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Abstract

Advances in the Semantic Web and the Web of Things have enabled the dynamic advertisement of interaction
descriptions, which allow autonomous agents to discover and reason about actions in hypermedia environments.
However, these descriptions occasionally fall short in open, dynamic settings—for example, they may contain
incomplete knowledge about unexpected situations, or information that does not directly address the needs of
heterogeneous agents. In practice, such gaps are typically bridged by humans, often relying on their common
sense. In this paper, we envision the integration of Large Language Models (LLMs) into Hypermedia Multi-Agent
Systems (MAS) to leverage their world knowledge to fill information gaps at run time and enable scalable support
for agent interaction in open and dynamic hypermedia environments. Our proposal lays the groundwork for
a framework that considers LLM-based assistive functions for interaction in Hypermedia MAS, enabling the
parameterisation and contextual grounding of interaction, methods for agents to leverage this assistance, and
safeguards to ensure integrity and transparency. With these ideas, our aim is to inspire further research exploring
the extent to which LLMs can assist in managing semantic descriptions in hypermedia environments at run time,
while balancing scalable interaction assistance with identified challenges.
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1. Introduction

Research in the Web of Things (WoT) has enabled the semantic representation of possible actions using
Semantic Web technologies. These representations allow autonomous agents to discover, reason about,
and execute actions in hypermedia environments. They are referred to as signifiers [1], to highlight their
role as interaction cues—guiding agents by providing easily discoverable and meaningfully interpretable
information about available actions. The use and design of signifiers is being explored in Web-based
Multi-Agent Systems (MAS), for example through the adoption of W3C WoT Thing Descriptions
(TDs) [2], as well as through extensions to TDs or custom approaches adapted for specific agent-
processable representation formats, models, reasoning mechanisms, or domains (e.g., [3, 4, 5, 6]).
However, agents still face challenges in effectively and efficiently navigating, observing, and reasoning
over a large number of signifiers, whose content may be tailored to different agents or frequently updated
to reflect the dynamic action availability and context of physical-virtual settings. To address this, various
assistive services and methods have been proposed, e.g., for search, resource and context monitoring,
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filtering, planning, context-aware interaction authorisation, and semantic content negotiation [1, 7, 8, 9,
10, 11, 12, 13, 14, 15, 16, 17]. Many of these approaches rely on deterministic methods (e.g., reasoners,
SHACL validation), providing predictable and transparent assistance to agents. However, they may
fail in cases where agents encounter unfamiliar vocabularies, evolving ontologies, or incomplete and
ambiguous contextual information. In such cases, human designers must intervene, drawing on their
domain understanding and common sense to bridge these gaps—for example, by enriching signifiers
with additional content or updating them to address new requirements.

Recently, the reported world knowledge of Large Language Models (LLMs) has led researchers to
explore their potential in areas such as ontology and knowledge graph engineering [18, 19], Web
navigation assistance and search for agents [20, 21, 22], relating actions with objects and effects for
robots [23], and recommending actions as part of the reasoning cycle of Web-based agents [24]. In this
context, we propose further exploring such functionalities to investigate the extent to which LLMs could
assist in guiding agents’ actions on the Web. This vision is illustrated through a scenario that highlights
challenges agents may face when discovering and reasoning about actions in semantic hypermedia
environments—challenges that often require world knowledge to resolve (see Section 2). Building on
this, we propose a set of LLM-based functions within a conceptual framework for scalable, LLM-assisted
interaction among people and autonomous agents on the Web (see Section 3).

2. Motivating Scenario

To motivate this work, we present a scenario for using devices in an open, dynamic hypermedia
environment, which highlights the challenges autonomous agents face in perceiving action possibilities
and deciding how to act in such settings. A smart office building uses agents to optimise the working
environment based on the ambient conditions (e.g., room lighting conditions, time of day) and the
current activities of human inhabitants. One specific activity is to work on a document within a personal
space (e.g., on a personal laptop or e-ink reader). Agents can perceive the environment and infer the
ongoing activities in the environment. Additionally, the office building provides agents with several
actuators, such as those for controlling the lighting and window blinds. In the current context, an
agent identifies the goal of changing the room illuminance level to optimise reading conditions. Several
representative failure cases (C1-C7) illustrate the potential gaps in semantic, procedural, or contextual
knowledge available at run time, which may prevent the agent from achieving its goal.

C1 Action Mismatch: The agent is aware that room illuminance can be increased using a
sarefd4bldg:Lamp with the saref:0nCommand action. However, the device description exposes
the action schema:ActivateAction. If the agent does not understand that these two actions are
semantically and functionally equivalent, the agent will fail to achieve its goal.

C2 Functional Substitutability: During daylight hours, the agent may increase the illuminance
by opening the window blinds (saref4bldg:ShadingDevice); for example, using the action
saref :OpenCommand. However, to do this, the agent needs to recognise alternative actions that
can achieve the same goal, and needs to be able to evaluate their suitability in the current context.

C3 Goal-Action Mapping: The agent has adopted the goal of increasing the illuminance in the room,
but cannot identify any available relevant action, and thus the goal fails.

C4 Contextual Misalignment: The agent’s goal is to facilitate optimal reading conditions given the
device used for the activity. If an emissive device is used (e.g., a tablet), then lighting conditions
should be low; conversely, they should be greater when using a reflective device (e.g., an e-ink
reader). Thus, failing to infer the correct context may result in the wrong action being performed.

C5 Device Operation Gap: The lamp exposes two actions: saref : OnCommand for turning on the lamp,
and saref:SetLevelCommand for adjusting the lamp’s brightness. The agent is only aware of
the former action that, when used in isolation, fails to provide sufficient illuminance.

C6 Action Mediation: The agent has the procedural knowledge to combine saref : OnCommand with
saref:SetLevelCommand to set a lamp’s brightness to a specific level expressed in dbpedia: Lux.
However, the device expects the brightness input as a dbpedia:Percentage. Mediation is needed
to convert a dbpedia: Lux value into the equivalent dbpedia:Percentage for that device.
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C7 Goal Mediation: The agent implements the Belief-Desire-Intention (BDI) model, and its goal is
represented internally through the increase(illuminance) predicate. However, the lamp offers
a saref :0nCommand action that is associated with the goal of increasing illuminance in natural
language through an rdfs:comment. As the agent cannot interpret natural language, mediation
is needed to map this action to its goal.

3. Towards a Framework for LLM-based Interaction Assistance in
Hypermedia MAS

We envision a conceptual framework for leveraging LLMs to support agents in perceiving and exploiting
actions in Hypermedia MAS, identifying the key functional roles of LLMs (e.g., curating Web ontologies
and signifiers), and examining the knowledge sources needed for contextual grounding, the integration
options of LLM-based functions in Hypermedia MAS, and the safeguards for ensuring semantic integrity
and reliability. The core elements explored in each selected topic are captured in Figure 1.

3.1. LLM-based Functions for Interaction Assistance

We propose investigating a set of LLM-based functions as potential enablers to assist agents in addressing
interaction challenges, as identified through cases C1-C7 of our motivating scenario (Section 2). These
functions could be implemented following a general template: a function takes as input a set of
parameters relevant to the specific problem it is designed to address (e.g., the URIs for saref : OnCommand
and schema:ActivateAction in C1). Using these parameters, the function then constructs a prompt
that frames the problem for the LLM, typically in the form of a targeted question (for example, “Do
the following semantic annotations refer to the same concept?”). This prompt may also incorporate
domain-specific context, such as Web ontologies or (parts of) knowledge graphs, serialised into a textual
format suitable for language model input (e.g., using Turtle [25] or JSON-LD [26]). The output of the
function is derived from the LLM’s response, with optional post-processing applied as necessary.

A function may rely on specific techniques and workflows for prompting LLMs. For example, chain-
of-thought prompting allows an LLM to consider its reasoning traces when deriving an output [27].
ReAct enables an LLM to perform sequences of reasoning, actions, and observations before deriving an
answer [28]. LLMs can perform actions using tools [29], which may provide additional information
to the LLM context [29]. The Model Context Protocol [30] facilitates tool usage and integrating LLMs
with data sources. Techniques like Retrieval Augmented Generation (RAG) augment LLMs with an
external memory (used during the prompt generation process) to enhance LLMs’ responses with factual
data [31]. In this context, RAG can be used, for example, to provide additional knowledge (e.g., as Web
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Figure 1: The core elements of our envisioned framework for LLM-assisted interaction in Hypermedia MAS.
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ontologies) that is not a function’s direct input but retrieved during the generation process. Ontologies

could provide natural language descriptions of concepts to help an LLM determine their meanings.
Considering the generic function template and state-of-the-art prompt engineering and orchestration

techniques, we examine the functional roles LLMs could play in assisting agents in Hypermedia MAS.

Ontology Construction and Maintenance: Ontology engineering, i.e. the process of designing
and maintaining structured representations of knowledge within a domain, is an active research area,
resulting in well-established methodologies and approaches [32, 33, 34, 35]. However, designing and
constructing such representations is a challenging and time consuming activity [36], and recently, the
use of LLMs to support the ontology engineering process has been explored. Specifically, the integration
of LLMs with traditional symbolic methods has been investigated, with results suggesting that they
can play a key role in knowledge engineering workflows and usher in a new phase of knowledge
representation that combines explicit and parametric knowledge [19, 37].

The ontology engineering life-cycle can be broadly split into 4 phases: 1) requirement elicitation
and analysis; 2) conceptualization; 3) implementation; and 4) maintenance; and the integration of
LLMs has been explored for each of these phases. The requirements analysis and elicitation phase has
garnered particular attention, largely due to its persistent susceptibility to the well-known knowledge
acquisition bottleneck problem [38]. Recent proposals include LLM-based conversational tools that
mediate the interactions between ontology engineers and domain experts [39], LLMs supporting text-
based approaches [40], the automatic re-engineering of ontology requirements for ontology reuse [41],
and extracting requirements from knowledge graphs [42] as well as concept/property—based generation
strategies [43]. LLMs have also been exploited to support other activities in the lifecycle, notably concept
and axiom definition, and taxonomy enrichment [44, 45], ontology validation [46] and population [47],
as well as the whole generation process [48]. Finally, particularly relevant for facilitating interoperability
in (Hypermedia) MAS, LLMs have been proposed as a way to align ontologies [49] and to support the
development of modular, reusable ontologies [50]. Research on Web-based MAS should thus remain
attuned to emerging LLM-based functionalities for key ontology engineering tasks such as concept
extraction, axiom generation, and ontology alignment. These could help identify equivalent concepts
across ontologies (C1) and goal-action alignments (C4), but also support commonsense reasoning about
action [51] through accurate commonsense ontologies, including procedural knowledge (C6).

Curation of Action Relations: These functions could identify and organise relationships between
actions within or across signifiers in a Hypermedia MAS. The goal is to inform agents about the meaning-
ful, useful, and valid ordering of actions, that remains up-to-date with features of the environment and
the abilities of target agents, as well as the general run-time context that may include: device and service
states; agent goals; tasks, etc. For example, a function could take as input the signifiers of a target artifact
(e.g., a URI that identifies the lamp description), generate a prompt to elicit appropriate action sequences,
and update the relevant signifiers by establishing links between them (e.g., between saref : OnCommand
and saref:SetLevelCommand in C5). Similarly, it could process signifiers of multiple artifacts to infer
inter-artifact action dependencies (C6); e.g., linking a signifier of a lamp to a mediator service. For
more goal-oriented assistance, the function could optionally accept a goal description to be linked to a
relevant signifier, e.g., in C3. LLM-based functions have the potential for curating relations between
interaction-related information in additional cases such as relating an action with one that reverses the
effects of the former (e.g., saref :0nCommand with saref:0ffCommand), and actions that monitor the
execution and effect of another (e.g., saref : OnCommand with saref : GetCommand).

Contextual Filtering and Recommendation: This class of functions filters irrelevant actions or
recommends the most contextually appropriate ones to help agents discover and reason about available
options while reducing the agents’ workload. This could be achieved by tailoring signifier exposure to
the run-time situation and characteristics of both agent and environment. The function could take as
input information about a target agent, such as through a URI identifying a profile that includes the
agent’s goals, actions, procedural knowledge, and related characteristics. In addition, the function should
retrieve signifiers from the environment. These different types of information would be used to generate
an LLM prompt that requests valid and relevant actions for the agent. Optionally, additional context
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(such as the current state of artifacts and other agents) could be incorporated to enhance relevance. These
functions could support the same cases as an action relation curation function, but without altering
the shared signifiers in the hypermedia environment. Instead, they would selectively expose signifiers
to target agents. For example, a function could consider the agent’s goal (C3), interaction history
(C5), and ability set (C6) from the agent’s profile to recommend actions such as saref : OnCommand,
saref:SetLevelCommand, and chameo:DataNormalisation, respectively.

Translation: These functions translate signifiers from one representation to another to accommodate
agents that differ in how they interpret and integrate signifiers to their cognitive processes. Such
a function could take as input a signifier to be translated, as well as information about the target
representation (e.g., as an identifier or a semantic description of the required format). The LLM could
use additional information about the different representation formats considered and how to get from
one to the other (e.g., information about how to translate a natural language description to a formal
representation in predicate logic if such a representation is possible). For example, this function could
assist in C7 by translating the natural language description of the goal associated with an action into
the format that the agent uses (e.g., predicate logic), which is provided to the LLM through the agent
profile. The agent could then decide whether the provided action can be used to achieve its goal.

3.2. Knowledge Source for Prompting and Contextual Grounding

Access to core ontologies is critical across all functional roles, as they provide the foundational vocabulary
for representing Hypermedia MAS and available actions. Integrating these into LLM-based functions
could enable more appropriate prompt interpretation and modification of signifiers or ontologies
themselves. Key ontologies include the W3C WoT TD Ontology [2], which enables defining signifiers
for properties, actions, and events with their parameters, and the the Hypermedia MAS (hMAS) Core
Ontology [52], which provides generic terms for agents, artifacts, workspaces, and organizations. It
also defines signifiers, which may offer recommendations regarding the context in which an interaction
should be enacted, and the types of agents best suited to perform it. The hMAS ontology may be valuable
for handling agent profiles in functions when information about a target agent is required, such as agent
goals in filtering and recommendation, or agents’ cognitive abilities in translation. It could also support
broader contextual grounding by leveraging profiles of other MAS entities. Additional vocabularies
could be used, e.g., for action pre- and post-conditions [4], goals [12], and context management [11].
For physical environments, scene graphs [53] could offer spatial-temporal representations of objects,
their visual (and potentially functional) similarities with other objects, and human intentions [53].
Beyond ontologies and descriptions that reflect the run-time state of a Hypermedia MAS, background
knowledge from commonsense resources could support LLM-based functions. General-purpose sources
like ConceptNet [54] and ATOMIC [55] offer broad commonsense knowledge, while more specialised
ones support physical [56] and social [57] common sense. Commonsense knowledge specifically for
interaction assistance could also be explored, e.g., through artifact stereotypes, similar to component
stereotypes [58], capturing behavioral expectations of artifact types based on their intrinsic characteristics
and roles in a system. Similarly, agent stereotypes could capture expectations for different agent types,
including typical goals, behavioral and cognitive abilities linked to specific architectures or roles.
Complementary to these, agent personas could provide detailed profiles of typical agents in a MAS,
including their procedural knowledge and preferences, to ground LLMs’ outputs in realistic scenarios.
In general, functions may process both unstructured and structured information, like natural language
descriptions, semantic descriptions (e.g., hMAS agent profiles [1]), and JSON documents (e.g., A2A Agent
Cards [59]). These may be retrieved at run time by functions, e.g., through input URIs. If ontologies are
used to describe such resources, these too could be retrieved by the function to support its processes.

3.3. Integrating LLM-based Assistance in Hypermedia MAS

Different approaches could be employed for integrating LLM-based functions into Hypermedia MAS,
with trade-offs for agents and the MAS as a whole. One approach is to integrate LLM-based functionali-
ties in existing agent architectures to support action resolution, the process of reasoning about whether
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an action is relevant and available, by resolving knowledge about abstract actions into executable actions
based on discovered signifiers [60]. For example, one architecture was proposed that combines planning
with LLMs to generates action recommendations when plans fail [24]. This tight integration ensures
full transparency and autonomy over when and how the LLM is invoked for interaction assistance,
including complete control of knowledge sources, prompt engineering, and contextual grounding.

LLM-based functions could also be offered as services in the environment that agents discover
and use. For example, the LLM-based navigation assistant in [21] is implemented as such a service,
taking a Wikipedia page URL and a target keyword, and returning action recommendations to agents
navigating Wikipedia. This approach offloads prompt engineering, contextual grounding, and resource
management to the service, which can evolve and be optimized independently, and potentially leverage
richer data sources and more advanced models. However, such services may not be specialized for the
specific needs of different agents, and they reduce control for the agent and its designer.

Additionally, the proposed LLM-based functions could be integrated into existing assistive services,
such as description directories [61, 62] and search engines [7], or services that offer similar functionalities
based on conventional methods, such as for ontology alignment. Extended with LLM-based functions,
such services could complement their core methods to more flexibly support cases where conventional
methods fall short by delegating to built-in LLM-based functions. For example, this could resolve failures
in rule-based Signifier Exposure Mechanisms [12, 1] for action recommendation. Such integration
would foster a more seamless agent experience on the Web, with the edge case of LLM-based assistance
becoming a default feature of Hypermedia MAS platforms (e.g., [10]). The decrease in transparency
and control should be mitigated by allowing agents to configure services and access explanations of
LLM-driven outcomes. Finally, LLM-based assistant agents should be explored to support through
agent-to-agent interaction, e.g., through protocols for negotiating ontological correspondances [63].

3.4. Integrity and Transparency Safeguards for LLM-based Interaction Assistance

Several challenges remain closely tied to ongoing research in ontology engineering that relies on hybrid
approaches that combine LLMs with traditional symbolic methods. Such approaches require validation
to address issues such as the trade-offs between expressivity and decidability [64], rigorously assess
techniques that incorporate LLM components [65], and confront challenges related to the limited
transparency of LLMs including concerns about reliability and reproducibility [66]. Web ontologies
and semantic descriptions generated or curated by LLMs still require human evaluation and integrity
verification methods, whether at design time or at run time by dedicated services and capable agents.
A key challenge also lies in ensuring that agents retain visibility and control over the use of LLM-
based functions, especially when these are seamlessly embedded within non-LLM-centric services or
Hypermedia MAS platforms. This could be addressed through transparent declarations of Generative Al
usage, aligned with regulations such as the forthcoming Article 50 of the EU AI Act [67], to support
agent trust. Moreover, agents should have the option to configure and parameterise their interaction
with such services and platform, granting them explicit options to select if, when, and to what extent
LLM-based assistance is used, potentially exclusively as a fallback mechanism (e.g., as in [24]).

4. Conclusions

In this paper, we explored the potential for LLMs to assist autonomous agents in discovering possible
actions and interacting in hypermedia environments, particularly in cases where access to world
knowledge would be valuable but its manual provisioning by humans (users or designers) does not
scale. Toward this vision, we laid the groundwork for a future framework that should explore functional
roles, knowledge requirements, integration options, and safeguards for LLM-assisted interaction in
Hypermedia MAS. We argue that research on agents’ interactions on the Web should remain closely
aligned with advances in LLM-assisted ontology engineering to enhance the use and interpretation of
signifiers on the open and dynamic Web. At the same time, it is crucial to develop assistive tools that
preserve visibility and control, ensuring these features do not unnecessarily interrupt or complicate
agents’ interactions, or the programming activities of agent designers.
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