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Abstract

In the evolving landscape of computational and data-driven materials engineering, autonomous experimentation
platforms are transforming discovery pipelines by integrating machine learning algorithms with robotic systems to
accelerate material synthesis and characterization. These self-driving laboratories operate through closed-loop cycles
where data acquisition, model inference, and experimental steering occur without continuous human oversight, raising
critical questions about resource allocation mechanisms that ensure efficient, unbiased, and scalable operations. This
manuscript addresses a conceptual gap in the governance of such systems: the need for structures that allocate
decision rights—encompassing experimental priorities, parameter spaces, and computational resources—absent
deliberate intervention. We introduce the Implicit Allocation Governance (IAG) framework, which conceptualizes
resource distribution as emergent from layered interactions between data representations, inference engines, and
discovery logics, emphasizing epistemic trade-offs and feedback dynamics. By synthesizing recent advancements in
Bayesian active learning, reinforcement learning-guided workflows, and multi-agent robotic systems, the framework
highlights how governance can arise implicitly through system architectures that balance exploration-exploitation
tensions and mitigate representational biases. Implications extend to enhancing the robustness of autonomous
materials discovery, fostering interoperability across distributed labs, and informing the design of next-generation
computational infrastructures. This work underscores the shift from human-centric deliberation to algorithmically
embedded governance, paving the way for more resilient and adaptive materials engineering paradigms.
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| ntrod uction bandwidth, cognitive bias, and the practical limits of
laboratory throughput. Autonomous experimentation

reconfigures this structure: algorithms now generate
hypotheses, robotic platforms execute experiments,
sensors stream real-time data, and machine learning
models update predictive beliefs—all within closed-loop
architectures operating at speeds and scales unattainable
by conventional workflows.

The advent of autonomous experimentation in materials
engineering marks a paradigm shift from traditional,
human-directed laboratory practices to tightly integrated,
cyber-physical systems in which computational intelligence
orchestrates the entire discovery lifecycle [1, 2]. Historically,
materials research unfolded through iterative cycles of
hypothesis formulation, experimental validation, and
interpretive analysis, with expert judgment mediating each
transition. While this model produced foundational
breakthroughs, it is inherently constrained by human

This transformation is propelled by the convergence of
high-throughput robotics, advanced machine learning
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methodologies, and expansive data infrastructures capable
of storing and contextualizing heterogeneous experimental
records. The integration of these components enables rapid
cycling through design—build—test—learn loops, in which
computational models continuously refine their internal
representations of materials behavior. In computational
materials science, such autonomy proves especially potent
for addressing high-dimensional challenges such as
inorganic material synthesis [1], perovskite nanocrystal
optimization [3], and thin-film property exploration [4]. In
these domains, manual parameter tuning frequently
becomes the principal bottleneck, limiting exploration of
complex compositional and process spaces. Autonomous
systems mitigate this constraint by dynamically reallocating
attention toward promising regions of uncertainty,
accelerating convergence toward optimal material
properties.

Yet as these systems scale in complexity and autonomy, a
foundational issue emerges: the allocation of limited
resources. Computational cycles, robotic time, reagent
consumption, simulation bandwidth, and sensor availability
all constitute finite assets within an experimental
ecosystem. In traditional laboratories, resource prioritization
is guided by deliberative human governance—principal
investigators and domain experts allocate effort based on
strategic objectives and disciplinary insight [5, 6]. In
autonomous laboratories, however, such decisions are
embedded implicitly within algorithmic policies. When an
acquisition function selects the “next best experiment,” it is
not merely optimizing a statistical criterion; it is exercising
decision rights over scarce infrastructure. Consequently,
resource allocation becomes a structural feature of the
system’s epistemic architecture rather than an externally
imposed managerial choice.

Evolution of data-driven paradigms in
materials discovery

Materials engineering has undergone a progressive shift
from empirical trial-and-error methodologies toward data-
centric and algorithmically guided paradigms [7, 8]. Early
computational tools primarily supported post hoc analysis
or simulation-based modeling. Contemporary approaches,
by contrast, embed learning mechanisms directly within
experimental loops. Bayesian active learning frameworks
exemplify this transition: by quantifying predictive
uncertainty, they dynamically select experiments that
maximize expected information gain, thereby enabling on-
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the-fly optimization within closed-loop discovery platforms

[7]. Rather than exhaustively sampling parameter spaces,

these systems strategically interrogate high-uncertainty or

high-potential regions, reducing experimental burden while
increasing discovery efficiency.

Reinforcement learning further extends this adaptive
capacity by modeling experimentation as a sequential
decision process. Within automated fluidic laboratories,
reinforcement agents have been deployed to navigate
multi-step chemical workflows, autonomously tuning
reaction parameters and adjusting protocols based on
performance feedback [9]. This paradigm reframes
experimentation as a policy-learning problem in which each
measurement influences future action trajectories. Data
thus ceases to be static archival material and instead
becomes a dynamic driver of iterative policy refinement [10,
11].

The rise of self-driving laboratories crystallizes these
developments. Platforms integrating Gaussian process
regression can account for inhomogeneous measurement
noise while preserving predictive calibration [8]. Multi-robot
coordination architectures enable parallel synthesis and
distributed experimentation, expanding throughput without
sacrificing adaptability [3]. In such environments,
experimentation is no longer linear but distributed,
asynchronous, and continuously self-updating. Each
measurement reshapes the probabilistic landscape within
which subsequent decisions are made.

However, this adaptive dynamism introduces new
governance complexities. Decisions about what to measure
next must balance short-term information gain against long-
term epistemic objectives. For instance, an acquisition
function narrowly focused on immediate predictive
improvement may oversample local optima, neglecting
broader regions of the materials space that harbor
transformative discoveries. Without deliberate safeguards,
autonomous systems risk inefficiencies such as redundant
sampling in low-utility domains or the amplification of
dataset biases through feedback loops [12, 13]. As
experimental cycles accelerate, governance mechanisms
must evolve in tandem to ensure that resource allocation
aligns with both efficiency and epistemic robustness.

Challenges in autonomous resource
management
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A central challenge in autonomous materials systems lies in
the non-deliberative nature of resource allocation. In
conventional research environments, governance
structures are hierarchical and explicit: committees allocate
funding, principal investigators prioritize objectives, and
laboratory managers coordinate instrumentation schedules
[5, 6]. Decision rights are socially negotiated and
institutionally embedded. Autonomous laboratories, in
contrast, encode these decision rights within algorithms—
adaptive interfaces determine measurement priorities [6],
and performance metrics guide self-driving experimentation
[11].

This shift raises critical questions about control and
accountability. When human oversight is minimized,
algorithmic proxies effectively govern the distribution of
experimental effort. For example, in distributed networks of
exploration platforms, transfer learning enables knowledge
propagation across nodes, enhancing global efficiency [14].
Yet absent embedded fairness constraints or balancing
heuristics, certain nodes may disproportionately benefit
from shared information, creating structural inequities in
resource utilization. Such disparities are not the result of
intentional bias but emerge from optimization criteria that
privilege specific data distributions or performance
objectives.

Epistemic risks further complicate this landscape.
Representational choices in machine learning models—
feature encodings, prior assumptions, loss functions—
shape which regions of the materials space appear
promising [15, 16]. If inference engines systematically
prioritize short-term performance metrics, exploratory
breadth may contract, leaving vast discovery territories
underexamined. In contexts such as spontaneous emission
control [10] or phase diagram mapping [13], such
contraction can preclude identification of novel regimes with
high scientific or technological value. Thus, resource
allocation in autonomous systems is inseparable from
epistemic orientation: the metrics that guide optimization
implicitly define what counts as valuable knowledge.

Computational steering logics must therefore incorporate
balancing mechanisms that mediate between exploitation
and exploration, efficiency and inclusivity. Emerging
insights from dynamic knowledge graphs in self-driving
laboratories [17] and asynchronous closed-loop discovery
frameworks [18] illustrate how information structures can be
designed to preserve diversity in exploration trajectories. By
embedding structural safeguards within algorithmic
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pipelines, autonomous systems can avoid pathological
convergence patterns while maintaining adaptive
responsiveness.

Conceptual gaps and the need for
governance frameworks

Despite rapid technological advancement, much of the
existing literature concentrates on algorithmic performance
and workflow optimization, leaving broader governance
considerations underexamined [19, 20]. Research on
autonomous phase diagram construction [21] and multi-
objective optimization strategies [22] demonstrates
significant gains in efficiency and throughput. Yet these
contributions rarely interrogate how decision rights over
experimental resources are structured when deliberative
human oversight recedes.

This omission is particularly consequential in computational
materials engineering, where infrastructure-level analyses
reveal persistent tensions between scalability and fairness
in resource distribution [23, 24]. As laboratories scale into
distributed networks of robotic agents and cloud-based
simulations, the problem of equitable and epistemically
balanced allocation intensifies. Governance, in this context,
does not denote physical asset management alone. Rather,
it refers to the algorithmic entitlement to select, prioritize,
and iterate within discovery pipelines—the structured
authority embedded within computational agents to direct
experimental futures.

The absence of explicit governance frameworks risks
conflating efficiency with optimality. A system that
maximizes immediate predictive accuracy may nonetheless
neglect underexplored material classes, perpetuate
sampling biases, or marginalize long-term innovation
pathways. Therefore, governance must be conceptualized
not as an external administrative overlay but as an intrinsic
architectural feature of autonomous experimentation.

Addressing this conceptual gap, the present manuscript
synthesizes theoretical and computational perspectives to
propose a novel framework in which resource allocation is
interpreted as an emergent property of system interactions.
Rather than treating allocation as a discrete managerial act,
we analyze how epistemic structures, acquisition policies,
and workflow dynamics collectively shape the distribution of
experimental effort. By foregrounding governance within
the design of computational workflows, the study positions
resource allocation as a core determinant of robustness,
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interpretability, and long-term discovery potential in
autonomous materials engineering.

Theoretical Background &
Literature Synthesis

The theoretical foundations of autonomous materials
experimentation rest on the interplay between
computational modeling, data acquisition strategies, and
system-level orchestration, forming a bedrock for
understanding governance in non-deliberative contexts [25,
26]. At its core, this domain integrates principles from
machine learning, robotics, and materials science to create
closed-loop systems that iteratively refine knowledge
without external prompts.

Subheading: Computational
foundations of autonomy

Central to autonomy is the use of probabilistic models for
decision-making under uncertainty, such as Bayesian
frameworks that guide experiment selection [7, 8]. These
approaches model the materials landscape as a function
space, where Gaussian processes account for anisotropic
kernels and noise variations, enabling efficient navigation of
high-dimensional parameter sets [8]. In practice, this
manifests in platforms for thin-film discovery [4] or
superconducting materials [12], where real-time inference
allocates computational resources to regions of maximal
information gain. Reinforcement learning extends this by
treating experimentation as a sequential decision process,
as in fluidic labs optimizing multi-step chemistry [9] or
mobile robots for synthetic exploration [23].

Such foundations underscore the need for governance that
emerges from these computations, ensuring that resource
flows align with epistemic objectives rather than ad hoc
optimizations [27, 28]. For instance, active learning loops
implicitly allocate decision rights by prioritizing experiments
that reduce model uncertainty, but without structured
oversight, they risk entrenching biases in data
representations [13, 15].

Data-driven pipelines and feedback
dynamics

Data pipelines in autonomous systems form recursive
structures, where outputs from one cycle feed into the next,
amplifying the role of governance in maintaining stability [5,
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17]. Dynamic knowledge graphs, for example, facilitate
distributed self-driving labs by encoding relationships
between experiments, models, and outcomes [17]. This
allows for asynchronous operations across geographies, as
demonstrated in delocalized discoveries of organic emitters
[18]. Feedback dynamics here involve continuous model
updating, where inference engines adjust based on
incoming data, implicitly reallocating resources to refine
predictions [16, 24].

Literature on multi-agent systems further illuminates these
pipelines, with multi-robot platforms optimizing nanocrystal
synthesis through coordinated actions [3]. Here,
governance arises from interaction protocols that distribute
decision rights, preventing bottlenecks in shared resources
like synthesis reactors [19, 29]. However, epistemic risks—
such as overfitting to noisy data or under-exploration of
novel spaces—necessitate interpretive layers that balance
short-term allocations with long-term discovery goals [6,
11].

Epistemic and infrastructure trade-offs

A critical lens on autonomy reveals trade-offs between
epistemic fidelity and infrastructural efficiency [2, 30]. In
computational materials, epistemic structures govern how
knowledge is represented and inferred, influencing
resource allocation indirectly [22, 31]. For example,
autonomous mapping of semiconductor properties via
robotic contact [27] or directed self-assembly [31] highlights
how inference logics can steer resources toward emergent
morphologies without explicit planning. Yet, these trade-offs
manifest in tensions: aggressive exploration may deplete
computational budgets, while conservative strategies stifle
innovation [10, 21].

Infrastructure-level analyses emphasize scalability, with
networked systems using transfer learning to harmonize
allocations across labs [14, 20]. In biotechnology-adjacent
materials work, autonomous labs support feedback through
integrated sensing and actuation [20], but governance must
address disparities in decision rights, such as when one
module dominates inference due to superior data quality
[23, 26]. Synthesizing these, the literature points to a need
for frameworks that interpret trade-offs as systemic
properties, embedding governance within the fabric of
computational workflows [1, 32].
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Integration toward governance
interpretations

Integrating these strands, recent works on performance
metrics [11] and adaptive interfaces [6] provide building
blocks for conceptualizing governance. Metrics evaluate
loop efficiency, implicitly guiding resource flows, while
interfaces enable on-the-fly decisions in physical vapor
deposition [19] or polymer processing [16]. Multi-objective
optimizations in 3D printing materials [22] further illustrate
how governance can emerge from balancing conflicting
goals, such as speed versus precision.

This synthesis reveals that while technical advancements
abound, interpretive insights into non-deliberative allocation
remain underexplored [18, 25]. Governance structures
must therefore be viewed through lenses of representation-
inference interactions and discovery steering, setting the
stage for a unified framework that formalizes these
dynamics.

Proposed conceptual framework

To address the conceptual gaps identified, we propose the
Implicit Allocation Governance (IAG) framework, a novel
interpretive structure for resource allocation in autonomous
materials experimentation. The IAG framework
conceptualizes governance as an emergent outcome of
layered system interactions, where decision rights are
distributed without explicit deliberation through intertwined
data representations, inference mechanisms, and discovery
logics. This framework comprises three primary structural
layers: the representational substrate, the inferential core,
and the steering envelope, each facilitating feedback loops
that dynamically modulate resource flows.

The representational substrate forms the base layer,
encoding materials data into computable forms that
implicitly prioritize certain allocation paths. Here, data from
autonomous sensors or simulations are transformed into
feature spaces, influencing how resources are directed
toward unexplored regions. The inferential core overlays
this, employing probabilistic models to generate decisions
on experimental iterations, balancing exploration and
exploitation through uncertainty-driven heuristics. Finally,
the steering envelope integrates these into broader
discovery pipelines, where multi-agent coordination
ensures scalable allocations across distributed systems.
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Feedback loops within IAG operate bidirectionally: upward
loops propagate refined inferences to update
representations, while downward loops adjust steering
based on epistemic outcomes, mitigating risks like bias
amplification. Computational steering logics embed
governance by modulating loop intensities, ensuring
resources align with systemic goals absent human input.
The layered interactional structure through which resource
decision rights emerge is synthesized within the Implicit
Allocation Governance architecture (Figure 1).

S TYTYS

Data & Sensors
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Figure 1. Implicit Allocation Governance (IAG) Architecture
in Autonomous Materials Experimentation.

The schematic visualizes governance as an emergent
property of layered system interactions. The
representational substrate encodes materials data into
computable manifolds that influence allocation gradients.
The inferential core transforms these representations into
probabilistic decision policies governing experimental
prioritization. The steering envelope orchestrates discovery
trajectories across robotic and computational
infrastructures. Bidirectional epistemic feedback loops
recalibrate representations and inference pathways,
enabling adaptive redistribution of experimental resources
absent deliberative human oversight.

To formalize key dynamics, the interaction between
representational fidelity and inferential efficiency may be

R
expressed as ~ f D, where R denotes emergent
Idr
resource rights, D the data representational density, | the

inference update intensity, and T the temporal feedback
scale; this captures how denser representations amplify
inference, implicitly allocating more cycles to high-fidelity
paths. The structural layers, allocation functions, and
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associated epistemic risk vectors of IAG are systematized
in Table 1.

Table 1. Structural layers and governance expressions
within the Implicit Allocation Governance framework

IAG Layer Functional Allocation Governal
Role Mechanism  Expressi
Representational Data Density-  Represent¢
Substrate encoding &  weighted driven
feature sampling prioritizat
construction

Inferential Core  Probabilistic  Uncertainty- Policy-
decision based embedd
modeling acquisition allocatic
Steering Discovery  Multi-agent  Infrastruct
Envelope orchestration scheduling entitleme
Feedback Cross-layer Loop- Adaptiv
Interfaces recalibration intensity redistribu

modulation

Further, the trade-off in steering logics can be

S
conceptualized as . (E- X),Wwith S as steering
= argmin-—¢

equilibrium, E exploration entropy, X exploitation yield, and
F feedback latency; this symbolizes the minimization of
imbalances under constrained loops, guiding allocations
toward epistemic equilibrium.

Additionally, the overall pipeline dynamics may be captured

as where P is pipeline progression, L,

P

= X (Li- Gi),
the layer-specific logics, and G; the governance gradients;
this represents how gradients propagate decision rights
across layers, fostering adaptive resource distributions.

These formulas underscore the IAG's interpretive power,
framing governance as intrinsic to computational
interactions rather than an external overlay.

Analytical implications

The Implicit Allocation Governance (IAG) framework offers
interpretive insights into how resource allocation manifests
in autonomous materials experimentation, emphasizing
systemic interactions that shape decision rights without
overt deliberation. By dissecting the framework's layers, we
can derive implications for computational workflow
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dynamics, where data-model-discovery pipelines evolve
through implicit mechanisms. For instance, in the
representational substrate, the choice of feature encodings
influences how resources are funneled toward certain
parameter subspaces, potentially amplifying efficiencies in
high-dimensional searches akin to those in phase mapping
[13] or nanocrystal optimization [3]. This layer's dynamics
suggest that governance emerges from representational
granularity, where coarser encodings may conserve
computational resources but at the cost of epistemic depth,
highlighting trade-offs in discovery steering.

Inferential core implications extend to feedback loop
behaviors, where probabilistic inferences allocate decision
rights based on uncertainty gradients. This can be
interpreted as fostering adaptive resilience, as systems
self-correct allocations in response to noisy data streams
[4, 8]. For example, in multi-agent setups, inference
engines distribute rights across robots, enabling parallel
explorations without centralized control [3, 23], which
implies enhanced scalability for distributed labs [14, 17].
However, this also surfaces epistemic risk structures, such
as when over-reliance on local optima skews resources
away from global discoveries, as observed in multi-
objective optimizations [22].

Steering envelope implications focus on overarching
pipeline integrations, where logics coordinate layers to
balance exploration-exploitation. This interpretive lens
reveals how governance mitigates infrastructure trade-offs,
such as latency in feedback versus breadth of search [11,
18]. In practice, this could inform designs where steering
logics prioritize interoperability, allowing knowledge graphs
to implicitly reallocate resources across networked systems
[17, 24]. Representation-inference interactions further imply
that biases in data pipelines can propagate, necessitating
embedded checks to maintain equitable allocations [15,
16].

To formalize these, the epistemic risk in layer interactions
ER

may be expressed as (B, * Iy)
= > —,

epistemic risk , B, representational bias, Iy inference

frequency, and S, steering coherence; this captures how

uncoordinated frequencies heighten risks, guiding

interpretive adjustments for robust governance.

where ER is

Another dynamic, the trade-off in pipeline scalability, can be

with TS

T
conceptualized as — max ( D, Fl) ~min (Ry)
1 )
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as trade-off spectrum, D, data volume , F;j feedback
latency, and R resource dispersion; this symbolizes the
maximization of throughput under latency constraints while
minimizing dispersion inequities.

Additionally, discovery steering efficiency might be captured

DS
as , where DS is steering dynamics, L
J(Lg)dp g

layer gradients, a alignment factor, and 3 boundary
conditions; this represents integrative flows that optimize
allocations across epistemic boundaries.

These implications underscore IAG's role in interpreting
autonomous systems as self-governing entities, where
computational logics inherently resolve allocation
challenges, informing future infrastructures in materials
engineering [2, 25].

Results and Discussion

Integrating the IAG framework with existing literature
reveals interpretive synergies and tensions in autonomous
materials experimentation. The framework's emphasis on
implicit governance complements advancements in closed-
loop systems, where Bayesian active learning implicitly
allocates resources through uncertainty sampling [7, 12],
but extends this by layering interpretations that address
non-deliberative decision rights. For instance, while
performance metrics guide lab efficiencies [11], IAG
interprets these as part of steering logics that balance
systemic trade-offs, potentially resolving issues in
asynchronous discoveries [18] by embedding epistemic
safeguards.

A key discussion point is the interplay between data-driven
pipelines and governance structures. In self-driving labs for
inorganic synthesis [1] or polymer processing [16],
pipelines generate vast data, but without implicit allocation,
resources may cluster inefficiently. IAG's feedback loops
offer an interpretive counter, suggesting that representation
updates can dynamically redistribute rights, aligning with
transfer learning in networked systems [14] to enhance
collective discovery. This contrasts with single-lab focuses
[4, 5], highlighting implications for scalability: distributed
governance could mitigate epistemic risks like data silos
[20, 30], fostering more inclusive materials explorations.

Infrastructure trade-offs warrant further scrutiny.
Autonomous platforms often face computational
bottlenecks [6, 19], where IAG's inferential core implies
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prioritization schemas that favor high-impact inferences, as
in robotic spatial mapping [27] or multi-robot synthesis [3].
Yet, this raises interpretive questions on fairness—do
algorithmic entitlements exacerbate disparities in resource
access across modules? Drawing from dynamic knowledge
graphs [17], the framework suggests that steering
envelopes can normalize these through gradient-based
adjustments, promoting equitable epistemic outcomes
without external intervention.

Epistemic structures also intersect with discovery logics. In
contexts like phase diagram construction [21] or
mechanical design [28], IAG interprets how layers interact
to steer toward emergent insights, but cautions against
over-optimization that narrows search spaces [10, 31]. This
aligns with literature on multi-property discoveries [26, 29],
where governance must interpret representation-inference
feedbacks to avoid biases, ensuring broader applicability in
fields like electrochemistry [29] or biotechnology [20].

Broader field dynamics emerge when considering IAG
alongside Al-robotics integrations [25, 32]. The framework's
systemic insights imply that governance is not additive but
intrinsic, challenging designs that retrofit controls [22, 23].
Instead, interpretive embeddings could accelerate
paradigms, as in delocalized emitter discoveries [18], by
making allocations adaptive to real-time contexts [24, 26].
However, limitations in current implementations—such as
handling inhomogeneous noise [8] or anisotropic kernels [8]
—suggest avenues for refinement, where IAG could guide
hybrid human-Al transitions, though this manuscript
focuses solely on autonomous realms.

Ultimately, these discussions position IAG as a bridge
between technical workflows and conceptual governance,
enriching computational materials engineering by
interpreting allocation as a core enabler of resilient,
unbiased discovery.

Conclusion

The Implicit Allocation Governance (IAG) framework
advances our understanding of resource allocation in
autonomous materials experimentation by interpreting
governance as an emergent property of layered
computational interactions. Through its structural
components—representational substrate, inferential core,
and steering envelope—the framework elucidates how
decision rights are implicitly distributed, addressing gaps in
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non-deliberative systems within data-driven paradigms.
Feedback loops and steering logics within IAG highlight
dynamics that balance epistemic trade-offs, ensuring
efficient pipelines amid uncertainties.

Analytical implications reveal systemic insights for workflow
optimization, while discussions integrate these with
literature on closed-loop discoveries, underscoring IAG's
potential to enhance interoperability and mitigate risks. This
conceptual contribution shifts focus from explicit controls to
embedded governance, fostering adaptive infrastructures in
computational materials engineering.

Future directions may explore IAG's extensions to hybrid
systems, though the core emphasis remains on
autonomous governance's interpretive power. By
formalizing these dynamics, the framework paves pathways
for more robust, scalable materials discovery, ultimately
accelerating innovations in the field.
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