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ation of active learning workflows
in materials science
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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.
1. Introduction

The application of machine learning (ML) in materials science
and engineering has expanded rapidly, enabling progress
across a wide range of tasks, including high-throughput
screening, accelerated materials property prediction and
autonomous experimentation.1–4 Central to many of these
efforts is the challenge of learning 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 exible
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,7,8 generating consistent, high-delity materials
data remains time- and resource-intensive. As a result, many
materials science applications operate in regimes better char-
acterized as data-scarce rather than data-rich.9 Moreover,
materials datasets are oen not “statistically representative”,
i.e., they tend to be shaped by prior domain knowledge, biased
curation strategies, or feasibility constraints, and frequently fail
to adequately represent the broader space of potentially inter-
esting materials. As a result, ML models trained on such data
are prone to unreliable performance when applied to unex-
plored or underrepresented regions.10,11
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Active machine learning (hereaer referred to as active
learning, AL) has emerged as a promising framework for
addressing these challenges in ML-driven materials science. As
formalized by Cohn et al.,12 “AL studies the closed-loop
phenomenon of a learner selecting actions or making queries
that inuence what data are added to its training set”. In AL, the
training dataset is iteratively updated during the learning
process, as new data points are selected and labeled at each step.
This is in contrast with static approaches which execute a pre-
determined design without incorporating feedback from
incoming data or real-time experimental observations. By adap-
tively expanding the dataset, AL prioritizes the acquisition of the
most relevant data points.13While oen 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 workows 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.14,15 In this
context, the design space refers to all possible sets of inputs that
dene materials, for instance, all possible atomic arrangements
and compositions. In autonomous platforms focused on mate-
rials discovery, the goal of AL is to sample specic, high-value
regions of the design space. Here, AL strategies aim to balance
exploration of previously unobserved regions with exploitation of
ML model predictions and uncertainties to efficiently guide the
search toward optimal candidates.16–18 The success of AL in such
cases is dened by a specic discovery objective, such as identi-
fying materials with target properties below a given threshold
value with a minimal number of evaluations.19,20

While AL workows are now routinely applied in materials
science,17,21,22 their design choices vary widely, even for closely
Digital Discovery
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related tasks. This diversity partly reects the aforementioned
breadth of materials science applications and is therefore
neither surprising nor inherently problematic. However, it also
introduces substantial inconsistency in how AL workows are
set up, executed, and assessed, making it difficult to compare
performance or draw general conclusions across studies. For
example, for the data acquisition task, an AL workow may
focus to prioritize unfamiliar data points (e.g. novel composi-
tions or structures),23 reduce biases in the initial dataset,24

improve predictive performance of ML models,15 or decrease
model uncertainty.25 While these objectives are oen interre-
lated, practitioners typically evaluate the effectiveness of AL
using only a subset of metrics, most commonly improvements
in model accuracy, without systematically assessing whether
coverage of critical regions of the design space has also
improved. Similarly, in materials discovery applications, the
choice of surrogate models,10 acquisition functions (vida
infra),26 and uncertainty quantication methods27 can strongly
inuence outcomes, yet these choices are oen made heuristi-
cally and evaluated using application-specic criteria that
hinder cross-study comparison. Moreover, a fundamental
question remains insufficiently addressed: “to what extent does
AL provide benets beyond those achievable through simpler
data selection strategies based on human intuition, prior
domain knowledge, or hand-craed rules?”. In other words, it is
oen unclear whether the observed performance gains stem
from a principled, algorithmic AL framework or could instead
be achieved by informed, human-guided selection of data
points without an explicit AL loop. These issues highlight the
need for modular AL workows that enable consistent evalua-
tion and comparison across applications, while still allowing
exibility to accommodate domain-specic objectives. Without
such structure, AL workows risk being inefficient, difficult to
interpret, or misdirected, potentially leading to unnecessary
computational or experimental cost and convergence toward
suboptimal solutions.

In this perspective, we critically examine AL workows
commonly employed in materials science, focusing 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 workows. 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 workows. Building on this analysis, we
propose guidelines to support the rigorous design, assessment,
and interpretation of AL workows in materials science.

2. Active learning methodology

An AL algorithm involves performing data acquisition itera-
tively and adaptively, with the goal of selecting the most
important data points for labelling under a limited evaluation
budget. In materials science, the “labels” are typically obtained
from an oracle such as a high-delity simulation, a physical
Digital Discovery
experiment, or expert annotation (Fig. 1a), all of which are costly
in terms of time or resources. An AL workow therefore seeks to
maximize learning efficiency by prioritizing which data 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 methods typically rely on predened, space-
lling or statistically optimal designs (e.g., Latin hypercube
sampling31) that aim to efficiently explore the design space. In
contrast, AL is inherently sequential and adaptive, selecting new
samples based on information gained from previously acquired
data. Because AL constructs a sequence of targeted queries, the
framework is oen referred to in the literature as “query
learning”32,33 or “sequential learning”.34,35 In addition, different
AL settings can be also distinguished depending on how unla-
beled data are accessed or generated. In “query synthesis”, new
candidate inputs are generated during the learning process
rather than selected from a predened dataset,36 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 discussing pool-based AL38 where it is assumed that a rela-
tively larger pool of unlabelled data is available for labelling,
because of its simplicity and its widely adopted usage in the
eld. Note that while the design space represents 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 oen non-trivial.

Algorithm 1 outlines the core logic of pool-based AL, which
can be tailored to accommodate specic objectives. In a super-
vised learning setting, let Dinit3X� Y denote the initially
available labelled dataset (hereaer referred to as “seed data”),
and let U3X represent the pool of unlabeled data (hereaer
referred to as “pool data”). Here, X represents the design space
and Y the target space of quantities of interest (e.g., band gaps,
formation energies). A surrogate ML model M is trained to
approximate 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 condence in its predictions at
a given point. Common choices for surrogate 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 accuracy, training cost, and interpretability (see
Table 2). At each iteration, a sampling strategy Q evaluates the
pool data and selects a batch of k candidates Xbatch4U . This
selection is typically guided by the model's predictions and/or
uncertainty estimates, with the goal of identifying regions of
the design space where additional labels are expected to be
most relevant. Note that Q can be deterministic, yielding a xed
set of top-ranked candidates20 or stochastic, where candidates
are sampled based on a probability distribution.14 The selected
candidates are then evaluated by an oracle O to obtain corre-
sponding labels, and the labeled dataset is updated accordingly.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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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.
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The selected candidates are removed from the unlabeled pool,
and the model is retrained on the updated dataset. This process
is repeated until a stopping criterion is satised, such as
a performance threshold or exhaustion of a query budget B.

3. Active learning applications and
challenges

In this section, we highlight the key challenges in employing AL
workows for materials science problems through two repre-
sentative 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
properties, whether among previously synthesized, computa-
tionally generated, or yet-to-be-synthesized candidates. In this
sense, discovery entails jointly establishing material identity
© 2026 The Author(s). Published by the Royal Society of Chemistry
and properties within a vast, largely unexploredmaterials space.
For both (i) and (ii), we discuss, based on existing literature,
how AL can be useful and identify critical challenges that
remain unaddressed or are frequently overlooked. We provide
practical guidelines and recommendations for addressing these
challenges for future AL-driven materials research in the
Outlook section.
3.1. Efficient data acquisition for training ML models

3.1.1 Redundancy problem in materials data. Materials
datasets are oen curated based on prior knowledge (e.g. well-
known materials with desirable properties) or ease of access
(e.g. from existing data repositories). These practices can
introduce substantial redundancy and lead to biased coverage
of the broader materials space. Recent work by Li et al.42

demonstrated that widely used computational materials data-
bases, including the Materials Project (MP)43 and OQMD,44

contain signicant 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) general-
ization 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 data-
bases are selectively curated. For example, in many materials
discovery studies,6,45 candidate materials are preferentially
chosen near the convex hull of a given compositional phase
diagram, which can distort an MLmodel's representation of the
underlying stability landscape. Indeed, Bartel et al.46 showed
that ML models can accurately predict formation energies yet
still perform poorly in classifying stable versus unstable mate-
rials, particularly in sparsely sampled compositional spaces
Digital Discovery
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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 achievedwith only 10% of the data, highlighting substantial redundancy in the dataset, Adaptedwith 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 (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.
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such as underrepresented 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 main-
taining or even improving predictive performance.

3.1.2 Inadequate sampling strategy. One of the key
components of an AL workow is the sampling strategy, which
is used to indicate which datapoints to be selected from an
unlabelled pool. Many of the AL workows adapted in materials
science15,47 use informativeness, i.e., ability of a sample to
improve the model performance, as the sole sampling criterion.
However, an effective AL sampling strategy is inherently multi-
faceted and cannot be fully captured by informativeness alone
(Fig. 1b). A key complementary criterion is representativeness,
which assesses whether a queried sample reects the structure
of the unlabeled data distribution.48 This is particularly
important to prevent sampling extreme outliers (e.g. highly di-
storted structures) that are not statistically representing the
remaining, relevant design space of interest. While informa-
tiveness and representativeness are conceptually distinct, they
are oen complementary when AL performance is evaluated
over the full search space. However, in the presence of a signif-
icant distribution mismatch between the labelled seed data and
the unlabeled pool, the two criteria may diverge. In such cases,
representativeness favors sampling from high-density regions
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
Digital Discovery
representativeness factor,49,50 or jointly optimize informative-
ness and representativeness,51,52 yet most AL workows in
materials science remain focused on informativeness due to the
ease of monitoring via proxies such asmodel test errors. Beyond
these standard criteria, additional materials-science-specic
factors need to be considered for sampling. These include: (i)
diversity, which ensures that selected samples are sufficiently
distinct relative to both the seed data and between themselves
to avoid redundancy53,54 (ii) physical 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
computational cost, favoring candidates that provide maximal
information without incurring excessive expense (e.g. extremely
large system sizes for simulations). In addition, for AL
campaigns for which a reasonably large seed data are already
available, pre-existing biases can persist, such as over-
representation of certain chemistries, phases, or structural
motifs. If these biases are not identied and addressed at the
outset, AL may inadvertently reinforce them, leading to
a sampling that further skews the dataset. Failure to consider
these criteria while designing the sampling strategy can there-
fore severely limit the reliability of AL in materials science.

3.1.3 The ill-addressed active learning bias. While AL can
mitigate the redundancy problem, it can paradoxically intro-
duce a new form of bias, termed as active learning bias
(ALB).55,56 This arises because during AL, samples are no longer
drawn independently and identically distributed (i.i.d.),
a fundamental assumption underlying ML model training. As
a result, actively curated training sets may deviate substantially
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00081a


Perspective Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
5/

20
26

 4
:3

0:
23

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
from the application-relevant data distribution in the design
space of interest (Fig. 2b). This deviation has important impli-
cations for model training and evaluation. Standard empirical
risk minimization, which optimizes model parameters by
minimizing the average loss over the training data, implicitly
assumes that the training set is representative of the target
distribution. When this assumption is violated, as is oen the
case in AL, model performance measured on nite or randomly
curated test sets may reect optimization with respect to
a biased objective rather than genuine generalization across the
materials domain. In materials science applications, this can
manifest as models that perform well on actively sampled
congurations while failing to generalize to unexplored chem-
istries or structures. Statistical corrections have been proposed
to mitigate ALB, such as reweighting 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 intro-
duces additional subtleties: in overparameterized models,
including deep neural networks, ALB can sometimes act as an
implicit form of regularization, reducing overtting and even
improving apparent generalization.58 While this effect may be
benecial 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 magnitude and impact of ALB
depend strongly on the mismatch between the seed dataset, the
unlabeled pool, and the target application domain, careful
attention to data distributions is essential. Incorporating
explicit analysis of distributional coverage using tools such as
dimensionality reduction59 or density estimation60,61 can there-
fore provide critical context for evaluating AL outcomes and for
designing more robust, application-aware AL workows.62,63

Without such considerations, AL strategies risk reinforcing
hidden biases, limiting transferability, and overstating the
effectiveness during the workow deployment.

3.1.4 Model-based vs. model-free active learning. While
most AL workows employed in materials science are built
around surrogate ML models and consequently face the chal-
lenges outlined above, strategies which do not involve training
a surrogate model could be adapted as an alternative. These
approaches are typically formulated under unsupervised
settings, enabling sampling to target specic objectives without
relying on model predictions or uncertainty estimates, in
contrast to model-based approaches that operate in a super-
vised setting. In this work, we refer to such approaches as
“model-free”. A key advantage of model-free strategies is their
conceptual simplicity and exibility. 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 workow to miti-
gate structure-stability bias in computational crystal databases,
where low-symmetry structures are oen underrepresented. By
prioritizing structurally informative samples, measured using
information entropy, their approach improved the coverage in
© 2026 The Author(s). Published by the Royal Society of Chemistry
crystallographic space and yielded ML models with superior
predictive 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 potentials (MLIPs), guiding
molecular dynamics (MD) simulations. Beyond informative-
ness, model-free AL can explicitly enhance representativeness
and diversity, two criteria that are oen weakly controlled in
model-based AL workows. Density-based strategies, such as
clustering or kernel density estimation, promote sampling from
statistically signicant regions of the design space, thereby
preserving global coverage and facilitating the representative
sampling.68,72 On the other hand, similarity-based model-free
strategies emphasize improving diversity and minimizing
redundancy. These methods are oen implemented using some
distance-based metrics, dened over feature, descriptor, latent,
or embedding spaces42,73,74 and select samples that are maxi-
mally distinct from one another and from the existing seed
data, promoting diversity. It has to be noted that the distinction
between model-based and model-free approaches becomes less
clear when distances are computed in latent spaces derived
from trained models, as these representations implicitly
depend on the model, even if the sampling criterion itself does
not directly rely on themodel. Alternatively, diversity can also be
enforced using physically or chemically motivated similarity
measures, for example, based on composition, local coordina-
tion environments, structural topology, bonding motifs, or
symmetry classes.71,74 It has been shown that when labeled data
are scarce, similarity-based model-free methods can outper-
form model-based AL due to their robustness against less
accurate surrogate models.75 However, these approaches are not
without limitations. High-dimensional vector spaces used to
represent materials data may suffer from the curse of dimen-
sionality, and outcomes of distance-based sampling are sensi-
tive to the choice of representations (e.g. elemental-property-
based features or SOAP descriptors76), similarity metrics (e.g.
Euclidean 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 data-
sets, as they lack explicit mechanisms to capture the relation-
ship between samples and target properties. Despite these
limitations, model-free AL remains practically valuable; it
avoids the computational overhead of training and retraining
surrogate models (e.g. ensembles of ML models) and remains
effective when initial datasets are small or highly biased. These
observations highlight an unresolved dilemma in AL design:
whether to prioritize model-based or model-free strategies, and
motivate hybrid approaches that combine the robustness of
model-free sampling with the task-awareness of model-based
Digital Discovery
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Table 1 Examples of model-free active learning strategies and representative applications in materials science

Sampling criterion Methods Central idea Application in materials science

Informativeness Entropy-guided Select samples that maximize information
entropy computed from structural or descriptor
distributions, enabling bias reduction and
improved coverage without model uncertainty
estimates

Curation of bias-minimized crystal
structure datasets;24 model-free
uncertainty for MLIP-driven MD64,65

Representativeness Clustering Partition the unlabeled pool into clusters and
select representative samples (e.g. cluster
centroids) to preserve global coverage of the
distribution and avoid oversampling statistical
outliers

Discovery of perovskite oxides for oxygen
evolution catalysis;66 training data
generation for MLIPs67

Density estimation Prioritize samples located in high-density
regions of the unlabeled data distribution to
ensure representativeness

Functionalized nanoporous materials
(MOFs/COFs) property prediction;68

assessing out-of-distribution
performance of ML models60

Diversity Distance-based Select samples that maximize the minimum
distance to the seed data in feature, output,
latent, or an embedding space to avoid
redundancy and maximize diversity

Discovery of high-entropy oxides for H2

production;69 surface structure
exploration for catalysis70

Physical metric-based Select batches of samples that are mutually
dissimilar while also distinct from the existing
labeled data based on a physical or chemically
motivated metric

Developing accurate property-prediction
models for structure–property mapping
of microstructures71
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methods.80,81 Representative model-free AL strategies and their
applications in materials science are summarized in Table 1.

3.2. Optimization-driven materials discovery

3.2.1 Interplay between surrogate models and sampling
strategy. The dominant AL practices in both computational and
experimental settings for materials discovery are based on
black-box optimization (BBO), with Bayesian Optimization
(BO)88 being the most widely adopted approach.89 BO's ability to
navigate complex search spaces under data-scarce conditions
has led to numerous success stories in materials discovery.90–92

Notable examples include the identication of Pb-free BaTiO3-
based piezoelectrics with enhanced electrostrictive strain,93

NiTi-based shape memory alloys with low thermal hysteresis,20

and efficient high-entropy alloy catalysts.92 The key components
of a BO-driven AL (BO-AL) include: (i) a surrogate model to
approximate the expensive objective function mapping the
materials 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 traditionally relies on probabilistic
surrogate models such as GP for their principled uncertainty
estimates, non-Bayesian models have also been adopted in
materials applications.94,95 This is oen motivated by practical
considerations, including the poor scalability of GP in high-
dimensional spaces and the superior extrapolation perfor-
mance observed with certain non-Bayesian models on specic
datasets.96 Nevertheless, the criteria used to select a suitable
surrogate model for BO-AL in materials science are not thor-
oughly discussed. Since no surrogate model demonstrates
universally optimal performance across all problem settings,
surrogate model selection is inherently task-dependent, with
Digital Discovery
different models exhibiting varying performance across appli-
cations. For instance, Lim et al.94 demonstrated that GP with
carefully selected kernels outperformed alternative models,
including RF, on experimental materials datasets. In contrast,
Liang et al.95 found that RF-based BO outperformed GP-BO
using standard isotropic kernels and performed comparably
to GP with anisotropic kernels. Tables 2 and 3 summarize some
of the characteristics of various surrogate models and acquisi-
tion strategies used in BO-AL for materials science applications,
respectively.

Importantly, the performance of BO-AL is oen not governed
just by the surrogate model or acquisition function in isolation,
but by their combined behaviour. A highly accurate surrogate
model may still perform poorly if paired with a suboptimal
sampling strategy. For example, expected improvement (EI),
a popular acquisition function used in BO-AL for material
property optimization, depends on the current best observa-
tion, which might be an unreliable benchmark if the seed data
is strongly biased, misleading the optimization trajectory.
Therefore, evaluating surrogate model–acquisition function
combinations through aer-the-fact (AFT) AL trials (where pool
data is already labelled but excluded from seed data) can help
identify optimal congurations,20 though these analyses may
not always generalize to all pool datasets due to distribution
shis. As illustrated by Boley et al.10 (Fig. 3a), in the AFT-AL
experiment for discovering perovskites with high bulk
modulus, RF with both pure exploitation (XT) and EI acquisi-
tion 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 outper-
forms the others, highlighting that surrogate model–acquisi-
tion function selection based solely on initial data may be
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Common surrogatemodels 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

Model type Data efficiency UQ Interpretability Cost Application in materials science

Gaussian
processes

High Principled
(exact Bayesian posterior)

Limited in high-
dimension

High ðOðN3ÞÞ Phase-change memory material
for photonic switching devices78

(exp); layered materials with
suitable electronic properties17

(comp)
Random forests Moderate Heuristic

(ensemble-based)
Moderate with
feature
importance

Low Biochar synthesis for CO2

capture82 (exp); screening of
inorganic materials83 (comp)

Gradient
boosting
methods

Moderate Heuristic
(ensemble-based)

Moderate with
feature
importance

Moderate High-entropy oxides for H2

production69 (exp); power factor
prediction of thermoelectrics47

(comp)
Bayesian neural
networks

Low Heuristic
(approximate posterior)

Low High Optimal parameters for chemical
reactions84 (exp); van der Waals
heterostructures with suitable
bandgaps85 (comp)

Support vector
regression

Moderate Limited Limited Moderate Shape memory alloys with low
thermal hysteresis20 (exp);
piezoelectric materials
screening27 (comp)

Deep ensembles Low Heuristic
(inter-model predictive variance)

Low High Crystal structure prediction86

(comp); MLIP assisted material
simulations87 (comp)

Symbolic
regression

High Limited High (analytical
equations)

High Screening of acid-stable oxides for
electrocatalysis19 (comp)

Table 3 Common acquisition strategies and their properties relevant to Bayesian optimization-based active learning applications in materials
science

Acquisition strategy Exploration-exploitation balance UQ dependency Application in materials science

Random sampling (RS) Exploration only (uninformed) None Baseline for benchmarking AL
workows in optimization-driven
materials discovery34,95

Pure exploitation (XT) Exploitation only Low (mean prediction) Identifying perovskites with high
bulk modulus;10 benchmarking
against EI in shape memory alloy
design20

Probability of improvement (PI) Balanced; tunable via x High Identifying materials with low
lattice thermal conductivity;97

discovery of materials with the high
melting points98

Expected improvement (EI) Balanced; tunable via x High Discovery of stable materials;99

accelerating synthesis of
superconducting materials100

Upper condence bound (UCB) Exploration-leaning; tunable via b High Mg alloy design;101 parametrization
of DFT for accurate bandstructure
prediction102

Probability of feasibility (POF) Exploitation (constraint-driven) High Computational discovery of acid-
stable oxides19

Thompson sampling (TS) Exploration-leaning (stochastic) High (posterior sampling) Atomic structure determination;103

crystal structure prediction104

Knowledge gradient (KG) Balanced High Optimizing processing conditions
of hybrid organic–inorganic
perovskites105

Expected hypervolume
improvement (EHVI/qNEHVI)

Balanced (Pareto front-focused) High Nanoparticle synthesis;106 additive
manufacturing107

© 2026 The Author(s). Published by the Royal Society of Chemistry Digital Discovery
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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. 10, 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 4 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.
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misleading due to distributional shis and the underrepre-
sentation of high-performing materials. Although dynamic
switching between acquisition functions has been proposed,108

it remains underexplored in BO-AL workows applied for
materials discovery. It is to be noted that such a sensitivity 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 trajectory and performance of
AL.109,110 We have recently shown that efficient feature selection
on-the-y at each AL iteration can signicantly enhance the
performance of BO-AL campaigns compared to high-
dimensional representations, which are not updated during
AL iterations.111 Also, different representations induce distinct
geometries of the design space, which further determine how
similarity and diversity are quantied. This becomes especially
important when the sampling strategy relies on geometric
notions (e.g., distance-based approaches), as the representation
directly inuences sampling behaviour and the overall effi-
ciency of AL. For instance, a materials representation based on
global, composition-only descriptors (e.g., Magpie112) is funda-
mentally distinct from one based on local atomic environments
(e.g., SOAP). A distance-based sampling strategy navigating
a compositionally dened space will naturally prioritize
exploring broad chemical families and diverse elemental
combinations. This approach is ideal for AL workows targeting
Digital Discovery
exceptional materials when the underlying property landscape
is predominantly composition-driven, such as screening vast
compositional spaces for novel high-entropy alloys. Conversely,
the same strategy operating within a local structural descriptor
space will prioritize exploring local atomic environments which
could be more suitable for AL focused on diversifying local
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 specic objective of the AL
campaign and the underlying physics of the target property
landscape.

For many applications, BO-AL is preferred to be applied 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 parallel execution capabilities (e.g.
high performance computing facilities, high-throughput
synthesis platforms).22,84 However, standard acquisition func-
tions are limited by their nonadditivity and do not account for
information overlap between simultaneously queried samples.
To address this limitation, specialized batch acquisition func-
tions have been developed that explicitly account for correla-
tions between candidate points. Notable examples include
multipoint Expected Improvement (qEI),114which generalizes EI
to jointly evaluate a batch of points and the recently proposed
© 2026 The Author(s). Published by the Royal Society of Chemistry
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multipoint Probability of Optimality (qPO),115 which maximizes
the joint likelihood that the true optimum is contained within
the selected batch. For large batches common in materials
screening (10–100 samples), hybrid methods combining
uncertainty-based acquisition with explicit diversity mecha-
nisms such as determinantal point processes116 or clustering-
based selection have been shown to improve coverage of the
design space and reduce redundancy. It is important to note
that while batching is desirable from a resource management
perspective, it may degrade sampling efficiency if diversity and
information gain are not explicitly accounted for, as acquisition
functions can otherwise fail to correctly rank candidates in
terms of marginal utility. This challenge is particularly
pronounced in materials science applications, where multiscale
structure–property relationships and heterogeneous synthesis
or characterization pathways can further amplify redundancy
and bias in batch selection. Nevertheless, platforms such as
Pheonix,84 ChemOS,117 Olympous118 etc. 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 addi-
tion 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 either through cost-aware acquisition
functions,119 such as Expected Improvement per Unit Cost
(EIpu)120 which prioritize candidates offering high utility rela-
tive to their evaluation cost, or through multi-delity
approaches,121 where each candidate can be evaluated at
multiple levels of delity with different cost-accuracy trade-offs.
Such approaches enable more efficient utilization of limited
resources.

3.2.2 Unreliable uncertainty quantication. In AL strate-
gies with an exploration component such as those used in BO,
uncertainty quantication (UQ) plays a pivotal role. This is
based on the notion that the surrogate models are most error-
prone in regions where their predictions are least condent,
and hence, acquiring data from such regions is oen the most
informative. Reliable UQ helps in identifying these regions by
assigning a condence 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 2), and (ii) many UQ
techniques produce unreliable estimates which are oen
undercondent or overcondent relative to actual prediction
errors.123,124 Unreliable UQ can misguide AL by undervaluing
informative samples, potentially leading to premature conver-
gence or excessive exploitation of suboptimal regions. For
instance, in BO-AL with EI as the acquisition function, over-
condent uncertainty estimates shrink the exploration term,
causing the algorithm to overlook uncertain but informative
regions in favor of already well-explored ones.

The reliability of UQ in ML remains an open research chal-
lenge in materials science, with relatively few studies that crit-
ically benchmark UQ methods.127,128 Existing efforts typically
evaluate the quality of uncertainty estimates based on hold-out
test sets using metrics based on the uncertainty distribution,129
© 2026 The Author(s). Published by the Royal Society of Chemistry
correlation with prediction errors,127 or computational cost.128

These studies consistently show that no single UQ method
outperforms across all scenarios, with strong dependencies on
surrogate model and dataset characteristics. Nevertheless,
calibration approaches such as scaling uncertainty estimates
with respect to residuals can enhance their reliability.129,130

Openly available tools like uncertainty-toolbox131 and UQLab132

facilitate such calibration processes. However, the effectiveness
of these calibration methods within AL workows 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 samples and hence cannot
guarantee improved uncertainty estimates on the unlabeled
pool data where accurate UQ is most critical. This highlights the
need for more standardized, AL-focused metrics to assess and
compare UQ methods for materials property prediction and
optimization tasks.

Since one of the reasons for unreliable UQ is that the
surrogate models are primarily trained to minimize prediction
error without providing default uncertainty estimates, a range
of alternative, model-agnostic UQ strategies have been
proposed to address this challenge. These rely on heuristic
measures of uncertainty, such as distance in feature134 or latent
spaces73 and are not speci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 articial73 and graph135 neural
networks, indicating that such model-agnostic methods could
be benecial to AL. Similarly, integrating Domain of Applica-
bility (DoA) analysis59,60 with UQ in AL workows allows for the
identication and expansion of the model's reliable prediction
regime, enabling more effective sample selection near or
beyond the current 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 frameworks.60,137

Also, a fair comparison between these model-agnostic vs.
model-based UQ methods for AL performance for materials
discovery has not been done to the best of our knowledge, which
is also necessary for improving the reliability of AL practices in
materials science.

3.2.3 Lack of standardized performance evaluation
metrics. A rigorous and accurate evaluation of AL performance
is essential for assessing its efficiency and determining when to
terminate the AL loop. This is especially critical in closed-loop,
automated experimentation platforms with limited human
intervention, where failure to recognize diminishing returns
can result in substantial resource consumption. Various
performance metrics have been proposed to quantify AL effi-
ciency in optimization-driven workows for materials discovery.
However, no single metric universally captures all aspects of
performance, and even metrics which are expected to be
complementary 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 involves sampling data
points from the pool without the use of a surrogate model-
Digital Discovery
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derived insight and hence also can be referred to as “passive
learning”. Rohr et al.34 proposed quantitative metrics such as
the acceleration and enhancement factors (see Table 4),
measuring the fraction of promising materials found and the
iterations required to nd 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 performance 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 underlying data, does not accurately
reect the true property landscape, thereby misguiding the
search process.139 In such cases, acquisition strategies like
uncertainty sampling can become ‘trapped’ in intrinsically
noisy or physically irrelevant regions of the design space that
offer little contribution to the model's generalizability. This was
recently found to be the case for training MLIPs,140 where
random sampling achieved superior predictive accuracy
because the AL oversampled high-energy and distorted cong-
urations. 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 workows is tracking model performance over AL
iterations. However, Borg et al.113 observed that improvements
in model accuracy do not necessarily correlate with better
discovery rates of high-performing materials. As shown in
Fig. 3b, AFT BO-AL campaigns targeting high band gap mate-
rials achieved high discovery rates, even without noticeable
improvements in surrogate 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 discovery.
This arises because global accuracy metrics (e.g. model error
measured on hold out test sets) primarily reect performance in
the bulk of the data distribution, while successful discovery
Table 4 Evaluation metrics used for assessing AL performance for optim
random sampling iterations. The figure of merit (FOM) is a general quantit
material property value, the number of promising materials in a target ra
evaluation of AL are indicated

Metric Denition

Discovery yield34,113 No: of materials with FOM at iAL

Total no: of materials with FOM in p
Acceleration factor95,113 No: of iALfor FOM

No: of iRS for FOM
Enhancement factor95,113 FOMðALÞ

FOMðRSÞ
Decision efficiency34

2$
#fsamples with iFOM # i

ðselectedÞ
FOM g

N
�

Model accuracy42,125 Error of surrogate model estimated
a (holdout) test set

Model uncertainty19,126 Uncertainty of surrogate model

Digital Discovery
depends on the model's ability to prioritize candidates in
sparsely populated, high-performing regions. Similarly, Koi-
zumi et al.14 demonstrated that the AL performance can vary
substantially with changes in the material property, descriptor
dimension and size of seed data even when using a xed choice
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 fraction of promising
materials, critically affects AL performance evaluation. They
pointed out that the efficiency of optimization-driven AL
workows 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 quality. 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 workows involving
partial and potentially noisy data acquisition. Nevertheless, 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 workows involving real-time experi-
ments and simulations.

In BO-AL frameworks focused on multi-delity or multi-
objective optimization, performance metrics must be adapted
beyond those used in single-delity and single-objective tasks.
In the multi-delity setting, data acquisition comes with
differing costs and delities, making it essential to quantify not
just predictive accuracy, but also cost-efficiency. Acquisition
functions that explicitly incorporate cost information across
delity levels such as multi-delity Expected Improvement,
multi-delity Maximum Entropy Search,142 and Targeted Vari-
ance Reduction,143 have been proposed for this purpose. Despite
their promise, the performance of multi-delity AL is highly
sensitive to the cost ratio and informativeness across the
different delities. Jacobs et al.144 demonstrated that low-delity
data improves optimization only when it is signicantly cheaper
(e.g. #5% of high-delity cost) and partially available upfront.
This underscores the need for performance metrics that jointly
ization-driven materials discovery. iAL is the AL iteration(s) and iRS is the
ative metric measuring the AL efficiency and could indicate the desired
nge, etc. The previous studies employed the metrics for performance

Limitation

ool
Requires apriori knowledge of interesting
materials in the pool
Not (always) a fair baseline

Not (always) a fair baseline

1
Dependence on pool quality

on Prone to overestimation due to active learning
bias
Prone to misleading due to unreliable
uncertainties

© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00081a


Perspective Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
5/

20
26

 4
:3

0:
23

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
account for data cost and the degree of information transfer
between delity levels. Steps in this direction include the
recently proposed discount metric, which measures how much
cheaper a multi-delity optimization campaign is compared to
a single-delity one to achieve a comparable quality of solu-
tion.121 In multi-objective AL, the aim is to identify candidate
materials 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 solu-
tions,145,146 using acquisition strategies such as Expected
Hypervolume Improvement (EHVI),147,148 Pareto AL,149 and
scalarization-based approaches such as ParEGO.146 As the
number of objectives grows, however, computing the hyper-
volume improvement becomes increasingly expensive and
coverage of the Pareto front becomes sparse, limiting the effi-
ciency of these approaches. Furthermore, materials properties
are oen unevenly distributed, and may vary substantially in
measurement cost, which are not accounted for in standard
multi-objective formulations. These challenges collectively
highlight the pressing need for task-aware and cost-sensitive AL
performance metrics that go beyond standard error, accuracy,
or hypervolume, and that reect the practical realities of
materials design.

4. Outlook

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

� Towards systematic selection of design choices: AL work-
ows involve many interacting design choices including the
surrogate model, acquisition function, sampling strategy, UQ
method, and stopping criterion, yet these components are
rarely tuned systematically for a specic materials task. In
analogy to ML model selection, these workow components
should be treated as hyperparameters that require careful
optimization before deploying AL in resource-intensive
discovery campaigns. An important next step is the develop-
ment of large-scale benchmarking studies that systematically
compare combinations of these choices across diverse materials
datasets and target properties. Such benchmarks could estab-
lish practical guidelines and serve as reference points for future
AL applications in related materials design problems. In
parallel, open and modular soware frameworks that support
automated optimization of these hyperparameters would
reduce reliance on ad hoc decisions and lower the barrier to
adoption for practitioners.

� Improved integration of domain knowledge and practical
constraints: generic AL frameworks oen overlook the domain-
specic constraints inherent to materials science, such as
physical validity of candidate structures, synthetic feasibility
and cost. This limitation is particularly pronounced in complex,
non-uniform design spaces, where the underlying property
© 2026 The Author(s). Published by the Royal Society of Chemistry
landscape may vary signicantly across regions, and unin-
formed sampling can fail to concentrate effort where it is most
needed. When such considerations are neglected, AL may waste
valuable evaluation budget on impractical or infeasible candi-
dates, reducing the efficiency gains. Future AL workows
should incorporate domain knowledge and practical
constraints, for example, through physics-informed surrogate
models or sampling strategies that directly encode feasibility
constraints.78,150 Additionally, physically motivated representa-
tions enable AL to be grounded on the relevant structural and
physicochemical characteristics of the materials. Such integra-
tion not only enhances data efficiency but also improves the
reliability and interpretability of AL outcomes, particularly in
scenarios with limited data.

� Leveraging emerging AI paradigms: several recent
advances in AI offer promising pathways to address persistent
limitations of current AL workows. The unreliability of surro-
gate models in early AL stages could be alleviated by incorpo-
rating pretrained or foundational models trained on broad
materials or even synthetic datasets, which provide more reli-
able uncertainty estimates under low-data regimes.151 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 become trapped in
over-represented regions of the design space. Also, for high-
dimensional and complex design 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.152

In parallel, recent advances in generative models153,154 open
opportunities to go beyond pool-based AL, where a predened
set of unlabeled candidates is required, which may not be
feasible for many materials discovery applications. In this
setting, AL can be combined with generative models to sample
new candidates by exploring an open design space, which are
then decoded into material compositions and structures using
generative models such as variational autoencoders.155

However, it is important to ensure that such generated candi-
dates are physically plausible and chemically meaningful by
enforcing strict physicochemical constraints. Realizing the full
potential of these approaches also requires a stronger integra-
tion between the materials science and ML communities, as
many advances relevant to AL, such as advanced UQ methods156

developed by the later remain underexplored for AL for mate-
rials science applications.
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K. P. Greenman and R. Gómez-Bombarelli, Learning
matter: Materials design with machine learning and
atomistic simulations, Acc. Mater. Res., 2022, 3, 343.

4 B. G. Sumpter, R. K. Vasudevan, T. Potok and S. V. Kalinin, A
bridge for accelerating materials by design, npj Comput.
Mater., 2015, 1, 1.

5 E. O. Pyzer-Knapp, J. W. Pitera, P. W. Staar, S. Takeda,
T. Laino, D. P. Sanders, J. Sexton, J. R. Smith and
A. Curioni, Accelerating materials discovery using articial
intelligence, high performance computing and robotics,
npj Comput. Mater., 2022, 8, 84.

6 A. Merchant, S. Batzner, S. S. Schoenholz, M. Aykol,
G. Cheon and E. D. Cubuk, Scaling deep learning for
materials discovery, Nature, 2023, 624, 80.

7 W. F. Maier, K. Stoewe and S. Sieg, Combinatorial and high-
throughput materials science, Angew. Chem., Int. Ed., 2007,
46, 6016.

8 S. Curtarolo, G. L. Hart, M. B. Nardelli, N. Mingo, S. Sanvito
and O. Levy, The high-throughput highway to
computational materials design, Nat. Mater., 2013, 12, 191.

9 P. Xu, X. Ji, M. Li andW. Lu, Small data machine learning in
materials science, npj Comput. Mater., 2023, 9, 42.

10 S. Bauer, P. Benner, T. Bereau, V. Blum, M. Boley,
C. Carbogno, R. Catlow, G. Dehm, S. Eibl, R. Ernstorfer, et
al., Roadmap on data-centric materials science, Model.
Simulat. Mater. Sci. Eng., 2024, 063301.

11 P. Karande, B. Gallagher and T. Y.-J. Han, A strategic
approach to machine learning for material science: how
to tackle real-world challenges and avoid pitfalls, Chem.
Mater., 2022, 34, 7650.

12 D. A. Cohn, Z. Ghahramani andM. I. Jordan, Active learning
with statistical models, J. Artif. Intell. Res., 1996, 4, 129.

13 D. Cohn, L. Atlas and R. Ladner, Improving generalization
with active learning, Mach. Learn., 1994, 15, 201.

14 A. Koizumi, G. Deffrennes, K. Terayama and R. Tamura,
Performance of uncertainty-based active learning for
Digital Discovery
efficient approximation of black-box functions in
materials science, Sci. Rep., 2024, 14, 27019.

15 A. Jose, E. Devijver, N. Jakse and R. Poloni, Informative
training data for efficient property prediction in metal–
organic frameworks by active learning, J. Am. Chem. Soc.,
2024, 146, 6134.

16 H. Jang, W. Lee, H.-J. Kim, S. Cha, H. Shin, W. B. Lee,
M.-W. Oh, Y. S. Jung and Y. Kim, Active learning-guided
accelerated discovery of ultra-efficient high-entropy
thermoelectrics, Adv. Mater., 2026, 38, e15054.

17 L. Bassman Oelie, P. Rajak, R. K. Kalia, A. Nakano, F. Sha,
J. Sun, D. J. Singh, M. Aykol, P. Huck, K. Persson, et al.,
Active learning for accelerated design of layered materials,
npj Comput. Mater., 2018, 4, 74.

18 K. Tran and Z. W. Ulissi, Active learning across
intermetallics to guide discovery of electrocatalysts for co2
reduction and h2 evolution, Nat. Catal., 2018, 1, 696.

19 A. S. Nair, L. Foppa and M. Scheffler, Materials-discovery
workow guided by symbolic regression for identifying
acid-stable oxides for electrocatalysis, npj Comput. Mater.,
2025, 11, 1.

20 D. Xue, P. V. Balachandran, J. Hogden, J. Theiler, D. Xue
and T. Lookman, Accelerated search for materials with
targeted properties by adaptive design, Nat. Commun.,
2016, 7, 1.

21 T. Lookman, P. V. Balachandran, D. Xue and R. Yuan, Active
learning in materials science with emphasis on adaptive
sampling using uncertainties for targeted design, npj
Comput. Mater., 2019, 5, 21.

22 O. Ozbayram, D. Olsen, M. Annamaraju, A. E. Robertson,
A. Venkatraman, S. R. Kalidindi, M. Zhou and L. Graham-
Brady, Batch active learning for microstructure–property
relations in energetic materials, Mech. Mater., 2025, 205,
105308.

23 M. Hu, Q. Tan, R. Knibbe, M. Xu, G. Liang, J. Zhou, J. Xu,
B. Jiang, X. Li, M. Ramajayam, et al., Designing unique
and high-performance al alloys via machine learning:
Mitigating data bias through active learning, Comput.
Mater. Sci., 2024, 244, 113204.

24 H. Zhang, W. W. Chen, J. M. Rondinelli, W. Chen, et al,
entropy-targeted active learning for bias mitigation in
materials data, Appl. Phys. Rev., 2023, 10, 021403.

25 K. Kang, T. A. Purcell, C. Carbogno and M. Scheffler,
Accelerating the training and improving the reliability of
machine-learned interatomic potentials for strongly
anharmonic materials through active learning, Phys. Rev.
Mater., 2025, 9, 063801.

26 A. Wang, H. Liang, A. McDannald, I. Takeuchi and
A. G. Kusne, Benchmarking active learning strategies for
materials optimization and discovery, Oxford Open Mater.
Sci., 2022, 2, itac006.

27 Y. Tian, R. Yuan, D. Xue, Y. Zhou, X. Ding, J. Sun and
T. Lookman, Role of uncertainty estimation in
accelerating materials development via active learning, J.
Appl. Phys., 2020, 128, 014103.

28 M. Kulichenko, B. Nebgen, N. Lubbers, J. S. Smith,
K. Barros, A. E. Allen, A. Habib, E. Shinkle, N. Fedik,
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00081a


Perspective Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
5/

20
26

 4
:3

0:
23

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
Y. W. Li, et al., Data generation for machine learning
interatomic potentials and beyond, Chem. Rev., 2024, 124,
13681.

29 K. Konyushkova, R. Sznitman and P. Fua, Learning active
learning from data, Adv. Neural Inf. Process. Syst., 2017,
30, 4228.

30 T. Lookman, P. V. Balachandran, D. Xue, J. Hogden and
J. Theiler, Statistical inference and adaptive design for
materials discovery, Curr. Opin. Solid State Mater. Sci.,
2017, 21, 121.

31 M. Stein, Large sample properties of simulations using latin
hypercube sampling, Technometrics, 1987, 29, 143.

32 C. Campbell, N. Cristianini, A. Smola, et al., in Query
learning with large margin classiers, ICML, 2000, vol. 20.

33 J.-N. Hwang, J. J. Choi, S. Oh, R. Marks, et al., Query-based
learning applied to partially trained multilayer perceptrons,
IEEE Trans. Neural Network., 1991, 2, 131.

34 B. Rohr, H. S. Stein, D. Guevarra, Y. Wang, J. A. Haber,
M. Aykol, S. K. Suram and J. M. Gregoire, Benchmarking
the acceleration of materials discovery by sequential
learning, Chem. Sci., 2020, 11, 2696.

35 H. Khosravi, T. Olajire, A. S. Raihan and I. Ahmed, A data
driven sequential learning framework to accelerate and
optimize multi-objective manufacturing decisions, J.
Intell. Manuf., 2024, 1, 4087.

36 D. Angluin, Queries and concept learning, Mach. Learn.,
1988, 2, 319.

37 L. Atlas, D. Cohn and R. Ladner, Training connectionist
networks with queries and selective sampling, Adv. Neural
Inf. Process. Syst., 1989, 2, 566–573.

38 D. D. Lewis, A sequential algorithm for training text
classiers: Corrigendum and additional data, ACM SIGIR
Forum, 1995, 29, 13–19.

39 C. Williams and C. Rasmussen, Gaussian processes for
regression, Adv. Neural Inf. Process. Syst., 1995, 8, 514–520.

40 L. Breiman, Random forests, Mach. Learn., 2001, 45, 5.
41 Y. LeCun, Y. Bengio and G. Hinton, Deep learning, Nature,

2015, 521, 436.
42 K. Li, D. Persaud, K. Choudhary, B. DeCost, M. Greenwood

and J. Hattrick-Simpers, Exploiting redundancy in large
materials datasets for efficient machine learning with less
data, Nat. Commun., 2023, 14, 7283.

43 A. Jain, S. P. Ong, G. Hautier, W. Chen, W. D. Richards,
S. Dacek, S. Cholia, D. Gunter, D. Skinner, G. Ceder, et
al., Commentary: The materials project: A materials
genome approach to accelerating materials innovation,
APL Mater., 2013, 1, 011002.

44 S. Kirklin, J. E. Saal, B. Meredig, A. Thompson, J. W. Doak,
M. Aykol, S. Rühl and C. Wolverton, The open quantum
materials database (oqmd): assessing the accuracy of d
formation energies, npj Comput. Mater., 2015, 1, 1.

45 P. Lyngby and K. S. Thygesen, Data-driven discovery of 2d
materials by deep generative models, npj Comput. Mater.,
2022, 8, 232.

46 C. J. Bartel, A. Trewartha, Q. Wang, A. Dunn, A. Jain and
G. Ceder, A critical examination of compound stability
© 2026 The Author(s). Published by the Royal Society of Chemistry
predictions from machine-learned formation energies, npj
Comput. Mater., 2020, 6, 97.

47 Y. Sheng, Y. Wu, J. Yang, W. Lu, P. Villars and W. Zhang,
Active learning for the power factor prediction in
diamond-like thermoelectric materials, npj Comput.
Mater., 2020, 6, 171.

48 B. Settles, Active learning literature survey, Computer
Sciences Technical Report 1648, University of Wisconsin–
Madison, 2009.

49 Z. Wang and J. Ye, Querying discriminative and
representative samples for batch mode active learning,
ACM Trans. Knowl. Discov. Data, 2015, 9, 1.

50 X. Li, D. Kuang and C. X. Ling, Active learning for
hierarchical text classication, in Pacic-Asia conference on
knowledge discovery and data mining, Springer, 2012, pp.
14–25.

51 B. Du, Z. Wang, L. Zhang, L. Zhang, W. Liu, J. Shen and
D. Tao, Exploring representativeness and informativeness
for active learning, IEEE Trans. Cybern., 2015, 47, 14.

52 S.-J. Huang, R. Jin and Z.-H. Zhou, Active learning by
querying informative and representative examples, Adv.
Neural Inf. Process. Syst., 2010, 23, 892–900.

53 V. Zaverkin, D. Holzmüller, I. Steinwart and J. Kästner,
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H. Schopmans, J. Östreicher, Y. Zhang, M. Neubert,
Y. Koide, et al., Generative models for crystalline
materials, Adv. Mater., 2026, e23620.

154 H. Park, Z. Li and A. Walsh, Has generative articial
intelligence solved inverse materials design?, Matter,
2024, 7, 2355.

155 R. Xin, E. M. Siriwardane, Y. Song, Y. Zhao, S.-Y. Louis,
A. Nasiri and J. Hu, Active-learning-based generative
design for the discovery of wide-band-gap materials, J.
Phys. Chem. C, 2021, 125, 16118.

156 S. Lahlou, M. Jain, H. Nekoei, V. I. Butoi, P. Bertin, J. Rector-
Brooks, M. Korablyov and Y. Bengio, Deup: Direct
epistemic uncertainty prediction, arXiv, 2021, preprint,
arXiv:2102.08501, DOI: 10.48550/arXiv.2102.08501.
Digital Discovery

https://doi.org/10.48550/arXiv.2603.12567
https://doi.org/10.48550/arXiv.2102.08501
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00081a

	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science

	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science
	A critical examination of active learning workflows in materials science


