W) Check tor upates

Digital

Discovery

Accepted Manuscript

View Article Online

View Journal

This article can be cited before page numbers have been issued, to do this please use: A.S. Nair and L.
Foppa, Digital Discovery, 2026, DOI: 10.1039/D6DDO00081A.

Digital
Discovery

o
-

ROYAL SOCIETY
OF CHEMISTRY

ROYAL SOCIETY
OF CHEMISTRY

(3

This is an Accepted Manuscript, which has been through the
Royal Society of Chemistry peer review process and has been accepted
for publication.

Accepted Manuscripts are published online shortly after acceptance,
before technical editing, formatting and proof reading. Using this free
service, authors can make their results available to the community, in
citable form, before we publish the edited article. We will replace this
Accepted Manuscript with the edited and formatted Advance Article as
soon asitis available.

You can find more information about Accepted Manuscripts in the
Information for Authors.

Please note that technical editing may introduce minor changes to the
text and/or graphics, which may alter content. The journal’s standard
Terms & Conditions and the Ethical guidelines still apply. In no event
shall the Royal Society of Chemistry be held responsible for any errors
or omissions in this Accepted Manuscript or any consequences arising
from the use of any information it contains.

rsc.li/digitaldiscovery



https://doi.org/10.1039/d6dd00081a
https://pubs.rsc.org/en/journals/journal/DD
http://crossmark.crossref.org/dialog/?doi=10.1039/D6DD00081A&domain=pdf&date_stamp=2026-05-25

Page 1 of 19

Open Access Article. Published on 25 May 2026. Downloaded on 5/26/2026 2:04:24 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital Discovery

View Article Online
DOI: 10.1039/D6DDO0O0081A

A Critical Examination of Active Learning Workflows in Materials Science

Akhil S. Nair®»2[] and Lucas Foppal?

Y The NOMAD Laboratory at the Fritz Haber Institute of the Maz Planck Society, Faradayweg 4-6, 14195 Berlin, Germany
2 Institut fiir Chemie und Biochemie, Freie Universitit Berlin, Arnimallee 22, 14195, Berlin, Germany
3 Molecular Simulations from First Principles e.V., Akazienstr. 3A, 10823 Berlin, Germany

Active learning (AL) is an increasingly important approach for data-efficient machine learning
(ML) in materials science. It is widely used, from building training datasets to guiding autonomous
materials discovery platforms. However, the performance of AL workflows depends on a number of
often implicit design choices that are rarely examined systematically. Here, we critically analyze
commonly used AL strategies in materials science, highlighting overlooked assumptions, hidden

biases, and methodological limitations across different applications.

Based on this, we provide

practical guidelines to enhance the efficiency and reliability of AL workflows for materials science

applications.

I. INTRODUCTION

The application of machine learning (ML) in mate-
rials science and engineering has expanded rapidly, en-
abling progress across a wide range of tasks, including
high-throughput screening, accelerated materials prop-
erty prediction and autonomous experimentation [TH4].
Central to many of these efforts is the challenge of learn-
ing complex mappings between structure, composition,
processing conditions, and materials properties, which
are typically non-linear and only partially understood.
By learning directly from data rather than relying on
explicit physical models, ML methods provide a flexible
framework for capturing such complex relationships and
have demonstrated transformative potential in materials
science [5, [6]. However, their success is fundamentally
constrained by the availability, accuracy and quality of
the training data. Despite advances in high-throughput
experimentation and simulation frameworks [7, [§], gen-
erating consistent, high-fidelity materials data remains
time- and resource-intensive. As a result, many materials
science applications operate in regimes better character-
ized as data-scarce rather than data-rich [9]. Moreover,
materials datasets are often not “statistically representa-
tive”, i.e., they tend to be shaped by prior domain knowl-
edge, biased curation strategies, or feasibility constraints,
and frequently fail to adequately represent the broader
space of potentially interesting materials. As a result,
ML models trained on such data are prone to unreliable
performance when applied to unexplored or underrepre-
sented regions [10, [11].

Active machine learning (hereafter referred to as active
learning, AL) has emerged as a promising framework for
addressing these challenges in ML-driven materials sci-
ence. As formalized by Cohn et al. [12], “AL studies the
closed-loop phenomenon of a learner selecting actions or
making queries that influence what data are added to
its training set”. In AL, the training dataset is itera-
tively updated during the learning process, as new data
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points are selected and labeled at each step. This is in
contrast with static approaches which execute a prede-
termined design without incorporating feedback from in-
coming data or real-time experimental observations. By
adaptively expanding the dataset, AL prioritizes the ac-
quisition of the most relevant data points [I3]. While of-
ten conceptualized as a data-efficient labelling strategy,
the applications of AL in materials science are broader.
To illustrate the diversity of its use cases, we highlight
two representative settings that are discussed in detail in
this perspective: (i) efficient data acquisition for training
ML models, and (ii) optimization-driven workflows for
materials discovery. For data acquisition tasks, the goal
of AL is to achieve broad and representative coverage
of the relevant regions of the design space, enabling the
ML models trained on the acquired data to generalize
reliably across diverse conditions [14] [I5]. In this con-
text, the design space refers to all possible sets of inputs
that define materials, for instance, all possible atomic ar-
rangements and compositions. In autonomous platforms
focused on materials discovery, the goal of AL is to sam-
ple specific, high-value regions of the design space. Here,
AL strategies aim to balance exploration of previously
unobserved regions with exploitation of ML model pre-
dictions and uncertainties to efficiently guide the search
toward optimal candidates [I6HI8]. The success of AL
in such cases is defined by a specific discovery objective,
such as identifying materials with target properties be-
low a given threshold value with a minimal number of
evaluations [19] 20].

While AL workflows are now routinely applied in mate-
rials science [I7, 2], 22], their design choices vary widely,
even for closely related tasks. This diversity partly re-
flects the aforementioned breadth of materials science
applications and is therefore neither surprising nor in-
herently problematic. However, it also introduces sub-
stantial inconsistency in how AL workflows are set up,
executed, and assessed, making it difficult to compare
performance or draw general conclusions across stud-
ies. For example, for the data acquisition task, an AL
workflow may focus to prioritize unfamiliar data points
(e.g. novel compositions or structures) [23], reduce bi-
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ases in the initial dataset [24], improve predictive per-
formance of ML models [I5], or decrease model uncer-
tainty [25]. While these objectives are often interrelated,
practitioners typically evaluate the effectiveness of AL
using only a subset of metrics, most commonly improve-
ments in model accuracy, without systematically assess-
ing whether coverage of critical regions of the design
space has also improved. Similarly, in materials discovery
applications, the choice of surrogate models [I0], acquisi-
tion functions (vida infra) [26], and uncertainty quantifi-
cation methods [27] can strongly influence outcomes, yet
these choices are often made heuristically and evaluated
using application-specific criteria that hinder cross-study
comparison. Moreover, a fundamental question remains
insufficiently addressed: “to what extent does AL provide
benefits beyond those achievable through simpler data se-
lection strategies based on human intuition, prior domain
knowledge, or hand-crafted rules?.” In other words, it is
often unclear whether the observed performance gains
stem from a principled, algorithmic AL framework or
could instead be achieved by informed, human-guided se-
lection of data points without an explicit AL loop. These
issues highlight the need for modular AL workflows that
enable consistent evaluation and comparison across ap-
plications, while still allowing flexibility to accommodate
domain-specific objectives. Without such structure, AL
workflows risk being inefficient, difficult to interpret, or
misdirected, potentially leading to unnecessary computa-
tional or experimental cost and convergence toward sub-
optimal solutions.

In this perspective, we critically examine AL work-
flows commonly employed in materials science, focus-
ing on two key applications of data acquisition and
optimization-driven materials discovery. We begin with
a brief overview of the AL methodology and analyze the
strengths and limitations of tools and techniques used
at different stages of AL workflows. We do not aim to
provide a comprehensive review here and instead refer
readers to existing review articles for the broader context
21, 28]. Our focus is to raise awareness of practitioner-
driven biases in the design choices that can impact the
performance of AL workflows. Building on this analy-
sis, we propose guidelines to support the rigorous design,
assessment, and interpretation of AL workflows in mate-
rials science.

II. ACTIVE LEARNING METHODOLOGY

An AL algorithm involves performing data acquisition
iteratively and adaptively, with the goal of selecting the
most important data points for labelling under a lim-
ited evaluation budget. In materials science, the “la-
bels” are typically obtained from an oracle such as a
high-fidelity simulation, a physical experiment, or expert
annotation (Fig. 1a), all of which are costly in terms of
time or resources. An AL workflow therefore seeks to
maximize learning efficiency by prioritizing which data
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points to evaluate next, rather than relying on sampling
performed randomly [29]. It is important to distinguish
AL from the classical framework of statistical design of
experiments (DoE), which is widely used in engineering
and industrial applications [30]. Traditional DoE meth-
ods typically rely on predefined, space-filling or statis-
tically optimal designs (e.g., Latin hypercube sampling
[31]) that aim to efficiently explore the design space. In
contrast, AL is inherently sequential and adaptive, se-
lecting new samples based on information gained from
previously acquired data. Because AL constructs a se-
quence of targeted queries, the framework is often re-
ferred to in the literature as “query learning” [32] [33]
or “sequential learning” [34], B5]. In addition, different
AL settings can be also distinguished depending on how
unlabeled data are accessed or generated. In “query syn-
thesis”, new candidate inputs are generated during the
learning process rather than selected from a predefined
dataset [30], whereas “stream-based AL” assumes that
data arrive sequentially and must either be selected for
labeling or discarded [37]. However, in this perspective,
we will use the term “active learning” and stick to dis-
cussing pool-based AL [38] where it is assumed that a
relatively larger pool of unlabelled data is available for
labelling, because of its simplicity and its widely adopted
usage in the field. Note that while the design space rep-
resents the total theoretical bounds of exploration and
can be continuous, vast regions of it may not correspond
to physically realizable or stable materials. A pool-based
AL framework circumvents the need to map such abstract
coordinates back to unique, valid materials, a task that
is often non-trivial.

Algorithm 1 outlines the core logic of pool-based AL,
which can be tailored to accommodate specific objectives.
In a supervised learning setting, let Din;y C X X Y denote
the initially available labelled dataset (hereafter referred
to as “seed data”), and let & C X represent the pool
of unlabeled data (hereafter referred to as “pool data”).
ere, X represents the design space and Y the target space
of quantities of interest (e.g., band gaps, formation en-
ergies). A surrogate ML model M is trained to approx-
imate an unknown target function f : X — Y, mapping
x € X to y € Y. Crucially, the surrogate model should
provide not only predictions but also reliable estimates of
uncertainty, which quantify the model’s confidence in its
predictions at a given point. Common choices for surro-
gate models in AL include Gaussian processes (GP) [39],
random forests (RF) [40], and neural networks [41], each
offering different trade-offs in terms of predictive accu-
racy, training cost, and interpretability (see Table. At
each iteration, a sampling strategy () evaluates the pool
data and selects a batch of k candidates Xpaten € U. This
selection is typically guided by the model’s predictions
and/or uncertainty estimates, with the goal of identify-
ing regions of the design space where additional labels
are expected to be most relevant. Note that @@ can be
deterministic , yielding a fixed set of top-ranked candi-
dates [20] or stochastic, where candidates are sampled
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based on a probability distribution [I4]. The selected
candidates are then evaluated then evaluated by an or-
acle O to obtain corresponding labels, and the labeled
dataset is updated accordingly. The selected candidates
are removed from the unlabeled pool, and the model is
retrained on the updated dataset. This process is re-
peated until a stopping criterion is satisfied, such as a

performance threshold or exhaustion of a query budget
B.

Algorithm 1 Pool-Based Active Learning

Require: Initial labeled dataset Diniy C X X Y, Unlabeled
pool U C X, Oracle O : X — Y, Surrogate model M,
Batch size k, Sampling strategy Q : (M, U, k) — X CU,
Total budget B, Stopping criterion S : (M, B)

1: Train M on Dipit

2: while S = False do

3: Select batch: Xpaten + Q(M, U, k)

4: for all z € Xpaten do

5: Obtain label y <+ O(x)

6: Update dataset: D <— Dinit U {(z,y)}
7: end for

8: Update unlabeled pool: U + U \ Xbatcn
9: Retrain M on D
10: end while
11: return (D, M)

III. ACTIVE LEARNING APPLICATIONS AND
CHALLENGES

In this section, we highlight the key challenges in
employing AL workflows for materials science prob-
lems through two representative application domains:
(i) efficient data acquisition for training ML models
(ii) optimization-driven materials discovery. It is to be
noted that here, the term “materials discovery” refers
broadly to identifying materials with desirable proper-
ties, whether among previously synthesized, computa-
tionally generated, or yet-to-be-synthesized candidates.
In this sense, discovery entails jointly establishing ma-
terial identity and properties within a vast, largely un-
explored materials space. For both i) and ii), we dis-
cuss, based on existing literature, how AL can be use-
ful and identify critical challenges that remain unad-
dressed or are frequently overlooked. We provide practi-
cal guidelines and recommendations for addressing these
challenges for future AL-driven materials research in the
Outlook section.

A. Efficient Data Acquisition for Training ML
Models

Redundancy problem in materials data : Ma-
terials datasets are often curated based on prior knowl-
edge (e.g. well-known materials with desirable proper-
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ties) or ease of access (e.g. from existing data reposito-
ries). These practices can introduce substantial redun-
dancy and lead to biased coverage of the broader mate-
rials space. Recent work by Li et al. [42] demonstrated
that widely used computational materials databases, in-
cluding the Materials Project (MP) [43] and OQMD
[44], contain significant data redundancy. Using a data-
pruning strategy, they showed that removing a large
fraction of these redundant entries neither degraded in-
distribution model performance nor improved out-of-
distribution (OOD) generalization for ML models trained
on the full datasets (Fig. 2a). While such redundancy is
perhaps unsurprising given the high-throughput nature
of computational database generation, biased sampling
can persist even when subsets of these databases are se-
lectively curated. For example, in many materials dis-
covery studies [6l [45], candidate materials are preferen-
tially chosen near the convex hull of a given compositional
phase diagram, which can distort an ML model’s repre-
sentation of the underlying stability landscape. Indeed,
Bartel et al. [40] showed that ML models can accurately
predict formation energies yet still perform poorly in clas-
sifying stable versus unstable materials, particularly in
sparsely sampled compositional spaces such as underrep-
resented quaternary systems in MP. In such scenarios, AL
offers a promising alternative by adaptively focusing on
data in the underexplored regions of the materials space.
By doing so, AL can enable the construction of smaller,
more relevant datasets that mitigate redundancy while
maintaining or even improving predictive performance.

Inadequate sampling strategy : One of the key
components of an AL workflow is the sampling strategy,
which is used to indicate which datapoints to be selected
from an unlabelled pool. Many of the AL workflows
adapted in materials science [I5] [47] use informativeness,
i.e., ability of a sample to improve the model perfor-
mance, as the sole sampling criterion. However, an effec-
tive AL sampling strategy is inherently multi-faceted and
cannot be fully captured by informativeness alone (Fig.
1b). A key complementary criterion is representative-
ness, which assesses whether a queried sample reflects the
structure of the unlabeled data distribution [48]. This is
particularly important to prevent sampling extreme out-
liers (e.g. highly distorted structures) that are not statis-
tically representing the remaining, relevant design space
of interest. While informativeness and representativeness
are conceptually distinct, they are often complementary
when AL performance is evaluated over the full search
space. However, in the presence of a significant distribu-
tion mismatch between the labelled seed data and the un-
labeled pool, the two criteria may diverge. In such cases,
representativeness favors sampling from high-density re-
gions of the pool distribution, whereas informativeness
prioritizes regions that are underrepresented in the seed
data, leading to potentially differing sampling. Various
methods have been proposed by the ML community to
include the representativeness factor [49] [50], or jointly
optimize informativeness and representativeness [51] 52],
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FIG. 1: Schematic representation of (a) an AL workflow where both model-based and model-free AL strategies can
be employed to acquire samples from pool data and update the seed data by interacting with an oracle, (b) various
factors that need to be considered while designing the sampling strategy for AL.

yet most AL workflows in materials science remain fo-
cused on informativeness due to the ease of monitoring
via proxies such as model test errors. Beyond these stan-
dard criteria, additional materials-science-specific factors
need to be considered for sampling. These include: (i)
diversity, which ensures that selected samples are suffi-
ciently distinct relative to both the seed data and be-
tween themselves to avoid redundancy [53], 54] (ii) phys-
ical validity, ensuring that samples are chemically and
physically meaningful, for example by excluding crystal
structures under extreme conditions and (iii) feasibility,
which accounts for practical constraints such as com-
putational cost, favoring candidates that provide maxi-
mal information without incurring excessive expense (e.g.
extremely large system sizes for simulations). In addi-
tion, for AL campaigns for which a reasonably large seed
data are already available, pre-existing biases can persist,
such as overrepresentation of certain chemistries, phases,
or structural motifs. If these biases are not identified
and addressed at the outset, AL may inadvertently rein-
force them, leading to a sampling that further skews the
dataset. Failure to consider these criteria while design-
ing the sampling strategy can therefore severely limit the
reliability of AL in materials science.

The ill-addressed active learning bias : While
AL can mitigate the redundancy problem, it can para-
doxically introduce a new form of bias, termed as active
learning bias (ALB) [55, [66]. This arises because dur-
ing AL, samples are no longer drawn independently and
identically distributed (i.i.d.), a fundamental assumption
underlying ML model training. As a result, actively cu-
rated training sets may deviate substantially from the
application-relevant data distribution in the design space

of interest (Fig. 2b). This deviation has important im-
plications for model training and evaluation. Standard
empirical risk minimization, which optimizes model pa-
rameters by minimizing the average loss over the training
data, implicitly assumes that the training set is repre-
sentative of the target distribution. When this assump-
tion is violated, as is often the case in AL, model perfor-
mance measured on finite or randomly curated test sets
may reflect optimization with respect to a biased objec-
tive rather than genuine generalization across the mate-
rials domain. In materials science applications, this can
manifest as models that perform well on actively sam-
pled configurations while failing to generalize to unex-
plored chemistries or structures. Statistical corrections
have been proposed to mitigate ALB, such as reweight-
ing the training loss by the inverse probability of sample
acquisition [57], thereby partially restoring consistency
with the underlying data distribution. However, such
approaches have not yet been systematically explored in
materials science. Moreover, reweighting introduces ad-
ditional subtleties: in overparameterized models, includ-
ing deep neural networks, ALB can sometimes act as an
implicit form of regularization, reducing overfitting and
even improving apparent generalization [568]. While this
effect may be beneficial in practice, it complicates the
interpretation of AL performance, as improvements may
stem from sampling-induced regularization rather than
principled coverage of the design space. Because the mag-
nitude and impact of ALB depend strongly on the mis-
match between the seed dataset, the unlabeled pool, and
the target application domain, careful attention to data
distributions is essential. Incorporating explicit analy-
sis of distributional coverage using tools such as dimen-
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(top panel) and improved performance of ML models trained on such actively learned dataset compared to randomly sampled
dataset (bottom panel). Adapted with permission from Ref. [24], Copyright 2023 American Institute of Physics.

FIG. 2: (a) Active learning reduces redundancy in materials datasets: Performance of XGBoost (XGB) and Random
Forests (RF) models on band gap prediction trained on datasets obtained by uncertainty guided active learning,
pruning, and random sampling from the OQMD14 dataset. Comparable accuracy is achieved with only 10% of the
data, highlighting substantial redundancy in the dataset, Adapted with permission from Ref. [42], Copyright 2023
Springer (b) schematic representation of active learning bias induced by sampling of data points do not following
i.i.d assumption, (c) information-entropy guided active learning (ETAL) minimizing the large structure-stability bias

by improving the coverage of less symmetric crystal systems in the JARVIS dataset

sionality reduction [59] or density estimation [60, [61] can
therefore provide critical context for evaluating AL out-
comes and for designing more robust, application-aware
AL workflows [62] [63]. Without such considerations, AL
strategies risk reinforcing hidden biases, limiting trans-
ferability, and overstating the effectiveness during the
workflow deployment.

Model-based vs. Model-free active learning :
While most AL workflows employed in materials science
are built around surrogate ML models and consequently
face the challenges outlined above, strategies which do
not involve training a surrogate model could be adapted
as an alternative. These approaches are typically formu-
lated under unsupervised settings, enabling sampling to
target specific objectives without relying on model pre-
dictions or uncertainty estimates, in contrast to model-
based approaches that operate in a supervised setting. In
this work, we refer to such approaches as “model-free”. A
key advantage of model-free strategies is their conceptual
simplicity and flexibility. They are particularly useful
for scenarios involving a very small amount of seed data,
where surrogate models have limited predictive accuracy,
and their uncertainty estimates may be unreliable. Zhang
et al. [24] employed an information-entropy-based AL
workflow to mitigate structure-stability bias in compu-
tational crystal databases, where low-symmetry struc-
tures are often underrepresented. By prioritizing struc-

turally informative samples, measured using information
entropy, their approach improved the coverage in crystal-
lographic space and yielded ML models with superior pre-
dictive performance compared to random sampling (Fig.
2c). Similarly, Schwalbe-Koda et al. [64] demonstrated
that atomistic information entropy, computed directly
from local atomic descriptors, can serve as a model-free
proxy for uncertainty of machine learning interatomic po-
tentials (MLIPs), guiding molecular dynamics (MD) sim-
ulations. Beyond informativeness, model-free AL can ex-
plicitly enhance representativeness and diversity, two cri-
teria that are often weakly controlled in model-based AL
workflows. Density-based strategies, such as clustering
or kernel density estimation, promote sampling from sta-
tistically significant regions of the design space, thereby
preserving global coverage and facilitating the represen-
tative sampling [68] [72]. On the other hand, similarity-
based model-free strategies emphasize improving diver-
sity and minimizing redundancy. These methods are
often implemented using some distance-based metrics,
defined over feature, descriptor, latent, or embedding
spaces [42] 73], [74] and select samples that are maximally
distinct from one another and from the existing seed
data, promoting diversity. It has to be noted that the dis-
tinction between model-based and model-free approaches
becomes less clear when distances are computed in latent
spaces derived from trained models, as these representa-
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Sampling Criterion Methods

Central Idea

Application in Materials Science

Entropy-guided

Select samples that maximize in-
formation entropy computed from
structural or descriptor distribu-

Curation of bias-minimized crys-
tal structure datasets [24]; Model-

Informativeness tions, enabling bias reduction and  free uncertainty for MLIP-driven
improved coverage without model ~MD [64] [65]
uncertainty estimates.
Partition the unlabeled pool into
clusters and select representative Discovery of perovskite oxides
Clustering samples (e.g. cluster centroids) fori oxygen evolution catalysis
Representativeness to preserve global coverage of the  [66]; Training data generation for
distribution and avoid oversam- MLIPs [67]
pling statistical outliers.
Prioritize samples located in Functionalized nanoporous ma-
. . P terials (MOFs/COFs) property
- " . high-density regions of the unla- . . .
Density estimation Lo prediction [68]; Assessing out-of-
beled data distribution to ensure . :
. distribution performance of ML
representativeness. .
models [60]
Select samples that maximize the
minimum distance to the seed Discovery of high-entropy oxides
Distance-based data in feature, output, latent, for Hs production [69]; Surface
. or an embedding space to avoid structure exploration for catalysis
Diversity redundancy and maximize diver-  [70]

sity.

Select batches of samples that are
mutually dissimilar while also dis-

Physical metric-based tinct from the existing labeled

data based on a physical or chem-
ically motivated metric

Developing accurate property-
prediction models for structure-
property mapping of microstruc-
tures [71]

TABLE I: Examples of model-free active learning strategies and representative applications in materials science.

tions implicitly depend on the model, even if the sampling
criterion itself does not directly rely on the model. Alter-
natively, diversity can also be enforced using physically
or chemically motivated similarity measures, for exam-
ple, based on composition, local coordination environ-
ments, structural topology, bonding motifs, or symmetry
classes [71L[74]. It has been shown that when labeled data
are scarce, similarity-based model-free methods can out-
perform model-based AL due to their robustness against
less accurate surrogate models [75]. However, these ap-
proaches are not without limitations. High-dimensional
vector spaces used to represent materials data may suf-
fer from the curse of dimensionality, and outcomes of
distance-based sampling are sensitive to the choice of
representations (e.g. elemental-property-based features
or SOAP descriptors [70]), similarity metrics (e.g. Eu-
clidean or Mahalanobis distances), and analytical choices
such as centroid-based versus nearest-neighbor selection
[77]. Additionally, since such approaches do not leverage
predictive models, they may lack adaptivity to variations
in the underlying response surface, potentially leading to
inefficient sampling in regions where the target property

varies non-uniformly across the design space [78]. Recent
benchmarking by Bi et al. [79] further suggests that, on
average, model-free strategies underperform model-based
AL when evaluated across diverse materials datasets, as
they lack explicit mechanisms to capture the relationship
between samples and target properties. Despite these
limitations, model-free AL remains practically valuable;
it avoids the computational overhead of training and re-
training surrogate models (e.g. ensembles of ML mod-
els) and remains effective when initial datasets are small
or highly biased. These observations highlight an un-
resolved dilemma in AL design: whether to prioritize
model-based or model-free strategies, and motivate hy-
brid approaches that combine the robustness of model-
free sampling with the task-awareness of model-based
methods [80], BI]. Representative model-free AL strate-
gies and their applications in materials science are sum-
marized in Table[Il
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Model Type Data Efficiency uQ

Interpretability Cost Application in Materials Science

Gaussian Processes High Principled (exact Bayesian posterior)

Random Forests Moderate Heuristic (ensemble-based)

Gradient Boosting Methods Moderate Heuristic (ensemble-based)
Bayesian Neural Networks Low Heuristic (approximate posterior)
Support Vector Regression Moderate Limited

Deep ensembles Low Heuristic (inter-model predictive variance)
Symbolic regression High Limited

Phase-change memory material
for photonic switching devices
[78] (exp); layered materials with
suitable electronic properties [I7]
(comp)

Biochar syntehsis for CO2 capture
[82] (exp); screening of inorganic
materials [83] (comp)

High (O(N®))

Limited in high-dimension

Moderate with feature importance Low

High-entropy oxides for Ha produc-
tion [69] (exp); power factor predic-
tion of thermoelectrics [47] (comp)

Moderate with feature importance ~ Moderate

Optimal parameters for chemi-
cal reactions [84] (exp); van der
Waals heterostructures with suit-
able bandgaps [85] (comp)

Shape memory alloys with low ther-
mal hysteresis [20] (exp); Piezoelec-
tric materials screening [27] (comp)

Limited Moderate

Crystal structure prediction [86]
(comp); MLIP assisted material
simulations [87] (comp)

Low High

Screening of acid-stable oxides for

High (analytical tions Higl
igh (analytical equations) 18 electrocatalysis [19] (comp)

TABLE II: Common surrogate models and their properties relevant to Bayesian Optimization based active learning
applications. The exp and comp in parenthesis of literature references indicates whether the works do involve
experiments or purely computational simulations, respectively.

B. Optimization-driven Materials Discovery

Interplay between surrogate models and sam-
pling strategy : The dominant AL practices in both
computational and experimental settings for materi-
als discovery are black-box optimization (BBO), with
Bayesian Optimization (BO) [88] being the most widely
adopted approach [89]. BO’s ability to navigate com-
plex search spaces under data-scarce conditions has led to
numerous success stories in materials discovery [90H92].
Notable examples include the identification of Pb-free
BaTiOg3-based piezoelectrics with enhanced electrostric-
tive strain [93], NiTi-based shape memory alloys with
low thermal hysteresis [20], and efficient high-entropy al-
loy catalysts [92]. The key components of a BO-driven
AL (BO-AL) include: (i) a surrogate model to approxi-
mate the expensive objective function mapping the ma-
terials property to a set of given input parameters (ii)
an acquisition function (analogous to sampling strategy
in non-BO AL) to guide sample selection, and (iii) an
oracle for labelling new data points. While BO tra-
ditionally relies on probabilistic surrogate models such
as GP for their principled uncertainty estimates, non-
Bayesian models have also been adopted in materials ap-
plications [94] [95]. This is often motivated by practical
considerations, including the poor scalability of GP in
high-dimensional spaces and the superior extrapolation
performance observed with certain non-Bayesian mod-
els on specific datasets [96]. Nevertheless, the criteria
used to select a suitable surrogate model for BO-AL in
materials science are not thoroughly discussed. Since no
surrogate model demonstrates universally optimal perfor-
mance across all problem settings, surrogate model selec-
tion is inherently task-dependent, with different models

exhibiting varying performance across applications. For
instance, Lim et al. [94] demonstrated that GP with
carefully selected kernels outperformed alternative mod-
els, including RF, on experimental materials datasets. In
contrast, Liang et al. [95] found that RF-based BO out-
performed GP-BO using standard isotropic kernels and
performed comparably to GP with anisotropic kernels.
Table [[I and [Tl summarize some of the characteristics of
various surrogate models and acquisition strategies used
in BO-AL for materials science applications, respectively.

Importantly, the performance of BO-AL is often not
governed just by the surrogate model or acquisition func-
tion in isolation, but by their combined behaviour. A
highly accurate surrogate model may still perform poorly
if paired with a suboptimal sampling strategy. For ex-
ample, expected improvement (EI), a popular acquisi-
tion function used in BO-AL for material property opti-
mization, depends on the current best observation, which
might be an unreliable benchmark if the seed data is
strongly biased, misleading the optimization trajectory.
Therefore, evaluating surrogate model-acquisition func-
tion combinations through after-the-fact (AFT) AL trials
(where pool data is already labelled but excluded from
seed data) can help identify optimal configurations [20],
though these analyses may not always generalize to all
pool datasets due to distribution shifts. As illustrated
by Boley et al. [I0] (Fig. 3a), in the AFT-AL exper-
iment for discovering perovskites with high bulk mod-
ulus, RF with both pure exploitation (XT) and EI ac-
quisition functions perform similarly to that of GP with
EI, but only as good as random sampling. However, in
real AL runs (using DFT calculations as ground truth),
GP with EI clearly outperforms the others, highlight-
ing that surrogate model-acquisition function selection
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Acquisition Strategy

Exploration-Exploitation Balance

UQ Dependency Application in Materials Science

Random Sampling (RS)

Pure Exploitation (XT)

Exploration only (uninformed)

Exploitation only

Baseline for benchmarking AL workflows
in optimization-driven materials discovery

[32] 95)

None

Identifying perovskites with high bulk
modulus [I0]; benchmarked against EI in
shape memory alloy design [20]

Low (Mean prediction)

Identifying materials with low lattice ther-

Probability of Improvement (PI) Balanced; tunable via & High mal conductivity [97]; discovery of materi-
als with the high melting points [98]
Discovery of stable materials [99]; acceler-

Expected Improvement (EI) Balanced; tunable via £ High ating synthesis of superconducting materi-

als [100]

Mg alloy design [101]; parametrization of

Upper Confidence Bound (UCB) Exploration-leaning; tunable via 3 High DF'T for accurate bandstructure prediction
[102)
Probability of Feasibility (POF) Exploitation (constraint-driven) High Computational discovery of acid-stable ox-

Thompson Sampling (TS)
Knowledge Gradient (KG) Balanced

Expected Hypervolume Improvement (EHVI / gNEHVI)

Exploration-leaning (stochastic)

Balanced (Pareto front-focused)

ides [19]

High (posterior sampling) Atomic structure determination [103];
‘ crystal structure prediction [104]
High Optimizing processing conditions of hybrid
organic—inorganic perovskites [105]
High Nanoparticle synthesis [I06); additive

manufacturing [107]

TABLE III: Common acquisition strategies and their properties relevant to Bayesian Optimization-based active
learning applications in materials science.

based solely on initial data may be misleading due to
distributional shifts and the underrepresentation of high-
performing materials. Although dynamic switching be-
tween acquisition functions has been proposed [10§], it
remains underexplored in BO-AL workflows applied for
materials discovery. It is to be noted that such a sensi-
tivity to sampling strategy is a general challenge in AL,
even beyond BO frameworks. In particular, the choice of
representation plays a critical role in shaping the trajec-
tory and performance of AL [I09} [TT0]. We have recently
shown that efficient feature selection on-the-fly at each
AL iteration can significantly enhance the performance
of BO-AL campaigns compared to high-dimensional rep-
resentations, which are not updated during AL iterations
[I11]. Also, different representations induce distinct ge-
ometries of the design space, which further determine
how similarity and diversity are quantified. This becomes
especially important when the sampling strategy relies
on geometric notions (e.g., distance-based approaches),
as the representation directly influences sampling be-
haviour and the overall efficiency of AL. For instance,
a materials representation based on global, composition-
only descriptors (e.g., Magpie [112]) is fundamentally dis-
tinct from one based on local atomic environments (e.g.,
SOAP). A distance-based sampling strategy navigating
a compositionally defined space will naturally prioritize
exploring broad chemical families and diverse elemen-
tal combinations. This approach is ideal for AL work-
flows targeting exceptional materials when the under-
lying property landscape is predominantly composition-
driven, such as screening vast compositional spaces for
novel high-entropy alloys. Conversely, the same strat-
egy operating within a local structural descriptor space

will prioritize exploring local atomic environments which
could be more suitable for AL focused on diversifying lo-
cal environments when training MLIPs, where capturing
subtle structural variations is vital for accurate force and
energy predictions. Hence, the choice of representation
must therefore be strictly aligned with both the specific
objective of the AL campaign and the underlying physics
of the target property landscape.

For many applications, BO-AL is preferred to be ap-
plied in batched or parallel settings where a number of
samples (instead of one as in standard BO) are selected,
which could leverage the availability of oracles with par-
allel execution capabilities (e.g. high performance com-
puting facilities, high-throughput synthesis platforms)
[22, [84]. However, standard acqusition functions are lim-
ited by their nonadditivity and do not account for infor-
mation overlap between simultaneously queried samples.
To address this limitation, specialized batch acquisition
functions have been developed that explicitly account
for correlations between candidate points. Notable ex-
amples include multipoint Expected Improvement (qEI)
[114], which generalizes EI to jointly evaluate a batch
of points and the recently proposed multipoint Proba-
bility of Optimality (qPO) [I15], which maximizes the
joint likelihood that the true optimum is contained within
the selected batch. For large batches common in mate-
rials screening (10-100 samples), hybrid methods com-
bining uncertainty-based acquisition with explicit diver-
sity mechanisms such as determinantal point processes
[116] or clustering-based selection have been shown to
improve coverage of the design space and reduce redun-
dancy. It is important to note that while batching is
desirable from a resource management perspective, it
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FIG. 3: (a) Impact of surrogate model and acquisition function choices on active learning for identifying perovskites with high
bulk modulus: Real AL runs (top panel) show varied efficiencies across GP and RF models with exploitation (XT), expected
improvement (EI), and uniform (random) sampling acquisition functions, compared to retrospective seed-only baselines
(bottom panel). Adapted with permission from Ref. [I0], Copyright 2024 Institute of Physics. (b) Lack of correlation between
model performance and materials discovery in Bayesian optimization based AL for identifying high-bandgap materials.
Colored curves denote acquisition functions (blue: expected value, violet: EI, red: maximum uncertainty, yellow: random
sampling). Discovery yield (DY) (see Table |IV|for definition) improves, but non-dimensional model error (NDME =
RMSE/standard deviation of holdout set) does not consistently decrease. Adapted with permission from Ref. [113],
Copyright 2023 Royal Society of Chemistry

may degrade sampling efficiency if diversity and informa-
tion gain are not explicitly accounted for, as acquisition
functions can otherwise fail to correctly rank candidates
in terms of marginal utility. This challenge is particu-
larly pronounced in materials science applications, where
multiscale structure—property relationships and heteroge-
neous synthesis or characterization pathways can further
amplify redundancy and bias in batch selection. Never-
theless, platforms such as Pheonix [84], ChemOS [117],
Olympous [T18] etec. have made success in enabling the
application of BO-AL with robotic experimentation or
lab automation systems to enable parallel acquisition
and execution, useful for chemistry and materials science.
In addition to batch selection, incorporating evaluation
cost into the acquisition strategy is critical for real-world
applications, as the cost of evaluating candidates can
vary by orders of magnitude. This can be addressed ei-
ther through cost-aware acquisition functions [I19], such
as Expected Improvement per Unit Cost (EIpu) [120]
which prioritize candidates offering high utility relative
to their evaluation cost, or through multi-fidelity ap-
proaches [I12I], where each candidate can be evaluated
at multiple levels of fidelity with different cost—accuracy

trade-offs. Such approaches enable more efficient utiliza-
tion of limited resources.

Unreliable uncertainty quantification : In AL
strategies with an exploration component such as those
used in BO, uncertainty quantification (UQ) plays a piv-
otal role. This is based on the notion that the surrogate
models are most error-prone in regions where their pre-
dictions are least confident, and hence, acquiring data
from such regions is often the most informative. Reliable
UQ helps in identifying these regions by assigning a con-
fidence interval to predictions, thus guiding the sampling
strategy toward high-impact data points [122]. However,
two core challenges hinder this process: (i) most ML
models lack inherent UQ capabilities (see Table [II)), and
(ii) many UQ techniques produce unreliable estimates
which are often underconfident or overconfident relative
to actual prediction errors [123, 124]. Unreliable UQ can
misguide AL by undervaluing informative samples, po-
tentially leading to premature convergence or excessive
exploitation of suboptimal regions. For instance, in BO-
AL with EI as the acquisition function, overconfident un-
certainty estimates shrink the exploration term, causing
the algorithm to overlook uncertain but informative re-
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gions in favor of already well-explored ones.

The reliability of UQ in ML remains an open research
challenge in materials science, with relatively few stud-
ies that critically benchmark UQ methods [127], [128].
Existing efforts typically evaluate the quality of uncer-
tainty estimates based on hold-out test sets using met-
rics based on the uncertainty distribution [129], correla-
tion with prediction errors [127], or computational cost
[128]. These studies consistently show that no single UQ
method outperforms across all scenarios, with strong de-
pendencies on surrogate model and dataset characteris-
tics. Nevertheless, calibration approaches such as scaling
uncertainty estimates with respect to residuals can en-
hance their reliability [129] [130]. Openly available tools
like uncertainty-toolbox [I31] and UQLab [132] facilitate
such calibration processes. However, the effectiveness of
these calibration methods within AL workflows remains
largely unexplored, with existing studies still in their
early stages [133]. Since such approaches require labeled
data, they are constrained to the currently known sam-
ples and hence cannot guarantee improved uncertainty
estimates on the unlabeled pool data where accurate UQ
is most critical. This highlights the need for more stan-
dardized, AL-focused metrics to assess and compare UQ
methods for materials property prediction and optimiza-
tion tasks.

Since one of the reasons for unreliable UQ is that the
surrogate models are primarily trained to minimize pre-
diction error without providing default uncertinay esti-
mates, a range of alternative, model-agnostic UQ strate-
gies have been proposed to address this challenge. These
rely on heuristic measures of uncertainty, such as distance
in feature [I34] or latent spaces [73] and are not specifi-
cally dependent on predictive model architecture. It has
been demonstrated that latent space distance provides
more reliable uncertainty estimates (by better capturing
of residuals) for both artificial [73] and graph [I35] neu-
ral networks, indicating that such model-agnostic meth-
ods could be beneficial to AL. Similarly, integrating Do-
main of Applicability (DoA) analysis [59, [60] with UQ
in AL workflows allows for the identification and expan-
sion of the model’s reliable prediction regime, enabling
more effective sample selection near or beyond the cur-
rent DoA to improve model robustness [136]. However,
these methods are more mature in cheminformatics, and
lack standardized implementation in materials science,
due to the absence of universally accepted DoA frame-
works [60, [137]. Also, a fair comparison between these
model-agnostic vs. model-based UQ methods for AL per-
formance for materials discovery has not been done to the
best of our knowledge, which is also necessary for improv-
ing the reliability of AL practices in materials science.

Lack of standardized performance evaluation
metrics : A rigorous and accurate evaluation of AL per-
formance is essential for assessing its efficiency and deter-
mining when to terminate the AL loop. This is especially
critical in closed-loop, automated experimentation plat-
forms with limited human intervention, where failure to

View Article Online
DOI: 10.1039/D6DD00081A10

recognize diminishing returns can result in substantial re-
source consumption. Various performance metrics have
been proposed to quantify AL efficiency in optimization-
driven workflows for materials discovery. However, no
single metric universally captures all aspects of perfor-
mance, and even metrics which are expected to be com-
plementary could show diverging trends for performance
estimation throughout AL iterations. The most popular
metrics used in assessing the efficacy of AL are based on
comparison with random sampling [94) [125], which in-
volves sampling data points from the pool without the
use of a surrogate model-derived insight and hence also
can be referred to as “passive learning”. Rohr et al.
[34] proposed quantitative metrics such as the accelera-
tion and enhancement factors (see Table [IV]), measuring
the fraction of promising materials found and the itera-
tions required to find them relative to random sampling,
which have been used to benchmark surrogate models
and acquisition strategies for AFT materials discovery
campaigns [95], [138]. However, using random sampling
as a baseline may not be considered a universal perfor-
mance metric in materials science, where experimental
choices are typically guided by prior knowledge rather
than random selection. Moreover, AL can underperform
random sampling if the surrogate model’s inductive bias,
i.e., the set of foundational assumptions about the under-
lying data, does not accurately reflect the true property
landscape, thereby misguiding the search process [139].
In such cases, acquisition strategies like uncertainty sam-
pling can become ‘trapped’ in intrinsically noisy or phys-
ically irrelevant regions of the design space that offer lit-
tle contribution to the model’s generalizability. This was
recently found to be the case for training MLIPs [140],
where random sampling achieved superior predictive ac-
curacy because the AL oversampled high-energy and dis-
torted configurations. This introduced systematic energy
offsets and compromised the model’s performance within
the physically relevant regions of interest.

Another common evaluation criterion in optimization-
driven AL workflows is tracking model performance over
AL iterations. However, Borg et al. [I13] observed that
improvements in model accuracy do not necessarily cor-
relate with better discovery rates of high-performing ma-
terials. As shown in Fig. 3b, AFT BO-AL campaigns
targeting high band gap materials achieved high discov-
ery rates, even without noticeable improvements in sur-
rogate model accuracy. This suggests that the popular
notion of “model is getting better” may not qualify as
an accurate evaluation criteria for AL for materials dis-
covery. This arises because global accuracy metrics (e.g.,
model error measured on hold out test sets) primarily
reflect performance in the bulk of the data distribution,
while successful discovery depends on the model’s abil-
ity to prioritize candidates in sparsely populated, high-
performing regions. Similarly, Koizumi et al.[I4] demon-
strated that the AL performance can vary substantially
with changes in the material property, descriptor dimen-
sion and size of seed data even when using a fixed choice
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Metric

Definition

Limitation

Discovery yield [34], [I13]

No. of Materials with FOM at i

Requires apriori knowledge of inter-

Acceleration factor [95],[113]
Enhancement factor [95],[113]

Decision efficiency [34] 2

Total No. of Materials with FOM in Pool
No. of il for FOM
No. of iRS for FOM

FOM(AL)
FOM(RS)

#{samples with iponm <i

esting materials in the pool
Not (always) a fair baseline
Not (always) a fair baseline

(selected)
FOM P

1 Dependence on pool quality

N

Model accuracy [42], [125]

estimated on a (holdout) test set

Model uncertainty [19], [126]

Error of surrogate model

Uncertainty of surrogate model

Prone to overestimation

due to active learning bias

Prone to misleading

due to unreliable uncertainties

TABLE IV: Evaluation metrics used for assessing AL performance for optimization-driven materials discovery. i*

L

is the active leaning iteration(s) and i® is the random sampling iterations. The figure of merit (FOM) is a general

quantitative metric measuring the AL efficiency and could indicate the desired material property value, the number

of promising materials in a target range, etc. The previous studies employed the metrics for performance evaluation
of AL are indicated.

for surrogate model and sampling strategy. Kim et al.
[141] emphasized that beyond the model and seed data,
the quality of the candidate pool, particularly the frac-
tion of promising materials, critically affects AL perfor-
mance evaluation. They pointed out that the efficiency of
optimization-driven AL workflows depend on how likely
candidates in the pool are to outperform those in the
initial seed data and proposed metrics such as predicted
fraction of improved candidates to quantify the pool qual-
ity. It is important to note that these insights are derived
from post hoc studies with fully labeled datasets and may
not directly translate to real-time AL workflows involv-
ing partial and potentially noisy data acquisition. Nev-
ertheless, the use of diverse datasets spanning different
properties, surrogate models, and acquisition functions,
along with repeated trials to gather statistics suggests
that these trends may hold more broadly, including for
AL workflows involving real-time experiments and simu-
lations.

In BO-AL frameworks focused on multi-fidelity or
multi-objective optimization, performance metrics must
be adapted beyond those used in single-fidelity and
single-objective tasks. In the multi-fidelity setting, data
acquisition comes with differing costs and fidelities, mak-
ing it essential to quantify not just predictive accuracy,
but also cost-efficiency. Acquisition functions that ex-
plicitly incorporate cost information across fidelity lev-
els such as multi-fidelity Expected Improvement, multi-
fidelity Maximum Entropy Search [I42], and Targeted
Variance Reduction [I43], have been proposed for this
purpose. Despite their promise, the performance of
multi-fidelity AL is highly sensitive to the cost ratio and
informativeness across the different fideltities. Jacobs et
al. [I44] demonstrated that low-fidelity data improves

optimization only when it is significantly cheaper (e.g.,
<5% of high-fidelity cost) and partially available upfront.
This underscores the need for performance metrics that
jointly account for data cost and the degree of informa-
tion transfer between fidelity levels. Steps in this di-
rection include the recently proposed discount metric,
which measures how much cheaper a multi-fidelity opti-
mization campaign is compared to a single-fidelity one to
achieve a comparable quality of solution [121I]. In multi-
objective AL, the aim is to identify candidate materi-
als that perform well across multiple properties. Most
studies have centered on Pareto optimization, where the
goal is to approximate the Pareto front of non-dominated
solutions [145] [T46], using acquisition strategies such as
Expected Hypervolume Improvement (EHVT) [147, [148],
Pareto AL [149], and scalarization-based approaches such
as ParEGO [I46]. As the number of objectives grows,
however, computing the hypervolume improvement be-
comes increasingly expensive and coverage of the Pareto
front becomes sparse, limiting the efficiency of these ap-
proaches. Furthermore, materials properties are often
unevenly distributed, and may vary substantially in mea-
surement cost, which are not accounted for in standard
multi-objective formulations. These challenges collec-
tively highlight the pressing need for task-aware and cost-
sensitive AL performance metrics that go beyond stan-
dard error, accuracy, or hypervolume, and that reflect
the practical realities of materials design.

IV. OUTLOOK

AL has shown substantial promise for advancing data-
driven materials science, yet its broader impact remains
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limited by unresolved challenges in the design, execution,
and evaluation of AL workflows. While this perspective
has highlighted several aspects in this direction, we con-
clude by summarizing these into a set of core challenges
and outlining future directions that we believe are most
critical for advancing the field.

e Towards systematic selection of design
choices : AL workflows involve many interacting
design choices including the surrogate model, ac-
quisition function, sampling strategy, UQ method,
and stopping criterion, yet these components are
rarely tuned systematically for a specific materi-
als task. In analogy to ML model selection, these
workflow components should be treated as hyper-
parameters that require careful optimization before
deploying AL in resource-intensive discovery cam-
paigns. An important next step is the development
of large-scale benchmarking studies that systemat-
ically compare combinations of these choices across
diverse materials datasets and target properties.
Such benchmarks could establish practical guide-
lines and serve as reference points for future AL
applications in related materials design problems.
In parallel, open and modular software frameworks
that support automated optimization of these hy-
perparameters would reduce reliance on ad hoc de-
cisions and lower the barrier to adoption for prac-
titioners.

e Improved integration of domain knowledge
and practical constraints : Generic AL frame-
works often overlook the domain-specific con-
straints inherent to materials science, such as phys-
ical validity of candidate structures, synthesis fea-
sibility and cost. This limitation is particularly
pronounced in complex, non-uniform design spaces,
where the underlying property landscape may vary
significantly across regions, and uninformed sam-
pling can fail to concentrate effort where it is most No
needed. When such considerations are neglected,
AL may waste valuable evaluation budget on im-
practical or infeasible candidates, reducing the effi-
ciency gains. Future AL workflows should incorpo-
rate domain knowledge and practical constraints,

Page 12 of 19

View Article Online
DOI: 10.1039/D6DD00081A12

AL stages could be alleviated by incorporating pre-
trained or foundational models trained on broad
materials or even synthetic datasets, which provide
more reliable uncertainty estimates under low-data
regimes [I51]. However, care must be taken as these
models can introduce systematic inductive biases;
if the pretraining distribution is poorly aligned
with the target domain, the AL process may be-
come trapped in over-represented regions of the de-
sign space. For high-dimensional and complex de-
sign spaces where conventional surrogate-based AL
struggles, reformulating the sampling problem as
sequential decision-making through reinforcement
learning offers a route to more adaptive exploration
policies [I52]. In parallel, recent advances in gen-
erative models [153], [154] open opportunities to go
beyond pool-based AL, where a predefined set of
unlabeled candidates is required, which may not be
feasible for many materials discovery applications.
In this setting, AL can be combined with genera-
tive models to sample new candidates by exploring
an open design space, which are then decoded into
material compositions and structures using genera-
tive models such as variational autoencoders [155].
However, it is important to ensure that such gener-
ated candidates are physically plausible and chem-
ically meaningful by enforcing strict physicochemi-
cal constraints. Realizing the full potential of these
approaches also requires a stronger integration be-
tween the materials science and ML communities,
as many advances relevant to AL, such as advanced
UQ methods [I56] developed by the later remain
underexplored for AL for materials science applica-
tions.
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