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ABSTRACT: Self-driving laboratories (SDLs) integrate robotic manipulation, analytical instrumentation and 
machine learning to accelerate research in chemistry and materials science. Scientific validity nevertheless 
depends on whether recorded execution states represent the physical operations underlying subsequent 
analyses. Command completion, provenance records and plausible instrument outputs can coexist with sample 
misidentification, incomplete transfer, timing deviation, contamination or history-altering recovery. Research 
spanning laboratory robotics, workflow orchestration, provenance, runtime monitoring, metrology and failure-
aware optimisation has advanced device integration and operational traceability, yet the relationship between 
execution evidence and data suitability remains underdeveloped. Robot execution assurance denotes the 
coordinated specification, verification, monitoring and evaluation required to determine whether a robot-
mediated operation can support a defined scientific use. This use-specific approach recognises that recovery 
may preserve endpoint composition while invalidating kinetic interpretation. Recurrent failures in identity 
continuity, acknowledgement, timing, monitoring and recovery establish requirements for explicit physical 
outcomes, verified operating conditions, validated observations and documented data-use decisions. Empirical 
priorities include controlled fault injection, condition-specific monitor validation, complete attempt records and 
interoperable evidence representations. Integrating these functions into SDL architectures would strengthen 
reproducibility and reduce invalid model updates in autonomous experimentation.
KEYWORDS: autonomous experimentation, execution assurance, laboratory robotics, runtime monitoring, 
self-driving laboratories
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I. INTRODUCTION
Self-driving laboratories (SDLs) integrate automated experimentation, robotic manipulation, analytical 

instrumentation and machine learning to accelerate research in chemistry and materials science [1]–[5]. Mobile 
robotic chemists, automated synthesis platforms and modular closed-loop systems have demonstrated 
increasingly complex experimental programmes with limited continuous human intervention [6]–[11]. These 
developments increase experimental throughput and extend the range of conditions accessible to autonomous 
investigation. They also transfer responsibility for verifying and documenting physical operations from direct 
human observation to the laboratory’s sensing, control and information infrastructure.

Workflow progression alone cannot establish that an intended experiment occurred. A liquid handler 
may report successful completion after aspirating air; a robot may deliver the designated container while its 
contents are misidentified; or a recovery action may restore a final measurement while altering reaction timing 
or contamination history. In each case, the workflow may continue and the instrument may return a plausible 
result even though the physical experiment differs from the experiment represented in the dataset. When such 
outputs enter an optimisation or machine-learning loop without qualification, operational failures may be 
interpreted as valid scientific observations and influence subsequent experimental decisions.

Existing SDL technologies address important components of this problem but do not yet provide an 
integrated basis for evaluating individual robot-mediated operations. Device interfaces communicate commands, 
states and errors; orchestration systems coordinate workflows and resources; runtime monitors detect selected 
deviations; safety systems constrain hazardous behaviour; and provenance systems preserve data lineage and 
responsibility. Laboratory quality systems and metrological practice further establish requirements for method 
validation, traceability, uncertainty and decision rules [12]–[14]. These capabilities answer different questions. 
Controller completion records a software state without necessarily establishing the required physical outcome. 
Provenance preserves the origin and derivation of a record without independently validating the event 
represented by that record. Similarly, the absence of an alarm provides meaningful evidence only within the 
validated coverage and operating conditions of the monitoring system.

Robot execution assurance is defined here as the specification of required physical outcomes, 
verification of prerequisite conditions, monitoring of physical execution and evaluation of the resulting evidence 
against the requirements of a defined scientific use. This definition makes reliability use-dependent rather than 
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reducible to a single execution label. Evidence from a recovered operation may, for example, support sample 
identity and final composition while leaving transferred amount, contamination status or timing unresolved. The 
same operation may consequently remain suitable for endpoint comparison but be unsuitable for kinetic 
analysis. Evaluation must therefore distinguish among supported, contradicted and unresolved properties instead 
of treating workflow completion as sufficient evidence of scientific validity.

The analysis focuses on the interface between robot-mediated execution and scientific interpretation, 
particularly in material transfer, sample identity, instrument handover and fault recovery. It examines the 
capabilities and limitations of current SDL architectures, identifies recurrent failures in the execution–evidence 
chain and derives requirements for connecting physical observations and recovery histories to defensible data-
use decisions. Sampling, analytical measurement, method validation and statistical modelling introduce 
additional sources of uncertainty, but they do not remove the need to establish whether the physical operation 
represented by a dataset was adequately performed and documented.

II. FROM ROBOT EXECUTION TO SCIENTIFIC EVIDENCE
Platform capability and aggregate performance do not, by themselves, establish the validity of an 

individual experimental result. A robotic platform may implement a given operation and exhibit high reliability 
under defined test conditions while the outcome of a particular execution remains uncertain. Data excluded from 
their intended scientific analysis may nevertheless retain value for characterising equipment performance, 
experimental feasibility or failure mechanisms.

Performance characterisation remains essential because laboratory materials and geometries directly 
affect robotic behaviour. Injection depends on alignment and tool engagement; solid dispensing on powder flow 
and sensing; and viscous transfer on aspiration, wetting, residue and dispensing dynamics [15]–[17]. Pouring, 
flexible liquid handling and automated pipetting are similarly influenced by container geometry, calibration, 
fluid properties and observation conditions [18]–[23]. Evidence from command completion is therefore 
interpretable only within experimentally validated conditions. Transferring a robotic skill to another platform or 
exposing it through a common interface does not demonstrate that its performance characteristics and 
monitoring limitations have been preserved.

For scientific evaluation, the relevant unit is the individual robot-mediated operation whose execution 
can affect data interpretation. Examples include material transfer, vessel sealing, sample handover, cleaning and 
instrument loading. This unit lies between an individual device message and the complete experiment. 
Repetition, delay, substitution or partial completion at this level may alter the physical history represented by 
the resulting data even when the surrounding workflow completes normally.

Assessment of an individual operation requires explicit correspondence among its intended physical 
effect, execution conditions, verifying observations and subsequent interventions. The intended effect identifies 
the material, destination and physical change required by the downstream analysis. Execution conditions include 
calibration, equipment status, resources, timing and the validated operating range. Observations provide 
evidence of the realised physical state, whereas the recovery record identifies retries, compensating actions and 
human intervention. A single success label cannot represent these dimensions: one operation may support 
sample identity, contradict the required timing and leave the transferred amount unresolved.

An observation supports only those physical properties that it can validly assess. A camera image may 
establish target position within a validated field of view without establishing chemical composition. A pressure 
trace may support successful aspiration without demonstrating delivery into the intended vessel. A balance may 
constrain mass change, but the measured value can include exterior wetting, evaporation, contact force and tare 
error. Similarly, an instrument acknowledgement can establish that an analytical run started without confirming 
presentation of the correct sample. Computer-vision systems for laboratory vessels, solubility, phase separation 
and extraction demonstrate the value of physical monitoring while illustrating its dependence on task, material 
and observation conditions [24]–[28]. Additional sensors increase confidence only when their measurements 
discriminate relevant failure states and their shared dependencies are recognised.

Recovery introduces an additional evidential problem because it may restore workflow progression 
without restoring the original experimental history. A delayed second addition may achieve the intended final 
amount while invalidating reaction timing. Replacement of a blocked line may restore measurement availability 
while introducing a new cleaning or contamination boundary. Manual relocation of a vial may preserve 
throughput while weakening evidence of identity or location. The scientific acceptability of a recovered result 
therefore depends on the properties restored by the intervention and the requirements of the intended analysis.

Scientific reliability is also distinct from safety and provenance. A safety controller can stop hazardous 
motion or isolate energy, but a safe state may leave the experimental outcome unresolved. A provenance system 
can record an operation, observation and responsible person without establishing whether the observation 
supports the required physical outcome. Metrological practice provides a useful analogue by separating method 
validation, measurement, uncertainty, specification and the decision rule used to determine conformity 
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[29]–[33]. Robot-mediated experimentation requires a corresponding separation among recorded events, 
interpretation of physical evidence and decisions about acceptable data use.

III. CAPABILITIES AND LIMITATIONS OF CURRENT SDL ARCHITECTURES
Current SDL architectures provide a substantial foundation for reliable execution, particularly at the 

levels of device interoperability and workflow coordination. SiLA 2 defines typed features, commands, status 
transitions and errors at the device interface, supported by implementation tooling for rapid integration [34], 
[35]. ChemOS and ChemOS 2.0 coordinate modular chemical workflows [36]–[38], whereas AlabOS adds 
reconfigurable workflows and resource scheduling for concurrent autonomous operation [39]. IvoryOS and 
PyLabRobot provide interoperable interfaces for Python-based SDLs and laboratory hardware [40], [41]. 
Hierarchical automation, NIMS-OS and multi-agent frameworks extend orchestration across feedback loops and 
shared facilities [42]–[45]. Collectively, these systems reduce integration costs and expose operational states 
that would otherwise remain confined to device-specific software.

A complementary body of work addresses continuity between materials, workflows and data. 
Distributed knowledge graphs connect material and data flows across laboratories [46], [47], while property-
graph approaches support automated metadata capture and reproducibility [48]. Cross-platform chemical 
programming languages strengthen the repeatable execution of synthesis procedures [49], [50]. W3C PROV 
provides a general representation of entities, activities, agents and derivation [51], [52], building on the broader 
scientific-workflow provenance literature [53], [54]. FAIR data principles, community standards and open 
reaction repositories further support reuse and cross-platform interpretation [55]–[58]. These approaches 
increasingly permit results to be traced to the workflows and resources from which they originated.

A third body of work concerns runtime observation and recovery. Automated HPLC anomaly detection 
and open chromatographic analysis support prospective monitoring of analytical quality [59], [60]. LIRA 
integrates localisation, inspection and reasoning for autonomous laboratory workflows [61], while multimodal 
behaviour trees combine perception with reactive execution [62] within a broader robotics literature on modular 
reactive control [63]. Research on laboratory self-maintainability extends this focus from individual tasks to 
sustained autonomous operation [64]. Runtime-verification studies further establish the need to specify 
monitored properties, event semantics and observation coverage [65], [66]. Physical verification and recovery 
are therefore technically feasible, although their implications for downstream scientific use remain incompletely 
integrated.

Device interfaces, workflow orchestrators, provenance systems, runtime monitors, metrological 
controls and failure-aware optimisation provide complementary inputs to robot execution assurance. Table I 
distinguishes the function established by each research area from the limitation that remains when its output is 
used to support scientific inference.

Table I. Capabilities of current SDL technologies and their remaining limitations for scientific inference.
Source family Demonstrated contribution Limitation for scientific inference
Device interfaces [34], 
[35]

Typed commands, states, errors and 
interoperable device functions

Interface completion does not establish the required 
physical postcondition.

Orchestration and 
resources [38], [39], [40]

Workflow coordination, modular interfaces, 
scheduling and execution records

Execution records alone do not determine which 
analyses may use the output.

Provenance and 
reproducibility [46], [48], 
[49], [51]

Material and data flow, metadata, derivation and 
repeatable procedures

Recorded assertions require evidential support and 
continuing validity.

Runtime monitoring and 
recovery [59], [61], [62], 
[64]

Anomaly detection, inspection, reactive control 
and maintenance

Recovery may leave required physical conditions 
unsupported or unresolved.

Laboratory quality and 
metrology [29], [30], [31]

Controlled methods, traceability, uncertainty 
and decision rules

Decision rules must be applied to individual robot-
mediated operations.

Failure-aware 
optimisation [67], [68]

Models for unknown feasibility and 
experimental failure

Platform failure, monitor failure and scientific 
infeasibility require distinct labels.

Current SDL architectures can schedule, execute and record an operation without establishing whether 
the resulting data remain suitable for kinetic modelling, endpoint comparison or model updating. Data suitability 
depends on the physical conditions required by the analysis, the observations available for the individual 
operation and any changes introduced by recovery. The principal unresolved issue, and the focus of robot 
execution assurance, is therefore the correspondence between execution records and downstream scientific 
interpretation rather than command execution alone.

Use-specific execution decisions can be incorporated into existing orchestrators, event stores, 
electronic laboratory notebooks and knowledge graphs rather than requiring a separate middleware platform. 
The essential requirement is preservation of the evidence supporting acceptance, restriction or exclusion of data, 
together with the capacity to revise that decision if a calibration, identity mapping or other supporting record is 
subsequently invalidated.
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IV. FAILURE MODES IN THE EXECUTION–EVIDENCE CHAIN
Failures that produce plausible measurements from an incorrect physical history present a particular 

risk because they may remain undetected during routine analysis. They define the conditions under which robot 
execution assurance must distinguish recorded workflow progression from evidence of the physical operation. 
Six recurrent classes are identified: loss of identity, material-dependent execution error, correlated verification 
failure, ambiguous acknowledgement or timing, history-altering recovery and selective exclusion of difficult 
experiments (Table II).

Table II. Recurrent failures in the execution–evidence chain and their scientific consequences.
Failure class Typical example Discriminating evidence Scientific risk
Identity 
discontinuity

Correct motion targets the 
wrong vial

Independent identity checkpoint, 
location history and content-specific 
observation

Label noise, cross-contamination or 
false structure-property relation

Material-dependent 
deviation

Viscous formulation is under-
delivered

Material-specific validation plus 
pressure, mass or endpoint evidence

Candidate-dependent bias and 
distorted optimisation

Verification gap or 
common cause

Camera and deck map share 
the same wrong mapping

Declared coverage, dependency 
analysis and an independent 
physical challenge

False corroboration and systematic 
sample misassignment

Ambiguous 
acknowledgement 
or time

Physical action may occur 
after communications are lost

Persistent attempt identity, causal 
event links and clock-uncertainty 
intervals

Duplicate action, incorrect event 
order or invalid kinetics

Non-repeatable 
recovery

Delayed retry reaches the final 
amount

Intervention history and post-
recovery evidence for each required 
property

Endpoint may remain usable while 
process-history claims fail

Selective admission Difficult candidates are 
repeated or removed

Complete attempt denominators, 
failure mechanism and candidate 
descriptors

Biased response surface or 
misleading feasibility boundary

Identity continuity requires consistent linkage among the digital sample identifier, physical container, 
material contents, location, operation target and resulting data file. Concordant records do not constitute 
independent confirmation when they derive from a common mapping; for example, a scheduler, camera 
annotation and deck map may all reproduce the same erroneous assignment. Where the scientific consequence 
warrants additional verification, the confirming observation should be independent of the shared source. This 
requirement is consistent with evidence that chemical reproducibility depends on explicit procedures, 
abstractions and complete records rather than nominal repetition alone [13], [69].

Communication acknowledgements represent distinct software events with different evidential 
meanings. Receipt confirms arrival of a message; acceptance confirms that syntax and local preconditions were 
satisfied; initiation indicates that physical execution may have begun; and controller completion indicates that a 
local procedure reached its configured completion condition. None of these events independently establishes the 
intended physical postcondition. When communication fails after execution may have started, the absence of an 
acknowledgement cannot distinguish non-execution from partial or complete execution. Automatic retry under 
these conditions may therefore introduce a duplicate physical action.

Temporal interpretation is complicated by heterogeneous device clocks, communication latencies and 
event-ordering guarantees. Logical sequence numbers and causal links preserve local relations, whereas wall-
clock times require explicit uncertainty intervals [70]. If the plausible completion interval crosses a scientifically 
relevant deadline, timing remains unresolved even when the final endpoint is acceptable. Substitution of a single 
timestamp for this interval would introduce unsupported temporal precision.

Monitor validity is conditional on the circumstances of observation. Cameras may be occluded, sensors 
may drift, thresholds may be calibrated on restricted material classes, and multiple monitors may share the same 
calibration or mapping. The absence of an alarm constitutes supportive evidence only when the monitor was 
capable of detecting the relevant failure under the prevailing conditions. Studies of autonomous viscosity 
estimation and laboratory vision demonstrate that sensing performance depends on material and scene 
characteristics [24], [28], [71]. Candidate properties may therefore influence both the scientific response and the 
probability of successful execution or observation; dark, reflective, viscous, foaming or precipitating samples 
are salient examples.

Candidate-dependent execution or monitoring does not necessarily produce statistical bias. If data 
inclusion depends only on observed candidate variables, the response model is correctly specified and adequate 
support remains, unequal inclusion may primarily reduce precision. Distortion becomes more likely when 
inclusion depends on an unobserved determinant of response, some regions receive negligible support, the 
model is misspecified, repeated screening changes the effective intervention or an adaptive policy learns only 
from selectively retained outcomes [72], [73]. Failed experiments can contain information that is absent from 
success-only datasets [74], [75]. Methods for unknown feasibility and experimental failure are consequently 
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relevant [67], [68], provided that operational systems preserve distinct and scientifically interpretable failure 
labels.

Figure 1 applies these distinctions to a hypothetical transfer of 100 mg from a specified source lot with 
a required completion time of ten seconds. Communication is lost after physical execution may have started, 
precluding automatic retry. A subsequent audit constrains completion to an interval of 9.6–10.4 s, which crosses 
the timing criterion. Gross mass constrains the transfer but does not resolve the in-vessel amount because 
exterior retention remains possible. A validated lot-specific assay supports identity and final composition. 
Endpoint analysis may therefore be retained, whereas kinetic analysis must be excluded. The example 
demonstrates that recovery may re-establish one scientifically relevant property without re-establishing all 
properties required by the original analysis.

Fig. 1. Post-recovery evidence supports sample identity and final composition but not transferred amount or the 
10 s timing requirement; endpoint analysis remains permissible, whereas kinetic analysis is excluded.

V. REQUIREMENTS FOR ROBOT EXECUTION ASSURANCE
Evidence across robotics, monitoring, provenance and metrology supports four interdependent 

functions of robot execution assurance (Fig. 2). Definition specifies the intended physical action, downstream 
analysis, resources, timing, required outcomes, observations and recovery limits. Verification confirms sample 
identity, calibration, device health, authority and resource availability before execution. Monitoring links a 
persistent operation identifier to controller state, physical observations, timing and deviations. Decision 
integrates the available evidence to determine which analyses the resulting data can support. Subsequent 
evidence may revise this determination without altering the original execution history.

These functions are sequentially interdependent. Verification prevents a syntactically valid command 
from being interpreted as authorisation to act. Monitoring prevents a controller completion flag from 
substituting for evidence of the required physical outcome. Determination of acceptable use prevents successful 
workflow recovery from implying restoration of every scientifically relevant property. Feedback to experimental 
planning should preserve supported, contradicted and unresolved outcomes as distinct observations.

Operational implementation requires three linked record types. The action record identifies the sample, 
resources, validated conditions, command, required physical outcomes, timing and intended analyses. The 
observation record describes the source, validity, coverage, uncertainty, shared dependencies and decision rule. 
The recovery record documents the trigger, risk of duplicate action, intervention, conditions for resuming work, 
post-recovery checks and analyses that remain possible. These records need not be stored as separate files, but 
their meanings should be represented by explicit and versioned fields or policies within the laboratory 
infrastructure.

Uncertain execution should be managed conservatively. A timeout after physical execution may have 
begun does not establish that no action occurred, and a non-repeatable operation with uncertain completion 
should not be retried automatically. Observations that share an unresolved mapping, clock or calibration cannot 
be treated as independent confirmation. An operation whose uncertainty crosses the boundary of validated 
conditions should be deferred or managed under a separately validated procedure. Recovery requires re-
evaluation of every analysis that depends on an altered property, while absent observations remain unresolved 
rather than being interpreted favourably.
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Fig. 2. Four functions of robot execution assurance connect an intended robot-mediated operation to a 
documented decision about acceptable data use while preserving faults, recovery and subsequent revisions.

Functional separation reduces conflicts among scientific planning, resource coordination, execution, 
safety and evidence evaluation. A scientific planner specifies proposed operations and intended analyses; a 
scheduler coordinates shared equipment; an execution service controls the operation; and a safety controller can 
terminate hazardous behaviour. A separate decision rule or authorised reviewer determines acceptable data use. 
Human intervention becomes part of the execution history. Neither safety approval nor workflow progression is 
sufficient to authorise scientific use of a result.

Implementation may proceed incrementally. A small SDL can initially assign persistent identifiers to a 
limited set of scientifically consequential operations and link them to observations, interventions and data-use 
decisions. Automated reaction systems, flow platforms and robotic chemistry architectures demonstrate that 
persistent identifiers and observations can be attached to modular execution [76]–[81]. Initial implementations 
need not retain every low-level robot message, but they should distinguish operations that were attempted, 
completed normally, completed after intervention, left unresolved or excluded from scientific analysis. 
Campaign-level records should also retain deviations, human interventions, exclusions and repeated operations. 
Candidate characteristics relevant to execution should accompany these records where scientifically and 
ethically appropriate.

At larger scale, these records may be distributed across an orchestrator, resource service, event store 
and dependency graph. Existing provenance models can represent the resulting entities and relations [51], [52], 
but the decision regarding acceptable data use should precede inclusion in analysis or model updating. Records 
must also remain revisable. If a calibration or identity mapping is subsequently invalidated, the laboratory 
should identify affected operations, samples, results and model versions and issue a revised decision without 
overwriting the earlier record.

The intensity of monitoring and documentation should be proportionate to scientific consequence. 
Stronger controls are warranted for non-repeatable operations, irreplaceable samples, material-dependent failure, 
limited monitoring coverage and recoveries that alter experimental history. Lower-burden controls may be 
adequate for stable, reversible and independently verified operations. The selected controls should reflect 
consequence, observability, reversibility, replacement cost and the potential for selection bias rather than a 
single maturity score.

Robot execution assurance imposes costs in latency, storage and operator workload, and unnecessary 
exclusion may distort a dataset when monitor performance varies across candidate classes. User interfaces and 
machine-readable records should therefore represent the remaining physical alternatives and the observations 
capable of discriminating among them. Its performance should be evaluated by the extent to which recorded 
evidence distinguishes supported, contradicted and unresolved outcomes while maintaining a proportionate 
experimental burden.

VI. OUTLOOK AND CONCLUSIONS
Empirical validation of robot execution assurance is required to determine whether monitoring and 

recovery preserve the physical conditions needed by downstream analyses. Controlled fault-injection studies 
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should examine representative operations, including liquid transfer and instrument handover, under 
communication loss, clock disagreement, stale identity mappings, resource conflicts, partial completion, 
contamination, device restart, human intervention and retrospective calibration failure. Relevant outcomes 
include false acceptance, unnecessary exclusion, duplicate physical action, time to resolution and additional 
cycle time.

Monitoring performance should be reported by failure mode and operating condition rather than as an 
aggregate accuracy measure. Material properties, vessel geometry, illumination, equipment wear and shared 
calibration errors may all affect fault observability. Independent assessors should apply predefined decision 
rules to blinded execution records. Inter-assessor agreement would indicate that acceptable uses of experimental 
results can be determined reproducibly, whereas disagreement would identify ambiguous requirements or 
insufficient observations.

Autonomous campaigns should preserve failed, constrained, recovered and scientifically excluded 
attempts as distinct records. Failure-aware optimisation can use such outcomes only when scientific infeasibility 
is distinguished from robotic failure, monitoring failure and unresolved execution [67], [68], [75], [82]. 
Comparative studies are required to determine when success-only logging or candidate-dependent exclusion 
alters model coverage, response estimation or optimiser behaviour.

For robot execution assurance to be interoperable, common representations must extend beyond 
portable commands and device states. Existing interfaces communicate device functions and operational states 
[34], [35], but reproducibility across laboratories additionally requires consistent representations of sample 
identity, required physical outcomes, monitoring limitations, interventions and acceptable downstream uses. 
Structurally equivalent records do not constitute equivalent evidence when laboratories have different sensor 
coverage or apply materially different decision rules.

Controller completion and instrument output are operational records; neither independently establishes 
that the intended experiment was performed. Robot execution assurance addresses this gap by linking specified 
physical outcomes, verified prerequisites, validated observations and recovery histories to explicit decisions 
about acceptable scientific use. Incorporating these links into SDL architectures would enable autonomous 
laboratories to learn from substantiated experimental outcomes rather than from workflow completion alone.
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