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Highlights:

e  Machine-learning interatomic potentials (MLIPs) extend defect simulations across scales.
e Defect-specific data determine the reliability of machine-learning models.

e Active learning targets rare and uncertain defect configurations.

e ML-assisted atomistic models enable long-timescale kinetic simulations.

e Validation criteria should match the defect class and target property.

Abstract: Material defects govern the performance limits, degradation pathways, and service lifetimes
of functional and structural materials, yet their predictive modeling remains difficult because local
electronic reconstruction, long-range interactions, rare kinetic events, and finite-temperature effects
are coupled across scales. First-principles calculations provide reliable descriptions of defect
cores and charge states but are limited by system size, time scale, and sampling cost, whereas empirical
molecular dynamics (MD) can access larger systems but often lacks transferability in reconstructed or
chemically complex defect environments. This review examines machine learning (ML) for defect
modeling when model choice, training data, and validation criteria are matched to the physical problem. We
discuss machine-learning interatomic potentials (MLIPs), sparse Gaussian-process and committee-machine
models, active-learning workflows, high-throughput defect screening, and ML-assisted multiscale
simulations that connect atomistic calculations with longer-timescale modeling. Particular attention is
given to the distinct requirements of point defects, dislocations, surfaces, grain boundaries, and
interfaces, including configurational sampling, long-range interactions, charge response, and uncertainty
control. Representative applications in semiconductors, halide perovskites, solid electrolytes, battery
cathodes, irradiation damage, and catalytic nanoparticles show where ML expands the feasible scientific
questions and where first-principles benchmarks or experimental validation remain essential. Reliable
ML-assisted defect modeling ultimately depends on validating the physical quantities that control the
relevant defect mechanism, rather than relying on aggregate model accuracy alone.
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1. Introduction

In modern materials science, defects are increasingly treated as controllable features of material
structure rather than simply as imperfections. Their concentration, configuration, and distribution can
be modified through compositional design, non-equilibrium processing, and external stimuli to
modulate functional and structural responses [1,2]. Predictive defect engineering requires quantitative
descriptions of defect formation thermodynamics, electronic-structure responses, migration pathways, and
long-term evolution across relevant spatial and temporal scales [1,3,4]. These requirements become
particularly demanding in structurally soft halide perovskites, chemically complex battery cathodes, solid
electrolytes, and high-entropy alloys, where defect landscapes contain multiple metastable configurations
and coupled electronic, ionic, and structural responses.

Predictive defect modeling is constrained by a trade-off between accuracy and the accessible spatial
and temporal scales [5—7]. Local bond breaking, charge transfer, and electronic reconstruction within
defect cores often require first-principles descriptions based on density functional theory (DFT) [1,8,9]. In
contrast, phenomena involving long-range elastic or electrostatic fields, defect—defect interactions,
dislocation motion, interfacial restructuring, and microstructural evolution often extend beyond the
spatial and temporal scales routinely accessible to DFT [10—-13]. In standard diagonalization-based
implementations, the computational cost of DFT scales approximately as O(N?), limiting routine
calculations to relatively small systems and short or static sampling windows [14—17]. Such calculations
may fail to capture rare migration events, finite-temperature entropic effects, anharmonic lattice
fluctuations, and metastable defect configurations that become relevant under operating conditions.
Empirical MD can access larger systems and longer trajectories, but conventional interatomic potentials
may lose accuracy when defect evolution involves bond rearrangement, charge redistribution, or
chemically diverse local environments.

Automated defect workflows, including PyCDT, the Defect and Structure Prediction Package (DASP),
doped, and AiiDA-based tools, have improved the standardization, reproducibility, and throughput of
defect calculations [18-20]. Nevertheless, these workflows still depend on costly DFT calculations,
which limits exhaustive exploration of large defect configurational spaces [21-23]. ML can reduce this
bottleneck by extending the use of first-principles data to defect configurations and time scales that are
impractical to sample directly with DFT. Machine-learning interatomic potentials (MLIPs) can sample
defect relaxations, migration pathways, and finite-temperature dynamics at much lower cost than direct
DFT [24-28]. Sparse Gaussian-process models provide data-efficient predictions with uncertainty estimates,
while committee-machine strategies improve scalability in chemically heterogeneous environments.
Equivariant graph neural networks (GNNs) can describe strongly distorted and chemically diverse local
atomic environments. Active-learning workflows then determine when additional first-principles labels are
required [29-32].
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In this review, we focus on how ML models should be selected and validated for specific defect
problems, while retaining first-principles and mechanistic descriptions where they are required. We
organize the discussion around three practical considerations. We first compare the theoretical and
computational requirements of point, line, and interfacial defects. We then analyze defect-oriented MLIPs,
sparse Gaussian-process and committee-machine models, active-learning workflows, high-throughput
defect informatics, and multiscale couplings from ML-driven MD to kinetic Monte Carlo (kMC),
phase-field, and continuum models. Particular attention is given to cases in which ML enables defect
configurations, time scales, or system sizes that are difficult to access directly with first-principles
calculations, including finite-temperature point-defect thermodynamics, defect-mediated ion
migration in solid electrolytes, dopant-defect interactions in battery cathodes, halide-perovskite
defect and 1on-migration problems, and alloy nanoparticle degradation. Throughout the review, we
emphasize how the choice and validation of ML models depend on the underlying defect mechanism

and the quantity of interest.
2. Development of defect theory and methods
2.1. Definition, classification, and task-specific modeling requirements

In an ideal crystal, atoms occupy periodically repeated lattice positions. Real materials, however,
inevitably contain local departures from this periodic arrangement, generally referred to as defects [33,34].
Despite their localized nature, defects can have macroscopic consequences because they perturb the local
electronic and structural environment and may alter transport or kinetic processes [35,36].

As shown in Figure 1a, crystal defects are commonly classified by spatial dimension into zero-dimensional
(0D) point defects, one-dimensional (1D) line defects, and two-dimensional (2D) planar or interfacial
defects. Point defects such as vacancies, interstitials, and antisites perturb the local bonding and
electronic environment, thereby influencing defect stability and transport [37-39]. Dislocations, the most
common line defects, are central to plastic deformation. Their mechanical effects depend on the structure
and mobility of the dislocation core as well as its interactions with solutes and other defects [40]. Planar
and interfacial defects, such as surfaces and grain or phase boundaries, create locally broken coordination
and chemical environments that can promote segregation, reconstruction, and interfacial transport [41,42].
As illustrated in Figure 1b, defect engineering exploits these structural irregularities as controllable
variables. The practical objective is therefore not only to identify defects, but also to predict how their
population, configuration, and evolution alter material properties [43—47]. This places a central
requirement on defect modeling: the computational method must resolve the physics controlling the

target defect process at the relevant length and time scales [48].
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Figure 1. Defect classes, property targets, and ML-enabled modeling routes. (a) Representative
point, line, and planar defects, with the line defect illustrated by a cross-sectional edge dislocation
featuring an extra half-plane of atoms terminating within the crystal lattice; (b) Defect engineering

for property tuning and materials design; (¢) Uncertainty-aware MLIP workflow connecting DFT
data with large-scale molecular dynamics.

The modeling requirements vary strongly with defect class. For point defects, the relevant
requirement depends on the target observable: formation and charge-transition energies demand accurate
local electronic structure, whereas diffusion problems additionally require reliable migration barriers
and finite-temperature configurations [49—52]. For dislocations, the difficulty shifts from local chemistry
alone to the simultaneous description of reconstructed cores and long-range elastic fields, often under
applied stress. Interfaces pose a different challenge because broken symmetry permits reconstruction,
segregation, and local changes in composition or charge, requiring configurational sampling beyond a
single idealized structure [53-55]. Disordered defect networks further require finite-temperature
sampling and event-level validation. Accordingly, the suitability of an ML strategy should be judged by

whether it captures the physics and observables required for the target defect process, rather than by
accessible simulation scale alone (Table 1).
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Table 1. Defect classes, principal modeling challenges, and recommended ML routes [39,40,52,54,55].

Defect class

Representative systems

Main challenge

Recommended ML route

point defects

line defects

planar and
interfacial defects

vacancies; interstitials; antisites

dislocations; disconnections;

solute-dislocation complexes

surfaces; stacking faults; grain

boundaries; heterointerfaces

charge correction; local
reconstruction; metastability

long-range elasticity; core
reconstruction; stress
response

broken symmetry;
segregation; reconstruction;
stoichiometry

defect-specific MLIP
training; active sampling;
NEB screening

large-cell MLIP MD;
accelerated dynamics;
ML-informed DDD
interface-focused training;
MLIP relaxation; structure
search

amorphous phases; irradiation
cascades;
ionic and soft-lattice disorder

complex energy landscapes;
bond rearrangement; finite-
temperature transport

On-the-fly learning; sparse or
committee models; MLIP
MD-kMC coupling

disordered defect
networks

A persistent difficulty in defect modeling is the mismatch between the spatial and temporal scales
required to describe defect evolution and the cost of electronic-structure calculations. As shown in Figure Ic,
first-principles calculations provide the electronic-structure accuracy needed to resolve local defect
energetics, but their computational cost restricts the cell sizes and trajectory lengths accessible for
defect—defect interactions and thermally activated evolution [1,56]. Empirical potentials extend
atomistic simulations to much larger systems, yet their fixed functional forms may become unreliable
when defect processes involve changes in local bonding, coordination, or chemical environment [54,57].
MLIPs offer an intermediate route by reproducing first-principles energy and force data at substantially
lower computational cost, thereby enabling larger atomistic systems and longer trajectories within the
configurational domain represented by the training data [5,7,15,16].

2.2. Limitations of traditional computational methods and software ecosystems

In defect research, first-principles methods remain the main benchmark for describing defect electronic
structure, local defect levels, charge states, and thermodynamic stability [58]. However, the computational
cost of conventional Kohn-Sham DFT scales approximately as O(N?) with system size in standard
diagonalization-based implementations. The actual cost becomes particularly high for large supercells
and calculations involving hybrid functionals or charged-defect corrections. In practice, defect
calculations therefore require trade-offs among supercell size, charge-state sampling, k-point convergence,
and exchange-correlation accuracy. Semilocal functionals such as the Local Density Approximation (LDA)
and Generalized Gradient Approximation (GGA) further suffer from self-interaction errors and band-gap
underestimation, which can distort charge localization and defect-level positions [59,60]. Hybrid
functionals and many-body perturbation methods such as GW provide a more accurate description of
defect electronic structures [61-63]. Their high computational cost, however, makes systematic
sampling of charge states, migration pathways, and metastable configurations difficult, especially across
diverse chemical environments.

Empirical-potential-based MD is commonly used for defect processes that involve collective atomic
motion over relatively long timescales [64]. Typical examples include dislocation motion and interactions,
the diffusion and aggregation of radiation-induced defects, and grain-boundary migration or
reconstruction. Compared with direct first-principles simulations, MD can access substantially larger
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systems and longer timescales, which makes it suitable for studying defect kinetics and microstructural
evolution (Figure 2a) [65]. Its reliability, however, depends strongly on the functional form and
parameterization of the interatomic potential. Empirical potentials often struggle when defect processes
involve changes in chemical bonding or local electronic structure, including charge redistribution and
changes in valence states [66]. Because these electronic effects can strongly influence defect-core
structures, migration barriers, and relative stability, empirical potentials may lose accuracy outside the
environments included in their parameterization [67,68]. This limitation becomes particularly important
for chemically complex systems, interacting defects, and extreme conditions.
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Figure 2. Computational paradigms and automated workflows for defect modeling. (a) Accuracy
and accessible-scale trade-offs among first-principles calculations, empirical molecular dynamics,
and MLIP-based simulations; (b) Automated defect-generation, relaxation, correction, analysis, and
data-storage workflows; (c¢) Data-driven modeling based on curated DFT labels, MLIP training,
large-scale atomistic simulation, active sampling, and validation.

Automated defect workflows have improved the reproducibility and throughput of first-principles
defect calculations. As shown in Figure 2b, representative platforms include DASP, doped, AiiDA
defects, PyCDT, pydefect, and ShakeNBreak, which support tasks such as defect generation, charge
state enumeration, chemical potential analysis, finite-size correction, formation energy evaluation, and
low-energy configuration search [69—72]. These tools reduce manual intervention and provide more
systematic reference data for subsequent data-driven modeling [73]. Nevertheless, these workflows still
require repeated first-principles calculations, and the underlying computational bottleneck therefore
remains [74]. The problem becomes particularly severe when exploring large configurational spaces,
interacting defects, reconstructed interfaces, or chemically complex systems. In addition, predefined
defect-construction rules and manually designed search strategies can bias the explored configuration
space, making it difficult to identify reconstructions or metastable structures that were not anticipated in
advance [75]. MLIPs can extend first-principles accuracy to much broader configurational sampling, while
uncertainty-aware workflows help identify configurations that require additional quantum-mechanical
calculations (Figure 2c). Quantum-mechanical benchmarks remain essential, but MLIPs can
substantially reduce how often such calculations are needed during structural relaxation, pathway
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searches, and finite-temperature sampling [71,76—78]. These challenges have driven increasing interest
in ML-based approaches that retain near-first-principles accuracy while extending the accessible
configurational and spatiotemporal scales.

3. Defect-data construction and thermodynamic descriptors
3.1. Construction of defect structures: enumeration, perturbation and search

The initial set of defect structures defines which stable minima, metastable states, and migration-related
configurations are accessible to subsequent thermodynamic and kinetic analyses [18,71]. Defects often
induce local structural rearrangement, electronic redistribution, and long-range lattice distortion. Starting
too close to the ideal lattice may prevent relaxation toward the physically relevant geometry, thereby
influencing calculated formation energies, defect levels, and migration barriers [79,80]. In ML-enabled
defect modeling, the sampled structures also define the configurational space represented in the training
data, including defect cores, distorted coordination environments, migration-related regions, and
reconstructed interfaces.

A common starting point is the enumeration of symmetry-inequivalent sites. Symmetry-based
enumeration works well for simple, high-symmetry crystals, where vacancies, interstitials, antisites, and
substitutions can be generated from well-defined crystallographic positions [1,72]. Ideal enumeration
remains largely restricted to configurations implied by the parent lattice. In low symmetry, chemically
complex, or structurally soft materials, direct relaxation from ideal starting coordinates can converge to
only one local minimum and miss lower energy reconstructions [1,70,72]. Enumeration is therefore often
combined with symmetry-breaking perturbations, local random displacements, or chemically informed
distortions around the defect center [71,81]. Relaxation from these perturbed structures broadens the
sampled region of the local potential-energy surface and can reveal alternative stable and metastable
defect geometries [71,82].

When disorder, interfaces, multiple sublattices, or high defect concentrations are involved, the
number of possible configurations increases rapidly and exhaustive enumeration becomes
impractical [21,83]. Simulated annealing, Monte Carlo search, evolutionary algorithms, and adaptive
optimization methods can explore broader configurational spaces and identify low-energy or
representative metastable structures [14,84,85]. The reliability of these searches depends on whether
the underlying energy model remains transferable in distorted defect environments. Low-cost enumeration
and perturbation can first generate candidate structures, which are then relaxed and screened using MLIPs
or other surrogate models. Selected low-energy configurations, together with structures that are poorly
represented by the surrogate model, can subsequently be reevaluated using first-principles calculations.

As illustrated in Figure 3a, automated and ML-assisted approaches are increasingly being used to
explore defect configurations beyond manually constructed ideal structures. On-the-fly sparse Gaussian
process (SGP) optimization offers one way to perform this adaptive exploration [86]. During the search,
the model can be updated as new configurations are encountered, while uncertainty estimates help
identify poorly represented structures that require additional first-principles calculations. Such adaptive
sampling is useful when relevant minima cannot be anticipated from the initial structure, as in
reconstructed vacancies, interstitial clusters, ion-migration bottlenecks, surfaces, and grain-boundary
defect complexes. ML-assisted search primarily improves sampling efficiency but does not remove the
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need for independent validation. Low-energy structures separated by small energy differences, as well
as migration-related saddle points, should still be confirmed by DFT or benchmarked against a separately
validated high-accuracy MLIP.
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Figure 3. Theoretical frameworks and data infrastructure for defect science. (a) Evolution from
manual enumeration to ML-assisted global search for stable and metastable defect structures;
(b) Thermodynamic evaluation based on formation energies and transition levels, including
necessary charge corrections; (¢) Automated high-throughput workflows generating standardized
defect data and metadata for data-driven modeling.

3.2. Defect formation energies and charge-transition levels

Defect formation energies determine the thermodynamic stability and equilibrium concentrations of
defects. As shown in Figure 3b, the formation energy is obtained from the energy difference between
the defect and perfect supercells, with the atomic chemical potentials constrained by the
thermodynamic stability range of the host phase [58]. For charged defects, correction schemes such
as the Freysoldt—Neugebauer—Van de Walle (FNV) method are generally required to mitigate spurious
periodic image interactions, specifically the slowly decaying Coulomb potential (q/e:), thereby
recovering the physical behavior of an isolated defect in the dilute limit [1,80,87,88]. Using n; > 0 for

atoms added to the supercell and q > 0 for electrons removed, the formation energy of a defect D in charge
state q is written as:

Ef [Dq] = Etot[Dq] - Etot[bulk] - Z n; u; + q(EF + Evbm) + Ecorr (1)

1

here, Eiw[D9] and Ei[bulk] are the total energies of the defective and pristine supercells, respectively.
n; denotes the number of atoms of species i added to or removed from the supercell, and y; is the
corresponding atomic chemical potential. Er denotes the Fermi-level position measured relative to the
valence-band maximum, with Er = 0 at the VBM, while Eygy provides the corresponding band-edge
reference in the total-energy expression. Ecorr accounts for finite-size electrostatic and potential-alignment
corrections. The chemical potentials are constrained by the stability of the host phase against elemental
and competing phases. Band-edge and potential alignment must also be treated consistently across
different charge states [87,88].
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Plotting (E¢[DY]) as a function of Er yields thermodynamic charge-transition levels, corresponding
to the Fermi-level positions at which two charge states have equal formation energies. These levels are
closely related to electron or hole trapping and can be compared with experimental measurements such as
photoluminescence and deep-level transient spectroscopy. High-throughput first-principles calculations and
data-driven models now enable the screening of defect formation energies, charge-state stability, and defect
levels across broad chemical and structural spaces [89-92]. Their predictive accuracy remains sensitive to
the treatment of reference energies, chemical-potential ranges, charge corrections, and band-edge alignment.

The conventional formation-energy formalism is usually evaluated using relaxed 0 K structures and
static total energies. Finite-temperature machine-learning force-field (MLFF) studies indicate that
metastable defect geometries, orientational degeneracy, vibrational and spin entropies, and anharmonicity
can contribute appreciably to defect free energies. For CdTe, MLFF-based thermodynamic integration
showed that room-temperature metastable configurations can be populated and that thermal effects can
change predicted interstitial concentrations by approximately two orders of magnitude [93]. The
distinction between static formation energies and finite-temperature formation free energies is therefore
important when comparing defect data, particularly for photovoltaic absorbers and ionic conductors.

3.3. Data, annotation, and metadata for defect machine learning

For defect-related ML, model performance depends not only on dataset size but also on whether the
training data adequately represent the relevant defect configurations, charge states, and local chemical
environments. In practice, many defect calculations are performed to address specific materials or
physical mechanisms rather than to construct transferable ML datasets, resulting in substantial differences
in supercell construction, charge-state treatment, convergence criteria, and post-processing protocols
across DFT datasets [94]. These inconsistencies become more problematic when data are combined
across different chemical-potential conditions, charge states, and supercell sizes. In addition, properties
such as migration barriers and local density of states (LDOS) require configurations that may not be
adequately sampled in datasets originally generated for defect formation-energy calculations.

High-throughput defect workflows can reduce these inconsistencies by applying common
generation, relaxation, and analysis procedures across large sets of defect configurations, as illustrated
in Figure 3c. Automating defect generation, structural relaxation, phase-stability analysis, charge-state
screening and energy evaluation allows these calculations to be performed under a more consistent
computational protocol, reducing operator-dependent variation across different chemical-potential
conditions and Fermi-level ranges. Platforms such as PyCDT and pymatgen-based workflows, together
with Materials Project-related infrastructure, have helped standardized key steps ranging from defect
generation and supercell construction to formation-energy analysis [95]. For ML applications, such
protocol consistency is particularly important because systematic differences arising from supercell size,
charge corrections, or convergence settings may otherwise be learned as apparent defect-property trends
rather than recognized as computational artifacts.

Atomic coordinates and total energies alone are insufficient to interpret many defect properties,
making the associated computational metadata an integral part of the dataset. Key metadata should
include supercell size, charge state, chemical potentials, dielectric constant, band-edge reference and
charge-correction scheme. The DFT settings and relaxation procedure should also be documented. For
MLIP datasets, each structure should be labeled according to the environment it represents, such as a
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bulk region, defect core, saddle region, reconstructed interface, or finite-temperature configuration.
High-uncertainty structures should be marked separately. Machine-readable metadata make the dataset
easier to reproduce and reuse. They also make it clearer which configurations are represented in the
training data and where the model may be less reliable [96].

The key challenge is therefore to construct defect datasets that match the target task, rather than
simply increasing the amount of available data. Formation-energy prediction requires consistent chemical
potentials and charge corrections, whereas migration-barrier prediction requires transition-state and
pathway configurations, and MLIP training requires forces and stresses from defect cores, interfaces,
and finite-temperature trajectories. This task-dependent view connects the data infrastructure in
Figure 3c with the defect-oriented data design and sampling strategies discussed in Section 4.4.

4. Machine-learning interatomic potentials for defect environments

MLIPs learn potential energy surfaces (PESs) from quantum-mechanical reference data and enable
atomistic simulations at length and time scales beyond routine first-principles calculations [97]. Unlike
traditional empirical potentials, MLIPs do not assume simple analytical function forms. Instead, they
learn the relationship between atomic environments and energies, forces, and stresses from training data,
providing a flexible description of many-body interactions. Defect environments often involve bonding,
coordination, strain, and chemical states that differ substantially from those in pristine crystals [84,98].
At the same time, the reliability of an MLIP is determined by the chemical and configurational domain
represented in the training set, making validation and uncertainty assessment essential for defect applications.

4.1. What ML changes in defect modeling

Figure 4 groups MLIP applications in defect studies into four areas: reconstruction and energetics, migration
and transport, collective evolution, and degradation and lifetime. These simulations can sample more
configurations and longer trajectories than direct first-principles calculations, provided that the relevant
chemical and structural environments are represented in the training data and tested independently [21,99].
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For point defects, MLIPs can accelerate structural relaxation, metastable-state searches, and
migration-path sampling, with selected structures subsequently refined by DFT. For dislocations and
other extended defects, MLIP-driven MD enables larger simulations of glide, climb, cross-slip, and
interactions with solutes, vacancies, interstitials, and precipitates. At grain boundaries and heterointerfaces,
relevant applications include reconstruction, segregation, and defect-mediated transport. MLIPs are also
useful for irradiation and degradation simulations. They can track defect generation, recombination,
clustering, and bond rearrangement over trajectories that are inaccessible to direct first-principles
calculations [93,99,100]. Migration studies require adequate coverage of saddle-point configurations.
Dislocation simulations instead need highly strained and reconstructed environments. lonic and polar
materials may also require explicit treatment of charge response and long-range electrostatics.

4.2. Model families and geometric deep learning

As illustrated in Figure 5, MLIP development has gradually shifted from hand-crafted descriptors toward
geometric deep-learning models. Geometric models can represent distorted and low-symmetry
environments more directly than fixed invariant descriptors. In the traditional modeling paradigm
(Figure 5a), models relied primarily on manually constructed local descriptors, such as Smooth
Overlap of Atomic Positions (SOAP) or atom-centered symmetry functions (ACSFs) to characterize
atomic environments [ 101]. These descriptors transform local atomic coordinates into fixed-dimensional
feature vectors. Rotational, translational, and permutational invariance is introduced through predefined
mathematical forms. The resulting descriptors are then used as inputs to regression or neural-network
models, such as GAP or BPNNs [7,15]. These descriptors provide translational, rotational, and
permutational invariance at relatively low computational cost. Their accuracy depends on descriptor
resolution, cutoff radius, basis completeness, and training-set coverage. These factors become particularly
important for defect cores, saddle-point structures, and reconstructed interfaces.
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In the geometric deep-learning paradigm shown in Figure 5b, atomic structures are represented as
graphs and updated through symmetry-preserving message passing. Equivariant graph neural networks,
such as NequlP, MACE, and Allegro, preserve the transformation behavior of scalar, vector, and
higher-order tensor features under three-dimensional symmetry operations. This improves the
description of distorted and low-symmetry defect environments, where local structural perturbations can
strongly influence energies and forces. In practice, the selection of an equivariant MLIP should depend
on the target defect problem, the required accuracy, the available training data, and the computational
scale of the simulation.

Overall, model selection in defect research should balance accuracy, transferability, uncertainty
control, and inference cost. The balance between accuracy and efficiency depends on the target problem.
Point-defect reconstruction and migration barriers require high accuracy in distorted environments.
Dislocation motion, irradiation cascades, and long-time diffusion place greater emphasis on inference
efficiency. Chemically heterogeneous interfaces require broad training coverage, whereas charged and
polar defects may require explicit treatment of long-range interactions and charge response. Table 2
summarizes these considerations for representative MLIP families.

Table 2. Qualitative comparison of representative MLIP families for defect modeling, including

their main strengths, representative defect tasks, training and inference costs, and principal

limitations or validation requirements [7,23—-25,28].

Representative defect

Qualitative cost

MLIP family Main strengths tasks profile® Main cautions
GAP/sparse GP data efficiency; dzifﬁz.cores; saddle medium/ kernel scaling;
P native uncertainty ?on mi’gration low-medium uncertainty calibration
ACE/ efficient dislocations; irradiation basis/cutoff sensitivity:
MTP/ many-body cascades; thermal medium/low Y
NEP inference transport sparse-defect coverage
scalable MD; diffusion; interfaces; lone-ranee electrostatics:
Deep Potential mature large-scale defect high/low g-rang ’
. . . charge response
active-learning dynamics
data-efficient point-defect messaze-passing cost:
NequlP equivariant reconstruction; migration medium/high £e-passing ’
. large-cell scaling
accuracy barriers
MACE d ’ Pathiways; medium/medium charged-defect
accuracy-cost finite-temperature validation
balance dynamics
local equivariant; dislocation motion locality assumptions;
Allegro d S irradiation cascades; high/low® Y P ’
parallel scalability long trajectories long-range effects
. initial screening; S
CHGNet/M3GNet broad. pretrained relaxation; transfer IOW_. . . domain S.hlﬁ.’
chemical coverage learning medium%medium DFT validation
. local experts; . s ..
Sparse/active ’ interfaces; amorphous/ . . expert partitioning; virial
BCM scalable? heterogeneous phases medium/medium validation
uncertainty

Cost levels are qualitative and refer to defect-oriented training and inference under comparable dataset sizes

and computational conditions.

®The low inference cost of Allegro assumes an optimized parallel implementation.

¢ For pretrained models, the training cost refers to defect-specific fine-tuning and excludes the original

pretraining cost.
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No single MLIP family is optimal for all defect problems. Model choice should therefore follow
the target mechanism and simulation scale. Atomic cluster expansion (ACE), moment tensor
potential (MTP), and neuroevolution potential (NEP) provide efficient many-body representations and
are suitable for large-scale dynamics. Deep Potential models combine scalable neural-network potentials
with established active-learning workflows. Sparse Gaussian-process and committee-machine approaches
are attractive when data efficiency and uncertainty estimation are important. Pretrained models such as
CHGNet and M3GNet can also be used for initial screening or defect-specific transfer learning.
Quantitative defect formation energies, migration barriers, charged-defect configurations, and highly
distorted structures still require targeted first-principles validation or defect-specific fine-tuning. Some
ML models also predict electronic or magnetic quantities, including LDOS and charge-related
descriptors. These predictions should be validated against explicit electronic-structure calculations and
should not be treated as equivalent to standard MLIP energy and force outputs [102,103].

4.3. Long-range interactions, charge response, and hybrid frameworks

The charged-defect formation energies and correction terms discussed in Section 3.2 are closely related
to the treatment of long-range electrostatics in MLIP construction. Defects can generate slowly decaying
electrostatic or elastic fields that extend well beyond the region of local structural distortion. Long-range
electrostatic effects are particularly important in insulators and semiconductors. As shown in Figure 6a,
charged point defects generate long-range electrostatic and polarization responses, whereas dislocations
and crack tips produce elastic fields that extend beyond the locally distorted core region. Their magnitude
and spatial decay depend on defect geometry, dielectric or elastic properties, and boundary conditions.
Most conventional MLIPs describe atomic environments using finite cutoff radii. Without an explicit
nonlocal component, such local representations may miss contributions arising outside the cutoff region,
including long-range electrostatic, polarization, and elastic effects [97].

A Long-range interaction challenge

b Electrostatic potential map around defect

C Hybrid & charge-aware models

Local ML cutoff r, A A A A A Hybrid model framework
S N P 6 ’ SO/ -
/ B
Yy ¥ E¥ Y o3 A AN
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g
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= = Charge self-consistency
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Figure 6. Treatment of long-range interactions in defect MLIPs. (a) Limitations of finite-cutoff
descriptors; (b) Electrostatic potentials predicted by 2G- and 4G-HDNNPs around a charged
oxygen vacancy; (¢) Hybrid decomposition into short-range ML and explicit long-range contributions.
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Figure 6b compares second- and fourth-generation high-dimensional neural network potentials for
a charged oxygen vacancy. The local 2G-HDNNP cannot reproduce the variation of the electrostatic
potential beyond its cutoff radius. In the 4G-HDNNP, environment-dependent charges are obtained
through global charge equilibration. This treatment recovers the long-range potential gradient and the
associated lattice-polarization response [104].

FNV enters at a different stage of the calculation. It is applied during the analysis of periodic
charged-defect DFT calculations. It reduces the artificial interaction between repeated charged defects
and aligns the electrostatic potential used to calculate defect formation energies [87,88]. It does not
update charge redistribution or polarization as the atoms move along an MD trajectory. Charge-equilibration
and polarizable MLIPs perform this update for each atomic configuration, and the resulting electrostatic
contribution enters both the energy and the forces [104,105]. FNV-corrected formation energies can
therefore serve as reference or validation targets, while dynamical training still requires a consistent
treatment of periodic energies, forces, and long-range contributions.

Figure 6¢ shows one way to construct such a dynamical model. A short-range ML term describes
bonding, repulsion, and local structural rearrangement, while explicit electrostatic, polarization, or
elastic terms account for the nonlocal response. Depending on the system, these contributions may be
evaluated using Ewald summation, multipole models, charge equilibration, or Green’s-function-based
elastic corrections [102,105]. The energy decomposition used during training must be consistent with
the reference calculation. Otherwise, periodic-image artifacts may remain in the training targets, or
the long-range electrostatic contribution may be counted twice. Static defect energetics and
configuration-dependent polarization should therefore be validated separately [102,105,106].

The choice of electrostatic treatment depends on the material and defect process. Fixed-charge or
strictly local models are often adequate for metals and covalent materials when screening is strong and
charge transfer is limited. They may become insufficient in ionic insulators, polar oxides, halide
perovskites, and charged-defect systems when electrostatic or polarization effects extend beyond the
local cutoff. Variable-charge, charge-equilibration, polarizable, or hybrid short-range/long-range models
are better suited to systems in which redox chemistry, dielectric screening, polarons, or charged vacancies
strongly affect the defect energetics. Vacancy and interstitial migration in metals mainly requires
accurate local forces and sufficient sampling of distorted saddle-point configurations. Migration of
charged defects in semiconductors, ionic insulators, polar oxides, and halide perovskites additionally
requires consistent treatment of dielectric screening, electrostatics, charge states, and possible

polaronic distortions.
4.4. Defect-oriented data design, sparse sampling, and fidelity transfer

Compared with bulk crystals, defect systems require more selective training-data construction because
the relevant configurations are sparse and many target properties depend on small relative energy
differences. Defect cores and the associated distorted environments occupy only a small fraction of the
total configurational space. If training data are dominated by bulk-like structures or near-harmonic bulk
vibrations, the resulting model may perform well on average while remaining inaccurate in the defect
regions that matter most [30,78,107]. Effective dataset construction therefore requires targeted sampling
of vacancies, interstitials, defect clusters, dislocation cores, and grain-boundary reconstructions, together
with adequate coverage of transition states when diffusion or reactions are considered.
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Training-data imbalance can also be handled at the loss-function level. Gaussian density function (GDF)
weighting provides one approach in which sparsity in feature space is used to assign larger effective
weights to underrepresented configurations during neural-network-potential training [108]. For defect
MLIPs, this idea is directly relevant because defect cores and transition states may be present in the
training set but still be statistically overwhelmed by bulk-like vibrations. Density-aware weighting can
therefore reduce the risk that rare defect and transition-state configurations are masked by the much
larger number of bulk-like environments.

Sparse Gaussian-process regression (SGPR) is well suited to data-efficient defect potentials because
it combines flexible regression with predictive uncertainty estimates. In defect science, physically
important configurations are rarely distributed uniformly in configurational space. Defect cores,
migration saddle points, and reconstructed interfaces are typically sparse but property-controlling
regions. The model is trained using a compact set of representative atomic environments. During active
sampling, configurations with high predicted uncertainty are selected for additional first-principles
labeling [109]. Compared with a single global neural-network potential, sparse GP models are
particularly useful when the reference dataset is small, when active sampling is central to the workflow,
or when uncertainty estimates are needed to guide further data acquisition.

Sparse Bayesian committee-machine (BCM) strategies partition a chemically diverse configurational
space among local expert models and combine their predictions. This architecture is suitable for
trajectories containing distinct environments, including bulk regions, defect cores, surfaces, grain
boundaries, amorphous structures, and high-pressure configurations. It limits the growth of individual
kernel models, while disagreement among experts provides a practical uncertainty measure [110]. For
finite-temperature and NPT simulations, stresses, pressures, and virials must be validated together with
energies and forces. Active sparse BCM potentials support on-the-fly learning under constant-pressure
conditions and have been demonstrated for LijoGe(PSe¢)2 and other condensed-phase systems [111].

Multi-fidelity learning can reduce the amount of expensive high-level reference data required for
defect MLIPs. Large-scale structural and force data can be generated using lower-cost electronic-structure
methods, while selected high-fidelity calculations can be used to calibrate key defect energetics and
electronic quantities [32,112]. For example, hybrid-functional calculations can correct semilocal
density-functional errors in band gaps, charge localization, and defect formation energies. Many-body
perturbation-theory corrections, such as GW-level information, are more naturally used to refine band-edge
alignment, defect levels, or charge-transition levels rather than to provide routine large-scale force labels
for PES training. Residual-learning or delta-learning strategies can then learn the correction between
low- and high-fidelity targets, which is especially useful when semilocal DFT errors would otherwise
propagate into charged-defect energetics or electronic transition levels.

Loss design and physical regularization are also important when defect configurations are sparsely
represented in the training set. Dynamic weighting can balance energy, force, stress, and defect-specific
configurations during training, while physical constraints such as energy-force consistency, stress-tensor
symmetry, elastic constants, and phonon stability can suppress nonphysical extrapolation in data-sparse
regions [113,114]. Specific active-learning decision criteria, such as uncertainty metrics and relabeling
triggers, are discussed separately in Section 5.3.
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4.5. Representative defect applications across material classes

Machine-learning interatomic potentials have been used to connect atomistic defect processes with
transport and degradation behavior. In the solid electrolyte Li7P3S11, a sparse Gaussian-process potential
achieved a force RMSE of 0.14 eV A™! with R?= 0.944 on an independent test set. For the 672-atom
supercell considered in that study, sparse-GP-driven molecular dynamics was reported to be
approximately 10* times faster than the corresponding ab initio molecular dynamics simulation. The
calculated room-temperature (RT) ionic conductivity of the o phase was 3.5 x 102 S cm ™!, compared with
previously reported values of 4.5 x 102S cm ™' and 5.7 x 102 S cm™!. The RT conductivity of S-phase
is 2.3 x 107> S cm™!. The calculated Li-diffusion activation energies were 0.20 and 0.30 eV for the o and B
phases, respectively [115]. Transferable ML potentials have also been explored across related Li-containing
solid electrolytes [116]. In lithium-ion cathodes, combined ML and DFT calculations have been used to
reveal how Al doping suppresses capacity and voltage fading by regulating dopant—defect interactions,
oxygen-related distortions, transition-metal migration, and Li diffusion [117].

Metal halide perovskites present a more challenging defect problem because ion migration is
coupled to defect charge states, strain, local polarization, and phase stability [118]. ML potentials extend
ab initio molecular dynamics to larger cells and longer trajectories, enabling the investigation of phase
stability, ion migration, surface and grain-boundary defects, and interfacial degradation. For CsPbls, ML
force-field migration barriers generally agreed with DFT climbing-image nudged elastic band
calculations to within approximately 0.1 eV, although the deviation reached 0.22 eV for the neutral
iodide vacancy. Independent validation yielded R> > 0.94 and a force MAE below 54.83 meV A™!. At
least five independent 2 ns MLMD trajectories were subsequently performed at each temperature,
yielding charge-state-dependent diffusion activation energies of 0.16—0.30 eV [119]. The larger barrier
error for the neutral iodide vacancy, despite the low overall force MAE, shows that aggregate force
accuracy does not guarantee uniform barrier accuracy across defect charge states and migration
pathways. Defect-specific migration barriers should therefore be validated independently against
first-principles calculations.

MLIPs also extend defect studies beyond static 0 K energetics. MLIP-based free-energy calculations
can incorporate vibrational, anharmonic, and metastable-configuration contributions to finite-temperature
defect thermodynamics [93]. In metals, alloys and catalytic nanoparticles, MLIP-derived energetics can
be coupled with kinetic Monte Carlo or related mesoscale methods to connect atomic migration and
segregation events with long-time structural evolution. For example, MLIP-assisted off-lattice kMC has
been used to investigate electrochemical degradation in Pt3Co nanoparticles [120].

Across these material classes, MLIP reliability depends on whether the model preserves the defect
mechanism governing the target property. Validation should therefore be hierarchical: energy and force
errors assess local potential-energy-surface fidelity, defect-specific barrier errors determine the
reliability of rare-event kinetics, and observables such as diffusion coefficients, ionic conductivity,
voltage stability, and degradation times evaluate the resulting multiscale predictions. A single aggregate
error is insufficient to establish the reliability of an ML-enabled defect workflow.
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5. Defect configuration search, active learning, and data-driven screening
5.1. Defect configuration space and MLIP-assisted global search

The defect configuration space becomes extremely large once multiple sublattices, disorder, or interfaces
are involved. In multicomponent alloys, solid solutions, and interfacial structures, a defect may occupy
several inequivalent sites and relax into multiple reconstructed geometries or clusters. Manual
construction of candidate structures can capture obvious motifs, but it rarely samples the full low-energy
landscape. For this reason, global optimization methods such as simulated annealing, basin hopping, and
evolutionary algorithms are increasingly used to explore defect configurations under stoichiometric and
geometric constraints [14,84,121].

For defect structure search, the configurational problem can be divided into two coupled levels. The
first level is site combination, which determines the lattice sites occupied by vacancies, interstitials,
substitutional impurities, or defect complexes. The second level is local reconstruction, which
determines how atoms relax around a given occupancy pattern and whether new low-symmetry or
metastable configurations appear. As shown in Figure 7a, MLIP-assisted search can use an outer loop to
enumerate site occupancies and an inner loop to perturb, relax, and rank the resulting structures. MLIPs
can evaluate large numbers of candidate structures at much lower cost than direct first-principles
relaxation. Representative low-energy structures can then be refined by DFT [10,122,123].
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Figure 7. Representative workflows for defect structure search and high-throughput screening.
(a) MLIP-assisted exploration of defect PESs. Reprinted with permission [16]. Copyright 2019
Wiley-VCH GmbH; (b) Workflow of the doped package for defect generation and analysis.
Reproduced with permission [70]. Licensed under CC BY 4.0; (¢) Workflow of PyCDT for
high-throughput defect calculations. Reproduced with permission [18]. Licensed under CC BY 4.0.
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On-the-fly SGP potentials can accelerate defect-structure optimization [86]. During exploration, the
potential is updated when new local environments are encountered. This is useful for defect searches
because vacancies, interstitials, dopants, surfaces, and interfaces may relax into low-symmetry structures
that are poorly represented in the initial training set. For more complex defects, including grain
boundaries, phase boundaries, and amorphous environments, global optimization usually needs
additional physical constraints to avoid non-physical structures. Typical constraints include stoichiometry
preservation, bounds on coordination environments, and soft penalties that suppress unrealistic collapse
during relaxation [ 124]. General structure-prediction methods such as USPEX and CALYPSO have also
been applied to defect problems, with MLIPs used for rapid prescreening and DFT for final
reoptimization in some studies [125,126]. Such workflows broaden the range of defect configurations
that can be explored, but low-energy structures relevant to defect thermodynamics or kinetics still require
first-principles validation.

5.2. Automated defect calculation and ML-enhanced screening workflows

High-throughput defect screening relies on standardized workflows that generate comparable defect
structures, apply consistent thermodynamic corrections, and retain the metadata required for validation.
A typical defect workflow includes supercell construction, symmetry analysis, defect generation,
structural relaxation, charge-state enumeration, formation-energy evaluation, finite-size correction,
band-edge alignment, and evaluation of charge-transition levels. Software including PyCDT, pymatgen,
AiiDA, atomate, and doped support different parts of this workflow, ranging from defect generation and
correction schemes to workflow orchestration and data management [18,95,127,128]. As illustrated in
Figure 7b,c, workflow automation improves both computational throughput and reproducibility. The
latter depends on retaining calculation metadata, including supercell size, dielectric tensor, band-gap
correction scheme, chemical-potential condition, charge-correction method, and band-edge
alignment strategy.

ML can reduce the dependence of high-throughput defect screening on direct DFT calculations in
three main ways. MLIPs can first be used to accelerate structure relaxation and migration-path searches,
allowing a larger number of defect configurations to be explored at substantially lower cost [129]. Such
acceleration is particularly useful for sampling defect sites, defect complexes, competing relaxed
configurations, and transition states, where the number of candidate structures can become prohibitively
large. By enabling broader configurational sampling, MLIPs can also increase the likelihood of identifying
low-energy structures before selected configurations are refined with first-principles calculations.

A complementary strategy is to use supervised models based on GNNs or handcrafted descriptors
as surrogates for defect energetics. Depending on the available representations and training data, these
models can predict defect formation energies and migration barriers and, in some cases, estimate
charge-transition levels from compositional and structural information. Once trained, these models can
rank large libraries of candidate materials or defect configurations before DFT refinement [22,130].
Their applicability is more limited for charged defects, strongly reconstructed local environments, and
systems that are poorly represented in the training data. DFT calculations are therefore still required for
the subset of candidates that determines the final defect energetics or physical interpretation.

More adaptive workflows couple ML predictions with uncertainty estimates to determine the
required level of calculation. Depending on the predicted uncertainty, a configuration may be accepted
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at the surrogate-model level, further relaxed with an MLIP, or selected for DFT calculation and
subsequent model refinement [131,132]. Such uncertainty-guided selection is relevant to defect
problems because saddle points, charged defect geometries, reconstructed defect cores, and ion-migration
bottlenecks may lie outside the configurational space adequately represented by the training data. The
resulting workflow concentrates first-principles calculations on configurations for which ML predictions
are less reliable or for which higher accuracy is required.

For high-throughput defect screening, ML acceleration should be integrated with a traceable
workflow that retains the quantities required for defect thermodynamics, including formation energies,
charge-transition levels, migration barriers, and correction terms. Standardized defect generation,
ML-assisted candidate ranking, uncertainty-guided DFT refinement, and systematic metadata recording
together provide a practical framework for automated defect calculations.

5.3. Active learning decision rules for defect PES refinement

In modeling complex defect PESs, it is generally impractical to generate a training set that covers all
relevant configurations from the outset. Active learning provides a practical way to address this problem.
As shown in Figure 8a, active learning iterates between model training and data sampling. New
configurations are selected for first-principles labeling according to the current model uncertainty,
reducing the number of DFT calculations required to reach a given level of accuracy [78,133—135]. The
main challenge is to determine which configurations provide sufficient information gain to justify
additional DFT calculations.
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Figure 8. Data driven exploration of the defect configuration space. (a) Active learning and
uncertainty driven sampling; (b) Construction and analysis of defect configuration atlases.

Uncertainty estimation is an important component of active learning. Gaussian processes (GPs) and
Bayesian neural networks (BNNss) provide uncertainty estimates through their predictive distributions [26].
For conventional neural-network potentials, uncertainty is commonly approximated using model
ensembles, Monte Carlo dropout, force disagreement, energy disagreement, or descriptor space
distance [136,137]. In active sparse BCM workflows, disagreement among local expert models also be
used as an uncertainty indicator when simulations encounter heterogeneous environments such as defect
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cores, surfaces, grain boundaries, amorphous regions, or configurations sampled under finite pressure [111].
Because defect calculations often depend on small energy differences and accurately resolved transition
states, both energy and force uncertainties should be considered, particularly for saddle-point structures
and strongly distorted local environments [138].

A typical active-learning cycle consists of configuration sampling, uncertainty evaluation,
first-principles labeling, model retraining, and validation. Candidate configurations may be generated
by molecular dynamics, global structure searches, nudged elastic band calculations, defect enumeration,
or finite-temperature sampling, depending on the process of interest. The uncertainty metric should be
calibrated on an independent DFT dataset by comparing predicted uncertainty with actual errors in
forces, energies, stresses, or migration barriers. After retraining, the model should be tested on defect
types, migration pathways, and local chemical environments that were not represented in the training set.

A practical two-threshold scheme can be used for active-learning decisions. Let u denote the
uncertainty indicator, with lower and upper thresholds o, and upign , respectively. The lower
threshold can be calibrated on a held-out DFT dataset so that configurations exceeding a specified

reference-error tolerance are identified with sufficiently high sensitivity. Simulations may continue
when u < u,,. Configurations with w4y, < U < Upjg are added to the DFT-labeling queue. When
U = Upjgp, the configuration lies well outside the reliable region of the current model and should be
labeled before further exploration. Because the uncertainty distribution changes as the training set grows,
the thresholds should be reassessed after substantial model updates and, where necessary, for different
phases, compositions, charge states, temperatures, stress states, and defect environments.

No single threshold applies to all materials. In DP-GEN, multiple models are trained on the same
dataset with different parameter initializations, and the model deviation is defined using the largest
atomic-force standard deviation across the ensemble. Reported candidate windows are 0.05-0.15 eV A™!
for Al and Al-Mg and 0.03—0.13 eV A™! for Mg [134]. These values are specific to the corresponding
models, datasets, and sampling conditions and should not be treated as universal criteria. Migration
studies may require additional checks on saddle-point forces and the relative energies of competing
pathways. For defect screening, the stability of formation-energy rankings should also be examined,
whereas simulations under constant pressure or mechanical loading require validation of stresses and
virials. The uncertainty criterion should therefore be calibrated according to the quantity of interest and
the acceptable error of the target calculation [139-141].

5.4. Defect configuration atlases for kinetics and transfer learning

Large-scale searches and high-throughput defect calculations can generate many configurations that
differ only in local reconstruction, charge state, coordination environment, or migration geometry. As
illustrated in Figure 8b, a defect configuration atlas provides a framework for organizing these structures
according to their structural and energetic similarities. Structural fingerprints are first calculated for
individual defect configurations. Clustering and dimensionality-reduction methods such as principal
component analysis (PCA), t-distributed stochastic neighbor embedding (t-SNE), and uniform manifold
approximation and projection (UMAP) can then be used to project high-dimensional structural
descriptors onto a low-dimensional representation [142,143]. Formation energies, local symmetries,
charge states, migration barriers, electronic descriptors, and model uncertainties may be mapped onto
the same representation. Clusters of low-energy structures may identify stable or metastable defect
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families, whereas configurations between clusters may correspond to reconstruction pathways or
migration intermediates.

For kinetic modeling, configurations belonging to the same free-energy basin can be grouped into a
single state. Transition pathways between these states, together with the corresponding barriers or
free-energy differences, can then be used to determine event rates. The resulting network contains fewer
states than the original atomistic dataset and can be used as an event catalog for kinetic Monte Carlo
simulations [5,144]. Phase-field modeling requires an additional coarse-graining step because individual
atomic configurations are no longer resolved. Information from the atlas and related atomistic
calculations may nevertheless be used to estimate free-energy landscapes, kinetic coefficients, and
transitions between competing defect populations.

The same structural representation can also be used to assess transfer to related materials. A local
defect motif in a related compound or interface may fall within a region of configuration space already
represented in the training set. In such cases, the existing model may provide a useful starting point for
fine-tuning with a limited amount of additional data. In contrast, isolated configurations or structures
associated with large prediction uncertainties indicate poorly sampled regions and require additional
first-principles calculations [145,146]. Once labeled, these configurations can be incorporated into the
training set and used for subsequent model retraining. Updating the atlas during this process also

provides a way to track the expansion of the sampled defect configuration space.
6. Defect dynamics and multiscale simulation
6.1. MLIP-driven molecular dynamics and accelerated dynamics

Many macroscopic properties of materials depend on how defects evolve under service conditions,
including irradiation, thermal exposure, and mechanical loading. At the atomistic level, MD remains a
primary tool for studying such processes, but conventional force fields often lack the accuracy needed
when bond rearrangement or defect core chemistry is important. MLIPs have extended the spatial and
temporal range of MD while retaining improved accuracy. This has enabled simulations of irradiation
cascades, vacancy-interstitial recombination, defect clustering, and related processes in systems much
larger than those accessible to direct DFT [147].

For long trajectories, however, the reliability of MLIP-based MD must be checked explicitly.
Common tests include monitoring energy drift in microcanonical simulations, comparing migration
mechanisms across integration settings, and verifying diffusion coefficients or structural statistics
against reference calculations or experiment when possible. MLIPs can also be combined with path
integral MD to describe light element diffusion when nuclear quantum effects are relevant [148,149]. A
small average force error does not necessarily imply accurate defect kinetics. Errors can become more
important near saddle points, highly distorted coordination environments, and rare local rearrangements.

Rare event dynamics remain a separate challenge because many defect processes occur on
timescales beyond standard MD [150]. Accelerated methods can extend the accessible timescale.
Examples include temperature-accelerated dynamics, hyperdynamics, parallel replica dynamics, and
metadynamics [151]. MLIPs reduce the cost of repeated energy and force evaluations during
transition-pathway searches. However, barrier heights and representative transition states should still
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be validated against DFT or a high-accuracy reference model when they control rate ordering or long
time kinetic predictions.

Beyond dynamical processes, MLIPs have extended the calculation of finite-temperature defect
thermodynamics, which is critical for predicting defect concentrations under real operating conditions.
Static 0 K formation energies are rarely sufficient. Defect free energies may contain vibrational,
electronic, magnetic, and configurational contributions. Finite-temperature sampling can also populate
metastable configurations that are not represented by a single relaxed 0 K structure. A recent study on
CdTe showed that finite-temperature entropic contributions can alter predicted defect concentrations by
orders of magnitude compared to static DFT calculations [93]. We therefore distinguish three levels of
defect thermodynamic modeling. The first uses static DFT formation energies and is well suited to rapid
high-throughput screening. The second incorporates harmonic or quasi-harmonic corrections to improve
accuracy at moderate temperatures. The third relies on MLIP-enabled anharmonic thermodynamic
integration or free-energy sampling when temperature-dependent disorder is central to the material function.

6.2. From MLIPs to kinetic Monte Carlo rate models

KMC provides a route from atomistic barrier information to long-timescale defect evolution. In lattice
kMC, the system evolves through a set of discrete events. Each event is assigned a rate from transition-state
theory or a related kinetic model. KMC can reach timescales far beyond those of MD. Its accuracy,
however, depends on whether the relevant events are included in the event library. Building that library
remains one of the main practical bottlenecks in applying kMC to complex defect problems.

Barrier errors are amplified when they are converted into kinetic rates. Within transition-state
theory, the rate of event I is given by Equation (2):
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Where v, is the rate prefactorand £ ; is the migration barrier. If the ML-predicted barrier differs
from the reference value, the barrier error is defined by Equation (3):
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The corresponding rate ratio is given by Equation (4):
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For a barrier error of 0.05 eV, the predicted rate changes by a factor of approximately 6.9 at 300 K,
2.6 at 600 K, and 1.8 at 1000 K, assuming that the rate prefactor remains unchanged. Underestimating
the barrier accelerates the event, while overestimating it slows the event. Because kMC uses these rates
to select events and advance the simulation time, barrier errors can reorder competing pathways and shift
the predicted defect populations and timescales.

Barrier uncertainty can be propagated directly into kMC. One approach is to sample barriers from
calibrated distributions and construct a separate rate catalog for each sample. The resulting simulations
provide distributions of defect concentrations, diffusion coefficients, segregation profiles, and degradation
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times. Sensitivity analysis can identify the events that contribute most strongly to the final uncertainty.
These events are natural targets for additional DFT transition-state calculations. If the ordering of
competing events changes across the sampled catalogs, several mechanisms should be retained in the
interpretation. Section 6.5 summarizes the corresponding reporting requirements.

ML can reduce the cost of constructing and updating the event library in two ways. First, MLIPs
can provide efficient energy and force evaluators for transition-state searches. MLIPs can be combined
with automated transition-state methods such as CI-NEB and the dimer method [107,152]. This
combination reduces the cost of locating saddle points and evaluating migration barriers in large atomic
systems. Active learning can further prioritize high-uncertainty configurations near the saddle region for
DFT refinement. As illustrated in Figure 9a, uncertainty estimates determine whether an event is
evaluated directly by the ML model or submitted for additional DFT wvalidation [78,153]. A second
approach is to predict migration barriers or event rates directly from local structural descriptors. This
approach enables on-the-fly rate evaluation without explicitly enumerating and storing every possible
event. Conventional lattice kMC becomes less suitable when the atomic topology changes substantially.
Examples include dislocation climb and vacancy-cluster growth. Off-lattice and graph-based kMC
methods provide greater flexibility for such processes [154].

d ML-assisted kMC (atomistic scale) b Microstructure surrogate (mesoscopic scale)

L B RGN B (local barriers)
| B .. [ B l =)
B B N N
Current defect )
configuration Uncertainty Initial Predicted
DFT/NEB @ above microstructure later microstructure
X . threshold?
labeling Active
learning Execute
loop kMC event
o0 @@ Learned state-to-state mapping
-
®e 06 Reduced repeated time integration
p g
o0 000
[ B B N X/
Updated defect

configuration

Figure 9. ML-assisted strategies for long-timescale defect kinetics. (a) Uncertainty-aware barrier
prediction, first-principles labeling, and model updating for kMC simulations; (b) Surrogate
prediction of mesoscale microstructure evolution within a validated parameter and time range.

Jung et al. coupled an ACSF-based neural-network potential with off-lattice kMC to investigate
degradation of Pt3Co nanoparticles [120]. The training dataset contained 4576 DFT configurations,
corresponding to 514,449 local atomic environments. The validation-set RMSEs were 4.46 meV atom ',
0.13 eV A™!, and 6.72 kbar for energy, force, and stress, respectively. For surface-vacancy formation
energies and vacancy-migration barriers, the RMSEs were 0.136 and 0.227 eV, with corresponding R*
values of 0.938 and 0.847. The off-lattice KMC simulations considered nanoparticles with diameters of
2.52, 3.28, and 4.04 nm and followed surface-atom dissolution and vacancy migration for simulated
physical times of up to 50 h. Notably, the migration-barrier RMSE was much larger than the energy
RMSE, illustrating why kinetic benchmarks should be reported separately from general potential accuracy.
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6.3. Mesoscopic scale: dislocation dynamics and phase-field models

At the mesoscopic scale, Discrete Dislocation Dynamics (DDD) and phase-field models are important
tools for linking atomic scale defect behavior with microstructural evolution. Traditional DDD
simulations typically treat dislocations as line defects evolving within a continuous elastic
background [155,156], while phase-field models describe microstructure evolution through continuous
order parameters and free energy functionals. The predictive accuracy of both methods depends strongly
on input parameters such as dislocation mobility laws, defect interaction energies, elastic constants,
interfacial energies, diffusion coefficients, and kinetic mobilities. These parameters have traditionally
been obtained from experiments or a limited number of first-principles calculations. Such datasets may
be insufficient for complex multicomponent alloys and multiphase systems.

MLIP-driven MD can sample dislocation motion over selected stresses, temperatures, compositions,
and chemical environments [157,158]. The resulting data can be used to construct mobility laws or
regression models [159]. These models relate dislocation velocity to stress, temperature, local
composition, and nearby defects. This approach is useful when dislocation motion depends strongly on
local chemistry or defect-core reconstruction. Under these conditions, simple empirical mobility laws
may not transfer well between systems.

MLIPs can also support phase-field parameterization. High-throughput atomistic simulations can
sample energy and stress responses across different compositions, phases, and defect concentrations.
These quantities can be used to parameterize phase-field models. Surrogate models can also be trained
on phase-field trajectories (Figure 9b) [ 160]. They may predict later microstructures from an initial state
or advance the system over selected time intervals. Evaluation should go beyond image similarity.
Morphological statistics, conserved quantities, boundary conditions, and kinetic trends provide
additional tests over the intended parameter and time range.

Uncertainty propagation remains important when atomistic quantities are transferred to mesoscale
models. Errors in MLIP-predicted defect energies, migration barriers, elastic constants, and interfacial
energies can affect dislocation mobility laws, phase-boundary motion, and microstructure evolution.
MLIP-informed DDD and phase-field studies should therefore report the training domain, reference

accuracy, parameter uncertainty, and validation range.
6.4. Neural operators and physics-informed continuum modeling

At the macroscopic scale, the mechanical, thermal, and electrical transport behavior of defect-containing
materials are commonly described by partial differential equations (PDEs) [161]. Neural operators and
physics-informed neural networks (PINNs) are increasingly used to accelerate PDE calculations and
inverse parameter identification [162—164]. The two approaches, however, use different learning
strategies. Neural operators learn mappings between functions rather than pointwise input-output
relations. PINNSs take a different approach by incorporating governing equations and physical constraints
into the training objective [163,165].

In modeling defect-containing materials, MLIPs can be combined with Neural Operators or PINNs
to build multiscale data-driven PDE solvers. MLIPs and atomistic simulations can quantify how defects
modify elastic constants, diffusion coefficients, and interface mobilities (Figure 10a), These
defect-dependent properties can then be transferred to continuum models as spatially varying material
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parameters (Figure 10b). Neural Operators can learn the response of the continuum system to these
heterogeneous inputs, allowing rapid prediction of structural response and degradation for prescribed

defect distributions and boundary conditions (Figure 10c) [166].
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Figure 10. ML-enabled multiscale information flow. (a) Atomistic defect and kinetic information;
(b) Mesoscale evolution through dislocation and phase-field models; (¢) Macroscopic prediction

of structural response and lifetime.

This strategy is attractive for rapid screening, but several challenges remain, including robust
treatment of boundary conditions, strict enforcement of conservation laws, and accurate representation
of singular fields near crack tips or dislocation cores [167,168]. Uncertainty in MLIP-derived inputs,
including diffusion coefficients, elastic constants, and defect mobilities, should also be propagated to
continuum-scale predictions. Neural operators and PINNs are most useful as components of a validated
multiscale workflow. They can accelerate repeated calculations, but they do not remove the need for

atomistic benchmarks or physically consistent continuum models.

6.5. Comparative applicability and quantitative reporting across scales

These methods differ mainly in accessible length and time scales, the amount of physical detail retained,
and computational cost [169]. MLIP-based MD provides direct atomic-scale information on processes
such as defect formation, migration, and recombination. KMC can extend simulations to experimentally
relevant timescales, provided that the dominant events and their rates are adequately represented.
However, its reliability depends critically on the comprehensiveness of the event library. DDD and
phase-field methods span larger spatial and temporal scales by introducing coarse grained descriptions,
making them particularly suitable for studying dislocation network evolution and microstructural
coarsening. Neural operators and PINNs operate at the continuum-field level and can accelerate repeated
calculations over large parameter spaces.

Coarse-graining inevitably removes part of the lower-scale information. The accuracy of multiscale
predictions therefore depends on how the remaining information is transferred between models.
Atomistic quantities transferred to higher-level models need independent benchmarks [170,171]. Their
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uncertainty should also be reported when it can affect the higher-scale prediction. Conversely,
continuum or mesoscale predictions, such as stress strain response or defect density evolution, should
be validated against experimental observations whenever possible [172]. Multiscale predictions are more
convincing when atomistic parameterization is combined with validation at higher scales [173,174].
Accuracy cannot be assumed to transfer unchanged from one model to the next.

Quantitative reporting conventions. For consistent comparison, let yM and jdenote the predicted
and reference values, respectively, for M evaluated quantities. The mean absolute error (MAE), root-mean-
square error (RMSE), and coefficient of determination (R2) are defined by Equations (5)—(7), respectively:

1 M
MAE:_ ML_ ljef, 5
M;\y, Y, (5)
_ 1 < ML ref \ 2
RMSE=,[—> (v - y), (6)
M5
M ML ref \2
RZZI_ZH(% —) %

M ‘e —ref :
D=y )

here, yi may represent energies, cartesian force components, stress components, or other scalar targets.
In MLIP benchmarking, each reported error should be accompanied by the target quantity, dataset split,
normalization convention, unit, and reference level [171].

For migration pathway j, the barrier is defined as the energy difference between the transition state
and the initial state [137,151], as given by Equation (8):

Evj= Ets,j— Els,j, (8)

where E7s, jand Ejs,; are the energies of the transition and initial states, respectively. The signed barrier
error is defined by Equation (9):

ref
AEb,j = E]i/IJL - Eb,j s (9)

whereas barrier MAE or RMSE is evaluated over the complete set of benchmark pathways. The term
barrier error should therefore be accompanied by the specific metric used.

Training-set size should distinguish the number of atomic configurations from the number of local
atomic environments or training points. The total number of local environments is given by Equation (10):

Neons

con

N, =Y N, (10)

env s
S=1

where Ns is the number of atoms in configuration S. Accessible timescale denotes simulated physical
time rather than computational wall time. For MD, fvmp - Nswep At, whereas the kMC timescale is
accumulated from stochastic event-time increments. System size should be specified by the number of
atoms and a physical dimension, such as the simulation-cell dimensions or nanoparticle diameter.

The most relevant metrics depend on the type of multiscale coupling. For MLIP-kMC workflows,
the most important quantities are the migration barriers and event rates. Reports should therefore specify
the DFT reference level, barrier errors, event-catalog coverage, system size, simulated physical time,
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and uncertainty in the kinetic rates. For MLIP-informed DDD and phase-field models, attention should
shift to the accuracy of transferred parameters. Relevant quantities include elastic constants, defect
interaction energies, interfacial energies, diffusion coefficients, and mobility parameters. Their validated
composition, temperature, and defect-concentration ranges should also be stated. For continuum and
neural-operator models, uncertainty in MLIP-derived parameters should be propagated to predicted
stress, transport properties, and degradation behavior. Recent reviews and device-scale studies have
considered accuracy, transferability, computational cost, and application range together when assessing
MLIP performance [175,176] These benchmarks allow readers to judge whether atomistic predictions
are accurate enough for use at the next scale. This is particularly important for migration barriers, diffusion
coefficients, dislocation mobility relations, and interfacial energies. Without such quantitative information,
links between atomistic predictions and device-scale performance remain difficult to assess and validate.

7. Challenges, validation, and frontier trends

ML approaches can accelerate defect-structure search, MLIP development, high-throughput screening,
and large-scale atomistic simulations, but average test errors alone are insufficient to establish model
reliability. Defect applications often involve rare configurations, small energy differences, long-range
interactions, finite-temperature effects, and extrapolation to new chemistries or structures. This section
discusses task-specific validation, physical consistency, data quality, and emerging workflows that retain
human oversight.

7.1. Model validation, extrapolability, and benchmarking

Figure 11 reframes validation as a closed workflow rather than a single accuracy score. Defect datasets
are typically highly imbalanced, as common local environments are well represented whereas rare
configurations, unusual charge states, high-temperature structures, strained states, and chemically
complex interfaces remain sparsely sampled. Under these conditions, models evaluated using
conventional random splits may appear accurate while still failing for unseen defect classes or
thermodynamic conditions outside the training domain [158,177]. More stringent validation should use
out-of-distribution test sets that hold out entire defect families, chemistries, charge states, temperature
ranges, or stress regimes relevant to the target task [178,179].

Defect-specific benchmarks should cover quantities such as formation energies, charge-transition
levels, migration barriers, transport coefficients, and damage evolution [180,181]. Validation should
establish whether the model is reliable within its intended domain, requires additional training data, or
is unsuitable for the target task. This assessment should combine numerical errors with physical checks,
including energy-force consistency, stress symmetry, charge conservation, long-range electrostatic
response, and finite-temperature behavior [24,182].

Table 3 translates the workflow in Figure 11 into a reporting checklist for ML-assisted defect
studies. Not every item applies equally to all defect classes. For example, charge-state and electrostatic
corrections are essential for charged point defects, whereas stress and virial validation is more relevant
to mechanical, dislocation, constant-pressure, and pressure-dependent simulations.
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Figure 11. Validation workflow and emerging directions for ML-enabled defect research.

(a) Input risks, benchmark targets, and metadata requirements for defect-oriented model

development; (b) Task-specific validation within a defined applicability domain, including

physical constraints, uncertainty control, and multi-fidelity calibration; (c¢) Established data and

metadata infrastructure together with emerging LLM-assisted, autonomous, and privacy-preserving

workflow. Solid elements denote demonstrated components, while dashed elements denote

emerging directions that require human oversight and independent physical validation.

Table 3. Minimum reporting checklist for ML-assisted defect studies.

ChecKlist item

Minimum reporting or validation requirement

Defect task

Charge-state treatment

Reference
electronic-structure method

Finite-size and electrostatic corrections

Training-domain coverage
Uncertainty control

Task-specific validation

Stress/virial and physical consistency

Transferability assessment

Reproducibility and provenance

defect class; host chemistry; target property; temperature; stress;
chemical-potential conditions

charge state(s); Fermi-level range; charge localization; polaron treatment

DFT code; exchange-correlation functional; pseudopotential or basis; cutoff and
k-point sampling; spin or SOC treatment; convergence criteria

supercell size; charge-correction method; dielectric response; potential or band-
edge alignment; chemical-potential convention

bulk structures; defect cores; metastable states; saddle-point regions; interfaces;
finite-temperature; strain and high-uncertainty configurations relevant to the task

uncertainty metric; calibration dataset; query or relabeling threshold;
accept/retrain/reject criterion

energies; forces; structures; formation energies; transition levels; migration
barriers; diffusion coefficients; kinetic observables

stress; virial; pressure validation; energy-force consistency; symmetry and
conservation tests; finite-temperature stability

held-out defect classes; chemistries; charge states; temperatures; stress states;
in-domain and out-of-domain performance

numbers of configurations and local environments; dataset split; model and
software versions; data provenance; independent DFT or experimental benchmarks

NOTE: Each item should be identified as applied, not applicable, or not tested. Accuracy targets and validation

depth should reflect the target defect mechanism and the downstream use of the ML predictions in

thermodynamic, kinetic, or multiscale analyses.
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7.2. Frontier trends: physical constraints, data quality, and multi-fidelity strategies

Physical constraints become particularly important when the target property depends on physics that is poorly
represented in the training data. Depending on the material and defect mechanism, relevant constraints may
include equivariance, energy—force consistency, stress symmetry, charge conservation, and explicit
treatments of long-range electrostatics or dielectric response. For charged defects, polarons, redox-active
materials, and polar semiconductors, validation should also examine charge localization, electrostatic
response, and defect-induced polarization, rather than only short-range energies and forces [104,182,183].
These constraints can reduce unphysical predictions but do not replace defect-specific validation [184].

Data fidelity remains a major limitation. Large semilocal DFT datasets are useful for pretraining
and broad chemical coverage, but defect energetics often depend on band gaps, charge localization,
band-edge alignment, and charge-transition levels. These quantities may require hybrid functionals or
many-body corrections for reliable calibration. Multi-fidelity approaches can combine large, low-cost
datasets with smaller high-fidelity reference sets through transfer learning, multitask learning, or delta
learning [112,185]. The transferability of models trained mainly on lower-fidelity data should be
assessed after calibration against a limited high-fidelity reference set. For point defects, this should be
tested by holding out entire defect types, charge states, transition levels, and chemical potential regimes,
rather than only testing bulk energies and forces.

Finite-temperature effects should also be treated as a validation target rather than a minor correction.
Static zero-temperature formation energies may miss vibrational, configurational, anharmonic, and
metastable state contributions to defect free energies. MLIP-based thermodynamic integration and
finite-temperature sampling can capture these contributions, provided that the underlying potential is
accurate for thermally accessible defect configurations.

7.3. Data, software ecosystems, and emerging autonomous workflows

Broader application of ML in defect research depends on reliable data and software infrastructure. Defect
databases should follow Findable, Accessible, Interoperable, and Reusable (FAIR) principles while
recording key methodological information, including supercell settings, charge-correction schemes,
computational parameters, validation results, and data provenance [ 186—189]. Software platforms should
also support workflow management, metadata checking, and standardized interfaces between
electronic-structure calculations and machine-learning models. These components form the established
infrastructure shown in Figure 11a.

Several parts of ML-assisted defect workflows are already automated. Existing software can
automate defect-structure generation, charge-state enumeration, finite-size corrections, and calculation
record management. More recently, first-principles calculations have been combined with MLIPs and
machine-learning Hamiltonians for structural relaxation, defect formation-energy prediction, and
configurational search. For example, machine-learning Hamiltonians have been used for structural
relaxation and oxygen-vacancy formation-energy calculations in amorphous SiOz [190]. While MLIPs
have been used to accelerate defect-structure exploration in amorphous silica [191]. These studies
demonstrate that several key steps in defect calculations can already be assisted by ML and incorporated into
the validation-centered workflow outlined in Figure 11b. However, current implementations mainly involve
individual computational modules rather than fully autonomous, end-to-end defect-discovery workflows.
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The dashed outline in Figure 11c denotes less mature LLM-assisted workflows. Current uses include
literature and data retrieval, information extraction, script generation, workflow documentation, and
error-log analysis [192—195]. These tools can reduce routine work, but their outputs still require human
verification. Defect-model selection, mechanistic interpretation, uncertainty assessment, and first-principles
validation should therefore remain subject to expert review and independent physical calculations.

A fully autonomous defect-discovery platform would integrate candidate-structure generation,
high-throughput calculations, active learning, uncertainty-based decision making, and, where available,
automated synthesis or characterization within a closed-loop workflow. However, end-to-end
implementations remain uncommon in defect research. Reliable operation will require robust interfaces
between modules, calibrated uncertainty thresholds, complete data provenance, human oversight, and
independent physical validation. Federated learning may support cross-institutional collaboration
without centralized data sharing, although its application to defect research remains limited [196].

8. Conclusion

ML can broaden the range of tractable defect problems by improving configurational sampling,
accelerating atomistic calculations, and transferring information across different length and time scales.
In particular, MLIPs, active-learning strategies and off-lattice kinetic models can extend the accessible
system sizes and simulation times within their validated domains. However, sparse training data, limited
transferability, and inappropriate physical assumptions can still lead to substantial errors, so ML
predictions should remain tied to first-principles calculations and mechanistic analysis. Reliable use
therefore requires direct tests of the physics relevant to the target problem, including long-range
electrostatic interactions in polar materials, finite-temperature anharmonic effects, and out-of-distribution
configurations along defect-transition pathways. ML has already been applied to defect-structure
exploration, migration analysis, finite-temperature sampling, and selected multiscale simulations. Fully
autonomous multi-fidelity workflows and self-driving defect-discovery platforms, however, are still at
an early stage. Further progress requires calibrated uncertainty estimates, traceable data provenance,
human oversight, and independent validation against first-principles calculations or experiments. The
most reliable workflows are therefore likely to combine physical insight with data-driven models and
explicit uncertainty assessment.
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