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Introduction

Isabella Garcia , Diego Herrera1* 1

Compositional design spaces in materials engineering, particularly for alloys and multi-component systems, present
exceptionally high-dimensional and sparsely populated landscapes that challenge conventional discovery workflows. A
typical five-element alloy system sampled at 10% concentration increments can encompass millions of possible
compositions, rendering exhaustive evaluation infeasible. Active learning has emerged as an essential paradigm for
navigating these spaces efficiently, yet standard implementations often fail to address the simultaneous demands of
multiple conflicting objectives—such as balancing mechanical strength against ductility, electrical conductivity against
thermal stability, or performance against material cost—while properly accounting for uncertainty and practical
constraints. This conceptual framework introduces an uncertainty-aware active learning approach tailored specifically
for compositional design spaces with multiple objectives. The framework comprises four core components: robust
uncertainty quantification that distinguishes epistemic from aleatoric contributions across heterogeneous composition
regions, multi-objective acquisition functions grounded in Pareto optimization to explicitly explore trade-offs,
systematic constraint handling for both hard thermodynamic limits and soft economic or manufacturability
requirements, and adaptive sequential sampling strategies that prioritize informative candidates under limited
evaluation budgets. The key innovation lies in a Pareto-based acquisition mechanism that integrates uncertainty
estimates to balance exploration of uncertain regions, exploitation of promising trade-offs, and navigation of sparse
high-dimensional manifolds. By embedding these elements into a unified conceptual structure, the framework provides
design principles that enable more reliable, interpretable, and scalable materials discovery. It shifts the focus from
single-objective optimization to holistic decision-making under uncertainty, ensuring that active learning not only
accelerates identification of high-performing compositions but also respects real-world engineering constraints
inherent to multi-component systems. The proposed approach is expected to guide both computational and
experimental campaigns in alloy design, high-entropy materials, and mixed ionic conductors, ultimately fostering more
sustainable and high-performance materials.

1

Compositional design spaces—encompassing alloys, multi-component ceramics, and mixed ionic conductors—are vast.
A 5-element system with 10% concentration steps has millions of compositions. Active learning is essential for navigating
these spaces. But compositional active learning faces unique challenges: multiple objectives (strength, conductivity, cost,
stability), high-dimensional sparsity, and heteroscedastic uncertainty. This paper proposes a conceptual framework for
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uncertainty-aware active learning in compositional design spaces with multiple objectives, integrating uncertainty
quantification, multi-objective acquisition, constraint handling, and sequential sampling [1-4].

The scale of these design spaces arises directly from the combinatorial nature of elemental mixing. Even modest systems
with three to six principal elements, each allowing continuous concentration variations within the composition simplex,
generate an astronomical number of candidate points. Traditional trial-and-error or grid-based screening quickly becomes
impractical, consuming prohibitive computational or experimental resources. Recent studies on aluminum-based and
high-entropy alloys have repeatedly demonstrated that conventional methods leave the majority of the space unexplored.
Active learning addresses this by iteratively selecting the most informative compositions for evaluation, thereby focusing
limited budgets on regions likely to yield breakthroughs [5-8].

Yet standard active learning pipelines, developed primarily for low-dimensional molecular or discrete spaces, encounter
fundamental limitations when applied to compositional materials. Multiple objectives rarely align; maximizing one property
frequently degrades another, necessitating explicit trade-off analysis rather than scalar optimization. High-dimensional
sparsity exacerbates the issue because most compositions lie far from any previously evaluated point, leading to
unreliable surrogate predictions. Uncertainty in these regions is not uniform: near-equiatomic or well-sampled zones
exhibit lower epistemic uncertainty, while dilute or extreme compositions display markedly higher uncertainty due to data
scarcity and model extrapolation demands [2, 9, 10].

Heteroscedastic uncertainty further complicates decision-making. Predictive error varies systematically across the
composition landscape, with certain regions exhibiting larger aleatoric noise stemming from inherent simulation or
measurement variability. Ignoring this heteroscedasticity can produce poorly calibrated acquisition decisions that either
waste evaluations on already well-characterized areas or overlook promising but uncertain candidates. Practical
constraints compound the difficulty. Thermodynamic stability, synthesizability, elemental availability, cost, and toxicity
impose both hard filters and soft preferences that must be respected throughout the search [11-14].

The proposed conceptual framework directly tackles these intertwined challenges through a structured integration of four
interlocking components. Uncertainty quantification supplies calibrated estimates that separate reducible epistemic
uncertainty from irreducible aleatoric noise, ensuring acquisition functions remain reliable even in sparsely sampled
territories. Multi-objective acquisition functions operate on the Pareto frontier, scoring candidates according to their
potential to expand the set of non-dominated solutions while explicitly incorporating uncertainty. Constraint handling
mechanisms enforce hard feasibility rules while folding soft preferences into the decision process. Sequential sampling
orchestrates the iterative loop, beginning with space-filling initialization and proceeding through model updating until
convergence or budget exhaustion [15-19].

A central innovation of the framework is its Pareto-based acquisition strategy that simultaneously balances exploration,
exploitation, and objective trade-offs. Rather than collapsing multiple goals into a single weighted scalar—an approach
prone to arbitrary weighting choices—the framework maintains the full Pareto front and quantifies improvement in
hypervolume or frontier coverage. This preserves transparency about inherent compromises and prevents premature
convergence to suboptimal regions. The framework also articulates explicit design principles that practitioners can adopt
when tailoring active learning campaigns to specific material families. These principles emphasize calibration of
uncertainty models to compositional manifolds, adoption of Pareto-aware scoring, systematic constraint propagation, and
diversity-preserving batch selection for parallel workflows [20-23].

By grounding the entire process in uncertainty awareness, the framework mitigates the risk of overconfident selections in
high-dimensional spaces and promotes more robust materials discovery pipelines. It aligns computational surrogates with
experimental realities and provides a conceptual scaffold that future algorithmic developments can build upon. Ultimately,
the framework aims to transform active learning from a heuristic search tool into a principled decision engine capable of
handling the full complexity of modern compositional materials engineering [3, 24-26].
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Challenges of Compositional Design Spaces

Figure 1 presents the conceptual architecture through which uncertainty quantification, Pareto-based acquisition,
constraint handling, and sequential sampling are integrated to guide decision-making in high-dimensional compositional
design spaces.

Figure 1. Conceptual architecture of uncertainty-aware multi-objective active learning in compositional design spaces

Compositional design spaces introduce six interlocking challenges that distinguish them from simpler optimization
settings and necessitate a specialized active learning framework. High dimensionality arises because technologically
relevant alloys and multi-component systems typically involve three to six or more principal elements, each with
continuous concentration variables constrained to sum to unity; the resulting curse of dimensionality expands the
searchable volume exponentially, rendering uniform coverage impossible and forcing sparse sampling that leaves vast
regions without nearby training data [2-4]. This sparsity compounds when multiple conflicting objectives—mechanical
strength, ductility, conductivity, phase stability, cost, and environmental impact—must be optimized simultaneously, as
improvements in one property typically degrade another and produce a Pareto frontier of non-dominated trade-offs rather
than a single optimum that scalarized single-objective methods can adequately reveal [14-18].

A related implication is the emergence of heteroscedastic uncertainty, where predictive variance is not uniform but
systematically higher in dilute limits and extreme compositions that suffer from data scarcity, while aleatoric noise from
simulations or experiments also varies with composition and undermines homoscedastic assumptions in acquisition
functions [9, 10, 25]. Beyond this immediate concern lie hard and soft constraints—thermodynamic stability thresholds,
synthesizability limits, exclusion of toxic elements, cost targets, and manufacturability preferences—that must be
embedded directly into candidate selection, since violating hard constraints renders compositions unusable irrespective of
predicted performance [11-13, 23]. Under these conditions, the most promising solutions often require deliberate
extrapolation far from initial data clusters, yet standard mechanisms favor local exploitation and risk trapping the search
away from globally superior regions of the simplex [2, 7, 27].
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The prohibitive cost of evaluation further intensifies these tensions, as density functional theory calculations or
experimental campaigns consume hours to weeks per point within budgets typically limited to 10–100 evaluations,
demanding that each acquisition maximize information gain toward the Pareto frontier [1, 6, 24, 28]. In practice, these
interlocking features explain why off-the-shelf active learning algorithms underperform in compositional materials design,
prompting the proposed framework to address them through targeted conceptual components that transform active
learning into a decision process attuned to dimensionality, objective multiplicity, uncertainty heterogeneity, constraints,
extrapolation demands, and evaluation budgets [5, 19-22].

Table 1 analytically maps each challenge of compositional design spaces onto the specific framework mechanism
required to prevent failure of conventional active learning strategies.

Table 1. Analytical mapping between compositional design-space challenges and the framework mechanisms required to
address them

Challenge in
compositional
design spaces

Why conventional active
learning fails here

Required
framework
mechanism

Decision
consequence if

mechanism is absent

Conceptual role in
the proposed

framework

High
dimensionality of
the composition

simplex

Local neighborhoods
become unrepresentative,

uniform screening becomes
impossible, and most

candidate regions remain
effectively invisible to the

surrogate

Space-aware
uncertainty

quantification
combined with

adaptive sequential
sampling

The search collapses
into narrow, already

sampled regions and
cannot interrogate the
broader composition

manifold

Converts
combinatorial scale

into a navigable
decision problem by

prioritizing informative
rather than
exhaustive
evaluations

Multiple conflicting
objectives

Single-score optimization
hides trade-offs and forces
arbitrary weighting choices
that can distort materials

selection

Pareto-based
acquisition using
non-dominated

frontier expansion

Apparent optima are
produced that reflect
scalarization choices
rather than genuine

engineering
compromise structures

Preserves the full
geometry of trade-offs

among strength,
ductility, conductivity,

cost, stability, and
sustainability

Heteroscedastic
uncertainty

Homoscedastic
assumptions miscalibrate

acquisition, causing
overconfidence in noisy

regions and under-
exploration in sparsely

sampled ones

Explicit separation
of epistemic and

aleatoric uncertainty
through calibrated
uncertainty models

Candidate ranking
becomes statistically
unreliable because

expected gains are not
distinguished from
noise-dominated

predictions

Establishes
uncertainty as a

structured property of
the compositional

manifold rather than a
generic model output

Hard and soft
constraints

Post-hoc filtering wastes
evaluations on infeasible
candidates and obscures

the difference between non-
negotiable feasibility and

negotiable preference

Hard-constraint
filtering plus soft-

constraint
integration into

ranking or objective
structure

The system selects
high-performing but

unusable candidates or
ignores economically
meaningful trade-offs

Embeds engineering
realism directly into

the search logic

Need for
deliberate

extrapolation

Pure exploitation remains
trapped near known data
clusters and fails to probe

Uncertainty-
weighted

acquisition that

Discovery remains
conservative and

Makes controlled
extrapolation a
legitimate and
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Uncertainty Quantification for Compositional Spaces

sparsely sampled but
potentially superior regions

rewards informative
frontier expansion

beyond current data
density

misses globally
valuable compositions

deliberate part of
active learning rather

than an accidental
byproduct

Severe
evaluation-cost

limits

Expensive DFT or
experimental budgets make

random or redundant
sampling prohibitive

Budget-aware
sequential or batch

sampling with
diversity

preservation

Resources are
exhausted before

meaningful Pareto-
front advancement

occurs

Forces every
evaluation to justify

itself in terms of
information gain,

trade-off
improvement, or

feasibility discovery

Uncertainty-aware active learning is defined as an iterative selection process where acquisition decisions are driven by
well-calibrated uncertainty estimates that explicitly separate epistemic (reducible with more data) from aleatoric
(inherently irreducible) components. In compositional spaces this separation is indispensable because epistemic
uncertainty dominates in unexplored regions while aleatoric contributions vary with local chemistry and processing
conditions. Without calibrated uncertainty that respects the geometry of the composition simplex, acquisition functions risk
selecting candidates whose predicted improvements are statistically meaningless [9, 10].

Effective uncertainty quantification for compositional spaces must satisfy three core requirements. First, estimates must
remain calibrated across the entire manifold, avoiding overconfidence in data-rich zones or excessive pessimism in
sparse zones. Second, the method must sharply distinguish near-training compositions (low epistemic uncertainty) from
far-from-training compositions (high epistemic uncertainty). Third, it must accommodate heteroscedastic noise,
recognizing that simulation or measurement variance differs systematically between equiatomic and dilute regimes [1,
25].

Several uncertainty quantification methods offer partial solutions, each with distinct advantages and limitations. Deep
ensembles provide simplicity and straightforward parallel training yet do not naturally separate epistemic from aleatoric
uncertainty. Conformal prediction supplies finite-sample coverage guarantees but typically yields only marginal intervals
that ignore composition-specific heteroscedasticity. Bayesian neural networks can, in principle, deliver principled
separation of the two uncertainty types, yet their training remains computationally demanding and prone to instability in
high-dimensional inputs. Distance-based approaches are computationally inexpensive and geometrically interpretable on
the simplex, but they lack probabilistic calibration and therefore cannot be used directly in acquisition functions that
require expected improvement calculations [9, 10].

The framework therefore recommends a hybrid strategy: an ensemble of surrogate models to capture epistemic
uncertainty combined with a learned noise model for aleatoric uncertainty. Total predictive uncertainty is obtained by
adding the variances in quadrature, yielding a single scalar that faithfully represents overall risk at any composition. This
construction preserves calibration across both dense and sparse regions and naturally reflects the heteroscedastic
character of compositional data. The resulting uncertainty estimates feed directly into downstream acquisition functions,
ensuring that candidates are selected not merely for predicted performance but for their capacity to reduce epistemic
uncertainty while respecting inherent noise levels [11-13].

By embedding this uncertainty quantification strategy at the heart of the framework, acquisition decisions become robust
to the unique statistical structure of compositional design spaces. Practitioners gain confidence that selected candidates
genuinely advance knowledge rather than merely confirming already well-understood regimes [2-4].
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Multi-Objective Acquisition Functions

Constraint Handling and Sequential Sampling

A multi-objective acquisition function is defined as a scoring mechanism that evaluates candidate compositions according
to their joint potential to improve multiple objectives and their associated uncertainties, thereby guiding the next
evaluation toward the most valuable addition to the Pareto frontier. Single-objective acquisition functions such as
expected improvement, upper confidence bound, or probability of improvement are insufficient because they collapse
trade-offs into a scalar and cannot reveal the structure of conflicting goals [14, 15, 17].

Several multi-objective strategies have been proposed, each offering different trade-offs between expressiveness and
computational cost. Scalarization combines individual objective improvements through weighted sums. While
conceptually simple, this approach requires arbitrary weight choices that obscure underlying trade-offs and demand
repeated re-optimization when stakeholder priorities shift. Pareto-based acquisition avoids scalarization entirely by
maintaining the current non-dominated front and scoring candidates according to their ability to expand that front [16, 18-
20].

A particularly effective Pareto-based metric is hypervolume improvement, which quantifies the additional volume
dominated by the Pareto front after hypothetically adding a candidate. This measure naturally accounts for all objectives
simultaneously and provides an intuitive geometric interpretation of progress. Uncertainty-weighted Pareto strategies
further refine the selection by using lower confidence bounds for exploitation and upper confidence bounds for
exploration, producing a Pareto-UCB variant that favors candidates offering the greatest potential frontier advancement
under uncertainty. Multi-objective Thompson sampling draws samples from the joint posterior, computes the Pareto front
for each sample, and selects the candidate that most frequently improves the sampled fronts; the stochastic nature
automatically balances exploration and exploitation without manual tuning [21-23].

Expected hypervolume improvement represents the gold-standard approach by computing the expected increase in
dominated volume while fully propagating predictive uncertainty. Although computationally intensive in high dimensions,
recent approximations render it tractable for compositional spaces. For practical deployment the framework recommends
either expected hypervolume improvement with suitable approximations for speed or Pareto-UCB for simplicity and
interpretability. Both choices ensure that acquisition respects the multi-objective nature of materials design without
collapsing trade-offs [14, 15, 17].

These acquisition strategies integrate seamlessly with the uncertainty quantification component described earlier.
Epistemic and aleatoric estimates modulate the expected improvement calculations, directing the search toward
compositions that simultaneously promise performance gains and knowledge expansion. The result is a principled
decision engine capable of navigating the Pareto surface of high-dimensional compositional spaces [11, 12, 16].

Constraint handling in compositional design distinguishes between hard and soft categories. Hard constraints include
thermodynamic stability thresholds, synthesizability temperature limits, and exclusion of toxic elements; any candidate
violating a hard constraint receives zero acquisition score and is immediately discarded. Soft constraints—such as cost
ceilings or elemental availability preferences—are incorporated either as additional objectives to be minimized or as
penalty terms within the acquisition score, allowing flexible trade-offs [13, 23].

The sequential sampling strategy proceeds in clearly defined steps that ensure systematic progress under budget
limitations. The process begins with an initial space-filling design, typically a Latin hypercube sampling projected onto the
composition simplex, to establish broad coverage with minimal evaluations. In each subsequent iteration the workflow
trains surrogate models for every objective, computes epistemic and aleatoric uncertainty estimates, applies hard
constraints as filters, folds soft constraints into the objective set or acquisition score, evaluates the chosen multi-objective
acquisition function, and selects the top candidate (or batch of candidates) for evaluation. After obtaining the new
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Relation to Existing Methods

observation—whether from density functional theory or experiment—the surrogates are retrained and the loop repeats
until the evaluation budget is exhausted or the Pareto frontier exhibits convergence [1, 6, 24, 26].

For parallel experimental or computational campaigns, batch sampling extends the single-candidate loop by selecting the
top k candidates while imposing a diversity constraint that penalizes compositional similarity. This prevents redundant
evaluations in nearby regions and maximizes collective information gain within each parallel round [3, 5, 8].

Throughout the process, constraint handling and acquisition scoring operate in tight coordination with uncertainty
quantification. Hard constraints act as pre-filters before acquisition scoring, ensuring computational effort focuses
exclusively on feasible candidates. Soft constraints influence ranking without eliminating options, preserving the ability to
discover performance-cost trade-offs. The overall sequential strategy therefore maintains feasibility, respects budgets,
and drives the search toward practically relevant regions of the Pareto surface [11, 12, 14, 17].

Bayesian optimization forms the foundational paradigm upon which the proposed framework is constructed. Bayesian
optimization provides a systematic way to select candidates by balancing predicted performance gains against
uncertainty in surrogate models. This framework extends Bayesian optimization by embedding multi-objective Pareto
handling, explicit constraint enforcement, and composition-specific adaptations that respect the simplex geometry and
sparsity of alloy design spaces [4, 7, 8, 11, 12, 24].

Active learning studies focused on high-entropy alloys have revealed clear shortcomings of single-objective formulations.
Research on high-entropy and multi-component systems has shown that conventional active learning often converges to
local optima without exploring objective trade-offs. The present framework supplies a multi-objective solution that
overcomes these limitations by continuously maintaining and expanding the Pareto frontier across all conflicting
performance criteria [2, 6-8, 23, 26].

Sparsity within compositional manifolds demands acquisition strategies that prioritize broader exploration rather than
purely local exploitation. Investigations of ternary alloys and high-dimensional multi-component systems have
demonstrated that data scarcity in most regions leads to unreliable surrogate predictions unless acquisition functions
explicitly account for distance from existing observations. This framework incorporates sparsity-aware exploration directly
into the Pareto-based scoring mechanism, ensuring that candidates in underrepresented areas receive appropriate
consideration [2-4].

Multi-fidelity strategies integrate naturally with the overall structure. Low-fidelity models serve as rapid screening tools to
identify candidate regions, while high-fidelity evaluations refine the Pareto front for the most promising compositions. This
hierarchical integration preserves the uncertainty-aware character of every selection step and extends the evaluation
budget without compromising the multi-objective or constraint-handling components [29].

The framework also builds upon earlier multi-objective active learning developments originally demonstrated in molecular
and reaction optimization contexts. Those approaches established the value of Pareto-aware scoring but operated in
lower-dimensional or discrete spaces. By adapting these concepts to the continuous, constrained simplex of
compositional design, the framework addresses the unique statistical structure of materials systems while retaining the
core advantages of hypervolume-based improvement metrics [15-19, 22].

Constraint-handling techniques previously explored in shape memory alloys and architected materials provide additional
conceptual grounding. Those studies emphasized the necessity of separating hard feasibility rules from soft preferences,
yet typically applied them in single-objective settings. The current framework generalizes these ideas into a unified multi-
objective loop, ensuring that constraint satisfaction remains an intrinsic part of every acquisition decision rather than an
afterthought [13, 14, 23].
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Design Principles

Overall, the proposed conceptual framework synthesizes and advances these related methods into a cohesive structure
that is purpose-built for the high-dimensional, multi-objective, and uncertainty-heterogeneous nature of compositional
materials discovery. It does not replace existing techniques but instead provides the integrative scaffold that allows
practitioners to combine Bayesian optimization foundations, sparsity-aware exploration, multi-fidelity screening, and
constraint logic within a single operational pipeline [1, 5, 20, 21, 25].

The framework rests on an explicit separation of epistemic and aleatoric uncertainty within the acquisition process.
Epistemic uncertainty, which reflects reducible knowledge gaps, guides sampling toward genuinely informative regions,
whereas aleatoric uncertainty—capturing irreducible noise inherent to the composition or evaluation method—prevents
wasteful allocation of evaluations to inherently variable areas [9, 10, 25]. This distinction enables Pareto-based
acquisition functions, such as expected hypervolume improvement or Pareto upper confidence bound, to evaluate
candidates according to their potential to expand the non-dominated front across all objectives simultaneously, thereby
preserving the richness of trade-offs that scalarization inevitably obscures [14-18].

A related mechanism incorporates constraints directly into selection: hard constraints are enforced through immediate
filtering to ensure only thermodynamically or synthetically feasible compositions are considered, while soft constraints
enter as additional objectives or penalty terms that shape ranking without prematurely discarding valuable compromises
[13, 23]. Under these conditions, uncertainty-weighted scoring balances exploration and exploitation by modulating
predicted improvements with calibrated epistemic estimates, naturally directing effort toward uncertain yet promising
regions of the simplex while still capitalizing on well-characterized high performers [9, 11, 12]. When parallel evaluations
are possible, batch sampling with diversity constraints further augments collective information gain by penalizing
compositional redundancy and avoiding localized clustering [3, 5, 8].

Finally, retrospective validation of the acquisition strategy against historical datasets confirms its capacity to recover
superior Pareto-optimal compositions within equivalent evaluation budgets, thereby establishing practitioner confidence
before live deployment [1, 6, 24, 26]. Together these elements translate uncertainty quantification, multi-objective
optimization, constraint handling, and sequential sampling into a coherent, implementable decision process that remains
robust across surrogate models and material systems [2, 19-22].

Table 2 consolidates the manuscript’s design principles into an implementation-oriented matrix that clarifies what each
principle governs, what error it prevents, and how it contributes to robust compositional discovery.

Table 2. Design-principle matrix for implementing uncertainty-aware multi-objective active learning in compositional
materials discovery

Design principle What it governs in
practice

Failure mode prevented Expected benefit for
discovery campaigns

Primary
manuscript
component
reinforced

Explicit separation
of epistemic and

aleatoric
uncertainty

Distinguishes learnable
knowledge gaps from

irreducible noise before
acquisition decisions are

made

Wasteful sampling in
intrinsically noisy regions
and false confidence in

sparse regions

More statistically
meaningful candidate
selection and stronger
calibration across the

composition landscape

Uncertainty
quantification

Use of Pareto-
based acquisition

Determines how multiple
objectives are scored and

Hidden trade-offs,
arbitrary weighting bias,

Clearer identification of
non-dominated

Multi-objective
acquisition
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Implications for Materials Discovery

rather than
scalarized

optimization

compared during selection and premature
convergence to scalar

optima

compositions and
more transparent

engineering
compromise analysis

Immediate filtering
of hard constraints

Defines the boundary of
admissible candidates

before any ranking occurs

Selection of
thermodynamically

unstable,
unsynthesizable, or toxic

candidates

Prevents wasted
evaluations and

ensures the search
remains anchored to

feasible materials
space

Constraint
handling

Integration of soft
constraints as
objectives or

penalties

Governs how cost, scarcity,
manufacturability, or

sustainability are
incorporated without over-

restricting the search

Overly idealized
optimization that ignores
real deployment priorities

Enables flexible
negotiation between

performance and
practical engineering

value

Constraint
handling plus

acquisition
design

Uncertainty-
weighted balancing
of exploration and

exploitation

Controls how the
framework chooses

between promising known
regions and uncertain
underexplored regions

Over-exploitation of local
basins or undirected
exploration with poor

return on budget

More efficient frontier
expansion under
severe evaluation

limits

Uncertainty
quantification

plus acquisition

Diversity-
preserving batch

selection for
parallel campaigns

Governs candidate
grouping when multiple

evaluations are run
simultaneously

Redundant batch
composition choices
concentrated in one
region of the simplex

Greater collective
information gain per
iteration and better
manifold coverage

Sequential
sampling

Retrospective
validation before
live deployment

Tests whether the
acquisition policy would

have improved prior
campaigns under the same

budget

Uncritical deployment of a
conceptually appealing
but operationally weak

selection strategy

Builds empirical
confidence, improves

trust, and reveals
tuning weaknesses

before real
expenditure

Framework-
wide operational

governance

For practitioners engaged in alloy or multi-component system development, the framework recommends deploying
expected hypervolume improvement as the default acquisition strategy whenever multiple performance criteria must be
balanced simultaneously. This choice allows direct optimization of strength, conductivity, cost, and stability within a single
campaign while automatically respecting thermodynamic and synthesizability constraints. Evaluation budgets of 10 to 100
calculations per iteration have proven sufficient in related compositional studies to reach practically useful regions of the
Pareto frontier. Final candidate validation through targeted experiments remains essential to confirm that computational
predictions translate to measurable improvements [11, 14, 15, 17, 23].

For model developers, the framework highlights the need to implement efficient approximations of expected hypervolume
improvement that scale gracefully with the number of objectives and the dimensionality of the composition simplex.
Composition-specific acquisition functions that incorporate the geometric constraints of the simplex offer another
promising direction for future enhancement. Such developments will reduce computational overhead during each iteration
and broaden accessibility for research groups without massive high-performance computing resources [4, 9, 10, 12, 29].
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Open Questions

Conclusion

For benchmark designers, the framework calls for the creation of standardized multi-objective active learning test suites
that incorporate realistic constraints, heteroscedastic noise models, and high-dimensional sparse composition spaces.
These benchmarks should include both synthetic and experimentally grounded problems so that competing algorithms
can be compared on criteria that mirror actual materials discovery workflows. The availability of such benchmarks will
accelerate progress in uncertainty-aware methods and provide clear performance baselines for the community [2, 3, 16,
18-20].

Collectively, these implications position the framework as a practical guide that bridges conceptual advances with day-to-
day discovery activities. Practitioners gain a structured decision process that reduces wasted evaluations, model
developers obtain clear targets for algorithmic improvement, and benchmark designers receive a roadmap for creating
more representative evaluation environments. The end result is a more efficient, transparent, and constraint-aware
pathway from conceptual composition space to deployable high-performance materials [1, 6, 24, 26].

Extending the framework to hundreds of simultaneous objectives—spanning mechanical, thermal, electrical, magnetic,
and environmental properties—demands new conceptual mechanisms, since Pareto-based methods lose both
interpretability and tractability at high dimensionality. This scaling challenge is compounded by the need to incorporate
qualitative or semi-quantitative goals such as synthesizability and processability, which resist direct numerical encoding;
integrating expert judgment or auxiliary qualitative models into the Pareto acquisition loop while preserving uncertainty
calibration thus remains a core conceptual tension. A related implication concerns the dynamic allocation of exploration
effort across sparse and dense regions of composition space, where adaptive rules modulating the exploration–
exploitation balance according to local data density could markedly improve efficiency, yet the precise triggering criteria
and functional forms await rigorous definition. Beyond these immediate concerns lies the possibility of learning acquisition
functions themselves through meta-learning across materials families, an approach that could yield policies more robust
than hand-crafted ones, although the representation of compositional spaces and the construction of suitable meta-
training tasks require careful theoretical development. Finally, propagating second-order epistemic uncertainty from
constraints such as predicted thermodynamic stability through the acquisition and filtering stages—without inducing
excessive conservatism or instability—emerges as a particularly subtle open problem. Addressing these interlocking
issues will necessitate sustained collaboration among materials scientists, uncertainty quantification experts, and
optimization theorists, thereby broadening the reach of uncertainty-aware active learning in complex compositional design
[9, 10, 14, 15, 17].

Compositional design spaces require uncertainty-aware, multi-objective active learning. The central challenges include
high dimensionality, multiple conflicting objectives, heteroscedastic uncertainty, practical constraints, the need for
extrapolation, and severe limits on evaluation budgets. The proposed conceptual framework addresses these challenges
through four integrated components: uncertainty quantification that separates epistemic from aleatoric contributions,
multi-objective acquisition functions centered on Pareto frontier expansion, systematic constraint handling that
distinguishes hard and soft requirements, and sequential sampling that proceeds from space-filling initialization to budget-
aware iteration.

The design principles distilled from this structure—explicit separation of uncertainty types, adoption of Pareto-based
scoring, enforcement of hard constraints via filtering, incorporation of soft constraints as objectives, uncertainty-weighted
balancing of exploration and exploitation, diversity-preserving batch selection, and pre-deployment validation—provide a
clear operational roadmap for implementation.
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standardized multi-objective benchmarks that incorporate realistic constraints, and continued integration of multi-fidelity
and meta-learning concepts.

Ultimately, the conceptual framework presented here offers a unified foundation for accelerating the discovery of next-
generation alloys, multi-component ceramics, and mixed ionic conductors. By embedding uncertainty awareness and
multi-objective reasoning at every step, it promises to deliver materials that better satisfy simultaneous demands for
performance, sustainability, and manufacturability within realistic development timelines.
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