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Abstract

The adoption of agentic Al within the systems engineering domain necessitates transitioning from fragile, ad-hoc
implementations to traceable, verifiable, and industrial-grade software components. To address this challenge,
we propose an agent definition ontology that standardizes agent objectives, capabilities, and architectures by
formally mapping them across the Requirements, Functional, Logical, and Physical (RFLP) Model Based Systems
Engineering (MBSE) framework. By aligning agent specifications with MBSE, this mapping establishes an end-
to-end digital thread that bridges high-level requirements with low-level agent implementation. The approach
is demonstrated on a simplified drone navigation case study, illustrating how the framework enforces formal
interface contracts, maintains architectural traceability, and enables model-based verification for heterogeneous
Al agents.
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1. Introduction

Artificial Intelligence (Al) is increasingly integrated across system design and development to automate
engineering workflows and accelerate design cycles. In particular, the deployment of autonomous
Al agents—systems capable of independent reasoning and iterative problem-solving via tool invoca-
tions—has emerged as a powerful paradigm for managing, simplifying, and improving complex systems
engineering workflows. However, current Al agent deployments within engineering pipelines are
largely ad-hoc, lacking the rigorous architecture, structural traceability, and data provenance required
for safety-critical operations, such as those in cyber-physical systems. This paper bridges this critical
gap by proposing the Model-Based Agent Definition (MBAD) framework, which formalizes an explicit
agent ontology and anchors it within a model-based systems engineering (MBSE) framework. The
remainder of this paper is organized as follows. Section 2 presents the motivation behind this work
along with the state of the art. Section 3 outlines the agent definition and MBSE ontologies, detailing
the structural mapping rules between them. Section 4 provides feasibility demonstration through an
application case study, followed by an outlook on future research and conclusion in Section 5.

2. Motivation & state of art

The application of Al specifically agentic Al is becoming ubiquitous and is increasingly being viewed as a
new paradigm for the design and development of complex cyber physical systems. However, adoption of
such agents to system engineering workflows, particularly with stochastic, LLM-based agents introduces
critical vulnerabilities such as lack of architectural rigor, traceability, and data provenance to name a
few. While frameworks for inter agent communication and with external tools such as Agent2Agent
(A2A), Model Context Protocol (MCP) and more recently to standardise knowledge for agents such as

Knowledge Graphs and Model-driven Systems Engineering (KGMDSE), in ISWC 2026 Workshops Joint Proceedings, October 25-26,
2026, Bari, Italy

*Corresponding author.

& sangeeth-saagar.ponnusamy@airbus.com (S. s. Ponnusamy); carsten.strobel@airbus.com (C. Strobel)

® 0009-0001-5389-4437 (S. s. Ponnusamy)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
B


mailto:sangeeth-saagar.ponnusamy@airbus.com
mailto:carsten.strobel@airbus.com
https://orcid.org/0009-0001-5389-4437
https://creativecommons.org/licenses/by/4.0/deed.en

Open Knowledge Format (OKF) do exist, a systematic approach to definition of agents is still an area to
be explored [1].

On the other hand there have been many discussions on ontology driven agents, for instance [2],
which focus mainly on exploitation of ontologies by agents, or generation of ontologies by agents
such as in [3, 4], however there has not been adequate focus on systematically defining agents using
ontologies or any other model based methodologies to the best of our knowledge. Ontologies for agentic
Al have been discussed in [1, 5], however these studies tend to focus on building a well defined ontology
for agents whereas for practical deployment in industry such ontologies need to be anchored within
existing MBSE approaches to ensure consistency and coherency in overall design and development
workflows. While there have been discussions on MBSE for Agent Based Modeling (ABM) in general
such as in [6], they seldom cover agents driven by Al approaches such as LLM or Reinforcement
Learning.

MBSE applies modeling at different stages of development cycle to support requirements, design, anal-
ysis, verification and validation by establishing "Single Source of Truth" through its three interconnected
pillars of modeling language, tool, and method [7, 8]. In order to implement MBSE, language such as
SysML [9] along with methodologies such as RFLP [10], ARCADIA [11], MOFLT [12] supported by tools
such as CAMEO etc are commonly employed. These methodologies traditionally segregate problem and
solution space thereby enforcing traceability between different layers of abstraction. On the other hand,
ontologies which provide formal, machine-interpretable semantics and query capabilities, provide a
flexible and complementary approach for SysML based MBSE.

Ontologies for MBSE have been discussed widely in literature [13], for example, Requirements,
Functional, Logical, and Physical (RFLP) ontology [10], Structure-Behavior-Function (SBF) ontology
[14] and its extended SBFIO variant (incorporating Interfaces and Operating modes) [15] to name
few. Specifically, RFLP ontology bridges requirements engineering with multi-tier architectural design,
capturing domain-specific concepts alongside standardized foundational ontologies like QUDT [16] for
unit and dimensional modeling. RFLP for ABM, specifically, Reinforcement Learning (RL) agents, were
discussed in [17] and this paper generalizes it to different class of agents, specifically LLM agents.

In order to ensure consistent development of artifacts downstream, template-based Model-to-Text
(M2T) transformation within Model-Driven Engineering (MDE) which generates templates in the
target development environment is employed either with classical methods or more recently with
Al-augmented methods [18, 19, 20, 21]. However, an approach to generate templates for Al agents
particularly exploiting knowledge graphs is found to be lacking and in this paper this will be addressed
briefly.

3. Ontology

An Ontology, as defined in [22], provides a framework for organizing domain specific knowledge
by defining entities and relationships between them which helps foster standardized communication
among stakeholders. When applied to MBSE, ontology provides context and consistency with models
accurately depicting elements and their relationships within complex systems [13, 23]. Such a structured
representation supports analysis, and reasoning related to system properties, for example, it enables
logical deductions and inference with reasoners such as [24], complex querying with SPARQL language
[25]. The following section briefly discusses the RFLP system engineering ontology, followed by an
agent ontology and the integration between them.

3.1. RFLP ontology

Requirements, Functional, Logical, and Physical (RFLP) ontology establishes a multi-layered taxonomy
that bridges abstract engineering intent with physical hardware implementations [10]. Though there
exists more detailed variants such MOFLT, R-MOFLT which addresses Mission, Operations etc, in this
study, for the sake of brevity it is restricted to RFLP. In essence, this ontology has the following concepts,



« Requirements Layer (R): Captures high-level operational intent, stakeholder specifications,
and constraints usually expressed in natural text (e.g., “The system shall trigger a low-altitude alert
when the measured altitude drops below 1,000 ft”).

« Functional Layer (F): Defines behavioral logic and state transformations independent of
software or hardware implementation (e.g., the function Compute Low-Altitude Alert, which
continuously evaluates the condition Altitude < 1000 ft to set an alert status).

« Logical Layer (L): Models abstract system architectures, software components, and internal
data flows without binding to specific implementation (e.g., the logical software component Flight
Warning System passing an abstract boolean signal Sig Alt Alert across an internal software
interface).

- Physical Layer (P): Specifies how the logical layer, L is implemented, usually encapsulates
concrete hardware topologies (e.g., the physical Flight Computer broadcasting the alert over
ARINC-429 Label L, Bit B).

Such concepts have relationships between them and across layers, for example, allocation relations
map architectural entities to their behavioral specifications, asserting that a given system performs
a designated function. Such relations are formally expressed as a tuple (Logical, Performs, Function)
and by Description Logic (DL) axioms [26]. Consequently, automated DL reasoners can derive implicit
semantic classifications under the Open-World Assumption (OWA) while constraint validation languages
like SHACL [27] can help enforce safety critical requirements, such as multi-allocation across dissimilar
physical architectures (CriticalFunction & FallocatedTo.Sysp,y,,, [ JallocatedTo.Sysg, ). The
ontology, modeled in Protégé tool [28], is illustrated in the Figure 1, though there exists other concepts
and relationships, for the sake of clarity they are not shown.
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Figure 1: RFLP Ontology
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In addition to providing a basis for agent definition in MBSE context, it may be seen from such an
ontology that in an agentic workflow, particularly with multi-agents, individual agents could navigate
inter-layer trace links (R — F' — L — P). For instance, a requirement agent operates on R, delegates
formal observer compilation to F', maps abstract signal interfaces in L, and grounds final telemetry
parameters in P. Such a structured traversal may reduce semantic drift, and improves end-to-end
traceability required for human auditing and validation in a MBSE context. The next section discusses
a preliminary agent ontology, which leverages standard concepts from LLM and RL agents domain.



3.2. Agent ontology

At its core, an agent is formalized as a goal-oriented entity operating within defined operational
boundaries. An agent continuously pursues an explicit objective (Goal) managed by an internal
reasoning engine (Reasoning Engine) and persistent context (Memory). It perceives and acts upon its
environment through mathematically constrained observation (Observation Space) and action (Action
Space) spaces [29], exchanging typed data payloads (Trace) across strictly defined boundary interfaces
(Interface) and autonomously invoking external solvers or API wrappers (Tool). An agent may be
deterministic, rule-based symbolic agents or probabilistic, data-driven neural agents (e.g., LLM planners
or RL policies) or may combine both as neuro-symbolic agents. Though this paper focuses predominantly
on LLM agents and RL agents to an extent, the underlying approach may well be suited to different
classes of agents as well. A representative Figure 2 is shown below for illustration where some of the
relationships can be seen.
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Though a one-to-one mapping between different classes of agents may not exist, it is worth pondering
similarities that might help in leveraging them to define them in a coherent manner. For example, An
agent’s Interface formalizes its operational boundary by mapping observation space S to action space
A. This manifests as temporal trace with bounds [Xpin, Xmax] C R"™ for reinforcement learning agents,
and as discrete token trace V¥ governed by structured schemas such as Pydantic for language agents.

3.3. Integration

An overview of the mapping between RFLP and agent ontology is discussed in this section. A rep-
resentative set of relations between the agent and RFLP ontology is shown in the Table 1. It may be
seen that at the requirements layer (R), functional requirements R, € R map via the predicate
definesGoal to formal agent objectives g € Goal, while non-functional constraints Ryon-fune € R
bound the agent’s observation space S and action space A. At the functional layer (F), abstract
system functions F' € F are allocated to operational capabilities s € Skill executed within cogni-
tive phases ® € {Sense, Decide, Act} C ExecutionPhase, with functional data flows fi, € Input and
fout € Output. These are then allocated to the logical layer (£), where structural components L € £
map to logical agents A € Agent and its corresponding I € Interface typed by Tchema or bounded state
vectors [Smin, Smax] C R™. At the physical layer (P), logical agents are realized by physical software
P € PhysicalSoftware instantiating concrete computational engines &2 € ReasoningEngine such as LLM
or RL with typed physical interfaces specifying interface Type € {application/json, ‘float’...}. Similarly
other relations such as composedOf, refines etc are defined as well among the entities. Such a definition



Mapping between RFLP and Agent Ontologies

RFLP Relation Agent
Requirement definesGoal Goal
BehavioralRequirement | boundsObsSpace | ObservationSpace
BehavioralRequirement | boundsActSpace | ActionSpace
FunctionalElement executesSkill Skill
FunctionalElement decomposesPhase | ExecutionPhase
FunctionalBehavior definesStrategy PlanningStrategy
LogicalElement allocatedTo Agent
Logicallnterface contractsinterface | Interface

Flow definesTrace Trace
PhysicalSoftware realizesEngine ReasoningEngine
PhysicalService deploysTool Tool

establishes a rigorous end-to-end structural traceability, verifiable interface contracts, and integration
of heterogeneous Al agents into complex systems.

In the next section, how the constructed knowledge graph could be exploited to build model templates
is briefly discussed.

3.4. Template generation

In order to bridge specification and its implementation, in the MDE paradigm, model templates with
predefined interfaces are usually generated in the target development environment. In addition to
standardised definition, such an approach may guarantee propagation of any interface definition updates
in the master model to the generated code artifacts while preserving overwriting user-defined logic.
Extending these paradigms to generative Al and multi-agent systems ensures that formal architectural
contracts directly govern execution wrappers, such as Pydantic schemas for LLM agents or Gymnasium
[29] templates for RL agents, maintaining traceability across layers. An approach to such a template
generation has already been discussed in [17] for RL agents in Gym environment, in this paper it has
been extended to LLM agents by generating templates in adk environment.

In our ongoing study, using SPARQL queries, system specifications including behavioral personas
(Persona), skills (Skill), memory allocations (Memory), tool bindings (Tool), and interface contracts
(Interface) are programmatically extracted from the unified RFLP model. A template engine transforms
these SPARQL query results into runtime components: agent templates with Pydantic schemas enforcing
structured input/output bounds for LLM agents, Gymnasium Box spaces defining observation arrays for
RL policies. This model-driven pipeline potentially eliminates manual boilerplates, and helps improving
deployment consistency along the development cycle.

4. Example

In order to demonstrate the feasibility of our approach, a simplified drone navigation case study is
taken. The drone is assumed to have two levels of navigation modes, namely, strategic and tactical.
While the former addresses high level navigation tasks such as mission and path planning, the low level
tactical mode is meant for dynamic deconfliction maneuvers and path following. A human controller
could guide the drone with natural language commands such as ‘Go to zone A, loiter for T minutes and
then return to base’ which would then be interpreted by the high level LLM agent. This agent which
has access to MCP tools such as get_maps, plan_path would supply the path to the lower level RL based
controller.

In this example, system requirement Ry namely ‘autonomous search and recovery in hazardous
terrain’, is first defined, followed by functional allocation ‘tactical search planning’ function F; which
in turn decomposed into low-level ‘dynamic control’ function F». At the logical layer, F; is mapped to



a logical ‘Mission Planner’ L1, while F» is mapped to a logical ‘Flight Controller’ Lo. At the physical
allocation layer, L is allocated to a LLM agent, A1 operating over a semantic interface, I; defined
by a pydantic schema. Conversely, Lo is allocated to a RL agent, A2 operating over a signal interface
I5. Such a mapping could help mitigate the problem of ad-hoc agents integration into formal MBSE
artifacts and thereby potentially improving architectural traceability with clearer interface contracts.

Let us take a second example of Interface definition and refinement. Initially, the LLM agent, A1l
processes unstructured natural language operator requests and yields through its interface a validated
typed output Ap = (c, Drarget dstandott)> Where ¢ € C denotes the discrete command mode, Drarget € R3
specifies target spatial coordinates, and dgstandof € [dmin, dmax) enforces a bounded standoff distance
limit. Such an interface definition is refined further to define RL agent A2’s signal interface which
then maps to target reference setpoints into the RL agent’s observation space Sgr, C [Smin, Smax] C R”.
The agent A2 operating over this bounded state space, its decide loop i.e. policy outputs a continuous
actuator control vector a € Ary, C [amin, amax] C R, which is also constrained by physical motor
voltage bounds [Viin, Vmax|. Such a hierarchical interface refinement establishes better control and
traceability across the development cycle of agents of their Interface Control Documents (ICD).

Though the application case is limited in its scope, applying this ontology-based MBSE framework
does demonstrate some of the empirical advantages: First, it establishes end-to-end vertical traceability,
explicitly linking high-level safety constraints—such as an obstacle separation requirement— to its low-
level implementation. Second, querying via SPARQL potentially allows, for example, system architects
to run automated impact analyses that could identify which requirements and test cases are affected
when swapping or retraining an underlying agent. Third, reasoners perform automated design-time
consistency checks by evaluating class and property restrictions; for example, the reasoner can catch
an operational boundary conflict where a strategic planner’s commanded velocity envelope (Vtarget)
violates the restricted property bounds of the low-level RL agent’s observation space. Such a semantic
integration helps to bridge high-level cognitive planning and low-level dynamic control within a single,
more formal and auditable MBSE framework.

5. Conclusion & outlook

A preliminary approach to agent definition via MBSE ontologies is discussed in this paper, and its
feasibility is demonstrated with a simplified drone case study. It provides a shared framework for
modeling both deterministic, physics-based components and probabilistic, Al-driven elements such as
agents at different levels of abstraction. Key challenges include the completeness and validation of this
ontology with stakeholders and its integration with existing methodologies and toolchains. Another key
challenge is to demonstrate the scalability of our approach without introducing significant additional
overhead. One avenue for future work includes leveraging the current SysML v2 paradigm [30] and
tailoring it for agent-based specifications. In addition, improving automated configuration template
translation tools from agent definitions in the target development environment may help bridge the
gap between model-based design and practical Al agent implementation.
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