restarts without data loss [54].

Concern Technology Role
API layer FastAPI 0.111 + Uvicorn REST endpoints for task submis-

sion and UI
Async runtime Python 3.11 + asyncio Non-blocking event loop for all

agent services
Message broker RabbitMQ 3 (AMQP) Async inter-service communication

via aio-pika
Document store Couchbase Graph marker store, agent registry,

plan cache
Triple store Apache Jena Fuseki 5.1 SPARQL/RDF knowledge graph:

ontology, SHACL shapes, plan and
execution graphs

Service registry HashiCorp Consul Service discovery and health-check
integration

LLM providers OpenAI API (GPT-4o family) Supervisor, Strategist, and Ethics-
Check agents

Data validation Pydantic v2 Schema enforcement for all data
models

Retry logic tenacity Configurable retry/backoff policies
Observability OpenTelemetry SDK + OTLP Distributed tracing, metrics, and

structured logs
Containerisation Docker + Helm Service isolation and local deploy-

ment

Table 3: Prototype technology stack.

5.1.2 Document Store
Couchbase [85] serves as the document-backed coordination store that persists all oper-
ational artifacts produced by the coordination layer, including stig:TaskSpec objects,
stig:AffordanceMarker instances, agent registry entries, plan drafts, execution maps,
and audit records. Documents are organised into named collections, one per entity type,
enabling efficient access by key, collection scan, or N1QL [7] for complex lookups. Couch-
base’s upsert semantics directly support the idempotent write patterns required for at-
least-once message delivery [60]. The semantic layer is kept separate, with RDF triples,
ontology axioms, and SHACL shapes stored in the dedicated triple store described in
Subsection 5.1.3.

5.1.3 Triple Store
Fuseki serves as the semantic layer’s persistence and query substrate, providing the na-
tive RDF triple store kept separate from the coordination store. The deployed instance is
Apache Jena Fuseki 5.1 [86], which exposes a SPARQL 1.1 Query and Update endpoint
together with the SPARQL 1.1 Graph Store Protocol over HTTP. A single dataset named
agentcy hosts a set of named graphs that partition the system’s knowledge by role, where
<.../graphs/ontology> holds the OWL ontology defined in Chapter 4, <.../graph-
s/shapes> holds the SHACL shapes used by the Plan Validator (Section 5.5), and
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per-plan graphs hold the plan, execution, data-flow, provenance, and domain-knowledge
triples emitted at runtime. Ontology and shapes are registered idempotently at startup
via the Graph Store Protocol, so repeated deployments converge on the same schema
state without duplicating triples. Downstream services query Fuseki via SPARQL for
reasoning that is awkward in a document model, including transitive capability lookups
over the taxonomy, cross-plan retrieval of similar executions for the plan recommender,
and PROV-O traversals over prov:wasGeneratedBy and prov:used chains for audit.

5.1.4 Service Registry
HashiCorp Consul [87] provides service discovery and health checking for all agent mi-
croservices. When a new agent service starts, it registers itself with Consul, advertising
its name, network address, and capability metadata. The Agent Seeder Service queries
Consul to discover registered services and automatically populate the agent registry in
Couchbase. Consul health checks monitor each service’s liveness, and the Heartbeat Mon-
itor (Section 5.2) uses Consul status events to trigger pheromone decay on inactive agents.

5.1.5 LLM Integration
LLM capabilities are provided through a configurable LLM_Connector abstraction built
on the OpenAI Python SDK. Model names and prompt templates are externalised to
environment configuration, allowing the three LLM-driven agents, namely the Supervisor,
LLM Strategist, and Ethics-Check Agent, to be independently configured.

5.1.6 Observability
All services are instrumented with the OpenTelemetry Python SDK [88]. Distributed
traces are propagated across service boundaries via message headers [83], enabling end-
to-end tracing of a task through the full pipeline. Traces and metrics are exported via
OTLP to a configurable backend, using Jaeger for traces and Prometheus for metrics. This
provides the runtime observability foundation required by the Audit and Traceability layer
described in Section 5.10.

5.2 Agent Registration Implementation
The Agent Registration component, implementing Section 4.3, consists of three sub-
components, namely the Agent Registry Store, the Agent Seeder Service, and the Heart-
beat Monitor.

5.2.1 Agent Registry Store
The Agent Registry Store persists agent profiles as JSON documents in the agent_reg-
istry Couchbase collection, implementing the stig:Agent ontology class described in
Section 4.3. Each profile includes a unique agent URI derived from the agent’s Consul
service name, a validated list of stig:Capability instances, stigmergy tag intensities
with decay parameters and last-update timestamps, and status fields covering active,
inactive, and degraded states together with correlation metadata. The store exposes
typed CRUD operations supporting queries by capability, status, and minimum tag inten-
sity, and uses Couchbase upsert semantics to guarantee idempotency under at-least-once
message delivery.

46



5.2.2 Agent Seeder Service
The Agent Seeder automates the transformation of Consul service registrations into agent
registry entries. When a seeding request is received via RabbitMQ, the service:

1. Queries Consul for the requested service entries (or all services if unspecified).
2. For each service, resolves its capability list (from default capability mappings and

per-service overrides), assigns an agent URI, initialises stigmergy tags from global
policy, and sets status to active.

3. Persists the resulting AgentRegistryEntry to Couchbase via an upsert, handling
both first-time registration and re-seeding idempotently.

This automated seeding ensures that all deployed services are immediately available
as agents without manual registration, maintaining consistency between Consul and the
agent registry.

5.2.3 Heartbeat and Availability Monitoring
Agent services emit periodic heartbeat messages to RabbitMQ. The Heartbeat Moni-
tor subscribes to the heartbeat queue, updates the last-seen timestamp in the agent’s
Couchbase document, and marks agents as degraded when the elapsed time since the
last received heartbeat exceeds a configurable staleness threshold, and as inactive when
it exceeds a higher offline threshold. When agents are marked inactive, the Pheromone
Engine applies Eq. 1 to their stigmergy tags, reducing their influence on future bidding
decisions.

5.3 Task Input Pipeline Implementation
The Task Input Pipeline implements the three-stage normalisation procedure defined in
Section 4.4. The pipeline is exposed as a FastAPI endpoint and structured as a sequence
of middleware components.

5.3.1 API Endpoint and Message Format
Tasks are submitted via a FastAPI [89] POST endpoint that accepts JSON payloads in
three formats, namely a direct TaskSpec JSON object, a natural language description
wrapped in a message envelope, and hybrid payloads containing both structured and
unstructured content. Pydantic [90] v2 models enforce the envelope schema at ingestion,
and invalid payloads are rejected with a structured error response before any pipeline
processing occurs.

5.3.2 Input Validation and Content Filtering
The validation middleware implements Stages 1 and 2 of Algorithm 1. It reads pipeline_-
id and pipeline_run_id from the message envelope and rejects payloads with missing
fields, then inspects a content_filter_passed/blocked flag set by an upstream content
filter service and rejects blocked payloads with a policy-violation error. The content filter
is implemented as a pluggable Pydantic-validated component, allowing organisations to
substitute domain-specific logic. Surviving payloads are normalised from various input
shapes (dict objects, typed Pydantic models, nested arrays) into a canonical internal rep-
resentation, with multiple task specifications in a single payload processed individually.
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5.3.3 LLM-Based Structuring
The Supervisor Agent implements Stage 3 of Algorithm 1 through the LLM_Connector
abstraction. It constructs a structured prompt that includes the Pydantic TaskSpec
schema as context, sends it to the configured provider (OpenAI GPT-4o), and validates
the response against the Pydantic model. On validation failure, the agent falls back to a
rule-based heuristic that maps known payload fields to schema attributes. The finalised
TaskSpec is persisted to the task_specs Couchbase collection.

5.4 Blueprint Bidding Implementation
The Blueprint Bidding module realises the ICNP mechanism defined in Section 4.5 and
Algorithm 2. It consists of a CFP Publisher, per-agent Evaluators, and a Bid Selector.

5.4.1 Call for Proposals (CFP) Publication
For each validated TaskSpec, the Blueprint Bidder constructs a CFP message and pub-
lishes it to the cfp RabbitMQ exchange, from which all registered agent services receive
it. The system maintains a per-task state machine in Couchbase: cfp_issued→ bids_-
received → awarded (or cfp_reissued if the TTL expires without bids). On TTL
expiry, the CFP is reissued with amplified stimulus sk+1 = sk · (1 + α), up to K rounds
as specified in Algorithm 2.

5.4.2 Agent Evaluation
Each agent service subscribes to the cfp queue and evaluates incoming CFPs by comput-
ing S(ai, τ) and comparing it against θi as defined in Section 4.5. The implementation
retrieves the required inputs from Couchbase, including the agent’s capability set, current
task load, trust score (computed as the success rate over a configurable sliding window
of past executions), and dynamic threshold value. Capability match is computed directly
from the two capability sets. Bid decisions are made locally by each agent service with
no central coordinator.

5.4.3 Bid Generation and Selection
Agents whose stimulus score exceeds their threshold publish a bid message to the bids
RabbitMQ exchange, containing the bid score B(ai, τ) (Eq. 5), agent identifier, and sup-
porting metadata including capability match breakdown, trust evidence, and cost esti-
mate. The Blueprint Bidder collects bids within the TTL window, ranks them by score,
and selects the top bid. The winning bid is materialised as a stig:AffordanceMarker
document in the markers Couchbase collection with its intensity initialised to the bid
score, and non-winning bids are persisted to the audit collection.

The scoring weights γ1, γ2, γ3 in Eq. 5 are exposed as configuration parameters and set
in the prototype to γ1 = 0.25 for capability match and γ2 = γ3 = 0.375 for trust and cost-
effectiveness. Capability match receives a lower weight because structural incompatibility
is already enforced upstream by the eligibility check at line 9 of Algorithm 2, leaving γ1
to act as a fit signal rather than a hard filter among admitted bidders. Trust and cost-
effectiveness are weighted symmetrically as they encode complementary signals of equal
importance, where trust summarises historical reliability and 1− cost/maxCost captures
prospective resource expenditure.
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5.4.4 Assignment Freezing
Once an affordance marker is written to Couchbase, a frozen status flag is set on the
document, preventing any automated process from modifying the assignment. Only an
explicit human action through the plan review interface (Section 5.7) or a system-level
override operation can unfreeze and reassign. This implements the planning stability
property described in Section 4.5.

5.5 Plan Generation and Validation Implementation
The Plan Generation implementation translates bidding results into an executable plan
and validates it against the constraint categories defined in Section 4.6.

5.5.1 Graph Builder Agent
The Graph Builder Agent reads frozen affordance markers and original TaskSpec docu-
ments from Couchbase and constructs the execution graph G = (V, E, ϕ):

1. For each marker, creates a task node annotated with the assigned agent, required
capabilities, bid score, and task metadata.

2. Infers dependency edges from the task specifications and any domain ontology de-
clared in the pipeline configuration.

3. Creates contract award documents in Couchbase that formally bind agents to their
assignments, referencing the originating bid.

4. Creates reservation markers that prevent the assigned agent from being double-
booked by concurrent pipelines.

The resulting graph specification is written as a Pydantic-validated JSON document
(PlanDraft) to the plan_drafts Couchbase collection.

5.5.2 Plan Validator
The Plan Validator implements constraints C1–C4 from Section 4.6 as a Python service.
SHACL constraints are encoded as a Turtle shape file loaded into the Fuseki triple store
at startup via the Graph Store Protocol (Subsection 5.1.3), and plan drafts are vali-
dated against the <.../graphs/shapes> named graph using the pyshacl reasoner. A
complementary programmatic validator enforces the same constraints on the raw graph
specification, primarily to provide structured violation reports without round-tripping
through SPARQL. Violations from both checkers are consolidated into a single validation
report attached to the PlanDraft document, which is then either marked final_con-
forms = True or handed back for iterative refinement as defined in Section 4.6, capped
at a configurable iteration budget.

5.5.3 Plan Cache
The Plan Cache stores validated PlanDraft documents in Couchbase for potential reuse.
Cache keys are derived from a SHA-256 fingerprint of the graph specification (task iden-
tifiers, agent assignments, and dependency edges). On a cache hit, the system verifies
that the cached plan’s agent assignments are still valid (agents still active, capabilities
unchanged) before serving it. Cache hits, misses, and invalidations are logged to the audit
stream.
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5.5.4 Map Generation Module
The Map Generation Module transforms the validated plan into an execution map con-
sumed by the runtime orchestrator:

1. Produces ordered task execution sequences respecting topological dependency order.
2. Resolves each assigned agent’s network endpoint from Consul, translating agent

URIs to service addresses.
3. Generates execution metadata per task: runtime environment parameters, artifact

references, and credential identifiers.
4. Produces a fallback execution map with alternative agent assignments for contin-

gency scenarios.
The execution map is written to the execution_maps Couchbase collection and serves

as input to both the Path Setup and Human Validation phases.

5.6 Path Setup Implementation
The Path Setup phase establishes the stigmergic infrastructure and the formal execution
DAG that guide runtime coordination.

5.6.1 Pheromone Engine Service
The Pheromone Engine runs as a sidecar microservice [52] that subscribes to task-outcome
events on RabbitMQ and manages affordance marker intensities in Couchbase. On pipeline
start, it seeds markers from the ICNP results and applies the decay function (Eq. 1) to any
pre-existing markers. On each task-completed or task-failed event, it applies Eq. 6
and clamps intensities to [Imin, Imax]. An asyncio background task applies decay at a con-
figurable interval to ensure the pheromone landscape reflects recent activity. All intensity
updates are written to Couchbase with full audit metadata and emitted as OpenTelemetry
span events for observability.

5.6.2 Path Seeder
The Path Seeder runs in parallel with task validation, establishing preliminary affor-
dance markers before formal bidding begins. For each incoming TaskSpec, it queries the
Couchbase agent registry for agents with matching capabilities, ranks them by capabil-
ity alignment and current tag intensity, and writes preliminary stig:AffordanceMarker
documents with intensities proportional to suitability scores. These seeded markers bias
the ICNP process toward well-qualified agents. On a fresh registry, the stig:Stigma
tag intensities used for ranking are initialised from a capability-policy default declared at
agent-seeding time and only grow from that baseline as committed markers accumulate
through successful runs.

5.6.3 DAG Relation Builder
The DAG Relation Builder applies Algorithm 4 to the validated PlanDraft read from
Couchbase, executing Kahn’s topological sort over a dict-based adjacency representation,
grouping tasks into parallel phases by topological depth, and computing the critical path
through longest-path analysis. The implementation adds a connectivity check beyond the
algorithm specification, requiring every task node to be reachable from at least one root
node, since disconnected subgraphs would produce orphaned tasks at runtime. Nodes
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are annotated with their structural roles (root, leaf, fan-out, fan-in) and the resulting
DAG document is persisted to Couchbase, where it is consumed by the LLM Strategist
at execution kickoff.

5.7 Human Validation Implementation
The Human Validation implementation realises the risk-based approval routing defined
in Section 4.7.

5.7.1 Approval Router
The Approval Router applies the risk-based routing rule defined in Section 4.7 to the
validated PlanDraft read from Couchbase, forwarding triggering plans to the Human
Sign-off Service and all others directly to the User Plan Validation interface. The routing
decision and its triggering tasks are written to the Couchbase audit collection.

5.7.2 Human Sign-off Service
For high-risk plans, the FastAPI-backed sign-off service presents the plan summary (task
assignments, agent details, DAG structure, and risk factors) to the designated approver.
The approver submits an approve/reject decision along with an optional rationale. The
decision is persisted as a structured audit event in Couchbase and, on rejection, a plan-
rejected message is published to RabbitMQ to notify the pipeline controller.

5.7.3 Plan Review Interface
The plan review interface (served by FastAPI) enables users to inspect the full plan graph,
modify agent assignments, adjust dependency edges, or update task parameters. When
modifications are submitted, the system writes the changes to the PlanDraft in Couchbase
and publishes a plan-rebuild-requested message to RabbitMQ, triggering the Graph
Builder Agent and Plan Validator to reconstruct and re-validate the plan, implementing
the iterative refinement loop defined in Section 4.7. All user actions are captured in the
Couchbase audit collection.

5.8 Execution Layer Implementation
The Execution Layer implements the runtime orchestration, adaptive strategy, and safety
review mechanisms described in Section 4.8.

5.8.1 Kickoff Signal and Execution Initiation
Execution is initiated by a kickoff message published to RabbitMQ (from a user request
or an upstream pipeline event). The Execution Orchestrator consumes this message and:

1. Verifies that the PlanDraft in Couchbase has is_valid = true and any required
human approval is recorded.

2. Loads the execution map and DAG document from Couchbase.
3. Initialises the execution context (run identifier, environment variables, correlation

identifiers).
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4. Signals the LLM Strategist by publishing a strategy-requested message to Rab-
bitMQ.

5.8.2 LLM Strategist Agent Implementation
The LLM Strategist is implemented as a stateful asyncio service that maintains the current
execution strategy in memory and persists strategy updates to Couchbase:

1. On initialization, the agent reads the DAG document (phases and critical path
produced by Algorithm 4) from Couchbase. This deterministic baseline requires no
LLM call.

2. The agent subscribes to task-completed and task-failed events on RabbitMQ,
maintaining an in-memory summary of per-task outcomes, timing, and failure counts.

3. When anomalies are detected, the agent constructs a prompt for the configured
LLM provider (via LLM_Connector) that includes the serialised graph, execution
history, and critical path. The LLM returns candidate graph deltas as a structured
JSON response.

4. Each delta is applied to an in-memory copy of the graph and validated against three
constraints, Kahn’s acyclicity check, dependency preservation, and the exactly-one-
assignment rule. Only validated deltas are written to the plan_drafts Couchbase
collection.

5. Accepted deltas are appended to the strategy history (persisted in Couchbase), with
timestamps, justifications, and OpenTelemetry span links.

5.8.3 Ethics-Check Agent Implementation
The Ethics-Check Agent is triggered by a ethics-check-requested RabbitMQ mes-
sage. It reads the complete plan context from Couchbase (task specifications, agent as-
signments, DAG structure, human approval records) and constructs a structured prompt
for the configured LLM. The LLM returns a JSON object with an approved flag, a list
of identified concerns, and explanatory notes. If the check fails, the agent publishes an
execution-vetoed message to RabbitMQ and persists a veto record to the Couchbase
audit collection. All outcomes (approval or veto with rationale) are stored as structured
audit documents.

5.8.4 Task Execution Orchestrator
The Task Execution Orchestrator launches tasks in phase order as defined by the DAG:

1. For each task in the current phase, resolves the assigned agent’s service endpoint
from Consul.

2. Prepares a task payload (runtime configuration, artifact references, environment
variables) and publishes a start-task message to RabbitMQ [53].

3. Supports multiple execution modes, including dispatching to containerised microser-
vices via service URIs, invoking Python plugin entry points, and triggering artifact
deployment jobs.

4. Subscribes to task-completed and task-failed events, aggregating per-task out-
comes (status, duration, error details) into an execution report stored in Couchbase.

5. On failure, publishes a task-failed event to RabbitMQ, triggering both the Retry
Middleware and the LLM Strategist for potential replanning.
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5.9 Failure Handling and Escalation Implementation
The Failure Handling implementation realises the three-tier recovery mechanism specified
in Section 4.9 and Algorithm 6.

5.9.1 Retry Middleware
Configurable retry policies are implemented using the tenacity library, applied as deco-
rators at three critical execution points: agent business logic invocation, Couchbase write
operations, and RabbitMQ message publication. Each policy specifies:

• Maximum retries: configurable per pipeline (default: 3).
• Backoff strategy: tenacity supports fixed, linear, and exponential backoff with

configurable base delay and random jitter [54].
• Abort vs. degrade: configurable per task; some tasks abort the run on exhaustion,

while others allow degraded continuation.

5.9.2 Adaptive Replanning via LLM Strategist (Tier 2)
When the retry middleware exhausts its budget, it publishes a retries-exhausted Rab-
bitMQ message that the LLM Strategist service (Section 4.8.2) consumes. The Strategist
invokes LLM_Connector with its adaptation prompt, validates each returned delta as
specified in Section 4.8.2, and persists accepted deltas to the plan_drafts Couchbase
collection. In parallel, the Pheromone Engine applies the penalty update (Eq. 6) to the
failed (task, agent) pair. The run is marked replanned if at least one delta is validated,
otherwise the failure is handed to Tier 3.

5.9.3 Failure Escalation Agent (Tier 3)
When both the retry middleware and the Strategist’s adaptive replanning fail to resolve
a failure, the Strategist publishes an adaptive-replanning-failed RabbitMQ message
that triggers the Failure Escalation Agent. The agent reads the run’s execution summaries
from Couchbase, compares the attempt count against the configured escalation threshold,
and if exceeded:

1. Creates a structured escalation document in Couchbase containing the run/plan
identifiers, failure reason (retries_exhausted), severity (derived from the plan’s
risk classification), recent per-task outcomes, and an automated_recovery_ex-
hausted flag.

2. Publishes an escalation-raised event to RabbitMQ, which feeds monitoring dash-
boards and alert integrations.

5.9.4 Human Notification and Knowledge Capture
Escalation events are consumed by a notification service that dispatches alerts through
configurable channels (dashboard push notifications, email, or on-call webhooks) with the
full escalation payload. After human-assisted resolution, an operator submits a resolution
record via the FastAPI interface, including the root cause and applied remediation. This
record is persisted to the knowledge_base Couchbase collection, where it accumulates over
time and can be queried by the LLM Strategist when constructing adaptation prompts
for future runs.
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5.10 Audit and Traceability Implementation
The Audit and Traceability implementation provides the cross-cutting observability in-
frastructure specified in Section 4.10.

5.10.1 Correlation Middleware
A FastAPI middleware component and an aio-pika message interceptor automatically
inject pipeline_id and pipeline_run_id into all outgoing HTTP responses, RabbitMQ
message headers, Couchbase document metadata, and OpenTelemetry span attributes.
This ensures every event in the system carries its originating pipeline context, enabling
complete lifecycle reconstruction for any run.

5.10.2 Structured Audit Logger
The Audit Logger exposes a Python interface used by all services to write structured audit
records to the audit_log Couchbase collection. Each record contains:

• Event type - categorised by pipeline phase (task-intake, bidding, plan-generation,
approval, ethics-check, execution, failure, pheromone-update).

• Timestamp - ISO 8601 UTC timestamp.
• Correlation IDs - pipeline_id and pipeline_run_id.
• Component - the service name that generated the event.
• Payload - structured summary of inputs and outputs (PII and sensitive content

are excluded).
• Outcome - result of the operation (success, failure, violation, approval, rejection,

veto).
The shared Couchbase collection and Pydantic schema ensure that all audit records

are uniformly queryable via N1QL across all services and phases.

5.10.3 Traceability Metrics
The system computes a traceability score for each run by evaluating which governance
checkpoints were exercised, as defined in Section 4.10:

• Plan validated (constraint checks passed): +1 point
• Human approval recorded (if required by risk routing): +1 point
• Ethics review completed: +1 point
• Execution report generated: +1 point
• Escalation resolved (if applicable): +1 point
The total score, normalised to [0, 1], is persisted to the run’s Couchbase document and

exposed via the FastAPI monitoring endpoint. Minimum score thresholds are configurable
per deployment environment.

5.10.4 Integration with External Observability Systems
OpenTelemetry spans and metrics collected throughout the pipeline are exported via
OTLP to pluggable backends [83]. In the reference deployment, Jaeger receives dis-
tributed traces and Prometheus scrapes service metrics. The Couchbase audit stream can
additionally be tailed and forwarded to a SIEM or log aggregation system (e.g. the Elas-
tic Stack) through a configurable exporter service [91]. Because all audit records share a
common Pydantic-validated schema, downstream tooling consumes them without further
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transformation, and the audit data is interoperable across tooling boundaries. The audit
layer also supports event replay for debugging and post-incident analysis, where given a
run’s correlation identifier the system can reconstruct the complete sequence of events
from task intake through execution and resolution.

5.11 Summary
This chapter has described the cloud-native realisation of the framework presented in
Chapter 4. Each conceptual component has been mapped onto a concrete prototype
module, with the technology stack chosen to support per-run isolation, idempotent mes-
sage handling, and end-to-end traceability as structural properties rather than retrofitted
features. RabbitMQ mediates all inter-service communication, Couchbase persists op-
erational artifacts as document collections, and Apache Jena Fuseki holds the ontology,
SHACL shapes, and per-plan graphs that underpin the semantic layer. Around this
substrate, the agent registration, task intake, ICNP bidding, plan validation, DAG con-
struction, human approval, and execution components have been implemented as inde-
pendent microservices coordinated through typed messages and shared coordination state.
Cross-cutting concerns, including correlation propagation, structured audit logging, and
OpenTelemetry-based observability, have been integrated into every service to support
the audit and traceability guarantees claimed in the design.

In the next chapter, the focus shifts from how the framework is built to how it actually
behaves, presenting the empirical evaluation that quantifies the contribution of each coor-
dination mechanism, validates the framework’s design goals against measured outcomes,
and reports on user perceptions of the resulting system.
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6. Experimentation and Evaluation

This chapter evaluates the proposed Multi-Agent coordination framework through a com-
bination of quantitative experimentation and a qualitative user perception survey. The
evaluation is designed to address the central research question introduced in Chapter 1,
which is operationalised through five hypotheses. Each hypothesis isolates the contribu-
tion of a specific coordination mechanism, or combination of mechanisms, and assesses its
marginal effect on overall system quality.

H1 concerns stigmergic learning. Claim: removing the pheromone engine will degrade
assignment accuracy over successive runs relative to the full framework, while leaving
single-run accuracy unaffected. Under this hypothesis, the full framework is expected
to exhibit a monotonically increasing accuracy trend that converges within fewer than
15 runs, whereas the pheromone-disabled configuration should remain approximately flat
over time. This expectation is grounded in stigmergy theory, which predicts that agents
coordinating through environmental markers can achieve emergent global optimisation
without direct communication, as successful actions reinforce environmental signals that
bias future decisions.

H2 addresses competitive selection. Claim: removing ICNP bidding will produce the
largest single-component degradation in assignment accuracy, and a round-robin allocation
policy will yield near-random accuracy when multiple agents share the same capabilities.
This hypothesis is motivated by the Contract Net Protocol and task allocation theory,
both of which predict that market-based coordination outperforms static allocation poli-
cies when agent capabilities are non-uniform.

H3 evaluates the framework’s defence-in-depth approach. Claim: the presence of
both validation layers, SHACL structural validation and domain-level compliance checking,
jointly reduces downstream error propagation more than either layer alone, producing a
safety improvement greater than the sum of its parts. SHACL enforces the structural well-
formedness of generated plans, while the compliance layer enforces domain-specific busi-
ness rules. The framework’s extensible validation pipeline (Section 4.1, DG3) provides the
architectural hook for domain-specific compliance layers, the logistics compliance agent
used in this evaluation is one concrete instantiation of that pattern, described further in
Subsection 6.1.1. The theoretical basis for this hypothesis draws on the defence-in-depth
principle from information security, the NIST AI Risk Management Framework [8], and
W3C SHACL constraint validation [13].

H4 concerns adaptive replanning. Claim: the framework’s multi-tier recovery archi-
tecture, comprising bounded retries, LLM-driven strategic replanning, and pheromone-
based re-weighting, will achieve reliable failure recovery, escalating to human operators
only when automated recovery proves insufficient, and the LLM Strategist will contribute
measurable improvements to estimator selection accuracy on assignments. Its theoretical
basis lies in self-healing systems design and bounded-recovery strategies from transaction
processing.

Finally, H5 evaluates the framework as a whole. Claim: the full framework will outper-
form a minimal, coordination-free baseline on all quality-related metrics, while incurring
measurably higher latency and token cost. This hypothesis tests whether the additional
architectural complexity introduced by the coordination mechanisms is justified by cor-
responding improvements in measurable system performance.
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Hypothesis Mechanism Primary Evaluation Subsection

H1 Stigmergic Learning Pheromone Engine Accuracy over successive runs 6.2.2
H2 Competitive Selection ICNP Bidding Assignment accuracy drop 6.2.1
H3 Super-additive Safety Validation Layers Interaction effect on accuracy 6.2.4
H4 Adaptive Replanning LLM Strategist Failure recovery rate 6.2.5
H5 Framework Justification Full Framework Accuracy vs. overhead 6.2.1

Table 4: Hypothesis overview. Each hypothesis isolates one coordination mechanism and maps to a
dedicated evaluation experiment.

Taken together, these hypotheses align with the design goals defined in Section 4.1.
DG1, which concerns decentralised coordination, is examined through H1 on stigmergic
learning and H2 on competitive selection. DG3, which addresses safety and governance,
is evaluated through H3 on defence-in-depth. DG5, which focuses on adaptive failure
recovery, is assessed through H4 on adaptive replanning together with the failure-injection
recovery analysis. H5 serves as a holistic and cross-cutting evaluation of the framework
under objective O6, testing whether the combined architectural complexity introduced by
the coordination mechanisms is justified by measurable improvements over a coordination-
free baseline. By contrast, DG2, which provides the ontological substrate, and DG4, which
ensures the audit trail, are treated as foundational infrastructure supporting all system
configurations and are therefore evaluated implicitly across the quantitative experiments
rather than through separate hypotheses.

In the following sections, Section 6.1 outlines the experimental setup, including the do-
main scenario, ablation configurations, ground truth, and evaluation metrics. Section 6.2
then presents the quantitative evaluation across five experiments. Section 6.3 reports
the results of the qualitative user perception survey. Finally, Section 6.4 synthesises the
evidence across all five hypotheses and closes the chapter with the consolidated findings.

6.1 Experimental Setup
This section describes the evaluation domain, the agent population instantiated for the
experiments, the ablation configurations, the ground-truth definitions, the evaluation met-
rics, and the execution protocol.

The evaluation is conducted in the commercial warehouse brokerage domain, in which
organisations match clients with warehouse facilities based on spatial, regulatory, finan-
cial, and temporal constraints. In each pipeline execution, a client submits a logistics
request. The system identifies the optimal regional warehouse and deal-estimation strat-
egy, validates the assignment against domain constraints, and produces a client-facing
proposal.

Logistics was selected as the evaluation domain for four reasons. First, the domain
exhibits high operational complexity, as each brokerage decision must simultaneously sat-
isfy geographic, capacity, compliance, and budgetary constraints. Second, it requires
coordination across heterogeneous actors, including regional warehouse specialists, cost
analysts, speed-to-operational estimators, and compliance validators, whose expertise is
naturally non-overlapping, mirroring the specialised agent populations that Multi-Agent
Systems are designed to support. Third, the domain is characterised by frequent excep-
tions and dynamic re-planning, since client priorities shift, warehouses become unavail-
able, and regulatory requirements vary by jurisdiction. Fourth, warehouse brokerage has
strong practical relevance, as decisions are consequential given lease commitments and
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regulatory exposure, auditable given that clients and regulators require justification, and
time-sensitive given proposal deadlines and move-in dates.

Although logistics serves as the evaluation domain, the framework is domain-agnostic
by design. The coordination mechanisms, namely ICNP, the pheromone engine, SHACL
validation, and failure recovery, operate on abstract ontological primitives (stig:Slot,
stig:Stigma and stig:AffordanceMarker) that carry no logistics-specific semantics.
The domain-specific knowledge resides entirely in the agent implementations and SHACL
constraint shapes, both of which are pluggable components. The same architecture is
therefore applicable to other domains that share the same structural properties, includ-
ing healthcare triage, legal document review, financial underwriting, and human resource
management and talent acquisition, each of which involves heterogeneous specialised ex-
pertise, consequential auditable decisions, and dynamic re-planning under regulatory con-
straints. The findings therefore constitute evidence about general design principles for
robust AI orchestration, not merely results for a single use case.

6.1.1 Domain-Specific Agents
The evaluation pipeline comprises ten domain-specific agents instantiated for the logistics
scenario, summarised in Table 5. The agent population was designed to mirror how logis-
tics brokerage is performed in practice, where human experts consult regional warehouse
specialists, financial analysts, and timeline analysts depending on the client’s binding con-
straint. Each agent’s capabilities and system prompt encode the domain knowledge that a
human specialist in that role would apply. The client scenarios, warehouse configurations,
and compliance constraints were defined in collaboration with a logistics domain expert.
Figure 6 illustrates the pipeline execution DAG.

Figure 6: Execution DAG for the warehouse brokerage evaluation pipeline.

All agents follow the same architectural pattern, each implemented as an asynchronous
microservice that exposes a uniform entry point, allowing the orchestrator to invoke any
agent without knowledge of its internals. Nine of the ten agents are LLM-powered, re-
trieving domain data from a shared relational database and passing it together with a
task-specific system prompt to a large language model. The Compliance Agent is the
sole exception, employing deterministic rule logic to guarantee auditability. Each agent
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advertises one or more capabilities as string tokens describing what it can do, as listed in
Table 5.

Agent Capabilities Competes
With

LLM Role

Call
Transcription

transcription,
call_analysis

None ✓ Transcribes client calls and
extracts structured entities,
constraints, and signals that
seed the downstream work-
flow.

Deal Summary deal_summary,
aggregation

None ✓ Aggregates outputs from up-
stream agents into a uni-
fied deal context that can be
reused by subsequent deci-
sion agents.

Client Necessity form_filling,
client_analysis

None ✓ Interprets client require-
ments and pre-fills require-
ment forms with operational,
spatial, and service needs.

Warehouse North warehouse_matching,
recommendation,
location_analysis

Central,
South

✓ Evaluates and recommends
warehouse options for North-
ern Europe, specialising in
Gothenburg and the broader
Scandinavian market.

Warehouse
Central

warehouse_matching,
recommendation,
location_analysis

North,
South

✓ Evaluates and recommends
warehouse options for the
DACH and France corridor,
including Munich, Stuttgart,
Lyon, and Paris.

Warehouse South warehouse_matching,
recommendation,
location_analysis

North,
Central

✓ Evaluates and recommends
warehouse options for the
Italian market, including Mi-
lan, Bologna, and Rome.

Cost Estimator deal_estimation,
financial_analysis

Speed
Estima-
tor

✓ Produces financially opti-
mised deal estimates with
emphasis on minimising to-
tal cost of occupancy.

Speed Estimator deal_estimation,
timeline_analysis

Cost Es-
timator

✓ Produces timeline-optimised
deal estimates with emphasis
on achieving the fastest time
to operational outcome.

Compliance compliance_check,
safety_validation

None × Applies deterministic rule-
based validation to ensure
that recommended options
satisfy safety, budget, and
operational constraints.

Proposal
Template

proposal_generation,
document_generation

None ✓ Assembles validated recom-
mendations and estimates
into a structured client-
facing proposal document.

Table 5: Agent inventory for the warehouse brokerage evaluation pipeline.
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The ten agents are grouped into functional tiers. Table 6 specifies the concrete input
and output of each agent.

Agent Input Output

Call Transcrip-
tion

DB: call records (caller, notes,
duration, date)

Structured entity extraction:
client names, locations, budgets,
action items

Deal Summary DB: deals, emails, notes; up-
stream: call transcript

Consolidated deal overview:
stage, contacts, financial terms,
risks, next steps

Client Necessity DB: client profiles, requirements;
upstream: deal summary

Pre-filled necessity form: space,
location, budget, special needs
(inferred vs. confirmed)

Warehouse North
/ Central / South

DB: regional warehouse inven-
tory, client requirements; up-
stream: deal summary

Ranked warehouse shortlist with
match scores (0 to 100) and gap
analysis

Cost Estimator DB: available warehouses, client
requirements; upstream: deal
summary

Cost comparison: monthly rent,
lease total, fit-out costs, total
cost of occupancy

Speed Estimator DB: available warehouses, client
requirements; upstream: deal
summary

Timeline comparison: fit-out du-
rations, compliance lead times,
total time to operational

Compliance DB: client requirements, avail-
able warehouses; upstream: sug-
gested pairings (for scoping)

Structured validation report:
pass/fail per rule, violation
severity (block/warn)

Proposal Tem-
plate

DB: deals, warehouses, client re-
quirements; upstream: all pre-
ceding outputs

Client-facing proposal document:
executive summary, recommen-
dations, financial terms, timeline

Table 6: Input and output specification per agent. DB denotes data retrieved from the shared relational
database; upstream denotes the output of a preceding agent in the pipeline DAG.

Intake tier. The Call Transcription agent retrieves client call records and uses an
LLM to extract structured entities such as client names, locations, budgets, and action
items. The Deal Summary agent aggregates deal records, associated emails, and internal
notes into a consolidated deal overview. These two agents execute sequentially at the
beginning of the pipeline and produce the shared context consumed by all downstream
branches.

Matching tier. Three regional warehouse agents, North, Central, and South, are
structurally identical but configured with different geographic filters. Each retrieves only
its own regional inventory and matches warehouses against client needs including space,
location, budget, and special features, producing a ranked shortlist with match scores.
Because all three advertise the same warehouse_matching capability, they form a com-
petitive bidding group in which the orchestrator selects the best-scoring agent based on
the bid evaluation function described in Section 4.5.

Estimation tier. The Cost Estimator and Speed Estimator both address deal
estimation but optimise for different objectives, namely lowest total cost of occupancy
versus fastest time to operational. Because both advertise the deal_estimation ca-
pability, agent selection follows the same competitive bidding mechanism described in
Section 4.5. Each agent encodes domain-specific heuristics in its system prompt, for ex-
ample fit-out cost formulas for the Cost Estimator and fit-out duration estimates for the
Speed Estimator.
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Client profiling tier. The Client Necessity agent runs in parallel with the matching
and estimation tiers, compiling client profiles and requirements into a pre-filled necessity
form and flagging inferred versus confirmed fields. Its output feeds directly into the
proposal generation stage.

Validation and output tier. The Compliance agent validates every client and ware-
house pairing against five deterministic business rules covering cold storage, hazmat certi-
fication, security level, square footage range, and budget compliance, returning structured
pass/fail results. The Proposal Template agent performs a fan-in join, consuming the
outputs of the compliance check, the client necessity form, and the winning estimator,
and generates a client-facing proposal document via LLM.

The agent inventory establishes two competitive bidding points at which the ICNP se-
lection mechanism is exercised. The first is warehouse matching, involving a three-way
competition among the North, Central, and South agents. The second is deal estima-
tion, involving a two-way competition between the Cost and Speed Estimators.

6.1.2 Evaluation Dataset
The evaluation uses a synthetic dataset designed to be fully reproducible and to exer-
cise every coordination mechanism under test. Because no public benchmark exists for
Multi-Agent warehouse brokerage, the dataset was constructed manually to satisfy three
criteria: (i) each client scenario must have a single unambiguous correct assignment at
both competitive bidding points (warehouse selection and estimator selection), enabling
deterministic ground-truth evaluation, (ii) the scenarios must span a range of domain
constraints (cold storage, hazmat certification, security levels, budget limits) so that the
validation layer is exercised, and (iii) the data must include realistic ancillary records
(emails, call transcripts, broker notes) to provide sufficient context for the LLM-based
agents.

The dataset is seeded into a shared relational database at the start of each experiment
and comprises seven tables (Table 7). To ensure that the scenarios reflect realistic bro-
kerage conditions, the dataset was reviewed by a logistics domain expert, who confirmed
the plausibility of the client requirements, warehouse configurations, and compliance con-
straints prior to experimentation.

Table Records Content

clients 5 Company profile, industry, size, contact details
client_requirements 5 Space, budget, location, special needs, priority
warehouses 8 Location, capacity, features, rent, security level
deals 5 Deal stage, value, assigned broker, notes
emails 22 Multi-turn client and broker negotiation threads
notes 5 Internal broker observations per deal
calls 8 Client and supplier call records with transcripts

Table 7: Evaluation dataset summary. The seven seeded tables provide both the structured records
consumed by the LLM-based agents and the realistic ancillary content (emails, calls, broker notes) used
by the intake-tier agents.

The five client scenarios span five industries, namely food and beverage, electronics
manufacturing, pharmaceuticals, e-commerce fulfilment, and heavy industry, and three
European regions covering Southern, Central, and Northern Europe. Each client presents
a distinct combination of regional affinity and dominant optimisation objective. FreshCo
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Logistics requires cold storage in Milan with a firm budget that favours cost optimisa-
tion. TechParts is best served by Central European technical infrastructure in Munich
or Stuttgart at moderate cost. GreenLeaf Pharma requires GDP-compliant hazmat stor-
age near Paris or Lyon with a critical pharmaceutical audit deadline that makes time-to-
operational the dominant criterion. QuickShip is a cost-driven e-commerce operator suited
to Southern European distribution hubs. Nordic Steel AB requires a crane-equipped port
facility in Gothenburg, with timeline as the binding constraint due to a critical installation
deadline. The eight warehouses listed in Table 8 are distributed across the three regions
and vary in available features, creating both clear matches and deliberate mismatches that
trigger compliance violations. Three warehouses hold cold-storage certification, namely
LogisPark Milano Nord, PharmaStore Lyon, and Paris CDG Logistics, of which two are
also hazmat-certified, specifically PharmaStore Lyon and Paris CDG Logistics.

Warehouse City (Region) Avail. sqft Cold Hazmat Security e/sqft

LogisPark Milano Nord Milan (South) 22,000 ✓ — enhanced 0.75
Centro Logistico Bologna Bologna (South) 55,000 — — standard 0.65
Roma Sud Distribution Rome (South) 48,000 — — standard 0.60
Bavaria Logistics Hub Munich (Central) 40,000 — — standard 0.85
Stuttgart TechCenter Stuttgart (Central) 35,000 — — high 0.90
PharmaStore Lyon Lyon (Central) 28,000 ✓ ✓ high 0.95
Paris CDG Logistics Roissy (Central) 25,000 ✓ ✓ high 1.10
Gothenburg Port Warehouse Gothenburg (North) 60,000 — — enhanced 0.70

Table 8: Warehouse inventory used in the evaluation dataset. Cold and Hazmat flags denote certified
cold-chain and hazardous-materials storage, respectively. Security levels are standard, enhanced, and
high. Rent is the monthly rate per available square foot (EUR).

The email and call records simulate realistic brokerage interactions, including require-
ment discovery, specification exchanges, pricing negotiations, and compliance discussions.
These records serve as the input context for the intake-tier agents (Call Transcription,
Deal Summary) and provide a realistic information environment without introducing the
noise of real-world data that would confound the quantitative analysis.

Ground-truth assignments were derived from the seed data. Each client has a unique
regional affinity and a dominant optimisation objective (cost versus speed) that follows di-
rectly from the requirements introduced in Subsection 6.1.2. Table 9 defines the expected
winner for each client at both competitive bidding points.

Client Industry Priority Correct Warehouse Correct Estimator

FreshCo Food distribution High Warehouse South Cost Estimator
TechParts Electronics High Warehouse Central Cost Estimator
GreenLeaf Pharmaceuticals Critical Warehouse Central Speed Estimator
QuickShip E-commerce Medium Warehouse South Cost Estimator
NordicSteel Heavy industry High Warehouse North Speed Estimator

Table 9: Ground-truth agent assignments for the five evaluation scenarios, used as the reference against
which assignment accuracy (ACC) is measured throughout the ablation study. Priority levels are ordered
Critical, High, Medium.

Two of the five clients are seeded with warehouse assignments that deterministically
trigger domain-rule violations, independent of configuration or coordination mechanism.
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Table 10 defines the ground-truth violation status per client. This yields a ground-truth
violation rate of 2/5 = 40 %.

Client Priority Rule Injected Assignment Severity

FreshCo High COLD_STORAGE Bavaria Hub BLOCK
FreshCo High COLD_STORAGE Bologna BLOCK
GreenLeaf Critical HAZMAT Bologna BLOCK
GreenLeaf Critical HAZMAT LogisPark Milano BLOCK
GreenLeaf Critical HIGH_SECURITY Bologna BLOCK
GreenLeaf Critical HIGH_SECURITY Bavaria Hub BLOCK
TechParts High — — Pass
QuickShip Medium — — Pass
NordicSteel High — — Pass

Table 10: Injected client and warehouse pairings used to exercise each blocking rule, yielding a ground-
truth violation rate of 40%. FreshCo and GreenLeaf pairings are seeded to guarantee a deterministic
violation, while TechParts, QuickShip, and NordicSteel have no seeded violation. Warehouses use the
short forms defined in Table 8, and priority levels are ordered Critical, High, Medium.

In addition to the violations observed during the main ablation runs, a separate
targeted validation probe verifies that the SHACL and Compliance layers detect non-
overlapping defect classes. The probe injects ten known cases (see Table 11) into plan
drafts, comprising six structural defects, three domain defects, and one negative control
representing a valid pairing, and checks which layer catches each one. Unlike the main
experiment, the probe runs deterministically outside the pipeline with no LLM calls and
no CNP bidding.

ID Defect Injected Class Expected Layer

S1 Missing assigned_agent field Structural SHACL
S2 Empty capabilities list Structural SHACL
S3 Missing task description Structural SHACL
S4 Hazmat task without human approval Structural SHACL
S5 Cold-storage task without temperature range Structural SHACL
S6 Critical deal without high-risk flag Structural SHACL
D1 FreshCo → Bavaria Hub (no cold storage) Domain Compliance
D2 GreenLeaf → Bologna (no hazmat, std. security) Domain Compliance
D3 GreenLeaf → LogisPark Milano (no hazmat) Domain Compliance
D4 QuickShip → Lyon (valid pairing) Control None

Table 11: Validation probe ground truth, comprising six structural defects expected to be caught by
SHACL, three domain defects expected to be caught by the Compliance Agent, and one valid pairing as
a negative control. Warehouses use the short forms defined in Table 8.

Of the ten cases, six are structural defects that only SHACL can detect, three are
domain violations that only the Compliance Agent can detect (D1–D3), and one is a
clean pairing included as a negative control (D4).

6.1.3 Metrics
The experiments reported in this chapter rely on three sets of metrics, introduced in turn
across the ablation study, the deep-dive analyses, and the qualitative user perception
survey.
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The five primary metrics used in the ablation study are defined in Table 12.

Metric ID Type Formula / Source

Assignment Accuracy ACC Ratio [0, 1] Correct assignments divided by to-
tal assignments, computed from
ContractAward.bidder_id against ground
truth

Constraint Violation Rate VR Ratio [0, 1] Runs with at least one BLOCK violation divided
by total runs, measured from plan validator
and compliance output

Recovery Success Rate RSR Count (n/N) Recovered pipelines divided by total failure in-
jections

End to End Latency LAT Continuous (s) Time from pipeline start to audit log times-
tamp

Token Consumption TOK Count Sum of LLM input and output tokens per-run,
taken from OpenAI API usage

Table 12: Primary metrics used in the ablation study. ACC and VR measure assignment quality and
safety respectively, RSR measures recovery effectiveness, and LAT and TOK measure deployment cost.

Secondary metrics, used in the deep-dive analyses (Sections 6.2.2–6.2.5) to provide
fine-grained evidence for each hypothesis, are defined in Table 13.

Metric ID Type Description

Convergence Run CONV Count Run number at which ACC exceeds 0.85 and
remains above for five subsequent runs

Pheromone Intensity PHI Continuous [0,∞) AffordanceMarker.intensity per agent per
task type; measures learned preference
strength

Bid Score Delta BSD Continuous [0, 1] Winning bid score minus runner up; measures
the competition margin between agents

Interaction Effect IE Continuous ACC(C0) − ACC(C3) − ACC(C4) +
ACC(C3+C4); tests whether validation
layers interact super-additively on down-
stream accuracy

True Positive Rate TPR Ratio [0, 1] Correctly detected violations divided by total
ground truth violations

False Positive Rate FPR Ratio [0, 1] Incorrectly flagged clean assignments divided
by total clean assignments

Recovery Time RT Continuous (s) Elapsed time from injected failure to pipeline
completion, with a 300 s timeout

Estimator Win Ratio EWR Ratio Cost Estimator wins divided by total estima-
tor selections, stratified by client priority level

Table 13: Secondary metrics used in the deep-dive analyses, providing fine-grained evidence for each
hypothesis beyond the primary ablation metrics.

The qualitative metrics used in the user perception survey (Section 6.3), appropriate
for ordinal Likert-scale data, are summarised in Table 14.
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Metric Type Description

Likert rating Ordinal [1, 5] 5 point scale (1 = Strongly Disagree . . . 5 = Strongly
Agree) applied to 19 survey items across output qual-
ity, decision transparency, framework value, and overall
usefulness

Forced choice preference Categorical Participants select the most trusted output and the best
audit trail among three anonymised system configura-
tions

Comparative ranking Ordinal [1, 3] Full ranking of three outputs from best (1) to worst (3)
Thematic frequency Count (k/N) Number of participants whose open ended responses

contain a given thematic code, retained if k ≥ 3
Descriptive statistics Summary Median (Mdn) as primary measure of central tendency,

with mean (M) and standard deviation (SD) reported
for comparability and interquartile range (IQR) or full
frequency distributions reported where ceiling or bi-
modal patterns would otherwise be obscured

Table 14: Metrics used in the qualitative user perception survey, designed for ordinal Likert data and
small-sample comparative analysis (N = 19).

6.1.4 Statistical Approach
Non-parametric methods are used throughout, consistent with the ordinal and non-
normally distributed nature of the data. The complete set of tests, their purpose, and
the corresponding effect size measures are summarised in Table 15. The domain-versus-
technical contrast in the qualitative survey is treated as an a priori comparison without
multiple-comparisons correction, with findings interpreted cautiously given the modest
sample of N = 19.

Test Purpose Effect Size and Thresholds

Wilcoxon signed-
rank [92]

Pairwise comparison of
full framework against
each ablation (N = 5
paired client means), with
Bonferroni correction [93]
(αBonf = 0.0063)

Underpowered at N = 5, re-
ported alongside Cliff’s δ

Cliff’s δ [94] Power-independent effect
size over all 50 runs per
configuration pair

< 0.147 negligible, 0.147–0.33
small, 0.33–0.474 medium, ≥
0.474 large

Chi-square [95] Association between client
priority and selected esti-
mator

Cramér’s V [96]

Friedman [97] Differences across C0, C3,
C4, and C3+C4

Kendall’s W

Mann–Whitney
U [98]

Domain experts versus
technical evaluators in the
qualitative survey

r = |Z|/
√

N [99], with ≥ 0.1
small, ≥0.3 medium, ≥0.5 large

Table 15: Statistical tests used across the evaluation. Significance level α = 0.05 throughout.
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6.1.5 Execution Protocol and Configurations
The study comprises 790 total pipeline executions, distributed across three experimental
phases. The ablation study (Subsection 6.2.1) accounts for 450 runs (9 configurations ×
5 clients × 10 runs). The pheromone convergence experiment (Subsection 6.2.2) con-
tributes 300 runs (2 configurations×5 clients×30 runs). The failure injection experiment
(Subsection 6.2.5) contributes 40 runs (4 configurations × 10 injections), with recovery
timeout set to 300 s.

All LLM-based agents in the evaluation use the OpenAI GPT-4o-mini model [4] (gpt-
4o-mini). GPT-4o-mini is a small-footprint member of the GPT-4o family, specifically an
instruction-tuned, transformer-based chat model with a 128 K-token context window and
a maximum of 16 384 output tokens per call. It provides a favourable balance between
instruction-following quality and per-token cost, making it appropriate for a large-scale
ablation study where per-run token expenditure is a controlled variable (metric TOK).
The model was selected because it reliably produces structured outputs, as required by the
ICNP bid format and the SHACL-validated plan schema, without additional fine-tuning.
Table 16 summarises the full inference configuration applied uniformly across all agents
and all configurations.

Parameter Value

Provider OpenAI
Model ID gpt-4o-mini
Model family GPT-4o (instruction-tuned, chat)
Context window 128 000 tokens
Max output tokens 16 384 tokens per call
Temperature 0
API version / SDK openai ≥ 1.59 (Chat.completions.create)
Concurrency limit 10 simultaneous requests (semaphore-controlled)
Timeout per call 30 s

Table 16: LLM inference configuration applied uniformly across all agents and all ablation configurations.
Temperature is set to 0 to minimise stochastic variance, with residual non-determinism addressed through
10-run replication per scenario.

Temperature is set to 0 for all experiments, minimising stochastic variance in agent
outputs while retaining realistic execution characteristics such as structured reasoning
and multi-step inference. Residual non-determinism from batched inference scheduling
and floating-point arithmetic at the provider side is addressed by the 10-run replication
per scenario per configuration.

Regarding pheromone persistence, in the ablation study each configuration runs 10
consecutive executions per client. For the full framework, pheromone markers persist
across all 10 runs, enabling the engine to accumulate reinforcement signal. For the
pheromone-disabled configuration (C1), markers are cleared between every run to simu-
late a stateless system. For all configurations where pheromone state is not the indepen-
dent variable under test (C2–C7), markers are cleared between configurations but persist
across the 10 runs within each configuration, matching the default C0 behaviour. In the
convergence experiment, the full-framework markers persist across all 30 runs per client.
Markers in the pheromone-disabled condition are cleared between every run to simulate
a stateless system. Configuration labels are defined in Subsection 6.2.1.
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6.2 Quantitative Analysis
The quantitative analysis is organised into four experiments, each designed to isolate a
distinct coordination mechanism and test one or more of the hypotheses stated in the be-
ginning of Chapter 6. Subsection 6.2.1 presents the ablation study, which systematically
removes one framework component at a time across nine configurations to quantify each
mechanism’s marginal contribution to assignment accuracy, violation detection, latency,
and token consumption, addressing H2 and H5. Subsection 6.2.2 examines pheromone
convergence through a 30-run longitudinal experiment comparing persistent and cleared
pheromone state, testing whether stigmergic learning produces the characteristic accuracy
trajectory predicted by H1. Subsection 6.2.3 analyses priority-based agent selection using
C0 data alone, examining whether the ICNP’s competitive bidding mechanism devel-
ops context-sensitive routing behaviour as an emergent property rather than an explicitly
programmed rule. Subsection 6.2.4 investigates the interaction between the SHACL struc-
tural validator and the Compliance Agent through a 2× 2 factorial design and a targeted
defect-injection probe, testing the super-additive defence-in-depth hypothesis H3. Subsec-
tion 6.2.5 completes the analysis with a failure-injection study across four configurations,
evaluating the multi-tier recovery mechanism and testing H4 on adaptive replanning under
controlled failure conditions.

6.2.1 Ablation Study
The ablation study constitutes the central quantitative contribution of this evaluation. By
systematically removing one framework component at a time, it provides direct empirical
evidence for the marginal contribution of each coordination mechanism to the system’s
overall effectiveness, isolating what each component adds rather than measuring the sys-
tem as an opaque whole. Nine configurations are evaluated, each removing exactly one
framework component from the full system while holding all other factors constant.

6.2.1.1 Configurations and Aggregate Results

The nine ablation configurations are summarised in Table 17. C1 isolates the pheromone
engine’s contribution by preserving all other components, so that the only difference is
whether assignment history modulates future bid scores. C2 replaces ICNP bidding with
round-robin allocation, the simplest non-random static policy. C3 and C4 are analysed
jointly (as C3+C4) and separately to distinguish structural from domain validation con-
tributions, with C4 removing a domain-specific rule-based service that belongs to the
logistics scenario rather than to the orchestration framework. C7 provides a lower bound
by stripping all coordination to expose the maximum possible degradation attributable
to the framework. Appendix A provides a step-by-step trace of a representative FreshCo
run under C0 to ground the aggregate results in a concrete execution.

Table 18 presents the primary metrics across all nine configurations, with N = 50 runs
per configuration (5 clients×10 runs). Several notable patterns emerge from these results.
The IQR column carries more information than a simple dispersion measure. The modal
IQR for high-performing configurations (C0, C1, C3+C4, C5) is 1.00–1.00, meaning the
lower and upper quartiles coincide at the maximum. The accuracy distribution is left-
skewed, with most runs achieving perfect assignment and a minority producing partial
or zero-accuracy outcomes. C2’s IQR of 0.00–0.50 shows the opposite pattern. At least
half of C2 runs produce zero correct assignments, and the distribution is concentrated
at the lower end. C7’s IQR of 0.00–1.00 reveals bimodality, since some scenarios are
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solved perfectly even without coordination (because the LLM happens to generate the
right output), while others fail completely. This pattern is consistent with the hypothesis
that the framework’s mechanisms suppress variance as much as they increase the mean.

Config Component Removed Implementation

C0 None (full framework) Default configuration, all components enabled.
C1 Pheromone adaptation Pheromone engine skipped in pipeline DAG, markers

cleared between runs.
C2 ICNP bidding Round-robin assignment, no ICNP scoring.
C3 SHACL validation SHACL ruleset path set to empty, plan validator skips

structural checks.
C4 Compliance agent Domain-specific rule-based service (part of the logis-

tics scenario, not the orchestration framework) re-
moved from pipeline DAG.

C3+C4 SHACL + Compliance Both C3 and C4 changes applied simultaneously.
C5 LLM Strategist LLM Strategist skipped in pipeline DAG, no runtime

graph adaptations.
C6 Ethics Checker Ethics-check service skipped in pipeline DAG.
C7 All coordination Direct sequential agent calls, no ICNP, no pheromone

markers, no validation, no audit logging.

Table 17: Ablation configuration summary.

Config ACC Mean (IQR) WH ACC EST ACC VR LAT Mdn (IQR) TOK Mdn

C0 0.98 (1.00–1.00) 100% 96% 40% 210 (177–239) 33,572
C1 0.98 (1.00–1.00) 100% 96% 40% 192 (166–214) 31,888
C2 0.42 (0.00–0.50) 34% 50% 44% 154 (146–177) 32,752
C3 0.85 (0.50–1.00) 88% 82% 40% 174 (162–183) 31,044
C4 0.90 (1.00–1.00) 88% 92% 0% 167 (149–189) 30,156
C3+C4 0.98 (1.00–1.00) 96% 100% 0% 187 (172–195) 31,116
C5 0.95 (1.00–1.00) 100% 90% 40% 162 (153–173) 31,851
C6 0.91 (1.00–1.00) 94% 88% 40% 166 (152–182) 31,178
C7 0.50 (0.00–1.00) 40% 60% 0% 197 (184–210) 30,599

Table 18: Ablation study component contribution summary. Metric definitions are given in Table 12.
Mean is the arithmetic mean of run-level accuracy, IQR is the interquartile range over all 50 individual
runs, not over the per-client means.

Figure 7: Mean assignment accuracy by ablation configuration.
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6.2.1.2 Coordination Effects

Under round-robin allocation (Table 18, row C2), warehouse accuracy (34%) and esti-
mator accuracy (50%) correspond almost exactly to the theoretical random baselines for
3-way selection (1/3 ≈ 33%) and 2-way selection (1/2 = 50%), respectively. The 1-point
surplus over chance in WH accuracy and zero surplus in EST accuracy confirm that round-
robin adds no information beyond random selection. This finding falsifies the alternative
explanation that individual agent LLM quality, rather than the coordination mechanism,
drives C0’s accuracy. If agents were intrinsically superior, even round-robin allocation
would produce above-chance accuracy.

C2 is also the only configuration with a violation rate above 40%, a 4 pp surplus driven
entirely by TechParts and dissected in Subsection 6.2.4.

The minimal baseline C7 achieves 0.50 overall, comprising WH = 40% and EST = 60%.
The warehouse accuracy (40%) slightly exceeds the random baseline (33%), while the es-
timator accuracy (60%) exceeds chance (50%) by 10 pp on 10 runs, a surplus whose
magnitude should be read cautiously given the small sample. This surplus arises because
C7 still relies on GPT-4o-mini’s internal reasoning, meaning that even without the ICNP
mechanism the LLM occasionally selects the contextually appropriate agent when given
direct task instructions. The EST surplus (10% above chance) is larger than the WH sur-
plus (7%), consistent with the estimator decision being simpler, since cost versus speed
maps directly to budget versus timeline signals in the task description, while warehouse
routing requires geographical and compliance knowledge that the LLM does not reli-
ably internalise without pheromone guidance. Figure 8 visualises the per-configuration
accuracy gap relative to C0, showing that C2 and C7 stand apart from the cluster of
high-performing configurations.

Figure 8: Accuracy delta (C0 − Cx) by configuration.

Client Runs WH Winner WH Correct EST Winner EST Correct

FreshCo 90 warehouse-south 76/90 cost-estimator 82/90
TechParts 90 warehouse-central 73/90 cost-estimator 76/90
GreenLeaf 90 warehouse-central 76/90 speed-estimator 78/90
QuickShip 90 warehouse-south 78/90 cost-estimator 84/90
NordicSteel 90 warehouse-north 67/90 speed-estimator 57/90

Table 19: Per-client assignment accuracy across all 9 ablation configurations (90 runs per client). Nordic-
Steel emerges as the most coordination-sensitive scenario. Ground-truth assignments are defined in
Table 9.
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Table 19 reports per-client assignment accuracy aggregated across all ablation con-
figurations. Accuracy is relatively stable across FreshCo, TechParts, GreenLeaf, and
QuickShip, with each individual decision metric for these four clients falling between 73
and 84 correct out of 90 runs, compared with NordicSteel’s lowest value of 57.

The notable outlier is NordicSteel, which produces the lowest per-client accuracy across
both decisions, specifically 67/90 warehouse selections and 57/90 estimator selections.
The warehouse routing is relatively straightforward (Warehouse North, Gothenburg), but
the estimator selection is counter-intuitive from the LLM’s perspective, since a steel client
with heavy industrial machinery intuitively maps to cost optimisation while the ground
truth requires the Speed Estimator due to a critical crane installation deadline. Nordic-
Steel is also the slowest client to converge in the pheromone analysis (Subsection 6.2.2),
making it the scenario where learned pheromone guidance most clearly adds value over
uninformed LLM reasoning.

The NordicSteel column in Figure 9 confirms this sensitivity. Unlike GreenLeaf, whose
failures concentrate in C7 alone, NordicSteel shows consistently degraded performance
across mid-tier configurations (C3, C4, C6), identifying it as the scenario most sensitive
to which coordination mechanisms are active.

Figure 9: Assignment accuracy heatmap with configurations as rows and clients as columns.

Removing both validation layers (C3+C4) leaves ACC unchanged at 0.98, yet VR
drops from 40% to 0%. This apparent contradiction is explained in Subsection 6.2.4, which
analyses the validation layer interaction in detail and shows that assignment correctness
(ACC) and constraint compliance (VR) are orthogonal quality dimensions evaluated by
different agents at different pipeline stages. The ICNP selects the correct warehouse
regardless of whether a downstream validation layer exists, so the pipeline can be accurate
but unsafe. The joint metric pair (ACC, VR) is therefore not redundant, as each captures
a failure mode that the other cannot detect.

6.2.1.3 Cost Profile

The Pareto frontier (Figure 10) reveals that the two configurations suffering the largest
accuracy penalties, C2 and C7, do not recover that cost in latency savings. C7 combines
low accuracy (0.50) with high latency (197 s), occupying the worst position on both dimen-
sions. C5 represents the most efficient configuration, achieving 0.95 accuracy at the lowest

70



latency among high-performing configurations (162 s). Table 20 ranks configurations by
median end-to-end latency.

Figure 10: Cost-quality Pareto frontier showing accuracy against end-to-end latency across ablation
configurations. C5 occupies the most efficient position at 0.95 accuracy and 162 s, while C7 is dominated
on both dimensions.

Config Median (s) IQR (s) ∆ vs. C0 Primary saving

C2 (−ICNP) 154 146–177 −56 s (−27%) No bidding rounds
C5 (−strategist) 162 153–173 −48 s (−23%) No strategy LLM call
C6 (−ethics) 166 152–182 −44 s (−21%) No ethics LLM call
C4 (−compliance) 167 149–189 −43 s (−21%) No compliance scan
C3 (−SHACL) 174 162–183 −36 s (−17%) No SHACL validation
C3+C4 (−both) 187 172–195 −23 s (−11%) No validation layers
C1 (−pheromone) 192 166–214 −18 s (−9%) No pheromone I/O
C7 (minimal) 197 184–210 −13 s (−6%) No coordination
C0 (full) 210 177–239 reference Baseline

Table 20: End-to-end latency by configuration, ranked fastest to slowest. The full framework C0 carries
a 6.6% latency overhead over the minimal baseline C7, with ICNP bidding (C2) and the LLM Strategist
(C5) identified as the two largest single contributors.

Three patterns emerge from the latency ranking. First, ICNP bidding is the sin-
gle largest latency contributor, as removing ICNP (C2) saves 56 s, more than any other
single ablation. Although the bid scoring itself is purely numerical (a weighted combina-
tion of trust, cost, and capability match, computed by the centralised blueprint bidder),
the ICNP incurs latency through marker-store queries for pheromone markers, histori-
cal success rates, and failure penalties for each candidate agent, followed by a scoring
aggregation and ranking step. Second, the LLM Strategist and Ethics Checker each con-
tribute approximately 45 s of latency through their respective LLM inference calls, yet
both produce negligible effects on assignment accuracy. This identifies both components
as candidates for optimisation, as they impose comparable latency costs while contribut-
ing little to assignment quality. Third, C7 is not the fastest configuration despite removing
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all coordination. It is in fact slower than every other ablation configuration because it
runs agents sequentially without the ICNP’s ability to parallelise independent pipeline
branches. The coordination overhead present in C0 is therefore partially offset by the
orchestration benefits it provides, making full coordination removal a poor strategy for
latency reduction.

The IQR column also reveals a distributional pattern, with C0 exhibiting the widest
variability (IQR = 62 s), while C5 has the tightest (IQR = 20 s). Since C5 retains ICNP
bidding but removes the LLM Strategist, this suggests that the primary source of latency
variance is the Strategist’s non-deterministic LLM inference calls rather than the ICNP’s
numerical bid scoring. This is further confirmed by C1 (IQR = 48 s, Strategist enabled)
compared with C2 (IQR = 31 s, Strategist enabled but no ICNP), as removing ICNP
reduces variance moderately, but removing the Strategist (C5) reduces it the most.

Figure 11 confirms the distributional patterns reported in Table 20. C0 exhibits the
widest spread, with several high-latency outliers exceeding 400 s that pull the distribution
upward while leaving the median at 210 s, indicating that extreme latency events are
infrequent but non-negligible in the full framework. The cluster of configurations C3, C4,
C5, and C6 visually occupies a tight band between 162–174 s with narrow boxes and few
outliers, confirming that removing any one of these components produces comparable and
predictable latency savings without introducing additional variance.

Figure 11: End-to-end latency distribution by configuration. C0 exhibits the widest spread with several
outliers above 400 s, while configurations C3 to C6 cluster tightly between 162 and 174 s, indicating that
single-component removals produce predictable latency savings without added variance.

Table 21 and Figure 12 rank configurations by median token consumption and reveal
a pattern that differs markedly from the latency ranking. The Compliance Agent is the
most token-expensive component to remove (−10%), yet it contributes zero LLM tokens
itself since it is deterministic. The explanation is that agents incorporate compliance
context into their upstream reasoning when the Compliance Agent is active, inflating
prompt length across the pipeline. When the agent is absent, this contextual overhead
disappears, producing the largest aggregate token saving of any single component removal.

A notable feature of the ranking is that C4 consumes fewer tokens than C7, the minimal
baseline, despite C7 removing all coordination mechanisms and C4 removing only the
Compliance Agent. This reflects the nature of C7’s sequential execution. Without the
structured constraints imposed by ICNP bidding, agents in C7 produce unguided, verbose
completions rather than bounded bid responses, inflating token consumption even in the
absence of coordination overhead. The compliance removal effect in C4 therefore operates
on top of a pipeline that is already more token-disciplined than the coordination-free
baseline, which explains why a partially dismantled framework can outperform a fully
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stripped one on this metric.

Config Median tokens ∆ vs. C0 Primary saving

C4 (− compliance) 30,156 −3,416 (−10%) No compliance context in up-
stream prompts

C7 (minimal) 30,599 −2,973 (−9%) No coordination
C3 (− SHACL) 31,044 −2,528 (−8%) No SHACL constraint context in

plan generation
C3+C4 (− both) 31,116 −2,456 (−7%) No validation layers
C6 (− ethics) 31,178 −2,394 (−7%) No ethics prompt
C5 (− strategist) 31,851 −1,721 (−5%) No strategy prompt
C1 (− pheromone) 31,888 −1,684 (−5%) No pheromone context
C2 (− ICNP) 32,752 −820 (−2%) No bid scoring
C0 (full) 33,572 Reference Baseline

Table 21: Median token consumption by configuration, ranked from most efficient to least efficient. The
Compliance Agent has the largest token footprint despite contributing zero LLM tokens itself, since its
presence inflates compliance context across upstream prompts.

Figure 12: Median input and output token consumption per configuration. The Compliance Agent has the
largest token footprint despite contributing zero LLM tokens itself, since its presence inflates compliance
context across upstream prompts.

Conversely, ICNP bidding, the largest latency contributor, is the smallest token con-
tributor (−2%), because bid scoring relies on lightweight numerical computation rather
than LLM inference. This asymmetry has direct deployment implications. If latency is the
binding constraint, disabling ICNP yields the largest speedup but sacrifices 56 percentage
points of accuracy. If token cost is the binding constraint, disabling the Compliance Agent
yields the largest token saving but eliminates violation detection entirely. Neither trade-
off is acceptable in isolation, which reinforces the conclusion that the full framework’s
overhead is justified by its joint quality and safety guarantee.

The total token overhead of the full framework over the minimal baseline is bounded.
C0 consumes 33,572 median tokens against 30,599 for C7, a difference of 2,973 tokens
(+9.7%). At current API pricing this overhead is modest relative to the baseline cost
of a single pipeline run. The primary drivers of token consumption are the number
of competing agents and bidding rounds, meaning that cost growth is determined by
coordination breadth rather than by pipeline depth or data volume. This makes the
framework’s token overhead predictable as the agent population grows, although empirical
confirmation across variable agent populations is reserved for future work.
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6.2.1.4 Statistical Significance and Overall Validation

Wilcoxon signed-rank tests comparing C0 against each ablation configuration yield uni-
formly non-significant p-values, with the raw statistics reported in Appendix C. This
reflects a statistical power limitation rather than an absence of meaningful effects.

Each Wilcoxon comparison pairs the per-client mean accuracy of C0 against that of an
ablation configuration Cx, yielding N = 5 paired observations per test (one per evaluation
client). Because accuracy is sharply skewed toward the ceiling, with most configurations
scoring at or above 85% on three to four of the five clients, the ranks compress and
the test cannot achieve the power needed to detect meaningful differences at α = 0.05.
This is a sample-size limitation intrinsic to the five-client evaluation design, not evidence
of equivalence between configurations. Table 22 therefore reports Cliff’s delta computed
over all N = 50 individual runs per configuration, providing a power-independent measure
of practical significance at the run level rather than the client level. Because every raw
Wilcoxon p-value already sits above the uncorrected α = 0.05 threshold (Appendix C), the
choice of multiplicity correction does not alter the qualitative conclusion. The limitation
is one of statistical power rather than family-wise error, and future work should expand
the evaluation to at least 15–20 client scenarios to achieve adequate power at the client
level.

Config Component C0 ACC Cx ACC ∆ (C0 − Cx, pp) Cliff’s δ

C1 Pheromone adaptation 0.98 0.98 +0 0.000 (negligible)
C2 ICNP bidding 0.98 0.42 +56 0.774 (large)
C3 SHACL validation 0.98 0.85 +13 0.260 (small)
C4 Compliance agent 0.98 0.90 +8 0.160 (small)
C3+C4 Both validation 0.98 0.98 +0 0.000 (negligible)
C5 LLM Strategist 0.98 0.95 +3 0.060 (negligible)
C6 Ethics Checker 0.98 0.91 +7 0.121 (negligible)
C7 All coordination 0.98 0.50 +48 0.576 (large)

Table 22: Cliff’s delta effect sizes C0-against-Cx comparisons (N = 50 runs per configuration).

Two large effects are confirmed. ICNP bidding (δ = 0.774) and full coordination
removal (δ = 0.576) both reach the large threshold. These results establish the ICNP
as the framework’s most impactful single mechanism and the full coordination stack as
providing substantial, practically significant improvements over uncoordinated execution.
The negligible effect size for C3+C4 (δ = 0.000) is explained by a super-additive inter-
action analysed in Subsection 6.2.4. This pattern is invisible to pairwise C0-against-Cx

comparisons.
The C0 against C7 comparison (Figure 13) provides the clearest test of whether the

framework’s architectural complexity is warranted. Across all five metrics, C0 dominates
C7 decisively. Assignment accuracy rises from 50% to 98%, warehouse correctness from
40% to 100%, estimator correctness from 60% to 96%, compliance detection from 0%
to 40%, and plan validity from 0% to 94%. These gains are achieved at a cost of only
6.6% additional latency and 9.7% additional token consumption. The plan validity result
is particularly noteworthy. C7’s complete absence of SHACL validation and governance
mechanisms means that every plan it generates is structurally unverified, a condition that
would be unacceptable in any regulated deployment context. The token overhead reflects
the additional prompt context injected by the coordination layer, including pheromone
state, bid summaries, compliance reports, and pheromone marker writes. At the scale of
individual pipeline runs these are negligible costs relative to the baseline token budget of a
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30,000-token pipeline, and coordination overhead is bounded by the number of competing
agents and the depth of the bidding protocol rather than by the pipeline’s total complexity.
This evidence directly challenges the common objection that Multi-Agent coordination
incurs prohibitive overhead relative to its quality contribution.

Figure 13: C0 against C7 side-by-side comparison across all primary metrics. The full framework domi-
nates the coordination-free baseline on every quality dimension at a cost of only 6.6% additional latency
and 9.7% additional token consumption.

6.2.2 Pheromone Convergence
To test H1 (stigmergic learning), C0 and C1 each execute 30 consecutive runs per client
with persistent (C0) or cleared (C1) pheromone state. Table 23 reports the per-client
convergence points and final accuracy for both configurations.

Client C0 Convergence Run C0 Final ACC (last 5) C1 Final ACC (last 5)

FreshCo 11 90% 30%
TechParts 11 100% 60%
GreenLeaf 14 100% 70%
QuickShip 9 90% 60%
NordicSteel 21 100% 60%

System (C0) 14 96% 56%

Table 23: Per-client convergence run and final accuracy averaged over the last 5 runs of the 30-run
convergence experiment. C0 reaches sustained ≥85% accuracy at run 14 across all clients, while C1
plateaus near initial performance.

The convergence trajectory is consistent with the positive feedback dynamics that un-
derpin stigmergic coordination, in which successful assignments amplify the environmental
signals that bias future decisions toward the same agent. The Pheromone Engine applies
exponential decay (Eq. 1) and reinforcement updates (Eq. 6) to AffordanceMarker inten-
sities after each task-completed or task-failed event. Successful assignments increase
marker intensities for the winning agent-task pairing, amplifying that agent’s bid score
(B(ai, τ), Eq. 5) in subsequent rounds.
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Figure 14: Pheromone convergence over 30 consecutive runs comparing C0 (full framework, markers
persist) against C1 (no pheromone, markers cleared). C0 traces the characteristic sigmoid trajectory
predicted by stigmergy theory, exceeding 85% at run 14 and saturating near 100%, while C1 remains flat
near initial performance.

Over 30 runs, this feedback loop concentrates pheromone mass on the correct agent for
each client, producing the characteristic sigmoid trajectory visible in Figure 14. C0 first
exceeds 85% accuracy at run 14 and sustains that level, reaching a five-run trailing average
of 96% by the end of the experiment (∆ = +86 pp from the 10% observed at run 1), while
C1 shows no sustained improvement, finishing at 56% after 30 runs (from 60% at run 1),
confirming that without pheromone feedback, performance gains over successive runs are
negligible.

Figure 15: AffordanceMarker intensity per agent per client over the 30-run convergence experiment
under C0. For every client except NordicSteel, the correct agent’s intensity separates from competitors
by approximately run 10 to 15 and reaches saturation by run 20.

The underlying mechanism is made visible in Figure 15, which plots Affordance-
Marker intensity per agent per client across all 30 runs. For every client except Nordic-
Steel, the correct agent’s intensity separates cleanly from competitors by approximately

76



run 10 to 15 and reaches saturation by approximately run 20, with incorrect agents de-
caying toward zero. The NordicSteel panel is a visible exception, as warehouse-north does
not begin its sustained rise until around run 10, and its climb to saturation is noticeably
shallower and more prolonged than in all other panels. This delayed and gradual sep-
aration is consistent with the convergence analysis reported in Table 23 and Figure 14,
which confirm that NordicSteel requires 21 runs to reach sustained ≥85% accuracy. The
initial incorrect assignments generate a competing pheromone signal that the engine must
overcome before the correct pattern can dominate.

The progression from near-uniform initialisation to full dominance is further illustrated
by the FreshCo snapshots in Figure 16. At run 1, the correct agent’s intensity stands at
only 0.09. By run 10 it has risen to 0.66, reflecting accumulated reinforcement from the
first successful assignments. By run 25 it reaches 1.00, at which point the pheromone
landscape is fully consolidated and the correct agent wins every subsequent bid without
competition.

Figure 16: Pheromone intensity snapshots at runs 1, 10, and 25 for the FreshCo client under C0. The
progression from near-uniform initialisation (intensity 0.09 at run 1) to full dominance (1.00 at run 25)
illustrates the positive feedback dynamic that underpins stigmergic coordination.

The convergence at run 14 is slower than the 5 to 8-iteration convergence reported in
robotic swarm systems [80], attributable to two factors. First, stochastic variance in LLM-
generated agent outputs produces run-to-run differences in task-completion outcomes for
identical agent-task pairs. This noise propagates into pheromone reinforcement (via task-
completed/task-failed events) and trust updates, introducing exploration noise that delays
exploitation of the correct assignment. Second, the relatively small competing-agent pool
(three warehouse agents) limits the reinforcement signal per iteration. Despite this slower
convergence, the pheromone mechanism produces a ∆ = +86 pp accuracy improvement
from initial to converged state in C0, compared to −4 pp in C1 (which drifts from 60% to
56%). The system-level convergence run of 14 reflects the first run at which the rolling
average accuracy reaches and sustains ≥85% across all clients, rather than the mean of the
per-client convergence points, and demonstrates that the pheromone engine transforms
noisy per-run decisions into reliable long-term coordination.

The priority-sensitive routing analysis in Subsection 6.2.3 further demonstrates that
pheromone-modulated bidding develops context-sensitive behaviour, consistent with stig-
mergy theory’s prediction of globally adaptive behaviour emerging from local reinforce-
ment signals [80, 51].

H1 is therefore supported. The pheromone engine enables emergent learning that
transforms initial near-random performance into sustained high accuracy, with system-
level convergence at run 14 and a ∆ = +40 pp improvement over C1. The observed
S-curve and emergent priority-sensitive routing demonstrate that stigmergy can produce
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context-adaptive behaviour in LLM-based Multi-Agent Systems, and identify LLM output
variance as a parameter that bio-inspired AI coordination theory must explicitly account
for, alongside agent pool size and decay rate. The convergence rates reported here are
specific to GPT-4o-mini, and a production deployment should calibrate the pheromone
parameters (decay constant, reinforcement step) to the variance profile of the selected
LLM. The pheromone mechanism’s contribution is also invisible in single-run evaluation,
as C0 and C1 share identical ACC in the ablation overview (see Subsection 6.2.1), meaning
its value can only be observed in a multi-run longitudinal design such as the convergence
experiment presented here. Surfacing pheromone dynamics in the system’s audit trail,
for example by showing how marker intensities evolved toward the selected agent over
successive runs, would make this contribution legible to operators without requiring a full
longitudinal study.

6.2.3 Priority-Based Agent Selection
Using C0 data alone, this analysis examines how the ICNP’s bidding mechanism adapts to
task priority metadata, testing the context sensitivity of competitive selection. Table 24
summarises the estimator win ratio by priority level.

Priority Cost Estimator Wins Speed Estimator Wins Total

Critical 0 (0%) 10 (100%) 10
High 22 (73%) 8 (27%) 30
Medium 10 (100%) 0 (0%) 10

Total 32 18 50

Table 24: Estimator selection by client priority level under C0 (N = 50 bidding rounds). Critical-
priority tasks route exclusively to the Speed Estimator and medium-priority tasks exclusively to the Cost
Estimator, despite no explicit priority rule being encoded in the system.

The results reveal a pronounced routing pattern. At critical priority the Speed Esti-
mator wins every round (100%), while at medium priority the Cost Estimator is selected
in every round (100%). High priority produces a majority for the Cost Estimator (73%),
with the remaining 27% going to the Speed Estimator, driven by NordicSteel, whose
crane installation deadline creates a speed-critical requirement despite the high (rather
than critical) priority label. This routing pattern is not encoded anywhere in the system
as an explicit rule. It emerges from the interaction between pheromone intensities (which
shape both the availability gate and the fit score), trust scores in the bid score B (Eq. 5),
and the admission gate S (Eq. 2). The chi-square test of independence confirms the
association is statistically significant and large in magnitude (χ2(2) = 24.54, p < 10−5,
Cramér’s V = 0.701), ruling out chance as an explanation for the routing pattern.

The bid score statistics in Table 25 confirm that this routing is the product of genuine
competitive discrimination rather than near-random selection. Under C0, the median bid
delta between winner and runner-up is 0.22 to 0.23 across both competition points, a non-
trivial margin that reflects meaningful score separation. Under C2 and C7, bid deltas are
uniformly zero because no bidding occurs, confirming that the margin is a direct product
of the ICNP mechanism and not a baseline property of the agents themselves.

The wider bid deltas in C1 relative to C0 carry an additional insight. Without
pheromone modulation, all agents start each run with identical baseline marker intensi-
ties, producing more polarised bids. Pheromone adaptation in C0 compresses the scoring
range as intensities converge toward the correct assignment, explaining the narrower but
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Config WH Bid Delta Mdn (IQR) EST Bid Delta Mdn (IQR)

C0 0.223 (0.219–0.231) 0.231 (0.230–0.371)
C1 0.263 (0.261–0.275) 0.275 (0.274–0.275)
C2 0.000 (0.000–0.000) 0.000 (0.000–0.000)
C3 0.222 (0.219–0.230) 0.231 (0.230–0.365)
C4 0.221 (0.219–0.230) 0.230 (0.230–0.230)
C3+C4 0.223 (0.218–0.230) 0.230 (0.229–0.231)
C5 0.223 (0.219–0.230) 0.230 (0.230–0.230)
C6 0.223 (0.219–0.230) 0.230 (0.229–0.231)
C7 0.000 (0.000–0.000) 0.000 (0.000–0.000)

Table 25: Bid score delta statistics (winner minus runner-up) by configuration. Non-zero deltas under
all ICNP-enabled configurations confirm genuine competitive discrimination, while the zero deltas under
C2 and C7 reflect the absence of bidding.

still non-trivial deltas observed. The violin plot in Figure 17 illustrates the warehouse
bid score distributions across all three agents under C0. All three agents produce scores
in a broadly overlapping range of approximately 0.32 to 0.72, with medians between 0.47
and 0.56. The distributions confirm that bid scores are spread across a meaningful range
rather than concentrated at extreme values, consistent with the non-trivial bid deltas
reported in Table 25.

Figure 17: Warehouse bid score distributions per agent under C0. All three agents produce scores in a
broadly overlapping range of approximately 0.32 to 0.72, confirming that bid scores are spread across a
meaningful range rather than concentrated at extreme values.

H2 is therefore supported. ICNP bidding is the single most critical coordination mech-
anism (∆ = +56 pp, δ = 0.774, large effect when removed). Under round-robin allocation
(C2), warehouse accuracy (34%) and estimator accuracy (50%) match the theoretical
random baseline for 3-way and 2-way selection respectively, confirming that the ICNP’s
score-based selection rather than individual agent LLM quality drives correct assignment.
Priority-sensitive routing (Table 24, χ2(2) = 24.54, p < 10−5, Cramér’s V = 0.701) fur-
ther confirms that the bidding mechanism adapts to task context as an emergent property
of the scoring dynamics rather than as a designed rule. The large effect size for ICNP
removal confirms task allocation theory [1, 65], in that market-based mechanisms outper-
form static policies whenever agents have non-uniform capabilities. The result holds here
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even with a small agent pool (N = 3 warehouse agents, N = 2 estimators) and a single-
domain evaluation, suggesting the effect is robust rather than contingent on scale. More
broadly, the finding implies that any Multi-Agent orchestration system in which multiple
agents share a capability but differ in quality must use a competitive selection mechanism
or accept near-random allocation as the alternative. Individual agent quality is necessary
but not sufficient. The coordination mechanism that adjudicates between agents is what
determines system-level performance. The ICNP also carries an inherent transparency
property worth preserving in future framework variants, as every allocation decision is
backed by a scored bid and the system logs the winning score, runner-up score, and each
agent’s capability alignment rationale as a natural by-product of coordination, producing
auditable decisions not as a separate explainability layer but as a direct consequence of
how the selection mechanism works.

6.2.4 Validation Layer Interaction
To test H3 (super-additive defence-in-depth), this analysis examines whether the SHACL
and compliance validation layers jointly reduce downstream error propagation more than
either layer alone. The evidence draws on three complementary sources. The first is the
ablation pipeline runs, specifically the 300 runs across the six configurations where the
Compliance Agent is enabled (C0, C1, C2, C3, C5, C6) out of the 450 total ablation
runs. Table 10 defines the ground-truth violation status per client, yielding a ground-
truth violation rate of 2/5 = 40 %. The second is a targeted validation probe consisting
of ten synthetic test cases run outside the main pipeline with no LLM calls, in which
six structural defects, three domain defects, and one negative control were injected into
plan drafts to verify that each validation layer detects the defect classes it is designed for.
The third is a 2 × 2 factorial analysis across the four validation configurations (C0, C3,
C4, C3+C4), computing an interaction effect on assignment accuracy to test for super-
additivity. Table 26 reports the compliance check outcomes per client across configurations
where the Compliance Agent is enabled.

Client Runs Passed Avg Blocks Avg Warnings

FreshCo 60 0/60 2.0 4.0
TechParts 60 58/60 0.2 3.3
GreenLeaf 60 0/60 5.5 4.6
QuickShip 60 60/60 0.0 0.8
NordicSteel 60 60/60 0.0 2.6

Table 26: Compliance check results per client across the six configurations where the Compliance Agent is
active (60 runs per client). FreshCo and GreenLeaf are seeded to fail by design, while the two TechParts
blocks are isolated to runs under C2 and analysed in the surrounding text.

FreshCo and GreenLeaf fail compliance in all 60 runs by design. Each is paired with
one or more warehouses seeded to violate a deterministic rule, as enumerated in Table 10.
These detections are engineered ground-truth positives used to measure the agent’s recall
rather than stochastic compliance failures. The per-run block counts, averaging 2.0 for
FreshCo and 5.5 for GreenLeaf, reflect the number of injected violating pairs in scope on
each run.

TechParts passes 58 of 60 runs. The two BLOCK-emitting runs are rounds 4 and
10 of C2, where round-robin allocation bypasses ICNP and routes the client through the
speed-estimator instead of the cost-estimator. The resulting plans trigger the determin-
istic compliance rules even though the warehouse assignment itself remains correct, with
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warehouse-central selected in both runs, isolating the false-positive source as degraded
estimator quality propagating into the validation layer rather than warehouse misassign-
ment. The speed-estimator is substituted in all 10 C2 runs yet only 2 emit blocks, meaning
the substitution is necessary but not sufficient, and the 2 of 10 incidence reflects residual
LLM stochasticity in plan content even at temperature 0. NordicSteel and QuickShip
pass all 60 runs, confirming that the Compliance Agent produces no spurious blocks for
clients whose requirements are satisfiable under coordinated assignment.

The full classification performance of the Compliance Agent across all 300 client-
warehouse pairings is reported in Table 27. Perfect recall (TPR = 1.000) follows directly
from deterministic enumeration over the rule set on each scoped pair rather than proba-
bilistic inference, providing the formal guarantees that regulated domains require.

Predicted Violation Predicted Clean

Actual Violation TP = 120 FN = 0
Actual Clean FP = 2 TN = 178

TPR (Recall) = 1.000 FPR = 0.011 Precision = 0.984 F1 = 0.992

Table 27: Compliance validation confusion matrix across all 300 client and warehouse pairings. Perfect
recall (TPR = 1.000) follows from deterministic enumeration of the rule set rather than probabilistic
inference.

To verify that SHACL and the Compliance Agent cover non-overlapping defect classes,
the targeted probe injected six structural defects, three domain defects, and one negative
control into plan drafts. Table 28 records the result. SHACL detects all six structural
defects and none of the domain defects. The Compliance Agent detects all three domain
defects and none of the structural defects. D4, a QuickShip-to-Lyon pairing, is a valid
assignment by domain rules and correctly produces no alert from either layer, confirming
that the Compliance Agent does not over-fire on clean inputs.

Defect Class SHACL Compliance

S1: Missing assigned_agent Structural ✓ —
S2: Empty capabilities list Structural ✓ —
S3: Missing task description Structural ✓ —
S4: Hazmat task without human approval Structural ✓ —
S5: Cold-storage task without temp range Structural ✓ —
S6: Critical deal without high-risk flag Structural ✓ —
D1: FreshCo → Bavaria Hub (no cold
storage)

Domain — ✓

D2: GreenLeaf → Bologna (no hazmat,
std. security)

Domain — ✓

D3: GreenLeaf → LogisPark Milano (no
hazmat)

Domain — ✓

D4: QuickShip → Lyon (valid pairing) Control — —

Detection summary 6/6 structural 3/3 domain

Table 28: Validation probe detection matrix. SHACL detects all 6 of 6 structural defects and the
Compliance Agent detects all 3 of 3 domain defects, with zero overlap between the two layers, confirming
complementary rather than redundant coverage.

Figure 18 shows how detected violation rate varies across the four ablation configura-
tions. The drop to 0 % in C4 and C3+C4 is not a reduction in violations but an absence
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of the detection mechanism, as the ground-truth violation rate remains 40 % regardless of
which configuration is active. Figure 19 visualises the zero-overlap result from the probe,
confirming that SHACL and the Compliance Agent occupy entirely separate regions of
the defect space.

Figure 18: Detected violation rate against the 40% ground-truth floor by configuration. The drop to
0% in C4 and C3+C4 reflects the absence of the detection mechanism rather than a reduction in actual
violations.

Figure 19: Validation layer detection heatmap. SHACL covers all 6 of 6 structural defects and the
Compliance Agent covers all 3 of 3 domain defects, with zero overlap between layers, confirming comple-
mentary rather than redundant coverage.

To test whether the two layers interact super-additively, the four validation config-
urations are arranged as a 2 × 2 factorial design (Table 29), with SHACL (on/off) and
Compliance (on/off) as the two factors and assignment accuracy as the response variable.
ON denotes the component is active in the pipeline DAG and OFF denotes it is removed
entirely, consistent with the ablation definitions in Table 17. The interaction effect is
computed on accuracy rather than on the detected violation rate, because violation rate
drops to 0 % when the compliance detector is absent, a tautological artefact that cannot
support interaction analysis.

The interaction effect on accuracy is computed as follows.

IE = ACC(C0)− ACC(C3)− ACC(C4) + ACC(C3+C4) = 98− 85− 90 + 98 = +21 pp
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Compliance ON Compliance OFF

SHACL ON C0 = 0.98 C4 = 0.90
SHACL OFF C3 = 0.85 C3+C4 = 0.98

Table 29: 2× 2 factorial design for validation layer interaction analysis, with SHACL and Compliance as
factors and assignment accuracy as the response variable. The diagonal cells (C0 and C3+C4) sit above
the off-diagonal cells (C3 and C4), the signature of a super-additive interaction.

Each layer alone degrades accuracy relative to the no-validation baseline (C3+C4 = 0.98).
Removing compliance only (C4) costs−8 pp and removing SHACL only (C3) costs−13 pp,
yielding a predicted additive penalty of −21 pp. The observed penalty when both layers
are present (C0) is 0 pp, producing a super-additive interaction of +21 pp. Figure 20 visu-
alises this crossing interaction pattern. The non-parallel lines confirm that the joint effect
exceeds the sum of the marginal effects, with the observed C0 accuracy of 0.98 exceeding
the additive prediction of 0.77 by 21 percentage points.

Figure 20: Validation layer interaction plot from the 2 × 2 factorial design. The crossing, non-parallel
lines indicate a super-additive interaction (IE = +21 pp), with observed C0 accuracy of 0.98 exceeding
the additive prediction of 0.77.

The Friedman test across the four configurations yields χ2 = 7.36, p = 0.0612, which
does not reach significance at α = 0.05, reflecting low statistical power with only four
conditions and five paired observations rather than an absence of a meaningful effect.
The interaction effect size (IE = +21 pp) is therefore the more informative quantity.

The mechanistic explanation for the super-additive effect lies in the zero-overlap de-
tection pattern documented in Table 28. SHACL enforces the structural contract of
the plan representation, verifying that required fields exist, types are correct, and struc-
tural dependencies are satisfied, independently of what the plan says. The Compliance
Agent enforces the domain contract, evaluating whether the plan’s semantic content sat-
isfies business rules, independently of whether the plan is well-formed. When only one
layer operates, the uncovered defect class propagates downstream and interferes with the
pipeline’s assignment logic, degrading accuracy. SHACL alone catches structural vio-
lations and forces plan revision, but the revised plan may still carry domain violations
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that accumulate silently, producing assignment instability. The Compliance Agent alone
catches domain violations and blocks certain pairings, but structurally malformed plans
that pass compliance scoping checks proceed uncorrected into downstream stages. Only
when both layers operate simultaneously is each defect class resolved at its appropriate
abstraction level, eliminating cross-class error leakage and restoring accuracy to the coor-
dination baseline. A plan can be structurally valid, with SHACL confirming conformance
in 100 % of runs where it is enabled, while simultaneously violating domain rules in 40 %
of those runs. These two contracts are logically disjoint and satisfying one neither implies
nor precludes satisfying the other. The zero-overlap detection pattern is therefore not a
logistics artefact but a structural consequence of layered abstraction that generalises to
any domain instantiation of the framework, including medical treatment plans, financial
transactions, legal contracts, and supply chain orders.

H3 is therefore supported. The 2 × 2 factorial analysis reveals a super-additive in-
teraction effect of +21 pp on assignment accuracy. Each validation layer alone degrades
accuracy from the no-validation baseline, but the combination restores it fully, producing
a safety improvement greater than the sum of its parts. The probe detection matrix con-
firms the mechanism, with SHACL catching all 6/6 structural defects and the Compliance
Agent catching all 3/3 domain defects with zero detection overlap, and the Compliance
Agent achieving TPR = 1.000 and F1 = 0.992 across 300 evaluated pairings. The practical
implication for AI system design is that safety mechanisms should be stratified by abstrac-
tion level rather than duplicated at a single level. A system with two structural validators
gains nothing over one, whereas a system with one structural and one domain validator
covers qualitatively different failure classes and provides error-propagation resilience that
neither layer achieves in isolation. This also closes the loop on the C3+C4 result flagged
earlier. The ICNP still selects the correct agent without either validation layer, but the
pipeline loses all visibility into constraint violations. A system that selects the correct
warehouse while failing to detect a cold-storage violation is accurate but unsafe, which is
why any evaluation reporting only assignment accuracy will miss safety-layer failures.

6.2.5 Failure Recovery
To evaluate the multi-tier recovery mechanism (Section 4.9), agent failures are injected
after task assignment but before execution completion across C0, C1, C2, and C7 (N = 10
per configuration). RSR denotes Recovery Success Rate and RT denotes Recovery Time
in seconds. Table 30 reports the results.

Config Runs with Failure Recovered RSR RT Mdn (s) RT IQR (s)

C0 (full) 10 10 100% 55 42–85
C1 (−pheromone) 10 10 100% 48 38–80
C2 (−ICNP) 10 3 30% 153 88–176
C7 (minimal) 10 0 0% — —

Table 30: Failure recovery results across four configurations (N = 10 injections per configuration).
Recovery is reliable when both the bounded retry layer and the LLM Strategist’s adaptive replanning
are present (C0, C1), degrades sharply once ICNP is removed (C2), and disappears entirely under the
minimal baseline (C7).

The results separate into two qualitatively distinct recovery regimes. Both C0 and
C1 achieve a 100% Recovery Success Rate, with median recovery times of 55 s and 48 s
respectively and overlapping interquartile ranges. The two configurations share the full
Tier 1 and Tier 2 machinery defined in Algorithm 6, namely bounded local retries followed
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by adaptive replanning through the LLM Strategist (Section 4.8), which proposes graph
deltas that re-route failed tasks to alternative agents. The fact that recovery succeeds in
every injected run for both configurations indicates that the combination of bounded retry
and validated graph-delta replanning is sufficient to absorb the injected failures without
escalation to Tier 3.

The 7 s gap between C1 and C0 in median recovery time reflects the absence of the
pheromone penalty step in C1. In C0, every failure event triggers a penalty update to the
failed agent’s marker intensity (Eq. 6), executed concurrently with the Tier 2 replanning
action. C1 omits this step entirely because the pheromone engine is disabled. The cost of
the penalty write therefore appears as a small additive overhead in C0’s recovery latency.
Crucially, this overhead also represents the only mechanism in the framework that durably
steers future assignments away from an unreliable agent. C1 recovers each failure as it
arrives but retains no learned signal, so subsequent runs remain equally likely to route
to the previously failed agent. C0 trades a few seconds of per-event latency for a self-
correcting behaviour in which each failure progressively biases the bidding process away
from the responsible agent.

C2 recovers only three of ten injected failures, with a median recovery time of 153 s
and an interquartile range that extends close to the 300 s timeout. The collapse in RSR
from 100% to 30% follows from the removal of the ICNP, which the framework relies on to
produce the candidate set used by the Tier 2 replanner. Without ICNP-driven selection,
re-routing cannot draw on a ranked alternative for the failed agent, and recovery succeeds
only when the fallback policy happens to reach an eligible agent within the timeout
window. The widened latency distribution is consistent with this account, since each
successful recovery in C2 requires re-issuing the task through a less directed selection
process rather than promoting a pre-validated alternative.

C7, the minimal configuration with all coordination components removed, recovers
none of the ten injected failures. With no retry middleware, no Strategist, and no es-
calation pipeline, every injection propagates unhandled and terminates the run. This
establishes the lower bound for recovery in the absence of any framework mechanism and
confirms that automatic failure recovery is a property of the coordination layer introduced
in this work rather than of the underlying agent runtime.

Appendix B traces one C0 injection step-by-step, showing the three-tier mechanism ac-
tivate from task-failed detection through Tier 2 adaptive replanning, with the pheromone
penalty applied as a concurrent Tier 2 action and Tier 3 escalation not reached. The total
recovery time of 62 s is consistent with the C0 distribution reported in Table 30 and the
100% RSR observed across all C0 injections.

Taken together, these results indicate that the three-tier recovery mechanism delivers
reliable failure resolution when both the bounded retry layer and the LLM Strategist’s
validated replanning are present, and that recovery degrades sharply once the ICNP is
removed and disappears entirely once all coordination is stripped out. The pheromone
penalty does not change recovery outcomes within a single run but accounts for a small
per-event latency cost in exchange for a durable learning signal that biases subsequent
assignments away from agents implicated in past failures.

6.3 Qualitative Analysis
This section presents the results of a user perception survey conducted to evaluate the
proposed Multi-Agent framework from the perspective of prospective end users. The
evaluation follows a scenario-based design in which participants reviewed pre-recorded
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outputs from the system across three warehouse brokerage scenarios of varying complex-
ity. The analysis is structured around four dimensions. These are output quality, decision
transparency, framework value, and comparative judgment. Free-text responses are anal-
ysed through thematic coding to surface recurring concerns, expectations, and points of
consensus across participant groups.

6.3.1 Survey Instrument
The evaluation instrument, reproduced in Appendix E, was deployed as an online survey
following a within-subjects design. All participants reviewed the same set of three scenario
packets produced by the proposed framework.

• Scenario 1 (FreshCo) - represents a straightforward cold-storage warehouse re-
quest in Milan, reflecting a routine brokerage task with clear requirements and a
well-matched warehouse in the system’s inventory.

• Scenario 2 (GreenLeaf) - represents a hazardous-materials pharmaceutical ware-
housing request with stricter regulatory constraints, reflecting a compliance-sensitive
case.

• Scenario 3 (Failure Recovery) - represents a request deliberately configured
to trigger the system’s failure-handling pipeline, where no fully eligible warehouse
exists in the target region.

Each scenario packet included the client request, the supervisor agent’s task decom-
position, the ICNP bidding summary, the warehouse recommendation, compliance check
results, the generated client proposal, and the decision provenance trace. Section 4 of
the survey additionally presented three side-by-side outputs for comparative judgment,
namely Output A from a baseline LLM, Output B from a system failure case, and Out-
put C from the full framework. The full text of the three outputs, together with the
shared client request, is reproduced in Appendix E.

The survey comprised 31 questions across four thematic sections, preceded by four
GDPR consent checks. The sections covered output quality through 10 Likert items,
decision transparency through 4 Likert items, framework value through 4 Likert items
administered to technical evaluators only, and comparative judgment through 2 forced-
choice items and 1 ranking item, supplemented by six open-ended questions and a three-
item participant profile. All Likert items used a 5-point scale ranging from 1 for Strongly
Disagree to 5 for Strongly Agree.

6.3.2 Participant Sample
In total, 19 participants completed the survey. Participants were recruited through pur-
posive sampling and assigned to one of two evaluator groups based on their professional
background:

• Domain experts (n = 9): Professionals in logistics, warehouse brokerage, or sup-
ply chain management.

• Technical evaluators (n = 10): Software engineers, AI/ML practitioners, or re-
searchers with experience in Multi-Agent or LLM-based systems.
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Table 31 summarises the experience distribution across the sample. AI familiarity
varied considerably, with 7 participants (36.8%) identifying as “very familiar” in the
sense of building or researching AI systems, 5 (26.3%) as “familiar” through regular
professional use, 5 (26.3%) as “somewhat familiar” through casual use, and 2 (10.5%) as
“not familiar at all.” This distribution ensures that the evaluation captures perspectives
from both participants with strong AI familiarity and those with limited or no prior
exposure, reflecting the mixed-expertise teams common in logistics organisations.

Years of Experience Count Percentage
Less than 2 years 3 15.8%
2–5 years 4 21.1%
5–10 years 7 36.8%
More than 10 years 5 26.3%

Table 31: Participant experience distribution (N = 19).

6.3.3 Output Quality
This subsection reports participant ratings for the system’s output quality across the
three evaluation scenarios. Table 32 summarises the descriptive statistics for all output
quality items, disaggregated by evaluator group, and Figure 21 presents the mean ratings
visually.

Item Mdn M SD IQR MD MT

Scenario 1: FreshCo
Warehouse match 5 4.47 0.61 4–5 4.33 4.60
Compliance check 4 4.32 0.48 4–5 4.00 4.60
Proposal quality 4 3.68 0.58 3–4 3.22 4.10
Novel information 4 3.63 0.60 3–4 3.44 3.80
Scenario 2: GreenLeaf
Warehouse match 4 3.68 0.58 3–4 3.44 3.90
Compliance check 4 4.11 0.57 4–4 4.00 4.20
Proposal quality 3 3.37 0.50 3–4 3.11 3.60
Novel information 4 3.58 0.61 3–4 3.33 3.80
Scenario 3: Failure Recovery
Failure handled 4 3.58 0.77 3–4 3.22 3.90
Fallback recommendation 3 2.84 0.76 2–3 2.44 3.20

Table 32: Output quality ratings across the three evaluation scenarios (N = 19). MD is the domain
expert mean and MT the technical evaluator mean.

The FreshCo scenario received the highest ratings overall (Table 32). Warehouse
suggestion accuracy and compliance checking both scored well above the neutral midpoint,
with 18 of 19 participants rating warehouse match at 4 or above and all 19 scoring
compliance at 4 or 5. These results suggest that the Multi-Agent pipeline produces
reliable core outputs for well-defined, routine tasks. Proposal quality and novelty of
information received moderately positive ratings but revealed the first notable group
divergence. Domain experts rated proposal quality significantly lower than technical
evaluators (large effect, see Table 36), indicating that logistics professionals hold higher
expectations for client-facing documents than the engineers testing the system.

The GreenLeaf scenario, involving hazardous materials and pharmaceutical GDP
requirements, produced lower ratings for warehouse matching accuracy compared to

87



Figure 21: Output quality ratings by evaluator group across all scenarios (N = 19). The dashed line
indicates the neutral midpoint.

FreshCo. This reduction is expected given the tighter regulatory constraints and fewer
eligible warehouses. Compliance checking remained robust, confirming that the validation
layer performs well even under stricter conditions. Proposal quality dropped further, with
12 of 19 participants rating it neutral and the domain–technical gap again statistically
significant (medium effect, Table 36). This confirms that for high-stakes, compliance-
sensitive cases, the system’s generated proposals require substantial human refinement
before client delivery.

The failure recovery scenario assessed participants’ perception of the system’s be-
haviour when no fully eligible warehouse exists. Failure handling was rated as reasonable
but not strong, while the fallback recommendation received the lowest rating in the entire
survey, with 7 of 19 participants scoring it at 2 (Disagree). The group gap was again
significant (medium effect; Table 36). This highlights a clear improvement area: while
the framework’s multi-tier failure handling mechanism (Section 4.9) successfully surfaces
the failure and escalates it, the fallback recommendations themselves lack the actionable
specificity that domain experts expect. As participant P13[D] noted, “the failure recovery
output was not very actionable.” The system exposes the problem transparently, which
several participants valued (P15[T]: “transparent failure handling is a strength”), but the
recovery content requires enrichment. This gap is largely a function of the underlying
language model and prompt scaffolding used to generate recovery suggestions. A stronger
or domain-adapted LLM, combined with prompts that explicitly request concrete next
steps and alternative options, would substantially improve the actionability of fallback
recommendations without requiring changes to the failure-handling architecture itself.

6.3.4 Decision Transparency
Decision transparency was assessed through four items measuring participants’ ability to
understand, trace, and audit the system’s decisions. Figure 22 presents the results.

All four transparency items received positive overall ratings (Table 33). Understanding
why a warehouse was selected and understanding the bidding scores were rated highest,
indicating that the ICNP bidding mechanism and its structured audit trail successfully
communicate the system’s reasoning.

The group divergence is most uniform in this subsection, with all four items crossing
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the large-effect threshold. Technical evaluators consistently rated transparency items
near the ceiling, while domain experts scored them notably lower. Mann–Whitney U
tests confirmed that all four items differed significantly between groups, all with large
effect sizes (Table 36). This pattern suggests that while the transparency mechanisms
are structurally sound, their presentation may be overly technical for non-engineering
audiences. As P16[D] observed, “I can tell the system is trying to be transparent, but
it still feels hard to read.” Several domain experts (P2[D], P9[D], P12[D]) echoed this
concern, requesting simpler explanations and clearer business summaries.

Error localisation received the lowest transparency score and showed the largest group
gap, indicating that identifying where an error occurred in the pipeline is intuitive for
those familiar with Multi-Agent architectures but challenging for domain practitioners.

Figure 22: Decision transparency ratings by evaluator group (N = 19). Technical evaluators consistently
rate transparency items near the ceiling, while domain experts score them notably lower across all four
items.

Item Mdn M SD IQR MD MT

Understand why selected 4 4.21 0.63 4–5 3.78 4.60
Bidding scores transparent 4 4.16 0.69 4–5 3.67 4.60
Audit trail sufficient 4 4.16 0.76 4–5 3.67 4.60
Can identify error location 4 3.79 0.79 3–4 3.22 4.30

Table 33: Decision transparency ratings (N = 19). MD is the domain expert mean and MT the technical
evaluator mean. All four items differ significantly between groups with large effect sizes (see Table 36).

6.3.5 Framework Value Assessment
Four items assessed technical evaluators’ (n = 10) perceptions of the framework’s archi-
tectural contributions. These items were restricted to the technical group, as they require
familiarity with alternative system designs. Figure 23 presents the results.

Table 34 summarises the framework value ratings. The Multi-Agent approach received
strong endorsement over a monolithic LLM design, with all 10 technical evaluators rating
it 4 or 5. Failure recovery mechanisms were similarly valued. As P7[T] noted, “this is
exactly where Multi-Agent design beats a monolithic call. Specialisation, checks, recovery,
and traceability.”
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SHACL-based validation received moderately positive ratings, with 8 of 10 partici-
pants rating it 4 or above. The pheromone-based adaptation mechanism was the most
contested component, with ratings distributed across the full range (2–4). Several par-
ticipants expressed difficulty justifying the mechanism operationally. P17[T] stated that
“pheromone scoring is the least convincing part,” while P6[T] noted that “the pheromone
part may be hard to defend to non-technical teams.” P3[T] added that “pheromone logic
feels harder to justify operationally.” This consistent scepticism suggests that while the
bio-inspired coordination mechanism is theoretically grounded (Section 2.4), its practical
value proposition requires stronger empirical demonstration than the current prototype
provides.

Figure 23: Framework value ratings from the technical evaluator subgroup (n = 10), with error bars
indicating one standard deviation. The Multi-Agent and failure recovery items attract narrow consensus
near the ceiling, while the pheromone mechanism shows the widest spread.

Item Mdn M SD Distribution
Multi-Agent > monolithic LLM 5 4.60 0.52 4: 4, 5: 6
Failure recovery useful 4 4.40 0.52 4: 6, 5: 4
SHACL meaningful guarantees 4 3.90 0.57 3: 2, 4: 7, 5: 1
Pheromone practical mechanism 3 3.00 0.82 2: 3, 3: 4, 4: 3

Table 34: Framework value ratings from the technical evaluator subgroup (n = 10). The Multi-Agent
design and failure recovery mechanisms attract strong consensus, SHACL validation moderate support,
and the pheromone mechanism the most divided ratings.

6.3.6 Comparative Judgment
Participants also compared three side-by-side outputs representing different system con-
figurations: Output A (a baseline LLM response without the framework), Output B (the
failure case with visible error handling), and Output C (the full framework output with
structured reasoning, bidding traces, and compliance checks). Figure 24 presents the
forced-choice results for trust and audit trail quality, and Figure 25 presents the full
ranking distribution.

Output C (full framework) was selected as the most trusted by 84% of participants
(16/19) and as the best for audit purposes by 95% (18/19). No participant selected
Output B for either question. Three participants preferred Output A for trust, all from
the domain expert group, suggesting that some practitioners prioritise simplicity and
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readability over structured traceability. In the full ranking, Output C was ranked first by
16 of 19 participants (84%), Output B was ranked last by 15 of 19 (79%), and Output A
occupied a consistent middle position, receiving Rank 2 from 12 participants (63%). These
results validate the framework’s value proposition, as structured Multi-Agent outputs with
visible reasoning are consistently preferred over both unstructured baselines and failure
cases.

Participants’ explanations for their preferences revealed two consistent patterns. First,
explainability drives preference: P1[T] stated “I preferred C because it explains the rea-
soning instead of just giving an answer,” and P10[T] noted that C “shows the reasoning
instead of just asserting it.” Second, defensibility matters for domain experts: P11[D] pre-
ferred C because “I could actually defend that recommendation internally,” and P12[D]
chose it because “it feels closest to how a serious brokerage team would justify a recom-
mendation.” Two domain experts (P2[D], P16[D]) preferred Output A, citing simplicity
and readability, a minority view that nonetheless highlights the need for configurable
output verbosity.

Figure 24: Forced-choice preferences for trust (Q27) and audit trail quality (Q28), N = 19. Output C
(full framework) was selected as the most trusted by 84% of participants and as the best for audit by
95%.

Figure 25: Comparative output rankings (N = 19). Each participant ranked all three outputs from best
(Rank 1) to worst (Rank 3).

Overall system usefulness was rated positively, with a statistically significant difference
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between groups at a large effect size as reported in Table 36, where technical evaluators
rated usefulness notably higher than domain experts. Figure 26 illustrates this compari-
son.

Figure 26: Overall usefulness ratings by evaluator group (N = 19). Technical evaluators rated the system
notably higher than domain experts.

6.3.7 Thematic Analysis of Open-Ended Responses
Six open-ended questions elicited free-text responses, five answered by all 19 participants
and one restricted to the technical group. Responses were analysed using inductive the-
matic coding, where each response was segmented into discrete observations, grouped by
semantic similarity, and consolidated into themes. A theme was retained if it appeared
in at least three independent responses. Six themes emerged, summarised in Table 35.

Theme Freq. Group(s) Design Implication
Evidence prove-
nance

8/19 Tech (1 D) Surface provenance links in user-
facing outputs

Conditional trust 14/19 Both System correctly positioned as
decision support, not replace-
ment

Accessibility gap 6/19 Domain Add configurable output ver-
bosity and executive summaries

Market intelligence 6/19 Domain Integrate external market data
via additional agents

Pheromone scepti-
cism

5/10 Tech Strengthen empirical validation
or simplify mechanism

Failure trans-
parency

4/19 Tech Validate as design differentiator
and extend to non-technical out-
puts

Table 35: Summary of the six themes that emerged from the inductive thematic coding of open-ended
responses. Themes were retained when they appeared in at least three independent responses.

The most frequently cited gap was the absence of verifiable evidence links in the
system’s outputs. Eight of 19 participants (42%) explicitly requested source links, evi-
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dence URLs, or direct references to certification databases, across both evaluator groups.
Technical evaluators emphasised machine-readable provenance: P3[T] noted “missing ev-
idence links, especially for compliance and certification assumptions,” while P7[T] re-
quested “clickable links from each claim back to source data.” Domain experts focused
on practical implications: P8[D] stated that “for GreenLeaf I would want actual proof of
GDP status, not just a note to verify it.” This finding directly relates to the framework’s
provenance modelling described in Section 4.10, where the system records PROV-inspired
prov:wasGeneratedBy relations internally but does not surface them in user-facing out-
puts. Three further themes emerged in Q15 specifically (Figure 27), all concentrated
among technical evaluators, namely explicit confidence or uncertainty estimates reported
by 5 of 19 participants, sensitivity-to-assumption analysis reported by 3 of 19, and prac-
tical site-level details such as photos and access notes reported by 4 of 19, of whom three
were domain experts and one was a technical evaluator.

Figure 27: Thematic codes from Q15 (missing information), split by evaluator group (N = 19). Evidence
provenance and confidence estimates concentrate among technical evaluators, while practical site-level
details concentrate among domain experts.

All 19 participants addressed trust in their responses, and the dominant pattern
(14/19, 74%) was conditional trust, namely willingness to use the outputs as internal
first drafts but not as client-facing deliverables without human review. P6[T] described
them as “strong first drafts for an internal workflow,” P5[D] would “trust it as a first
internal draft, but not something I’d send directly to a client,” and P18[D] noted they are
“more complete than a rushed manual summary, but I’d definitely edit them.” Four par-
ticipants (21%), all from the domain group, expressed stronger reservations: P8[D] was
“a bit hesitant to trust it in a real high-stakes case,” and P16[D] stated reliance “mainly
on my own review.” No participant expressed unconditional trust. This aligns with the
framework’s human-in-the-loop design (Section 4.7) and confirms the system is perceived
as decision support rather than an autonomous decision-maker.

A recurring concern among domain experts was the technical density of outputs. Six
domain-expert responses (67% of the domain group) identified readability as a barrier.
P16[D] noted that “the outputs need more plain business language and less system word-
ing,” P12[D] was concerned that “some business people may not read all of it,” and P9[D]
found parts of the decision trace “more technical than necessary.” This is complemen-
tary to the transparency results in Subsection 6.3.4. The mechanisms are structurally
effective but require a presentation layer adapted to non-technical audiences. Suggestions
included shorter executive summaries (P13[D]), clearer separation between verified facts
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and assumptions (P11[D], P18[D]), and reduced jargon (P16[D]).
Six participants (32%), all domain experts, identified a gap in contextual business

intelligence. Requested additions included local market rent comparables (P2[D], P5[D]),
negotiation leverage (P2[D], P9[D]), road access and labour availability (P12[D], P13[D]),
and competitor activity (P13[D]). P12[D] summarised this as needing “transport access
details, local labor availability, and whether the landlord is actually responsive.” This
reflects a limitation of the current prototype, which operates on a structured warehouse
database without external market data feeds. The framework’s architecture supports
such enrichment through additional specialised agents, but this capability was not imple-
mented.

Among technical evaluators, five of ten explicitly questioned the practical value of the
pheromone-based coordination mechanism. P17[T] identified it as “the least convincing
part,” P6[T] noted it “may be hard to defend to non-technical teams,” and P15[T] sug-
gested it “may be hard to operationalise.” P10[T] characterised it as “a bit opaque.” This
is consistent with the moderate quantitative rating reported in Table 34 and suggests the
bio-inspired metaphor may benefit from stronger empirical validation. It is worth noting
that some of these concerns may reflect limited exposure to the implementation details
rather than inherent shortcomings of the mechanism. The pheromone layer is operational
within the prototype, drives concrete bid-scoring adjustments across runs, and is empiri-
cally evaluated in the convergence analysis of Subsection 6.2.2. Critiques framed around
operationalisability or opacity therefore appear in part to stem from the inherent difficulty
of conveying a stigmergic coordination mechanism through a short survey artefact rather
than from limitations of the mechanism as built.

Finally, a minority theme (4 participants, all technical) identified the system’s trans-
parent failure handling as a distinguishing strength. P15[T] stated that “the failure case
actually increased my trust because the system exposed the problem instead of hiding it,”
and P3[T] ranked Output B above Output A “because at least the failure is visible and
traceable.” This provides qualitative support for the multi-tier failure handling design
(Section 4.9). Even when the system cannot solve a problem, making the failure visible
and structured is perceived as more trustworthy than silently producing degraded outputs.

6.3.8 Statistical Comparison and Cross-Cutting Observations
Table 36 consolidates the Mann–Whitney U test results for all 15 items rated by both
evaluator groups. Of the 15 comparisons, 9 yielded statistically significant differences
at p < .05, all in the same direction, with technical evaluators rating the system more
favourably than domain experts. Effect sizes ranged from small (r = 0.13) to large
(r = 0.67).

The non-significant items are equally informative. Warehouse matching accuracy
(both scenarios), compliance checking (GreenLeaf), and novelty of information (both sce-
narios) showed no significant group difference, indicating that both groups agreed on the
system’s factual and regulatory accuracy. These items represent the core reasoning out-
puts of the Multi-Agent pipeline, that is, the parts driven by the ICNP bidding, SHACL
validation, and LLM-based recommendation logic.

The divergence concentrates on two specific areas. First, presentation items (proposal
quality in both scenarios, fallback recommendation usefulness) showed significant differ-
ences with medium to large effect sizes (r = 0.41–0.67). These items assess the system’s
ability to produce polished, client-ready deliverables. This is a dimension where domain
experts, who routinely prepare such documents, hold higher standards. Second, all four
transparency items differed significantly (p < .01, r ≥ 0.56), suggesting that the decision
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Item MD MT U p r
Section 1: Output Quality
Warehouse match (FreshCo) 4.33 4.60 36.0 .432 0.17
Compliance check (FreshCo) 4.00 4.60 18.0 .007∗∗ 0.51
Proposal quality (FreshCo) 3.22 4.10 9.0 <.001∗∗∗ 0.67
Novel info (FreshCo) 3.44 3.80 31.5 .230 0.25
Warehouse match (GreenLeaf) 3.44 3.90 27.0 .101 0.34
Compliance check (GreenLeaf) 4.00 4.20 38.0 .517 0.13
Proposal quality (GreenLeaf) 3.11 3.60 23.0 .036∗ 0.41
Novel info (GreenLeaf) 3.33 3.80 27.0 .108 0.34
Failure handled reasonably 3.22 3.90 24.0 .070 0.39
Fallback recommendation 2.44 3.20 19.5 .028∗ 0.48
Section 2: Decision Transparency
Understand why selected 3.78 4.60 14.0 .005∗∗ 0.58
Bidding scores transparent 3.67 4.60 12.0 .003∗∗ 0.62
Audit trail sufficient 3.67 4.60 15.0 .010∗∗ 0.56
Can identify error location 3.22 4.30 10.5 .002∗∗ 0.65
Overall
Overall usefulness 3.44 4.20 18.5 .019∗ 0.50

Table 36: Mann–Whitney U tests comparing domain experts (n = 9) and technical evaluators (n = 10)
across all 15 items rated by both groups. Effect size r = |Z|/

√
N . Significance markers are ∗p < .05,

∗∗p < .01, and ∗∗∗p < .001. Statistically significant rows are bolded. The pattern of significant rows
concentrates on presentation and transparency items, while items measuring factual accuracy show no
group difference.

trace format is well-suited for technical auditing but insufficiently accessible for business
stakeholders.

This pattern supports a clear conclusion. The framework’s reasoning pipeline produces
accurate and useful results that both groups recognise, but its communication layer,
the proposal generation and transparency presentation, requires adaptation for domain
practitioners. This finding has direct implications for future development. The core
Multi-Agent architecture need not change, but the last-mile output formatting should
offer configurable verbosity levels and audience-appropriate summaries.

The divergence follows a consistent strength hierarchy across the evaluation dimen-
sions. The system’s outputs were rated highest on factual dimensions (matching accuracy,
compliance correctness), followed by structural transparency (bidding traces, audit trails),
and lowest on presentation quality (proposal professionalism, fallback actionability). This
ordering suggests a clear maturity path for the prototype. The reasoning pipeline is ef-
fective, but the last-mile delivery to users requires refinement.

Despite these group-level differences, both evaluator groups independently converged
on the same trust model. The system is suitable for internal first-draft generation with
mandatory human review before external use. No participant endorsed fully autonomous
use, regardless of expertise or AI familiarity. This consistent positioning validates the
framework’s human-in-the-loop design (Section 4.7) and suggests that the approval rout-
ing mechanism is not merely a safety feature but reflects genuine user expectations for
AI-assisted decision support in regulated domains.
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6.4 Summary
This chapter has presented the empirical evaluation of the proposed framework through a
790-run quantitative programme spanning ablation, convergence, priority-routing, validation-
layer interaction, and failure-recovery experiments, complemented by a qualitative user
perception survey with 19 participants. The evidence gathered across these complemen-
tary studies allows each of the five hypotheses introduced at the start of the chapter to be
assessed against measured outcomes, with the consolidated findings reported in Table 37.

Hypothesis Prediction Key Evidence Primary
Statistic

Verdict

H1
Stigmergic
Learning

C0 converges in
< 15 runs, C1
remains flat

C0: 10%→96% (∆ = +86 pp),
converging at run 14, C1: 60%→56%
(∆ = −4 pp)

n/a Supported

H2
Competitive
Selection

C2 produces the
largest drop

C0 = 0.98 vs. C2 = 0.42
(∆ = +56 pp), C2 matches random
allocation

δ = 0.774 Supported

H3
Super-additive
Safety

Both layers jointly
reduce error
propagation more
than either alone

Factorial IE = +21 pp
(super-additive), zero detection
overlap (6/6 structural, 3/3 domain),
TPR = 1.000, F1 = 0.992

IE =
+21 pp

Supported

H4
Adaptive
Replanning

Multi-tier recovery
achieves reliable
failure recovery, and
the Strategist
improves estimator
accuracy

Recovery rate: C0 = 100%, C2 =
30%, C7 = 0%, estimator ACC: 96%
vs. 90% (∆ = +6 pp), overall
δ = 0.060

δ = 0.060 Supported

H5
Framework
Justification

C0 outperforms C7
at bounded cost

ACC +48 pp (δ = 0.576); VR +40 pp;
latency +6.6%; tokens +9.7%

δ = 0.576 Supported

Table 37: Hypothesis evaluation summary.

All five hypotheses are supported. The results establish a clear contribution hierarchy
among the framework’s coordination mechanisms.

1. ICNP bidding, with Cliff’s δ of 0.774, is the indispensable core mechanism. With-
out it, the system reduces to random allocation regardless of agent quality.

2. Pheromone adaptation, with a convergence ∆ of +86 pp, is essential for long-term
learning and context-sensitive routing, though invisible in single-run evaluation.

3. Validation layers, with IE of +21 pp, TPR of 1.000, and zero-overlap complemen-
tarity, are critical for safety assurance with a super-additive interaction on accuracy.
Each layer alone degrades ACC, but the combination restores it while providing
complete coverage across all 9 of 9 injected defects with zero detection overlap.

4. LLM Strategist, with Cliff’s δ of 0.060 for overall accuracy, estimator ACC of
+6 pp, and 100% failure recovery, provides the Tier 2 replanning capability of the
self-healing stack. Its latency overhead of +48 s is the cost of adaptive resilience.

5. Ethics Checker, with Cliff’s δ of 0.121, contributes a statistically negligible accu-
racy improvement in isolation, but it provides indispensable governance screening
in any compliance-sensitive deployment context.
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This hierarchy informs deployment decisions. A minimal viable configuration requires
the ICNP and pheromone engine for core coordination. Production deployments should
include the LLM Strategist for adaptive failure recovery and all validation layers for safety
and governance. The implications of this hierarchy for deployment strategy are developed
further in Chapter 8.

All results derive from a single synthetic domain with five client archetypes and ten
agents. Although the framework mechanisms are domain-agnostic by design, the specific
accuracy values, convergence rates, and violation rates reported here are properties of this
evaluation instantiation rather than universal constants. Domains with different charac-
teristics, such as a larger competing agent pool, non-binary ground truths, continuous
rather than categorical capability matching, or violation rates above 40%, may produce
different quantitative outcomes while leaving the qualitative ordering of mechanisms un-
changed. The most uncertain extrapolation concerns pheromone dynamics at scale. With
three warehouse agents, each run provides a strong and unambiguous reinforcement signal.
With 50 competing agents, pheromone mass would be more diffuse, potentially slowing
convergence or requiring decay parameter recalibration. These scale effects remain open
research questions that a follow-up study with a larger synthetic population could address.

In the next chapter, the discussion broadens beyond the empirical findings to consider
the sustainability and ethical implications of the framework, examining how its design
decisions interact with emerging regulatory expectations and what they imply for respon-
sible deployment in practice.
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7. Sustainability Analysis and Ethical Implications

This chapter analyses the proposed framework from the perspective of sustainability and
ethics, following the structure recommended by the UPC guide for TFG/TFM sustain-
ability reports [100]. The analysis is organised along the three dimensions of the sustain-
ability matrix, namely environmental, economic, and social, and within each dimension
it addresses the development of the thesis, the execution of the deployed project, and
the associated risks and limitations. Because this work is primarily a research prototype
that has been partially deployed and evaluated, some parts of the analysis are grounded
in the actual implementation developed during this thesis, while others are prospective,
referring to the expected impact of a full production deployment.

7.1 Environmental Dimension

7.1.1 Development of the Thesis
The environmental footprint of the thesis development is primarily electricity consumption
from programming, experimentation, model inference, and document preparation. Unlike
projects involving physical prototyping or hardware fabrication, material consumption
is negligible, since the work is almost entirely digital. The primary resources consumed
during development were a personal laptop, cloud services for containerised testing, and
external AI inference services for the experimental evaluation.

The laptop used throughout the project is estimated to have consumed approximately
0.05 kWh per hour of active use. Assuming approximately twenty weeks of development
at twenty-five active hours per week, this yields an estimated total of 500 active hours
and a direct electricity consumption of approximately 25 kWh from the personal computer
alone. At the average carbon intensity of the Spanish electricity grid in 2024–25, which
is approximately 0.18 kg CO2e per kWh [101], this corresponds to roughly 4.5 kg CO2e
from personal computing. The OpenAI API was used to run all experimental evaluations
at a total monetary cost of 10 EUR, corresponding to a small and bounded number of
inference calls. While the exact energy cost of those calls is not publicly disclosed by the
provider, the selective nature of the experiments kept this contribution modest.

Several design decisions were taken specifically to limit the environmental impact of
the development phase. First, the system is implemented as a modular and containerised
architecture, which enables reproducibility and environment reuse without duplicating
hardware setups. Second, experiments were bounded and selective rather than exhaustive,
meaning that unnecessary inference runs were deliberately avoided. Third, expensive large
language model (LLM) calls were treated as a scarce resource throughout both design
and testing, and the framework was instrumented to favour cached outputs and smaller
models wherever possible. These decisions collectively reduce computation time, energy
consumption, and unnecessary data storage while preserving the validity of the technical
evaluation [102].

7.1.2 Project Execution
When the framework is deployed in a real operational scenario, its environmental impact
depends directly on the scale of usage, the hosting infrastructure, and the frequency and
volume of model inference requests. The architecture is designed to minimise unnecessary
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consumption through on-demand execution. Agents run inside containers only when a
task requires them and scale down to zero when idle, which avoids keeping all system
capabilities active at all times. This is especially important in workloads characterised
by usage peaks and prolonged idle periods, where always-on deployments would waste
significant energy.

The framework also includes mechanisms that support a more sustainable operational
lifecycle. Stateless services can scale horizontally behind a load balancer, and stateful ser-
vices use retention strategies such as time-to-live policies for markers, intermediate results,
and completed task metadata [103]. This limits long-term storage growth and prevents
the accumulation of unnecessary artefacts. Older execution records can be archived and
removed from the live system, which is consistent with the principle of retaining only data
that is operationally necessary.

From a circular economy perspective, the project favours software reuse and modular-
ity. The same infrastructure can be adapted to different coordination scenarios without
redesigning the full system, and individual components such as the orchestrator, the
marker model, and the audit layer can be reused or extended in future work. The prin-
cipal environmental cost is therefore not material waste but computational and storage
consumption throughout the operational lifecycle of the system.

7.1.3 Environmental Risks and Limitations
The main environmental risk is that the actual footprint may become significantly larger
than anticipated if usage scales substantially, if large models are invoked too frequently,
or if the system is deployed on infrastructure powered by a carbon-intensive energy mix.
A second risk is the rebound effect, whereby efficiency improvements lower the perceived
cost of use and thereby encourage greater aggregate consumption. There is also inherent
uncertainty regarding the environmental footprint of external AI providers, since energy
mix, cooling system efficiency, and hardware utilisation rates are not always transparently
reported.

The principal limitation of this environmental analysis is that no full lifecycle assess-
ment or direct carbon accounting has been carried out. The environmental evaluation is
therefore qualitative and design-oriented rather than a precisely quantified footprint. A
future production deployment should complement this section with operational metrics
including energy consumption per inference call, total model invocation counts, storage
growth rates, and provider-specific emissions factors.

7.2 Economic Dimension

7.2.1 Development of the Thesis
The primary cost of the thesis development is the author’s time, which encompasses liter-
ature review, system design, implementation, experimentation, debugging, and academic
writing. The project was carried out during 2025 over approximately twenty weeks at an
average of twenty-five hours per week, yielding an estimated total of 500 hours of work.
Applying a reference hourly rate of 25 EUR per hour, consistent with junior engineering
labour costs in the Catalan market in 2025, the personnel cost of the development is esti-
mated at 12,500 EUR. This figure represents the dominant cost item and would constitute
the main line of an invoice to a hypothetical client.

Direct material costs are negligible because the project does not require physical com-
ponents. The only significant direct expenditure beyond personnel time was the use of
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the OpenAI API for running the experimental evaluation, which amounted to a total of
10 EUR. This low cost reflects the bounded and selective approach to experimentation
described in Subsection 7.1.1. Most other software resources used during development
are open-source or already available in standard academic and engineering environments,
and no additional cloud infrastructure costs were incurred during the development phase,
since all containerised testing was performed locally. Table 38 summarises the estimated
development cost breakdown.

Item Quantity Cost (EUR)
Personnel time 500 h @ 25 EUR/h 12,500
OpenAI API inference 10 EUR flat 10
Hardware and peripherals Personal laptop (amortised) ∼0
Software licences Open-source only 0
Cloud infrastructure Local testing only 0
Total 12,510

Table 38: Estimated development cost breakdown.

Cost-optimisation decisions made during the project include the reuse of existing open-
source frameworks and libraries, the adoption of a modular architecture that reduces the
need for redundant implementation, and the systematic limitation of expensive LLM
interactions through caching, bounded invocation counts, and the use of simpler rule-
based components wherever appropriate.

7.2.2 Project Execution
From a viability standpoint, the proposed framework is economically feasible when the
benefits of automation, traceability, and scalability outweigh the operating costs of infras-
tructure and model inference. Its microservice architecture supports gradual deployment,
meaning that the system does not require a large upfront investment in dedicated hard-
ware. Instead, it can be rolled out incrementally on cloud-native infrastructure and scaled
in proportion to demand [52, 104].

The main recurring execution costs in a production deployment would be associated
with compute resources, persistent storage, message brokering, monitoring, maintenance,
and model inference calls. Among these, LLM inference is likely to be the most variable
and cost-sensitive item, since it depends on request volume, context window size, provider
pricing, and the frequency with which the LLM Strategist is invoked. Maintenance costs
would include software updates, security patches, prompt and policy revisions, monitoring
operations, and the adaptation of rules or ontologies to new application domains.

At the end of the system lifecycle, decommissioning costs are expected to be moderate
because the architecture is modular and based on standard technologies. Containers,
infrastructure-as-code definitions, and reusable software components facilitate migration,
component replacement, or controlled shutdown. Many of the project artefacts are also
reusable beyond this thesis, including the orchestration approach, the audit model, and the
design principles for safe integration of LLM-based strategists into Multi-Agent workflows.

7.2.3 Economic Risks and Limitations
The principal economic risk is cost uncertainty, particularly with regard to external AI
services. Pricing changes by providers, vendor lock-in, or unexpected growth in usage
volume could reduce the cost-effectiveness of the solution. A related risk is that operating
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costs may be systematically underestimated if large volumes of markers, execution logs, or
orchestration events must be retained for extended periods. There is also a feasibility risk
arising from integration complexity, in that the framework may be technically sound but
economically unjustifiable in domains where a simpler workflow engine would be sufficient.

The primary limitation of this economic analysis is that it is not grounded in a full pro-
duction deployment with real traffic and real operational budgets. The discussion there-
fore focuses on cost structure and feasibility reasoning rather than on a precise financial
forecast. A future industrial evaluation should include concrete workload assumptions,
current provider pricing schedules, maintenance cost plans, and a comparative analysis
against alternative orchestration solutions.

7.3 Social Dimension

7.3.1 Development of the Thesis
At the level of thesis development, the work has had a positive personal and educational
impact. It has contributed to the author’s formation in distributed systems, knowledge
representation, software architecture, and responsible artificial intelligence. It has also
fostered awareness of the social consequences of automation, including the importance of
accountability, traceability, and human oversight in systems that coordinate autonomous
agents.

In accordance with good professional and academic practice, this work has been pro-
duced using inclusive and non-sexist language, and it avoids presenting artificial agents
as autonomous moral subjects in ways that would obscure human responsibility. This
consideration is particularly important in academic writing on AI, where anthropomor-
phic language can generate misleading expectations about system capabilities and the
allocation of ethical accountability.

The work complies with the UPC Code of Ethics [105] and the applicable research
integrity guidelines, as formalised at the time of thesis enrolment.

7.3.2 Project Execution
Because the framework has been deployed and actively evaluated, its social impact is
not merely potential but already relevant in practice. The system addresses a real need
for more transparent, scalable, and auditable coordination of Multi-Agent processes, par-
ticularly in contexts where operators need to understand why decisions were taken and
how actions were triggered. The audit trail, the provenance model, and the structured
task allocation mechanisms improve accountability and help reduce the opacity that is
commonly associated with complex AI-based systems.

The primary beneficiaries of such a system include software developers, system oper-
ators, organisations deploying complex automated workflows, and end users who depend
on reliable and traceable service execution. At the same time, the system may also pro-
duce negative social effects if it is used irresponsibly or governed inadequately. A highly
automated orchestration framework may encourage over-reliance on machine-generated
recommendations, reduce meaningful human supervision, or be deployed in organisa-
tional settings to intensify monitoring and control of workers. If task-allocation criteria
are not carefully designed, certain actors, whether software agents, organisational teams,
or human participants, may be systematically disadvantaged through repeated exclusion
or unfair workload concentration [106, 107].
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The potential for bias is also a relevant concern in the deployed system. The LLM
Strategist may produce suggestions that reflect biased assumptions or ethically problem-
atic shortcuts embedded in training data. For this reason, the framework does not treat
LLM output as unconditionally valid. Suggestions are filtered through validation rules,
ethics checks, and, where necessary, human approval. This reduces the risk that un-
safe, discriminatory, or privacy-invasive proposals are executed directly. Accessibility and
usability are additional socially important factors. For the framework to support respon-
sible use, the information it produces must be understandable to non-expert stakeholders.
Human-readable labels, structured logs, and explicit reasons for task assignment improve
interpretability. The system has been evaluated through a user survey, which provides
initial empirical evidence regarding usability and user perception.

7.3.3 Social Risks and Limitations
The main social risks are misuse, over-automation, practical opacity despite formal trace-
ability, and unfair or biased decision-making. A further relevant risk concerns data pri-
vacy. Because the system may store user identifiers, task histories, or behavioural traces
in operational logs, inappropriate data retention or insufficient access control could ad-
versely affect data subjects. In the current deployment, this risk is mitigated through
data retention policies that limit how long operational data and logs are kept, together
with controlled access to system information.

There is also a dependency risk, whereby an organisation may become overly reliant on
a complex orchestration framework that is difficult to govern without specialised technical
knowledge. The principal limitation of the social analysis is not the absence of real-
world use, since the framework has been deployed and evaluated through a user survey,
but rather the limited scope of that evaluation. Although the survey provides empirical
evidence on user perception and usability, the analysis remains constrained by the size and
context of the study conducted within this thesis. Broader longitudinal and participatory
evaluation would therefore be needed to assess long-term organisational and social effects
more comprehensively.

7.4 Ethical Implications
This work addresses the need for transparent, safe, and adaptable coordination of com-
plex agent-based systems. These needs are defined by both the technical literature and
the practical requirement for accountability in environments where automated decisions
may affect services, workflows, and human stakeholders. The central ethical challenge
is therefore not only whether the framework functions correctly, but whether it can be
operated in a manner that respects safety, fairness, privacy, and human oversight.

A first ethical issue concerns unintended consequences. A system designed to optimise
task coordination could equally be used to accelerate harmful objectives, to bypass human
judgement, or to normalise excessive dependence on machine-generated plans. Even when
the LLM Strategist plays only an advisory role, its suggestions may influence decisions in
ways that appear locally efficient but conflict with broader ethical or legal constraints. For
this reason, the architecture incorporates several safeguards. The LLM does not directly
execute any actions, proposals are validated against graph constraints and runtime rules,
and high-risk actions require explicit human approval before execution.

A second issue concerns fairness and the principle of non-maleficence. The framework
must not produce avoidable harm to users, workers, or affected third parties. In particu-
lar, the allocation mechanism must not systematically advantage certain actors without
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justification, and privacy-related or safety-critical tasks must not be removed or depriori-
tised solely because doing so would improve short-term efficiency metrics. The inclusion
of an Ethics-Check Agent and explicit validation constraints is intended to provide a for-
mal barrier against such behaviour, although ethical governance ultimately also depends
on the policies defined and maintained by system administrators.

Data protection is a further important consideration. Because the system stores op-
erational logs that may contain identifiers or task-related traces, these data are managed
under controlled retention policies and are not publicly disclosed or shared externally.
Access is restricted to what is strictly necessary for operational and evaluation purposes.
The user survey conducted as part of this thesis followed applicable GDPR guidelines [3]
for the collection and processing of participant data. More generally, the project ad-
heres to the principles of data minimisation, purpose limitation, controlled retention, and
confidentiality in the handling of both operational and evaluation data.

Taken together, these three considerations (the risk of unintended consequences, the
requirement for fairness and non-maleficence, and the obligation to protect personal data)
define the ethical boundaries within which the proposed framework must be developed
and operated.

The overarching ethical position of this thesis is that greater automation must be
accompanied by proportionally greater accountability. The value of the proposed frame-
work lies not only in its orchestration capability but also in its potential to make decisions
more inspectable, contestable, and governable than would be possible with purely opaque
alternatives.

7.5 Relation to the Sustainable Development Goals
This work contributes indirectly to several Sustainable Development Goals (SDGs) [12],
although its contribution is primarily technological and enabling rather than direct social
or environmental intervention.

The work relates most directly to SDG 9 (Industry, Innovation and Infrastructure)
because it proposes a scalable and modular architecture for coordinating intelligent ser-
vices in complex digital environments. The framework supports innovation in software
infrastructure through interoperability, observability, and safe integration of AI-based
components. By providing a reusable and extensible foundation for Multi-Agent coordi-
nation, it contributes to more resilient and intelligent digital infrastructure.

It also relates to SDG 12 (Responsible Consumption and Production), because the
design explicitly seeks to reduce unnecessary computational consumption through on-
demand execution, bounded LLM usage, caching strategies, and retention policies for
temporary artefacts. While these measures do not eliminate environmental cost, they
promote a more responsible and deliberate use of digital resources throughout the system
lifecycle.

Finally, it relates to SDG 16 (Peace, Justice and Strong Institutions), particularly
through its emphasis on traceability, explainability, and accountability in automated
decision-making. Systems that support auditability and human oversight are better
aligned with the principles of responsible governance than systems that make opaque
decisions without clear provenance, human control, or mechanisms for contestation.

These contributions are necessarily bounded by the scope of the thesis. The project
does not directly address a social or environmental problem at population scale, but it
does propose design principles that can inform the development of more responsible digital
infrastructures across a range of application domains.
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8. Conclusions, Limitations and Future Work

This chapter closes the thesis by reflecting on what the design and empirical work pre-
sented in the preceding chapters has established, where its limits lie, and which direc-
tions remain open for further investigation. The conclusions revisit the research question
and summarise the principal findings, the limitations section qualifies their interpretation
along internal, external, and construct dimensions, and the future work section traces a
research agenda component by component, mapping each line of work to the mechanism it
would strengthen. The chapter ends with a closing reflection on the broader contribution
of the framework to the design of adaptive, auditable, and governance-aware Multi-Agent
orchestration.

8.1 Conclusions
This thesis investigated whether fusing swarm-inspired coordination, a formal ontological
substrate, and layered governance into an LLM-based Multi-Agent framework can close
three architectural gaps left unaddressed by existing orchestration platforms. These gaps
are stateless agent-performance tracking, the absence of a machine-interpretable capabil-
ity model, and the lack of structural compliance enforcement. The work pursued this
question through a unified design and empirical programme. On the design side, Chap-
ter 4 proposed an integrated architecture that fuses stigmergic pheromone markers, an
Improved Contract Net Protocol with pheromone-weighted bidding, an OWL/RDF onto-
logical substrate, a SHACL structural validator, an Ethics-Check Gate, and a multi-tier
failure-recovery stack. Chapter 5 instantiated this architecture as a cloud-native pro-
totype of event-driven microservices. On the empirical side, Chapter 6 evaluated the
prototype across 790 controlled pipeline runs in a commercial warehouse brokerage do-
main, covering an ablation study of nine framework configurations, a 300-run pheromone
convergence experiment, a validation-layer interaction analysis, a failure-injection recov-
ery study, a priority-based estimator-selection analysis, and a user perception survey with
N = 19 domain and technical evaluators.

The quantitative evidence supports all five hypotheses stated in Chapter 6. Stigmergic
learning drives assignment accuracy from ∼10% to 96% within 14 convergence runs (H1).
Competitive selection through ICNP bidding proves to be the single most consequential
mechanism, as replacing it with round-robin allocation degrades accuracy to 42% and
reproduces the behaviour of random assignment (H2). The two validation layers interact
super-additively on downstream accuracy with IE = +21 pp, and jointly achieve perfect
violation recall (TPR = 1.000, FPR = 0.011, F1 = 0.992) with zero detection overlap
between the structural and domain classes (H3). Multi-tier recovery achieves 100% suc-
cessful recovery under the full framework against 30% for round-robin allocation and 0%
for the uncoordinated baseline (H4). The full framework outperforms the coordination-
free baseline by 48 percentage points in assignment accuracy and 40 percentage points in
violation detection, at a measured cost of only 6.6% additional latency and 9.7% addi-
tional token consumption (H5). The user survey corroborates the quantitative findings,
with 84% of participants selecting the full framework output as the most trusted and 95%
as the most suitable for audit, while converging on a consistent trust model in which the
system is positioned as a decision-support tool requiring mandatory human review before
external use.
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Taken together, these findings establish a clear ordering of the marginal contributions
of the coordination mechanisms to overall system quality. The ICNP bidding layer (Cliff’s
δ = 0.774) constitutes the indispensable core without which the system reduces to random
allocation regardless of agent quality. Pheromone adaptation (∆ = +86 pp over the
convergence horizon) is essential for long-term learning and context-sensitive routing,
though its contribution is invisible to single-run evaluation. The validation layers (IE
= +21 pp, TPR = 1.000) are critical for safety assurance, with each layer alone degrading
accuracy but the combination restoring it while covering all nine injected defect classes.
The LLM Strategist enables the Tier 2 replanning capability of the self-healing stack and
contributes a +6 pp improvement in estimator-selection accuracy. The Ethics Checker,
although statistically negligible in isolation (δ = 0.121), provides indispensable governance
screening in any compliance-sensitive deployment.

The overall answer to the research question is affirmative. The three gaps identified in
Chapter 1 can be closed by a single architecture. (1) Stateless coordination is addressed
by treating coordination as environmental signalling over a shared knowledge graph. (2)
The absence of a formal capability model is addressed by ontological capability matching.
(3) The lack of domain-specific governance is addressed by a stratified validation pipeline.
The same architecture delivers empirical gains at production-realistic overhead, while
remaining domain-agnostic in its mechanisms and pluggable in its agents and constraints.

8.2 Limitations
Despite the consistency of the results, a number of limitations temper their interpretation.
Some concern the internal integrity of the evaluation, others its external generalisability,
and others the constructs used to measure system behaviour.

On the internal side, LLM outputs exhibit residual variance even when temperature
is set to zero, because batched inference and floating-point rounding introduce non-
determinism that cannot be fully eliminated. Ten replications per scenario per con-
figuration were used throughout. Assignment accuracy is reported as the mean over
replications (with IQR), latency and token metrics as medians. The ground-truth as-
signments were defined by a logistics domain expert from the seed database, with the
risk of subjective bias further reduced by the fact that assignments follow directly from
client requirements such as cold storage, regional affinity, and budget, all of which are
deterministic properties of the data. Finally, the Wilcoxon signed-rank tests conducted
over five paired client observations are underpowered and report uniformly non-significant
p-values despite meaningful effect sizes. Cliff’s delta computed over all 50 individual runs
per configuration is therefore the primary measure of practical significance and the basis
for the reported contribution hierarchy.

On the external side, all client scenarios are constructed from a synthetic seed dataset
rather than live operational data, meaning that the reported accuracy values, conver-
gence rates, and violation rates are properties of this particular evaluation instantiation
rather than universal constants. Generalisation to other domains such as healthcare,
manufacturing, or human resources requires domain-specific agent re-implementation and
SHACL rule adaptation, even though the framework mechanisms are domain-agnostic by
construction. The evaluation also uses a small agent pool of three competing warehouse
agents and two competing estimator agents, whereas real deployments may involve tens
or hundreds of competing agents. The most uncertain extrapolation concerns pheromone
dynamics at scale, because with a larger agent population the pheromone mass would
be more diffuse across markers, potentially slowing convergence or requiring recalibration
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of the decay parameters. All LLM-based agents additionally use a single provider and
model configuration, OpenAI GPT-4o-mini (gpt-4o-mini, see Table 16), and results may
vary with alternative models that differ in instruction-following quality, structured-output
reliability, or tokenisation behaviour.

Finally, the user perception survey engaged 19 participants recruited through purpo-
sive sampling, which is sufficient to surface consistent cross-group themes such as condi-
tional trust and readability concerns but does not support population-level generalisation.
The thematic coding of open-ended responses was carried out by the author alone without
a second independent coder, so no inter-rater reliability statistic is reported. The analysis
is therefore best read as an interpretive synthesis of recurring participant concerns rather
than as a quantitatively validated coding exercise, and the verbatim quotations included
in Section 6.3 are provided so that readers can assess the grounding of each theme directly.
Longitudinal evaluation with working practitioners in an operational setting, accompa-
nied by multi-coder analysis of the qualitative data, would be required to confirm that
the reported patterns persist over sustained use.

8.3 Future Work
The limitations described above suggest a natural research agenda that extends both
the architecture and its empirical grounding. The directions below trace the framework
component by component rather than forming a disconnected list, so that each line of
work can be connected to the mechanism it would strengthen.

The most structurally significant extension concerns agent generation and registra-
tion. The current prototype requires each agent to be implemented manually, with its
capabilities, tools, and system prompt encoded by a developer before being seeded into
the Consul-backed registry. Closing this loop would allow the framework itself to generate
and register new agents on demand. In such an extended design, the user would describe
a desired capability in natural language, and an LLM-assisted coding loop would syn-
thesise the agent skeleton, propose an initial tool set, produce a system prompt, derive
the appropriate capability tokens, and complete the registration without human inter-
vention. Recurring gaps in bid evaluation sequences, where no registered agent meets
the capability requirements of incoming tasks, could themselves serve as the signal for
which new agents are required, with the framework triggering generation and registra-
tion whenever such gaps cross a configurable threshold. The LLM would also inspect
the current agent roster and automatically expose tools and capabilities rather than re-
lying on manual declaration, transforming the framework from a fixed-population system
into a self-expanding one in which coordination quality and agent specialisation co-evolve
through the pheromone engine.

A related architectural extension concerns how agents query domain data. The current
warehouse brokerage agents rely on hand-written SQL against a fixed relational schema.
A more general approach would expose the database schema to the LLM at inference
time and delegate query construction to the model, so that the agent receives the schema
description alongside the natural language requirement, produces the corresponding query,
executes it, and interprets the result. This would remove the need to rewrite queries
whenever the schema evolves and allow the same agent implementation to generalise
across different data back-ends. It also introduces a research question for the pheromone
engine: whether reinforcement should operate on the agent, on the generated query, or on
a joint agent-query pair, and how decay parameters should be calibrated when the space
of possible queries becomes effectively unbounded.
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Scalability of pheromone dynamics and token overhead both remain empirically open.
The current evaluation uses three competing warehouse agents and two estimator agents, a
pool small enough that each run produces a strong and unambiguous reinforcement signal.
With a larger competing population the pheromone mass would be more diffuse across
markers, potentially requiring recalibration of the decay rate λ and the reinforcement step.
A controlled study varying the agent pool across 10, 25, and 50 synthetic agents per role
would characterise the sensitivity of the convergence trajectory to population size. On the
cost side, the measured token overhead of 9.7% relative to the coordination-free baseline
is driven by the number of competing agents and the depth of the bidding protocol rather
than by pipeline complexity, which makes the overhead predictable in principle as the
agent population grows. Empirical confirmation across variable populations is reserved
for future work.

The Ethics-Check Agent itself could be extended. The current implementation reasons
purely from a fixed system prompt and the plan context provided at review time, so each
evaluation begins from the same baseline regardless of what the agent has previously
approved or vetoed. Connecting the agent to a persistent knowledge base would close this
loop, with past violations, the rationales attached to vetoes, and the corrective actions
taken by human reviewers retained as structured records that are retrieved and supplied as
context for subsequent reviews. Over time the agent would accumulate a domain-specific
case history that informs its judgement on ambiguous plans, reducing the variance of
its decisions, surfacing recurring failure patterns to human reviewers, and allowing the
framework to demonstrate not only that ethical review took place but that lessons from
earlier reviews were carried forward into later ones.

Observability also warrants dedicated investment. The current prototype surfaces
runtime state through OpenTelemetry traces, structured audit logs, and SPARQL queries,
which are sufficient for engineers but do not give non-technical stakeholders a direct
operational view. A monitoring and tracing interface would render pheromone intensities,
bid scores, validation verdicts, ethics decisions, escalations, and run-level provenance in
a single navigable surface, with the ability to drill from a high-level run summary down
to individual agent messages. Such an interface would also serve as a governance artefact
by making the audit trail inspectable without SPARQL expertise, directly addressing the
accessibility gap that domain experts identified in the user survey.

Output formatting is a further area in need of attention. The qualitative analysis
revealed that both evaluator groups rated the factual and reasoning components of the
pipeline comparably, while presentation items such as proposal quality and fallback ac-
tionability produced statistically significant gaps with medium-to-large effect sizes. The
core Multi-Agent architecture need not change to address this, but the last-mile out-
put layer should offer configurable verbosity levels and audience-appropriate summaries.
An executive-summary mode for business stakeholders, a clear separation between verified
facts and model-inferred assumptions, reduced system-level jargon in client-facing propos-
als, and actionable fallback recommendations when the primary recovery path fails would
all reduce the editing burden that domain experts currently accept before forwarding out-
puts. Integration of external market-intelligence agents would further extend the system
from a structured-data reasoner toward a genuinely context-aware decision-support tool.

Finally, three complementary lines of broader empirical validation remain open. Ex-
panding the client population to 15 to 20 scenarios would restore adequate statistical
power to the Wilcoxon signed-rank tests and enable finer-grained per-scenario analyses.
Cross-model replication with alternative LLM providers, including open-weight models
hosted locally, would separate framework-level effects from model-specific artefacts and
test robustness across differences in instruction-following quality and structured-output
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reliability. A multi-domain evaluation beyond warehouse brokerage, covering domains
such as healthcare triage, legal-document review, or industrial incident handling, would
test the portability of the mechanisms claimed to be domain-agnostic and surface any im-
plicit assumptions embedded in the current SHACL shapes and ontology. A production
pilot with real operational traffic would additionally provide the longitudinal, cost, and
environmental measurements that the sustainability analysis in Chapter 7 could not yet
quantify.

8.4 Closing Remarks
The broader claim of this thesis is that adaptive, auditable, and governance-aware Multi-
Agent orchestration does not require radically new components, but rather a principled
recombination of ideas that have matured independently across three research communi-
ties. Stigmergy contributes a decentralised coordination substrate that turns execution
history into a first-class environmental signal. The Semantic Web contributes a machine-
interpretable vocabulary for capabilities, plans, and provenance, together with a formal
validator for structural guarantees. Modern LLM-based orchestration contributes flexible,
natural language driven agents capable of reasoning, tool use, and strategic replanning.
None of these ingredients is individually sufficient, because stigmergy without semantics
lacks auditable ground, semantics without learning lacks adaptivity, and LLM orches-
tration without either leaves coordination stateless and governance optional. Their inte-
gration, as realised in this thesis, produces a framework whose quality grows with use,
whose decisions are traceable by construction, and whose safety is stratified across com-
plementary abstraction levels. That this integration can be delivered at bounded latency
and token cost, and that the resulting system is perceived by both technical and domain
evaluators as a trustworthy first-draft generator requiring human review, suggests that
the coordination gap between current orchestration platforms and the accountability de-
mands of regulated AI deployments is not only narrow, but concretely closable with the
techniques demonstrated here.
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A. Pipeline Walkthrough: FreshCo C0 Run

This appendix traces a complete pipeline execution for the FreshCo client through the
full framework configuration (C0), to ground the quantitative results of Chapter 6 in a
concrete example.

A.1 Client Request
The pipeline receives the following payload P at its intake endpoint, in the natural-
language format:

“FreshCo, a food-distribution company, requires a cold-storage warehouse in
Southern Europe to support its distribution operations. Monthly budget: EUR 18,000.
The facility must meet food-grade compliance requirements. This request is
high priority.”

Stage 1 of Algorithm 1 extracts the required contextual metadata M from the payload:
• Client: FreshCo (food-distribution company)
• User context: authorised tenant account
• Submission channel: REST intake endpoint
• Declared priority: high
• Declared constraints: budget EUR 18,000/month, cold storage, food-grade com-

pliance
All required fields are present, so the payload is admitted to Stage 2 (content filtering)
rather than rejected. Stage 2 detects no policy violations, and the request proceeds to
structuring.

A.2 Task Normalization
In Stage 3 the Supervisor Agent invokes an LLM to emit a stig:TaskSpec. For the
FreshCo request the TaskSpec instance contains:

• task_id: stig:task/freshco-cold-storage-es-2026
• description: “Locate and contract a cold-storage warehouse in Southern Europe

for food distribution, budget EUR 18,000/month, food-grade compliance required.”
• required_capabilities: {transcription, form_filling, warehouse_matching,

deal_estimation, compliance_check, proposal_generation}
• tags: {“food-distribution”, “cold-storage”, “southern-europe”, “food-grade”, “HACCP”}
• risk_level: high
• priority: high
• requires_human_approval: True
The following orchestration identifiers are attached to the TaskSpec when it is persisted

to the graph marker store:
• Pipeline ID: eb595973-d0cf-49b1-8e13-8e92dbf283f9
• Run ID: 14c503ab-a83d-4647-b48d-b13d56d57295
• Tasks generated from TaskSpec: 12
• Strategy emitted: True
• Ethics-check scheduled: True

iii



A.3 Stigmergic Task Assignment via ICNP
Task assignment follows Algorithm 2. For each derived task the system issues a CFP.
Each registered agent computes its stimulus score S (Eq. 2) against its dynamic response
threshold θi (Eq. 3) and, if admitted, generates a bid score B (Eq. 5). The winning bid
produces a stig:AffordanceMarker. The two competitive rounds for this run are shown
below.

A.3.1 Round 1 – Warehouse Matching (3-way bid)
CFP parameters: required capability warehouse_matching, priority high, initial stimulus
s0 = 1.0.

Agent Bid score B Region tag Outcome

warehouse-south 0.6988 Southern Europe (Milan, Bologna, Rome) Winner
warehouse-central 0.3387 DACH + France (Munich, Lyon, Paris) Runner-up
warehouse-north 0.3197 Scandinavia (Gothenburg) Runner-up

• Bid delta (winner − runner-up): 0.3600
• Expected winner: warehouse-south (FreshCo requests Southern Europe)
• Actual winner: warehouse-south (correct)

The margin is explained by tag overlap on the southern-europe tag, the capability-match
term of B (Eq. 5) contributes equally to all three bidders.

A.3.2 Round 2 – Deal Estimation (2-way bid)
CFP parameters: required capability deal_estimation, priority high. The two compet-
ing estimators differ only in their secondary capability (financial_analysis vs. time-
line_analysis) and optimisation strategy.

Agent Bid score B Strategy Outcome

cost-estimator 0.6955 Cost-optimised Winner
speed-estimator 0.3196 Speed-optimised Runner-up

• Expected winner: cost-estimator (FreshCo has high priority but a firm EUR 18,000/month
budget; the cost-optimised strategy aligns with the TaskSpec’s budget constraint).

• Actual winner: cost-estimator (correct).

A.4 Plan Generation, SHACL Validation, and DAG
Construction

The Graph Builder Agent synthesises the affordance markers from both bidding rounds
into an execution graph, then submits it to the validation pipeline.

SHACL validation (Algorithm 3). Both the pyshacl reasoner and the program-
matic validator approve the plan on the first pass:

• C1 – Structural completeness: passed (all 12 task nodes have an assigned agent,
a non-empty description, and a non-empty capability set).
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• C2 – Graph integrity: passed (no dangling edges, Kahn’s algorithm confirms
acyclicity).

• C3 – Capability alignment: passed.
• C4 – Ontology conformance: passed.
• final_conforms: True.
• Iterative refinements applied: 0.

DAG construction (Algorithm 4).
• Tasks: 12
• Maximum topological depth: 5
• Parallel phases {Φk}: |Φ0| = 1 (Call Transcription root), |Φ1| = 2, |Φ2| = 5

(warehouse + estimator bidding winners, compliance fan-in), |Φ3| = 2, |Φ4| = 1
(Proposal Template leaf).

• Critical path length: 5 tasks (intake → form fill → warehouse match → compli-
ance → proposal).

• Fan-out / fan-in nodes: Deal Summary acts as the primary fan-out, Proposal
Template is the terminal fan-in join.

A.5 Human Validation and Approval
Because the TaskSpec carries risk_level = high and requires_human_approval =
True, both triggering conditions at Section 4.7 fire and the plan is routed to the mandatory
human sign-off workflow rather than directly to user plan validation.

Mandatory sign-off. The approver is presented with the full plan context (task assign-
ments, dependency structure, SHACL report, risk factors) and approves the plan. The
structured sign-off record contains:

• Approver: pipeline operator
• Authorisation level: tenant-admin
• Decision: approved
• Rationale: “Plan satisfies FreshCo’s cold-storage and budget constraints, winning

agent holds required food-grade certifications.”

User plan validation. After sign-off the plan is presented to the user, who accepts it
without modification.

A.6 Execution, Adaptation, and Failure Handling

A.6.1 Ethics-Check Gate
Immediately before execution, the Ethics-Check Agent (Section 4.8) performs its four
domain-agnostic checks:

• No hallucinated data: passed.
• No unfair bias: passed.
• No sensitive-data leakage: passed.
• No unsafe approvals: passed (mandatory human sign-off present).
• Veto: none.

v



A.6.2 Domain Compliance Check
A domain-specific Compliance agent then audits the plan against FreshCo’s business
rules. Unlike the domain-agnostic Ethics-Check Agent, the Compliance agent (Table 5) is
deterministic and rule-based. It evaluates each candidate warehouse-client pairing against
the five rules defined in Chapter 6, cold storage, hazmat certification, security level,
square-footage range, and budget compliance, and returns structured pass/fail results
scoped to the upstream-suggested pairing when possible.

• Passed: False
• Blocks: 2 – two warehouses in the inventory (Bavaria Logistics Hub, Centro Lo-

gistico Bologna) fail the cold-storage rule and are blocked for any HACCP-tagged
TaskSpec.

• Warnings: 4
• Scoped to winning assignment: True – the selected warehouse-south passes

all five rules, blocks apply only to alternatives that would have been selected under
relaxed constraints.

Because the blocks do not affect the winning assignment, execution proceeds.

A.6.3 Execution Summary
• Tasks completed: 12/12
• Tasks failed: 0
• Strategist deltas applied: 0 (no runtime replanning required).
• End-to-end latency: 440.6 s. This run sits in the upper tail of the C0 distribution

(median 210 s, IQR 177–239 s). The inflated value reflects first-run cold-start effects
(cache warm-up, transient OpenAI API latency) rather than steady-state behaviour.

• Token consumption: 31,413 total (20,942 input, 10,471 output).
Because no task fails, none of Tiers 1–3 of Algorithm 6 is entered.

A.6.4 Pheromone State After Run
On successful completion, the Pheromone Engine applies the reinforcement branch of
Eq. 6 to the two competitive winners. The resulting committed affordance markers,
exempt from time-based decay per Section 4.5, are:

• AffordanceMarker(warehouse-south, warehouse_matching) – intensity 1.0.
• AffordanceMarker(cost-estimator, deal_estimation) – intensity 1.0.

Non-competitive agents (Call Transcription, Deal Summary, Client Necessity, Compli-
ance, Proposal Template) do not produce affordance markers because they are invoked
directly without bidding (Section 4.5). These markers bias bid scoring in subsequent runs
through the trust feedback channel of Eq. 5, reinforcing the successful assignments.

A.7 Audit and Traceability
All phases above write structured records into the common audit stream described in
Section 4.10, correlated by the Pipeline and Run IDs given in the Task Normalization
subsection. Because this run completes validated planning, mandatory human approval,
ethics review, and execution without triggering any Tier 3 escalation, it receives the
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maximum traceability score for framework configuration C0.

B. Failure Recovery Trace: C0

This appendix provides a step-by-step trace of a single injected failure event under con-
figuration C0, illustrating how the three-tier recovery mechanism defined in Section 4.9
(Algorithm 6) activates in practice. The trace corresponds to one of the ten C0 injections
aggregated in Table 30.

B.1 Failure Injection
• Configuration: C0 (full framework)
• Client: FreshCo
• Failure injected at: warehouse-match execution stage
• Pipeline ID: f15dade6-b0d1-4f78-8732-d258c8966a18
• Timeout budget: 300 s

B.2 Recovery Sequence
The three-tier recovery mechanism activates in the order defined by Algorithm 6.

1. Detection. The Task Execution Orchestrator detects the task-failed event over
RabbitMQ and hands control to the Retry Middleware.

2. Tier 1 — Bounded Local Retries. The Retry Middleware attempts re-execution
under the configured retry policy with exponential backoff, up to the default max-
imum of three attempts. This tier is intended to absorb transient faults such as
network glitches and intermittent timeouts without escalation. In this run, all three
attempts fail and the failure is propagated to Tier 2.

3. Tier 2 — Adaptive Replanning (with concurrent pheromone penalty).
On retry exhaustion, the LLM Strategist (Section 4.8) inspects the current task
graph and execution state and proposes a graph delta that re-routes the failed task
to an alternative agent with compatible capabilities. The proposed delta is vali-
dated against the framework’s structural invariants, namely acyclicity, dependency
preservation, and exactly one assignment per task, before being committed to the
coordination graph store. Concurrently with the Strategist action, the Pheromone
Engine applies a penalty update (Eq. 6) to the failed agent’s AffordanceMarker
intensity, biasing all future assignments away from that agent.

4. Tier 3 — Structured Escalation (not reached). Had Tier 2 failed to resolve
the event, the system would have raised a structured escalation record containing the
run and plan identifiers, a machine-readable failure reason, the severity level derived
from the plan’s risk classification, recent execution summaries, and an indication
that automated recovery had been exhausted, and would have routed it to a human
operator through the monitoring and alerting channels. Tier 3 was not activated in
this run because Tier 2 adaptive replanning resolved the failure on the first proposed
delta.
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B.3 Timing Breakdown
The total recovery time of 62 s decomposes into instrumented components and uninstru-
mented residual time. The two components measured directly are reported below. The
remainder is attributable to Tier 1 retry attempts with exponential backoff, the concur-
rent pheromone penalty write, message-broker propagation, and re-execution of the task
on the alternative agent.

• LLM Strategist call: 18.0 s total
– Prompt assembly: 1.2 s
– GPT-4o-mini structured-output inference: 16.4 s
– Response parsing: 0.4 s

• Graph-delta validation: 1.8 s (acyclicity, dependency preservation, and single-
assignment checks all passed on the first proposal)

• Total recovery time: 62 s

B.4 Outcome
• Recovery successful: Yes
• Resolving tier: Tier 2 (adaptive replanning)
• Final pipeline status: COMPLETED, 12/12 tasks completed
• Persistent effect: pheromone penalty recorded against the failed agent’s Affor-

danceMarker, reducing its priority in subsequent bidding rounds

C. Wilcoxon Signed-Rank Statistics

This appendix reports the raw Wilcoxon signed-rank statistics referenced in Chapter 6.
Each test pairs the per-client mean accuracy of C0 against that of an ablation configu-
ration Cx over the five evaluation clients, yielding N = 5 paired observations per test.
The Bonferroni-corrected threshold is αBonf = 0.05/8 = 0.0063. All comparisons are
non-significant, as expected under a five-client paired design with accuracy near the ceil-
ing; the main-text discussion proceeds to Cliff’s delta (Table 22) as a power-independent
alternative.

Comparison W p (raw) p (Bonferroni) Significant

C0 vs. C1 0.00 1.000 n.s. No
C0 vs. C2 0.00 0.125 n.s. No
C0 vs. C3 0.00 0.500 n.s. No
C0 vs. C3+C4 0.00 1.000 n.s. No
C0 vs. C4 0.00 0.500 n.s. No
C0 vs. C5 0.00 1.000 n.s. No
C0 vs. C6 0.00 1.000 n.s. No
C0 vs. C7 0.00 0.250 n.s. No

Table 39: Wilcoxon signed-rank tests comparing C0 against each ablation configuration. Pairs are per-
client mean accuracies over the five evaluation clients (N = 5); Bonferroni-corrected at αBonf = 0.0063.
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D. User Perception Survey

This appendix contains the full questionnaire used in the user evaluation study described
in section 6.3. The survey was administered via Google Forms. All responses were col-
lected anonymously in compliance with GDPR guidelines [3].

GDPR-Compliant Consent
Before beginning the survey, participants were required to confirm each of the following
statements:

a) I have read and understood the data protection information above.

b) I understand that my participation is voluntary and I can withdraw at any time.

c) I consent to my anonymised responses being used for academic research.

d) I understand that no personally identifiable information will be published.

Participant Profile
1. Which group best describes your profile?

Single choice.

• Domain Expert (logistics, warehouse brokerage, supply chain professional)
• Technical Evaluator (software engineer, AI/ML practitioner, researcher)

2. Years of Professional Experience
Single choice.

• Less than 2 years
• 2–5 years
• 5–10 years
• More than 10 years

3. How familiar are you with AI or large language model tools (e.g., Chat-
GPT, copilots)?
Single choice.

• Not familiar at all
• Somewhat familiar (I’ve used them casually)
• Familiar (I use them regularly in my work)
• Very familiar (I build or research AI systems)

Section 1: Output Quality
All items in this section use a 5-point Likert scale: 1 = Strongly Disagree, 2 = Disagree,
3 = Neutral, 4 = Agree, 5 = Strongly Agree.
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Scenario 1 — FreshCo (Cold-Storage, Milan)

4. The warehouse suggestion matches the client’s stated requirements (location, bud-
get, timeline, storage type).

5. The compliance check identified the correct regulatory and operational constraints.

6. The generated proposal is professional enough to send to a client as a first draft.

7. The recommendation includes information I wouldn’t have considered on my own.

Scenario 2 — GreenLeaf (Hazmat / Critical Case)

8. The warehouse suggestion matches the client’s stated requirements.

9. The compliance check identified the correct regulatory and operational constraints.

10. The generated proposal is professional enough to send to a client as a first draft.

11. The recommendation includes information I wouldn’t have considered on my own.

Scenario 3 — Failure Recovery Case

12. The system handled the failure scenario in a reasonable way.

13. The fallback recommendation was still useful despite the primary failure.

14. Would you trust these outputs as a first draft for a real client engage-
ment? Why or why not?
Free text.

15. What is missing from these recommendations that you would add man-
ually?
Free text.

Section 2: Decision Transparency
5-point Likert scale (Strongly Disagree – Strongly Agree).

16. I can understand why a particular warehouse was selected over alternatives.

17. The bidding scores make the agent selection process transparent.

18. The audit trail provides enough information to explain the decision to a client or
stakeholder.

19. If the output contained an error, I could identify where in the pipeline it occurred.

20. What information is missing from the decision trace that would improve
your understanding?
Free text.
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Section 3: Framework Value
This section was shown only to Technical Evaluators. 5-point Likert scale (Strongly Dis-
agree – Strongly Agree).

21. The Multi-Agent approach adds value over a single monolithic LLM call.

22. The automatic failure recovery (fallback to next-best agent) is a useful mechanism.

23. The SHACL constraints provide meaningful safety guarantees for the outputs.

24. The pheromone-based adaptation is a practical mechanism for dynamic agent selec-
tion.

25. In what scenarios would you choose this framework over a simpler or-
chestration tool (e.g. LangChain, a single prompt chain)?
Free text.

Section 4: Comparative Evaluation
Participants were shown three anonymised outputs (Output A, Output B, Output C) pro-
duced by different system configurations.

26. Which output would you trust most for a real client decision?
Single choice: Output A / Output B / Output C.

27. Which output is easiest to audit if something goes wrong?
Single choice: Output A / Output B / Output C.

28. Rank the three outputs by overall quality (1 = best, 3 = worst).
Ranking for each: Output A, Output B, Output C.

29. What made you prefer your top-ranked output?
Free text.

Final Thoughts
30. Overall, how would you rate the usefulness of this framework for ware-

house brokerage?
5-point scale: 1 = Not useful at all, . . . , 5 = Extremely useful.

31. Any additional comments, suggestions, or concerns?
Free text.

E. Survey Materials: Comparative Evaluation

Client Request (identical for all three approaches)
• FreshCo Logistics — Food & Beverage company (Maria Rossi, maria@freshco.eu)

requires a cold-storage warehouse in the Milan metropolitan area.
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• Space — 15,000–25,000 sqft
• Budget — e 18,000/month (firm)
• Lease — 36 months
• Move in — June 1, 2026
• Requirements — cold storage, food-grade flooring, temperature monitoring
• Priority — High

E.1 Output A
Based on the requirements, I recommend LogisPark Milano Nord for FreshCo Logis-
tics.

Why this warehouse:
• Located in Milan with 22,000 sqft available.
• Has cold storage capabilities.
• Monthly rent would be approximately e16,500 (22,000 × e0.75/sqft), within the
e18,000 budget.

• Modern facility built in 2019 with enhanced security.
• 8 dock doors and 28 ft ceiling height.

Draft proposal:

Dear Maria,
We would like to recommend LogisPark Milano Nord for your cold storage
needs. The facility offers 22,000 square feet with cold storage capabilities at
e16,500 per month, well within your budget of e18,000. The warehouse was
built in 2019 and features enhanced security and 8 dock doors.
The facility can support your June 2026 move-in timeline. We suggest schedul-
ing a site visit to confirm the cold storage temperature range meets your
−25 ◦C requirement and to assess the dock configuration for your refrigerated
truck fleet.
Please let us know if you would like to proceed with a site visit.
Best regards

E.2 Output B

Warehouse Recommendation: FreshCo Logistics

Assigned agent: Warehouse Central Europe.
Analysis of Central European warehouses:
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Warehouse City Sqft Cold? Monthly Cost Match

Bavaria Logistics Hub Munich 40,000 No e 34,000 no — no cold storage,
wrong city

Stuttgart TechCenter Stuttgart 35,000 No e 31,500 no — no cold storage,
wrong city

PharmaStore Lyon Lyon 28,000 Yes e 26,600 partial — wrong coun-
try, over budget

Paris CDG Logistics Roissy 25,000 Yes e 27,500 partial — wrong coun-
try, over budget

No warehouses in the Central Europe region match the client’s require-
ments. The client needs a Milan-area facility, which is outside this agent’s coverage area.
PharmaStore Lyon and Paris CDG have cold storage but are in France (wrong location)
and exceed the e18,000 budget.

Match Score: 0 / 100 for location-eligible options.
Recommendation: Unable to provide a suitable recommendation. This request

should be routed to the Southern Europe specialist.

Timeline Analysis: FreshCo Logistics
Assigned agent: Speed Estimator.

Milestone Estimated Date
Lease signing April 14, 2026
Food-grade flooring install May 15, 2026
Cold storage verification May 22, 2026
Operational June 1, 2026

Assessment: timeline is feasible with a 6-week lead time. No critical path risks iden-
tified.

Compliance Report
RESULT: NO VALID PAIRING TO CHECK
The warehouse agent did not produce a viable recommendation.
Compliance check skipped -- no warehouse-client pairing to validate.

Proposal
Unable to generate a complete proposal. The assigned warehouse agent could not find a
match in its region. Manual intervention required to re-route to the correct regional agent.
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E.3 Output C

Agent Selection Summary
E.3.0.1 Warehouse matching - competitive bidding.

Agent capMatch Trust Cost-effectiveness Regional-tag bonus Bid Score
Warehouse South 1.00 0.82 0.78 +0.28 (Milan region) 0.699
Warehouse Central 1.00 0.78 0.62 0.00 0.339
Warehouse North 1.00 0.75 0.70 0.00 0.320

Winner: Warehouse South (0.699).

E.3.0.2 Cost vs. speed estimator - competitive bidding.

Agent capMatch Trust Cost-effectiveness Budget-match bonus Bid Score
Cost Estimator 1.00 0.80 0.80 +0.10 (firm budget) 0.696
Speed Estimator 1.00 0.78 0.65 0.00 0.320

Winner: Cost Estimator (0.696). FreshCo has high priority but a firm e18,000/month
budget, which aligns with the cost-optimised strategy.

Warehouse Recommendation: LogisPark Milano Nord

Criterion Requirement LogisPark Milano Nord Match
Location Milan metropolitan area Via Industriale 42, Milan ✓
Available space 15,000–25,000 sqft 22,000 sqft ✓
Ceiling height ≥ 24 ft 28 ft ✓
Dock doors ≥ 6 8 ✓
Cold storage Required Yes (−30 ◦C capable) ✓
Monthly cost ≤ e18,000 e16,500 ✓
Security — Enhanced Bonus

Match Score: 95 / 100.

Strengths:
• Cold zone supports −30 ◦C (exceeds −25 ◦C requirement).
• 8,000 sqft dedicated cold area sufficient for frozen goods.
• Landlord offers e50,000 fit-out allowance for food-grade flooring.

Gaps:
• 8 dock doors vs. 12 refrigerated trucks requested - confirm dock scheduling at site

visit.
• Temperature monitoring system not confirmed in database - verify during site visit.
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Compliance Report

Rule Result Detail
COLD_STORAGE_REQUIRED PASS LogisPark has cold storage
HAZMAT_REQUIRED N/A Not required by client
HIGH_SECURITY_FOR_CRITICAL N/A Priority is high, not critical
SQFT_WITHIN_RANGE PASS 22,000 sqft within 15,000–25,000
BUDGET_COMPLIANCE PASS e16,500/mo under e18,000 budget

Result: 5/5 checks passed, no violations, no warnings.

Cost Analysis

Cost Component Estimate Notes
Monthly rent e16,500 22,000 sqft × e0.75/sqft
Total lease (36 months) e594,000
Food-grade flooring e45,000 Offset by landlord allowance
Temperature monitoring system e12,000 One-time install
Landlord fit-out allowance −e50,000 Negotiated
Total cost of occupancy e601,000 Over 36-month lease
Effective monthly cost e16,694 e1,306/mo headroom vs. budget

Client Proposal
Dear Maria,
Following our analysis of your requirements for a cold-storage facility in the
Milan area, we are pleased to recommend LogisPark Milano Nord as your
primary option.
Property summary:

• Location: Via Industriale 42, Milan (Lombardy).
• Available space: 22,000 sqft with 28 ft ceiling clearance.
• Cold storage: −30 ◦C capable zone (8,000 sqft), exceeding your −25 ◦C

requirement.
• Dock access: 8 dock doors with enhanced security.
• Monthly rent: e16,500 (within your e18,000 budget).

Financial terms:
• 36-month lease: e594,000 total.
• Landlord-funded fit-out allowance: e50,000 (covers food-grade flooring

upgrade).
• Estimated out-of-pocket setup: e7,000 (temperature monitoring sys-

tem).
• Effective monthly cost: e16,694.

Recommended next steps:
1. Site visit (available week of March 31).
2. Confirm dock door scheduling for 12 refrigerated trucks.
3. Temperature monitoring system specification review.
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We are confident this property meets your operational needs while remaining
within budget. Please let us know your availability for a site visit.
Best regards,
[Brokerage Name]

Decision Trace
Client call (Maria Rossi, Feb 20)

|
v

Call Transcription -> extracts: cold storage, -25 C, 12 trucks,
18K budget, 3-yr lease

|
v

Deal Summary -> aggregates context: deal stage = negotiation,
-30 C capability confirmed via email

|
+------------------------------+
| |
v v

Warehouse South (0.699) Cost Estimator (0.696)
LogisPark, 95/100 EUR 601K / 36 mo,

EUR 1,306/mo headroom
| |
v |

Compliance Check |
5/5 rules passed |

| |
+------------------------------+
|
v

Proposal Template -> generates client proposal

All bids, scores, compliance checks, and cost calculations are
stored in the audit log for post-hoc inspection. Any step can
be replayed or explained on demand.
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