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Abstract
Operating data-intensive applications across the cloud–edge–IoT continuum increasingly resembles a knowledge
engineering problem: stakeholders express what they want in natural language, while systems must decide how
to realize it over dynamic, heterogeneous, multi-owner infrastructures. We argue that intent handling should
be engineered as a model-driven transformation chain, from an underspecified natural-language request, to a
structured intent model, to an executable deployment model, to an explanation model, mediated at every step
by a knowledge graph acting as context graph. We present a reference conceptualization that operationalizes
this view, developed within a European research project on intent-based data operations: five interconnected
conceptualizations (intents, users, resources, applications, workflows) built by systematic reuse of the TM Forum
Intent Ontology, FOAF/ORG, SOSA, and W3C PROV, in which the agentic AI components performing the trans-
formations (a conversational front-end, a translation component, and an explanation component) are themselves
first-class citizens of the model. We report an experience-based validation in a real smart-manufacturing scenario,
where an LLM-based agent equipped with graph-querying tools resolved ten underspecified user intents into
container deployment decisions: measured against ground-truth deployment sets, the pipeline achieved perfect
precision and recall on all intents, including intents that were textually identical across users but required different
resolutions, and infeasible intents that had to be recognized as such. The results support our central claim: in
intent pipelines, the knowledge graph is the component responsible for ensuring correctness.
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1. Introduction

The computing continuum, the coordinated use of cloud data centers, edge nodes, and IoT devices,
promises scalable, energy-aware, and low-latency data processing [1]. It also introduces an operational
complexity that traditional configuration-centric management struggles to absorb: resources are volatile,
geographically dispersed, owned by different organizations, and heterogeneous in capabilities and
constraints. As applications grow in scale and autonomy, asking human operators to reason at the level
of container images, node selectors, and API endpoints becomes unsustainable.
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Intent-based approaches respond to this pressure by inverting the interaction paradigm: stakeholders
declare desired outcomes, performance envelopes, privacy or cost constraints, sustainability preferences,
and the system takes responsibility for interpretation and operationalization. The recent maturation of
Large Language Models (LLMs) has made the natural-language entry point of this paradigm practically
viable [2], and intent-based networking has already produced industrial-grade artifacts such as the
TM Forum Intent Ontology (TIO) [3]. Yet, outside networking, and in particular for data operations
across the continuum, the paradigm remains underexplored.

Our goal is to show that intent handling is, at its core, a form of model-driven engineering: the
lifecycle of an intent—elicitation, disambiguation, enrichment, translation, execution, and reporting—is
a chain of model transformations. What distinguishes it, is that (i) the source model is an informal
natural-language artifact, (ii) the transformations are increasingly performed by LLM-based agents
rather than deterministic transformation engines, and (iii) the “platform model” (the continuum) changes
underneath the transformation at runtime. A knowledge graph is the natural mediating artifact that
makes this chain traceable, verifiable, and explainable.

This paper presents:

• a reading of the intent lifecycle as a four-model transformation chain in which a knowledge
graph mediates every transformation (Section 3);

• an ontology view on intent-based data operations in the cognitive computing continuum [4, 5]
organized around five interconnected conceptualizations, in which the agentic components
performing the transformations are modeled as first-class citizens with explicit delegation and
provenance (Section 4);

• an experience-based validation in a real smart-manufacturing scenario, in which an LLM-based
agent grounded on the instantiated knowledge graph resolves ten underspecified user intents
into container deployment decisions, evaluated against ground truth with precision and recall
(Section 5).

This work identifies a concrete role for ontologies beyond data integration: transformation context
that grounds and constrains what LLM-based components may infer.

2. Background and related efforts

Intent representation. The most mature line of work on intent modeling comes from network
management. The TM Forum Intent Ontology [3] decomposes an intent into expectations (desired
outcomes), targets (the subjects the intent applies to), and conditions (the constraints under which
fulfillment is acceptable), and pairs intents with intent reports that document fulfillment. Knowledge-
graph-enabled architectures have combined this style of intent modeling with digital twins of the
network, so that intents, network state, and policies coexist in a single graph and can be validated
before deployment [6, 7]. Other efforts focus on the natural-language side of the problem, refining
free-text requests into structured tuples or RDF graphs and mapping them onto SDN-style APIs [8, 9], or
applying rule-based reasoning to translate declarative intents into concrete configurations [10]. These
works demonstrate the feasibility of intent translation, but they are largely confined to the networking
domain and rarely treat the translation pipeline itself as a first-class modeled artifact.

Semantic models for the continuum. A complementary body of work provides ontologies for
cloud–edge–IoT infrastructures: semantic descriptions of computational resources and IoT devices for
fault handling [11]; ontology-assisted service placement with energy and network constraints [12];
semantic layers over deployment topologies (e.g., TOSCA-based) for matchmaking and validation [13];
QoS-aware models for hybrid edge environments [14]; and marketplace-oriented models for multi-cloud
service selection [15, 16]. These models are rich on the resource and deployment side but tend to treat
requirements as already formalized inputs: the human stakeholder, their goals, and the process by
which vague goals become precise specifications remain outside the model.



Figure 1: Intent handling as a context-graph-mediated transformation chain.

The gap. What is missing, in our reading, is a semantic model that has an impact both on users,
roles, permissions, goals expressed in natural language and on the resources, applications, deployments,
that also models the components that interpret, translate, and explain intents. This is simultaneously
a knowledge representation problem (what should the knowledge graph contain?) and a systems-
engineering problem (how are transformations specified, validated, and traced?).

3. The intent lifecycle as a model transformation chain

Consider a single request in an industrial setting: “I want to analyze possible leakages in my production
process.” This sentence does not mention any specific machine, monitoring service, software component,
or deployment location. However, an intent-based system must translate it into a concrete operational
decision, such as: deploy the containers implementing the energy-monitoring service on the edge node
attached to machine MA-01.

We interpret this process from a model-driven perspective, as a chain of four models connected by
three transformations:

1. NL intent. The user’s request in natural language, stored together with the relevant conversa-
tional context.

2. Structured intent. A machine-readable intent expressed according to an intent metamodel. The
transformation from (1) to (2) performs disambiguation and enrichment: it resolves expressions
such as “my machine” into concrete identifiers, infers the intended service category from the
described problem, and asks for missing information when needed.

3. System intent / deployment model. An executable specification describing which applications
and containers must be deployed, where they must run, and under which constraints. The
transformation from (2) to (3) performs operationalization: it matches the intent requirements
with resource capabilities, service–machine compatibility, and user permissions.

4. Intent report. A structured explanation of how the system interpreted the intent and why it
was, or was not, fulfilled. The report is organized around expectations, conditions, and targets.
The transformation from (3), together with execution logs, to (4) performs explanation generation
and provides feedback to the stakeholder.

Figure 1 summarizes this process and highlights the role of the context graph in supporting each
transformation. Two observations follow. First, every transformation in this chain depends on
context. Disambiguation requires information about which machines the user owns. Operationalization
requires machine types, service compatibility, container requirements, and current resource properties.
Explanation requires the full derivation history. In classical MDE, this context is typically captured
in metamodels, transformation rules, and trace models. In the intent setting, it should be represented
in a knowledge graph instantiated from a shared ontology—a context graph. The graph is not only
documentation about the system; it is an operational input to every transformation and, at the same



time, the place where each transformation records its traces. Second, the transformation engines
are increasingly agent-based. The steps above are often performed by LLM-based components,
such as a conversational agent, a retrieval-augmented translator, and a multi-agent explainer. Unlike
deterministic transformation engines, these components are stochastic and less transparent. This makes
the context graph even more important: it is the mechanism used to constrain what agents may infer
through grounding, record what they did through provenance, and verify whether the outcome satisfies
the intent through validation.

4. A reference conceptualization in five conceptualizations

The ontology we designed to operationalize this view is organized around five interconnected conceptual-
izations; deliberately, none of them is sufficient alone, and the value lies in their explicit interconnection.

Intent conceptualization. Intents are modeled by direct structural reuse of the TM Forum Intent
Ontology: each intent carries expectations, targets, and conditions with their original semantics, which
keeps the model interoperable with existing TMF-based tooling [17]. Our extensions do not touch the
internal anatomy of an intent; they contextualize it. An intent is linked to the resources and applications
it concerns, to the manager components that handle it, and through derivation links to the sub-intents
it is refined into.

User conceptualization. Stakeholders, like production managers, technicians, developers, adminis-
trators, but also organizations, are modeled by reusing lightweight identity vocabularies (FOAF [18]
for persons and agents, the W3C Organization ontology [19] for collective actors). Users carry roles
and permissions that bound which intents they may express and which resources those intents may
touch. Permissions are thus not an afterthought enforced at deployment time, but part of the context
consulted during intent interpretation.

Resource conceptualization. Continuum resources are aligned with SOSA’s notion of platform [20],
an entity that hosts other entities, capturing the hosting role of cloud, edge, and device nodes, while
dynamic characteristics (throughput, availability, connection density, latency) are modeled as observable
properties monitored at runtime. A pragmatic distinction separates business resources (shared infras-
tructure, governed by organizational policies and permissions) from customer resources (user-owned
devices and industrial machines).

Application conceptualization. Applications are the executable means by which intents are fulfilled.
We align them with PROV activities [21]: they occur over time, use resources, generate data products,
and are associated with the agents that triggered their deployment. Applications carry lifecycle status
and performance-related properties (latency, bandwidth requirements, acceptable packet loss) so that
intent conditions can be matched against application capabilities during operationalization.

Workflow conceptualization. The most distinctive choice is that the translation machinery itself is
part of the model. A workflow aggregates four components:

• a chatbot, which supports dialogue-based disambiguation and elicitation;
• an adapter, which translates clarified intents into system intents and is implemented as a

retrieval-augmented multi-agent pipeline;
• an explainer, which generates intent reports from intent hierarchies, conversations, and execu-

tion logs;
• a business knowledge component, which provides the knowledge graph store together with

query and update capabilities.



Each of the agentic components is modeled as a PROV software agent acting on behalf of the user.
Modeling the machinery turns the pipeline from an opaque implementation detail into an inspectable
engineering artifact.

5. Validation in an industrial scenario

We validated the approach in a real scenario provided by an industrial partner of the project: an
international machine-engineering company whose customers operate high-tech production machines.
Machines can be equipped with digital services like production-data recording, machine-state reporting,
energy tracking, KPI analysis, alarm analysis, machining-program history, G-code analysis, tool-wear
monitoring, each implemented as a set of software components requiring specific containers. Which
services run on which machines depends on the machine type; which containers a component requires
depends on the (component, machine-type) pair. Knowledge about machines, services, components,
containers, and users exists partly as structured data and partly as textual documentation.

Instantiating the five-conceptualization conceptualization on this scenario is direct: production
managers and technicians are users with permissions scoped to their production lines; their machines
are customer resources; edge servers and cloud instances are business resources; services, components,
and containers are applications with lifecycle status; user requests are intents with expectations (e.g., per-
formance targets), targets (machines, services, actions), and conditions (time, resource, cost constraints);
the chatbot–adapter–explainer triad and the knowledge store constitute the workflow. The resulting
knowledge graph encodes, among other relations, user-to-machine ownership, machine-to-service
compatibility, service-to-component composition, and component-to-container requirements: exactly
the traversal paths needed to resolve an underspecified intent.

5.1. Experimental setup

Realistic user requests are short and underspecified: users rarely mention machine identifiers, IP
addresses, or service names, especially when they own a single machine. We therefore evaluated the
pipeline on ten user-centric intents expressed by three distinct users, deliberately including (i) intents
with no explicit machine or technical parameter (e.g., “I want to analyze possible leakages” ); (ii) intents
that are textually identical or near-identical across users but must resolve differently because the users
own different machines; and (iii) intents that are infeasible for the requesting user’s machine and must
be recognized as such rather than force-fitted to a deployment.

The pipeline was implemented as a ReAct-style agent built with DSPy [22], powered by a compact
commercial LLM and equipped with two tools querying the knowledge graph: one retrieving service
descriptions, the other retrieving the containers needed to deploy a given service on the requesting
customer’s machine. For each intent, the ground truth 𝐺𝑇 is the set of containers strictly necessary to
fulfill it, derived from the compatibility and requirement relations of the scenario; the workflow output
𝑊𝑂 is the set of containers the agent decided to deploy. We evaluate the workflow output against the
ground truth using precision and recall over the selected container sets.

Table 1 reports, for each intent, the requesting user, a paraphrase of the request, the cardinalities of
ground truth and workflow output, and the resulting precision and recall. The three users are denoted
as U1, U2, and U3. User U1 owns one machine (MA-01), U2 owns two machines (MA-02 and MA-03),
and U3 owns one machine (MA-04). The pipeline achieved perfect precision and recall on all ten intents,
including the two infeasible ones (intents 7 and 9), for which it correctly deployed nothing.

5.2. Discussion

Three aspects of these results are worth stressing beyond the aggregate scores.
Identical requests, different resolutions. Intents 4 and 5 differ only in the referenced machine, and

intents 1 and 2 express the same underlying goal for different users; however, the correct container sets
differ substantially (from 4 to 12 containers), because each user owns a machine of a different type with



Table 1
Evaluation on the ten user-centric intents of the industrial scenario. |𝐺𝑇 | and |𝑊𝑂| are the cardinalities of the
ground-truth and deployed container sets; container identifiers are anonymized. Intents 7 and 9 are infeasible
for the requesting user’s machine and must yield an empty deployment.

# Intent (paraphrased) User |𝐺𝑇 | |𝑊𝑂| Prec. / Rec.

1 Analyze possible leakages U1 8 8 1.0 / 1.0
2 Leakage suspected on machine MA-02; analyze the process U2 12 12 1.0 / 1.0
3 No machining-program change should go unnoticed on MA-02 U2 13 13 1.0 / 1.0
4 Replace tools based on their condition (MA-02) U2 8 8 1.0 / 1.0
5 Replace tools based on their condition (MA-03) U2 4 4 1.0 / 1.0
6 Optimize the G-code on machine MA-03 U2 5 5 1.0 / 1.0
7 Optimize the G-code (no machine specified; infeasible) U1 0 0 1.0 / 1.0
8 Deploy the machine-state service U1 2 2 1.0 / 1.0
9 Detect vibrations in my machine (infeasible) U3 0 0 1.0 / 1.0
10 Many messages on my machine; analyze them all U3 1 1 1.0 / 1.0

a different compatibility profile. The agent produced the correct and distinct deployments in each case.
The disambiguating information like ownership, machine type, and service compatibility was available
to the LLM only through the knowledge graph: this is the empirical core of our claim that the context
graph, not the language model, carries the burden of correctness.

Infeasibility as a first-class outcome. Intents 7 and 9 request services that are not available for the
user’s machine. The agent correctly returned an empty deployment instead of selecting an unsuitable
service. This was possible because the decision was grounded in the compatibility relations stored in
the knowledge graph.

Scope and threats to validity. The evaluation involves a single (real) scenario, ten intents, and one agent
configuration; the perfect scores should be read as evidence of feasibility on a realistic but bounded
task, not as a general performance claim. The compatibility structure of the scenario, while genuinely
industrial, is discrete and fully known; noisier settings (drifting resource properties, partially unknown
compatibility) will stress the pipeline differently. Moreover, precision/recall over deployment sets does
not measure the quality of the disambiguation dialogue or the faithfulness of the generated explanations,
which require dedicated evaluation instruments.

6. Future works

Our experience suggests three lessons for future work.
(1) Explicit checks for agentic transformations. In our scenario, the compatibility relations in the

graph worked as checks on the adapter’s output: the agent should only produce deployments that are
compatible with the selected machine. This idea could be made explicit, for example by using SHACL
shapes as pre- and post-conditions over the intent graph, and competency questions as acceptance tests.
In this way, LLM-based transformation steps could be verified automatically, instead of relying only on
whether they happen to produce the correct result.

(2) Enterprise models as additional context. Some intents in our scenario refer implicitly to business or
production processes, such as “my production process”. These processes are often already described in
enterprise models, for example in BPMN diagrams or similar notations. Connecting intent ontologies
with goal and process modeling languages would make these existing models useful sources of context
for intent interpretation.

(3) Continuous satisfaction of intents. Our evaluation considers each intent at one point in time.
However, the computing continuum changes continuously: nodes can fail, latency can vary, and
services can be redeployed. For this reason, the context graph should be kept synchronized with the
current state of the system, for example using digital-twin-style mechanisms. Intent reports should also
be updated when conditions change, so that the system can explain whether an intent is still satisfied



over time.

7. Conclusions

We presented an ontology-mediated approach to intent-based data operations in the computing contin-
uum, framed as a model-driven transformation chain in which a knowledge graph serves as the context
that grounds, constrains, and traces every transformation, including those performed by LLM-based
agents, which the model reifies as software agents with explicit delegation. The validation on a real
smart-manufacturing scenario shows that the approach resolves underspecified, ambiguous, and even
infeasible user intents into correct deployment decisions, with perfect precision and recall on the
evaluated intent set, precisely because the decisive knowledge resides in the graph rather than in the
language model. We believe that intent ontologies are a useful starting point for connecting knowledge
graphs with agentic AI systems. They help structure user goals and system decisions, while knowledge
graphs provide the runtime context needed to ground, validate, and explain those decisions.
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