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Abstract

Modern scientific progress is increasingly driven by collaborative endeavors that leverage specialized
expertise and constructive peer critique. Multi-agent systems (MAS) offer a robust framework to
emulate these collaborative dynamics inherent to human researcher teams by combining distributed
information processing with discussion-driven validation, enabling collective intelligence that exceeds
the capabilities of individual agents in addressing interdisciplinary challenges. We introduce an
application-oriented taxonomy that maps canonical stages of the standard research workflow to both
the promising potential and the current reality of MAS for scientific discovery, providing a coherent
foundation for understanding, evaluating, and advancing autonomous MAS-powered AI co-scientists.
We highlight the distinctive advantages of multi- over single-agent approaches, identify key bottlenecks
limiting current deployments, and outline critical research frontiers to bridge the gap between potential
and practice. We argue that MAS hold transformative promise to move beyond the role of assistive
tools, evolving into autonomous co-scientists capable of parallel exploration of vast knowledge spaces
and robust validation through diverse perspectives, thereby advancing open-ended scientific research
alongside human investigators.

Keywords: AI for science; multi-agent systems; AI-driven scientific discovery

1. Introduction
“Science is a collaborative effort. The combined results of several people working together is often much
more effective than an individual scientist working alone.”

—JOHN BARDEEN1

Automating scientific discovery has evolved through technological epochs driven by advanc-
ing artificial intelligence reasoning capabilities. Pioneering systems like Adam [1] proposed closing
hypothesis-experiment cycles through robot scientists, while deep learning breakthroughs produced
landmark achievements including AlphaFold [2] for protein structure prediction and AlphaProof [3]
for mathematical reasoning, drastically accelerating discovery across diverse domains by solving
previously intractable problems with high accuracy and efficiency.

Building upon these specialized deep learning successes, the emergence of large language models
(LLMs) has unlocked a more general form of scientific reasoning, enabling AI systems to integrate

1 John Bardeen was the only person to have received the Nobel Prize in Physics twice, for inventing the transistors and the
theory of superconductivity. https://www.nobelprize.org/prizes/physics/1972/bardeen/speech
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knowledge across disciplines and engage in human-like discourse. This generalization capability has
catalyzed a paradigm shift where AI systems evolved from assistive tools [4,5] toward autonomous
agents [6–8] emulating independent researchers. These LLM-powered systems advance research across
physics [9,10], biochemistry [11–14], causal inference [15], social sciences [16,17], and clinical diagno-
sis [18,19], demonstrating broad AI-driven scientific capabilities that integrate domain knowledge
with adaptive reasoning to tackle multifaceted challenges.

Recent breakthroughs of Grok-4-Heavy [20] and Gemini-DeepThink [21] explored multi-agent
schema [22,23] to mirror collective reasoning dynamic of human research teams, achieving leading
performance on challenging benchmarks including the International Mathematical Olympiad2 and
Humanity’s Last Exam [24]. This progress signals a promising transition from single-agent systems
toward MAS architectures reflecting the collaborative intelligence underlying human scientific discov-
ery, where emergent group dynamics enable superior problem-solving through division of labor and
iterative refinement.

MAS4Sci

Peer Review

Future Directions Enhanced Error Detection [28–31]
Comprehensive Benchmarking [32–35]

Current Limitations Limited Error Detection [34,36–38]
Decision Transparency [19,39–41]

MAS Advantages Expert Review Panels [42–44]
Discussion-Driven Cross-Validation [45–48]

Experimental Execution

Future Directions Standardized Execution Frameworks [49–51]
Robust Security Infra [7,52–54]

Current Limitations Cross-System Analytical Consistency [18,34,38]
Security Integration Requirement [40,55,56]

MAS Advantages Multi-System Integration [6,47,57–59]
Fault-Tolerant Execution [12,60,61]

Experimental Planning

Future Directions Predictive Resource Coordination [50,62–64]
Distributed Security Architecture [65–67]

Current Limitations Multi-Scale Dependency Management [34,36]
Security Framework Development [68–70]

MAS Advantages Distributed Resource Optimization [13,71,72]
Real-Time Adaptive Coordination [30,62,73]

Hypothesis Generation

Future Directions Organizational Integration [28,64,74,75]
Cross-Validation [50,51,76,77]

Current Limitations Theoretical Integration Complexity [34,36,78]
Coordination Security [40,41,79,80]

MAS Advantages Structured Theoretical Validation [46,48,81,82]
Interdisciplinary Knowledge Synthesis [83–86]

Literature Review

Future Directions Coordination Mechanism [29,51,62,87]
Security Protocols and Fact-checking [31,88,89]

Current Limitations Multi-Agent Coherence [34,41,61,77]
Security Vulnerabilities [40,56,69,90]

MAS Advantages Parallel Information Processing [87,89,91,92]
Cross-Domain Knowledge Integration [76,93,94]

Figure 1. An application-oriented taxonomy of Multi-Agent Systems for scientific discovery mapped to key stages
of standard research workflow

2 https://www.nature.com/articles/d41586-025-02343-x
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1.1. Scope and Comparison to Other Surveys

Despite these advances, existing surveys [25–27] remain fragmented across different domains
and isolated tasks such as paper review and experimental execution, lacking a holistic view of MAS
potential in the complete research workflows. We aim to address this gap through a comprehensive
analysis that details MAS advantages over single agents, confronts current limitations with key
bottlenecks, and outline a roadmap of future directions to remediate these gaps towards transforming
MAS from ideals into reliable co-scientists as research companion.

1.2. Paper Organization

We introduce a comprehensive application-oriented taxonomy structured around three core
analytical dimensions: first, we examine the advantages of multi-agent versus single-agent systems
across five key stages of the research workflow (Section 2); second, we analyze the current reality
and fundamental bottlenecks limiting MAS deployment in scientific discovery (Section 3); and third,
we outline strategic future work directions toward realizing the full potential of MAS for science
(Section 4). Given the rapid evolution of MAS, we prioritize recent studies highlighting their unique
advantages and challenges in scientific discovery.

2. Multi vs. Single Agent across Key Stages in Scientific Research Workflow
We present an analytical taxonomy to compare Multi-Agent Systems (MAS) against conventional

single-agent approaches across 5 key stages of standard scientific workflow, including literature review,
hypothesis generation, experimental planning, experimental execution, and peer review.

2.1. Literature Review

The transformation from sequential processing to emergent knowledge synthesis fundamentally
alters how computational systems comprehend scientific literature, shifting from linear comprehen-
sion to multidimensional synthesis through distributed cognitive frameworks. The core innovation
demonstrated in [27] lies not in parallel reading capabilities but in maintaining multiple simultaneous
interpretive frameworks where each specialized agent processes literature through distinct concep-
tual lenses while contributing to unified understanding, effectively addressing the inherent working
memory limitations of sequential processing where new information forces compression or discard-
ing of older knowledge. Retrieval agents employing domain-specific strategies [95] demonstrate
sophisticated semantic understanding by recognizing conceptual equivalences such as "nucleophilic
substitution" and "SN2 reaction" as identical mechanisms, while fact-checking agents [89] construct
evidence networks that reveal previously hidden contradictions and support patterns across disparate
studies through systematic cross-validation. This difference enables knowledge graph construction [87]
that discovers latent interdisciplinary connections existing not within individual papers but rather
in the conceptual spaces between them, exemplified by agents linking bacterial quorum sensing to
neural synchronization through shared mathematical frameworks of threshold-dependent collective
behaviors. The computational biology applications [22] particularly exemplify this advantage where
agents simultaneously analyze molecular simulations using physics-based models, gene regulatory
networks through Boolean networks and differential equations, and phylogenetic patterns via se-
quence alignments, ultimately synthesizing insights about how molecular changes propagate through
regulatory networks to produce evolutionary adaptations requiring multi-scale understanding. Coor-
dination frameworks [76] preserve domain-specific nuance while facilitating cross-pollination through
semantic bridges that create shared conceptual spaces, enabling meaningful comparison across fields
without forcing artificial standardization. Knowledge-enhanced frameworks [91] achieve distributed
bias mitigation where each agent’s systematic errors become visible through disagreement patterns,
approaching objectivity through diversity rather than attempting bias-free individual agents. The
simulated expert discussions [92] reveal that MAS engage in dialectical processes where contradictions
drive deeper investigation rather than defaulting to simple voting or averaging, producing richer
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understanding than consensus-seeking single agents, representing genuine interdisciplinary synthesis
from earth science [93] to drug discovery [94] where emergent patterns arise from agent interactions
rather than individual analysis.

2.2. Hypothesis Generation

Adversarial tension revolutionizes hypothesis generation by harnessing productive tension be-
tween competing perspectives through structured adversarial frameworks that systematically explore
possibility spaces beyond what confirmation-biased single agents would naturally investigate. Debate-
based systems [46] create computational analogs to the scientific method itself by assigning agents
opposing stances and forcing each to strengthen positions through evidence and reasoning, uncovering
arguments that would remain unexplored in single-agent generation where inherent confirmation bias
leads to premature convergence. Adversarial validation frameworks [81] ensure hypotheses survive
only through withstanding rigorous challenge from multiple perspectives, not simply attempting falsi-
fication but probing boundaries to explore under what conditions hypotheses hold, where they break
down, and what modifications might extend their applicability to broader domains. Conditional effect
evaluation [48] reveals how adversarial agents uncover edge cases, failure modes, and necessary modi-
fications that proposing agents, influenced by confirmation bias toward their creations, would never
investigate without external pressure. This process, formalized through cooperative reinforcement
learning [82], produces hypotheses that are simultaneously more creative and more rigorous because
agents learn not just from their successes but from successful challenges posed by adversaries, creating
evolutionary pressure toward robust novelty. The transformative potential manifests most clearly in
interdisciplinary synthesis where multi-agent code generation in physics [83] combines quantum field
theory thinking in terms of particle interactions, general relativity conceptualizing spacetime curvature,
and condensed matter physics focusing on collective phenomena through iterative refinement where
each domain’s constraints shape emerging hypotheses. Drug discovery applications demonstrate
practical impact where agent swarms [85] transform traditionally linear pipelines into parallel iterative
processes with structural biology agents identifying binding pockets while medicinal chemistry agents
explore ligands, pharmacokinetic agents evaluate absorption profiles, and toxicology agents flag safety
concerns simultaneously. Autonomous molecular design [86] reveals that MAS discover entirely new
compound classes violating traditional drug-like rules yet proving effective precisely because they
satisfy constraints emerging from multiple perspective intersections. Principle-aware frameworks [84]
ensure creative exploration remains scientifically grounded through guided creativity where critic
agents serve as theoretical consistency guardians, not suppressing creativity but ensuring creative
leaps are conscious choices rather than errors, producing hypotheses both more innovative and more
likely valid than either unconstrained brainstorming or rigid rule-following could achieve.

2.3. Experimental Planning

Adaptive coordination through distributed intelligence revolutionizes experimental planning by
reconceptualizing experiments as complex adaptive systems requiring continuous coordination rather
than predetermined schedules that inevitably fail when confronted with real-world uncertainties. The
MULTITASK framework [71] treats laboratory resources as ecosystems where agents engage in continu-
ous negotiation creating market-based optimization, naturally balancing competing demands through
local interactions rather than central planning requiring perfect information. Chemical coordination
systems [13] demonstrate how agents managing different resources trade priorities based on real-time
progress where synthesis reactions completing faster immediately release equipment for other experi-
ments while unexpected cell growth patterns trigger resource reallocation requests, handling intricate
interdependencies through agents understanding local constraints and negotiating solutions. The
innovation lies in anticipatory adaptation through parallel contingency modeling where astrophysical
applications using OpenMAS [4,72] show agents maintaining dozens of parallel plans optimized for dif-
ferent scenarios including weather uncertainties, equipment failures, and changing priorities, enabling
smooth transitions to pre-optimized alternatives rather than reactive troubleshooting. This proactive
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resilience transforms planning from deterministic scheduling into adaptive strategies maintaining
readiness for multiple futures simultaneously. Parallel planning systems [73] extend this through
game-theoretic modeling where agents simulate thousands of what-if scenarios using probabilistic
models of failures, delays, and unexpected results to identify robust strategies performing well across
contingencies. Multi-agent reinforcement learning [62] adds temporal depth with agents learning from
collective experience to recognize subtle patterns predicting complications and proactively adjusting
schedules. Fault detection MAS [30] identify subtle patterns presaging problems hours or days before
causing failure, including gradual temperature drifts suggesting equipment degradation, unusual
consumption patterns indicating contamination, and unexpected correlations revealing hidden de-
pendencies, enabling preemptive intervention maintaining experimental continuity. This predictive
capability transforms experimental planning from deterministic scheduling into adaptive strategies
where emergent coordination from hundreds of agent interactions produces patterns no central planner
could anticipate, including natural equipment utilization balancing, predictive reagent ordering, and
automatic safety protocol emergence.

2.4. Experimental Execution

Robustness through redundant intelligence emerges from overlapping agent capabilities creating
system-level robustness exceeding individual reliability through multiple independent perspectives
providing different views of the same experimental process. El Agente’s quantum chemistry frame-
work [6] exemplifies this through memory structures where strategic agents understand scientific
objectives, tactical agents translate these into computational strategies selecting appropriate theory
levels and convergence criteria, and operational agents handle actual execution. When encountering
convergence failures, the system doesn’t simply retry but engages in multi-level error handling where
operational agents communicate with tactical agents about potential causes, tactical agents recognize
common problems and suggest alternatives, and strategic agents evaluate whether alternatives serve
objectives, demonstrating automated scientific reasoning rather than mechanical procedure following.
DeepMind’s agent constellation [57,96–100] shows seamless integration across abstraction levels from
low-level code optimization to high-level strategic planning where insights at one level immediately
inform decisions at others. Self-reflective frameworks [58] add metacognitive capabilities where agents
monitor their performance and develop understanding of why certain approaches fail, progressively
improving at predicting which methods work for new problems based on accumulated experience.
Paper-to-code systems [47,59] bridge theory-practice gaps by translating paper descriptions into exe-
cutable code while understanding underlying physics, recognizing numerical stability requirements,
and generating efficient implementations, even questioning whether papers’ descriptions are complete
or contain implicit assumptions when implementations don’t produce expected results. Biomedical ap-
plications [12,60] coordinate robotic instrumentation while making scientific judgments distinguishing
technical failures requiring repetition from biological variations providing scientific insight, achieving
better reproducibility than human researchers not by eliminating variation but by documenting and
controlling for it more systematically. Knowledge conflict resolution [61] ensures that when agents
disagree about conflicting experimental modalities, the system engages in structured deliberation
revealing whether conflicts arise from artifacts, resolution limitations, or different aspects of complex
phenomena, creating experimental systems exhibiting judgment approaching human researchers while
maintaining perfect reproducibility.

2.5. Peer Review

Collective intelligence through structured deliberation transforms peer review into processes that
capture multi-perspective evaluation while eliminating human inconsistencies and biases through
systematic assessment protocols. AgentReview [42] carefully constructs reviewing ecosystems with
agents exhibiting varying commitment levels, expertise domains, and cognitive styles calibrated to
mirror actual review panels while eliminating dysfunctions such as personal grudges or institutional
biases, preventing individual agents from having disproportionate influence through sophisticated
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aggregation mechanisms. The system demonstrates how social influence theory creates rational
convergence based on evidence rather than conformity where agents with stronger expertise in specific
areas have appropriately greater influence and positions adjust based on evidence quality rather
than social pressure. Deep review systems [43] engage in structured argumentation through distinct
phases analyzing claims and evidence, debating methodological soundness and theoretical novelty,
synthesizing arguments considering how strengths and weaknesses balance, and engaging in meta-
review examining evaluations for bias and completeness. This structured approach produces reviews
that are not only accurate but explainable with clear reasoning paths from evidence to assessment,
addressing the black-box criticism often leveled at automated systems. Frameworks [44] adapt
evaluation depth based on paper characteristics where straightforward empirical studies receive rapid
methodology-focused review while theoretical breakthroughs get deep multi-perspective analysis and
interdisciplinary works receive evaluation from agents spanning relevant fields. Resource allocation
based on potential impact ensures revolutionary claims get extra scrutiny while incremental advances
receive efficient evaluation, with breakthrough ideas that might be dismissed by conservative reviewers
getting careful consideration from innovation-specialized agents. CycleResearcher [45] adds iterative
refinement where reviews generate author responses triggering re-evaluation cycles that progressively
improve both review and paper quality, creating virtuous cycles where the review process actively
improves research rather than merely gatekeeping. This creates genuine scientific dialogue where
papers don’t just get accepted or rejected but actively improve through the process, establishing MAS
as superior quality assurance systems enhancing scientific knowledge reliability through systematic
multi-perspective validation.

3. Current Reality and Key Bottlenecks
3.1. Literature Review

Distributed knowledge processing could bring semantic fragmentation among different agents
rather than integrated understanding, which is a core challenge in MAS knowledge synthesis. Re-
search reveals that specialized agents operate with fundamentally incompatible conceptual frameworks
leading to systematic misinterpretation [33] where biology agents understand "energy" as ATP and
metabolic processes while physics agents think of conserved quantities governed by Hamiltonians,
reflecting different ways of explaining reality with highly diverse theory. Knowledge conflicts [61]
could cascade through networks as agents build increasingly specialized representations with ex-
ponentially deteriorating communication ability, creating isolated knowledge islands defeating the
integrated understanding purpose. Security vulnerabilities through adversarial injection [41,80] exploit
democratic discussion mechanisms where controlling just 15% to 20% of agents through subtle bias in-
jection including consistent interpretation emphasis, research area downplaying, and false controversy
creation can significantly shift system conclusions without detection. Current mitigation strategies
each compromise core advantages where standardizing ontologies reduces diversity enabling creative
insights, verification protocols add computational overhead negating efficiency gains, and restricting
agent diversity eliminates multiple perspectives making MAS valuable.

3.2. Hypothesis Generation

MAS discussion is also exposed to malicious agent injection attack that compromise scientific
integrity through sophisticated manipulation exploiting the very openness to novel ideas that makes
multi-agent systems valuable for breakthrough discovery. Adversarial agents achieve influence
through bias injection shaping exploration spaces [40], selective evidence presentation, and reasonable-
sounding objections to alternatives without explicit lying but through strategic emphasis gradually
shifting collective attention. Previous study has demonstrated that controlling just 10% to 15% of
agents can systematically guide hypothesis generation toward hidden agendas [66] through small
biases compounding over multiple refinement rounds where each suggestion appears reasonable
but collectively steers toward predetermined conclusions. This creates tension between measures
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preventing adversarial manipulation also could suppress legitimate creative exploration pushing
boundaries.

3.3. Experimental Planning

Coordination challenges reveal integration difficulties where overhead exceeds distributed opti-
mization benefits [29]. Each agent’s local optimization creates global impact without predicting its
actual impact. The lack of theoretical unification frameworks [78] also presents challenge where agents
could operate with very different settings and contexts. MULTITASK attempts reveal that sophisticated
negotiation protocols struggle to balance local-global coherence [71], producing theoretically optimal
but practically unworkable plans requiring perfect execution where any deviation causes cascading
failures throughout tightly coupled plans. The system spends more time replanning than executing,
creating planning paralysis where theoretical optimization prevents practical progress particularly
in exploratory research where outcome uncertainty means incorrect planning assumptions cause
complete experimental schedule collapse. This particularly affects exploratory research where the very
nature of discovery means unexpected results should trigger adaptation, but current systems treat
deviations as failures.

3.4. Experimental Execution

While MAS enable parallel execution and control, the very same mechanism also obscures
tractability of real-time decision-making, tracing reasoning with dozens of agents discuss together
becomes exponentially more complicated [34] with each agent’s decisions influencing others through
complex feedback loops creating emergent behaviors unattributable to specific components. Error
detection capabilities degrade as domain expertise becomes diluted across networks [37,38] where
no individual agent has sufficient global understanding for systemic error identification. Security
integration attempting data integrity adds complexity making real-time adaptation impossible [40,55]
where every decision requires cross-validation through consensus mechanisms taking longer time.
This creates an inevitable paradox where MAS can execute complex protocols but their complexity in
turn complicates interpretable and efficient execution.

3.5. Peer Review

Consensus manipulation through opaque networks exposes how consensus mechanisms en-
abling collective evaluation create unprecedented manipulation vulnerabilities where multi-agent
contributions through complex discussions produce untraceable decisions unattributable to evidence.
Sophisticated manipulation shapes discussion patterns through doubt injection, concern amplification,
and false consensus creation [19] exploiting social patterns where adversarial agents introduce skep-
ticism through innocent questions planting doubt seeds, amplify minor concerns through strategic
repetition, and coordinate seemingly independent similar concerns making isolated issues appear
widespread. Social influence mechanisms designed to improve consistency become manipulation
vectors where influential agents’ early opinions create artificial consensus reflecting social patterns
rather than scientific merit. Error propagation through multi-stage processes amplifies rather than
corrects mistakes where initial methodology assessment errors become accepted facts influencing
theoretical evaluation and ultimately accept/reject decisions, creating cascade failures in quality
control. Verification attempts create rigid structures eliminating democratic advantages, producing
reviews less reliable than single experts while requiring more computational resources, leaving the
promise of achieving collective wisdom unrealized. Current systems potentially introduce new bias
and manipulation forms threatening scientific quality control integrity more severely than traditional
peer review problems they aimed to solve.
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4. Future Work Towards MAS4Science
4.1. Literature Review

Resolving semantic fragmentation requires evolving knowledge graphs that maintain domain pre-
cision while enabling translation through learned bridges rather than predetermined mappings [28,87].
The key insight is treating semantic bridges as first-class learning entities that accumulate evidence
about successful conceptual translations—for instance, when mathematical frameworks like bar-
rier penetration probability successfully unify quantum tunneling and enzyme catalysis. Through
co-evolutionary learning [74,82] and cross-task generalization [64], agents develop intermediate repre-
sentations that preserve essential meaning including mathematical relationships, causal structures, and
predictive power. This creates a form of semantic federalism where autonomous domains maintain con-
ceptual sovereignty while participating in knowledge exchange through negotiated semantic treaties
that emerge from successful collaboration patterns [51,76]. The result is living knowledge frame-
works that adapt to scientific progress while maintaining coherence—achieving robust cross-domain
understanding without sacrificing the specialized depth that makes domain expertise valuable.

4.2. Hypothesis Generation

Secure hypothesis generation requires cryptographic consensus preserving creative freedom
while verifying reasoning validity without constraining exploration through zero-knowledge proofs
enabling verification of good-faith scientific reasoning without revealing specific content. Peer-guard
protocols [31] demonstrate agents proving logical rule following, evidence respect, and consistency
maintenance without exposing ideas to theft or manipulation, creating trust without transparency
that traditionally enables both collaboration and vulnerability. Multi-layered fact-checking [89] im-
plements progressive verification with creative sandboxes allowing wild speculation in early stages
with minimal constraints, graduating to rigorous evaluation as ideas mature from speculation to
hypothesis. Differential privacy [65] enables sharing statistical insights about hypothesis spaces where
agents communicate promising directions without revealing specific targets, allowing exploration
adjustment avoiding redundancy without enabling intellectual property theft. Behavioral analysis
identifies manipulation through reasoning patterns [66] detecting characteristic adversarial argumen-
tation structures including overconfidence without evidence, contradicting data dismissal, and circular
reasoning regardless of specific hypotheses promoted. Deadlock prevention uses game theory ensuring
genuine contribution incentives [67] structuring rewards so agents benefit more from collaborative
discovery than competitor sabotage, aligning individual and collective interests. Privacy-preserving
reinforcement learning [55] enables collective learning without accessing individual contributions
where successful strategies benefit all agents without revealing developers or specific hypotheses.
Blockchain-inspired consensus creates immutable hypothesis evolution records [69] through crypto-
graphic signing and linking preventing post-hoc manipulation while allowing legitimate building.
Future systems must implement graduated transparency with time-delayed revelation where hypothe-
ses remain encrypted during initial development, get partially revealed for collaborative refinement,
and become fully transparent after key experiments.

4.3. Experimental Planning

Solving planning challenges requires compositional frameworks treating experiments as modular
assemblies with defined interfaces. Parallel simulation [62,101] decomposes experiments into indepen-
dent modules with specified inputs/outputs, transforming global optimization into local coordination.
Virtual laboratories [63] model experimental physics including sample stability and calibration timing
before committing resources. Agent-oriented planning [102] maintains probabilistic outcome models
identifying critical uncertainties requiring early resolution. Reinforcement learning [71] enables agents
to learn dependency structures: sequential versus parallel execution, catastrophic versus recoverable
failures, and bottleneck versus excess resources. Modular interfaces with formal specifications enable
independent development satisfying contracts. Violations require only local negotiation between
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affected modules rather than global replanning. This enables experimental marketplaces where dis-
tributed capabilities coordinate through standardized interfaces, creating virtual research organizations
tackling problems beyond single group capabilities.

4.4. Experimental Execution

Future system must address the paradox where MAS complexity prevents the very transparency
needed for scientific validation—demands living documentation that functions simultaneously as
human-readable explanation and machine-executable programs [47,58]. Future MAS powered by
multimodal language models should capture scientific intent beyond mechanical procedure, describing
experimental aims, assumptions, and constraints while allowing implementation flexibility. These
specifications must evolve through fault analysis [30], where execution failures serve as RL signal
to continuously refine MAS. This approach transforms the transparency-interoperability trade-off
into a manageable design choice where different domains implement appropriate transparency levels
while maintaining system-wide scientific integrity [12]. Future systems must develop domain-specific
languages that preserve essential scientific requirements while supporting gradual refinement from
high-level intent to executable protocol.

4.5. Peer Review

Future MAS should offer traceable review through argumentation graphs making reasoning
explicit and verifiable. MAS decompose reviews into atomic evaluations with edges representing
logical relationships. Reproducibility frameworks [35,103] cross-validate research through independent
implementation attempts. Principle-aware evaluation [84] enables explicit assessment conditions
acknowledging context dependencies. Human-AI collaboration [104,105] shows transparency through
confidence indicators and limitation acknowledgment. CycleResearcher’s iterative refinement [45]
creates scientific dialogue where authors address concerns and papers improve through back-and-forth.
Future systems should justify decisions with detailed reasoning, incorporate uncertainty quantification,
create valuable review artifacts contributing knowledge regardless of acceptance, transforming peer
review into collaborative refinement.

5. Vision and Conclusions
The evolution from single-agent to multi-agent systems for scientific discovery represents a

foundational paradigm shift from AI as only tools to collaborative intelligence networks that take in-
spirations from how human researchers attempt to expand knowledge frontiers into the unknowns. As
these systems mature from current promising prototypes into actually functional research ecosystems,
they promise to unlock capabilities that transcend current single-agent limitations of memory and
context window to perform open-ended reasoning through discussion-driven mutual reasoning and
parallel exploration of vast state spaces. The vision extends beyond mere automation toward enabling
new forms of human-AI collaborative inquiry where AI agents serve as autonomous co-scientists with
refreshing perspective alongside human researchers.

6. Limitations
This survey provides an overview of the current reality and future prospects of MAS for scientific

discovery (MAS4Science). However, certain limitations in the scope and methodology of this paper
warrant acknowledgment.

6.1. References and Methods

Due to page limits, this survey may not capture all relevant literature, particularly given the rapid
evolution of both multi-agent and AI4Science research. We focus on frontier works published between
2023 and 2025 in leading venues, including conferences such as *ACL, ICLR, ICML, and NeurIPS, and
journals like Nature, Science, and IEEE Transactions. Ongoing efforts will monitor and incorporate
emerging studies to ensure the survey remains current.
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6.2. Empirical Conclusions

Our analysis and proposed directions rely on empirical evaluations of existing MAS frameworks,
which may not fully capture the field’s macroscopic dynamics. The rapid pace of advancements risks
outdating certain insights, and our perspective may miss niche or emerging subfields. We commit to
periodically updating our assessments to reflect the latest developments and broader viewpoints.

6.3. Ethical Considerations

Despite our best effort to responsibly synthesize the current reality and future prospects at the
intersection of AI4Science and Multi-Agent Research, ethical challenges remain as the selection of
literature may inadvertently favor more prominent works, and may potentially overlook contributions
from underrepresented research communities. We aim to uphold rigorous standards in citation
practices and advocate for transparent, inclusive research to mitigate these risks.
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