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Machine learning interatomic potentials (MLIPs) can now reproduce the energy, forces, and stresses

of bulk materials with high accuracy compared to first-principles calculations. The description of
imperfections, where coordination environments and electron counts deviate from those found in pristine
reference structures, remains a challenge. We find that the current generation of foundation MLIPs does
not describe the defect physics of the photovoltaic absorber Sb,Se;. We introduce global defect charge
embeddings that distinguish the bonding characteristics of different charge states. We further employ a
multifidelity approach that combines low-cost (semilocal exchange-correlation functional) reference data

with high-quality (nonlocal hybrid functional) energies and forces that describe well the subtleties of the
defect energy landscape. The resulting defect-capable force fields can find stable structural configurations
and predict defect thermodynamics in quantitative agreement with direct quantum mechanical calcu-

lations, at a fraction of the computational cost.

DOI: 10.1103/tzwd-cl3y

L. INTRODUCTION

Defects play a crucial role in determining the properties
of functional materials, governing key processes in semi-
conductors, photovoltaics, solid-state electrolytes, and
catalytic systems [1]. In energy materials, defects directly
impact device performance. Charged defects control car-
rier concentrations, mediate ion migration, and can intro-
duce deep states that act as recombination centers [2,3].
Accurate predictions of these properties rely fundamen-
tally on identifying the correct ground-state atomic struc-
ture. Failure to locate the equilibrium configuration
impacts subsequent calculations of formation energies,
migration barriers, carrier capture rates, and degradation
reactions [4—8]. Ground and metastable structures can
be identified through structure-searching methods that
explore the energy landscape via symmetry-breaking
distortions [9]. However, comprehensive structure search-
ing remains a major bottleneck [10], especially for systems
with complex defect landscapes where multiple metastable
configurations compete within a narrow energy window
[11]. Accurately describing these landscapes requires a
high level of electronic-structure theory, such as hybrid
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functionals, but their computational cost renders exhaus-
tive structure searching prohibitively expensive. To reduce
the cost of the underlying calculations, current approaches
rely on low-precision approximations (e.g., coarse sam-
pling of reciprocal space), which do not ensure identi-
fication of the true global minimum.

Machine learning interatomic potentials (MLIPs) offer a
promising route to address this bottleneck. Recent foun-
dation models [12-15] trained on comprehensive datasets
[16-18] have demonstrated generalization across chemical
space for pristine systems, with prediction accuracy
approaching quantum mechanical calculations [19].
However, their application to defect systems remains an
open challenge. First, MLIP-based defect modeling faces
a data scarcity problem more severe than that of bulk
materials. Defects require training datasets that capture a
wide range of local atomic environments, including
symmetry-breaking distortions and metastable configura-
tions, all calculated at a high level of theory. Charged
defects pose an additional challenge. Different charge
states of the same defect can have distinct ground-state
geometries because changes in electronic occupation
modify the local bonding. However, standard MLIPs are
built on the locality assumption [20], using descriptors that
capture only the chemical species and local atomic
environment within a truncated cutoff [21,22]. This rep-
resentation contains no explicit information about the
charge state, so configurations with similar local environ-
ments produce nearly identical descriptors despite corre-
sponding to distinct charge states, thereby mapping the
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multiple potential energy surfaces (PESs) into a single
energy landscape. Consequently, existing studies largely
focus on neutral defects [23-28], although these are not
intrinsically simpler for MLIP modeling, as they often
undergo substantial structural reconstructions driven by
excess electrons or holes localized on the defect. Others
train separate models for each charge state [29-31], rather
than a single model that distinguishes charge states within
a unified architecture. Despite growing developments in
charge-aware ML models, their application to charged
defects in periodic semiconductor supercells remains
limited. Methods that explicitly model charge redistrib-
ution and long-range electrostatics, such as learned long-
range descriptors [32], charge equilibration schemes
[33,34], and polarizable electrostatic models [35,36], have
been developed primarily for bulk liquids, molecular
crystals, and interfaces. However, for charged defects,
these approaches can suffer from ill-defined atomic charge
partitioning [37], unphysical delocalization into the bulk
[34], or the nonlinear scaling of Ewald summation [38].
Global charge conditioning, which encodes the total
system charge through a learnable embedding [39], offers
a simpler alternative that captures charge information
and distinguishes charge states with negligible addi-
tional computational cost or complexity. Across both
approaches, a single model capable of simultaneously
distinguishing multiple charge states and subtle energy
differences between competing defect configurations has
not yet been demonstrated [39—41].

As a case study, we focus on Sb,Ses, an emerging thin-
film photovoltaic absorber composed of earth-abundant,
low-toxicity elements, with promising optoelectronic
properties [42]. Its point defects limit photovoltaic per-
formance through nonradiative recombination and have
complex energy landscapes [43]. The dominant intrinsic
vacancies are amphoteric and undergo structural recon-
structions across multiple charge states [6]. Together, these
features make Sb,Se; a challenging test case for defect-
capable interatomic potentials.

In this work, we demonstrate that (i) foundation
machine learning force fields, trained on bulk materials
data, do not reliably identify defect ground states and often
miss low-energy configurations; (ii) bespoke models with
global defect charge embeddings can successfully identify
ground-state configurations to within 0.05 A and accu-
rately predict defect formation energies and charge tran-
sition levels to within 0.02 eV; (iii) a multifidelity (MF)
approach that combines a high volume of low-cost
reference (PBE) data with selective high-quality (HSE06)
data results in a robust model that can identify global
minima that are missed in low-precision searches.
The resulting defect-capable force fields act as fast surro-
gate models that can describe dynamic processes that
are beyond the limits of traditional defect modeling
approaches. The MF strategy with charge embeddings

also provides a solid foundation toward the development of
foundation models for defective crystals.

II. RESULTS AND DISCUSSION

A. Limitation of foundation models
for charged defects

Foundation models trained on massive bulk datasets
have enabled rapid property prediction for crystalline
materials, yet their applicability to the complex landscape
of charged point defects remains unexplored. To address
this gap, we first benchmarked four state-of-the-art equiv-
ariant atomistic force fields (MACE-MH-1 [12,22],
MACE-MPA-0 [13], GRACE-2L-OMAT [14], and
MatterSim (v1 5SM) [15]) against PBE density functional
theory (DFT) calculations, a level of theory chosen to
match the training data of these foundation models. We use
the antimony vacancy in Sb,Se; as a representative system
due to its charge-state multiplicity (¢ = —3 to +1) and
complex defect landscapes [43]. Sb,Se; crystallizes in the
Pnma space group with two inequivalent Sb sites and three
inequivalent Se sites (Fig. S1 in Supplemental Material
[44]). The foundation-model benchmarks reported here
were performed for Vg (1. To systematically explore these
PESs, we employed SHAKENBREAK [9] to generate diverse
initial bond-distorted configurations for each charge state.
SHAKENBREAK determines the number of nearest-neighbor
bonds to distort according to the defect’s effective excess
charge, leading to different initial geometries for different
charge states. The same initial configurations were used
for both foundation model and DFT relaxations in each
charge state to ensure a fair comparison. For the fully
ionized state (¢ = —3), where the effective excess charge
is zero, the initial structures from the neutral state were
used to ensure a comprehensive search. These structures
were subsequently relaxed using each foundation model to
identify the predicted ground-state structures.

Figure 1 illustrates the failure of bulk-trained foundation
models when applied to charged point defects. As shown
in Fig. 1(a), none of the tested models consistently
identifies the DFT-predicted ground-state geometry of
Vsp(1) across all charge states. The structural root mean
square deviation (RMSD) generally ranges from 0.2 to
0.4 A, well beyond the 0.1 A threshold for reliable
structure identification. Although GRACE-2L-OMAT
and MACE-MH-1 appear to match the DFT structure at
g = —2 and g = —1, respectively, we show below that
these are accidental agreements limited to a single charge
state and resulting from error cancellation rather than
physically accurate modeling.

We attribute these failures to two key discrepancies
between current foundation models and defect physics: a
domain gap in the training data and the absence of charge-
state descriptors in the model architectures. First, founda-
tion force fields are trained predominantly on closed-shell
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FIG. 1. Failure of foundation machine learning interatomic potentials (MLIPs) to capture defect structures. (a) Root mean square

deviation (RMSD) of MLIP-predicted ground-state structures relative to density functional theory (DFT) calculations using the PBE
functional for V() in SbySe; across five charge states. For each charge state, data points are slightly offset along the horizontal axis
for clarity. The green-shaded region (RMSD < 0.1 A) indicates successful structural identification. (b),(c) Comparison of defect
potential energy surfaces (PESs) and structural predictions for (b) the neutral (¢ = 0) and (c) fully ionized (¢ = —3) charge states of
Vsp(1)- The PESs are mapped as a function of the bond distortion percentage, with energies referenced to the minimum of each
respective landscape. In these panels, data points for the foundation models and the DFT reference are colored according to the RMSD
of the relaxed atomic positions relative to the DFT reference ground state, with circles indicating RMSD < 0.1 A and crosses denoting
RMSD > 0.1 A. The bottom rows compare the local atomic environment of the DFT global minimum with representative MLIP-

predicted minima.

bulk structures, so they tend to treat point defects as steric
voids instead of electronically active centers that drive
local reconstruction. In the neutral state of Vg
[Fig. 1(b)], removing an Sb atom introduces three holes
that drive a covalent reconstruction into a Se trimer with
a bond angle of 110° through electron sharing. Since
these electronic environments are absent from the bulk
training data, none of the tested MLIPs reproduces this
reconstruction correctly. Instead, they tend to relax into
high-symmetry, bulklike configurations or fall into a
spurious local minimum with a bond angle near 99°.
This shows that even neutral defects, which dominate
the existing MLIP literature, are already challenging cases
for current foundation models. Second, standard MLIPs
represent the total energy as a function of atomic positions
and species without incorporating any charge information.
As a result, they assign identical local forces and energies
to configurations with the same local geometry, collapsing
charge-dependent PESs into a single landscape. Even for
the fully ionized g = —3 state [Fig. 1(c)], which corre-
sponds to a closed-shell configuration with no localized
charge and minimal structural reconstruction, the models
still fail to identify the DFT reference minimum. Although
they perform slightly better in this regime with lower

RMSD values, all predictions still exceed the 0.1 A
threshold. This improvement arises from the models’
preference for low-distortion geometries close to the bulk
structure environments. Without explicit descriptors for
the charge state, the models cannot distinguish the charge-
induced relaxation from the pristine structure.

Given these limitations, the isolated successes
of GRACE-2L-OMAT (¢ =-2) and MACE-MH-1
(¢ = —1) in Fig. 1(a) do not reflect physically meaningful
predictions. For Vg ), the ¢ = —2 state adopts a geometry
similar to the fully ionized ¢ = —3 case, while the ¢ = —1
state is nonmagnetic with reduced covalent reconstruction
compared to the neutral state (Fig. S4 in Supplemental
Material [44]). These intermediate charge states coinci-
dentally match foundation models’ bias toward bulk-
like configurations. As shown in Figs. 1(b) and 1(c)
(and Fig. S3 in Supplemental Material [44] for the other
charge states), the models systematically predict flatter
PESs compared to DFT, indicating incorrect forces.
Consequently, such coincidental structural agreements
resulting from error cancellation are not transferable and
cannot be relied upon for predictive defect engineering.
Furthermore, subsequent DFT relaxations initiated from
foundation-model minima do not consistently converge to

043001-3



WANG, MOSQUERA-LOIS, and WALSH PRX ENERGY 35, 043001 (2026)

Embedding
Node embedding Embedding readout : .
_ o _ 1 © = Eioi(qror)
<Q‘.u’,) - Embed(Z,) + Elﬂbed(a:ni) /:mnh“hnl) = gemb (11' )
L = EO
Edge embedding
eij(rij) P + [{vm\)( Gtot)
‘ + Einter (Gtot)
Interaction . Interaction readout
t+1 t t -" v (t) t ’-’
h( (‘(:m) =}ll +Zf8(eij:h, ) ’th‘r(qml) =Zzgg (’11 )

FIG. 2. Schematic diagram for the integration of global charge embeddings for point defects in machine learning interatomic
potentials (MACE [22] architecture). A learned vector corresponding to the total charge ¢, is added to each atomic species embedding

during feature initialization. This charge conditioning propagates through the interaction layers, where node features hf” are iteratively

updated via a learned interaction function f, that aggregates messages from edge embeddings e;; and neighboring features h;'). The
interaction energy E;,., is computed by summing the readout outputs g((;) (h[(-t)) over all atoms i and message-passing iterations ¢, while
a geometry-independent energy term E.;, is extracted from the initial charge-enriched embeddings. The total energy E, is defined as
the sum of the atomic reference energy E,, the interaction energy Ej,.. and the embedding energy E..p, with Eg = >, Ert(Z;)
denoting the sum of atomic reference energies. Atomic forces are computed identically to standard MACE, with
F; = —0E,y/0r; = —0E;,/0r;, since both the atomic reference energy E, and the embedding energy E.,, are independent of

atomic positions.

the DFT reference ground states across all charge states
(Sec. S3.1.2 and Fig. S4 in Supplemental Material [44]).

These results indicate that foundation models trained
solely on bulk structures, even when highly accurate for
ideal crystals [19], are fundamentally unreliable for defect
physics in semiconductors and insulators. This limitation
applies across all charge states: not only to charged
defects, where charge-state descriptors are absent, but
also to neutral defects, where excess carriers can drive
reconstructions outside the training domain. Compared to
standard MLIPs for pristine materials, reliable descriptions
of charged point defects require two additional factors.
First, the training data must cover relevant configurations
beyond the distribution found in pristine crystals. Second,
the model architecture must explicitly encode electronic
state information to distinguish between different elec-
tronic configurations of the same defect. This can be
achieved through approaches such as global embeddings
of electronic state variables, including charge and spin, or
explicit electrostatic models [32,33,66]. Further bench-
marks show that charge-aware foundation models that
explicitly impose the total charge but lack relevant defect
training data still fail to reproduce the DFT ground states
(Sec. S3.2 of Supplemental Material [44]).

B. Charged defect prediction with global embeddings

Building on this insight, we trained a bespoke joint
model that satisfies both conditions. The training dataset
includes defect configurations across multiple charge

states simulated by DFT, and the architecture combines
a global embedding of the total defect charge with atomic
features. The modified architecture (Fig. 2) was imple-
mented in MACE v0.3.15 [22], with charge-dependent
components highlighted in orange. MACE was chosen for
its many-body equivariant message-passing architecture
with high-order geometric features. The total charge ¢, is
mapped to a learnable vector that is added to the atomic
species embeddings. The charge information is learned
through two pathways: (1) it propagates through the
message-passing layers, enabling the network to learn
charge-dependent interaction energies E;,., that govern the
potential energy surfaces and, through their gradients, the
forces driving defect reconstruction, and (2) the charge-
enriched embedding is read out directly prior to message
passing to provide a geometry-independent energy contri-
bution E.,,, capturing the charge-state energy shifts that are
not represented by local atomic geometry.

While the benchmarks in Fig. 1 used the PBE functional
to match the training domain of foundation models,
accurate defect physics often requires a higher level of
theory. Semilocal functionals like PBE systematically
underestimate the band gaps of insulators and suffer from
delocalization errors that impact defect charge distribution
and energetics [67,68]. We therefore train the model using
hybrid HSEO6 DFT data, providing a robust reference for
defect predictions. The model is trained on raw DFT total
energies and forces without finite-size electrostatic cor-
rections. These corrections are determined by the charge
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state and supercell geometry, so they do not affect atomic
forces or the topology of the potential energy surface
(PES). The resulting model therefore reproduces the defect
landscape at the HSEQ6 reference level, with accuracy
bounded by the underlying calculations.

While Vg, provides a clear demonstration of
foundation-model failure due to its pronounced covalent
reconstruction, we demonstrate the charge-embedded
capabilities using V() in Sb,Ses as an example due to
its challenging PES (Fig. S8 in Supplemental Material
[44]). For the neutral charge state, DFT searches using
SHAKENBREAK [9] reveal that only 3 out of 14 bond
distortions successfully identify the global minimum.
Furthermore, the energy difference between the stable
and metastable configurations is as small as ~0.1 eV for a
59-atom supercell (1-2 meV/atom). We generated training
data by relaxing bond-distorted configurations across five
charge states, incorporating full relaxation trajectories to
sample the PES comprehensively (see Methods in Sec. S2
of Supplemental Material [44]).

To visualize the role of global charge embeddings, we
examined the model’s latent representation of the defect.
Figure 3(a) maps the descriptor space as the average
difference between the MACE feature vectors of each
defect configuration and the pristine reference. This metric
captures the collective local environment perturbations
induced by the vacancy. Without global charge embed-
dings [Fig. 3(a), left], configurations from different charge

states overlap significantly in the two-dimensional (2D)
descriptor space, even though the first two principal
components capture 79.9% of the variance. This highlights
a fundamental limitation of MLIPs without charge attrib-
utes, which rely solely on elemental and structural
differences to distinguish between charge states.
Specifically, in bulklike regions far from the defect site,
local environments remain nearly identical across charge
states, while total energies differ due to different electronic
occupation. This leads to a nonunique mapping between
local descriptors and energy labels. In contrast, with
charge embeddings included (right panel), the descriptors
segregate into distinct, charge-specific clusters while
retaining sensitivity to local structural variations. This
separation allows the model to learn charge-dependent
energy offsets for structurally similar configurations,
enabling accurate predictions across all five charge states
[with test-set RMSE; = 0.48 meV/atom and RMSE; =
20.15 meV/;\, Fig. 3(b)]. As shown in Fig. 3(c), the
charge-embedded model successfully identifies the HSEO6
reference ground states for all cases, with global RMSD
values within 0.05 A and well below the 0.1 A threshold
for reliable structure identification. The model reproduces
the local vacancy environments with negligible deviation,
capturing the subtle charge-dependent reconstructions that
foundation models fail to describe. Beyond ground-state
structures, the model provides a quantitatively accurate
description of the energetics of the defects. It correctly

(@) a=-2 ¢ qg=-1 ¢ q=0 ¢ g=+1 < q=+2 (C) Vsey? Vser)” Vser)® Vser)” Vsen?*
Latent space
2 2 P \? 5] 3 § 4.2
_ Without charge _ With charge | DFT ’fgj &ey Ay ‘”‘k;f‘@ . 1
S 1]  embeddings = 1 & embeddings search 3 pod 8. < 7
- s ) N 54 a0 G
€0 S ol > ’ 8 2 o
N N
L1 -1 % 4
o o ° 3 (. & 4 3¢
MLIP el Q\%‘ ‘«% e‘{i 9
2 0.0 25 22 1 6 1 2 search < @ @5 EN kAN
PC 1 (63.8%) PC 1 (51.8%) °Q >0 R b °d
(b) . With charge embeddings
hafllp
AR l Global
a5 VLA - ] RMSD (A) 0.03 0.03 0.01 0.00 0.05
E "|RusE=048 Z | RMSE=20.15
*5 meV/atom,.* < meV/A
g 5 S / (0/-1)
©-50 y o = 1.4 1/-2 +2/+1
w §v°. / Transiion > s) (+1/0) ( ) DFT
s |# == V4 level <07 MLIP
W-555 w
55 -50 -45 5 0 5 0
Eper (eV/atOm) Frer (eV/A)
FIG. 3. (a) Principal component analysis (PCA) visualization of the atomic descriptor space for V() in Sb,Se; across five charge

states without (left) and with (right) global charge embeddings. The latent space is constructed using both training and test
configurations. Percentages in parentheses indicate the explained variance for each component. (b) Parity plots of total energies and
atomic forces predicted by the charge-embedded MACE model compared with HSE0O6 DFT on the test dataset. Root mean square
errors (RMSESs) are reported over the full test set across five charge states. (c) Comparison between the charge-embedded MACE
model and HSE06 DFT for ground-state defect geometries (top) and thermodynamic transition levels (bottom). For each charge state,
the global minimum was identified by relaxing a set of bond-distorted structures. Key bond lengths are labeled in A. Thermodynamic
transition levels obtained from HSEQ6 DFT are shown as orange dashed lines, while MLIP predictions are shown as black solid lines.
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FIG. 4. Schematic diagram of structure searching for neutral V() using (a) a standard workflow with SHAKENBREAK [9] and (b) a
multifidelity (MF) strategy with an MLIP. The green curves correspond to high-fidelity (HF) PESs calculated using HSEO6/DFT with
converged k-point sampling. The red star and gray circle denote the global minimum and a metastable minimum on this reference PES,
respectively. (a) The black curve represents the coarse PES sampling using HSE06 with I'-point sampling, and the gray dashed arrow
indicates the high-fidelity (HF) relaxation starting from the coarse sampling minimum. (b) The blue curve represents the low-fidelity
PES obtained from PBE with converged k-point sampling. Blue crosses mark HF single-point calculations performed on a subset of the
PBE-relaxed structures. Orange vertical arrows illustrate the A-learning corrections learned by the MF model.

distinguishes metastable configurations with energy differ-
ences as small as 1 meV/atom (Fig. S8 in Supplemental
Material [44]) and predicts thermodynamic transition
levels (Fig. 3, bottom) that closely match the HSEO06
reference across all charge transitions, with a maximum
deviation of only 0.015 eV (Table S3 in Supplemental
Material [44]). These results confirm that combining
explicit charge embeddings with targeted defect training
data enables a joint model to achieve ab initio accuracy
across multiple charge states, even for highly complex
defect landscapes. Additional benchmarks show that
explicitly modeling atomic charge distribution or electro-
statics with QET [69], MACE-POLAR [35], and MACE-
LES [32] gives a less accurate description of the DFT
defect PESs (Sec. S5 of Supplemental Material [44]).

C. Improved accuracy and efficiency
via multifidelity training

While the charge-embedded model discussed above
achieves accurate defect predictions, its reliance on full
relaxation trajectories at the hybrid-functional level
presents a significant bottleneck for large-scale
applications. To reduce the cost of expensive hybrid-
functional relaxations, commonly used workflows like
SHAKENBREAK [9] use a two-stage strategy [70]. The
PES is initially explored using lower-cost methods (e.g.,
I'-point sampling) to identify the minima, followed by
higher-fidelity calculations only for the identified minima

[Fig. 4(a)]. However, this approach assumes that the
coarse-level search adequately reproduces the shape of
the HF PES and its global minimum. Furthermore, even
when limited to I'-point sampling, the computational
cost remains substantial for complex defect landscapes
(Sec. S6.3 of Supplemental Material [44]).

Motivated by these limitations, we developed an MF
training strategy [Fig. 4(b)] that samples the PES densely
at the low-cost PBE level while incorporating a sparse
subset (~10%) of HF HSEQO6 corrections selected using
trajectory-stratified sampling. The model learns the func-
tional-dependent difference (A) from HSEO6 single-point
energies on selected PBE structures through a joint train-
ing framework with a shared latent representation and
separate (low fidelity) PBE and (high fidelity) HSE06
readout channels. Using neutral Vg ;) as an example, the
MF approach reveals the limitation of standard defect
searching workflows. As shown in Fig. 4, conventional
coarse search using HSEO6 at the I'-point (Fig. S15 in
Supplemental Material [44]) identifies only a metastable
minimum (gray circle). In contrast, the MF-trained model
discovers a distinct global minimum 0.02 eV lower in
energy (red star) by learning the functional-dependent
correction required to stabilize this basin [Fig. 4(b)]. This
prediction is further confirmed by hybrid-functional DFT
with converged k-point sampling, which reproduces the
ML-predicted minimum within 9 meV. Beyond improved
accuracy, this MF approach substantially reduces the
computational cost of comprehensive PES exploration,
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with the low-fidelity PBE sampling being approximately
3 orders of magnitude cheaper than HSEO06 calculations
using the same converged k-point sampling (Sec. S6.3 of
Supplemental Material [44]), enabling systematic studies
across multiple charge states and defect types.

Moreover, once trained, the MF model serves as an
efficient surrogate for the hybrid-functional PES, enabling
access to properties that require dense sampling of the
defect landscapes that are otherwise prohibitively expen-
sive at the hybrid-functional level. We demonstrate this by
calculating configuration coordinate diagrams (CCDs),
which describe charge carrier capture processes that
limit the power conversion efficiency in optoelectronic
devices [71]. Constructing a configuration coordinate
diagram (CCD) requires evaluating the energies of two
charge states along a continuous reaction coordinate
connecting their ground-state geometries, with sufficient
sampling to capture their curvature and the crossing
region. Our MF model reproduces HSEO6 reference
CCDs with high precision at negligible inference cost
(Fig. S17 in Supplemental Material [44]). This approach
can be extended to other thermodynamic and spectro-
scopic properties, such as finite-temperature free energies
[29,72], luminescence lineshapes [28,73], and defect
dynamics [74], offering new possibilities for accelerated
defect screening and property prediction with hybrid-level
accuracy.

ITII. CONCLUSION

In conclusion, as machine learning force fields have
matured in their description of bulk materials, we evaluate
their generalizability to the out-of-distribution regime of
charged point defects. Using vacancies in Sb,Se; as a case
study, we demonstrate that while current foundation
models fail to capture the defect energy landscapes,
training on defect configurations with global charge
embeddings at a fixed defect supercell size can recover
ground-state structures to within 0.05 A, with defect
formation energies and thermodynamic transition levels
reproduced at hybrid-level DFT accuracy to within
0.02 eV. We further introduce a multifidelity training
scheme that not only discovers global minima missed
by standard defect screening workflows but also provides a
computationally efficient surrogate model that can be used
to access larger configurational spaces. Together, these
strategies offer a practical framework for bridging the gap
between ab initio accuracy and large-scale defect model-
ing, enabling high-throughput prediction of charged defect
structures, energetics, and related physical properties.
For photovoltaic absorbers such as Sb,Ses, this makes it
feasible to search charged defect landscapes with hybrid-
level accuracy and to evaluate the configurations that
govern carrier recombination. More broadly, our work
lays the groundwork for future defect foundation models
that generalize across materials, charge states, and levels of

theory. Broad coverage of defect environments, learnable
charge conditioning, and multifidelity training together
provide a practical basis for extending pristine-material
foundation models to charged-defect applications.
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