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Abstract 

Advances in scientific AI have accelerated hypothesis generation, prediction, and experimental 
design, but translating these capabilities into reliable physical experimentation remains a major 
bottleneck in scientific discovery. Although automation, high-throughput experimentation, 
foundation models, and cloud infrastructure have accelerated individual stages of the scientific 
workflow, they have not unified the discovery process. Scientists must still coordinate between 
computational models and physical laboratory systems to translate scientific designs into executable 
experiments and ensure their results are reliable. We argue that the next generation of laboratories 
will be agentic: environments in which scientists, AI systems, equipment and robotic platforms 
operate as collaborative discovery partners. We propose an architecture built around two 
complementary components: an agentic foundation that translates scientific designs into coordinated 
execution plans, and an evolving laboratory world model that represents physical state, predicts 
action outcomes, and incorporates experimental feedback. Together, they connect computational 
reasoning to observable and verifiable physical execution. Multimodal perception, robotics, and 
human–AI interfaces can make laboratory actions and evolving experimental conditions accessible 
to these systems, supporting adaptive execution and learning. We further propose an evaluation 
framework centered on physical grounding, execution fidelity, scientific validity, and adaptive 
coordination under human oversight, rather than autonomy alone. This Perspective outlines how 
agentic laboratories could connect scientific reasoning, physical experimentation, and trustworthy 
evidence within a human-in-the-lead discovery loop. 

Keywords: agentic laboratory; self-driving laboratory; AI agents for scientific discovery; 
world models; laboratory automation; human–AI–robot collaboration; laboratory automation; 
scientific reproducibility; physical AI  
 

1. Introduction  

Scientific discovery is an iterative process of asking questions, reasoning over existing evidence, 
acting to generate new evidence, and updating our understanding of the world. Although 
computational models increasingly accelerate hypothesis generation and experimental design, 
scientific progress ultimately depends on testing these ideas through physical experiments. 
Translating computational predictions into reliable experimental evidence remains difficult, 
particularly when procedures involve heterogeneous instruments, variable samples, and tacit 
knowledge. 

Automation has made experimental execution increasingly programmable, while advances in 
AI have expanded scientific reasoning, prediction, design and analysis. [1–4,7,8] Yet these capabilities 
remain fragmented: models can reason but often cannot act in the physical laboratory, automated 
instruments can execute but typically operate within predefined workflows, and scientists still bridge 
the two by translating goals into protocols, transferring information across systems, responding to 
failures, and deciding what to do next. [3,4,35,36] Much of this coordination depends on laboratory 
context that is not captured in protocols or instrument outputs, including sample conditions, 
procedural adjustments, and observations made during execution.[40,51] 

We refer to systems that bridge this divide as agentic laboratories: human–AI–robot systems that 
connect scientific reasoning, evolving experimental context, and physical execution within an 
adaptive discovery loop (Figure 1). Their purpose is to make the transitions between scientific design, 
physical execution, verification, and learning increasingly machine-actionable, while keeping 
scientists responsible for scientific direction and consequential decisions.[17,35] 

Across chemistry, materials science, biology, and physics, increasingly capable self-driving 
laboratories, scientific AI agents, and robotic systems demonstrate pieces of this vision, but largely 
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within bounded objectives, predefined interfaces, or individual stages of discovery. [5,11,20,23,35,76–
82] 

In each case, progress stalls at the same boundary: models can predict and reason but often 
cannot act, physical instruments can act but often cannot reason or adapt, and neither can reliably 
integrate heterogeneous tools, data streams, and human judgment under uncertainty. [3,4,35] 

 

Figure 1. Evolution of laboratories toward agentic scientific discovery. Traditional laboratories rely on 
scientists to perform and coordinate experimental work. Present-day systems automate predefined workflows, 
while emerging AI–XR and multimodal technologies enable greater human–AI–robot collaboration and 
laboratory-state awareness. However, scientific reasoning and physical execution remain fragmented. Future 
agentic laboratories aim to bridge this gap through an agentic foundation that coordinates humans, 
computational models, and physical systems, grounded in an evolving laboratory world model that represents 
experimental state, context, uncertainty, and dynamics to support adaptive execution, verification, and learning. 

We argue that bridging this boundary requires two foundations (Figure 1): the first is an agentic 
foundation that coordinates human scientists, computational systems, and physical laboratory 
systems across the discovery loop. The second is an evolving laboratory world model: a shared, 
machine-readable representation of experimental state, context, uncertainty, and dynamics that 
grounds reasoning and action in the physical and scientific system. The foundation translates 
scientific designs into executable workflows, while the world model supports state-aware planning, 
prediction, and verification. Together, they provide a technical basis for connecting computational 
reasoning to physical experimentation without removing human scientific oversight.[17,35,40] 

In this Perspective, we trace the evolution from laboratory automation and self-driving 
laboratories toward agentic scientific discovery, develop this two-foundation architecture, propose a 
framework for evaluating whether agentic laboratory designs produce reliable and scientifically valid 
experimental evidence, and examine the technical, infrastructural, reproducibility, governance, and 
human challenges that must be addressed as these systems mature. 

2. Evolution of Scientific Automation Toward Agentic Laboratories  

Scientific automation has transformed fields ranging from high-energy physics, genome biology 
and neuroscience to space exploration, reflecting a broader shift toward machine-assisted scientific 
discovery across disciplines. Here, we focus on chemistry, biology, materials science, and quantum 
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laboratories, where successive advances have made experimental execution, measurement, 
prediction, reasoning, and physical perception increasingly machine-actionable, while exposing 
recurring bottlenecks that motivate the transition toward agentic laboratories (Figure 2). Appendix 
A provides a detailed historical account of this progression across scientific disciplines, highlighting 
the methods, representative systems, achievements, and limitations underlying each transition. 

 
Figure 2. The evolution of scientific automation toward agentic laboratories. Scientific automation has 
progressed through successive advances that made individual components of laboratory work increasingly 
programmable while exposing new bottlenecks. Early laboratory automation and symbolic AI separated 
execution from reasoning; high-throughput screening scaled measurements but left experiment selection to 
humans; robot-scientist systems closed hypothesis–experiment loops within predefined domains; and self-
driving laboratories integrated algorithms, instruments and workflows within bounded objectives. Later 
predictive and generative models expanded in silico design faster than validation capacity. More recently, LLM-
based scientific agents made reasoning and tool use more programmable but remained weakly grounded in 
physical laboratory state. Emerging AI-XR and multimodal perception systems now begin to expose 
instruments, samples, human actions and procedural deviations as machine-readable context. Together, these 
stages point toward agentic laboratories, which integrate execution, reasoning, model outputs, perception, 
provenance and human judgment into a shared discovery loop. 

2.1. From Automation to Closed-Loop Experimentation 

Early laboratory automation and artificial intelligence developed complementary capabilities: 
automated instruments made predefined experimental procedures scalable and repeatable, while 
symbolic AI demonstrated computational reasoning over structured scientific representations.[63–
66] For example, automated analyzers standardized sample processing and measurement, whereas 
DENDRAL used encoded chemical knowledge and heuristic search to infer candidate molecular 
structures from analytical data.[63,64] High-throughput screening and combinatorial 
experimentation subsequently expanded measurement capacity through robotic handling and 
parallel assays, but experiment selection, interpretation, and adaptation remained largely human-
directed.[2,6,67] These developments exposed an early separation between execution and reasoning: 
machines could increasingly perform experiments or reason over representations, but could not 
reliably connect the two. 

Robot scientists such as Adam and Eve began closing this gap by linking hypotheses, experiment 
selection, execution, and observations within predefined domains.[31,32] Adam used metabolic 
models and biological databases to propose gene–enzyme associations, then designed and executed 
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yeast growth experiments to test them. Eve applied related closed-loop principles to drug screening, 
connecting candidate selection with robotic assays and experimental feedback.[31,32] Self-driving 
laboratories (SDLs) extended this paradigm by combining optimization algorithms, software 
orchestration, and automated instruments into iterative experimental loops.[5,11,12,23] Methods 
such as Bayesian optimization and active learning selected subsequent experiments based on 
previous measurements, enabling adaptive search within defined experimental spaces.[72,73] Such 
systems demonstrated increasingly autonomous experimentation across chemistry, materials 
science, biology, and physics, but generally remained bounded by predefined objectives, action 
spaces, workflows, and hardware interfaces.[5,9,35] 

2.2. From Computational Models to Scientific Agents 

Advances in machine learning accelerated an existing imbalance between hypothesis generation 
and experimental validation. Protein models, genomic and single-cell foundation models, and 
materials-prediction systems expanded computational prediction and design. For example, 
AlphaFold enabled protein-structure prediction from sequence, while genomic models learned 
relationships between sequence and gene regulation; materials models expanded the search for 
candidate structures before physical synthesis.[7,8,46,69–71,91] Meanwhile, experimental validation 
remained constrained by throughput, variable samples, and difficult-to-automate workflows.[19,20] 
As computational design accelerated, the validation bottleneck grew, making the translation of model 
outputs into reliable physical experiments increasingly important. 

LLM-based scientific agents subsequently made reasoning and tool use increasingly 
programmable. Systems including ChemCrow, Coscientist, CRISPR-GPT, Googleʹs Co-Scientist, 
Biomni, and related frameworks can decompose goals, invoke tools, retrieve evidence, critique 
outputs, and construct experimental plans.[13,24–29,47] ChemCrow connects language-model 
reasoning to chemistry tools, while Coscientist demonstrated the translation of natural-language 
research objectives into tool-mediated experimental workflows.[24,27] Yet most scientific agents 
remain connected to laboratories primarily through structured data, APIs, or instrument 
outputs.[24,27,35] They can reason about experiments without necessarily observing the physical 
state that determines whether these experiments are feasible, correctly executed, or scientifically 
interpretable. 

2.3. Multimodal AI and XR Bridge Reasoning and Physical Laboratory State 

Multimodal AI and extended reality (XR) provide an emerging bridge between digital reasoning 
and physical experimentation by making laboratory state accessible to AI systems. Experimental 
context is distributed not only across protocols and instrument outputs, but also across samples, 
objects, spatial relationships, procedural progress, human actions, environmental conditions, and 
unexpected deviations.[35,36,40,51] Visual, audio, sensor, and first-person data can expose this 
context to multimodal models, while XR interfaces can connect AI assistance to scientists as 
experiments unfold. In practice, fixed cameras and wearable egocentric cameras capture 
complementary views of laboratory activities, which can be combined with instrument telemetry and 
environmental sensors to contextualize physical actions and procedural changes.[40,51] 

Systems such as LabOS illustrate how AI-XR can provide agents with first-person visual context, 
procedural information, and human corrections during physical laboratory work, supporting real-
time guidance and documentation.[40] Embodied systems such as Qumus similarly combine 
multimodal reasoning with robotic execution and closed-loop error correction, while related systems 
demonstrate increasingly autonomous perception and control of scientific 
instruments.[54,93,94]Together, multimodal AI, XR, and embodied perception shift laboratory 
automation from machine-readable procedures toward machine-readable laboratory state, providing 
the physical grounding needed to connect reasoning with action. 
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2.4. Towards Agentic Laboratories 

These developments reveal a recurring progression (Figure 2). Early automation made execution 
programmable; high-throughput systems scaled measurement; robot scientists and SDLs connected 
selection and execution within bounded loops; foundation models expanded prediction and design; 
scientific agents made reasoning and tool use programmable; and multimodal AI and XR increasingly 
make physical laboratory state accessible to computational systems.[1,2,5,11,24,31,32,40] Yet these 
capabilities remain fragmented, and physical execution still lacks the state awareness and predictive 
grounding needed to reliably translate scientific plans into real-world actions. 

The remaining challenge is both integration and physical grounding. Agentic laboratories must 
connect scientific reasoning with experimental execution while maintaining awareness of laboratory 
state, predicting action outcomes, and adapting to physical feedback. This motivates the two 
complementary components developed in Section 3: an agentic foundation for coordinating scientific 
and physical workflows, and an evolving laboratory world model for grounding execution in 
physical state and dynamics. 

3. The Agentic Laboratory Stack: Connecting Scientific Reasoning to Physical 
Discovery  

The agentic laboratory stack comprises four interconnected components: cognitive intelligence, 
an agentic foundation, an evolving laboratory world model, and physical intelligence (Figure 3). 
Cognitive intelligence encompasses computational models and AI agents that support scientific 
reasoning, hypothesis generation, and experimental design, while physical intelligence encompasses 
robotic systems, instruments, and perception capabilities that enable physical experimentation and 
observation. The agentic foundation connects them by translating scientific designs into coordinated 
execution plans, supported by a world model that estimates laboratory state, predicts action 
outcomes, and incorporates experimental feedback. Together, these components support adaptive, 
verifiable experimentation under human scientific leadership.[17,35,40] 

 
Figure 3. A technical architecture for agentic laboratories. The proposed architecture connects cognitive 
intelligence, which supports scientific reasoning and experimental design, with physical intelligence, which 
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enables laboratory execution and observation, through two complementary components. The agentic foundation 
translates scientific designs into executable plans and coordinates humans, models, instruments, and robots. The 
evolving laboratory world model integrates digital twins as spatial representations of physical laboratory 
systems with state estimation, dynamics models, and scientific prediction to ground execution planning, 
anticipate outcomes, and incorporate experimental feedback. Together, these components support a six-stage 
discovery loop—question formulation, scientific design, execution design, execution, verification, and 
learning—in which physical observations inform subsequent decisions and model updates. Human scientists 
guide scientific direction and consequential decisions, enabling adaptive, verifiable experimentation. 

3.1. Cognitive Intelligence: From Scientific Intent to Experimental Design 

The cognitive intelligence stack works with scientists to transform research questions into 
testable experimental designs, specifying what should be investigated and why. Unlike execution 
planning, it focuses on scientific objectives, hypotheses, and the evidence needed to evaluate them. 

Scientific questions are often incomplete and evolve with new evidence. Cognitive intelligence 
helps scientists identify candidate mechanisms, compare competing explanations, and select 
experiments that distinguish among them. Foundation models such as AlphaFold, Enformer, 
Geneformer, and scGPT support scientific prediction and representation learning, while agents 
including Co-Scientist, Biomni, CRISPR-GPT, and multi-agent research systems extend these 
capabilities to literature synthesis, hypothesis critique, and experimental 
planning.[7,8,13,25,26,28,47,69–71,74]Active learning and Bayesian optimization can further 
prioritize informative experiments under resource constraints.[5,72,73] 

The resulting design specifies the hypothesis, experimental variables, controls, measurements, 
and criteria for interpretation. For example, a scientist investigating therapeutic resistance may use 
cognitive intelligence to identify competing molecular mechanisms and design perturbation 
experiments to distinguish them. However, specifying which perturbations to test does not 
determine how samples should be prepared, which instruments are available, or whether the 
procedure can be executed safely. These questions require execution design by the agentic 
foundation. 

Cognitive intelligence also draws on the evolving world model, which supplies previous 
experimental outcomes, scientific predictions, uncertainty estimates, and records of procedural 
deviations. This feedback helps distinguish genuine scientific observations from execution errors 
before hypotheses are revised. Human scientists remain responsible for setting research priorities, 
evaluating scientific significance, and deciding when unexpected evidence warrants changing the 
research direction.[4,17,35] 

3.2. Agentic Foundation: From Scientific Design to Coordinated Execution 

The agentic foundation translates scientific experimental designs into executable plans and 
coordinates their implementation across models, instruments, robots, and human operators. Unlike 
fixed automation pipelines, it must adapt workflows to available resources, changing laboratory 
conditions, and unexpected failures.[3,4,11,36] 

Its responsibilities include task planning and translation, resource management, execution 
orchestration, and safety governance. It decomposes scientific designs into machine-readable 
procedures, selects appropriate tools and agents, allocates instruments and personnel, manages task 
dependencies, and enforces permissions and approval requirements. Systems such as ChemOS and 
IvoryOS demonstrate laboratory workflow orchestration, while ChemCrow and Co-Scientist 
illustrate agent-based scientific tool use.[11,24,27,36] Adaptive agents may further develop and reuse 
task-specific capabilities across workflows.[53] 

Execution design requires continuous interaction with the world model and physical 
intelligence. The foundation proposes candidate procedures; the world model evaluates current 
laboratory state, physical feasibility, predicted consequences, and uncertainty; and physical 
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intelligence supplies available hardware capabilities and action constraints. The foundation then 
selects or revises the execution plan before dispatching authorized actions. 

For example, a therapeutic-resistance experiment may require sample preparation, perturbation 
delivery, incubation, and imaging. The foundation coordinates these tasks while checking sample 
identity, instrument availability, and procedural dependencies through the world model. If a 
required sample is misplaced or an instrument becomes unavailable, it can request additional 
observations, revise the workflow, or escalate to a scientist rather than blindly following the original 
plan. 

Verification is incorporated throughout execution. Each consequential action has expected 
preconditions, observable outputs, and acceptance criteria. The foundation compares reported 
outcomes with these requirements, coordinates recovery when appropriate, and preserves records of 
actions, decisions, and human interventions.[35,36,51] This allows human and robotic work to remain 
coordinated without assuming that every laboratory procedure can be fully automated.[17,40] 

3.3. Evolving Laboratory World Model: Grounding State, Prediction, and Learning 

The evolving laboratory world model provides the shared representation needed to connect 
scientific plans with physical reality. It integrates three complementary functions: state estimation, 
dynamics and simulation, and scientific prediction. These functions may use distinct models and data 
sources rather than a single monolithic system.[35,40,52,53] 

State estimation maintains the current laboratory context, including sample identity, instrument 
status, object locations, procedural progress, and environmental conditions. Information from 
cameras, sensors, instrument APIs, and human observations can be linked through structured 
representations such as laboratory knowledge graphs. Provenance records connect measurements to 
their experimental conditions, actions, and software configurations.[35,36,51] 

Digital twins provide spatially grounded representations of instruments, objects, and 
experimental procedures. Through 3D/4D reconstruction and multimodal observations, they can 
capture physical states and their evolution over time. A digital twin is a component of the broader 
world model, not the world model itself: it represents particular physical systems, while the world 
model connects these representations to dynamics, scientific predictions, and experimental context. 

When equipped with appropriate dynamics and control models, interactive digital twins can 
support robotic simulation and policy learning. Robots can rehearse manipulations, evaluate 
trajectories, and identify potential failures before physical deployment, reducing disruptive trial-and-
error in operational laboratories.[52,58–60] Beyond evaluating existing capabilities, digital twins can 
provide simulated environments for reinforcement learning, enabling robots to acquire and refine 
new manipulation policies through repeated interaction and feedback. However, geometric 
reconstruction alone does not guarantee accurate contact, fluid, or actuator dynamics. Simulation-
based policies require task-specific physical modeling, calibration, and controlled real-world 
validation before deployment. 

Dynamics models predict how laboratory states change under proposed actions, while scientific 
models estimate experimental outcomes, such as biological responses to perturbations. These 
predictions must remain distinct: successful reagent delivery does not establish that the intended 
biological response occurred. Scientific predictors may incorporate mechanistic models, foundation 
models, and probabilistic estimates, with uncertainty guiding experimental selection and 
interpretation.[7,8,69–74] 

During execution, observations update state estimates and reveal discrepancies between 
predicted and actual outcomes. Validated experimental feedback may inform updates to predictive 
models and task-specific control policies through active learning or reinforcement learning; reliable 
transfer to new laboratory settings still requires task-specific validation.[5,58–60,72,73,86] The world 
model thereby supports both execution planning and scientific reasoning while exposing uncertainty 
and conditions requiring further validation. 

Preprints.org  |  NOT PEER-REVIEWED  |  Posted: 3 November 2026 https://doi.org/10.20944/preprints202608.0213.v2

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202608.0213.v2
http://creativecommons.org/licenses/by/4.0/


 9 of 27 

 

3.4. Physical Intelligence: From Executable Plans to Observable Experiments 

The physical intelligence stack executes experimental plans and captures evidence about what 
actually occurs. It comprises robotic systems, laboratory instruments, perception and sensing 
infrastructure, action models, and human–machine interfaces. Its role is to translate coordinated 
workflows into reliable physical operations while maintaining feedback to the world model. 

Execution begins by grounding the agentic foundationʹs plans in available hardware capabilities. 
Standardized APIs and reusable skills can support pipetting, mixing, sample transfer, culturing, 
imaging, spectroscopy, and instrument calibration.[11,23,36] Robotic learning approaches, including 
vision-language-action models, can connect visual observations and task instructions to motor 
policies, although laboratory manipulation remains challenging because of small objects, precise 
handling requirements, variable instruments, and sensitive experimental conditions.[58–60] 

Physical intelligence therefore operates in close coordination with the world model. The world 
model supplies spatial context, predicted state transitions, and simulated environments for 
evaluating robotic actions before deployment. Physical systems return observations that verify 
execution and expose discrepancies requiring model updates or replanning. 

Human–robot collaboration remains essential for procedures requiring expert judgment, 
unfamiliar manipulations, or intervention during unexpected events. Interfaces such as XR devices, 
cameras, and laboratory software can support real-time guidance and capture human actions. LabOS 
illustrates how multimodal AI and AI-XR can connect scientific agents with researchers during 
physical experimentation, while egocentric observations and demonstrations may contribute to 
future robotic learning.[40,51] 

Perception provides the feedback necessary for reliable execution. RGB-D vision, tactile sensing, 
audio, instrument telemetry, and environmental sensors capture complementary aspects of 
laboratory state. Monitoring systems compare these observations with expected outcomes to detect 
anomalies and determine whether an action was completed correctly.[35,36] 

For example, if a sample vessel is misplaced during robotic preparation, the sensing system can 
identify a discrepancy, update the world model, and prompt the agentic foundation to pause or revise 
execution. If sample identity cannot be verified, the experiment should not continue as though the 
intended procedure succeeded. This distinction between command completion and verified physical 
execution prevents procedural errors from being mistaken for meaningful scientific outcomes. 

3.5. Integrating the Stack Across the Scientific Discovery Loop 

The four components form an agentic laboratory when they operate within a shared discovery 
loop, connecting scientific intent to executable actions, verified observations, and subsequent learning 
(Figure 3). The loop comprises six stages with distinct responsibilities: 

1. Question formulation (Human + Cognitive Intelligence). Scientists define research objectives, 
priorities, and constraints. Cognitive intelligence supports literature synthesis, hypothesis 
generation, and identification of scientifically meaningful questions.[13,17] 

2. Scientific design (Human + Cognitive Intelligence). Scientists and cognitive models develop 
experiments specifying hypotheses, variables, controls, measurements, and interpretation 
criteria. The output is a scientific design, not a robotic execution plan.[5,25,26,72,73] 

3. Execution design (Agentic Foundation + World Model + Physical Intelligence). The 
foundation translates the scientific design into coordinated procedures. The world model checks 
current laboratory state, predicts action outcomes, and supports simulation-based evaluation, 
while physical intelligence defines hardware capabilities and constraints. Infeasible designs are 
returned for revision before execution.[11,35,36,52] 

4. Execution (Physical Intelligence + Human). Robots, instruments, and human operators perform 
the experiment. The agentic foundation coordinates workflows, while sensing systems capture 
actions, measurements, and changes in laboratory state.[17,23,40] 
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5. Verification (All Components). Physical intelligence checks action completion and 
measurement quality; the world model compares observations with expected states; the 
foundation checks procedural compliance and provenance; and cognitive intelligence, together 
with scientists, evaluates scientific validity. This distinguishes execution failures from 
unexpected experimental findings.[35,36,50,51] 

6. Learning (World Model + Cognitive Intelligence). Verified observations update laboratory 
state, physical dynamics, scientific predictions, and uncertainty. Cognitive intelligence uses this 
evidence to refine hypotheses and propose subsequent experiments, while the foundation 
retains validated workflows and recovery experience for future execution.[5,31,32,72,73] 

Across these stages, continuous verification and provenance connect scientific objectives, 
execution records, observations, and interpretations, supporting reproducibility within and across 
laboratories.[33,35,36,38,39,51] 

4. Evaluating Agentic Laboratories: Can Scientific Intent Become Trustworthy 
Evidence?  

Evaluating agentic laboratories requires more than measuring the performance or autonomy of 
individual models and robots. We propose assessing whether scientific designs are faithfully 
translated into physical experiments and whether the resulting evidence supports valid 
conclusions.[3–5,35,36] Evaluation must also account for human oversight, particularly when 
uncertainty or experimental consequences require expert judgment.[17,35] 

 

Figure 4. Evaluating agentic laboratories through trustworthy scientific experimentation. (a) Scientific intent 
must be translated into executable plans, physical experiments, and interpretable evidence, with potential 
failures arising from design translation, execution deviations, and evidence interpretation. Verification and 
feedback help identify and correct these gaps. (b) Four complementary criteria assess laboratory performance: 
physical grounding, execution fidelity, scientific validity, and adaptive coordination with human oversight. 
Together, they emphasize reliable experimentation rather than maximum autonomy. (c) Disconnected 
automation risks undetected errors and unreliable results, whereas an integrated agentic foundation and 
evolving laboratory world model enable state-aware execution, error detection, and corrective action. Verified 
experimental feedback can further support recursive self-evolution by improving scientific reasoning, world 
models, and robotic capabilities while preserving human scientific leadership. 
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4.1. Three Gaps Between Scientific Intent and Experimental Evidence 

The discovery loop contains three critical transitions where errors can propagate. The design 
translation gap arises when scientific objectives are converted into executable procedures. An agent 
may correctly identify an informative perturbation but overlook instrument limitations, sample 
requirements, or necessary controls. The physical execution gap concerns discrepancies between 
planned and actual experimental actions, including instrument drift, incorrect sample handling, and 
unrecorded procedural modifications. The evidence interpretation gap arises when measurements 
are used to support conclusions without adequately establishing their validity or accounting for 
experimental uncertainty.[35,36,50,51] 

Each gap requires distinct evidence of correctness: execution plans must preserve scientific 
requirements, observed actions must satisfy procedural expectations, and experimental conclusions 
must be supported by valid measurements. Evaluating these transitions separately identifies where 
errors originate and whether they propagate into subsequent scientific decisions. 

4.2. Four Criteria for Trustworthy Agentic Experimentation 

We propose four complementary operational criteria, evaluated within a declared experimental 
scope rather than combined into a single autonomy score. Further details on operationalizing these 
evaluation criteria and constructing representative benchmarks are provided in Appendix B. 

Physical grounding measures whether the system accurately represents the laboratory state 
needed for decision-making. Relevant metrics include object and sample identification accuracy, 
instrument-state estimation, uncertainty calibration, and detection of discrepancies between expected 
and observed conditions.[40,51,52] 

Execution fidelity measures whether experiments are performed as intended, including 
procedural completion, deviation detection, recovery success, and the proportion of actions 
supported by verifiable observations. Evaluation should distinguish successful command execution 
from confirmed physical outcomes.[35,36] 

Scientific validity measures whether the resulting evidence supports reliable interpretation. 
This includes measurement quality, appropriate controls, provenance completeness, recognition of 
confounding factors, and the ability to distinguish unexpected scientific findings from experimental 
artifacts.[46,49,50,87,88] 

Adaptive coordination and human oversight measure whether the system integrates tools, 
instruments, and personnel while responding appropriately to uncertainty. Metrics should include 
recovery time, resource efficiency, successful workflow handoffs, and escalation competence: 
whether the system recognizes when human intervention is needed, requests the appropriate 
expertise, and stops acting when necessary.[15–17,35,36] Human dependency should be assessed by 
the type and frequency of intervention, not simply minimized. A system that seeks expert judgement 
at consequential moments may be more reliable than one that operates independently but fails 
silently. 

4.3. Benchmarks Must Capture Consequences Across Experiments 

Static benchmarks can assess planning or error classification but cannot fully test how decisions 
affect subsequent laboratory states. Agentic laboratories require state-changing evaluations in which 
actions consume reagents, modify samples, occupy instruments, and introduce consequences that 
persist across workflow steps. Such environments expose cascading errors, resource constraints, and 
failures that emerge only during extended execution.[5,35,36] 

For example, a benchmark could provide an agent with a perturbation protocol, reagent 
metadata, instrument calibration records, and partial visual observations. During execution, a sample 
is misplaced or an instrument drifts outside its calibrated range. The system must identify the 
discrepancy, determine whether the experiment remains valid, and choose whether to recover, 
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repeat, revise, or escalate. Performance should be evaluated against the resulting laboratory state and 
scientific validity, not merely whether the agent completed the assigned workflow. 

Evaluation should also test generalization across instruments, sample types, and experimental 
conditions, since success within a fixed workflow does not establish reliability elsewhere.[5,35,51] 

4.4. Does Integration Improve Scientific Outcomes? 

The proposed architecture makes a testable claim: connecting orchestration with an evolving 
world model should improve experimental reliability beyond what any component achieves 
independently. This can be evaluated through controlled comparisons between fixed automation, 
agentic orchestration without world-model grounding, systems with state estimation but no 
predictive simulation, and the complete architecture. 

Comparisons should hold experimental objectives, hardware, resources, and operating 
conditions constant where possible. Outcomes should include verified experimental success, 
undetected deviations, recovery performance, human intervention requirements, and time or 
resources needed to obtain valid evidence.[5,11,23,35,36] Ablations can identify when world-model 
grounding or adaptive orchestration provides measurable benefits, rather than assuming that greater 
architectural complexity is always preferable. 

Beyond individual experiments, agentic laboratories could progressively improve particular 
capabilities through accumulated, verified experience. This includes refining scientific reasoning 
strategies, developing reusable agentic skills, updating world models, and improving robotic policies 
based on verified experimental feedback.[5,53,58–60,86] Unlike ordinary experimental learning, 
recursive self-evolution improves the laboratoryʹs ability to conduct future investigations. Its 
effectiveness should be evaluated through sustained improvements on held-out tasks, transfer across 
workflows, and reduced resource requirements, without compromising reliability or human 
oversight.[17,35] 

Ultimately, the value of integration should be judged by improvements in experimental 
reliability, scientific validity, and resource efficiency, alongside appropriate human oversight.[17,35] 

5. Challenges and Open Questions  

Agentic laboratories raise challenges that extend beyond improving individual AI models or 
automating individual experimental procedures. Progress will depend on how reliably these systems 
can reason and act across changing scientific contexts, coordinate over long horizons, preserve 
reproducibility and human oversight, and become practical laboratory infrastructure. We highlight 
ten open questions below; additional examples, qualifications, and implications are discussed in 
Appendix C. 

1. Which scientific domains are most ready for agentic laboratories? 

Progress will likely vary with experimental standardization, observability, and physical 
complexity.[5,9,23] Chemistry, materials synthesis, quantum control, and standardized biological 
workflows may support earlier adoption of agentic laboratories where objectives and measurements 
are well defined, whereas heterogeneous biological samples and clinical settings remain more 
challenging because of variability, measurement noise, ethical constraints, and robotic 
complexity.[21,22,30,77,81] 

2. Can AI discover beyond existing scientific paradigms? 

Current systems are often strongest at searching or optimizing within existing representations 
and experimentally accessible spaces, whereas scientific discovery can require recognizing 
anomalies, reframing questions, or developing new measurements.[4,45,48] Agentic laboratories 
should therefore be evaluated not only by optimization performance, but by whether they can 
generate testable ideas beyond predefined search spaces and use physical experimentation to expand 
the data and experimental spaces available for subsequent discovery. 

3. Can agentic systems remain reliable beyond predefined workflows? 
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Real laboratories are exception-heavy: instruments drift, reagents vary, samples degrade, 
protocols change, and observations may lack clear ground truth.[35,50] Scientific agents may 
consequently produce outputs that appear plausible but fail physical, chemical, biological, or 
experimental-validity checks, particularly outside familiar conditions. 

Reliability therefore needs to extend beyond successful task completion to recognizing 
uncertainty, detecting deviations, recovering from failures, and escalating when 
appropriate.[35,36,51] Evaluation should test these capabilities under changing experimental 
conditions rather than only within fixed workflows. 

4. How can many agents collaborate over long-horizon scientific campaigns? 

Scientific campaigns unfold over days to months and may require many specialized agents, 
tools, and physical resources.[13,28,29,47,57] Multi-agent systems can distribute planning, analysis, 
critique, and execution, but errors, uncertainty, provenance, and coordination failures may 
accumulate across long chains of dependent actions.[15,16,35] 

Long-horizon coordination therefore requires persistent shared state, provenance, resource 
scheduling, and mechanisms for resolving disagreement and propagating uncertainty.[35,36,40] The 
duration and complexity of scientific campaigns may also require advances in long-context reasoning 
and agent architectures that maintain coherent plans, memory, and decisions across extended 
sequences of experiments. Multi-agent systems should ultimately be evaluated end-to-end against 
strong single-agent alternatives rather than assuming that additional agents improve scientific 
performance. 

5. What standards are needed for reproducible agentic laboratories? 

Reproducibility should include not only experimental protocols and data, but also the 
computational decisions that produced them: model and software versions, tool calls, experimental 
state, calibration, uncertainty, provenance, and human interventions.[35,36,51,62] Standardized 
machine-readable records could make reproducibility a property of the discovery process rather than 
only a downstream reporting requirement. 

6. Who owns the scientific memory of agentic laboratories? 

As researchers increasingly use foundation models and agents for scientific reasoning, planning, 
analysis, and experimentation, interactions with these systems may capture unpublished workflows, 
methodological judgment, experimental context, and other forms of institutional scientific 
memory.[18] Institutionally governed agentic foundations could help preserve this knowledge 
within research organizations while providing controlled access to external models and services. 
Questions of ownership, access, privacy, and portability will therefore become increasingly 
important as scientific knowledge accumulates not only in papers and datasets, but also in persistent 
agentic systems. 

7. What infrastructure is needed to make agentic laboratories practical? 

As AI capabilities improve, laboratory autonomy will increasingly depend on interoperable 
interfaces connecting models, instruments, sensors, robots, and experimental state.[35,36] Minimal 
machine-actionable laboratory primitives—for example pipetting, mixing, imaging, calibration 
reporting, and sample transfer—could provide reusable interfaces across otherwise heterogeneous 
workflows. 

8. How can agentic laboratories become cost-effective? 

Greater autonomy is useful only when scientific gains justify the costs of robotics, 
instrumentation, maintenance, reagents, computation, and energy.[75] Cost-effectiveness should 
therefore be evaluated in terms of whether agentic systems reduce the resources or time required to 
reach reliable scientific conclusions, rather than simply increasing the number of experiments or 
hypotheses generated. 

9. How can agentic laboratories ensure safe physical experimentation? 
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As agentic laboratories coordinate and execute increasingly complex physical experiments, 
failures or misuse can have consequences beyond incorrect model outputs, including unsafe 
experimental actions and inappropriate access to high-risk capabilities.[35] Safety should therefore 
be built into the agentic foundation through permissioned tool access, domain-specific validation, 
audit trails, human approval for high-consequence actions, and mechanisms to pause or escalate 
when uncertainty or risk exceeds defined limits.[35,36] 

A complementary challenge is how to evaluate safety before deployment. Standardized testbeds 
with bounded action spaces and well-characterized hazards could provide common environments 
for comparing agentic laboratory designs, testing failure recovery and guardrails, and determining 
when agentic execution can be deployed safely and reliably. Such evaluation should consider not 
only accidental failures, but also whether increasingly accessible agentic infrastructure enables users 
with limited domain expertise or safety training to execute experiments that would otherwise require 
specialized oversight. 

10. How should scientists lead increasingly agentic laboratories? 

Near-term agentic laboratories are likely to remain collaborative systems in which AI takes on 
more coordination, monitoring, and execution while scientists retain responsibility for scientific 
direction, interpretation, and consequential decisions.[17,35] The goal is therefore not simply to 
minimize human involvement, but to determine where human judgment adds scientific value and 
how systems should recognize when that judgment is needed. 

Greater automation may also change scientific training. Reducing routine laboratory work could 
give researchers more time for hypothesis generation, interpretation, and experimental design, but it 
could also remove the hands-on experiences through which scientists develop experimental 
judgment.[40–45] Agentic laboratories should therefore preserve opportunities for scientists and 
trainees to understand physical experiments even as they increasingly supervise automated systems. 
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Appendix A. Historical Evolution of Scientific Automation Toward Agentic 
Laboratories 

The First Autonomy Gap: Execution Without Reasoning, Reasoning Without Action, 1957–1980s 

In the late 1950s, automated clinical chemistry analyzers were among the first laboratory systems 
to make routine analytical testing automated, standardized, and repeatable at scale.[63] Clinical 
chemistry was an early validation domain because standardized assays could be repeated as 
programmable workflows.[63] The Technicon AutoAnalyzer, introduced in 1957 as one of the first 
widely used automated clinical chemistry analyzers, used continuous-flow analysis to automate 
sample handling, reagent mixing, measurement and reporting.[63] Although these systems 
transformed routine laboratory work by reducing manual handling and increasing throughput, their 
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power was limited to repetition and standardization: they automated well-defined analytical tasks, 
but not scientific discovery itself.[63] 

In parallel, symbolic AI developed the complementary capability: formal reasoning over 
scientific representations without laboratory action.[65] DENDRAL, an early expert system for 
chemical structure elucidation, generated candidate molecular structures from mass spectra and 
other analytical data using encoded chemical knowledge, constraints, and heuristic search.[64] Meta-
DENDRAL, a rule-learning extension of DENDRAL, inferred fragmentation rules from known 
structure–spectrum pairs, showing that machines could propose, not just apply, scientific rules.[65] 
BACON, a symbolic discovery program, used heuristics to rediscover quantitative regularities, 
including Kepler’s Third Law and other historical laws, from structured numerical data.[66] 

Together, laboratory automation and symbolic AI exposed the first autonomy gap. Automation 
supplied execution without reasoning; symbolic AI supplied reasoning without action.[63,64] The 
next challenge became linking experimental execution with computational decision-making.[4,31,32] 

Scaling Experiments Without Scaling Discovery, 1990s–2000s 

By the 1990s, high-throughput screening and combinatorial chemistry had expanded the scale 
of drug discovery.[2,6]Robotic liquid handling, miniaturized assays, and large compound libraries 
allowed orders of magnitude more molecules to be tested than manual workflows could support.[2] 
Yet this engineering advance exposed a central limitation: more measurement did not automatically 
produce more discovery.[2,68] 

Despite large increases in screening capacity, therapeutic productivity did not rise 
proportionally.[67] The bottleneck shifted from testing capacity to experimental selection. High-
throughput systems encoded compound identity, assay readouts, and activity thresholds, but not the 
judgment needed to decide which hits were robust, artefactual, or worth pursuing.[2,68]They 
identified potential hits, but did not determine the next informative experiment.[2,68] 

This throughput paradox motivated closed-loop systems that could connect measurement to 
decision-making: choosing experiments, executing them, and updating future choices from the 
resulting evidence.[31,32] 

From Experimental Selection to Closed-Loop Discovery, 2009–2010 

In 2009–2010, robot-scientist systems such as Adam and Eve began to automate hypothesis-
driven discovery.[31,32]Adam integrated metabolic models, genome annotations, and biological 
databases to propose gene–enzyme associations, then designed and executed yeast growth 
experiments to test them.[32] Eve extended this closed-loop logic to early-stage drug screening by 
combining disease-relevant targets, compound libraries, and robotic assays.[31] 

These systems showed that machines could link hypotheses, executable protocols, observations, 
and updates within a single experimental loop.[31,32] Automation no longer merely accelerated 
routine assays; it connected experimental choice to evidence.[31,32] Their limitation was 
boundedness: the hypothesis space, assay format, and action space were specified in advance.[31,32] 
They could close a loop, but only inside a carefully formalized experimental world.[31,32] This 
motivated self-driving laboratory architectures that treated autonomy as an integration problem 
across algorithms, instruments, and workflows.[5,11,12] 

Self-Driving Laboratories: Closed-Loop Discovery Within Bounded Spaces, 2010s–Early 2020s 

In the 2010s and early 2020s, chemistry and materials science advanced the logic of closed-loop 
experimentation through self-driving laboratories (SDLs).[5,9] Active learning and Bayesian 
optimization became central tools for SDLs because they framed experiment selection as an 
exploration–exploitation problem, allowing systems to choose informative experiments under 
limited experimental budgets.[72,73] As a software platform for autonomous experimentation, 
ChemOS framed autonomy as an integration problem by linking optimization algorithms, software 

Preprints.org  |  NOT PEER-REVIEWED  |  Posted: 3 November 2026 https://doi.org/10.20944/preprints202608.0213.v2

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202608.0213.v2
http://creativecommons.org/licenses/by/4.0/


 16 of 27 

 

control, and automated instruments into reusable workflows.[11] Thin-film SDLs and A-Lab showed 
that autonomous campaigns could synthesize, characterize, and update experiments when 
objectives, action spaces, measurements and hardware interfaces were constrained.[12,23]However, 
subsequent analyses clarified important limitations in materials-science autonomy: materials 
reported as newly discovered by autonomous experiments may not always be novel in reality, and 
claims of discovery can depend strongly on phase identification, validation standards, search-space 
design, and interpretation of prior literature.[46,87,88] 

Perspectives on human–AI–robot catalysis and platforms such as LUMI-lab illustrate how SDL 
approaches are extending across application domains, including biomedical design.[37,57] LUMI-lab 
coupled a molecular foundation model, active learning, robotic synthesis and screening of lipid 
nanoparticles to identify ionizable lipid designs for mRNA delivery.[57] By identifying brominated 
lipid tails as an unexpected design feature and validating LUMI-6 for gene editing in mouse lung 
epithelial cells, it showed that self-driving platforms can generate new design principles, not merely 
optimize known variables.[57]The same closed-loop logic developed in parallel in atomic and 
quantum-device physics, where systems optimize within a bounded objective and a fixed control 
space. Online machine-learning optimization was used to tune the production of Bose–Einstein 
condensates over large control-parameter spaces,[83] and closed-loop machine-learning agents 
achieved in situ tuning of semiconductor quantum-dot qubit devices across high-dimensional gate-
voltage spaces, in some cases faster than human experts;[79,84,85] reinforcement learning was 
likewise used to prepare non-classical states in superconducting cavities through measurement-
based feedback.[86] Layered van der Waals materials also became a useful testbed for bounded 
autonomy. Computer vision and robotic systems automated flake identification and assembled a 29-
layer graphene/hexagonal boron nitride superlattice.[89,95,96] Separately, Gaussian-process-guided 
scanning tunneling microscopy and scanning tunneling spectroscopy selected informative 
measurement locations on tungsten disulfide (WS₂).[90] 

SDLs closed loops within predefined objectives, action spaces and validation criteria, but this 
boundedness limited transfer across goals, assays and instruments.[5,9,35] They integrated 
algorithms, instruments and workflows more flexibly than earlier robot-scientist systems, but 
remained bounded by hardware interfaces and constrained search spaces.[5,11,35,36] This exposed 
the need for systems that could draw on broader scientific knowledge rather than optimize only 
within narrow experimental spaces.[4,5,35] 

Machine Learning Outpaced Experimental Validation, 2019–2022 

Biology exposed a complementary bottleneck. Whereas chemistry and materials struggled to 
transfer closed-loop optimization across platforms, biology increasingly struggled to experimentally 
validate a growing number of computational hypotheses.[7,8,19,20] 

From 2019 onward, machine-learning-guided protein engineering accelerated biological design, 
followed by AlphaFold in 2021 and later genomic and single-cell foundation 
models.[7,8,70,71]Machine-learning-guided protein engineering used sequence–function data to 
propose mutations before experimental validation, while protein language models learned statistical 
patterns from large sequence databases to prioritize plausible biological sequences.[7,68] AlphaFold 
transformed protein-structure modeling: it generated structural hypotheses from sequence far faster 
than traditional experimental structure determination.[8] Beyond protein structure, models such as 
Enformer improved sequence-based modeling of gene expression from long-range genomic context, 
Nucleotide Transformer extended foundation-model approaches to DNA sequence representation, 
Geneformer demonstrated how single-cell foundation models can prioritize experimentally 
validated biological mechanisms and therapeutic targets, and scGPT brought generative foundation 
models to single-cell and multi-omic analysis, expanding the range of biological hypotheses that 
could be generated in silico faster than they could be systematically validated in the wet lab.[69–
71,74] Like many machine-learning systems, these models remain stronger at pattern learning than 
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causal reasoning, with limits in dynamic, disordered or context-dependent biological 
settings.[4,7,8,69] 

Biofoundries and automated evolution platforms offered a partial response by standardizing 
parts of the design–build–test–learn cycle, including DNA assembly, strain construction, screening 
and data collection.[19–22] However, they do not eliminate the validation bottleneck: many biological 
workflows still depend on tacit handling, variable samples, cell-state heterogeneity, reagent lots, local 
protocol adaptation and weakly standardized metadata.[20,35,36,51] 

The key shift was that biological hypotheses became easier to generate than to test.[7,8,69–71] 
Biology increasingly faced the inverse problem: computational design advanced faster than 
automated wet-lab execution.[7,8,19,20] Structures, hypotheses and sequence designs could be 
generated or prioritized in silico, but still had to be selected, translated into protocols and evaluated 
in physical context.[7,8,20,71]By contrast, chemistry and materials science still face challenges in both 
physical automation and computational reasoning because of the diversity of synthesis and 
characterization workflows. Within bounded domains, physical execution became programmable 
before computational reasoning became general. 

Materials science faced a related validation gap. Deep-learning platforms such as GNoME 
expanded the computational search space by predicting hundreds of thousands of stable inorganic 
structures, but such predictions are not discoveries by themselves: candidate materials still require 
synthesis, characterization, phase assignment, and comparison with prior experimental 
literature.[46,91] Subsequent commentaries and analyses have emphasized that AI-driven and 
autonomous materials-discovery systems must be evaluated not only by the number of candidates 
generated, but by whether the resulting materials satisfy the linked criteria of novelty, credibility, 
and utility.[46,87,88,92] This caution applies especially when models operate in large search spaces 
where predicted stability, apparent diversity, or automated synthesis can obscure whether a material 
is experimentally realizable, genuinely new, and scientifically useful.[46,91,92] 

Collectively, the bottleneck shifted from generating biological and material possibilities to 
prioritizing, validating, and operationalizing them.[46,69,70,91,92] This machine-learning-to-
validation imbalance motivated tool-using digital agents that could reason over model outputs, 
retrieve information, design workflows, and connect computational outputs to experimental 
plans.[24–27] 

The Rise of AI Agents, 2022–Present 

After the public emergence of ChatGPT in 2022, LLM-based scientific agents accelerated the 
move from static model outputs toward programmable reasoning and workflow 
integration.[24,27,61] ChemCrow linked LLMs to chemistry tools; Coscientist, a chemistry-focused 
LLM system, connected reasoning to cloud-laboratory execution; CRISPR-GPT applied agentic 
planning to gene-editing design; and systems such as Google’s Co-Scientist, Biomni, Virtual Lab, 
Robin, PantheonOS and AI Scientist extended agentic workflows toward hypothesis generation, 
critique, biomedical tool use, multi-agent analysis and digital research automation.[13,24–29,47,56] 
More recent self-evolving agents such as ALITA point to a further transition: agents not limited to 
predefined tools or fixed workflows can construct, refine and reuse task-relevant capabilities through 
model-context protocols and accumulated experience.[53]In quantum device physics, agent-based 
and LLM-driven frameworks began translating natural-language goals into executable laboratory 
routines—locating readout resonators, choosing the next measurement, and reproducing 
measurement protocols described in the literature on superconducting-qubit hardware.[81,82] These 
advancements suggest a route from static tool-using agents toward adaptive scientific agents whose 
reasoning infrastructure can evolve across tasks.[15,16,53] 

These systems make modular scientific reasoning and tool use programmable: goals can be 
broken down, tools invoked, evidence compared and plans critiqued across workflows.[13,24–27] Yet 
they face two major limitations. First, agents inherit the limits of their underlying foundation models: 
brittle reasoning, hallucinated claims, weak causal understanding, incomplete domain knowledge 
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and poor uncertainty calibration can all propagate into tool choices and experimental plans.[4,15,16] 
Second, their core limitation in physical science is observability. They can reason about tools and 
experiments, but they often cannot see the laboratory state that determines whether a plan is feasible, 
correctly executed or scientifically trustworthy.[35,36,40] They depend on structured inputs, APIs 
and instrument responses rather than direct access to visual state, spatial layout, calibration drift, 
manual correction or unexpected procedural deviations.[35,36,40,51] 

This combination of model limitation and physical observability gap motivates AI-XR, 
multimodal AI and physical-perception systems that can make laboratory state visible to 
computational agents.[40,52,53,59] 

Collaborative Human–AI–Robot Laboratories That See, Reason and Act, 2024–Present 

The next step is not simply more reasoning. Agentic laboratories require machine-readable 
access to physical laboratory state: instruments, samples, objects, spatial layout, procedural progress, 
human interventions and unexpected deviations.[35,36,40] Without this perceptual layer, even strong 
reasoning systems remain detached from the conditions that determine whether an experiment is 
feasible, correctly executed or scientifically interpretable.[35,40,53] 

Current scientific agents address only part of this gap. Co-scientist and multi-agent systems can 
generate hypotheses, critique plans, and chain tools across literature, data analysis, and experimental 
design, but they remain primarily cognitive unless connected to laboratory state.[13,15,27] Adaptive 
digital agents may accumulate reusable reasoning patterns and procedural knowledge, but those 
capabilities remain trapped in software without physical perception.[40,72] 

Systems such as LabOS show how AI-XR could connect digital agents to scientists during 
physical work by exposing first-person visual context, procedural cues and human corrections.[40] 
Such interfaces make tacit laboratory context available for planning, guidance and future learning, 
moving agents beyond structured files or instrument outputs.[40]Qumus illustrates a complementary 
direction in quantum materials, coupling multimodal reasoning, robotic execution and closed-loop 
error correction inside an embodied experimental system to accelerate two-dimensional (2D) 
quantum materials discovery and device fabrication.[54] Related perception-action systems have also 
been developed for two-dimensional materials. ATOMIC combines a vision foundation model with 
language-model control for autonomous optical microscopy.[93] AILA uses language-model agents 
to automate AFM workflows, including graphene layer identification.[94]By updating 
representations of objects, instruments, protocol steps, human actions, and environmental context, 
such systems point toward laboratory world models that connect digital reasoning to physical 
context.[40,52,53] 

This shift matters because laboratory state is not contained only in databases, protocols or 
instrument logs. It is also carried by visual and spatial cues, including images, video, and egocentric 
observations that require visual perception and reasoning, as well as spoken corrections, instrument 
telemetry, environmental conditions and procedural deviations.[35,36,40,51,54] AI-XR and 
multimodal AI are therefore not peripheral interfaces; they are foundational infrastructure for linking 
digital reasoning to physical experimentation.[40,52–54,59] 

Toward a Fully Agentic Laboratory Stack, Present–Future 

Physical perception is necessary but not sufficient. Current systems occupy distinct layers of an 
emerging agentic-laboratory stack: digital agents for planning, integration systems for tool access, 
SDLs for bounded optimization, AI-XR for laboratory-state capture, and cloud or networked 
laboratories for scalable execution.[11,13,40] Each layer expands what machines can do, but none 
alone can support adaptive discovery across changing goals, tools, environments, and human 
constraints.[3–5] An agentic laboratory is not a single model, robot, or interface, but a harnessing 
architecture that integrates changing goals, heterogeneous tools, uncertain evidence, physical 
constraints, laboratory state, provenance, and human judgment; its evaluation should therefore 

Preprints.org  |  NOT PEER-REVIEWED  |  Posted: 3 November 2026 https://doi.org/10.20944/preprints202608.0213.v2

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202608.0213.v2
http://creativecommons.org/licenses/by/4.0/


 19 of 27 

 

extend beyond planning quality to execution feasibility, state awareness, exception handling, 
provenance, uncertainty calibration, and appropriate human escalation.[3–5,35,36,51] 

Scientific automation has made more of the discovery loop machine-readable: laboratory 
automation has made procedures, measurements and reporting programmable; symbolic AI has 
represented rules, constraints and candidate hypotheses; high-throughput systems have scaled 
experimental testing; robot scientists and self-driving laboratories have closed experimental loops 
within bounded domains; foundation models have expanded learned representations and designs; 
large language model (LLM) agents have made planning, reasoning, and tool use programmable; 
and AI-XR and multimodal physical-AI systems are beginning to expose laboratory states by 
connecting human perception and action to machine-readable workflows.[1,2,4,5] Yet these 
capabilities remain only partially connected. Physical automation made laboratory execution 
programmable, while AI made scientific representation and reasoning increasingly 
computational.[4,64,66] The central challenge for agentic laboratories is to connect these layers into a 
shared harnessing architecture that represents goals, constraints, experimental state, uncertainty, 
provenance and human oversight across the discovery loop.[3–5] This historical progression shows 
how each advance solved one bottleneck while exposing the next, motivating agentic laboratories as 
integrated human–AI–robot discovery systems (Figure 2).[35,36,40] 

Appendix B. Operationalizing the Evaluation of Agentic Laboratories 

The evaluation framework introduced in Section 4 assesses how reliably agentic laboratories 
translate scientific designs into verified experimental evidence. Four complementary criteria measure 
distinct aspects of this process: 

• Physical grounding evaluates the accuracy of laboratory state representations, including sample 
identity, instrument status, spatial relationships, and uncertainty estimates. Representative 
metrics include state-estimation accuracy, discrepancy detection, and uncertainty 
calibration.[40,51,52] 

• Execution fidelity measures whether planned experimental actions occur as intended, including 
procedural completion, detection of deviations, recovery success, and verification of physical 
outcomes rather than command execution alone.[35,36] 

• Scientific validity assesses whether experimental measurements support defensible 
conclusions, accounting for controls, measurement quality, provenance, confounding factors, 
and the distinction between unexpected discoveries and experimental artifacts.[46,49,50,87,88] 

• Adaptive coordination and human oversight evaluate how effectively the system coordinates 
models, instruments, workflows, and personnel while responding to uncertainty. Relevant 
metrics include resource efficiency, workflow handoff success, recovery time, and escalation 
competence. Human dependency should be assessed by the expertise, frequency, and 
consequences of interventions rather than minimized indiscriminately.[15–17,35,36] 

These criteria can be operationalized through benchmarks involving infeasible experiment 
detection, protocol-failure prediction, provenance reconstruction, and discrimination between 
genuine scientific signals and experimental artifacts. For example, a failed-protocol triage benchmark 
could provide an agent with a planned protocol, reagent-lot metadata, instrument calibration history, 
partial telemetry, intermediate images, and noisy experimental readouts. The agent would determine 
whether the outcome is valid, artifact-driven, recoverable, requires repetition or protocol revision, or 
warrants human escalation. 

Static evaluations assess decisions against fixed records but cannot fully capture cascading 
failures or resource constraints. State-changing simulated laboratories should therefore allow actions 
to consume reagents, occupy instruments, alter samples, and affect subsequent experimental states. 
Performance should be measured across dependent actions, including whether the system maintains 
scientific validity, recognizes its limitations, and requests human intervention when 
appropriate.[5,35,36] 
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Appendix C. Expanded Challenges and Open Questions for Agentic 
Laboratories 

This appendix expands the ten open questions introduced in Section 5, examining the scientific, 
technical, infrastructural, and human challenges of developing agentic laboratories. Particular 
attention is given to the coordination and physical grounding needed to translate computational 
reasoning into reliable, verifiable experimentation. 

C.1. Which Scientific Domains Are Most Ready for Agentic Laboratories? 

Readiness for agentic laboratories depends on experimental standardization, physical 
observability, instrument interoperability, and the ability to verify outcomes.[4,5,9,23] Chemistry, 
catalysis, thin-film materials, and selected quantum-control tasks offer relatively structured settings 
with measurable objectives and programmable actions.[23,37,55,77,81]However, extending these 
systems beyond bounded optimization requires coordinating additional instruments, procedures, 
and experimental constraints. 

Biology presents greater heterogeneity. Cell-free systems, engineered cells, protein engineering, 
and standardized perturbation screens may be more readily integrated than experiments involving 
primary samples, organoids, or clinical specimens, where biological variability, measurement noise, 
and specialized handling complicate execution.[21,22,30]Clinical laboratories may nevertheless 
benefit from agentic assistance in documentation, quality control, and exception monitoring, subject 
to strict privacy and safety requirements.[35,51] 

Readiness should therefore be assessed through the ability to represent experimental state, 
execute intended actions, and verify resulting evidence rather than through a universal autonomy 
level. In partially observable biological systems, stochastic world models and uncertainty-aware 
planning may help evaluate candidate interventions, although their predictions still require 
experimental validation. 

C.2. Can Agentic Laboratories Discover Beyond Existing Scientific Paradigms? 

Scientific goals are rarely equivalent to fixed benchmark objectives. A stated objective—whether 
optimizing a material property, testing a biological mechanism, or investigating an unexpected 
phenomenon—exists alongside changing constraints involving feasibility, safety, reproducibility, 
interpretability, cost, and scientific value.[35,51] Agentic systems may therefore need representations 
of scientific goals that can evolve as evidence accumulates rather than treating discovery solely as 
optimization of a fixed objective.[4] 

A deeper challenge is whether agentic systems can move beyond interpolation and local search. 
Transformative discoveries may require recognizing anomalies, reframing questions, or pursuing 
observations that are weakly represented in existing data.[48] Evidence that papers and patents have 
become less disruptive over time also cautions against assuming that greater automation necessarily 
produces greater conceptual novelty.[45] Moreover, agents restricted to already-characterized, 
automatable experiments may search only a biased subset of experimental space. Expanding what 
can physically be investigated may therefore be as important as expanding what AI systems can 
reason about.  

C.3. Can Agentic Systems Remain Reliable Beyond Predefined Workflows? 

Many laboratory failures arise outside the nominal workflow: instruments drift, reagent 
properties vary, samples degrade, protocols are locally adapted, and silent deviations can invalidate 
conclusions. Many assays also lack validated machine-readable ground truth, particularly for rare or 
previously unseen biological phenomena, and even human analysts may disagree when interpreting 
the same evidence.[49,50] 

Scientific generative models introduce additional failure modes. Outputs can be formally 
plausible while remaining physically invalid, chemically inconsistent, biologically implausible, 
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unstable, or experimentally inaccessible. A system may also arrive at an appropriate recommendation 
through reasoning that fails under small perturbations. Evaluation should therefore probe reasoning 
stability—for example, whether reordering inconsequential steps or substituting an equivalent 
reagent changes a recommendation without scientific justification—and test systems outside familiar 
workflows.  

These risks become more consequential when agent decisions trigger physical actions that 
consume samples, incur costs, or generate misleading data.[35] Agentic laboratories may therefore 
require domain-specific validators and verification pipelines that test feasibility, safety, and 
experimental validity before consequential actions. The relevant challenge is not simply whether an 
individual workflow can be automated, but whether reliability persists as agents move across assays, 
instruments, samples, and experimental regimes.[5,35] 

C.4. How Can Many Agents Collaborate over Long-Horizon Scientific Campaigns? 

Scientific campaigns can extend over days or months, with results from early experiments 
determining later decisions. Multi-agent systems could divide this work among planners, critics, tool 
routers, analysts, and validity or safety checkers, enabling parallel work and complementary 
expertise.[13,28,29,47,57] However, long horizons also amplify failure: uncertainty accumulates, 
early artifacts propagate downstream, credit assignment becomes difficult, and campaign state can 
exceed the context available to any individual agent.[16,35] Embodied agents face an additional 
limitation because current robotics foundation models and vision-language-action systems are 
generally stronger on short-horizon tasks than open-ended workflows.[58–60] 

Decomposition itself can introduce cascading errors, disagreement or artificial consensus, and 
diffusion of provenance and accountability.[15,35] Moreover, optimizing individual components 
does not guarantee better end-to-end performance; multi-agent systems should therefore be 
compared with strong single-agent baselines, with additional agents treated as a resource cost rather 
than a proxy for capability. Physical resources—including instruments, reagents, samples, and 
compute—are also finite, making scheduling and resource allocation part of the coordination 
problem.[11,35,36] Persistent shared state, provenance, uncertainty propagation, and human-in-the-
lead checkpoints may consequently be important for maintaining coherence across long 
campaigns.[35,36,40] 

C.5. What Standards Are Needed for Reproducible Agentic Laboratories? 

Agentic systems could improve reproducibility through structured workflows, provenance 
capture, calibration tracking, and standardized metadata, but they could also introduce new failure 
modes through changing model versions, hidden prompts, evolving toolchains, unrecorded 
instrument states, or proprietary infrastructure.[50] Reproducibility therefore needs to encompass 
the computational and agentic decision process alongside the physical protocol, including model and 
software versions, prompts, tool calls, intermediate observations, uncertainty estimates, and human 
overrides.[35,36,51,62] Replicability is a related but distinct objective: whether findings persist across 
independent runs, instruments, laboratories, datasets, reagent lots, and experimental contexts.  

As agents participate in planning, execution, analysis, and interpretation, the scientific record 
may consequently extend beyond the final paper. Machine-readable records could include raw data, 
protocols, analysis code, model interactions, candidate hypotheses, failed attempts, human decisions, 
uncertainty estimates, calibration histories, and experimental environments.[35,36] Such records 
could support process-level disclosure and eventually allow reviewers to inspect the provenance 
behind scientific claims, including missing controls or unrecorded assumptions.  

Reproducibility may also need to operate across networks of laboratories rather than individual 
facilities. Laboratories, cloud platforms, SDLs, and scientific communities could share protocols, 
representations, calibration standards, provenance, and learned capabilities.[10,33,34,38,39] Early 
work on networked autonomous materials exploration and programmable cloud laboratories points 
toward this model.[14,33,38,39] Cross-laboratory transfer, however, requires more than sharing data: 
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hardware configuration, reagent lots, calibration procedures, software versions, environmental 
conditions, and human interventions can all influence whether a workflow transfers 
successfully.[35,36] 

C.6. Who Owns the Scientific Memory of Agentic Laboratories? 

Scientific interaction data create an institutional challenge distinct from conventional data 
ownership. As researchers increasingly use foundation-model interfaces for coding, analysis, 
experimental planning, and scientific reasoning, institutions may externalize unpublished 
workflows, methodological judgment, reasoning traces, and accumulated scientific context alongside 
conventional data.[18] Institutionally governed agentic layers or model wrappers could retain 
prompts, experimental context, protocols, provenance, and other interaction records within local 
research ecosystems while still providing access to external models. In clinical and public-health 
settings, this may additionally require secure environments, privacy-preserving access controls, audit 
logs, and governance for regulated data.  

Over longer timescales, institutional scientific capability may depend partly on whether 
experimental reasoning, domain protocols, and accumulated expertise can be represented in reusable 
machine-readable infrastructure. Shared agentic memory could also change how scientific 
knowledge circulates: knowledge currently distributed across publications, datasets, conferences, 
informal interactions, and individual memory could increasingly be synthesized and maintained by 
persistent agentic systems. This raises questions not only about ownership and access, but also about 
whether scientific memory should reside within individual laboratories, academic consortia, or 
external platforms. 

C.7. What Infrastructure Is Needed to Make Agentic Laboratories Practical? 

Widespread deployment may depend as much on interoperable infrastructure as on model 
capability. Agentic systems that plan beyond fixed workflows require interfaces linking actions to 
expected changes in samples, instruments, and scientific systems while representing uncertainty 
when predictions extend beyond available evidence.[4,35,36] Laboratory world models may support 
this connection by providing state and predicted dynamics for physical planning.[52,53] 

One practical step is to define minimal “driverless” laboratory primitives—such as pipetting, 
mixing, thermal regulation, imaging, calibration reporting, and sample transfer—that can be 
composed across otherwise heterogeneous workflows. As scientific models improve, interfaces, 
standards, governance, uncertainty-aware control, and physical reliability may become increasingly 
important constraints; conversely, slower progress in scientific foundation models could leave model 
capability itself as the bottleneck.[7,8,35,36] 

C.8. How Can Agentic Laboratories Become Cost-Effective? 

Automation can reduce labor and accelerate iteration, but it can also produce low-value 
experiments while consuming reagents, compute, energy, and expensive robotic infrastructure.[75] 
High-mix robotic systems may additionally incur substantial maintenance costs. Cost-effectiveness 
should therefore be considered during system design rather than evaluated only after deployment. 

Early infrastructure investments may not produce immediate returns but could make 
laboratories better positioned to exploit future improvements in models, robotics, sensors, and 
interoperability. Ultimately, the relevant measure is not simply the number of experiments or 
hypotheses generated, but whether an agentic system reduces the resources or time required to move 
from scientific inquiry to reliable validation.[5,35,75] 

C.9. How Can Agentic Laboratories Ensure Safe Physical Experimentation? 

Connecting AI agents to physical laboratory systems introduces risks beyond incorrect 
computational outputs. Agent-generated actions may involve hazardous materials, sensitive 
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instruments, irreversible sample modifications, or procedures requiring specialized expertise.[35] 
Unlike digital errors, physical execution failures can have consequences that cannot be reversed 
through software correction. 

Safety should therefore be enforced through the agentic foundation using permissioned tool 
access, operational constraints, domain-specific validators, and human approval for high-
consequence actions.[35,36] The evolving laboratory world model can support pre-execution risk 
assessment by estimating physical state, predicting potential failures, and evaluating candidate 
actions in simulation. However, incomplete observations and inaccurate dynamics mean that 
simulation cannot replace physical safeguards or established laboratory safety procedures.[52] 

A further challenge is determining when an agentic system is sufficiently reliable for 
deployment. Controlled testbeds should evaluate constraint violations, anomaly detection, recovery 
behavior, and appropriate human escalation under changing laboratory conditions. Safety 
assessment must also consider misuse and whether increasingly accessible automation could enable 
experiments beyond a userʹs training or authorization. Human scientists and institutions must retain 
authority over safety-critical decisions, with agentic systems designed to recognize and respect those 
boundaries.[17,35] 

C.10. How Should Human Scientists Lead Agentic Laboratories? 

Near-term value may arise from relatively routine but consequential activities—including 
sample transfer, instrument setup, workflow routing, standardized assay execution, quality control, 
and exception monitoring—rather than general-purpose autonomous robot scientists.[3,4,13,35,36] 
These tasks can provide the operational infrastructure and data needed for more capable systems 
while maintaining human scientific leadership.  

As routine execution and coordination become increasingly automated, scientists may spend 
more time on scientific framing, interpretation, invention, and the development of new experimental 
tools and measurements. Human intuition and scientific judgment may remain particularly 
important for identifying consequential questions, interpreting ambiguous evidence, and deciding 
which unexpected observations deserve further investigation.[17,35] However, increasing distance 
from physical experimentation may also reduce exposure to serendipitous observations and practical 
details that shape scientific interpretation.  

This tension is particularly important for scientific training. If agentic systems assume tasks 
traditionally performed by undergraduate and graduate researchers, they may remove some of the 
apprenticeship experiences through which experimental judgment develops. PI–trainee relationships 
could shift from teaching laboratory mechanics toward scientific strategy, interpretation, ethics, and 
judgment; AI-XR systems such as LabOS could also provide real-time guidance and protocol 
verification.[40,44,45] Institutions may therefore need to preserve opportunities for trainees to 
understand physical experiments rather than learning only to supervise automated systems.  

The broader effects on scientific participation remain uncertain. Increased productivity could 
make more scientific questions tractable and expand demand for research, whereas fixed funding, 
infrastructure, or attention could instead concentrate output among fewer laboratories. The relevant 
question is therefore not only how much scientific work can be automated, but how increasing 
autonomy affects participation, training, responsibility, and the distribution of scientific capability. 
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