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Abstract Sections

Artificial intelligence (Al) agents are emerging in scientific research as Introduction
systems that can transform the accumulated decisions of scientistsinto | experimentation
traceable workflows. In fact, modern scientific practice depends on
continual coordination of knowledge dispersed across literature, data,
theory and experiment, which, however, is often made through manual,
case-by-case judgement. This Primer introduces agentic Al systems as Egzg?si?:ri\bi“tyand data
ageneral method to structure this process through natural language

interfaces, serving as a computational brainin the laboratory. Central
to this framework are practical workflows for in-depth literature search | Outlook
and knowledge mining, orchestration of physics-based simulations,
and integration with automated experimental platforms. We begin by
describing the foundations of Al agents, including task decomposition,
memory, tool use and communication between agents, and by
distinguishing single-agent and multi-agent designs, as well as fully
autonomous and human-in-the-loop configurations. Equally important
are the means by which these systems are evaluated, documented

and reported reproducibly. Finally, we examine major bottlenecks,
including hallucination, tool misuse, limited interpretability and safety
risks, and outline a future in which coordinated networks of agents,
instruments and researchers transform scientific discovery from
isolated tasks into continuous adaptive experimentation.

Results

Applications

Limitations and optimizations
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Introduction
Advancesincomputer technology have enabled machine-assisted exper-
imental design, instrument control and data analysis, thereby giving rise
to high-throughput experimentation’™*. However, experimental discover-
iesin this data-intensive environment have largely hitherto arisen from
predefined pipelines rather than from adaptive design. Furthermore,
therapidgrowth of datasets and digital tools has rendered information
integration increasingly challenging®®. With further developmentsin
automation, the concept of self-driving laboratories was introduced to
close the experimental loop through robotics and feedback’®. Yet some
systems face challenges in transferability due to fixed workflows”"”'8,
Concurrently, machine learning models in experimental workflows
are engineered for specialized tasks” >, with limited orchestration,
whereas large language models (LLMs) demonstrate strong task com-
prehension in digital workflows?~*' but are not yet broadly realized in
physical experimental systems>**~>°, Taken together, these limitations
point to the need for a framework capable of coordinating reasoning,
tool use and experimental action within a single workflow**¢",
Artificial intelligence (Al) agents and the workflows built around
them have emerged as anew methodology for scientific discovery>*-*2,
Here, an agentic Al system is defined as comprising one or more Al
agents, the workflow that organizes their actions and the environment
with which they interact in pursuit of a scientific objective, including
digital resources, physical instruments and human participants. Given
their diverse architectures and levels of autonomy, we view agency

as a continuum shaped by discretion over actions, environmental
impact, interaction horizon and persistence of goals and state. None-
theless, this Primer focuses on LLM-based agents that act through
natural language and tool interfaces in computational or physical
environments**. Through role specialization and coordinated task
execution, such systems can scale into agentic ecosystems. Here, an
agentic ecosystemrefers toacoordinated network of agents, research-
ers, datasources, computational resources and physical instruments
linked through shared interfaces and feedback (Fig. 1a).

Typicalscientific agentic systems involve multimodal frameworks
that decompose tasks, invoke tools and refine strategies based on
intermediate results, all centred on goals expressed in natural lan-
guage. Across successive stages of development, three overlapping
directions have acquired distinct current emphases: cognitive agents,
embodied laboratory agents and collaborative agents (Fig. 1b). We dis-
tinguish these by their predominant mode of operation, namely digital
cognition and computation, interaction with physical environments
or coordination among agents and humans, while recognizing that
real systems may span all three and that these capabilities are likely
to converge as scientific agentic systems mature®. Structurally, they
integrate reasoning models, tool use, memory and iterative planning
to support complex experimental discovery workflows.

Compared with conventional machine learning pipelines or
simple prompt-based LLM interactions, systems with greater degrees
of agency can exercise broader control over actions and coordinate
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Fig.1| Overview of agentic experimental discovery. a, Progressive assembly
from foundation models to artificial intelligence (Al) agents, agentic systems
and agentic ecosystems. The main labels represent successive levels of
system organization: models provide reasoning; agents add tool-enabled
action; systems coordinate agents within workflows; and ecosystems connect
agents with researchers, data, computation and instruments. b, Illustrative
classification and development of scientific Al agents over time. Agents are

classified by predominant function as cognitive (red), embodied (blue) or
collaborative (yellow), corresponding to digital reasoning, physical laboratory
interaction and coordinated human-Al or multi-agent operation, respectively.
The four eras denote broad stages from rule-based systems and foundation
models to agentic science with action capability and collective intelligence
through coordinated systems. LLM, large language model; MLLM, multimodal
large language model.
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Fig. 2| Operational architecture of agentic Al systems. a, Representative
workflow of an agentic artificial intelligence (Al) system. A defined scientific
problem s addressed through task allocation, planning, action and validation.
Memory updates (red), tool use (yellow) and local feedback (grey) support adaptive
revision, whereas a system-level feedback loop (blue), monitoring and human
checkpoints guide progression towards scientific discovery. These functions

may occur within asingle agent or be distributed among a coordinator and role-
specialized agents. b, lllustrative pathways through which scientific information s

organized, accessed and interpreted by an agent. Scientific resources define where
informationresides, and their structural standardization reflects the consistency
withwhichitis organized. Machine-access interfaces establish how agents reach
and act on these resources, with their executability determining whether such
interactions canbe carried out programmatically. Semantic representations
provide the means by which information is exchanged and processed, and their
interpretability reflects how readily it can be understood and used in reasoning.
API, application programming interface; CLI, Gemini command line interface.

reasoning with execution®®. Moreover, by using natural language
as a bridge between human researchers’ intent, knowledge and
experimental platforms, such agentic systems can support adap-
tive workflows that respond to intermediate results, potentially
improving the flexibility, generalizability and scalability of scien-
tific processes*®*. Nevertheless, important challenges remain, as
long-horizon reasoning may lead to error accumulation and con-
sequent deviation*®°, whereas the expansion of system autonomy
raises considerations of safety and ethics, and technical aspects,
including memory design and multi-model orchestration, remain
to beresolved.

This Primer introduces agentic Al systems as a general framework
for scientific discovery. We outline their conceptual foundations and
deployment methodologies. Following a systematic categorization of
their core functionalities, we discuss their representative applications
includingliterature mining, simulation orchestration and automated
experimentation. We further discuss considerations for reproducibility
and methodological reportinginsuch systems. Finally, we analyse cur-
rent limitations and outline directions for the development of agen-
tic systems capable of more reliable and autonomous experimental
decision-making.

Experimentation

In the context of agentic Al systems, experimentation involves the
construction and operation of adaptive workflows in which scien-
tific objectives are translated into executable decisions. By virtue of
this design, Al agents move beyond static text-based interaction and

supportsustained, multistep operation acrossliterature, computation,
instrumentation and human decision-making.

Atafundamentallevel, such systems are organized around acon-
trol framework that governs actions — most oftena LLM —to coordinate
workflow execution (Fig. 2). Prompts are iteratively processed into
executableinstructions thatinvoke tools, coordinate agents, retrieve
information and trigger downstream experimental actions to reduce
reliance on manualintervention. This section describes two principal
elements of an agentic Al system for scientific discovery: construction
and execution. The former defines the foundational components of
thesystem, including profiles, perception, toolsand memory, whereas
the latter governs how these components interact through planning,
action, coordination and adaptation.

Construction

Modern agentic systems are organized around one or more LLMs
responsible for reasoning (Fig. 2a). An agent’s behaviour is steered by
aprofilewhichspells outidentity, objectives and operating limits. Capa-
bilities beyond text generation are surfaced as callable tools, including
interfaces to laboratory instruments, software, search engines and
machine learning models. A memory subsystem maintains the task
state and accumulates experience across turns. Agentic systems can
be implemented through native application programming interface
(API) integrations, custom orchestration loops or agent-development
toolkits;illustrative examplesinclude LangChain, Pydantic Al, OpenAl
Agents SDK and LangGraph. In practice, these components can be
organized within an agent harness, through which their interactions
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Table 1| Principal tool categories in agentic scientific systems

Category Examples

Information access ~ Search engines such as Perplexity and Tavily, databases

(PubMed, ChEMBL), input file generators'**?*®

Computation and
modelling

Python executors, high-performance computing
schedulers®?*°

Natural language to SQL**°, terminal commands,
electronic laboratory notebooks?®”, laboratory
information management systems?*

Data management

Instrument control®*?**, robotic platforms®*, subagent
delegation'”®, NL-to-XDL conversion®*, safety
shutdowns'”"?*

Physical interaction
and workflow

Tools are classified by their predominant function, although many support more than one
stage of a scientific workflow.

are coordinated during execution. Meanwhile agent frameworks such
as Claude Code, OpenAl Codex, the Gemini command line interface
(CLI), OpenClaw, Hermes Agent and OpenCode interact with hetero-
geneous external resources, including databases, software packages
and laboratory instruments, each of which would require custominte-
gration. The Model Context Protocol (MCP)* addresses this need for
custom integration by providing a unified interface between agents
and their environments. Agents can also connect viacommand line
interfaces and interact with local file systems to support laboratory
automation pipelines.

Profile. Profiles govern how agents behave during execution. They are
often represented as versioned Markdown files (such as Claude Code
and OpenClaw), thereby rendering system behaviour auditable and
reproducible. In multi-agent systems, agents require external-facing
capability descriptions in addition to their individual internal behav-
iour characteristics in order to discover and invoke other agents. The
Agent-to-Agent protocol serves this purpose by providing machine-
readable agent cards, which specify modalities, reusable capability
modules, end points and authentication requirements. Whereas pro-
files steer an agent’s internal reasoning and operating limits, agent
cards specify what an agent can do and how it can be reached.

Perception. Perception defines how an agent acquires information
fromits environment (Fig. 2b). Text remains the dominant modality,
including prompts, retrieved literature, tool outputs and execution
traces. Increasingly, LLMs accept multimodal inputs®>**, which allow
agents to process scientific images®~’ and edit molecular structures
throughvision®. Note thatinscientific settings, domain-specificsignals
often require specialized preprocessing before model reasoning®.

Tools. Tools provide the operational interface between reasoning and
execution (Table1).In principle, any computational component, from
conventional algorithms to machine learning models, can serve as a
toolifit exposes a callable interface with defined inputs and outputs.
The most direct approach is to emit executable code (Python, Bash,
JSON®°) that an interpreter runs, exposing the full expressiveness of
existing ecosystems including cheminformatics stacks® and labora-
tory hardware such as Python Protocol API Documentation. Evolu-
tionary strategies can plan over large toolsets®’. Standard-protocol
approaches expose tools via JSON Schema, for example, Chemin-
formatics Microservice® and ChemCloud®*. Standardized protocols

such as the MCP provide a common interface for connecting agents
to external tools and data sources, which, in essence, reduces the
need for custom wrappers and improves interoperability across local
and remote resources. Example MCP servers include PubChem and
ChEMBL, as well as machine learning stacks such as Chemprop for
molecular property prediction®¢, Additionally, tools need not be
fixed at the time of design, as agents can synthesize, validate and reuse
new tools on demand®”®%,

Memory. Memory preserves contextual continuity across long-horizon
workflows®. Short-term memory is provided by the model context,
which contains currentinstructions, observations and tool outputs™.
Long-term memory persists beyond a single context and may take
the form of text files, databases, vector stores, workflow logs, skills or
knowledge graphs” 7. The choice of memory representation should
depend onthescale and structure of the information: smaller or more
ordered knowledge can be maintainedin hierarchical Markdown-based
formats, including the recently introduced Open Knowledge Format,
whereas larger or less structured corpora may benefit from vector
stores or graph-based representations. In experimental workflows,
memory serves to preserve the state (such aswhich experiments have
been attempted), support learning from prior outcomes (including
failed conditions and successful protocols) and enable reproduc-
ibility by retaining provenance, decisions and intermediate data.
Memories can also be supported by hierarchical, graph-based and
network-based structures’’>’*”*, which can be further modified by
tools” (Hermes Agent) so that memory evolves with experience. For
large-scale memory, vector-based retrieval-augmented generation
represents stored information numerically and retrieves the entries
most similar to the current query”’. Retrieval alone, however, does
not ensure that memory remains reliable over long workflows, as
entries may become redundant, contradictory or obsolete. Active
life-cycle management, including consolidation, conflict resolu-
tion and selective forgetting, is therefore necessary, and emerging
approaches address this through agentic self-organization of memory
entries”® or layered architectures with explicit compression and update
operations”. Recent graph-based retrieval and scientific-agent frame-
works suggest that dynamic knowledge graphs can function as exter-
nal memory and reasoning substrates, enabling multi-hop retrieval,
provenance-aware context management and tool-updatable state
evolutioninlong-horizon workflows™.

Execution
Execution refers to the mechanisms that, given a defined agent archi-
tecture, collectively drive the system towards a high-level scientific
goal, encompassing planning, reasoning, multi-agent coordination
and direct engagement with the experimental environment (Fig. 2a).
The fidelity of this coordination is a primary determinant of whether
the system achieves reliable scientific outcomes®~*, Systems may be
open loop, executing a fixed sequence of steps without feedback****,
or closed loop, cycling between planning, action and observation
until a goal is reached****%, In experimental science, closed-loop
designs are considerably more practical, as outcomes are rarely pre-
dictableinadvance. Consequently, these feedback-driven systems have
been demonstrated across numerous domains such as autonomous
electrochemistry®®, distributed chemical synthesis®***’, autonomous
biotechnology®® and closed-loop organoid experimentation®.

To illustrate how such systems can be constructed and used in
practice, we presentalipid nanoparticle (LNP) formulation-discovery
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task as a worked example (Fig. 3). The starting point is the scientific
objective, which defines the capabilities that the agent requires and,
inturn, itsarchitecture. For anarrowly defined task, asingle agent can
make successive model, tool and API calls, whereas abroader workflow
involving information retrieval, input preparation, simulation and
evaluation can distribute these functions among specialized agents
when the benefit warrants the additional coordination and compu-
tational cost’®. Reusable scientific skills then provide instructions for
accessing external tools and resources*, whereas a repository-based
workspace organizes project dataand intermediate outputs. Transient
instructions and current observations may remainin the prompt con-
text, whereas prior attempts, intermediate results and provenance
are retained persistently”. Tool outputs are checked for format and
scientific plausibility before downstream use, with human approval
reserved forirreversible, safety-critical or physical actions®. The result-
ing candidates canthenbe reviewed by researchers and, uponapproval,
passed toanexperimental loop. Measurements are recorded inaresults
spreadsheet and returned to the workspace, where they provide the
basis for subsequent candidate redesign.

Scientific tasks

Goal: find LNP formulations for melanoma mRNA delivery

Optimize: mRNA expression and cell viability

Planning. Planning accounts for the cognitive layer of agentic systems.
It determines how subtasks should be sequenced, whichtools should be
invoked and how the workflow should adapt asnew informationarrives.
Single-path planning generates a linear chain-of-thought sequence,
efficientyet brittle when early steps fail. Multi-path planning evaluates
several candidate trajectories in parallel’®, well suited to situations
whereintermediate results must discriminate between competing pro-
tocols, asinthe agentic tree search of Al Scientist v2 (ref. 94). Hierarchi-
calplanning separates high-level goals from low-level executable steps;
ChemAgents implements this through a Task Manager coordinating
fourrole-specific subagents covering literature retrieval, experimental
design, computation and robotic operation®. Lastly, feedback-driven
planning continuously revises the plan against real instrument outputs,
asdemonstrated inautonomous materials phase-diagram mapping*®
and closed-loop molecular discovery”’. These paradigms are inherently
complementary and are often combined.

Reasoning. Reasoning is the process by which an agent interprets
observations, draws inferences from intermediate results and decides

Input files

e lipid_catalog.csv
o assay_results.csv

Constraint: use available lipids and feasible mol ratios o papers/
l J
Calling skills
Skills.md 5
. . Accessing resources
#literature-mining
description: ... formulation-design/ “«— e PubMed/bioRxiv
# LNP data-extraction | README.md » Expression predictor
description: ... | references/LNP_rules.md » Bayesian optimizer
# formulation-design | scripts/calculate_NP_ratio.py
description: ... L assets/formulation_template.csv
Workspace Candidates.csv
L4 Lipid Helper Chol PEG Score
LNP/
} data/ SM-102 DOTAP 385 15 6.2
} README.md
| config.yaml ALC-0315 DOPC 38.5 1.5 41
| assay_results.json
L Candidates.csv

|

Physical lab loop (as needed)
Liquid handler

Ranked candidates.txt

#1: SM-102/DOPE/Chol/PEG
50/10/38.5/1.5

Perturbation: +5% C12-200; Rationale: ...

DLS: size/PDI
Plate reader: mRNA expression

Fig. 3| Practical construction of aLNP formulation-discovery agent. The
scientific tasks are defined by researchers, with relevant background knowledge
and supporting files supplied as inputs, including the catalogue of available
lipids, prior assay measurements and literature. These inputs are incorporated
through skills, each organized as a self-contained folder of instructions,
reference rules, scripts and templates through which the agent is instructed on
how to carry out the corresponding task. External resources can further augment
the agent and are made accessible through application programming interfaces
(APIs) or other callable interfaces. During operation, the agent queries these
resources and writes outputs, including predictor-derived candidate scores, to

#2: ALC-0315/DOTAP/Chol/PEG
50/10/38.5/1.5
Perturbation: -2.5% DOTAP; Rationale: ...

files in the workspace, whereas task constraints restrict consideration to feasible
formulations. Where needed, the agent can invoke a physical laboratory loop for
experimental validation or additional measurements, including liquid handling,
dynamic light scattering and plate-reader assays. The resulting intermediate
outputs are evaluated by the agent against the stated objectives and constraints
to produce afinal ranking of candidates, together with proposed compositional
perturbations and accompanying rationales. Chol, cholesterol; DLS, dynamic
light scattering; DOPE, 1,2-dioleoyl-sn-glycerophosphoethanolamine; DOTAP,
1,2-dioleoyl-3-trimethylammonium propane; LNP, lipid nanoparticle; PDI,
polydispersity index; PEG, polyethylene glycol.
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Fig. 4| Overview of scientific result analysis in agentic systems. Domain
knowledge is extracted and transformed into testable hypotheses, which
arerefined through prediction and analysis and subsequently examined by
laboratory experimentation. The agentic character lies in an adaptive trajectory
instead of a fixed linear workflow, in which one or more agents make autonomous
decisions over subsequent actions and tool use, retain intermediate results
asstate and revisit earlier stages as new evidence emerges. Provenance and
decisions are recorded throughout, which in essence allows the path to discovery
to be traced while human involvement shifts towards defining goals and
approving consequential actions.

whether its current plan remains appropriate. Thisis primarily realized
using the ReAct mechanism®®, which interleaves explicit reasoning
traces with tool calls and outcome observations, allowing the agent
toreviseits course in response to unexpected results. Each cycle com-
prises awritten thought that defines what the agent needs to establish,
anactionthrough anappropriatetooland anobservation of the result.
Theagent then considersthe complete sequence and determines what
to establish or do next, which initiates a new cycle. In practice, this
spans both short-horizon tasks, such as parsing instrument outputs,
and longer-horizon ones, such as adaptive replanning across a failed
multistep synthesis. Agent frameworks have operationalized this pat-
tern across domains of quantum computing>*, molecular dynamics”
and gene editing®.

Multi-agent systems. Multi-agent execution strategies formanimpor-
tant class of execution topologies in contemporary agentic systems
and represent a major direction for future research. These strategies
decompose scientific discovery into interacting roles, such as plan-
ners, hypothesis generators, experiment designers, data analysts
and critics, coordinated through ashared state or workflow?®°°, This
divisionof labour enables agents to have simultaneous competencein
subtasks of literature search, hypothesis generation and refinement,
experimentdesign and execution (including on automated platforms)
and iterative update of the models of the system under study. In drug
discovery'’, physics**, biology'*> and materials science?®'%*, such archi-
tectures have begunto deliver end-to-end or lab-in-the-loop pipelines
that demonstrate promising performance relative to human teams
on tightly scoped case studies; however, a substantial gap remains
between success in these bounded scenarios and true open-ended
research competence.

Human-in-the-loop. Some decision points in experimental sci-
ence, whether by virtue of their stakes or their dependence on tacit
domain knowledge, remain beyond the reliable reach of automated
reasoning. Human-in-the-loop (HITL) architectures distribute human
checkpoints across the pipeline, from task allocation through to final
validation, with exception handling at intermediate stages to catch
anomalous results before they propagate. Human oversight catches
compoundingerrors, preventsirreversible actions, preserves account-
ability and injects expertise where current models are weakest'**.
Full autonomy in polymer self-driving laboratories was shown to
introduce algorithmic biases, supporting a hybrid model grounded
in symbiotic autonomy'®. Human checkpoints are intended to slow
the workflow at consequential decisions, and this is by design'®®.

The practical difficulty arises when the required expert is unavail-
able, as an unresolved checkpoint can stall the entire run. We there-
fore propose that workflows define explicit timeout, safe-pause and
escalation rules, with a pending decision suspending the run rather
than defaulting to execution. Looking ahead, adaptive HITL, whereby
agents determine whento escalate adecisionbased ontheir ownuncer-
tainty, represents acompelling direction for sharpening the boundary

between human and machine responsibility'”’.

Results

The defining result of agentic Al systems is the generation of aladder
of outputs by which ascientific questionis transformed into traceable
executions. First, evidenceisrenderedinto structured knowledge, and
then knowledge is formulated into testable hypotheses. Hypotheses
become candidates or protocols, and selected outputs are subjected
to experimental validation. This section examines the representative
results produced by agentic Al systems during experimental discovery
and, more importantly, the principal considerations for their inter-
pretation and validation (Fig. 4). Within this progression, cognitive
agents primarily focus on knowledge synthesis, reasoning, planning
and computational tool use. Embodied agents extend these capabili-
ties to instruments and physical experiments, whereas collaborative
agents, in turn, coordinate work among agents and researchers.

Output and analysis

Alsystems for science have been historically evaluated by single-metric,
isolated outputs suchas classification and regression outputs"**1°81%,
By contrast, trajectory — as a linked succession of representations
and actions that turns a question into a testable form — is closer
to how experimentalists make discoveries. It yields four classes of
output.

Thefirstoutput classis extracted knowledge. Here, agents convert
unstructured scientific corpora into representations amenable to
downstream reasoning (Fig. 4). Early systems such as Robot Scientist
Adam encoded biological observationsinto formallogical predicatesto
reason over metabolic pathways”'°. More recent systemsinstead lever-
age LLMsto extract structured knowledge directly fromtheliterature.
Forexample, in2023, ChatGPT Chemistry Assistant”® and LLM-NERRE™
demonstrated the construction of JSON or tabulated synthesis data-
sets based on hundreds of publications describing metal-organic
frameworks (MOFs), and later in the same year Coscientist** showed
the conversion of textual synthesis procedures into robotic workflows.
These outputs form the scaffolds that determine what the agent can
later ask, vary and test.

The second class is ranked hypotheses. In early systems, this was
handled through abductive inference over a constrained knowledge
base!>"*!*, Nowadays, agentic systems expand this idea by using lit-
eratureretrieval, knowledge graphs and multi-agent critique. SciMON,
for example, uses existing literature to maximize technical depth™,
whereas SciAgents searches ontological graphs for interdisciplinary
links’® and CoDHy uses graph-based evidence signals and literature
retrieval from PubMed to rank drug combinations for biomarkers™.
HypoChainerjoins visualization and human expertise™®, SciMuse iden-
tifies non-obvious interdisciplinary insights from 58 million research
papers'’ and AstroAgents analyses high-dimensional mass spectrom-
etry datasets to propose evidence-based hypotheses"®. The output list
from this stage treats uncertainty as a first-class object and, instead
of offering a single attractive answer, yields a ranked distribution of
possibilities needed for adaptive experimentation.
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The third class involves iterative refinement of scientific candi-
dates throughsimulations, tool orchestration and automated feedback.
For instance, RepurAgent combines a hierarchical multi-agent archi-
tecture with episodic memory and was assessed through pathway-level
comparison with Google Co-Scientist outputs™. Agentomics improves
protein-engineering performance while maintaining agreement
between validation and hidden-test outcomes'”°, LARA-HPC'* illus-
trates a validation-first mode for simulation executioninwhich dry-run
primitives identify invalid inputs or physical configurations before
formal execution. Thus, optimized outputs should be judged by both
scientific merit and procedural soundness.

The last class, where the agentic pipeline is tested against the
experiment, is empirically validated scientific knowledge. The ana-
lytical dimensions used here include reproducibility, efficiency, sci-
entific validity, actionability and human oversight. Reproducibility
refersto whether results or key conclusions can be regenerated and
traced under documented conditions. Efficiency pertains to the
time, computational, experimental and human resources required
for each valid result. Scientific validity involves consistency across
evidence, controls and domain constraints. Actionability refers
to whether an output is sufficiently specified and reliable to sup-
port adefined downstream decision or experiment. Finally, human
oversight refers to the adequacy, traceability and burden of human
intervention, including when, why and how often experts intervene
and how those interventions affect the outcome. In mathemati-
cal research, Aletheia uses a propose-verify cycle in which genera-
tors, verifiers and revisers refine candidate solutions before expert
review'”. Nothing in this loop is specific to mathematics, and the
checkingis doneinordinary prose rather thaninaformal proof sys-
tem, so the same mechanism should carry over to other fields. Apply-
ing the same principle to biomedical hypothesis generation, Google’s
Al Co-Scientist'** nominated epigenetic modifiers for liver fibrosis,
and the HDAC and BRD4 inhibitors among them were subsequently
shown to suppress fibrogenesis in human hepatic organoids'. In
materials science research, the GPT Reticular Chemist guided the
discovery of four novel MOFs by identifying modulator effects on
crystallinity improvement'?. At this level, the result includes raw
measurements, derived statistical analyses and the provenance
connecting them to earlier agent decisions.

Validation strategies

Asagentic systems produce heterogeneous outputs, validationis con-
sidered to be a staged process progressing from internal consistency
checks towards computational and experimental confirmation®>'2¢1/
(Table 2). Internal validation is the first filter, which asks whether an
output is coherent (internally consistent and stable across repeated
runs), grounded (every substantive claim traceable to a source docu-
ment, dataset or tool output) and well formed (containing all required
fields and readable automatically by software)'?*"*°, Within the context
of knowledge extraction, this includes comparison against source
documents, assessment of citation grounding, schema complete-
ness, consistency across repeated runs and detection of unsupported
claims?*"B%B1 For ranked hypotheses or protocols, this means test-
ing stability across prompts, retrieval contexts and model variants,
and inspecting whether subtasks, tool calls and intermediate states
are propagated correctly**'?*'? For planning tasks, agreement with
expert workflows or similarity between generated and reference task
sequences may also be informative™ The above-mentioned checks
are usually inexpensive and often sufficient to expose obvious failure

modes'?***?, such as hallucinated facts, malformed outputs, omitted
constraints or brittle rankings'>'?%1%2,

Computational confirmation provides the next filter for outputs
intended to guide modelling or design'**?"'**, Here, agent-prioritized
molecules, materials, mechanisms or conditions can often be screened
through benchmark datasets, surrogate models and physics-grounded
simulations'?*'”, At this stage, it is helpful to distinguish testing strategies
fromtheevaluation metricsrooted inthem' ', Testing strategies specify
howanagenticsystemis challenged, for example throughrepeated runs,
cross-domain transfer or robustness testssuch asinput perturbationand
faultinjection, in which errors or failures are deliberately introduced to
testwhetherthesystemcandetectandrecover fromthem.Evaluationmet-
rics specify whatis measured during those tests, such as the task success
rate, cross-run agreement and efficiency under realistic conditions.

Repeated runs are especially important because agentic sys-
tems are inherently stochastic and path-dependent'”. Reporting
only best-case trajectories may therefore substantially exaggerate
capability'”"?°, which can render reproducible performance difficult
to distinguish from serendipitous success.

Wet-lab confirmation remains the strongest test for claims
intended to affect real experiments®>*"**, Validation should follow
the same standards expected for conventional experimental science,
including appropriate controls, replication, predefined success criteria
and transparentreporting of failures alongside successes. Humaninter-
ventionshould also be documented explicitly'*, as many systems oper-
atein HITL settings, where researchers define design spaces, approve
actions, correct failures or intervene at safety-critical points®'>3*,
Consequently, validation should clarify which actions are autonomous
and which are dependent on expert correction or approval. Addition-
ally, negative results are highly informative in this context'”'?°, Failed
experiments may reveal an unsupported literature synthesis, overfit-
ting toabenchmark or a plan that was syntactically valid yet scientifi-
cally unsound. Because automated checks cannot judge mechanistic
plausibility or novelty, expert post-run evaluation remains the decisive
filter across all stages and should be reported explicitly.

Interpretation
Interpretation should begin by separating utility fromevidence
Inessence, utility concerns what an output enables researchersto do,

128,129,135

Table 2 | Staged validation of outputs from scientific Al
agents through internal checks, computational assessment
and experimental confirmation, with complementary
quantitative and qualitative methods

Category Quantitative methods Qualitative methods

Schema verification
Logical consistency
Expert overview

Internal Workflow feasibility
Step success likelihood

Tool-call success

Computation Benchmark performances
Variance across seeds
Rank correlation

Success rate

Code/workflow inspection
Analysis of failure modes
Sensitivity analysis

Wet-lab Observation of phenomena
Mechanistic plausibility

Expert assessments

Experimental measurements
Improvement over baseline
Efficiency of the method

Al, artificial intelligence.
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whereas evidence concerns the scientific conclusions that the output
cansupport. It should be remarked that this distinction matters, asan
output may direct the course of discovery well before sufficient evi-
denceexiststoestablishitsscientific validity. First, factual outputs must
be interpreted in the context of their source and origin. Summaries,
mechanisms and high-scoring candidates are useful only to the extent
that they are traceable, reproducible and properly bounded?¢261341%,
Inthis context, one can consider an output as being properly bounded
when it makes clear what can and cannot be concluded from the avail-
able evidence, so that a finding specific to one system or set of con-
ditions is not assumed to hold beyond them. Ungrounded outputs
may still serve as testable hypotheses or heuristics, but they should be
explicitly identified as unsupported rather than treated as evidence;
where consequential, advancing ungrounded outputs to downstream
testing should require human approval®*" 120131135,

Tool use must be interpreted separately from the quality of
the final outcome®*'>*"*5, An agent may succeed by selecting the
appropriate database, simulator, code environment or robotic
interface?**1°86773126133136-139 o f3j] because inputs were malformed,
outputs were misread or recovery steps were absent'”'?°, The execu-
tionsuccess rate, tool-selection accuracy, robustness under perturba-
tionand completion time often reveal capabilities that are not captured
by outcome-based measures alone'”'?#"*2, Structural assessments
of workflows can determine whether an agent has solved a task in a
scientifically meaningful way or merely reached the correct answer
by abrittle route'**'*,

Finally, output should beinterpreted with explicit attention to the
degree of autonomy achieved by the system. Many reported systems
depend on human-defined objectives, curated tools, pre-specified
search spaces, approval checkpoints and safety restrictions*¢3*,
Their reported performance therefore reflects a mixture of model
capability, architectural design and human scaffolding®"*'*, Reports
should specify who defined the goal, selected tools, corrected failures,
approved irreversible actions and chose outputs for validation'*3413,
Only then can agentic results be compared fairly and used without
overstating what has been automated™*'>,

Applications

Agentic Al systems are particularly beneficial when used to convert scat-
tered scientificinformationinto verifiable actions. Their applications
inexperimental discovery cantherefore be read asaprogression from
texttocomputation tothelaboratory: reasoning over prior knowledge,
generating and ranking candidate hypotheses, orchestrating com-
putational workflows and closing experimental loops. This ordering
defines how uncertainty is transformed from ambiguity in literature or
datasetsinto ranked hypotheses, executable protocols and, eventually,
empirical evidence (Fig. 5).

Literature mining and knowledge synthesis

Acentral bottleneckinscientific Alis the datadesert created by unstruc-
tured literature. Although enormous quantities of literature reports
exist, muchof the available dataremain embedded within prose, tables,
schemes and supplementary files. Historically, converting these into
machine-actionable databases required extensive standardization.
LLM-based agents are changing this relationship between literature
and data, as evidenced by early implementations using LLMs as the
context searching agent and schema summarizationagent to automate
the data mining of experimental protocols®"**! (Fig. 5a). A further
step is multimodal extraction and analysis of the data distributed across

text and plots. Through the direct encoding of images or the use of
external tools for image conversion™'*?, the agentic system enables
previously inaccessible experimental knowledge and otherwise over-
looked properties reported within graphics into machine-readable
datasets amenable to downstream reaction prediction and synthesis
planning'*'*,

Hypothesis generation and ranking

Between knowledge synthesis and downstream computational or
experimental execution, agentic systems can transform integrated
evidence into testable candidate hypotheses and prioritize them
according to evidential support, novelty, plausibility, feasibility
and risk. SciAgents’® uses bioinspired multi-agent graph reasoning
over scientific ontological knowledge graphs to propose and refine
hypotheses, whereas CoDHy' builds task-specific knowledge graphs
from curated biomedical databases and literature to create and rank
biomarker-guided drug combination hypotheses (Fig. 5b). Knowledge
graphgrounding can mitigate hallucination and improve the reliability
and safety of hypothesis generation, particularly in biomedical con-
texts, but cannot eliminate errors. Independent expert review and
computational or experimental validation therefore remain necessary.

Computational workflow orchestration

Atpresent, insilico orchestration is arguably the most tractable domain
for agentic Al because digital tools have explicit interfaces, failures
are observable and repeated runs can test robustness'*. A prominent
exampleis the El Agente ecosystem', and its first member, El Agente Q,
introduced a structured multi-agent architecture for autonomous
quantum chemistry calculations (Fig. 5¢). In this framework, agents
selectelectronic-structure methods, prepare input files, invoke exter-
nal packages, inspect intermediate results and revise calculations
through explicit workflow graphs and provenance records. Similarly,
in materials sciences, end-to-end structured simulations have also
been performed by agents'*¢%,

Complementary advances have emerged in life sciences. For
instance, BioAgents applies the same principle to genomics, decom-
posing questions, retrieving domain knowledge and constructing
multistep bioinformatics workflows, using retrieval-augmented
generation over curated bioinformatics documentation to ground
its recommendations'’. Although current implementations focus
primarily on conceptual reasoning and workflow guidance, these
systems achieve performance comparable with human experts on a
narrowly scoped set of conceptual genomics tasks (specifically, outlin-
ing workflows for quality control, RNA sequencing alignment and viral
genome assembly). Although they continue to struggle with complex
code generation, these tools can substantially reduce the burden of
manual pipeline design.

Experimental orchestration and discovery
The most compelling promise of agentic Al lies in the transformation
of the laboratory from a sequence of disconnected operations into a
continuous reasoning system (Table 3). In line with the recent surge
of interest in autonomous platforms’, agentic Al has begun to exhibit
capabilities that resemble aspects of human reasoning, turning the
laboratory practice into a navigable decision landscape in which
prior knowledge, experimental outcomes and robotic execution
continuously inform one another.

Arelatively early demonstration of this approach was Coscientist™,
aGPT-4-powered planner that combined web search, code execution
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Fig.5|Selected agentic Al applications and future closed-loop integration.
a, Workflow of the ChatGPT Chemistry Assistant, in which classification and
summarization agents mine chemistry and materials science literature and
convert synthesis conditions for around 800 metal-organic frameworks (MOFs)
into tabulated data with greater than 90% precision, recall and F1score®. The
structured dataset assembled by the agents from heterogeneous literature
sources was then used to predict crystallization outcomes with more than 87%
accuracy, providing an early example of agentic literature mining for synthesis
prediction. b, Overview of the CoDHy system architecture. The workflow
proceeds from a user-defined scientific question to task-specific knowledge
graph construction, followed by multi-agent hypothesis generation, validation
and ranking to produce prioritized, evidence-grounded hypotheses. ¢, Overview
of El Agente Q, alarge language model (LLM)-based multi-agent workflow that
uses a hierarchical design to orchestrate computational chemistry tasks'*.

d, The Virtual Lab emulates aresearch group through iterative collaboration
among a coordinating agent acting as a principal investigator, role-specialized

agents assigned toimmunology, machine learning and computational biology,
and a scientific critic until a final output is reached'**. e, Examples of agentic
laboratories, highlighting recent progress in wet-lab agentic automation and
experimental closed-loop integration. ChemCrow interfaces multi-needle
liquid handling, automated solid dosing and weighing, a high-throughput
experimentation (HTE) reaction plate and optical characterization through

18 integrated tools. The agent used these tools together with IBM RoboRXN
and local hardware to autonomously plan, execute and correct the syntheses
of N,N-diethyl-meta-toluamide (DEET), three thiourea organocatalysts and a
novel chromophore*. HeinSight2.0 integrates an EasyMax reactor with dosing
and stirring hardware, awebcam, computer vision and iControl process data for
real-time monitoring and feedback control of operations including distillation,
crystallization, mixing and extraction®". The ChatGPT Research Groupis a
multi-agentic system that couples automated liquid handling with microwave
synthesis for iterative optimization of MOF and covalent organic framework
(COF) synthesis®. Al, artificial intelligence; CV, computer vision.
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Table 3 | Representative applications of agentic Al systems with relevance for experimental discovery

Model name Scientific Task type LLM Agent type(s) Reported outcome
domain
SAGA®2 Biology and Experimental GPT-5and Claude Cognitive; Design of antibiotics, antibody protein binders, functional
chemistry discovery Sonnet 4.5 collaborative DNA sequences, magnet materials and chemical
separation processes
GPT-5-driven Biochemistry  Experimental GPT-5 Cognitive; embodied  27% increase in protein production yield
autonomous discovery
laboratory™" @
ReactionSeek'™' Organic Literature GLM-4Vv Cognitive Generation of a dataset from 102 volumes of the organic
chemistry mining syntheses collection
CREst'®® Materials Experimental GPT-4v Cognitive; embodied; Identification of metal catalysts for electrochemical
science discovery collaborative formate oxidation
Virtual Lab™* Drug Experimental GPT-40 Cognitive; Design of nanobody binders for SARS-CoV-2 variants
discovery discovery collaborative
ChemAgents™ Materials Experimental Llama-3.1 Cognitive; embodied; Identification of heterogeneous catalyst for oxygen
science discovery collaborative evolution reactions
CRISPR-GPT* Biology Experimental GPT-40 Cognitive; Achieved four CRISPR-Cas12a gene knockouts in lung
discovery collaborative adenocarcinoma cells and two dCas9 activations in
melanoma cells
ORGANA** General Experimental GPT-3.5 Cognitive; embodied;  Automation of various general laboratory tasks leveraging
chemistry orchestration collaborative visual detector feedback
MERMaid*”’ General Literature Florence-2 and Cognitive Demonstration of automated reaction mining from
chemistry mining GPT-40 scientific literature using both text and image data
El Agente Q*° and Theoretical Computational GPT-4.1and Cognitive; Automation of various quantum chemical calculation tasks
Quntur'® chemistry orchestration Claude Sonnet3.7 collaborative
BioAgents'® Biology Computational  Phi-3-mini Cognitive; Multistep bioinformatics workflow construction and
orchestration collaborative evaluation on conceptual genomics tasks
CASCADE*#2 General Computational GPT-5,03, Claude Cognitive; embodied; Self-evolving skill acquisition across computational
science and Sonnet 4.5 collaborative analysis and autonomous laboratory synthesis
experimental
discovery
LLM-RDF?*® Catalysis Experimental GPT-4 Cognitive; embodied; Identification of adapted reaction conditions with improved
discovery collaborative performance; mechanistic analysis of the adapted method
ChemCrow™ Organic Experimental GPT-4 Cognitive; embodied  Planning and execution of several synthesis tasks;
chemistry orchestration synthesis of a novel chromophore
Literature mining Materials Literature GPT-3 and Cognitive Demonstration in various data extraction tasks from
model™ science mining Llama-2 scientific text
Coscientist™ Organic Experimental GPT-4 Cognitive; embodied;  Planning and execution of several synthesis tasks
chemistry orchestration collaborative
ChatGPT Chemistry  Materials Literature GPT-3.5 and Cognitive Text mining of MOF synthesis conditions from diverse
Assistant®® science mining GPT-4 formats and styles
ChatGPT Research Materials Experimental GPT-4 Cognitive; embodied;  Planning and execution of crystalline materials synthesis tasks
Group™® science orchestration collaborative

Al, artificial intelligence; LLM, large language model; MOF, metal-organic framework. *Available as a preprint as of 26 September 2026.

and documentation retrieval to operate a liquid handler. In opti-
mization tasks, Coscientist was evaluated on Suzuki-Miyaura and
Buchwald-Hartwig cross-coupling reaction datasets, where it sub-
sequently achieved a normalized maximum advantage compara-
ble with a standard Bayesian optimization baseline within a strictly
bounded 20-iteration budget*®. Despite these capabilities, the platform
remained semi-autonomous, necessitating humaninterventionsuch as
plate transport. At the same time, a materials discovery research team
based onamulti-agentic system leveraged automated liquid handlers,
programmable microwave reactors and automated powder X-ray dif-
fraction to achieve the fast optimization of crystallinity and porosity

of covalent organic framework materials®. More recently, a similar
workflow was deployed to discover a stable perovskite absorber°.
Subsequent systems expanded this paradigm into biological
settings™. In a preliminary study, a GPT-5-guided cloud laboratory
for cell-free protein synthesis reduced the specific cost of abenchmark
protein by 40% relative to the best previously published formulation,
with a27% higher titre". The largest single jump in performance coin-
cided with human intervention, when the model was given internet
and computing tools together with the state-of-the-art report, and the
DNA template and cell lysate were independently improved. In paral-
lel, CRISPR-GPT automates the design of CRISPR-based gene-editing
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experiments, providing guidance in system selection, RNA design,
choiceindelivery method and protocol drafting, and has beenvalidated
inreal gene-knockout and epigenetic-activation experiments™.

Recent Al-XR laboratory systems complementinstrument-centred
automation withamore human-centred form of agenticembodiment
atthelaboratorybench. Through egocentric perception, these systems
canobserve experimental operations fromthe researcher’s perspective
and couple thisinformation with agentic reasoning to provide real-time
protocol guidance, detect errors and coordinate hand-offs between
human and robotic actions™. Similarly, the Virtual Lab coordinated
specialized agents through structured research meetings to design
nanobody binders for SARS-CoV-2 variants™* (Fig. 5d). Although human
researchersstill supplied essential high-level guidance and tool selec-
tion, the experimental screening of 92 agent-designed nanobodies,
which successfully yielded 2 functional nanobodies with improved
binding to target variants, highlights the efficacy of agentic teams in
navigating complex, interdisciplinary biological spaces.

These studies suggest thatalthough fully autonomous agenticlab-
oratories for experimental discovery have notyet beenrealized, inthe
near term agentic systems will function more as adaptive co-pilots, aug-
menting human expertise within structured experimental workflows
while progressively expanding their scope asintegration with physical
systemsand validation frameworks matures (Fig.5e). Thistrajectory may
be particularly valuable for experimental domains that require simul-
taneous coordination of heterogeneous variables, ranging from food
formulation™’ and shelf-life optimization* to biomaterials, synthetic
biology, environmental monitoring and translational medicine.

Reproducibility and data deposition

Given the increasing role of learning-powered autonomy and
path-dependent reasoning of agentic Al systems, ensuring the repro-
ducibility of experimental discoveries generated by these complex
workflows is of paramount importance. Extensive efforts are being
directed towards constructing databases and benchmark environments
to preserve the executable scientific cognition underlying agentic
workflows.

Reproducibility

In current research on agentic Al systems, reproducibility is typi-
cally achieved through sharing open-source code and data®. Yet this
standard s insufficient for agentic workflows, where subtle perturba-
tions in prompting, retrieval context or tool availability may redirect
downstream reasoning. Reproducibility should cover prompts, tool
interfaces, memory and retrieval strategies, intermediate steps and
any human involvement. Beyond details about the origin of retrieved
content, reproducibility records should trace the origin and transfor-
mation history of agent outputs and decisions, including contributing
tool results, agent critiques or consensus steps and human interven-
tions. Furthermore, where code or models cannot be released because
of confidentiality constraints™’, operational documentation becomes
important for reproduction™®. For instance, a study advocates the use
of Model Cards™ to outline model details, intended uses and relevant
contextual factors. This conceptrefers to ashort, standardized docu-
ment thataccompanies areleased model and records the information
needed for its appropriate use (for example, model characteristics,
intended applications and pertinent limitations). Similar to aninstru-
ment specification sheet, it enables subsequent users to identify the
experimental tasks for which the model is suited and recognize the
caveats that accompany its use.

Furthermore, prompts deserve special attention as they have a
centralroleindetermining anagent’sbehaviour. A change inwording,
context window, retrieval instruction or output structure canredirect
planning and alter experimental outcomes, which explains the emer-
gence of prompt engineering as a practical discipline’®. Even when the
same prompt is used, agentic systems can generate different outputs
because of variability in model generation and retrieval, differencesin
tool outputs and updates to external databases™*'*°. As such, reproduc-
ibility reporting should distinguish between two classes of repetition:
technical replicates, which repeat output generation from an already
configured agentic system (for example, submitting the same prompt
multiple times); and independent replicates, which recreate the agen-
tic system from the documented experimental specification before
repeating the complete workflow (for example, initializing the specified
model, tools and information sources anew). Essentially, the former
reveals how much the output can vary when the same systemis repeat-
edly queried, whereas the latter establishes whether the same result can
be obtained when the entire workflow isindependently reconstructed
and executed. Both classes should document whether final outputs and
intermediate trajectories remain stable or diverge through quantitative
measures, such as agreement rates, variance across runs and success
rates or qualitativeinspection of representative divergent trajectories.

Nevertheless, when stochastic agents sample diverse candidates
from large search spaces, exact-output reproducibility may be neither
attainable nor the mostinformative criterion. In such cases, combining
resultsacross multiple models or consensus acrossindependent trajec-
tories canidentify findings that recuracrossruns. Because repeated-run
and consensus analyses can be computationally expensive, reports
should also state the number of runs and the associated computational
budget. Inthis regard, the tools available to an agent can be viewed as
part of its experimental apparatus and should hence be documented
with the same care asinstrumentsinawet-lab. Beyond the identity and
version of each tool, this includes the functionit performs, theinputs it
accepts, the outputsit returns and the conditions that governits opera-
tion (for example, rate limits, authentication requirements, expected
units or known failure modes). Such specifications matter asachangein
howatool receives or returns information can alter the evidence avail-
able to the agent and, in turn, its subsequent decisions. For example,
ChemCrow" issupplied withasuite of tool names, functional descrip-
tions and precise input and output specifications, thereby allowing the
agent to expand its capabilities through the integration of new tools.

Another critical factor affecting the reproducibility of agentic Al
systemsis humanintervention. Humanintervention cansupportrepro-
ducibility when it is predefined and recorded as part of the workflow,
suchas human approval at safety-critical checkpoints'>'®, validation of
intermediate outputs®”*>'** or correction of failed tool calls according
toexplicitcriteria®*'**, Conversely, it can detract from reproducibility
whenresearchers manually repair failed steps, change the search space,
discard outputs, select candidates post hoc or modify experimental con-
ditions without documenting the rationale. Reporting this clarifies for
researchers when and how humans should step into the experimental
workflow, whichis especially crucial in partially automated systems. For
example, the PARTNR benchmark'” explicitly provides a HITL tool to
evaluate how agents collaborate with real humans, specifically reporting
the steps, task offloading, and performance with humanintervention.

Data deposition and benchmarks
Regarding the data generated by agentic Al systems, deposition prac-
tices should strictly adhere to the FAIR principles'®. Although data
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Table 4 | Representative benchmarks for evaluating the
capabilities of agentic Al systems across scientific and
research-oriented tasks

Resource Scale® Task type®

AAAR-1.0 (ref. 250) 4 types of scientific  Scientific discovery

tasks
AgentBench'”® 8 task Daily interaction
environments
ScienceAgentBench'’ 102 tasks Scientific discovery
SUPER*' 801 tasks Scientific code repository
reproduction
CORE-Bench? 270 tasks Computational
experiment reproduction
SWIFZT (ref. 252) 300 tasks Scientific writing
feedback
MLGym?*® 13 tasks Scientific discovery
DiscoveryWorld*** 24 tasks Scientific discovery
LAB-Bench?”’ 2,400+ tasks Biological research

(questions) capabilities

“The size of each benchmark using the unit defined in the original study (for example,
individual tasks or questions, complete task environments or broader task categories); these
values are not directly comparable across resources. *The principal scientific capability

or activity evaluated by each benchmark. The resources shown provide a representative
cross-section of current evaluation practice across distinct capabilities relevant to scientific
artificial intelligence (Al) agents.

derived from different experimental tasks are highly diverse and pos-
sess unique characteristics, it is strongly recommended to encapsulate
the workflow, working environment and execution context together
during deposition'*°, Submissions to data repositories should con-
sistently include version numbers, comprehensive documentation,
appropriate licensing and, where possible, containerized execution
environments that package the software and dependencies needed
to reproduce the workflow, together with environment files, such
as Conda environment files, Docker or Singularity images, as well
as files specifying exact software dependency versions or workflow
records'®'®’. These materials help to preserve the software stack used
in the original workflow and reduce the risk that changes in package
versions, external tools or hosted services prevent future reproduc-
tion. For proprietary or remotely hosted components that cannot be
fully containerized, authors should document the non-containerizable
components, access dates, tool interfaces and execution logs to sup-
port approximate reproduction and auditing'®>'*’. Several popular
benchmark datasets for evaluating agentic Al systems across various
domains are listed in Table 4, encompassing diverse task types that
correspond to experimental discoveries across different scientific
disciplines and complexity levels.

Limitations and optimizations

Although Al systems are compelling for experimental discovery, they
oftenintroduce vulnerabilities that constrain their reliability*'**'"°, As
autonomy increases and workflows lengthen, small imperfections in
reasoning, knowledge or execution are likely to propagate and com-
pound across successive steps, occasionally cascading into failures
thatrange from subtly flawed conclusions to compromised laboratory
safety®*"""”*, Anticipating these failure modesis therefore imperative
for deploying agents responsibly within real discovery pipelines, and

wethus examineinterrelated challenges that recur across current sys-
tems, including error accumulation over extended reasoning chains,
knowledge defects such as hallucination and inherited bias, tool misuse,
context saturation, coordination bottlenecks in multi-agent settings
and the broader safety and ethical risks of autonomous experimenta-
tion. For each, weillustrate the mitigation and optimization strategies
that have been and continue to be developed, underscoring that these
limitations represent not fundamental barriers but active frontiers of
engineering and governance.

The relative salience of these limitations also varies across the
three agent categories. Cognitive agents, which often rely heavily
on language-based reasoning, are particularly susceptible to error
accumulation, knowledge defects and context saturation. Embodied
agents, through their direct interaction with laboratory tools and
physical environments, warrant particular attention to tool misuse,
execution errors and experimental safety. Collaborative agents face
more pronounced challenges involving communication distortion,
task coordination and state synchronization. These risks are notinde-
pendent, however; failures in one component may propagate through
interconnected workflows and amplify downstream errors’®',

Error accumulation

The very feature that renders agentic systems compelling for scien-
tific discovery — their capacity for sustained multistep reasoning —
also creates an inherent vulnerability to error accumulation'>"¢,
Although agents possess certain planning capabilities, their concrete
decision-makingis path-dependent, with each step strongly condition-
ing the next. Even correctly executed early steps do not immunize
later decisions against drift; prolonged trajectories can privilege local
gains over global scientific intent, so a small displacement can lead
to the wrong destination'”’. To mitigate error accumulation, explicit
planning strategies that separate the planning phase from reasoning
and execution have proven highly effective”®"”°, Additionally, iterative
self-refinement'®*"*? and dynamic replanning approaches'®*'** have
been proposed.

Knowledge defects

Hallucinations and unsupported inference arise from multiple, often
co-occurring causes, including retrieval failure or the absence of
relevant evidence'®, the stochastic nature of decoding'®, gaps and
biases in prompts or training data'® and an incomplete grasp of the
causal relationships between actions'**'*°, Current approaches seek
to constrain these tendencies through retrieval anchoring**, imple-
menting self-verification mechanisms'® or quantitatively assessing the
hallucinations'”. Moreover, because scientific experimental data used
inmodel training are often sparse, with underlying patterns or struc-
tures thatreflect the systems being studied, agents may inherit biases
from these training data, thereby skewing the final outcomes®'*. One
way tolimit thisinfluenceis to separate experimental decisions from the
expectations already encoded by the agent through randomizationand
blinding'®. Specifically, randomization determines which conditions
aretested without regard to which outcome the agent considers most
promising. Inturn, blinding can extend this separation to experimental
execution and analysis, as the identity of experimental groupsis with-
held from those who might influence the outcome. Remarkably, neither
measure corrects the model itself, removes biases from its training
dataor guarantees an unbiased result; instead, they limit the extent to
whichinherited biases can pass frommodel predictionsto experimental
decisions and, ultimately, scientific conclusions. Finally, agents may
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arrive at conclusions that appear well reasoned despite lacking the
evidence required to support them'?, a failure referred to as mirage
reasoning'”’. Put simply, the agent appears to reason from scientific
evidence even when that evidence has not actually been provided.
The extent of this problem was illustrated in a recent study, in which
multimodal models generated detailed descriptions and reasoning
traces for images that were never supplied; remarkably, a text-only
model with no access to images ranked first on a standard chest X-ray
benchmark™”. Such results reveal that apparently strong benchmark
performance can reflect patterns in the surrounding text rather than
genuine interpretation of the underlying data. A direct way to detect
this failure is to remove or alter the evidence and determine whether
the agent changesits conclusionaccordingly; persistence of the same
interpretation despite the loss of its supporting evidence provides a
warning that the reasoning may be spurious. Although such failures
canbe exposed through controlled tests, their prevention remains less
straightforward. The same study found that performance declined
when models were explicitly informed that the expected input was
absent, which suggests that clearly specifying what informationis and
is not available can reduce opportunities for unsupported inference.
More generally, controlled tests involving withheld or perturbed inputs
canreveal the extent to which anagent’s conclusions actually depend
ontheevidence provided. Resolving these reasoning deficits remains
animportant step towards reliable scientific agents.

Tool misuse

Tool misuse is a unique vulnerability in agentic Al systems. Tool use
requires an agent to determine which tool to invoke, what inputs and
operating parametersto provide, and when and in what sequence the
tool should be used. Misuse can entail selection of an inappropriate
tool, operation outside its intended conditions or execution at the
wrong stage of a workflow. In a physical laboratory, these decisions
can translate an error in reasoning into an experimental action with
real-world consequences. Such errors not only degrade the reliability
of results but also pose severe safety risks, including potential dam-
age to physical laboratory equipment'®®. The most prevalent issue is
incorrect tool selection’?. Research indicates that these errors fre-
quently stem from low-quality retrieval processes, suggesting that
model fine-tuning via specialized training datasets can offer a viable
solution'’. Furthermore, agents may execute unauthorized operations
or experience communication breakdowns. Current optimization
strategies to counter these issues include strict privilege separation'’?,
self-verification protocols**°° and standardized orchestration layers*”".

Context saturation

During extended experimental workflows, context length limitations
prevent agents from fully processing comprehensive experimental
protocols and upstream results. As the workflow lengthens, response
latency increases and the accumulated record eventually exceeds the
context window. The earliest materialis then truncated or summarized
away, so the agent can no longer consult the original protocol, the
constraints it was given or the results of early runs. This resembles
forgetting, but nothing signals that it has occurred*"> The agent
continues to respond fluently and may quietly violate a limit set at
the outset, such as a temperature ceiling or an excluded reagent. To
overcome this bottleneck, retrieval-augmented generation has been
widely adopted®®, whose core principles involve segmenting and
indexing experimental documents, followed by retrieving only the
most task-relevant fragments to serve as context for agents. Additional

optimization methods include context compaction’®, iterative sum-
maries generated by LLMs’*”? and hard clearance techniques to sys-
tematically manage memory load.

Coordinationbottleneck

Multi-agent systems leverage collaboration among agents to execute
tasks that surpass the capabilities of any single entity. However, overall
performance does not necessarily scale linearly with the number of
agents; beyond a certain point, or without adequate coordination, add-
ing more agents can degrade system performance®”. This deterioration
iscommonly attributed to uneven task distribution and communica-
tionbarriers among agents***?%, Establishing a robust task allocation
systemis therefore essential, and requires careful optimization based
onthe specific capabilities and resource constraints of distinct execu-
tion units?®°. Furthermore, managing complex and hierarchical con-
text information is vital for eliminating communication bottlenecks
and ensuring that individual agent objectives align with overarching
goals. Recent studies have successfully implemented graph-structured
memory management frameworks to achieve such alignment®*>?.

Safety and ethical issues

Similar tohumanscientists, agentic Al systems may encounter risks dur-
ing experimentation, including chemical explosions, pathogen leaks
and unsafe autonomous operation’’®, They also introduce information
risks, as Al-generated data canre-enter training corporaand contami-
nate future systems with unverified claims****°, whereas transparent
retrieval and connected laboratory records may expose private or
proprietary information®.

Atafundamentallevel, the concernis twofold: anagent may gener-
ate scientific content that bears the appearance of evidence without
having a verifiable scientific basis, or it may accept such content as
evidence when introduced by another agent, a human or an external
information source. In materials science, for example, Al-generated
microscopy images can be sufficiently realistic that even experts may
struggle to distinguish them from authentic experimental data'’>.
One can consider this problem as being especially consequential in
agentic scientific discovery, where generated information may not
remain a final output; it can be passed to other agents, used to select
subsequent experiments or retained as knowledge for later decisions.
Indeed, redundant publications derived from a single public dataset
increased 17-fold between 2022 and 2024 (ref. 212), and increasingly
realistic synthetic scientific images continue to challenge available
methods for identifying fabricated content®”. At issue, then, is not
only the generation of unsupported information; once admitted into
anagentic workflow, it may become the basis for subsequent reasoning
and experimental action.

This riskbecomes still more difficult to control when the systems
producing scientific outputs are insufficiently transparent. Many
frontier models are proprietary, which limits access to information
needed to establish how an output arose (that is, training data, model
specifications and inference settings)***. Moreover, hosted models
can change over time, such that the system available when a result is
revisited may no longer be identical to that used in the original study.
Some journals have consequently raised concerns about scientific
claims that depend on closed models that cannot be independently
inspected”®. For agentic scientific discovery, one can view provenance
asbeing partofthe evidential record itself; the model version, prompt,
retrieved sources and intermediate steps establish how information
entered the workflow and how it contributed to subsequent decisions.
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Glossary

Abductive inference

A form of reasoning that proposes

the most plausible explanation for an
observation, as distinct from deducing
a conclusion that follows necessarily
from its premises.

Agent harness

Runtime scaffolding that coordinates
model and toolinteractions,
manages context and state, and
supports iterative execution in an
agentic system.

Agentic tree search

A multi-path planning strategy in

which an agent explores alternative
action sequences as branches of a

tree, expands promising branches and
abandons those that fail at intermediate
steps.

Chain-of-thought

The step-by-step thinking mode that
an artificial intelligence (Al) model uses
to work from a question towards an
answer or decision.

Cloud laboratories

Remotely accessible experimental
infrastructures in which users submit
experimental tasks online, after which
automated laboratory platforms

or service providers perform the
experiments and return data or results.

Context compaction

The reduction of accumulated
information in a model's context by
summarizing, compressing or removing
earlier material.

Context window

The maximum amount of text a model
can take into account at one time,
which covers instructions, retrieved
material, tool outputs and the record
of preceding steps.

Dry-run primitives

A preliminary pass that tests

inputs, parameters and physical
configurations before a job or
experiment is formally executed, in
order to identify invalid settings surface
inadvance.

Egocentric perception

A first-person mode of sensing in which
head-mounted or wearable cameras
record the scene from the researcher’s
own viewpoint.

Ethical drift

The gradual departure of a field's
practices or a system’s behaviour
from agreed ethical standards, which
happens incrementally rather than
through a single clear breach.

Foundation models

Artificial intelligence (Al) models trained
on broad and diverse datasets that can
be adapted or used directly for many
downstream tasks, such as language
processing, reasoning, prediction and
multimodal analysis.

Graph-based retrieval

A retrieval strategy that traverses a
graph of entities and their relationships,
so that connected information can be
gathered rather than isolated passages.

Hallucination

A response generated by an artificial
intelligence (Al) model that includes
plausible-sounding but unsupported or
fabricated information.

High-throughput
experimentation

Experimental strategies in which large
numbers of experiments are performed
in parallel or in rapid sequence on
automated platforms.

Lab-as-a-Service

A service model in which laboratory
capabilities are provided on demand,
often supported by cloud laboratories
or automated experimental platforms
that perform experimental tasks for
remote users.

Large language models
(LLMs). Artificial intelligence

(Al) models trained on large-scale
text corpora, capable of processing
and generating human-like natural
language.

Machine learning

A computational approach in

which algorithms identify patterns
and relationships within data and
use them to make predictions or
improve performance on subsequent
tasks.

Mirage reasoning

Qutput in which a model produces
detailed descriptions and reasoning
about an input it was never given,
such as animage that was not,

in fact, supplied.

Model Context Protocol
(MCP). A protocol for connecting
agents with external environments,
tools and data sources, allowing
models to access contextual
information and perform actions
through more standardized
interfaces.

Human-in-the-loop

(HITL). A design principle in which
human experts remain involved in
artificial intelligence (Al) or automated
workflows through supervision,
judgement, approval or intervention
at selected stages.

Multi-hop retrieval

Retrieval performed in successive steps,
in which the results of one query are
used to formulate the next; this makes

it possible to answer questions that
require several pieces of evidence to

be chained.

Internet of Things

Networked systems in which sensors,
software and communication
technologies connect laboratory
equipment, instruments, robots,
computers and databases to enable
real-time data acquisition, transfer and
exchange.

Prompt engineering

The systematic design and refinement
of instructions given to an artificial
intelligence (Al) model to guide its
behaviour and outputs.

Prompts
The input that goes into artificial
intelligence (Al).

Reasoning models

Artificial intelligence (Al) models,
often large language models (LLMs),
designed to perform multistep analysis
before producing an answer or selecting
anaction.

Retrieval

The process of selecting relevant items
from an external store of documents
or data and supplying them to a model
as context.

Retrieval-augmented
generation

A generation strategy in which an agent
retrieves relevant information from

an external knowledge base before
producing an answer.

Reusable capability modules
Packaged units of agent functionality
that are described in machine-readable
form so that other agents can discover
and invoke them, and that can be
reused and composed across different
tasks.

Self-driving laboratories
Experimental platforms that integrate
automated instrumentation, artificial
intelligence (Al) systems and
closed-loop decision strategies to allow
experimental outcomes to inform the
selection of subsequent experiments.

Skills

Structured collections of actions

or capabilities that are packaged in
formats accessible to agents, enabling
task execution through reusable and
composable functional modules.

Surrogate models
Computational models trained or
constructed to approximate the output
of a more expensive calculation,
simulation or experiment, allowing
candidate conditions or designs to be
screened more rapidly.

Symbiotic autonomy

An operating model in which
automated systems and human
researchers each retain control over the
decisions they handle best.
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Box 1| Safeguards for agentic scientific discovery

The autonomy that makes agentic artificial intelligence (Al) systems
powerful also creates safety, security and societal risks that must be
carefully managed.

e Human oversight and limits on autonomy. Agents should be given
greater autonomy only after demonstrating safe performance'”.
High-risk actions should remain subject to expert review, audit
trails and institutional oversight (for example, with Institutional
Review Board-style approval where appropriate), supported by
governance mechanisms that combine human supervision, agent
alignment and environmental feedback'.

¢ Dual-use screening. Agentic systems should screen for hazardous
materials, dual-use applications and unsafe procedures.
Safeguards such as input and output filtering, restricted access
to sensitive capabilities and protection against jailbreak and
prompt-injection attacks can help to reduce misuse®*°®. More
specifically, the point at which the malicious instruction enters
determines the type of attack. In a jailbreak, a request devised
by the user leads the agent to answer something it should have
refused; in a prompt injection, the instruction is concealed within
material the agent reads while it works, such as a web page, a
supplementary file or a database field, which also makes it easier
to reach the agent.

e Managing physical risks. In autonomous laboratories, robots
handling hazardous materials can pose substantial safety

Onlywith this chainintact canresearchers determine which conclusions
aregroundedinevidenceandwhicharose fromunsupported model gen-
eration.Inresponse, scientists have proposedrisk-stratificationmodels
and regulatory frameworks that enforce rigorous human oversight
to mitigate automation biases and risks”7*?" (Box 1).

A further concern is that an agent drawing indiscriminately
on the literature of a field may also produce hazardous knowledge,
which in chemistry and biology means information whose applica-
tion endangers human health or life. Where a conventional language
model supplies such information as text, an agent plans routes and
drives instruments, and can therefore carry the same information
towards a material product; this capacity for execution is what raises
the stakes of hazardous chemical and biological knowledge. The plan-
ning capability creates a difficulty of its own, as an agent can decom-
poseaprohibited objective into subtasks that each appearinnocuous
inisolation, so that safeguards screening one request atatime may be
satisfied at every step whereas the trajectory asawholeis not. Restrict-
ing hazardous knowledge at the source is the obvious alternative, yet
dual use blocks that route as well because knowledge developed for
beneficial ends can be turned towards harm, in some cases with little
more than a change of objective. One example of an agentic system
designed to address these concerns is El Agente Seguro”, a frame-
work for chemical safety that coordinates specialized Al agents to
detect dual-use risks and select appropriate protective equipment
using structured information exchange. Prioritizing early dual-use
screening and prohibited-chemical constraints in the reasoning pro-
cess reduces the risk of generating actionable synthesis guidance for
sensitive substances, even under adversarial jailbreaking attempts. At
the same time, experts are calling for new governance frameworks to

risks. Protective measures such as hardware safety controls,
computer-vision monitoring and formal risk assessments should
be built into both laboratory equipment and control software'".

o Verifying information quality. Grounding outputs in reliable
external sources can improve accuracy and traceability®®.
Because information sources can be manipulated or corrupted,
provenance checks, source verification and cross-checking
against trusted references are important safeguards.

o Protecting scientific data. Standardized workflows, provenance
tracking and execution records support reproducibility®”".

These measures should be complemented by clear labelling of
Al-generated data and preservation of human-generated records
to maintain data quality and prevent over-reliance on synthetic
content.

e Preserving privacy and confidentiality. Shared laboratory records
and retrieval systems may expose proprietary or sensitive
information. Privacy-preserving approaches such as federated
learning and differential privacy can help to protect data while still
enabling collaboration and model development?”. In federated
learning, the model is sent to each site and trained on data
that never leave it, so only parameter updates are exchanged.
Differential privacy takes a different route and adds calibrated
noise, so that the output cannot reveal whether any single record
was included.

control the threat of hazardous knowledge posed by agents®°%, and such

safeguards should focus more on the intent of the user™®, On this basis,
human oversight and dual-use screening have already been applied to
address suchrisks (Box1).

In addition to laboratory hazards, the computational intensity
of agentic pipelines carries a substantial environmental cost, where
the model training and repeated inference that underpin sustained
multistep reasoning consume considerable energy and water and
generate carbon emissions that scale with the length and frequency
of autonomous workflows?°*, Model capacity and reasoning budget
should therefore be allocated according to the complexity, uncertainty
andrisk of each subtask, using smaller or specialized models for routine
operations and reserving more capable or computationally intensive
models for steps that require them. Equally pressing are equity con-
cerns, as the computational resources, proprietary foundation models
andinstrumented laboratories required for agentic discovery remain
concentrated within asmall number of well-resourced institutions and
nations, risking a widening disparity that could exclude researchers
in less-resourced settings from both contributing to and benefiting
from these advances™.

Beyond technical hurdles, the field must also guard against ethical
drift. Agent capabilities can be overstated and misinterpreted; hence,
reports should distinguish autonomous action from curated search
spaces, protected toolboxes and expert correction. Their findings
should also be examined carefully to preserve scientific rigour and man-
date objective and factual reporting. Furthermore, although endowing
agents with autonomous discovery capabilities remains a primary
focus, foundational tasks such as database curation and infrastructure
maintenance must not be marginalized despite their perceived lack of
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novelty. Overstated autonomy also obscures a harder question, namely
who answers for an error or aharmful outcome. Responsibility cannot
rest with the systemitself, as an agent has nolegal standing and cannot
be held to account?, which is why scientific publishing holds human
authors fully answerable for every part of amanuscript, including the
parts an Al tool produced®. In autonomous laboratories the same
principle points to the approval step, where named researchers who
understand the experiment sign off on the plan and the executable
codebefore it runs'®®, These problems are compounded by persistent
barriers in interdisciplinary communication. Ultimately, fostering
cross-disciplinary participation and formulating equitable regulations
willtherefore be central to the ethical evolution of agentic Al systems®.

Outlook

As Al continues to advance, scientific experimentationis increasingly
shifting fromisolated trial and error towards coordinated systems.
Although agentic Alis increasingly envisioned as ageneral methodol-
ogy for research, the central challenge ahead liesin cultivating scientific
agency itself rather than continually pursuing bespoke models. The
field must therefore move towards systems judged by the discoveries
they enable and by the traceable paths through which those discoveries
arereached, thereby advancing a more calibrated, reproducible and
accountable form of science.

Trustworthy scientific agency

Currentdiscussions surrounding error accumulation and hallucination
suggest that agentic Al systems remain incompletely controllable.
Crucially, agents must be capable of accurately quantifying and com-
municating uncertainty in their own conclusions, and of triggering
human oversight or validation processes when necessary. A particularly
important capability for agentic Al systems is accurate calibration®*.
The confidence expressed by a system should closely reflect its true
likelihood of successful task completion. This correspondence should
be maintained throughout the entire course of action, not merely in the
final output. Consequently, future scientific agents may be assessed
not only by their success rates but also by how reliably they identify
and communicate their failures.

Standardized evaluation

At present, the field of agentic Al still lacks a unified and comparable
evaluation framework. Although emerging benchmarks increasingly
probescientific capabilities'”??"*%, different systems frequently demon-
strate their proficiency throughisolated case studies or highly specific
workflows®. The field is in need of a shared discovery test bed with the
organizing force that MNIST?* and CIFAR-10 (ref. 230) once provided for
image classification, albeit with scientific breadth beyond staticlabels.
Based on most currently proposed benchmarks, agentic Al systems
achieve relatively low accuracy rates in task completion”**, largely
because they must navigate dynamic and interactive environments
rather than static data. Consequently, evaluation must move beyond
final-answer correctness towards metrics at the process and system lev-
els,including trajectory quality, tool-use robustness, human-intervention
burden, cross-run stability and downstream experimental utility.

Interdisciplinary expansion

The modular structure of agentic systems renders them intrinsically
transferable across disciplines and suitable for expansion into real
experimentalinfrastructure®. To forge a deeper coupling, agents must
be seamlessly connected with cloud laboratories, the Internet of Things,

robotic platforms and Lab-as-a-Service architectures’>****>, The ability
to coupledigital reasoning with real-time spatial perception, procedural
guidance and embodied assistance in physical environmentsis equally
important*’. Thelaboratory can thenbecome a navigable landscapein
whichtheliterature, computation, measurement and actuationinform
one another in real time instead of remaining confined to reasoning
withinadigital space. Unlike traditional, highly specialized predictive
models, agentic Al systems can use acommon underlying architecture
across different scientific domains. This transferability is particularly
relevant for domains with heterogeneous experimental variables, from
food formulation’ and shelf-life optimization'* to biomaterials®** and
synthetic biology'. Looking ahead, this structural independence will
facilitate the breaking down of disciplinary silos, paving the way for
innovative scientific discoveries across highly intersecting fields***-*%,

Collectiveintelligence

By its very nature, experimental discovery has historically depended
on networks of researchers, instruments, institutions and accumu-
lated knowledge. Given that the concept of collective intelligence
has been extensively studied in the context of human societies>, it
is envisioned that agentic Al will extend this idea into coordinated
human-machine ecosystems composed of researchers, agents, data-
bases, robotic platforms, simulation engines and continuous feedback
mechanisms'**"**?¥_In this paradigm, discovery no longer depends on
asingle super-model, but on distributed systems capable of shared
memory, iterative refinement and collaborative specialization.

In summary, agentic Al systems are extending beyond the role of
task assistants to research methodologies that coordinate memory,
tools, simulations and experiments within a shared scientific trajec-
tory. Their ultimate significance lies in augmenting the efficiency
of researchers while sustaining reproducibility and accountable
decision-making across experimental workflows. In this regard, agen-
tic experimentation has the capacity to establish a new collaborative
mode for scientific discovery and thereby evolve into a continuously
learning research tool.

Published online: 22 October 2026
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