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In materials informatics, the act of measuring a material property is routinely treated as a neutral act of passive
observation. Yet, every measurement consumes finite resources, physically alters the sample, or reshapes the space
of future measurements through model-guided selection. This paper identifies a direct analog of the quantum
measurement problem within data-driven materials discovery: observation is not merely informative but constitutively
changes the system being observed by depleting experimental budgets, inducing material modifications, and biasing
the very distribution of data that subsequent AI models will learn. The theoretical claim advanced here is that materials
informatics harbors an intrinsic measurement problem in which AI-guided measurement actively constructs rather than
neutrally samples the observable landscape, thereby rendering the resulting datasets and models path-dependent on
the history of prior observations. Key concepts include resource depletion, selection feedback loops, and
measurement-driven evolution, all of which distinguish classical materials measurement effects from quantum
collapse while sharing the core epistemic feature of non-neutrality. The implications are far-reaching for AI-guided
materials discovery: autonomous laboratories must treat measurement policies as interventions rather than
recordings, active-learning algorithms must internalize the cost of altering the observable world, and dataset curation
protocols must document measurement history as rigorously as they document final property values. By theorizing this
measurement problem, the present analysis offers a conceptual framework that reframes experiment design, model
training, and discovery workflows as inherently self-referential processes in which the observer and the observed co-
evolve.

1

2

In materials informatics, the prevailing assumption is that measurement constitutes a passive window onto an
independent reality: one selects a composition, synthesizes a sample, characterizes its properties, and records the
outcome without thereby changing the underlying distribution of discoverable materials. Yet this assumption collapses
under scrutiny. Every characterization technique requires time, energy, and material; many are destructive or
consumptive; and when artificial intelligence enters the loop to recommend the next experiment, the choice of what to
measure next is conditioned on what has already been measured. The act of observing, therefore, changes what is
observed and, more critically, what remains observable. The present theoretical analysis formalizes this phenomenon as
the measurement problem in materials informatics.
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The Measurement Problem in Physics and Beyond

The problem manifests at three interrelated scales. First, physical measurement often irreversibly modifies the specimen
itself, as when electron-beam exposure induces defect migration or when mechanical testing fractures a tensile bar.
Second, the experimental budget is finite: beamtime at a synchrotron, furnace runs in a high-throughput laboratory, or the
number of viable precursor batches cannot be replenished instantaneously, so each measurement reallocates future
opportunity. Third, and most distinctive to the AI era, model-driven selection creates a feedback loop in which the current
state of the surrogate model determines the next query point, thereby shaping the training distribution for all subsequent
iterations. These three layers—consumptive alteration, resource reallocation, and algorithmic self-reference—render
observation non-neutral.

Table 1 analytically decomposes the measurement problem into its core structural dimensions, clarifying how classical
assumptions collapse under intervention-driven measurement dynamics.

Table 1. Structural decomposition of the measurement problem in materials informatics

Dimension Classical
assumption

Measurement problem
reality

Mechanism Effect

Observation Passive recording Active intervention All three mechanisms System co-evolution

Material state Stable under
measurement

Altered by measurement Measurement-driven
evolution

Property drift

Resource
availability

Exogenous
constraint

Endogenously modified Resource depletion Reduced future search
space

Data distribution Representative
sampling

Policy-shaped construction Selection feedback Biased datasets

Experimental
path

Order-independent Path-dependent Resource + feedback
coupling

Irreversible trajectories

Model learning Learns material
physics

Learns physics +
measurement process

Selection feedback Embedded
measurement signature

Uncertainty Epistemic only Epistemic + intervention-
induced

All mechanisms Meta-uncertainty

Classical materials science has long acknowledged destructive testing and sample-to-sample variability, yet the
informatics paradigm has largely inherited the physicist’s ideal of repeatable, observer-independent measurement. The
quantum measurement problem [1-3] provided an early warning that observation can collapse possibility into actuality, but
its classical counterpart in materials discovery has remained undertheorised. Recent advances in autonomous
laboratories and Bayesian optimization [4-6] have made the feedback character of measurement impossible to ignore: the
very data that train the next recommendation are themselves the product of prior recommendations. This paper,
therefore, theorizes the measurement problem for materials AI by tracing its conceptual ancestry, specifying its materials-
specific mechanisms, stating a formal claim, deriving corollaries, and outlining practical implications. In doing so, it shifts
the epistemic stance from “measurement reveals the system” to “measurement and system co-construct each other.” [7,
8].

The quantum measurement problem, canonically articulated by Heisenberg [1], von Neumann [2], and Bohr [3], centers
on the non-commutativity of observation and state: the act of measuring one observable renders conjugate observables
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Measurement in Materials Informatics

indeterminate. The measuring apparatus entangles with the system, and the subsequent decoherence or collapse selects
one outcome from the superposition. While materials informatics operates in a classical regime, the epistemic structure is
analogous: the choice of measurement protocol selects which aspects of the material’s configuration space will be
rendered visible while simultaneously rendering others inaccessible.

Beyond quantum mechanics, measurement problems appear in statistical inference, where the act of sampling alters the
population parameters available for future samples, and in social science, where the presence of an observer changes
the behavior being observed (the Hawthorne effect). In each case, the defining feature is non-neutrality: observation is
not a transparent window but a transformative interface. In data-driven science more generally, the epistemology of
measurement [9-21] has begun to recognize that instruments, protocols, and human choices embed assumptions that
become reified in the resulting dataset. Parker [22] emphasizes that computer simulation and measurement are not
independent; each measurement assimilates prior model assumptions, and each model update assimilates prior
measurements. The materials informatics setting inherits all three lineages—quantum non-neutrality, statistical path-
dependence, and socio-technical reactivity—yet adds a fourth: the closed algorithmic loop.

A measurement problem, therefore, exists whenever (i) the act of acquiring data expends an irreplaceable resource, (ii)
the data acquisition process physically or chemically modifies the system, or (iii) the selection of future measurements is
conditioned on the outcomes of past ones. Under these conditions, the observed distribution is no longer an unbiased
sample of an external reality but a joint product of the material’s intrinsic properties and the history of the observer’s
interventions. This conceptual definition supplies the bridge from quantum foundations to classical materials discovery [1,
3, 22].

Within materials informatics, the act of measurement departs from any notion of neutrality, not through a single
mechanism but through a set of intertwined constraints that reshape both the material system and the data landscape it
generates. A fundamental source of this departure lies in the physical consequences of many characterization techniques
themselves. Measurement is often inseparable from transformation or consumption: transmission electron microscopy, for
instance, requires sample thinning to electron transparency, irreversibly altering or destroying the very volume that might
otherwise be subjected to complementary thermal or mechanical analyses. Similar dynamics arise in high-throughput
combinatorial platforms, where precursor materials are expended in the process of generating data, precluding
straightforward replication or reuse. Under these conditions, each observation does more than reveal information; it
actively reduces the accessible region of phase space, embedding scarcity directly into the epistemic process.

This material constraint is further intensified by the economic structure within which experimentation unfolds. Resources
such as synchrotron beamtime, automated synthesis infrastructure, and large-scale computational capacity are allocated
in finite increments, and their deployment is inherently path-dependent. Once a sequence of measurements has been
executed in a given compositional or processing regime, the associated expenditure cannot be reallocated
retrospectively, even if subsequent results render those early decisions suboptimal. The trajectory through composition–
process–structure space thus acquires a historical imprint, where unpromising directions nonetheless consume
opportunities that might have supported alternative explorations. While this dynamic has been formalized in the literature
through sequential decision frameworks, particularly in Bayesian optimization approaches [6, 13, 14], its deeper
implication is often underemphasized: the experimental search space is not merely explored but progressively
constrained by irreversible commitments.

The introduction of artificial intelligence into this setting adds a further layer of complexity by rendering measurement
reflexive. In active-learning systems, experimental selection is guided by the model’s current representation of uncertainty
or expected utility, such that each new datum is chosen because it is predicted to be maximally informative. This creates
a feedback loop in which the evolving dataset is shaped by the model’s own internal assumptions, progressively
concentrating observations in regions deemed valuable by prior states of the system. Consequently, the resulting data
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Theoretical Claim: Observation Changes the System

distribution departs from any notion of random or even systematically stratified sampling, instead reflecting a trajectory
sculpted through iterative model-driven decisions. Studies in machine learning for materials and molecular discovery have
demonstrated how this closed-loop structure accelerates exploration [7, 8]. Yet, it simultaneously introduces a
measurement effect that cannot be disentangled from the learning process itself.

What emerges from the interaction of these dynamics is a redefinition of measurement as an intervention rather than a
passive act of observation. The consumptive nature of experimental techniques, the irreversibility imposed by resource
allocation, and the self-referential logic of algorithmic selection converge to ensure that each measurement reshapes both
the material substrate and the statistical environment available for future inquiry. In practice, the system under
investigation and the data used to model it co-evolve, such that the act of measuring becomes inseparable from the
process of constructing the very landscape that subsequent measurements will inhabit [5-7].

The central theoretical claim advanced here is that, within materials informatics, observation cannot be treated as a
neutral act that reveals an underlying, observer-independent distribution of material properties. When measurement is
mediated by artificial intelligence, it instead participates in the construction of that distribution, shaping both what is
observed and what remains accessible. This constructive role emerges through the convergence of three dynamics: the
depletion of finite experimental resources, the physical alteration or consumption of samples during characterization, and
the recursive feedback introduced by model-guided selection. The resulting dataset is therefore not a passive reflection of
material reality but a trajectory-dependent artifact, contingent on the sequence of prior measurements and the decisions
that governed them. In this sense, the statistical structure of observed data is inseparable from the history of its
acquisition.

Clarifying the scope of this claim requires distinguishing it from the more familiar measurement problem in quantum
theory. The transformation induced by measurement in materials informatics unfolds incrementally rather than
instantaneously, accumulating across successive experimental steps and often across distinct physical specimens. The
uncertainty that arises is not rooted in ontological indeterminacy but in epistemic limitation and resource exhaustion, as
regions of composition space remain theoretically accessible yet become practically unreachable once experimental
budgets are expended. A further divergence lies in the mediating role of the surrogate model, whose parameters evolve
deterministically in response to incoming data, in contrast to the irreducible unpredictability associated with quantum
entanglement. These distinctions situate the present claim within a different conceptual register, one in which
measurement effects are grounded in the operational realities of scientific practice rather than in the foundational limits of
physical theory.

The force of this argument becomes particularly evident in the architecture of autonomous discovery systems, where
synthesis, characterization, and model updating are integrated into a closed-loop pipeline. As articulated in visions of self-
driving laboratories, each iteration generates data that immediately informs subsequent experimental choices, thereby
collapsing the distinction between observation and intervention [5]. Within such systems, an initial measurement updates
the surrogate model, which in turn selects the next candidate through an acquisition function; this selection is executed
experimentally, consuming resources and potentially modifying the material substrate, after which the resulting data re-
enter the model. The process unfolds as a continuous cycle in which no stage returns the system to an unaltered
baseline. Observation and system evolution are thus entangled in a cumulative trajectory, with each step redefining the
conditions under which the next becomes possible [1, 3, 5, 6].

From this perspective, several implications follow that reshape how data and models in materials informatics should be
interpreted. The sequence of measurements acquires structural significance, as each experimental decision constrains
the set of configurations that remain reachable in subsequent steps. Because resources are irreversibly expended and
samples may be altered or consumed, the accessible search space contracts in a manner that depends on the specific
path taken, rather than on abstract sampling considerations alone. This introduces a form of path dependence that cannot
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Mechanisms of Measurement-Induced Change

be reduced to statistical variance, as alternative sequences would have produced fundamentally different trajectories
through composition–process–structure space.

A related implication concerns the nature of dataset bias. Rather than arising solely from incomplete or uneven sampling,
bias is actively constructed through the interaction between the measurement policy and the material system under study.
The resulting dataset encodes not only the properties of materials but also the preferences and constraints embedded in
the selection strategy. Models trained on such data inevitably internalize this joint structure, such that their predictions
reflect both the underlying physical relationships and the historical logic of data acquisition. What is often treated as
ground truth is therefore better understood as the trace of a particular experimental trajectory.

This shift also reframes the interpretive status of learned models themselves. When trained on data shaped by
consumptive measurement, resource allocation, and algorithmic selection, the model cannot be said to represent purely
intrinsic material behavior. Instead, it approximates a composite process in which physical phenomena are intertwined
with observer-induced modifications, including beam effects, budget-driven truncation of exploration, and the directional
biases introduced by acquisition functions. Disentangling these components remains an unresolved epistemic challenge,
particularly because standard evaluation procedures rely on held-out data generated under the same measurement
regime. As a result, performance metrics may inadvertently validate the model’s ability to reproduce the measurement
process as much as its capacity to capture underlying physics.

Reconsidering existing active-learning literature through this lens reveals a subtle but consequential tension. While
studies emphasize the efficiency gains achieved through intelligent experimental selection [6, 13], the same mechanisms
that accelerate discovery also inscribe a measurement signature into the resulting dataset. The implications of this
signature vary across contexts. In regimes characterized by abundant materials, non-destructive characterization, and
weak model dependence, the effects may remain negligible. Under conditions involving scarce resources, beam-sensitive
structures, or extended autonomous campaigns, however, the influence of measurement becomes structurally significant
and cannot be treated as a secondary concern. The framework developed here thus provides a basis for identifying when
measurement effects can be safely abstracted away and when they must be explicitly incorporated into both model
design and interpretation.

The claim developed earlier is grounded in a set of mutually reinforcing mechanisms through which measurement in
materials informatics ceases to function as a passive observational act and instead becomes constitutive of the system it
seeks to describe. What is at stake is not a single source of distortion but a layered interaction between physical
constraints and algorithmic decisions, operating across distinct yet interdependent scales. Resource depletion, selection
feedback, and measurement-driven evolution each contribute to this transformation, and their convergence produces a
data landscape that is inherently path-dependent and co-constructed. In contrast to the instantaneous, ontological non-
neutrality associated with quantum measurement [1, 3], the effect here emerges cumulatively, unfolding through repeated
interventions that are bounded by finite experimental budgets and mediated by continuously updated surrogate models.
Under these conditions, observation participates in shaping both the material substrate and the statistical structure
through which it is subsequently interpreted.

A key driver of this transformation lies in the irreversible consumption of experimental resources. Measurement is
inseparable from expenditure: precursor materials, instrument time, energy, and even sample volume are depleted with
each observation, constraining what can be explored thereafter. In high-throughput synthesis environments, for example,
combinatorial libraries rely on finite material inputs that cannot be instantaneously replenished, such that each
characterized composition effectively reallocates the remaining experimental budget. This introduces a form of epistemic
irreversibility, where regions of composition space that remain theoretically accessible become practically unattainable
once prior allocations have been committed. Although visions of autonomous discovery platforms emphasize the
integration of synthesis, characterization, and model updating within closed-loop systems [5], they often treat resource
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limitations as external constraints rather than as factors that actively reshape the observable domain. Yet the depletion of
scarce inputs—whether rare-earth precursors or limited synchrotron beamtime—does more than restrict throughput; it
alters the topology of future exploration by foreclosing certain trajectories while privileging others. Measurement, in this
sense, redistributes opportunity across the search space, transforming the act of data acquisition into a process that
continuously redefines the boundaries of what can still be known.

This reconfiguration becomes even more pronounced when experimental selection is governed by artificial intelligence,
introducing a recursive dynamic in which the model’s internal state directly influences the evolution of the dataset. As
each new observation updates the surrogate model, the acquisition function recalibrates the criteria for subsequent
measurements, directing attention toward regions expected to yield maximal informational gain. The consequence is a
feedback loop in which the data distribution progressively aligns with the model’s current representation of uncertainty
and value. Empirical demonstrations of closed-loop discovery through Bayesian active learning illustrate the efficiency
gains achievable under such regimes [6]. At the same time, broader benchmarking efforts confirm the robustness of these
strategies across diverse materials domains [13]. Yet the same mechanisms that accelerate discovery also embed a
structural bias into the data-generating process. The model does not merely infer properties from a pre-existing
distribution; it actively participates in constructing that distribution by determining which regions of composition–process
space will be sampled next. Over successive iterations, this recursive selection narrows the observable manifold around
regions deemed informative by prior model states, yielding a dataset that reflects not only the underlying physics of
materials but also the evolving preferences and assumptions encoded in the learning system.

Figure 1 provides a hierarchical representation of how measurement actions propagate through mechanisms of non-
neutrality to transform the material system and ultimately construct path-dependent epistemic outcomes.

Figure 1. A hierarchical representation of how measurement actions propagate through mechanisms of non-neutrality to
transform the material system and ultimately construct path-dependent epistemic outcomes.

A further layer of non-neutrality emerges through the cumulative transformation of the material system under repeated
observation, where measurement itself becomes a driver of physical and chemical change. Interactions that are often
treated as benign or incidental—electron-beam exposure during transmission electron microscopy, thermal cycling in
repeated characterization protocols, or mechanical loading in fatigue experiments—can, over time, reconfigure defect
populations, alter phase stability, or modify surface chemistry in ways that are neither negligible nor random. While certain
experimental frameworks explicitly leverage such interactions, as in in-situ ion-irradiation platforms designed to probe
dynamic response [23-29], even ostensibly non-destructive techniques introduce incremental perturbations when applied
iteratively. What appears as repeated measurement of a stable object is, in practice, an evolving sequence in which each
intervention leaves a trace that conditions subsequent observations.
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This introduces a temporal dimension that fundamentally distinguishes dynamic experimental regimes from static
datasets. The material encountered at a later stage of an autonomous campaign is not simply a resampled instance of an
unchanged system but the outcome of a trajectory shaped by prior measurement choices. The divergence between
earlier and later states cannot be attributed solely to intrinsic variability; it reflects the accumulated imprint of the
observer’s interventions. Under these conditions, path dependence operates in a compounded manner. Not only does the
sequence of measurements matter, but the specific modalities through which those measurements are conducted also
contribute to the evolving state of the system. The material becomes, in effect, co-produced by the experimental protocol
that interrogates it.

When this mechanism is coupled with model-driven selection, the implications extend beyond local sample evolution to
the broader structure of the data landscape. Active-learning systems may repeatedly target regions that have already
undergone prior characterization, particularly if those regions are deemed informative according to the model’s current
uncertainty estimates. In doing so, the model preferentially acquires data from portions of the space that have already
been modified by earlier measurements, reinforcing a feedback loop in which both the sampling strategy and the material
state co-evolve. The resulting representation captures not an untouched property landscape but one that has been
progressively reshaped through interaction. In this light, observation in materials informatics cannot be understood as a
neutral interface with an external reality. Through the combined effects of resource allocation, algorithmic selection, and
measurement-induced transformation, it operates as a constitutive process that actively defines the domain it seeks to
characterize, thereby providing the mechanistic basis for claim 1 and clarifying why both datasets and models must be
interpreted as products of this ongoing co-construction.

Figure 2 develops a hierarchical decision-structural representation of AI-guided measurement, illustrating how sequential
selection processes irreversibly prune the experimental search space and generate path-dependent epistemic outcomes.

Figure 2. A hierarchical decision-structural representation of AI-guided measurement.
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Relation to Existing Concepts
The measurement problem articulated here stands in a specific conceptual relation to three well-established frameworks
in materials informatics: active learning, Bayesian experimental design, and representation bias. Rather than supplanting
these concepts, the present analysis augments them by foregrounding the non-neutrality that each already harbors but
rarely theorizes explicitly. Active learning, as developed by Kusne et al. [6], Lookman et al. [8], and Talapatra et al. [14],
deliberately selects measurements to reduce model uncertainty or maximize an acquisition function. The measurement
problem reveals that this deliberate selection is not a neutral optimization step, but the very engine of selection feedback;
the acceleration celebrated in the literature is purchased at the price of an observer-imposed imprint on the data
distribution. Active learning, therefore, does not merely accelerate discovery—it actively constructs the discoverable
landscape, rendering the final model sensitive to the history of its own queries.

Table 2 consolidates the theoretical contribution by demonstrating how the measurement problem reframes foundational
paradigms in materials informatics as intervention-driven rather than observational processes.

Table 2. Theoretical integration of the measurement problem with core materials informatics paradigms

Framework Conventional
interpretation

Reinterpretation under the
measurement problem

Hidden
assumption

exposed

New theoretical
implication

Active learning Efficient sampling
strategy

Mechanism of selection
feedback

Neutral sampling
assumption

Data distribution is
constructed

Bayesian
experimental

design

Optimal decision-
making under

uncertainty

Resource-constrained
intervention policy

Reversible
decision tree

Irreversible pruning
of possibilities

Representation
bias

Historical dataset
imbalance

Measurement-policy-
induced bias

The dataset is pre-
existing

The dataset is
actively generated

Autonomous
laboratories

Closed-loop
acceleration

Self-referential intervention
system

Measurement
neutrality

Observer-system co-
evolution

Surrogate modeling Approximation of
material properties

Approximation of material +
measurement process

Separation of data
and process

Entangled learning
dynamics

Dataset curation Recording outcomes Recording intervention
history

Static data
assumption

Need for full
measurement
provenance

Bayesian experimental design [13, 14] formalizes measurement choice as a decision under uncertainty, treating the next
experiment as an action that balances exploration and exploitation. The measurement problem adds that every such
decision simultaneously expends an irreplaceable resource and potentially alters the system, thereby converting the
decision tree from a static search over possibilities into a dynamic pruning of actualities. The expected utility of a
measurement must now incorporate not only information gain but also the downstream cost of resource depletion and the
risk of measurement-driven evolution. In this light, Bayesian optimization becomes a theory of intervention rather than
pure inference.

Representation bias, long discussed in machine-learning literature for materials science [7, 18], typically concerns
imbalances in training data arising from historical or socioeconomic factors. The measurement problem reframes such
bias as an active construction bias generated by the very measurement policy employed during data acquisition. The
dataset is not a pre-existing corpus that happens to be skewed; it is the cumulative trace of a sequence of observer
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Implications for Ai-Guided Measurement

interventions. What the measurement problem adds conceptually, therefore, is an explicit epistemology of measurement:
a recognition that the non-neutrality of observation is not an artifact to be mitigated but an intrinsic feature of closed-loop
discovery that must be modeled and documented. By integrating these relations, the framework supplies a unifying
theoretical account that connects active learning’s algorithmic agency, Bayesian design’s decision-theoretic structure, and
representation bias’s statistical consequences under a single heading—the measurement problem in materials
informatics.

The framework developed above implies a reconfiguration of how AI-guided measurement systems are designed, shifting
the role of measurement from a neutral input channel to an explicitly managed component of the discovery process. One
immediate consequence concerns the treatment of experimental resources. When measurement is understood as
consumptive and path-dependent, experimental budgets can no longer be treated as abstract or externally replenishable
constraints. Instead, they become endogenous to the optimization problem itself. Acquisition strategies must therefore
internalize depletion as a dynamic cost, introducing penalties that scale with cumulative expenditure and reflect the
diminishing flexibility of the remaining search space. Under these conditions, the objective of the system is no longer
reducible to maximizing immediate information gain; it becomes a more nuanced negotiation between advancing
discovery and preserving future optionality. Early measurements, in particular, acquire disproportionate significance, as
they shape not only current knowledge but the set of trajectories that remain viable.

This shift also introduces a deeper requirement for models to reason about the consequences of their own interventions.
It is no longer sufficient for surrogate models to quantify uncertainty solely in relation to unobserved material properties. A
related implication is the need to represent uncertainty about the integrity of the data itself, particularly in light of
measurement-induced transformations. Data points are not static carriers of information but may embody accumulated
effects of prior experimental actions, and this introduces a second-order uncertainty that conventional frameworks do not
capture. Incorporating such meta-uncertainty into the feedback loop allows acquisition functions to differentiate between
regions where observed variability reflects intrinsic material behavior and those where it arises from observer-induced
perturbations. In practice, this could guide the system either toward stabilizing measurements that minimize further
alteration or toward targeted interventions that explicitly characterize the degree of measurement-induced evolution. The
resulting models are better positioned to disentangle physical phenomena from artifacts of the experimental process.

A further extension of this perspective concerns the status of data itself, particularly in relation to documentation and
reuse. If datasets are understood as products of a measurement trajectory rather than as neutral samples, then their
provenance becomes indispensable to their interpretation. Recording only final property values is insufficient; what is
required is a structured account of how those values were obtained. This includes the sequence of prior measurements,
the protocols applied at each stage, the cumulative resource expenditure, and the state of the surrogate model at the
moment each decision was made. Such metadata transforms datasets from static repositories into traceable histories,
enabling downstream users to evaluate the extent to which observed patterns reflect intrinsic material properties or the
contingencies of the measurement process. Without this level of detail, the risk remains that models trained on such data
will inadvertently reproduce the biases embedded in their acquisition.

Taken together, these implications signal a broader epistemic transition in AI-driven materials discovery. Measurement is
no longer treated as a passive act of recording but as an intervention that must be anticipated, monitored, and governed.
By embedding awareness of resource depletion, measurement-induced change, and data provenance directly into
system design, autonomous platforms can move toward a form of discovery that is not only accelerated but also reflexive.
This reorientation does not diminish the role of active learning or Bayesian optimization; rather, it reframes their operation
within a measurement-aware paradigm in which the act of observation is recognized as constitutive of the knowledge it
produces.
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