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Abstract. Intelligent agents have been a cornerstone of Artificial Intel-
ligence (AI) since its early days—and received significant attention in
the 1990s when the notion of autonomous agent was established, giving
rise to research on Engineering Multi-Agent Systems (EMAS). Tradi-
tionally, this area has focused on theories, architectures, methodologies,
paradigms, and languages for designing, implementing, and governing
systems of autonomous agents. More recently, advances in Generative
Al—and specifically large language models—have led to a new genera-
tion of agents and multi-agent systems, often referred to as Agentic Al
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However, the conceptual bridges, overlaps, and complementarities be-
tween Agentic Al and traditional EMAS research are often unclear. The
Agent Toolkits 2025 community session invited positions statements from
senior members of the EMAS community to discuss these recent devel-
opments. This paper summarizes and integrates their contributions and
outlines key directions for research on EMAS with Generative Al.

Keywords: Engineering Multi-Agent Systems - Generative Al - Agent
Toolkits.

1 Introduction

Recent advances in large language models (LLMs) endowed with instruction-
following and tool-use capabilities have renewed interest in autonomous agents
and multi-agent systems (MAS). As with previous generations of agents, LLM-
based agents!? are often designed for specific tasks, yet their broader potential
is realized when they can discover, interact with, and complement one another.
Industry-led initiatives and open standards—such as Anthropic’s Model Con-
text Protocol (MCP) [4] or Google’s Agent-to-Agent (A2A) protocol [117]—are
rapidly emerging, enabling LLM agents to discover and use tools or to discover
and interact within MAS. There is a growing body of research on cognitive ar-
chitectures for LLM agents (e.g., [116]), on tool use and learning [103, 92, 125, 93,
91], and on communication and interaction (e.g., see [70]). At the same time, the
developer community contributes popular articles on design patterns for LLM
agents [3], methodologies for developing tools that agents can use effectively [7],
and architectures for systems of LLM agents [6]. In this context, it is timely to
explore how these recent initiatives can integrate, overlap, or complement the
substantial body of research on engineering autonomous agents and MAS—the
main objective that motivated the Agent Toolkits 2025 Community Session.

The Agent Toolkits initiative aims to bring together researchers and practi-
tioners working in the domain of Engineering Multi-Agent Systems (EMAS)2°
in an open and discussion-oriented setting—in which we welcome the sharing of
research results, demonstrators, practical experiences, and position statements
without the constraints of a formal peer-review process. The initiative was in-
spired by the model of the Dagstuhl seminar series?!, and was launched at the
21st European Conference on Multi-Agent Systems (EUMAS 2024)*? in Dublin,
Ireland. For the first edition, senior researchers from the EMAS community were
invited to present their work on toolkits for engineering agents and MAS. After
the event, the invited papers were consolidated through a peer-review round and
published in a dedicated volume [33].

19 Throughout the report, we refer to such agents as LLM agents or language agents.

20 See also the workshop series on EMAS: https://emas.in.tu-clausthal.de/ (accessed:
14.10.2025).

2! https://dagstuhl.de/ (accessed: 14.10.2025).

22 https://euramas.github.io/eumas2024/ (accessed: 14.10.2025).
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The 2025 edition was hosted by the 22nd Furopean Conference on Multi-
Agent Systems (EUMAS 2025)?3 in Bucharest, Romania. It was organized in
a hybrid format, allowing both in-person and online attendance to remove geo-
graphical constraints. This second edition focused on recent developments around
Generative Al, inviting position statements to surface (among others):

— fundamental models, ideas, and insights from EMAS that could underpin
systems of LLM agents;

— missing elements, opportunities, use cases, and overlooked challenges related
to EMAS with Generative AI;

— demonstrators and proof-of-concepts that integrate Generative Al with more
traditional EMAS.

We received 12 contributions, which were grouped into three topical sessions
for presentation at the event. The original position statements are available
on the event website.?* This report begins with summaries of the three main
sessions. Section 2 presents contributions related to agent programming with
LLMs. Section 3 then zooms out to consider multiple engineering dimensions for
MAS, specifically tools and communities. Section 4 discusses issues related to
interaction, interoperability, and governance. To conclude, Section 5 builds upon
the open discussion held at Agent Toolkits 2025 to highlight key directions for
future research and a call to action for the EMAS community.

2 Agent Programming with LLMs

The first session grouped contributions on key opportunities and challenges in
using LLMs for agent code generation [131], and engineering agents that incor-
porate LLMs for decision-making and interaction with humans [31, 35, 1].

Winikoff [131] presented “Towards Using LLMs to (Co-)Create Agent(ic) Sys-
tems” He argues that EMAS concepts are relevant to building agentic software,
and that using LLMs as coding partners [119] can help reduce the barrier to
adopting ideas from EMAS by the agentic development community. He noted
that current LLMs can generate code in a range of agent-oriented programming
languages, but a number of challenges and research questions remain. Key chal-
lenges include guidance for developers, and ensuring reliability and safety. Key
research directions include: (1) developing approaches for how EMAS concepts
(e.g., goals, plans, norms, commitments, organizations, values) can be used to
engineer agentic software; (2) considering how well can LLMs generate agent(ic)
code and how well can they function as development partners?; and (3) develop-
ing guidance for developers, including on how to best capture requirements for
LLMs.

Collier [31] presented “astra-langchaindj: Experiences Combining LLMs and
Agent Programming”™ He introduces astra-langchain4dj [32], a library for in-
teracting with LLMs via the ASTRA programming language [34], enabling the

23 https://euramas.github.io/eumas2025/ (accessed: 14.10.2025).
24 https://interactions.ics.unisg.ch /agent-toolkits-2025, (accessed: 14.10.2025).
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incorporation of agentic decision making in a traditional Agent-Oriented Pro-
gramming (AOP) language. Applying the library to two classic Al challenges,
Tic-Tac-Toe and Towerworld, yielded insights that were in line with other anal-
yses [107]: while it is relatively simple to integrate LLM-based decision making
into AOP languages, LLMs currently seem to be limited in complex decision
making or contextual reasoning where those decisions are related to external
environments. Further, LLMs are not trustworthy, in the sense that they are not
consistent in their responses.

Dastani and Prasetya [35] presented “Agentic AI, Where Do We Go from
Here?”: The recently popularized LLM-based Agentic Al has the potential to
be transformational, but heavy reliance on LLMs carries its own risks due to
hallucination—and especially so if the technology is deployed en masse. The
trend can benefit much from integration with the already well-established symbolic-
based Al agent techniques and technologies to strengthen these LLM agents’
ability to reason, collaborate among themselves, and improve their robustness
against hallucination.

Aguzzi et al. [1] presented “LLMs as Agents, LLMs at the Service of Agents,
or Agents at the Service of LLMs?”: They reported on the outcomes of a panel
entitled “Agents vs. LLMs” organized during the recent annual meeting of the
Italian agents and MAS community, the 26th Workshop From Objects to Agents
(WOA 2025)%5. While the WOA community completely agreed that LLMs are
not agents, the potential for integration was perceived at different degrees. The
lack of methodology in engineering Agentic Al systems, and the lack of capa-
bility to guarantee some runtime behaviors and properties, emerged as main
limitations of Agentic Al. Also based on the panel discussion, Aguzzi et al. de-
vised PlanchBDI, a practical proposal to take the best of the new—subsymbolic,
opaque, effective, widespread Generative Al—and the old—symbolic, transpar-
ent, “for connoisseurs only”—Belief-Desire-Intention (BDI) [13,96] approaches.
PlanchBDI (for Plan and chat BDI) may be implemented as a BDI extension
where both planning in the absence of existing, pre-defined plans [28], and talk-
ing to humans [47, 48] are faced by exploiting LLMs, but the engine that drives
the logics of the agent behavior is a classical BDI one. In the authors’ vision,
PlanchBDI represents an example of LLMs at the service of agents.

3 Conceptual Dimensions, Tool Use, and Communities

The second session grouped contributions that expand the scope from agent
engineering to other engineering dimensions [79]—specifically, the agent envi-
ronment [97,114] and social behavior [81].

Muller et al. [79] presented “Using (Traditional) Multi-Agent Principles to
Suggest Improvements for Agentic Al Platforms” They propose using one of the
frameworks developed in “traditional” EMAS (namely the Vowel model [108]),

25 WOA 2025 (https://sites.google.com/view/w0a2025) co-organized by Giovanni
Ciatto and Viviana Mascardi together with Enrico Blanzieri and Sara Chinellato.
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which describes a MAS through five aspects: Agent(s), Environment, Interac-
tion(s), Organization, and User(s) to analyze the core components of Agentic Al
and assess their current level of maturity. First, this approach may help clarify
the emerging concepts of “Al agent” (which appears quite similar to the notion
of intelligent agent in traditional MAS, consisting in autonomous entities able
to sense and act on their environment, but having a LLM as their "brain"), and
“Agentic AI” (which defines the research field encompassing such Al agents). Sec-
ond, their analysis shows that while Agentic Al offers powerful new capabilities
in natural language reasoning and planning, it still faces significant limitations
in supporting complex, adaptive, and decentralized MAS. In fact, in Agentic
Al, the Environment is still limited to the Web and a few tools, compared to
the richness of possibilities in traditional MAS listed in [102,87]. Agentic Al’s
Interactions are limited to task delegation, compared to the tens of speech acts
defined by [45, 44| or the expressiveness of social commitments [109]. Their Orga-
nization is relatively static, imposed, and purely hierarchical, compared to the
richness of models like MOISE+, which defines structural, functional, norma-
tive, and dynamic dimensions [87]. Regarding the User(s)/Developer(s) point of
view, Agentic Al streamlines interactions (mostly User — Agent) and facilitates
code generation (Developer) via natural language interactions and may be easier
to develop than traditional MAS. Finally, using the same Vowel model, the au-
thors developed a methodology for analyzing and comparing the functionalities
of Agentic Al platforms. They applied this approach to several leading platforms
to help developers identify, with greater ease and precision, the most suitable
option for their specific use cases.

Ricci and Ciortea [97] presented “Empowering the Concept of Tool in Agentic
ATI: Co-evolving AT Agents and Environments with A&A and Hypermedia MAS”:
The ability to use tools is an essential feature of LLM agents. In current practice,
however, tools are typically limited to external functions invoked through syn-
chronous Application Programming Interface (API) calls. In contrast, the EMAS
literature offers richer perspectives, where the agents’ environment as a whole be-
comes a first-class design and programming abstraction. Notably, the Agents and
Artifacts (A&A) meta-model [98] introduces the artifact abstraction to explicitly
model tools and resources that agents can dynamically build/discover/share/use
to support their individual or collective activities. The artifact abstraction is
richer than simple function calls: it includes observable properties and events,
an asynchronous model for operations, and manuals. By enabling agents to in-
strument their environments with artifacts, agents and their environments can
then co-evolve in response to increasingly complex activities. Recent work on
Hypermedia MAS (hMAS) [29] further supports this co-evolution by allowing
agents to use hypermedia for discovering and exploiting their evolving environ-
ments in an open-ended manner. Additionally, the proficiency of LLMs for code
generation now enables agents not only to instantiate pre-programmed artifact
templates but also to generate and extend artifact templates as needed. Ricci and
Ciortea reviewed the use of tools in Agentic Al through the lenses of A&A and
hMAS, envisioning (1) AI agents capable of exploiting artifacts, as empowered
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tools; (2) systems of heterogeneous agents—either based on Generative AI or
more classic cognitive architectures—that work together by exploiting artifact-
based environments; and (3) a conceptual foundation to support open-ended
discovery and self-improvement of co-evolving agents and environments.

Sorici and Olaru [114] presented “Experience-based Agent Communities in
support of Smart Environment Hypermedia MAS”: Their contribution is an in-
stance of applied research tackling a long-standing challenge in Ambient Intelli-
gence (Aml)—translating high-level, often vague user intentions into actionable
tasks across heterogeneous devices and services [40]|. The position statement
introduces a framework that uses hMAS and advances in LLMs [113,63] to im-
prove how smart environments (e.g., homes, offices, factories) translate human
intentions into coordinated device actions. It introduces three interacting agent
roles— UserAssistant, EnvExplorer, and InteractionSolver—designed to interpret
user goals, manage contextual knowledge, and plan actions collaboratively. A
key idea is that of using the “signification” [120] mechanism to build structured
records that capture the context and rationale behind successful interactions.
These are represented within extended W3C Web of Things (WoT) Thing De-
scriptions [123], allowing agents to store and reason from prior experiences and
reuse effective action sequences across similar contexts. Furthermore, the contri-
bution provides a key idea for how agent roles can address the cold start problem
in creating plans for totally new requests: experience-based agent communities.
The distributed model replaces centralized plan repositories, enables autonomy,
selective knowledge (signifiers or plans) exchange, and improved generalization
in similar smart environments such as buildings or workplaces.

Nallur [81] presented “Social Simulation and Multi-Agent Systems: A False
Dichotomy in the Age of Generative Agents”: His core position is that the long-
standing division between Social Simulation and MAS is artificial and coun-
terproductive in the context of modern Generative Al. Both fields, he argues,
work within socio-technical systems yet emphasize different aspects: MAS fo-
cuses on the mechanisms of society-building (roles, goals [69], strategies [82, 112,
83], commitments), while Social Simulation emphasizes observed collective be-
havior and emergent outcomes [88] arising from interacting agents. These are
complementary problem areas, and the two fields should learn from each other.
More specifically, Social Simulation needs more realistic intelligent agents with
structured knowledge, ontologies, and negotiation processes (strengths of tra-
ditional MAS), while MAS need richer case studies that incorporate complex
feedback loops and validated social behaviors (strengths of Social Simulation).
He contends that Generative Al, though promising, offers only superficial ver-
sions of these capabilities without sufficient transparency or depth. His stance
is not pessimistic, but integrative: he envisions combining insights from both
fields to create Al-enabled socio-technical systems capable of realistic interac-
tion, learning, and behavioral adaptation. However, achieving this synthesis re-
quires advancing agent validation and modeling techniques beyond their current
limits to truly support complex, human-like AT collaborations.
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4 Interaction, Interoperability, and Governance

The third session grouped contributions in multi-agent interaction [10], inter-
operability and coordination [53,68], and enabling transparency for governing
agent behavior [64].

Baldoni et al. [10] presented “Multiagent Interaction Models for Agentic AT™:
They advocate applying principled, formal multi-agent interaction models to-
ward engineering Agentic Al systems. In particular, they emphasize leverag-
ing the newer, declarative, information-based representations of protocols [110]
and social commitments [23] for engineering flexible, asynchronous, and reliable
LLM-driven (“Agentic AI”) agents. Baldoni et al. argue that such models may
be the key to overcoming the unreliability of current Agentic Al and transform-
ing Agentic Al from mostly wishful thinking to an engineering discipline. They
point out that the idea of natural language communications between agents—a
current fad—is unlikely to ever take off because of the ambiguity and inefficiency
of natural language [24]. Baldoni et al. also reiterate the crippling, well-known
limitations [109,22,27] of outdated multi-agent standards such as KQML [44]
and FIPA ACL [45]. The newer information-based representations highlighted
above address their limitations, present an opportunity for standardization, and
represent a crucial way for the EMAS community to remain relevant to recent
developments in AT [24].

Giircan [53] presented “Coral Protocol: Applying Agent-Oriented Software
Engineering Principles to Generative-Al Ecosystems”™ He argues that LLM agents
excel at single-task autonomy but often struggle with effective collaboration [124].
Recent industry responses, such as Google’s A2A [117] and Anthropic’s MCP [4]
(see also [41]), have standardised message envelopes but have overlooked the
need for higher-level coordination mechanisms. In contrast, research in Agent-
Oriented Software Engineering (AOSE) has consistently prioritised collabora-
tion, organisational structures, and protocol design as fundamental concerns [115].
Revisiting and adapting these AOSE insights to contemporary LLM agents is,
therefore, both timely and essential. Key AOSE concepts that offer immedi-
ate value to Generative-Al-based agents include: explicit roles and organisa-
tions [17], interaction protocols [90] and environment modelling [127,99]. While
AOSE principles align naturally with Generative Al systems, emerging chal-
lenges include: (i) cryptographic trust and identity management for APIs; (ii)
lifecycle engineering for prompt-driven agent updates; (iii) blockchain-based eco-
nomic alignment; and (iv) emergent debugging tools for tracing cross-agent in-
teractions. In this context, the Coral Protocol [50] demonstrates a pragmatic
synthesis illustrating how AOSE guidance enables secure team formation, eco-
nomic incentives, and tool interoperability at Internet scale.

Lemée and Mayer [68] presented “Language Agents May Enable Interoper-
ability in Heterogeneous Multi-Agent Systems™ They argue that language agents
might not only form functional components of MAS, but that they may in addi-
tion enable interoperability between cognitively heterogeneous agents [84]—for
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instance, between a reinforcement learning (RL) agent and a PRS?6-based agent:
while the former captures its procedural knowledge in terms of policies (and
associated expected rewards), the latter keeps it as plans in a plan library. Lan-
guage agents might adapt and translate this knowledge across agents (artificial
as well as natural ones). Next to such translation, the ability of LLMs to generate
tools (potentially including artifacts) at run time [18] is another way they might
enable interoperability between agents—for example, by creating personalized
tools that can be better used by the targeted agent. Clearly, such translation
or tool creation might be relatively expensive—sometimes even prohibitively so.
The case the proposal is targeting is one where an individual agent is not able to
solve a task (or only at high resource expense, or low success probability), but
where translation for another type of agent provides a way out. Achieving this
vision requires solving certain challenges: first, the knowledge transmitted by an
LLM agent might be inaccurate even if the knowledge provided by the originator
agent (e.g., a RL agent) is accurate, because LLMs are not fully reliable. One
way they consider to address this issue is to validate the knowledge provided
by the LLM agent against the affordances available in the environment. This
approach matches what SayCan [15] is doing to derive actionable plans using
LLMs. The second challenge is that an LLM agent may not know which proto-
col (e.g., protocols using KQML [44] or negotiated through Agora [74]) to use
to transfer its knowledge to another agent. They consider that the concept of
agent profiles [120] could be used by agents to indicate to other agents, such as
LLM agents, the protocols they are able to use.

Kampik [64] presented “Why We Need Event Data Models for Agents and
Multi-Agent Systems™ He argues that in order to show that agents behave in a
desirable manner, organizations need to agree on a meta-model of agent event
data. Such data model can then serve as a blueprint of how MAS generate event
data, or provide the target representation of so-called extract-transform-load
pipelines processing MAS data. Ultimately, this is a prerequisite for executing
queries on the traces of agents in MAS that formalize behavioral desiderata.
The data model should cover both (i) agent (inter)actions and (%) agent inter-
nals, thus allowing for explanations and justifications. For (i), a first proposal
exists [105]; further refinements can draw from a wealth of research of several
communities, notably of Normative MAS [21, 65] and process management [39].
For (ii), agreement is necessary on how agent reasoning and decision-making
should be represented. Ideally, efforts can lead to agent event data standards,
which could use synergies with ongoing agent standardization efforts, thus fa-
cilitating unified agent governance across organizations. A prerequisite of suc-
cessful meta-model development and standardization efforts is the grounding in
real-world use cases and the buy-in of industry stakeholders.

26 Procedural Reasoning System [49]
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5 The Road Ahead

During the Agent Toolkits 2025 community session, the position statements
presented above informed an open discussion of the opportunities and challenges
of integrating EMAS and Generative Al research (especially Agentic AI). In what
follows, we synthesize this discussion to identify a few key directions for future
research and outline a call to action for the EMAS community.

We group our recommendations for future research into two parts. In Sec-
tion 5.1, we consider what EMAS has to offer that could benefit Agentic Al
Then, in Section 5.2, we consider how EMAS could benefit from Agentic Al
However, in order to realize these various benefits, a key challenge that goes be-
yond research is to build conceptual, technological, and social bridges between
the EMAS and Agentic Al communities. We consider the broader challenge of
bridging these communities in Section 5.3, including the particular roles that
can be played by standardisation and teaching.

5.1 How EMAS can benefit Agentic Al

A key feature of the recent developments in Agentic Al is the use of LLMs for
decision-making, particularly in tasks requiring reasoning?’ and tool use. An
LLM agent relies on an LLM that operates in a feedback loop with its external
environment [116]: it acts on the environment by invoking a tool, typically un-
derstood as a synchronous function call [125], and may receive a corresponding
observation in return. This simple machinery has proven effective for a variety
of tasks, but LLMs also suffer from several fundamental limitations [77,116,
125]: they generate non-factual but plausible responses (referred to as halluci-
nations or bullshit [57]), struggle with tasks requiring complex reasoning, and
lack transparency. These limitations are problematic for agents that have to
plan a course of action or coordinate with one another to achieve a goal-—and
are especially troublesome when considering the scale that Agentic AI might
achieve. Furthermore, there is growing concern about the high—and sometimes
prohibitive—costs of training and using LLMs, both financially?® and environ-
mentally? [62, 89, 38]. The Agent Toolkits 2025 position statements echo these
limitations and lay out a question for the broader EMAS community:

How can we engineer autonomous agents that use LLMs, but
leverage EMAS concepts and techniques to improve their
effectiveness, flexibility, reliability, and transparency?

27 Note that LLM reasoning is reminiscent of but different from reasoning as under-
stood in symbolic Al. See [77] for a more detailed discussion.

28 In a recent engineering article, Anthropic estimates that an LLM agent uses 4x more
tokens than chat interactions, and an LLM-based MAS uses 15x more tokens [6].

29 Relatively simple text summarization tasks by an LLM generate an estimated 8
gCOzeq [72], compared to around 0.003 gCOzeq for a regular Web search that might
yield similar value (factor ~3,000); for image generation tasks, the factor is ~150,000.
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EMAS research provides a rich body of work on theories, architectures,
methodologies, paradigms, and languages for designing and implementing au-
tonomous agents. It is therefore only natural to ask how these results might help
us rethink how to structure, design, and build new hybrid agent architectures
that mitigate the current weaknesses of LLM agents. Initial explorations in this
direction include [60, 47,28, 32]. There is interest in the Agentic AT community
in borrowing abstractions and lessons learned from other areas of Al. One ex-
ample is the work on cognitive architectures for language agents by Sumers et
al. [116], which draws on key ideas promoted by Allen Newell through Soar [66]
and, more broadly, knowledge-based agents [85].

Another research opportunity is the emergence of context engineering in
Agentic Al [5], which is reminiscent of the environment as a first-class ab-
straction in EMAS research [127]. Tool use is already a fundamental feature
of LLM agents—and designing tools that agents can use effectively is becoming
increasingly important [7]. The shift from prompt engineering to context engi-
neering brings greater focus on “the set of strategies for curating and maintaining
the optimal set of tokens (information) during LLM inference, including all the
other information that may land there outside of the prompts” [5]. This addi-
tional information includes the set of tools available to agents, the descriptions of
those tools, and any other external resources relevant to their activities. EMAS
research provides models and technologies for designing and implementing en-
vironments that offer various levels of support to agents—from active percep-
tion [128] to shaping their environment so that it better meets their needs [98].
Recent work on hypermedia-based agent environments [29] brings these ideas to
the open Web, in line with mechanisms for run-time tool discovery and usage
in initiatives such as MCP [4], the Universal Tool Calling Protocol (UTCP)3°,
or the Eclipse Language Model Operating System (LMOS)3!. Integrating these
lines of research could open the door to a new generation of LLM agents that
are aware of their environment and can reflect on it to operate more effectively.
This is highly relevant to Agentic Al research, as the community discovers that
context and its management play a pivotal role in the efficiency of LLM agents.

Beyond individual agents and their environments, EMAS research provides
models of interaction—including protocols and normative abstractions—that are
indispensable world models: they tell an agent the possible actions it may per-
form and the normative consequences of doing so. Moreover, these interaction
models offer a natural opportunity to combine LLM-based and symbolic ap-
proaches. The advantages of declarative information-based representations of
interactions for agent programming have been demonstrated via several imple-
mented programming models, including for plain Python and BDI agents [26,
25,11, 23, 27]. Investigating architectures for LLM agents that leverage such in-
teraction models is, therefore, an obvious and promising research direction. The
potential for such a synthesis should motivate the EMAS community to explore
declarative, higher-level models of interaction and associated programming mod-

30 https://www.utcp.io/ (accessed: 31.10.2025).
3! https://eclipse.dev/Imos, (accessed: 31.10.2025).
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els (see [111] for an example of such an effort)—ultimately, to be used in envi-
ronments as open as the Web. The objective is then to aspire to declarative
specifications of interaction protocols that are so simple that even an LLM can
reliably work with them.

The lack of transparency common to many Al technologies, including LLMs,
has motivated substantial research on how to provide means of engineering au-
tonomous systems that can explain their actions, ideally in human-meaningful
terms [100, 101, 78, 132]. Although there is a whole body of work on Explainable
AT (XAI), much of it is concerned with explaining machine learning (termed
“data-driven XAI” by Anjomshoae et al. [2]), with much less work on explaining
autonomous agents (termed “goal-driven XAI” [2], or “explainable agency” [67]).
Miller [78] argued that such work should take into account prior work in the
social sciences. Subsequently, Winikoff et al. [132] highlighted a natural corre-
spondence between the BDI model and the concepts that humans use to explain
their actions [73]. This correspondence means that techniques for explaining BDI
agents (e.g. [54, 14, 55, 132]) naturally provide explanations in human-meaningful
terms—and offer a promising opportunity for research on explainable behavior
in LLM agents.

However, while transparency can help with uncovering system deficiencies, it
is clearly important to try and avoid significant deficiencies altogether. This has
motivated work on aligning LLMs with human values [126, 56, 8, 86]. Common
approaches include Reinforcement Learning from Human Feedback (RLHF) [52,
9], Direct Preference Optimization (DPO) [94], and more recent work on ezplicit
moral alignment goals [118]. However, with “alignment” of LLMs, we cannot
circumvent their very nature in principle [104] (not peer-reviewed). Hence, nor-
mative abstractions and mechanisms from EMAS research may provide new
avenues for explicitly defining, monitoring, and governing standards of behavior
in a new generation of norm-aware LLM agents (see also [20]). Furthermore, such
abstractions and mechanisms may even be required for provable norm-compliant
behavior, and could also support LLM agents in generating accounts of their be-
havior. A prerequisite for governance and accountability is then agreeing on how
traces of agent behavior and their interactions should be represented—for ex-
ample, in the form of an agent event data (meta-)model [64]. Given sufficient
interest from industry and practitioners, such meta-models could mature into
open standards to enable transparency across systems.

Finally, we warn that the consequences of LLMs’ unreliability might be un-
derestimated in large-scale Agentic Al systems, where unreliability could be
strategically exploited while incurring little cost to the attacker, and we point
out that EMAS research provides considerable work on formal verification that
may be leveraged to ensure reliability [37,43, 46].

5.2 How Generative AI can benefit EMAS

The previous section emphasizes the rich body of work on engineering au-
tonomous agents and MAS. However, despite a number of successful applica-
tions (e.g., see [80]), the adoption of classical agent technologies in industry has
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remained limited [71]—especially when contrasted with the attention given to
Agentic Al in recent years. One contributing factor may be the high entry bar-
rier associated with learning agent-oriented programming—whereas the appeal
of LLM agents lies in their promise to tackle a wide range of tasks out of the box
with little prior programming [59]. Importantly, the entry barrier to building
LLM-based applications has also been significantly lowered through frameworks
that support the integration of LLMs, such as LangChain3? and its associated
tooling. The (careful) adoption and integration of Generative Al—and especially
LLMs—into classical agent systems could help lower the entry barrier for devel-
opers and offer a range of new opportunities. The second question we raise to
the broader EMAS community, hence, is:

How can we leverage Generative Al to lower the entry barrier to
engineering autonomous agents, and to improve the agents’
adaptiveness, interoperability, and usability?

One promising opportunity that Generative Al brings for lowering the entry
barrier to agent-oriented programming is LLM-assisted code generation [130].
Agent programming languages build on high-level, intuitive abstractions such
as beliefs, goals, and plans [106]. This view has a rich theoretical foundation
tracing back to Daniel Dennett’s intentional stance [36]—in which systems are
ascribed mental states such as beliefs, desires, and intentions—and John Mc-
Carthy’s similar view on ascribing mental qualities to machines [75]. In both
views, the focus is not on the legitimacy of these ascriptions but on their useful-
ness for understanding the structure and behavior of complex systems. EMAS
research explored the use of such high-level abstractions to promote low-code de-
velopment (e.g., [30]) and visual programming languages (e.g., [61, 16]) for agent
systems. LLM-assisted code generation could take these ideas a step further,
potentially bringing agent-oriented programming to tech-savvy users without a
formal programming background.

Going further, a drawback of classical knowledge-based agents is that they
rely on hand-crafted knowledge and rules, such as beliefs and plans in BDI
agents [49,95], which do not generalize well to new or highly dynamic envi-
ronments [116]. Approaches explored in EMAS research for decoupling agents
from their environments include automated planning [76], defining a standard
environment interface [12], and using semantic hypermedia to abstract away
from the agent’s deployment context [29]. While these approaches help mitigate
the issue, they still rely on manual (knowledge) engineering efforts [19]. Other
approaches integrate BDI reasoning with learning methods [42], specifically re-
inforcement learning, but with additional training costs. In contrast, the appeal
of LLMs is that their pre-training on a very large, diverse corpus allows them
to learn an effective distribution over string completions, which gives them the
remarkable ability to solve a wide range of tasks out of the box [116] (note here
also the increasing research focus on large multimodal models). It is then only
natural to ask how these capabilities could help with engineering more flexible

32 See https://www.langchain.com/ (accessed: 06.11.2025)
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knowledge-based agents, where the intrinsic knowledge of LLMs could comple-
ment the knowledge represented explicitly within an agent’s belief base or plan
library (e.g., see [28,32]). Although current LLMs are known not to be very
good at planning in the classical sense [122], they may perform better if asked to
generate BDI-style plans—or simply to match abstract actions from pre-defined
plans to affordances discovered at run-time (see also [121]).

Another promising opportunity is the use of Generative Al to support hu-
man interaction and to integrate heterogeneous types of agents—whether by
interpreting and generating natural language or by mediating between hetero-
geneous representation formats and even interaction modalities. LLM-assisted
interaction with humans is an immediate benefit, given the LLMs’ ability to
generate high-quality natural language across a range of languages. Early ex-
plorations in this direction include the work of Ichida et al. [60], which enables
developers to instruct BDI agents using natural language as the programming
interface, and the work of Gatti et al. [47], which focuses on interaction with
end users. Furthermore, LLMs may help integrate heterogeneous types of agents
(e.g., LLM agents, BDI agents, RL agents) in open environments such as the
Web [68]. For example, while a classical BDI agent cannot directly process the
natural-language description of an MCP tool, an LLM-based translation or me-
diation mechanism could facilitate such interoperability. A key challenge for the
EMAS community is thus to explore how Generative Al might help integrate
classical agents more effectively into systems of LLM agents—and what benefits
such integration could bring to the Agentic AI community.

5.3 The need to bridge communities

The previous sections outlined several research opportunities that could bene-
fit from closer collaboration between the EMAS and Agentic AI communities.
Engineering autonomous systems is not new—the EMAS community has been
advancing this field for decades [58,130]. While LLMs face well-known issues
with reliability, transparency, and planning [122, 63|, research from the EMAS
community could help address these shortcomings. At the same time, LLMs—
and Generative Al more broadly—unlock new capabilities for autonomous agents
and MAS, and thus new research opportunities for the EMAS community. Re-
alizing this potential requires a systematic transfer of knowledge that builds
conceptual, technological, and social bridges between the two communities. A
key challenge for the EMAS community is thus to make its ongoing and histori-
cal work more visible, both to organizations developing Agentic Al technologies
and to the broad range of stakeholders who are commenting on or considering
adopting these technologies. In doing so, two key messages might be: “LLMs have
significant issues with reliability and transparency”, and “the EMAS community,
which has been working on engineering autonomous systems for decades, can
help”.

Another particular challenge, as noted by Winikoff [129, §5], is that the
EMAS community is largely European and university-based. In contrast, Agen-
tic AI development is currently occurring predominantly in the US in large
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companies. This asymmetry makes bridging these two communities particu-
larly challenging. One possible approach for the EMAS community is to focus
on building bridges not just with Agentic Al technology developers, but also
with prospective adopters who are more likely to be pragmatic about Agen-
tic AI technologies—and, hence, receptive to the benefits of integrating EMAS
technologies. A complementary effort would be to organize regular academic
workshops strategically—across continents and co-located with conferences that
represent both communities. Prestigious venues such as the Dagstuhl Seminar
series®? could also help attract key researchers and practitioners from around
the world. In addition, international standardization bodies can facilitate com-
munication by providing regular meeting venues for the two communities.

One example of such a bridging effort is the W38C' Autonomous Agents on the
Web (WebAgents) Community Group (CG), which brings together researchers
and practitioners across three communities broadly identified as: Autonomous
Agents and MAS, Semantic Web and Linked Data, and Web Architecture and
the Web of Things. The core of this community was consolidated through four
biannual events: the First International Workshop on Hypermedia Multi-Agent
Systems (HyperAgents 2019)%*, co-located with The Web Conference 2019 in
San Francisco, CA, USA; Dagstuhl Seminar 21702 (Feb. 2021)3%; Dagstuhl Sem-
inar 23081 (Feb. 2023)3¢; and the Second International Workshop on Hyperme-
dia Multi-Agent Systems (HyperAgents 2025)3", co-located with the European
Conference on Artificial Intelligence (ECAI 2025) in Bologna, Italy. The W3C
WebAgents CG was created following the second Dagstuhl seminar and, at the
time of writing, includes 150 participants across five continents. Many of the
active participants are part of (or close to) the EMAS community—and, more
recently, the CG has increasingly focused on Agentic Al, attracting a growing
number of participants from that community as well.

Standardization and teaching are two particularly important avenues for
bridging communities and facilitating transfer into practice. Standardization,
when done well, can be a powerful mechanism for raising awareness and pro-
moting the adoption of key ideas and approaches established in the research
community—and, equally important, for sharing lessons learned from past mis-
steps. Another critical task that standardization activities can help with is es-
tablishing a shared terminology that facilitates knowledge transfer and joint
work between the two communities. Teaching is essential to ensure that the
next generation of professionals is equipped with the insights and skills needed
to design autonomous agents and MAS that build on the latest developments
from both EMAS and Agentic Al—rather than seeing them as two distinct and
disconnected worlds. This would benefit from a systematic revision of teaching
activities at all levels to integrate ideas from both communities into a coher-

33 https://www.dagstuhl.de/en/seminars/dagstuhl-seminars (accessed: 04.11.2025).
34 https://www2019.hyperagents.org (accessed: 04.11.2025).

35 https://dagstuhl.de/21072 (accessed: 04.11.2025).

36 https://dagstuhl.de/23081 (accessed: 04.11.2025).

37 https://ecai2025.hyperagents.org (accessed: 04.11.2025).
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ent curriculum—but we acknowledge the complexities of such systemic changes.
In addition, individual courses could invite students to appropriately integrate
relevant concepts from both fields, both conceptually and in implementation
projects.

Ghose’s [51] advice on Service-Oriented Computing (SOC), made more than
15 years ago, seems pertinent. He noted that “ An informal analysis of the papers
presented at a recent major conference on service-oriented computing suggests
that at least 60% of these had agent technology underpinnings in some form or
the other”. As the position statements presented at Agent Toolkits 2025 sug-
gest, something similar may now be happening with Agentic AI. Ghose went on
to argue that the EMAS community should do two things: (1) learn from the
SOC community how to better achieve industry adoption—particularly noting
the importance of defining a core research agenda and offering a simple value
proposition that requires incremental rather than radical changes; and (2) en-
gage with the SOC community (both research and industry), bearing in mind
the importance of using standard industry terms. As Ghose notes in his closing,
terminology matters: Shakespeare was wrong when he wrote that “that which we
call a rose, by any other name would smell as sweet”.
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