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ABSTRACT
Scientific discovery increasingly requires collaboration across dis-
ciplinary and societal boundaries. While large language models
(LLMs) support individual research tasks, they lack the structure
to engage in sustained, multi-actor inquiry. Multi-Agent Systems
(MAS) offer complementary strengths in coordination, negotia-
tion, and distributed reasoning. This paper presents a vision for
integrating MAS and LLMs to support multidisciplinary, interdis-
ciplinary, and transdisciplinary science. We argue that intelligent
agents can move beyond task automation to become epistemic
participants in the co-production of knowledge. We identify key
challenges—technical, ethical, and institutional, and outline a re-
search agenda for building collaborative, adaptive, and socially
aware AI systems for science.
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1 INTRODUCTION
The number of scientific knowledge production has rapidly grown
over the past two years, reflected by the number of submissions of
papers in leading Artificial Intelligence conferences such as Interna-
tional Conference on Autonomous Agents and Multiagent Systems
(AAMAS). Yet, even as published knowledge expands, many of
society’s most complex challenges remain difficult to resolve. Dis-
aster response, antimicrobial resistance, energy transitions, social
inequality, public health crises to name a few, persist, evolve, and in
some cases worsen, despite decades of active scientific engagement
[11, 16, 25]. These persistent failures suggest that the problem is not
simply one of insufficient knowledge, but also on how knowledge
is organized, integrated, and applied across scientific domains and
societal systems [27, 38].

Artificial intelligence (AI) has become a central driver of modern
scientific discovery [13] and LLMs are now increasingly embed-
ded in scientific work [3, 33, 38]. LLMs have shown considerable
promise across various scientific tasks. They are increasingly being
used to retrieve and summarize literature [15], generate hypothe-
ses, propose research designs, write papers [21], and even simulate
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expert discussions [23]. The growing availability of foundation
models trained on vast text corpora has enabled new forms of inter-
action between humans and machines in several domains such as
biomedical research, environmental modeling, and computational
social science [41]. These tools are especially useful for navigat-
ing complex information landscapes and accelerating individual
research workflows.

However, LLMs are most often used by individual researchers
to complete isolated tasks such as writing summaries or gener-
ating ideas [14]. Therefore, despite their potential, LLMs remain
mainly peripheral to the potential collaborative and institutional
structures that underpin scientific discovery. In fact, they are rarely
integrated into broader knowledge-production ecosystems, nor are
they designed to support multi-actor epistemic processes [41].

MAS as a long-established paradigm for modeling autonomous
agents in dynamic and interactive environments, could offer the
necessary scaffolding for this next step. Designed to support col-
laboration, coordination, negotiation, and shared task execution
among distributed agents [37], MAS provides a natural framework
for representing the collective and iterative nature of scientific in-
quiry. Within a MAS, agents can embody different roles, goals, or
disciplinary perspectives, interacting not only with data but also
with each other and with human researchers [6, 12]. These capabil-
ities make MAS well suited for structuring collaborative scientific
workflows that unfold across domains, institutions, and epistemic
cultures [20, 26].

In this paper, we argue that one of the potential for AI in science
lies not in automating isolated tasks, but in enabling new modes of
collaborative knowledge production. Specifically, we focus on the
long-term role that MAS, augmented by LLMs, could play in sup-
porting scientific discovery across multiple epistemic modalities:
multidisciplinary, interdisciplinary, and transdisciplinary research.
These three approaches, although often used interchangeably, rep-
resent distinct modes of organizing knowledge [35], each with its
own demands and opportunities for intelligent system design.

This vision is necessarily long-term. Many of the technical, ethi-
cal, and organizational challenges are unresolved. We do not claim
that fully autonomous, epistemically aware agents are feasible in
the immediate future. Rather, we argue that now is the time to
begin designing toward that goal by exploring how agent based
systems could meaningfully support scientific inquiry, not only in
their technical capabilities but also in how they interact, adapt, and
collaborate with human scientists. This requires rethinking not just
system architecture but the dynamics of human agent co-discovery
across diverse epistemic settings.

2 BACKGROUND
Scientific discovery increasingly unfolds across disciplinary, insti-
tutional, and societal boundaries, requiring coordination among



heterogeneous actors with diverse expertise and constraints. Yet
contemporary AI systems, including LLMs, are still mostly deployed
as tools for individual tasks such as search, summarisation, or draft-
ing, rather than as contributors to collective knowledge produc-
tion [15]. Within this landscape, it is essential to distinguish be-
tween multidisciplinary, interdisciplinary, and transdisciplinary
collaboration. Multidisciplinary work assembles several disciplines
around a shared problem while largely preserving their theoreti-
cal and methodological autonomy [19, 35]. Interdisciplinary work
actively integrates disciplinary frameworks, generating new con-
cepts, models, or methods that cannot be reduced to their sources
[19, 35]. Transdisciplinary work includes societal actors, policy-
makers, practitioners, and communities in the co-production of
knowledge and explicitly targets real-world transformation [19, 35].
These modalities differ in epistemic commitments, interaction pat-
terns, and success criteria, and anyMAS–LLM architecture intended
to support scientific inquiry could benefit to accommodate these
differences in how it organizes coordination and reasoning [30, 32].

To move forward, we can conceive intelligent as participants in
distributed scientific ecosystems. Such participation entails inter-
acting with the conceptual, adapting to its norms and uncertainties,
and engaging constructively with both disciplinary and societal
diversity. The convergence of MAS and LLMs presents a timely
opportunity to design such systems.

3 OUR VISION
The future of scientific discovery will depend not only on better
algorithms or faster computation, but on the ability of intelligent
systems to support diverse and distributed forms of knowledge
production. We envision a shift from task-centric automation to
epistemically grounded participation, where agents are collabora-
tors embedded within evolving research ecosystems. This section
presents a vision for how MAS, enhanced with LLMs, can be de-
signed to support three major modalities of contemporary science:
multidisciplinary, interdisciplinary, and transdisciplinary collab-
oration. In fact, scientific problems rarely fall neatly within the
boundaries of a single discipline and complex challenges require in-
sights from multiple fields. Our vision emphasizes designing agent-
based infrastructures that are sensitive to the unique coordination,
integration, and reflexivity required by each modality.

3.1 Scientific Collaboration as an Epistemic
Landscape

At the center of our vision is the concept of an epistemic infras-
tructure [40]: a socio-technical system that enables the production,
validation, and integration of knowledge across diverse agents:
both human and artificial. In such a system, agents can play distinct
roles, disciplinary identities, or stakeholder perspectives. MAS pro-
vides the structural and computational paradigm to support these
requirements, while LLMs serve as mediators of language, context,
and domain-specific knowledge.

3.2 Multidisciplinary Science: Coordinating
Knowledge Silos

Multidisciplinary research brings together experts from different
disciplines who work in parallel on a shared problem. There is

typically limited integration of methods or theories; instead, each
participant contributes within the boundaries of their domain. The
primary challenge is coordination: aligning timelines, tasks, and
outputs to produce a coherent whole [8, 9].

In this setting, MAS can support distributed task management,
knowledge tracking, and collaboration scaffolding. Agents can be
assigned to represent specific disciplinary competencies or institu-
tional roles, each with its own goals, resources, and vocabularies.
The system as a whole will have the goal to maintain a dynamic
map of the project structure, dependencies, and information flows.

LLMs play a complementary role by mediating communication
between agents and human researchers, translating between spe-
cialized terminologies, and synthesizing results into shared formats.
While deep integration of knowledge is not the goal in multidis-
ciplinary work, agents must still ensure consistency, avoid redun-
dancy, and manage conflicts arising from different standards of
evidence ormodeling practices [34]. For example, in a large-scale en-
vironmental study, agents representing climatologists, economists,
and ecologists could manage their respective simulation models
while exchanging summary-level findings via LLM-generated briefs.
MAS facilitates orchestration, while LLMs ensure communicability.

3.3 Interdisciplinary Science: Synthesizing
Concepts Across Boundaries

Interdisciplinary science seeks to move beyond parallel contribu-
tions by integrating concepts, methods, or frameworks from differ-
ent disciplines into a unified approach. This process is inherently
epistemically demanding. It requires negotiation over terminol-
ogy, reconciliation of assumptions, and the development of hybrid
conceptual spaces [4, 10].

Supporting interdisciplinary work demands a more ambitious
role for agents. MAS architectures must enable argumentation,
belief revision, and trust modeling among agents with partially
aligned goals and differing priors. Epistemic roles become central:
agents need to represent not only content knowledge, but also
positions within ongoing conceptual negotiations [7].

LLMs enhance these interactions by modeling context, rephras-
ing ideas across domain boundaries, translate content and support-
ing the iterative development of shared vocabularies. The system
functions as a space for exploratory dialogue—where agents help
identify contradictions, propose redefinitions, and assess the com-
patibility of methods or data.

Such a system might support a collaboration between cognitive
scientists and roboticists developing amodel of embodied reasoning.
Agents would manage the translation between cognitive theories
and robotic control algorithms, using LLMs to reframe key con-
cepts in ways intelligible across fields. Over time, the system helps
surface integrative pathways and synthesize a common modeling
framework.

3.4 Transdisciplinary Science: Engaging Society
in Co-Production

Transdisciplinary research introduces a deeper challenge: the co-
production of knowledge by scientists and societal actors. This
mode demands engagement with non-academic expertise, practical
constraints, and ethical concerns. The process is not only epistemic



but also scoietal, political, requiring deliberation, mutual respect,
and adaptability [1, 22].

In this setting, agents must go beyond representing disciplinary
roles to include civic, policy, or community perspectives. MAS ar-
chitectures can support the inclusion of diverse agents with varying
norms, communication styles, and levels of formal expertise. Cru-
cially, they must model power asymmetries, manage conflict, and
enable participatory processes that can consider stakeholder group.

LLMs assist by translating technical language into accessible
terms, eliciting value-driven concerns, and adapting discourse based
on social and cultural context. They help agents engage in inclusive
dialogue, bridging gaps between scientific knowledge and lived
experience.

3.5 Embedding the Human
AI is being used more and more in science, but its adoption varies
because some support it while others do not. A Nature survey of
5,000 researchers finds contrasting views on when it’s acceptable to
involve AI in research papers and what needs to be disclosed [21].
Therefore, in all three modalities, humans should remain central.
Intelligent agents are not replacements for researchers, but collabo-
rators that support reasoning, translation, and integration. Thus,
human scientists remain indispensable epistemic agents as scien-
tific discovery is not a purely computational process; it is shaped
by judgment, tacit knowledge, normative assumptions, and social
negotiation.

Embedding the human in AI-supported science requires more
than supervisory roles or reactive control. It calls for system ar-
chitectures that preserve and enable the forms of reasoning, de-
liberation, and responsibility that define scientific inquiry beyond
the classic Human-in-the-Loop, Human-on-the-Loop and Human-
in-Command. MAS can be designed with interfaces that promote
transparency, allow for human override, and support reflexive en-
gagement. Human agency is essential, particularly when dealing
with normatively loaded decisions, uncertain evidence, or contested
concepts.

4 CHALLENGE
As intelligent systems become more entwined with the production
of scientific knowledge, a number of challenges emerge [34, 41].
These challenges are not only technical but span epistemic, eth-
ical, institutional, and human-centered dimensions. Addressing
them is critical if agent-based systems and language models are
to meaningfully support multidisciplinary, interdisciplinary, and
transdisciplinary research.

A central challenge lies in representing and reasoning across
diverse forms of knowledge [36]. Scientific disciplines differ in
how they construct, validate, and communicate knowledge. Agent
systems must be capable of handling these epistemic differences,
not merely at the level of terminology, but in how assumptions,
standards of evidence, and methods interact. This is especially
difficult in interdisciplinary work, where fundamental concepts
are often in tension, and in transdisciplinary contexts, where non-
academic actors bring experiential or context-dependent knowledge
that may not align with formal scientific categories [4, 19, 35].

Human-agent collaboration in such environments introduces
complex interactional challenges [17]. Existing systems often oper-
ate under simplified models of collaboration, assuming clear task
delegation or stable goals. Scientific discovery, in contrast, involves
distributed, evolving constellations of actors, each with partial
knowledge and varying priorities. Designing agent systems that
can participate meaningfully in these open-ended, reflexive pro-
cesses while enabling coordination without central control remains
an open problem.

The integration of LLMs with MAS compounds these difficul-
ties. While LLMs offer impressive capabilities in generating text,
summarizing arguments, and navigating large corpora, they also
introduce new risks. One of the main issue is the problem of hal-
lucination [18]: the generation of plausible but factually incorrect
or misleading content. In scientific contexts, such errors are not
merely inconvenient; they can distort reasoning, propagate mis-
information, or undermine trust. Agents must be able to assess
the reliability of LLM outputs, cross-reference them with verified
knowledge, and communicate uncertainty when appropriate.

There is also a concern about the erosion of scientific expertise.
As researchers increasingly rely on intelligent assistants for litera-
ture review, hypothesis generation, or writing, there is a risk that
critical thinking, methodological awareness, and domain-specific
judgment may atrophy [21]. This is not merely a matter of skill
substitution, but of shifting the locus of epistemic authority. When
systems propose hypotheses or construct arguments, who is ac-
countable for the resulting knowledge? Without clear boundaries
and human oversight, there is a concern that automated systems
could shape scientific agendas in ways that are opaque, uncritical,
or biased.

Ethical and normative concerns further complicate the picture.
Transparency and explainability are essential but insufficient [29].
Researchers need to understand not only how an output was pro-
duced, but what assumptions, trade-offs, or values were embedded
in the process. In transdisciplinary settings, where social, cultural,
and political dimensions intersect with scientific reasoning, this
becomes even more pressing. Responsible systems must be able
to reflect on their own position in the knowledge ecosystem and
make visible the choices that shape their contributions.

Adaptability and flexibility are also essential. In fact, as new
insights emerge or team structures evolve, agent roles may need to
shift, delegate authority, or recalibrate goals. This is particularly
salient in interdisciplinary and transdisciplinary research, where
projects evolve iteratively and may be shaped by political, social,
or institutional constraints. Adaptive MAS systems should be able
to track the evolving structure of inquiry, respond to new stake-
holder input, and engage in reflexive reasoning about their own
contributions.

Linguistic and cultural inclusivity presents an additional layer
of responsibility. Many researchers operate in non-English linguis-
tic environments, and some face challenges expressing complex
ideas due to limited proficiency in dominant scientific languages
[5]. LLMs can play a crucial role in supporting multilingual commu-
nication, enabling more equitable participation in global research
networks. However, this goal must be carefully handle to avoid the
erasure of nuance, epistemic distortion, or overstandardization.



Finally, institutional and infrastructural challenges cannot be ig-
nored. Scientific knowledge is not produced in a vacuum. It emerges
through peer review, funding structures, disciplinary norms, and
community practices. Intelligent systems that participate in this
process must be evaluated not only on accuracy or efficiency but
on their compatibility with the broader social dynamics of science.
Without careful attention, these systems risk reinforcing existing
hierarchies, marginalizing alternative perspectives, or privileging
consensus over innovation.

5 RESEARCH AGENDA
Confronting these challenges demands a sustained andmulti-layered
research agenda, one that redefines the relationship between ar-
tificial agents and scientific knowledge. This agenda must move
beyond task automation to envision intelligent systems as epistemic
participants capable of contributing to collaborative, reflective, and
socially grounded knowledge production.

In the near term, a key priority is the development of hybrid
systems that combine the symbolic reasoning of multi-agent ar-
chitectures with the generative capabilities of LLMs [28]. Such
integration should not be ad hoc or superficial. Instead, it must be
grounded in a principled understanding of how language, reason-
ing, and coordination interact in scientific contexts. One promising
direction is to model agents with explicit epistemic roles—such as
synthesizer, challenger, mediator, or translator—that can be adopted
or reconfigured dynamically depending on the stage and structure
of inquiry.

Mid-term efforts should focus on building systems that sup-
port heterogeneous collaboration [24]. Rather than optimizing for
individual productivity, agents should be designed to facilitate
group reasoning, mediate conflicting perspectives, and negotiate
shared conceptual frameworks. New protocols will be needed to
support many-to-many interactions among agents and humans
with different expertise, goals, and values. These protocols should
incorporate mechanisms for turn-taking, consensus-building, dis-
agreement management, and trust calibration. Such capabilities
are important for interdisciplinary and transdisciplinary projects
where success depends not on solving a predefined problem, but
on co-constructing the problem space itself.

Another crucial research direction involves ethical alignment,
explainability and responsibility modeling [29, 39]. As agents in-
creasingly contribute to the content and direction of research, mech-
anisms are needed to attribute authorship, trace influence, and
surface value assumptions. This calls for new frameworks of ac-
countability that go beyond transparency inmodel internals. Agents
must be able to justify their actions within the context of evolving
epistemic communities.

Longer-term, we envision systems capable of sustaining en-
gagement over extended periods. Scientific inquiry often unfolds
over months or years, with shifting goals, actors, and institutional
constraints. Supporting this requires agents that can learn contin-
uously, remember past interactions, adapt to changing contexts,
and revise their roles as needed. This kind of temporal coherence
is essential for transdisciplinary impact, where outcomes depend
not only on novel insights but on building long-term relationships
between researchers, communities, and policymakers.

Finally, new evaluation paradigms are urgently needed. Tra-
ditional AI benchmarks centered on prediction accuracy or task
completion are inadequate for assessing success in complex sci-
entific collaboration. We propose the development of new exper-
imental testbeds and shared environments that simulate realistic
research scenarios, including partial knowledge, epistemic conflict,
and societal relevance. Metrics should include epistemic robustness,
diversity of perspectives, reflexivity, and the ability to contribute
to actionable understanding across domains.

6 SOCIETAL IMPACT AND GLOBAL
CONSIDERATIONS

The integration of MAS and LLMs into scientific research carries
significant societal implications. These technologies will not only
affect how knowledge is produced but also who participates in that
production and whose perspectives are prioritized. If left unexam-
ined, such systems risk amplifying existing disparities in scientific
infrastructure, access, and influence.

This concern is particularly relevant in the context of developing
countries, where many urgent scientific challenges are concen-
trated [31]. Issues such as public health, food security, and climate
resilience are especially pressing in these regions, yet they often
lack the institutional resources and visibility in global research
agendas [2]. At the same time, they possess deep repositories of lo-
cal, indigenous, and experiential knowledge that are rarely captured
by dominant scientific paradigms.

Intelligent systems designed for scientific discovery must there-
fore account for this epistemic diversity. MAS and LLMs can help
mediate across languages, bridge disciplinary and cultural divides,
and support inclusive collaboration. However, achieving this re-
quires infrastructure that is globally accessible, models that re-
flect diverse knowledge systems, and participatory approaches that
actively engage local actors in the design and validation of AI-
supported research.

7 CONCLUSION
As global challenges grow in complexity, scientific inquiry must
evolve beyond disciplinary silos and individual workflows. Ad-
dressing issues like public health, and societal inequality requires
knowledge integration, societal engagement, and sustained collab-
oration. While recent advances in LLMs and MAS offer promising
technical capabilities, intelligent systems must be reimagined as
epistemic participants—supporting coordination, negotiation, and
reasoning across diverse domains and stakeholders.

Achieving this vision calls for a shift in priorities. It requires
developing systems that are responsive to epistemic diversity, trans-
parent in their decision-making, and reflective of the social contexts
in which science operates. This is not merely a technical endeavor.
It demands new approaches to responsibility, agency, and evalua-
tion, grounded in real-world scientific practices. The embedding
MAS and LLMs within collaborative scientific ecosystems can open
the door to more inclusive, accountable, and impactful modes of
discovery capable of meeting the challenges of the 21st century.
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